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Abstract

This thesis, comprising four research papers, contributes to the field of systematic and
computer-aided analyses and design of first-order methods. The first two papers focus
on developing new methodologies, while the remaining two apply these techniques to
refine complexity and convergence results, as well as to design new methods. A central
theme of the work is the use of Lyapunov-type analyses, a structured proof technique
with historical roots in the study of dynamical systems, which is widely used to establish
complexity and convergence properties of first-order methods.
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1
Introduction

Mathematical optimization, or mathematical programming, is a branch of applied math-
ematics that provides a formal framework for, e.g., decision-making, prediction, and
modeling in various fields in science and engineering. Optimization has historical roots
intertwined with the development of calculus and physics—emerging naturally in con-
cepts such as least action and minimal energy configurations—and has since evolved to
tackle problems across diverse domains. Its applicability spans automatic control, where
optimization methods guide feedback mechanisms and optimal control policies, as well
as economics, underpinning rational resource allocation, market equilibrium modeling,
and strategic interactions studied through game theory. Inverse problems, frequently
applied in fields like system identification, signal processing, astronomy, and medical
imaging, leverage optimization to infer unknown parameters or structures from indirect
or noisy observations. Operations research and management science also extensively rely
on optimization to support improved decision-making, addressing challenges in resource
scheduling, logistics, facility location, and strategic planning across various sectors, includ-
ing business, healthcare, transportation, and government. Moreover, machine learning and
artificial intelligence fundamentally rely on optimization to train predictive models, such
as neural networks, that learn patterns from large-scale datasets; recent advances include
generative models, where optimization techniques facilitate the synthesis of realistic
data such as text, images, and video. Given the wide range and importance of these
applications, the theoretical and computational study of optimization methods has long
been an important focus in mathematics.

One of the central elements behind the success of optimization methods in modern
applications, especially those involving large-scale problems, is first-order methods. Relying
solely on gradient or subgradient information, they have become widely adopted for their
computational efficiency, scalability, and adaptability to various problem structures. As
a type of iterative method, they start from an initial value and generate a sequence
of progressively better approximate solutions. Significant theoretical and algorithmic
advancements have led to the adoption of these techniques; these include accelerated
methods and proximal splitting techniques as well as stochastic, adaptive, and non-
Euclidean variants.

A critical component in understanding the effectiveness of first-order methods is their
complexity and convergence properties. The work [57] formalized complexity theory in the
context of optimization, establishing a framework to understand the inherent difficulty
of optimization tasks by defining bounds on the number of computations required to
solve optimization problems within a specified accuracy. A more recent reference for
these types of complexity analyses is given in [58]. These analyses are typically done
in a black-box setting where the functional components that define the optimization

9



Chapter 1. Introduction

problem are constrained to lie in some predefined function classes, and these functional
components can only be queried at each iteration via some oracle model that provides
quantitative local information such as function values and (sub)gradients. This allows us
to characterize upper and lower complexity bounds and optimal optimization methods
with respect to these bounds. Related to these complexity analyses, but not always the
same, is whether the sequence of iterates produced by an optimization algorithm converges
to a solution.

Starting with the seminal work [30], new computer-aided approaches have emerged in
the literature for performing these analyses. These tools automate the most challenging
aspects of the analysis process, specifically creating mathematical proofs, a task previously
performed manually by experts. By formulating complexity and convergence analyses as
structured problems that a computer can solve, the tools can produce results significantly
faster than a human could. Moreover, they can identify proofs that, in practice, are beyond
the capabilities of an expert, as they systematically explore all possible proofs within
a certain structure. This means an enormous number of alternatives can be examined,
something that would be practically impossible to do manually. Moreover, these approaches
have not only validated and extended existing complexity and convergence results but
also inspired the design of entirely new classes of methods that advance the state of
the art. This research direction highlights a rapidly evolving interface between classical
theory, computational experimentation, and algorithmic innovation. This thesis aims to
contribute precisely to this promising research direction by advancing both the theoretical
foundations and practical methodologies.

1.1 Organization

The thesis is organized as follows. Section 1.2 introduces the notation and mathematical
background used throughout the introductory chapters, largely following the book [8].
Chapter 2 provides high-level context that situates the papers included in this thesis.
Chapter 3 summarizes the main contributions of each included paper and describes the
author’s specific role in each. Chapter 4 discusses limitations and outlines directions for
future research. The remainder of the thesis comprises four self-contained papers, each of
which can be read independently.

1.2 Notation and preliminaries

Let N0 denote the set of nonnegative integers, R the set of real numbers, R+ the set of
nonnegative real numbers, R++ the set of positive real numbers, Rn the set of all n-tuples
of elements of R, Rm×n the set of real-valued matrices of size m× n, and if M ∈ Rm×n

then [M ]i,j denotes the i, j-th element of M .
Let H denote a real Hilbert space1, i.e., a complete real inner product space. If not

explicitly stated otherwise, norms ∥·∥ are canonical norms, i.e., ∥·∥2 = ⟨·, ·⟩, where the
inner product ⟨·, ·⟩ will be clear from the context. The sum of subsets of H is interpreted in
the Minkowski sense, i.e., if X, Y ⊆ H, then X + Y = {x + y | x ∈ X, y ∈ Y } . The power
set of H is denoted by 2H, i.e., 2H = {X | X ⊆ H} . A sequence (xk)k∈N0 ∈ H

N0 is said to
converge weakly to x ∈ H, denoted xk ⇀ x, if limk→∞⟨xk, y⟩ = ⟨x, y⟩ for each y ∈ H, and

1 For readers unfamiliar with Hilbert spaces, it suffices to consider H = Rn equipped with the standard
dot product.
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1.2 Notation and preliminaries

to converge strongly to x, denoted xk → x, if limk→∞∥xk − x∥ = 0. If dimH < +∞, then
weak and strong convergence are equivalent, and we simply say that (xk)k∈N0 converges
to x. We denote the identity mapping x 7→ x on H by Id.

Let G be another real Hilbert space, and let L : H → G be a linear operator. We define
the operator norm of L as ∥L∥ = sup {∥Lx∥ | x ∈ H such that ∥x∥ ≤ 1} . We say that L
is bounded if ∥L∥ < +∞, which holds if and only if L is continuous. If L is bounded, there
exists a unique bounded linear operator L∗ : G → H, called the adjoint of L, such that
⟨Lx, y⟩ = ⟨x, L∗y⟩ for each x ∈ H and y ∈ G.

If M ∈ Rm×n, we define the tensor product M ⊗ Id to be the mapping (M ⊗ Id) :
Hn → Hm such that

(M ⊗ Id)z =

(
n∑

j=1

[M ]1,jzj , . . . ,

n∑
j=1

[M ]m,jzj

)

for each z = (z1, . . . , zn) ∈ Hn, i.e., for each row in M , we take a linear combination of
the elements of z with the coefficients given by the corresponding row.

Functions
Below, we define several properties of functions that are commonly assumed when
analyzing and designing first-order methods. Although weaker assumptions may suffice,
the listed conditions often simplify the analysis and make the methods less complicated;
therefore, we adopt them to make the presentation more accessible. The first two conditions
exclude trivial or pathological cases, and the last three ensure that the function is well-
behaved.
Definition 1.2.1
Let f : H → R ∪ {+∞} and β, σ ∈ R+. The function f is said to be

(i) proper if dom f ̸= ∅, where the set dom f = {x ∈ H | f(x) < +∞} is called the
effective domain of f,

(ii) lower semicontinuous if lim infy→x f(y) ≥ f(x) for each x ∈ H,

(iii) convex if f((1− λ)x + λy) ≤ (1− λ)f(x) + λf(y) for each x, y ∈ H and 0 ≤ λ ≤ 1,

(iv) σ-strongly convex if f − (σ/2)∥·∥2 is convex, and

(v) β-smooth if f is Fréchet differentiable and the gradient ∇f : H → H is β-Lipschitz
continuous, i.e., ∥∇f(x)−∇f(y)∥ ≤ β∥x− y∥ for each x, y ∈ H.

Next, we define the concept of a subdifferential, which can be seen as a generalization
of the gradient for convex functions that may not be differentiable.

Definition 1.2.2
The subdifferential of a function f : H → R∪{+∞} is the set-valued operator ∂f : H → 2H

defined as the mapping

x 7→ {u ∈ H | ∀y ∈ H, f(y) ≥ f(x) + ⟨u, y − x⟩}.

The following fact justifies the comment above. If the function f : H → R is convex
and Fréchet differentiable, then ∂f(x) = {∇f(x)} for each x ∈ H [8, Proposition 17.31].
We call elements u ∈ ∂f(x) subgradients of f at x.
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x

|x|

(a) Graph of | · |

x

∂| · |(x)

(b) Graph of ∂| · |

x

prox|·|(x)

(c) Graph of prox|·|

Figure 1.1 (a) The absolute-value function, (b) its subdifferential mapping, and (c) its
proximal operator.

Example 1.2.3
The subdifferential of the absolute-value function | · | : R→ R is given by

∂| · |(x) =

 {1}, x > 0,

[−1, 1], x = 0,

{−1}, x < 0.

The graphs of the absolute-value function and its subdifferential mapping are shown in
Figures 1.1a and 1.1b, respectively.

Fermat’s rule states that Argminx∈H f(x) = {x ∈ H | 0 ∈ ∂f(x)} [8, Theorem 16.3],
and gives an optimality condition for minimization. For example, we see from Figure 1.1b
that x = 0 is a minimizer of the absolute-value function, since 0 ∈ ∂| · |(0).

The proximal operator, defined below, is particularly useful for minimizing nonsmooth
functions, as we will see in Chapter 2.
Definition 1.2.4
Let f : H → R∪{+∞} be proper, convex, and lower semicontinuous, and γ ∈ R++. Then,
the proximal operator of f with step size γ, denoted proxγf : H → H, is defined as the
single-valued operator (see, e.g., [8, Proposition 12.15]) given by

proxγf (x) = argmin
z∈H

(
f(z) + 1

2γ
∥x− z∥2

)
for each x ∈ H.

There are fast and exact methods available for computing the proximal operator of
many commonly used functions2. Below, we give one such example.
Example 1.2.5
The proximal operator of the absolute-value function | · | : R→ R with step size γ ∈ R++
is given by

proxγ|·|(x) = sign(x) max{|x| − γ, 0}
for each x ∈ R. The graph of the proximal operator of the absolute-value function with
step size 1 is shown in Figure 1.1c.

2 E.g., see https://proximity-operator.net and https://juliafirstorder.github.io/ProximalOperators.jl.
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1.2 Notation and preliminaries

An interesting observation is that the proximal operator implicitly samples a subgradi-
ent. In particular, under the same assumptions as in Definition 1.2.4, if x, p ∈ H, then
(e.g., see [8, Proposition 16.44, Proposition 16.6])

p = proxγf (x) ⇔ γ−1(x− p) ∈ ∂f(p).

Transformations enable us to study problems from alternative perspectives and can
often simplify their analysis. In particular, primal and dual formulations of optimization
problems offer complementary insights, with the convex conjugate playing a central role
in defining dual problems. Moreover, a combined primal-dual viewpoint can inform the
design of efficient methods tailored to the problem’s structure.
Definition 1.2.6
Let f : H → R ∪ {+∞} be proper, convex, and lower semicontinuous. Then, the con-
vex conjugate of f , denoted f∗ : H → R ∪ {+∞}, is the proper, convex, and lower
semicontinuous function given by

f∗(u) = sup
x∈H

(⟨u, x⟩ − f(x))

for each u ∈ H [8, Corollary 13.38].

For example, under the assumption of Definition 1.2.6, if x, u ∈ H, then (e.g., see [8,
Theorem 16.29])

u ∈ ∂f(x) ⇔ x ∈ ∂f∗(u).

Operators
Recall that the subdifferential of a function is a set-valued operator and that Fermat’s
rule states that minimizing the function is the same as solving an inclusion problem with
respect to its subdifferential. This abstract point of view has motivated the analysis and
design of first-order methods that solve inclusion problems of set-valued operators, as we
will see in Chapter 2. First, we give two basic definitions.
Definition 1.2.7
Let G : H → 2H be a set-valued operator. Then,

(i) the set of zeros of G is denoted by zer G = {x ∈ H | 0 ∈ G(x)} , and

(ii) the graph of G is denoted by gra G = {(x, y) ∈ H×H | y ∈ G(x)} .

For example, if f : H → R ∪ {+∞}, then Fermat’s rule can be written as
Argminx∈H f(x) = zer ∂f .

As with functions, we need to impose some suitable assumptions on the operators to
develop methods whose convergence can be rigorously guaranteed.
Definition 1.2.8
Let G : H → 2H and µ ∈ R+. The operator G is said to be

(i) monotone if ⟨u− v, x− y⟩ ≥ 0 for each (x, u), (y, v) ∈ gra G,

(ii) maximally monotone if G is monotone and there does not exist a monotone operator
H : H → 2H such that gra G ⊊ gra H, and

(iii) µ-strongly monotone if ⟨u− v, x− y⟩ ≥ µ∥x− y∥2 for each (x, u), (y, v) ∈ gra G.

13



Chapter 1. Introduction

The definitions above are motivated by the following facts: Suppose that f : H →
R ∪ {+∞}. Then the following hold:

(i) if f is proper, then ∂f is monotone [8, Example 20.3],

(ii) if f is proper, convex, and lower semicontinuous, then ∂f is maximally monotone
[8, Theorem 20.25], and

(iii) if f is proper and µ-strongly convex, then ∂f is µ-strongly monotone [8, Example
22.4].

Next, we introduce the concept of a resolvent, which can be viewed as a generalization
of the proximal operator for maximally monotone operators. To this end, we define the
inverse of G : H → 2H, denoted by G−1 : H → 2H, which is defined through its graph

gra G−1 = {(y, x) ∈ H×H | (x, y) ∈ gra G} .

Definition 1.2.9
Suppose that G : H → 2H is maximally monotone and let γ ∈ R++. Then, the resolvent
of G with step size γ, denoted JγG : H → H, is defined by

(Id +γG)−1(x) = {JγG(x)}

for each x ∈ H, since (Id +γG)−1 is singleton-valued in this case [8, Proposition 23.10].

The following fact justifies the comment above. If f : H → R∪{+∞} is proper, convex,
and lower semicontinuous, then ∂f is maximally monotone (as previously noted), and

Jγ∂f = proxγf

for any γ ∈ R++ [8, Example 23.3].
We will also consider single-valued operators, which are analogous to gradients in the

functional setting.
Definition 1.2.10
Let G : H → H be a single-valued operator.

(i) Let β ∈ R+. The operator G is said to be β-Lipschitz continuous if

∥G(x)−G(y)∥ ≤ β∥x− y∥

for each x, y ∈ H.

(ii) Let β ∈ R++. The operator G is said to be (1/β)-cocoercive if

⟨G(x)−G(y), x− y⟩ ≥ (1/β)∥G(x)−G(y)∥2

for each x, y ∈ H.

The Cauchy–Schwarz inequality implies that any (1/β)-cocoercive operator is β-
Lipschitz continuous. The converse does not hold in general, but it does hold for gradients
of convex functions, as illustrated by the following proposition.
Proposition 1.2.11
If β ∈ R++ and f : H → R ∪ {+∞} is convex and Fréchet differentiable, then ∇f is
β-Lipschitz continuous if and only if ∇f is (1/β)-cocoercive.

14



1.2 Notation and preliminaries

Proof. See [8, Corollary 18.17]. 2

In Chapter 2, we will briefly discuss fixed-point algorithms, for which we need the
following concept. The set of fixed points of G : H → H is

fix G = {x ∈ H | x = G(x)} .

We conclude this chapter by introducing a convention that enables us to treat single-
valued and singleton-valued operators interchangeably.

(i) For notational convenience (at the expense of a slight abuse of notation), we
will sometimes identify the operator G : H → H with the set-valued mapping
H ∋ x 7→ {G(x)} ⊆ H, which will be clear from context. For example, if x, y ∈ H,
the inclusion y ∈ G(x) should be interpreted as the equality y = G(x).

(ii) Similarly, if G : H → 2H and T : H → H satisfy G(x) = {T (x)} for each x ∈ H, i.e.,
G is a singleton-valued operator, we will sometimes identify G with the corresponding
single-valued operator T .

15



2
Background

In this thesis, we consider optimization problems that can be written as

minimize
x∈H

f(x), (2.1)

where H is a real Hilbert space and f : H → R∪ {+∞} is a function that satisfies certain
properties, depending on the application. In the context of decision making, we can think
of the optimization problem as a choice problem, where we want to choose an element x
from a set of alternatives H that minimizes the cost f(x).

As discussed in Chapter 1, many problems in science and engineering can be formulated
as optimization problems. However, only a few of these problems can be solved in practice.
Moreover, we typically cannot expect to solve such problems exactly via a finite sequence
of operations; instead, we must resort to iterative schemes that generate sequences of
increasingly accurate approximate solutions.

In this context, convex optimization problems, i.e., problems where the function f is
convex, are particularly well-studied [8, 14, 33, 45, 53, 59, 61, 62, 75]. Many problems of
this type can be solved reliably and efficiently, and they have been applied across a wide
range of fields [12, 13, 16, 19, 43, 44, 58].

Due to increased computational power, the availability of large datasets, and the
high dimensionality of many modern problems, the focus has shifted from small- and
medium-scale problems to large-scale problems. In this setting, first-order methods, which
rely only on gradient or subgradient information, have proven particularly useful due to
their favorable scalability and modest per-iteration computational cost [10, 21, 31, 37, 60,
70].

In the context of first-order methods and nonsmooth convex optimization, proximal
algorithms, also called splitting methods, have gained significant attention [9, 15, 24,
25, 32, 38, 47, 51]. These methods decompose complex objective functions into additive
components that are easier to manage. E.g., suppose that the objective function f can be
written as f =

∑m

i=1 fi, where each function fi : H → R∪ {+∞} is proper, convex, lower
semicontinuous, and possibly smooth. Then, splitting methods are designed to solve the
inclusion problem1

find x ∈ H such that 0 ∈
m∑

i=1

∂fi(x) (2.2)

1 Solutions to the inclusion problem (2.2) are always solutions to the optimization problem (2.1) with
f =
∑m

i=1
fi. The converse holds under mild assumptions. See, e.g., [8, Corollary 16.50].

16



Chapter 2. Background

by designing iterative schemes that utilize the proximal operator proxfi
for nonsmooth

components and the gradient ∇fi for smooth components.
For example, if m = 2, f1 is β-smooth for some β ∈ R++, and f2 is nonsmooth, then

the proximal gradient method is given by

xk+1 = proxγf2

(
xk − γ∇f1(xk)

)
(2.3)

for some step size γ ∈ (0, 2/β), and the sequence (xk)k∈N0 generated by (2.3) converges
weakly to a solution of the inclusion problem (2.2) (if a solution exists) [8, Theorem
26.14]. Suppose instead that both f1 and f2 are nonsmooth. Then, the Douglas–Rachford
method [27, 32, 51] is applicable and is given by

yk = proxγf1

(
xk
)
,

zk = proxγf2

(
2yk − xk

)
,

xk+1 = xk + λ(zk − yk)

(2.4)

for some step size γ ∈ R++ and relaxation parameter λ ∈ (0, 2). In particular, the
sequences (yk)k∈N0 and (zk)k∈N0 generated by (2.4) converge weakly to a solution of the
inclusion problem (2.2) (if a solution exists) [8, Theorem 26.11].

Convergence rates and complexity
Knowing that an algorithm will eventually reach a solution is only half the story. Conver-
gence rates quantify how many iterations are required to attain a desired accuracy, can
guide the choice of algorithm parameters, and help compare different methods.

For example, for the proximal gradient method (2.3), [10, Theorem 10.16] implies that

∥xn+1 − x⋆∥2 ≤ ∥xn − x⋆∥2 − 2
β

(f1(xn+1) + f2(xn+1)− f1(x⋆)− f2(x⋆)) (2.5)

for any solution2 x⋆ to the inclusion problem (2.2), if γ = 1/β. Summing inequality (2.5)
over n = 0, . . . , k, rearranging terms, and using ∥xk+1 − x⋆∥2 ≥ 0, we get that

k∑
n=0

(f1(xn+1) + f2(xn+1)− f1(x⋆)− f2(x⋆)) ≤ β∥x0 − x⋆∥2

2 . (2.6)

Using the observation that (e.g., see [10, Remark 10.20])

f1(xn+1) + f2(xn+1) ≤ f1(xn) + f2(xn), (2.7)

we can conclude from (2.6) that

f1(xk+1) + f2(xk+1)− f1(x⋆)− f2(x⋆) ≤ β∥x0 − x⋆∥2

2(k + 1) , (2.8)

and we say that the function-value suboptimality (f1(xk) + f2(xk)− f1(x⋆)− f2(x⋆))k∈N0
converges to zero at a sublinear rate of O(1/k). Moreover, (2.8) implies that the proximal

2 Equivalently, any x⋆ ∈ Argminx∈H (f1(x) + f2(x))
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gradient method (2.3) requires k + 1 ≥ (β∥x0 − x⋆∥2)/(2ϵ) iterations to reach an accuracy
of f1(xk) + f2(xk)− f1(x⋆)− f2(x⋆) ≤ ϵ, and we say that the proximal gradient method
has an iteration complexity of O(1/ϵ).

The key inequalities in the analysis above are (2.5) and (2.7). These inequalities are
commonly referred to as Lyapunov inequalities, since they ensure descent in critical
quantities, such as distance to a solution or function-value suboptimality. When used to
establish convergence rates, such as in (2.8), this approach is called a Lyapunov analysis.
Such Lyapunov analyses form a fundamental component in the study of many first-order
methods.

Computer-aided analyses
An important question is whether the convergence rate in (2.8) for the proximal gradient
method can be improved, and more generally, whether convergence-rate analyses for other
methods can be strengthened. The performance estimation problem (PEP) methodology,
first introduced in [30] and formalized in [68, 69], provides a systematic way to obtain
unimprovable (also known as tight) convergence rates and complexity analyses for a
large class of first-order methods. The PEP methodology poses the search of a worst-case
example from a predefined class of problems for the algorithm and performance measure
under consideration as an optimization problem (called the performance estimation
problem). This is then reformulated in a sequence of steps to arrive at a semidefinite
program, whose exact solution can be recovered up to numerical precision using existing
software. This can then sometimes be used to obtain closed-form convergence rates
extracted from the numerical solution of the semidefinite program, or using computer
algebra software.

The standard PEP methodology is based on a fixed iteration count (or horizon) k ∈ N,
meaning the performance estimation problem must be solved for k = 1, 2, 3, . . .. This
approach faces two main limitations. First, the number of variables and constraints in
the semidefinite program grows quadratically with the number of iterations k, making
numerical solutions prohibitive even for moderate values of k. Consequently, deriving
closed-form convergence rates also becomes increasingly challenging as k grows. Second,
results obtained for a fixed iteration count k may provide limited insight, as they do not
directly generalize or guarantee algorithmic behavior beyond this fixed horizon.

These limitations have motivated the development of Lyapunov-based approaches to
analyzing the performance of first-order methods, which partially or fully overcome these
limitations [54, 66, 67]. The key idea is to restrict convergence-rate proof patterns to
the search for key Lyapunov inequalities, which can then equivalently be reformulated
as more tractable semidefinite programs, where the number of variables and constraints
is either independent of the horizon k or grows only linearly with k. Compared to
the standard PEP approach, this provides a more tractable framework for deriving
closed-form convergence rates and producing proofs that are generally more concise
and accessible. Although these types of Lyapunov analyses introduce some a priori
conservatism, extracting closed-form results from the standard PEP approach can often
be practically infeasible. Lyapunov-based proof patterns thus represent a pragmatic
compromise with higher chances of obtaining closed-form convergence rates, while still
being sufficient to yield tight convergence rates for many methods and settings.

Another closely related Lyapunov-based approach involves integral quadratic con-
straints (IQCs), a technique from robust control theory [52]. IQCs were first adapted
for analyzing first-order methods in [50] and subsequently extended in various works
[36, 49, 65, 73]. These approaches share a common feature; they represent first-order
methods as linear systems interconnected through feedback with nonlinear mappings.
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Such representations, widely used in nonlinear systems analysis, offer compact algorithm
descriptions.

The methodological developments presented in this thesis build upon both methodolo-
gies: the worst-case analysis and tightness guarantees provided by PEP, and the compact
algorithm representations offered by IQCs. A first step towards combining these method-
ologies was taken in [67], which served as a foundation for further formalization, broader
applicability, and accessibility through a software package.

Generalization to operator inclusions
Under the assumptions in (2.2), each subdifferential ∂fi is maximally monotone. Thus,
the inclusion problem

find x ∈ H such that 0 ∈
m∑

i=1

Gi(x), (2.9)

where each operator Gi : H → 2H is maximally monotone is a generalization of (2.2),
i.e., (2.9) provides a formalism that covers convex optimization problems [8, 64], but also
certain equilibrium problems [17, 18, 22] and so-called variational inequalities [34, 35, 48].

Similar to above, it is possible to design iterative splitting schemes where resolvents
JGi are utilized for set-valued operators and direct evaluations for single-valued operators
(e.g., operators that are Lipschitz continuous or cocoercive) [6, 7, 8, 23]. For example,
both the proximal gradient method (2.3) (called the forward-backward method in the
operator setting) and the Douglas–Rachford method (2.4) have counterparts in this more
general setting, see, e.g., [8, Section 26.5 and 26.3].

Moreover, the traditional PEP methodology has been extended to this setting [63].

Fixed-point theory
The design and analysis of many splitting methods, including both the function and
operator cases, can be understood through the lens of fixed-point theory in nonlinear
analysis, where the goal is to find fixed points of an algorithmic operator [6, 7, 8, 23], i.e.,
some operator T : H → H and point x ∈ fix T , and then potentially perform some simple
transformation of x to obtain a solution. For example, the proximal gradient method
(2.3) can be interpreted as a fixed-point iteration of the operator

T PG = proxγf2 ◦ (Id−γ∇f1)

where x ∈ fix T PG is a solution to the inclusion problem (2.2) in this case. Similarly,
the Douglas–Rachford method (2.4) can be interpreted as a fixed-point iteration of the
operator

T DR = Id + λ(proxγf2 ◦ (2proxγf1 − Id)− proxγf1 ).

where the point proxγf1 (x) for any x ∈ fix T DR is a solution to the inclusion problem
(2.2) in this case.
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3
Contributions

This chapter presents the thesis’s main contributions, comprising four research papers,
and describes the author’s specific role in every paper.

3.1 Scientific contributions

Paper I

M. Upadhyaya, S. Banert, A. B. Taylor, and P. Giselsson. “Auto-
mated tight Lyapunov analysis for first-order methods”. Mathematical
Programming 209 (2025), pp. 133–170
Status: Accepted

This paper considers inclusion problems of the form

find y ∈ H such that 0 ∈
m∑

i=1

∂fi(y), (3.1)

where each function fi : H → R ∪ {+∞} is proper, (possibly strongly) convex, lower
semicontinuous, and possibly smooth, and corresponding algorithms that can be written
as1

xk+1 = (A⊗ Id)xk + (B ⊗ Id)uk,

yk = (C ⊗ Id)xk + (D ⊗ Id)uk,

uk ∈ ∂f(yk) ≜
m∏

i=1

∂fi(yk
i ),

F k = f(yk) ≜ (f1(yk
1 ), . . . , fm(yk

m)),

(3.2)

where ξk = (xk, uk, yk, F k) ∈ Hn ×Hm ×Hm × Rm contains the algorithm variables,
and

A ∈ Rn×n, B ∈ Rn×m, C ∈ Rm×n, D ∈ Rm×m (3.3)

1 In this context, the symbol Π is used for Cartesian products.
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[
A B
C D

]

∂f
yk

uk

Figure 3.1 Block diagram of the state-space representation (3.2), which can be interpreted
as a discrete-time linear system in feedback interconnection with the potentially nonlinear
and set-valued subdifferentials that define the inclusion problem (3.1).

are fixed matrices containing the parameters of the method at hand. Figure 3.1 illustrates
the state-space representation (3.2) in a block diagram.

We call points ξ⋆ = (x⋆, u⋆, y⋆, F ⋆) ∈ Hn ×Hm ×Hm × Rm such that

x⋆ = (A⊗ Id)x⋆ + (B ⊗ Id)u⋆,

y⋆ = (C ⊗ Id)x⋆ + (D ⊗ Id)u⋆,

u⋆ ∈ ∂f(y⋆),
F ⋆ = f(y⋆),

(3.4)

fixed points.
The paper’s first two contributions are as follows:

(i) We give a necessary and sufficient condition on the matrices (3.3) such that solving
the inclusion problem (3.1) is equivalent to finding a fixed point (3.4).

(ii) We give a sufficient condition for the update equation in (3.2) to be well-posed in the
sense that there exist variables (xk+1, uk, yk) for any xk. In doing so, we show that
the state-space representation (3.2) encompasses all first-order methods that use
fixed linear combinations of a sliding window of previously computed quantities and
sample each subdifferential at most once per iteration, either through an explicit
gradient evaluation or an implicit proximal evaluation.

Next, we consider Lyapunov inequalities, which can be used to establish both linear
and sublinear convergence rates, of the form

V(ξk+1, ξ⋆) ≤ ρV(ξk, ξ⋆)−R(ξk, ξ⋆), (3.5)

where V and R are nonnegative functions called the Lyapunov function and residual
function, respectively, and ρ ∈ [0, 1]. For example, if ρ ∈ [0, 1), then an inductive argument
shows that

V(ξk, ξ⋆) ≤ ρkV(ξ0, ξ⋆),

from which we can conclude that the Lyapunov function converges to zero linearly (or
geometrically). Instead, if ρ = 1, then a telescoping summation argument shows that
R(ξk, ξ⋆) is summable (and therefore converges to zero) and, e.g.,

min
i=0,...,k

R(ξi, ξ⋆) ≤ V(ξ0, ξ⋆)
k + 1 ,
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i.e., the best-so-far residual function converges to zero at a sublinear rate. Additionally, if
R(ξk+1, ξ⋆) ≤ R(ξk, ξ⋆), then

R(ξk, ξ⋆) ≤ V(ξ0, ξ⋆)
k + 1 .

Thus, the goal is to identify Lyapunov inequalities (3.5) where V and R are directly or
indirectly related to optimality measures of the inclusion problem (3.1).

The paper’s last two contributions are as follows:

(iii) We consider Lyapunov functions and residual functions, under quadratic ansatzes,
that relate to optimality measures of the inclusion problem (3.1) and show that
the existence of a Lyapunov inequality (3.5) is equivalent2 to the feasibility of a
semidefinite program, which can be solved efficiently using existing software.

(iv) We numerically verify (and sometimes extend) numerous established convergence
results.

Paper II

M. Upadhyaya, A. B. Taylor, S. Banert, and P. Giselsson. “AutoLyap:
A Python package for computer-assisted Lyapunov analyses for first-
order methods”. (2025)
Status: Preprint

This paper generalizes Paper I in the following ways:

(i) The inclusion problem (3.1) is extended to the more general form

find y ∈ H such that 0 ∈
∑

i∈Ifunc

∂fi(y) +
∑

i∈Iop

Gi(y), (3.6)

where Ifunc and Iop are finite index sets, and each function fi : H → R ∪ {+∞}
and operator Gi : H → 2H is chosen from some user-specified function class and
operator class, respectively.

(ii) The state-space representation (3.2) is extended to (1) include the operators Gi, (2)
allow for multiple evaluations of the same subdifferential ∂fi (and operator Gi) at
each iteration, and (3) allow for the possibility for the matrices A, B, C, and D to
be iteration dependent.

(iii) The class of Lyapunov inequalities (3.5) is extended to a more general form, and a
class of iteration-dependent Lyapunov inequalities is introduced. Moreover, similar
to Paper I, we show that the existence of these Lyapunov inequalities is equivalent3

to the feasibility of specific semidefinite programs.

Besides the theoretical contributions, the paper introduces a software package called
AutoLyap, which collects the theoretical results and provides a user-friendly interface for
performing these Lyapunov analyses in Python.

2 Under some mild assumptions.
3 Under some mild assumptions.
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Our bound: 4/(1 + 2θ)

Figure 3.2 Convergence region of the Chambolle–Pock method (3.9), where convergence
is guaranteed if τσ∥L∥2 < B. For a fixed θ, increasing the upper bound B enlarges the
convergence region.

Paper III

S. Banert, M. Upadhyaya, and P. Giselsson. “The Chambolle–Pock
method converges weakly with θ > 1/2 and τσ∥L∥2 < 4/(1 + 2θ)”
(2023)
Status: In submission

This paper considers the Chambolle–Pock method [20], also known as the primal-dual
hybrid gradient method, which solves convex-concave saddle-point problems of the form4

minimize
x∈H

maximize
y∈G

f(x) + ⟨Lx, y⟩ − g∗(y), (3.7)

where f : H → R ∪ {+∞} and g : G → R ∪ {+∞} are proper, convex, and lower semi-
continuous functions, g∗ is the convex conjugate of g, L : H → G is a bounded linear
operator, and H and G are real Hilbert spaces, under the assumption that there exists a
solution (x⋆, y⋆) ∈ H× G that satisfies the Karush–Kuhn–Tucker (KKT) condition

−L∗y⋆ ∈ ∂f(x⋆),
Lx⋆ ∈ ∂g∗(y⋆).

(3.8)

The Chambolle–Pock method is given by

xk+1 = proxτf

(
xk − τL∗yk

)
,

yk+1 = proxσg∗
(
yk + σL(xk+1 + θ(xk+1 − xk))

)
,

(3.9)

4 The saddle-point problem (3.7) is a primal-dual formulation of the primal optimization problem
minimize

x∈H
f(x) + g(Lx).
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where τ, σ ∈ R++ are primal and dual step sizes, respectively, and θ ∈ R is a relaxation
parameter.

The main contribution of this paper is a Lyapunov analysis establishing that the
iterates ((xk, yk))k∈N0 produced by the Chambolle–Pock method (3.9) converge weakly
to a KKT point (3.8), i.e., a solution to the saddle-point problem (3.7), if θ > 1/2 and
τσ∥L∥2 < 4/(1 + 2θ), and that the latter bound is unimprovable. Figure 3.2 compares
this bound to other bounds in the literature.

Paper IV

M. Upadhyaya, P. Latafat, and P. Giselsson. “A Lyapunov analysis of
Korpelevich’s extragradient method with fast and flexible extensions”
(2025)
Status: In submission

This paper considers Korpelevich’s extragradient method [72], i.e., the method

z̄k = proxγg

(
zk − γF (zk)

)
,

zk+1 = proxγg

(
zk − γF (z̄k)

)
,

(3.10)

for some step size γ ∈ (0, 1/LF ), which solves inclusion problems

find z ∈ H such that 0 ∈ F (z) + ∂g(z), (3.11)

where F : H → H is monotone and LF -Lipschitz continuous for some LF ∈ R++,
g : H → R ∪ {+∞} is a proper, convex, and lower semicontinuous function, and H is a
real Hilbert space.

The paper’s main contributions are as follows:

(i) We propose the Lyapunov function

V(zk, z̄k, zk+1) = 2γ−1⟨zk − zk+1, F (zk)− F (z̄k)⟩+ γ−2∥zk+1 − z̄k∥2

+ γ−2∥zk − zk+1∥2

for the extragradient method (3.10), which is a nonnegative optimality measure
that fulfills the descent inequality

Vk+1 ≤ Vk − (1− γ2L2
F )γ−2∥zk+1 − z̄k∥2, (3.12)

where Vk = V(zk, z̄k, zk+1), and converges to zero with a rate o(1/k). Using Vk

enables us to recover and, in some cases, extend recent last-iterate convergence-rate
results for the extragradient method.

(ii) Building on the analysis above, we propose flexible extensions that combine extra-
gradient steps (3.10) with user-specified directions (e.g., based on quasi-second-order
information), guided by a line-search procedure derived from (3.12). We show that
the extensions retain global convergence under practical assumptions and can achieve
superlinear rates when directions are chosen appropriately.
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3.2 Author’s contributions

Paper I
The author contributed to the conceptualization, theoretical developments, proofs, writing
and revising the paper, and numerical experiments.

Paper II
The author contributed to the conceptualization, theoretical developments, proofs, software
architectural choices, writing the paper, and numerical experiments.

Paper III
The author contributed to the conceptualization, theoretical developments, proofs, and
writing the paper.

Paper IV
The author contributed to the conceptualization, theoretical developments, proofs, writing
the paper, and numerical experiments.
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4
Concluding remarks

This chapter provides concluding remarks and discusses possible future work.

(i) This thesis’s main focus has been the development of computer-aided tools for
constructive Lyapunov analyses for first-order methods. However, as is often the
case with Lyapunov analyses, the reason why a systematic search for a Lyapunov
analysis fails is unclear. It is possible that the class of considered Lyapunov analyses
is not rich enough, or that the method actually does not converge. Recent works
[39, 40] have built tools that search for cyclic trajectories; once such a trajectory is
found, there is no need to further look for a Lyapunov analysis, as the method is
guaranteed not to converge on a specific problem of the problem class.

(ii) Ideally, one would like to move beyond relying on numerical results as an intermediate
step and instead pursue closed-form Lyapunov analyses directly. In our context,
this amounts to finding closed-form solutions to parametric semidefinite programs,
which is an active area of research [4, 55]. It remains an open question how far these
techniques can be pushed in the context of Lyapunov analyses.

(iii) An interesting recent development is the use of so-called long-horizon Lyapunov
analyses, which, e.g., have been used to analyze and design gradient methods with
cyclical step-size schedules that provide acceleration without the use of momentum
or any other techniques [1, 2, 41, 42]. It would be interesting to further develop
these ideas for other methods and settings.

(iv) The standard PEP methodology has been used to design complexity (or worst-case)
optimal first-order methods under various settings. A very nice observation is that
many of these methods have simple and tight Lyapunov analyses. The most notable
example is probably the optimized gradient method (OGM), first considered in [30]
and formally obtained in [46], for minimizing smooth and convex functions. The
work [29] showed that OGM is worst-case optimal, and the work [26] showed that
there exists a tight Lyapunov analysis for OGM.

(v) Methods such as mirror descent [11, 57], mirror-prox [56], and the Bregman proximal
gradient method [5] have been introduced to exploit the geometry of problems and
extend applicability. A first attempt to extend the PEP methodology to include
these types of methods was made in [28]. It seems worthwhile to explore this idea
further, both within the Lyapunov framework and more broadly.
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Automated tight Lyapunov analysis for first-order methods

Manu Upadhyaya Sebastian Banert Adrien B. Taylor Pontus Giselsson

Abstract

We present a methodology for establishing the existence of quadratic Lyapunov
inequalities for a wide range of first-order methods used to solve convex optimization
problems. In particular, we consider (i) classes of optimization problems of finite-sum
form with (possibly strongly) convex and possibly smooth functional components,
(ii) first-order methods that can be written as a linear system on state-space form in
feedback interconnection with the subdifferentials of the functional components of
the objective function, and (iii) quadratic Lyapunov inequalities that can be used
to draw convergence conclusions. We present a necessary and sufficient condition
for the existence of a quadratic Lyapunov inequality within a predefined class of
Lyapunov inequalities, which amounts to solving a small-sized semidefinite program.
We showcase our methodology on several first-order methods that fit the framework.
Most notably, our methodology allows us to significantly extend the region of
parameter choices that allow for duality gap convergence in the Chambolle–Pock
method when the linear operator is the identity mapping.

Keywords. Performance estimation, convex optimization, first-order methods, quadratic
constraints, Lyapunov functions, semidefinite programming
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1. Introduction

First-order methods are used to solve optimization problems and can be analyzed via Lya-
punov inequalities. Such inequalities consist of a Lyapunov function that is nonincreasing
from one iteration to the next and a residual function that quantifies a lower bound on
the potential decrease. The traditional approach of establishing a Lyapunov inequality,
which is typically done on a case-by-case basis, amounts to combining and rearranging
algorithm update equations and inequalities that describe properties of the objective
function. In this paper, we develop an automated methodology for finding Lyapunov
inequalities that can be applied to a large class of first-order methods.

The methodology uses an algorithm representation that covers most first-order methods
with fixed parameters. The structure of the algorithm representation is a linear system in
state-space form in feedback interconnection with a nonlinearity, in our case the subdif-
ferentials of the functional components of the objective function. Such representations
are common in the automatic control literature [45] and have previously been used for
algorithm analysis, e.g., in [24]. The algorithm representation is also closely connected to
the operator splitting framework introduced in [28]. Different algorithms are obtained
by instantiating the matrices that define the linear system. Some matrix choices lead to
algorithms that cannot solve the optimization problem in general. A contribution of this
paper is that we provide conditions on the matrices that are necessary and sufficient for
the equivalence between solving an instance of the optimization problem and finding a
fixed point of the algorithm.

Our methodology is based on a necessary and sufficient condition for the existence of a
quadratic Lyapunov inequality within a predefined class of Lyapunov inequalities. At the
core of the methodology is a necessary and sufficient condition, in terms of a semidefinite
program, for the optimal value of a quadratic objective function to be nonpositive when
optimized over all possible algorithm iterates, fixed points, subgradients, and function
values and over the full function class under consideration. This result is applied to the
three conditions that we use to define a quadratic Lyapunov inequality. The resulting
semidefinite program is feasible if and only if such a quadratic Lyapunov inequality exists,
and it provides associated Lyapunov functions and residual functions when feasible.

Other methodologies that analyze optimization algorithms using semidefinite programs
are the performance estimation problem (PEP) methodology [15, 39] and the integral
quadratic constraints (IQC) methodology [24]. The PEP methodology poses the problem
of finding a worst-case function from a predefined class of functions for the algorithm
under consideration as an optimization problem. This is then reformulated in a sequence
of steps to arrive at a semidefinite program. The PEP methodology, first presented in [15],
has been extended in a sequence of works that guarantee tightness in each step of the
reformulation [38, 39], has been adapted as a tool for Lyapunov analysis [29, 36, 37],
and extended to monotone inclusion problems [34]. The IQC methodology is based on
integral quadratic constraints from the control literature [26], which has been adopted
for automated convergence analysis of first-order methods under various settings [23, 24,
43]. The IQC methodology uses a simple algorithm representation but lacks tightness
guarantees. We are inspired by the strengths of both methodologies; the worst-case
analysis and tightness guarantees of PEP and the simple algorithm representation of
IQC. Another work that is inspired by the PEP and IQC frameworks for tight Lyapunov
function analysis is [37]. Our framework is more general as it can be applied to a wider
range of algorithms, allowing, e.g., for proximal operators, and can be used to derive a
broader range of convergence results.

The proposed methodology is applied in two ways. First, to find the smallest possible
linear convergence rate via quadratic Lyapunov inequalities for the algorithm at hand.
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This is done via a bisection search over the convergence rate ρ ∈ [0, 1[. Second, to
find the range of algorithm parameters for which the Lyapunov analysis can guarantee
function value convergence or duality gap convergence. The algorithms we consider are
the Douglas–Rachford method [13, 25], the (proximal) gradient method with heavy-ball
momentum [17, 32], the three-operator splitting method by Davis and Yin [12], and the
Chambolle–Pock method [7].

For the Douglas–Rachford method, we recover some of the known tight linear conver-
gence rate results in [18, 19, 34]. For the gradient method with heavy-ball momentum,
we improve, compared to [17], the linear convergence rate, and also extend the range of
parameters that guarantee convergence in function-value suboptimality. We also show
convergence of the duality gap for two proximal gradient methods with heavy-ball mo-
mentum. For the three-operator splitting method by Davis and Yin we provide linear
convergence rate results that improve the ones found in [11, 31]. More strikingly, our
methodology allows us to significantly enlarge the range of parameters that give duality
gap convergence for the Chambolle–Pock method when the linear operator is assumed to
be the identity operator. Traditional proofs such as in [7], allow for proximal operator
step-size parameters τ1, τ2 > 0 to satisfy τ1τ2 < 1 and the coefficient θ for the linear
combination of previous iterates to satisfy θ = 1. Our analysis allows for a significantly
wider range of parameter values, e.g., for θ = 1 we allow for τ1 = τ2 ∈]0, 1.15], for θ = 0.35
we allow for τ1 = τ2 ∈]0, 1.5], and for τ1 = τ2 = 0.5, we allow for θ ∈ [0.03, 7.5]. We also
show with the methodology that the extended range of parameters can lead to improved
linear convergence rates over the traditional parameter choices.

The paper is organized as follows: in Section 2, we introduce the problem class and the
algorithm representation. Section 3 discusses interpolation results and frames them in our
setting. We define the notion of a quadratic Lyapunov inequality in Section 4. Section 5
contains the main result on the existence of a quadratic Lyapunov inequality. Section 6
contains numerical examples and Section 7 contains a proof of our core result. Section 8
contains the main conclusions of this work and discusses future work.

An implementation of the methodology and additional numerical examples can be
found at:

https://github.com/ManuUpadhyaya/TightLyapunovAnalysis

1.1 Preliminaries
Let N0 denote the set of nonnegative integers, Z the set of integers, Jn, mK =
{l ∈ Z | n ≤ l ≤ m} the set of integers inclusively between the integers n and m, R
the set of real numbers, R+ the set of nonnegative real numbers, R++ the set of positive
real numbers, Rn the set of all n-tuples of elements of R, Rm×n the set of real-valued
matrices of size m× n, if M ∈ Rm×n then [M ]i,j the i, j-th element of M , Sn the set of
symmetric real-valued matrices of size n× n, and Sn

+ ⊆ Sn the set of positive semidefinite
real-valued matrices of size n× n. 1 denotes the column vector of all ones, where the size
will be clear from the context.

Throughout this paper, (H, ⟨·, ·⟩) will denote a real Hilbert space. All norms ∥·∥ are
canonical norms where the inner product will be clear from the context. We denote the
identity mapping x 7→ x on H by Id. Given a function f : H → R ∪ {+∞}, the effective
domain of f is the set dom f = {x ∈ H | f(x) < +∞}. The function f is said to be
proper if dom f ≠ ∅. The subdifferential of a proper function f is the set-valued operator
∂f : H → 2H defined as the mapping x 7→ {u ∈ H | ∀y ∈ H, f(y) ≥ f(x) + ⟨u, y − x⟩} .

Let f : H → R ∪ {+∞} and σ, β ∈ R+. The function f is

(i) convex if f((1− λ)x + λy) ≤ (1− λ)f(x) + λf(y) for each x, y ∈ H and 0 ≤ λ ≤ 1,
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(ii) σ-strongly convex if f is proper and f − (σ/2)∥·∥2 is convex, and

(iii) β-smooth if f is differentiable and ∥∇f(x)−∇f(y)∥ ≤ β∥x− y∥ for each x, y ∈ H.

Let 0 ≤ σ < β ≤ +∞. We let Fσ,β denote the class of all functions f : H → R∪{+∞}
that are

(i) β-smooth and σ-strongly convex if β < +∞, and

(ii) lower semicontinuous and σ-strongly convex if β = +∞.

Let f : H → R ∪ {+∞} be proper, lower semicontinuous and convex, and let γ > 0.
Then the proximal operator proxγf : H → H is defined as the single-valued operator given
by

proxγf (x) = argmin
z∈H

(
f(z) + 1

2γ
∥x− z∥2

)
for each x ∈ H. If x, p ∈ H, then p = proxγf (x) ⇔ γ−1(x− p) ∈ ∂f(p). Moreover, the
conjugate of f , denoted f∗ : H → R ∪ {+∞}, is the proper, lower semicontinuous and
convex function given by f∗(u) = supx∈H (⟨u, x⟩ − f(x)) for each u ∈ H. If x, u ∈ H,
then u ∈ ∂f(x) ⇔ x ∈ ∂f∗(u) [4, Theorem 16.29].

Given any positive integer n, we let the inner product ⟨·, ·⟩ on Hn be given by ⟨z1, z2⟩ =∑n

j=1⟨z
(j)
1 , z

(j)
2 ⟩ for each zi = (z(1)

i , . . . , z
(n)
i ) ∈ Hn and i ∈ J1, 2K. If M ∈ Rm×n, we

define the tensor product M ⊗ Id to be the mapping (M ⊗ Id) : Hn → Hm such that

(M ⊗ Id)z =

(
n∑

j=1

[M ]1,jz(j), . . . ,

n∑
j=1

[M ]m,jz(j)

)

for each z = (z(1), . . . , z(n)) ∈ Hn. The adjoint satisfies (M⊗Id)∗ = M⊤⊗Id. If N ∈ Rn×l,
the composition rule (M ⊗ Id) ◦ (N ⊗ Id) = (MN)⊗ Id holds. Moreover, if M ∈ Rn×n is
invertible, then (M ⊗ Id)−1 = M−1 ⊗ Id holds.

If we let M1 ∈ Rm×n1 and M2 ∈ Rm×n2 , the relations above imply that ⟨(M1 ⊗
Id)z1, (M2⊗ Id)z2⟩ = ⟨z1, ((M⊤

1 M2)⊗ Id)z2⟩ for each z1 ∈ Hn1 and z2 ∈ Hn2 . We define
the mapping1 Q : Sn×Hn → R by Q(M, z) = ⟨z, (M⊗Id)z⟩ for each M ∈ Sn and z ∈ Hn.
Note that, if M ∈ Sn, N ∈ Rn×m and z ∈ Hm, then Q(M, (N ⊗ Id)z) = Q(N⊤MN, z).

2. Problem class and algorithm representation

In this section, we introduce the problem class and the algorithm representation. We
provide conditions for when solving a problem is equivalent to finding a fixed point of
an algorithm. We also provide conditions for when an algorithm can be implemented
using scalar multiplications, vector additions, proximal operator evaluations, and gradient
evaluations only. We conclude the section by listing a few examples of first-order methods
that fit into the algorithm representation.

1 We use the same symbol Q for the mapping independent of the dimension n, which will be clear
from context.
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2.1 Problem class
Let 0 ≤ σi < βi ≤ +∞ for each i ∈ J1, mK. Consider the convex optimization problem

minimize
y∈H

m∑
i=1

fi(y) (2.1)

where fi ∈ Fσi,βi for each i ∈ J1, mK. Most first-order methods are limited to solving the
related inclusion problem

find y ∈ H such that 0 ∈
m∑

i=1

∂fi(y). (2.2)

A solution to (2.2) is always a solution to (2.1) and the converse holds under some
appropriate constraint qualification, e.g., see [6]. Moreover, it is reasonable to only
consider problems such that the inclusion problem (2.2) is solvable, i.e., there exists at
least one point y ∈ H such that 0 ∈

∑m

i=1 ∂fi(y). Thus, the problem class we consider is
all solvable problems of the form (2.2) where fi ∈ Fσi,βi for each i ∈ J1, mK. For examples
of problems that can be modeled according to (2.1) or (2.2), we refer to the textbooks [5,
30].

For later convenience, we introduce the notation

zer

(
m∑

i=1

∂fi

)
=

{
y ∈ H

∣∣∣∣∣ 0 ∈
m∑

i=1

∂fi(y)

}
.

That is, zer (
∑m

i=1 ∂fi) is the set of zeros of the set-valued operator
∑m

i=1 ∂fi : H → 2H :
y 7→

∑m

i=1 ∂fi(y), which is the same as the set of solutions to (2.2).

2.2 Algorithm representation
We consider algorithms that solve (2.2) that can be represented as a discrete-time linear
system in state-space form in feedback interconnection with the potentially nonlinear
and set-valued subdifferentials that define the problem. In particular, let f : Hm → (R ∪
{+∞})m and ∂f : Hm → 2Hm

be mappings containing all functions and subdifferentials
associated with (2.1) and (2.2) that satisfy

f(y) = (f1(y(1)), . . . , fm(y(m))), (2.3)

∂f(y) =
m∏

i=1

∂fi(y(i)) (2.4)

for each y = (y(1), . . . , y(m)) ∈ Hm, respectively2. We consider algorithms that can be
written as: pick an initial x0 ∈ Hn and let

for k = 0, 1, . . .
xk+1 = (A⊗ Id)xk + (B ⊗ Id)uk,

yk = (C ⊗ Id)xk + (D ⊗ Id)uk,

uk ∈ ∂f(yk),
Fk = f(yk),

(2.5)

2 In this context, the symbol
∏

is used for Cartesian products.
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where xk ∈ Hn, uk ∈ Hm, yk ∈ Hm, and Fk ∈ Rm are the algorithm variables and

A ∈ Rn×n, B ∈ Rn×m, C ∈ Rm×n, D ∈ Rm×m

are fixed matrices containing the parameters of the method at hand. For clarification,
individual subgradients and function values are calculated as u

(i)
k ∈ ∂fi(y(i)

k ) and F
(i)
k =

fi(y(i)
k ), respectively, so that uk = (u(1)

k , . . . , u
(m)
k ) and Fk = (f1(y(1)

k ), . . . , fm(y(m)
k )).

Moreover, representation (2.5) is a tool for analysis and does not necessarily indicate an
efficient implementation, e.g., the function values are not used in the algorithm but are
needed for the Lyapunov analysis. The structure in (2.5) of a linear system in feedback
interconnection with a nonlinearity is common in the automatic control literature and has
previously been proposed in [24, 44] as a model for algorithm analysis. It can represent a
wide range of first-order methods as seen in Section 2.5.

Algorithm (2.5) searches for a fixed point (x⋆, u⋆, y⋆, F⋆) ∈ Hn × Hm × Hm × Rm

satisfying the fixed-point equations

x⋆ = (A⊗ Id)x⋆ + (B ⊗ Id)u⋆,

y⋆ = (C ⊗ Id)x⋆ + (D ⊗ Id)u⋆,

u⋆ ∈ ∂f(y⋆),
F⋆ = f(y⋆),

(2.6)

from which we want to recover a solution to (2.2). In particular, we want the problem of
finding a fixed point of (2.5) to be equivalent to solving (2.2).

2.3 Solutions and fixed points
There are choices of the matrices A, B, C, and D such that it is not possible to extract a
solution of (2.2) from fixed points of (2.5) in any practical way. To exclude such algorithms,
we add the requirement that fixed points should satisfy

y⋆ = (y⋆, . . . , y⋆), 0 =
m∑

i=1

u(i)
⋆ (2.7)

for some y⋆ ∈ H, where u⋆ = (u(1)
⋆ , . . . , u

(m)
⋆ ) ∈ Hm. This implies that y⋆ solves (2.2)

since the fixed-point equations (2.6) give that

0 =
m∑

i=1

u(i)
⋆ ∈

m∑
i=1

∂fi(y⋆).

We say that such fixed points are fixed-point encodings in line with the terminology in
[33]. By defining the set of fixed points as

Ωfixed points(f1, . . . , fm)
= {(x⋆, u⋆, y⋆, F⋆) ∈ Hn ×Hm ×Hm × Rm | (2.6) holds}

and the set fixed-point encodings as

Ωfixed-point encodings(f1, . . . , fm)
= {(x⋆, u⋆, y⋆, F⋆) ∈ Hn ×Hm ×Hm × Rm | (2.6) and (2.7) hold} ,
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2 Problem class and algorithm representation

the requirement that all fixed points are fixed-point encodings can be written as
Ωfixed points(f1, . . . , fm) = Ωfixed-point encodings(f1, . . . , fm). Another requirement is that to
each solution of (2.2), there exists a corresponding fixed point. These two requirements
imply that solving (2.2) is equivalent to finding a fixed point of the algorithm. We say
that such algorithms have the fixed-point encoding property.
Definition 2.1
We say that Algorithm (2.5) has the fixed-point encoding property if

y⋆ ∈ zer

(
m∑

i=1

∂fi

)
=⇒ ∃(x⋆, u⋆, F⋆) ∈ Hn ×Hm × Rm such that (2.6) and (2.7) hold

(2.8)

and

Ωfixed points(f1, . . . , fm) = Ωfixed-point encodings(f1, . . . , fm) (2.9)

for each (f1, . . . , fm) ∈
∏m

i=1 Fσi,βi .

By appropriately restricting A, B, C, and D, we can exactly capture the class of
algorithms with this property. For m ≥ 2, let

N =
[

I
−1⊤

]
∈ Rm×(m−1) and û⋆ = (u(1)

⋆ , . . . , u(m−1)
⋆ ). (2.10)

The fixed-point encoding condition in (2.7) is then equivalent to 0 = (N⊤ ⊗ Id)y⋆ and
u⋆ = (N ⊗ Id)û⋆. In the case m = 1, the fixed-point encoding condition is simply u⋆ = 0.
The matrix N enters in the restriction of A, B, C, and D to exactly capture the class of
algorithms with the fixed-point encoding property.
Assumption 2.2
Suppose that

ran
[

BN 0
DN −1

]
⊆ ran

[
I −A
−C

]
(2.11)

with the interpretation that the block column containing N is removed when m = 1, and
that

null
[
I −A −B

]
⊆ null

[
N⊤C N⊤D

0 1⊤

]
, (2.12)

with the interpretation that the block row containing N⊤ is removed when m = 1.

Proposition 2.3
The following are equivalent:

(i) Assumption 2.2 holds.

(ii) Algorithm (2.5) has the fixed-point encoding property.
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Proof. (i) ⇒ (ii): Suppose that Assumption 2.2 holds. Let (f1, . . . , fm) ∈
∏m

i=1 Fσi,βi .
First, we prove that (2.8) holds. Suppose that y⋆ ∈ zer (

∑m

i=1 ∂fi). This implies that
there exists a u⋆ = (u(1)

⋆ , . . . , u
(m)
⋆ ) ∈ Hm such that

u⋆ ∈ ∂f((1⊗ Id)y⋆) and
m∑

i=1

u(i)
⋆ = 0. (2.13)

Note that the second part of (2.13) implies that

u⋆ =
{

(N ⊗ Id)û⋆ if m > 1,

0 if m = 1,

for û⋆ = (u(1)
⋆ , . . . , u

(m−1)
⋆ ) ∈ Hm−1, where N is defined in (2.10). We will show that

there exists an x⋆ ∈ Hn such that

x⋆ = (A⊗ Id)x⋆ + (B ⊗ Id)u⋆,

(1⊗ Id)y⋆ = (C ⊗ Id)x⋆ + (D ⊗ Id)u⋆,
(2.14)

i.e.,

(x⋆, u⋆, (1⊗ Id)y⋆, f((1⊗ Id)y⋆)) (2.15)

is a fixed-point encoding. This will prove the desired implication. Note that (2.14) is
equivalent to ([

BN 0
DN −1

]
⊗ Id

)
(û⋆, y⋆) =

([
I −A
−C

]
⊗ Id

)
x⋆,

with the interpretation that û⋆ and the block column containing N is removed when
m = 1. Moreover, (2.11) in Assumption 2.2 implies that there exists a matrix U ∈ Rn×m

such that [
BN 0
DN −1

]
=
[

I −A
−C

]
U,

i.e., each column of the matrix to the left in (2.11) can be written as linear combinations
of the columns of the matrix to the right in (2.11). If we let x⋆ = (U ⊗ Id)(û⋆, y⋆), then
we get ([

BN 0
DN −1

]
⊗ Id

)
(û⋆, y⋆) =

(([
I −A
−C

]
U

)
⊗ Id

)
(û⋆, y⋆)

=
([

I −A
−C

]
⊗ Id

)
(U ⊗ Id)(û⋆, y⋆)

=
([

I −A
−C

]
⊗ Id

)
x⋆,

as desired.
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2 Problem class and algorithm representation

Second, we prove that (2.9) holds. Note that the inclusion ⊇ holds trivially.
Therefore, we only need to prove the ⊆ inclusion. Suppose that (x⋆, u⋆, y⋆, F⋆) ∈
Ωfixed points(f1, . . . , fm). This implies that([

I −A −B
]
⊗ Id

)
(x⋆, u⋆) = 0.

However, (2.12) in Assumption 2.2 implies that([
N⊤C N⊤D

0 1⊤

]
⊗ Id

)
(x⋆, u⋆) = 0,

with the interpretation that the block row containing N⊤ is removed when m = 1. In
particular, note that this implies that

y(1)
⋆ = . . . = y(m)

⋆ = y⋆, and
m∑

i=1

u(i)
⋆ = 0,

where u⋆ = (u(1)
⋆ , . . . , u

(m)
⋆ ) and y⋆ = (y(1)

⋆ , . . . , y
(m)
⋆ ), for some common value y⋆ ∈ H,

since y⋆ = (C ⊗ Id)x⋆ +(D ⊗ Id)u⋆ (and (N⊤ ⊗ Id)y⋆ = (y(1)
⋆ − y

(m)
⋆ , . . . , y

(m−1)
⋆ − y

(m)
⋆ )

if m > 1). In particular, (x⋆, u⋆, y⋆, F⋆) ∈ Ωfixed-point encodings(f1, . . . , fm). This proves
the ⊆ inclusion for (2.9).

(ii) ⇒ (i): We prove the contrapositive.
First, suppose that (2.11) does not hold, i.e., there exists (y⋆, û⋆) ∈ H×Hm−1 such

that ([
I −A
−C

]
⊗ Id

)
x⋆ =

([
BN 0
DN −1

]
⊗ Id

)
(û⋆, y⋆) (2.16)

does not hold for any x⋆ ∈ Hn. Define u⋆ = (u(1)
⋆ , . . . , u

(m)
⋆ ) ∈ Hm such that

u⋆ =
{

(N ⊗ Id)û⋆ if m > 1,

0 if m = 1,

and note that
∑m

i=1 u
(i)
⋆ = 0 holds by construction. Note that (2.16) then implies that

x⋆ = (A⊗ Id)x⋆ + (B ⊗ Id)u⋆,

(1⊗ Id)y⋆ = (C ⊗ Id)x⋆ + (D ⊗ Id)u⋆

does not hold for any x⋆ ∈ Hn. Thus, if we can show that there exists (f1, . . . , fm) ∈∏m

i=1 Fσi,βi such that ∂f((1⊗ Id)y⋆) = {u⋆} holds, then we are done since this
shows that there exists y⋆ ∈ zer (

∑m

i=1 ∂fi) such that the implication in (2.8) fails.
Let (δ1, . . . , δm) ∈

∏m

i=1[σi, βi] and fi : H → R such that

fi(y) = δi

2 ∥y − y⋆∥2 + ⟨u(i)
⋆ , y⟩

for each y ∈ H and i ∈ J1, mK. Then (f1, . . . , fm) ∈
∏m

i=1 Fσi,βi is clear, and
∂f((1⊗ Id)y⋆) = {u⋆} holds since

∂fi(y⋆) = {u(i)
⋆ }
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for each i ∈ J1, mK.
Second, suppose that (2.12) does not hold, i.e., there exists (x⋆, u⋆) ∈ Hn ×Hm such

that

(
[
I −A −B

]
⊗ Id)(x⋆, u⋆) = 0,

but ([
N⊤C N⊤D

0 1⊤

]
⊗ Id

)
(x⋆, u⋆) ̸= 0.

If we let u⋆ = (u(1)
⋆ , . . . , u

(m)
⋆ ) and y⋆ = (y(1)

⋆ , . . . , y
(m)
⋆ ) = (C ⊗ Id)x⋆ + (D ⊗ Id)u⋆,

then either or both of y
(1)
⋆ = . . . = y

(m)
⋆ and

∑m

i=1 u
(i)
⋆ = 0 fail. Thus, if we can show

that there exists (f1, . . . , fm) ∈
∏m

i=1 Fσi,βi such that (2.6) holds, then we are done
since this shows that there exists (x⋆, u⋆, y⋆, F⋆) ∈ Ωfixed points(f1, . . . , fm) such that
(x⋆, u⋆, y⋆, F⋆) /∈ Ωfixed-point encodings(f1, . . . , fm). Let (δ1, . . . , δm) ∈

∏m

i=1[σi, βi] and
fi : H → R such that

fi(y) = δi

2 ∥y − y(i)
⋆ ∥2 + ⟨u(i)

⋆ , y⟩

for each y ∈ H and i ∈ J1, mK. Then (f1, . . . , fm) ∈
∏m

i=1 Fσi,βi , and (2.6) holds since

∂fi(y(i)
⋆ ) = {u(i)

⋆ }

for each i ∈ J1, mK. 2

Remark 2.4
There exist many different choices of A, B, C, and D in (2.5) that can represent a
given first-order method. The dimension m in y ∈ Hm is fixed due to the number of
functional components in problem (2.1), but the dimension n in x ∈ Hn can vary among
representations. In fact, there exists a minimal n such that a given first-order method
can be represented as (2.5), leading to a minimal representation. A necessary condition is
that

rank
[
I −A −B

]
= n and rank

[
I −A
−C

]
= n, (2.17)

where both matrices appear in Assumption 2.2. If these do not hold, the system is not
controllable (also often called reachable) [9, Definitions 6.D1] or observable [9, Def-
initions 6.D2], respectively. This implies that the representation is not minimal [10,
Theorem 25.2] and that it is possible, for instance via a Kalman decomposition [10, Sec-
tion 25.2], to go from this non-minimal representation to a minimal representation that
satisfies (2.17) and represents the same algorithm.

Remark 2.5
Previously, [27, 35] derived necessary and sufficient conditions for the existence of a fixed
point from which a solution can be extracted, using algorithm representations different
from (2.5). Note that the existence of a fixed point from which a solution can be extracted
differs from the concept of the fixed-point encoding property considered here.

42



2 Problem class and algorithm representation

2.4 Well-posedness
When analyzing existing algorithms, well-posedness is usually clear from the outset.
However, when taking the more abstract point of view, as given by Algorithm (2.5),
further discussion is warranted. We would like Algorithm (2.5) to be well-posed in the
sense that it can be initiated at an arbitrary x0 ∈ Hn and produce an infinite sequence
{(xk, uk, yk, Fk)}∞

k=0 obeying the algorithm dynamics (2.5). This holds if for each x ∈ Hn,
there exist u ∈ Hm and y ∈ Hm such that

y = (C ⊗ Id)x + (D ⊗ Id)u
u ∈ ∂f(y).

(2.18)

In addition, if u ∈ Hm and y ∈ Hm are unique, then the generated sequence is unique.
If D has a lower-triangular structure, (2.18) can be solved using back-substitution. If

[D]i,i ̸= 0, an implicit step is needed to find y(i) and u(i). If [D]i,i < 0, this implicit step
is a proximal evaluation, which implies uniqueness. If [D]i,i = 0, u(i) is found via direct
evaluation of ∂fi(y(i)) which is always unique if fi is differentiable.
Assumption 2.6
Let

Idifferentiable = {i ∈ J1, mK : βi < +∞} ,

ID = {i ∈ J1, mK : [D]i,i < 0}

and assume that Idifferentiable ∪ ID = J1, mK and D is lower triangular with nonpositive
diagonal elements.

The requirements in Assumption 2.6 give rise to causal algorithms that generate unique
and infinite sequences that evaluate either a proximal operator or a gradient for each fi

and linearly combine results of previous evaluations to form inputs.
Proposition 2.7
Suppose that Assumption 2.6 holds. Then for any (f1, . . . , fm) ∈

∏m

i=1 Fσi,βi and x0 =
(x(1)

0 , . . . , x
(n)
0 ) ∈ Hn, Algorithm (2.5) produces a unique sequence {(xk, uk, yk, Fk)}∞

k=0
obeying the algorithm dynamics (2.5) and can be implemented as the following causal
procedure:

for k = 0, 1, . . .

for i = 1, . . . , m

v
(i)
k =

n∑
j=1

[C]i,jx
(j)
k +

i−1∑
j=1

[D]i,ju
(j)
k ,

y
(i)
k =

{
prox−[D]i,ifi

(v(i)
k ) if i ∈ ID,

v
(i)
k if i /∈ ID,

u
(i)
k =

{
(−[D]i,i)−1(v(i)

k − y
(i)
k ) if i ∈ ID,

∇fi(y(i)
k ) if i /∈ ID,

F
(i)
k = fi(y(i)

k ),

xk+1 = (x(1)
k+1, . . . , x

(n)
k+1) = (A⊗ Id)xk + (B ⊗ Id)uk,

(2.19)
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where uk = (u(1)
k , . . . , u

(m)
k ), yk = (y(1)

k , . . . , y
(m)
k ), Fk = (F (1)

k , . . . , F
(m)
k ) and the empty

sum is set equal to zero by convention.

Proof. Let (f1, . . . , fm) ∈
∏m

i=1 Fσi,βi . Consider an arbitrary k ∈ N0 and pick any
xk = (x(1)

k , . . . , x
(n)
k ) ∈ Hn. For i ∈ J1, mK in ascending order:

• v
(i)
k in the inner loop in (2.19) is a linear combination of previously calculated/known

quantities.
• If i ∈ ID, then (2.5) and the structure of D in Assumption 2.6 give that

y
(i)
k ∈ v

(i)
k + [D]i,i∂fi(y(i)

k ) ⇔ (−[D]i,i)−1(v(i)
k − y

(i)
k )︸ ︷︷ ︸

= u
(i)
k

∈ ∂fi(y(i)
k )

⇔ y
(i)
k = prox−[D]i,ifi

(v(i)
k ),

which is unique since the proximal operator is single-valued with full domain under our
assumptions (recall that each fi is assumed to be proper, lower semicontinuous, and
convex).

• If i /∈ ID, then fi is differentiable due to Assumption 2.6, and (2.5) gives that y
(i)
k = v

(i)
k

and u
(i)
k = ∇fi(y(i)

k ).
An inductive argument concludes the proof. 2

The requirement that D is lower-triangular is for convenience. If there exists a permuta-
tion π : J1, mK→ J1, mK with associated permutation matrix Pπ such that PπDP ⊤

π is lower-
triangular, the resulting algorithm is equivalent to (2.19). Let ȳk = Pπyk, ūk = Pπuk, and
f̄ = f ◦ (P ⊤

π ⊗ Id) (that just reorders the inputs). Then ∂f̄ = (Pπ ⊗ Id) ◦ ∂f ◦ (P ⊤
π ⊗ Id)

and the algorithm is equivalent to

xk+1 = (A⊗ Id)xk + (BP ⊤
π ⊗ Id)ūk,

ȳk = (PπC ⊗ Id)xk + (PπDP ⊤
π ⊗ Id)ūk,

ūk ∈ ∂f̄(ȳk),

which can be implemented as in (2.19).
If no permutation matrix exists such that PπDP ⊤

π is lower-triangular, then there exist
i < j with i, j ∈ J1, mK such that [D]i,j ̸= 0 and [D]j,i ̸= 0. This couples the ∂fi and ∂fj

evaluations such that back-substitution fails and these updates cannot in general be done
using only proximal operator or gradient evaluations of fi and fj individually.

Since the linear combinations decided by A, B, C, and D are arbitrary, all first-order
methods that use fixed linear combinations of previously computed quantities and evaluate
each individual subdifferentials only once per iteration and either via a proximal operator
or gradient evaluation can be implemented as in (2.19), potentially after a permutation
of variables. We provide a list of examples in Section 2.5 that all satisfy Assumption 2.6.
They also satisfy Assumption 2.2, implying that solving (2.2) is equivalent to finding a
fixed point of the algorithm, and the rank conditions in (2.17).

2.5 Examples
In this section, we provide examples of a few well-known algorithms that can be written
as (2.5).
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2.5.1 Douglas–Rachford method
Let γ ∈ R++, λ ∈ R \ {0} and f1, f2 ∈ F0,∞. The Douglas–Rachford method [13, 16, 25]
is given by

y
(1)
k = proxγf1 (xk),

y
(2)
k = proxγf2 (2y

(1)
k − xk),

xk+1 = xk + λ(y(2)
k − y

(1)
k ),

which can equivalently be written as

γ−1(xk − y
(1)
k ) ∈ ∂f1(y(1)

k ),

γ−1((2y(1) − xk)− y
(2)
k ) ∈ ∂f2(y(2)

k ),

xk+1 = xk + λ(y(2)
k − y

(1)
k ).

By letting xk = xk, yk = (y(1)
k , y

(2)
k ) and uk = (γ−1(xk − y

(1)
k ), γ−1(2y

(1)
k − xk − y

(2)
k )),

we get

xk+1 = xk +
([
−γλ −γλ

]
⊗ Id

)
uk,

yk =
([

1
1

]
⊗ Id

)
xk +

([
−γ 0
−2γ −γ

]
⊗ Id

)
uk,

uk ∈ ∂f(yk),

where ∂f(y) = ∂f1(y(1)) × ∂f2(y(2)) for each y = (y(1), y(2)) ∈ H2, which matches the
form (2.5).

2.5.2 Gradient method with heavy-ball momentum
Let γ, β1 ∈ R++, δ ∈ R and f1 ∈ F0,β1 . The gradient method with heavy-ball momentum
is given by

xk+1 = xk − γ∇f1(xk) + δ(xk − xk−1).

By letting xk = (xk, xk−1), yk = xk, and uk = ∇f1(xk), we get

xk+1 =
([

1 + δ −δ
1 0

]
⊗ Id

)
xk +

([
−γ
0

]
⊗ Id

)
uk,

yk =
([

1 0
]
⊗ Id

)
xk,

uk ∈ ∂f(yk),

where ∂f(y) = {∇f1(y)} for each y ∈ H, which matches the form (2.5).

2.5.3 Proximal gradient method with heavy-ball momentum terms
Let γ, β1 ∈ R++, δ1, δ2 ∈ R, f1 ∈ F0,β1 and f2 ∈ F0,∞. A proximal gradient method with
heavy-ball momentum terms is given by

xk+1 = proxγf2 (xk − γ∇f1(xk) + δ1(xk − xk−1)) + δ2(xk − xk−1).
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By letting xk = (xk, xk−1), yk = (xk, xk+1 − δ2(xk − xk−1)), uk = (∇f1(xk), γ−1(xk −
γ∇f1(xk) + (δ1 + δ2)(xk − xk−1)− xk+1)), we get

xk+1 =
([

1 + δ1 + δ2 −δ1 − δ2
1 0

]
⊗ Id

)
xk +

([
−γ −γ
0 0

]
⊗ Id

)
uk

yk =
([

1 0
1 + δ1 −δ1

]
⊗ Id

)
xk +

([
0 0
−γ −γ

]
⊗ Id

)
uk,

uk ∈ ∂f(yk),

where ∂f(y) = {∇f1(y(1))} × ∂f2(y(2)) for each y = (y(1), y(2)) ∈ H2, which matches
the form (2.5).

2.5.4 Davis–Yin three-operator splitting method
Let γ, λ ∈ R++, 0 ≤ σi < βi ≤ +∞ and fi ∈ Fσi,βi for each i ∈ J1, 3K, and β2 <∞. The
three-operator splitting method by Davis and Yin in [12] is given by

xk = proxγf1 (zk),
zk+ 1

2
= 2xk − zk − γ∇f2(xk),

zk+1 = zk + λ(proxγf3 (zk+ 1
2

)− xk).

By letting xk = zk, yk = (xk, xk, xk + λ−1(zk+1 − zk)) and uk = (γ−1(zk −
xk), γ−1(2xk − zk − zk+ 1

2
), γ−1(zk+ 1

2
− xk − λ−1(zk+1 − zk))), we get

xk+1 = xk +
([
−γλ −γλ −γλ

]
⊗ Id

)
uk,

yk =

([
1
1
1

]
⊗ Id

)
xk +

([
−γ 0 0
−γ 0 0
−2γ −γ −γ

]
⊗ Id

)
uk,

uk ∈ ∂f(yk),

where ∂f(y) = ∂f1(y(1)) × {∇f2(y(2))} × ∂f3(y(3)) for each y = (y(1), y(2), y(3)) ∈ H3,
which matches the form (2.5).

2.5.5 Chambolle–Pock method
Let τ1, τ2 ∈ R++, θ ∈ R, 0 ≤ σi < βi ≤ +∞ and fi ∈ Fσi,βi for each i ∈ J1, 2K. The
method by Chambolle and Pock in [7, Algorithm 1] is given by

xk+1 = proxτ1f1 (xk − τ1yk),
yk+1 = proxτ2f∗

2
(yk + τ2 (xk+1 + θ(xk+1 − xk))).

By letting xk = (xk, yk), yk = (xk+1, 1
τ2

(yk − yk+1) + (1 + θ)xk+1 − θxk), and uk =
( 1

τ1
(xk − xk+1)− yk, yk+1), we get

xk+1 =
([

1 −τ1
0 0

]
⊗ Id

)
xk +

([
−τ1 0

0 1

]
⊗ Id

)
uk,

yk =
([

1 −τ1
1 1

τ2
− τ1(1 + θ)

]
⊗ Id

)
xk +

([
−τ1 0

−τ1(1 + θ) − 1
τ2

]
⊗ Id

)
uk,

uk ∈ ∂f(yk),
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where ∂f(y) = ∂f1(y(1)) × ∂f2(y(2)) for each y = (y(1), y(2)) ∈ H2, which matches the
form (2.5).

3. Interpolation

Tightness of our methodology hinges critically on so-called interpolation conditions for
function classes that have been developed in the PEP literature [38, 39]. The following
theorem is proved in [39, Theorem 4].
Theorem 3.1
Let 0 ≤ σ < β ≤ +∞ and {(yi, Fi, ui)}i∈I be a finite family of triplets in H × R × H
indexed by I. Then the following are equivalent:
(i) There exists f ∈ Fσ,β such that

f(yi) = Fi and ui ∈ ∂f(yi)

for each i ∈ I.
(ii) It holds that

Fi ≥ Fj + ⟨uj , yi − yj⟩+ σ

2 ∥yi − yj∥2

+ 1
2(β − σ)∥ui − uj − σ(yi − yj)∥2

for each i, j ∈ I, where 1
2(β−σ) is interpreted as 0 in the case β = +∞.

Next, we adapt these interpolation conditions to our framework. In the following, we
let Fσ,β denote the class of all mappings f : Hm → (R ∪ {+∞})m defined by (2.3) for
every possible choice of fi ∈ Fσi,βi and i ∈ J1, mK. Moreover, with each f ∈ Fσ,β, we
associate the mapping ∂f : Hm → 2Hm

defined by (2.4).
Corollary 3.2
Let

Ml =



1
2(βl − σl)

βlσl −σl βl

−σl 1 −1
βl −1 1

⊗ diag (el) if βl <∞,

1
2

σl 0 1
0 0 0
1 0 0

⊗ diag (el) if βl = +∞,

(3.1)

al = −el (3.2)

for each l ∈ J1, mK, where ⊗ denotes the Kronecker product and {ei}m
i=1 denotes the

standard basis vectors of Rm. Then for each finite family of triplets in Hm × Rm ×Hm

indexed by I, {(yi, Fi, ui)}i∈I , the following are equivalent:
(i) There exist f ∈ Fσ,β such that

f(yi) = Fi and ui ∈ ∂f(yi)

for each i ∈ I.

47



Paper I

(ii) It holds that

a⊤
l (Fi − Fj) +Q(Ml, (yi − yj , ui, uj)) ≤ 0

for each i, j ∈ I and l ∈ J1, mK.
Moreover,

Q(Ml, (0, u, u)) = 0

for each u ∈ Hm and l ∈ J1, mK.

4. Lyapunov inequalities

Convergence properties of many first-order methods can be analyzed via so-called Lya-
punov inequalities. We consider Lyapunov inequalities of the form

V (ξk+1, ξ⋆) ≤ ρV (ξk, ξ⋆)−R(ξk, ξ⋆), (4.1)

where ρ ∈ [0, 1], ξk = (xk, uk, yk, Fk) ∈ S contains all algorithm variables in iteration k,
ξk+1 = (xk+1, uk+1, yk+1, Fk+1) ∈ S contains all algorithm variables in iteration k + 1,
ξ⋆ = (x⋆, u⋆, y⋆, F⋆) ∈ S is a fixed point, V : S × S → R is called a Lyapunov function,
R : S × S → R is called a residual function, and S = Hn ×Hm ×Hm × Rm. Once such
an inequality has been established, various convergence properties may be concluded
depending on the properties of the functions V and R.

We consider quadratic ansatzes of the functions V and R given by

V (ξ, ξ⋆) = Q(Q, (x− x⋆, u, u⋆)) + q⊤(F − F⋆), (4.2)
R(ξ, ξ⋆) = Q(S, (x− x⋆, u, u⋆)) + s⊤(F − F⋆) (4.3)

for each ξ, ξ⋆ ∈ S, respectively, where Q, S ∈ Sn+2m and q, s ∈ Rm parameterize the
functions. These are general ansatzes that allow for arbitrary linear combinations of scalar
products between linear combinations of x(i)−x

(i)
⋆ , u(i), and u

(i)
⋆ and linear combinations

of function value differences fi(y(i))− fi(y(i)
⋆ ).

To draw useful convergence conclusions from (4.1), we enforce nonnegative quadratic
lower bounds on V and R given by

V (ξ, ξ⋆) ≥ Q(P, (x− x⋆, u, u⋆)) + p⊤(F − F⋆) ≥ 0, (4.4)
R(ξ, ξ⋆) ≥ Q(T, (x− x⋆, u, u⋆)) + t⊤(F − F⋆) ≥ 0, (4.5)

where P, T ∈ Sn+2m and p, t ∈ Rm. We do not enforce these inequalities on all of S × S
but only when the first argument is a so-called algorithm-consistent point and the second
argument satisfies the fixed-point equations (2.6).
Definition 4.1
Consider Algorithm (2.5). The point ξ = (x, u, y, F ) ∈ S is called algorithm-consistent
for f ∈ Fσ,β if

y = (C ⊗ Id)x + (D ⊗ Id)u,

u ∈ ∂f(y),
F = f(y).
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4 Lyapunov inequalities

To restrict (4.4) and (4.5) on this subset of S×S gives a larger class of Lyapunov functions
and residual functions compared to requiring them to hold on all of S × S.

In the proposed methodology, the user specifies (P, p, T, t, ρ) and the methodology
provides (Q, q, S, s) complying with (4.1), (4.4), and (4.5), if it exists. When such a
(Q, q, S, s) exists, the choice of (P, p, T, t, ρ) decides which convergence properties the
analysis implies.

(i) Suppose that ρ ∈ [0, 1[. Then

0 ≤ Q(P, (xk − x⋆, uk, u⋆)) + p⊤(Fk − F⋆)
≤ V (ξk, ξ⋆)
≤ ρkV (ξ0, ξ⋆)→ 0

as k →∞. In particular,

{Q(P, (xk − x⋆, uk, u⋆)) + p⊤(Fk − F⋆)} k∈N0

converges ρ-linearly to zero.
(4.6)

(ii) Suppose that ρ = 1. Then
∞∑

k=0

(Q(T, (xk − x⋆, uk, u⋆)) + t⊤(Fk − F⋆)) ≤
∞∑

k=0

R(ξk, ξ⋆)

≤ V (ξ0, ξ⋆), (4.7)

using a telescoping summation argument. In particular,

{Q(T, (xk − x⋆, uk, u⋆)) + t⊤(Fk − F⋆)} k∈N0

is summable and converges to zero.
(4.8)

Therefore, (P, p, T, t, ρ) needs to be chosen to extract interesting convergence results
from the lower bounds. If P = T = 0 and p = t = 0, then V and R equal to the zero
function gives a valid Lyapunov inequality (4.1) that complies with the lower bounds (4.4)
and (4.5), but is of no interest. Useful choices of (P, p, T, t, ρ) that imply different specific
convergence results are provided in Section 4.1.

The above requirements on the Lyapunov inequality, the Lyapunov function, and the
residual function are formalized in Definition 4.3 after we define the notion of a successor .
Definition 4.2
Consider Algorithm (2.5). Given an algorithm-consistent point ξ for some f ∈ Fσ,β, we
define a successor of ξ to be any point ξ+ = (x+, u+, y+, F+) ∈ S such that

x+ = (A⊗ Id)x + (B ⊗ Id)u,

y+ = (C ⊗ Id)x+ + (D ⊗ Id)u+,

u+ ∈ ∂f(y+),
F+ = f(y+).

Definition 4.3
Let V : S × S → R as in (4.2), R : S × S → R as in (4.3), P, T ∈ Sn+2m, p, t ∈ Rm and
ρ ∈ [0, 1]. We say that V and R satisfy the (P, p, T, t, ρ)-quadratic Lyapunov inequality
for Algorithm (2.5) over the class Fσ,β if:
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C1 V (ξ+, ξ⋆) ≤ ρV (ξ, ξ⋆)−R(ξ, ξ⋆) for each ξ ∈ S that is algorithm-consistent for f ,
each successor ξ+ ∈ S of ξ, each ξ⋆ ∈ S that satisfies (2.6), and each f ∈ Fσ,β.

C2 V (ξ, ξ⋆) ≥ Q(P, (x−x⋆, u, u⋆)) + p⊤(F −F⋆) ≥ 0 for each ξ ∈ S that is algorithm-
consistent for f , each ξ⋆ ∈ S that satisfies (2.6), and each f ∈ Fσ,β.

C3 R(ξ, ξ⋆) ≥ Q(T, (x−x⋆, u, u⋆)) + t⊤(F −F⋆) ≥ 0 for each ξ ∈ S that is algorithm-
consistent for f , each ξ⋆ ∈ S that satisfies (2.6), and each f ∈ Fσ,β.

The main result in Section 5 is a necessary and sufficient condition for the existence of a
(P, p, T, t, ρ)-quadratic Lyapunov inequality expressed as a semidefinite feasibility problem
over the Lyapunov function and residual function parameters (Q, q, S, s). This is done by
providing a necessary and sufficient condition for each of C1, C2, and C3. Conditions C1,
C2, and C3 can all be stated as the verification of a quadratic function Φ : S × S → R to
be nonpositive over the subset of S × S that includes algorithm-consistent points in the
first argument and fixed points in the second. Restricting to this subset adds significant
technical complication compared to verifying nonpositivity over the entirety of S × S,
but provides the added benefit of a more general Lyapunov analysis.

4.1 Lower bounds and convergence implications
In this section, we provide a few choices of (P, p, T, t, ρ) from which we can draw specific
convergence results, under the assumption that there exists a Lyapunov function V and a
residual function R that satisfy the (P, p, T, t, ρ)-quadratic Lyapunov inequality. Moreover,
we assume that Assumptions 2.2 and 2.6 hold.

4.1.1 Linear convergence of the distance to the solution
Suppose that ρ ∈ [0, 1[ and

(P, p, T, t) = (
[
C D −D

]⊤
eie

⊤
i

[
C D −D

]
, 0, 0, 0) (4.9)

for some i ∈ J1, mK, where {ei}m
i=1 denotes the standard basis vectors of Rm. Then (4.6)

implies that the squared distance to the solution {∥y(i)
k − y⋆∥2}

k∈N0
converges ρ-linearly

to zero, where y⋆ is the solution to (2.2), since

Q(P, (xk − x⋆, uk, u⋆)) + p⊤(Fk − F⋆) = ∥y(i)
k − y⋆∥2 ≥ 0.

Note that we exclude the case ρ = 1 since we can only guarantee that the squared distance
to the solution remains bounded but not necessarily linearly convergent.

4.1.2 O(1/k) ergodic convergence
Suppose that ρ = 1.

Function-value suboptimality (m = 1). Suppose that m = 1 and

(P, p, T, t) = (0, 0, 0, 1). (4.10)

Then (4.8) implies that the function-value suboptimality {f1(y(1)
k )− f1(y⋆)}

k∈N0
converges

to zero, since

Q(T, (xk − x⋆, uk, u⋆)) + t⊤(Fk − F⋆) = f1(y(1)
k )− f1(y⋆) ≥ 0.
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Moreover, (4.7) and Jensen’s inequality imply that the ergodic function-value suboptimality{
f1

(
1

k + 1

k∑
j=0

y
(1)
j

)
− f1(y⋆)

}
k∈N0

converges to zero with rate O(1/k) since

f1

(
1

k + 1

k∑
j=0

y
(1)
j

)
− f1(y⋆) ≤ V (ξ0, ξ⋆)

k + 1 .

Duality gap. Suppose that

(P, p, T, t) =

(
0, 0,

[
C D −D
0 0 I

]⊤ [
0 − 1

2 I
− 1

2 I 0

][
C D −D
0 0 I

]
, 1

)
. (4.11)

Then

Q(T, (xk − x⋆, uk, u⋆)) + t⊤(Fk − F⋆)

=
m∑

i=1

(fi(y(i)
k )− fi(y(i)

⋆ )− ⟨u(i)
⋆ , y

(i)
k − y(i)

⋆ ⟩)

=
m∑

i=1

(fi(y(i)
k )− fi(y⋆)− ⟨u(i)

⋆ , y
(i)
k ⟩) ≥ 0, (4.12)

since
∑m

i=1 u
(i)
⋆ = 0 and y

(1)
⋆ = . . . = y

(m)
⋆ = y⋆ (all fixed points are fixed-point encodings).

The quantity in (4.12) is known as the duality gap. Note that if m = 1, the duality gap
reduces to function-value suboptimality. The duality gap is in fact a natural generalization
to the function-value suboptimality, which we motivate next (see also, e.g., [1, Section
3.1], [2, Theorem 3.9], and [8]). Problem (2.1) can equivalently be written as

minimize
(y(1),...,y(m))∈Hm

m∑
i=1

fi(y(i))

subject to y(i) = y(m) for each i ∈ J1, mK.

It has the Lagrangian function L : Hm ×Hm → R given by

L(y, u) =
m∑

i=1

fi(y(i)) +
m∑

i=1

⟨u(i), y(m) − y(i)⟩, (4.13)

where y = (y(1), . . . , y(m)) ∈ Hm, and u = (u(1), . . . , u(m)) ∈ Hm are the dual variables.
The Lagrangian function satisfies

L(y⋆, u) ≤ L(y⋆, u⋆)︸ ︷︷ ︸
=
∑m

i=1
fi(y⋆)

≤ L(y, u⋆)
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for each y, u ∈ Hm. In particular, L(yk, u⋆)−L(y⋆, uk) is equal to (4.12) and (4.8) implies
that the duality gap {L(yk, u⋆)− L(y⋆, uk)} k∈N0

converges to zero. Moreover, (4.7) and
Jensen’s inequality imply that the ergodic duality gap{

L

(
1

k + 1

k∑
j=0

yj , u⋆

)
− L

(
y⋆,

1
k + 1

k∑
j=0

uj

)}
k∈N0

converges to zero with rate O(1/k).

5. Main result

This section provides a necessary and sufficient condition, in terms of the feasibility of a
semidefinite program, for the existence of a quadratic Lyapunov inequality in the sense
of Definition 4.3. First, we introduce some necessary notation. Recall N ∈ Rm×(m−1)

defined in (2.10) when m > 1. For all the matrices defined below, the interpretation is
that the block column containing N is removed when m = 1. Let

Eø,+ =

[
C(I −A) D − CB −D CBN

0 I 0 0
0 0 I 0

]
,

Eø,⋆ =

[
C D 0 −DN
0 I 0 0
0 0 0 N

]
,

E+,ø =

[
C(A− I) CB −D D −CBN

0 0 I 0
0 I 0 0

]
,

E⋆,ø =

[
−C −D 0 DN
0 0 0 N
0 I 0 0

]
, (5.1)

E+,⋆ =

[
CA CB D −DN − CBN
0 0 I 0
0 0 0 N

]
,

E⋆,+ =

[
−CA −CB −D DN + CBN

0 0 0 N
0 0 I 0

]
,

where Ei,j ∈ R3m×(n+3m−1) for each distinct i, j ∈ {ø, +, ⋆}, and

Hø,+ =
[
I −I

]
, H+,ø =

[
−I I

]
, Hø,⋆ =

[
I 0

]
,

H⋆,ø =
[
−I 0

]
, H+,⋆ =

[
0 I

]
, H⋆,+ =

[
0 −I

]
,

(5.2)

where Hi,j ∈ Rm×2m for each distinct i, j ∈ {ø, +, ⋆}. Define

M(l,i,j) = E⊤
i,jMlEi,j ∈ Sn+3m−1 and a(l,i,j) = H⊤

i,jal ∈ R2m (5.3)
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for each distinct i, j ∈ {ø, +, ⋆} and l ∈ J1, mK, where the Ml’s and al’s are defined
in (3.1) and (3.2), respectively. Moreover, let

Σø =

[
I 0 0 0
0 I 0 0
0 0 0 N

]
, Σ+ =

[
A B 0 −BN
0 0 I 0
0 0 0 N

]
, (5.4)

where Σi ∈ R(n+2m)×(n+3m−1) for each i ∈ {ø, +}.

Theorem 5.1 (Main result)
Assume that Assumption 2.2 and Assumption 2.6 hold, let ρ ∈ [0, 1], and suppose that
P, T ∈ Sn+2m and p, t ∈ Rm are such that

Q(P, (x− x⋆, u, u⋆)) + p⊤(F − F⋆) ≥ 0,

Q(T, (x− x⋆, u, u⋆)) + t⊤(F − F⋆) ≥ 0

for each ξ ∈ S that is algorithm-consistent for f , each ξ⋆ ∈ S that satisfies (2.6), and each
f ∈ Fσ,β. Then a sufficient condition for there to exist a Lyapunov function V : S×S → R
as in (4.2) and a residual function R : S × S → R as in (4.3) such that they satisfy the
(P, p, T, t, ρ)-quadratic Lyapunov inequality for algorithm (2.5) over the class Fσ,β is that
the following system of constraints

C1



λC1
(l,i,j) ≥ 0 for each l ∈ J1, mK and distinct i, j ∈ {ø, +, ⋆} ,

Σ⊤
ø (ρQ− S)Σø − Σ⊤

+QΣ+ +
m∑

l=1

∑
i,j∈{ø,+,⋆}

i̸=j

λC1
(l,i,j)M(l,i,j) ⪰ 0,

[
ρq − s
−q

]
+

m∑
l=1

∑
i,j∈{ø,+,⋆}

i̸=j

λC1
(l,i,j)a(l,i,j) = 0,

(5.5a)

C2



λC2
(l,i,j) ≥ 0 for each l ∈ J1, mK and distinct i, j ∈ {ø, ⋆} ,

Σ⊤
ø (Q− P )Σø +

m∑
l=1

∑
i,j∈{ø,⋆}

i̸=j

λC2
(l,i,j)M(l,i,j) ⪰ 0,

[
q − p

0

]
+

m∑
l=1

∑
i,j∈{ø,⋆}

i̸=j

λC2
(l,i,j)a(l,i,j) = 0,

(5.5b)

C3



λC3
(l,i,j) ≥ 0 for each l ∈ J1, mK and distinct i, j ∈ {ø, ⋆} ,

Σ⊤
ø (S − T )Σø +

m∑
l=1

∑
i,j∈{ø,⋆}

i̸=j

λC3
(l,i,j)M(l,i,j) ⪰ 0,

[
s− t

0

]
+

m∑
l=1

∑
i,j∈{ø,⋆}

i̸=j

λC3
(l,i,j)a(l,i,j) = 0,

(5.5c)
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Q, S ∈ Sn+2m, (5.5d)
q, s ∈ Rm, (5.5e)

is feasible for the scalars λC1
(l,i,j), λC2

(l,i,j),λC3
(l,i,j), matrices Q and S, and vectors q and s.

Moreover, if dim(H) ≥ n + 3m− 1 and there exists G ∈ Sn+3m−1
++ and χ ∈ R2m such that

a⊤
(l,i,j)χ + trace(M(l,i,j)G) ≤ 0

for each l ∈ J1, mK and distinct i, j ∈ {ø, +, ⋆} ,
(5.6)

then the feasibility of (5.5) is also a necessary condition.

The proof of Theorem 5.1 is based on, for C1, C2 and C3 in Definition 4.3, finding
the relevant conditions, respectively, and then combining these conditions together to
give (5.5); (5.5a) correspond to C1, (5.5b) correspond to C2 and (5.5c) correspond to C3.

Finding the conditions for C1, C2 and C3 is done in the spirit of PEP by finding the
worst-case behavior over algorithm-consistent points, their successors, fixed points (2.6),
and mappings in the class Fσ,β. In particular, given some objective Φ : S3 → R, the
performance estimation problem we consider is

maximize Φ(ξ, ξ+, ξ⋆)

subject to x+ = (A⊗ Id)x + (B ⊗ Id)u,

y = (C ⊗ Id)x + (D ⊗ Id)u,

u ∈ ∂f(y),
F = f(y),
y+ = (C ⊗ Id)x+ + (D ⊗ Id)u+,

u+ ∈ ∂f(y+),
F+ = f(y+), (PEP)
x⋆ = (A⊗ Id)x⋆ + (B ⊗ Id)u⋆,

y⋆ = (C ⊗ Id)x⋆ + (D ⊗ Id)u⋆,

u⋆ ∈ ∂f(y⋆),
F⋆ = f(y⋆),
ξ = (x, u, y, F ),
ξ+ = (x+, u+, y+, F+),
ξ⋆ = (x⋆, u⋆, y⋆, F⋆),
f ∈ Fσ,β,

where we maximize over all variables except A, B, C, D, Fσ,β and Φ. Let S⋆
Φ be the

optimal value of (PEP).
We consider objective functions Φ in (PEP) of the form

Φ(ξ, ξ+, ξ⋆) = Q(Qø, (x− x⋆, u, u⋆)) + q⊤
ø (F − F⋆)

+Q(Q+, (x+ − x⋆, u+, u⋆)) + q⊤
+(F+ − F⋆),

(5.7)

parameterized by Qø, Q+ ∈ Sn+2m and qø, q+ ∈ Rm. For each cond ∈ {C1, C2, C3}
separately, the parameters Qø, Q+, qø and q+ are chosen such that S⋆

Φ ≤ 0 is a necessary
and sufficient condition for cond to hold.
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Before we proceed, we reformulate (PEP), and in order to do so we introduce some
helpful notation. We let

Q = Σ⊤
ø QøΣø + Σ⊤

+Q+Σ+ ∈ Sn+3m−1, q = (qø, q+) ∈ R2m, (5.8)

where Qø, Q+, qø, and q+ are the parameters in the objective function Φ given in (5.7),
and Σø and Σ+ are given in (5.4).

Lemma 5.2
Let I = {ø, ⋆} or I = {ø, +, ⋆} , S⋆

Φ the optimal value of (PEP), and assume that
Assumption 2.2 and Assumption 2.6 hold. Suppose that Φ is of the form (5.7) and that
the right-hand side of (5.7) only depends on variables with indices in the set I (a variable
without a subscript is interpreted to have index ø). A sufficient condition for S⋆

Φ ≤ 0 is
that the following system

λ(l,i,j) ≥ 0 for each l ∈ J1, mK and distinct i, j ∈ I,

−Q +
m∑

l=1

∑
i,j∈I
i̸=j

λ(l,i,j)M(l,i,j) ⪰ 0,

− q +
m∑

l=1

∑
i,j∈I
i̸=j

λ(l,i,j)a(l,i,j) = 0,

(5.9)

is feasible for the scalars λ(l,i,j). Furthermore, if dim(H) ≥ n + 3m− 1, and there exists
G ∈ Sn+3m−1

++ and χ ∈ R2m such that

a⊤
(l,i,j)χ + trace(M(l,i,j)G) ≤ 0

for each l ∈ J1, mK and distinct i, j ∈ I,
(5.10)

then (5.9) is a necessary condition.

Proof sketch. The full proof is provided in Section 7. The proof first reformulates (PEP)
as a semidefinite program, forms the dual problem, which is equal to the feasibility
problem (5.9), and shows strong duality when dim(H) ≥ n + 3m− 1 and (5.10) holds.2

Proof of Theorem 5.1. First, suppose that the parameters (Q, q, T, t) are fixed in some
Lyapunov function V : S × S → R as in (4.2) and some residual function R : S × S → R
as in (4.3). We consider when V and R satisfy the (P, p, T, t, ρ)-quadratic Lyapunov
inequality.

C1 holds if S⋆
Φ ≤ 0 for the choice Qø = S − ρQ, qø = s − ρq, Q+ = Q, and q+ = q,

which in turn holds if (5.5a) is feasible, according to Lemma 5.2.
C2 holds if S⋆

Φ ≤ 0 for the choice Qø = P −Q, qø = p− q, Q+ = 0 and q+ = 0, which
in turn holds if (5.5b) is feasible, according to Lemma 5.2.

C3 holds if S⋆
Φ ≤ 0 for the choice Qø = T − S, qø = t− s, Q+ = 0 and q+ = 0, which

in turn holds if (5.5c) is feasible, according to Lemma 5.2.
If in addition dim(H) ≥ n+3m−1 and (5.6) hold, then Lemma 5.2 gives that feasibility

of (5.5a)-(5.5c) is a necessary condition for C1, C2 and C3 to hold simultaneously.
Second, note that the proof is complete if we let the parameters (Q, q, T, t) free, as

in (5.5d)-(5.5e). 2
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Figure 1. B1 applied to the Douglas–Rachford method (see Section 2.5.1) when f1 ∈ F1,2,
f2 ∈ F0,∞ and λ = 1, and the tight convergence rate given in [19, Theorem 2].

6. Numerical examples

The necessary and sufficient condition (5.5) in Theorem 5.1 for the existence of a Lyapunov
inequality is a semidefinite program of size n + 2m (which is below ten for all examples
in Section 2.5) and is readily solved by standard solvers. We apply Theorem 5.1 to each
example in Section 2.5 in two different ways:

B1 We find the smallest possible ρ ∈ [0, 1[, via bisection search, such that a (P, p, T, t, ρ)-
Lyapunov inequality exists, where (P, p, T, t) is chosen as in (4.9), which implies that
the squared distance to the solution convergence ρ-linearly to zero. The tolerance
for the bisection search is set to 0.001 and i is set to 1 in (4.9) for all examples.

B2 We fix ρ = 1 and find a range of algorithm parameters for which there exists a
(P, p, T, t, ρ)-Lyapunov inequality, where (P, p, T, t) is chosen as in (4.10) if m = 1
and (4.11) if m > 1, implying (O(1/k) ergodic) convergence of the function-value
suboptimality and duality gap, respectively. The parameter range is evaluated on a
square grid of size 0.01× 0.01.

6.1 Douglas–Rachford method
Consider the Douglas–Rachford method in Section 2.5.1 in the case when f1 ∈ F1,2,
f2 ∈ F0,∞ and λ = 1. Figure 1 shows the ρ we obtain via B1. In particular, note that we
recover the already known tight rates given in [19, Theorem 2].

6.2 Proximal gradient method with heavy-ball momentum
Consider the gradient method with heavy-ball momentum in Section 2.5.2 and the
proximal operator extension in Section 2.5.3. Note that the method in Section 2.5.3
reduces to the one in Section 2.5.2 if the proximal operator is removed and either δ1 = 0
or δ2 = 0.

Figure 2a contains the parameter region we obtain via B2 for the gradient method
with heavy-ball momentum when f1 ∈ F0,1. Note that we improve on the parameter
region given in [17] that guarantees O(1/k) ergodic convergence of the function-value
suboptimality.

Figure 2b contains the parameter region we obtain via B2 for the (proximal) gradient
method with heavy-ball momentum when f1 ∈ F0,1 (and f2 ∈ F0,∞). In particular, note
how the feasible parameter region is affected by adding a proximal term—having the
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7 Proof of Lemma 5.2

momentum term inside the proximal evaluation (δ2 = 0) gives a slightly smaller region,
and having it outside (δ1 = 0) makes it even smaller.

Figure 2c shows the ρ we obtain via B1 for the gradient method with heavy-ball
momentum when f1 ∈ F1,10. Note that we improve on the rates given in [17] and range
of allowable momentum parameters δ that guarantee linear convergence.

6.3 Davis–Yin three-operator splitting method
Consider the three-operator splitting method by Davis–Yin in Section 2.5.4 in the case
when f1 ∈ F0,β1 , f2 ∈ F1,2, f2 ∈ F0,∞, γ = 1/2 and λ = 1. Figure 3 shows the ρ we
obtain via B1. In particular, note that we improve on the rates given in [11, Theorem D.6]
and [31, Theorem 3].

6.4 Chambolle–Pock method
Consider the special case of the Chambolle–Pock method when the linear operator
is restricted to be the identity operator Id, as presented in Section 2.5.5. Standard
convergence proofs, e.g., the ones in [7], allow in this setting for θ = 1 and τ1, τ2 > 0
satisfying τ1τ2 < 1.

Figure 4a shows the range of parameters θ, τ1, and τ2 when τ1 = τ2 ≥ 0.5 that
we obtain via B2 when f1, f2 ∈ F0,∞. This is a significantly larger region than what
traditional analyses allow for. In particular, we see that θ ̸= 1 is a valid choice and that
τ1τ2 > 1 is also valid for many choices of θ. Moreover, for comparison, Figure 4a also
contains the region if we add the additional restriction in (5.5) that

Q =
[

Qxx 0
0 0

]
, (6.1)

where Qxx ∈ Sn and modify P in B2 so that

P =
[

I 0
0 0

]
, (6.2)

where I is the identity matrix of size n× n. With these additional restrictions, we recover
exactly the traditional convergence region.

Figure 4b shows the ρ that we obtain via B1 when f1, f2 ∈ F0.05,50 in the region when
τ1 = τ2 ≥ 0.5. In particular, we note that the smallest ρ is obtained for the parameters
τ1 = τ2 = 1.6 and θ = 0.22, giving a value of ρ = 0.8812. If we restrict to the feasible
parameter region in Figure 4a, the optimal parameters are τ1 = τ2 = 1.5 and θ = 0.35
with ρ = 0.8891. Both these rates are significantly better than what can be achieved
with traditional parameter choices, where the optimal choice is τ1 = τ2 = 0.99 and θ = 1
giving ρ = 0.9266.

7. Proof of Lemma 5.2

We prove Lemma 5.2 only in the case I = {ø, +, ⋆} , as the case I = {ø, ⋆} is analogous.
Recall that we assume that Assumption 2.2 and Assumption 2.6 hold.

Proof of Lemma 5.2. We prove Lemma 5.2 in a sequence of steps:
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(a) B2 applied to the gradient method with heavy-ball momentum when f1 ∈ F0,1, and
compared to the range given in [17, Theorem 1] that gives O(1/k) ergodic convergence
of the function-value suboptimality.
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(b) B2 applied to the (proximal) gradient method with heavy-ball momentum when
f1 ∈ F0,1 (and f2 ∈ F0,∞).
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(c) B1 applied to the gradient method with heavy-ball momentum when f1 ∈ F1,10 and
γ = 1/10.

Figure 2. Convergence analysis of the (proximal) gradient method with heavy-ball mo-
mentum (see Sections 2.5.2 and 2.5.3).

Formulating the primal semidefinite program. Recall that S⋆
Φ is the optimal value of (PEP).

By Corollary 3.2, the constraints of (PEP) can equivalently be written as

x+ = (A⊗ Id)x + (B ⊗ Id)u,
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Figure 3. B1 applied to the three-operator splitting method by Davis and Yin (see
Section 2.5.4) when f1 ∈ F0,β1 , f2 ∈ F1,2, f3 ∈ F0,∞, γ = 1/2 and λ = 1, the linear
convergence rate given in [11, Theorem D.6], and the linear convergence rate given in [31,
Theorem 3].

y = (C ⊗ Id)x + (D ⊗ Id)u,

y+ = (C ⊗ Id)x+ + (D ⊗ Id)u+,

x⋆ = (A⊗ Id)x⋆ + (B ⊗ Id)u⋆,

y⋆ = (C ⊗ Id)x⋆ + (D ⊗ Id)u⋆,

for each l ∈ J1, mK

a⊤
l (F − F+) +Q(Ml, (y − y+, u, u+)) ≤ 0,

a⊤
l (F+ − F ) +Q(Ml, (y+ − y, u+, u)) ≤ 0,

a⊤
l (F − F⋆) +Q(Ml, (y − y⋆, u, u⋆)) ≤ 0, (7.1)

a⊤
l (F⋆ − F ) +Q(Ml, (y⋆ − y, u⋆, u)) ≤ 0,

a⊤
l (F+ − F⋆) +Q(Ml, (y+ − y⋆, u+, u⋆)) ≤ 0,

a⊤
l (F⋆ − F+) +Q(Ml, (y⋆ − y+, u⋆, u+)) ≤ 0,

Q(Ml, (0, u, u)) ≤ 0,

Q(Ml, (0, u+, u+)) ≤ 0,

Q(Ml, (0, u⋆, u⋆)) ≤ 0.

end

By Corollary 3.2, the last three constraints can be dropped since they encode 0 ≤ 0.
By inserting the y, y+, and y⋆ equalities and using the notation XId = (X ⊗ Id), the
constraints in (7.1) can be written as

x+ = AIdx + BIdu,

x⋆ = AIdx⋆ + BIdu⋆,

for each l ∈ J1, mK

a⊤
l (F − F+) +Q(Ml, (CId(x− x+) + DIdu−DIdu+, u, u+)) ≤ 0,

a⊤
l (F+ − F ) +Q(Ml, (CId(x+ − x)−DIdu + DIdu+, u+, u)) ≤ 0,

a⊤
l (F − F⋆) +Q(Ml, (CId(x− x⋆) + DIdu−DIdu⋆, u, u⋆)) ≤ 0, (7.2)
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(a) B2 applied to the Chambolle–Pock method in the region τ1 = τ2 ≥ 0.5 when
f1, f2 ∈ F0,∞, and also with the additional restrictions in (6.1) and (6.2).
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(b) B1 applied to the Chambolle–Pock method in the region where τ1 = τ2 ≥ 0.5 when
f1, f2 ∈ F0.05,50.

Figure 4. Convergence analysis of the Chambolle–Pock method (see Section 2.5.5).

a⊤
l (F⋆ − F ) +Q(Ml, (−CId(x− x⋆)−DIdu + DIdu⋆, u⋆, u)) ≤ 0,

a⊤
l (F+ − F⋆) +Q(Ml, (CId(x+ − x⋆) + DIdu+ −DIdu⋆, u+, u⋆)) ≤ 0,

a⊤
l (F⋆ − F+) +Q(Ml, (−CId(x+ − x⋆)−DIdu+ + DIdu⋆, u⋆, u+)) ≤ 0.

end

Using the equality x − x+ = (x − x⋆) − (AId(x − x⋆) + BId(u − u⋆)) in the first two
inequalities and inserting the x+ and x⋆ equalities in the last two inequalities, (7.2) can
equivalently be written as

x+ = AIdx + BIdu,

x⋆ = AIdx⋆ + BIdu⋆,

for each l ∈ J1, mK
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7 Proof of Lemma 5.2

a⊤
l (F − F+) +Q(Ml, ((C(I −A))Id(x− x⋆)
+ (D − CB)Idu−DIdu+ + (CB)Idu⋆, u, u+)) ≤ 0,

a⊤
l (F+ − F ) +Q(Ml, ((C(A− I))Id(x− x⋆)
+ (CB −D)Idu + DIdu+ − (CB)Idu⋆, u+, u)) ≤ 0,

a⊤
l (F − F⋆) +Q(Ml, (CId(x− x⋆) + DIdu−DIdu⋆, u, u⋆)) ≤ 0, (7.3)

a⊤
l (F⋆ − F ) +Q(Ml, (−CId(x− x⋆)−DIdu + DIdu⋆, u⋆, u)) ≤ 0,

a⊤
l (F+ − F⋆) +Q(Ml, (CA)Id(x− x⋆) + (CB)Idu

+ DIdu+ − (D + CB)Idu⋆, u+, u⋆)) ≤ 0,

a⊤
l (F⋆ − F+) +Q(Ml, (−(CA)Id(x− x⋆)
− (CB)Idu−DIdu+ + (D + CB)Idu⋆, u⋆, u+)) ≤ 0,

end
and using the same equality x+−x⋆ = AId(x−x⋆) + BId(u−u⋆), the objective function
Φ(ξ, ξ+, ξ⋆) of (PEP), given in (5.7), can be written as

Φ(ξ, ξ+, ξ⋆)
= Q(Qø, (x− x⋆, u, u⋆)) + q⊤

ø (F − F⋆) (7.4)
+Q(Q+, (AId(x− x⋆) + BIdu−BIdu⋆, u+, u⋆)) + q⊤

+(F+ − F⋆).
Therefore, the first equality in (7.3) can be dropped since nothing else in (7.3) and (7.4)
depend on x+. Moreover, by replacing x−x⋆ with ∆x, we get that (7.3) can equivalently
be written as

x⋆ = AIdx⋆ + BIdu⋆,

for each l ∈ J1, mK

a⊤
l (F − F+) +Q(Ml, ((C(I −A))Id∆x + (D − CB)Idu

−DIdu+ + (CB)Idu⋆, u, u+)) ≤ 0,

a⊤
l (F+ − F ) +Q(Ml, ((C(A− I))Id∆x + (CB −D)Idu

+ DIdu+ − (CB)Idu⋆, u+, u)) ≤ 0,

a⊤
l (F − F⋆) +Q(Ml, (CId∆x + DIdu−DIdu⋆, u, u⋆)) ≤ 0, (7.5)

a⊤
l (F⋆ − F ) +Q(Ml, (−CId∆x−DIdu + DIdu⋆, u⋆, u)) ≤ 0,

a⊤
l (F+ − F⋆) +Q(Ml, (CA)Id∆x + (CB)Idu + DIdu+

− (D + CB)Idu⋆, u+, u⋆)) ≤ 0,

a⊤
l (F⋆ − F+) +Q(Ml, (−(CA)Id∆x− (CB)Idu−DIdu+

+ (D + CB)Idu⋆, u⋆, u+)) ≤ 0,

end
and that (7.4) can equivalently be written as

Φ(ξ, ξ+, ξ⋆)
= Q(Qø, (∆x, u, u⋆)) + q⊤

ø (F − F⋆) (7.6)
+Q(Q+, (AId∆x + BIdu−BIdu⋆, u+, u⋆)) + q⊤

+(F+ − F⋆).
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The first line in (7.5) and (2.12) in Assumption 2.2 imply that

u⋆ =
{

0 if m = 1,

NIdû⋆ if m > 1.

for some û⋆ ∈ Hm−1, where N is defined in (2.10). This implies that the first line in (7.5)
can be written as x⋆ = AIdx⋆ if m = 1 and x⋆ = AIdx⋆ + (BN)Idû⋆ if m > 1. Moreover,
note that nothing else in (7.5) and (7.6) depend on x⋆. Therefore, x⋆ = 0 is a valid choice
in the m = 1 case and in the m > 1 case (2.11) in Assumption 2.2 gives that the first
line in (7.5) can be dropped since for each û⋆ ∈ Hm−1 there exists an x⋆ ∈ Hn such that
x⋆ = AIdx⋆ + (BN)Idû⋆ is satisfied. Therefore, (7.5) can equivalently be written as

for each l ∈ J1, mK

a⊤
l (F − F+) +Q(Ml, ((C(I −A))Id∆x + (D − CB)Idu−DIdu+

+ (CBN)Idû⋆, u, u+)) ≤ 0,

a⊤
l (F+ − F ) +Q(Ml, ((C(A− I))Id∆x + (CB −D)Idu + DIdu+,

− (CBN)Idû⋆, u+, u)) ≤ 0,

a⊤
l (F − F⋆) +Q(Ml, (CId∆x + DIdu− (DN)Idû⋆, u, NIdû⋆)) ≤ 0, (7.7)

a⊤
l (F⋆ − F ) +Q(Ml, (−CId∆x−DIdu + (DN)Idû⋆, NIdû⋆, u)) ≤ 0,

a⊤
l (F+ − F⋆) +Q(Ml, (CA)Id∆x + (CB)Idu + DIdu+

− ((D + CB)N)Idû⋆, u+, NIdû⋆)) ≤ 0,

a⊤
l (F⋆ − F+) +Q(Ml, (−(CA)Id∆x− (CB)Idu−DIdu+

+ ((D + CB)N)Idû⋆, NIdû⋆, u+)) ≤ 0,

end

and (7.6) can equivalently be written as

Φ(ξ, ξ+, ξ⋆)
= Q(Qø, (∆x, u, u⋆)) + q⊤

ø (F − F⋆) (7.8)
+Q(Q+, (AId∆x + BIdu− (BN)Idû⋆, u+, NIdû⋆)) + q⊤

+(F+ − F⋆).

If we let

ζ = (∆x, u, u+, û⋆) ∈ Hn ×Hm ×Hm ×Hm−1,

χ = (F − F⋆, F+ − F⋆) ∈ Rm × Rm,

and use Σø and Σ+ defined in (5.4), (7.8) can equivalently be written as

Φ(ξ, ξ+, ξ⋆) = Q(Qø, (Σø)Idζ) +Q(Q+, (Σ+)Idζ) + q⊤χ

= Q(Σ⊤
ø QøΣø + Σ⊤

+Q+Σ+, ζ) + q⊤χ

= Q(Q, ζ) + q⊤χ, (7.9)
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7 Proof of Lemma 5.2

where Q and q are defined in (5.8). Using Ei,j and Hi,j defined in (5.1) and (5.2),
respectively, (7.7) can equivalently be written as

for each l ∈ J1, mK and distinct i, j ∈ I

(H⊤
i,jal)⊤χ +Q(Ml, (Ei,j)Idζ) ≤ 0,

end

which with M(l,i,j) = E⊤
i,jMlEi,j and a(l,i,j) = H⊤

i,jal (also defined in (5.3)) is equivalent
to

for each l ∈ J1, mK and distinct i, j ∈ I

a⊤
(l,i,j)χ +Q(M(l,i,j), ζ) ≤ 0.

end
(7.10)

The equivalent reformulations (7.9) and (7.10) give that (PEP) can be written as

maximize Q(Q, ζ) + q⊤χ

subject to for each l ∈ J1, mK and distinct i, j ∈ I

a⊤
(l,i,j)χ +Q(M(l,i,j), ζ) ≤ 0,

end
ζ ∈ Hn+3m−1, χ ∈ R2m.

(7.11)

We define the Gramian function g : Hk → Sk
+ such that [g(z)]i,j = ⟨z(i), z(j)⟩ for each

i, j ∈ J1, kK and z = (z(1), . . . , z(k)) ∈ Hk. If M ∈ Sk and z ∈ Hk, then Q(M, z) =
trace(Mg(z)). Using this identity, (7.11) can be written as

maximize trace(Qg(ζ)) + q⊤χ

subject to for each l ∈ J1, mK and distinct i, j ∈ I

a⊤
(l,i,j)χ + trace(M(l,i,j)g(ζ)) ≤ 0,

end
ζ ∈ Hn+3m−1, χ ∈ R2m,

(7.12)

with optimal value equal to S⋆
Φ. The problem

maximize trace(QG) + q⊤χ

subject to for each l ∈ J1, mK and distinct i, j ∈ I

a⊤
(l,i,j)χ + trace(M(l,i,j)G) ≤ 0,

end
G ∈ Sn+3m−1

+ , χ ∈ R2m,

(7.13)

is a relaxation of (7.12), and therefore, has optimal value greater or equal to S⋆
Φ.

We will make use of the following fact: If dim H ≥ k, then G ∈ Sk
+ if and only if

there exists z ∈ Hk such that G = g(z). [34, Lemma 3.1] shows the result for the case
k = 4 and is based on the Cholesky decomposition of positive semidefinite matrices. The
general case is a straightforward extension. This fact implies that if dim(H) ≥ n + 3m− 1,
then (7.13) has optimal value equal to S⋆

Φ. Note that (7.13) is a semidefinite program.
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Dual problem and strong duality. First, we derive the dual problem of (7.13). If we introduce
dual variables λ(l,i,j) ≥ 0 for each l ∈ J1, mK and distinct i, j ∈ I for the inequality
constraints, the objective function of the dual problem becomes

sup
G∈Sn+3m−1

+ , χ∈R2m

 trace(QG) + q⊤χ

−
m∑

l=1

∑
i,j∈I
i̸=j

λ(l,i,j)(a⊤
(l,i,j)χ + trace(M(l,i,j)G))


= sup

G∈Sn+3m−1
+

trace


Q−

m∑
l=1

∑
i,j∈I
i̸=j

λ(l,i,j)M(l,i,j)

G



+ sup
χ∈R2m

q −
m∑

l=1

∑
i,j∈I
i̸=j

λ(l,i,j)a(l,i,j)


⊤

χ.

Since the dual problem is a minimization problem over the dual variables λ(l,i,j), we
conclude that it can be written as

minimize 0

subject to λ(l,i,j) ≥ 0 for each l ∈ J1, mK and distinct i, j ∈ I,

−Q +
m∑

l=1

∑
i,j∈I
i̸=j

λ(l,i,j)M(l,i,j) ⪰ 0,

− q +
m∑

l=1

∑
i,j∈I
i̸=j

λ(l,i,j)a(l,i,j) = 0,

(7.14)

which is a feasibility problem.
Next, suppose that the primal problem (7.13) has a Slater point, i.e., there exists

G ∈ Sn+3m−1
++ and χ ∈ R2m such that

a⊤
(l,i,j)χ + trace(M(l,i,j)G) ≤ 0

for each l ∈ J1, mK and distinct i, j ∈ I.
(7.15)

Then there is no duality gap, i.e., strong duality holds, between the primal problem (7.13)
and the dual problem (7.14).

Alternatives. The last step of the proof compares the optimal values of (PEP) and the
dual problem (7.14). We have established that S⋆

Φ is less than or equal to the optimal
value of (7.14). Thus, a sufficient condition for SΦ ≤ 0 is that the dual problem (7.14) is
feasible. In addition, if dim(H) ≥ n + 3m− 1 and there exists G ∈ Sn+3m−1

++ and χ ∈ R2m

such that (7.15) holds, the above condition also becomes a necessary condition.
This concludes the proof. 2
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8 Conclusions

8. Conclusions

We developed a flexible methodology for automated convergence analysis of a large class
of first-order methods for solving convex optimization problems. The main result is a
necessary and sufficient condition for the existence of a quadratic Lyapunov inequality
within a predefined class of Lyapunov inequalities, which amounts to solving a small-sized
semidefinite program. The applicability and efficacy of the methodology are demonstrated
by providing several new convergence results in Section 6.

We mention a few possible modifications that can be made to extend or modify the
applicability and possibly improve the convergence results of the methodology. These
were not pursued in the current work in order to maintain accessibility and not introduce
unnecessary burdensome notation, but do constitute proper avenues for future works.
First, each functional component fi in (2.2) can be modified to be from any function class
that has quadratic interpolation constraints, e.g., the class of smooth functions [38], the
class of convex and quadratically upper bounded functions [20], the class of convex and
Lipschitz continuous functions [38], etc. Second, the algorithm representation (2.5) can be
extended to allow for more types of oracles (including, e.g., Frank–Wolfe-type oracles [38],
Bregman-type oracles [14], or approximate proximal point oracles [3]) but also multiple
evaluations of the same subdifferential ∂fi during the same iteration, enabling the analysis
of, e.g., the forward–backward–forward splitting method of Tseng [40]. Third, similar
to [24, 37], it is possible to extend the quadratic Lyapunov function and the quadratic
residual function ansatzes to not only contain the current iterate ξk, but some history
ξk, ξk−1, . . . , ξk+1−h for some integer h ≥ 1. This would allow exploring a greater class of
Lyapunov inequalities that may lead to improved convergence results.

Finally, the methodology can be used in the process of finding analytical Lyapunov
inequalities, convergence results, and optimal algorithm parameters. Indeed, finding a
Lyapunov inequality is equivalent to solving a parametric semidefinite program. Obtaining
a Lyapunov inequality involves discovering a closed-form solution for this semidefinite
program, which can then be utilized to derive convergence results and select algorithm
parameters. Works that aim to enable the obtaining of closed-form solutions include [21,
22], while a previous work focused on selecting algorithm parameters can be found in
[42].
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Paper II

AutoLyap: A Python package for computer-assisted Lyapunov
analyses for first-order methods

Manu Upadhyaya Adrien B. Taylor Sebastian Banert Pontus Giselsson

Abstract

We introduce AutoLyap, a Python package designed to automate Lyapunov analyses
for a wide class of first-order methods for solving structured optimization and
inclusion problems. Lyapunov analyses are structured proof patterns, with historical
roots in the study of dynamical systems, commonly used to establish convergence
results for first-order methods. Building on previous works, the core idea behind
AutoLyap is to recast the verification of the existence of a Lyapunov analysis as a
semidefinite program (SDP), which can then be solved numerically using standard
SDP solvers. Users of the package specify (i) the class of optimization or inclusion
problems, (ii) the first-order method in question, and (iii) the type of Lyapunov
analysis they wish to test. Once these inputs are provided, AutoLyap handles the
SDP modeling and proceeds with the numerical solution of the SDP. We leverage
the package to numerically verify and extend several convergence results.

Keywords. First-order methods, operator splitting methods, performance estimation,
Lyapunov analysis, semidefinite programming
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1. Introduction

Lyapunov analyses have become fundamental in establishing structured convergence
guarantees for first-order optimization and operator splitting methods. Despite their theo-
retical strength, traditional Lyapunov analyses often demand intricate, manual derivations,
limiting their accessibility. To address these challenges, this paper introduces AutoLyap, a
Python package designed to automate Lyapunov analyses through semidefinite program-
ming. AutoLyap streamlines the process of verifying and deriving convergence properties
by numerically solving the associated SDP formulations. In particular, AutoLyap enables
researchers and practitioners to quickly and reliably obtain convergence results for a wide
range of structured optimization and inclusion problems.

The documentation of AutoLyap can be found at https://autolyap.github.io. The pack-
age currently relies exclusively on MOSEK [2], which provides free academic licenses,
to solve semidefinite programs. Support for additional solvers may be added in future
releases.

1.1 Related works
The performance estimation problem (PEP) methodology, first introduced in [14] and
formalized in [39, 40], provides a systematic way to obtain unimprovable (also known
as tight) performance guarantees for a large class of first-order methods. The PEP
methodology involves finding a worst-case example from a predefined class of problems for
the algorithm and performance measure under consideration as an optimization problem
(called the performance estimation problem). This is then reformulated in a sequence of
steps to arrive at a semidefinite program, whose exact solution can be recovered up to
numerical precision using existing software. This can then sometimes be used to obtain
closed-form convergence rates extracted from the numerical solution of the semidefinite
program, or using computer algebra software.

The original PEP methodology was developed for fixed iteration counts (or horizon)
k ∈ N. That is, the performance estimation problem must be solved for k = 1, 2, 3, . . ..
This approach faces two main limitations. First, the number of variables and constraints
in the semidefinite program grows quadratically with the number of iterations k, making
numerical solutions prohibitive even for moderate values of k. Second, results obtained for
a fixed iteration count k may provide limited insight, as they do not directly generalize
or guarantee algorithmic behavior beyond this fixed horizon.

These limitations have motivated the development of Lyapunov-based approaches
to analyzing the performance of first-order methods, which partially or fully overcome
these limitations [30, 37, 38, 42]. The key idea is to restrict convergence-rate proof
patterns to the search for key Lyapunov inequalities, which can then equivalently be
reformulated as more tractable semidefinite programs, where the number of variables
and constraints is either independent of the horizon k or grows only linearly with k.
Compared to the standard PEP approach, this provides a more tractable framework for
deriving closed-form convergence rates and producing proofs that are generally more
concise and accessible. Although these types of Lyapunov analyses introduce some a
priori conservatism, extracting closed-form results from the standard PEP approach can
often be practically infeasible. Lyapunov-based proof patterns thus represent a pragmatic
compromise with higher chances of obtaining closed-form convergence rates, while still
being sufficient to yield tight convergence rates for many methods and settings. One
such example is the optimized gradient method (OGM), first considered in [14], formally
obtained in [21], and shown to be a worst-case optimal method for minimizing smooth
and convex functions in [13]. In particular, a tight Lyapunov-based analysis is provided

70

https://autolyap.github.io


2 A first example

in [10, Section 4.3.1] for OGM.
Another closely related Lyapunov-based approach involves integral quadratic con-

straints (IQCs), a technique from robust control theory [28]. IQCs were first adapted
for analyzing first-order methods in [25] and subsequently extended in various works
[18, 24, 36, 45]. These approaches share a common feature; they represent first-order
methods as linear systems interconnected through feedback with nonlinear mappings.
Such representations, widely used in nonlinear systems analysis, offer compact algorithm
descriptions.

The methodological developments presented in this work build on both methodologies:
the worst-case analysis and tightness guarantees provided by PEP and the compact algo-
rithm representations offered by IQCs. A first step towards combining these methodologies
was taken in [38] and was further developed in [42], which serves as a foundation for
further formalization, broader applicability, and accessibility through a software package.

For example, the problem class and algorithm representation considered in this paper
generalize those introduced in [42, Section 2.1] and [42, Section 2.2], respectively. While
the framework presented in [42] addresses convex optimization with iteration-independent
algorithm parameters, the approach considered here integrates several generalizations
previously studied in separate works. Specifically, we incorporate (i) optimization beyond
convex settings, (ii) inclusion problems beyond optimization, (iii) iteration-dependent
algorithm parameters, and (iv) non-frugal algorithms, in which basic oracle calls (such
as gradient/operator or proximal/resolvent evaluations) may occur multiple times per
iteration.

Moreover, the original PEP methodology is already available through the software
packages PESTO [41] (Matlab) and PEPit [20] (Python). While PESTO and PEPit
conveniently allow verification of Lyapunov-based analyses, AutoLyap is specifically
adapted to explicitly search for such analyses.

1.2 Organization
The paper is organized as follows. Section 2 provides an introductory example demonstrat-
ing how AutoLyap can be used to derive convergence results for the Douglas–Rachford
method under various scenarios, offering users a first glimpse of its functionality. Section 3
details our modeling approach for structured optimization and inclusion problems, as well
as the algorithms we use to solve them. In Section 4, we outline the types of Lyapunov
analyses considered. Additional numerical examples and results are presented in Section 5.
The complete mathematical development underlying the tools implemented in the package
is given in Section 6. Finally, Section 7 offers concluding remarks and discusses avenues
for future research.

2. A first example

We start by showing how AutoLyap can be used to find linear convergence rates for the
Douglas–Rachford method using a few lines of code. In particular, consider the inclusion
problem

find y ∈ H such that 0 ∈ G1(y) + G2(y),

where G1 : H ⇒ H is a maximally monotone operator and G2 : H → H is a µ-strongly
monotone and L-Lipschitz continuous operator. The Douglas–Rachford method [11, 15,
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26] is given by

(∀k ∈ N0)

yk
1 = JγG1 (xk),

yk
2 = JγG2 (2yk

1 − xk),
xk+1 = xk + λ(yk

2 − yk
1 ),

(2.1)

where JγGi is the resolvent for Gi with step-size γ ∈ R++, λ ∈ R is a relaxation parameter,
and x0 ∈ H is an initial point.

The code below, using the values (µ, L, γ, λ) = (1, 2, 1, 2), performs a bisection search
to find the smallest possible ρ ∈ [0, 1] such that

∥yk
1 − y⋆∥2 ∈ O(ρk) as k →∞ (2.2)

provable via the Lyapunov analysis in Section 4.1 under default settings, where y⋆ ∈
zer (G1 + G2).

1 import autolyap . p r o b l e m c l a s s as pc
2 import autolyap . a l g o r i t h m s as algs
3 from autolyap import I t e r a t i o n I n d e p e n d e n t
4
5 c o m p o n e n t s _ l i s t = [
6 pc . M a x i m a l l y M o n o t o n e () , # G1
7 [ pc . S t r o n g l y M o n o t o n e ( mu =1) , pc . L i p s c h i t z O p e r a t o r ( L =2) ] # G2
8 ]
9 problem = pc . I n c l u s i o n P r o b l e m ( c o m p o n e n t s _ l i s t )

10 al g o r i t h m = algs . D o u g l a s R a c h f o r d ( gamma =1 , l a m b d a _ v a l u e =2 , o p e r a t o r _ v e r s i o n = True )
11 (P , T ) = I t e r a t i o n I n d e p e n d e n t . L i n e a r C o n v e r g e n c e . g e t _ p a r a m e t e r s _ d i s t a n c e _ t o _ s o l u t i o n (

al g o r i t h m )
12 rho = I t e r a t i o n I n d e p e n d e n t . L i n e a r C o n v e r g e n c e . b i s e c t i o n _ s e a r c h _ r h o ( problem , algorithm ,

P , T )

Repeating this for multiple values of γ ∈ (0, 5) gives Figure 1a. Updating Line 7 to

7 [ pc . S t r o n g l y M o n o t o n e ( mu =1) , pc . C o c o e r c i v e ( beta =0.5) ] # G2

i.e., replacing L-Lipschitz continuity of G2 with β-cocoercivity, gives Figure 1b. Instead,
updating Lines 6 and 7 to

6 pc . C o c o e r c i v e ( beta =1) , # G1
7 pc . S t r o n g l y M o n o t o n e ( mu =1) # G2

i.e., letting G1 be β-cocoercive and G2 be µ-strongly and maximally monotone gives
Figure 1c, where we instead sweep over λ ∈ (0, 2) and set γ = 1. Finally, further updating
Lines 6 and 7 to

6 [ pc . M a x i m a l l y M o n o t o n e () , pc . L i p s c h i t z O p e r a t o r ( L =1) ] , # G1
7 pc . S t r o n g l y M o n o t o n e ( mu =1) # G2

i.e., letting G1 be monotone and L-Lipschitz continuous and G2 be µ-strongly and
maximally monotone gives Figure 1d.
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(a) G1 : H ⇒ H maximally monotone and G2 :
H → H µ-strongly monotone and L-Lipschitz
continuous with (µ, L) = (1, 2) and λ = 2.
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(b) G1 : H ⇒ H maximally monotone and G2 :
H → H µ-strongly monotone and β-cocoercive
with (µ, β) = (1, 0.5) and λ = 2.
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(c) G1 : H → H β-cocoercive and G2 : H ⇒ H µ-
strongly and maximally monotone with (µ, β) =
(1, 1) and γ = 1.
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(d) G1 : H → H monotone and L-Lipschitz con-
tinuous and G2 : H ⇒ H µ-strongly and maxi-
mally monotone with (µ, L) = (1, 1) and γ = 1.

Figure 1. The linear convergence rate ρ in (2.2) for the Douglas–Rachford method (2.1),
with step size γ and relaxation parameter λ, as computed by AutoLyap and compared
against known tight theoretical rates.

3. Problem class and algorithm representation

In this section, we introduce the class of optimization and inclusion problems that we
consider throughout the paper and the representations for algorithms that solve these
problems.

3.1 Problem class
To cover both structured optimization and inclusion problems, we introduce two disjoint
index sets Ifunc, Iop ⊆ J1, mK, where m ∈ N, such that Ifunc ∪ Iop = J1, mK, and consider
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Table 1. Some function classes included in the autolyap.problemclass module of AutoLyap.
See Definitions 6.1 and 6.2 for formal definitions. Further details are found in the
documentation.

Class Description
Convex The class F0,∞(H).
StronglyConvex(µ) The class Fµ,∞(H) for some µ ∈ R++.
WeaklyConvex(µ̃) The class F−µ̃,∞(H) for some µ̃ ∈ R++.
Smooth(L) The class F−L,L(H) for some L ∈ R++.
SmoothConvex(L) The class F0,L(H) for some L ∈ R++.
SmoothStronglyConvex(µ, L) The class Fµ,L(H) for some µ, L ∈ R++ such

that µ < L.
SmoothWeaklyConvex(µ̃, L) The class F−µ̃,L(H) for some µ̃, L ∈ R++.
GradientDominated(µgd) The class of function with domain H that are

µgd-gradient dominated for some µgd ∈ R++.
Requires that m = 1 and Iop = ∅ in (3.1).

inclusion problems of the form

find y ∈ H such that 0 ∈
∑

i∈Ifunc

∂fi(y) +
∑

i∈Iop

Gi(y), (3.1)

where the functions fi : H → R ∪ {±∞} and operators Gi : H ⇒ H are chosen from
some user-specified function class Fi and operator class Gi, respectively, i.e.,

(∀i ∈ Ifunc) fi ∈ Fi ⊆ {f : H → R ∪ {±∞}} ,

(∀i ∈ Iop) Gi ∈ Gi ⊆ {G : H⇒ H} .

For example, if Iop = ∅, then (3.1) is a first-order optimality condition for minimizing∑
i∈Ifunc

fi. Moreover, (3.1) provides a formalism that covers monotone inclusion problems
[5, 35], certain equilibrium problems [6, 7, 9], so-called (mixed) variational inequalities
[16, 17, 23], and beyond.

The InclusionProblem class from the autolyap.problemclass module of AutoLyap provides
the interface for formulating inclusion problems (3.1). A few function and operator classes,
also found in the autolyap.problemclass module, are presented in Tables 1 and 2, respectively.
It is possible to take intersections of operator (or function) classes, as demonstrated in
Section 2.

3.2 Algorithm representation
We consider first-order methods that solve (3.1) that can be represented as a discrete-time
linear time-varying system in state-space form in feedback interconnection with the
potentially nonlinear and set-valued operators (∂fi)i∈Ifunc and (Gi)i∈Iop that define the
problem.

Before presenting the algorithm representation, we introduce some notation:

(i) mfunc = |Ifunc| denotes the number of functional components in (3.1);

(ii) mop = |Iop| denotes the number of operator components in (3.1);

(iii) m̄i ∈ N denotes the number of evaluations of ∂fi per iteration, for i ∈ Ifunc;
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Table 2. Some operator classes included in the autolyap.problemclass module of AutoLyap.
See Definitions 6.4 and 6.6 for formal definitions. Further details are found in the
documentation.

Class Description
MaximallyMonotone Class of operators G : H ⇒ H that are maximally

monotone.
StronglyMonotone(µ) Class of operators G : H⇒ H that are µ-strongly and

maximally monotone for some µ ∈ R++.
LipschitzOperator(L) Class of operators G : H → H that are L-Lipschitz

continuous for some L ∈ R++.
Cocoercive(β) Class of operators G : H → H that are β-cocoercive

for some β ∈ R++.

(iv) m̄i ∈ N denotes the number of evaluations of Gi per iteration, for i ∈ Iop;

(v) m̄func =
∑

i∈Ifunc
m̄i denotes the total number of subdifferential evaluations per

iteration;

(vi) m̄op =
∑

i∈Iop
m̄i denotes the total number of operator evaluations per iteration;

and

(vii) m̄ = m̄func + m̄op denotes the combined total number of evaluations per iteration.

Since we consider methods that allow for multiple evaluation of (∂fi)i∈Ifunc and
(Gi)i∈Iop per iteration, we define fi : Hm̄i → (R ∪ {±∞})m̄i such that(

∀i ∈ Ifunc
∀yi = (yi,1, . . . , yi,m̄i ) ∈ Hm̄i

)
fi(yi) = (fi(yi,1), . . . , fi(yi,m̄i )),

∂fi : Hm̄i ⇒ Hm̄i such that1

(
∀i ∈ Ifunc

∀yi = (yi,1, . . . , yi,m̄i ) ∈ Hm̄i

)
∂fi(yi) =

m̄i∏
j=1

∂fi(yi,j),

and Gi : Hm̄i ⇒ Hm̄i such that(
∀i ∈ Iop

∀yi = (yi,1, . . . , yi,m̄i ) ∈ Hm̄i

)
Gi(yi) =

m̄i∏
j=1

Gi(yi,j).

We are now ready to give the algorithm representation: Pick an initial x0 ∈ Hn, an

1 In this context, the symbol Π is used for Cartesian products.
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iteration horizon K ∈ N0 ∪ {∞} , and let

(∀k ∈ J0, KK)



xk+1 = (Ak ⊗ Id)xk + (Bk ⊗ Id)uk,

yk = (Ck ⊗ Id)xk + (Dk ⊗ Id)uk,

(uk
i )i∈Ifunc

∈
∏

i∈Ifunc

∂fi(yk
i ),

(uk
i )i∈Iop

∈
∏

i∈Iop

Gi(yk
i ),

F k = (fi(yk
i ))i∈Ifunc

,

(3.2)

where xk ∈ Hn, uk = (uk
1 , . . . , uk

m) ∈
∏m

i=1H
m̄i , yk = (yk

1 , . . . , yk
m) ∈

∏m

i=1H
m̄i , and

F k ∈ Rm̄func are the algorithm variables and

Ak ∈ Rn×n, Bk ∈ Rn×m̄, Ck ∈ Rm̄×n, Dk ∈ Rm̄×m̄ (3.3)

are matrices containing the parameters of the method at hand.
The interface for (3.2) in AutoLyap is provided via the abstract base class Algorithm,

located in the autolyap.algorithms submodule. Specifically, each algorithm in AutoLyap
must be implemented as a concrete subclass of Algorithm, and must define the abstract
method get_ABCD, as shown below.

1 from abc import ABC , a b s t r a c t m e t h o d
2 import numpy as np
3 from typing import List , Tuple
4
5 class A l g or i t h m ( ABC ) :
6 def __init__ ( self , n : int , m : int , m_bar_is : List [ int ] , I_func : List [ int ] , I_op :

List [ int ]) :
7 # n : d i m e ns i o n n of xk in (3.2)
8 # m : number of c o m p o n e n t s m in (3.1)
9 # m_bar_is : list of (m̄i)m

i=1 in (3.2)
10 # I_func : index set Ifunc in (3.1)
11 # I_op : index set Iop in (3.1)
12 # ... ( omitted for brevity ) ...
13
14 @ a b s t r a c t m e t h o d
15 def get_ABCD ( self , k : int ) -> Tuple [ np . ndarray , np . ndarray , np . ndarray , np .

ndarray ]:
16 # Return the system matrices (Ak, Bk, Ck, Dk) for
17 # i t e r a t i on k in (3.2).
18 pass

For a concrete example, see Section 5.1, which demonstrates the gradient method imple-
mented as a concrete subclass.

We conclude this section by introducing a well-posedness assumption, which holds for
all practical algorithms, and ensures that the subsequent theoretical results are properly
formulated.
Assumption 3.1 (Well-posedness)
We assume that ((Ak, Bk, Ck, Dk))K

k=0 is chosen such that there exists a sequence
((xk, uk, yk, F k))K

k=0 satisfying (3.2) for each x0 ∈ Hn, for each (fi)i∈Ifunc
∈
∏

i∈Ifunc
Fi,

and for each (Gi)i∈Iop
∈
∏

i∈Iop
Gi.
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4. The analysis tools

In this section, we introduce two classes of Lyapunov analyses. The first class comprises
stationary, or iteration-independent, analyses, while the second involves nonstationary,
or iteration-dependent, analyses. These analyses utilize quadratic ansatzes, facilitating
verification through semidefinite programs, as detailed in Sections 6.3 and 6.4, respectively.

4.1 Iteration-independent Lyapunov analyses
In this case, we consider algorithms that continue to iterate indefinitely and have iteration-
independent parameters. I.e., in (3.2), we assume that K =∞ and that there exist fixed
matrices

(A, B, C, D) ∈ Rn×n × Rn×m̄ × Rm̄×n × Rm̄×m̄

such that

(∀k ∈ N0) (Ak, Bk, Ck, Dk) = (A, B, C, D). (4.1)

We are interested in Lyapunov analyses that may depend on a solution to the inclusion
problem (3.1). In particular, without loss of generality and for computational efficiency
(which will be clear later), we will consider the variables

(y⋆, û⋆, F ⋆) ∈


(y, û, F )

∈H×Hm−1×Rmfunc

∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣

(ui)i∈Ifunc
∈
∏

i∈Ifunc

∂fi(y),

(ui)i∈Iop
∈
∏

i∈Iop

Gi(y),

m∑
i=1

ui = 0,

û = (u1, . . . , um−1),
F = (fi(y))i∈Ifunc


, (4.2)

where û⋆ is void when m = 1. For example, it is clear that y⋆ in (4.2) is a solution to the
inclusion problem (3.1).
Definition 4.1
Suppose that Assumption 3.1 and (4.1) hold, x0 ∈ Hn is an initial point, ((xk, uk, yk,

F k))k∈N0 is a sequence of iterates satisfying (3.2), (y⋆, û⋆, F ⋆) is a point satisfying (4.2),
ρ ∈ [0, 1] is a contraction factor, h ∈ N0 is a history parameter, and α ∈ N0 is an overlap
parameter. Define

(∀k ∈ N0) V(W, w, k) = Q(W, (xk, uk, . . . , uk+h, û⋆, y⋆))
+ w⊤(F k, . . . , F k+h, F ⋆),

(4.3)

for each (W, w) ∈ {(Q, q), (P, p)} , where Q, P ∈ Sn+(h+1)m̄+m and q, p ∈
R(h+1)m̄func+mfunc , and define

(∀k ∈ N0) R(W, w, k) = Q(W, (xk, uk, . . . , uk+h+α+1, û⋆, y⋆))
+ w⊤(F k, . . . , F k+h+α+1, F ⋆),

(4.4)
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for each (W, w) ∈ {(S, s), (T, t)} , where S, T ∈ Sn+(h+α+2)m̄+m and s, t ∈
R(h+α+2)m̄func+mfunc . We say that (Q, q, S, s) satisfies a (P, p, T, t, ρ, h, α)-quadratic
Lyapunov inequality for algorithm (3.2) over the problem class defined by (Fi)i∈Ifunc and
(Gi)i∈Iop if

(∀k ∈ N0) V(Q, q, k + α + 1) ≤ ρV(Q, q, k)−R(S, s, k), (C1)
(∀k ∈ N0) V(Q, q, k) ≥ V(P, p, k) ≥ 0, (C2)
(∀k ∈ N0) R(S, s, k) ≥ R(T, t, k) ≥ 0, (C3)
(∀k ∈ N0) R(S, s, k + 1) ≤ R(S, s, k), (C4)

hold for each initial point x0, for each sequence of iterates ((xk, uk, yk, F k))k∈N0 , for each
point (y⋆, û⋆, F ⋆), for each (fi)i∈Ifunc

∈
∏

i∈Ifunc
Fi, and for each (Gi)i∈Iop

∈
∏

i∈Iop
Gi,

where (C4) is an optional requirement that may be removed.

In the proposed methodology, the user specifies (P, p, T, t, ρ, h, α) and the methodology
searches for (Q, q, S, s) complying with (C1)-(C3) (and optionally (C4)), if it exists.
When such a (Q, q, S, s) exists, the choice of (P, p, T, t, ρ, h, α) decides which convergence
properties Definition 4.1 implies.

• If ρ ∈ [0, 1[, then

0 ≤ V(P, p, k) ≤ V(Q, q, k) ≤ ρ⌊k/(α+1)⌋ max
i∈J0,αK

V(Q, q, i) −−−−→
k→∞

0,

i.e., (V(P, p, k))k∈N0 converges α+1
√

ρ-linearly to zero.

• If ρ = 1, then

(∀k ∈ N0)
k∑

i=0

R(T, t, i) ≤
k∑

i=0

R(S, s, i) ≤
α∑

j=0

V(Q, q, j),

using a telescoping summation argument. In particular, (R(T, t, k))k∈N0 is summable,
converges to zero, and e.g., maxi∈J0,kKR(T, t, i) ∈ O(1/k) as k → ∞. If the op-
tional requirement (C4) holds, we conclude the stronger last-iterate convergence result
R(T, t, k) ∈ o(1/k) as k →∞.

The SDP formulation of Definition 4.1 is provided in Section 6.3. An interface for these
types of analysis is provided in the class IterationIndependent in AutoLyap, shown below.

1 from typing import Type , Optional
2
3 class I t e r a t i o n I n d e p e n d e n t :
4
5 # Class a t t r i b u t e s e xplained below
6 L i n e a r C o n v e r g e n c e = L i n e a r C o n v e r g e n c e
7 S u b l i n e a r C o n v e r g e n c e = S u b l i n e a r C o n v e r g e n c e
8
9 @ s t a t i c m e t h o d

10 def v e r i f y _ i t e r a t i o n _ i n d e p e n d e n t _ L y a p u n o v (
11 prob : Type [ I n c l u s i o n P r o b l e m ] ,
12 algo : Type [ Algorithm ] ,
13 P : np . ndarray ,
14 T : np . ndarray ,
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15 p : Optional [ np . ndarray ] = None ,
16 t : Optional [ np . ndarray ] = None ,
17 rho : float = 1.0 ,
18 h : int = 0 ,
19 alpha : int = 0 ,
20 Q _ e q u a l s _ P : bool = False ,
21 S _ e q u a l s _ T : bool = False ,
22 q _ e q u a l s _ p : bool = False ,
23 s _ e q u a l s _ t : bool = False ,
24 r e m o v e_C2 : bool = False ,
25 r e m o v e_C3 : bool = False ,
26 r e m o v e_C4 : bool = True
27 ) -> bool :
28 # prob : An I n c l u s i o n P r o b l e m instance .
29 # algo : An Al g o rithm instance .
30 # P : The user - specified matrix P in Definition 4.1.
31 # T : The user - specified matrix T in Definition 4.1.
32 # p : The user - specified vector p in Definition 4.1.
33 # Required when Ifunc ̸= ∅.
34 # t : The user - specified vector t in Definition 4.1.
35 # Required when Ifunc ̸= ∅.
36 # rho : C o n t r a c t i o n factor ρ in Definition 4.1.
37 # h : History paramete r h in Definition 4.1.
38 # alpha : Overlap p a r a me t e r α in Definition 4.1.
39 # Q _ e q u a l s _ P : If True , sets Q equal to P in
40 # Definition 4.1.
41 # S _ e q u a l s _ T : If True , sets S equal to T in
42 # Definition 4.1.
43 # q _ e q u a l s _ p : If True , sets q equal to p in
44 # Definition 4.1.
45 # s _ e q u a l s _ t : If True , sets s equal to t in
46 # Definition 4.1.
47 # r e m o v e _ C2 : Flag to remove (C2) in Definition 4.1.
48 # r e m o v e _ C3 : Flag to remove (C3) in Definition 4.1.
49 # r e m o v e _ C4 : Flag to remove (C4) in Definition 4.1.
50
51 # Returns True if the SDP is solved s u c c e s s f u l l y
52 # ( which implies that a Lyapunov i n e q u a l i t y in
53 # the sense of Definition 4.1 exists ) , False otherwise .
54 # ... ( omitted for brevity ) ...

The class attributes LinearConvergence and SublinearConvergence are static classes that con-
tain helper functions for constructing appropriate parameters (P, p, T, t), with additional
details given in Sections 6.3.1 and 6.3.2, respectively. Moreover, the class LinearConvergence
has a helper function bisection_search_rho that performs a bisection search to find the small-
est ρ ∈ [0, 1] in Definition 4.1 via IterationIndependent.verify_iteration_independent_Lyapunov
with tolerance tol, as shown below.

1 class L i n e a r C o n v e r g e n c e :
2 @ s t a t i c m e t h o d
3 def b i s e c t i o n _ s e a r c h _ r h o (
4 prob : Type [ I n c l u s i o n P r o b l e m ] ,
5 algo : Type [ Algorithm ] ,
6 P : np . ndarray ,
7 T : np . ndarray ,
8 p : Optional [ np . ndarray ] = None ,
9 t : Optional [ np . ndarray ] = None ,

10 h : int = 0 ,
11 alpha : int = 0 ,
12 Q _ e q u a l s _ P : bool = False ,
13 S _ e q u a l s _ T : bool = False ,
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14 q _ e q u a l s _ p : bool = False ,
15 s _ e q u a l s _ t : bool = False ,
16 r e m o v e_C2 : bool = False ,
17 r e m o v e_C3 : bool = False ,
18 r e m o v e_C4 : bool = True ,
19 l o w e r _ b o u n d : float = 0.0 ,
20 u p p e r _ b o u n d : float = 1.0 ,
21 tol : float = 1e -12
22 ) -> Optional [ float ]:
23 # ... ( omitted for brevity ) ...

4.2 Iteration-dependent Lyapunov analyses
In this section, we focus on finite-horizon analyses, which apply to algorithms that run
indefinitely as well as algorithms with finite iteration budgets matching or exceeding
the horizon. For notational simplicity, we assume that K ∈ N in (3.2), representing the
horizon. Following [37], we adopt an ansatz consisting of a sequence of iteration-dependent
and quadratic Lyapunov functions, also often referred to as potential functions [3].
Definition 4.2
Suppose that Assumption 3.1 holds, x0 ∈ Hn is an initial point, ((xk, uk, yk, F k))K

k=0 is
a sequence of iterates satisfying (3.2), (y⋆, û⋆, F ⋆) is a point satisfying (4.2), and c ∈ R+.
Define

(∀k ∈ J0, KK)

V(k) = Q(Qk, (xk, uk, û⋆, y⋆)) + q⊤
k (F k, F ⋆),

Qk ∈ Sn+m̄+m,

qk ∈ Rm̄func+mfunc .

(4.5)

We say that ((Qk, qk))K
k=0 and c satisfy a length K sequence of chained Lyapunov in-

equalities for algorithm (3.2) over the problem class defined by (Fi)i∈Ifunc and (Gi)i∈Iop
if

V(K) ≤ V(K − 1) ≤ . . . ≤ V(1) ≤ cV(0) (4.6)

holds for each initial point x0, for each sequence of iterates ((xk, uk, yk, F k))K
k=0, for each

point (y⋆, û⋆, F ⋆), for each (fi)i∈Ifunc
∈
∏

i∈Ifunc
Fi, and for each (Gi)i∈Iop

∈
∏

i∈Iop
Gi.

In the proposed methodology, the user specifies (Q0, q0, QK , qK) and the methodology
searches for ((Qk, qk))K−1

k=1 and a minimal c complying with (4.6), if they exist. In particular,
the user specifies the initial Lyapunov function V(0), final Lyapunov function V(K), and
if (4.6) holds, we can conclude that

V(K) ≤ cV(0).

The SDP formulation of Definition 4.2 is provided in Section 6.4. However, we would
like to highlight a computational aspect in this case. Each inequality in (4.6) is verified
via a so-called one-step analysis, leading to a system of positive semidefinite constraints
of constant dimension. In particular, the number of variables and constraints grows
linearly with K. Moreover, similar to Definition 4.1, it is possible to introduce history
and overlap parameters in Definition 4.2. However, we opt not to include this extension
in this presentation in favor of readability.

An interface for the analysis in Definition 4.2 is provided in the class IterationDependent
in AutoLyap, which is shown below.
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1 class I t e r a t i o n D e p e n d e n t :
2 @ s t a t i c m e t h o d
3 def v e r i f y _ i t e r a t i o n _ d e p e n d e n t _ L y a p u n o v (
4 prob : Type [ I n c l u s i o n P r o b l e m ] ,
5 algo : Type [ Algorithm ] ,
6 K : int ,
7 Q_0 : np . ndarray ,
8 Q_K : np . ndarray ,
9 q_0 : Optional [ np . ndarray ] = None ,

10 q_K : Optional [ np . ndarray ] = None
11 ) -> Tuple [ bool , Optional [ float ]]:
12 # prob : An I n c l u s i o n P r o b l e m instance .
13 # algo : An Al g o rithm instance .
14 # K : The user - specified horizon K in Definition 4.2.
15 # Q_0 : The user - s p ec i f ied matrix Q0 in Definition 4.2.
16 # Q_K : The user - s p ec i f ied matrix QK in Definition 4.2.
17 # q_0 : The user - s p ec i f ied matrix q0 in Definition 4.2.
18 # Required when Ifunc ̸= ∅.
19 # q_K : The user - s p ec i f ied matrix qK in Definition 4.2.
20 # Required when Ifunc ̸= ∅.
21
22 # Returns a tuple ( True , c ) , where c is c in
23 # Definition 4.2, if the SDP is solved successfully , or
24 # ( False , None ) other w i s e .
25 # ... ( omitted for brevity ) ...

The class IterationDependent also contains helper functions for selecting appropriate pa-
rameters (Q0, q0, QK , qK), with details given in Section 6.4.1.

5. Additional examples and numerical results

This section presents examples demonstrating the use of AutoLyap for convergence
analysis across various methods and settings. The first example explicitly illustrates how
to translate a first-order method written in standard form into the algorithm representation
given by equation (3.2), as well as how this translation is implemented in AutoLyap. For
brevity, this explicit translation is omitted in most subsequent examples, as it can easily
be done analogously (see [42, Section 2.5] for numerous examples detailing the transition
from standard form to the algorithm representation (3.2)).

5.1 Gradient method on a nonconvex problem
Consider the optimization problem

minimize
y∈H

f(y) (5.1)

where f : H → R is µgd-gradient dominated and L-smooth for some µgd, L ∈ R++
such that µgd ≤ L (see Definition 6.1). In particular, (5.1) is not necessarily a convex
optimization problem. Note that 0 = ∇f(y), or equivalently, 0 ∈ ∂f(y) = {∇f(y)} , is an
optimality condition for (5.1), and fits (3.1).

For the gradient method, i.e.,

(∀k ∈ N0) xk+1 = xk − γ∇f(xk) (5.2)

for an initial point x0 ∈ H and step size γ ∈ (0, 2/L), it is known that (f(xk)− f(y⋆))k∈N0
converges to zero linearly for each y⋆ ∈ Argminy∈H f(y). Let us find the rate using
AutoLyap.
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The first step is to write (5.2) in the algorithm representation (3.2). Direct inspection
gives

(∀k ∈ N0)

xk+1 =
([

1
]
⊗ Id

)
xk +

([
−γ
]
⊗ Id

)
uk,

yk =
([

1
]
⊗ Id

)
xk +

([
0
]
⊗ Id

)
uk,

uk ∈ ∂f(yk),

(5.3)

where xk = xk, yk = xk, uk = ∇f(xk), and ∂f(y) = {∇f(y)} for each y ∈ H. The imple-
mentation of the gradient method (5.3) in AutoLyap, also found in the autolyap.algorithms
submodule, is shown below.

1 from autolyap . a l g o r i t h m s import A l g o ri t h m
2
3 class G r a d i e n t M e t h o d ( A lg o r i t h m ) :
4 def __init__ ( self , gamma ) :
5 super () . __init__ ( n =1 , m =1 , m_bar_is =[1] , I_func =[1] , I_op =[])
6 # n : d i m e ns i o n n of xk in (3.2)
7 # m : number of c o m p o n e n t s m in (3.1)
8 # m_bar_is : list of (m̄i)m

i=1 in (3.2)
9 # I_func : index set Ifunc in (3.1)

10 # I_op : index set Iop in (3.1)
11 self . gamma = gamma
12
13 def get_ABCD ( self , k : int ) :
14 A = np . array ([[1]])
15 B = np . array ([[ - self . gamma ]])
16 C = np . array ([[1]])
17 D = np . array ([[0]])
18 return (A , B , C , D )

The code below, using the values (µgd, L, γ) = (0.5, 1, 1), performs a bisection search
to find the smallest possible ρ ∈ [0, 1] such that

f(xk)− f(y⋆) ∈ O(ρk) as k →∞ (5.4)

provable via the Lyapunov analysis in Section 4.1 under default settings, where y⋆ ∈
Argminy∈H f(y).

1 c o m p o n e n t s _ l i s t = [
2 [ pc . G r a d i e n t D o m i n a t e d ( mu_gd =0.5) , pc . Smooth ( L =1) ] , # f in (5.1)
3 ]
4 problem = pc . I n c l u s i o n P r o b l e m ( c o m p o n e n t s _ l i s t )
5 al g o r i t h m = algs . G r a d i e n t M e t h o d ( gamma =1)
6 (P , p , T , t ) = I t e r a t i o n I n d e p e n d e n t . L i n e a r C o n v e r g e n c e .

g e t _ p a r a m e t e r s _ f u n c t i o n _ v a l u e _ s u b o p t i m a l i t y ( a lgorithm )
7 rho = I t e r a t i o n I n d e p e n d e n t . L i n e a r C o n v e r g e n c e . b i s e c t i o n _ s e a r c h _ r h o ( problem , algorithm ,

P , T , p =p , t = t )

Repeating this for multiple values of γ ∈ (0, 2) gives Figure 2. Numerical evidence suggests
that AutoLyap improves the rate in [1, Theorem 3] for γ in the interval (1.74, 2). Indeed,
a careful inspection shows that the proof of [1, Theorem 3] does not use interpolation
conditions with respect to solutions y⋆ ∈ Argminy∈H f(y) when going from (7) to (10) in
[1], which is one source of a priori conservatism.
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Figure 2. The linear convergence rate ρ in (5.4) for the gradient method (5.2), with step
size γ and applied to optimization problem (5.1) with a 0.5-gradient dominated and
1-smooth objective function, as computed by AutoLyap and compared against known
theoretical rates.

5.2 Heavy-ball method
Let f ∈ F0,L(H) for some L ∈ R++ and consider the heavy-ball method, i.e.,

(∀k ∈ N0) xk+1 = xk − γ∇f(xk) + δ(xk − xk−1) (5.5)

for some initial point x0 ∈ H, step size γ ∈ R++, and momentum parameter δ ∈ R. The
code below, using the values (L, γ, δ) = (1, 1, 0.5), checks whether

f(xk)− f(y⋆) ∈ o(1/k) as k →∞

where y⋆ ∈ Argminy∈H f(y), via the Lyapunov analysis in Section 4.1 by utilizing (C4).

1 c o m p o n e n t s _ l i s t = [
2 pc . S m o o t h C o n v e x ( L =1) # f
3 ]
4 problem = pc . I n c l u s i o n P r o b l e m ( c o m p o n e n t s _ l i s t )
5 al g o r i t h m = algs . H e a v y B a l l M e t h o d ( gamma =1 , delta =0.5)
6 (P , p , T , t ) = I t e r a t i o n I n d e p e n d e n t . S u b l i n e a r C o n v e r g e n c e .

g e t _ p a r a m e t e r s _ f u n c t i o n _ v a l u e _ s u b o p t i m a l i t y ( a lgorithm )
7 s u c c e s s f u l = I t e r a t i o n I n d e p e n d e n t . v e r i f y _ i t e r a t i o n _ i n d e p e n d e n t _ L y a p u n o v ( problem ,

algorithm , P , T , p =p , t =t , rho =1 , remove_C4 = False )

In this case, the verification is successful, i.e., successful is True. Repeating this for values
in γ ∈ (0, 3) and δ ∈ (−1, 1) gives Figure 3a.

Suppose instead that the heavy-ball method (5.5) is applied to a function f : H → R
that is µgd-gradient dominated and L-smooth for some µgd, L ∈ R++ such that µgd ≤ L.
The code below, using the values (µgd, L, γ, δ) = (0.5, 1, 1, 0.5), performs a bisection search
to find the smallest possible ρ ∈ [0, 1] such that

f(xk)− f(y⋆) ∈ O(ρk) as k →∞ (5.6)

provable via the Lyapunov analysis in Section 4.1 under default settings, where y⋆ ∈
Argminy∈H f(y).
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(a) Verification of f(xk) − f(y⋆) ∈ o(1/k) as
k → ∞ where y⋆ ∈ Argminy∈H f(y) when f ∈
F0,1(H).
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(b) The linear convergence rate ρ in (5.6) when
f is 0.5-gradient dominated and 1-smooth.

Figure 3. Convergence regions and rates for the heavy-ball method (5.5) with step size γ
and momentum parameter δ using AutoLyap.

1 c o m p o n e n t s _ l i s t = [
2 [ pc . G r a d i e n t D o m i n a t e d ( mu_gd =0.5) , pc . Smooth ( L =1) ] , # f
3 ]
4 problem = pc . I n c l u s i o n P r o b l e m ( c o m p o n e n t s _ l i s t )
5 al g o r i t h m = algs . H e a v y B a l l M e t h o d ( gamma =1 , delta =0.5)
6 (P , p , T , t ) = I t e r a t i o n I n d e p e n d e n t . L i n e a r C o n v e r g e n c e .

g e t _ p a r a m e t e r s _ f u n c t i o n _ v a l u e _ s u b o p t i m a l i t y ( a lgorithm )
7 rho = I t e r a t i o n I n d e p e n d e n t . L i n e a r C o n v e r g e n c e . b i s e c t i o n _ s e a r c h _ r h o ( problem , algorithm ,

P , T , p =p , t = t )

Repeating this for multiple values of γ ∈ (0, 3) and δ ∈ (−1, 1) gives Figure 3b.

5.3 Gradient method with constant Nesterov momentum
Let f ∈ F0,L(H) for some L ∈ R++ and consider the gradient method with constant
Nesterov momentum, i.e.,

(∀k ∈ N0)

[
yk = xk + δ(xk − xk−1),
xk+1 = yk − γ∇f(yk)

(5.7)

for some initial points x−1, x0 ∈ H, step size γ ∈ R++, and momentum parameter δ ∈ R.
The code below, using the values (L, γ, δ) = (1, 1, 0.5), checks whether

f(xk)− f(y⋆) ∈ o(1/k) as k →∞

where y⋆ ∈ Argminy∈H f(y), via the Lyapunov analysis in Section 4.1 by utilizing (C4).
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1 c o m p o n e n t s _ l i s t = [
2 pc . S m o o t h C o n v e x ( L =1) # f
3 ]
4 problem = pc . I n c l u s i o n P r o b l e m ( c o m p o n e n t s _ l i s t )
5 al g o r i t h m = algs . G r a d i e n t N e s t e r o v M o m e n t u m ( gamma =1 , delta =0.5)
6 (P , p , T , t ) = I t e r a t i o n I n d e p e n d e n t . S u b l i n e a r C o n v e r g e n c e .

g e t _ p a r a m e t e r s _ f u n c t i o n _ v a l u e _ s u b o p t i m a l i t y ( a lgorithm )
7 s u c c e s s f u l = I t e r a t i o n I n d e p e n d e n t . v e r i f y _ i t e r a t i o n _ i n d e p e n d e n t _ L y a p u n o v ( problem ,

algorithm , P , T , p =p , t =t , rho =1 , remove_C4 = False )

In this case, the verification is successful, i.e., successful is True. Repeating this for values
in γ ∈ (0, 4) and δ ∈ (−1, 1) gives Figure 4a.

Suppose instead that the gradient method with Nesterov momentum (5.7) is applied to a
function f : H → R that is µgd-gradient dominated and L-smooth for some µgd, L ∈ R++
such that µgd ≤ L. The code below, using the values (µgd, L, γ, δ) = (0.5, 1, 1, 0.5),
performs a bisection search to find the smallest possible ρ ∈ [0, 1] such that

f(xk)− f(y⋆) ∈ O(ρk) as k →∞ (5.8)

provable via the Lyapunov analysis in Section 4.1 under default settings, where y⋆ ∈
Argminy∈H f(y).

1 c o m p o n e n t s _ l i s t = [
2 [ pc . G r a d i e n t D o m i n a t e d ( mu_gd =0.5) , pc . Smooth ( L =1) ] , # f
3 ]
4 problem = pc . I n c l u s i o n P r o b l e m ( c o m p o n e n t s _ l i s t )
5 al g o r i t h m = algs . G r a d i e n t N e s t e r o v M o m e n t u m ( gamma =1 , delta =0.5)
6 (P , p , T , t ) = I t e r a t i o n I n d e p e n d e n t . L i n e a r C o n v e r g e n c e .

g e t _ p a r a m e t e r s _ f u n c t i o n _ v a l u e _ s u b o p t i m a l i t y ( a lgorithm )
7 rho = I t e r a t i o n I n d e p e n d e n t . L i n e a r C o n v e r g e n c e . b i s e c t i o n _ s e a r c h _ r h o ( problem , algorithm ,

P , T , p =p , t = t )

Repeating this for multiple values of γ ∈ (0, 4) and δ ∈ (−1, 1) gives Figure 4b.

5.4 Chambolle–Pock
Suppose that f1, f2 ∈ F0,∞(H). The Chambolle–Pock method [8] (in the special case
when the linear operator is the identity mapping) solves the minimization problem

minimize
y∈H

f1(y) + f2(y)

by solving the inclusion problem

find y ∈ H such that 0 ∈ ∂f1(y) + ∂f2(y), (5.9)

and is given by

(∀k ∈ N0)

[
xk+1 = proxτf1 (xk − τyk),

yk+1 = proxσf∗
2

(yk + σ(xk+1 + θ(xk+1 − xk))),
(5.10)

where τ, σ ∈ R++ are primal and dual step sizes, respectively, θ ∈ R is a relaxation
parameter, and f∗

2 is the conjugate of f2. The update (5.10) can be written in the
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(a) Verification of f(xk) − f(y⋆) ∈ o(1/k) as
k → ∞ where y⋆ ∈ Argminy∈H f(y) when f ∈
F0,1(H).
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(b) The linear convergence rate ρ in (5.8) when
f is 0.5-gradient dominated and 1-smooth.

Figure 4. Convergence regions and rates for the gradient method with Nesterov momentum
(5.7) with step size γ and momentum parameter δ using AutoLyap.

algorithm representation (3.2) (see [42, Section 2.5.5]) as

(∀k ∈ N0)
xk+1 =

([
1 −τ
0 0

]
⊗ Id

)
xk +

([
−τ 0
0 1

]
⊗ Id

)
uk,

yk =
([

1 −τ
1 1

σ
− τ(1 + θ)

]
⊗ Id

)
xk +

([
−τ 0

−τ(1 + θ) − 1
σ

]
⊗ Id

)
uk,

uk ∈ ∂f(yk),

(5.11)

where, in particular, xk = (xk, yk).
For this example, we use the squared fixed-point residual ∥xk+1−xk∥2 as a performance

measure. Note that if ∥xk+1 − xk∥2 is zero, then xk is a solution to (5.9). The code
below checks whether (∥xk+1 − xk∥2)k∈N0

is summable via the Lyapunov analysis in
Section 4.1 by utilizing the history parameter h and overlap parameter α, using the values
(τ, σ, θ, h, α) = (1, 1, 1, 1, 1).

1 c o m p o n e n t s _ l i s t = [
2 pc . Convex () , # f1
3 pc . Convex () # f2
4 ]
5 problem = pc . I n c l u s i o n P r o b l e m ( c o m p o n e n t s _ l i s t )
6 al g o r i t h m = algs . C h a m b o l l e P o c k ( tau =1 , sigma =1 , theta =1)
7 (P , p , T , t ) = I t e r a t i o n I n d e p e n d e n t . S u b l i n e a r C o n v e r g e n c e .

g e t _ p a r a m e t e r s _ f i x e d _ p o i n t _ r e s i d u a l ( algorithm , h =1 , alpha =1)
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Figure 5. Verification of summability of the squared fixed-point residual
(∥xk+1 − xk∥2)k∈N0

for the Chambolle–Pock method (5.11) with primal step size
τ and dual step size σ, using AutoLyap and the Lyapunov analysis in Section 4.1 with
history parameter h and overlap parameter α.

8 s u c c e s s f u l = I t e r a t i o n I n d e p e n d e n t . v e r i f y _ i t e r a t i o n _ i n d e p e n d e n t _ L y a p u n o v ( problem ,
algorithm , P , T , p =p , t =t , rho =1.0 , h =1 , alpha =1)

In this case, the verification is successful, i.e., successful is True. Repeating this for multiple
values of τ = σ ∈ (1, 2), θ ∈ (0, 3/2), and a few different values of (h, α) gives Figure 5. We
observe that the region increases in size as h and α increase. However, in our numerical
experiments, we did not observe any further increase beyond (h, α) = (2, 0), except
for minor artefacts that may be attributed to the SDP solver. Furthermore, the case
(h, α) = (0, 0) corresponds to the smallest region, which matches the result in [42, Figure
4a], even though a different performance measure is used there.

5.5 Nesterov’s fast gradient method
Suppose that f ∈ F0,L(H) for some L ∈ R++, γ ∈ R++, λ0 = 1, x−1, x0 ∈ H, and let

(∀k ∈ N0)

[
yk = xk + δk(xk − xk−1),
xk+1 = yk − γ∇f(yk),

(5.12)

where

(∀k ∈ N0)

δk = λk − 1
λk+1

,

λk+1 =
1 +

√
1 + 4λ2

k

2 ,
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which is a particular instance of Nesterov’s fast gradient method [31]. If γ = 1/L, the
Lyapunov analysis in [31] gives the bounds(

∀k ∈ N
∀y⋆ ∈ Argminy∈H f(y)

)
f(xk)− f(y⋆) ≤ L∥x0 − y⋆∥2

2λ2
k

≤ 2L∥x0 − y⋆∥2

(k + 2)2 .

(5.13)

In this example, we use AutoLyap to find the smallest possible constant c ∈ R+ such
that

f(xk)− f(y⋆) ≤ c∥x0 − y⋆∥2 (5.14)

where k ∈ N is fixed and y⋆ ∈ Argminy∈H f(y), provable via the Lyapunov analysis in
Section 4.2. Note that the update in (5.12) only evaluates f (or more precisely ∇f) at yk,
and not xk, which is required for (5.14). Thus, to cover this type of Lyapunov analysis, we
need to consider an extended version of the update (5.12) in the algorithm representation
(3.2), which explicitly evaluates f at xk. This can be done via2

(∀k ∈ N0)
xk+1 =

([
1 + δk −δk

1 0

]
⊗ Id

)
xk +

([
−γ 0
0 0

]
⊗ Id

)
uk,

yk =
([

1 + δk −δk

1 0

]
⊗ Id

)
xk +

([
0 0
0 0

]
⊗ Id

)
uk,

uk ∈ ∂f(yk),

(5.15)

where xk = (xk, xk−1), uk = (∇f(yk),∇f(xk)), yk = (yk, xk), and ∂f(y) = {∇f(y)} ×
{∇f(x)} for each y = (y, x) ∈ H2.

The code below finds c in (5.14), using the values (L, γ, k) = (1, 1, 10).

1 from autolyap import I t e r a t i o n D e p e n d e n t
2
3 c o m p o n e n t s _ l i s t = [
4 pc . S m o o t h C o n v e x ( L =1) , # f
5 ]
6 problem = pc . I n c l u s i o n P r o b l e m ( c o m p o n e n t s _ l i s t )
7 al g o r i t h m = N e s t e r o v F a s t G r a d i e n t M e t h o d ( gamma =1)
8 ( Q_0 , q_0 ) = I t e r a t i o n D e p e n d e n t . g e t _ p a r a m e t e r s _ d i s t a n c e _ t o _ s o l u t i o n ( algorithm , k =0 , i

=1 , j =2)
9 ( Q_k , q_k ) = I t e r a t i o n D e p e n d e n t . g e t _ p a r a m e t e r s _ f u n c t i o n _ v a l u e _ s u b o p t i m a l i t y ( algorithm

, k =10 , j =2)
10 ( successful , c ) = I t e r a t i o n D e p e n d e n t . v e r i f y _ i t e r a t i o n _ d e p e n d e n t _ L y a p u n o v ( problem ,

algorithm , 10 , Q_0 , Q_k , q_0 , q_k )

In this case, we get (successful, c) = (True, 0.0110). Repeating this for k ∈ J1, 100K gives
Figure 6.

2 The class NesterovFastGradientMethod in the autolyap.algorithms submodule implements this version.

88



5 Additional examples and numerical results

100 101 102
10−4

10−3

10−2

10−1

k

c

AutoLyap
L/(2λ2

k)
2L/(k + 2)2

Figure 6. Constants c in (5.14) for Nesterov’s fast gradient method (5.12) with step size
γ = 1 applied to a function f ∈ F0,1(H), obtained with AutoLyap and compared with
the classical rates in [31].

5.6 Optimized gradient method
Let f ∈ F0,L(H) for some L ∈ R++. The optimized gradient method, first considered in
[14] and formally obtained in [21], is given by

(∀k ∈ J0, K − 1K)yk+1 = xk − 1
L
∇f(xk),

xk+1 = yk+1 + θk − 1
θk+1

(yk+1 − yk) + θk

θk+1
(yk+1 − xk),

(5.16)

where x0, y0 ∈ H are initial points, K ∈ N is the iteration budget, and

θk =


1 if k = 0,
1+
√

1+4θ2
k−1

2 if k ∈ J1, K − 1K,
1+
√

1+8θ2
k−1

2 if k = K.

The bound

(∀y⋆ ∈ Argmin
y∈H

f(y)) f(xK)− f(y⋆) ≤ L∥x0 − y⋆∥2

2θ2
K

, (5.17)

is proven in [21, Theorem 2], and [21, Section 8], using [40, Section 4.2], established
tightness in the sense that there exists a function f that achieves equality in (5.17). Later,
[13] proved that the bound (5.17) is the tightest possible among all first-order methods
for smooth and convex minimization. A Lyapunov analysis matching (5.17) is provided
in [10, Section 4.3.1].

The code below uses AutoLyap to find the smallest possible constant c ∈ R+ provable
via the Lyapunov analysis in Section 4.2 such that

f(xK)− f(y⋆) ≤ c∥x0 − y⋆∥2 (5.18)
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100 101 102

10−4

10−3

10−2

10−1

K

c

AutoLyap
L/(2θ2

K)

Figure 7. Constants c in (5.18) for the optimized gradient method (5.16) applied to a
function f ∈ F0,1(H), obtained with AutoLyap and compared with the rate in (5.17).

where y⋆ ∈ Argminy∈H f(y), using the values (L, K) = (1, 10).

1 c o m p o n e n t s _ l i s t = [
2 pc . S m o o t h C o n v e x ( L =1) , # f
3 ]
4 problem = pc . I n c l u s i o n P r o b l e m ( c o m p o n e n t s _ l i s t )
5 al g o r i t h m = algs . O p t i m i z e d G r a d i e n t M e t h o d ( L =1 , K =10)
6 ( Q_0 , q_0 ) = I t e r a t i o n D e p e n d e n t . g e t _ p a r a m e t e r s _ d i s t a n c e _ t o _ s o l u t i o n ( algorithm , k =0)
7 ( Q_K , q_K ) = I t e r a t i o n D e p e n d e n t . g e t _ p a r a m e t e r s _ f u n c t i o n _ v a l u e _ s u b o p t i m a l i t y ( algorithm

, k =10)
8 ( successful , c ) = I t e r a t i o n D e p e n d e n t . v e r i f y _ i t e r a t i o n _ d e p e n d e n t _ L y a p u n o v ( problem ,

algorithm , 10 , Q_0 , Q_K , q_0 , q_K )

In this case, we get (successful, c) = (True, 0.0063). Repeating this for k ∈ J1, 100K gives
Figure 7.

6. Mathematical background

Section 6.1 introduces the notation and mathematical preliminaries used in this paper.
Section 6.2 introduces the main theoretical tool, which enables recasting the verification of
the existence of a Lyapunov analysis as solving an SDP. This is then used in Section 6.3 for
the iteration-independent Lyapunov analyses presented in Section 4.1, and in Section 6.4
for the iteration-dependent Lyapunov analyses presented in Section 4.2.

6.1 Notation and preliminaries
Let N0 denote the set of nonnegative integers, N the set of positive integers, Z the set of
integers, Jn, mK = {l ∈ Z | n ≤ l ≤ m} the set of integers between n, m ∈ Z ∪ {±∞} , R
the set of real numbers, R+ the set of nonnegative real numbers, R++ the set of positive
real numbers, Rn the set of all n-tuples of elements of R, Rm×n the set of real-valued
matrices of size m× n, if M ∈ Rm×n then [M ]i,j the i, j-th element of M , Sn the set of
symmetric real-valued matrices of size n × n, Sn

+ ⊆ Sn the set of positive semidefinite
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real-valued matrices of size n × n, 0n×m ∈ Rn×m the matrix of all zeros of size n ×m,
In ∈ Rn×n the identity matrix of size n × n, en

i ∈ Rn the ith standard basis vector in
Rn, and 1n ∈ Rn the vector of all ones in Rn. All vectors in Rn are column vectors by
convention.

Throughout this paper, (H, ⟨·, ·⟩) will denote a real Hilbert space. All norms ∥·∥ are
canonical norms where the inner product will be clear from the context. We denote the
identity mapping x 7→ x on H by Id.
Definition 6.1
Let f : H → R ∪ {±∞}, L ∈ R+ and µ, µ̃, µgd ∈ R++. The function f is said to be

(i) proper if −∞ /∈ f(H) and dom f ̸= ∅, where the set dom f = {x ∈ H | f(x) < +∞}
is called the effective domain of f,

(ii) lower semicontinuous if lim infy→x f(y) ≥ f(x) for each x ∈ H,

(iii) convex if f((1− λ)x + λy) ≤ (1− λ)f(x) + λf(y) for each x, y ∈ H and 0 ≤ λ ≤ 1,

(iv) µ-strongly convex if f is proper and f − (µ/2)∥·∥2 is convex,

(v) µ̃-weakly convex if f + (µ̃/2)∥·∥2 is convex,

(vi) L-smooth if f is Fréchet differentiable and the gradient ∇f : H → H is L-Lipschitz
continuous, i.e., ∥∇f(x)−∇f(y)∥ ≤ L∥x− y∥ for each x, y ∈ H, and

(vii) µgd-gradient dominated if f is Fréchet differentiable and

f(x)− inf
y∈H

f(y) ≤ 1
2µgd

∥∇f(x)∥2 (6.1)

for each x ∈ H. Inequality (6.1) is sometimes called the Polyak–Łojasiewicz inequal-
ity or simply the Łojasiewicz inequality.

Definition 6.2
Let −∞ < µ ≤ L ≤ +∞ such that L ≥ 0. We let Fµ,L(H) denote the class of all proper
and lower semicontinuous functions f : H → R ∪ {±∞} such that

(i) (L/2)∥·∥2 − f is convex and f is Fréchet differentiable if L < +∞, and

(ii) f − (µ/2)∥·∥2 is convex.

For example, F−L,L(H) is equal to the class of L-smooth functions with domain H.
The Fréchet subdifferential of a function f : H → R ∪ {±∞} is the set-valued operator

∂f : H⇒ H given by

∂f(x) =


{

u ∈ H
∣∣∣∣ lim inf

y→x

f(y)− f(x)− ⟨u, y − x⟩
∥y − x∥ ≥ 0

}
if |f(x)| < +∞,

∅ otherwise

for each x ∈ H.

(i) If f is Fréchet differentiable at a point x ∈ H, then ∂f(x) = {∇f(x)} [29, Proposi-
tion 1.87].

(ii) If f is proper and convex, the Fréchet subdifferential becomes the convex subdiffer-
ential, i.e., ∂f(x) = {u ∈ H | ∀y ∈ H, f(y) ≥ f(x) + ⟨u, y − x⟩} for each x ∈ H.
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(iii) If f is proper and µ̃-weakly convex for some µ̃ ∈ R++, then ∂f(x) =
∂(f + (µ̃/2)∥·∥2)(x) − µ̃x for each x ∈ H [29, Proposition 1.107 (i)], where
∂(f + (µ̃/2)∥·∥2) reduces to the convex subdifferential.

Definition 6.3
Suppose that f ∈ F0,∞(H) and γ ∈ R++. Then the proximal operator of f with step size
γ, denoted proxγf : H → H, is defined as the single-valued operator given by

proxγf (x) = argmin
z∈H

(
f(z) + 1

2γ
∥x− z∥2

)
for each x ∈ H.

Suppose that f ∈ F0,∞(H) and γ ∈ R++. If x, p ∈ H, then p = proxγf (x) ⇔
γ−1(x− p) ∈ ∂f(p). Moreover, the conjugate of f , denoted f∗ : H → R ∪ {+∞}, is the
proper, lower semicontinuous and convex function given by f∗(u) = supx∈H (⟨u, x⟩ − f(x))
for each u ∈ H. If x, u ∈ H, then u ∈ ∂f(x) ⇔ x ∈ ∂f∗(u).

Let G : H ⇒ H be a set-valued operator. The set of zeros of G is de-
noted by zer G = {x ∈ H | 0 ∈ G(x)} and the graph of G is denoted by gra G =
{(x, y) ∈ H×H | y ∈ G(x)} .
Definition 6.4
Let G : H⇒ H and µ ∈ R++. The operator G is said to be

(i) monotone if ⟨u− v, x− y⟩ ≥ 0 for each (x, u), (y, v) ∈ gra G,

(ii) maximally monotone if G is monotone and there does not exist a monotone operator
H : H⇒ H such that gra G ⊊ gra H, and

(iii) µ-strongly monotone if ⟨u− v, x− y⟩ ≥ µ∥x− y∥2 for each (x, u), (y, v) ∈ gra G.

The inverse of a set-valued operator G : H⇒ H, denoted by G−1 : H⇒ H, is defined
through its graph gra G−1 = {(y, x) ∈ H×H | (x, y) ∈ gra G} .
Definition 6.5
Suppose that G : H⇒ H is maximally monotone and γ ∈ R++. The resolvent of G with
step size γ, denoted JγG : H → H, is defined by

(Id +γG)−1(x) = {JγG(x)}

for each x ∈ H, since (Id +γG)−1 is singleton-valued in this case.

Definition 6.6
Let G : H → H, L ∈ R+, and β ∈ R++. The operator G is said to be

(i) L-Lipschitz continuous if ∥G(x)−G(y)∥ ≤ L∥x− y∥ for each x, y ∈ H, and

(ii) β-cocoercive if ⟨G(x)−G(y), x− y⟩ ≥ β∥G(x)−G(y)∥2 for each x, y ∈ H.

We introduce the following conventions that enable us to treat single-valued and
singleton-valued operators interchangeably.

(i) For notational convenience (at the expense of a slight abuse of notation), we
will sometimes identify the operator G : H → H with the set-valued mapping
H ∋ x 7→ {G(x)} ⊆ H, which will be clear from context. For example, if x, y ∈ H,
the inclusion y ∈ G(x) should be interpreted as the equality y = G(x).
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(ii) Similarly, if G : H⇒ H and T : H → H satisfy G(x) = {T (x)} for each x ∈ H, i.e.,
G is a singleton-valued operator, we will sometimes identify G with the corresponding
single-valued operator T .

Given any positive integer n, we let the inner product ⟨·, ·⟩ on Hn be given by

⟨z1, z2⟩ =
n∑

j=1

⟨z1
j , z2

j ⟩

for each zi = (zi
1, . . . , zi

n) ∈ Hn and i ∈ J1, 2K. If M ∈ Rm×n, we define the tensor product
M ⊗ Id to be the mapping (M ⊗ Id) : Hn → Hm such that

(M ⊗ Id)z =

(
n∑

j=1

[M ]1,jzj , . . . ,

n∑
j=1

[M ]m,jzj

)

for each z = (z1, . . . , zn) ∈ Hn. The adjoint satisfies (M ⊗ Id)∗ = M⊤ ⊗ Id. If N ∈ Rn×l,
the composition rule (M ⊗ Id) ◦ (N ⊗ Id) = (MN)⊗ Id holds.

If we let M1 ∈ Rm×n1 and M2 ∈ Rm×n2 , the relations above imply that ⟨(M1 ⊗
Id)z1, (M2⊗Id)z2⟩ = ⟨z1, ((M⊤

1 M2)⊗ Id)z2⟩ for each z1 ∈ Hn1 and z2 ∈ Hn2 . We define
the mapping Q : Sn×Hn → R by Q(M, z) = ⟨z, (M⊗ Id)z⟩ for each M ∈ Sn and z ∈ Hn.
Note that, if M ∈ Sn, N ∈ Rn×m and z ∈ Hm, then Q(M, (N ⊗ Id)z) = Q(N⊤MN, z).
We define the Gramian function G : Hn → Sn

+ such that [G(z)]i,j = ⟨zi, zj⟩ for each
z = (z1, . . . , zn) ∈ Hn. If M ∈ Sn and z ∈ Hn, it holds that Q(M, z) = trace(MG(z)).

6.2 Main tool
This section presents a generalization of [42, Lemma 1] for the algorithm representation
in (3.2). First, we introduce some necessary matrices. If m ≥ 2, let

N =
[

Im−1
−1⊤

m−1

]
∈ Rm×(m−1). (6.2)

For each
¯
k, k̄ ∈ J0, KK such that

¯
k ≤ k̄, we define the matrices X¯

k,k̄

k ∈ Rn×(n+(k̄−
¯
k+1)m̄+m)

as

X¯
k,k̄

k =



[
In 0n×((k̄−

¯
k+1)m̄+m)

]
if k =

¯
k,[

A
¯
k B

¯
k 0n×((k̄−

¯
k)m̄+m)

]
if k =

¯
k + 1,

(Ak−1 · · ·A
¯
k)⊤

(Ak−1 · · ·A
¯
k+1B

¯
k)⊤

(Ak−1 · · ·A
¯
k+2B

¯
k+1)⊤

...
(Ak−1Ak−2Bk−3)⊤

(Ak−1Bk−2)⊤

B⊤
k−1

0⊤
n×((k̄+1−k)m̄+m)



⊤

if k ∈ J
¯
k + 2, k̄ + 1K

and
¯
k + 1 ≤ k̄,

(6.3)
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the matrices Y ¯
k,k̄

k ∈ Rm̄×(n+(k̄−
¯
k+1)m̄+m) as

Y ¯
k,k̄

k =



[
C

¯
k D

¯
k 0m̄×((k̄−

¯
k)m̄+m)

]
if k =

¯
k,

(C
¯
k+1A

¯
k)⊤

(C
¯
k+1B

¯
k)⊤

D⊤

¯
k+1

0⊤
m̄×((k̄−

¯
k−1)m̄+m)


⊤

if k =
¯
k + 1

and
¯
k + 1 ≤ k̄,



(CkAk−1 · · ·A
¯
k)⊤

(CkAk−1 · · ·A
¯
k+1B

¯
k)⊤

(CkAk−1 · · ·A
¯
k+2B

¯
k+1)⊤

...
(CkAk−1Bk−2)⊤

(CkBk−1)⊤

D⊤
k

0⊤
m̄×((k̄−k)m̄+m)



⊤

if k ∈ J
¯
k + 2, k̄K

and
¯
k + 2 ≤ k̄,

(6.4)

the matrix

Y ¯
k,k̄

⋆ =
[
0m×(n+(k̄−

¯
k+1)m̄+m−1) 1m

]
∈Rm×(n+(k̄−

¯
k+1)m̄+m)

, (6.5)

the matrices U¯
k,k̄

k ∈ Rm̄×(n+(k̄−
¯
k+1)m̄+m)

(∀k ∈ J
¯
k, k̄K) U¯

k,k̄

k =
[
0m̄×(n+(k−

¯
k)m̄) Im̄ 0m̄×((k̄−k)m̄+m)

]
, (6.6)

the matrix

U¯
k,k̄
⋆ =

[
0m×(n+(k̄−

¯
k+1)m̄) N 0m×1

]
∈Rm×(n+(k̄−

¯
k+1)m̄+m)

(6.7)

with the interpretation that the block column containing N is removed from U¯
k,k̄
⋆ when

m = 1, the matrices(
∀i ∈ J1, mK
∀j ∈ J1, m̄iK

)
P(i,j) =

[
0

1×
∑i−1

r=1
m̄r

(em̄i
j )⊤ 01×

∑m

r=i+1
m̄r

]
∈R1×m̄

,

(∀i ∈ J1, mK) P(i,⋆) = (em
i )⊤ ∈ R1×m, (6.8)

and the matrices F ¯
k,k̄

(i,j,k), F ¯
k,k̄

(i,⋆,⋆) ∈ R1×((k̄−
¯
k+1)m̄func+mfunc)

( ∀i ∈ J1, mK
∀j ∈ J1, m̄iK
∀k ∈ J

¯
k, k̄K

)
F ¯

k,k̄

(i,j,k) =


0⊤

1×((k−
¯
k)m̄func+

∑κ(i)−1
r=1

m̄
κ−1(r))

em̄i
j

0⊤
1×(((k̄−k))m̄func+mfunc+

∑mfunc
r=κ(i)+1

m̄
κ−1(r))


⊤

,

(∀i ∈ J1, mK) F ¯
k,k̄

(i,⋆,⋆) =
[
01×((k̄−

¯
k+1)m̄func) (emfunc

κ(i) )⊤]
, (6.9)
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where κ : Ifunc → J1, mfuncK is a bijective and increasing function (and therefore uniquely
specified).

Next, we present the main object of interest. Let
¯
k, k̄ ∈ J0, KK such that

¯
k ≤ k̄,

W ∈ Sn+(k̄−
¯
k+1)m̄+m, w ∈ R(k̄−

¯
k+1)m̄func+mfunc and consider the optimization problem

maximize Q(W, (x¯
k, u¯

k, . . . , uk̄, û⋆, y⋆)) + w⊤(F ¯
k, . . . , F k̄, F ⋆)

subject to for each k ∈ J
¯
k, k̄K

xk+1 = (Ak ⊗ Id)xk + (Bk ⊗ Id)uk,

yk = (Ck ⊗ Id)xk + (Dk ⊗ Id)uk,

(uk
i )i∈Ifunc

∈
∏

i∈Ifunc

∂fi(yk
i ),

(uk
i )i∈Iop

∈
∏

i∈Iop

Gi(yk
i ),

F k = (fi(yk
i ))i∈Ifunc

∈ Rm̄func ,

uk = (uk
1 , . . . , uk

m) ∈
m∏

i=1

Hm̄i ,

yk = (yk
1 , . . . , yk

m) ∈
m∏

i=1

Hm̄i ,

end (PEP)
u⋆ = (u⋆

1, . . . , u⋆
m) ∈ Hm,

y⋆ ∈ H,

(u⋆
i )i∈Ifunc

∈
∏

i∈Ifunc

∂fi(y⋆),

(u⋆
i )i∈Iop

∈
∏

i∈Iop

Gi(y⋆),

m∑
i=1

u⋆
i = 0,

û⋆ = (u⋆
1, . . . , u⋆

m−1),
F ⋆ = (fi(y⋆))i∈Ifunc

∈ Rmfunc ,

(fi)i∈Ifunc
∈
∏

i∈Ifunc

Fi,

(Gi)i∈Iop
∈
∏

i∈Iop

Gi,

where everything except W , w,
¯
k, k̄, ((Ak, Bk, Ck, Dk))k̄

k=
¯
k, H, (Fi)i∈Ifunc

, and (Gi)i∈Iop

are optimization variables. Note that the last two constraints in (PEP) are infinite-
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dimensional. We use the following assumption to reduce these infinite-dimensional con-
straints to a finite set of quadratic constraints.
Assumption 6.7
Consider (3.2) and for notational convenience let(

∀i ∈ Ifunc ∪ Iop
∀k ∈ J0, KK

)
uk

i = (uk
i,1, . . . , uk

i,m̄i
) ∈ Hm̄i ,(

∀i ∈ Ifunc ∪ Iop
∀k ∈ J0, KK

)
yk

i = (yk
i,1, . . . , yk

i,m̄i
) ∈ Hm̄i ,(

∀i ∈ Ifunc
∀k ∈ J0, KK

)
fi(yk

i ) = (F k
i,1, . . . , F k

i,m̄i
) ∈ Rm̄i

and

u⋆ = (u⋆
1, . . . , u⋆

m) = (u⋆
1,⋆, . . . , u⋆

m,⋆) ∈ Hm such that
m∑

i=1

u⋆
i = 0,

y⋆ = y⋆
1,⋆ = · · · = y⋆

m,⋆ ∈ H,

F ⋆ = (F ⋆
i,⋆)

i∈Ifunc
∈ Rmfunc .

(a) For each i ∈ Ifunc, suppose that there exist finite and disjoint sets Ofunc-ineq
i and

Ofunc-eq
i , vectors and matrices

(∀o ∈ Ofunc-ineq
i ) (afunc-ineq

(i,o) , M func-ineq
(i,o) ) ∈ ×Rni,o × S2ni,o ,

(∀o ∈ Ofunc-eq
i ) (afunc-eq

(i,o) , M func-eq
(i,o) ) ∈ ×Rni,o × S2ni,o ,

and, depending on
¯
k, k̄ ∈ J0, KK such that

¯
k ≤ k̄, index sets

(∀o ∈ Ofunc-ineq
i ∪ Ofunc-eq

i )

J ¯
k,k̄
i,o ⊆ ((J1, m̄iK× J

¯
k, k̄K) ∪ {(⋆, ⋆)} )ni,o ,

such that (i) implies (ii) below:
(i) There exists a function fi ∈ Fi such that

(∀(j, k) ∈ (J1, m̄iK× J
¯
k, k̄K) ∪ {(⋆, ⋆)} )

[
fi(yl

i,j) = F k
i,j ,

uk
i,j ∈ ∂fi(yk

i,j).

(ii) It holds that

(∀o ∈ Ofunc-ineq
i )(∀((j1, k1), . . . , (jni,o , kni,o )) ∈ J ¯

k,k̄
i,o )

(afunc-ineq
(i,o) )⊤


F k1

i,j1
...

F
kni,o

i,jni,o


+Q(M func-ineq

(i,o) , (yk1
i,j1 , . . . , y

kni,o

i,jni,o
, uk1

i,j1 , . . . , u
kni,o

i,jni,o
)) ≤ 0,
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and

(∀o ∈ Ofunc-eq
i )(∀((j1, k1), . . . , (jni,o , kni,o )) ∈ J ¯

k,k̄
i,o )

(afunc-eq
(i,o) )⊤


F k1

i,j1
...

F
kni,o

i,jni,o


+Q(M func-eq

(i,o) , (yk1
i,j1 , . . . , y

kni,o

i,jni,o
, uk1

i,j1 , . . . , u
kni,o

i,jni,o
)) = 0,

Moreover, if the converse holds, i.e., (ii) implies (i), then we say that the function class
Fi has a tight interpolation condition.

(b) Similarly, for each i ∈ Iop, suppose that there exists a finite set Oop
i , matrices

(∀o ∈ Oop
i ) Mop

(i,o) ∈ S2ni,o ,

and, depending on
¯
k, k̄ ∈ J0, KK such that

¯
k ≤ k̄, index sets

(∀o ∈ Oop
i ) J ¯

k,k̄
i,o ⊆ ((J1, m̄iK× J

¯
k, k̄K) ∪ {(⋆, ⋆)} )ni,o

such that (i) implies (ii) below:

(i) There exists an operator Gi ∈ Gi such that

(∀(j, k) ∈ (J1, m̄iK× J
¯
k, k̄K) ∪ {(⋆, ⋆)} ) uk

i,j ∈ Gi(yk
i,j).

(ii) It holds that

(∀o ∈ Oop
i )(∀((j1, k1), . . . , (jni,o , kni,o )) ∈ J ¯

k,k̄
i,o )

Q(Mop
(i,o), (yk1

i,j1 , . . . , y
kni,o

i,jni,o
, uk1

i,j1 , . . . , u
kni,o

i,jni,o
)) ≤ 0.

Moreover, if the converse holds, i.e., (ii) implies (i), then we say that the operator class
Gi has a tight interpolation condition.

Examples of interpolation conditions for some function and operator classes are
provided in Appendix A.

We are now ready to state the main theoretical result.

Theorem 6.8
Suppose that Assumption 6.7 holds, let (PEP)⋆ be the optimal value of (PEP), and
consider the matrices defined in (6.4) to (6.9). A sufficient condition for (PEP)⋆ ≤ 0 is
that the following system ∀i ∈ Ifunc

∀o ∈ Ofunc-ineq
i

∀((j1, k1), . . . , (jni,o , kni,o )) ∈ J ¯
k,k̄
i,o

 λfunc-ineq
(i,j1,k1,...,jni,o

,kni,o
,o) ≥ 0,
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Paper II ∀i ∈ Ifunc

∀o ∈ Ofunc-eq
i

∀((j1, k1), . . . , (jni,o , kni,o )) ∈ J ¯
k,k̄
i,o

 νfunc-eq
(i,j1,k1,...,jni,o

,kni,o
,o) ∈ R,

 ∀i ∈ Ifunc
∀o ∈ Oop

i

∀((j1, k1), . . . , (jni,o , kni,o )) ∈ J ¯
k,k̄
i,o

 λop
(i,j1,k1,...,jni,o

,kni,o
,o) ≥ 0,

−W +
∑

i∈Ifunc
o∈Ofunc-ineq

i

((j1,k1),...,(jni,o
,kni,o

))∈J ¯
k,k̄

i,o

λfunc-ineq
(i,j1,k1,...,jni,o

,kni,o
,o)W ¯

k, k̄, func-ineq
(i,j1,k1,...,jni,o

,kni,o
,o)

+
∑

i∈Ifunc
o∈Ofunc-eq

i

((j1,k1),...,(jni,o
,kni,o

))∈J ¯
k,k̄

i,o

νfunc-eq
(i,j1,k1,...,jni,o

,kni,o
,o)W ¯

k, k̄, func-eq
(i,j1,k1,...,jni,o

,kni,o
,o) (D-PEP)

+
∑

i∈Iop
o∈Oop

i

((j1,k1),...,(jni,o
,kni,o

))∈J ¯
k,k̄

i,o

λop
(i,j1,k1,...,jni,o

,kni,o
,o)W ¯

k, k̄, op
(i,j1,k1,...,jni,o

,kni,o
,o) ⪰ 0,

− w +
∑

i∈Ifunc
o∈Ofunc-ineq

i

((j1,k1),...,(jni,o
,kni,o

))∈J ¯
k,k̄

i,o

λfunc-ineq
(i,j1,k1,...,jni,o

,kni,o
,o)F ¯

k, k̄, func-ineq
(i,j1,k1,...,jni,o

,kni,o
,o)

+
∑

i∈Ifunc
o∈Ofunc-eq

i

((j1,k1),...,(jni,o
,kni,o

))∈J ¯
k,k̄

i,o

νfunc-eq
(i,j1,k1,...,jni,o

,kni,o
,o)F ¯

k, k̄, func-eq
(i,j1,k1,...,jni,o

,kni,o
,o) = 0,

is feasible for the scalars

λfunc-ineq
(i,j1,k1,...,jni,o

,kni,o
,o),

νfunc-eq
(i,j1,k1,...,jni,o

,kni,o
,o),

λop
(i,j1,k1,...,jni,o

,kni,o
,o),

where

W ¯
k, k̄, func-ineq
(i,j1,k1,...,jni,o

,kni,o
,o) = (E¯

k,k̄

(i,j1,k1,...,jni,o
,kni,o

))
⊤

M func-ineq
(i,o) E¯

k,k̄

(i,j1,k1,...,jni,o
,kni,o

)

∈Sn+(k̄−
¯
k+1)m̄+m

,

(6.10)
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W ¯
k, k̄, func-eq
(i,j1,k1,...,jni,o

,kni,o
,o) = (E¯

k,k̄

(i,j1,k1,...,jni,o
,kni,o

))
⊤

M func-eq
(i,o) E¯

k,k̄

(i,j1,k1,...,jni,o
,kni,o

)

∈Sn+(k̄−
¯
k+1)m̄+m

, (6.11)

W ¯
k, k̄, op
(i,j1,k1,...,jni,o

,kni,o
,o) = (E¯

k,k̄

(i,j1,k1,...,jni,o
,kni,o

))
⊤

Mop
(i,o)E¯

k,k̄

(i,j1,k1,...,jni,o
,kni,o

)

∈Sn+(k̄−
¯
k+1)m̄+m

, (6.12)

F ¯
k, k̄, func-ineq
(i,j1,k1,...,jni,o

,kni,o
,o) =

[
(F ¯

k,k̄

(i,j1,k1))
⊤
· · · (F ¯

k,k̄

(i,jni,o
,kni,o

))
⊤]

afunc-ineq
(i,o)

∈R(k̄−
¯
k+1)m̄func+mfunc

, (6.13)

F ¯
k, k̄, func-eq
(i,j1,k1,...,jni,o

,kni,o
,o) =

[
(F ¯

k,k̄

(i,j1,k1))
⊤
· · · (F ¯

k,k̄

(i,jni,o
,kni,o

))
⊤]

afunc-eq
(i,o)

∈R(k̄−
¯
k+1)m̄func+mfunc

, (6.14)

E¯
k,k̄

(i,j1,k1,...,jni,o
,kni,o

) =



P(i,j1)Y ¯
k,k̄

k1
...

P(i,jni,o
)Y ¯

k,k̄

kni,o

P(i,j1)U¯
k,k̄

k1
...

P(i,jni,o
)U¯

k,k̄

kni,o


.

∈R2ni,o×(n+(k̄−
¯
k+1)m̄+m)

(6.15)

Furthermore, if the interpolation conditions for (Fi)i∈Ifunc
and (Gi)i∈Iop

are tight,
dimH ≥ n + (k̄ −

¯
k + 1)m̄ + m, and there exists G ∈ Sn+(k̄−

¯
k+1)m̄+m

++ and χ ∈
R(k̄−

¯
k+1)m̄func+mfunc such that ∀i ∈ Ifunc

∀o ∈ Ofunc-ineq
i

∀((j1, k1), . . . , (jni,o , kni,o )) ∈ J ¯
k,k̄
i,o

 χ⊤F ¯
k, k̄, func-ineq
(i,j1,k1,...,jni,o

,kni,o
,o)

+ trace(W ¯
k, k̄, func-ineq
(i,j1,k1,...,jni,o

,kni,o
,o)G) ≤ 0, ∀i ∈ Ifunc

∀o ∈ Ofunc-eq
i

∀((j1, k1), . . . , (jni,o , kni,o )) ∈ J ¯
k,k̄
i,o

 χ⊤F ¯
k, k̄, func-eq
(i,j1,k1,...,jni,o

,kni,o
,o)

+ trace(W ¯
k, k̄, func-eq
(i,j1,k1,...,jni,o

,kni,o
,o)G) = 0, ∀i ∈ Ifunc

∀o ∈ Oop
i

∀((j1, k1), . . . , (jni,o , kni,o )) ∈ J ¯
k,k̄
i,o

 trace(W ¯
k, k̄, op
(i,j1,k1,...,jni,o

,kni,o
,o)G) ≤ 0,

then the feasibility of (D-PEP) is a necessary condition for (PEP)⋆ ≤ 0.
Proof. We prove Theorem 6.8 in a sequence of steps:

Formulating a primal semidefinite program. Note that

u⋆ =
{

0 if m = 1,

(N ⊗ Id)û⋆ if m ≥ 2,
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for N given in (6.2). Moreover, back substitution gives

x¯
k+1 = (A

¯
k ⊗ Id)x¯

k + (B
¯
k ⊗ Id)u¯

k,

(∀k ∈ J
¯
k + 2, k̄ + 1K) xk = (Ak−1 · · ·A

¯
k ⊗ Id)x¯

k

+
k−2∑
i=

¯
k

(Ak−1 · · ·Ai+1Bi ⊗ Id)ui

+ (Bk−1 ⊗ Id)uk−1.

Thus, the constraints of (PEP) can equivalently be written as

x¯
k ∈ Hn,

y¯
k = (C

¯
k ⊗ Id)x¯

k + (D
¯
k ⊗ Id)u¯

k,

y¯
k+1 = (C

¯
k+1A

¯
k ⊗ Id)x¯

k + (C
¯
k+1B

¯
k ⊗ Id)u¯

k + (D
¯
k+1 ⊗ Id)u¯

k+1,

for each k ∈ J
¯
k + 2, k̄K

yk = (CkAk−1 · · ·A
¯
k ⊗ Id)x¯

k +
k−2∑
i=

¯
k

(CkAk−1 · · ·Ai+1Bi ⊗ Id)ui

+ (CkBk−1 ⊗ Id)uk−1 + (Dk ⊗ Id)uk,

end
for each k ∈ J

¯
k, k̄K

uk = (uk
1 , . . . , uk

m) ∈
m∏

i=1

Hm̄i ,

yk = (yk
1 , . . . , yk

m) ∈
m∏

i=1

Hm̄i ,

(uk
i )i∈Ifunc

∈
∏

i∈Ifunc

∂fi(yk
i ),

(uk
i )i∈Iop

∈
∏

i∈Iop

Gi(yk
i ),

F k = (fi(yk
i ))i∈Ifunc

∈ Rm̄func ,

end

u⋆ = (u⋆
1, . . . , u⋆

m) =
{

0 if m = 1,

(N ⊗ Id)û⋆ if m ≥ 2, where û⋆ ∈ Hm−1,

y⋆ ∈ H,

(u⋆
i )i∈Ifunc

∈
∏

i∈Ifunc

∂fi(y⋆),

(u⋆
i )i∈Iop

∈
∏

i∈Iop

Gi(y⋆),
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F ⋆ = (fi(y⋆))i∈Ifunc
∈ Rmfunc ,

(fi)i∈Ifunc
∈
∏

i∈Ifunc

Fi,

(Gi)i∈Iop
∈
∏

i∈Iop

Gi,

or equivalently

for each i ∈ Ifunc

for each j ∈ J1, m̄iK

for each k ∈ J
¯
k, k̄K

(P(i,j)U¯
k,k̄

k ⊗ Id)ζ ∈ ∂fi((P(i,j)Y ¯
k,k̄

k ⊗ Id)ζ),

F ¯
k,k̄

(i,j,k)χ = fi((P(i,j)Y ¯
k,k̄

k ⊗ Id)ζ),
end

end

(P(i,⋆)U¯
k,k̄
⋆ ⊗ Id)ζ ∈ ∂fi((P(i,⋆)Y ¯

k,k̄
⋆ ⊗ Id)ζ),

F ¯
k,k̄

(i,⋆,⋆)χ = fi((P(i,⋆)Y ¯
k,k̄

⋆ ⊗ Id)ζ),
fi ∈ Fi,

end
for each i ∈ Iop (6.16)

for each j ∈ J1, m̄iK

for each k ∈ J
¯
k, k̄K

(P(i,j)U¯
k,k̄

k ⊗ Id)ζ ∈ Gi((P(i,j)Y ¯
k,k̄

k ⊗ Id)ζ),
end

end

(P(i,⋆)U¯
k,k̄
⋆ ⊗ Id)ζ ∈ Gi((P(i,⋆)Y ¯

k,k̄
⋆ ⊗ Id)ζ),

Gi ∈ Gi,

end

ζ = (x¯
k, u¯

k, . . . , uk̄, û⋆, y⋆) ∈ Hn × (
k̄∏

i=
¯
k

Hm̄)×Hm−1 ×H,

χ = (F ¯
k, . . . , F k̄, F ⋆) ∈ R(k̄−

¯
k+1)m̄func+mfunc ,

where we have used (6.4), (6.5), (6.6), (6.7), (6.8), and (6.9). Using Assumption 6.7, we
get the following relaxation (equivalent representation if the interpolation conditions for
(Fi)i∈Ifunc

and (Gi)i∈Iop
are tight) of (6.16):

for each i ∈ Ifunc

for each o ∈ Ofunc-ineq
i
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for each ((j1, k1), . . . , (jni,o , kni,o )) ∈ J ¯
k,k̄
i,o

(F ¯
k, k̄, func-ineq
(i,j1,k1,...,jni,o

,kni,o
,o))

⊤
χ

+Q(M func-ineq
(i,o) , (E¯

k,k̄

(i,j1,k1,...,jni,o
,kni,o

) ⊗ Id)ζ) ≤ 0,

end
end
for each o ∈ Ofunc-eq

i

for each ((j1, k1), . . . , (jni,o , kni,o )) ∈ J ¯
k,k̄
i,o

(F ¯
k, k̄, func-eq
(i,j1,k1,...,jni,o

,kni,o
,o))

⊤
χ

+Q(M func-eq
(i,o) , (E¯

k,k̄

(i,j1,k1,...,jni,o
,kni,o

) ⊗ Id)ζ) = 0, (6.17)

end
end

end
for each i ∈ Iop

for each o ∈ Oop
i

for each ((j1, k1), . . . , (jni,o , kni,o )) ∈ J ¯
k,k̄
i,o

Q(Mop
(i,o), (E¯

k,k̄

(i,j1,k1,...,jni,o
,kni,o

) ⊗ Id)ζ) ≤ 0,

end
end

end

ζ ∈ Hn+(k̄−
¯
k+1)m̄+m,

χ ∈ R(k̄−
¯
k+1)m̄func+mfunc ,

where we have used (6.13), (6.14), and (6.15). If we use (6.10), (6.11), and (6.12), the
constraints in (6.17) can equivalently be written as

for each i ∈ Ifunc

for each o ∈ Ofunc-ineq
i

for each ((j1, k1), . . . , (jni,o , kni,o )) ∈ J ¯
k,k̄
i,o

(F ¯
k, k̄, func-ineq
(i,j1,k1,...,jni,o

,kni,o
,o))

⊤
χ

+ trace(W ¯
k, k̄, func-ineq
(i,j1,k1,...,jni,o

,kni,o
,o)G(ζ)) ≤ 0,

end
end
for each o ∈ Ofunc-eq

i
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for each ((j1, k1), . . . , (jni,o , kni,o )) ∈ J ¯
k,k̄
i,o

(F ¯
k, k̄, func-eq
(i,j1,k1,...,jni,o

,kni,o
,o))

⊤
χ

+ trace(W ¯
k, k̄, func-eq
(i,j1,k1,...,jni,o

,kni,o
,o)G(ζ)) = 0, (6.18)

end
end

end
for each i ∈ Iop

for each o ∈ Oop
i

for each ((j1, k1), . . . , (jni,o , kni,o )) ∈ J ¯
k,k̄
i,o

trace(W ¯
k, k̄, op
(i,j1,k1,...,jni,o

,kni,o
,o)G(ζ)) ≤ 0,

end
end

end

ζ ∈ Hn+(k̄−
¯
k+1)m̄+m,

χ ∈ R(k̄−
¯
k+1)m̄func+mfunc .

Next, we consider the objective function of (PEP). It can be written as

Q(W, (x¯
k, u¯

k, . . . , uk̄, û⋆, y⋆)) + w⊤(F ¯
k, . . . , F k̄, F ⋆)

= trace(W G(ζ)) + w⊤χ.

If we combine this observation about the objective function of (PEP) with the (possibly
relaxed) constraints in (6.18), we conclude that a (possibly relaxed) version of (PEP) can
be written as

maximize trace(W G(ζ)) + w⊤χ

subject to for each i ∈ Ifunc

for each o ∈ Ofunc-ineq
i

for each ((j1, k1), . . . , (jni,o , kni,o )) ∈ J ¯
k,k̄
i,o

(F ¯
k, k̄, func-ineq
(i,j1,k1,...,jni,o

,kni,o
,o))

⊤
χ

+ trace(W ¯
k, k̄, func-ineq
(i,j1,k1,...,jni,o

,kni,o
,o)G(ζ)) ≤ 0,

end
end
for each o ∈ Ofunc-eq

i

for each ((j1, k1), . . . , (jni,o , kni,o )) ∈ J ¯
k,k̄
i,o

(F ¯
k, k̄, func-eq
(i,j1,k1,...,jni,o

,kni,o
,o))

⊤
χ
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+ trace(W ¯
k, k̄, func-eq
(i,j1,k1,...,jni,o

,kni,o
,o)G(ζ)) = 0, (6.19)

end
end

end
for each i ∈ Iop

for each o ∈ Oop
i

for each ((j1, k1), . . . , (jni,o , kni,o )) ∈ J ¯
k,k̄
i,o

trace(W ¯
k, k̄, op
(i,j1,k1,...,jni,o

,kni,o
,o)G(ζ)) ≤ 0,

end
end

end

ζ ∈ Hn+(k̄−
¯
k+1)m̄+m,

χ ∈ R(k̄−
¯
k+1)m̄func+mfunc .

The problem

maximize trace(W G) + w⊤χ

subject to for each i ∈ Ifunc

for each o ∈ Ofunc-ineq
i

for each ((j1, k1), . . . , (jni,o , kni,o )) ∈ J ¯
k,k̄
i,o

(F ¯
k, k̄, func-ineq
(i,j1,k1,...,jni,o

,kni,o
,o))

⊤
χ

+ trace(W ¯
k, k̄, func-ineq
(i,j1,k1,...,jni,o

,kni,o
,o)G) ≤ 0, (6.20a)

end
end
for each o ∈ Ofunc-eq

i

for each ((j1, k1), . . . , (jni,o , kni,o )) ∈ J ¯
k,k̄
i,o

(F ¯
k, k̄, func-eq
(i,j1,k1,...,jni,o

,kni,o
,o))

⊤
χ

+ trace(W ¯
k, k̄, func-eq
(i,j1,k1,...,jni,o

,kni,o
,o)G) = 0, (6.20b)

end
end

end
for each i ∈ Iop

for each o ∈ Oop
i

for each ((j1, k1), . . . , (jni,o , kni,o )) ∈ J ¯
k,k̄
i,o
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trace(W ¯
k, k̄, op
(i,j1,k1,...,jni,o

,kni,o
,o)G) ≤ 0, (6.20c)

end
end

end

G ∈ Sn+(k̄−
¯
k+1)m̄+m

+ ,

χ ∈ R(k̄−
¯
k+1)m̄func+mfunc .

is a relaxation of (6.19), and therefore, has optimal value greater or equal to (PEP)⋆.
We will make use of the following fact: If dimH ≥ k, then G ∈ Sk

+ if and only if there
exists z ∈ Hk such that G = G(z). [34, Lemma 3.1] shows the result for the case k = 4 and
is based on the Cholesky decomposition of positive semidefinite matrices. The general case
is a straightforward extension. This fact implies that if dimH ≥ n + (k̄ −

¯
k + 1)m̄ + m,

then (6.20) has optimal value equal to (6.19). Note that (6.20) is a convex semidefinite
program.

Dual problem. For (6.20a), (6.20b), and (6.20c), we introduce corresponding dual variables

λfunc-ineq
(i,j1,k1,...,jni,o

,kni,o
,o) ≥ 0,

νfunc-in
(i,j1,k1,...,jni,o

,kni,o
,o) ∈ R,

λop
(i,j1,k1,...,jni,o

,kni,o
,o) ≥ 0,

respectively. With this, the objective function of the Lagrange dual problem of (6.20)
becomes

sup
G∈Sn+(k̄−

¯
k+1)m̄+m

+

trace


 W

−
∑

i∈Ifunc
o∈Ofunc-ineq

i

((j1,k1),...,(jni,o
,kni,o

))∈J ¯
k,k̄

i,o

λfunc-ineq
(i,j1,k1,...,jni,o

,kni,o
,o)W ¯

k, k̄, func-ineq
(i,j1,k1,...,jni,o

,kni,o
,o)

−
∑

i∈Ifunc
o∈Ofunc-eq

i

((j1,k1),...,(jni,o
,kni,o

))∈J ¯
k,k̄

i,o

νfunc-eq
(i,j1,k1,...,jni,o

,kni,o
,o)W ¯

k, k̄, func-eq
(i,j1,k1,...,jni,o

,kni,o
,o)

−
∑

i∈Iop
o∈Oop

i

((j1,k1),...,(jni,o
,kni,o

))∈J ¯
k,k̄

i,o

λop
(i,j1,k1,...,jni,o

,kni,o
,o)W ¯

k, k̄, op
(i,j1,k1,...,jni,o

,kni,o
,o)

G


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+ sup
χ∈R(k̄−

¯
k+1)m̄func+mfunc

 w

−
∑

i∈Ifunc
o∈Ofunc-ineq

i

((j1,k1),...,(jni,o
,kni,o

))∈J ¯
k,k̄

i,o

λfunc-ineq
(i,j1,k1,...,jni,o

,kni,o
,o)F ¯

k, k̄, func-ineq
(i,j1,k1,...,jni,o

,kni,o
,o)

−
∑

i∈Ifunc
o∈Ofunc-eq

i

((j1,k1),...,(jni,o
,kni,o

))∈J ¯
k,k̄

i,o

νfunc-eq
(i,j1,k1,...,jni,o

,kni,o
,o)F ¯

k, k̄, func-eq
(i,j1,k1,...,jni,o

,kni,o
,o)


⊤

χ.

Since the dual problem is a minimization problem over the dual variables, we conclude
that it can be written as

minimize 0

subject to for each i ∈ Ifunc

for each o ∈ Ofunc-ineq
i

for each ((j1, k1), . . . , (jni,o , kni,o )) ∈ J ¯
k,k̄
i,o

λfunc-ineq
(i,j1,k1,...,jni,o

,kni,o
,o) ≥ 0,

end
end
for each o ∈ Ofunc-eq

i

for each ((j1, k1), . . . , (jni,o , kni,o )) ∈ J ¯
k,k̄
i,o

νfunc-eq
(i,j1,k1,...,jni,o

,kni,o
,o) ∈ R,

end
end

end
for each i ∈ Iop

for each o ∈ Oop
i

for each ((j1, k1), . . . , (jni,o , kni,o )) ∈ J ¯
k,k̄
i,o

λop
(i,j1,k1,...,jni,o

,kni,o
,o) ≥ 0,

end
end

end (6.21)
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−W +
∑

i∈Ifunc
o∈Ofunc-ineq

i

((j1,k1),...,(jni,o
,kni,o

))∈J ¯
k,k̄

i,o

λfunc-ineq
(i,j1,k1,...,jni,o

,kni,o
,o)W ¯

k, k̄, func-ineq
(i,j1,k1,...,jni,o

,kni,o
,o)

+
∑

i∈Ifunc
o∈Ofunc-eq

i

((j1,k1),...,(jni,o
,kni,o

))∈J ¯
k,k̄

i,o

νfunc-eq
(i,j1,k1,...,jni,o

,kni,o
,o)W ¯

k, k̄, func-eq
(i,j1,k1,...,jni,o

,kni,o
,o)

+
∑

i∈Iop
o∈Oop

i

((j1,k1),...,(jni,o
,kni,o

))∈J ¯
k,k̄

i,o

λop
(i,j1,k1,...,jni,o

,kni,o
,o)W ¯

k, k̄, op
(i,j1,k1,...,jni,o

,kni,o
,o) ⪰ 0,

− w +
∑

i∈Ifunc
o∈Ofunc-ineq

i

((j1,k1),...,(jni,o
,kni,o

))∈J ¯
k,k̄

i,o

λfunc-ineq
(i,j1,k1,...,jni,o

,kni,o
,o)F ¯

k, k̄, func-ineq
(i,j1,k1,...,jni,o

,kni,o
,o)

+
∑

i∈Ifunc
o∈Ofunc-eq

i

((j1,k1),...,(jni,o
,kni,o

))∈J ¯
k,k̄

i,o

νfunc-eq
(i,j1,k1,...,jni,o

,kni,o
,o)F ¯

k, k̄, func-eq
(i,j1,k1,...,jni,o

,kni,o
,o) = 0.2

which is a feasibility problem. Since (6.21) is the dual of (6.20), we conclude that if (6.21)
is feasible, then (PEP)⋆ ≤ 0.

Next, suppose that the primal problem (6.20) has a Slater point, i.e., there exists G ∈
Sn+(k̄−

¯
k+1)m̄+m

++ and χ ∈ R(k̄−
¯
k+1)m̄func+mfunc such that (6.20a), (6.20b), and (6.20c) hold.

Then there is no duality gap, i.e., strong duality holds, between the primal problem (6.20)
and the dual problem (6.21).

This concludes the proof.

6.3 Automated iteration-independent analysis
This section provides a necessary and sufficient condition, in terms of the feasibility of a
semidefinite program, for the existence of a quadratic Lyapunov inequality in the sense of
Definition 4.1.
Theorem 6.9
Suppose that Assumption 3.1, Assumption 6.7, and (4.1) hold, ρ ∈ [0, 1] is a contraction
factor, h ∈ N0 is a history parameter, and α ∈ N0 is an overlap parameter. Let P ∈
Sn+(h+1)m̄+m and p ∈ R(h+1)m̄func+mfunc such that

(∀k ∈ N0) V(P, p, k) ≥ 0,

where V is defined in (4.3), and T ∈ Sn+(h+α+2)m̄+m and t ∈ R(h+α+2)m̄func+mfunc such
that

(∀k ∈ N0) R(T, t, k) ≥ 0,
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where R is defined in (4.4). Then a sufficient condition for there to exists (Q, q, S, s) that
satisfies a (P, p, T, t, ρ, h, α)-quadratic Lyapunov inequality for algorithm (3.2) over the
problem class defined by (Fi)i∈Ifunc

and (Gi)i∈Iop
(see Definition 4.1 and recall that (C4)

is optional and may be omitted) is that the following system of constraints

for each cond ∈ {C1, C2, C3, C4} ∀i ∈ Ifunc

∀o ∈ Ofunc-ineq
i

∀((j1, k1), . . . , (jni,o , kni,o )) ∈ J 0,k̄cond
i,o

 λfunc-ineq, cond
(i,j1,k1,...,jni,o

,kni,o
,o) ≥ 0, (6.22a)

 ∀i ∈ Ifunc

∀o ∈ Ofunc-eq
i

∀((j1, k1), . . . , (jni,o , kni,o )) ∈ J 0,k̄cond
i,o

 νfunc-eq, cond
(i,j1,k1,...,jni,o

,kni,o
,o) ∈ R,

(6.22b) ∀i ∈ Ifunc
∀o ∈ Oop

i

∀((j1, k1), . . . , (jni,o , kni,o )) ∈ J 0,k̄cond
i,o

 λop, cond
(i,j1,k1,...,jni,o

,kni,o
,o) ≥ 0, (6.22c)

−W cond +
∑

i∈Ifunc
o∈Ofunc-ineq

i

((j1,k1),...,(jni,o
,kni,o

))∈J 0,k̄cond
i,o

λfunc-ineq, cond
(i,j1,k1,...,jni,o

,kni,o
,o)W

0, k̄cond, func-ineq
(i,j1,k1,...,jni,o

,kni,o
,o)

+
∑

i∈Ifunc
o∈Ofunc-eq

i

((j1,k1),...,(jni,o
,kni,o

))∈J 0,k̄cond
i,o

νfunc-eq, cond
(i,j1,k1,...,jni,o

,kni,o
,o)W

0, k̄cond, func-eq
(i,j1,k1,...,jni,o

,kni,o
,o)

+
∑

i∈Iop
o∈Oop

i

((j1,k1),...,(jni,o
,kni,o

))∈J 0,k̄cond
i,o

λop, cond
(i,j1,k1,...,jni,o

,kni,o
,o)W

0, k̄cond, op
(i,j1,k1,...,jni,o

,kni,o
,o) ⪰ 0,

(6.22d)

− wcond +
∑

i∈Ifunc
o∈Ofunc-ineq

i

((j1,k1),...,(jni,o
,kni,o

))∈J 0,k̄cond
i,o

λfunc-ineq, cond
(i,j1,k1,...,jni,o

,kni,o
,o)F

0, k̄cond, func-ineq
(i,j1,k1,...,jni,o

,kni,o
,o)

+
∑

i∈Ifunc
o∈Ofunc-eq

i

((j1,k1),...,(jni,o
,kni,o

))∈J 0,k̄cond
i,o

νfunc-eq, cond
(i,j1,k1,...,jni,o

,kni,o
,o)F

0, k̄cond, func-eq
(i,j1,k1,...,jni,o

,kni,o
,o) = 0,

(6.22e)
end

Q ∈ Sn+(h+1)m̄+m, (6.22f)
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q ∈ R(h+1)m̄func+mfunc , (6.22g)

S ∈ Sn+(h+α+2)m̄+m, (6.22h)

s ∈ R(h+α+2)m̄func+mfunc (6.22i)
is feasible for the scalars

λfunc-ineq, cond
(i,j1,k1,...,jni,o

,kni,o
,o),

νfunc-eq, cond
(i,j1,k1,...,jni,o

,kni,o
,o),

λop, cond
(i,j1,k1,...,jni,o

,kni,o
,o),

the matrices Q and S, and the vectors q and s, where

W C1 = (ΘC1
1 )⊤

QΘC1
1 − ρ(ΘC1

0 )⊤
QΘC1

0 + S, (6.23)

wC1 = (θC1
1 − ρθC1

0 )⊤
q + s, (6.24)

W C2 = P −Q, (6.25)
wC2 = p− q, (6.26)

W C3 = T − S, (6.27)
wC3 = t− s, (6.28)

W C4 = (ΘC4
1 )⊤

SΘC4
1 − (ΘC4

0 )⊤
SΘC4

0 , (6.29)

wC4 = (θC4
1 − θC4

0 )⊤
s, (6.30)

k̄cond =

 h + α + 1 if cond ∈ {C1, C3} ,

h if cond ∈ {C2} ,

h + α + 2 if cond ∈ {C4} ,

and

ΘC1
0 =

[
In+(h+1)m̄ 0(n+(h+1)m̄)×(α+1)m̄ 0(n+(h+1)m̄)×m

0m×(n+(h+1)m̄) 0m×(α+1)m̄ Im

]
∈R(n+(h+1)m̄+m)×(n+(h+α+2)m̄+m)

, (6.31)

θC1
0 =

[
I(h+1)m̄func 0(h+1)m̄func×(α+1)m̄func 0(h+1)m̄func×mfunc

0mfunc×(h+1)m̄func 0mfunc×(α+1)m̄func Imfunc

]
∈R((h+1)m̄func+mfunc)×((h+α+2)m̄func+mfunc)

, (6.32)

ΘC1
1 =

[
X0,h+α+1

α+1
0((h+1)m̄+m)×(n+(α+1)m̄) I(h+1)m̄+m

]
∈R(n+(h+1)m̄+m)×(n+(h+α+2)m̄+m)

, (6.33)

θC1
1 =

[
0((h+1)m̄func+mfunc)×(α+1)m̄func I(h+1)m̄func+mfunc

]
∈R((h+1)m̄func+mfunc)×((h+α+2)m̄func+mfunc)

, (6.34)

ΘC4
0 =

[
In+(h+α+2)m̄ 0(n+(h+α+2)m̄)×m̄ 0(n+(h+α+2)m̄)×m

0m×(n+(h+α+2)m̄) 0m×m̄ Im

]
∈R(n+(h+α+2)m̄+m)×(n+(h+α+3)m̄+m)

, (6.35)
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θC4
0 =

[
I(h+α+2)m̄func 0(h+α+2)m̄func×m̄func 0(h+α+2)m̄func×mfunc

0mfunc×(h+α+2)m̄func 0mfunc×m̄func Imfunc

]
∈R((h+α+2)m̄func+mfunc)×((h+α+3)m̄func+mfunc)

, (6.36)

ΘC4
1 =

[
X0,h+α+2

1
0((h+α+2)m̄+m)×(n+m̄) I(h+α+2)m̄+m

]
∈R(n+(h+α+2)m̄+m)×(n+(h+α+3)m̄+m)

, (6.37)

θC4
1 =

[
0((h+α+2)m̄func+mfunc)×m̄func I(h+α+2)m̄func+mfunc

]
∈R((h+α+2)m̄func+mfunc)×((h+α+3)m̄func+mfunc)

. (6.38)

Furthermore, if the interpolation conditions for (Fi)i∈Ifunc
and (Gi)i∈Iop

are tight,

for each cond ∈ {C1, C2, C3, C4}
dimH ≥ n + (k̄cond + 1)m̄ + m,

end

and there exists

for each cond ∈ {C1, C2, C3, C4}

Gcond ∈ Sn+(k̄cond+1)m̄+m
++ ,

χcond ∈ R(k̄cond+1)m̄func+mfunc ,

end

such that

for each cond ∈ {C1, C2, C3, C4} ∀i ∈ Ifunc

∀o ∈ Ofunc-ineq
i

∀((j1, k1), . . . , (jni,o , kni,o )) ∈ J 0,k̄cond
i,o

 χ⊤
condF 0, k̄cond, func-ineq

(i,j1,k1,...,jni,o
,kni,o

,o)

+ trace(W 0, k̄cond, func-ineq
(i,j1,k1,...,jni,o

,kni,o
,o)Gcond) ≤ 0, ∀i ∈ Ifunc

∀o ∈ Ofunc-eq
i

∀((j1, k1), . . . , (jni,o , kni,o )) ∈ J 0,k̄cond
i,o

 χ⊤
condF 0, k̄cond, func-eq

(i,j1,k1,...,jni,o
,kni,o

,o)

+ trace(W 0, k̄cond, func-eq
(i,j1,k1,...,jni,o

,kni,o
,o)Gcond) = 0, ∀i ∈ Ifunc

∀o ∈ Oop
i

∀((j1, k1), . . . , (jni,o , kni,o )) ∈ J 0,k̄cond
i,o

 trace(W 0, k̄cond, op
(i,j1,k1,...,jni,o

,kni,o
,o)Gcond) ≤ 0,

end

then (6.22) is also a necessary condition.

Proof. By induction, we only need to consider the case k = 0 in (C1) to (C4). Additionally,
note that

(x0, u0, . . . , uh, û⋆, y⋆) = (ΘC1
0 ⊗ Id)(x0, u0, . . . , uh+α+1, û⋆, y⋆),

(F 0, . . . , F h, F ⋆) = θC1
0 (F 0, . . . , F h+α+1, F ⋆),
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(xα+1, uα+1, . . . , uh+α+1, û⋆, y⋆) = (ΘC1
1 ⊗ Id)(x0, u0, . . . , uh+α+1, û⋆, y⋆),

(F α+1, . . . , F h+α+1, F ⋆) = θC1
1 (F 0, . . . , F h+α+1, F ⋆),

(x0, u0, . . . , uh+α+1, û⋆, y⋆) = (ΘC4
0 ⊗ Id)(x0, u0, . . . , uh+α+2, û⋆, y⋆),

(F 0, . . . , F h+α+1, F ⋆) = θC4
0 (F 0, . . . , F h+α+2, F ⋆),

(x1, u1, . . . , uh+α+2, û⋆, y⋆) = (ΘC4
1 ⊗ Id)(x0, u0, . . . , uh+α+2, û⋆, y⋆),

(F 1, . . . , F h+α+2, F ⋆) = θC4
1 (F 0, . . . , F h+α+2, F ⋆),

where we have used (6.31), (6.32), (6.33), (6.34), (6.35), (6.36), (6.37), and (6.38), respec-
tively.

First, suppose that the parameters (Q, q, S, s) are fixed. Note that

V(Q, q, α + 1)− ρV(Q, q, 0) +R(S, s, 0)
= Q(Q, (xα+1, uα+1, . . . , uh+α+1, û⋆, y⋆))

+ q⊤(F α+1, . . . , F h+α+1, F ⋆)
− ρQ(Q, (x0, u0, . . . , uh, û⋆, y⋆))
− ρq⊤(F 0, . . . , F h, F ⋆)
+Q(S, (x0, u0, . . . , uh+α+1, û⋆, y⋆))
+ s⊤(F 0, . . . , F h+α+1, F ⋆)

= Q((ΘC1
1 )⊤

QΘC1
1 − ρ(ΘC1

0 )⊤
QΘC1

0 + S, (x0, u0, . . . , uh+α+1, û⋆, y⋆))
+ (q⊤(θC1

1 − ρθC1
0 ) + s⊤)(F 0, . . . , F h+α+1, F ⋆)

= Q(W C1, (x0, u0, . . . , uh+α+1, û⋆, y⋆))

+ (wC1)⊤(F 0, . . . , F h+α+1, F ⋆) (6.39)

where (6.23) and (6.24) are used in the last equality. Therefore, using (6.39) as the
objective function in (PEP), Theorem 6.8 gives that (6.22), with cond = C1, is a sufficient
condition for (C1). Note that

V(P, p, 0)− V(Q, q, 0)
= Q(P −Q, (x0, u0, . . . , uh, û⋆, y⋆))

+ (p− q)⊤(F 0, . . . , F h, F ⋆)
= Q(W C2, (x0, u0, . . . , uh, û⋆, y⋆))

+ (wC2)⊤(F 0, . . . , F h, F ⋆) (6.40)

where (6.25) and (6.26) is used in the last equality. Therefore, using the (6.40) as the
objective function in (PEP), Theorem 6.8 gives that (6.22), with cond = C2, is a sufficient

111



Paper II

condition for (C2). Note that

R(T, t, 0)−R(S, s, 0)
= Q(T − S, (x0, u0, . . . , uh+α+1, û⋆, y⋆))

+ (t− s)⊤(F 0, . . . , F h+α+1, F ⋆)
= Q(W C3, (x0, u0, . . . , uh+α+1, û⋆, y⋆))

+ (wC3)⊤(F 0, . . . , F h+α+1, F ⋆) (6.41)

where (6.27) and (6.28) is used in the last equality. Therefore, using the (6.41) as the
objective function in (PEP), Theorem 6.8 gives that (6.22), with cond = C3, is a sufficient
condition for (C3). Note that

R(S, s, 1)−R(S, s, 0)
= Q(S, (x1, u1, . . . , uh+α+2, û⋆, y⋆))

+ s⊤(F 1, . . . , F h+α+2, F ⋆)
−Q(S, (x0, u0, . . . , uh+α+1, û⋆, y⋆))
− s⊤(F 0, . . . , F h+α+1, F ⋆)

= Q((ΘC4
1 )⊤

SΘC4
1 − (ΘC4

0 )⊤
SΘC4

0 , (x0, u0, . . . , uh+α+2, û⋆, y⋆))
+ (s⊤(θC4

1 − θC4
0 ))(F 0, . . . , F h+α+2, F ⋆)

= Q(W C4, (x0, u0, . . . , uh+α+2, û⋆, y⋆))

+ (wC4)⊤(F 0, . . . , F h+α+2, F ⋆) (6.42)

where (6.29) and (6.30) is used in the last equality. Therefore, using the (6.42) as the
objective function in (PEP), Theorem 6.8 gives that (6.22), with cond = C4, is a sufficient
condition for (C4).

Second, note that the proof is complete if we let the parameters (Q, q, S, s) free, as
in (6.22f) to (6.22i). 2

6.3.1 Linear convergence
The class LinearConvergence, accessible through IterationIndependent as a class attribute,
contains helper functions for creating parameters (P, p, T, t) in Definition 4.1 in Section 4.1.
In particular, in the case of linear convergence, recall that the lower bound (V(P, p, k))k∈N0
is the relevant quality, and we can simply set the other lower bound (R(T, t, k))k∈N0

to
zero by choosing T = 0 and t = 0. Setting this second lower bound to zero provides the
greatest flexibility when analyzing linear convergence.

We provide examples of these helper functions below, and use the notation given in
(6.2) to (6.9).

Distance to solution. The method below returns
P = (P(i,j)Y

0,h
τ − P(i,⋆)Y

0,h
⋆ )⊤(P(i,j)Y

0,h
τ − P(i,⋆)Y

0,h
⋆ ),

p = 0,

T = 0,

t = 0,

(6.43)
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where τ ∈ J0, hK, j ∈ J1, m̄iK, and i ∈ Ifunc ∪ Iop. This gives

V(P, p, k) = ∥yk+τ
i,j − y⋆∥2,

which measures the squared distance to the solution.

1 class L i n e a r C o n v e r g e n c e :
2 @ s t a t i c m e t h o d
3 def g e t _ p a r a m e t e r s _ d i s t a n c e _ t o _ s o l u t i o n (
4 algo : Type [ Algorithm ] ,
5 h : int = 0 ,
6 alpha : int = 0 ,
7 i : int = 1 ,
8 j : int = 1 ,
9 tau : int = 0

10 ) -> Union [
11 Tuple [ np . ndarray , np . ndarray ] ,
12 Tuple [ np . ndarray , np . ndarray , np . ndarray , np . ndarray ]
13 ]:
14 # Returns (P, T ) in (6.43) when Ifunc = ∅, otherwise (P, p, T, t).
15 # ... ( omitted for brevity ) ...

Function-value suboptimality. The method below requires m = mfunc = 1 and returns
P = 0,

p = (F 0,h
(1,j,τ) − F 0,h

(1,⋆,⋆))
⊤

,

T = 0,

t = 0,

(6.44)

where τ ∈ J0, hK and j ∈ J1, m̄1K. This gives

V(P, p, k) = f1(yk+τ
1,j )− f1(y⋆),

which is a measure of function-value suboptimality.

1 class L i n e a r C o n v e r g e n c e :
2 @ s t a t i c m e t h o d
3 def g e t _ p a r a m e t e r s _ f u n c t i o n _ v a l u e _ s u b o p t i m a l i t y (
4 algo : Type [ Algorithm ] ,
5 h : int = 0 ,
6 alpha : int = 0 ,
7 j : int = 1 ,
8 tau : int = 0
9 ) -> Tuple [ np . ndarray , np . ndarray , np . ndarray , np . ndarray ]:

10 # Returns (P, p, T, t) in (6.44).
11 # ... ( omitted for brevity ) ...

6.3.2 Sublinear convergence
The class SublinearConvergence, accessible through IterationIndependent as a class attribute,
contains helper functions for creating parameters (P, p, T, t) in Definition 4.1 in Sec-
tion 4.1. In particular, in the case of sublinear convergence, recall that the lower bound
(R(T, t, k))k∈N0

is the relevant quality, and we can simply set the other lower bound
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(V(P, p, k))k∈N0
to zero by choosing P = 0 and p = 0. Setting this second lower bound to

zero provides the greatest flexibility when analyzing sublinear convergence.
We provide examples of these helper functions below, and use the notation given in

(6.2) to (6.9).

An optimality measure. The method below returns

P = 0,

p = 0,

T =


(P(1,1)U

0,h+α+1
τ )⊤

P(1,1)U
0,h+α+1
τ if m = 1,

(
∑m

i=1 P(i,1)U
0,h+α+1
τ )⊤∑m

i=1 P(i,1)U
0,h+α+1
τ

+
∑m

i=2 ((P(1,1) − P(i,1))Y 0,h+α+1
τ )⊤((P(1,1) − P(i,1))Y 0,h+α+1

τ ) if m > 1,

t = 0,
(6.45)

where τ ∈ J0, h + α + 1K. This gives

R(T, t, k) =
{
∥uk+τ

1,1 ∥
2 if m = 1,

∥
∑m

i=1 uk+τ
i,1 ∥

2 +
∑m

i=2∥y
k+τ
1,1 − yk+τ

i,1 ∥
2 if m > 1,

which is an optimality measure for the inclusion problem (3.1).

1 class S u b l i n e a r C o n v e r g e n c e :
2 @ s t a t i c m e t h o d
3 def g e t _ p a r a m e t e r s _ o p t i m a l i t y _ m e a s u r e (
4 algo : Type [ Algorithm ] ,
5 h : int = 0 ,
6 alpha : int = 0 ,
7 tau : int = 0
8 ) -> Union [
9 Tuple [ np . ndarray , np . ndarray ] ,

10 Tuple [ np . ndarray , np . ndarray , np . ndarray , np . ndarray ]
11 ]:
12 # Returns (P, T ) in (6.45) when Ifunc = ∅, otherwise (P, p, T, t).
13 # ... ( omitted for brevity ) ...

Fixed-point residual. The method below returns
P = 0,

p = 0,

T = (X0,h+α+1
τ+1 −X0,h+α+1

τ )⊤(X0,h+α+1
τ+1 −X0,h+α+1

τ ),
t = 0,

(6.46)

where τ ∈ J0, h + α + 1K. This gives

R(T, t, k) = ∥xk+τ+1 − xk+τ∥2,

i.e., the squared norm of the fixed-point residual of (3.2).
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1 class S u b l i n e a r C o n v e r g e n c e :
2 @ s t a t i c m e t h o d
3 def g e t _ p a r a m e t e r s _ f i x e d _ p o i n t _ r e s i d u a l (
4 algo : Type [ Algorithm ] ,
5 h : int = 0 ,
6 alpha : int = 0 ,
7 tau : int = 0
8 ) -> Union [
9 Tuple [ np . ndarray , np . ndarray ] ,

10 Tuple [ np . ndarray , np . ndarray , np . ndarray , np . ndarray ]
11 ]:
12 # Returns (P, T ) in (6.46) when Ifunc = ∅, otherwise (P, p, T, t).
13 # ... ( omitted for brevity ) ...

Function-value suboptimality. The method below requires m = mfunc = 1 and returns
P = 0,

p = 0,

T = 0,

t = (F 0,h+α+1
(1,j,τ) − F 0,h+α+1

(1,⋆,⋆) )⊤
,

(6.47)

where τ ∈ J0, h + α + 1K and j ∈ J1, m̄1K. This gives

R(T, t, k) = f1(yk+τ
1,j )− f1(y⋆),

which is a measure of function-value suboptimality.

1 class S u b l i n e a r C o n v e r g e n c e :
2 @ s t a t i c m e t h o d
3 def g e t _ p a r a m e t e r s _ f u n c t i o n _ v a l u e _ s u b o p t i m a l i t y (
4 algo : Type [ Algorithm ] ,
5 h : int = 0 ,
6 alpha : int = 0 ,
7 j : int = 1 ,
8 tau : int = 0
9 ) -> Tuple [ np . ndarray , np . ndarray , np . ndarray , np . ndarray ]:

10 # Returns (P, p, T, t) in (6.47).
11 # ... ( omitted for brevity ) ...

6.4 Automated iteration-dependent analysis
This section provides a necessary and sufficient condition, in terms of the feasibility of a
semidefinite program, for the existence of chained quadratic Lyapunov inequalities in the
sense of Definition 4.2 in Section 4.2.
Theorem 6.10
Suppose that Assumptions 3.1 and 6.7 hold with K ∈ N, Q0, QK ∈ Sn+m̄+m, and
q0, qk ∈ Rm̄func+mfunc . Then a sufficient condition for there to exists ((Qk, qk))K−1

k=1 and
c such that ((Qk, qk))K

k=0 and c satisfies a length K sequence of chained Lyapunov in-
equalies for algorithm (3.2) over the problem class defined by (Fi)i∈Ifunc

and (Gi)i∈Iop

(see Definition 4.2) is that the following system of constraints

for each k ∈ J0, K − 1K
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Paper II ∀i ∈ Ifunc

∀o ∈ Ofunc-ineq
i

∀((j1, k1), . . . , (jni,o , kni,o )) ∈ J k,k+1
i,o

 λfunc-ineq, k
(i,j1,k1,...,jni,o

,kni,o
,o) ≥ 0, (6.48a)

 ∀i ∈ Ifunc

∀o ∈ Ofunc-eq
i

∀((j1, k1), . . . , (jni,o , kni,o )) ∈ J k,k+1
i,o

 νfunc-eq, k
(i,j1,k1,...,jni,o

,kni,o
,o) ∈ R, (6.48b)

( ∀i ∈ Ifunc
∀o ∈ Oop

i

∀((j1, k1), . . . , (jni,o , kni,o )) ∈ J k,k+1
i,o

)
λop, k

(i,j1,k1,...,jni,o
,kni,o

,o) ≥ 0, (6.48c)

−Wk +
∑

i∈Ifunc
o∈Ofunc-ineq

i

((j1,k1),...,(jni,o
,kni,o

))∈J k,k+1
i,o

λfunc-ineq, k
(i,j1,k1,...,jni,o

,kni,o
,o)W

k, k+1, func-ineq
(i,j1,k1,...,jni,o

,kni,o
,o)

+
∑

i∈Ifunc
o∈Ofunc-eq

i

((j1,k1),...,(jni,o
,kni,o

))∈J k,k+1
i,o

νfunc-eq, k
(i,j1,k1,...,jni,o

,kni,o
,o)W

k, k+1, func-eq
(i,j1,k1,...,jni,o

,kni,o
,o)

+
∑

i∈Iop
o∈Oop

i

((j1,k1),...,(jni,o
,kni,o

))∈J k,k+1
i,o

λop, k
(i,j1,k1,...,jni,o

,kni,o
,o)W

k, k+1, op
(i,j1,k1,...,jni,o

,kni,o
,o) ⪰ 0,

(6.48d)

− wk +
∑

i∈Ifunc
o∈Ofunc-ineq

i

((j1,k1),...,(jni,o
,kni,o

))∈J k,k+1
i,o

λfunc-ineq, k
(i,j1,k1,...,jni,o

,kni,o
,o)F

k, k+1, func-ineq
(i,j1,k1,...,jni,o

,kni,o
,o)

+
∑

i∈Ifunc
o∈Ofunc-eq

i

((j1,k1),...,(jni,o
,kni,o

))∈J k,k+1
i,o

νfunc-eq, k
(i,j1,k1,...,jni,o

,kni,o
,o)F

k, k+1, func-eq
(i,j1,k1,...,jni,o

,kni,o
,o) = 0,

(6.48e)
end
(∀k ∈ J1, K − 1K) Qk ∈ Sn+m̄+m, (6.48f)
(∀k ∈ J1, K − 1K) qk ∈ Rm̄func+mfunc , (6.48g)
c ∈ R+, (6.48h)
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is feasible for the scalars

λfunc-ineq, k
(i,j1,k1,...,jni,o

,kni,o
,o),

νfunc-eq, k
(i,j1,k1,...,jni,o

,kni,o
,o),

λop, k
(i,j1,k1,...,jni,o

,kni,o
,o),

the matrices and vectors ((Qk, qk))K−1
k=1 , and the scalar c, where we have introduced

W0 = (Θ(0)
1 )

⊤
Q1Θ(0)

1 − cΘ⊤
0 Q0Θ0, (6.49)

w0 = θ⊤
1 q1 − cθ⊤

0 q0, (6.50)

(∀k ∈ J1, K − 1K) Wk = (Θ(k)
1 )

⊤
Qk+1Θ(k)

1 −Θ⊤
0 QkΘ0, (6.51)

(∀k ∈ J1, K − 1K) wk = θ⊤
1 qk+1 − θ⊤

0 qk, (6.52)

and

Θ0 =
[

In+m̄ 0(n+m̄)×m̄ 0(n+m̄)×m

0m×(n+m̄) 0m×m̄ Im

]
∈R(n+m̄+m)×(n+2m̄+m)

, (6.53)

θ0 =
[

Im̄func 0m̄func×m̄func 0m̄func×mfunc
0mfunc×m̄func 0mfunc×m̄func Imfunc

]
∈R(m̄func+mfunc)×(2m̄func+mfunc)

, (6.54)

(∀k ∈ J0, K − 1K) Θ(k)
1 =

[
Xk,k+1

k+1
0(m̄+m)×(n+m̄) Im̄+m

]
∈R(n+m̄+m)×(n+2m̄+m)

, (6.55)

θ1 =
[
0(m̄func+mfunc)×m̄func Im̄func+mfunc

]
∈R(m̄func+mfunc)×(2m̄func+mfunc)

. (6.56)

Furthermore, if the interpolation conditions for (Fi)i∈Ifunc
and (Gi)i∈Iop

are tight,
dimH ≥ n + 2m̄ + m, and there exists

(∀k ∈ J0, K − 1K)
[

Gk ∈ Sn+2m̄+m
++ ,

χk ∈ R2m̄func+mfunc ,

such that

for each k ∈ J0, K − 1K ∀i ∈ Ifunc

∀o ∈ Ofunc-ineq
i

∀((j1, k1), . . . , (jni,o , kni,o )) ∈ J k,k+1
i,o

 χ⊤
k F k, k+1, func-ineq

(i,j1,k1,...,jni,o
,kni,o

,o)

+ trace(W k, k+1, func-ineq
(i,j1,k1,...,jni,o

,kni,o
,o)Gk) ≤ 0, ∀i ∈ Ifunc

∀o ∈ Ofunc-eq
i

∀((j1, k1), . . . , (jni,o , kni,o )) ∈ J k,k+1
i,o

 χ⊤
k F k, k+1, func-eq

(i,j1,k1,...,jni,o
,kni,o

,o)

+ trace(W k, k+1, func-eq
(i,j1,k1,...,jni,o

,kni,o
,o)Gk) = 0,
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∀o ∈ Oop

i

∀((j1, k1), . . . , (jni,o , kni,o )) ∈ J k,k+1
i,o

)
trace(W k, k+1, op

(i,j1,k1,...,jni,o
,kni,o

,o)Gk) ≤ 0,

end

then (6.48) is also a necessary condition.

Proof. Note that

(xk, uk, û⋆, y⋆) = (Θ0 ⊗ Id)(xk, uk, uk+1, û⋆, y⋆),
(F k, F ⋆) = θ0(F k, F k+1, F ⋆),

(xk+1, uk+1, û⋆, y⋆) = (Θ(k)
1 ⊗ Id)(xk, uk, uk+1, û⋆, y⋆),

(F k+1, F ⋆) = θ1(F k, F k+1, F ⋆),

where we have used (6.53), (6.54), (6.55), and (6.56), respectively.
First, suppose that the parameters ((Qk, qk))K−1

k=1 and c are fixed and consider (V(k))K
k=0

in (4.5). Note that

V(1)− cV(0)

= Q((Θ(0)
1 )

⊤
Q1Θ(0)

1 − cΘ⊤
0 Q0Θ0, (x0, u0, u1, û⋆, y⋆))

+ (q⊤
1 θ1 − cq⊤

0 θ0)(F 0, F 1, F ⋆)
= Q(W0, (x0, u0, u1, û⋆, y⋆)) + w⊤

0 (F 0, F 1, F ⋆) (6.57)

where (6.49) and (6.50) is used in the last equality. Therefore, using the (6.57) as the
objective function in (PEP), Theorem 6.8 gives that (6.48), with k = 0, is a sufficient
condition for the inequality V(1) ≤ cV(0).

For k ∈ J1, K − 1K, note that

V(k + 1)− V(k)
= Q(Qk+1, (xk+1, uk+1, û⋆, y⋆)) + q⊤

k+1(F k+1, F ⋆)
−Q(Qk, (xk, uk, û⋆, y⋆))− q⊤

k (F k, F ⋆)

= Q((Θ(k)
1 )

⊤
Qk+1Θ(k)

1 −Θ⊤
0 QkΘ0, (xk, uk, uk+1, û⋆, y⋆))

+ (q⊤
k+1θ1 − q⊤

k θ0)(F k, F k+1, F ⋆)
= Q(Wk, (xk, uk, uk+1, û⋆, y⋆)) + w⊤

k (F k, F k+1, F ⋆) (6.58)

where (6.51) and (6.52) is used in the last equality. Therefore, using the (6.58) as the
objective function in (PEP), Theorem 6.8 gives that (6.48), constrained to this particular
k, is a sufficient condition for the inequality V(k + 1) ≤ V(k).

Second, note that the proof is complete if we let the parameters ((Qk, qk))K−1
k=1 and c

free, as in (6.48f), (6.48g), and (6.48h). 2

6.4.1 Selecting initial and final Lyapunov functions
The class IterationDependent contains helper functions for creating matrices ((Qk, qk))K

k=0
that parameterize (V(k))K

k=0 in Definition 4.2 in Section 4.2. We provide examples of
these helper functions below, and use the notation given in (6.2) to (6.9).
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Function-value suboptimality. The method below requires m = mfunc = 1 and returns[
Qk = 0,

qk = (F k,k
(1,j,k) − F k,k

(1,⋆,⋆))
⊤

,
(6.59)

where k ∈ J0, KK and j ∈ J1, m̄iK. This gives

V(k) = f1(yk
1,j)− f1(y⋆),

which is a measure of function-value suboptimality.

1 class I t e r a t i o n D e p e n d e n t :
2 @ s t a t i c m e t h o d
3 def g e t _ p a r a m e t e r s _ f u n c t i o n _ v a l u e _ s u b o p t i m a l i t y (
4 algo : Type [ Algorithm ] ,
5 k : int ,
6 j : int = 1
7 ) -> Tuple [ np . ndarray , np . ndarray ]:
8 # Returns (Qk, qk) in (6.59).
9 # ... ( omitted for brevity ) ...

Distance to solution. The method below returns[
Qk = (P(i,j)Y

k,k
k − P(i,⋆)Y

k,k
⋆ )⊤(P(i,j)Y

k,k
k − P(i,⋆)Y

k,k
⋆ ),

qk = 0,
(6.60)

where k ∈ J0, KK, j ∈ J1, m̄iK, and i ∈ Ifunc ∪ Iop. This gives

V(k) = ∥yk
i,j − y⋆∥2,

which measures the squared distance to the solution.

1 class I t e r a t i o n D e p e n d e n t :
2 @ s t a t i c m e t h o d
3 def g e t _ p a r a m e t e r s _ d i s t a n c e _ t o _ s o l u t i o n (
4 algo : Type [ Algorithm ] ,
5 k : int ,
6 i : int = 1 ,
7 j : int = 1
8 ) -> Union [ np . ndarray , Tuple [ np . ndarray , np . ndarray ]]:
9 # Returns Qk in (6.60) when Ifunc = ∅, otherwise (Qk, qk).

10 # ... ( omitted for brevity ) ...

Fixed-point residual. The method below returns[
Qk = (Xk,k

k+1 −Xk,k
k )⊤(Xk,k

k+1 −Xk,k
k ),

qk = 0,
(6.61)

where k ∈ J0, KK. This gives

V(k) = ∥xk+1 − xk∥2,

i.e., the squared norm of the fixed-point residual of (3.2).
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1 class I t e r a t i o n D e p e n d e n t :
2 @ s t a t i c m e t h o d
3 def g e t _ p a r a m e t e r s _ f i x e d _ p o i n t _ r e s i d u a l (
4 algo : Type [ Algorithm ] ,
5 k : int
6 ) -> Union [ np . ndarray , Tuple [ np . ndarray , np . ndarray ]]:
7 # Returns Qk in (6.61) when Ifunc = ∅, otherwise (Qk, qk).
8 # ... ( omitted for brevity ) ...

An optimality measure. The method below returnsQk =


(P(1,1)U

k,k
k )⊤

P(1,1)U
k,k
k if m = 1,

(
∑m

i=1 P(i,1)U
k,k
k )⊤∑m

i=1 P(i,1)U
k,k
k

+
∑m

i=2 ((P(1,1) − P(i,1))Y k,k
k )⊤((P(1,1) − P(i,1))Y k,k

k ) if m > 1,

qk = 0,

(6.62)

where k ∈ J0, KK. This gives

V(k) =
{
∥uk

1,1∥2 if m = 1,

∥
∑m

i=1 uk
i,1∥2 +

∑m

i=2∥y
k
1,1 − yk

i,1∥2 if m > 1,

which is an optimality measure for the inclusion problem (3.1).

1 class I t e r a t i o n D e p e n d e n t :
2 @ s t a t i c m e t h o d
3 def g e t _ p a r a m e t e r s _ o p t i m a l i t y _ m e a s u r e (
4 algo : Type [ Algorithm ] ,
5 k : int
6 ) -> Union [ np . ndarray , Tuple [ np . ndarray , np . ndarray ]]:
7 # Returns Qk in (6.62) when Ifunc = ∅, otherwise (Qk, qk).
8 # ... ( omitted for brevity ) ...

7. Conclusion

This paper introduced AutoLyap, a Python package designed to automate Lyapunov
analyses for first-order methods via semidefinite programming. It simplifies the derivation
and verification of convergence guarantees for structured optimization and inclusion
problems.

AutoLyap is structured to facilitate community involvement, allowing researchers
to extend the framework and collaboratively improve its capabilities. We mention two
relevant directions for future development.

(i) The allowable classes of interpolation conditions in Assumption 6.7 are quite general
and allow for integrating new and improved interpolation conditions developed over
time (see, e.g., [27, 33] for recent efforts in this direction).

(ii) The algorithm representation (3.2) can be extended to allow for more types of
oracles (including, e.g., Frank–Wolfe-type oracles [39], Bregman-type oracles [12],
or approximate oracles with explicit error bounds [4]).
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Appendix A: Interpolation conditions

This section contains some examples of interpolation conditions in the sense of Assump-
tion 6.7 in Section 6.2 that are used in AutoLyap. Below, we give the generic versions
of the interpolation conditions, and the precise translation to fit Assumption 6.7 is
done in the InclusionProblem class and the function and operator classes found in the
autolyap.problemclass module of AutoLyap, as discussed in Section 3.1.

A.1 Smooth and (strongly/weakly) convex functions
Proposition A.1 ([40, Theorem 4], [32, Theorem 3.1])
Let −∞ < µ < L ≤ +∞, L > 0, and {(yi, Fi, ui)}i∈J be a finite family of triplets in
H× R×H indexed by J . Then the following are equivalent:

(i) There exists f ∈ Fµ,L(H) such that

(∀i ∈ J )
[

f(yi) = Fi,

ui ∈ ∂f(yi).

(ii) It holds that

(∀i, j ∈ J ) Fi ≥ Fj + ⟨uj , yi − yj⟩+ µ

2 ∥yi − yj∥2

+ 1
2(L− µ)∥ui − uj − µ(yi − yj)∥2,

where 1
2(L−µ) is interpreted as 0 in the case L = +∞.

Note that condition (ii) in Proposition A.1 can be written as

(∀i, j ∈ J ) a⊤
[

Fi

Fj

]
+Q(M, (yi, yj , ui, uj)) ≤ 0,

where a⊤ =
[
−1 1

]
and

M =



1
2(L− µ)


µL −µL −µ L

−µL µL µ −L

−µ µ 1 −1
L −L −1 1

 if L <∞,

1
2


µ −µ 0 1
−µ µ 0 −1
0 0 0 0
1 −1 0 0

 if L = +∞.

In particular, the function class Fµ,L(H) has a tight interpolation condition that fits
Assumption 6.7.
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A.2 Gradient-dominated functions (Łojasiewicz)
Let µgd ∈ R++ and {(yi, Fi, ui)}i∈J be a finite family of triplets in H× R×H indexed
by J such that ⋆ ∈ J and u⋆ = 0.

Suppose that there exists a µgd-gradient dominated f : H → R such that

(∀i ∈ J )
[

f(yi) = Fi,

ui ∈ ∂f(yi).

Then it is clear that

(∀i ∈ J ) 0 ≤ Fi − F⋆ ≤
1

2µgd
∥ui∥2. (A.1)

Note that (A.1) can be written as(
∀i ∈ J
∀o ∈ {1, 2}

)
a⊤

(o)

[
Fi

F⋆

]
+Q(M(o), (yi, y⋆, ui, u⋆)) ≤ 0,

where

a(1) =
[
−1
1

]
and M(1) =

0 0 0 0
0 0 0 0
0 0 0 0
0 0 0 0

 ,

and

a(2) =
[

1
−1

]
and M(2) = 1

2µgd

0 0 0 0
0 0 0 0
0 0 −1 0
0 0 0 0

 .

In particular, this function class has an interpolation condition that fits Assumption 6.7.
This is the version presently implemented in GradientDominated; it may be extended or
revised in future updates.

A.3 Maximally monotone operators
Proposition A.2 ([5, Theorem 20.21])
Let {(yi, ui)} i∈J be a family of couples in H×H indexed by J . Then the following are
equivalent:

(i) There exists a maximally monotone operator G : H⇒ H such that

(∀i ∈ J ) ui ∈ G(yi).

(ii) It holds that

(∀i, j ∈ J ) ⟨ui − uj , yi − yj⟩ ≥ 0.
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Note that condition (ii) in Proposition A.2 can be written as

(∀i, j ∈ J ) Q(M, (yi, yj , ui, uj)) ≤ 0

where

M = 1
2

 0 0 −1 1
0 0 1 −1
−1 1 0 0
1 −1 0 0

 .

In particular, this operator class has a tight interpolation condition that fits Assump-
tion 6.7.

A.4 Strongly monotone operators
Proposition A.3 ([34, Proposition 1])
Let µ ∈ R++ and {(yi, ui)} i∈J be a family of couples in H×H indexed by J . Then the
following are equivalent:

(i) There exists a µ-strongly and maximally monotone operator G : H⇒ H such that

(∀i ∈ J ) ui ∈ G(yi).

(ii) It holds that

(∀i, j ∈ J ) ⟨ui − uj , yi − yj⟩ ≥ µ∥yi − yj∥2.

Note that condition (ii) in Proposition A.3 can be written as

(∀i, j ∈ J ) Q(M, (yi, yj , ui, uj)) ≤ 0,

where

M = 1
2

 2µ −2µ −1 1
−2µ 2µ 1 −1
−1 1 0 0
1 −1 0 0

 .

In particular, this operator class has a tight interpolation condition that fits Assump-
tion 6.7.

A.5 Lipschitz continuous operators
Proposition A.4 (Kirszbraun–Valentine Theorem [22, 43, 44])
Let L ∈ R++ and {(yi, ui)} i∈J be a family of couples in H×H indexed by J . Then the
following are equivalent:

(i) There exists a L-Lipschitz continuous operator G : H → H such that

(∀i ∈ J ) ui ∈ G(yi).

(ii) It holds that

(∀i, j ∈ J ) ∥ui − uj∥ ≤ L∥yi − yj∥.
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Note that condition (ii) in Proposition A.4 can be written as

(∀i, j ∈ J ) Q(M, (yi, yj , ui, uj)) ≤ 0,

where

M =

−L2 L2 0 0
L2 −L2 0 0
0 0 1 −1
0 0 −1 1

 .

In particular, this operator class has a tight interpolation condition that fits Assump-
tion 6.7.

A.6 Cocoercive operators
Proposition A.5 ([34, Proposition 2])
Let β ∈ R++ and {(yi, ui)} i∈J be a family of couples in H×H indexed by J . Then the
following are equivalent:

(i) There exists a β-cocoercive operator G : H → H such that

(∀i ∈ J ) ui ∈ G(yi).

(ii) It holds that

(∀i, j ∈ J ) ⟨ui − uj , yi − yj⟩ ≥ β∥ui − uj∥2.

Note that condition (ii) in Proposition A.5 can be written as

(∀i, j ∈ J ) Q(M, (yi, yj , ui, uj)) ≤ 0,

where

M = 1
2

 0 0 −1 1
0 0 1 −1
−1 1 2β −2β
1 −1 −2β 2β

 .

In particular, this operator class has a tight interpolation condition that fits Assump-
tion 6.7.
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Paper III

The Chambolle–Pock method converges weakly with θ > 1/2
and τσ∥L∥2 < 4/(1 + 2θ)

Sebastian Banert Manu Upadhyaya Pontus Giselsson

Abstract

The Chambolle–Pock method is a versatile three-parameter algorithm designed to
solve a broad class of composite convex optimization problems, which encompass
two proper, lower semicontinuous, and convex functions, along with a linear operator
L. The functions are accessed via their proximal operators, while the linear operator
is evaluated in a forward manner. Among the three algorithm parameters τ , σ, and
θ; τ, σ > 0 serve as step sizes for the proximal operators, and θ is an extrapolation
step parameter. Previous convergence results have been based on the assumption
that θ = 1. We demonstrate that weak convergence is achievable whenever θ > 1/2
and τσ∥L∥2 < 4/(1 + 2θ). Moreover, we establish tightness of the step size bound by
providing an example that is nonconvergent whenever the second bound is violated.

Keywords. Chambolle–Pock, convex optimization, first-order methods
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1. The Chambolle–Pock method

The Chambolle–Pock method [2], also known as the primal-dual hybrid gradient method,
solves convex-concave saddle-point problems of the form

minimize
x∈H

maximize
y∈G

f(x) + ⟨Lx, y⟩ − g∗(y), (1.1)

where f : H → R ∪ {+∞} and g : G → R ∪ {+∞} are proper, convex, and lower semi-
continuous functions, g∗ is the convex conjugate of g, L : H → G is a nonzero bounded
linear operator, and H and G are real Hilbert spaces. This is a primal-dual formulation of
the primal composite optimization problem

minimize
x∈H

f(x) + g(Lx). (1.2)

We assume that (1.1) has at least one solution (x⋆, y⋆) ∈ H × G that satisfies the
Karush–Kuhn–Tucker (KKT) condition

−L∗y⋆ ∈ ∂f(x⋆), (1.3a)
Lx⋆ ∈ ∂g∗(y⋆). (1.3b)

The Chambolle–Pock method searches for such KKT points by iterating

xk+1 = proxτf (xk − τL∗yk), (1.4a)
yk+1 = proxσg∗ (yk + σL(xk+1 + θ(xk+1 − xk))), (1.4b)

where each function’s proximal operators, the linear operator L and its adjoint L∗ are
evaluated once each in every iteration.

This algorithm is guaranteed to converge to a solution whenever θ = 1 and the
positive step size parameters τ and σ satisfy τσ∥L∥2 < 1 as shown in the original work
[2, Theorem 1], where ∥L∥ is the operator norm. It was soon thereafter realized in [6]
that for θ = 1, the algorithm is an instance of the preconditioned proximal point method,
applied to a specific maximally monotone inclusion problem, with a strongly positive
and symmetric preconditioner. Strong positivity of the preconditioner is lost for θ = 1
whenever τσ∥L∥2 ≥ 1, disabling analysis via the standard preconditioned proximal point
method. In [3], sequence convergence with τσ∥L∥2 ≤ 1 is established using a modified
proximal point analysis and in [8, 11], convergence to a solution is established for the wider
range τσ∥L∥2 < 4/3. All these results are in finite-dimensional settings and assume θ = 1.
A modification of the Chambolle–Pock method, which relies on symmetric preconditioning
and permits larger values of τσ∥L∥2, was presented in [5].

The symmetry of the proximal point preconditioner is lost whenever θ ̸= 1. Non-
symmetric proximal point iterates are often augmented with different types of correction
steps such as projection or momentum correction as in [4, 6, 7, 9] to form convergent
algorithms. To the best of our knowledge, no convergence results exist for the pure
Chambolle–Pock method, without additional correction, when θ ̸= 1.

The contribution of this paper lies in establishing, in infinite dimensional Hilbert
spaces, ergodic O(1/n) primal-dual gap convergence whenever θ ≥ 1/2,

τσ∥L∥2 ≤ 4
1 + 2θ

, (1.5)

and one of these inequalities holds strictly, as well as weak convergence to a solution
whenever both these inequalities are strict. The analysis is based on a Lyapunov inequality
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that has been derived with the aid of the methodology in [10]. The type of Lyapunov
function that we are using is, to the best of our knowledge, novel and unrelated to the
status of the algorithm as a preconditioned proximal point algorithm. We also establish
tightness of the step size bound by providing an example of which sequence convergence
is lost whenever

τσ∥L∥2 ≥ 4
1 + 2θ

. (1.6)

2. Preliminaries

Throughout this paper, H and G denote real Hilbert spaces. All norms ∥·∥ are canonical
norms where the inner product will be clear from the context. Suppose that f : H →
R ∪ {+∞} is a proper, convex, and lower semicontinuous function. The subdifferential of
f at a point x ∈ H is defined as

∂f(x) = {y ∈ H | ∀z ∈ H, f(z) ≥ f(x) + ⟨y, z − x⟩} . (2.1)

The proximal point of f at x ∈ H with step size τ > 0 is given by

proxτf (x) = argmin
y∈H

(
f(y) + 1

2τ
∥y − x∥2

)
,

which is uniquely defined. If x, p ∈ H, we have from [1, Section 24.1] that

p = proxτf (x) if and only if 1
τ

(x− p) ∈ ∂f(p) (2.2)

and

f(proxτf (x)) <∞. (2.3)

Moreover, the convex conjugate of f , denoted f∗ : H → R∪ {+∞} , is the proper, convex,
and lower semicontinuous function given by f∗(u) = supx∈H (⟨u, x⟩ − f(x)) for each
u ∈ H.

3. Main results

Our convergence results are derived under the following assumption.
Assumption 3.1
Assume that

i) f : H → R∪ {+∞} and g : G → R∪ {+∞} are proper, convex, and lower semicon-
tinuous,

ii) L : H → G is a nonzero bounded linear operator, and

iii) there exists at least one point (x⋆, y⋆) ∈ H × G such that both inclusions in (1.3)
hold.
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One of our results concerns a primal-dual gap, which we introduce next. The function
given by

L(x, y) = f(x) + ⟨y, Lx⟩ − g∗(y)

is the Lagrangian function associated with (1.1). Given a saddle point (x⋆, y⋆) ∈ H× G
satisfying the KKT condition (1.3), we define the primal-dual gap function Dx⋆,y⋆ :
H× G → R ∪ {+∞} as

Dx⋆,y⋆ (x, y) = L(x, y⋆)− L(x⋆, y) (3.1)

for each x, y ∈ H × G. It is straightforward to verify that Dx⋆,y⋆ (x, y) ≥ 0 for each
x, y ∈ H×G and it will serve as a replacement for function-value suboptimality. Our first
main result shows O(1/K) ergodic convergence for this primal-dual gap.
Theorem 3.2 (Ergodic convergence rate)
Suppose that Assumption 3.1 holds. Let (x⋆, y⋆) ∈ H× G be an arbitrary point satisfying
(1.3), let (xk)∞

k=0 and (yk)∞
k=0 be generated by (1.4) with θ ≥ 1/2 and τ, σ > 0 satisfying

τσ∥L∥2 ≤ 4/(1 + 2θ) and arbitrary (x0, y0) ∈ H× G. Further, suppose that at least one
of θ ≥ 1/2 and τσ∥L∥2 ≤ 4/(1 + 2θ) holds with strict inequality. Let x̄K = (

∑K

k=1 xk)/K

and ȳK = (
∑K

k=1 yk)/K. Then for each positive integer K, the ergodic duality gap
Dx⋆,y⋆ (x̄K , ȳK) converges as O(1/K).

Our second main result shows weak sequence convergence.
Theorem 3.3 (Weak convergence)
Suppose that Assumption 3.1 holds. Let (xk)∞

k=0 and (yk)∞
k=0 be generated by (1.4) with

θ > 1/2 and τ, σ > 0 satisfying τσ∥L∥2 < 4/(1 + 2θ) and arbitrary (x0, y0) ∈ H × G.
Then (xk, yk) ⇀ (x⋆, y⋆) for some KKT point (x⋆, y⋆) ∈ H× G satisfying (1.3).

Note that Theorem 3.2 allows for equality in τσ∥L∥2 ≤ 4/(1 + 2θ), while Theorem 3.3
requires strict inequality.

The remainder of the paper is devoted to proving these results and giving a tightness
guarantee for Theorem 3.3. In Section 4, we introduce two lemmas, which subsequently
find their application in Section 5, where our Lyapunov analysis is presented. Section 6
proves Theorems 3.2 and 3.3 while Section 7 provides an example for which the sequence
fails to converge whenever τσ∥L∥2 ≥ 4/(1 + 2θ), implying that Theorem 3.3 is tight in
this sense. Finally, Section 8 shows that ∥xk+2−xk∥ → 0 on the boundary of the step-size
condition, i.e., whenever τσ∥L∥2 = 4/(1 + 2θ).

4. Two lemmas

Our Lyapunov analysis entails evaluating the primal-dual gap function Dx⋆,y⋆ at points
generated by the algorithm. To this end, we introduce the following definition.
Definition 4.1
Suppose that Assumption 3.1 holds. Let the sequences (xk)∞

k=0 and (yk)∞
k=0 be generated

by (1.4) for some initial point (x0, y0) ∈ H × G, and let (x⋆, y⋆) ∈ H × G satisfy (1.3).
Then we define the sequences (Fk)∞

k=0 and (Gk)∞
k=0 by

Fk = f(xk+1)− f(x⋆) + ⟨L∗y⋆, xk+1 − x⋆⟩
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and

Gk = g∗(yk+1)− g∗(y⋆)− ⟨Lx⋆, yk+1 − y⋆⟩,

respectively.
Next, we present two lemmas concerning Fk and Gk.
Lemma 4.2
Suppose that (Fk)∞

k=0 and (Gk)∞
k=0 are given as in Definition 4.1. Then

i) Fk, Gk ≥ 0,
ii) Fk + Gk <∞, and

iii) Fk + Gk = Dx⋆,y⋆ (xk+1, yk+1).
Proof. i) By (2.1) and (1.3a), we get that

f(xk+1) ≥ f(x⋆)− ⟨L∗y⋆, xk+1 − x⋆⟩,

which implies that Fk is nonnegative. By (2.1) and (1.3b), we get that

g∗(yk+1) ≥ g∗(y⋆) + ⟨Lx⋆, yk+1 − y⋆⟩,

which implies that Gk is nonnegative.
ii) By (2.3) and (1.3), we conclude that all terms defining Fk and Gk are finite. Hence

Fk + Gk <∞.
iii) We have

Fk + Gk

= f(xk+1) + ⟨y⋆, Lxk+1⟩ − g∗(y⋆)− (f(x⋆) + ⟨yk+1, Lx⋆⟩ − g∗(yk+1))
= L(xk+1, y⋆)− L(x⋆, yk+1). 2

We call Fk + Gk a primal-dual gap at iteration k. Note that the primal-dual gap depends
on the particular choice of KKT point (x⋆, y⋆) and our analysis is valid for each such
choice.

Before introducing the next lemma related to Fk and Gk, we conclude, using (2.2),
that the iterative procedure in (1.4) is equivalent to the following set of inclusions:

1
τ

(xk − xk+1)− L∗yk ∈ ∂f(xk+1), (4.1)

1
σ

(yk − yk+1) + L(xk+1 + θ(xk+1 − xk)) ∈ ∂g∗(yk+1). (4.2)

Lemma 4.3
Suppose that (Fk)∞

k=0 and (Gk)∞
k=0 are given as in Definition 4.1. Then

Gk ≤
1
σ
⟨yk − yk+1, yk+1 − y⋆⟩+ ⟨Lxk+1 − Lx⋆, yk+1 − y⋆⟩

+ θ⟨Lxk+1 − Lxk, yk+1 − y⋆⟩,

Fk+1 ≤
1
τ
⟨xk+1 − xk+2, xk+2 − x⋆⟩+ ⟨y⋆ − yk+1, Lxk+2 − Lx⋆⟩,

Fk+1 − Fk ≤ −
1
τ
∥xk+2 − xk+1∥2 + ⟨y⋆ − yk+1, Lxk+2 − Lxk+1⟩,

Fk − Fk+1 ≤
1
τ
⟨xk − xk+1, xk+1 − xk+2⟩+ ⟨y⋆ − yk, Lxk+1 − Lxk+2⟩.
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Proof. By (2.1) and (4.2),

Gk = g∗(yk+1)− g∗(y⋆)− ⟨Lx⋆, yk+1 − y⋆⟩

≤
〈 1

σ
(yk − yk+1) + L(xk+1 + θ(xk+1 − xk)), yk+1 − y⋆

〉
− ⟨Lx⋆, yk+1 − y⋆⟩

= 1
σ
⟨yk − yk+1, yk+1 − y⋆⟩+ ⟨Lxk+1 − Lx⋆, yk+1 − y⋆⟩

+ θ⟨Lxk+1 − Lxk, yk+1 − y⋆⟩.

By (2.1) and (4.1),

Fk+1 = f(xk+2)− f(x⋆) + ⟨L∗y⋆, xk+2 − x⋆⟩

≤
〈 1

τ
(xk+1 − xk+2)− L∗yk+1, xk+2 − x⋆

〉
+ ⟨L∗y⋆, xk+2 − x⋆⟩

= 1
τ
⟨xk+1 − xk+2, xk+2 − x⋆⟩+ ⟨y⋆ − yk+1, Lxk+2 − Lx⋆⟩

and

Fk+1 − Fk

= f(xk+2)− f(xk+1) + ⟨L∗y⋆, xk+2 − xk+1⟩

≤
〈 1

τ
(xk+1 − xk+2)− L∗yk+1, xk+2 − xk+1

〉
+ ⟨L∗y⋆, xk+2 − xk+1⟩

= − 1
τ
∥xk+2 − xk+1∥2 + ⟨y⋆ − yk+1, Lxk+2 − Lxk+1⟩

and

Fk − Fk+1 = f(xk+1)− f(xk+2) + ⟨L∗y⋆, xk+1 − xk+2⟩

≤ 1
τ
⟨xk − xk+1, xk+1 − xk+2⟩+ ⟨y⋆ − yk, Lxk+1 − Lxk+2⟩. 2

5. Lyapunov analysis

In this section, we provide a Lyapunov analysis of the Chambolle–Pock method, which
serves as the basis for our convergence results. Before presenting this, we establish the
nonnegativity of a certain coefficient that emerges in the Lyapunov analysis.
Lemma 5.1
Suppose that θ ≥ 1/2 and τ, σ > 0, and that they jointly satisfy 0 < τσ∥L∥2 ≤ 4/(1 + 2θ).
Further suppose that at least one of θ ≥ 1/2 and τσ∥L∥2 ≤ 4/(1 + 2θ) holds with strict
inequality. Then 8θ − τσ∥L∥2(4θ2 + 1) is positive.
Proof. We have

8θ − τσ∥L∥2(4θ2 + 1) ≥ 8θ − 4(4θ2 + 1)
1 + 2θ

= 8θ − 4
1 + 2θ

= 4− 8
1 + 2θ

≥ 0,

where the first inequality is strict if τσ∥L∥2 < 4/(1 + 2θ) and the last inequality is strict
if θ > 1/2. 2
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Lemma 5.2 (Lyapunov inequality)
Suppose that Assumption 3.1 holds. Let (x⋆, y⋆) ∈ H× G be an arbitrary point satisfying
(1.3), let (xk)∞

k=0 and (yk)∞
k=0 be generated by (1.4) with θ ≥ 1/2 and τ, σ > 0 satisfying

τσ∥L∥2 ≤ 4/(1 + 2θ), and arbitrary (x0, y0) ∈ H× G. Further, suppose that at least one
of θ ≥ 1/2 and τσ∥L∥2 ≤ 4/(1 + 2θ) holds with strict inequality. Moreover, for each
nonnegative integer k, let

Vk = θFk + 1
2τ
∥xk+1 − x⋆∥2 + 1

2σ
∥yk − y⋆ + σθ(Lxk+1 − Lxk)∥2

+ θ

2τ
∥xk+1 − xk∥2 − σ(4θ2 + 1)

16 ∥Lxk+1 − Lxk∥2

and Fk and Gk be as in Definition 4.1. Then, for each nonnegative integer k, Vk ≥ 0 and

Vk+1 − Vk + Fk + Gk

≤ − 1
2σ

∥∥∥yk+1 − yk − σ
(1

2(Lxk+1 − Lxk+2)− θ(Lxk − Lxk+1)
)∥∥∥2

− 8θ − τσ∥L∥2(4θ2 + 1)
16τ

∥∥∥∥xk+2 − xk+1 −
4(1− τσθ∥L∥2)

8θ − τσ∥L∥2(4θ2 + 1)(xk+1 − xk)
∥∥∥∥2

− (4θ2 − 1)(4− τσ∥L∥2(2θ + 1))(4− τσ∥L∥2(2θ − 1))
16τ(8θ − τσ∥L∥2(4θ2 + 1)) ∥xk+1 − xk∥2,

where the latter inequality is called a Lyapunov inequality.

Proof. We start by proving nonnegativity of Vk. Since θ ≥ 1/2, Fk ≥ 0 by Lemma 4.2,
and τ, σ > 0, we conclude that Vk ≥ 0 since

θ

2τ
∥xk+1 − xk∥2 − σ(4θ2 + 1)

16 ∥Lxk+1 − Lxk∥2

≥ θ

2τ
∥xk+1 − xk∥2 − σ∥L∥2(4θ2 + 1)

16 ∥xk+1 − xk∥2

= 1
τ

(
8θ − τσ∥L∥2(4θ2 + 1)

16

)
∥xk+1 − xk∥2 ≥ 0,

where the last inequality follows from Lemma 5.1.
We next prove the Lyapunov inequality. By Lemma 4.3, we have

θFk+1 − θFk + Fk + Gk

=
(

θ − 1
2

)
(Fk+1 − Fk) + Fk+1 + 1

2(Fk − Fk+1) + Gk

≤
(

θ − 1
2

)(
− 1

τ
∥xk+2 − xk+1∥2 + ⟨y⋆ − yk+1, Lxk+2 − Lxk+1⟩

)
+ 1

τ
⟨xk+1 − xk+2, xk+2 − x⋆⟩+ ⟨y⋆ − yk+1, Lxk+2 − Lx⋆⟩

+ 1
2

( 1
τ
⟨xk − xk+1, xk+1 − xk+2⟩+ ⟨y⋆ − yk, Lxk+1 − Lxk+2⟩

)
+ 1

σ
⟨yk − yk+1, yk+1 − y⋆⟩+ ⟨Lxk+1 − Lx⋆, yk+1 − y⋆⟩

+ θ⟨Lxk+1 − Lxk, yk+1 − y⋆⟩
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= − θ

τ
∥xk+2 − xk+1∥2 + θ⟨y⋆ − yk+1, Lxk+2 − 2Lxk+1 + Lxk⟩

+ 1
2τ
∥xk+2 − xk+1∥2 + 1

2τ
⟨xk − xk+1, xk+1 − xk+2⟩

+ 1
τ
⟨xk+1 − xk+2, xk+2 − x⋆⟩+ ⟨y⋆ − yk+1, Lxk+2 − Lxk+1⟩

+ 1
2 ⟨2y⋆ − yk − yk+1, Lxk+1 − Lxk+2⟩

+ 1
σ
⟨yk − yk+1, yk+1 − y⋆⟩.

Moreover,

1
2τ
∥xk+2 − x⋆∥2 − 1

2τ
∥xk+1 − x⋆∥2

= 1
2τ
∥xk+2 − xk+1∥2 + 1

τ
⟨xk+2 − xk+1, xk+1 − x⋆⟩

and

1
2σ
∥yk+1 − y⋆ + σθ(Lxk+2 − Lxk+1)∥2 − 1

2σ
∥yk − y⋆ + σθ(Lxk+1 − Lxk)∥2

= 1
2σ
∥yk+1 − yk∥2 + 1

σ
⟨yk+1 − yk, yk − y⋆⟩

+ σθ2

2 ∥Lxk+2 − Lxk+1∥2 − σθ2

2 ∥Lxk+1 − Lxk∥2

+ θ⟨yk+1 − y⋆, Lxk+2 − Lxk+1⟩ − θ⟨yk − y⋆, Lxk+1 − Lxk⟩.

Hence,

Vk+1 − Vk + Fk + Gk

= θFk+1 − θFk + Fk + Gk + 1
2τ
∥xk+2 − x⋆∥2 − 1

2τ
∥xk+1 − x⋆∥2

+ 1
2σ
∥yk+1 − y⋆ + σθ(Lxk+2 − Lxk+1)∥2

− 1
2σ
∥yk − y⋆ + σθ(Lxk+1 − Lxk)∥2

+ θ

2τ
∥xk+2 − xk+1∥2 − σ(4θ2 + 1)

16 ∥Lxk+2 − Lxk+1∥2

− θ

2τ
∥xk+1 − xk∥2 + σ(4θ2 + 1)

16 ∥Lxk+1 − Lxk∥2
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≤ − θ

τ
∥xk+2 − xk+1∥2 + θ⟨y⋆ − yk+1, Lxk+2 − 2Lxk+1 + Lxk⟩

+ 1
2τ
∥xk+2 − xk+1∥2 + 1

2τ
⟨xk − xk+1, xk+1 − xk+2⟩

+ 1
τ
⟨xk+1 − xk+2, xk+2 − x⋆⟩+ ⟨y⋆ − yk+1, Lxk+2 − Lxk+1⟩

+ 1
2 ⟨2y⋆ − yk − yk+1, Lxk+1 − Lxk+2⟩

+ 1
σ
⟨yk − yk+1, yk+1 − y⋆⟩

+ 1
2τ
∥xk+2 − xk+1∥2 + 1

τ
⟨xk+2 − xk+1, xk+1 − x⋆⟩

+ 1
2σ
∥yk+1 − yk∥2 + 1

σ
⟨yk+1 − yk, yk − y⋆⟩

+ σθ2

2 ∥Lxk+2 − Lxk+1∥2 − σθ2

2 ∥Lxk+1 − Lxk∥2

+ θ⟨yk+1 − y⋆, Lxk+2 − Lxk+1⟩ − θ⟨yk − y⋆, Lxk+1 − Lxk⟩

+ θ

2τ
∥xk+2 − xk+1∥2 − σ(4θ2 + 1)

16 ∥Lxk+2 − Lxk+1∥2

− θ

2τ
∥xk+1 − xk∥2 + σ(4θ2 + 1)

16 ∥Lxk+1 − Lxk∥2

= − 1
2σ
∥yk+1 − yk∥2 +

〈
yk+1 − yk,

1
2(Lxk+1 − Lxk+2)− θ(Lxk − Lxk+1)

〉
− θ

2τ
∥xk+2 − xk+1∥2 + 1

2τ
⟨xk − xk+1, xk+1 − xk+2⟩ −

θ

2τ
∥xk+1 − xk∥2

+ σ(4θ2 − 1)
16 ∥Lxk+2 − Lxk+1∥2 − σ(4θ2 − 1)

16 ∥Lxk+1 − Lxk∥2.

Completing the square yields

Vk+1 − Vk + Fk + Gk

≤ − 1
2σ

∥∥∥yk+1 − yk − σ
(1

2(Lxk+1 − Lxk+2)− θ(Lxk − Lxk+1)
)∥∥∥2

+ σ

2

∥∥∥1
2(Lxk+1 − Lxk+2)− θ(Lxk − Lxk+1)

∥∥∥2

− θ

2τ
∥xk+2 − xk+1∥2 + 1

2τ
⟨xk − xk+1, xk+1 − xk+2⟩ −

θ

2τ
∥xk+1 − xk∥2

+ σ(4θ2 − 1)
16 ∥Lxk+2 − Lxk+1∥2 − σ(4θ2 − 1)

16 ∥Lxk+1 − Lxk∥2
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= − 1
2σ

∥∥∥yk+1 − yk − σ
(1

2(Lxk+1 − Lxk+2)− θ(Lxk − Lxk+1)
)∥∥∥2

− σθ

2 ⟨Lxk+1 − Lxk+2, Lxk − Lxk+1⟩

− θ

2τ
∥xk+2 − xk+1∥2 + 1

2τ
⟨xk − xk+1, xk+1 − xk+2⟩ −

θ

2τ
∥xk+1 − xk∥2

+ σ(4θ2 + 1)
16 ∥Lxk+2 − Lxk+1∥2 + σ(4θ2 + 1)

16 ∥Lxk+1 − Lxk∥2

= − 1
2σ

∥∥∥yk+1 − yk − σ
(1

2(Lxk+1 − Lxk+2)− θ(Lxk − Lxk+1)
)∥∥∥2

+ σ(4θ2 + 1)
16

∥∥∥Lxk+2 − Lxk+1 + 4θ

4θ2 + 1(Lxk − Lxk+1)
∥∥∥2

− θ

2τ
∥xk+2 − xk+1∥2 + 1

2τ
⟨xk − xk+1, xk+1 − xk+2⟩ −

θ

2τ
∥xk+1 − xk∥2

+ σ(4θ2 − 1)2

16(4θ2 + 1) ∥Lxk+1 − Lxk∥2.

Using the Lipschitz continuity of L and that θ ≥ 1/2 give

Vk+1 − Vk + Fk + Gk

≤ − 1
2σ

∥∥∥yk+1 − yk − σ
(1

2(Lxk+1 − Lxk+2)− θ(Lxk − Lxk+1)
)∥∥∥2

+ σ∥L∥2(4θ2 + 1)
16

∥∥∥xk+2 − xk+1 + 4θ

4θ2 + 1(xk − xk+1)
∥∥∥2

− θ

2τ
∥xk+2 − xk+1∥2 + 1

2τ
⟨xk − xk+1, xk+1 − xk+2⟩ −

θ

2τ
∥xk+1 − xk∥2

+ σ∥L∥2(4θ2 − 1)2

16(4θ2 + 1) ∥xk+1 − xk∥2

= − 1
2σ

∥∥∥yk+1 − yk − σ
(1

2(Lxk+1 − Lxk+2)− θ(Lxk − Lxk+1)
)∥∥∥2

− 8θ − τσ∥L∥2(4θ2 + 1)
16τ

∥xk+2 − xk+1∥2

+ 1− τσθ∥L∥2

2τ
⟨xk+2 − xk+1, xk+1 − xk⟩

− 8θ − τσ∥L∥2(4θ2 + 1)
16τ

∥xk+1 − xk∥2

= − 1
2σ

∥∥∥yk+1 − yk − σ
(1

2(Lxk+1 − Lxk+2)− θ(Lxk − Lxk+1)
)∥∥∥2

− 8θ − τσ∥L∥2(4θ2 + 1)
16τ

∥∥∥∥xk+2 − xk+1 −
4(1− τσθ∥L∥2)

8θ − τσ∥L∥2(4θ2 + 1)(xk+1 − xk)
∥∥∥∥2

− (4θ2 − 1)(4− τσ∥L∥2(2θ + 1))(4− τσ∥L∥2(2θ − 1))
16τ(8θ − τσ∥L∥2(4θ2 + 1)) ∥xk+1 − xk∥2,
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where the last completion of squares equality holds since

(8θ − τσ∥L∥2(4θ2 + 1)) > 0

by Lemma 5.1. 2

6. Theorem proofs

In this section, we use Lemma 5.2 to prove Theorems 3.2 and 3.3, i.e., we prove ergodic
convergence of the primal-dual gap and weak convergence of the sequences (xk)∞

k=0 and
(yk)∞

k=0 to a KKT point. Given the Lyapunov inequality, the arguments are standard.
However, before we prove these results, we state the following lemma on nonnegativity of
a coefficient in the Lyapunov inequality.
Lemma 6.1
Suppose that θ ≥ 1/2 and τ, σ > 0 and that they jointly satisfy 0 < τσ∥L∥2 ≤ 4/(1 + 2θ).
Further suppose that at least one of θ ≥ 1/2 and τσ∥L∥2 ≤ 4/(1 + 2θ) holds with strict
inequality. Then

(4θ2 − 1)(4− τσ∥L∥2(2θ + 1))(4− τσ∥L∥2(2θ − 1))
16τ(8θ − τσ∥L∥2(4θ2 + 1)) ≥ 0

with strict inequality if τσ∥L∥2 < 4/(1 + 2θ) and θ > 1/2 and equality if τσ∥L∥2 =
4/(1 + 2θ) or θ = 1/2.
Proof. We know from Lemma 5.1 that the denominator is positive. The numerator consists
of three factors. The first factor is positive if θ > 1/2 and 0 if θ = 1/2. The third factor
is larger than the second. The second factor is positive if τσ∥L∥2 < 4/(1 + 2θ) and 0 if
τσ∥L∥2 = 4/(1 + 2θ). Combining these gives the result. 2

6.1 Proof of Theorem 3.2
Proof. Due to Lemmas 4.2, 5.1, 5.2 and 6.1, we conclude, using a telescoping summation,
that Fk + Gk is summable and satisfies

0 ≤
K−1∑
k=0

(Fk + Gk) ≤ V0 <∞

for each positive integer K. From Jensen’s inequality, we conclude that

Dx⋆,y⋆ (x̄K , ȳK) ≤ 1
K

K−1∑
k=0

D(xk+1, yk+1) = 1
K

K−1∑
k=0

(Fk + Gk) ≤ V0

K
,

where Dx⋆,y⋆ is defined in (3.1) and the equality follows from Lemma 4.2. 2

6.2 Proof of Theorem 3.3
Proof. Due to Lemmas 4.2, 5.1, 5.2 and 6.1, we conclude that (Vk)∞

k=0 converges. This
in turn implies that (xk)∞

k=0 and (yk)∞
k=0 remain bounded. Next, the same lemmas also

imply, using a telescoping summation, that Fk → 0,

(4θ2 − 1)(4− τσ∥L∥2(2θ + 1))(4− τσ∥L∥2(2θ − 1))
16τ(8θ − τσ∥L∥2(4θ2 + 1)) ∥xk+1 − xk∥2 → 0, (6.1)
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and
1

2σ

∥∥∥yk+1 − yk − σ
(1

2(Lxk+1 − Lxk+2)− θ(Lxk − Lxk+1)
)∥∥∥2
→ 0 (6.2)

as k → ∞. Since the coefficients are nonzero due to the parameter assumptions and
Lemma 6.1, we conclude from (6.1) that

∥xk+1 − xk∥ → 0 (6.3)

as k →∞. Combining (6.2) and (6.3) gives that

∥yk+1 − yk∥ → 0 (6.4)

as k →∞, since L is a bounded linear operator. Moreover, (6.3) combined with the fact
(Vk)∞

k=0 converges and Fk → 0 as k →∞ give that( 1
2τ
∥xk+1 − x⋆∥2 + 1

2σ
∥yk − y⋆ + σθ(Lxk+1 − Lxk)∥2

)∞

k=0

converges. Next, since (yk)∞
k=0 is bounded, (6.3) and (6.4) imply that

∥yk+1 − y⋆∥2 − ∥yk − y⋆ + σθ(Lxk+1 − Lxk)∥2

= ∥yk+1 − yk∥2 − 2⟨yk − y⋆, σθ(Lxk+1 − Lxk)− (yk+1 − yk)⟩
− ∥σθ(Lxk+1 − Lxk)∥2 → 0

as k →∞, from which we conclude that( 1
2τ
∥xk+1 − x⋆∥2 + 1

2σ
∥yk+1 − y⋆∥2

)∞

k=0

converges.
Construct the sequence (zk)∞

k=0 such that zk = (xk+1, yk+1) for each nonnegative
integer k and let Z = {(x⋆, y⋆) ∈ H × G : (1.3) holds} be the KKT solution set. Since
(zk)∞

k=0 is bounded, it has weakly convergent subsequences. Let (zkn )∞
n=0 be such a

subsequence, with weak limit point z̄ = (x̄, ȳ) ∈ H×G say. Then the inclusion formulation
of the algorithm in (4.1) and (4.2) satisfies

∂f(xkn+1) + L∗ykn ∋
1
τ

(xkn − xkn+1)→ 0,

∂g∗(ykn+1)− Lxkn+1 ∋
1
σ

(ykn − ykn+1) + θL(xkn+1 − xkn )→ 0,

as n→∞, since xkn+1 − xkn → 0 and ykn+1 − ykn → 0 as n→∞. Let us introduce the
operator A : H× G ⇒ H× G defined as

A(x, y) = ∂f(x)× ∂g∗(y) + (L∗y,−Lx)

for each (x, y) ∈ H × G. This is a maximally monotone operator since it is the sum of
two maximally monotone operators, the first one due to [1, Theorem 20.25, Proposi-
tion 20.23] and the second one due to [1, Example 20.35], one of which has full domain [1,
Corollary 25.5]. Therefore,

A(xkn+1, ykn+1)

∋
( 1

τ
(xkn − xkn+1)− L∗(ykn − ykn+1), 1

σ
(ykn − ykn+1) + θL(xkn+1 − xkn )

)
→ 0

140



7 Counterexample

and we conclude, using weak-strong closedness of maximally monotone operators [1,
Proposition 20.38], that 0 ∈ A(x̄, ȳ), implying

0 ∈ ∂f(x̄) + L∗ȳ,

0 ∈ ∂g∗(ȳ)− Lx̄,

i.e., the weak limit point is a KKT point. Since( 1
2τ
∥xk+1 − x⋆∥2 + 1

2σ
∥yk+1 − y⋆∥2

)∞

k=0

converges and all weak limit points belong to the KKT solution set Z, we invoke [1,
Lemma 2.47] to conclude weak convergence to a KKT point. 2

7. Counterexample

This section proves that the result in Theorem 3.3 is tight, i.e., there is an example where
(weak) convergence fails for each θ > 1/2 whenever τσ∥L∥2 ≥ 4/(1 + 2θ). Let H = R and
G = R, and consider problem (1.1) for the case f = g∗ = 0, and L = 1, i.e.,

minimize
x∈R

maximize
y∈R

xy. (7.1)

The update rule, (1.4), for the Chambolle–Pock method then becomes

xk+1 = xk − τyk,

yk+1 = yk + σ(xk+1 + θ(xk+1 − xk)),

or equivalently [
xk+1
yk+1

]
=
[

1 −τ
σ 1− τσ(1 + θ)

][
xk

yk

]
,

where we assume that τ, σ > 0. Therefore, (xk, yk)∞
k=0 converges for an arbitrary initial

point (x0, y0) ∈ R2 to the solution (x⋆, y⋆) = (0, 0) ∈ R2 if and only if both eigenvalues of
the matrix above have magnitude less than 1. The two eigenvalues of the matrix are

λ1 = 1
2

(
2− τσ(1 + θ) +

√
τσ(τσ(1 + θ)2 − 4)

)
and

λ2 = 1
2

(
2− τσ(1 + θ)−

√
τσ(τσ(1 + θ)2 − 4)

)
.

Suppose that the step-size condition of Theorem 3.3 is violated, i.e., that τσ ≥ 4/(1 + 2θ).
In this case, the eigenvalues are distinct real numbers satisfying

λ2 ≤ −1 and λ2 < λ1 <
1
2

(
2− τσ(1 + θ) +

√
τ2σ2(1 + θ)2

)
= 1.

141



Paper III

In particular, the method fails to converge, which proves that the result in Theorem 3.3
is tight.

Note that the boundary condition τσ = 4/(1 + 2θ) implies that λ2 = −1. Although
the sequence (xk, yk)∞

k=0 does not necessarily converge in this setting, we have that
(xk+2, yk+2) − (xk, yk) → 0 as k → ∞, i.e., the difference between every second iterate
converges to 0. It turns out that this is not a coincidence as it always holds for the
Chambolle–Pock algorithm on the boundary, as shown next.

8. Boundary

In this section, we show that whenever θ > 1/2 and τσ∥L∥2 = 4/(1 + 2θ), the sequence
(∥xk+2 − xk∥2)∞

k=0 is summable, implying that the difference between every second iterate
converges to 0.

Due to Lemma 6.1, we conclude that the coefficient in front of ∥xk+1 − xk∥2 in the
Lyapunov inequality in Lemma 5.2 is 0. Moreover,

8θ − τσ∥L∥2(4θ2 + 1)
16τ

= 8θ(1 + 2θ)− 4(4θ2 + 1)
16τ(1 + 2θ) = 2θ − 1

4τ(1 + 2θ)

and

4(1− τσθ∥L∥2)
8θ − τσ∥L∥2(4θ2 + 1) = 4(1− 2θ)

(8θ − τσ∥L∥2(4θ2 + 1))(1 + 2θ)

= 4(1− 2θ)(1 + 2θ)
(8θ − 4)(1 + 2θ)

= −1,

implying that the Lyapunov inequality in Lemma 5.2 reads

Vk+1 − Vk + Fk + Gk

≤ − 1
2σ

∥∥∥yk+1 − yk − σ
(1

2(Lxk+1 − Lxk+2)− θ(Lxk − Lxk+1)
)∥∥∥2

− 2θ − 1
4τ(1 + 2θ)∥xk+2 − xk∥2,

where Vk, Fk, and Gk are nonnegative for all nonnegative integers k. Since θ > 1/2,
we conclude using a telescoping summation argument that (∥xk+2 − xk∥2)∞

k=0 indeed is
summable.
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Paper IV

A Lyapunov analysis of Korpelevich’s extragradient method with
fast and flexible extensions

Manu Upadhyaya Puya Latafat Pontus Giselsson

Abstract

We present a Lyapunov analysis of Korpelevich’s extragradient method and establish
a o(1/k) last-iterate convergence rate of the associated Lyapunov function. Building
on this, we propose flexible extensions that combine extragradient steps with user-
specified directions, guided by a line-search procedure derived from the same Lyapunov
analysis. These methods retain global convergence under practical assumptions and
can achieve superlinear rates when directions are chosen appropriately. Numerical
experiments highlight the simplicity and efficiency of this approach.

Keywords. Monotone inclusions, extragradient method, Lyapunov analysis, superlinear
convergence
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1. Introduction

In this work, we consider the inclusion problem

find z ∈ H such that 0 ∈ F (z) + ∂g(z), (1.1)

where F : H → H is monotone and LF -Lipschitz continuous for some LF ∈ R++,
g : H → R ∪ {+∞} is a proper, convex, and lower semicontinuous function, and (H, ⟨·, ·⟩)
is a real Hilbert space. Inclusion problems of the form (1.1) are known as hemivaria-
tional inequalities [26] or (mixed) variational inequalities [24, 30], and frequently arise in
fundamental mathematical programming problems—either directly or through reformu-
lation—including minimization, saddle-point, complementarity, Nash equilibrium, and
fixed-point problems [6, 16]. The most common methods for solving (1.1) belong to the
large class of extragradient-type methods [22, 34, 44]. For a recent review, see [42, 43].
Among these methods, the first and most widely recognized is Korpelevich’s extragradient
method [22]. Although originally proposed for the constrained case in which g is the
indicator function of a nonempty, closed, and convex set, the method also applies to the
more general setting in (1.1). Specifically, given an initial point z0 ∈ H and a step-size
parameter γ ∈ (0, 1/LF ), its iterations are given by

z̄k = proxγg

(
zk − γF (zk)

)
, (1.2a)

zk+1 = proxγg

(
zk − γF (z̄k)

)
(1.2b)

for each k ∈ N0. A popular alternative is Tseng’s forward-backward-forward method [44],
given by

z̄k = proxγg

(
zk − γF (zk)

)
, (1.3a)

zk+1 = z̄k + γ(F (zk)− F (z̄k)) (1.3b)

for each k ∈ N0, that requires one less evaluation of the proximal operator proxγg

per iteration. Classically, the convergence analyses of these methods rely on Fejér-type
arguments [22, 44].

In this work, we propose an analysis centered around the Lyapunov function

V(zk, z̄k, zk+1) = 2γ−1⟨zk − zk+1, F (zk)− F (z̄k)⟩+ γ−2∥zk+1 − z̄k∥2 + γ−2∥zk − zk+1∥2.

For the extragradient method, Vk serves as a nonnegative optimality measure for the
inclusion problem (1.1) as shown in Proposition 2.2. Likewise, Vk is a nonnegative
optimality measure for Tseng’s method, since the Lyapunov function reduces to Vk =
γ−2∥zk − z̄k∥2 in this case. In the particular case when g = 0, both methods are identical,
and the Lyapunov function reduces to Vk = ∥F (zk)∥2.

Besides being an optimality measure, we show in Theorem 2.3 that Vk satisfies a descent
inequality for the extragradient method. Moreover, for the extragradient method, we
show a Fejér-type inequality in which Vk appears as the residual term (see Theorem 2.5).
By combining this result with the descent property, we establish a o(1/k) last-iterate
convergence rate for Vk for the extragradient method, as shown in Corollary 2.6. In
Appendix C, we show that Vk upper bounds some common optimality measures used to
judge the quality of approximate solutions for (1.1); hence, together with Corollary 2.6,
the same last-iterate convergence result automatically holds for each of those measures as
well. Taken together, the results we obtain for Vk enable us to recover and, in some cases,

146



1 Introduction

extend recent last-iterate convergence-rate results for the extragradient method (cf. [20,
Theorem 3.3], [11, Theorem 3], and [43, Corollary 4.1]).

Interestingly, Theorem 2.3 is particular to Korpelevich’s extragradient method. We
demonstrate through a simple counterexample in Example B.1 that the descent inequality
in terms of Vk fails for Tseng’s method. Moreover, even for the extragradient method, it
is crucial to leverage the specific structure of (1.1). Indeed, the claimed descent inequality
fails, and even the convergence of the method does not hold if we replace ∂g with a
maximally monotone operator T : H → 2H and correspondingly the proximal operators
proxγg in (1.2) with the resolvent (Id +γT )−1. This broader setting is ruled out by a
counterexample presented in Example B.2. However, if T is also 3-cyclically monotone
(see [6, Definition 22.13]), then Theorems 2.3 and 2.5 (and therefore also Corollary 2.6)
remain valid; see Remark 2.7 for details.

The second objective of this work is to develop flexible extragradient-type schemes that
accommodate fast local directions while maintaining global convergence. In this regard,
the seminal work [38] proposes a hybrid method for solving monotone equations, i.e., when
g = 0 in (1.1). Their scheme achieves global convergence by blending an inexact regularized
Newton step with the hyperplane projection framework from [39]. At each iteration, a
search direction is computed based on an inexact regularized Newton step. A line search
is then performed along this direction, not to decrease a merit function, but to identify
a hyperplane separating the current iterate from the solution set. The algorithm then
proceeds by projecting the iterate onto this hyperplane. While this approach incorporates
a line search, the convergence analysis still fundamentally relies on Fejér-type monotonicity
arguments. In practice, however, the projection step can undermine the effectiveness of
the Newtonian directions, resulting in slower convergence.

Another related work to ours is [41], which addresses the problem of finding fixed
points of averaged operators. They propose a hybrid scheme accelerating many numerical
algorithms under the Krasnosel’skĭı–Mann framework. Similar to [38], their scheme
incorporates a hyperplane projection step and achieves superlinear convergence under
suitable assumptions. In addition, it allows for a general class of local directions, including
quasi-Newton-type directions, providing greater flexibility in practice.

In contrast to the approaches mentioned earlier that use a line search to identify a
separating hyperplane onto which the iterates are projected (see [38, 41]), our proposed
schemes incorporate line search procedures grounded in our new Lyapunov analysis,
directly aiming to reduce Vk. We introduce three flexible algorithms tailored to specific
instances of problem (1.1). FLEX (Algorithm 1) is introduced for finding zeros of F , I-FLEX
(Algorithm 2) is applicable when F is injective, and Prox-FLEX (Algorithm 3) addresses
problem (1.1) in its full generality. All three algorithms share the same guiding principle:
at each iteration, one performs a convex combination of a standard extragradient step (1.2)
and a step based on a user-specified direction. The specific weighting for this convex
combination is determined by the line-search procedure, ensuring sufficient descent of
the optimality measure Vk. Similar to [41], our schemes accommodate a wide range of
user-chosen directions, including quasi-Newton-type directions. A key feature enabling
this approach is that Vk depends solely on values computed at each iteration and does
not involve a solution to (1.1). This design ensures high flexibility while guaranteeing
global (see Section 3) and superlinear convergence (see Section 5) when choosing suitable
directions.

Our preliminary numerical experiments indicate that using quasi-Newton directions
in our proposed algorithms yields favorable performance. In particular, limited-memory
type-I and type-II Anderson acceleration exhibit promising results (see Section 6). In
related work, [48] studies Anderson acceleration for finding fixed points of averaged
operators, proposing a globalization strategy based on a stabilization and safeguarding
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mechanism—rather than a line search—that reverts to a nominal Krasnosel’skĭı–Mann
step whenever the Anderson acceleration step fails to sufficiently reduce the forward
residual. More recently, [35] introduced an extragradient-based scheme with memory-one
Anderson acceleration, which reduces overhead and allows for simple, explicit updates
of the directions. Furthermore, [4] presents a quasi-Newton method tailored to minimax
problems. Our theory offers a direct globalization strategy for such directions, applicable
in the uniformly monotone and injective settings (see Theorem 3.4), or whenever the
resulting directions are summable (see Theorem 3.2.(i)).

1.1 Organization
In Section 2, we formally introduce the new Lyapunov analysis for Korpelevich’s extra-
gradient method. Building on this framework, we present the three new algorithms in
Section 3 and establish their global convergence under suitable assumptions. In Section 4,
we provide detailed proofs of the results from the preceding section. Next, Section 5
focuses on superlinear convergence, including corresponding proofs for the proposed
algorithms. Numerical experiments appear in Section 6, and we conclude in Section 7
with a summary of key findings and directions for future research. Finally, Appendix A
offers background material on Korpelevich’s extragradient method, Appendix B presents
the counterexamples mentioned earlier, and Appendix C contains a comparison to recent
last-iterate convergence results for the extragradient method.

1.2 Notation and preliminaries
Let N0 denote the set of nonnegative integers, N the set of positive integers, Z the set
of integers, Jn, mK = {l ∈ Z | n ≤ l ≤ m} the set of integers inclusively between the
integers n and m, R the set of real numbers, R+ the set of nonnegative real numbers,
R++ the set of positive real numbers, Rn the set of all n-tuples of elements of R, Rm×n

the set of real-valued matrices of size m × n, if M ∈ Rm×n then [M ]i,j denotes the
i, j-th element of M , Sn the set of symmetric real-valued matrices of size n × n, and
Sn

+ ⊆ Sn the set of positive semidefinite real-valued matrices of size n× n. Suppose that
1 ≤ p < +∞, K ⊆ N0, and U ⊆ W, where W is a normed space. Then we define the
space ℓp(K; U) = {(uk)k∈K ∈ UK |

∑
k∈K
∥uk∥p < +∞}.

Throughout this paper, (H, ⟨·, ·⟩) will denote a real Hilbert space and ∥·∥ the canonical
norm, which will be clear from the context. Let F : H → H be an operator. Suppose that
LF ≥ 0. The operator F is said to be LF -Lipschitz continuous if ∥F (x)−F (y)∥ ≤ LF ∥x−
y∥ for each x, y ∈ H. The operator F is said to be monotone if 0 ≤ ⟨F (x)− F (y), x− y⟩
for each x, y ∈ H. Suppose that µF ≥ 0. The operator F is said to be µF -strongly
monotone if µF ∥x − y∥2 ≤ ⟨F (x) − F (y), x − y⟩ for each x, y ∈ H. Moreover, F is said
to be uniformly monotone with modulus ϕ : R+ → R+ if ϕ is increasing, vanishes only
at 0, and ϕ(∥x− y∥) ≤ ⟨F (x)− F (y), x− y⟩ for each x, y ∈ H. For a general set-valued
operator T : H → 2H, the set of zeros is denoted by zer (T ) = {x ∈ H | 0 ∈ T (x)} . The
Cauchy–Schwarz inequality states that |⟨x, y⟩| ≤ ∥x∥∥y∥ for each x, y ∈ H and Young’s
inequality that 2⟨x, y⟩ ≤ α∥x∥2 + α−1∥y∥2 for each x, y ∈ H and α > 0.

Given a function g : H → R∪{+∞}, the effective domain of g is the set dom g = {x ∈
H | g(x) < +∞}. The function g is said to be proper if dom g ̸= ∅. The subdifferential
of a proper function g is the set-valued operator ∂g : H → 2H defined as the mapping
x 7→ {u ∈ H | ∀y ∈ H, g(y) ≥ g(x) + ⟨u, y − x⟩}. The function g is said to be convex if
g((1− λ)x + λy) ≤ (1− λ)g(x) + λg(y) for each x, y ∈ H and 0 ≤ λ ≤ 1. The function g
is said to be lower semicontinuous if lim infy→x g(y) ≥ g(x) for each x ∈ H. If C ⊆ H,
the indicator function of C, denoted δC : H → R ∪ {+∞} , is defined as δC(x) = 0 if
x ∈ C and δC(x) = +∞ if x ∈ H \ C.
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Let g : H → R ∪ {+∞} be proper, convex and lower semicontinuous, and let γ > 0.
Then the proximal operator proxγg : H → H is defined as the single-valued operator given
by

proxγg(x) = argmin
z∈H

(
g(z) + 1

2γ
∥x− z∥2)

for each x ∈ H [6, Proposition 12.15]. If x, p ∈ H, then p = proxγg(x) ⇔ γ−1(x− p) ∈
∂g(p) ⇔ 0 ≤ g(y) − g(p) − ⟨γ−1(x− p), y − p⟩ for each y ∈ H [6, Proposition 16.44,
Proposition 16.6].

2. A new Lyapunov analysis

Classical convergence analyses of Korpelevich’s extragradient method (1.2) typically rely
on Fejér-type arguments, as discussed in Appendix A. In this section, we introduce a
complementary Lyapunov inequality that not only leads to a last-iterate result but also
forms the basis of the new algorithms presented in Section 3. Throughout this work, we
investigate (1.1) under the following assumption.
Assumption 2.1
The following hold in problem (1.1).

(i) F : H → H is monotone and LF -Lipschitz continuous for some LF ∈ R++.

(ii) g : H → R ∪ {+∞} is proper, convex and lower semicontinuous.

Our analysis is centered around the Lyapunov function V : H3 → R given by

V(z, z̄, z+) = 2γ−1⟨z − z+, F (z)− F (z̄)⟩+ γ−2∥z+ − z̄∥2 + γ−2∥z − z+∥2 (2.1)

for each (z, z̄, z+) ∈ H3. Proposition 2.2 establishes that V is generally a valid optimality
measure for the inclusion problem in (1.1). For notational convenience, we define the
algorithmic operators T γ

1 , T γ
2 : H → H by

T γ
1 = proxγg ◦ (Id−γF ) and T γ

2 = proxγg ◦ (Id−γF ◦ T γ
1 ), (2.2)

where γ ∈ R++ is the step-size parameter. With this notation, the iterates of (1.2) can
be written compactly as z̄k = T γ

1 (zk) and zk+1 = T γ
2 (zk).

Proposition 2.2
Suppose that Assumption 2.1 holds. Let γ ∈ (0, 1/LF ), z ∈ H, z̄ = T γ

1 (z) and z+ = T γ
2 (z)

where T γ
1 and T γ

2 are the algorithmic operators defined in (2.2), and V the Lyapunov
function defined in (2.1). Then the following hold.

(i) V(z, z̄, z+) ≥ (1− γLF )γ−2(∥z+ − z̄∥2 + ∥z+ − z∥2) ≥ 0.

(ii) V(z, z̄, z+) = 0 if and only if z = z̄ = z+ ∈ zer (F + ∂g).

Proof.

2.2.(i): The inner product in the definition of V can be written as

⟨z − z+, F (z)− F (z̄)⟩ = ⟨z − z+, F (z)− F (z+)⟩+ ⟨z − z+, F (z+)− F (z̄)⟩
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≥ ⟨z − z+, F (z+)− F (z̄)⟩
≥ − ∥z − z+∥∥F (z+)− F (z̄)∥
≥ − LF ∥z − z+∥∥z+ − z̄∥
≥ − LF

2 (∥z − z+∥2 + ∥z+ − z̄∥2),

where monotonicity of F is used in the first inequality, the Cauchy–Schwarz inequality is
used in the second inequality, Lipschitz continuity of F is used in the third inequality,
and Young’s inequality for products is used in the fourth inequality. The lower bound of
V follows from using this inequality in (2.1) and the assumption γLF ∈ (0, 1).

2.2.(ii): Suppose that V(z, z̄, z+) = 0. Then Proposition 2.2.(i) and Proposition A.2.(ii)
imply that z = z̄ = z+ ∈ zer (F + ∂g). Conversely, suppose that z = z̄ = z+ ∈
zer (F + ∂g). Then it is clear from (2.1) that V(z, z̄, z+) = 0. 2

The following result shows that V is, in fact, a suitable Lyapunov function for the
extragradient method (1.2), i.e., it fulfills a descent inequality. Moreover, the descent
inequality neither contains a solution of (1.1) nor assumes the existence of a solution.
Theorem 2.3
Suppose that Assumption 2.1 holds and the sequence ((zk, z̄k))k∈N0

is generated by (1.2)
with initial point z0 ∈ H and step-size parameter γ ∈ R++. Then

Vk+1 ≤ Vk − (1− γ2L2
F )γ−2∥zk+1 − z̄k∥2 (2.3)

for each k ∈ N0, where Vk = V(zk, z̄k, zk+1) for the Lyapunov function V defined in (2.1).

Proof. Note that the first and second proximal steps in (1.2) can equivalently be written
via their subgradient characterization as

γ−1(zk − z̄k)− F (zk) ∈ ∂g(z̄k) and γ−1(zk − zk+1)− F (z̄k) ∈ ∂g(zk+1), (2.4)

respectively. Using the subgradient inequality at the points zk+1, zk+2 and z̄k+1, with
the particular subgradients given in (2.4), it follows that

0 ≥ g(zk+1)− g(z) + ⟨γ−1(zk − zk+1)− F (z̄k), z − zk+1⟩, (2.5a)
0 ≥ g(zk+2)− g(z) + ⟨γ−1(zk+1 − zk+2)− F (z̄k+1), z − zk+2⟩, (2.5b)
0 ≥ g(z̄k+1)− g(z) + ⟨γ−1(zk+1 − z̄k+1)− F (zk+1), z − z̄k+1⟩. (2.5c)

holds for any z ∈ H, respectively. Picking z = z̄k+1 in (2.5a), z = zk+1 in (2.5b), z = zk+2

in (2.5c), summing the resulting inequalities, and multiplying by 2γ−1 gives

0 ≥ 2γ−2⟨zk − zk+1, z̄k+1 − zk+1⟩ − 2γ−1⟨F (z̄k), z̄k+1 − zk+1⟩

+ 2γ−2∥zk+1 − zk+2∥2 − 2γ−1⟨F (z̄k+1), zk+1 − zk+2⟩

+ 2γ−2⟨zk+1 − z̄k+1, zk+2 − z̄k+1⟩ − 2γ−1⟨F (zk+1), zk+2 − z̄k+1⟩. (2.6)

The first two inner products in (2.6) can be simplified as

Ak = 2γ−2⟨zk − zk+1, z̄k+1 − zk+1⟩ − 2γ−1⟨F (z̄k), z̄k+1 − zk+1⟩
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= γ−2∥zk − zk+1∥2 + γ−2∥z̄k+1 − zk+1∥2 − γ−2∥zk − z̄k+1∥2 − 2γ−1⟨F (z̄k), z̄k+1 − zk+1⟩,

where the identity 2⟨x, y⟩ = ∥x∥2 +∥y∥2−∥x−y∥2 for each x, y ∈ H is used in the second
equality, while the remaining four terms in (2.6) can be simplified as

Bk = 2γ−2∥zk+1 − zk+2∥2 − 2γ−1⟨F (z̄k+1), zk+1 − zk+2⟩

+ 2γ−2⟨zk+1 − z̄k+1, zk+2 − z̄k+1⟩ − 2γ−1⟨F (zk+1), zk+2 − z̄k+1⟩

= 2γ−1⟨zk+1 − zk+2, F (zk+1)− F (z̄k+1)⟩+ γ−2∥zk+2 − z̄k+1∥2 + γ−2∥zk+1 − zk+2∥2

+ γ−2∥zk+1 − z̄k+1∥2 − 2γ−1⟨F (zk+1), zk+1 − z̄k+1⟩

= Vk+1 + γ−2∥zk+1 − z̄k+1∥2 − 2γ−1⟨F (zk+1), zk+1 − z̄k+1⟩,

where the identity 2⟨x, y⟩ = ∥x∥2 +∥y∥2−∥x−y∥2 for each x, y ∈ H is used in the second
equality, and the explicit expression for Vk+1 = V(zk+1, z̄k+1, zk+2) is used in the third
equality. Therefore, the inequality Ak + Bk ≤ 0 in (2.6) can be rearranged as

Vk+1 ≤ γ−2∥zk − z̄k+1∥2 − γ−2∥zk − zk+1∥2 − 2γ−2∥z̄k+1 − zk+1∥2

+ 2γ−1⟨F (z̄k)− F (zk+1), z̄k+1 − zk+1⟩
=Ck

.

(2.7)

We can upper bound the term Ck as

Ck = ⟨F (zk)− F (zk+1), zk+1 − zk⟩+ ⟨F (z̄k)− F (zk), zk+1 − zk⟩

+ ⟨F (z̄k)− F (zk+1), z̄k+1 + zk − 2zk+1⟩

≤ ⟨F (z̄k)− F (zk), zk+1 − zk⟩

+ γ
2 ∥F (z̄k)− F (zk+1)∥2 + 1

2γ
∥z̄k+1 − 2zk+1 + zk∥2

≤ ⟨F (z̄k)− F (zk), zk+1 − zk⟩+ γL2
F

2 ∥z̄
k − zk+1∥2

+ 1
2γ

(2∥zk − zk+1∥2 + 2∥z̄k+1 − zk+1∥2 − ∥zk − z̄k+1∥2) (2.8)

where monotonicity of F and Young’s inequality is used in the first inequality, and
Lipschitz continuity of F along with the identity ∥x + y∥2 + ∥x− y∥2 = 2∥x∥2 + 2∥y∥2

for each x, y ∈ H is used in the last inequality.
Combining (2.7) and (2.8), and using Vk = 2γ−1⟨zk−zk+1, F (zk)−F (z̄k)⟩+γ−2∥zk+1−

z̄k∥2 + γ−2∥zk − zk+1∥2 gives

Vk+1 − Vk ≤ 2γ−1⟨zk+1 − zk, F (z̄k)− F (zk)⟩+ L2
F ∥z̄k − zk+1∥2

+ γ−2∥zk − zk+1∥2 − Vk

= − (1− γ2L2
F )γ−2∥z̄k − zk+1∥2,

as claimed. 2

Next, we present Corollary 2.4, which follows immediately from Theorem 2.3 by letting
g = 0. Observe that Corollary 2.4 recovers known results, e.g., see [20, Lemma 3.2 and
Theorem 3.3], [11, Theorem 1], and [10, Remark 2.1].
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Corollary 2.4
Suppose that Assumption 2.1.(i) holds and the sequence ((zk, z̄k))k∈N0

is generated by

z̄k = zk − γF (zk),
zk+1 = zk − γF (z̄k)

for each k ∈ N0, with initial point z0 ∈ H and step-size parameter γ ∈ R++. Then,

∥F (zk+1)∥2 ≤ ∥F (zk)∥2 − (1− γ2L2
F )∥F (zk)− F (z̄k)∥2 (2.10)

for each k ∈ N0. Moreover, if γ ∈ (0, 1/LF ) and zer (F ) ̸= ∅, then

∥F (zk)∥2 ∈ o(1/k) as k →∞, (2.11)

and for any k ∈ N0 and z⋆ ∈ zer (F ) it holds that

∥F (zk)∥2 ≤ ∥z0 − z⋆∥2

γ2(1− γ2L2
F )(k + 1) . (2.12)

Proof. Letting g = 0 in Theorem 2.3 gives (2.10). Using g = 0, (A.4) in Proposition A.3
gives

∥zi+1 − z⋆∥2 ≤ ∥zi − z⋆∥2 − γ2(1− γ2L2
F )∥F (zi)∥2. (2.13)

for each i ∈ N0. Inductively summing (2.13) from i = 0 to i = k, rearranging, and dividing
by γ2(1− γ2L2

F ) gives that

k∑
i=0

∥F (zi)∥2 ≤
∑k

i=0 (∥zi − z⋆∥2 − ∥zi+1 − z⋆∥2)
γ2(1− γ2L2

F )

≤ ∥z0 − z⋆∥2

γ2(1− γ2L2
F )

for each k ∈ N0. Now (2.11) and (2.12) follow from the monotonicity of (∥F (zi)∥)i∈N0
,

i.e., (2.10). 2

The following result shows that Vk, when scaled by a nonnegative constant, equals the
residual of a Fejér-type inequality. As a direct consequence, this gives a o(1/k) last-iterate
convergence result in terms of Vk as presented in Corollary 2.6.
Theorem 2.5
Suppose that Assumption 2.1 holds, the sequence ((zk, z̄k))k∈N0

is generated by (1.2) with
initial point z0 ∈ H and step-size parameter γ ∈ (0, 1/LF ], and the sequence (Vk)k∈N0

is given by Vk = V(zk, z̄k, zk+1) for each k ∈ N0 and the Lyapunov function V defined
in (2.1). Then, for any k ∈ N0 and z⋆ ∈ zer (F + ∂g) it holds that

∥zk+1 − z⋆∥2 ≤ ∥zk − z⋆∥2 − α(γ, LF )Vk, (2.14)

where

α(γ, LF ) = γ2

2 (
√

5− 4γ2L2
F − 1) ≥ 0. (2.15)

152



2 A new Lyapunov analysis

Proof. Note that (2.4) and −F (z⋆) ∈ ∂g(z⋆) can equivalently be characterized by

0 ≤ g(z)− g(z̄k)− ⟨γ−1(zk − z̄k)− F (zk), z − z̄k⟩, (2.16a)
0 ≤ g(z)− g(zk+1)− ⟨γ−1(zk − zk+1)− F (z̄k), z − zk+1⟩, (2.16b)
0 ≤ g(z)− g(z⋆)− ⟨−F (z⋆), z − z⋆⟩ (2.16c)

for each z ∈ H. Picking z = zk+1 in (2.16a), z = z⋆ in (2.16b), z = z̄k in (2.16c), summing
the resulting inequalities, and multiplying by 2γ gives

0 ≤ − 2⟨zk − z̄k, zk+1 − z̄k⟩+ 2γ⟨F (zk), zk+1 − z̄k⟩

− 2⟨zk − zk+1, z⋆ − zk+1⟩+ 2γ⟨F (z̄k), z⋆ − zk+1⟩

− 2γ⟨F (z̄k)− F (z⋆), z̄k − z⋆⟩+ 2γ⟨F (z̄k), z̄k − z⋆⟩

≤ ∥zk − zk+1∥2 − ∥zk − z̄k∥2 − ∥zk+1 − z̄k∥2 + 2γ⟨F (zk), zk+1 − z̄k⟩

+ ∥zk − z⋆∥2 − ∥zk − zk+1∥2 − ∥z⋆ − zk+1∥2 + 2γ⟨F (z̄k), z⋆ − zk+1⟩

+ 2γ⟨F (z̄k), z̄k − z⋆⟩

= ∥zk − z⋆∥2 − ∥z⋆ − zk+1∥2 − ∥zk − z̄k∥2 − ∥zk+1 − z̄k∥2

− 2γ⟨F (zk)− F (z̄k), z̄k − zk+1⟩,

(2.17)

where the identity −2⟨x, y⟩ = ∥x− y∥2 −∥x∥2 −∥y∥2 for each x, y ∈ H and monotonicity
of F is used in the second inequality. Picking z = zk+1 in (2.16a), z = z̄k in (2.16b), and
summing the resulting inequalities gives

0 ≤ g(zk+1)− g(z̄k)− ⟨γ−1(zk − z̄k)− F (zk), zk+1 − z̄k⟩

+ g(z̄k)− g(zk+1)− ⟨γ−1(zk − zk+1)− F (z̄k), z̄k − zk+1⟩

= −⟨F (zk)− F (z̄k), z̄k − zk+1⟩ − γ−1∥z̄k − zk+1∥2. (2.18)

For notational simplicity, we let α = α(γ, LF ) for α(γ, LF ) as in (2.15), where simple
algebra shows that α ≥ 0 if and only if γLF ≤ 1. Multiplying (2.18) with 2αγ−1, and
adding the result to (2.17) gives

0 ≤ ∥zk − z⋆∥2 − ∥zk+1 − z⋆∥2 − ∥zk − z̄k∥2 − (1 + 2αγ−2)∥zk+1 − z̄k∥2

− 2γ(1 + αγ−2)⟨F (zk)− F (z̄k), z̄k − zk+1⟩

= ∥zk − z⋆∥2 − ∥zk+1 − z⋆∥2 − αVk + Ak,

where

Ak = − ∥zk − z̄k∥2 − (1 + 2αγ−2)∥zk+1 − z̄k∥2 − 2γ(1 + αγ−2)⟨F (zk)− F (z̄k), z̄k − zk+1⟩
+ αVk

= − ∥zk − z̄k∥2 − (1 + αγ−2)∥zk+1 − z̄k∥2 + αγ−2∥zk − zk+1∥2

+ 2γ⟨αγ−2(zk − zk+1)− (1 + αγ−2)(z̄k − zk+1), F (zk)− F (z̄k)⟩
=Bk

, (2.19)

where we substituted Vk.
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To complete the proof, it is enough to show that Ak ≤ 0. The last inner product
in (2.19) can be upper bounded using Young’s inequality as

Bk ≤ γ
2 ∥F (zk)− F (z̄k)∥2 + 1

2γ
∥αγ−2(zk − zk+1)− (1 + αγ−2)(z̄k − zk+1)∥2

≤ γL2
F

2 ∥z
k − z̄k∥2

+ 1
2γ

((1 + αγ−2)∥z̄k − zk+1∥2 + αγ−2(1 + αγ−2)∥zk − z̄k∥2 − αγ−2∥zk − zk+1∥2),
(2.20)

where Lipschitz continuity of F and the identity ∥βx− (1 + β)y∥2 = (1 + β)∥y∥2 + β(1 +
β)∥x− y∥2 − β∥x∥2 for each x, y ∈ H and each β ∈ R [6, Corollary 2.15] are used in the
second inequality. Substituting (2.20) in (2.19) gives

Ak ≤ − (1− γ2L2
F − αγ−2(1 + αγ−2))∥zk − z̄k∥2 = 0, (2.21)

where the last equality follows from simple algebra after substituting α = α(γ, LF ) as
in (2.15). 2

Corollary 2.6
Suppose that Assumption 2.1 and zer (F + ∂g) ̸= ∅ hold, and the sequence ((zk, z̄k))k∈N0

is generated by (1.2) with initial point z0 ∈ H and step-size parameter γ ∈ (0, 1/LF ).
Then,

Vk ∈ o(1/k) as k →∞, (2.22)

and for any k ∈ N0 and z⋆ ∈ zer (F + ∂g) it holds that

Vk ≤
∥z0 − z⋆∥2

α(γ, LF )(k + 1) , (2.23)

where α(γ, LF ) > 0 is defined in (2.15) and Vk = V(zk, z̄k, zk+1) for the Lyapunov
function V defined in (2.1).
Proof. The last iterate-convergence results in (2.22) and (2.23) follows by inductively
summing (2.14), rearranging, dividing by α(γ, LF ), and using monotonicity of (Vk)k∈N0
as shown in (2.3). 2

Remark 2.7
A close review of the proofs of Theorems 2.3 and 2.5 (and therefore also Corollary 2.6)
shows that the arguments remain valid when ∂g in (1.1) is replaced with a maximally
monotone and 3-cyclically monotone operator T : H → H (see [6, Definition 22.13]) and
the proximal operators proxγg in (1.2) with the resolvent (Id +γT )−1; the only change
is to use cyclic-monotonicity inequalities in place of the subgradient inequalities. We
nonetheless choose to present the slightly more restrictive subdifferential-based formulation,
as it avoids the added abstraction of cyclic monotonicity and is likely more immediately
accessible to a broader audience.

3. Algorithms for monotone inclusions

In light of the descent property established in Theorem 2.3, we propose line-search
extensions of the extragradient method that combine the nominal steps of (1.2) with user-
specified directions. This section focuses on identifying appropriate conditions to guarantee
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global convergence, with detailed proofs deferred to Section 4. We deliberately leave the
choice of directions open at this stage and postpone the superlinear convergence analysis
to Section 5. This abstraction offers flexibility in choosing methods—such as (inexact)
(quasi-)Newton approaches, Anderson acceleration, or other suitable algorithms—for
computing the directions.

In the first subsection, we consider the classical extragradient setting where g = 0 and
introduce a line search based on ∥F (zk)∥2 and its descent inequality in (2.10). We then
extend our approach in Section 3.2 to the more general setting of (1.1). Separating the
analysis in this way reflects the stronger convergence results available when g = 0, as well
as the fact that, in this case, the line search is more computationally efficient.

3.1 Fast line-search extragradient
In this subsection, we focus on the case g = 0 in (1.1), where the Lyapunov inequality (2.3)
simplifies to (2.10). The first algorithm introduced here is FLEX (Algorithm 1), which
can be viewed as a hybrid scheme in the same spirit as [21, Algorithm 5.16]. At each
iteration, it computes a suitable direction dk (see Section 5) and performs the updates
zk+1 = zk +dk whenever the contraction condition in Step 4 holds. Otherwise, it conducts
a line search based on the descent inequality (2.10), serving as a performance safeguard.

Before we present the convergence results for FLEX, we offer some observations on the
line-search procedure.
Remark 3.1
The line-search interpolation strategy in FLEX is designed to ensure global convergence
while infusing local update directions in the algorithm. It differs from standard line-search
procedures in some respects.

(i) After a finite number of backtracks, the method defaults to τk = 0, at which point (3.1)
is satisfied due to (2.10) in Corollary 2.4. Taking the nominal step after a finite
number of trials is not just a practical consideration but is also theoretically grounded.
Without additional assumptions, it is possible that ∥F (zk)− F (z̄k)∥ = 0 even when
no solution has been found, and (3.1) is not satisfied by any τk > 0 for some
ill-chosen user-specified direction dk. Therefore, additional assumptions are required
for such edge cases if an infinite backtracking strategy with known finite termination
is to be employed. This is further explored in Section 3.1.1.

(ii) Enforcing a descent inequality as in (3.1) of Step 7 can be viewed as a performance
safeguarding. As it is shown in Theorem 3.2.(i) below, the convergence of FLEX can
be guaranteed provided that (dk)k∈N0 ∈ ℓ1(N0; H). Therefore, the descent inequality
within the line-search procedure ensures that the directions contribute effectively to
the convergence, preventing arbitrarily poor performance.

The next theorem establishes global convergence of FLEX under the assumption that
the directions are summable, a setting that will be revisited in Section 5, see also
Theorem 5.6.(iii). Alternatively, if F is uniformly monotone, the summability assumption
is dropped, as shown in Theorem 3.2.(ii). Moreover, when F is µF -strongly monotone, as
in Theorem 3.2.(iii), a linear convergence rate is achieved.
Theorem 3.2
Suppose that Assumption 2.1.(i) holds, zer (F ) ≠ ∅, and the sequence (zk)k∈N0

is generated
by FLEX (Algorithm 1). Then, the following hold.

(i) If (dk)k∈N0 ∈ ℓ1(N0; H), then (zk)k∈N0 converges weakly to some point in zer (F ).
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Algorithm 1: FLEX (Fast Line-search EXtragradient)

Initialize: z0 ∈ H, γ ∈ (0, 1/LF ), (ρ, σ, β) ∈ (0, 1)3, M ∈ N0
1: for k = 0, 1, 2, . . . do
2: z̄k = zk − γF (zk); wk = zk − γF (z̄k)
3: Compute a direction dk ∈ H at zk

4: if ∥F (zk + dk)∥ ≤ ρ∥F (zk)∥ then
5: zk+1 = zk + dk

6: else
7: Set zk+1 = (1− τk)wk + τk(zk + dk) where τk is the largest

number in {βi | i ∈ J1, MK} ∪ {0} such that

∥F (zk+1)∥2 ≤ ∥F (zk)∥2 − σ(1− γ2L2
F )∥F (zk)− F (z̄k)∥2 (3.1)

8: end if
9: end for

(ii) If F is uniformly monotone, then (zk)k∈N0 converges weakly to some point in zer (F ).

(iii) If there exists 0 < µF ≤ LF such that µF ∥x−y∥ ≤ ∥F (x)−F (y)∥ for each x, y ∈ H,
then (zk)k∈N0 converges strongly to some point in zer (F ) and

∥F (zk+1)∥2 ≤ max (ρ2, 1− σγ2µ2
F (1− γ2L2

F ))
∈(0,1)

∥F (zk)∥2 (3.2)

for each k ∈ N0.

3.1.1 Variant of FLEX under injectivity
As highlighted in Remark 3.1(i), since ∥F (zk)−F (z̄k)∥ = 0 can occur without reaching a
solution, special considerations are necessary. In FLEX, this is addressed by employing an
explicit finite termination in the line-search procedure and assuming that the directions
dk are summable. However, when the operator F is injective, it is possible to exploit the
Lyapunov inequality in (2.10) directly to establish convergence results without additional
assumptions. To this end, we introduce I-FLEX, which incorporates a more traditional line-
search procedure similar to that used in [40, Algorithm PANOC]. However, the PANOC algorithm
is developed for minimization problems and utilizes a fundamentally different Lyapunov
function. Importantly, I-FLEX uses an infinite backtracking strategy with guaranteed finite
termination since injectivity ensures that ∥F (zk) − F (z̄k)∥ = 0 only when a solution
has been found. Moreover, I-FLEX has two fewer parameters than FLEX, simplifying its
implementation.
Proposition 3.3
Suppose that Assumption 2.1.(i) holds and F is injective. Then, independent of the choice
of the direction dk in Step 3 of I-FLEX (Algorithm 2), either there exists an iteration k ∈ N0
such that zk ∈ zer (F ) or the line search in Step 4 is well-defined for each iteration k ∈ N0.

Proof. Follows from σ ∈ (0, 1), (2.10), continuity of F , and that ∥F (zk)− F (z̄k)∥ ≠ 0 if
and only if zk /∈ zer (F ). 2

Theorem 3.4
Suppose that Assumption 2.1.(i) holds, zer (F ) ≠ ∅, and the sequence (zk)k∈N0

is generated
by I-FLEX (Algorithm 2).
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Algorithm 2: I-FLEX (Injective-FLEX)

Initialize: z0 ∈ H, γ ∈ (0, 1/LF ), (σ, β) ∈ (0, 1)2

1: for k = 0, 1, 2, . . . do
2: z̄k = zk − γF (zk); wk = zk − γF (z̄k)
3: Compute a direction dk ∈ H at zk

4: Set zk+1 = (1− τk)wk + τk(zk + dk) where τk is the largest number
in {βi | i ∈ N0} such that

∥F (zk+1)∥2 ≤ ∥F (zk)∥2 − σ(1− γ2L2
F )∥F (zk)− F (z̄k)∥2 (3.3)

5: end for

(i) If F is injective and weakly continuous, then each weak sequential cluster point of
(zk)k∈N0 is in zer (F ).

(ii) If F is injective and weakly continuous, and (dk)k∈N0 ∈ ℓ1(N0; H), then (zk)k∈N0
converges weakly to some point in zer (F ).

(iii) If F is uniformly monotone, then (zk)k∈N0 converges weakly to some point in zer (F ).

(iv) If there exists 0 < µF ≤ LF such that µF ∥x−y∥ ≤ ∥F (x)−F (y)∥ for each x, y ∈ H,
then (zk)k∈N0 converges strongly to some point in zer (F ) and

∥F (zk+1)∥2 ≤ (1− σγ2µ2
F (1− γ2L2

F ))
∈(0,1)

∥F (zk)∥2 (3.4)

for each k ∈ N0.

3.2 Proximal fast line-search extragradient
A direct generalization of FLEX (Algorithm 1) in Section 3.1 is provided in Prox-FLEX (Algo-
rithm 3) for the case when g in (1.1) is nonzero. Here, the Lyapunov inequality (2.3) from
Theorem 2.3 is used to modify the standard extragradient method in (1.2); otherwise,
the underlying approach remains the same. However, there is one important difference
between FLEX and Prox-FLEX in terms of computations required per line-search trial. The
condition (3.1) in FLEX requires only one additional F evaluation per trial while condi-
tion (3.5) in Prox-FLEX requires two additional F evaluations and two additional proxγg

evaluations per trial. Next, we present a convergence result of Prox-FLEX.

Theorem 3.5
Suppose that Assumption 2.1 holds, zer (F + ∂g) ̸= ∅, the sequence (zk)k∈N0

is generated
by Prox-FLEX (Algorithm 3), and (dk)k∈N0 ∈ ℓ1(N0; H). Then (zk)k∈N0 converges weakly to
some point in zer (F + ∂g).

Remark 3.6
(i) If F is µF -strongly monotone, then the Lyapunov inequality (2.3) in Theorem 2.3

can be strengthened to include the additional term −2γ−1µF ∥zk+1−zk∥2 in the right-
hand side; this follows from using strong monotonicity of F instead of monotonicity
of F in the first inequality in (2.8). This observation suggests that the line-search
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Algorithm 3: Prox-FLEX (Proximal-FLEX)

Initialize: z0 ∈ H, γ ∈ (0, 1/LF ), (ρ, σ, β) ∈ (0, 1)3, M ∈ N0
Require: Lyapunov function V as in (2.1) and algorithmic operators T γ

1 , T γ
2 as in (2.2)

1: for k = 0, 1, 2, . . . do
2: z̄k = T γ

1 (zk) = proxγg

(
zk − γF (zk)

)
3: wk = T γ

2 (zk) = proxγg

(
zk − γF (z̄k)

)
4: Compute a direction dk ∈ H at zk

5: if V(zk + dk, T γ
1 (zk + dk), T γ

2 (zk + dk)) ≤ ρ2V(zk, z̄k, wk) then
6: zk+1 = zk + dk

7: else
8: Set zk+1 = (1− τk)wk + τk(zk + dk) where τk is the largest

number in {βi | i ∈ J1, MK} ∪ {0} such that

V(zk+1, T γ
1 (zk+1), T γ

2 (zk+1))
≤ V(zk, z̄k, wk)− σ(1− γ2L2

F )γ−2∥wk − z̄k∥2 (3.5)

9: end if
10: end for

condition (3.5) in Prox-FLEX can be replaced by

V(zk+1, z̄k+1, wk+1) ≤ V(zk, z̄k, wk)− σ(1− γ2L2
F )γ−2∥wk − z̄k∥2

− 2γ−1σµF ∥wk − zk∥2. (3.6)

Note that using Young’s inequality, we get

V(zk, z̄k, wk) ≤ (2γ−1 + γ−1LF + γ−2)∥wk − zk∥2 + (γ−1LF + γ−2)∥wk − z̄k∥2.
(3.7)

Combining (3.6), (3.7) and Step 5 in Prox-FLEX gives

V(zk+1, z̄k+1, wk+1) ≤ max
(

ρ2, 1− σ min ((1− γ2L2
F ), 2γµF )

2γ + γLF + 1

)
∈(0,1)

V(zk, z̄k, wk)

for each k ∈ N0, i.e. (V(zk, z̄k, wk))k∈N0 converges at least Q-linearly to zero.
However, the resulting line-search condition is not always actionable since µF may
not be known in many practical problems. Therefore, we have chosen not to consider
the strongly monotone case further.

(ii) Similar to I-FLEX, Prox-FLEX can be modified to perform infinite backtracking on (3.5)
with guaranteed finite termination, even without the strengthened line-search condi-
tion described above in Remark 3.6(i). This modification requires ∥wk − z̄k∥ to be
an optimality measure, which holds when both F and proxγg are injective. However,
since proxγg is rarely injective in practical applications, we omit this modification
from our analysis.
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4. Global convergence

This section provides detailed proofs of the results presented in Section 3. We start by
providing two useful lemmas. The first lemma establishes that the iterates generated
by FLEX, I-FLEX, and Prox-FLEX are quasi-Fejér monotone with respect to the solution set,
which is an important tool in establishing global convergence. The second lemma contains
some auxiliary results.
Lemma 4.1
Suppose that Assumption 2.1 holds, z⋆ ∈ zer (F + ∂g), (dk)k∈N0 ∈ ℓ1(N0; H), T γ

1 and
T γ

2 are the algorithmic operators defined in (2.2), and V is the Lyapunov function given
in (2.1). Let (zk)k∈N0

∈ HN0 such that zk+1 = (1− τk)wk + τk(zk + dk), where τk ∈ [0, 1]
and wk = T γ

2 (zk) for each k ∈ N0. Then there exists a sequence (εk)k∈N0 ∈ ℓ1(N0; R+)
such that

∥zk+1 − z⋆∥2 ≤ ∥zk − z⋆∥2 + εk − (1− τk)α(γ, LF )Vk, (4.1)

where α(γ, LF ) is defined in (2.15), Vk = V(zk, z̄k, wk), and z̄k = T γ
1 (zk) for each k ∈ N0.

Proof. Note that Proposition 2.2.(i) gives that Vk ≥ 0 for each k ∈ N0. Using the identity

∥τx + (1− τ)y∥2 = τ∥x∥2 + (1− τ)∥y∥2 − τ(1− τ)∥x− y∥2

for each x, y ∈ H and τ ∈ R [6, Corollary 2.15], and zk+1 − z⋆ = τk(zk + dk − z⋆) + (1−
τk)(wk − z⋆) for each k ∈ N0, we get that

∥zk+1 − z⋆∥2

= τk∥zk + dk − z⋆∥2 + (1− τk)∥wk − z⋆∥2 − τk(1− τk)∥zk + dk − wk∥2

≤ τk∥zk + dk − z⋆∥2 + (1− τk)∥zk − z⋆∥2 − (1− τk)α(γ, LF )Vk

≤ τk(∥zk − z⋆∥+ ∥dk∥)2 + (1− τk)∥zk − z⋆∥2 − (1− τk)α(γ, LF )Vk

≤ ∥zk − z⋆∥2 + 2∥zk − z⋆∥∥dk∥+ ∥dk∥2 − (1− τk)α(γ, LF )Vk (4.2)

≤ (∥zk − z⋆∥+ ∥dk∥)2 (4.3)

for each k ∈ N0, where (2.14) and τk(1−τk) ≥ 0 is used in the first inequality, the triangle
inequality is used in the second inequality, τk ≤ 1 is used in the third inequality, and
(1− τk)α(γ, LF ) ≥ 0 is used in the last inequality. Taking the square root of (4.3) and
inductively applying the resulting inequality gives that

∥zk − z⋆∥ ≤ ∥z0 − z⋆∥+
∑k−1

i=0 ∥d
i∥ ≤ ∥z0 − z⋆∥+

∑∞
i=0∥d

i∥
=E

<∞ (4.4)

for each k ∈ N0, where the empty sum is interpreted as zero and E is finite since
(dk)k∈N0 ∈ ℓ1(N0; H). Therefore, (4.2) and (4.4) imply that

∥zk+1 − z⋆∥2 ≤ ∥zk − z⋆∥2 + 2E∥dk∥+ ∥dk∥2

=εk

−(1− τk)α(γ, LF )Vk

for each k ∈ N0, where summability of (εk)k∈N0 follows from (dk)k∈N0 ∈ ℓ1(N0; H). 2
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Lemma 4.2
Suppose that Assumption 2.1 holds, the sequences (zk)k∈N0

, (z̄k)k∈N0
and (wk)k∈N0

are
generated by either FLEX (Algorithm 1), I-FLEX (Algorithm 2), or Prox-FLEX (Algorithm 3),
and V is the Lyapunov function given in (2.1). Then, the following hold.

(i) (V(zk, z̄k, wk))k∈N0 is convergent, which for FLEX and I-FLEX reduces to (F (zk))k∈N0
being convergent.

(ii) (∥wk−z̄k∥2)k∈N0 ∈ ℓ1(N0; R+), which for FLEX and I-FLEX can be written as (∥F (zk)−
F (z̄k)∥2)k∈N0 ∈ ℓ1(N0; R+).

(iii) If F is uniformly monotone, then (∥F (zk)∥)k∈N0 converges to zero for FLEX
and I-FLEX.

Proof. First, we establish for Prox-FLEX that

V(zk+1, z̄k+1, wk+1)
≤ V(zk, z̄k, wk)
−min((1− γLF )(1− ρ2), σ(1− γ2L2

F ))γ−2∥wk − z̄k∥2

(4.5)

for each k ∈ N0. Note that Step 5 in Prox-FLEX implies that

V(zk+1, z̄k+1, wk+1) ≤ ρ2V(zk, z̄k, wk)
= V(zk, z̄k, wk)− (1− ρ2)V(zk, z̄k, wk)
≤ V(zk, z̄k, wk)− (1− γLF )(1− ρ2)γ−2∥wk − z̄k∥2

for each iteration k when the condition in Step 5 of Prox-FLEX is true, where Proposi-
tion 2.2.(i) is used in the last inequality. This combined with (3.5) in Prox-FLEX gives (4.5).

Second, since Prox-FLEX reduced to FLEX when g = 0, (4.5) implies that

∥F (zk+1)∥2

≤ ∥F (zk)∥2

−min((1− γLF )(1− ρ2), σ(1− γ2L2
F ))∥F (zk)− F (z̄k)∥2

(4.6)

for each k ∈ N0, for FLEX.

4.2.(i): Follows from (4.6) for FLEX, (3.3) for I-FLEX, and (4.5) for Prox-FLEX, combined with
the monotone convergence theorem.

4.2.(ii): Note that (∥wk− z̄k∥2)k∈N0 = (γ2∥F (zk)−F (z̄k)∥2)k∈N0 for FLEX and I-FLEX. The
statement follows from (4.6) for FLEX, (3.3) for I-FLEX, and (4.5) for Prox-FLEX, combined
with a telescoping summation argument.

4.2.(iii): Suppose that F is uniformly monotone, i.e., there exists an increasing function
ϕ : R+ → R+, that vanishes only at 0, such that

ϕ (∥x− y∥) ≤ ⟨x− y, F (x)− F (y)⟩

for each x, y ∈ H. Note that

ϕ
(
γ∥F (zk)∥

)
= ϕ

(
∥zk − z̄k∥

)
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4 Global convergence

≤ ⟨zk − z̄k, F (zk)− F (z̄k)⟩
≤ ∥zk − z̄k∥∥F (zk)− F (z̄k)∥
= γ∥F (zk)∥∥F (zk)− F (z̄k)∥ −−−−→

k→∞
0,

where z̄k = zk − γF (zk) is used in the first equality, the Cauchy–Schwarz inequality is
used in the second inequality, z̄k = zk − γF (zk) is used in the last equality, and the
convergence to zero in the last line follows from Lemma 4.2.(i) and Lemma 4.2.(ii). This
proves the claim. 2

4.1 Proofs regarding FLEX
Proof of Theorem 3.2.(i). This follows from Theorem 3.5, since Prox-FLEX (Algorithm 3)
reduces to FLEX (Algorithm 1) when g = 0. 2

Proof of Theorem 3.2.(ii). See Lemma 4.2.(iii). 2

Proof of Theorem 3.2.(iii). Note that (3.1) gives that

∥F (zk+1)∥2 ≤∥F (zk)∥2 − σ(1− γ2L2
F )∥F (zk)− F (z̄k)∥2

≤∥F (zk)∥2 − σµ2
F (1− γ2L2

F )∥zk − z̄k∥2

=(1− σγ2µ2
F (1− γ2L2

F ))∥F (zk)∥2 (4.7)

for each iteration k such that the condition in Step 4 in FLEX is false, where Step 2 in FLEX
is used in the last equality. Combining (4.7) and Step 4 in FLEX gives (3.2). Moreover,
(∥F (zk)∥)k∈N0 converges to zero since max(ρ2, 1− σγ2µ2

F (1− γ2L2
F )) ∈ (0, 1). Since

∥zk − z⋆∥ ≤ µ−1
F ∥F (zk)− F (z⋆)∥ = µ−1

F ∥F (zk)∥

for each k ∈ N0, (zk)k∈N0 converges strongly to z⋆ ∈ zer(F ). 2

4.2 Proofs regarding I-FLEX
Proof of Theorem 3.4.(i). Suppose that (zk)k∈K ⇀ z∞. Weak continuity of F and z̄k =
zk−γF (zk) give that (z̄k)k∈K ⇀ z̄∞ = z∞−γF (z∞). On the other hand, it follows from
Lemma 4.2.(ii) and weak continuity of F that F (z∞) = F (z̄∞), which in view of the
injectivity assumption of F , implies z∞ = z̄∞ = z∞ − γF (z∞). Therefore, z∞ ∈ zer (F ),
as claimed. 2

Proof of Theorem 3.4.(ii). Note that Theorem 3.4.(i) gives that each weak sequential
cluster point of (zk)k∈N0 is in zer (F ). Moreover, [6, Lemma 5.31] and (4.1) in Lemma 4.1
give that (∥zk − z⋆∥)k∈N0 converges. Thus, [6, Lemma 2.47] gives that (zk)k∈N0 converges
weakly to some point in zer (F ), as claimed. 2

Proof of Theorem 3.4.(iii). See Lemma 4.2.(iii). 2

Proof of Theorem 3.4.(iv). Note that (3.3) gives that

∥F (zk+1)∥2 ≤∥F (zk)∥2 − σ(1− γ2L2
F )∥F (zk)− F (z̄k)∥2

161



Paper IV

≤∥F (zk)∥2 − σµ2
F (1− γ2L2

F )∥zk − z̄k∥2

=(1− σγ2µ2
F (1− γ2L2

F ))∥F (zk)∥2

for each k ∈ N0, where Step 2 in I-FLEX is used in the last equality. Therefore, (∥F (zk)∥)k∈N0

converges to zero since 1− σγ2µ2
F (1− γ2L2

F ) ∈ (0, 1). Since

∥zk − z⋆∥ ≤ µ−1
F ∥F (zk)− F (z⋆)∥ = µ−1

F ∥F (zk)∥

for each k ∈ N0, (zk)k∈N0 converges strongly to z⋆ ∈ zer(F ). 2

4.3 Proofs regarding Prox-FLEX
Proof of Theorem 3.5. Set τk = 1 for the iterations when the condition in Step 5
in Prox-FLEX is true and let z⋆ ∈ zer (F + ∂g). Then (4.1) in Lemma 4.1 and [6, Lemma
5.31] imply that (∥zk − z⋆∥)k∈N0 converges. Thus, the proof is complete if we can show
that weak sequential cluster points of (zk)k∈N0 belong to zer (F + ∂g), due to [6, Lemma
2.47].

For this, it suffices to show that (∥z̄k − zk∥)k∈N0 converges to zero. Indeed, suppose
that (zk)k∈K ⇀ z∞ for some z∞ ∈ H and (∥z̄k − zk∥)k∈N0 converges to zero. Then
(z̄k)k∈K ⇀ z∞. Moreover, the proximal evaluation in Step 2 in Prox-FLEX can equivalently
be written as

γ−1(zk − z̄k)− F (zk) + F (z̄k) ∈ (F + ∂g)(z̄k). (4.8)

The left-hand side of (4.8) converges strongly to zero since F is continuous and (∥zk −
z̄k∥)k∈N0 converges to zero. Moreover, the operator F + ∂g is maximally monotone, since
F is maximally monotone (by continuity and monotonicity [6, Corollary 20.28]), ∂g
is maximally monotone [6, Theorem 20.48], and F has full domain [6, Corollary 25.5].
Thus, [6, Proposition 20.38] gives that z∞ ∈ zer (F + ∂g), and by [6, Lemma 2.47] we
conclude that (zk)k∈N0

converges weakly to a point in zer (F + ∂g).
It remains to show that (∥z̄k−zk∥)k∈N0 converges to zero, which we do by showing that

(Vk)k∈N0 converges to zero and applying Proposition 2.2.(i). Let K<1 = {k ∈ N0 | τk < 1} .
Suppose that |K<1| <∞. Then Vk+1 ≤ ρ2Vk for each k ∈ N0 such that k > max K<1, and
(Vk)k∈N0 converges to zero since ρ ∈ (0, 1). On the contrary, suppose that |K<1| =∞. Let
Γ : K<1 → K<1 such that Γ(k) = min {i ∈ K<1 | k < i} for each k ∈ K<1. Let k ∈ K<1,
and notice that τk ≤ τ̄ for any such index, where τ̄ = max {βi | i ∈ J1, MK} ∪ {0} < 1.
Inductively summing (4.1) in Lemma 4.1 from k to Γ(k)− 1 gives

∥zΓ(k) − z⋆∥2 ≤∥zk − z⋆∥2 − (1− τ̄)α(γ, LF )Vk +
Γ(k)−1∑

i=k

εi, (4.9)

where we used the fact that τi = 1 for any i ∈ K1. Inductively summing over all k ∈ K<1
in (4.9), rearranging, and dividing by (1− τ̄)α(γ, LF ) > 0 gives

∑
k∈K<1

Vk ≤

∑
k∈K<1

(∥zk − z⋆∥2 − ∥zΓ(k) − z⋆∥2 +
∑Γ(k)−1

i=k
εi)

(1− τ̄)α(γ, LF )
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5 Superlinear convergence

≤
∥zmin(K<1) − z⋆∥2 +

∑∞
k=0 εk

(1− τ̄)α(γ, LF ) <∞, (4.10)

where summability of (εk)k∈N0 is used in the last inequality. Note that

∞∑
k=0

Vk =
∑

k∈K<1

Γ(k)−1∑
i=k

Vi

≤
∑

k∈K<1

Γ(k)−1∑
i=k

ρ2(i−k)Vk

≤ 1
1− ρ2

∑
k∈K<1

Vk <∞,

where Step 5 in Prox-FLEX is used in the first inequality, the expression for the geometric
series is used in the second inequality, and (4.10) is used in the last inequality. This
completes the proof. 2

5. Superlinear convergence

The convergence analyses presented so far have been blind to the choice of directions
(dk)k∈N0 ; nevertheless, attaining a fast convergence rate relies on their precise choice. This
section presents a minimal set of assumptions on the directions that ensure superlinear
convergence. Our main focus will be on quasi-Newton-type directions that are computed
as

dk = −HkRγ(zk), where Rγ = 1
γ

(Id−proxγg ◦ (Id−γF )), (5.1)

γ ∈ R++, Hk : H → H is a linear operator encapsulating information of the geometry
of the residual mapping Rγ at zk, and F and g satisfy Assumption 2.1. The specific
way Hk is computed determines the underlying quasi-Newton method (see Section 6 for
details). Notice that the zeros of Rγ coincide with the set of solutions of (1.1). Moreover,
when g = 0, Rγ reduces to F , and the directions are given by dk = −HkF (zk). The
following assumption on the directions (dk)k∈N0 can be seen as a boundedness assumption
on the linear operators (Hk)k∈N0 . However, note that the assumption applies to directions
beyond the ones given in (5.1).
Assumption 5.1
The sequence of directions (dk)k∈N0 used in FLEX, I-FLEX, or Prox-FLEX satisfies ∥dk∥ ≤
D∥Rγ(zk)∥ for each k ∈ N0 such that k ≥ K, for some constants D ≥ 0 and K ∈ N0,
where Rγ denotes the residual operator as defined in (5.1) (the function g is set to zero
in the particular cases of FLEX and I-FLEX).

Assumption 5.1 is a natural assumption for directions defined in (5.1). For example,
under suitable regularity conditions for regularized Newton directions—specifically when
g = 0—we demonstrate this in Proposition 5.2. Note that in Proposition 5.2, we assume
that F is continuously Fréchet differentiable; however, this assumption is made solely for
illustrative purposes and is not required elsewhere in the paper. Assumption 5.1 has also
been utilized in the context of minimization and in finding zeros of nonexpansive maps,
as seen in [1, Theorem 5.7.A3] and [41, Assumption 2], respectively.
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Proposition 5.2
Let F : H → H be monotone and continuously Fréchet differentiable, and suppose that the
Fréchet derivative DF at z⋆ ∈ zer (F ) is left invertible. Suppose that (zk)k∈N0 , (dk)k∈N0 ∈
HN0 are such that

(rk Id +DF (zk))dk = −F (zk) (5.2)

for some sequence (rk)k∈N0 ∈ RN0
++, and that (zk)k∈N0 converges strongly to z⋆. Then,

Assumption 5.1 is satisfied with g = 0.

Proof. Let t > 0 and note that

0 ≤ ⟨F (z + tv)− F (z), z + tv − z⟩
t2 −−→

t↓0
⟨DF (z)v, v⟩ (5.3)

for any v ∈ H and for any z ∈ H, by monotonicity of F . This implies that the bounded
linear operator rk Id +DF (zk) is rk-strongly monotone, and therefore invertible for each
k ∈ N0. This, in turn, ensures that the regularized Newton update (5.2) is well-defined,
i.e., dk is uniquely defined at each iteration.

Moreover, since DF (z⋆) is left invertible, there exists c1 > 0 such that ∥DF (z⋆)v∥ ≥
c1∥v∥ for any v ∈ H [5, Proposition 10.29]. This observation combined with zk → z⋆ and
continuity of DF (·) implies that there exists c2 > 0 and K ∈ N0 such that ∥DF (zk)v∥ ≥
c2∥v∥ for any v ∈ H and for any k ≥ K. Therefore,

∥F (zk)∥2 = ∥rk Id +DF (zk)dk∥2

= ∥rkdk∥2 + 2rk⟨DF (zk)dk, dk⟩+ ∥DF (zk)dk∥2

≥ ∥DF (zk)dk∥2

≥ c2
2∥dk∥2

for each k ≥ K, where the first inequality follows from (5.3) and rk > 0. This establishes
that Assumption 5.1 is satisfied with D = 1/c2, when g = 0. 2

Remark 5.3
In the case of FLEX, when the operator is strongly monotone, the sequence (∥F (zk)∥)k∈N0
converges Q-linearly to zero, as established in Theorem 3.2.(iii). This observation, com-
bined with Assumption 5.1 is sufficient to conclude that (dk)k∈N0 ∈ ℓ1(N0; H), thereby
yielding global convergence as demonstrated in Theorem 3.2.(i). An analogous argument
extends to Prox-FLEX after incorporating the strengthening discussed in Remark 3.6(i).

We proceed to quantify the quality of the directions used in the algorithms that
guarantee fast convergence. The classical condition of [17, Chapter 7.5] for Newton-type
methods identifies a sequence of directions (dk)k∈N0 relative to a sequence (zk)k∈N0
converging to z⋆ as superlinear if

lim
k→∞

∥zk + dk − z⋆∥
∥zk − z⋆∥ = 0. (5.4)

This notion a priori assumes the convergence of the sequence (zk)k∈N0 . Here, we use a
slightly refined notion and define superlinear directions similar to [41, Definition VI.2].
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5 Superlinear convergence

Definition 5.4
Suppose that γ ∈ R++, (zk)k∈N0 , (dk)k∈N0 ∈ HN0 , Assumption 2.1 holds, T γ

1 and T γ
2 are

the algorithmic operators defined in (2.2), and V is the Lyapunov function given in (2.1).
Then we say that the sequence of directions (dk)k∈N0 is superlinear relative to (zk)k∈N0 if

lim
k→∞

V(zk + dk, T γ
1 (zk + dk), T γ

2 (zk + dk))
V(zk, T γ

1 (zk), T γ
2 (zk)) = 0. (5.5)

In the case of solving monotone equations where g = 0, addressed by FLEX
and I-FLEX, (5.5) reduces to

lim
k→∞

∥F (zk + dk)∥
∥F (zk)∥ = 0. (5.6)

This condition is closely related to the classical Dennis-Moré assumption [13]. Specifically,
when F is strictly differentiable at its zeros, the Dennis-Moré assumption implies (5.6),
as shown in [41, Theorem VI.7]. In particular, the condition is satisfied by Broyden’s
method under mild regularity assumptions at the limit points [41, Theorem VI.8].
Remark 5.5
The superlinear convergence results presented in Theorem 5.6 also hold under (5.4) of [17]
since it implies the notion in Definition 5.4. Indeed, by Assumption 5.1

∥dk∥2 ≤ D2 (∥zk − T γ
2 (zk)∥+ ∥T γ

2 (zk)− T γ
1 (zk)∥

)2

≤ 2D2 (∥zk − T γ
2 (zk)∥2 + ∥T γ

2 (zk)− T γ
1 (zk)∥2)

≤ 2γ2D2

1− γLF
V(zk, T γ

1 (zk), T γ
2 (zk))

for each k ∈ N0 such that k ≥ K, where the triangle inequality is used in the first inequality
and Proposition 2.2.(i) is used in the last inequality. Hence

V(zk + dk, T γ
1 (zk + dk), T γ

2 (zk + dk))
V(zk, T γ

1 (zk), T γ
2 (zk)) ≤ 2γ2D2

(1− γLF )α(γ, LF )
∥zk + dk − z⋆∥2

∥dk∥ , (5.7)

for each k ∈ N0 such that k ≥ K, where V(zk + dk, T γ
1 (zk + dk), T γ

2 (zk + dk)) ≤ ∥zk +
dk − z⋆∥2/α(γ, LF ) is used (see Theorem 2.5). Combining (5.7) with (5.4) and the fact
that limk→∞∥zk − z⋆∥/∥dk∥ = 1 (see [17, Lemmma 7.5.7]) shows that the ratio on the
left-hand-side of (5.7) vanishes. Therefore, (5.5) is a weaker condition than (5.4) under
Assumption 5.1. We also refer the reader to [17] for further details.

As shown below in Theorem 5.6.(iii), Definition 5.4 in conjunction with Assump-
tion 5.1 is sufficient to conclude (dk)k∈N0 ∈ ℓ1(N0; H), establishing global weak sequential
convergence by Theorem 3.5. See also Theorems 3.2.(i) and 3.4.(ii) for FLEX and I-FLEX,
respectively.
Theorem 5.6
Suppose that Assumption 2.1 and Assumption 5.1 hold, zer (F + ∂g) ̸= ∅, T γ

1 and T γ
2

are the algorithmic operators defined in (2.2), V is the Lyapunov function given in (2.1),
and (dk)k∈N0 is superlinear relative to the sequence (zk)k∈N0 generated by either FLEX
(Algorithm 1), I-FLEX (Algorithm 2), or Prox-FLEX (Algorithm 3). Then, the following hold.
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(i) zk+1 = zk + dk for all k ∈ N0 sufficiently large.

(ii) (V(zk, T γ
1 (zk), T γ

2 (zk)))k∈N0 converges to zero at least Q-superlinearly.

(iii) (dk)k∈N0 ∈ ℓ1(N0; H) with (dk)k∈N0 converging to zero at least R-superlinearly.

(iv) If dimH < ∞, then (zk)k∈N0 converges to some point z⋆ ∈ zer (F + ∂g) at least
R-superlinearly.

Proof. The proof is presented for Prox-FLEX, with the necessary adjustments for FLEX
and I-FLEX outlined at the end of the proof.

5.6.(i) Follows from (5.5) since Step 5 in Prox-FLEX is true for all k ∈ N0 sufficiently large.

5.6.(ii) Follows from 5.6.(i) and (5.5).

5.6.(iii) Note that Assumption 5.1 and Proposition 2.2.(i) give that

∥dk∥ ≤ D

γ
∥zk − T γ

1 (zk)∥ ≤ 2D√
1− γLF

√
V(zk, T γ

1 (zk), T γ
2 (zk))

for each k ∈ N0 such that k ≥ K. The claim now follows from 5.6.(ii).

5.6.(iv) Theorem 3.5 and 5.6.(iii) imply that the sequence (zk)k∈N0 converges to some
point z⋆ ∈ zer (F + ∂g). Since zk+1 − zk = dk for all k ∈ N0 sufficiently large, 5.6.(iii)
implies that (zk+1 − zk)k∈N0 converges to zero at least R-(super)linearly. In particular,
there exists κ ∈ R++ and (ck)k∈N0 ∈ RN0

++ such that limk→∞ ck = 0 and

∥zk+1 − zk∥ ≤ κ

k∏
i=1

ci (5.8)

for each k ∈ N0. Let k, j ∈ N0 such that j > k. The triangle inequality and (5.8) give
that

∥zk − z⋆∥ ←−−−
j→∞

∥zk − zj∥ ≤
j−1∑
ℓ=k

∥zℓ − zℓ+1∥ ≤ κ

j−1∑
ℓ=k

ℓ∏
i=1

ci −−−→
j→∞

κ

∞∑
ℓ=k

ℓ∏
i=1

ci = µk.

The sequence (µk)k∈N0 ∈ RN0
++ converges to zero at least Q-superlinearly since

µk

µk−1
=
∑∞

ℓ=k

∏ℓ

i=1 ci∑∞
ℓ=k−1

∏ℓ

i=1 ci

=
(∏k−1

i=1 ci

)(∑∞
ℓ=k

∏ℓ

i=k
ci

)(∏k−1
i=1 ci

)(
1 +

∑∞
ℓ=k

∏ℓ

i=k
ci

) =
(∑∞

ℓ=k

∏ℓ

i=k
ci

)(
1 +

∑∞
ℓ=k

∏ℓ

i=k
ci

) → 0

and limk→∞
∑∞

ℓ=k

∏ℓ

i=k
ci = 0. Thus, (zk)k∈N0 converges to z⋆ at least R-superlinearly,

as claimed.

The assertions for FLEX follow directly, as setting g = 0 reduces Prox-FLEX and its underlying
assumptions to those of FLEX. For I-FLEX, the only distinction is that, for sufficiently large
k, τk = 1 is always accepted in Step 4 of I-FLEX, due to (5.6). All other arguments remain
unchanged. 2
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6 Numerical experiments

6. Numerical experiments

In this section, we assess the performance of the proposed algorithms in Section 3 through
a series of simulations on standard problems using both synthetic and real-world datasets.
Code to replicate the experiments is made available online.1 Table 1 contains a description
of the algorithms used.

Table 1. Algorithms used in the numerical simulations (when applicable).

Method Description
EG Extragradient method (1.2) with γ = 0.9/LF .
EAG-C Extra anchored gradient with constant step size α =

1/(8LF ) [47, Section 2.1].
GRAAL Golden ratio algorithm with ϕ = 2 and α = 0.999/LF [2,

Algorithm 2], [24].
aGRAAL Adaptive golden ratio algorithm with ϕ = (2 +

√
5)/2, γ =

1/ϕ + 1/ϕ2 and α0 = 0.1 [2, Algorithm 1], [24].
EG-AA An extragradient-type method with type-II Anderson accelera-

tion with memory m = 1 [35, Algorithm 1] using the parameter
values described in [35, Section 4].

FISTA Fast iterative shrinkage-thresholding algorithm with constant
step size [7, Section 4].

FLEX Algorithm 1 with γ = 0.9/LF , β = 0.3, σ = 0.1, ρ = 0.99, and
M = 2.

I-FLEX Algorithm 2 with β = 0.01 and σ = 0.1.
Prox-FLEX Algorithm 3 with γ = 0.9/LF , β = 0.3, σ = 0.1, ρ = 0.99, and

M = 2.

In the numerical experiments for FLEX, I-FLEX, and Prox-FLEX, we use directions (dk)k∈N0
based on quasi-Newton directions.

Anderson acceleration. The first set of quasi-Newton directions we use are the standard
limited-memory type-I and type-II Anderson acceleration methods [3, 18]. These directions
are computed via (5.1), i.e., dk = −HkRγ(zk), where Hk differs between the type-I
and type-II variants. Both methods employ a memory parameter m ∈ N and define
mk = min{m, k}. They also maintain two buffer matrices:

Yk =
[
yk−mk · · · yk−1

]
and Sk =

[
sk−mk · · · sk−1

]
,

where yi = Rγ(zi+1) − Rγ(zi) and si = zi+1 − zi. For type-I Anderson acceleration
(denoted AA-I), we have

Hk = I + (Sk − Yk) (S⊤
k Yk)−1 S⊤

k ,

whereas for type-II Anderson acceleration (denoted AA-II), we have

Hk = I + (Sk − Yk) (Y ⊤
k Yk)−1 Y ⊤

k .

Additional discussion can be found in [48].
1 https://github.com/manuupadhyaya/flex
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J-symmetric directions. We also incorporate directions derived from the J-symmetric quasi-
Newton approach proposed in [4], which is developed for unconstrained minimax problems.
This method exploits the so-called J-symmetric structure of the Hessian in such problems,
allowing a rank-2 update of the (inverse) Hessian estimate that naturally generalizes
the classic Powell’s symmetric Broyden method from standard minimization to minimax
optimization. The formula for updating Hk in (5.1) can be found in [4, Proposition 2.2].
We refer to this method as J-sym.

6.1 Quadratic minimax problem
Consider the quadratic convex-concave minimax problem

minimize
x∈Rn

maximize
y∈Rn

L(x, y) (6.1)

for the saddle function L : Rn × Rn → R such that

L(x, y) = 1
2 (x− x⋆)⊤

A(x− x⋆) + (x− x⋆)⊤
C(y − y⋆)− 1

2 (y − y⋆)⊤
B(y − y⋆)

for each (x, y) ∈ Rn × Rn, where x⋆, y⋆ ∈ Rn, A, B ∈ Sn
+, and C ∈ Rn×n. A solution

to the minimax problem (6.1) can be obtained by solving an associated saddle point
problem, which in turn can equivalently be written as (1.1) by letting H = R2n with the
inner product set to the dot product, g = 0, and F : R2n → R2n as the monotone and
LF -Lipschitz continuous operator given by

F (z) =
[
∇xL(x, y)
−∇yL(x, y)

]
=
[

A(x− x⋆) + C(y − y⋆)
B(y − y⋆)− C⊤(x− x⋆)

]
(6.2)

for each z = (x, y) ∈ Rn × Rn, where2

LF =
∥∥∥∥[ A C
−C⊤ B

]∥∥∥∥ .

We generate problem data as in [4, Section 5.1], which is outlined below. The results of
the numerical experiments are presented in Figure 1. We see that FLEX and I-FLEX do very
well for small problems, while larger ones are more challenging. Nevertheless, the use of
AA-II directions in our algorithms systematically performs at the top.

Input: ω ∈ R+ and n ∈ N
Output: x⋆, y⋆ ∈ Rn, A, B ∈ Sn

+ and C ∈ Rn×n

1: Let x⋆, y⋆ ∈ Rn such that x⋆
i , y⋆

i ∼ N (0, 1) for each i ∈ J1, nK
2: Let S ∈ Rn×n such that [S]i,j ∼ N (0, 1/

√
n) for each i, j ∈ J1, nK

3: S ← (S + S⊤)/2
4: S ← S + (|λmin(S)|+ 1)I
5: A← ωS
6: Repeat steps 2-4 with a different random seed and let B ← ωS
7: Repeat step 2 with a different random seed and let C ← S

2 The matrix norm is taken as the spectral norm.
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(d) n = 20 and ω = 0.0001
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FLEX: AA-II FLEX: J-sym I-FLEX: AA-I I-FLEX: AA-II I-FLEX: J-sym

Figure 1. Convergence of algorithms on the quadratic minimax problem (6.1). Both AA-I
and AA-II use memory parameter m = 20. When ω = 0, the operator F in (6.2) is
monotone; for ω > 0, it becomes strongly monotone.

6.2 Bilinear zero-sum game with simplex constraints
Consider the bilinear zero-sum game with simplex constraints given by

minimize
x∈∆n

maximize
y∈∆n

x⊤Ay (6.3)

where A ∈ Rn×n is the payoff matrix and ∆n = {w ∈ Rn
+ | w⊤1 = 1} is the probability

simplex in Rn, which is equivalent to finding a saddle point (x⋆, y⋆) ∈ ∆n ×∆n (which is
guaranteed to exist), i.e.,

(x⋆)⊤
Ay ≤ (x⋆)⊤

Ay⋆ ≤ x⊤Ay⋆

for each (x, y) ∈ ∆n×∆n. This, in turn, is equivalent to solving (1.1) by letting H = R2n

with the inner product set to the dot product, g = δ∆n×∆n , and F : R2n → R2n as the
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Figure 2. Convergence of algorithms on the bilinear zero-sum game with simplex con-
straints (6.3) where rk = R1/2LF

(zk) and R is the residual mapping in (5.1). Both AA-I
and AA-II use memory parameter m = 10 for Figure 2a and m = 20 for Figure 2b. The
number of operator evaluations equals the number of F and proxγg evaluations.

monotone and LF -Lipschitz continuous operator given by

F (z) =
[

Ay
−A⊤x

]
for each z = (x, y) ∈ Rn × Rn, where

LF =
∥∥∥∥[ 0 A
−A⊤ 0

]∥∥∥∥ .

We generate A = S−S⊤ for a random matrix S ∈ Rn×n such that [S]i,j ∼ N (0, 1) for
each i, j ∈ J1, nK, resulting in a skew-symmetric matrix A. The results of the numerical
experiments are presented in Figure 2. We see that using AA-II directions in Prox-FLEX
gives good performance.

6.3 Cournot–Nash equilibrium problem
Consider a noncooperative game with n ∈ N players, in which each player i ∈ J1, nK has
to pick a strategy zi that lies in Zi, a subset of a real Hilbert space Hi, and has an
associated loss function φi : H → R, where H =

∏n

j=1Hj . In this case, a pure strategy
Nash equilibrium is a strategy profile z = (z1, . . . , zn) ∈ H that solves the problem

find z ∈ H such that zi ∈ Argmin
x∈Zi

φi(x; z∖i) for each i ∈ J1, nK, (6.4)

where we have used the notation (x; z∖i) = (z1, . . . , zi−1, x, zi+1, . . . , zn) for each x ∈ Hi

and i ∈ J1, nK. In particular, assume that, for each i ∈ J1, nK, the function φi( · ; z∖i) : Hi →
R is convex for each z ∈ H, the gradient∇zi φi : H → Hi exists and is Lipschitz continuous,
and the set Zi ⊆ Hi is nonempty, closed and convex. Then (6.4) can equivalently be written
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as (1.1) by letting F : H → H : z 7→ (∇zi φi(z))n
i=1 and g = δZ , where Z =

∏n

i=1 Zi, and
it is straightforward to verify that Assumption 2.1 holds.

Input: n ∈ N
Output: ((Ti, ai, bi, mi, di))n

i=1
1: repeat
2: For each i ∈ J1, nK, sample mi uniformly from [150, 250]
3: For each i ∈ J1, nK, sample bi uniformly from [30, 50]
4: For each i ∈ J1, nK, sample Ti uniformly from [3, 7]
5: For each i ∈ J1, nK, sample di uniformly from [5, 20]
6: Sort (di)n

i=1 in increasing order
7: For each i ∈ J1, nK, sample ui uniformly from [−10,−5]
8: For each i ∈ J1, nK, compute ai = di/ui

9: Sort (ai)n
i=1 in decreasing order

10: valid← True
11: for i ∈ J1, nK do
12: if bi < −2aiTi or mi ≤ bi or di ≤ −ai then
13: valid← False
14: break
15: end if
16: end for
17: until valid is True

Let us further specialize the model to the Cournot–Nash equilibrium problem for
oligopolistic markets with concave-quadratic cost functions and a differentiated commodity,
as presented in [8]. Such models are useful for policymakers and economists in analyzing
market outcomes, assessing welfare effects, and evaluating the impact of various market
interventions [9, 19, 46, 27, 31, 45]. In particular, in the model of [8], each producer
i ∈ J1, nK chooses to produce and supply a quantity zi ∈ [0, Ti] of a differentiated
commodity at a cost ci : R→ R such that

ci(zi) = aiz
2
i + bizi,

for each zi ∈ R, where Ti > 0 denotes the maximum capacity of production, and ai < 0
and bi > 0 are numbers such that bi ≥ −2Tiai, ensuring that ci is increasing on [0, Ti].
Moreover, each producer i ∈ J1, nK has a price per produced unit of the differentiated
commodity3, denoted by pi : Rn → R, that also depends on the other producers’ supply,
and is modeled by

pi(z) = mi − di

n∑
j=1

zj

for each z = (z1, . . . , zn) ∈ Rn, for some mi > bi and di > −ai, where the last two
assumptions guarantee a positive profit in a monopolistic setting, i.e., when n = 1. Thus,
given that the goal of each producer is to maximize profit, or equivalently minimize losses,
an equilibrium state where no producer has any incentive to deviate unidirectionally from
its production plan can be modeled by (6.4), with Zi = [0, Ti], Hi = R, and

φi(z) = ci(zi)− zip(z)

3 Also known as the inverse demand function.
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Figure 3. Convergence of algorithms on the Cournot–Nash equilibrium problem where
rk = R1/2LF

(zk) and R is the residual mapping in (5.1). Both AA-I and AA-II use memory
parameter m = 3. The number of operator evaluations equals the number of F and proxγg

evaluations.

for each z = (z1, . . . , zn) ∈ Rn and i ∈ J1, nK, which fulfill the assumptions in the first
paragraph of this section. We identify F as

F (z) =


2(a1 + d1) d1 d1 · · · d1

d2 2(a2 + d2) d2 · · · d2
d3 d3 2(a3 + d3) · · · d3
...

...
...

. . .
...

dn dn dn · · · 2(an + dn)


=A

z

+

b1 −m1
...

bn −mn


with Lipschitz constant LF = ∥A∥. We also note that [36] provides the existence of a
solution in this case. We generate the data similar to the approach in [8, Section 4.1],
as outlined below. The results of the numerical experiments are presented in Figure 3.
Although n = 100 in Figure 3b is not representative of a real oligopolistic market,
we include this larger problem size to evaluate the performance and scalability of the
algorithms. We observe that Prox-FLEX has a superlinear drop-off in both cases and that
EG-AA and aGRAAL scale well for this particular problem.

6.4 Sparse logistic regression
Consider the sparse logistic regression problem

minimize
x∈Rn

m∑
i=1

log
(
1 + exp

(
−bia

⊤
i x
))

+ λ∥x∥1 (6.5)
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Figure 4. Convergence of algorithms on the sparse logistic regression problem (6.5), using
the datasets a9a from [12] and spambase from [15]. Both AA-I and AA-II use memory parameter
m = 10 for Figures 4a to 4c and m = 6 for Figures 4d to 4f. The number of operator
evaluations equals the number of F and proxγg evaluations.

where (ai, bi) ∈ Rn × {±1} for each i = 1, . . . , m. The minimization problem (6.5) can
equivalently be written as the inclusion problem (1.1) by letting H = Rn with the inner
product set to the dot product, F : Rn → Rn such that F (x) = K⊤σ(Kx) for each
x ∈ Rn where

σ : Rm → Rm :

u1
...

um

 7→


exp(u1)
1+exp(u1)

...
exp(um)

1+exp(um)

 , K =

−b1a⊤
1

...
−bma⊤

m

 ∈ Rm×n,

and g = λ∥·∥1. Moreover, note that Assumption 2.1 holds with LF = (1/4)∥K∥2. The
results of the numerical experiments are presented in Figure 4. Although not designed
specifically for minimization problems, we observe that Prox-FLEX with AA-II directions
performs at the top in all but one problem.

7. Conclusions

This paper investigated algorithms for solving inclusion problems involving the sum
of a monotone and Lipschitz continuous operator and the subdifferential of a proper,
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convex, and lower semicontinuous function. We proposed a new Lyapunov function for
Korpelevich’s extragradient method and established a last-iterate convergence result.
Departing from the standard Fejér-type analysis, this Lyapunov-based optimality measure
did not rely on a known solution to the inclusion problem. It underpinned three novel
algorithms that extend the extragradient method. These algorithms balanced user-specified
directions and standard extragradient steps, guided by carefully designed line search
steps based on the new Lyapunov analysis. In addition to providing global convergence
results under various assumptions, we showed that when the directions are superlinear,
no backtracking is triggered, leading to superlinear convergence.

Future research directions include developing similar solution-independent Lyapunov
functions for, e.g., the forward-reflected-backward method by Malitsky and Tam [25].
Another promising direction is to broaden the scope of the analysis beyond the monotone
setting to include cohypomonotone operators [32], and the more general class of problems
characterized by the weak Minty condition [14, 23, 33]. Additionally, further exploration
is warranted to adapt the approach to the mirror prox framework [28].

Appendix A: Background on Korpelevich’s extragradient method

In the original paper [22], the extragradient method (1.2) was analyzed under the as-
sumption that g is the indicator function of a nonempty, closed, and convex set, making
the proximal operator reduce to the projection onto that set. However, as noted in [26],
the extragradient method extends to the more general setting (1.1). The remainder
of this section presents results in this more general context, with proofs included for
completeness.

Definition A.1
Suppose that Assumption 2.1 holds and let γ ∈ R++. A point z ∈ H is said to be a fixed
point of the extragradient method (1.2) if

z̄ = proxγg(z − γF (z)), (A.1a)
z = proxγg(z − γF (z̄)). (A.1b)

Proposition A.2
Suppose that Assumption 2.1 holds and let γ ∈ R++. Then, the following hold:

(i) If z ∈ zer (F + ∂g), then z is a fixed point of the extragradient method, i.e., (A.1)
holds, and z = z̄.

(ii) If γ ∈ (0, 1/LF ), z is a fixed point of the extragradient method, and z̄ is defined as
in (A.1a), then z = z̄ ∈ zer (F + ∂g).

Proof. The proximal evaluations in (A.1a) and (A.1b) can equivalently be written via
their subgradient characterization as

γ−1(z − z̄)− F (z) ∈ ∂g(z̄), (A.2a)
−F (z̄) ∈ ∂g(z), (A.2b)

respectively.
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A.2.(i): Note that z ∈ zer (F + ∂g) and (A.1a) is equivalent to −F (z) ∈ ∂g(z) and (A.2a),
respectively. Using monotonicity of ∂g [6, Theorem 20.48], we get that

0 ≤ ⟨γ−1(z − z̄)− F (z) + F (z), z̄ − z⟩
= −γ−1∥z − z̄∥2 ≤ 0,

since γ ∈ R++. We conclude that z = z̄ and that (A.1) holds.

A.2.(ii): By using monotonicity of ∂g at the points z̄ and z, and the corresponding
subgradients in (A.2), we get that

0 ≤ ⟨γ−1(z − z̄)− F (z) + F (z̄), z̄ − z⟩
= −γ−1∥z − z̄∥2 + ⟨F (z̄)− F (z), z̄ − z⟩
≤ −γ−1∥z − z̄∥2 + ∥F (z̄)− F (z)∥∥z̄ − z∥
≤ (LF − γ−1)∥z − z̄∥2, (A.3)

where the Cauchy–Schwarz inequality is used in the second inequality, and Lipschitz
continuity of F in the third inequality. Since LF − γ−1 < 0, we conclude from (A.3) that
z = z̄. That z = z̄ ∈ zer (F + ∂g) now follows from (A.2a) or (A.2b). 2

Proposition A.3
Suppose that Assumption 2.1 holds, the sequence ((zk, z̄k))k∈N0

is generated by (1.2) with
initial point z0 ∈ H and step-size parameter γ ∈ R++, and z⋆ ∈ zer (F + ∂g). Then

∥zk+1 − z⋆∥2 ≤ ∥zk − z⋆∥2 − (1− γ2L2
F )∥z̄k − zk∥2 (A.4)

for each k ∈ N0. Moreover, if γ ∈ (0, 1/LF ), then (zk)k∈N0
converges weakly to a point in

zer (F + ∂g).

Proof. Note that the first and second proximal evaluations in (1.2) are equivalent to

0 ≤ g(z)− g(z̄k)− ⟨γ−1(zk − z̄k)− F (zk), z − z̄k⟩ for each z ∈ H, (A.5)

and

0 ≤ g(z)− g(zk+1)− ⟨γ−1(zk − zk+1)− F (z̄k), z − zk+1⟩ for each z ∈ H, (A.6)

respectively, and the assumption z⋆ ∈ zer (F + ∂g) is equivalent to

0 ≤ g(z)− g(z⋆)− ⟨−F (z⋆), z − z⋆⟩ for each z ∈ H. (A.7)

Picking z = zk+1 in (A.5), z = z⋆ in (A.6), z = z̄k in (A.7), summing the resulting
inequalities, and multiplying by 2γ gives

0 ≤ 2γg(zk+1)− 2γg(z̄k)− 2⟨zk − z̄k − γF (zk), zk+1 − z̄k⟩

+ 2γg(z⋆)− 2γg(zk+1)− 2⟨zk − zk+1 − γF (z̄k), z⋆ − zk+1⟩

+ 2γg(z̄k)− 2γg(z⋆)− 2⟨−γF (z⋆), z̄k − z⋆⟩
= Ak + Bk,

175



Paper IV

where
Ak = − 2⟨zk − z̄k, zk+1 − z̄k⟩ − 2⟨zk − zk+1, z⋆ − zk+1⟩

= ∥zk − zk+1∥2 − ∥zk − z̄k∥2 − ∥zk+1 − z̄k∥2 + ∥zk − z⋆∥2 − ∥zk − zk+1∥2

− ∥z⋆ − zk+1∥2

= ∥zk − z⋆∥2 − ∥z⋆ − zk+1∥2 − ∥zk − z̄k∥2 − ∥zk+1 − z̄k∥2,

and
Bk = 2γ⟨F (zk), zk+1 − z̄k⟩+ 2γ⟨F (z̄k), z⋆ − zk+1⟩ − 2γ⟨−F (z⋆), z̄k − z⋆⟩

= 2γ⟨F (zk), zk+1 − z̄k⟩+ 2γ⟨F (z̄k), z⋆ − zk+1⟩+ 2γ⟨F (z̄k), z̄k − z⋆⟩

− 2γ⟨F (z̄k)− F (z⋆), z̄k − z⋆⟩

≤ 2γ⟨F (zk), zk+1 − z̄k⟩+ 2γ⟨F (z̄k), z⋆ − zk+1⟩+ 2γ⟨F (z̄k), z̄k − z⋆⟩

= 2γ⟨F (zk)− F (z̄k), zk+1 − z̄k⟩

≤ γ2∥F (zk)− F (z̄k)∥2 + ∥zk+1 − z̄k∥2

≤ γ2L2
F ∥zk − z̄k∥2 + ∥zk+1 − z̄k∥2,

where monotonicity of F is used in the first inequality, Young’s inequality is used in the
second inequality, and Lipschitz continuity of F in the third inequality. We conclude that

0 ≤ Ak + Bk ≤ ∥zk − z⋆∥2 − ∥z⋆ − zk+1∥2 − (1− γ2L2
F )∥zk − z̄k∥2,

which proves (A.4).
Next, note that (A.4) gives that (∥zk − z⋆∥)k∈N0

converges. Thus, (zk)k∈N0
is bounded

and there exists a subsequence (zk)k∈K ⇀ z∞ for some z∞ ∈ H [6, Lemma 2.45]. More-
over, (A.4) and the requirement γ ∈ (0, 1/LF ) give that (∥z̄k − zk∥2)k∈N0

is summable,
and therefore, (z̄k)k∈K ⇀ z∞. The first proximal evaluation in (1.2) can equivalently be
written as

γ−1(zk − z̄k)− F (zk) + F (z̄k) ∈ (F + ∂g)(z̄k). (A.8)

The left-hand side of (A.8) converges strongly to zero since F is continuous and (∥zk −
z̄k∥)k∈N0 converges to zero. Moreover, the operator F + ∂g is maximally monotone, since
F is maximally monotone (by continuity and monotonicity [6, Corollary 20.28]), ∂g
is maximally monotone [6, Theorem 20.48], and F has full domain [6, Corollary 25.5].
Thus, [6, Proposition 20.38] gives that z∞ ∈ zer (F + ∂g), and by [6, Lemma 2.47] we
conclude that (zk)k∈N0

converges weakly to a point in zer (F + ∂g), as claimed. 2

Remark A.4
Similar to Remark 2.7, the results in this section remain valid when ∂g in (1.1) is replaced
with a maximally monotone and 3-cyclically monotone operator T : H → H and the
proximal operators proxγg in (1.2) with the resolvent (Id +γT )−1.

Appendix B: Counterexamples

Example B.1
Let Vk = V(zk, z̄k, zk+1) for the Lyapunov function V defined in (2.1) and iterates
((zk, z̄k))k∈N0 generated by Tseng’s method (1.3). This example contains a particular
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instance of the inclusion problem (1.1), initial point z0 ∈ H, and step size γ ∈ (0, 1/LF )
for which Vk increases between the first two consecutive iterations, thereby establishing
that Vk has no (one-step) descent inequality in this case. In particular, consider H = R4,
F : R4 → R4, and g : R4 → R ∪ {+∞} such that

F (z) =
[

Ax
−A⊤y

]
and g(z) =

{
0 if x ∈ [−7, 6]2 and y ∈ [1, 8]2,

+∞ otherwise

for each z = (x, y) ∈ R2 × R2, respectively, where

A =
[

7 6
1 0

]
.

It is straightforward to verify that Assumption 2.1 holds with4

LF =
∥∥∥∥[ 0 A
−A⊤ 0

]∥∥∥∥ ≈ 9.25091.

By letting z0 = (−1,−7,−1, 7) and γ = 1/10, Tseng’s method gives that

z̄0 =
(
−9

2 ,−69
10 , 1,

32
5

)
,

z1 =
(
−277

50 ,−71
10 ,−36

25 ,
43
10

)
,

z̄1 =
(
−7,−1739

250 , 1, 1
)

,

and therefore

V0 = 1662 and V1 = 1187246
625 = 1899.5936,

establishing the claim.5

Example B.2
Consider the inclusion problem

find z ∈ H such that 0 ∈ F (z) + T (z)

where F : H → H satisfies Assumption 2.1.(i) and T : H → 2H is a maximally monotone
operator. Let

z̄k = (Id +γT )−1(zk − γF (zk)),
zk+1 = (Id +γT )−1(zk − γF (z̄k)), (B.1)

and Vk = V(zk, z̄k, zk+1) for the Lyapunov function V defined in (2.1). This example
contains a particular problem instance for which (zk)k∈N0 diverges and Vk increases

4 The matrix norm is taken as the spectral norm.
5 Code to reproduce this example can be found at https://github.com/ManuUpadhyaya/flex/blob/main/
Counterexample_B1.ipynb.
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between the first two consecutive iterations. In particular, consider H = R2, z0 = (10, 10),
γ = 1/10, and F, T : R2 → R2 such that

F (z) =
[

0 9
−9 0

]
=A

[
x
y

]
and T (z) =

[
0 −4
4 0

]
=B

[
x
y

]

for each z = (x, y) ∈ R× R, where LF = 9. Note that (B.1) reduces to

zk+1 = (I + γB)−1 (I − γA
(
(I + γB)−1 (I − γA)

))
=C

zk,

where C ∈ R2×2 has full rank and spectral radius ≈ 1.132596, which is greater than one.
Therefore, we can conclude that (zk)k∈N0 diverges. Moreover, (B.1) gives that

z̄0 =
(215

29 ,
465
29

)
,

z1 =
(3245

1682 ,
26745
1682

)
,

z̄1 =
(
−447965

97556 ,
1899785
97556

)
,

z2 =
(
−53118995

5658248 ,
87834005
5658248

)
,

and therefore

V0 = 5875000
841 ≈ 6985.73127229489,

V1 = 12676046875
1414562 ≈ 8961.11084208398,

establishing the second claim.6

Appendix C: Comparison to standard optimality measures

This section presents some standard optimality measures for (1.1) and compares them
to Vk = V(zk, z̄k, zk+1) for the Lyapunov function V defined in (2.1) and iterates
((zk, z̄k))k∈N0 generated by the extragradient method (1.2). It also includes a comparison
to recent last-iterate convergence results for the extragradient method.
Definition C.1
Suppose that Assumption 2.1 holds.

(i) The natural residual is defined as

∥z − proxg(z − F (z))∥

for each z ∈ H.
6 Code to reproduce this example can be found at https://github.com/ManuUpadhyaya/flex/blob/main/
Counterexample_B2.ipynb.
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(ii) The tangent residual is defined as

inf
ξ∈∂g(z)

∥F (z) + ξ∥

for each z ∈ H.

(iii) Suppose that z0 ∈ H, z⋆ ∈ zer(F + ∂g) and δ = ∥z0 − z⋆∥ > 0. Then the restricted
gap function Gap : H → R ∪ {+∞} is defined as

Gap(z) = sup
w∈dom ∂g∩B(z⋆;δ)

(⟨F (w), z − w⟩+ g(z)− g(w)) (C.1)

for each z ∈ H, where B(z⋆; δ) = {z ∈ H : ∥z − z⋆∥ ≤ δ}.

Remark C.2
In this remark, we establish that the measures in Definition C.1 are indeed optimality
measures for (1.1).

(i) The natural residual is nonnegative and zero if and only if z ∈ zer (F + ∂g), since

∥z − proxg(z − F (z))∥ = 0 ⇐⇒ z = proxg(z − F (z)) ⇐⇒ −F (z) ∈ ∂g(z),

where the last equivalence follows from the subgradient characterization of the
proximal operator.

(ii) The tangent residual is nonnegative and zero if and only if z ∈ zer (F + ∂g), since
the tangent residual upper bounds the natural residual by Proposition C.3.(ii).

(iii) It is well-known that (e.g., see [29, Lemma 1] and [24, Lemma 3])

• Gap(z) ≥ 0 for each z ∈ H,
• if z ∈ zer(F + ∂g) ∩ B(z⋆; δ), then Gap(z) = 0, and
• if z ∈ dom ∂g ∩ B(z⋆; δ̃) for some δ̃ < δ, then Gap(z) = 0 implies that z ∈
zer(F + ∂g).

Note that the second proximal step in (1.2) can equivalently be written via its subgra-
dient characterization as

γ−1(zk − zk+1)− F (z̄k)
=ξk+1

∈ ∂g(zk+1) (C.2)

for each k ∈ N0. This notation allows us to introduce another standard optimality measure,
namely (∥F (zk) + ξk∥)k∈N. It is clear that this measure upper bounds the tangent residual,
i.e.,

inf
ξ∈∂g(zk)

∥F (zk) + ξ∥ ≤ ∥F (zk) + ξk∥ (C.3)

for each k ∈ N.
Next, we present a result that, when combined with (C.3), shows that Vk upper bounds

all the squared optimality measures considered above, except the squared restricted gap
function, which is upper bounded up to a positive constant.
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Proposition C.3
Suppose that Assumption 2.1 holds, the sequence ((zk, z̄k))k∈N0

is generated by (1.2) with
initial point z0 ∈ H and step-size parameter γ ∈ (0, 1/LF ), the sequence (Vk)k∈N0

is given
by Vk = V(zk, z̄k, zk+1) for each k ∈ N0 and the Lyapunov function V defined in (2.1),
and the sequence (ξk)k∈N is given by (C.2). Then,

(i) ∥F (zk+1) + ξk+1∥2 ≤ Vk for each k ∈ N0,
(ii) ∥z − proxg(z − F (z))∥ ≤ infξ∈∂g(z)∥F (z) + ξ∥ for each z ∈ H,

(iii) Gap(z) ≤ (δ + ∥z − z⋆∥) infξ∈∂g(z)∥F (z) + ξ∥ for each z ∈ H, and in particular,
Gap(zk) ≤ 2δ infξ∈∂g(zk)∥F (zk) + ξ∥ for each k ∈ N, where Gap is defined in (C.1).

Proof. The proofs of Propositions C.3.(ii) and C.3.(iii) are simple generalizations of
corresponding results found in [37], which we include for completeness.

C.3.(i) Note that

∥F (zk+1) + ξk+1∥2

= ∥ 1
γ

(
zk − zk+1)+ F (zk+1)− F (z̄k)∥2

= ∥F (zk+1)− F (z̄k)∥2 + 1
γ2 ∥zk − zk+1∥2 + 2

γ
⟨F (zk+1)− F (z̄k), zk − zk+1⟩

≤ L2
F ∥zk+1 − z̄k∥2 + 1

γ2 ∥zk − zk+1∥2 + 2
γ
⟨F (zk+1)− F (z̄k), zk − zk+1⟩

≤ 1
γ2 ∥zk+1 − z̄k∥2 + 1

γ2 ∥zk − zk+1∥2 + 2
γ
⟨F (zk)− F (z̄k), zk − zk+1⟩

= Vk

where Lipschitz continuity of F was used in the first inequality, and γLF ≤ 1 and
monotonicity of F was used in the second inequality.

C.3.(ii) We claim that the natural residual is upper bounded by the tangent residual,
i.e.,

∥z − proxg(z − F (z))∥ ≤ inf
ξ∈∂g(z)

∥F (z) + ξ∥ (C.4)

for each z ∈ H. When z /∈ dom ∂g, then (C.4) holds trivially. Thus, suppose that
z ∈ dom ∂g and let ξ ∈ ∂g(z). The latter inclusion holds if and only if z = proxg(z + ξ).
Therefore,

∥z − proxg(z − F (z))∥ = ∥proxg(z + ξ)− proxg(z − F (z))∥ ≤ ∥F (z) + ξ∥

where the inequality follows from the nonexpansivity of the proximal operator [6, Propo-
sition 12.28]. However, since ξ ∈ ∂g(z) is arbitrary, (C.4) follows.

C.3.(iii) We claim that the restricted gap function is upper bounded by the tangent
residual up to a positive quantity, i.e.,

Gap(z) ≤ (δ + ∥z − z⋆∥) inf
ξ∈∂g(z)

∥F (z) + ξ∥ (C.5)

for each z ∈ H, and therefore,

Gap(zk) ≤ 2δ inf
ξ∈∂g(zk)

∥F (zk) + ξ∥ (C.6)
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for each k ∈ N, by Proposition A.3. Let us prove (C.5). If z /∈ dom ∂g, then (C.5) holds
trivially. Thus, assume that z ∈ dom ∂g, and let ξ ∈ ∂g(z) and w ∈ dom ∂g ∩ B(z⋆; δ).
Then we have that

⟨F (w), z − w⟩+ g(z)− g(w)
= ⟨F (w)− F (z), z − w⟩

≤0

+⟨F (z), z − w⟩+ g(z)− g(w)
≤⟨ξ,z−w⟩

≤ ⟨F (z) + ξ, z − z⋆⟩+ ⟨F (z) + ξ, z⋆ − w⟩
≤ ∥F (z) + ξ∥∥z − z⋆∥+ ∥F (z) + ξ∥ ∥z⋆ − w∥

≤δ

≤ (δ + ∥z − z⋆∥)∥F (z) + ξ∥,

or

⟨F (w), z − w⟩+ g(z)− g(w) ≤ (δ + ∥z − z⋆∥)∥F (z) + ξ∥. (C.7)

Maximizing over w ∈ dom ∂g ∩ B(z⋆; δ) and minimizing over ξ ∈ ∂g(z) in (C.7) gives
(C.5), as claimed. 2

Corollary C.4
Suppose that Assumption 2.1 and zer (F + ∂g) ̸= ∅ hold, the sequence ((zk, z̄k))k∈N0

is
generated by (1.2) with initial point z0 ∈ H and step-size parameter γ ∈ (0, 1/LF ), and
the sequence (ξk)k∈N is given by (C.2). Then,

∥F (zk) + ξk∥ ∈ o(1/
√

k) as k →∞,

inf
ξ∈∂g(zk)

∥F (zk) + ξ∥ ∈ o(1/
√

k) as k →∞,

∥zk − proxg(z − F (zk))∥ ∈ o(1/
√

k) as k →∞,

Gap(zk) ∈ o(1/
√

k) as k →∞,

and for any k ∈ N and z⋆ ∈ zer (F + ∂g) it holds that

∥zk − proxg(z − F (zk))∥ ≤ inf
ξ∈∂g(zk)

∥F (zk) + ξ∥ ≤ ∥F (zk) + ξk∥ ≤ ∥z0 − z⋆∥√
α(γ, LF )k

,

Gap(zk) ≤ 2δ∥z0 − z⋆∥√
α(γ, LF )k

,

where α(γ, LF ) > 0 is defined in (2.15) and Gap is defined in (C.1).
Proof. Follows immediately from (C.3), Proposition C.3, and Corollary 2.6. 2

Remark C.5
Simple computation shows that Corollary C.4 sharpens the recent last-iterate rates in [11,
Theorem 3] and [43, Corollary 4.1].
Remark C.6
Similar to Remark 2.7, the results in this section remain valid (except the ones involving
the restricted gap function Gap) when ∂g in (1.1) is replaced with a maximally monotone
and 3-cyclically monotone operator T : H → H and the proximal operators proxγg in (1.2)
with the resolvent (Id +γT )−1.
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Lyapunovanalyser av optimeringsmetoder

Manu Upadhyaya
Institutionen för Reglerteknik

Populärvetenskaplig sammanfattning av doktorsavhandlingen Lyapunov analyses
for first-order methods: Theory, automation, and algorithm design, september 2025.

Optimeringsmetoder spelar en central roll i modern teknik och vetenskap genom att
möjliggöra systematisk förbättring av prestanda under givna begränsningar. Exem-
pelvis används det för att konstruera styrlagar inom reglertekniska system; styrning
av värme och ventilation i byggnader är ett tillämpningsområde som kan minska
energiförbrukning och koldioxidutsläpp. Vid strålbehandling av cancer används op-
timering för att bestämma en dosfördelning som levererar tillräckligt hög dos till
tumörområdet för att uppnå effektiv behandling, samtidigt som det minimerar strål-
dosen som träffar frisk vävnad. Inom medicinsk bildbehandling används optime-
ring för att förbättra bildkvaliteten och rekonstruktionen i tekniker som magnet-
resonanstomografi, datortomografi och positronemissionstomografi. Vid design av
elektroniska kretsar används optimering för att förbättra prestanda, minska energi-
förbrukning, optimera den fysiska utformningen av kretsen och säkerställa att tek-
nologiska specifikationer uppfylls. Inom maskininlärning och artificiell intelligens
är optimering en grundläggande komponent för att träna prediktiva modeller, såsom
neurala nätverk, som lär sig mönster från stora datamängder. På senare tid har op-
timeringsmetoder även möjliggjort utvecklingen av generativa modeller som kan
skapa realistiska data i form av text, bilder och video. Men hur vet vi egentligen att
dessa metoder är effektiva och tillförlitliga?

Denna avhandling undersöker detta med hjälp av Lyapunovanalys, en klassisk
matematisk teknik som ursprungligen utvecklades för att studera stabiliteten hos
mekaniska system. Lyapunovanalysen används här för att analysera hur snabbt op-
timeringsalgoritmer konvergerar till en korrekt lösning.

Närmare bestämt fokuserar avhandlingen på utvecklingen av automatiserade
verktyg som låter datorer själva utvärdera algoritmers prestanda. Denna typ av verk-
tyg automatiserar de mest utmanande delarna av analysprocessen, nämligen att ska-
pa matematiska bevis, vilket tidigare utfördes manuellt av experter. Genom att for-
mulera Lyapunovanalysen som ett litet ekvationssystem, som en dator enkelt kan
lösa, kan verktyget ta fram resultat betydligt snabbare än en människa. Dessutom
kan det hitta bevis som i praktiken ligger bortom vad en expert kan åstadkomma,
eftersom det systematiskt söker igenom alla möjliga bevis inom en viss struktur.
Det innebär att ett enormt antal alternativ kan undersökas, något som vore omöj-
ligt att göra för hand. Genom att automatisera analysen kan vi inte bara verifiera
algoritmers prestanda, utan även systematiskt vägleda utvecklingen av ännu bättre
metoder.
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