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Abstract

This thesis considers the tight performance analysis of optimization meth-
ods. It first aims at better understanding interpolation conditions for classes
of functions or operators, that is, conditions ensuring consistency of datasets
with a function or operator in the class. Combined with computer-aided
approaches as, e.g., the Performance Estimation Problem (PEP) framework,
these allow for exact performance analysis of given methods on these classes.
It then extends the PEP framework to enable the analysis of broader opti-
mization settings.

The thesis is structured in three parts. The first part introduces an al-
gebraic approach to function and operator interpolation, and uses it to re-
fine existing descriptions of a few function and operator classes, including
weakly convex functions, smooth functions satisfying a Lojasiewicz condi-
tion, blockwise smooth functions, and Lipschitz monotone operators.

The second part focuses on second-order optimization. It derives inter-
polation conditions for univariate function classes with second-order prop-
erties, such as self-concordance and Lipschitz continuity of the Hessian.
These conditions are used to obtain exact worst-case performance bounds
on second-order methods in the univariate setting.

Finally, the third part extends the PEP framework to the tight analysis
of stochastic optimization methods. Given a stochastic first-order method,
a function class, and a noise model with specified expectation and vari-
ance, it proposes a family of semidefinite formulations that yield increas-
ingly strong convergence guarantees on the problem, at the expense of an
increasing complexity. The largest formulations, whose size grow expo-
nentially with the number of iterations, provide tight guarantees.
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Introduction

Ptimization, which consists in finding the decision that minimizes
or maximizes a given objective, is omnipresent in both nature and
human activity. Many biological and physical processes can be in-
terpreted through the lens of optimization—for instance, bird formations
that reduce total energy expenditure, or physical systems that settle into
configurations minimizing potential energy. On a societal level, optimiza-
tion is, for better or worse, deeply embedded in our daily lives, from min-
imizing costs and maximizing efficiency to scheduling.
Formally, an optimization problem can be expressed as

min f(x), (1.1)
where x is the decision variable encoding the possible actions or configura-
tions, f : C — R U {+oo} is the objective function to be minimized, and C
is the feasible set, representing the constraints that limit the decisions. The
goal is to find a global minimizer x, € C such that f(x,) < f(x) forall x € C,
when such a minimizer exists.

Despite its apparent simplicity, solving (1.1) analytically is, in most
practical cases, difficult. This has led to the development of optimization
methods, or algorithms, which iteratively approximate solutions to (1.1).
Such algorithms are typically effective only for certain classes of problems,
exhibiting specific structure. Indeed, designing a method that guarantees
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to efficiently solve (1.1) without further assumptions on its structure is out
of reach [Nes18, Chapter 1].

Defining and understanding what assumptions make a problem class
desirable, designing algorithms suited to such problem classes, and ana-
lyzing their performance, i.e., whether the method always converges to a
solution of (1.1), and if so, how fast, are three central challenges in opti-
mization theory. This thesis considers some of these challenges from two
perspectives: on one hand, it seeks to better characterize the structural
properties defining favorable problem classes; on the other, it investigates
the convergence behavior of iterative methods on these problem classes.

Before outlining the main contributions of this research, we provide a
high-level overview of a few problem classes considered, some methods
studied, and the tools used to analyze their performance.

Problem classes. For (1.1) to be solvable, one must add assumptions on
both f and C. Such assumptions balance between (i) the theoretical guar-
antees they provide, i.e., it should be possible to design optimization meth-
ods that perform efficiently given these assumptions; and (ii) the scope of
the assumptions, i.e., they should be satisfied by as many applications as
possible.

For instance, classical function properties include (strong) convexity (Def-
inition 2.2, see, e.g., [Roc70, Boy04]) and L-smoothness, see (2.5). Convexity
enables global optimality analysis through local conditions. For example,
when C = IRY, any stationary point of a convex function, i.e., any point x
satisfying V f(x) = 0, a necessary condition for optimality, is also a global
minimizer [Nes18, Theorem 2.1.2]. Strong convexity further guarantees
uniqueness of the minimizer, at the cost of being more restrictive in the ap-
plications it encompasses [Nes18, Section 2.1.3]. Smoothness bounds how
rapidly the gradient of a function can vary. Additionally, one may also
require regularity of higher-order information, e.g., by ensuring Lipschitz
continuity of the Hessian \& f(x), see, e.g., [Nes18, Chapter 4].

These properties can be combined to define function classes with strong
theoretical guarantees. In particular, this thesis often considers the class of
L-smooth (strongly) convex functions over R?, denoted Fyu,L, even though
broader classes will be addressed in Chapters 4, 5, and 7.

First-order black-box methods. To solve minimization problems as (1.1),
one classically uses black-box iterative methods, which, at each iteration,
rely on a pointwise evaluation of the objective function, obtained through

I 2
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an oracle, to update their approximate solution of (1.1). The outputs of the
oracle form the only information on f available to the method, which thus
cannot directly leverage the function’s structure or its closed-form expres-
sion, see, e.g., [Nes18, Section 1.1.2]. This allows analyzing methods in
a generic way, valid for all instances of a problem class, rather than on a
case-by-case basis.

Such methods can be classified by the order of information returned
by the oracle. For instance, first-order black-box methods have access, at
each iteration, to function and gradient evaluations, f(x) and Vf(x). The
simplest such method is the gradient method, first introduced in [CT47], and
widely analyzed afterwards, see, e.g., [Pol63], whose update at iteration k
is given by

X1 = X — 0V f(xp), (GD)

for some stepsize a; > 0. On favorable problem classes, and for wisely
chosen stepsizes, (GD) converges to a stationary point of the objective func-
tion, which, depending on the problem class, may then automatically be a
global minimizer of (1.1).

First-order methods are widely used due to their scalability, that is,
their iterations are computationally cheap, especially in large-scale prob-
lems where higher-order information (e.g., Hessians) is either unavailable
or computationally prohibitive to obtain and deal with. The price for this
scalability is slower convergence, i.e., first-order methods typically require
more iterations to reach the same level of accuracy than second-order meth-
ods. This slower convergence is fundamental, and holds even for the fastest
first-order methods, see, e.g., [Nes83]. For further information on first-
order methods, see, e.g., [Bec17].

Second-order black-box methods. Second-order optimization methods
use, at each iteration, not only gradient information V f(x), but also curva-
ture information provided by the Hessian V2 f(x), to update their approx-
imate solution to (1.1). The most classical example is Newton's method, first
introduced by Newton and Raphson in the 18" century, see, e.g., [Pol07],
which updates the iterate according to

X1 = X — [V (x0)] TV f (k) (NM)
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when the Hessian is invertible. Second-order methods typically enjoy a
faster local convergence than first-order methods. In particular, on suf-
ficiently regular objective functions, their convergence is quadratic near
the minimizer of the function. On the downside, the computation and
inversion of the Hessian may be prohibitively expensive in high dimen-
sions, making these methods unpractical on large-scale applications; and
simple methods such as Newton’s method may fail on simple problems
[Nes18, Chapter 4]. In recent years, however, many variants to Newton’s
method have been designed to overcome this issue, see, e.g., [NP06, Pol09,
HKP*22, Mis23, DN24].

Stochastic methods. In some settings, to solve (1.1), it is convenient to
consider stochastic optimization methods, which, to iteratively minimize
the objective function f, rely on noisy evaluations of f and its derivatives.
The simplest such method, counterpart to the deterministic (GD), is the
stochastic gradient method (SGD), introduced in [RM51], whose iteration
is given by

Xiep1 = X — a(Vf (xx) + k), (SGD)

where ¢ is a random variable, depending on the setting. Stochastic meth-
ods are used when (i) the exact gradient of f is unavailable, e.g., when f is
defined as an expectation,

f(x) == Eg[F(x)],

as in supervised learning [BCN18], or (ii) computing the exact gradient is
costly, as in finite-sum problems

)= 5 LA

where 7 is large [BB07]. In such cases, one typically estimates V f(x) using
a stochastic gradient V f;(x) based on a randomly sampled index i, which
is approximately # times cheaper to compute than V f(x). Given their scal-
ability, stochastic first-order methods, such as SGD and its many variants,
are central to modern machine learning and have been extensively studied,
see, e.g., [Bor08, BCN18, GG23, GLQ"19, Net19].
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Worst-case performance guarantees. To assess the efficiency of an op-
timization method, a common approach is to analyze its worst-case per-
formance over a given problem class. That is, one seeks upper bounds
on a performance criterion, typically the objective value accuracy after a
fixed number of iterations N, e.g., f(xn) — f(x«), where x, is a minimizer
or stationary point of f, that hold for any instance in the problem class.
While such guarantees may be pessimistic in practice, as not all instances
in the class induce the worst behavior of the method, they provide strong
theoretical insights into the behavior of an algorithm and its bottlenecks,
i.e.,, on which problem instances the method performs slowly. Moreover,
worst-case guarantees allow estimating, a priori, the number of iterations
required to achieve a given accuracy, independently of the problem in-
stance. For these reasons, we adopt this framework in the present the-
sis. Other performance assessments include, e.g., averaged-case [Bor87],
or smoothed [ST04] performance guarantees.

Formally, given a method M, a function class F, an initial condition
Cinit controlling the initial distance to optimality, and a performance crite-
rion P, depending on the objective function and the iterates (xi)r—g1,..N
of M, we aim to obtain upper bounds on

max P(f, (xk)k=01,..N) St (Xk)k=01,. N is generated by M,
feF, xp€RY, x, R4

Cinit(f, x0) is satisfied, and

X4 is a stationary point of f.
(1.2)

On stochastic methods, worst-case guarantees may additionally depend
on the distribution of the noise, i.e., they should hold for any distribution
satisfying given assumptions, and the objective function in (1.2) becomes
the expected value of P with respect to the randomness in the method.

We seek guarantees that are as accurate as possible, and call a bound
tight when it is attained by some instance in the problem class, that is, the
solution f to (1.2). Tight worst-case guarantees enable fair comparisons be-
tween methods and efficient tuning of methods, by selecting the method’s
parameters yielding the best theoretical performance. By contrast, tuning
or comparing methods on the basis of upper bounds on the actual per-
formance may lead to sub-optimal or misguided choices, as illustrated on
Figure 1.1.
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Fig. 1.1 Comparison of performance analyses of 10 iterations of (GD)
with constant stepsize & on Fyr, with L = 1. The initial condition is
lxo — x.|| < 1. Displayed is the evolution of the performance measure
f(x10) — f(x), as a function of the stepsize «, as predicted by (i) the the-
oretical bound from [Nes18, Theorem 2.1.13] (pink), (ii) the best bound
possible (PEP-based), relying on the non-tight representation of o1, (2.7)
(dark blue), and (iii) the exact (PEP-based) bound, relying on the exact
characterization of F 1 (2.10) (light blue).

Computer-aided worst-case performance analysis Obtaining worst-case
guarantees, and ideally, tight ones, is generally challenging when done
manually. Fortunately, this process can be automated via computer-aided
techniques as, e.g., the Integral Quadratic Constraints (IQC) [LRP16], or the
Performance Estimation Problem (PEP) [DT14, THG17c] frameworks. The
latter, for instance, computes exact worst-case performance guarantees by
solving the optimization problem (1.2), thereby identifying worst-case in-
stances within a given problem class. Its core idea is to reformulate this
infinite-dimensional problem as a finite-dimensional one: a maximization
over a set of quantities S, encoding the method’s iterates, a minimizer of
the objective f, and evaluations of f, its gradient, and possibly its Hes-
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sian at those points, under the constraint that S is consistent with an actual
function in F. This requires interpolation conditions for F, i.e., necessary
and sufficient conditions that a dataset S must satisfy to be consistent with
a function in F. These interpolation conditions serve as discrete characteri-
zations of the properties defining F, such as convexity or smoothness, but
verified only on a finite set of points.

Whenever interpolation conditions are available and tractable, solving
the corresponding PEP formulation, which can be done efficiently for a
wide range of first-order problems, yields tight performance bounds. By
contrast, when using only necessary conditions to ensure that the set S is
consistent with a function in F, the resulting bounds may hold for a larger
problem class than originally intended. In this case, the guarantees are
a priori conservative, as the worst-case instance identified might not be-
long to the initial problem class. Interpolation conditions, tracing back to
[Kir34, Tiel5, Whi34] will be discussed in Chapter 2. The PEP framework
and other computer-aided approaches to performance analysis, see, e.g.,
[LRP16], will be presented in Chapter 3.

From a broader perspective, proofs of worst-case guarantees, whether
manual or PEP-based, generally amount to combining algebraic relations
that encode the properties of the problem class and the dynamics of the
method, in order to bound a performance criterion. Conservatism in the
resulting bound may arise from two main sources: (i) weak algebraic rep-
resentations that fail to fully capture the function class properties, and (ii)
a suboptimal combination of these relations. Interpolation conditions ad-
dress the first issue by providing exact, discrete characterizations of the
function class. The PEP framework addresses the second by optimally
combining the inequalities it is given to produce the tightest possible bound
under the assumptions.

To emphasize the importance of not only optimally combining inequal-
ities but also relying on accurate characterizations of function classes, Fig-
ure 1.1 compares several performance guarantees for (GD) with constant
stepsizes a € [0, %], applied to the class Fq 1, of L-smooth convex functions.
Specifically, it displays: (i) an analytical upper bound from [Nes18, The-
orem 2.1.13], (ii) a PEP-based bound using an inexact description of Fj,
and (iii) the exact convergence guarantee. The optimal stepsizes suggested
by these bounds differ significantly, and notably, the one inferred from the
inexact PEP-based analysis leads to the worst actual performance.
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QOutline and contributions

This thesis aims, from one side, at better understanding and obtaining in-
terpolation conditions for function and operator classes; and, from another
side, at extending the PEP framework to the analysis of several optimiza-
tion settings. In particular, combining these two aspects, we tightly analyze
(i) broader first-order problem classes, including non-convex settings; (ii)
second-order methods in the univariate case; and (iii) stochastic first-order
algorithms. More precisely, this work is structured as follows.

Preliminaries

Chapter 2 introduces function and operator interpolation, and re-
views the state of the art and open challenges in this field.

Chapter 3 introduces the core elements of the PEP framework and
other computer-aided techniques for performance analysis, along with
their current developments.

Part I: An algebraic approach to function and operator interpolation

Chapter 4 introduces a constraint-based approach to interpolation,
setting aside analytic properties of function or operator classes to
work at an algebraic level. This approach is then used to derive inter-
polation conditions for weakly convex functions with bounded sub-
gradients, which allows, numerically, to tightly analyze first-order
methods such as the subgradient method on this class. This chapter is
based on [RH24].

Chapter 5 builds on Chapter 4 to propose a refinement procedure
that iteratively strengthens any given description of a function or op-
erator class into, eventually, an interpolation condition. The proce-
dure is applied to strengthen existing descriptions of several func-
tion and operator classes, including smooth functions satisfying a
Lojasiewicz condition, convex blockwise smooth functions, Lipschitz
(strongly) monotone operators, and uniformly convex functions. The
benefits of relying on the improved descriptions are illustrated on
numerical examples. This chapter is based on [RHT25]. It results from a
collaboration with Adrien Taylor.

Part II: Interpolation conditions for second-order univariate optimization.

| 8
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Chapter 6 presents a generic method to obtain interpolation condi-
tions for a broad range of univariate function classes. This chapter is
based on [RBHG25]. It results from a collaboration with Nizar Bousselmi.

Chapter 7 applies the method introduced in Chapter 6 to derive inter-
polation conditions for a general class of univariate functions charac-
terized by second-order properties, which includes self-concordant
functions and (strongly convex) functions with Lipschitz-continuous
Hessians. These conditions are then used to analytically and numeri-
cally study the exact worst-case performance of various second-order
methods in the univariate setting. This chapter is based on [RBHG25].
It results from a collaboration with Nizar Bousselmi.

Part III: Interpolation conditions for stochastic first-order optimization.

Chapter 8 develops a methodology, embedded within the PEP frame-
work, for deriving worst-case performance guarantees on stochastic
first-order methods. Specifically, given a first-order method, a func-
tion class, and a noise model with prescribed expectation and vari-
ance properties, the framework proposes a hierarchy of optimization
problems of increasing size, yielding increasingly strong convergence
guarantees. The largest formulation, whose size grows exponentially
with the number of iterations, provides tight guarantees. This frame-
work is then used to analyze, both numerically and analytically, the
stochastic gradient descent under various noise models, including
unstructured noise with bounded variance, finite-sum problems, and
block-coordinate methods. This chapter is based on [RCH25].

Finally, Chapter 9 summarizes the research outcomes and discusses the
perspectives of this thesis.
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Interpolation conditions for
function and operator
classes

His chapter introduces the notion of interpolation conditions on the
example of L-smooth convex functions, and provides a survey of
related literature.

Notation Throughout, R denotes the real numbers, R := R U {+oco} de-
notes the real extended numbers, see, e.g., [Bec17, Chapter 2.1], and R4
denotes the vector space of real d-tuples. We let | - | denote the absolute
value, and consider the standard dot product (-,-) , where given x,y € RY,
(x,y) =x"y =YY%, xy;, and induced norm || - | = \/{-,-). Given N € N,
welet [N] ={1,...,N}. Given a function f : C — IR, we denote by domf :=
{x € C: f(x) < 400}, the effective domain of f, and consider proper func-
tions, i.e., domf # @.
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Global characterizations of function classes

Function classes are typically defined via algebraic relations that hold
throughout the function’s domain. These relations may not be unique, i.e.,
several sets of algebraic relations may equivalently characterize a single
function class. We show some examples of these characterizations on con-
vex and L-smooth functions.

Convex functions We first recall the definition of a convex set.

Definition 2.1 (Convex set). A set C C R is said to convex if, Vx, y€Cand
a€0,1],ax+ (1—a)yeC.

Convex functions, widely investigated in optimization theory, see, e.g.,
[Boy04, Roc70, Nes18], can be defined in several ways. The maybe simplest
one uses the same quantifier as in the definition of convex sets.

Definition 2.2 (Convex functions). Let C C R?. A function f:C — R is

convex if domf is convex, and Vx,y € domf, and Va € (0,1),

flax+ (1 —a)y) <af(x) + (1 -a)f(y). 21

Alternatively to Definition 2.2, convex functions can be defined via
their subdifferential df (x). The subdifferential generalizes the notion of a
gradient to non-differentiable functions, and is defined as the set of all sub-
gradients of f at x, when x € domf, that is, vectors v, € R? satisfying

vx €9f(x) & f(y) = f(x) + (vx,y —x), Vy € C. 22)

At points x ¢ domf, we set 0f (x) = @. When f is differentiable at x, the
subdifferential reduces to the gradient, i.e., df(x) = {Vf(x)}; see, e.g.,
[RWWO09, Exercise 8.8].

Definition 2.3 (Convex functions: subdifferential definition, from [Tay17],
Theorem 2.14). Let C C RY. A function f : C — R is convex if and only if
domf is convex, and Vx € relint(dom f), 9f(x) # @.

By Definition 2.3, a differentiable function f : C — R, i.e., V f(x) exists
atall x € C, is convex if and only if, Vx,y € C,

f() = fy) + (Vf(y)x—y) (23)

| 12
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Variations to convex functions include u-strongly convex functions, that is
functions f : C — R such that, for some y >0, f(-) — 5| - ||* is convex.

L-smooth functions Aside to convexity, widely used properties of func-
tions involve regularity of the function and its gradient.

Definition 2.4 (Lipschitz continuous function). Let C C RY and L >0. A
function f : C — R is L-Lipschitz continuous if, for all x,y € C,

[f(x) = fFW)I < Lllx =yl (24)

Lipschitz continuity can be lifted to derivatives of a function. In par-
ticular, a function f is L-smooth for some L > 0 if it is differentiable on its
domain, and its gradient is L-Lipschitz continuous, i.e., for all x,iy € C,

IVF(x) = V)l < Lllx =yl (2.5)

Alternatively, when C = R, L-smoothness can be characterized via a re-
lation involving function values, obtained by integration of the Lipschitz
continuity of the gradients, see, e.g., [Nes18, Lemma 1.2.3].

Definition 2.5 (L-smooth functions). Given L > 0, we say f : RY — R is
L-smooth if f is everywhere differentiable and, Vx,y € RY,

[f(x) = f(y) = (Vf(y),x =) <§|\X*yllz- (2.6)

Function class ), | (C) Properties of convexity and smoothness can also
be combined. Given C C RY, and 0 < # < L < 400, we denote by ]-'#,L(C)
the class of proper p-strongly convex L-smooth functions with domain C,
where L = +oo refers to non-smooth functions. Again, setting C = IR,
the class F, 1 (RY) (L # +c0), referred to as Fy,. when clear from the con-
text, can be defined in numerous equivalent ways, see, e.g., [Nes18, Section
2.1.1]. Arguably the most natural one consists in juxtaposing a (strong)
convexity condition (2.3), with Lipschitz continuity of the gradients, i.e.,
(2.5). Thatis, f: R — R? belongs to Fyur if and only if it is everywhere
differentiable and it satisfies, Vx,y € R?,

f) > fy)+(Vf)x—y) +5lx—yl?

{ 2.7)
IVf(x) = VIl <Lllx—yll-
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Alternatively, one can rely on (2.6) instead of (2.5) to characterize smooth-
ness. That is, f : R? — R¥ belongs to Jyur if and only if it is everywhere
differentiable and, Vx,y € RY,
{f(x) > f) + (V) x—y) +Ellx—yl? 28)
f) <) (V) x—y)+5lx—yl*

One can further show that F, | (i # L) is equivalently defined by the fol-
lowing single condition, when imposed on all x,y € RY, see, e.g., [Nes18,
Theorem 2.1.12]:

f)Zfy) +(Vfy)x—y) 2.9)

L (IVf(x) ~ VWl

2

29 S0) - Vi x-1)).

When y =0, (2.9) reduces to

f) = fy) + (Vfy)x—y) + %I\Vf(x) - Vi)l (2.10)

Finally, twice differentiable functions belong to F,, | (¢ # L) if only if they
satisfy, Vx € RY [Nes18, Theorem 2.1.6],

< V2f(x) <L, Vx,y € R (2.11)

Discrete characterizations of function classes

All characterizations of function classes introduced in Section 2.1 consist
of pairwise algebraic relations, required to hold at any pair in the effective
domain of functions in the class. We call such characterizations global. On
the contrary, we seek for discrete characterizations of these function classes
F,i.e., sets of conditions answering, for finite sets X' C RY:

What conditions must a function f satisfy on X to ensure existence of
an extension of f that is identically equal to f on X and belongs to F?

The need for discrete characterizations arises in any situation where one

| 14
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manipulates or has access to a finite dataset S = {(x;, fi,8i) }ic[n}, and re-
quires it to be F-interpolable, that is, consistent with some function f € F,
see Figure 2.1 for an illustration.

25 25

2 e 2 H
15 15
- 1 % =~ 1
05 05 R
0 AT 0 //{;0’
.

05k 0.5 b=
05 0 05 1 15 05 0 05 1 15

xT

0 1
(a) Dataset S = {(x;,fi,8i) }izo1 = { (0) , (2) } satisfying (2.13) with L = 1.
1 2

25 25

15 ﬁl 15 /41
- 1 ﬁ ~ 1 ,,"

05 05

0 AT 0 A7

05k 05k

NN =

0
(b) Dataset S = {(x;, fi,8i) }i=01 = { (0) ’ (
1

) } satisfying (2.14) with L = 1.

Fig. 2.1 From [Tay17, Figure 3.1]. Discrete interpolation, or extension,
problem. Given S = {(x;, fi, i) }ic|n), What conditions must the dataset
satisfy to ensure consistency with some function in F? In (a), a dataset
satisfying (2.13) is not consistent with any actual function in F( 1, where
L = 1. Indeed, by convexity, any function in Fq interpolating S should
remain above its linear under-approximations, displayed in dotted lines.
This creates a non-differentiability at xg, incompatible with L-smoothness
of the interpolating function. In (b), a dataset satisfying the interpolation
condition (2.14) is JF r-interpolable, where L = 1, since consistent with the

L-smooth convex function f(x) = %2 + x.

Definition 2.6 (F-interpolability). Let N € IN, F a function class, and a set
S ={(xi fi.8i) }ie|n) € (RY x R x RY)N. We say S is F-interpolable if and

| 15
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only if
If e F:f(x;) = fi, and g € of (x;), Vie[N]. (2.12)

We refer by interpolation conditions for F, to sets of conditions whose sat-
isfaction by any dataset S is necessary and sufficient for F-interpolability of
S. Such conditions provide an exact discrete characterization of 7. A nat-
ural way to obtain discrete characterizations is to discretize global charac-
terizations, that is, to impose them on a smaller subset of points, since any
of these discretizations is necessarily satisfied by F-interpolable datasets.
For instance, consider Fy 1, defined equivalently, on the whole domain, by
(2.7) with p = 0 and (2.10). Any dataset S = {(x;, f;, i) }ie|n) Necessarily
satisfies the discretized version of these characterizations, e.g., Vi,j € [N],

{ fi = fi+(Vgjxi—x;) (2.13)

l1gi — &ill < Lllxi —xjll,

and .
fj>fi+<girxi*xj>+i||gi*gj||2- (2.14)

However, the equivalence between the constraints no longer holds when
they are imposed on a finite number of pairs only. In particular, (2.14) is
stronger than (2.13), since one can find datasets S = {(x;,g;, f;) } which sat-
isfy (2.13), but are not consistent with an actual function in 1, see, e.g.,
Figures 2.1 and 2.2. While it is a necessary and sufficient global charac-
terization of Fy 1, Condition (2.7) is thus not sufficient for interpolation.
On the contrary, it has been shown [THG17c, Theorem 4] that (2.10) (and,
more generally, (2.9)) is a necessary and sufficient interpolation condition
for Fo . (resp. FyL)-

Proposition 2.1 ([THG17c], Theorem 4: interpolation conditions for JF, ).
Given 0 < p <L < +ocoand N € N, let F, 1 and a set S = {(x;, fi, i) }ien) C
(R? x R x R)N. Then, S is F,, -interpolable if and only if, Vi, j € [N],

fi = fi+(gi,xj — xi) (2.15)

L (lsgi—glP 2 2u
st (S = il - 2 g g ) ).

+

For pedagogical purposes, we introduced discrete characterizations on
first-order function classes, i.e., classes whose descriptions involve func-
tion and gradient evaluations. But, all concepts can be straightforwardly
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extended to broader settings, as will be illustrated in Chapter 6.

0.14 ; ;
C(213)
0121 B (2.14) .
* max fi — fi
0.1f ]
0.08 :
«
0.06 :
0.04 :
0.02 :
0 :
0 0.1 0.2 0.3 0.4 0.5

g1

Fig. 2.2 Given L =1, (x,f.gx) = (0,0,0), (x0,f0,80) = (1,%,3) and
X1 = %, allowed region for (f;,41) according to (2.13) and (2.14). The re-
gion allowed by (2.14) is included in and significantly smaller than the
one allowed by (2.13). In particular, no boundary is shared by the two re-
gions. This shows that, despite the equivalence between these constraints
when imposed on all pairs (x,y), Condition (2.13) is weaker than (2.14).
In particular, the points in the difference between the two regions do not
correspond to any actual function f € F 1. In addition, when solving op-
timization problems such as maxse 7, f(x1) — fx 8.t 21 = x0 — 1V £(x),
using one or the other characterization to translate f € Fq | into conditions
on S = {(x;, fi,8i) }i=0,1, heavily modifies the resulting bound.

Operator classes and their discrete characterizations

Some optimization methods, rather than minimizing functions, seek to
solve variational inequalities [Fic64, LS67, Sta64], i.e., to solve

Find x, € C:0 € Q(x,), (VI)
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where Q : R? = R is a (possibly set-valued) operator. The notation =
indicates that Q may assign multiple values in R? to each x € RY. We refer
to any of these values as g, € Q(x).

Operators of interest include, e.g., linear operators, i.e., Q(x) = Mx for
some M € R?*4 and subdifferentials, i.e., Q(x) = 9f(x), for some finite-
valued convex function f. In this second case, looking for a minimizer of f
is equivalent to solving (VI).

As for function minimization, methods to solve (VI) depend on prop-
erties satisfied by operators Q on their effective domain, a few of which
we state here, see, e.g., [RB16] for further reference. The pendant to con-
vexity is denoted by (strong) monotonicity, i.e., an operator Q : RY = R is
pi-strongly monotone if, Vx,y € R,

(gx — qyx —y) > ullx —y|% Va: € Q(x), 9y € Qly).  (2.16)

When y = 0, such operators are referred to as monotone operators. A mono-
tone operator Q is said to be maximal if its graph is not properly contained
in any other monotone operator, i.e., if there exists no other monotone op-
erator Q such that

{(xy) e R xR |y € Q(x)} S {(x,y) e R x RY |y € Q(x)}.

Single-valued operators can be Lipschitz continuous, as, e.g., gradients of
Lipschitz continuous functions, i.e., they satisty, Vx,y € RY,

1Q(x) = QW) < Lllx —yll. (2.17)

Finally, another important property of operators is their co-coercivity,
i.e., satisfaction, Vx,y € RY, of

(9x — gy, x —y) = Bllgx — qyII*, Vax € Q(x), gy € Q(y). (2.18)

Co-coercivity implies both monotonicity and %-Lipschitz continuity, but

the converse does not hold in general.

Discrete characterizations of operators. Similarly to function classes, we
seek for discrete characterizations of these operator classes Q, that is for in-
terpolation conditions ensuring a dataset S = { (x;,t;) }ic[n is Q-interpolable,
where we slightly modify the definition of interpolability.
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Definition 2.7 (Q-interpolability). Let N € IN, Q an operator class, and a
set S = {(x7,qi) }iepn) € (R? x RT)N. We say S is Q-interpolable if and only
if

Q€ Q:q;€Q(x;), Vie][N]. (2.19)

State of the art in interpolation conditions

Extension of properties. What we call in this work interpolation is also
referred to as extension. The interest in extension conditions can be traced
back to at least 1915, with [Tiel5] considering the extension of a continu-
ous function outside of its domain. The question was then generalized in
Whitney’s seminal paper [Whi34], seeking for interpolation conditions to
impose on a (possibly infinite) dataset, for it to be consistent (up to order
k derivative) with a function defined everywhere, and continuous up to a
certain order of derivatives. In a parallel way, [Kir34, Val43, McS34] inves-
tigated the extension of Lipschitz continuous (and Holder continuous, i.e.,
IIf(x) — f(y)|| <L||x —y||* « € (0,1)) functions to the whole domain.

Building on these works, interpolation conditions were then obtained
for a wide range of settings, depending on the properties to be satisfied
everywhere, on the order of derivatives up to which the extension should
interpolate the dataset, and on the structure of the initial domain. See, e.g.,
[Gla58], [Wel73, Theorem 2], and [Gru09, Theorem 2.6], for the extension
of L-smooth functions; [BS01, Fef05], for the interpolation of function val-
ues by functions continuous up to given order of derivatives, [FIL17] for
the extension of non-negative continuous functions; and [AM17a, AM17b,
AM19, Yan14, DHLGLI18] for the extension of convex (smooth) functions.

Most results in this literature differ from the approach to interpolability
we are interested in. First, some focus on qualitative extensions where
regularity constants may increase, see, e.g., [AM17b, Gla58], while we seek
quantitative guarantees, essential in the context of establishing properties
related to these constants. Second, some results require assumptions on
the domain, such as its convexity [AM19, Yan14], whereas we only impose
conditions on finite sets of iterates.

First-order interpolation conditions Interpolation conditions in the con-

text of optimization were introduced in [THG17c] to tightly analyze first-
order methods on first-order function classes, i.e., methods and classes
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whose characterization involves function and (sub)gradients evaluations.
In this context, initial functions and extensions are required to satisfy prop-
erties with the same parameters. In [THG17c] and building on this work,
interpolation conditions were obtained for a wide range of function classes,
including smooth (strongly) convex functions [THG17c, Theorem 4], also
shown to hold for negative values of y, the convexity parameter [RGP22,
Theorem 3.1], smooth Lipschitz functions [THG17a, Theorem 3.5], strongly
convex functions with bounded domain [THG17a, Theorem 3.4], indicator
functions [THG17a, Theorem 3.6], generalized in [LG24, Theorems 3.1, 3.2,
3.3], difference-of-convex and relatively smooth convex functions [DTdB22,
Corollaries 1,2], convex functions with quadratic upper bounds [GTD22,
Theorem 2.6], and alternative conditions to smoothness and convexity
[GEIGM22, Theorem 1]. For further reference, see, e.g., the partial list pro-
vided in the PEPit documentation [GMG™24].

Zero-th order interpolation conditions, and interpolation conditions for
operator classes Operator interpolation can be viewed as function in-
terpolation for (possibly multi-valued) zero-th order function classes, i.e.,
classes whose characterization involves function evaluations only. Inter-
polation conditions exist for (strongly) monotone [BC17, Theorem 20.21],
co-coercive [RTBG20, Proposition 2], negative cocoercive [GTHG23, The-
orem B.1], and Lipschitz operators [Kir34, Val43]. In all three cases, these
interpolation conditions happen to be the discretized versions of their clas-
sical global definitions, i.e., (2.16), (2.18), and (2.17). However, no interpo-
lation result is known for operators combining several of these properties
(except for datasets of cardinality 2, [RTBG20, Proposition 4]). In addition,
recently, interpolation conditions were derived for linear operators with
additional properties [BHG24, Theorem 3.1,3.3].

Finally, interpolation constraints for first-order function classes F that
do not explicitly involve function values, in case one would not want to use
these as variables, also exist, based on Rockafellar’s cyclic monotonicity
conditions [Roc70, Tay17]. They can be seen as operator interpolation for a
subclass of operators, coherent as gradients of a function.

Interpolation conditions for higher-order properties To this day, not much
has been achieved on the topic of interpolation conditions for function
classes involving higher-order properties, e.g., functions whose second or
third derivative is Lipschitz continuous. In particular, to the best of our

| 20


https://pepit.readthedocs.io/en/latest/api/functions_and_operators.html

2.5

Challenges in obtaining interpolation conditions | 2.5

knowledge, no interpolation condition exists yet for any second-order func-
tion class. Some progress has been made in obtaining interpolation condi-
tions for convex functions, when these are meant to interpolate a dataset
up to their second derivative [Yan14], but these are sufficient conditions
only, and require the dataset to cover a convex region.

Challenges in obtaining interpolation conditions

Obtaining interpolation conditions for given function/operator classes re-
mains to this day a challenging problem. In particular, there exists no prin-
cipled way to answer some fundamental questions.

Question 1. Given a function/operator class, how to guess candidate
interpolation conditions for this class?

Question 2. How to assess a constraint’s interpolability, i.e., how to
prove it is either a non-sufficient condition, or an interpolation condition
for a given function or operator class?

Presently, answering these questions requires case-by-case techniques,
that often heavily rely on analytical properties of the function/operator
class analyzed, or involve intricate geometrical constructions. These tech-
niques include, to establish interpolability of a given set of conditions for
a class F, typically a discretization of one of its global characterizations,
(i) explicitly exhibiting a function in F interpolating any dataset satisfying
these conditions, or (ii) proving there exists such function without con-
structing it, using, e.g., Zorn’s Lemma [Gru09]. In addition, given a func-
tion class F, another strategy answering both Questions 1 and 2 consists
in establishing a relation between this class and another one, for which in-
terpolation conditions are known, using analytical properties of the class
of interest, thereby obtaining both a global and a discrete characterization
of this class, see, e.g., [THG17b]. These case-by-case techniques have not
yet answered all interpolation conditions of interest in optimization, e.g.,
many function and operator classes lack interpolation conditions, includ-
ing, in particular, non-convex function classes and function classes with
higher-order properties. In addition, it is not known how to obtain inter-
polation conditions for function classes whose domain is a subset of RY,
whose need arises in constrained optimization, see, e.g. [Dro20].



Computer-aided
computation of worst-case
performance guarantees

Omputer-aided techniques for automatically analyzing and design-

ing first-order methods have in the last decade gained significant

attention; see, e.g., [Tay24] for a recent survey. These include (i) the
automatic computation of worst-case instances for a given method over
a function class F after N iterations, known as the Performance Estima-
tion (PEP) framework [DT14, THG17c]; (ii) the automated construction of
Lyapunov (or potential) functions to certify (sub)linear convergence by an-
alyzing a small number of iterations [LRP16, TVSL18, TB19]; and (iii) con-
structive approaches for designing optimal or efficient methods tailored to
specific function classes [DGVPR24, DT20, KF16, TD23]. This chapter in-
troduces the key elements of these approaches and provides a review of
the corresponding literature.

Notation We denote by R"™*" the set of real-valued m x n matrices. Given
A,B e R™", welet Tr (ATB) = Y11 Yl ; A;jByj. The cones of symmetric
matrices, and of positive semidefinite definite matrices in IR"*", are denoted
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by, respectively

S = {AcR”™:A=A"},
T={A€S": A0},

where A =0 < xT Ax >0, Vx € R". Finally, we denote by e; the i" unit
vector.

Key elements in Performance Estimation

This section introduces the core concepts of the Performance Estimation
Problem (PEP) framework, originally proposed in [DT14] and further de-
veloped in [THG17c], through a simple illustrative example. Consider a
single iteration of the Gradient Descent (GD) on the class F ; of L-smooth
convex functions. Assume that the goal is to derive the worst-case upper
bound on f(x1) — f(x4), valid for all functions in F{ 1, under the assump-
tion that || xg — x4||? < 1, and for all dimensions d of the problem. The tight-
est possible such bound can be formulated as the solution to the following
optimization problem:

max { flx0) = fe) | oo — %P <1, 61

feFoL,
xo,x*E]Rd

X1 = x0 — &V f(x0), | V()| = o}.

Finite-dimensional formulation of (3.1) As such, given the variable f €
Fo,r, (3.1) is infinite-dimensional and untractable. However, as shown,
e.g., in [DT14, THG17c], it can be equivalently reformulated as a maximiza-
tion over finite-dimensional variables, under a set of constraints ensuring
that the reformulation yields an optimal value matching that of (3.1). Typ-
ically, consider, as such variables,a set S = {(x;, f;, i) }i01« € (R? x R x
]Rd)3, meant to encode the iterates of (GD) and evaluations of the function
and (sub)gradient at these iterates. To obtain a finite-dimensional refor-
mulation of (3.1) by maximizing over the variables in S, one should ensure
(i) that S is consistent with the dynamics of the method and the problem
assumptions, i.e., it satisfies (GD), ||xo — x« > < 1, and [|g«||> =0, and (ii)
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that S indeed contains evaluations of a function in £, 1, i.e., that S is Fq -
interpolable (Definition 2.6).

As illustrated in Chapter 2, for some function classes F, including Fo 1,
the condition that a finite set S is F-interpolable can be expressed via a set
of algebraic conditions involving the elements of S. When such conditions
are both necessary and sufficient for F-interpolability, they are referred to
as interpolation conditions, and they enable an exact reformulation of (3.1)
as a finite-dimensional optimization problem. For Fg 1, interpolation con-
ditions are known, see Proposition 2.1. Hence, (3.1) can be equivalently
reformulated as

max 1 — f«| S satisfies (2.15), (3.2)
deN, S={(x;,fi,8i)}i=0,1,+ {f £

0 — %P < 1, 21 = o — ago, [1ga 2 =°}'

SDP expression of (3.1) While problem (3.2) is finite-dimensional, it re-
mains difficult to solve due to its nonconvex nature, which stems from the
scalar products between iterates and (sub)gradients that appear in the in-
terpolation conditions (2.15).

To overcome this difficulty, [DT14, THG17c] proposed an alternative
parametrization. Rather than optimizing over the set of variables S di-
rectly, they introduce a representation based on

(i) the vector of function values F = [f., fo, fi] ', (3.3)

(i) the Gram matrix G = PP', where P = [x,, xo, g0, 1] T e R,

By construction, G captures all inner products in x;’s, g;’s, i € {0,1,%}, in-
cluding those involving x1 and g, which can be expressed via (GD) as an
affine combination of the columns of P. Consequently, any quadratic quan-
tity such as ||x;]|? can be written as a linear function of the entries of G.
Specifically, to access elements of G and F, we define selection vectors

e g, =0cR, x,=e; € R, f, =e; €R?,
e Fork € {0,1}, g = exs3 € R*and f; = ej4p € RS,
* xg=-e, € R% and x; = X + agp.

These vectors allow accessing all f;’s in F, and scalar products of x;,g;’s in
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G. Thatis, Vi,j €0,1,x,

xi Gx; = (x;,x}), g Ggj=(gi8/), X Ggi=(xigj)
F'f; = fi.

This leads to an equivalent reformulation of (3.2) as a SDP:

max {FT(fl —f£,)| Vi,j € {0,1,%},
FER?,
Gest

1
FT(f;— ) > 8] G(xj —xi) + 5 (81 — 8)) " Glgi — 8)),
and (xp — xx) ' G(xp — X&) < 1},

or, equivalently,

;2%3( {FTbobj| FTbi]- +Tr(A;;G) <0, Vi,j € {0,1,x}, Tr(AoG) < 1}, (3.4)
Gest

for some matrices Aij,AO,Ago € S* and vectors bobj,bi]- € R3 that encode
the objective and constraints of (3.2). The method dynamics (e.g., access
to x1) and the optimality condition are incorporated implicitly through the
construction of these matrices and vectors.

Obtaining a dimension-dependent worst-case performance guarantee,
e.g., an univariate worst-case guarantee, would require adding a rank con-
straint on the Gram matrix in (3.4), e.g., rank(G) < 1. This would render
the problem non-convex.

Retrieving analytical proofs from SDP formulations Solving (3.4) yields
a tight numerical performance guarantee for (GD) over Fy 1 after a single
iteration. However, one can extract an analytical proof from this numerical
result.

As discussed in Chapter 1, most analytical proofs in first-order opti-
mization consist of combining inequalities involving quantities accessible
to the method (i.e., elements of S), which encode the assumptions on the
problem class and the method’s dynamics. That is, such inequalities are
precisely the constraints appearing in (3.4). The dual coefficients associated
with these constraints correspond to the optimal weights for which this
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combination of inequalities yields the tightest possible guarantee. Thus,
identifying analytical expressions for the dual coefficients in (3.4) (as func-
tions of the method’s parameters and the properties of the function class),
enables one to convert the numerical PEP result into an analytical proof.

Any relaxation in this process, e.g., omitting some inequalities in the
PEP formulation or approximating the dual variables using simpler ex-
pressions, may lead to suboptimal guarantees. Nevertheless, these relaxed
bounds often remain significantly tighter than manually derived analytical
guarantees. For more details, see, e.g., [GDT23].

Solving PEPs with necessary conditions A PEP formulation based on a
non-exact algebraic representation of the problem’s assumptions, such as
using necessary but not sufficient conditions to characterize the function
class, yields the best guarantee possible given the set of inequalities used in
the formulation, but might be overconservative with respect to the initial
function class. In other words, the resulting guarantee is optimal for a
broader class of problems than the original one. Note that this broader
class depends not only on the conditions used, but also on the problem
solved, i.e., on the method, the performance measure, and the number of
iterations analyzed.

Problem classes encompassed by the PEP framework

Although introduced here on a simple illustrative example, the PEP frame-
work is broadly applicable and enables the derivation of tight worst-case
guarantees for a wide variety of optimization problems. These guarantees
are obtained by solving SDPs, provided that the ingredients of the analy-
sis—namely, the algorithm, the function or operator class, the performance
criterion, and the initial conditions—can be encoded (or approximated,
e.g., via necessary interpolation conditions) in a Gram-representable way.
Intuitively, this means that all expressions involved in the formulation of
the PEP (e.g., objective and constraints) must depend linearly on function
values and on scalar products between iterates and (sub)gradients.

Definition 3.1 (Gram-representable expression). Let N € IN, and consider
a finite set S = {(x;, f;,i) }i=o1,..N, « C (R? x R x RY)N+2_ An algebraic
expression p involving the elements of S is said to be Gram-representable if

| 26



3.3

A potential functions approach to performance analysis | 3.3

it can be written using a finite number of linear operations involving only
the function values f; and scalar products of the form

(8i:8j), (&i,xj), and (x;x;), foralli,j€0,1,...,N,x*.

Given a Gram-representable expression p on S = {(x;, f;,8i) }i=01,. N s
we equivalently say S satisfies p, or the Gram representation of S, i.e., the
pair (F,G) as defined in (3.3), satisfies p.

Methods straightforwardly analyzable through SDP formulations en-
compasses a broad range of practical settings, including, e.g., (proximal /ac-
celerated /inexact) gradient descent on all function classes introduced in
Chapter 2, where the initial condition and performance measure may de-
pend on || xg — x|, |90l for go € df (x0), or f(x0) — f(x«), with analogous
expressions involving xy, gn, and f(xy) in the performance criterion, see,
e.g., [THG17a]. In addition, variational inequalities on classical operator
classes also fit the PEP framework, see, e.g., [RTBG20].

Remark 3.1. Gram-representable expressions yield PEP formulations that
are dimension-independent, and convex. PEP formulations can also be
written with respect to non Gram-representable expressions, but solving
such formulations may be less efficient.

A potential functions approach to performance analysis

This section briefly reviews an alternative to the PEP framework for the au-
tomated analysis of optimization algorithms, i.e, the automated construc-
tion of potential (or Lyapunov) functions.

This line of work was first introduced via the Integral Quadratic Con-
straints (IQC) framework [LRP16], which automatically computes the best
linear convergence rate of a given method, i.e., the smallest p such that the
error decreases like O(pN) with N the number of iterations, by construct-
ing quadratic Lyapunov functions that decrease over a single iteration.
The framework was later extended to certify sublinear convergence rates
in [HL17], i.e., smaller than linear rates. However, the resulting guarantees
are inherently non-tight, as the IQC approach does not rely on interpola-
tion conditions to describe function classes. In contrast, a methodology for
certifying exact (sub)linear convergence using potential functions, merging
the IQC and the PEP approach, has been developed in [TVSL18, TB19], and
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further studied in, e.g., [ULG25, MTB23].

Given a pre-specified structure for a quadratic potential function, the
methodology consists in optimizing the function’s coefficients to yield the
tightest possible convergence guarantee. For linear convergence, analyz-
ing a single iteration is sufficient; for sublinear rates, multiple iterations
must be considered simultaneously.

Compared to the PEP approach, this potential function-based method
is more computationally and algebraically tractable. Moreover, it provides
guarantees that hold for all time horizons, rather than for a fixed num-
ber of iterations N. However, it requires an initial guess for the potential
function’ structure and typically yields looser bounds than PEP for a given
iteration count.

Other applications to computer-aided analysis

Computer-aided methods, aside from analyzing existing methods, can also
be relied upon to (i) obtain lower bounds on the oracle complexity of first-
order minimization of given problem classes [Dro17, DS20], and (ii) design
new optimal (or efficient, given the level of relaxation introduced in the
procedure) methods [BTB22, DT20, DGVPR24, KF16, KF21, Kim21, TD23,
CHVSL18, VSFL17, DT16].

State of the art in computer-aided performance analysis

Since their introduction, computer-aided approaches to performance anal-
ysis have been used to analyze a wide range of optimization settings, which
we briefly summarize. For further references, see, e.g., [Tay24, Bar21, Col24,
Abb24].

The first problems analyzed using computer-aided techniques are de-
terministic first-order methods with fixed stepsizes (possibly time-varying),
on Gram-representable problem classes. These include, e.g., the gradi-
ent method (and subgradient method) on various function classes [DT14,
THG17c, Gri24, RGP24, AdKZ23a, TB19, GTD22, GEIGM22, ZG23], prox-
imal gradient methods [THG18, KJH24], the difference-of-convex method
[AdKZ24], the Alternating Direction Method of Multipliers [ZAdK24], Breg-
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man gradient methods [DTdB22], the Chambolle-Pock method [BHG24],
the heavy-ball method [GTD23], compressed gradient methods [TTD25],
coordinate descent methods [SL17, AdKZ23b, KHG23, TB19], distributed
methods [CH23], and variational and inclusion problems [RTBG20, LYR25,
Lie21, GY20, GY24, GLG22, GTG22, GTHG23].

Beyond this setting, some extensions of computer-aided approaches in-
clude the analysis of:

¢ Adaptive first-order methods, by relaxing the conditions encoding the
adaptive steps [DKGT17] or exactly analyzing the Polyak-stepsize
scheme [BTd20].

¢ Non-convex PEP formulations, i.e., PEPs which do not admit a SDP re-
formulation, due, e.g., to constraints that are not Gram-representable,
see, e.g., [RTBG20, DGFST24, DGVPR24].

® Second-order methods [DKGT20, Hil21]. Precisely, [DKGT20] used the
PEP framework to analyze a single iteration of Newton’s method
(NM) on the class of self-concordant functions, see, (7.2), as intro-
duced in [NN94]. The analysis, however, is based a non-exact dis-
crete representation of self-concordant functions, and is inherently
restricted to the analysis of a single iteration as it relies on the use of
a metric related to the starting iterate. Then, [Hil21, IH24] used tools
from the IQC approach to tightly analyze the same setting. Exten-
sions of computer-aided analyses to second-order optimization will
be further discussed in Chapter 7.

® Inexact first-order methods, where evaluations of the gradient are cor-
rupted by a deterministic perturbation, see, e.g., [DKGT20, Gan22,
HSL21, VG24, THG17a, BTB22]. This straightforward extension sim-
ply requires adding the perturbations as additional variables to the
PEP, which then computes the worst possible perturbations under
given assumptions.

e Stochastic first-order methods as (SGD). In settings where the noise
on the gradient follows a finite-support distribution, e.g., in the finite-
sum and the block-coordinate settings, a first approach, yielding ex-
act guarantees, consists in enumerating all scenarios and optimiz-
ing the average-case performance, as done, e.g., in [TB19, KHG23,
CKPG25, HSR17]. Another approach consists in incorporating expec-
tations of stochastic quantities, e.g., E[f(x;)] for i =0,...,N, directly
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as variables in the associated SDPs, subject to necessary constraints
imposed by the stochastic setting, see, e.g., [AdKZ23b, DS20]. Fi-
nally, [VSL21] analyzed stochastic methods by theoretically linking
deterministic SDP solutions to robustness and convergence guaran-
tees, and leveraging these SDPs to analyze or design methods. Ex-
tension of computer-aided analyses to stochastic optimization will
be further discussed in Chapter 8.

Performance Estimation software The formulation and resolution of PEP
formulations, under their SDP representation, is implemented in Matlab
and Python toolboxes: PESTO [THG17b] and PEPit [GMG*22].
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A constraint-based approach
to interpolation, and weakly
convex optimization.

His chapter presents a constraint-based approach to interpolation.

As discussed in Chapter 2, interpolation conditions are typically

derived from given classes of functions or operators, as sets of con-
straints imposed on finite datasets to ensure their consistency with an ele-
ment of the class. This perspective relies on the analytical properties of the
function or operator classes.

The proposed constraint-based approach builds on the observation that,
for most function classes, interpolation conditions characterize the class it-
self when imposed everywhere. This insight shifts the focus to the con-
straints p as the primary objects of study. Relying on the algebraic prop-
erties of p, we can determine: (i) whether the class they define when im-
posed everywhere is meaningful, in the sense that it encompasses non-
trivial functions or operators, and (ii) whether these constraints constitute
interpolation conditions for these classes, i.e., whether any function or op-
erator satisfying them on a finite domain can be extended to the entire
domain in a way that still satisfies p.

To assess this second property, we introduce the notion of pointwise ex-
tensibility. This concept captures whether a constraint permits consistent
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extension to any additional point, rather than to the whole domain at once,
and is therefore easier to verify than interpolability. Under suitable reg-
ularity conditions, the two notions turn out to be equivalent. Pointwise
extensibility thus allows for an algebraic assessment of interpolability.

The chapter is structured as follows. Section 4.2 presents the constraint-
based approach, and Section 4.3 formalizes the notion of pointwise exten-
sibility. Then, Section 4.4 uses pointwise extensibility to derive counterex-
amples to the interpolability of classically used constraints, and Section
4.5 relies on this notion to obtain interpolation conditions for a class of
non-convex non-smooth functions, that of weakly convex functions with
bounded subgradient. Finally, Section 4.6 illustrates the constraint-based
approach, by exhaustively analyzing a class of constraints and retaining
those that are both meaningful and interpolable.

Notation This chapter considers non-convex functions, and specifically,
weakly convex functions f, that is, functions such that, for some p > 0, f +
5|l - || is convex. For non-convex functions, the notion of a subgradient as
introduced in (2.2) is not well defined. Hence, given a function f : RY 5 R,
we introduce the notion of regular subgradient v, € R? of f at x [RWW09,
Chapter 8, Equation (3)], as vectors satisfying, for all y € RY,

fy) = f(x) + (ory = x) + w(llx = yll), (4.1)
where the w(t) notation refers to any term satisfying lim;_,o % =0. The
set of regular subgradients of f at x constitute the regular subdifferential
of f at x. For f convex, the regular subdifferential reduces to the subdif-
ferential [RWWO09, Proposition 8.12]. By an abuse of notation, throughout
this chapter, we denote the regular differential of f at x by df(x), and refer
to its regular subgradients as its subgradients.

Codes.

Codes for reproducing and verifying technical parts of this chapter can be
found at

https://github.com/AnneRubbens/Func_Interp_Code/tree/main.
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A constraint-based approach to interpolation

This section introduces the constraint-based approach to interpolation by
(i) defining, from given constraints, associated function classes, and (ii)
presenting the properties of constraints we are interested in.

We consider function (resp. operator) classes characterized by proper-
ties that can be translated into a set of algebraic inequalities involving a
finite number of points, and evaluations of a function f and its derivatives
(resp. operator Q). Formally, let X C R? and

F: X =3 RP,
a possibly set-valued mapping. We consider constraints
p: (R x RPY" 5 Rf, reN,
and say F satisfies p at some tuple (x1,...,%,) in X™ if
p((x1,Fx;),- - (Xm, Fy,,)) <O,

for all Fy, € F(x;), i € [m], where the inequality is to be taken elementwise
for ¢ > 2.

Mapping classes The proposed constraint-based approach to interpola-
tion stems from the observation that any such algebraic constraint p de-
fines a class of mappings over X C R?, simply by requiring the constraint
to hold at all m-tuples in X.

Definition 4.1 (Mapping classes). Given a constraint p : (R? x RP)" — R’
and X C R?, a mapping class defined by p on X consists in all mappings
F satisfying pon X, i.e.,

Fp(X):= {F X =RP: p((x1,Fy), ..., (Xm, Fy,)) <O,VEy, € F(x;),i € [m],

and for all tuples (x1,...,%) in Xm}.
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f_[ Example: L-smooth convex functions |
J

Let D=1+d, m=2¢=1,and X = R?. Consider single-valued
mappings

F:RY R xR?: x — F(x) = (f(x),g(x)),

and the pairwise constraint p; | : (R x R x R?) — RZ:

PoL((x f(x),8(x)), (v, f (¥),8(y)) <O (4.2)
- {f(y)>f(x)+<g(x) x)
f@) < F@) + {8y —x) + §llx =yl
Then,
P (R = { (7,8) R > RI*4
{f<y>>f<x>+<g<x>,y—x> : Wew},
f(y) < f(x) +{g(x),y — x) + 5llx — yII?

is the class of L-smooth convex functions on R?, where g(x) = V f(x).

\ J

For constraints p characterizing differentiable function classes when
imposed everywhere, e.g., (4.2), ]—'p(le) exactly describes the classically
defined associated function class, e.g., ]-" (]Rd) encompasses all convex
L-smooth functions defined everywhere. Constramts p characterizing non-
differentiable function classes when imposed everywhere, however, re-
quire the introduction of a technical subtlety to match classical function
classes. Indeed, as such, F, (R?) encompasses all functions satisfying p
on the whole domain, for at least one element in their subdifferential, by con-
trast with classically defined function classes, requiring satisfaction of p
for all elements in the subdifferential. To close the gap between ]-"p(]Rd)
and classically defined function classes, we introduce the notion of maxi-
mal elements in F,(X'), as mappings F € F,(X’) for which there exists no
proper extension in F,(&X’), and thus satisfy p for all subgradients in their
subdifferential.
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Definition 4.2 (Class of maximal elements in 7, (X')). Let p: (R? x RP)" —
RY, and X C R9. We let

F(X):={F: X 3RP|Fe Fy(X), (4.3)
AF € F,(X) s.t. Graph (F) C Graph (F)},
where Graph F := {(x,F) € X x RP| F, € F(x)} is the graph of F.

We denote by F'(X) the class of maximal functions in F,(X’). By
Zorn’s Lemma, see, e.g., [Rud87, Theorem 4.21], any mapping F € F,(X)
admits an extension F € F. »' (X'), hence from an interpolation point of view
considering one or another set is equivalent.

Proposition 4.1. Let p : (R x RP)" — R, and X C R?. Given any F €
Fp(X), there exists some F € Fp(X) such that

Graph (F) C Graph (F).

Proof. The proof follows the same lines as that of [BC17, Theorem 20.21],
treating maximally monotone operators. Let P = {H € F,(X)| Graph F C
Graph H}, which is non-empty, along with the partial order on P.

(H; < Hp) < Graph H; C Graph H,, VHy, H; € P.
Given any chain C in P, let H be defined as
Graph H = Ugee Graph H.

Then H € P, and H is an upper bound for C. Hence, Zorn’s lemma guar-
antees the existence of a maximal element i € P, which extends F by defi-
nition of P, and cannot be extended since maximal in P. O

’_[ Example: convex functions |
J

LetD=1+d m=2,¢=1,and X = R%. Consider set-valued map-
pings

F:RYSRxRT:x = F(x) = (f(x),8(x)),
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and the pairwise constraint pg e : (R x R x R?) — RR:

p((x, f(x),8x), (W, f(y),8y) = —f(y) + f(x) + (g0, = X).  (Po,c0)

Then,

fm

Po,co

(R?) ={(f,g) : R — R'*|
f(x) = f(y) + (gx,y — x), Vx,y € domf,Vgx € g(x)}

is the class of convex finite-valued, i.e., domf = RY, functions on R?,

where g(x) =df(x).

. J

We now describe properties of constraints we are interested in, that is,
they should be interpolation conditions, and the class they characterize
when imposed everywhere should be meaningful.

Interpolation conditions. Let X C X C RY, where X is convex, and p a
constraint. Trivially, any mapping F satisfying p on X can be restricted to
a mapping F satisfying p on X. However, the contrary is not necessarily
true, as some mappings F satisfying p on & may not admit an extension
to X, in a way as to still satisfying p, see, e.g., the example of smooth
convex functions introduced in Chapter 2, or in [THG17c, Figure 1]. We are
interested in constraints p for which such an extension is always possible,
referred to as interpolable constraints, or interpolation conditions for F,(X)
(or ]-',’,”(A_,’ )). Interpolation conditions for a class F were already defined
in Definition 2.6, as necessary and sufficient conditions to impose on any
finite set to ensure its consistency with an element in 7. However, we
propose a slightly different definition, which considers interpolability as
an algebraic property of a given constraint.

Definition 4.3 (Interpolable constraint). Let X CR? convex. We say a con-
straint p is interpolable, or is an interpolation condition for F,(X) (resp.
Fy(X))if
V finite X C X, VF € Fp(X), IF € Fy(X) (resp. F' (X))
st. F(x) =F(x) Vx e X.

If p satisfies Definition 2.6, then p is an interpolation constraint for the
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class it defines, in the sense of Definition 4.3.

Proposition 4.2. Let F be a function or operator class, and p be an interpolation
condition for F, in the sense of Definition 2.6. Then p is an interpolation condition
in the sense of Definition 4.3 for F,(IR%).

Proof. First, we show F C ]-"p(le). Consider any F € F, and suppose that,
at some m-tuple in RY, F does not satisfy p. Then, by interpolability of p,
there exists no function in F interpolating this tuple, contradicting F € F.
Hence, F € F,(R?). In addition, consider any finite X = {xitiepn C RRY,
and any F € Fp(X). Since S = {(x;, Fi) };c|n) satisfies p, it is interpolable
by some F € F C ]-"p(]Rd ). Hence, there exists some F € ]-"p(]Rd) such that
F(x) = F(x), Vx € X, which concludes the proof. O

The other direction does not hold: consider for instance the trivial con-
straint p = 0. This constraint is an interpolation constraint as in Definitions
4.3 and 2.6, but not necessarily for the same function classes. Indeed, p is an
interpolation constraint as in Definition 4.3 for the class F, (R?) containing
all mappings, and an interpolation constraint as in Definition 2.6 for the
class F of continuous functions, since any finite dataset is consistent with
a continuous function.

Function classes and differentially consistent constraints We are inter-
ested in constraints that, in addition to being interpolation constraints, de-
fine non-trivial mapping classes. In particular, suppose a constraint p is
meant to describe a function class, by involving function values and first-
order derivatives, e.g., (4.2) or (po,). Mappings of interest then take the
form F: X = R : x = (f(x),g(x)) € R x R?. While meant to satisfy
g(x) € 9f(x), the mappings g(x) and f(x) are a priori unrelated, other than
satisfying a certain algebraic relationship. We seek constraints whose sat-
isfaction everywhere implies g(x) € 9f (x), Vx € RY, referred to as differen-
tially consistent.

Definition 4.4 (Differentially consistent constraint). A constraint p: (R x
R x R?) — R’ differentially consistent if, given any F : RY = R+ : x =
(f(x),8(x)), F € F'(R?) implies

g(x) =9f(x), Vx € RY.

For instance, given the definition (4.1) of a subgradient, a pairwise (m =
2) constraint p is differentially consistent if satisfaction of p at some pair

| 38



A constraint-based approach to interpolation | 4.2

((xi, f1,8i), (%), £1,87)) € (RT x R x R?))? implies

fi = fi+ (gixj — xi) + w(|[xi — xj]]). (4.4)

Example: convex functions |
J

Consider the constraint (pg ), characterizing convex functions. It
holds that (pg ) is differentially consistent since its satisfaction at

((xi,fi,gi),(xj,fj,gj)) implies f; > f; 4 (g, xj — x;), hence (4.4).

Example 4.1. The trivial pairwise constraint p((x;, fi,&:), (%}, f;,8;)) = 0 is
not differentially consistent since satisfied by all mappings F on RY, e.g.,
by f(x) =0, g(x) = x,Vx € RY, which do not satisfy g(x) = af(x).

Section 4.2 introduced the proposed algebraic approach to interpola-
bility in a general context. For the sake of readability, we now introduce
lighter notation related to the cases we analyze in what follows.

Compact notation for constraints characterizing function classes Con-
sider a constraint p : (RY x R x R?)™ — R’ characterizing a first-order
function class, i.e., via evaluations of function and (sub)gradient values,
and some finite set X C R?, along with a mapping F = (f,g) € Fp(X).
We denote by S = {(x;, fi, &) tien] C (R? x R x RY)N the combination of
all points in & and their associated values under F. That is, if g is multi-
valued, S may include multiple entries with the same x;, associated to dif-
ferent values of g;.

When considering operator classes, mappings of interest take the form
F:R? - RY: x — Q(x), and in this case we denote by S = {(x;,4;) }ien the
dataset to be extended, where again a multivalued mapping is accounted
for by letting several points in S be equal, with different associated g;’s. To
avoid notation clashes, we refer to properties of operators using the letter
g instead of p.

We denote with a superscript the points at which p is evaluated, e.g.,
for a pairwise constraint (m = 2),

p™ = p((x, fr.8x), (Y, fy,&y), for some (fx,8x) € F(x), (fy,&y) € F(y),
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or
P =p((xi fi,8i), (%, £j. &),

and we say S satisfies p if p'/ <0 for all,j € [N]. Finally, we denote 2-wise

by pairwise, 3-wise by terwise, etc.

Infinite-valued function classes Throughout, to avoid additional techni-
cal difficulties, we restrict attention to finite-valued functions. In principle,
one could explicitly allow function classes whose elements are defined on
RY, but take finite values only on an effective domain X C R¥.

Suppose first this effective domain to be predetermined, e.g., consider
the class of functions defined everywhere, but finite-valued and satisfying
a constraint p on a given set X only. Definition 4.3 enables the analysis
of such functions straightforwardly, since extending elements in 7, (X) to
functions satisfying p on their effective domain X', and infinite outside of
X is straightforward. To tackle this case, it thus suffices to slightly modify
Definition 4.1 to account for this notion of effective domain.

On the other hand, classical function classes as the class of convex func-
tions, require the existence of such an effective domain rather than predefin-
ing it. A first approach to tackle this case would be to slightly modify
Definition 4.3, so as to allow X to depend on X, e.g., to be its convex hull
[RWWQ09, Chapter 2.E]. A second approach matching these classical classes
would be to introduce the mapping family

f;”’w(ﬂid) = {F ‘R = RP U@’ JX C RY convex s.t. Fg€ f;,”(;?) and
F(x) = (+e0,0),x e R\ 2, @5)
where Fp denotes the restriction of F to X, and requiring extension to

Fp(R?) instead of F'(RY).

Pointwise extensibility

Based on Definition 4.3, a constraint p is an interpolation constraint for
Fp(R?) if any mapping satisfying p on a finite domain admits an extension
satisfying p on R?. We now introduce the weaker notion of a pointwise
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extensible constraint, based on the idea of extending a mapping satisfying a
constraint p on a finite set to just one (arbitrary) point, in the spirit of what
is done in, e.g., [AM17a, Gru09] with respect to potentially infinite sets.
Verifying pointwise extensibility of a constraint can be done algebraically,
and we show in Theorem 4.1, under regularity assumptions, that pointwise
extensible and interpolation constraints are equivalent.

Definition 4.5 (Pointwise extensible constraint). Let X C R? convex. We
say a constraint p is pointwise extensible on X if

V finite ¥ C R%,Vz € X, VF € F,(X), IF € F(X U 2)
st. F(x) =F(x) Vx e X.

’_[ Example: convex functions ]
J

Consider the constraint (pg ), characterizing convex functions. For
some N € N, consider S = {(x;, f;, i) }ie|n), where S satisfies po,co-
Given any z € R, let

i* = argmax .fl + <gi/x - xi>’ fZ - .fi* + <gi*’x - xi*> and gZ = gl*
ie[N]
By definition of iy, f; > f; + (gi,x — x;) Vi € [N]. In addition, since
Jix
Poeo =0,

0,00

f} >.fl* + <gi*’xj _xi*> :fZ+ <ngxj _x> VJE [N]

Hence, these f, and g, extend pg  to z and pg  is pointwise extensi-
ble on R¥.

\ J

Under some regularity assumptions, pointwise extensible and interpo-
lable constraints are equivalent. By definition, the first implication holds.

Proposition 4.3 (From interpolability to pointwise extensibility). Let X C
R? convex, and a constraint p. If p is an interpolation constraint for Fp(X), (or
Fp' (X)), then p is pointwise extensible on X.

Proposition (4.3) allows deriving proofs of non-interpolability of a con-
straint p, see Section 4.4 for an illustration. The converse of Proposition
4.3 holds under additional technical conditions. Indeed, pointwise exten-
sibility allows iteratively extending any F € F,(X) to the rationals, i.e., to
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some F € ]-',,(Qd). Then, one can extend F to R, taking its limit on Q“,
provided (i) such a limit exists, and (ii) p is continuous, hence still satisfied
at the limit. We formalize these requirements by introducing the notion
of regular extensibility, before providing sufficient conditions for regular
extensibility of a constraint describing first-order function classes.

Definition 4.6 (Regularly extensible constraint).
Let X C R? convex. We say a constraint p is regularly extensible on X if

1. pis continuous.

2. Given a finite set ¥ C X, Q% N X the set of rationals in X, and F €
Fp(X),

IFeF((QINX)UX): Fx) =F(x), x€ X,

such that alongside any Cauchy sequence (x;) C QN X, there exists
a convergent subsequence in (F(xy)).

Lemma 4.1 (Sufficient conditions for regular extensibility). Let X C R con-
vex, and p: (R x R x RY)? — R’ a pairwise continuous, differentially consis-
tent, pointwise extensible constraint. If any of the following conditions hold:

o Given {(x;,f:,8i),(xi, f1,i)} € (R? x R x R¥)?, satisfaction of p'l and
plt implies

18 = &jll < w(llxi = x;1); (4.6)

o Given {(x;,f:,8i),(xi, f1,gi)} € (R? x R x RY)?, satisfaction of p'l and
plt implies

llgill < A||g]-|| + B, where A,B < o0, or; (4.7)
e Given any finite X C X and z € X,VF = (f,g) € Fp(X),

IF € Fp(X U 2) (4.8)

{F(x) =F(x)VxeX
s.t

F(z) = (f(2),8(2)) satisfies [|3(z)| < max  [gll;
x€X, gi€g(x;)

then p is reqularly extensible on X.
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Proof. We show existence of some F = (f,g) € F,((Q N X)UX): F(x) =
F(x), x € X, such that alongside any Cauchy sequence (x;) C Q4N X, it
holds that (i) (§(x)) is bounded, hence contains a convergent subsequence
[BS00, 3.4.8], and (ii) (f(xx)) is a Cauchy sequence, hence a convergent
sequence [BS00, 3.5.5].

Suppose first (4.6) or (4.7) is satisfied. By countability of Q'N X and
pointwise extensibility of p, F can be iteratively extended to Q% N X U X
in a way as to satisfy p. Denote by F € F,((Q4 N X) U X) this extension
of F, and consider any Cauchy sequence (x;) C QYN X. Suppose (4.6)
is satisfied. Alongside (xx), since Lipschitz continuity preserves Cauchy
sequences, see, e.g., [BS00, Theorem 5.4.7], §(xy) is a Cauchy sequence,
hence bounded [BS00, 3.4.8]. On the other hand, if (4.7) is satisfied, then

[8(x) | < min  Allgj|| + B < +o0, Vk,
x€X, gi€g(x;)

hence (§(xx)) is bounded by some M < +o0.

Suppose now p satisfies (4.8). By countability of Q7 and pointwise ex-
tensibility of p, F can be iteratively extended to (Q? N X) U X in a way as
to satisfy p, and §(x) < maxycy, geq(x;) 18, at all x € Q%N X. Denote
by F € F,(Q? N X U X) this extension of F, and consider any Cauchy se-
quence (x;) C Q. Alongside this sequence,

1§l < max gl Vk,

x€X, gi€g(x;)

hence (§(xx)) is bounded by some M < +o0.
We now show that (f(xx)) is a Cauchy sequence. Indeed, since p is
differentially consistent, satisfaction of p at any pair (y;,y;) € X implies

satisfaction of (4.4) at (y;,y;) and (y;,y;), i.e.,

{f(y» — ) =Gy~ +wllyi —yil)

flyi) = Fly) < &Wi)yi —yj) —wolllyi — yill)

- {f(y» —F) = =18y =yl + wly: = y;l)
Fud) = Fw) < 1gwlllly: — vill — w(llyi — ;1)

By definition of w(-), Ve >0, 351 > 0: |t| < 5 = |w(|t])| < €|t|. Hence, for
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any e > 0, let 6 = min{ 35,41 }. Then,

I lly: = yjll <& then |f(y:) = fy))] S (M+e)d < e

<0 B M€+s

Hence, since (y;)j=1.,.. is a Cauchy sequence, so is (f(y;))i=1,2,..- O

For instance, by Example 4.3, the characterization (pg ) of convex func-
tions is regularly extensible. We now show that regular pointwise extensi-
ble constraints are interpolable.

Theorem 4.1 (From pointwise extensibility to interpolability)

Let X C RY convex. If p is a reqular pointwise extensible constraint on
X, then p is an interpolation constraint for F,(X) and F}'(X).

Proof. Let N € N, X = {x;}ic(n) C R? and F € Fp(X). We construct F €
Fp(R?) satisfying F(x;) = F(x;), Vi € [N]. For every x € X, set F(x) = F(x).
Then, we extend F to the rationals in X as follows. By regular pointwise
extensibility of p, there exists a mapping F € F,((Q% N X) U X), satisfying
F(x;) = F(x;), Vi € [N], and containing a convergence subsequence along-
side any Cauchy sequence (y;). For each remaining x € X\ Q7N A, since
Q%N X is dense in X, there exists a sequence of rationals (yj) converging to
x. Alongside this sequence, consider F(y;), containing a subsequence con-
verging to some F, by regular extensibility of p. Set F(x) = F. By continuity
of p, F(x) extends p to x. Hence, F can be extended to some F(x) € F,(X).
Extension to 7}'(X') follows from Proposition 4.1. O

We now use the notions introduced in Sections 4.2 and 4.3, to alge-
braically assess interpolability of given constraints, both to obtain coun-
terexamples to their interpolability, or establish their interpolability.

Proving non-interpolability of a constraint

This section builds on pointwise extensibility (Definition 4.5), to develop a
heuristic computing counterexamples to a constraint’s interpolability, when
such counterexamples exist.
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Let X C R? convex. By Proposition 4.3, to obtain a counterexample to
the interpolability of a constraint p for F,(X), it suffices to exhibit some
X CR? and F € F(X), together with a point z € X at which p cannot be
extended. Given F and z, verifying whether such an extension is possible
reduces to solving an optimization problem.

Lemma 4.2 (Counterexamples to interpolability). Let X C R? convex, and
X C X finite. Consider a constraint p: (R? x RP)"™ — R, F € F,(X), and
z€X. Let

T, 1= ?é%l {T st. p(((x1,Fxy)se o (Xm—1,Fx,, 1), (z,E))) <7, (4.9)

E.cRP
V(x1,X2, ., Xm_1) € X" L VF, € F(x;),i € [m—1],

and for all permutation n}.

Then, F admits an extension satisfying p at z if and only if T, < 0.

Proof. Constraint p can be extended at z if there exists some F; such that

F(x)=F(x) xeZX,

F(z)=F,

F:XUZ:HRD:{

belongs to F, (X Uz), i.e, such that
p((x1,Ex,), ..., (xm, Fy,)) <OV tuple in (X Uz)", VE, € F(x;), 1 € [m].

Problem (4.9) computes the smallest relaxation T needed to satisfy all these
inequalities. If 7, < 0, an extension exists. O

’_[ Example: convex functions |
J

Consider the constraint (pg ), characterizing convex functions, S =
{(xi, fi,8i) }i=12 satisfying (po,c0), and X = R?. Then, (4.9) becomes

T, = min {’L’ st. —f+fi+(gz—x)<t, i=12
T€ER,

f2€R, g- eRY

— i+ fat{gn—2)<T, i—l,Z}.
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By pointwise extensibility of (po,«), T < 0 for all S.

Whenever T4, the solution to (4.9), is positive, F and z provide a coun-
terexample to the interpolability of p. Thus, for a given cardinality K, one
can search for such a counterexample by identifying the "hardest"z, X C X
of cardinality K and F € F,(X), i.e., those maximizing 7. In particular, let

7,(K):= max min T (4.10)
zeX TER,
XCX:|X|=K FeRP
Fe}‘p(X)
st. p(m((x1,Fxy)se s (Xm—1,Fx, 1), (2, F))) <71, (4.11)

V(xl,xg,...,xm_l) € Xm_l,

VFy, € F(x;),i € [m — 1], and for all permutation 7.

Then, p is a pointwise extensible constraint if and only if 7, (K) <0, VK € IN.

Lemma 4.2, in a second step, can also be relied upon to strengthen con-
straints p that are not interpolable, that is to obtain a constraint 7 equiva-
lent to p when imposed everywhere, but satisfied by fewer mappings than
p on subsets of R?, see Chapter 5. In general, (4.10) is not directly solv-
able due to its non-convexity and the combinatorial nature of the search
over X and F € F,(X'). To address this, we use a heuristic that iteratively
constructs such & and F maximizing the solution to (4.9), see the code ref-
erenced in Section 4.1 for implementation details. This heuristic, which
does not solve (4.10) exactly, does not provide guarantees of interpolability
in the absence of a counterexample. However, as illustrated in Table 4.1, it
effectively obtained such counterexamples for several classical character-
izations of function classes that have sparked interest in the optimization
community, that is,

* Weakly convex functions with bounded subgradients [Nur74, Nur73],
with minimum f,, classically characterized, for some y, B > 0, by

fly) = f(x) + (gey—x) = 5lx—y?
X,
P—i,B <0< x|l < B, (P—p,B)

f(x) = fi

that holds Vx,y € RY, and Vg, € df(x). This function class is mo-
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tivated in Section 4.5. In addition, interpolation conditions for this
class are derived in Theorem 4.2.

Smooth functions satisfying a Lojasiewicz condition [Loj63, BDLO07],
with minimum f,, classically characterized, for some 0 < 4 < L, by

/ f(x) <f@%HVﬂww—y%+%M—mﬁ
Pt <0e qflx) < fot B (Pt,,)

2u
fx) = fu

that holds Vx,y € RY. This function class is motivated in Section 5.5.1,
which also derives a strengthening of (p’Ly -

Uniformly convex functions [Cla36, JN14a], classically characterized,
for some g > 2 and u > 0, by

P SO&f(x) = f(y) + (gyx —y) + Lllx =y, (Ppq)

that holds Vx,y € RY, and Vg, € 9f(x). This function class is moti-
vated in Section 5.5.4, which also derives a strengthening of (p;, 4)-

Holder smooth convex functions [Ho186, NY83], classically charac-
terized, for some & € (0,1) and L > 0, by

Ll|x — y[|**!

PLe SOSf() <FH) + (VW) x—y) + = -

7 (pL,lX)

that holds Vx,y € R¥.

Functions with M-Lipschitz continuous Hessian, characterized among
others via a cubic bound

f(x) = fy) = (V). x—y) —3(x =)V f(y)(x =y < Blx—ylP,
(Pv2,m)

that holds Vx,y € R?. This function class is motivated in Chapter 7,
which also derives interpolation conditions for this class in the uni-
variate case, see Theorem 7.4.
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Function class Counterexample
Weak.ly convex 0 2B 4
functions 5_ 0 4 . ,_ 2B
with bounded "2 ’ "
. B B
subgradient
Smooth functions 0 1
tisfyi
satistyinga 5} (o] 4] bt 2= 03
Lojasiewicz
. 0 L
condition
0 2 1
Uniformly convex g 0 Hov p(2r1-1) =01
functions 0 ’ er’p ! }125_1 ! '
4 P
0 2 1
Holder smooth S = o, |LaA+D], [ 5@+l # ,
functions 0/ \L(1+ 1) L+ 1Ly
z=05
0 1
Functions with 5 0 - % 2 — 05
Lipschitz Hessian ol o ’
0 0

Table 4.1 Function classes whose classical descriptions are not inter-
polable, and corresponding counterexamples. In the counterexamples,
S = {(x;, fi,gi)} for first-order functions, S = {(x;, fi, g, hi)} for functions
with Lipschitz Hessians,where h; accounts for the second-order derivative
of f, and z is the new point at which extending p is infeasible. One can
verify these counterexamples using the code referenced in Section 4.1.

Weakly convex optimization

This section considers the class F)’ B (]Rd) of weakly convex functions
with bounded subgradients. After motlvatlng this function class, we de-
rive its interpolation conditions by relying (i) on a graphical intuition to
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propose a candidate interpolation constraint for F ’”} (RY), and (ii) on
pointwise extensibility to prove interpolability of this candidate. We then
use these conditions to analyze the subgradient method (4.30) on 7" B (RY).

4.5.1 Motivation

While convex and/or L-smooth functions offer appealing theoretical guar-
antees, many real-world problems fall outside these classes, motivating
the study of broader properties. In the non-smooth non-convex setting,
the class of weakly convex functions emerges as particularly compelling,
as it balances the favorable properties of convex functions with broader
applicability. This class includes, for example, any composition

where h is convex and Lipschitz continuous and ¢ is smooth [DP19, Lemma
4.2]. Such compositions are widespread in applications; see, e.g., [DG19,
DD19] for formulations of robust principal component analysis, minimiza-
tion of conditional value-at-risk, robust phase retrieval, and covariance
matrix estimation. On the other hand, this class possesses convergence
guarantees (to stationary points only) and a continuous measure of station-
arity [Bur85, DP19], detailed in Section 4.5.5. Boundedness of the subgradi-
ents is added to weak convexity to guarantee the convergence of common
algorithms such as the subgradient method, which may diverge on weakly
convex functions alone, see, e.g., [BW21, DD19, DGVPR24, MJ20].

In addition, the subgradient method (4.30) on £ (]Rd) has been an-
alyzed both classically, see, e.g., [DD19], and in a computer—alded way
[DGVPR24], using the Gram-representable constraint (p_, 5). As high-
lighted in Section 4.4, this constraint is however not interpolable, hence,
all results are a priori non-tight. This motivates the derivation of interpo-
lation conditions for F, mf (]Rd).

Remark 4.1. Interpolation conditions for ' (R%) can be retrieved from
interpolation conditions for the class of convex functions f satisfying

|gx — px|| < B,¥x € RY, Vg € 0f (x).

However, since we only resort to algebraic tools, analyzing either formu-
lation is equivalent. Hence, we consider ]:;T,;, B(le) for straightforward
comparison with [DDMP18, DGVPR24].
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4.5.2  Strenghtening of (p_, p)

Motivated by a graphical, one-dimensional intuition, we derive a candi-
date interpolation constraint for fﬁﬂ 5 (RY). Letd =u=B=1,and S =
{(0, 0, 1),(3, —%, 1)}, satisfying (p_;, p). As illustrated in Figure 4.1, S
cannot be interpolated by any function in F’ (RY).

05 ‘ " — ‘— ~ 105 ‘ - - ‘— ~
e S 7 ~
Vs N Vs N\
o #— (21,91, f1) > 1 or (1,91, f1) »
v/ A v RS
PN P
05F | \ 105} | A\
~ \ W
3 1 1 N
= \
at | R (0027927f2)ry\'
| \ I \
st (@2, 92, f2) —¥ st 1 \
1 \ = =Admissible fi,(x) based on p_, 5 |\
= =Admissible fyn(z) based on p_, p \ e Critical threshold for interpolability|
21| @ Critical threshold for interpolability| | -2r|= =Actual admissible fy(z) 1
L L L | L L L L L | L
0 0.5 1 15 2 25 3 0 0.5 1 15 2 25 3
T

Fig. 4.1 Counterexample to the interpolability of (p_, p). On the left-
hand side figure, the set S = {(x;, f;, &) }i—1,2 satisfies (p_, 3), but can-
not be interpolated by a function in F;" B (R?). Indeed, the norm of the
gradient associated to the only weakly convex function interpolating S,

fmin(x) = —’“2—2 + x, grows larger than allowed from the critical threshold
x = 2. On the right-hand side figure, the minimal function value allowed
for f, ensures a bounded subgradient associated to the minimal weakly
function interpolating S.

To strengthen (p_, g), consider (7, p)-

fW) = f(x) +(gey —2) = Sllx =yl + 5y — Coy?
Plp<0e{ el <B,
f(x) = fe
(FN’—y,B)
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where Cyy is the projection of y onto Bex | 5 :={z € RY: [[u(z — x) + x| <
4 ‘u
B}, ie.,

Cyy = argmin |z —y|| (4.12)
ZEBQX+ B
&

ffr kS oh-d-ee

Y else.

As illustrated in Figure 4.1, (p_,,p) strengthens (p_, p) by imposing the
minimal function value allowed for f; with respect to some (x;, f;,&;) to
always be compatible with a bounded subgradient. Observe that Cy, is the
critical treshold for interpolability on Figure 4.1. Whenever two points are
sufficiently close, e.g., any x, € (0,2] in Figure 4.1, then Cy, =y and (7 ,,5)
reduces to (p_;, ). However, once this critical threshold Cyy is reached,
(P—y,B) imposes a larger minimal function value.

Figure 4.2 illustrates the difference between the admissible regions al-
lowed by (p_,,,5) and (7, B)-

| [_JAllowed region according to p_, 5
I Allowed region according to p_,. 5

f2

Fig. 4.2 Giveny=B=1, (x1,f1,81) = (0,0,1), and x, = 3, allowed region
for f, as a function of g, according to (p—,5) and (7, )- Clearly, (P—p,B)
is weaker than (p_,, p) since satisfied by triplets that are not /" B (RY)-
interpolable.
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4.5.3 Interpolation conditions for fﬁw(]Rd)

This section formally proves that (7, p), guessed from a graphical intu-
ition, is indeed an interpolation constraint for /" (RY).

Theorem 4.2 (Interpolation condition for 7" e (R%))

The constraint () is an interpolation constraint for .7-";,”_”3 (RY) =
Fr (R

P—uB

We proceed to the proof of Theorem 4.2 by (i) proving that (7_,,p) is
an interpolation constraint, using pointwise extensibility, and (ii) showing
that it characterizes the class of weakly convex functions with bounded
subgradients when imposed everywhere.

Proposition 4.4 (Interpolability of (7,,p)). The constraint (p_, p) is an in-
terpolation constraint for ]-']?_%B (RY).
Proof. Consider S = {(x;, f;, gi}ic[n) satisfying p, and any z € RY. We seek
for some f; € R, g; € R4 extending S to z, that is

fo2 fit(gnz—x) = Blz =P+ Slz— 2 vielN]  @13)

fi2 ot (gaxj—2) = Blz— %2+ Kl — ol = £, vieN]

(4.14)
llg=ll < B, (4.15)
£ > fe (4.16)

where C;; denotes the projection of z onto B 81,8 and C,; denotes the

projection of x; onto Bg: 5. Let
T

i* = argmax fi + (g2 — %) — bllz = xl2 + Lz - i P,
i€[N]

fommax (fo + gz ) = Bl =P+ Bl - G212
8z = &ir + u(xp — Cpey) if f2 # fi, 2 = 0 otherwise.

Then, f satisfies (4.13), (4.16), and, by definition of Cj«,, g, satisfies (4.15).
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It remains to show (4.14) is satisfied, i.e., Vj € [N], f; > f;"- Suppose first
fz = f«. Then,

fr=fi- g||z_xj||2+ gnxj —ClIP<f < Sy

where the first inequality follows from g. = 0 and the definition of C;.
Suppose now f, # f«. Given the expression of f; and g, f]f becomes

fi = fir 4 (gieXj — xiv) + p{xis — Ciny, Xj — 2)
= Lllz =512+ Llixj = Cygll? = Lllz = xf 12+ Sllz— Cios |2
= fi + {gies2; = x) = Sl — 117 + Sl — €42
+ Ellz = Cirs I+ 1z = iy 3y — 2).
By definition of gz, Cj+j +z — Cj+ 1 € B%_M,g, implying

16 = Cjl1> < [l = Civj — x + Cpn |17
=|lx; — Ci*jHZ + [lz = Cirp |2
—2(xj — Cpj,z — Cir 1)
& ||z = Cir g |17 + 15 = Cyl1> < llxj = sl + 2]z = Cie |
—2(xj — Cprj,x — Ciry)
= |lzj = CivjI?
—2(xj = Cprj + Cpry —2,2— Cpry).

Hence,

f7 < fr + {gierxg = xe) = Bllxie = 012 + Bl — G2
+ V<Cl*] — Ci*+,Z — Ci*+> (417)
< fir + (g = xp) = Bl = 12 4+ Blixy = o1,

where the last inequality follows from (4.18). Finally, observe that Vj = [N],

M 2 K 2 -
. 2 . i, X — X ) — = || — X; + = x: — Cixs 2 -
f] pji*>0fz (&i j i*) 2” i ]” > I j 1]” (4.17)]3
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so that (4.14) is satisfied. Hence, () is pointwise extensible. In addi-
tion, (P, p) is continuous and differentially consistent since — Ex?2=w(x),

and ||g|| < B, i.e., g is regularly extensible since it satisfies (4.7), see Lemma
4.1. By Theorem 4.1, it is an interpolation constraint for .7-";7"7%3 (R7). O

Proposition 4.5 (Equivalence of .7-';"7%3 (RY) and f”{y’B (R7).). Let (p—p,)
and (p—,). Then F}' (RY) = 77 s (RY).

The proof of Proposition 4.5 resorts to the following Lemma.

Lemma 4.3. Let yg be the projection onto B g of y € RY & B, g, for some ¢ € R?
and R € Ry. Let z = ay + (1 — a)yq for some a € [0,1]. Then, yo is also the
projection onto B g of z. In addition, Yw € R? such that ||w|| < R

(w,z—y) <{c—yo,z—Yy).

Proof. Given any closed set C and any y € RY, y; is the projection of y onto
Cif and only if

Vx e RY, (x —yo,y — yo) <O (4.18)

see, e.g., [Ber09, Proposition 1.1.9]. Therefore, Vx € B. g, (x — o,z — yo) =
a(x —yo,y —yo) < 0. Hence, yp is the projection of z onto B, . It also
4.18)

holds that for any ||w|| < R, (w,z — y) < R||z — y||, and ¢ — yo reaches that

since of norm R, and of same direction as z — y. Hence, ¢ —yg = H O

We now proceed to the proof of Proposition 4.5.

Proof. The case p = 0 and the inclusion 7' L (]Rd) Fp (IRd) follow

from the definition, since the inequalities only differ by a posmve term
#l - ||*>. Hence, we consider u > 0 and establish ]:{,” (le) - ]:;”} 5 (RY).

By contradiction, suppose there exists a mapping (f,g) satisfying ev-
erywhere (p_,, 5) butnot (5, 5). Then, at some x,y € RY, given f, = f(x),
fy = f(y), and for some g € g(x), &y € g(v), (p—;,p) is satisfied while
(ﬁ,y,B) is violated, i.e.,

pfy%B <0, psz,B <0, ﬁfyH,B >0, w.l.o.g. in the choice of x and y.

Since pfyH,B and ﬁfyy,B only differ by y||Cx, — y||%, this implies Cyy, # y,
where Cyy is the projection of y onto By 5, and the existence of some
[T
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Bo € [0,1) such that

ey B ey -y, @9

fy=Ffat (8uy—x)
since fy is larger than the right-hand side with By = 0 due to pfyy 5 <0,and
smaller than the right-hand side with B = 1 due to 5, ; > 0. Consider
the decreasing sequence (By), initialized in (4.19) and defined by
Brs1 = 2= P> (4.20)
k+1 0 ,Bk < :

NI—= =

and the associated sequence (zy), initialized in zy = y and defined by

_ {,Bkzk + (1= Br)Cxy, Br #0,
Zk41 = 1
j(]/—“ny)/ ,Bk =0.
Let k = 1. Since (f,g) satisfy (p_,,p) everywhere, letting f, = f(z1), and
for all g;, € g(z1), it holds,

le P fx + <gx,21 - x> - %Hzl - tz ::fz_lf
(4.21)

fa < o+ (@am —y) + Sllm —ylP o= £,
18z [ < B
Since Cyy is the projection of y onto Bgx 4 8 and zq is a convex combi-
T
nation of Cy, and y, by Lemma 4.3, it holds
(821,21 =) < (§x + p(x = Cy), 21 — ). (4.22)
In addition, by definition, z; — y = —K(z; — Cyy), where K = (1;750) if By #
0, K = 1 otherwise. We have

(x = Cayyz1 —y) = (21 — Caypz1 — ) +(x — 21,21 — V)
x—yll* flz—=x* = —yIIZ_

= —Kllz1 - a2+ 2 . .
(4.23)
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Consequently,

_ 2
F < fyt (g — )+l — Gz — gy + MY
4.22) 5

2 Mlx=yll*  pllz—x)?
4—23 fy+(8x,21 —y) — Kllz1 = Cyy = + 5 - 5

o (8 = 3) = Bz = 5l B2y =yl - Ky — 21 P

If Bo = 0, this implies f;* = f;, — ||Cxy — 21 1% < fz,, hence the assump-
tion "(f,g) satisfy (p_,, ) everywhere" cannot hold at z;. Else,

+ V2,30 2 ],tZﬁo )
fZ] CXV y= le ,BO chy—ZlH le 50 ||szl—21H ,

ﬁlio(cxy Zl)

where the last equality follows from the first assertion in Lemma 4.3. By
definition of By, f;, and f.!, it then holds

fo = fet (gom—x) — Em —xP 4 B, — a2, 29

ie. (4.19) with z; and B; replacing zp and By. Starting from (4.24) and
repeating the argument iteratively, it holds, Vk > 1,

foo= fet (gom—x) — Bl =P+ B C, 22 @29)

where By is defined as in (4.20). The sequence (Bx) can be equivalently
defined as

](<k+1)i07k k< Zlﬁg’gl
“(k—1 —
By — Oﬁo *-1) k>2150;01 (4.26)
Z 1By
2Bp—1

Hence, at any z; 1 where k > 5, following the same argument as when
Bo =0, replacing Bo by B = 0 and z; by zj,1, the assumption "(f, g) satisfy

(p—u,B) everywhere" cannot hold, which completes the proof. O

Combining Propositions 4.4 and 4.5 proves Theorem 4.2.
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A Gram-representable formulation of (7, g)

Our goal is to combine the PEP framework, introduced in Chapter 3, with
(P—p,B), the exact description of f;{y’B (R%), to tightly analyze methods on
this function class. As discussed in Chapter 3, PEP formulations can be
solved efficiently, provided all constraints characterizing the problem class
are Gram-representable (Definition 3.1), i.e., linear in function values and
scalar products of iterates and (sub)gradients. As such, given the expres-
sion of Ci]' given in (4.12), (§—,, p) is not Gram-representable. However, we
show that it can be equivalently expressed in a Gram-representable way.

Lemma 4.4 (Gram-representable formulation of (7, p)). Consider (5 ;,p).
Then, for any Xi, Xj € RY,

HCZ-]- €R?:

N fi = fi+(gixp = xi) = 5llxi — x> + 5l — Cy 1%,
P p<0& 8 lgi+p(xi—Cyj)|> < B?,

Igill* < B2,

fz 2 fe

(4.27)
Proof. Denote by Cj; the projection of x; onto B $ 1,80 Then,
ACij € By p ¢ f 2 fit (8i%j — xi) = g”xi —xj|* + ngj - Cyl?
(4.28)
& £ > fit (i = x) = Sllxi = x>+ §llx — G- (429)
Indeed, (4.29) clearly implies (4.28). In addition, if (4.28) is satisfied, since
lx; — Cijll = llxj — C3,y |l, (4.29) is satisfied. O
Performance analysis of the subgradient method on .7-";}; (RY).

Combining the PEP framework and the interpolation condition (7 ,,5),
under its reformulation (4.27), allows tightly analyzing the subgradient
method on .7:;’7”7’4 (RY). The subgradient method’s iteration is given by

B
X1 = Xk — &8k, 8k € Of (), (4.30)
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In non-convex non-smooth optimization, usual performance criteria
such as f(xn) — f«, or dist(0,0f (xy)) may not tend to 0, and may vary
discontinuously [DD19, Nur73]. Hence, classical performance criteria in
this setting rely on a continuously differentiable approximation of f, that
is, its Moreau envelope [Mor65], given by

T
fo(x) :I;;i]l%f(y) + ”xzpy”’

where p € (0, %) [DDMP18]. Specifically, given (xi)k—o1,. n the iterates of
(4.30), we consider as performance measure

1 & [lxi = prox,(x;) |12

1 X )
P—m§3||vfp(xi)|‘ = N+1z§) 02

_ 2
where  prox, ((x) := argmin f(y) + Ix = yI” Vx € RY,
yeR4 20
and as initial condition,
* 2 Yy . llxo —woll? 2
folxo) = f*<R*& ff — f +72p < R2

This performance criterion is a measure of near-stationarity for f, since
dist(0,9f (x)) < ||V fp(x)|| [DD19, Section 2.2]. The PEP yielding the exact
convergence rate on this problem is

1 N — 2
. s~ i
S={(x1.fugi) tizo1, nx N +1 i—0 Y

Sy:{(yi/ﬂ-y/giy) }i:O,l,m,N

Subgradient method: st.xjy1=x;—hg;, i=01,...,.N—1
Yi = Pprox,(x;) : yi=xi—pg, i=01,...,N
SUSyis Fy, (RY)-interpolable: pl,p<0, Vijesus,
2
Initial condition: fi—f+ HXOZPyOH <R?
Optimality: g =0.
4.31)

Relying on (4.27) to enforce ]—'giy (R%)-interpolability of S U S,, all con-

B
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straints and objective function in (4.31) are Gram-representable, hence this
PEP can be efficiently solved.

Setting p = ﬁ as in [DDMP18, DGVPR24], we compare the rate re-
sulting from (4.27) with two existing convergence rates from the litera-
ture. First, [DD19] analyzed (4.30) on F5" B (RY) in a classical way, using
(p—y,B), and showed a convergence rate [DD19, Equation (3.4)] of

R? 4 uB?(N +1)a?
<2 , 4.32
& (N + D (4.32)
whose stepsize is optimized in [DD19, Theorem 3.1]
R
=, 4.33
B\/uvN +1 (£.33)

which we refer to as classical stepsize. Then, [DGVPR24] analyzed the
same setting, in a computer-aided way. The authors relied on a Lyapunov
function approach, analyzing a single iteration of (4.30) with respect to
a specific Lyapunov structure, and using (p_,,p). They obtained a rate
[DGVPR24, Equation (45)] of

B2 ( 1 (1= 20N 20N+ 1) + R (1 (1 - 2a)N+1))

< ,
P N 1)

(4.34)

whose stepsize is optimized in [DGVPR24, Corollary 1]

\/4(%)2(N+ 1)+1
o= TNTT) , (4.35)

which we refer to as efficient stepsize.

Remark 4.2. By boundedness of the subgradient and definition of P, the
performance measure is of at most B2. Hence, bounds (4.32) and (4.34)
become non-trivial from N > (%)2 —land N> (%)4 — 1, respectively.
Figure 4.3 compares (4.32), (4.34), a PEP-based bound using the non-
tight constraint (p_, 5), and (4.31), i.e., the tightest bound possible. Both
PEP-based bounds outperform the other ones, and are always non-trivial.
On this example, the effect of optimally combining all constraints (com-

puting PEP-based bounds) is more impactful than that of using interpola-
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tion constraints. Interestingly, the efficient stepsize (4.35) as computed in
[DGVPR24] turns out to yield a worst convergence rate than the stepsize
(4.33) derived in [DD19], highlighting the importance of tuning methods
on the basis of tight analyses.

—e—[DD19], classical stepsize
0.9+ —e— [DGVPR24], p_,, 5, efficient stepsize
—e—PEP bound, p_, p, classical stepsize
08 PEP bound, p_, p, classical stepsize

Performance measure

0 2 4 6 8 10 12 14 16

N
lesesey — ; ; ; so00e
—eo— Classical theoretical bound [DD19] /

0.9 |——PEP bound [DGVPR24], p_, 5
© —e—PEP bound, p_,
= osl PEP bound, p_, 5
Z 0.
@
<
=
o 07F
g
<
= 061
—
RS
3
A, 0.5

N
W
0.4
0 0.1 0.2 0.3 0.4 0.5

Stepsize a

Fig. 4.3 Comparison of worst-case performance guarantees for (4.30) on
]-";7”7%3, with parameters f, =0, R? = % and B,y = 1. The top figure displays
the evolution, with the number of iterations, of [DD19, Equation (3.4)]
with classical stepsize (4.33) (pink); of [DGVPR24, Equation (45)] with effi-
cient stepsize (4.35) (black), and of the PEP-based exact bounds relying on
(p—y,8) and (P, ) (blue), with stepsize (4.33). The bottom figure displays
the evolution of these bounds with the stepsize «, after 5 iterations.
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Exhaustive analysis of a class of constraints

Motivated by the difficulty to obtain equivalent characterizations of given
a function class, and by the observation that function classes considered as
interesting in optimization do not always have a simple tight description,
see Section 4.4, we illustrate the constraint-based approach to interpola-
tion presented in Section 4.2 on a simple class of constraints. We consider
constraints consisting of a single inequality, linear in function values and
scalar product of points and subgradients, and such that p™* =0, i.e., any
single data point satisfies p. Hence, we analyze constraints

I <0 fi > fi+ Blgill® + Clig;l* + D(gj 8:) + Ellxill* + Fllx;
+ G(xi,xj> + H{gi,x;) + I<g,',X]'> + ](gj,xi) +K<gj,xj), (4.36)

where D= —(B+C), G=—(E+F) and K= —(H + I +]) to satisfy
p** = 0. Such constraints are Gram representable (Definition 3.1), and
tightly describe several first-order function classes, e.g., ji-strongly convex
L-smooth functions (Proposition 2.1).

We show that the only differentially consistent interpolation constraints
of the form (4.36) are (2.15), characterizing ), |, and a constraint describing
the class of quadratic functions f(x) = §||x||> + bx + ¢ for some b € R,
c € R, i.e, the limit case of (2.15). Equivalently, these are the only function
classes described by (4.36) that admit a simple tight characterization.

(_[ Theorem 4.3 (Exhaustive analysis of a class of constraints) I

Let p be of the form (4.36). Then p is (i) differentially consistent, and (ii)
an interpolation constraint if and only if p'/ < 0 can be expressed as in
(2.15), where —co < u < L < +ooand L > 0, or as

’ 1
P/ <O0% fi 2 fi+ 58+ 8j,xi — xj) + Mg — g — p(xi — x)|1%
4.37)

where M > 0. In the first case, ]-";}1(]Rd) is the class of -
(strongly/weakly) convex L-smooth functions, and in the second case,
f;,”(]Rd) is the class of quadratic functions f(x) = 5||x||* + bx + ¢ for
somebeR?, c e R.
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Remark 4.3. The second function class is in itself trivial, since it can be ex-
actly characterized by equalities g; = ux; + b, f; = 5||x]|? + bx + c. How-
ever, we present its characterization via a constraint of the form (4.36) (i)
as a part of the exhaustive analysis we conduct, and (ii) to characterize the
whole spectrum —oco <y < L < +o0 by a set of similar inequalities, without
having to distinguish p = L as a special case.

To prove Theorem 4.3, we first show that (2.15) and (4.37) are indeed
differentially consistent interpolation constraints. The case (2.15) follows
from Proposition 2.1 and [RGP22, Theorem 3.1] for the case u < 0, and
Proposition 4.6 tackles (4.37).

Proposition 4.6. Consider a constraint p defined by (4.37). Then p is a differen-
tially consistent interpolation constraint, and the class ]-';,"(]Rd) it defines is the
class of quadratic functions of the form f(x) = 5||x||? + bx + c, for some b € RY,
celR.

Proof. First, note that p/ < 0 implies
p p

1—-4M
fiz i+ (gjpxi = xj) + M[gi — g+ —7 ‘M(xi_xj>||2
o (—4aMp?

2 fj+ (8% = xj) + w([|lxi = x5]))-

Hence, p’/ < 0 implies (4.4) and p is differentially consistent.
Consider now S = {(x;, fi, &) }ic|n) satisfying p, and any x € R?. For
any i,j € [N], summing p’/ < 0and p/* < 0 implies

0> |l(gi —8j) — n(xi —x)|I> & & — gj = p(xi — xj), (4.38)
which in turn implies, by combining p¥/ < 0 and p/' <0,
1
fz‘:fj+§<gi+gj,xi—xj>. (4.39)
Welet ¢ = g; + j1(x — x;) for an arbitrary i € [N], which implies by (4.38) ¢ =
gj+ pu(x —x;j), Vj € [N]. Then, M||g — gi — u(x — x;)||* = 0, and extending

p to x amounts to obtaining a f such that f = f; + 3 (¢ + g;,x — x;), Vi € [N].
Let

1
f=fi+ 58+ gix—x)
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1 1
it 5(8+8ix —xp) + 5 (8% — xi) + (i x — x;) + (gj, %1 — )

1
(458)fij 28+ g x =)

+ % (8% = xi) + (& = p(x = x1),x = x7) + (g — p(x — x)),x; — x))
=fi+ %<g+gj,x — xj) Vi,j € [N].

This choice of f and g extends p to x, hence p is pointwise extensible. Since
llgll < |lgill + ullx — x;]|, Vi € [N], and p is continuous and differentially
consistent, p is also regularly pointwise extensible, since it satisfies (4.6),
see Lemma 4.1. Hence, by Theorem 4.1, p is an interpolation constraint.

Finally, it holds that }"{,”(Rd) is the class of quadratic functions f =
Bllx||? + bx + c. Indeed, consider any f € F,(IR?). Then, by (4.38) and
(4.39), it holds Vx,y € RY and g(x) = V f(x),

8(x) =g(y) + u(x—y) & 8(x) =pux+b,

f) = f@) + S = Iy2) +b(x =) & fx) = Blx2 4+ bx +c,
for some b € RY, c € R. Suppose now f(x) = 5||x||2 + bx +c. Then, Vx,y €
IRY, f satisfies p, hence f € ]-"]’f(]Rd). O

We now prove that no other constraint of the form (4.36) is a differ-
entially consistent interpolation constraint. First, we analyze differential
consistency of (4.36).

Proposition 4.7 (Differential consistency of (4.36)). Consider a constraint p
of the form (4.36). Then p is differentially consistent if and only if p'/ < 0 can be
expressed as

fi2fi+ (v&i+ (1= 1gjxi — x;) +allgi — &l + Bllxi — xjl|>,  (4.40)
where w 2 0, and v, € R.

Proof. First, note that given p of the form (4.40), p'/ < 0 implies

2
fiz fi+(gpxi—j) tallgi—g+ %(xi — x>+ (B— Z?)Hxi - xj|?
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= fj+ (gj.xi — xj) + w({|xi — x;)).

Hence, p'/ < 0 implies (4.4) and p is differentially consistent.

Consider now a constraint p of the form (4.36) but that cannot be writ-
ten as in (4.40). Consider f: R? — R and g : R? — R¥ satisfying p every-
where, and suppose that, at some y € RY, f is twice differentiable. For any
e € R?, let x = y + ¢, and consider the Taylor development of order 1 of f
and g at x:

f)=fy+(efy) +O(), g(x)=gy+ge+0(&),

where f,, gy, fy’ and g’y denote, respectively, f(y), g(y), Vf(y) and VZf(y).
Satisfaction of p*¥ then implies:
fy+ (e fy) +OE) = fy
+ B(llgyll* +2(8y,8ye)) — (B+C)(lIgylI* + (8y,8y¢))
+E(lyll> +2(y,€)) + Flly > = (E+ F)(llyll* + (v.€))
+ H((8y,y) + (8y€) + (8y81) + 1((gy,y) + (gy&.y)
+ {8y y) + (gy,€)) — (I +] +K){gy,y) + O(¢?)
& (e fy) = (B—C)(gy.8,€)) + (E—F){y.e)
+ (H+]){gy.e) + (H+1){gje,y)) + O(e).

Since this holds for any choice of ¢, it implies for any k € [d]:

A9 =H+ gl + (B-C)(gg)® + (E—F)y® + (H+ 1)(g)y) ™.

Unless B=C, E=F, H= —I, and H + | =1, i.e., the parameters corre-
sponding to (4.40), gy # fy- O

Second, we show that if p is of the form (4.40), but cannot be expressed
as in Theorem 4.3, then p is not an interpolation constraint.

Proposition 4.8 (Interpolability of (4.36)). Consider a constraint p of the form
(4.40). If p cannot be expressed as (2.15) or (4.37), then p is not pointwise exten-
sible.

Proof. Let a = 0. Then, (4.40) can be written as (2.15) or (4.37) if and only if
¥ =0 (corresponding to L = o) or 7y = 1 (corresponding to y = —oo). Table
4.2 provides counterexamples to the extensibility of (4.40) for any other .
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0% Counterexample
0 -1 -1

<0 sz{ of, | s -1+ | s —1+7 },22—05
1 =7 %
0 -1

¥y>1 Sz{ 0 % 1—1v }, z=-05
1 242
0 —1 -1.1

0<y<3 s—{ o | -1+ | | als —1+7 },z——05
1 1:2257 %H
0 —1 ~1.1

lay<t sz{ o, | s -1-7| |ads-1-7 },22—05
1 42 = +1

Table 4.2 Counterexamples to the pointwise extensibility of (4.40) when
a =0, v #0,1. In the counterexamples, S = {(x;, f;, ;) }, and z is the new
point at which extending p is infeasible. One can verify these counterex-
amples using the code referenced in Section 4.1, which was used to gain
intuition about them.

Let @ > 0, and consider A = g + %. Then, (4.40) can be written as
(2.15) or (4.37) if and only if A = 0, leading to (2.15) or A = 16%’ leading
to (4.37). Table 4.3 provides counterexamples to the interpolability of any
other choice of A.

These counterexamples are one-dimensional, but they can straightfor-
wardly be extended to any dimension by considering vectors with one

non-zero entry.
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B Counterexample
0 1
peo s={lo| [-pra-ni-t2r| ],
0 1-29
4o
z=0.5
0 1
1-2 1-2
poie s={|o|.[-pra-mim el
0 172’)/
4o
-1
Z=jeap1 T1
0 4o
operde s={[o] [1memira-mur|)
0 1-2y+ VK

z=2a(1+K1),K=(1-29)2—16ap

Table 4.3 Numerical counterexamples to the interpolability of (4.40)
when a >0, A # {0, 161?} In the counterexamples, S = {(x;, f;,g;) }, and z
is the new point at which extending p is infeasible. One can verify these
counterexamples using the code referenced in Section 4.1, which was used
to gain intuition about them.

O
Combining Propositions 2.1, 4.6, 4.7 and 4.8 proves Theorem 4.3. This
theorem shows that the function classes admitting a simple, in the sense of
(4.36), tight discrete description are in fact limited to variations of smooth
(weakly/strongly)-convex functions. Characterizing other interesting func-
tion classes via the constraint-based approach would thus require more
general classes of constraints, e.g., constraints defined via multiple inequal-
ities, or terwise constraints.

Concluding observations

This chapter presented a constraint-based approach to interpolation, treat-
ing constraints, rather than function or operator classes, as primary objects
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of interest. Their algebraic properties determine whether they are inter-
polable and define meaningful classes. The chapter also introduced the
notion of pointwise extensibility as a tool to assess interpolability, either by
constructing counterexamples or by proving that a candidate constraint is
indeed interpolable.

The next chapter takes a step further using pointwise extensibility and
propose a principled procedure to strengthen non-interpolable constraints.
This method yields improved descriptions of function or operator classes
from initial (possibly loose) ones, without requiring tedious proofs of equiv-
alence when imposed everywhere, such as the one needed, for instance, for
weakly convex functions with bounded subgradients.



A constructive approach to
interpolation conditions

This chapter results from a collaboration with Adrien Taylor.

His chapter builds on the constraint-based approach introduced in
Chapter 4, and in particular on Lemma 4.2, and proposes a system-
atic approach to computing interpolation conditions for ]-'p(]Rd),
starting from p itself. Specifically, given an initial description p of a given
function or operator class, we constructively strengthen p via a refinement
procedure. That is, as illustrated on Figure 5.1, we iteratively propose alter-
native conditions p(!), p(2), ... that are by construction equivalent to p on
RY, bypassing any fastidious proof of equivalence on R?, but stronger than
p on subsets X C R?. Those alternatives become stronger and stronger as
we proceed (i.e., the sets of mappings satisfying them get smaller), and
ultimately converge to some limiting constraint p(*), which serves as in-
terpolation condition for F,(R?). This limiting constraint may be p itself.
The chapter is structured as follows. Section 5.2 presents the refinement
procedure, and Section 5.3 comments on its implementation. Then, Section
5.4 illustrates the procedure on the classes of L-smooth convex functions
and L-Lipschitz operators. Finally, Section 5.5 exploits this procedure to
obtain improved conditions for function and operator classes for which no
interpolation condition exists yet, including some of the classes introduced
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condition p(1):

Foo (X) € Fp(X)

J

@ Strengthening
h
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condition p(?):

Fpo (X) S Fpy (X)
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Strengthening

.
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class zation (Vx,y € ]Rd)
Starting con- Di tization
i g iscretization |
Fp(RY) dition p*¥ 4
s AN g b g
. _\f ., . @
Equivalent con- Globalization
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po (RY) dition (pM)w
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. _\f ., . @
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Fe (R ¢
pa (RY) dition (p@)w
S B g b g
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F oo (RY 4
pe (RY) dition (p@)w  [§
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S
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condition p(®):
Fpe (X) €
Fyto (X), Vk

J

Fig. 5.1 Illustration of the iterative strengthening procedure described in
Section 5.2, starting from a pairwise constraint. For an illustration of the

procedure on the class F ; of smooth convex functions, see Section 5.4.

Notation Section 5.2 relies on cardinality of subsets X' of RY. To avoid
treating infinite sets separately, we introduce the notation |X| = |IN| = ¥,
for X countably infinite, and |X'| = |R?| = ¢ for X uncountable, where
K<¥y<¢, VKEN.
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Codes

Codes for reproducing technical parts of this chapter can be found at

https://github.com/AnneRubbens/Constraints_Strengthening

Iterative strengthening of a constraint

As in Chapter 4, consider a constraint p: (R? x RP)” — R, and a domain
X C RY. Interpolation conditions for F »(X) (Definition 4.3) consist of a set
of constraints to impose on mappings F whose domain is a subset X C X,
and ensuring that such mappings admit an extension satisfying p to X,
independently of X and F. We take a first step into obtaining interpolation
conditions for F,(X), and seek for a set of constraints (additional to p,
or p itself) to impose on mappings F whose domain is a subset X C & of
cardinality K, where m < K < | X|, and ensuring that such mappings admits
an extension satisfying p toany z € X.

We denote by fig ¢ : (R? x RP)K — IR’ this set of constraints, serving
as a stronger definition of F,(X), that thus satisfies

* ]:ﬁx/;z(/‘?) :‘FP(A?>/
* VX C X, Fp, o (X) C Fp(X), and
* Givenany subset X' of X of cardinality K, any F € Fp, . (&), and any
ze X,dF € Fp(X Uz) st F(x) =F(x), Vx e X.
Remark 5.1. The number of points and mapping values taken as arguments

by p and p 3, respectively, varies from m to K.

We construct iy y as follows. By Lemma 4.2, given X' C X, |X'| =K,
FeFp (X'),and z € X, it is possible to extend F from X" to z if and only if

0> 35151 {T st p(m((x1,Fy)re s (Xm—1,Fx, 1), (2, F))) <7, (5.1)
FeRrD

V(x1,0,... Xm1) € XML, VE, € F(x;), i € [m—1],

and for all permutation n}.
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Section 4.4 built on Lemma 4.2 to obtain the worst z, X, and F, for which
(5.1) cannot hold. This allowed assessing interpolability of constraints. We
now seek to strengthen constraints which are not interpolable, by enforcing
satisfaction of (5.1) for any z € X, hence for the “worst” such z, i.e.,

0>max min {ts.t. p(n((x1,Fy),....,(xm-1,Fx, 1), (z.F))) <1, (52)
zeX TGIRb
F.eR

V(x1,%2,...,Xm_1) € X,mfl, VEy, € F(x;),i€ [m—1],

and for all permutation 7'(}.

Let pg p be the solution to the optimization problem defined in (5.2). Then,
any F € Fj, . (X'), hence satisfying

Pr.((x1,Fx,),.., (xk, Fry)) <0< (5.1) is satisfied for any z € X,

admits an extension in F, (X’ U z), for any z € X. In particular, letting
z € X' naturally implies F € F,(X”). We now formally define fy 5 and
prove that Fj, ,(X) = F,(X), and py  is stronger than p on X.

Definition 5.1 (K-wise one-point strengthening). Consider a constraint p :
(R? x RP)" - R, X CR? and K € N,m < K < |X|. We define py
(RY x RP)K — R, the K-wise one-point strengthening of p with respect to

X, as

ﬁK/X((xllpxl)/“-/(xK/FXK)) (53)
=max min Ts.t. p(m((x1,Fy,),..., (x;—1, F ,(z, F <7,
max min_ {ost pOn((an, ), (ot B ), (5 2) <
Y tuple in {xq,...,xx}" 1, VFy, € F(x;),i € [m —1],
and for all permutation n}.
Lemma 5.1 (Properties of one-point strengthenings). Given X CRY, K €

IN,K < |X|, consider a constraint p and its one-point strengthening Pk % as
defined in (5.3). Then, VX C X, Fp, o (X) C Fp(X), and Fp(X) = Fp, . (X).

Proof. Taking z € X in (5.3), it holds that all F € F, . (X') satisfy p on X,
hence the first implication holds. Similarly, all F € Fj, ; (X) satisfy p on
X, hence Fp, o (X) C Fp(X).
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Suppose now by contradiction the existence of some F € F,(X') which
does not belong to Fp, X( t'). Then, at some (x1,...,%,_1) € X, for some
Fy, € F(x;), i€ [m—1], and for some permutation 7, it holds that

0<max min _ ts.t p(m((x1,Fx,), oo (Xm—1,F,, ,,(2,F))) <T.
zeX 1€R, F,eRP

Hence, at some z € X there exists no F; extending p from (xy,...,%,_1) to
z, in contradiction with the assumption F € F,(X). O

Remark 5.2. Definition 5.1 allows evaluating fiy  on any set X C X, by
simply enforcing the solution to (5.3) to be non-positive the K"~ tuples
in XK, Alternatively, in some cases, one can obtain a closed-form ex-
pression of iy » by computing the solution to (5.3) in a parametric way in
{x1,...,xk}, i.e, keeping these as parameters. Evaluating px y on any set
X C X then reduces to simply imposing a set of conditions on F : X — RP,
without having to solve an optimization problem. All examples and appli-
cations of this chapter resort to this parametric formulation of py .

In what follows, when K, X’ are clear from the context, we drop the
explicit dependence on K, X and denote Pk & via the simpler p instead.

'_[ Example: convex functions |
J

Consider the constraint (po), characterizing convex functions. Let
X ={(x1,%)}, F: X =R :x; = (f;,g;),and X = R". The pairwise
(K = 2) strengthening of (pg,c) on R? is given by

ﬁégo =—max min Tst —f,+ fi+ <gi,z — xi> <7T, i=1,2
zeR4 T€ER,

f2€R, gzele
—fitft{gx—2)<T, i=12.

One can then verify that ﬁ(l)’zo = P0,co-

\ J

Stability of a strengthening. Given X C RY, K € N,K < | X|, and start-
ing from a given constraint p, one can strengthen p by iteratively comput-

~(1)
Py xr

that is stable under K-wise one-point strengthening,

ing one-point strengthenings p( ) = = Pk p(z)

(o)

KX

() — 5(*) in the sense that .7-" ( )= }"ﬁ(m) (X), VX C X'. Note
KX

., with the goal of

reaching a constraint p

Le, py 3 = Py v

| 72
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that such stable constraint might not exist.

Definition 5.2 (Stability under one-point strengthening). Given X C RY,
KeN,K < |/'\_’ |, we say a constraint p is stable under K-wise one-point
strengthening with respect to X if fy ¢ = p, where fiy  is defined in (5.3).

The iterative procedure can, for instance, reach a stable constraint in
finite time, see, e.g., Proposition 5.1, or as a limit to which the sequence of
constraints, under their closed-form, converges, see, e.g., Proposition 5.2.

K-wise one-point extensible constraints and extension constraints. The
final constraint of the refinement procedure, p(®), is K-wise pointwise ex-
tensible, in the sense that it can be extended from any subset X C X of
cardinality K, to any z € X. To obtain a global pointwise extensible constraint
for X, i.e., a constraint that can be extended from any finite subset to any
additional point, it then suffices to relaunch the procedure for a sequence
of larger and larger K, i.e., Ky < Ky <... < | X[, with typically K; = K; 1 +1,
(00) (o0) (o0)
K, @ Pry, @ Pr, 7
0 _ ()
K, & = PRy, 2

Under the regularity assumptions introduced in Definition 4.6, the re-
sulting global pointwise extensible condition is an interpolation condition
for 7,(RY), see Theorem 4.1.

to obtain a sequence p where each pgf:))e is computed

by initializing the procedure at p

Compact notation for a constraint and its strengthening. We build on
the compact notation introduced in Chapter 4, and denote, for any con-
straint p, (i) with an index (e.g., px) the possible parameters for this con-
straint, (ii) with a superscript the points at which it is evaluated, (iii) with a
tilde the corresponding one-point strengthening (5.3) of p (e.g., P the one-
point strengthening of p, obtained by (5.3)), and (iv) with a superscript in
between parentheses the iterates of the one-point strengthening procedure

(e.g. pitY = 5.

Similarly to Chapter 4, we refer to constraints characterizing operators
using the letter g instead of p, with all variations around this notation also
used (e.g., 4, and its one-point strengthening §,).
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5.3  One-point strengthenings in practice

Starting from a given p, obtaining py p requires solving the minimax prob-
lem (5.3). We tackle this task by dualizing the inner problem in (5.3), which
can be done explicitly for a range of natural conditions used in the op-
timization community. Then, whenever there is no duality gap, solving
(5.3) amounts to solving a single maximization problem, whose number of
variables grows with ¢, the number of inequalities in p, and K. There is
no general recipe to solve this maximization problem, which often admits
several solutions that can lose the initial structure of p in F.

Hence, in most cases, we do not solve (5.3) exactly but instead pro-
pose relaxations of pg y, which might not be optimal solutions to (5.3), but
are nevertheless stronger constraints than p. For similar reasons, we are,
in general, not able to prove stability of a one-point strengthening, even
though some insight into this question is provided on the example of Lip-
schitz operators (Section 5.4.2).

5.4 Examples: smooth convex functions and Lipschitz operators

Before exploiting the strengthening procedure introduced in Section 5.2 to
tackle function and operator classes for which no interpolation condition
is yet available, we consider two known and well-studied cases: that of L-
smooth convex functions and that of L-Lipschitz operators. The first case
illustrates the iterative procedure by recovering interpolation conditions
from different initial descriptions of the class. The second case illustrates
how showing stability of a constraint allows asserting its interpolability.

5.4.1 Recovering interpolation conditions: L-smooth convex functions

As stated in Chapter 2, the class Fy 1 (R?) of L-smooth convex functions
on R can be described in numerous equivalent ways. We quickly recall
three of such characterizations, equivalent when imposed everywhere. The
first one, (po,1), consists in juxtaposing a convexity condition (2.3), with
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Lipschitz continuity of the gradients (2.5).

\ £(x) > f) + gW)x— 1)
Y'<0
PoL ‘:){ng(x)g(w < L2z —y|2.

Lipschitz continuity of the gradients is squared as it simplifies the compu-
tation of the one-point strengthening of (pg ;). Indeed, while, in theory, one
could start with both formulations, i.e., squared or not; dualizing the inner
problem in (5.3) starting from the squared version, hence quadratic in the
gradient, turns out way easier. Another description of Fy 1 (RY), (o), al-
ready introduced in (4.2), consists in juxtaposing convexity and another
definition of smoothness, i.e., (2.6), obtained by integration of (2.5).

(po,L)

/

b <0 {f(x) > fy) + <g(y),i—y> )

flx) < f)+{gy)x —y) + 5llx — )~
Finally, (pg, 1), already introduced in (2.10), is an interpolation condition for
Fo,. (R?), hence a third characterization of this class.

” x)— 2
Pl <0 & f(x) > fy) + (gly),x —y) + 8EsWI 7

’

We show how to obtain the interpolation constraint for this class, (pg )
first from (p(, ;) and then from (pg ), without resorting to integration. To
this end, consider first the following one-point strengthening.

Proposition 5.1 (Recovering (py ;) from (p; ;). Let X = {(x1,x2) } and con-
sider (pg ;). Denote by i | the pazrwlse one-point strengthening of (p; ;) on RRY.
It holds that i ; =(pg |

Proof. The one-point strengthening of (p; 1), 7y, is given by

= 1 T ~
Por=max  min (Po)
8:€RY, f.€R
L .
st fr — fi — (gi,z — x;) —§||z—xl-||2<1', i=1,2 (Ad)

L .
fi— fo 4 (822 — xi) —§||Z—Xi||2<7/ =12, (a;)

fo—fi—(§zz—x) <T,i=12 (6:)
fi—fot(giz—x)<T,i=12, (i),



Examples: smooth convex functions and Lipschitz operators | 5.4

where A;, a;, §; and y; are the associated dual coefficients. Setting all dual
coefficients to zero except for A; = ji; = 3 for some choice i # j € {1,2}, and
dualizing the inner problem yields

i

i 1 L
Por. > 3 max fi+ (g2 = x) = fi = (g2 = x)) = 5z =il

8 Zgi , hence

which is maximized in z = x; +
02?‘701,]L<:>O>fj_ﬁ+<gj/xi— xi) + 2L||g] gz” <02 POL

Starting from (py, ; ), we thus recover (py ;) after a single round of on([e]—
point strengthenings. This observation was already emphasized, e.g., in
[Tayl7, Remark 3.15]. As a second step in our example, we show how
to recover (py ;) from (po,), which requires several iterations of one-point
strengthenings that all share the same structure. We first present a single
iteration of the strengthening procedure starting with (pg ;) (when a = 0).

Proposition 5.2 (One-point strengthening of p,). Consider X = {(x1,x2)},
« = 0, and p, a pairwise condition defined by Vi,j = 1,2,

.. > f; CXp— X X o — o2
pg<0<:>{ fi f]+<g]x1 x]>+2Lng g]” (pa)

lgi — &lI* < L2{|x; — x|

Then, jy, the pairwise one-point strengthening of p, with respect to R, is satis-
fied only if, Vi, j = 1,2,

1+tx /2

i — &jlI?

ﬁ,’,{\o:{ fiz fi+ (gjxi — x) + (5.4)

lgi — &j* < L?|lx; — x]H2~
Proof. The one-point strengthening of p, is given by

p X)=max min T
Pa(f, &) e TeR.
g:€RY, f,€R

4
st —fotfit(giz—x)+ oplgi—slP <7 i=12 (A)
4 .
—fitfomSuz—x)+ llsi—glP<Ti=12 (w)

1 L .
oplg—gilP - Sz -l <7 i=12, (5)
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where A;,u;,0;, i = 1,2, are the associated dual coefficients. Dualization of
the inner problem yields

2

~ o
Pu(f,X) > max Y (N(fi+ (giz—x) + 518 — 85117
ZGIRd, i=1 2L
/\ir His 51>O
Yi(Aitpi+6;)=1
L4
+pi(=fi = {822 = xi) + o7 llsi — g2 [17)
5‘
+ 5 (llez - gill* = L2z — x;]|*))
2
st. 0= Z()\i—ﬂi),

Il
-

T
1~

3 (e A (52 =) = e =3 + 2 =)

I
—

where g7 minimizes the inner problem in f,.

In particular, setting A; =0,u; =0,J; = %, i=12 9= glzﬂ and z =
7% yields a feasible solution of ||g1 — g2||> — L?||x1 — x2||?, hence fix
cannot be satisfied unless this quantity is negative In addition setting
/\1-20,yjzo,§j:0,/\j:yi:c5i:%,z:xi+g] andgz— y1€ldS
a feasible solution of —f; + f; + (g, xj — x;) + 1+”‘ Fllgi — gill% ,] =1,2.
Hence, p, is at least as strong as (5.4). O

To recover (py ;) from (po 1), it suffices to successively apply the one-
pomt strengthening of Proposition 5.2, starting with p(© —(po L), to reach
i(p//, L)'

Proposition 5.3 (Recovering (pg ;) from (po,r)). Consider X = {(x1,x2)},
(po,L), the sequence (wy ), initiated at ag = 0 and defined by

o +1

and the associated sequence of conditions (pX)) := (pu, ), where py, is defined in
pa. Then, p**1) is a relaxation of p\%) as defined in (5.4). In addition, p(*),

the final result of the refinement procedure defined in Section 5.2, satisfies p(*) =
ﬁ;oo;)g = Pugey = Pa=1=(pg 1 )-

Proof. By Proposition 5.2 and definition of («y), the first statement holds.
In addition, since () converges to %(e) = 1, applying recursively Proposi-

| 77
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tion 5.2 starting from a = 0 allows iteratively strengthening p until p(*) =
Pa) :(pg, 1), which is stable under one-point strengthening. O

Figure 5.2 illustrates the iterative refinement procedure for 7 1 (R?).

191

18

171

16

141

131

121

11r

1 114 12 13 14 15 16 17 18 19 2
92
Fig. 5.2 Given L =1, (x1,f1,81) = (0,1,0), and x, = 1, allowed regions
for f, as a function of g, according to p(i) = pa;, 1 =0,...,4, where
ag =0, ajp1 = (1 +«;)/2, and p,,; is defined in p,, and according to
(o0) —(!!
P = pa=1=(pg 1)-

Concluding observations. In this example, the iterative strengthening pro-
cedure described in Section 5.2 converges towards the same constraint even
when initialized from two different descriptions of Fy 1 (R?). This holds
despite relaxations in the computations of the one-point strengthenings in-
volved. In addition, in both cases, the iterative procedure even converges
towards an interpolation condition for F( . (]Rd). However, the initial con-
dition given to the procedure has a non-trivial impact on the number of
iterations required to reach this condition, which varies from a single iter-
ation to an asymptotic convergence.
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Showing stability of a condition: L-Lipschitz operators

As a second example, consider the class Q_ L,L(]Rd) of Lipschitz operators
Q, satisfying, Vx,y € R?, the condition (2.17), that is,

07, <O0&[1Q(x) = Q) < Lllx — . (@-LL)

It is known [Kir34, Val43] that g_ ; is a global interpolation constraint
for Q_ L,L(]Rd). This section shows how to retrieve this result via the re-
finement procedure described in Section 5.2. Given any N € IN, consider
X = {(xi) }ie|n)- The N-wise strengthening of g1, with respect to RY is
given by

g pp=max min Ts.t ||g: — ]| — L2z — x> <7, i€[N], (A)
zeR4 TER,
qZG]Rd

where A; are the associated coefficients. Observe that this strengthening
is convex in t, and T, and that (g.,7) = (0,max; ||g;|*> + 1) satisfy Slater’s
condition, hence there is no duality gap for this inner problem. Dualization
of the inner problem yields

ire=max Y (lg: - gl - 2t~ )
Zz’])\/izll !
st.q; = 2/\1"71‘ and z* = Z)\ixi/
i i

where g7 minimizes the inner problem in §_j ; and z* maximizes the re-
sulting problem. This condition is homogeneous of degree 2 in A;. Hence,
for any K > 0, it must hold with A = KA replacing A;, which allows re-
moving the condition } ; A; = 1.

The second derivative of §_; | with respect to A; € [N] is given by

5 272 2 i
H; = Pire _ g —aill? = L2xi — xil1%, i#j 5.6)
dA;0A; 0 otherwise.
Building on the elements of H, it holds
Gorr=max Y AA(llgi —qill® — L?)lxi = xj?). (5.7)
2,20 .. .
i,je[N], j>i
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Necessarily, for §_p,1, to be negative, it must hold ||g; — gj[|* — L?||x; —
xsz <0, 1,j € [N]. In addition, if this condition is satisfied, then §_ | <0.
Hence, j_1 1 =q-L1-

Concluding observations In this example, the strengthening of the initial
constraint g_r, 1 was quadratic in the dual variables, allowing for a straight-
forward verification of its stability. In general, assessing stability is difficult
given (i) the dual gap that might be non-zero, and (ii) the multiple solutions
to the one-point strengthening (5.3).

Applications: improved descriptions of problem classes

This section strengthens the description of a few classical classes of func-
tions or operators, by performing a single round of the refinement proce-
dure. Before proceeding to the derivation of these refinements, we state
some general comments on their structure and computation.

SDP-representable relaxations A particularly common scenario is that
of initial constraints that are Gram representable (Definition 3.1), which,
as explained in Chapter 3, allows for dimension-independent and convex
PEP formulations. The resulting strengthening, in all the applications con-
sidered, can then be expressed, for some k,n € IN, as a n-dimensional poly-
nomials of degree k: P(0) € Ri[6,...,0,], whose coefficients are Gram-
representable, and which must be non-positive for all f in a given inter-
val. While the set of non-negative polynomials is non-tractable in gen-
eral, it can be relaxed in several tractable ways, e.g., by requiring poly-
nomials to be sum of squares (SOS) [Hil88, Las09, Mar08], which can be ex-
pressed as an SDP. It is well-known that for the special cases (n =1,k € N),
(n € N,k=1) and (n = 2,k = 2), non-negative and SOS polynomials are
equivalent [Hil88]. In any case, the set of SOS polynomials provides a nat-
ural path to tractable convex relaxations of positive polynomials. Alter-
natively, when n = 1, one can use the Markov-Lukasc theorem, see, e.g.,
[Sze39, Theorem 1.21], to express non-negativity of polynomials as SDPs.
This enables formulating one-point strengthenings of Gram-representable
constraints in an SDP-representable form.
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A single one-point strengthening We only perform a single iteration of
the refinement procedure described in Section 5.2, as the resulting one-
point strengthening involves either (i) remaining dual coefficients with no
straightforward closed-form, or (ii) positive semi-definite matrices. In both
cases, computing a second one-point strengthening is not straightforward.
One could, in principle, relax the initial one-point strengthening as to ren-
der the computation of this second one-point strengthening easier, e.g., by
fixing arbitrary values for the remaining dual coefficients.

From pairwise to terwise constraints Several initial constraints p are in-
terpolation conditions for datasets of cardinality 2, i.e., any such dataset
satisfying p is /), (RY)-interpolable. But, they might be satisfied by datasets
of larger cardinality, which are not consistent with any function of the class.
In those cases, we compute their terwise one-point strengthenings, which
thus involve three points. Whether or not the obtained terwise conditions
are tight or not remains an open question. In particular, the global in-
terpolation conditions for F,(RY) might involve more than three points.
Whether or not one could guess, from scratch, which interpolation condi-
tions are pairwise and which require more points, is also an open question.

Implementation All proofs in this section are detailed in the Mathemat-
ica notebooks [Inc] provided in the code referenced in Section 5.1. In addi-
tion, the SDP formulations (5.9), (5.12) and (5.16) of the improved descrip-
tions of (i) smooth functions satisfying a Lojsiewicz condition, (ii) block-
wise smooth convex functions, and (iii) (strongly) monotone Lipschitz op-
erators, have been added to the PEPit Python library [GMG™'22], which
allows solving PEPs on these classes straightforwardly.

Smooth functions satisfying a tojasiewicz condition

This section studies the class F¢ (R) of L-smooth functions f satisfying
a quadratic Fojasiewicz condition, that is satisfying, Vx,y € R [L0j63],

F0) < fo+ AL
Xy <0& f(x)>f* ( L)
Prus F(x) = F(y) + HVF () + V) x - ) Pra
1
L
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where f, is the minimum of f, and 0 < p < L. The last condition is the
strongest description of smoothness of the function (Proposition 2.1).

Motivation The interest of Fy, (RY) in optimization theory, is that (i) it
encompasses non-convex functions arising in machine learning, see, e.g.,
[KNS16, Sections 2.3, 4.1], while (ii) still providing global guarantees for
stationary points [Loj63, KNS16], and yielding linear convergence rates on
various first-order methods, e.g., gradient descent (GD) [Pol63], coordinate
descent [KNS16, Theorem 3], stochastic gradient descent (SGD) [KNS16,
Theorem 4], and, under a slightly modified condition, proximal gradient
methods [BNPS17, KNS16, KJH24]. In addition, for (GD) with constant
stepsizes, satisfaction of the Lojasiewicz condition is not only sufficient, but
also necessary for linear convergence [AdKZ23a, Theorem 5]. However,
despite Fy, (RY) being a subject of extensive research, no interpolation
conditions are known for this class. Hence, all convergence rates on this
class are a priori non-tight.

Derivation of the one-point strengthening of (pLuL) Exploiting the iter-
ative refinement technique allows strengthening (pg, , ) as follows.

Proposition 5.4 (Refined description of ¢, (R%)). Let X = {(x1,x2,%,)}.

Then, py, ,, the pairwise one-point strengthening of (p,,, ) with respect to RY, is
satisfied only if

1|12
fi <ft+lgl
N2
fi =h+ 10

i cou ) AT g G+ g - gl — gl - P

Ly ] ( ”ngZ
+ max st — (L= ) (fi — fe + )
0<u< 2t (=) 2pu—(L+p)a) w(fi — fx+ 31

2

+u—@%LHMﬁ—ﬂ—%zQ.
(5.8)

The proof of Proposition 5.4 consists in (i) formulating the pairwise one-
point strengthening (5.3) of Pry,.r (ii) dualizing the inner problem in this
one-point strengthening as to relax it into a maximization problem over
dual variables and z € R, (iii) explicitly maximizing this relaxation in z,
and (iv) computing several feasible solutions to this relaxation, by setting
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some dual variables to 0 and either explicitly maximize over the remaining

112
variables (e.g., to obtain f; > fi + %), or obtain a constraint involving
one of the remaining variables (e.g., « in the last condition in (5.8)).

Proof. Without loss of generality, we let f,,x, = 0. The pairwise one-point
strengthening of (pg,, , ) on RRY is given by

P, ., =max min T
PluL Z2eR?  TER,

$:€RY, f€R
1 Lilz — 212 o2 ‘
st fo— fi+ 5(8+8ixi—z) — Iz = il + gz = il <t,i€l ()
2 4 4L
1 L||z — x| — gil]? ‘
fi=fat 5{8i+ g2z —xi) — H 1 ", s 4ng|| <t i€l (M)
1
fz*ﬂ|\gz||2<7 (a1)
—fsT (a2)

where 7 = {1,2,x}, and a4, ap, and A;, p;, i € T are the dual coefficients.
Dualization of the inner problem yields

1 L||z — x;||? r—gill?
pL%L> max E(Ai(ﬁ+§<gi+g;12_xi>_ ” 1” + ”gz gl“ )

zeRY, icT 4 4L
Ai20, 120,
waq, ap =0
1 Lz =l g —sill®
i fit (& T gixi—z) - =+ gz4ng )
* |12
o e
2
1
s.t. 5= YAitar=) pita,
i€l i€eZ

1 * Ai_ i ;
0=), ((Vi +)\i)i(gz —8i)+ — Hiz - xi)) - M%,
i€l

4

it A
o<y o~ ——
iz 2L K

where g7 minimizes the inner problem in fiy ,,, and the last condition en-
sures that g7 is a minimizer and no maximizer.
In particular, setting all dual coefficients to 0 except for ap = y; = %, for
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agiveni €Z,z=x; — & and g =0, yields a feasible solution of —f; + ”%LH ,

hence pg ,, cannot be satlsfled unless this quantity is negative.
In addition, setting all dual coefficients to 0 except for a; < ﬁ, /\]- =

%, Hi= % — w1, for any i,j € Z, and maximizing over z, yields the last con-
dition in (5.8), with & = 2u;. Hence,ﬁLﬂ . cannot be satisfied unless this
condition holds. O

Remark 5.3. Setting « = 0 in the last condition in (5.8) allows recovering
( pL%L), hence these conditions, although relaxations of ﬁL%L, are at least as
strong as (pg,,, ). The example illustrated in Figure 5.3 allows concluding
(5.8) is strictly stronger than (pg,, ).

Seeking Gram-representable formulation, we propose an SDP reformu-
lation of (5.8).

Derivation of an SDP reformulation of (5.8)

Proposition 5.5 (SDP-representable refined description of Fy,, (R%)). Con-
sider a pair S = {(x;, fi,8i) }i=12. It holds that S satisfies (5.8) if and only (i)

fi<fu+ Hng gd=12,0i) fi 2 fu + ”%’LH ,i=1,2,and (iii) Vi,j € L, given

A= (=fi fi+ 3+ g =5+ g s =P = Fls = 5l).
3= e (- 1807),
2
c:@_m@ " |g]||>,

there exists some semi-definite positive matrices

i M M yy —A(ZL—F‘H) My
M = [ 1 12} =0, M= [ . =0, 5.9
My My My My, 69
such that
My — Mg + My = —(B—C—(L+3u)A),

2L +

i 2
2M12—2M12+2LiﬂM22— (L+ p)A +2B,

My — My, = —B.
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The proof of Proposition 5.5 is deferred to Appendix 5.A.
While (5.9) is an exact reformulation of (5.8), it remains a relaxation of
Pr,, since (5.8) is itself a relaxation of this one-point strengthening.

Comparison of (pLM) and (5.8) Figure 5.3 illustrates, on a numerical ex-
ample, the difference in datasets satisfying (py,,, ) as compared to (5.8).

0.07 I:léhw
1(-8)

0.06 -

0.05
0.04
=
0.03f

0.02 -

0.01

ot

0.05 O.‘l 0.‘15 012 0.‘25 O.‘3 O.‘35
92
Fig. 5.3 Allowed regions for f; as a function of g3, according to (5.8) and
(pLH,L)r given U= %1 L= 1/ (x*rf*/g*) = (01010)/ (xllflrgl) = ( /4111 2) and
3
x2 - g-

Figure 5.4 compares the PEP-based bounds on the performance of (GD)
with constant stepsizes a, obtained by relying on (pg,, ) or (5.8). The dif-
ference in performance guarantees only arises from these different descrip-
tions of F, P (IR9), since both bounds are the optimal ones given the descrip-
tion. The bound obtained relying on (p,,, ) exactly matches the state-of-the
art one, from [AdKZ23a, Theorem 3], i.e.,

f(x (5.10)
5 2N
(’” Lo “ IS ()~ £) LE(O])
N
o 2+]ux —(2—La (2+th)>
< - (f(x0) = £2) we(f, )
(La—1)? N B V3 2
(o) (o) = £2) we (7]
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10°

—e—PEP-based bound, PL,,
—e—PEP-based bound, (5.8))

flan) = £

10t 1

0 2 4 6 8 10 12 14 16 18 20
Iterations V'

1 ‘ ‘ ‘ ‘
——PEP-based bound, py, |

——PEP-based bound, (5.8)) ]

0.98 [

0.96 [

x 092F ]
0.9 ]

=

B ossf 1

Sy

0.86 1

0.84 1

082 9

0.8

0 O.‘Z 0j4 O.‘G 0.‘8 i 1‘2 l.‘4 116 l.‘8 2
Stepsize «

Fig. 5.4 Comparison of PEP-based bounds on the performance of (GD)

with constant stepsizes, obtained by relying on (py,,, ) or the stronger (5.8),

for y =0.1, and L = 1. The performance measure is f(xy) — f«, and the ini-

tial condition is f(xg) — f» < 1. Both bounds are tight given their respec-

tive descriptions of FPL}I,L (RY). The top figure displays the convergence

rate with respect to the number of iterations, for a = %, and the bottom
figure displays the convergence rate after a single iteration, for different
stepsizes.

Both guarantees are linear, but the convergence is faster when consider-
ing (5.8). In addition, optimizing the stepsize with respect to both bounds
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yields slightly different optimal stepsizes. In particular, the actual opti-
mized stepsize is slightly longer than the one obtained based on the non
exact characterization (pLH,L).

Convex blockwise smooth functions

This section studies the class Fy 1 (R?) of convex blockwise IL-smooth func-
tions f, that is, functions satisfying, Vx,y € RY [Nes12],

. _Vv. 2 .
P SO F(x) = f(y) + (Vf(y),x —y) + LI NIWE i [4],
(poL)

where 7 € [d] and V;f denotes the i" block-component of the gradient of

f.

Motivation The interest in Foy (RY) arises from the fact that (i) this class
encompasses many large-scale structured functions, where the gradients
behave differently across blocks, and (ii) coordinate methods, extensively
used and studied due to their efficiency in solving large-scale optimization
problems [BT13, Nes12, Wril5], converge on this class. Block-coordinate
descent, which uses, to compute its iterates, a block of the gradient as an
estimator of the full gradient, has been studied under various assumptions
on how to select these blocks at each iteration, e.g., in a randomized way,
or in a cyclic way, see, e.g., [KHG23, AdKZ23b] for recent analysis under
the PEP framework.

However, no interpolation is yet known for Fyy (R?), hence all anal-
yses are a priori not tight. In addition, it is known that (po ) is an inter-
polation condition on R for datasets of cardinality 2, i.e., any two-points
dataset satisfying (po 1) is consistent with a function in Fo . (]Rd), but not
for sets of higher cardinality [KHG23].

Example 5.1 (Counterexample to sufficiency of (pg ), from [KGHN25], Ta-
ble3). Letn=d=2,L1 =L, =1,and

-1\ 1 /1 1\ 1 /1 0 0
={((0)20) () 2(6) () (%)}
Then, S satisfies (pg 1) while not consistent with a function in o . (IR"I), see

[KGHN25], Appendix A.3, for details.
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Derivation of the one-point strengthening of (pgy,) Exploiting the one-
point refinement technique, we strengthen (pg 1) on sets of cardinality 3 as
follows.

Proposition 5.6 (Refined description of Foy (R?)). Let X = {(x1,x2,%3)}.
Then, Poy., the terwise one-point strengthening of (po,) with respect to RY, is
satisfied only if

i1k
P5L<0;»0>(1—A)<—fi+fj (g, xi — x;) + 2L g™ g}m)|2>
+A< — fi+ fi+ (oo — X)) + mllgim — gl ||2>

_ 0] (12 (m) _ 2
+201-2) (max s - g1 - 5 Is - 5”12,

Vm € [n], VA € ]0,1], (5.11)

where gl(m) denotes the m'" component of g;.

Observe that the maximization over I can be easily dealt with by simply
imposing (5.11) to be true for every I. The proof of Proposition 5.6 is similar
to that of Proposition 5.4.

Proof. The terwise one-point strengthening of (pg) on R is given by

oo =max min T

zeR4 TER,
$:€RY, f,€R
Igt™ —g™1>
st fo— fi+ (g2 xi —z) + Tmz <t i€8, me(n] (Him)
g™ — g™ |2
fi—fz+<8irz—xi>+—2Lm <t iel3,men] (Ajm),

where A; i m, 1 € [3], m € [n], are the associated dual coefficients. Dual-
ization of the inner problem yields

*(m) - (m))2
Pox. = max ZZuzm + (g2, xi — IIg -& %)

I‘: m20
>0

1)71/

1
N (i + {girz = ) + 112" — g™ |12
m
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s.t. ZZylm—ZZ)\zm , and, Vm € [n],

| ) _m) | g;(m) _ gl(m) | g*( m) gl(m) B
Z Him (xi z ) + Wim L + Aim L |~ 0,
i m m

where ¢} minimizes the inner problem in for. In particular setting all

dual coefficients to 0 except for p;,, = 2, Agrand Aj; = 5 — Ay, for some
i,j € [3] and m,l € [n] fixed yields (5.11), with A = 2)\,(,1, hence oy is at
least as strong as (5.11). O

Remark 5.4. The counterexample 5.1 is discarded by (5.11) with A = %

Remark 5.5. Setting A =0 or A =1 in (5.11) allows recovering (pg1.), hence
again this relaxation of f . is at least as strong as (po,.). Remark 5.4 allows
concluding that (5.11) is actually strictly stronger than (po ).

Similarly to Section 5.5.1, seeking a formulation that involves only lin-
ear expressions in f;’s as well as in the Gram matrix of g;’s, x;’s, we propose
a reformulation of (5.11) as an SDP.

Derivation of an SDP reformulation of (5.11)

Proposition 5.7 (SDP-representable refined description of Fop (R)). Con-
sider a triplet S = {(x;, fi,§i) tic[a)- It holds that S satisfies (5.11) if and only if
Vm € [n] and i, j,k € (3], given

L )  (m)
A = —fi - fi + (% = xj) + 5 llg™ = g 11

_ Oz _ L yom)_ (m)2
Bjon = maxs- g = gi” 2 = 58 12
there exists some
A, M ik
Mz]k ijm 12 =0, KY >0, 5.12
My M|~ m (5.12)
such that
ik ik _
ZM;]n 12t K ijm — Aikm — Bijkm,
ijk ijk
Mm,22 - Km — Djkm-

The proof of Proposition 5.7 is deferred to Appendix 5.B.
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While (5.12) is an exact reformulation of (5.11), it remains a relaxation
of fop since (5.11) is itself a relaxation of this one-point strengthening.

Comparison of (pg) and (5.11) Figure 5.5 illustrates on a numerical ex-
ample the difference in datasets satisfying (pg ) as compared to (5.11), the
relaxation of fg ..

dl [ Ipor
09 | (5.11)

0.8

0.7

0.6

0.4

03[

0.2

0.1

0 01 02 03 04 05 06 07 08 09 1
(2
93

Fig. 5.5 Allowed regions for f3 as a function of h3, according to (5.11)
and (PO,]L)/ giVen Lx - Ly = 1/ (xllfl/gl) = ((Bl)r%/(Bl)> ’ (x2/f2/g2) =

(02 @), x3= () and g3 = ().

Figure 5.4 compares the PEP-based bounds on the performance of cyclic
RCD, with constant stepsizes, obtained by relying on (po 1) (as in [KHG23])
or (5.11). Again, the difference in performance guarantees only arises from
these different descriptions of F, (R%). In this case, using a stronger de-
scription only yields a very small improvement as compared to the classi-
cal description. Both bounds outperform the classical hand-based bounds
in this setting, e.g. from [BT13, Wril5, Nes12], as highlighted in [KHG23].
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10' - - - -
—e—PEP-based bound, po1,
—e—PEP-based bound, (5.11)
022 .‘»..,,“
WX 0.2 “"'»'..,“
,L 0.18 "’"«..,"
& 0.16 o,
-~ »
2 25 3 35 4
10t
0 2 4 6 8 10 12

Number of iterations N

Fig. 5.6 Comparison of PEP-based bounds on the performance of cyclic
RCD, with constant stepsizes 1, obtained by relying on (poy) (as in
[KHG23]) or (5.11). The number of block is n = 2, the Lipschitz constant
are L1 = Ly = 1, the performance measure is f(xy) — fi, and the initial
condition is ||xg — x.|| < 1.

Strongly monotone Lipschitz operators

This section studies the class Q,, 1 (R?) of strongly monotone Lipschitz op-
erators, that is operators Q satisfying, for some 0 < y < L, and Vx,y € R4
[BC17, RTBG20],

—(Q(x) — Q(y),x —y) + pllx — y|]?

x { <0
Tur <0&
[Q(x) — QW) - Llx—y|  <0.

(qu,L)
Motivation Variational inequalities of the form (VI), i.e.,
Find x, € C:0 € Q(x,),

have been extensively studied since their introduction [Fic64, Sta64, LS67].
Indeed, many classical optimization problems can be recast as instances
of (VI), e.g., problems of the form min, f(x) for a convex function f, as
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well as saddle-point problems of the form

mxmmyaxﬁ(x,y),

for a convex-concave function £(x,y). Such problems naturally appear,
e.g., in robust optimization [BTN02] and adversarial learning [G" 14].

In particular, the class Q) 1 (R¥) captures a broad range of practical
problems while still sufficient to ensure existence of solutions to (VI) [BC17].
However, simple methods such as the gradient descent (GD) may diverge
onQyr (R%), hence algorithms such as the extragradient method (EG) [Kor76],
whose iteration is given by

Vi = xp — aQ(xy), (EG)
X1 = X — aQ(y),

and the optimistic gradient descent (OG) [Pop80], with iteration

Vi = X — «Q(yk_1), (0G)
X1 = Xk — aQ(y),

have been developed to address this issue. Recent work has established
O(1/N) last-iterate convergence rates for these methods using PEP [GLG22,
GTG22]. In particular, [GLG22, Theorem 3.3] proves that N iterations of
(EG) with & = ﬁ on Qp 1 (R?) yield

4L2Hx0 — x*Hz

2
<
lQGr)Ip < ==t

and [GTG22, Theorem 1] proves that N iterations of (OG) with o = 3% on
Q()/L (le) yield

12312 |xg — x4|2
N+32

1Q(xn)|1* < (5.14)
Nonetheless, these bounds are not a priori tight, due to the lack of interpo-
lation conditions for Q,, 1 (R).

In particular, it has been shown [RTBG20, Proposition 4] that (g,,,1) is
an interpolation condition on IR? for datasets of cardinality 2, i.e., any two-
points dataset satisfying (q,,1) is consistent with a function in Q;,,L(]Rd),
and a global interpolation condition when d = 1. However, when K > 3 or
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d >2,(q,,0) is no longer an interpolation condition and is only necessary.

Example 5.2 (Counterexample to sufficiency of (q,,) [RTBG20]). Letd =2,
u=0,L=1,and

5 0 0 1 0 1/2 0
N 0/)'\o/)/)" \\o)'\o))’ 0 )'\-1/2 ’
Then S satisfies (q;,.) while not consistent with a function in QH: L

Derivation of the one-point strengthening of (g,,.) The refinement pro-
cedure described in Section 5.2 allows strengthening (g, 1), starting with a
set of cardinality 3.

Proposition 5.8 (Refined description of QF,L(IRd)). Let X = {(x1,x2,x3) }.
Then, §y,1, the terwise one-point strengthening of (q,,.) with respect to RY, is
satisfied only if

YAk, pi, 4j =20
) 0> Ap(pi+pj)(Api + Ajrt) — AxpiptjAij
ﬁZ,kL <0= +AZ(Bikpi + Bjkj) + Bjpiptj(pi + pj — 2uAg) - (5.15)
0> Ap(pi+ pj)(Bixpi + Bjpj) — AxpiptjBij
FAZ(Ajeti + Ajept) + Agjpipt (i + pj — 2pAg),

where Al] = Hti - t]'H2 - L2||xl- - x]-||2 and Bl] = —2L<ti - t]-,xi - x]) —|—2Ly||xl -
x>
The proof of Proposition 5.8 follows that of Propositions 5.4 and 5.6.

Proof. The terwise one-point strengthening of (q,,.) on R is given by

Itz —till> L

fuL =maxmin Tst o Sllz—xl? <7 i€ 3] (A7)
t,eR4
—(t—tz—x)+ullz—x|* <1, i3l (mi)

where Aj, y; are the associated dual coefficients. Dualization of the inner
problem yields

Jui > 5 ma XL (= (1 =l = L2z = i)

2L A;>0,
pi=0 !
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+ u2L(— (8 — ti,z — x;) + pllz — xi?))

1
s.t. ZZM(Q —tj) —pilz—x) =0, Y (Ai+p)=1,
7 g

where #; minimizes the inner problem in 4, ;. Minimizing over z, multi-
plying by 2L((¥;A;)* + (¥; pi)?) and rearranging the terms yields 7,1, >

/\v>1'61a)‘(>0 Z <Aij()\i)\j2/\k + /\z#](ZVk)
Zil(;‘i;‘]:‘li)/zll HEBl: 1> ¢ ¢

+ /\jﬂi(;}lk) - (;Ak)ﬂiﬂj - 2#(;#0/\#\;‘)
+Bjj (Viﬂj;.”k + Pli)‘j(;/\k)
+ Vj/\i(;)\k) - (;Vk))\i)\j - 2#(;/\0%#;‘))-

This condition is homogeneous of degree 3 in A, y;, i;. Hence, for any
K > 0, it must hold with fi; = Kyu;, A; = KA; replacing y;, A; respectively,
which allows removing the condition };(A; 4+ ;) = 1.

Setting only Ay, ; and y; non-zero yields the first condition in (5.15),
and setting only py, A; and A; non-zero yields the second condition in
(5.15), hence {1 is at least as strong as (5.15). Those choices of coefficients
allow for the terms multiplying A;; or B;; to be potentially negative. O

Remark 5.6. Observe that the counterexample 5.2 does not satisfy (5.15),
and separates Qg , (&) from Qz , (X).

Remark 5.7. Setting Ay = 0 in (5.15) allows recovering (q,,r), hence again
this relaxation of §, | is at least as strong as (q,,.). Remark 5.6 allows con-
cluding (5.15) is actually strictly stronger than (g,,.)-

Similarly to Sections 5.5.1 and 5.5.2, we propose a relaxation of (5.15) as
an SDP.

Derivation of an SDP reformulation of (5.15).

Proposition 5.9 (SDP-representable refined description of Q,, 1 (R%)). With
the same notation as in Proposition 5.8 and considering a triplet S = {(x;, t;) }ic[3),

it holds that S satisfies (5.15) if Vi,j,k € [3], there exists some MZkB =0, MgkA =
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0, where
[—Bij 0 0 My M5 Mg My |
0 —ap —Ms 0 My My My
o 0 —Mps —pij My —Me 0 M3,
Mtlx],ﬁ = | My 0 My —Bjx  —My My 0 |, (5.16)
Mpis —Myy —Miyg —Myy Mss —Msy —Mye
Mg My 0 My —Mzy  —ay 0
Mz My Mgy 0 —My O —Bir |
and

Mss + 2My7 + 2Mpe + 2M34 = a5 + Z‘uﬁi]' — Kjk — -

The proof of Proposition 5.9 is deferred to Appendix 5.C.

Comparison of (g,,.) and (5.16) Figure 5.7 illustrates on a numerical ex-
ample the difference in datasets satisfying (q,,1) as compared to (5.16), the
relaxation of {, 1.

0.65

SQO:L
I (5.16) | |

0.6

0.55
05

am 0.45
0.4+
0351

031

Fig. 5.7 Allowed regions for t3, according to (q,,.) or (5.15), given p =0,
L=1, (xi,t1) = (), (), (x2t2) = (), (), and x3 = (1/3).

Figure 5.8 compares the bounds on the performance of (EG) and (OG),
obtained (i) in [GLG22, Theorem 3.3] and [GTG22, Theorem 1], i.e., in a
computer-aided way, relying on (g,,.) and using relaxations, (ii) in a PEP-
based way, using (¢,,.), and (iii) in a PEP-based way, using (5.16).
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—e— [GLG22|, Theorem 3.3
—e—PEP-based bound, qo 1
PEP-based bound, (5.16))
10° ]
iS4
1 2 3 . 5 6 7 8
Iterations N
—e— [GTG22|, Theorem 1 e
—e—PEP-based bound, ¢ 1,
PEP-based bound, (5.16))
1
% 0.8
iS4

Iterations N

Fig. 5.8 Comparison of PEP-based bounds on the performance of (EG),
with stepsize « = ﬁ (top figure) and (OG), with stepsize a = 3% (bottom
figure), obtained (i) in [GLG22, Theorem 3.3] and [GTG22, Theorem 1],
i.e., in an non tight computer-aided way, relying on (q,,r), (i) in a PEP-
based way, using (¢,,.), and (iii) in a PEP-based way, using (5.16). The
performance measure is ||Q(xy)||?, the initial condition is ||xg — x4]|? < 1,
p=0and L=1.

The tight PEP-based bounds improve on [GLG22, Theorem 3.3] and
[GTG22, Theorem 1], and relying on (5.15) yields better results than using
(qy,1), from 2 iterations.

Remark 5.8. Since (g,,.) is an interpolation condition on R? for datasets of
cardinality 2 [RTBG20, Proposition 4], all methods achieving linear con-
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vergence rates on @, ; should be analyzed using this constraint. Indeed,
analyzing a single iteration of such methods, involving 2 points only, is suf-
ficient for a global analysis. Hence, using (q,,.) already yields tight guar-
antees.

Uniformly convex functions

This section studies the class F 4(R?) of uniformly convex functions f
satisfying, Vx,y € RY, (Pu,q), that we recall here.

Pug SO f(x) = f(y) + (Vf(y),x —y) + Llx —y|9, where p >0, 4 > 2,
(Py,q)

Motivation The concept of uniform convexity, originally introduced in
1936 [Cla36], was then adopted in convex optimization to strengthen con-
vergence results as compared to convex functions, see, e.g., [JN14a, JN14b,
DN21]. In particular, uniformly convex functions admit a unique min-
imizer, and their dual functions are Holder smooth functions, see, e.g.,
[Nes15, Lemma 1].

Uniformly convex functions are also curious from an interpolation point
of view. Indeed, (py,4) is algebraically simple, and is an interpolation con-
straint for its limit case g = 2. However, for g > 2, it is not a global interpo-
lation constraint anymore, see Section 4.4.

Extensibility from 2-points datasets We first prove that (p,, 4) can be ex-
tended from any set of cardinality 2 to any z € IR?, hence the strengthening
technique proposed in Section 5.2 can only yield a stronger constraint start-
ing from sets of cardinality > 3.

Proposition 5.10 (Extensibility from 2-points datasets of (p;4)). Let S =
{(xi, fi,8i) }i=1,2 be a set satisfying (p;,4). Given any z € R?, there exist some
f- €R, gz € R such that SU (z, f-, g-) satisfies (py,q)-

Proof. We seek for some f, € R,g, € RY extending (Pu,q) to x, that is such
that Vi,j = 1,2, it holds

fo=fi+ (gix —x;) + gux—xinq, (5.17)

fi2fo+ (goxj—x) + gux—xjw. (5.18)
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Let

i, = argmax(f; + (gi,x — x;) + %HX —xi||7),
i=1,2

fo= fi o (gix =)+ Ll = x|,

8 =&i, +pllx —x 17 (x — x;,) + K(x — x1,),
where K > 0. Then, (5.17) is automatically satisfied. In addition, it holds
oot {gerti, =3+ Ll =i 17 = f = gl = i, I+ 20 = x| = Kl =i, |

< fios
and
_ iy — xl1
fr+(gzxj — x) + q llx — x|

=fi. + (&i.,xj — xi,) + (K(x — x;,),x — x)
+ il |72 = 2,2y — x) o+ %(llx —xi, [T+ [lx = x;(|7)
<fj— (KX, Xj) + g(HXz; 17+ 1117 = 1%, = X117 = ql1X;, 1772(X2,, X)),
where X; = x —x;, and X; = x — x;. Suppose first (X;_,X;) <0, and let

K =0. Then, by Bernoulli’s inequality, and since (x + y)7 > x7 + y7 for
qg=2, x,y =0,it holds

I1X;, = X119 =(I1Xe 1>+ 1X11> — 2(X;,, X))/

(Xi,, Xj)
X3, (12 + 11 X2
> (X5, 17+ 1017 = g(Xa, Xp) (11X, 12 + 1501777271
>(1Xi 17+ 1% = 9(Xe,, X)) 11X, 1972,

=(11X, 112 + 1111772 (1 - 2 )12

hence (5.18) holds. Suppose now <Xi*,Xj> > 0. Then there exists a suffi-
ciently large K such that (5.18) holds. O

One-point strengthening of (p, ;) Wenow show that (p,, 4) can be strength-
ened by considering sets of higher cardinality.
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Proposition 5.11 (Refined description of Fj, 4(IR?)). Let X' = {(x1,%x2,x3)}.
Then, py,q, the terwise one-point strengthening of (py,q) on IRY, is satisfied only
if

~ijk

<0=0> AM—F: X —
Prg max (=fi + fi + (S xi — xx))

( )( f1+fk+<gk/x] xk>)
(( (1= M)+ (1= A)AT) |x; — x5 (5.19)

&\?

+ ||xk — )\xi — (1 - /\)x]||q> .

Proof. The terwise one-point strengthening of (p;,4) on R is given by

=max min T
P}tq zeR4 TER,

g:€R%, f,€R

st —fz+ﬂ+(gi,z—xi>+§||z—xi||‘7gr,ie B ()
ffz-+fr<gz,z—xi>+§||zfxiw<r,ie[3} (1)

where A;, y; (i € [3]) are the associated dual coefficients. Dualization of the
inner problem yields

Puq = max Z( + (g z—x) + Bz —x|19)
]R i=1 q
?\, ﬂ1>0

In particular, setting only A = %, i €10, %], Hi=75—

;i non-zero yields a
feasible solution of

0 2pi(—fi + fi + (ko Xi — xk)) + (% — i) (=fj + fi + (k%) — xx))

1 1 1
2 (g = "+ (5 = )y =50+ = s = (5 = 1)
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Hence p, | is at least as strong as (5.19). O

Remark 5.9. Setting A = 11n (5.19) allows recovering (py,q)-
Remark 5.10. The case p = 2 can be simplified as

P <O=02 M—fi+ fi+ (g — x) + 513 = xi)
+ (1= V) (—fj + fi+ (g% —x) + 5% = xil?)
©fi 2 fi+ (@i — xi) + % — x| and
£i 2 fit (geoxj = xi) + Bl — w2

We recover the classical definition of p-strongly convex functions.

Smooth convex functions with constrained convex domain

Given an open convex subset X C R, consider the class Fy 1 (X) of func-
tions that are smooth and convex on X, in the sense of (pg 1), but not nec-
essarily outside of X. It is known that (pg ;) no longer holds in general
for this function class [Dro20, Section 2], but that it remains valid for pairs
(x,y) of points x,y € X that are sufficiently close. In particular, it holds at
every x,y € X such that [Dro20, Theorem 3.1]

|x — y|| < dist(y,R?\ &), (5.20)

This result is obtained by showing that in this case, all quantities in-
volved in the strengthening of (pj ;) into (pg ;) belong to X. Building on
the iterative strengthening of (p, ), we improve this description by show-
ing (py ;) holds at pairs that are twice as distant.

Proposition 5.12. Let X C R%n open convex set and f € Fo 1 (X). Then, for
any x,y € X such that

lx — yl| < 2dist(y, R?\ X), (5.21)

it holds

FW) = ) +(Vf(x)y —2) + 5 IVF(x) = VW)~
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Proof. Letz=y+ w It holds

2=yl = S lgy) — ()l < 3lly x| 5, dist(y. R\ )

hence z € X. Setting x, = x and x; = y in the proof of Proposition 5.2,
observe that the strengthening of (po,) into (p(’)’/L) remains valid since it
only involves quantities belonging to X. O

Remark 5.11. This factor 2 cannot be improved via the one-point strength-
ening procedure, as long as one only uses (po,1) or (p; ; ). However, it might
be improved by starting from other conditions.

Building on [Dro20, Theorem 3.1], the author of [Dro20] obtained prop-
erties valid for all x,y € X, however far from each other, that are expressed
as optimization problems. Relying on Proposition 5.12 instead of [Dro20,
Theorem 3.1] allows improving this description of Fy 1 (X).

Corollary 5.1 (From [Dro20], Corollary 3.2). Given {(x,8x, fx), (¥,&y,fy)} €
(R? x RY x R)?, let

Un (resp. BN )(x,8x, fx,Y,8y) =max(resp. min)giew’ fer SN
s.t. fo= fx, 80 = 8x, §N = &y, and VO <i <N,
1 1
S7llsi = ginall* < fi = firr — 5 (8iv1,x — ),
1 1
o7 lI8i = giall? < fivn = fi— 5 {giy — %),

Then,

1. If f € Fo,.(X), then forany x,y € X, and VN > 2min(dist(x,]R“LJi;?y)Udist(y,]Rd\)E'))’

Bn(x, Vf(x), f(x),y,Vf(y) < fy) <Un(x, V(x),f(x),y, V(Y))
2. IF{(x,8x fx), (V,8y. fy) } € (R? x R? x R)? satisfy, for some L,N > 0,

BN<xrgxrfx/]//gy) g fy g MN(xrgx/fx/y/gy)/

then there exists a function f € Fo 1 (X) such that f(x) = fx, f(y) = fy, Vf(x) =
8xr and V f(y) = gy.

Proof. The proof follows the same lines as in [Dro20, Corollary 3.2], replac-
ing Proposition [Dro20, Theorem 3.1] by Proposition 5.12. O
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In [Dro20, Corollary 3.2], a similar result is proved, except for the factor
2 in the definition of N: Corollary 5.1 allows bounding f(y) by Uy, By for
twice smaller values of N than [Dro20, Corollary 3.2].

To illustrate how this strengthens the description of F 1 (X), consider
the following numerical example, from [Dro20, Figure 3]. Given f: ¥ — R,
suppose L= 1, x =0, Vf(x) =0, f(x) =0, [yZ =1, [|V(y)[> = 1 and
min(dist(x,R? \ X),dist(y,R?\ X)) = 1. We show in Figure 5.9 the al-
lowed regions for f(y) as a function of (Vf(y),y), according to [Dro20,
Corollary 3.2] and Corollary 5.1. Obtaining closed-form interpolation con-

0.5

[ 1[Dro20], Corollary 3.2
I Corollary 5.1

0.45

0.4

«2 035}

031

025

0.2

0.5 0.52 054 056 0.58 0.6 0.62 0.64 066 0.68 0.7
(94, 9)

Fig. 5.9 From [Dro20, Figure 3]. Allowed regions for f(y) as a func-
tion of (Vf(y),y), according to [Dro20, Corollary 3.2] and Corollary 5.1,
and given L =1, (x,f(x), Vf(x)) = (0,0,0), ly|> =1, [Vf(y)|* = ; and
min(dist(x,R? \ X),dist(y,R? \ X)) = 1. Corollary 5.1 allows bounding f,
by By, U1, while [Dro20, Corollary 3.2] can only rely on By, Uj.

ditions for function classes with constrained domain would require, e.g.,
considering more specific domains as the unit ball.

Concluding observations

Chapters 4 and 5 presented a constraint-based approach to interpolation,
that partially answered some of the open questions regarding interpola-
tion, discussed in Chapter 2.

| 102



Concluding observations | 5.6

Question 1. Given a function/operator class, how to guess a candidate
interpolation condition?

Question 2. How to assess a constraint’s interpolability?

The notion of pointwise extensibility (Definition 4.5) furnishes a possi-
ble answer to Question 2. Indeed, (i) it allows obtaining counterexamples
to a constraint’s interpolability in an automated way (Section 4.4), and (ii)
it reduces proving interpolability of a candidate constraint to an algebraic
question, independent from the analytical properties of the class analyzed.

In addition, the one-point strengthening procedure (Definition 5.1) in-
troduced in Chapter 5 can be seen as a principled and constructive ap-
proach to answering Question 1. Indeed, starting from any characteri-
zation of a class of functions/operators, it iteratively constructs refined
characterizations of this class, obtaining interpolation conditions as a final
product. In particular, it allows for strengthening given sets of conditions
based only on their algebraic properties, leading to improved conditions
that would have been challenging to guess based solely on the class’ an-
alytical properties. Proving stability (Definition 5.2) of constraint via the
strengthening procedure also answers Question 2, but we have seen that
this is in practice challenging.

Finally, the proposed constraint-based approach allows bypassing Ques-
tion 1, by directly highlighting function classes based on the fact that they
possess simple interpolation conditions rather than on their analytical prop-
erties.

On the downside, the constraint-based approach naturally showcases
some limitations. For instance, our main technical tools for obtaining one-
point strengthenings consist of dualizing the inner problem in (5.3). Hence,
the approach fails as soon as the initial constraint under consideration is
not convex in F,. Similarly, the approach is naturally limited to constraints
for which this dualization yields a zero duality gap. Furthermore, we
quickly arrive at formulations that turn out to be hardly manipulable, both
for computing their one-point strengthening and for proving their stability.
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5.A

Appendix to Chapter 5

Proof of Proposition 5.5

Proof. The first conditions are strictly equivalent to the first ones in (5.8).
The last inequality in (5.8) can be equivalently written as

14

(1—a)2u = (L+p)a)

0A+ (1-w)?B-0C)), Vaelo 21

"2L+u
(5.22)

In the interval [0, Zf—i‘y], a < % < 1, hence (5.22) is equivalent to

0>(1—a)2u— (L+pu)a)A+ (1—a)’aB—aC,
0> 2uA+a(B—C— (L+3u)A) +a?((L+pu)A—2B) +a°B,
0> ag + a1 4 axa® + aza® := P(a),

where ag =2uA, a1 =B—C— (L+3u)A,ap=(L+ u)A—2Band a3 = B.
By Markov-Lukacs theorem [Sze39, Theorem 1.21],

< —r
P(a) <0,Va € [0, L} ]

SIM,Me S st. P(a) =—a[l a]M m - (2L2jl_y —a) [l a]M m

This condition can be stated linearly in terms of the coefficients of M, M
and those of P(-). Denoting the i,/ entrance of M by M;;, i,j € [2], the list
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of constraints is given by

2u - - 4u
e iy v/ My — M My = —
2L+ p 11 aop, 11 “+2L+;4 12 ap
_ 2],1 _ _
— = — M> — My = —a3.
2Myp —2Myp + 2L+VM22 a2, 2 22 as

5.B Proof of Proposition 5.7

Proof. Condition (5.11) can be equivalently expressed as

0 >(1 = A)Ajjy + Ay + A(1 — A)Bjr, := P(A), ¥m € [n], ¥A € [0,1].

By Markov-Lukasc theorem [Sze39, Theorem 1.21],

P(A) <0,YA € [0,1]

1

SIMeS?,K>0st P(A) = — 1 /\]ML\

} —A(1—-A)K.

This condition can be stated linearly in terms of the coefficients of M,
of K and of the coefficients of P(-). Denoting the i,/ entrance of M by M
i,j € [2], the list of constraints is given by

ijs

My = —Ajjm,  2Miz + K= Ajjiy — Aikm — Bjm,  M22 — K= Bjn-

5.C Proof of Proposition 5.9

Proof. Take the first condition in (5.15), and set A = 72, u; = 6 and W= a2,
The condition becomes

0 =72 (a® + 6%) (Apb” + Aja®) — *6%0> Ay
+7* (B> + Bjxa®) + B;j6*a* (6% + a®) = P(a,6,7).
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P(w,0,7) is an homogeneous polynomial of 3 variables and degree 6,
which must be negative for all 6,&,7 € R. This negativity condition can
be relaxed by requiring P to be Sum of Squares, that is, by requiring the
existence of some M < 0 such that

P(a,0,v) = V(oc,@,’y)TMV(oc,G,'y),

where V(a,0,7) = (a?0  a?y ab? ay® afy 6%y 972)T. This condi-
tion can be stated linearly in terms of the coefficients of M and those of P(-).
Denoting the i,j" entrance of M by M;, i,j € [7], the list of constraints is
given by

My = Msz = Bjj

Mo = A
Mya = Bj
Mg = A
Mz7 = B

Ms5+2My7 4+ 2Ms e+ 2Msz 4 = —Ajj — 2uB;j + A + Ajk
My =M3=Mps=Mse=Ms7=Mg7=0
M5+ Mz =Ma+ Mys =M+ M35 =0
M7+ Mys =Msz7+ Mse = Myg+ Ms7=0.

Translating the second condition in (5.15) follows exactly the same ar-
gument, with A(_) and B ) inverted. O
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PART II
Interpolation conditions for
second-order univariate
optimization



Generic method for
univariate interpolation

This chapter results from a collaboration with Nizar Bousselmi.

Uppose interpolation conditions are known for a class F of univariate

functions. This chapter proposes a technique, summarized in Theo-

rem 6.1, to derive interpolation conditions for the associated univari-
ate class

/.F::{f:]RalI’Hf’e]—"}, 6.1)

consisting of functions whose derivative belongs to F. This approach thus
lifts interpolation conditions from F to the higher-order class [ F. It will
be relied upon in Chapter 7 to derive interpolation conditions for uni-
variate second-order function classes, enabling tight analysis of univariate
second-order optimization methods.

This chapter is organized as follows. Section 6.1 generalizes the defini-
tion of an interpolation condition to univariate high-order function classes.
Section 6.2 then introduces the method on the simple example of M-smooth
functions, and Sections 6.3, 6.4, and 6.5 formalize the method, summarized
in Section 6.6.

| 108



6.1

Order m interpolation conditions | 6.1

Notation We denote by C™ the class of univariate functions f : R — R that
are at least m times everywhere differentiable, with derivative up to order
m everywhere continuous. In addition, in Section 7.3, we will consider
function classes whose elements f may take infinite values, but such that
their inverse % € ). To account for such function classes, we introduce

the class C° of functions f : R — R that are everywhere continuous, i.e.,
Ve e R, limy f(x) = f(c), as in

Ve>0,30>0VxeR: |x—c|<d=|f(x)— f(c)] <e f(c) finite,
VN>0,30>0VxeR: |[x—c|<d= f(x) >N f(c) infinite.

Similarly, we introduce classes C(") to account for possibly infinite-

valued functions whose inverse ﬁ €C™. Let f € CY, and suppose f is at

least m times differentiable on dom f. We denote by f*) the k" derivative
of f (where f(9) = f), defined Vc € R and for k > 1 as

F8() = lim L (=1) (x) — F=1)(c)

x—c X —C

7

i.e., as the classical order k derivative on the effective domain, and +oo
otherwise. We say f € C™ if (i) f(¥) exists, and (ii) f) € C°, Vk < m.

Order m interpolation conditions

We seek for interpolation constraints for classes of univariate functions
F C C™, hence generalize Definition 2.6 to the interpolation up to order
m derivative of datasets by functions in F.

Definition 6.1 (Interpolation with function values). Given F C C™, a set
S ={(x;, f°, il,...,fi’”)}ie[N] € (R x ... x R)N is F-interpolable with func-
tion values if and only if

f e F: f0(x;) = fF, vk e [m], Vie]N]. (6.2)

Definition 6.1 can be straightforwardly extended to interpolation with-
out function values, that is, interpolation of a dataset S by a function in F,
except for its function values flO
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Definition 6.2 (Interpolation without function values). Given F C C", a
set S = {(xi, f{, fl, - fI") }iein) € (R x ... x R)N is F-interpolable without
function values if and only if

Af e F: f®O(x;) =k, Vke[m], Vie|N]. (6.3)

The quantities f? are thus ignored in interpolation without function

values and are not necessarily equal to function values f(© (x;).

Remark 6.1. In the multivariate case, interpolation conditions without func-
tion values are often computationally more expensive to impose than in-
terpolation conditions with function values, see, e.g., [Tayl7, Section 3.4].
By contrast, in the univariate case, these interpolation conditions are often
more concise than interpolation conditions with function values. Hence,
we resort to this formulation whenever possible, for instance when ana-
lyzing methods that do not involve function values in their settings.

Whenever m = 1,2, we denote f0 := f;, fl :=g;, f#:=h;, fV) (x) := f'(x)
and @ (x) := f"(x).

Overview of the method

This section illustrates the main steps of the proposed method on a simple
example, depicted in Figure 6.1. Consider the class Fj; of M-Lipschitz
functions, whose interpolation conditions correspond to a discretization
of their classical characterization, i.e., a dataset S = {(x;, fi) }ic|n) 15 Fm-
interpolable if and only if

Ifi = fil < Mlx; — x|, Vi, j € [N][Kir34, Vald5].

Building on these conditions, we aim to recover interpolation condi-
tions for the class [ F) of M-smooth functions, that is conditions ensuring
J Fu-interpolability of a dataset S = {(x;, f;, &) }ie|n]-

First, we address interpolation conditions without function values for
J Fm. These conditions coincide with the interpolation conditions with
function values for F); (Lemma 6.1). Specifically, S is [ Fy-interpolable
without function values if and only if

|g,‘ *g]‘ < M|x1~ — x]‘|, Vl,] S [N] (6.4)
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Indeed, then, there exists a function in F), interpolating { (x;,g;) }, and this
function is, by the fundamental theorem of calculus, the derivative of some
function in [ F,.

Second, we exploit these interpolation conditions without function val-
ues to derive interpolation conditions with function values for [ F;. Since
continuous piecewise smooth functions are globally smooth, the problem
reduces to interpolation on a single interval [x;, x| (see Lemma 6.5). Sup-
pose, on this interval, S satisfies (6.4). Consider all functions in F); that in-
terpolate {(x;,8;),(xj,g;)}, and in particular the extremal interpolants gmin
and gmax (Definition 6.3), see Figure 6.1 for an illustration.

08
06
04 Imax (;r)

027 (z1,91) Tmin ()

(w2, 92)

02

04 1 1 1 1 1 1

T oty

0.2 Il Il Il Il Il Il ]
-0.2 0 0.2 0.4 0.6 0.8 1 12

Fig. 6.1 [Illustration of the method to obtain interpolation conditions en-
suring S = {(xj, fi,8i) }i=1 to be Fy-interpolable: extremal M-Lipschitz
interpolants gmin (top figure, dark blue curve) and gmax (top figure, pink
curve) of {(x;,gi)}i—12 (see Proposition 7.3 for their derivation). When in-
tegrated (below, dark blue and pink curves), these extremal interpolants
define an interval including all possible smooth functions interpolating S,
except f. The interval [f; + f gmin(x)dx, f1 + f gmax(x)dx] (bottom
figure, light blue line) is exactly the mterval of adm1551ble values for fs.
Whenever f, belongs to this interval, there exists a convex combination of
the integrals of gmin and gmax (light blue dotted curves) which is in f Fum
and interpolates S.

Given f;, integration of these extremal interpolants over [x;, ;] yields
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the interval
Xj Xj
|:fi+/ gmin(x)dxr fi"‘/ gmax(x)dx]
Xi Xi

of admissible values for f; (cf. Lemma 6.4). Indeed, if f; lies within this in-
terval, there exists a convex combination § = Agmin + (1 — A)gmax such that
the function f; + || xf g(t)dt (i) is M-smooth by convexity of the smoothness
property, i.e., any convex combination of smooth continuous functions is
itself smooth, and (ii) interpolates S. Conversely, if f; lies outside this inter-
val, no function in Fj; interpolates S. Hence, imposing the interpolation
condition
x; x;

[ smin(0)dx < ;= i< [ gman() (6.5)
in addition to the conditions without function values, yields interpolation
conditions with function values for [ Fy,, see Corollary 7.1.

In this toy example, to recover interpolation conditions for [ Fs from
those of Fj;, we relied on several key properties of both Fj; and [ Fy.
More specifically, the proposed method applies to classes F satisfying

1. F C C™ is a class of univariate continuous functions (obtention of
interpolation condition without function values for f F),

2. F admits well-defined extremal interpolants, ensured by Assump-
tion 6.1 (definition of an interval of possible values for f5),

3. [ F is convex, or satisfies the weaker notion introduced in Assump-
tion 6.2 (the interval whose extremes are the integrated extremal ex-
trapolants of F indeed contains all possible values for f>),

4. Any function in C" that belongs, piecewise, to f F,isin f F, ensured
by Assumption 6.4 (sufficiency of piecewise [ F-interpolability for
global [ F-interpolability).

We now detail the steps of the method and underlying assumptions.
For illustrative applications of the technique to a broad range of function
classes with second-order properties, including, e.g., functions with Lips-
chitz continuous Hessian, see Chapter 7.3.
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Interpolation without function values

In the univariate case and for continuous function classes, interpolation
without function values of [ F amounts exactly to interpolation with func-
tion values of F,

Lemma 6.1 (Interpolation without function values). Consider F C C™ and
[F CC™, as defined in (6.1). A set S = {(xi, f{, fl, - fI") Yiepn) € (R X

. x R)N is [ F-interpolable (without function values) if and only if
S:={(xi, fl, - ") Yiepn) is F-interpolable (with function values).

Proof. By Definition 6.2, S is [ F-interpolable without function values if

IfeF 0 (x;) = K, Vk e [m], Vi€ N]
&3 fifl=geF, fO(x)=fF Vke[m], Vie[N]
& dgeF :¢® (x) = [ vk =0,...,m — 1, Vi€ [N]
b <f:>6 ) Sis F -interpolable with function values,
er. 0.

where the second equality follows from the fundamental theorem of calcu-
lus, see, e.g., [Rud76, Chapter 6] applied on the effective domain of g.

Interpolation with function values (2 points)

We now show how to go from interpolation without function values to
interpolation with function values. We take the simplest situation possible
and restrict our attention to the interpolation of a single pair of data points
x1 < Xp.

Consideraset S = {(x;, f, f},..., f"™)}i—1, which s [ F-interpolable
without function values and the associated set S = {(x;, f1,..., fimﬂ) bic12-
By Lemma 6.1, S is F-interpolable, hence there exists at least one function
¢ € F interpolating S. For each of such g, we can construct an associated
function f € [ F, interpolating S with the exception of f(x;), which could
differ from fg .
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Lemma 6.2. Consider F C C™, [ F € C"*! as defined in (6.1), and a set S =
{CGei fO, £ f ) Yoo € (R x ... x R)?, [ F-interpolable without func-
tion values. Let S = {(x;, f},..., f"™) }ic10, and g € F be a function interpo-
lating S. Then,

x1

o)== [ gz [ gl (©6)

belongs to [ F and interpolates S except f(xy) which could differ from f7.
Proof. Since f'(x) = g(x), f € [ F by (6.1). In addition,

fO) =g" V() =fF, i=12ke [m+1], and f(x1) = 7,

hence f interpolates S except possibly for f(x2). a

Consider, among these functions g € F interpolating S, the lowest and
highest functions, called the extremal interpolants of S, see Figure 6.1 for
an illustration. As such, extremal interpolants are not well-defined and
might not exist or be non-unique. We thus introduce the notion of lower
and upper interpolating envelopes, that is pointwise minimum and maximum
of all functions in F interpolating S.

Definition 6.3 (Extremal interpolating envelopes). Consider 7 C C" and
an F-interpolable set S = {(x;,8%,&},...8") }iz12 € (R x ... x R)?, where
x1 < x2. The extremal interpolating envelopes gmin and gmax of S are defined
as, Vx € IR,

8min (resp. max) (x) :g:]li?n—{R (resp. sup)  g(x) (6.7)
st. ge Fand g®(x,) = ¢k i=1,2 ke m].
Extremal interpolating envelopes always exist, but do not always be-

long to F. To ensure it is the case, we require F to be extremally interpolable.

Assumption 6.1 (Extremally interpolable function class). We say a func-
tion class F C C™ of univariate functions is extremally interpolable if any F-
interpolable set S = {(x;,8,¢},..,8") }iz12 € (R X ... X R)? satisfies gmin,
gmax € F where gmin and gmax are defined in (6.7).

Whenever F is extremally interpolable, we refer to extremal interpolat-
ing envelopes of S as extremal interpolants of S. Showing extremal inter-
polability of F often amounts to computing these extremal interpolants.
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Suppose now that such extremal interpolants exist, and that the asso-
ciated functions fmin, fmax € f F as defined in (6.6) evaluated at x, are re-
spectively smaller and bigger than f). Then, there exists a function f €
[ F interpolating S (including f(x2) = £3), provided [ F is extremally com-
pletable.

Assumption 6.2 (Extremally completable function class). Let 7 C C™ be
extremally interpolable (Assumption 6.1), and consider [F € F™"*1. Let

S={(xi,fO, fl, ..., f™)}ic1p € (R x ... x R)?, where x; < xp, be [ F-

interpolable without function values, § = {(x;, l-l,. .., f{”“ ) Yi=1,2, and gmin,

Imax € F be the extremal interpolants of S, as defined in (6.7). Let, in addi-
tion,

X2 X2
£+ [Cgmn(2)dz < B <A+ [ gma(z)dz
X1 X1
We then say [ F is extremally completable if
3f € /]—': FOG) =, vie{1,2), Vke[m+1].

Instances of function classes [ F that are extremally completable in-
clude any function class satisfying the maybe more natural notion of con-
vexity, including quasi-self-concordant functions and functions with Lips-
chitz Hessian, see Proposition 7.2.

Assumption 6.3 (Convex function class). We say a class F of univariate
functions is convex if, given any f,, f, € F and any A € [0,1],
Afat+(1-A)fpeF.

Convex function classes are extremally completable.

Lemma 6.3. Let 7 C C™ be an extremally interpolable (Assumption 6.1) class of
univariate functions. If [ F is convex (Assumption 6.3), then [ F is extremally
completable (Assumption 6.2).

Proof. With the same notation as in Assumption 6.2, let

X1 X
fmin/max(x) ::f?_ngmin/max(z)dz+/700gmin/max(z)dz-

By Lemma 6.2, fiin(x) and fmax(x) belong to [ F. In addition, the two
functions interpolate S with the exception of 9 = Afiy(x2) + (1 — A) fri (x2)
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for some A € [0,1]. Hence f(x) := Afio(x) 4+ (1 — A) fpi(x) interpolates S
(including f(x2) = f2), and by convexity of [ F, f € [ F. O

Convexity on its own proves to be too restrictive, since not satisfied by
classes of interest, e.g., self-concordant functions. This justifies the intro-
duction of the weaker notion of extremal completability, satisfied by self-
concordant functions.

For classes F that are extremally interpolable, and such that [ F is
extremally completable, we obtain interpolation conditions with function
values for [ F, on a single interval, by enforcing f3 to belong to the inter-
val [f) + |, xxlz gmin(2)dz, f + |, ;1 ? ¢max(z)dz] defined by the integrals of the
extremal interpolants of S.

Lemma 6.4 (Interpolation conditions for a single interval). Let F C C™ be
an extremally interpolable (Assumption 6.1) class of univariate functions and
let [ F C C™ (defined in (6.1)) be extremally completable (Assumption 6.2). A
set S = {(xi, fO, f1, s I }ic1p € (R x ... x R)?, where x1 < xp is [ F-
interpolable with function values if and only if S is [ F-interpolable without func-
tion values, and f?, f3 satisfy

[ gmin(0ax < 8- 2 < [ gma()d, ©8)
X1 X1

where gmin and gmax are defined as in (6.7).

Proof. Sulfficiency follows the definition of extremal completability. To prove
necessity, suppose S = {(x;, f°, f1,..., fim+1)}i:1,2 is [ F-interpolable (with
function values). Then, by Lemma 6.1, S is F-interpolable (without func-
tion values). In addition, by Definition 6.3 of extremal interpolants, any
function ¢ : R — R such that (i) 3f € [ F: g(x) = f/(x), Vx € Rand (ii) g
interpolates S, satisfies

gmin(x> < g(x) < gmax(x)/ Vx € [xler]'

Hence, (6.8) is necessarily satisfied.
O

To obtain full interpolation conditions for f JF, it remains to consider
the case of an arbitrary number of points to interpolate.
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Interpolation with function values (all points)

In the univariate case, interpolation of an arbitrary number of points is
equivalent to that of a single pair, provided the class [ F is order m + 1
connectable, in the sense that the juxtaposition of different functions in | F,
where the functions coincide up to order m + 1 on the boundaries of some
intervals, is itself a function in [ F.

Assumption 6.4 (Order m connectable function class). A class F C C™ of
univariate functions is order m connectable if, given any xg < ... < xgy1 € R,
and any K functions f; € F such that

! 1 .
(1) = fih (x1), VIE[m], jelK-1],
then the piecewise function
fR—=R: f(x):= fj(x) VxeI, Vje K] belongs to F,
where

|—eox] j=1
Ij: [x]‘,x]qrﬂ jZZ,"',K—l
[XK,OO[ ]:K

Remark 6.2. Linear functions are order 1 connectable, since the juxtaposi-
tion of several linear functions whose slope is identical is linear, but not
order 0 connectable, since the juxtaposition of linear functions with differ-
ent slopes is not linear. Hence, an appropriate choice of order is essential
when determining whether a function class is connectable.

Order m + 1 connectivity of [ F allows extending Lemma 6.4 to any
arbitrary number of points.

Lemma 6.5 (From a single interval to all points). Let F C C™ be an or-
der m connectable class of univariate functions (Assumption 6.4). A set S =
{ i f2 1 1) Yiepn) € (R X ... x R)N, with ordered points xo < x1 < ... <
xn, is F-interpolable with function values if and only if,

Vie[N—-1]: {(xi,flp,ﬂl,...,fi’”),(x,-Jrl,fgrl,ﬂlJrl,...,ﬂ”il)} is F-interpolable.
6.9)
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Proof of Lemma 6.5. (Necessity) Suppose S is F-interpolable, and let f € F
be a function interpolating S, and in particular all pairs (i,). For each pair
(i,]), the restriction of f to the interval [x;,x;] is a function in F interpolat-

ing{(xl, T 1, ), (x],fO i ,f’”)} and (6.9) is satisfied.

(Sufficiency) Suppose (6.9) is satisfied, and let f()) € F be a function in-
terpolating the pair (i,i +1) Vi € [N — 1]. Define

| —eo,xy] i=1
Li=q[xxip1]  i=2-,N-2 (6.10)
[folloo[ i=N-1.

Let f : R — IR be defined by:
f(x):=f9(x) Vxel;, Vie[N-1] (6.11)

By construction, f interpolates S = {(x;, f, f},-.., fi") }ic[n]- Further, by or-
der m piecewise invariance of F, f € F, which completes the proof. O

Main Theorem

We now present our main Theorem, lifting interpolation conditions from

Fto [ F.

Theorem 6.1 (Interpolation conditions for [ F)

Let F C C™ be an extremally interpolable (Assumption 6.1) class of uni-
variate functions, and let [ F C C™ T (defined in (6.1)) be extremally
completable (Assumption 6.2) and order m + 1 connectable (Assump-
tion 6.4). A set S = {(xi, L, f1, s fI") Yiepn) € R X ... x R)N, where
x0 <x1 <...<xyis [ F-interpolable if and only if S is [ F-interpolable
without function values, and Vi € [N],

Xi+1 Xi+1
/x» gmin(x)dx < fH—l - fi < / gmax(x)dx/ (6-12)

Xi

where gmin, Ymax are defined as in (6.7).

| 118



Main Theorem | 6.6

Proof. It suffices to combine Lemmas 6.4 and 6.5.
O

Remark 6.3. Theorem 6.1 requires imposing conditions on ordered pairs
only. However, imposing conditions on all pairs yields, by Lemma 6.5,
equivalent interpolation conditions, that are often cleaner and easier to
handle.

| 119



Computer-aided analysis of
second-order univariate
optimization

This chapter results from a collaboration with Nizar Bousselmi.

S stated in Chapter 3, computer-aided techniques for tight perfor-
mance analysis of optimization methods are to this day mostly re-
stricted to the analysis of first-order optimization. In this setting,
obtaining performance guarantees often amounts to solving SDPs, i.e., the
resulting PEP are convex; and interpolation conditions have been derived
for a wide range of first-order function classes, ensuring the tighness of
these guarantees.
By contrast, we seek to analyze second-order optimization methods,
which, to solve unconstrained minimization problems

min f(x),
x€R?

rely on evaluations of the Hessian of the objective function at each itera-
tion, e.g., Newton’s method, whose iteration is given by

X1 = X — V2 () TV (). (NM)
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Such methods are designed to minimize functions belonging to second-
order function classes, that is, classes whose characterization involves eval-
uations of second-order quantities, e.g, the class of twice-differentiable func-
tions f : RY — R¥ whose Hessian is M-Lipschitz continuous, i.e,

IV2f(x) = V2 f()Il < Mllx — ], Yx,y € R (7.1)

This chapter takes a first step at leveraging the PEP framework to the
analysis of second-order optimization, by (i) obtaining interpolation con-
ditions for univariate second-order function classes, (Section 7.3), and (ii)
solving the associated PEPs, (Section 7.4). Before diving into these main
contributions, we quickly motivate the analysis of (univariate) second-order
methods, and review computer-aided techniques in this setting.

7.1 Codes.

Codes for reproducing and verifying technical parts of this work can be
found at

https://github.com/NizarBousselmi/Second-0Order-Univariate-PEP.

7.2 Motivation

7.2.1 Second-order optimization

Second-order methods such as Newton’s method have attracted a lot of at-
tention due to their local quadratic convergence, and importance for interior-
point methods [NN94], widely used to solve constrained optimization prob-
lems, see, e.g., [CGTOO0] for a survey.

Since Newton’s method may globally diverge, and fails on degenerate
Hessians, several globally convergent variants of Newton’s method have
been designed that handle these issues. These mostly include (i) damped
Newton’s methods, i.e.,

Xipr = X — 0 V2 f () TV (), (DNM)
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and (ii) reqularized Newton’s methods [Mar63, Lev44], i.e.,
X1 = X — (V2 £ (xe) + Aedda) TV f(xk), (RNM)

where Ay may depend on xy, xy1, or V f(xg), and Id, is the identity matrix
in 8%,

These methods have been designed for and analyzed on several func-
tion classes, including those of functions with Lipschitz Hessian, denoted
Hm; of convex functions therein, denoted Hy, o; of self-concordant func-
tions [NN94], denoted Sy, that is, convex functions satisfying, in the
univariate case,

3/2

" (x)] <2M(f"(x))”'7, vx € RY, (7.2)

and including e.g., barrier functions, that form the basis of interior-point
methods; and of quasi-self-concordant functions [Bac10], denoted Ty,
i.e., convex functions satisfying, still in the univariate case,

If" (x)] < Mf"(x), Vx,h € RY, (7.3)

and including logistic regressions.
Examples of globally convergent second-order methods on these classes
include,

e Cubic Regularized Newton method (CNM), i.e., Ay o ||xky1 — Xk,

on Hy [NPO06], achieving O(1/ k%) convergence; accelerated CNM
on Hro [Nes08] showing O(1/k*) convergence; adaptive CNM on
functions with milder assumptions than Lipschitz continuity on the
Hessian [CGT11];

¢ Gradient regularized Newton methods (GNM1)-Ay ||V f(x;)||, on

convex functions [Pol09], achieving O(1/ k%) convergence; and Ty +
[Doi23], achieving linear convergence;

e Gradient regularized Newton methods (GNM2)-A; o« ||V f(x¢)||2, on
Har and H o [DN24, Mis23], achieving O(1/ k?) convergence;

e Damped Newton method on Sy [NN94, Hil21, IH24], achieving
linear convergence; and on semi-self-concordant functions [HKP*22],
achieving O(1/k?) convergence; and

¢ Universal methods [DMN24, DN21].
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In general, the potential tightness of existing convergence rates is an
open question. In practice, the methods often behave significantly better
than predicted by the theory, either because worst-case instances are very
unlikely to appear in practical problems, or because the current conver-
gence rates are too pessimistic and can be improved, e.g. by relying on
interpolation conditions. In addition, a fair comparison between the dif-
ferent variants of Newton’s method is difficult to perform, in the sense
that the performance measures and hypotheses vary for each analysis.

Computer-aided second-order optimization

The theory underlying the PEP framework can be straightforwardly ex-
tended to second-order optimization. For instance, the worst-case analysis
of N iterations of (NM) on H s, where the performance measure is chosen

to be Hlfi’; 7;‘*”' , can be expressed as
X0 —Xx

Sl N T 7.4)
st xpp =x—h gy, k=01,..,N-1

[lxo — x| <R

& =0h =0

E|f€ HM :f(xk) :fk/ vf(xk) :gkIVZf(xk) :hk/ k=0,1,...,N,~*.

As compared to the analysis of first-order methods, (7.4) presents two
difficulties. First, no interpolation condition is yet known for s, nor for
any second-order function class, see Chapter 2, preventing any exact alge-
braic representation of the last constraint in ;. Second, by contrast to the
majority of first-order problems, the constraints in (7.4) are not Gram rep-
resentable, hence (7.4) is a non-convex PEP with, in the multivariate case,
matrix variables.

This second difficulty can be tackled by leveraging, e.g., techniques to
solve non-convex PEPs yielded by first-order problems, e.g., in [DGFST24,
DGVPR24, RTBG20].

Regarding interpolation conditions, to the best of our knowledge, no
progress has been achieved so far. The only attempts at computer-aided
analysis of second-order methods are [DKGT20], studying a single iter-
ation of Newton’s method on Sy, 4 and building on conditions that are
only necessary for this class, and [Hil21], which obtained tight guarantees
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on the same setting, but did not use interpolation conditions. More gener-
ally, all analysis, whether conducted by hand or in a computer-aided way,
builds on necessary conditions and is hence a priori untight.

Univariate second-order optimization

Clearly, a computer-aided technique encompassing the analysis of multi-
variate second-order settings, as for first-order settings, would have been
desirable. However, our proposed extension of the PEP framework to
second-order analysis is restricted to univariate functions due to two main
difficulties. First, the approach to second-order interpolation conditions
presented in Chapter 6 heavily relies on properties specific to univariate
functions. Second-order interpolation conditions for classes of multivari-
ate functions remain an open question. Second, there is no known efficient
way to solve PEPs involving second-order quantities in the multivariate
case.

Nevertheless, tightly analyzing univariate second-order optimization
is interesting in itself. Indeed, exact univariate bounds already provide in-
sight into the bottlenecks of the method, and are lower bounds on the mul-
tivariate worst-case performance of the method. In fact, in many settings
(first and second-order methods), univariate functions are observed to pro-
vide the general multivariate worst-case [CGT10, Doi21, THG17c, Toi24,
RGP24]. In addition, in case the obtained univariate lower bound matches
a known analytical multivariate upper bound, the associated worst-case
instance proves tightness of this upper bound.

Interpolation of generalized self-concordant functions

Building on the approach proposed in Chapter 6, this section derives in-
terpolation conditions (with or without function values) for H s, and the

classes f @) Fy of univariate generalized self-concordant functions [STD19,
Definition 1], satisfying

F7 ()] < Maf"(2)", f"(x) 20, (7.5)

where a > 0. Lettinga =0, x =1,and a = % allows recovering H 10, Sm+,

and Ty +, respectively. As this class [ @ F« encompasses functions whose
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second derivative belongs to some class Fy, it is amenable to the approach
of Chapter 6, provided the assumptions required by Theorem 6.1 hold,
and interpolation conditions for the associated basic function classes Fy are
known.

We thus first present F, and several characterizations thereof, before
(i) obtaining interpolation conditions for F,, and (ii) iteratively applying
Theorem 6.1, after verifying all assumptions required for its validity hold.

Interpolation of generalized Lipschitz functions

Basic classes F, are defined as satisfying a notion of generalized Lipschitz-
ness, in the spirit of generalized smoothness introduced in [LQT24] and
generalized self-concordance introduced in [STD19]. Throughout, given
a > 0, we define

1 .
) ifa#l
ple) = {1 ifo=1. 7o

Definition 7.1 (Generalized Lipschitz function). Let M,a > 0, and B(«) be
defined as in (7.6). We say that f : R — R is (M, a, +)-generalized Lipschitz
if f (i) is non-negative everywhere, (ii) belongs to C’ ifa > 1,and C?if a < 1,
(iii) is piecewise Clifa>1, and piecewise C Lifa <1, and (iv) satisfies,
whenever differentiable,

|/ ()] < |B(e) | MF ()" (7.7)

We denote by Fp+ C CY (and C° when a < 1) the class of (M,a,+)-
generalized Lipschitz functions. In addition, f : R — R is M-Lipschitz if
(i fe CY, (ii) f is piecewise Clif ¥ <1, and (iii) f satisfies, whenever dif-
ferentiable, (7.7).

We use the notation F); , () to refer to both i, and Fr. Non nega-

tivity of f(x) is required (i) as to describe convex function classes [ *F Ma,+7
that is, to fit (7.5), and (ii) as it simplifies the derivation of extremal inter-
polants for Fj1, +, see Proposition 7.3.

Proposition 7.1 (2-points definition). Let M,ax >0, f € CO, and f piecewise
Cl. In addition, ifa < 1,let f € C°, and f piecewise C'. Then, f € Fara +, if and
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onlyif f =0,0r Vx,y € R:

f(x) = fW)l <Mlx—yl, (7.8)
{ f(x) >0, zfa <1, 79)
f(x)>0, ifa>1,

fOO8,  ifa#l,

where f(x) = { .
log(f(x)), ifa=1.
In addition, f € F)y if and only if it satisfies (7.8).

Proof. When f'(x) exists and f(x) # 0, f'(x) = )\(fg 7 Va > 0. In addi-

tion, on the interior of any interval over which f 0,so0 are f and f.
(Necessity of (7.8)) Let f € Fprqa,+. By assumptions on f and definition
of f, f is continuous and piecewise C!. Indeed, if « < 1, f € C° and is
piecewise C!, and f preserves these properties, with points of discontinuity
the intersection of all points where f is non-differentiable, and the points
where f switches from non-zero to zero values. On the other hand, if & > 1,
then f = 0 when f = oo, hence, f € C? and is piecewise C! despite f € C°,
and piecewise C'.

Let x; < xp < ... < xg be the points at which f is non-differentiable.
Consider any interval Z; on which f is differentiable, and non-zero. By the
mean value theorem, it holds that Vx < y € Z;, 3¢ € (x,y) such that

f(x) = fw) FOl o [B@)IMIf(e)]

=yl BIFO o5 B@lfer

=1f' ()| =

In addition, on any interval over which f = 0, f is M-Lipschitz. Therefore,
f is piecewise M-Lipschitz. Consider now x < x; <... < x; <y where
1<i<j<K;ie., x,y may belong to distinct intervals. Then,

f() = fwl _ [f(x) = )| + 1 (i) = Flxig)| + -+ | f (%)) = f(y)]
x—y[ [x =yl
Mxi—x+xi+1—xi+...+y—xj

y—Xx

=M.

N

Finally, nonnegativity is due to Definition 7.1 and positivity in the case
a > 1 arises from the limit case of (7.8): if f € Fiy 4+, and f(x) =0 at some
x €R, then f =0.
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(Sufficiency of (7.8)) Let f € C°, piecewise C! and satisfying (7.8). At all
x € R where f is differentiable and non-zero, it holds:

o P fah) - )
P O= B F ~ h o
1 ()] < 1B(a) [ MF(x)~

In addition, at all x where f(x) = 0, by nonnegativity of f, either f’(x) does
not exist, or f/(x) =0. Hence, f € Fprq +-

Finally, the case F), follows the same argument, except there is no need
to handle the non-negativity constraint. O

Proposition 7.1 reduces generalized self-concordant functions to func-
tions f whose associated quantity f is simply Lipschitz continuous, which
allows obtaining interpolation conditions almost straightforwardly for all
basic function classes and their higher-order associated classes, once inter-
polation conditions are known for s and f (k) Fum, k=1,2,.... Inaddition,
the conditions in Proposition 7.1 are interpolation conditions for Fy; , (1)-

f_‘ Theorem 7.1 (Interpolation conditions for Fy;, ()

_

Let M,a > 0. A set S = {(xifi)}icn) € (R X R)N is Faga,-
interpolable if and only if f; =0, Vi € [N], or Vi,j € [N]:

\fi — Fil < Mlx; —xj1, (7.10)
fz =0 lfDC <1, (711)
fi >0 ifoc >1,
. 1-a j 1
where f; = {fz ’ th"‘ #1,
log(fi), ifa=1.
In addition, S is Fr-interpolable if and only if it satisfies (7.10).
\ J

Proof. By Proposition 7.1, these conditions are necessary for interpolation.
We show they are also sufficient. Suppose S satisfies (7.10). We construct a
function f € Fy;, (4 interpolating S. Let f(x) = ming fy + M|x — x| and

[ fort ifa#£1,
flx)= {eﬂ") - (7.12)
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Since, by (7.10), f; < f; + M|xj — x;|, Vi,j € [N], f(x) as defined in (7.12)
interpolates S, i.e.,

whena #1 : f(xi) = (min fi + Mlx; —x)* ™' = fr 71 = f;
whena =1 : f(x;) = eminefirMxi—xl — ofi — £,
Moreover, f € Fpq,+ since Vx,y € R, we have
1f(x) = FW = fep ) + MIx = xi ()| = Fi () — My = x1, )

< i + Mlx = x| = fry) — Mly — x
= Mllx = xj )| =y = %), [| <Ml|x —yl,

Y (y) I

where k,(x) and j,(y) are the optimal indices in the definition of f(x) and
f(y). The last inequality follows from the reverse triangle inequality. In
addition, if f; > 0 Vi € [N] then f(x) > 0 Vx € R, and the same holds if
f; > 0. Finally, f(x) € C° and piecewise C'. O

Remark7.1. By Lemma 6.1, Theorem 7.1 furnishes interpolation conditions
without function values for [ F, M,a,(+), and interpolation conditions with-

out function values and first derivative for | @ F Mo, (+)*
Corollaries of Theorem 7.1 It turns out that several particular cases of
Theorem 7.1 recover well-known conditions. For instance,

e Interpolation conditions for F); are the classical interpolation condi-
tions for Lipschitz continuous functions, see Section 6.2.

* Setting o = % yields interpolation conditions without function and

gradient values, for the class of self-concordant functions, i.e.

|\/* \/*|\M|x ‘

This condition, the strongest possible that only involves second-order
derivatives and points, was derived in [NN94, Theorem 2.1.1] in the
multivariate case.

e Letting @ = 1 yields interpolation conditions without function and
gradient values, for the class of quasi-self-concordant functions. This
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condition, given by

|log (g:) —log (g;) | < M|x; — xj,

has been derived in [Doi23, Lemma 2.5], but also in [VRN 24, Lemma
2.5] regarding the class of (Lo, L1)-smooth functions [ZHS]19], with
L0:OandL1 = M.

Interpolation of generalized smooth functions

To derive interpolation conditions for [ F, M,a,(+) Via the approach pro-
posed in Chapter 6, we show that Fy, (;) and JF Mo, (+) k =1,2, satisfy
the assumptions in Theorem 6.1. We first consider assumptions that are
independent of extremal interpolants of Fy, (,), i.e., connectability and
convexity.

Proposition 7.2 (Properties of generalized Lipschitz functions). Let a, M >
0. Then, Fura () | Fuma () and [ @ FMy,(+) are respectively order 0, 1
or 2 connectable (Assumption 6.4). In addition, when « <1, [ F, M, (+) and

f(z) ‘FM,%(H are also convex (Assumption 6.3).

Proof. (Connectability) Definition 7.1, involving derivatives, is pointwise
and holds everywhere except for a finite set of points. Hence, by definition,
FM,a,(+) is order 0-connectable, and the function f, juxtaposition of several
functions in Fy; , (1) might be non-differentiable only at the junctions be-

tween intervals. The same argument holds for [ Fj;, ;) and [ @ F Moa,(+)7
except that it involves higher-order derivatives.

(Convexity) Let a <1, f1,f2 € [ Fapa1), A €[0,1], and f = Afy + (1 —
A) fo. It holds:

1) = AA () + (1= V) f ()| SALA ()] + (1= ) (2)]
Mi(Afi(x)" + (1= A) f5(x)") < My (Afi (x) + (1 = A) f(x))"

(7.13)

NV

7.7)

by concavity of g(t) =t%, t >0, a < 1. Moreover, Vx € R, if f1(x), fa(x) >0
then f(x) > 0. Hence, f € [ Fa1q,0, which is convex. The same argument
holds for f(z) F,(+) (with " and f" instead of " and f’in (7.13)). O
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We now show extremal interpolability of F);, (1), and provide its ex-
tremal interpolants.

Proposition 7.3 (Extremal interpolants of Fy;, (y)). Let a,M = 0. Then,
FMa,(+) is extremally interpolable (Assumption 6.1), and the extremal inter-
polants (Definition 6.3) of an Fpy o, (4)-interpolable set S = {(x;, f;) }i=1,2 € (R x
R)?, where x < xy, are given by:

® [fmin,Case 1] Ifa > 1, if we consider Fpy, orifa < 1and fo + f1 > M(xp —
xl):

where z = 1522 4 ‘ﬁgzg‘ fﬂ/{z.

®  [fmin,Case 2] Else:

v ( i \ggzglM(x - x1)> X € [xy,x1 + fl}
fmm( ): 0 xE[x1+f1/x2_Q]'
V(A M- x2) xe - fol

o [fmax,Case1] Ifa <1,0rifa >1and fo + fi > M(x2 — x1):
PR |§(“§\M< —n) xelyl
v(fa— Iﬁ(a)\ M(x—x2)) x€[y,x)]

where y = 172 — ‘ggzg‘ flzz,[fz.
° [fmaX,Case 2] Else:

v(fi+ M) v [+ )
fmax(x): 0 x € [x1+f1’x2_ﬁ]
M(x—x2)> x € v — £,%2)

where

fi=fl" ifa#1, log (f;) otherwise,
v(x) = xP ifa#1, e* otherwise.
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Proof. First, observe that all quantities in Proposition 7.3 are well-defined,
ie,x; <z<xand x; <y < xp. Indeed, e.g.,

Bla) fi—fo
2 Tl am 70

X2 — X1
Z—X1=

by satisfaction of (7.8).

We now show that fiin, fmax, as illustrated on Figures 7.1 and 7.2, are
the extremal interpolating envelopes of S as defined in (6.7). It holds that
fmin, fmax interpolate S, since v(f;) = fi, i = 1,2. For any x € [x1,xz], they
are also the extremal f satisfying (7.10) with respect to S, i.e.,

fmin( resp. max) (x) = min( resp. max)f fst |JF - fl| <Mlx—x, i=1,2,
f = 0 (except for Fp).

Case a < 1 (Figure 7.1a). Since B(a) > 0, v(x) is an increasing nonnegative
function of x, when x > 0, and either (i) v(x) does not exists for x < 0 (e.g.,
n= %), (ii) v(x) is negative for x < 0 (e.g., « = 0), or (iii) v(x) is a decreasing
nonnegative function for x < 0 (e.g., &« = %).

Hence, at all x € [x1, %], computing the extremal interpolants of S, i.e.,
fmin( resp. max)- 18 €quivalent to computing the extremal M-Lipschitz inter-
polants of {(x;, f;) }i=1 2, whenever these are nonnegative. On the contrary,
when these interpolants become negative, the extremal interpolants of S
are set to 0.

Specifically, at all x € [x1,%2], fmin (%) takes the maximal value between

0 and the lower boundaries f > f; — M|x — x;|. If fi + fo > M(x — x1),
these boundaries are always larger than 0, and fmin consists in two pieces.
Else, fmin consists in three parts, since the associated function fmin(x) is
set to 0 whenever the lower boundaries f; — M|x — x;| become negative.
In addition, at all x € [x1,x7], fmax (x) takes the minimal value of the upper
boundaries f < f; + M|x — x;|, and always consists in two parts, since these
boundaries are always nonnegative.
Case o =1 (Figure 7.1b). Since v(x) is an everywhere increasing nonnegative
function, computing the extremal interpolants of S, i.e., fiin( resp. max)- 18
equivalent to computing the extremal M-Lipschitz interpolants of
{ (xi/,fi)}izl,Z/ ie., fmin( resp. max)*

Specifically, at all x € [x1,%2], fmin(x) takes the maximal value between
the lower boundaries f > f; — M|x — x;|, even when such boundaries be-
come negative. Similarly, atall x € [xq,xp], fmax (x) takes the minimal value
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of the upper boundaries f < f; + M|x — x;|. Both extremal interpolants al-
ways consist of two parts. Case « > 1 (Figures 7.2a and 7.2b). Since p(x) <0,

(2, f2)

fmirf("")

fmu,(.’l: (;2» f2)

0.6 0.8 1

(a) Ilustration of the extremal interpolants for « < 1, on &« = 0. The left-hand side
figure considers 51, and the associated extremal interpolants consist of 2 pieces, i.e.,
fmin(x) is naturally always nonnegative. The right-hand side figure considers S,,
and the associated minimal interpolant consists in 3 pieces, i.e., fmin (%) is forced to
be zero when the M-Lipschitz minimal interpolant of 5, is negative.

()

Jmin(z)

0.4 0.6 0.8 1
T

(b) Extremal interpolants for « =1, on 5,. The right-hand side figure displays fmin
and fmax, the extremal M-Lipschitz interpolants of S5, even when negative. The
left-hand side figure displays fmin and fmax, the actual extremal interpolants of Sy,
that are always nonnegative.

Fig. 7.1 Givena >0, M =1, and S = {(x;, f;) }i—1,2, extremal interpolants
fmin(%), fmax(x) (Definition 6.3) of S, depending on «. The considered
sets are either S = {(x;, fi) }iz12 = {(0,3),(1,3)}, or S2 = {(xi, fi) }ic12 =
{(0,3), (1.9}

v(x) is a decreasing positive function of x, when x > 0, with asymptote in
x = 0, and either (i) v(x) does not exists for x < 0 (e.g., « = 3), (ii) v(x) is
negative for x < 0 (e.g., « = 2), or (iii) v(x) is an increasing positive function
forx<0(eg., a= %).

Specifically, at all x € [x1,X2], fmin(x) takes the minimal value of the
upper boundaries f < f; + M|x — x;| and always consists in two parts,
since these boundaries are always positive. In addition, at all x € [xq,x7],
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fimax (x) takes the maximal value between 0 and the lower boundaries f >
fi — M|x — x;|. If f{ + fo > M(x — x1), these boundaries are always strictly
larger than 0, and fmax consists in two pieces, i.e., the associated func-
tions to these boundaries cross each other before meeting their respective
asymptote. Else, fmax consists in three parts, since the associated function
fmax (%) is set to 0 whenever the lower boundaries f; — M|x — x;| become
negative. On this interval, fmax reaches +oo.

Fonin(z
(2, f2)

Finaa()

Jmin(T)
0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
z z

(a) Extremal interpolants for « > 1, on a = % and S5;. The right-hand side figure
displays fmin and fmax, the inverted extremal M-Lipschitz interpolants of S, that
are naturally nonnegative. The left-hand side figure displays fmin and fmax, the
actual extremal interpolants of S;.

(2, f2)

(z1,f1)8
0 0.2 0.4 0.6 0.8 1
T

(b) Extremal interpolants for # > 1, on a = % and S,. The right-hand side figure
displays fmin and fmax, the inverted extremal M-Lipschitz interpolants of S5, forced
to be zero when these become nonnegative. The left-hand side figure displays fmin
and fmax, the actual extremal interpolants of S.

Fig. 7.2 Follow up of Figure 7.1

To conclude the proof, it remains to show that Fj, () is extremally
interpolable, that is, fmin, fmax € F, M,a,(+)- This holds since (i) fmin and
fmax are nonnegative (and positive for « > 1) except for the extremal in-
terpolants of Fy, (ii) fmin and fmax belong to C° (or C° if « < 1), and are
piecewise C! (or C* when a < 1), and (iii) F. M, (+) 18 order 0-connectable
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and fmin, fmax are functions by parts satisfying on each interval:
v (fi £ M(x —x;))" | = MIB(a)|v (fi £ M(x — x;))" i=1,2.
O

Remark 7.2. The cases Fp; and F)11, are the only ones for which the ex-
tremal interpolants take a single expression.

We build on these extremal interpolants to prove Fy; , () is extremally
completable when a > 1 (the case a < 1 follows from Proposition 7.2).

Proposition 7.4 (Extremal completability of [ F Ma,(+))- Let &, M =0, and
a > 1. Then, [ Fp () is extremally completable.

Proof. The proof is illustrated in Figure 7.3. Let S = {(x;, f*, f1)}iz1,2 and

60 rag
50 ((/m(/‘r<</17)

—
0.2 0.4Gmin ()06 0.8 1

Fig. 7.3 Illustration of the proof of Proposition 7.4. Given S =

{(xi, fi,8i) Yi=12, S = {(x,8i) }i=12, and its extremal interpolants Smin (¥)
and gmax(x), we construct a function g € Fy, 4+, interpolating S, and
whose intergral f; + fxxf ¢(z,a)dz interpolates between f; + fx"lz Smin(2)dz

and f1 + |, ;1 > ¢max (z)dz. Specifically, we continuously decrease the integral
of gmax by “cutting” gmax at height a.

$min/max be defined as in (6.7), interpolating S = {(x;, fil}i:u. Leta>0
and define the following function

8(x,a) = min{gmax(x), max{gmin(x),a}}.

By construction, g is defined as the juxtaposition of functions in Fjs, 4 on
at most 3 intervals: either a constant function, either gmin(x) Or gmax(x).
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Hence, since Fj, + is order 0-connectable, g € Fj1, +. In addition, g in-
terpolates 5 since gmax(X;) = gmin(x;) = f1,i=1,2. Let

f(x,a):= flo — /j;g(z,a)dz + /joog(z a)dz

By Lemma 6.2, f € [ Fapa+, f(xi,0) = f}, i=1,2, and f(x1,a) = f). In
addition,

f(xp,a) f1+/ (z,a)

Since f} + [;* gmin(z)dz <+ J;7 gmax(2)dz and [[2 ¢(z,a)dz de-
pends continuously on g, w1th a minimum in [ " Smin(z)dz and a max-
imum in [ ;] ? gmax (z)dz, there exists some a > 0 for which f(xp,a) = fg,
hence [ Fipq,+ is extremally completable. O

Combining Propositions 7.4, 7.3, and 7.2, and Theorem 6.1, we obtain
interpolation conditions for [ M,a,(+)- For the sake of clarity, we consider
the case & = 1 separately.

Theorem 7.2 (Interpolation conditions for f Fai+)

Let M>0. Aset S = {(x;, fi,8i) Yiepn) € R X R X R)N is [ Fpq (4)-
interpolable if and only if, Vi,j € [N], g; > 0 and

M

fi—fiz (gz+g, M\/glg] ~2 (%) (7.14)

o J

Proof of Theorem 7.2. Classes F 1 4y and | F M,1,(+) satisfy all assumptions
in Theorem 6.1. Hence, S is interpolable if and only if it satisfies

|log (gi) —log (g;) | < M|x; — xj, (7.15)
and Vx; < X
j‘] _Jc‘l 2 gl}\';g] _ % glg]ef%(xjfx,-)
R e
& fi—fi< giz_\;gj — %\/gigje’%("f*xf). (7.16)
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One can show that imposing (7.14) on all pairs is strictly equivalent to (7.15)
and (7.16). In addition, (7.14) implies (7.15) when applied to all pairs. In-
deed, summing (7.14) imposed on (i,]) and (j,i) yields

8i +g] < e—%(x]—xi) +e%(x]—x,)

8i8j
and using  + /< J-+ 5 { <P <swhens>1,¢>0witht =/
and s = M%) yields

e~ Mxji—xi) ¢ 3j < eMBxi—xi) (7.17)

8i
which is equivalent to (7.15). O
r—J Theorem 7.3 (Interpolation conditions for | F, M, (+) (@ F 1))
—

Let w #1,M > 0. A set S={(x;fi,8)}iepy) € R X R x R)N is
J Fa,+-interpolable if and only if, Vi,j € [N], g; = 0 and f; = f;, or
Vi, j € [N]:

18i — &j|l < M|x; — x|, and g; > 0if w < 1,g; > O else, (7.18)
Ifgi+gi> mM(xj — i) ¢
=5 gy (& 8 719

_ 1 = a ﬁ(’x) v\ Be)+1
2,5(04) (gl +g] |ﬁ(“)|M<x] xl)) ’
Ifa<land &+ & < M(xj—x;):

s L (B@H B+

where §; = gil/ P addition, S is [ Fy-interpolable if and only if it
satisfies (7.19).

. J

Proof of Theorem 7.3. Classes Fppq,+ and [ Fppq 4 satisfy all assumptions
in Theorem 6.1. Hence, S is interpolable if and only if it satisfies (7.18), and
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Vx; < Xj:

o Integration of fuin(x), Case 1:
Ifa>1orifa <land g + § > M(x; — x;), or considering Fas0:
Bla) ( B)+1 | ola)+1
A I RS R
1 Bla) B+l
W(gz + g LB(T”M('X] x;))
e Integration of fin(x), Case2: If &« <1land g + & < M(x; — x;):

1 Bla)+1 | B+
fj‘fi?m(& —l—g] )

e Integration of fmax(x), Case 1: If « < 1, orif &« > 1 and
§i+8&i> M(xj —Xx;):

- B(a) BT _ 5p(a) 41
=% o (¢

+ o @+ 8+ MG = )P
s Bla) B+ | Bla)+1
e Ww(«)M(ﬁ(zxm)(gl 8

1 14
T 2B (&i +8i— |§E“§|M(xi — x].))ﬁ(a)+1>'

The second case for fmax, i.e., when it reaches infinite values, yields no

further constraint. Considering Fjs, +, imposing (7.19) and (7.20) on all
B(a)

pairs is strictly equivalent to these conditions, since Ba)] = —lifa>1,

|gga§‘ = 1 otherwise. Considering F)10, there are no subcases to consider,
and imposing (7.19) on all pairs is strictly equivalent to these conditions.
Furthermore, satisfaction of (7.19) on both pairs (i,j) and (j,i) implies sat-

isfaction of |g; — g;| < M|x; — x;/, since adding both inequalities gives

1 1
0> g7 +87 — 4 (8i+8 — M(xj —x1))? — 2(8i + 8 + M(x; — x7))’

(8i—8)* M

©0> = = = (xj—x)? & |3 — gl < Mlxi — xj].
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O

Remark 7.3. By Proposition 6.1, Theorems 7.2 and 7.3 furnish interpolation
conditions without function values for [ @ F Moa,(+)-

Remark 7.4. Necessarily, the interpolation conditions of Theorems 7.2 and
7.3 are satisfied everywhere by any function in [ F, M, (+)- They are thus
equivalent to Definition 4.1 of [ F, M,a,(+) When imposed everywhere, even
tough proving it from scratch is not straightforward.

Applications of Theorems 7.2 and 7.3
We propose a list of corollaries to Theorems 7.2 and 7.3, specific several

specific classes | @ F M (+)"

Class Hj, of functions with M-Lipschitz Hessian We recover the inter-
polation conditions for M-smooth functions from [THG17c, Theorem 4].

Corollary 7.1. A set {(x;, fi, gi,hi) }ie|n) is Hm-interpolable without functions
values if, and only if, Vi,j € [N]:

(hj — hi + M(x; — x;))*.
(7.21)

M , 1
8 =&~ hi(xj—x) > = (xj = xi)"+

Proof. Since Hp = [ ) Fu1, consider Theorem 7.3 as applied to [ Fy. O

Class H 1, of p-strongly convex functions with M-Lipschitz Hessian

Corollary 7.2. A set {(x;,fi,8i/hi)}iepy) € (R X R x R x R)N is Hyy
-interpolable without functions values if and only, ¥i,j € [N]:

M 1
8j — 8 = hi(xj — xi) = 5 (xj = x0)* + 2 (b — hi + M(x; — x;))* (7.22)
h> g (7.23)
hi+hj — 2y (hi — p)* + (hj = p)*
Ifxj—xi2 ——— then gj — gi > u(xj — x;) + M :
(7.24)
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Proof. When p =0, Hp = [ @ F M,0,+, hence Corollary 7.2 is an applica-
tion of Theorem 7.3 as apphed to Far0,+- The case p > 0 follows from the

observation that f € f Fumos & f+5x%€ Hmp- O

Remark7.5. Condition (7.22) is the interpolation condition for M-smoothness
of S, while (7.23) (lower bound on k) ensures S to be consistent with an
increasing function, of slope at least . However, juxtaposing these condi-
tions alone is not an interpolation condition for the class of smooth strongly
monotone functions. One must add (7.24), which links both properties, and
ensures the existence of some M-Lipschitz continuous function /(x) inter-
polating h; and h;, and whose integral is smaller than or equal to g; — g;.

Class Sy 4+ = /'(Z)fM ; . of self-concordant functions
N ’3

Corollary 7.3. A set S = {(x;,gi,hi)}ien] € (R X R x R x R)N is Sy -
interpolable if and only if, Vi,j € [N], h; = 0 and g; = gj, or Vi,j € [N],

|hj — hi| < M|xj — x;| and h; >0 (7.25)
Iffli + E] > —M(x]‘ — x;), then
1 1 4
§—8iZ —= + —= — (7.26)

Mh; Mh] M(le—i—ﬁ]—l—M(x]—xl))’
where h; = h;l/z.
Proof. Consider Theorem 7.3 with o = % O

Remark 7.6. The class of M-self-concordant functions is affine-invariant,
namely, if f(x) € Spr 4+ then f(ax +b) € Sy .+ Va, b [NN94]. The conditions
of Corollary 7.3 satisfy this affine-invariant property. Indeed, if a set S =
{(xi,8i,hi)} is Sp1 +-interpolable, then so is the set {( xi;h,agi,azhi)}.

Class Ty 4 = ‘/)(z)f/\/m% of quasi-self-concordant functions
Corollary 7.4. A set S = {(x;,8i,hi)}iepn) € (R X R x R x R)N is Ty, -
interpolable if and only if, Vi,j € [N], h; > O and
hi +hj
gi—gi> IM 13/1 e (3%), (7.27)
Proof. Consider Theorem 7.2. O
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Remark7.7. The class of M-quasi-self-concordant is scale-invariant, namely,
if f € Tpm,+ then ¢f € Ty Ve > 0. The conditions of Corollary 7.3 sat-
isfy this affine-invariant property. Indeed, if a set S = {(x;,g;,h;) } is Sar, -
interpolable, then so is the set {(x;,cg;,ch;)}.

It is known [Doi23, Lemma 2.7] that quasi-self-concordant functions
satisfy

1 —x
F1) = F1(x) = f10)y = %) < 37/ (%) (M= — Mly — x| —1). (7.28)
We rely on (7.27) to strengthen this condition:

Lemma 7.1. If f € Ty 4, then Vx,y € R,

Proof. By Corollary 7.4, Remark 7.4, and using the identity elfl — et — [¢| +
t >0, it holds that f satisfies, Vx,y € R,

fy) = f'(x)
<— fA(/IX) . 1 (f”(]/) _ 2\/f//(x)f//(y)eM(y—x)>

M

" 2
:_fA(/IX) _Aal(_f//(x)eM(y—x)_i_ (\/ //( ) \/ //( )eMV x)) )
<= L (= @M oMy - 21 - (v - )

+ (V7w - ) ).

7.3.4 Interpolation conditions for Hps and H .

Following the approach of Chapter 6, we obtain interpolation conditions
with function values for H s and Hy;g. Figure 7.4 illustrates the case H .
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Fig. 7.4 Derivation of interpolation conditions ensuring Hy-
interpolability of S = {(xj,fi,gi hi)}iz12. The middle figure displays
the extremal M-smooth interpolants gmin (dark blue) and gmax (pink) of
{(x,gi,hi) }iz12. The top figure displays their derivatives, interpolating
{(xi,hi)}iz12. The bottom figure displays the integrated extremal in-
terpolants (dark blue and pink), which define an interval including all
possible functions in H ; interpolating S, except possibly f,. The interval
[f1 + fxxlz Smin (x)dx, f1 + f;lz gmax(x)dx] (light blue line, lower figure) is
exactly the interval of admissible values for f,. Whenever f, belongs to
this interval, there exists a convex combination of the integrals of gmin and
gmax (dotted curve) which is in H s and interpolates S.
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Since the proofs of Theorems 7.4 and 7.5, presenting interpolation con-
ditions for Hp; and Hpp, respectively, follow the same steps as for the
derivation of interpolation conditions for [ F, M,a,(+), We defer them to Sec-
tion 7.A. We directly present the interpolation conditions for H; and Ha o,
and compare them with the existing literature.

Interpolation conditions for H

(_[ Theorem 7.4 (Interpolation conditions for # ;) ]
J

A set S = {(xi,fi,ihi)bien) € (R X R x R x R)NH! ds -
interpolable, if Vi, j € [N]

|k — il < Mx; — x; (7.30)

Ifhj — hi + M|x; — x;| # 0, then

h‘
fi—fi—gilxj—x) — El(xj — x;)? (7.31)
M
> €|x] xif®

2
(g] — 89— hl-(x]- — xl-) + %|X] — xl-|(x]- — xi))
2 (l’l] — hi + M|X] - Xl‘|)
(h] — h; +M’x]‘ = xi|)3
96 M? ’

Ifh] —hi+M|x]- —xi| =0, then

M
8 — 8 — hi(xj — xi) = — = |xj — x| (xj — x),
(7.32)

h; M
fi= fi=8ilxj—xi) — 5 (% — xi)* = — g|xj—xi|3. (7.33)

& J
Remark 7.8. Condition (7.31) is consistent with several multivariate condi-
tions, that might serve as multivariate candidate interpolation conditions.
However, we have, to this day, no insight into which candidate could be
an interpolation condition, nor into how to prove so.
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As already stated in (py2 ), it is known [Nes18, Lemma 1.2.4] that
functions in H p satisfy a cubic bound, i.e., Vx,y € R,

£ — )~ F @0~ Ty a2 < My xp g

We show that the conditions of Theorem 7.4 strengthen (7.34). In ad-
dition, we show that a set satisfying these conditions necessarily satisfies
Condition (7.21), as required by Theorem 6.1, and a lower bound on f; — f;,
symmetrical to (7.31).

Lemma 7.2. Consider a set S = {(x;, i, i, fi) tic[n)- If S satisfies (7.30) and
(7.31) for both pairs, then for both pairs S satisfies (7.21); and

h.
fi—fi—gilxj—xi) — El(xj—xi)z (7.35)
M
<Z|xj - xi?

2
(8 — & — hi(xj — x;) — Mlxj — x| (xj — x;))
2 (M|x] — x,-| - h] — h,)

(M]x; — x| = (hj — ))°
j j
96 M?2 ’

In addition, (7.35) and (7.31) strengthen (7.34).
Proof. We shorten the notation of the pair ((x;,8; ki, fi), (xj,8.hj, fj)) to
(1,]) and let Axi]- =Xj — X, A]’li]' = l’l] —h;, and
TS =gj — & — hi(xj — xi),
h
Tij; =fi—fi—&i(xj—xi) = 5 (xj - xi)?.
Then, it holds

8 _ 8
Tij = _Tji + Ahiijijr (736)

f__f . 18 1 2
Tij = _Tji -+ Tiijij — EAhl]Axl] (737)

(Satisfaction of (7.35)) Condition (7.31) evaluated at (j,i) is equivalent to
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Condition (7.35) evaluated at (i,]):

2
(T8 + Yaxilaxal)  (ahy; + MlAax;)°
2 (Ahﬁ -+ M|Axﬁ|) 96 M?

M
T]{ > —Z|Axﬁ|3 +

1 2 M 3
& — Tij; + Tl%Axij - EAhiijij Z _Z|Axi]‘|

2
(—T§+Ahiijij — %Axijmxij\)
2 (—Ahi]' + M|Axi]'|)

(—Ahi]' +M|Axij|)3
96 M2
2
(Tié;' - %Axijmxij‘) (M|Axif| — Ahij)s
2 (M]|Axij| — Ahij) soM?

+

M
4:)T,»]; < Z|Axij|3 -

Hence, if S satisfies (7.31) Vi,j = 1,2, then it satisfies (7.35) Vi,j = 1,2.
(Satisfaction of (7.21)) We now show that satisfaction Vi, j = 1,2 of (7.30) and
(7.31) (hence satisfaction of (7.35)) imply satisfaction of (7.21) Vi,j = 1,2.
Observe that (7.21) is satisfied by both pairs (7,j) and (j,) if and only if

8 _ 8 _ _78 CAX —
T§—K>0and T ~K>0 & ~Tf+ Al — K >0, (7.38)
where K = — %Axlzj + g1 (Ahij + MAx;;)?. Condition (7.38) is equivalent to
(T} = K) (=T} + AhyjAx;; — K) 20, (7.39)

where the equivalence follows from the fact that Tlg. < Kand — Tié;» + AhjiAx;; <
K is in contradiction with Condition (7.30), since it implies:

M 2 1 2
2K > Ahl]Axl] = —TAXZ-]- =+ mAhl] > 0.

Substracting (7.31) and (7.35) yields:

2 2
(T§ - %Axijmxiﬂ) N (Té + %Axijmxiﬂ)
2(MAxi| = Alyy) 2 (Ahy + M]Ax;])

M
§|Axi]-|3 2
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3 3
L (M|Axl-]-| — Ahl‘j) + (Ahl‘j + M|Axi]-|)
96 M?
M]|Ax;j|
(Mo, 7 - A2

MZAX%  3AW2AX2  Ah%
( (T)? + T MhygAxij — 17 1 ”>/0

16 8 16M2
o (g5 A MA,  Ahh
73\ 1 4M 4 2
2 2
Lo A MAYG Ay
i IM T 4 2

& (T — K)(=T§ + Ahydx;; — K) >0,

and (7.21) is satisfied.

(Strengthening of (7.34)) Finally, since Ah;; > —M]|Ax;j|, (7.31) implies Tif; >
\qu\ and since Ah;; < M|Ax;j|, (7.35) implies Tf <& |Ax,']~|3. O

Remark 7.9. Conditions (7.21) and (7.35) can be removed from the final in-

terpolation conditions since they are implied by the two remaining con-

ditions. On the contrary, (7.30) cannot be removed from the interpolation

conditions since it is not implied by (7.31). Indeed, consider for example
the set S = {(0,0,0,0), (3, é,O 0)} satisfying (7.31) but not (7.30) for M = 1.

Condition (7.31) is not straightforward to manipulate. We thus propose
a relaxation of this condition, satisfied by all functions in # .

Corollary 7.5. If f is a univariate twice-differentiable function in Hpy, then
Vx,y € R such that |f" (x) — f"(y)| # M|x — y|, we have:

fy) = fx) = f()y —x

<%Iy*XI3*% (If’(y) —f'() —f”(X)Q;VI— x) —Mly—X(y—X))z'

)~ @(y - x)° (7.40)

Proof. By Remark 7.4 and Lemma 7.2, f € H ; satisfies (7.35) everywhere.
In addition, for any a,b,c > 0 it holds:

3 B33\ a3\ 4
— — > _ = —_— . .
3 +b/4<c3b> 4(b> (7.41)
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Letting a = & (f'(y) — f'(x) — f"(x) (y — x) — Mly — x|(y — x))?, b =96M?,
andc—M|y—x| (f"(x) — f"(y)) yields (7.40). O

Inequality (7.40) will be exploited in Section 7.4, in Theorem 7.7.
Interpolation conditions for 7, , For the sake of clarity, we consider the

case i = 0. Interpolation conditions for Hyy,,, p > 0 can be recovered by
considering f(x) = f(x) — 522

(_[ Theorem 7.5 (Interpolation conditions for # 1) ]
J

Given a set S = {(x;, fi, gi, i) Yie|n), let Dxij = xj — x;, Ahyj = h; — h;,
h;
Tg =& — &~ hi(xj —x;), and T z'j —fJ —fi—gi(x X Xi) — j(x]- -
) Then, S is Hpp-interpolable if and only if Vi, j € [N]
hi >0 (7.42)
h; + ]’l] h12 = h]2
If Axjj > VI then gi—8&i=> T (7.43)
and,
1) IfAhij T M|Axij| # 0, then
|ARij| < M|Ax;| (7.44)
2
fooMo o (T HAIAGI) T (aky + Mlax)]
T > ——|Ax1~]-| +
i 6 2 (Ahy; + M[Bx)) 96 M2
(7.45)

If (7.48), then

W2 — K2 g — i W2 — K2 g — gi

] ! ] 1 j i Ji i
fi = fi=gibxij 2 (= + = )M\ e + =30 — 1)
h3 h;?’+hl-2Axij

j
* 6M? 2M

If (7.49), then

W —h g - gi—g
fi—fi=gibxij < = (3 L+ (M L+ A )
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3 3 2
h] _hi _ h]Axl]

+ e T (7.47)
where (7.48) and (7.49) are given by, respectively:
Ahi; + MAx;;)2 ARE
g ( ij s, y M .. ..
T i M M (Ahjj + MAx;;) (7.48)
Ahj; + MAx;;)? AW .
g  (Bhj A R Y )
= M i M( Ahjj + MAx;;).  (7.49)

2) If Ahjj + M|Ax;j| = 0, then

M
Tf]; = — EAxij|Axij| (750)
M
T§ = - ZlaxP. (7.51)
N J

Conditions (7.42) and (7.43) are exactly the interpolation conditions (7.23)
and (7.24) ensuring interpolation of {(x;,g;, h;) } by an increasing M-smooth
function. Then, (7.44) and (7.45) are exactly the interpolation conditions
(7.30) and (7.31) for the class H, and hence ensure consistency of S with
a function whose Hessian is Lipschitz. Finally, (7.46) and (7.47) strengthen
(7.45) (if needed), to ensure convexity of f.

Performance estimation of second-order optimization

This section uses the interpolation conditions derived in Section 7.3, i.e.,
Theorems 7.2 and 7.3, their Corollaries 7.1, 7.2, 7.3, and 7.4, and Theorems
7.4 and 7.5; to analytically and numerically analyze second-order methods.
We aim at providing a global picture of the possible applications of our
approach, rather than exhaustively analyzing all possible settings.

In particular, we show that analytical proofs of convergence can be ob-
tained by

* Replacing, in existing convergence proofs, classical conditions by in-
terpolation conditions, see, e.g., Theorem 7.7 for an analysis of (CNM)
on H . The convergence rates are better than existing ones.
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* Solving PEPs by hand, see, e.g., Theorem 7.9 for an analysis of (GNM1)
on T +. The convergence rates are tight.

¢ Identifying, from the numerical PEP, the worst-case instance, when
such worst-case instance matches a known analytical upper bound,
see, e.g., Theorem 7.6 proving tightness of an existing convergence
rate of (NM) on #Hps; Lemma 7.3 proving tightness of Theorem 7.9
for a single iteration; and Theorem 7.8 proving tightness of an exist-
ing convergence rate of (DNM) on Sy .. Whenever an upper bound
holds in the multivariate setting, its tightness is also preserved in that
setting.

In addition, solving PEPs (with interpolation conditions) numerically, with-
out recovering the associated analytical proofs, yields

* Numerical exact convergence rates, see, e.g., Figures 7.5 and 7.6.

* Lower bounds for the multivariate setting, associated to the worst-
case instances achieving the worst-case performance, see, e.g., Figure
7.5.

* An automated approach to compare methods on a fair basis, i.e., in
the same setting, see, e.g., Figure 7.9.

Numerically, we use the solver Gurobi 11 [Gur23] to solve PEP formula-
tions as in (7.4). This solver handles all interpolation conditions of Section
7.3, as constraints in the associated PEP formulations. In addition, it allows
considering a broad range of performance measures, initial conditions, and
methods, far beyond the scope of Gram-representable quantities. Compu-
tational constraints, on the other hand, often restrict our numerical analysis
to one or two iterations.

Second-order methods on H g

Newton’s method: proof of tightness of existing rate. Itis well-known
that Newton’s method achieves a local quadratic convergence on Hyy, as
stated, e.g., in [Nes18].

Proposition 7.5 (Theorem 1.2.5 of [Nes18]). If
° f € Hm,
o Jx, such that Vf(x,) =0, V2f(x,) = ul = 0,

| 148



Performance estimation of second-order optimization | 7.4

® %HXO _x*” < %/
then Newton'’s iterations xj,1 = xx — V2 f(x) "'V £ (xx) satisfy

M|, — x| 2

[[xkr1 — 2]| < .
2(1— M| — x.])

(7.52)

To the best of our knowledge, the tightness of Proposition 7.5 is an open
question. Relying on a PEP analysis, we identify a simple univariate func-
tion attaining (7.52), establishing its tightness for any number of iterations.

Theorem 7.6 (Tightness of [Nes18], Theorem 1.2.5)

Proposition 7.5 (i.e., [Nes18, Theorem 1.2.5]) is tight.

Proof. Consider
SV
flx)=—-M 5 tus

— el x|

Then, x, =0and x =
T LA TC R A

attain (7.52) when %|xk| <1 O

Such surprisingly simple worst-case functions were already observed,
for example, for the gradient descent applied to smooth (strongly) convex
functions [THG17c].

Cubic Newton’s method: an improved descent lemma In the univariate
case, CNM’s iteration is given by

et = Argmin £ () + /() (x — ) + o 8" (x0) (v — ) + st x — i,

(CNM)
i.e., it consists in minimizing the quadratic approximation of the function
at the current iterate, regularized by a cubic term. On H 4, this ensures the
monotonicity of CNM, i.e., [NP06, (2.11), Lemma 5]

Frien) < f) = 13 (PCan) 7.59)
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where

)] 2
= = 7.54
P(x) max{ i ,3f (x) ¢, (7.54)
is the classical performance measure for CNM, as introduced in [NP06].
The resulting classical convergence rate resulting from the iterative appli-
cation of (7.53), is reminded in Proposition 7.6.

Proposition 7.6 (INP06], Theorem 1). Given N € IN, let (xy)e(n) be the it-
erates of (CNM), with respect to some function f € Hpy, and let f be bounded
below by f. Then,

. 3(f(x0) — £)\?

Using the refined description Hy; derived in Theorem 7.4, and in partic-
ular the improved cubic bound of Corollary 7.5, allows improving the de-
scent lemma (7.53) for univariate functions by a factor of 5. This yields an
improvement of factor 55 on the global convergence rate (7.55) of (CNM)
on univariate functions.

(_[ Theorem 7.7 (Improved convergence rate for CNM on ) I

Given N € N, let (xy)k—o,,., N be the iterates of (CNM) on some func-
tion f € Hy. Then,

Fxk) = ) > 2t (Paen) ™ (7.56)

Moreover, if the function is bounded below by f,, then

k=1(r)r,11i,?,NP(xk) < 5% (—3(f(2x§])]\2 f*))s. (7.57)

& J

Proof. The CNM iterates satisfy ([NP06, Equation (2.5), Proposition 1, and
Lemmas 2 and 3])

! i M
FCe) + f7 (o) (g1 — xx) + = (1 — xp) | X1 — x| =0,  (7.58)

M
f () + 7|xk+1 x>0, (7.59)
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f1(0) (X1 — x) <O, (7.60)
Mlxeiq — x? 2 | f (xi1)|. (761

Claim 1: P(karl) — \/‘f (JIC\I/(IH)‘ PN \/‘f (JIC\];IH)‘ > _ﬁf"(karl)-
Suppose first that |x; 1 — x¢| = xg1 — x¢ > 0. We have

|f' (g) | = = f' (xa41)
M(Xpeq1 — x5)?

> — f(x) — +
A f(xx) 4

- %(f”(xk+1) + 7 (x)) (1 — %)

_ M(xe —x0)? L G — ()
(7.58) 4 4M

— 5 (" (rrg1) — " () (a1 — 1)

- ﬁ(f”(xkﬂ) = f" (%) = M(xp 1 — x5))?

" (k1) — f" (20))?
4M

N —

Hence,

()| L7 (k) = £ (o) = Mlxin — x|

M = 2M

< M[xepr = x| = f7 (k1) + £ (%))

- 2M
(M1 =0+ §M s = 3 = ) + £ )

- 2M
(= 477600 + 40700 = £ (51))

> _ Ly .
The case |xg11 — xx| = —(xk11 — x¢) = 0 follows from a similar argument.

- 3
Claim 2: f(xg) — f(xpp1) = 24 w . Exploiting the improved cubic
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bound (7.40) of Corollary 7.5 yields

1

Flre) < Fxe) £/ () (e — 3 + L8 (s —
(7.40)

1
M M3
+g\xk+1 - xk‘3_73 (— |f' (xieg1) — f' (k)

NI

— " (2) (g1 — xp) — = (Xier = x) X1 — xk||>

f'(x)

M
= fl(xx) + > (X1 — X)) — E|xk+l —x P

%%Wﬁﬂf

Mwmmy

M
< f(xk)_ﬁ|xk+1—xk|3_ 3 i

(7.60)
) - 2 (L))

NIw

g@ﬂﬁnf

#W—ﬁowww;

establishing the result. Finally, telescoping the new descent lemma (7.56)
yields the convergence rate in (7.57)

N-1
f(x0) = fu = f(x0) — f(xn) = k;)f(xk) — f(xk41)

5M ¥ s 5MN ;
(736) 12 k;o (P(Xk+1)) = Tk:(}l}l..l,rl\llfl (P(xk+1)) .

Discussion on the tightness of Theorem 7.7

The improved descent lemma (7.56), and the associated convergence rate
(7.57) for a single iteration, are tight.

Lemma 7.3. Theorem 7.7 is tight for a single iteration.
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3

Proof. Let f(x) = M% — x—zz and xp = 0. Then, (CNM) yields

o1 M 2
X1 = Argm;gni(—x2 + §|x|3) = iM'
Let x; = —%. Then, f(x1) = —%,f’(xl) = % and

O

However, this tightness is lost when considering several iterations of
(CNM). Figure 7.5 compares the worst-case guarantees on CNM, as com-
puted by PEP and as predicted by [NP06, Theorem 1] and by Theorem 7.7.

Lower bound on the general worst-case performance

Solving a PEP with interpolation conditions, in the univariate setting, yields
tight numerical convergence rates, but also an univariate worst-case func-
tion that achieves these rates. This worst-case function provides a lower
bound on the general worst-case performance. Computing such lower
bounds is an important direction of research, and the state-of-the art lower
bound for CNM was presented in [CGT10], via the exhibition of a univari-
ate function (green dots in Figure 7.5). The lower bound resulting from
solving the PEP (blue dots in Figure 7.5) is worse than that of [CGT10], and
hence a better lower bound, obtained in an automated way.

Second order methods on Ty +

We now analyze the convergence of Newton’s method (NM) and damped
Newton methods (DNM) on standard self-concordant functions, i.e., M =
1. The classical performance measure in this setting is the Newton decrement
[NN94], given by

!

o) = L)L 7.62)

S (xk)
Since neither the methods nor the performance criterion involve function
values, the interpolation conditions of Theorem 7.3 can be used as such in
PEP formulations, which yield exact univariate results. To consider, as in,
e.g., [IH24], a performance criterion involving function values, and obtain
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PEP-based exact uﬂivariatc bound

10tk —[NP06], Theorem 1 g

—Theorem 7.7

% Lower bound on CNM of [CGT10]
\

N [ (k)|

1.2,

miny

1k * N i

1 2 3
Iterations N

Fig. 7.5 Comparison of worst-case performance guarantees of (CNM) on
Hm, for M = 1. The performance measure is ming_o; N |f'(xx)| and the
initial condition f(xp) — fi < 1. Plotted are the bound from [NP06, Theo-
rem 1], the bound from Theorem 7.7, the exact univariate PEP-based worst-
case bound, which serves as a multivariate lower bound, and an existing
lower bound from [CGT10].

an a priori tight guarantee on this problem, one should derive interpolation
conditions with function values for Ty 4.

Both (NM) and (DNM) have been tightly analyzed for this performance
measure, and for a single iteration, in [Hil21]. However, we use our ap-
proach to analyze the potential tightness of this single-iteration rate, on
several iterations.

Newton’'s method On (NM), the exact single iteration convergence rate
has been derived in [Hil21, Equation (11)].

Proposition 7.7 ([Hil21], Equation (11)). Let f € Sy with M =1, and
pf(xx) < 1. Then, ps(xxq1), where xiy1 is given by (NM), satisfies

pf(xr1) <4 —pp(x)® —44/1— pp(xp)2. (7.63)

Moreover, this bound is tight.

Solving the associated PEP allows identifying a worst-case function at-

| 154



Performance estimation of second-order optimization | 7.4

taining the bound (7.7) for a single iteration, i.e., starting from x; =0,

Bx —log(x — A) ifx<3(A-R)

flx) = (B+ﬁ)x—10g(x+R> if x> 1(A—R),

(7.64)

_ _ p —R2+(—4+2V1-R?)R+5-V1-R? _ R2-142V1-R?
where R =p¢(x;), A=R ( R271+2\/1)7R2 ,and B= W

Worst-case performance for multiple iterations

As for Theorem 7.7 for (CNM), while Theorem 7.7 is tight for a single it-
eration, it can be improved for multiple iterations. Figure 7.6 displays an
analysis of two iterations of (NM) on Sy 4.

—[Hil21], Equation 11
0.8 [{ @ PEP-based exact bound ®
[ J
[ ]

0.6 °
& °
= [}
0.4 .0 B

..
..
0.21 ® i
o*®
T i
0 L L L L

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8
ps(xo)

Fig. 7.6 Comparison of worst-case performance guarantees of two iter-
ations of (NM) on Sy ;. The performance measure pf(x) is plotted as a
function of the initial condition pf(xo). Displayed are the exact PEP-based
bound (blue dots), and the bound of [Hil21, Equation (11)] (pink).

It compares PEP-based results, and the exact single-iteration bound 7.7
from [Hil21, Equation (11)]. The exact performance is better than predicted
by both theoretical bounds, and the region of convergence is larger.

Damped Newton method On (DNM), the exact single iteration conver-
gence rate has also been derived in [Hil21, Equation (11)].

Proposition 7.8 ([Hil21], Equation (11)). Let f € Sp4 with M =1, and a <
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3_
2%, Then, pf(xk+1), where xy 1 is given by (DNM), satisfies

05 (xs1) < psae) — app(xr) + ap g (xe)?. (7.65)
Moreover, this bound is tight.

Again, solving the associated PEP allows identifying a worst-case func-
tion attaining the bound (7.8) for a single iteration, i.e., starting from x; =0,

flx) = ng LI log(R — x) (7.66)

where R = p¢(xg).
Moreover, we show (7.65) is actually tight even for multiple iterations.

r—[ Theorem 7.8 (Convergence of (DNM) on Sy1 1, N > 2) I

3_
Let f € Sy 4+ with M =1. Given N € N, let ay < 2%, k=

0,1,...,N, and let (xy)k—0a,.. N be the iterates of (DNM) with respect
to f and . Then,

05 (Xir1) < pr(xi) — axps (i) + axps(xx)> Vk€ [N —1]. (7.67)

Moreover, this bound is tight.

. J

Proof. The bound follows directly from Proposition 7.7, and (7.66) achieves
this bound. O

7.4.3  Second-order methods on Ty +

Gradient Regularized Newton Method

GNM1 [Doi23], see also [Pol09], is a variant of Newton’s method with the
following explicit iteration

oy f'(xx)
e =X B MIF () (GNMD)

This method, on 7Ty +, achieves a linear rate of convergence [Doi23, Theo-
rem 3.3], and exhibits a quadratic local convergence on quasi-self-concordant
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functions [Doi23, Theorem 4.1]. The proof of this quadratic convergence
relies on the following descent lemma.

Lemma 7.4 ([Doi23], Equation (49)). Let f € Tay 4, 7(x) = M'f,'/((’g', and
(X% )k=0,1,... by given by (GNM1). Then,

7 (x1) <109 (1) 4y ()2 — 17(xp) — 1). (7.68)

Analytically solving the associated PEP allows improving on this de-
scent lemma. Figure 7.7 illustrates the difference between relying on exact
interpolation conditions and necessary conditions when solving a PEP.

(_[ Theorem 7.9 (Descent Lemma for (GNM1) on 7y +)

Let f € Tp+, n(x) = M‘ff,l,((i))‘, and (xy)k—o1,.. by given by (GNM1).
Then,
1(xg)
1(x1) < e ((x) — 1) +1 (7.69)
where 7(x) = M |][,/,((x))|.
. J

Proof. The PEP associated to this problem is

181 80
max —stxi=x0— +—+7—,
S={(x0.80.h0),(x1,.81.h1)} M ho + M| go
Igo! _R (7.70)
ho

S is Tp1,+-interpolable,

Figure 7.7 illustrates the difference in the feasible domains of (7.70), when
Tm +-interpolability of S is enforced via classical conditions defining quasi-
self-concordant functions, i.e., (7.28), or the interpolation conditions from
Corollary 7.4.
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2.2 T

——Feasible region allowed by classical conditions
2r o Optimal point of PEP with classical conditions
——Feasible region allowed by interpolation conditions

18 -

@ Optimal point of PEP with interpolation conditions

16 —

14 B

hy

12~ 3

08 —

0.6 [~ J .

-0.1 0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8

Fig. 7.7 Given (x9,80,h0) = (0,1,1), M =1 and x; = %, admissible re-
gion for (g1,h1) such that {(x;,gi,h;)}i—o1 satisfies (i) classical conditions
(7.28), (black curves), or (ii) interpolation conditions from Corollary 7.4
(red curves). It also shows the points (g1,/1) corresponding to the worst-
case of (GNM1), according to both conditions. Using interpolation con-
ditions instead of necessary conditions significantly restricts the domain
(g1,h71) of the PEP, and the optimal point obtained by solving a PEP with
necessary conditions (black dot) is not consistent with any actual function
of the class.

W.l.o.g., assume xg = 0 and gy = 1, since this problem is invariant under
translation, and scaling of f. The two equality constraints in (7.70) yield
hy = %, and x1 = Wﬁl The interpolation conditions are (see Theorem 7.4)

81— 802 ho]-\l-/llﬂ - % Tohye™ 3 (1=%0)
hy + hy B 3

g0 — 81 > i i hlhoef%(XO*xl)‘

One can check that the optimal solution to (7.70), satisfying these condi-
tions exactly, is

_ Mo —hy + ht
hT:hOe o+, gi‘:go—k%,
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yielding the optimal value
181

Mh{

Mo
=elt(nyg—1)+1,

where UO:MR:M%. O

Figure 7.8 compares this PEP-based bound with [Doi23, Equation (49)].

12

PEP-based‘ bound

|—[Doi23], Equation (49)
—Theorem 7.9

0 0.2 0.4 0.6 0.8 1
(o)

Fig. 7.8 Worst-case performance of one iteration of (GNM1) on Ty 4,

M = 1. The performance measure 7(x1) = M ‘,J:/l’((?k))l
|f' (x0)|

of the initial condition #(xg) = M i) - Ve compare the PEP-based nu-

is plotted as a function

merical solutions (blue dots), the known descent lemma of [Doi23, Equa-
tion (49)] (pink curve), and Theorem 7.9 (blue curve).

Second-order methods on H

Comparison of methods on 7, Second-order methods are usually an-
alyzed on settings specific to the method, i.e., on different function classes,
under different initial conditions, and for different performance measures.
This makes it difficult to compare methods fairly. By contrast, a strength
of the PEP framework is that it allows straightforwardly obtaining conver-
gence rates in any setting, and hence renders such comparisons possible.
As a simple example, Figure 7.9 compares the worst-case performance of
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a single iteration of several second-order methods on H,,, with perfor-
mance measure |f’(x;)| and initial condition |f'(x;)| < 1. Specifically, it
compares Newton’s method (NM), Cubic Newton’s method (CNM), and
Gradient regularized method (GNM1). In this setting, (CNM) achieves the
fastest convergence rate. In addition, (NM) achieves quadratic local con-
vergence for u sufficiently large only, while (CNM) and (NM) converge
independently of .

-o-\NM

CNM
-o-GNM1
0.2 ‘
10°

o
Fig. 7.9 Comparison of worst-case performance of an iteration of differ-
ent second-order methods, i.e., (NM), (CNM), and (GNM1), on H py,, with

u varying and M = 1. The performance measure is |f'(x1)| and the initial
condition |f’(xy)| < 1.

Concluding observations

This chapter took a step forward into tightly analyzing second-order opti-
mization methods, by enabling tight analysis of the univariate setting, via
(i) the derivation of interpolation conditions for a range of second-order
function classes, and (ii) the resolution of the associated non-convex PEP
formulations, either analytically or numerically.

On the downside, the approach suffers mainly from (i) its restriction
to the univariate setting, (ii) the somewhat tedious derivation of interpola-
tion conditions, especially when considering function values, and (iii) the
computational burden of solving the associated PEP formulations, hence
the restriction to the analysis of a very few number of iterations.
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Appendix to Chapter 7

Proof of Theorems 7.4 and 7.5

For the sake of readability, we let Ax;; = xj — x;, Axy; = x — xj, Ahjj =hj —
h;

hi, Ty, = 8j — 8 — hi(x; — x;), and T,-J; = fi— fi = &i(x; = xi) — 3 (xj — %)%,

and use

8 _ 8
Tij = _Tji + Ahiijijr (771)

f— _7f 18 1 2
By Proposition 7.2, Hp; and Hpro are convex and order 2 connectable.
Building on the interpolation conditions for [y, and [ Fpy, given in
Corollaries 7.1 and 7.2, we now show that f Fup and f Fum,o are extremally
interpolable, and provide their extremal interpolants.

Lemma 7.5 (Extremal interpolants of H ). Consider an interval [x1,x;]| and
a Hps-interpolable pair of points S = {(x;, fi, i, hi) }iz12. Then, in [x1,x7], the
expressions of §min ANd gmax as defined in (6.7) are given by:

When Ahlz 75 :tMAXlz,

® [gmin, Case 1] If we consider [ Fpy, orif y; < x1 + hml
81+ hiAxy — %ijzd if x € [x1,y1]
g1+ hAxg =y — x)?
gmil’l(x) - M 2 2 .
+7 (x* —y1) + M(x1 —2y1) (x —y1)  if x € [y1, 2]
g2 + thxxz — %ijzcz ifx S []/2,)(2],
(7.73)
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where

o TS, + 5 Ax%,  Ahp + MAxp
n 2 Ahyp + MAx1p 4M

e T, + 5 Ax%,  Ahp + MAxp
Y2 2 Ahyp + MAx1p 4M ’

® [¢min, Case 2] Else,

g1+ MAxy — %Axﬁl if x € [x1,x1 + hMl}
g1+h1(w1—x1)—%(w1—x1)2 zj‘xe[x1+hM1,w1]
gmin(x) =981+ hy(wy — x7) — %(wl — x1)2 (7.74)
+%(x2—w%) —M(wlx—w%) if x € [wy,wy]
g2+ hoAxyy — %ijzd if x € [wy,x7],
where
hy Q-8 B-n
—x+ 2 2
Wy =X+ M \/ M + W2
_ hy Q-5 W
Wy = X2 + M \/ M + ZMZ .
® [gmax, Case 1] If we consider [ Fy, or if yo > xp — hMZ,
91+ Axy + %Axfd if x € [x1,21]
e () = g1+ hi(z1 —x1) + Yz — x1)?
max - .
—%(x2 — z%) — M(x1 —2z1)(x —z1) ifx € [z1,22]
9+ hpAxp + Y Ax2, if x € [z0,x2],
(7.75)
where

§  MAaL2
T, — 3 Ax7,

B (—Ah1p + MAxy3)

A=t N Mg M
2o = X0 + TY, — 5 Axg, (—Ah1y + MAxy2)
—Ah1p + MAxqp 4M '
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® [¢max, Case 2] Else,
91 +h1Axy + %Axil if x € [x1,01]
81+ hi(o1 — x1) + H (01 — x1)?
§max(¥) = ¢ =5 (x* —0}) + M(x0; —0})  ifx € [01,0)] (7.76)
@+ ha(x—0v)+M(x—0)?2  ifxec[vgx — 2]
§2 +hoAxyo + %Axiz ifx € [xa— hﬁ,xz},
where

o, (s K-k
=N M+\/ M 2M?

h — h% — K?
vz:xl—A/lI+2\/g2Mgl - 22M21'

When Ahu = j:MAX]z :

M M
Smax (%) = gmin(¥) = g1 + M1 Axy £ 7Ax,2d =g +hpAxyp + 7Ax§2.
(7.77)

Proof. Suppose Ahyy # £Ax15, and consider (7.73). For any x € [x1,xp], let

hy — MAX,q ifx € [X1,y1]
Smin(¥) = S Iy + M(x +x1 —2y1)  if x € [y1,y2] (7.78)
hy — MAxy if x € [y2,x2],
Then, Vx € [x1,%2], min (X f g (B)de If x € [xq, 1], thisis straight-
forward, and if x € [y, xp] it follows from:
x M M
| im0t = g1+ (2= 1) = 5 = 31)* + 5 (B3 1)
1

+ M(x1 —2y1) (Y2 —y1) + ha(x — y2)
M
- 7(962 —y3) + Mxz(x — y)

M
=0 + thxxz — 7AX§2 — Tlgz — Ah12(y2 — XZ)
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Ax 2
-M ((yz —Xx2)Ax1p + T — (2 —v1) )

2

M Ax
=g+ hoAxyy — 7Ax,262 — (sz + MTH)

Ahyy + MAx1p

— (Ah12 + MAx12) (y2 — x2) + Vi

M
- g2 + hZAxx2 — 7Ax§2

We first observe that ¢min (¥) interpolates S since

Smin(X1) = 81, &min(X2) = &2, &imin (X1) = h1 and gpin (x2) = ha.

In addition, gmin € f Fum, since gﬁnin € Fm. Indeed, (i) g.in € CY and is
piecewise C!, and (ii) it is a linear function by part, of slope M. Inclusion
in F) follows from order 0-connectability of Fy,.

It remains to show that gmin(x) and g/, (x) are the minimal g and as-
sociated h satisfying (7.21) with respect to S, which completes the proof. To
this end, consider the following optimization problem: gmin(x) =

min g
gh
1 M 1 .
s.t. gl_g> m(h—]’ll)z— ZAx’%i_ *(h—f‘hi)AXxi, 121,2 (‘Z/ll)
1 M
g_gi>m(hi_h) _ZAx i+ 5 (h +h)Axx1/l*12 ()\i)
(7.79)
where y;, A; are the associated dual variables. We consider its KKT condi-

tions.

Stat. cond. in g: 1+ Z(,ui —A))=0

Stat. cond. in k: Z ‘ul (h hi) — ;Axxi)
1 1
il (= hi) + 58%:)) =0
Dual feas.: Hi,Ai =0
, 1 , M., 1 .
Primal feas.: g, —g> m(h —hij)* — ZAxxi - E(h +hi)Axy;, i=1,2

(7.80)
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§ =812 g — b — A+ 2 (b4 By, =12
(7.81)
My ]
Slackness: wi(gi—g— (4M (h—h; ) 1 —Axy — *(h +hi)Axyi)) =0
1 M

Let x € [x1,1]. Then, setting all dual coefficients zeros except for A =1,
h=hy — MAx,1 and § = g1 + I Axyq — %Axil is a valid solution. Indeed,
all conditions follow directly from the definition of ¢ and h, except for
(7.80), i =2, which becomes equivalent to (7.21) and is thus satisfied by
assumption on S, and (7.81), i = 2, which becomes:

3M M M AW2, Al
sz Axx1 Axxz 5 —Ax 1A%y + 41\22 + — > (2x —x1 —x2) <0
AW2,  3MAX3,  AhppAx
g 12 12 128X12
S Axy (Ahu + MAX]z) le — M — n — 5

@Xéyl.

Let x € [y2,x2]. Then, setting all dual coefficients zeros except for A =1,
h=hy — MAxy, and g = g2+ haAxyp — %Axiz is a valid solution. Again, all
conditions follow directly from the definition of g and h, except for (7.80),
i = 1, which becomes equivalent to (7.21) as applied to the pair (j,7) and is
thus satisfied by assumption on S, and (7.81), i = 1, which becomes:

3M M M AW, Ah X 3x

TS, — == Ax3) + —Axy + —-AxyA Ay 12 TE- T

12 4 x2 4 Xx1 > Xy1QXy2 — M + —= 5 ( + 5 5 )
Ah?2,  MAx?,  AhjpAx

& Axyo(Ahp + MAxpp) > —T5, + 4]\22 - 12 122 12

Sx > Y.
Else, setting 11 = u> =0,

)\2_ 2M(x—y1) > 0,
Ah1y + MAX12 x>y,(7.30)

M=1—-Ay > 17—2M(y2_y1) =
Xg/yz Ahyy + MAX15 Def. of y,

h=hy + M(x+x1 —2y1)
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and

M M 1
=91+ Z(x +x1 — 2y1)2 — ZAxchl + §<2hl —|—M(x +x1— Zyl))Axxl

M M
=81+ mdxa = — (1 —01)* + 5 (2 = y}) + M(x1 = 2y1) (x — 1),
is a valid solution. Indeed, all conditions follow directly from the definition
of g, h, Ap and Ay except for (7.80), i = 1,2, which become equivalent to
(7.30) and are thus satisfied by assumption on S.

Suppose now Ahyy = —MAx1, which implies sz = —%Ax%z since (7.21)
applied to both pairs becomes:

M

8 2
le 2 - 7 Axlz

M M M
8 2 8 2 2
Tji 2 77Ax12 (7%?6) le < Ah12Ax12 + 7AX12 = 77Ax12.
In this case, let g/ . (x) = hy — MAxy; = hy — MAxy,. Clearly, g/ . (x) is
the first derivative of gmin(¥), and this function interpolates S. Moreover,
inthiscase, yjo =u1 =A1 =0,A0 =1,

M M
§=81+MmAxy — 7Ax)2d . o g2+ hpAxyy — 7Ax32c2

§__ M
2 =787 2

h= ]/ll — MAXxl = hz — MAxxz.

are always a solution satisfying the KKT conditions associated with Prob-
lem (7.79). Indeed, all conditions follow directly from these two definitions
of g and h.

The computation of gmin (case 2) and gmax(x) (cases 1 and 2) follow the
same argument, except with the associated derivatives

Iy — MAxy if x € [x7,21 + 1]
0 if x € [x; + hﬁl,wl]
M(x —wy) if x € [wy,ws)]
hy — MAx,y  if x € [wy, x7],

g;nin(x) =
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h1 + MAxy if x € [x1,2]
Gmax(X) = hy — M(x + x1 —2z1) if x € [z1,22]
hy + MAxyp if x € [ZQ,XZ].

h1 + MAx,q if x € [x1, V1]
hi — M(x —vy) if x € [v1,07]
0 if x € [vp,x7 — —]
hy + MAxy ifxex,— M,xz]

g;nax(x) =

7

where, when considering f FM,++ Smin (T€SP. gmax) is set to 0 when becom-
ing non-positive. ]

Building on Lemma 7.5, we proceed to the proof of Theorem 7.4. In-
deed, in Proposition 7.9, we prove necessity and sufficiency of (7.30), (7.31),
(7.35) and (7.21) to H p-interpolability of a set S = {(x;,8i, i, fi) }i=12. By
Lemma 7.2, these conditions are equivalent to the conditions of Theorem
7.4. And, by Lemma 6.5, these interpolation conditions hold for any set
S = {(xi, fi,gi,hi) }ie|n)- Therefore, Proposition 7.9 concludes the proof of
Theorem 7.4. The proof of Theorem 7.5 follows the same lines, except that
it handles the different cases of extremal interpolants derived in Lemma
7.5

Proposition 7.9. A set S = {(x;,8i,hi, fi) }i=12 is Ha-interpolable if and only
if,Vi,j=1,2,
1) IfAhl] + M|AX1]| 75 0, then

|AR;i| <M|Ax;il, (7.82)

2
(T§+ %AxiﬂAxi]’D (Ahi]'+M|AXi]'|)3

, (7.83
2 (Ahij + M|Axij|) " 96 M?2 ( )

M
T,J; Z - g’Axij‘S +

2
8 _ MAx.| Ay 3
M|Ax“|3 B (Tl] p) Ax1]|sz]|) _ (M|Axl]| — Ahz]> (7.84)
" 2 (M|Ax;i| — Ahyj) 96 M2 ’ '
M 1
IS 2
Ti> -~ = DX+ — i (Ahj; + MAx;;)?, (7.85)
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2) IfAhl] + M|Axl]| =0, then

M
Tg =F— Ax,]|Axl]| (7.86)

Tf e |Ax1]|3 (7.87)

Proof. Suppose x1 < xp. By Lemma 6.1, it holds that S is Fjs-interpolable
if and only if it satisfies |h; — h;| < M|x; — x;| (Proposition 7.1), (7.85) and

X2 X2
/ gmin(x)dx <f2 _fl < / gmax(x)dx/ (7.88)
X1 X1

where gmin and gmax are given in Lemma 7.5.
Consider first the case Ahjy # +£M|Axq;|. Integration of extremal inter-
polants gives:

s M, n (TS + ¥ Aaxd)? | (Ahyp + MAxp)? (7.89)
2= ¢ 12 (Ah12 + MAxlz) 96 M2 ’
M (Tg - MAX ) (MAxlz - Ah12)3
Tf < —A 3 12 2 12 _ 7.90
2N g 22 T 2 MAXy, — Alpy) 96 M2 (7.90)

Suppose now x; < x1. Then, taking Lemma 7.5 with x; and x; inverted
and following the same argument as in the case x; < x2, we obtain the
following inequalities to be satisfied:

M (TS, + ¥ Ax3))* | (Ahyy + MAxy)?

> A3 791
217 g BN 3R T Maxy) 96 M2 7.91)
Tf < MA + (Tg MAX%I)Z (Ah21 — MAX21)3 (7 92)
26 > 2(Ahy; — MAxy) 96 M2 ‘
By (7.71) and (7.72), Condition (7.91) becomes:
Ahyp + MAx1p)3
(=T, + AhppAxyp + Y Ax3,)?
—2(Ahya + MAx1p)
1 M (T§, + 3 Ax3,)?
_Tf TgA — ZAh A2>7A3_ 12 2 12
< 12 * 1297412 2 128412 2 6 12 Z(Ahu +MAX12)
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1
+ TS, Ax1p — 5Ahqu%z

 (Ahip + MAxyp)®
96 M2
M (T + FAx5)* | (Ahip + MAxpp)?
o1/ < —Ax3 127" 25 203
12 6 Xip + Z(Ah12 n MAxlz) SEi ( )
Similarly, (7.92) becomes:
f g 1 ” M, 5 (Ahyp — MAxg,)?
,le + leAX12 - EAhlZAxu < —ZAxlz _ AT
(=T, + AhipAxiy — H Ax,))?
_2(Ah12 - MAX12)
M (Tg — MAa,2 )2 (Ahyp — MAX12)3
a7/ > A8 12 22412 204
122 A + 2(Ahyy — Mbxyy) + Ve (7.94)

Conditions (7.89) and (7.94) are equivalent to a single constraint, indepen-
dently of the sign of Axjy:

S M 2
(le + 7Ax12\Ax12|) (Ah1a + M|Axp))
2 (Ahlz + M|AX12D 96 M2

M
T{z > —Z|Ax12|3 +

Similarly, Conditions (7.90) and (7.93) can be expressed as:

g _ M 2
f M 3 <T12 - TAX12|AX12|) (M|AX12| — Ah12)3
T12 < 7|Ax12| - -
6 2(M|AX12‘ — A]’llz) 96 M?2

We have obtained interpolation conditions to be satisfied by the pair (1,2)
for S to be H -interpolable. Extending the argument to the pair (2,1) al-
lows concluding that a #H ps-interpolable set S = {(x;,g;, i, fi) }i—12 neces-
sarily satisfies, for all i,j = 1,2, Conditions (7.83) and (7.84).

Suppose now x, > x7 and Ahyp = £MAxy, T§, = £ 3 Ax2,. Then,

X2 M
fo—fA= / gmin(x)dx P T{z =4+ G Ax‘;’z (7.95)
X1

Finally, suppose x1 < xp and Ahyp = £MAx1; & Ahy = £MAxy, im-
plying T, = ¥4 Ax2,. By Lemma 7.5 applied to the pair (2,1), it holds
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that

M 3
TS, = +—Ax

= T/, = A%, (7.96)

1 e
(7.36),(7.37)

Combining (7.95) and (7.96), it holds that Vi,j = 1,2 if Ah;; = £M|Ax;j],

then necessarily TZ.? = :t% \Axij|3 (and Té = :I:%Axijmxiﬂ) for S to be H -
interpolable. [
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PART Il
Interpolation conditions for
stochastic first-order
optimization



Computer-aided analysis of
stochastic first-order
methods

This chapter results from a collaboration with Sébastien Colla, and benefited from
fruitful discussions with Balasz Gerencsér.

His chapter proposes an extension of the PEP framework, initially

introduced to analyze deterministic methods, to the analysis of first-

order stochastic methods. That is, we consider, to solve uncon-
strained minimization problems

min f(x),
x€ER?

where f : R? — R is a convex function, stochastic first-order black-box op-
timization methods, which rely on evaluations of f and noisy evaluations
of its gradient to iteratively minimize f. Such methods include, e.g., the
stochastic gradient method (SGD) whose iteration is given by

X1 = X — A (8k + €x), &k € Of (xx) (SGD)

where ¢ is a zero-mean random variable, and independent across queries.
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Our goal, given a stochastic first-order method M, a function class F,
and a noise model for €, with prescribed expectation and variance, is to
obtain a worst-case guarantee on the expected performance of M on F.
That is, a guarantee valid for all functions in F and all distributions of ¢
satisfying the noise model. In particular, we say the bound is tight when
attained by explicit functions and noise distributions within the considered
classes. This chapter presents a computer-aided framework that computes
a range of such worst-case guarantees, whose tightness depends on the
complexity of the corresponding formulation.

The chapter is organized as follows. Section 8.1 motivates the analysis
of stochastic first-order methods, reviews computer-aided advances in this
area, and outlines the proposed framework. Section 8.2 briefly presents
some PEP tools on which the framework builds. Section 8.3 then intro-
duces the problem classes covered by the framework and the framework
itself. Finally, Section 8.4 applies the framework to analyze the stochas-
tic gradient method (SGD) on the class F, | of smooth (strongly) con-
vex functions, under various noise models—including additive bounded
noise, finite-sum settings with or without variance reduction, and block-
coordinate schemes. This illustrates, both analytically and numerically,
how the framework aligns with and complements the existing literature
on stochastic first-order methods.

Notation Given k € IN, we denote by ey the k" unit vector. We let D? :=
{M € R¥*4| M diagonal}. In addition, given M € R%*¢, we let |M| =
maX, cRrd: |x||=1 || Mx||.

Given N random variables ¢, ..., ey_1, we denote by ¢ the random vari-
able that aggregates all ¢, s, whose distribution depends on those of ;" s,
ie. e=[eo,...,eN—1]. We denote by E[-] the expectation with respect to the
randomness of the method under analysis, that is, the expectation taken
over the joint distribution of all random variables involved in the method.
We let { Ay }r—01,. n be the filtration of available information at iteration k,
see, e.g., [Durl9].

Motivation

Stochastic first-order methods, as opposed to exact first-order methods, i.e.,
gx =0, Vk, naturally arise in a wide range of contexts where one has access
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to (or prefers to compute), e.g., an unbiased estimator of the gradient of f
rather than the gradient itself. Depending on these contexts, the distribu-
tion of ¢ satisfies different assumptions.

Additive noise on deterministic gradients The simplest setting arises
when minimizing a deterministic function whose gradient evaluations are
corrupted by additional zero-mean stochastic noise. This noise can be ei-
ther relative, with variance depending on the gradient norm (Ee, [||ex]|?] <
2|V f(xi)|?, Vk) or absolute, with variance independent of the gradient
norm (Ee [ |2] < 02, Vk).

Such noise may arise in practice from simulation or measurement-based
functions involving inherent randomness or error, or from intentional per-
turbations used to ensure data privacy, as in differentially private algo-
rithms, see, e.g., [BST14].

Stochastic optimization problems Another example is the minimization
of a expected value, i.e.,

f(x) =Eguplfe(x)], (8.1)

where samples ¢ ~ D are available, but the distribution D itself is un-
known. In such cases, gradients of f are unavailable, contrary to gradients
of fz, which provide an unbiased estimator of V f. Hence, methods rely on
noisy unbiased evaluations V fz(xx) = V f(x¢) + &.

Stochastic optimization problems are particularly relevant in statistical
supervised learning. Indeed, letting D be the unknown distribution link-
ing inputs and outputs, ¢ be an input-output sample drawn from D, x a
prediction model, and fz(x) the loss incurred by x on ¢, minimizing f cor-
responds to minimizing the expected risk or loss of x; see, e.g., [BCN18,
Section 3.1].

Finite-sum minimization One of the most studied categories of problems

relying on stochastic optimization consists in the minimization of a large
sum of functions, i.e.,

Fx) = Y fi), 52
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where n is large and f;’s are differentiable convex functions. In contrast
with the first two examples, exact computation of V£ is possible in this
case, but is computationally expensive. On the other hand, choosing uni-
formly at random an index i € {1,2,...,n}, furnishes V f;(x), an unbiaised
estimator of V f(x), whose computation is approximately n times cheaper
than the one of Vf(x). As shown, e.g., in [BB07], it can therefore be advan-
tageous to minimize (8.2) using stochastic methods that rely on V f;(xy) =
Vf(xy) + €, instead of V f(xy). Alternative ways to construct estimators
of Vf in this setting, leading to different assumptions on ¢, are discussed
in Section 8.1.1.

Such minimization problems typically arise as approximations of (8.1)
using n independent samples of {, and are then referred to as empirical risk
minimization (ERM) or sample average approximation (SAA) problems;
see, e.g., [BCN18, Section 3.1].

Randomized block-coordinate descent methods Finally, another exam-
ple consists in minimizing large-dimensional differentiable functions that
exhibit component-wise structure. In this setting, it is again possible to
compute the exact gradient, but it is computationally advantageous to eval-
uate the gradient only along a single or a block of coordinates, chosen uni-
formly at random. In this case, methods sample dV, f (xi)e; = V f(x) + ¢,
where e; is the i-th unit vector, d is the dimension of x, V;f(xy) is the i
component of Vf(x;), and Eg, [ex] = 0. Such methods are known as ran-
domized coordinate descent (RCD) methods, and can be generalized to gradi-
ent estimators along blocks of coordinates; see, e.g., [Nes12, BT13].

Related works

Stochastic first-order methods First-order stochastic methods, first con-
ceptualized in [RM51], are the subject of extensive research, particularly
given their applications in machine learning and large-scale optimization
problems, see, e.g., [Bor08, BCN18, GG23, GLQ 19, Net19] and references
therein. Analyses depend on (i) the method, (ii) the function class consid-
ered, and (iii) the noise model, that is, at minima, its variance and expec-
tation, and, in some structural settings as the finite sum and the block-
coordinate settings, additional information on its distribution. We pro-
vide a non-exhaustive summary of existing convergence rates for stochas-
tic first-order methods on convex and strongly convex functions, under dif-
ferent noise settings. These rates should be compared to the deterministic

| 175



Motivation | 8.1

case (¢x = 0), in which the simplest method (GD) achieves, with constant
stepsizes, rates of O(1/k) in terms of the function value gap on convex
functions, with k the number of iterations, and linear convergence in terms
of the distance to the minimizer, on strongly convex smooth functions, see,
e.g., [Nesl18].

A widely analyzed model, though restrictive in its applications, is the
additive bounded noise model (E[||e||?] < ¢?), see, e.g., [Nem94, NY83,
NJLS09]. Under this model, methods ranging from SGD, with or without
iterates averaging [P]92, Rup88], to methods involving momentum [Xia09,
GL12, CDO18, CHVSL18, DGN13] have been designed and analyzed on
smooth convex functions. In this setting, (SGD), with iterates averaging in
the convex case, yields, with decreasing stepsizes, O(1/v/k) and O(1/k)
rates for convex and strongly convex functions. In addition, (SGD) with
small constant stepsizes converges to a neighborhood depending on ¢?, at
optimal O(1/k) and linear rates, see, e.g., [MB11, RSS11, Sti19].

Stochastic first-order methods have also been extensively analyzed in
the finite-sum setting f = 1 ¥, f;. Analyses depend on the properties of the
fi’s, and on the way an estimator of Vf(xy) is constructed at each itera-
tion. Classical assumptions include convexity and L;-smoothness of each
fi, and bounded variance at the optimum, i.e., E[||V fi(x,)|?] = 02 < +o0,
where x, is a minimizer of f. Under these assumptions, (SGD) where gra-
dient estimators sample V f;(xy) uniformly (or via importance sampling)
has been extensively analyzed [BCN18, GLQ'19, MB11, NSW14, SGD21,
VBS19, ZZ15]. As for the bounded additive noise model, (SGD) with de-
creasing stepsizes yield O(1/vk) and O(1/k) rates for convex (with it-
erates averaging) and strongly convex functions, see, e.g., [GG23, Theo-
rem 5.7, Corollary 5.9]. In addition, small constant stepsizes yield opti-
mal O(1/k) and linear rates to a neighborhood depending on ¢?, see, e.g.,
[GG23, Theorems 5.6, 5.8]. In particular, when 02=0 (e.g., in the finite-sum
setting for overparameterized models, see, e.g., [MBB18, VBS519]), (SGD)
with constant stepsizes achieves optimal O(1/k) and linear rates, as in the
deterministic setting. In addition, if estimators of V f(xy) are built using
variance-reduction techniques [DBL]14, GSBR20, NLST17, RSB12, SLRB17,
JZ13, SSZ13, XZ14], i.e., so that the variance of the noise on V f(x;) natu-
rally decreases iteratively, mitigating the effect of 02, then (SGD) achieves
linear convergence on strongly convex functions. Examples include SAGA
[DBLJ14] and SVRG [JZ13, XZ14]. In addition to (SGD), accelerated meth-
ods, see, e.g., [AZ18, LMH15, VBS19, ZDS*19], and proximal point meth-
ods [TASV24] have also been analyzed in this setting.
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Further, stochastic first-order methods have been analyzed under weak
and strong growth conditions. Respectively, Eg, [||ex]|?] < A(f(xx) — f(xx))
[VBS19, FR15], and Eg,[||ex]|?] < B||Vf(xk)||* [SR13], where x, is a mini-
mizer of f, (Xx)k—o1, . are the iterates of the method, and A,B > 0. These
conditions yield optimal rates for (SGD) on convex and strongly convex
functions. Those same convergence rates have been proven in the block-
coordinate setting, see, e.g., [BT13, Nes12, Wril5].

Finally, beyond smooth convex optimization, stochastic proximal meth-
ods have also been designed and analyzed on non-smooth functions, see,
e.g., [DS09, RVV20], and stochastic first-order methods on non-convex func-
tions have been, more recently, investigated under several assumptions,
see, e.g., [AD19, DDG"22, DD19, DG19, DS20, GL13, KR20]. In particu-
lar, [GL13] showed, for (SGD) on L-smooth functions, an O(k%) conver-
gence rate to stationary points, under the additive bounded noise model;
[DS20] provided matching lower bounds in this setting, and [DD19, DG19]
showed similar rate of convergence on weakly convex functions.

Unified analysis of stochastic first-order methods Ashighlighted in, e.g.,
[GHR20, TASV24, Sti19], analyses of first-order methods across many set-
tings can be unified by analyzing problem classes encoding (i) the method,
(ii) the function class considered, and (iii) the expectation and variance of
the noise ;. Such analyses yield convergence rates valid for all distribu-
tions satisfying the noise model. In particular, [GHR20, Assumption 4.1]
introduces the class of noise models for which there exist non-negative con-
stants A1, A,C,D1,D;,0 € R and a possibly random sequence ((7,%) such
that

Eleg|x] =0,
E[[lexl*xe] < A1(f(xk) — f(x0) = IVf(xi) >+ Cof + D1, (83)
E[07,1]x¢] < (1= p)og + Az (f(xi) — f(x4)) + Dy,

where x, is a minimizer of f and (xy)—¢ 1. are the iterates of the method.
On smooth strongly convex functions, Assumption (8.3) suffices for lin-
ear convergence of (SGD) to a neighborhood depending on C;, C; [GHR20,
Theorem 4.1], and this assumption is satisfied by most settings mentioned
above, see [GHR20, Table 2].

For instance, the finite-sum setting, where each f; is convex and L;-
smooth, and gradient estimators uniformly sample V f;(xy), satisfies (8.3)

with A = 4max; L; and B = 2072; see, e.g., [GG23, Lemma 4.20]. Similarly,
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the additive bounded noise model on L-smooth functions satisfies (8.3)
with A = 2L and B = ¢2; see, e.g., [Stil9, Example 2]. These shared param-
eters explain the similarity in convergence rates across these noise models.
Likewise, the strong growth condition, the additive relative noise model,
and the block-coordinate setting can all be captured as a single noise model
under this unified noise framework, as they share the same expectation
and variance.

Computer-aided analysis of stochastic first-order methods As discussed
in Chapter 3, computer-aided analyses were, at first, introduced in deter-
ministic setting, but there exist extensions to the stochastic setting that we
quickly summarize.

First, computer-aided analyses naturally extend to the analysis of in-
exact methods, where gradient errors are deterministic perturbations, as
in [d’A08, DGN13, DGN14], see, e.g., [DKGT20, BTB22, Gan22, HSL21,
THG17a, VG24, VG25a, VG25b] for PEP analyses of inexact methods. We
refer to this approach as the worst-scenario approach. Indeed, conducting
such analyses on settings in which perturbations are, in fact, stochastic
rather than deterministic, yields convergence rates that hold for the worst
realization of the noisy perturbations, rather than in expectation. Such
rates are thus pessimistic in these settings.

Second, when the noise takes values in a finite set of cardinality #,
e.g., in the finite-sum and the block-coordinate settings, stochastic meth-
ods can be analyzed exactly by enumerating all scenarios and considering
the average-case performance, see, e.g., [TB19] for an introduction to the
all-scenarios approach, [KHG23] for block-coordinate methods, [HSR17,
CKPG25] for the finite-sum setting. We refer to this approach by the all-
scenarios approach. The resulting numerical convergence rates are tight,
and the associated closed-form analytical rates may remain valid for dis-
tributions with infinite-dimensional supports, as showcased, e.g., in [TB19,
Appendix E]. On the downside, the size of the associated SDPs grows like
nN, limiting the scalability of this approach and restricting its use to the
analysis of a small number of iterations only. Moreover, when rates de-
pend on the support cardinality n, extracting closed-form expressions re-
quires solving a sequence of increasingly large problems, whose solutions
hopefully provide intuition for the analytical expression.

Then, [VSL21] studied the additive bounded noise model by (i) theoret-
ically linking deterministic SDP solutions to robustness and convergence
guarantees (see, e.g., [VSL21, Theorems 5.3, 6.2]), and (ii) leveraging these
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SDPs to analyze or design methods.

Finally, [AdKZ23b] analyzed the RCD by incorporating expectations of
stochastic quantities, e.g., E[f(xx)], E[||xx]|?], or E[||ex||?], directly as vari-
ables in the associated SDPs, under necessary constraints meant to ensure
the variables are indeed expectations. See also [DT14, Appendix B] for
early introduction of this same idea, under the additive bounded noise
model.

Introduction to the proposed framework

Inspired by the idea of [AdKZ23b, DS20] to embed expectations of stochas-
tic quantities as variables to PEP formulations, and by the unified approach
to stochastic performance analysis proposed, e.g., in [GHR20], we present
a PEP-based approach for analyzing all stochastic zero-mean noises, and
such that, for some constants A1, B;,Cy,Eq, A2,B2,Ca,D2,p € R, and a pos-
sibly random sequence ((Tlf) k=01, N—1,it holds

E[[lex|[Ax] < A1 (f(xe) = £(x)) + Ballgell* + Cillxk — x4 ]|* + D1 + Exo,
(8.4)

E[07, 1 Ar] < Ao (f(xk) — f(xx)) + BallglI* + Callxx — x.||* + D2
+(1—p)o?,

where (Xy)k—0,1,...n is the sequence of iterates of a first-order method, g €
df(xx), X« is a minimizer of f, and Ay := o (xo,..., Xk, €, -- .,sk_l,ag,. . .,(7,3)
is the o-algebra of available information up to iteration k. This model in-
cludes, as special cases, all classical noise assumptions presented in Section
8.1.1.

More precisely, we propose a framework, fitting the PEP methodology,
for automated analysis of first-order stochastic methods with fixed step-
sizes across a wide range of function classes (specified in Assumption 8.1),
under all zero-mean noise models satisfying (8.4) (Section 8.3). Given N a
number of iterations, a method, a function class, and a noise model (expec-
tation and variance), we propose a spectrum of SDPs of increasingly large
size, ranging from a size o« N (Section 8.3.2) to a size « 2N (Section 8.3.5),
whose solutions provide increasingly stronger convergence rates on the
problem. In particular, the SDP of size o 2N yields tight performance guar-
antees, i.e., that are attained by a specific function and noise distribution.
On the other side of the spectrum, the SDP of size « N yields guarantees
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that often happen to be, numerically, already tight (Section 8.4).

By construction, on structural noise models, e.g., on the finite-sum or the
block-coordinate settings, the all-scenarios approach introduced in [TB19],
which uses this structural information on the noise’s distribution, yields
stronger convergence rates than our framework. However, (i) these rates
are valid for a smaller class of problems, preventing a unified analysis
across different settings, (ii) the all-scenarios approach is restricted to finite-
support noises, and can only improve on our framework on models for
which information on the noise distribution is available, and (iii) this ap-
proach is mainly restricted, due to scalability issues, to the analysis of a
small number of iterations, for instance via potential functions. By con-
trast, while the tightness of the proposed framework depends on solving
exponentially large SDPs, as in the all-scenarios approach, it allows to trade
off tightness for scalability, by solving an SDP relaxation of smaller size.
Hence, in some cases of sublinear convergence, our framework, by solv-
ing small-sized relaxations on a large number of iterations, improves on
the all-scenarios approach, given the conservatism introduced by guess-
ing the potential function’s structure. In addition, while also untractable
for a large number of iterations, the tight formulation of our framework is
still computationally cheaper than the all-scenarios approach, as it grows
with 2V (as compared to n", with n > 2 the cardinality of the support), and
possesses a strongly symmetric structure.

Preliminaries: computer-aided analysis of inexact methods.

The PEP framework introduced in Chapter 3 for the analysis of determin-
istic methods can be straightforwardly extended to the analysis of inexact
methods, i.e., e and ¢? as introduced in (8.4) are deterministic perturbations
rather than random variables. Indeed, in this context, one seeks worst-case
performance guarantees that hold not only for all functions in a given func-
tion class, and all starting points satisfying a given initial condition, but
also for the worst possible perturbation satisfying given assumptions. To
obtain a tight guarantee, it thus suffices to let, in the PEP formulation, these
perturbations as variables, in addition to the set S = {(x;, fi,8i) }i=01,. N«
that encodes the iterates of the method analyzed and evaluations of the
function and (sub)gradient at these iterates.

As in the deterministic setting, the resulting PEP formulations will be
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SDPs, provided that the algorithm, the function class, the performance cri-
terion, the initial conditions, and the assumptions on the perturbations,
are Gram-representable, in a slightly more general way than introduced
in Definition 3.1. That is, these quantities should be expressed as linear
functions in (i) the function values and (ii) the scalar products between it-
erates, (sub)gradients, and additive perturbations, that include € and o2, as
in (8.4).

Definition 8.1 (Gram-representable expression). Let N € IN, and finite sets
S ={(xi, fi:&) }i=01,..nx C (RY x R X RY)NT2, and V = {(¢,07) }i=01,...,N—1
€ (R? x R)N. An algebraic expression p involving the elements of SU V
is said to be Gram-representable if it can be written using a finite num-
ber of functions, linear in the f;’s and 0]2, and scalar products in x;, 8is€j,
i=01,...,N,%j=0,1,...,N —1, that is,

(8i:8j), (xi,xj), (&i,xj), foralli,j=0,1,...,N,x,
(gl-,sj), (xi,s]->, foralli=0,1,...,N,*, j=0,1,...,N—1, and
<£i,sj>, foralli,j=0,1,...,N —1.

Given a Gram-representable expression p, we say a pair (F,G) € R?N*2 x
G3N+4 gatisfies p, if it is the Gram representation

F:= [f*r fO/”‘/fN/ 0'(%/---10-]2\]_1]Tr (85)

— T - T
G:=PP ’ P:= [x*/ X0+ XN, 8xs gOI--'IgNIEOr"'reN—l]

7

of a set SU V satisfying p. This definition of a Gram representation slightly
differs from that of Chapter 3, since it includes ¢, (7]%, k=0,1,...,N—1,but
also since it explicitly contains all iterates of the method, as well as x, and
g« One could, as in Chapter 3, only keep x( and access all other iterates as
linear combinations of the entries of G. However, for the exposition of the
framework to be clearer, we first keep all variables explicit. The implicit
Gram-representation, used in practice, is detailed in Appendix 8.A. To ac-
cess elements of G and F, given e; the ith-unit vector, we define selection
vectors

* x, =e; E RN and x; = e e RN k=0,1,...,N, g, =en 3 €
R3N+4

* g, =eNi3 € R3N+4 and 8k =eNi4ik € R3N+4 k=0,1,...,N,

_ 3N+4
* Vi =eni50k € ROV,
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o f, =e; € R°N*2, and f; = eryp € R2N*2, k=0,1,...,N and s; =
ens3 €RPN*2 k=0,1,...,N - 1.

These vectors allow accessing all f;’s and a].z's (i=0,1,...,N,%,j=0,1,...,N—
1) in F, and scalar products of xi,8is€j's (i=0,1,...,N, % j=0,1,...,N—1)
in G. Then, for instance, given k =0,1,...,N — 1, we say (F,G) satisfies
llex||> < 0% if v Gvi < 02

For further comparison with our framework, we present an instance of
PEP formulation of an inexact first-order method.

’_[ Example 8.1: Inexact GD under bounded perturbation |

Consider a single iteration of the inexact gradient descent on the class
Fo,. of L-smooth convex functions, under additive deterministic per-
turbation of bounded norm |o|. Let the performance measure be
f(x1) — f(x4), and the initial condition be ||xg — x||> < 1. The ex-
act worst-case guarantee on this problem is the solution to

— t. —x]*<1 8.6
deernj?gfolbf(xl) fxe) st [lxo — x| (8.6)

X0, %< ERY,
€0 R4

X =x0 — «(Vf(x0) + &),
Vf(x) =0, [leoll* <o,

or equivalently, to

max F' (f; —f,) (8.7)
FERS,
Gest

s.t.(xo — %) G(xp — xx) <1
1 ..
FU(f;— ) >g/ G(xj —x;) + o7 (8~ g)  G(gi—gj), Vi,j€{0,1,%}
(X1 — Xp + ngo)TG(X1 — Xg + Oég()) =0

g Gg, =0, vj Gvo = o>

- J

The second constraint, in (8.7), ensures (F,G) to be Fy -interpolable,
i.e., as stated in Proposition 2.1,

1
fizfi+ <gi/xj—xi>+i||gi—gj||2- (8.8)
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We are now ready to present our framework for computer-aided analy-
sis of stochastic optimization methods, whose simplest formulation will be
closely related to PEP formulations for the analysis of inexact methods.

8.3 Framework for automated analysis of stochastic methods

This section presents a framework for computer-aided analysis of stochas-
tic first-order methods; via the introduction of expected values as vari-
ables to PEP formulations. We first define a few problem classes on which
the framework applies, before presenting a spectrum of SDP formulations
whose solutions provide convergence rates on these problems.

8.3.1 Problem definition

Given N € IN, we analyze N iterations of a method M on a function class
F, under stochastic noise drawn from an element of a class of distributions
Qp. Performance of M is evaluated through a measure P, under an initial
condition Cjpnit. We impose a number of assumptions on these objects.

Assumption 8.1. Let N € IN, a method M, a function class F, a class
of distributions Qn (A1, A2, By, B2,C1,Ca, D1, Dy, Eq,p), a performance mea-
sure P, and an initial condition Cjn;. We assume the following.

e Method M [THG17a, Definition 2.11]. We consider stochastic fixed-
step linear first-order methods (FSLFOM), whose k' iteration on a
function f is given by

k
Xer1 = X0+ Y o j(8j + ), (M)
j=0

where g; € 9f(x;), ¢; is a random variable, and all coefficients a; ; are
predetermined.

Denote by S = {(xj,f(x]-),g]-)}j:0,1,,_.,N,* the iterates (xj)j:O,l,...,N of
M, and a minimizer x, of f, with associated function and (sub)gradient
values.

e Distribution class Qy(P). Let P = Ay, Ay, By,B,C1,Co, D1, Dy, Eq, p.
We consider classes of distributions Qx(P) such that any random
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variable (¢,02) = {(¢;,0%)}i—01,..n—1 drawn from a distribution in
Qn (P) satisfies

(i) Ele]Ax] =0, Vk = 0,1,...,N, where Ay = o(xo,..., X,
80,...,8](_1,0'3,...,0']3) is the filtration of available information at it-
eration k.

(ii) (e,0?) satisfies (8.4) w.r.t. S, with parameters P.

¢ Function class F [THG17a, Definition 2.2]. We consider function
classes whose interpolation conditions, see Definition 2.6, are Gram-
representable on realizations of S (Definition 8.1).

¢ Performance measure P, and initial condition C;,;; [THG17a, Def-
initions 2.3,2.4]. We consider performance measures and initial con-
ditions that are Gram-representable on S (Definition 8.1).

In what follows, we remove dependence of () in P, to lighten notation.
By an abuse of notation, we denote by (g,6?) € Qy any pair of random
variables drawn from a distribution in (), whatever this specific distribu-
tion is. Observe that Assumption 8.1 allows the noise to follow different
distributions from query to query, i.e., g's distribution may differ from
that of ¢;, when I # k.

The proposed framework adapts to more general settings than those
satisfying Assumption 8.1, e.g., there could be more randomness than sim-
ply noisy (sub)gradient evaluations, or one could consider, e.g., adaptive
stepsize by modifying the filtration .4;. However, Assumption 8.1 sim-
plifies the exposition of the framework, and already encompasses a broad
range of settings, including, e.g., stochastic (accelerated) gradient descent
on ., 1, where the initial condition and performance measure may depend
on | xg — x|, [|o||* for g0 € f (x0), or f(x0) — f(x«), with analogous ex-
pressions involving xy, ¢, and f(xy) in the performance criterion.

Central question We seek to obtain, given satisfaction of Cipj, the tightest
bound possible on the expected value of the performance measure P, valid
for any f € F and (g,0?%) € Qy, that is,

max [E[P]s.t. Ciy; is satisfied,
delN,
feF

xo,x*EIRd
(e,02) QN

(Xk)k=0,1,...N is generated by M w.rt. ¢,
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0€df(xs). (8.9)

Note that xg and x, (and the associated function and (sub)gradient val-
ues) are deterministic, in contrast to xj, k > 1 (and associated function and
(sub)gradient values), which are stochastic.

As an example, consider the analysis of a single iteration of (SGD) on
JFy,L, under the additive bounded noise model.

f_[ Example 8.2: SGD under additive bounded noise model |

Let N =1, M be (SGD), F = F,, [ forsome —co <y <L < +o0,L >0,
P = f(x1) — f(x4), Cinit = [|x0 — x+]|?> < 1, and all parameters in (8.4)
be zero, except for Dy = ¢?, for some 02 € R. Then, (8.9) amounts to
max E[f(x1) = f(x.)] st [lxo —x.[* <1, (8.10)
fEFuL
xg,x*E]Rd,
€0 ar.V.
x1 =x0 — a(Vf(x0) + €0),
Vf(x:)=0,
Eleo] =0, E[e3] < o>

8.3.2 SDP relaxation of (8.9)

Exact reformulation of (8.9) As in the inexact or deterministic case, (8.9)
is as such untractable, both given the infinite-dimensional variable f € F,
the random variables (¢,0%) € Qy, and the expectation E[P]. We thus
introduce sets of finite-dimensional variables, along with corresponding
constraints that ensure maximizing over these variables is equivalent (or
provides a relaxation as tight as possible) to the original problem (8.9). In
particular, given f € F, x, € R? a minimizer of f, xo € R a starting point
satisfying the initial condition Cinit, (e,0%) € Qn, and (xg)x—o,1,.n the set
of iterates generated by M accordingly, we define

SUV, where S = {(X]',f(x]'),gj)}j:()’l’m,]\],*, 8j € af(X]), V] =0,1,...,N,%, and
(8.11)

V= {(sjro}‘z)}jzo,l,...,N—l-
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Further, under Assumption 8.1, all relevant quantities in (8.9) are Gram-
representable, hence it is convenient to consider the Gram representation
of SUV, e,

F:=[f(xe), f(x0),.-., f(xN), 0B,..s0% 4] T, (8.12)
G:=PP",P:= [x*,xo,...,xN,g*,gO,...,gN,sO,...,sN,l]T.
One cannot directly optimize over the stochastic quantity (F,G), or over all
its possible realizations, as done in [KHG23, TB19, CKPG25], since there
might be an infinite number of them. Hence, following the approach of
[AdKZ23b], we consider expectations of (F,G) as variables of interest. Specif-
ically, let

(Fe, Ge) :=(E[F],E[G]), (8.13)

that thus depend on f,x,,x9, M, and (¢,0). Specifically, Fg contains as
elements, e.g., E[f(x;)], and G contains, e.g., E[(x;,&;)], E[(x;&})], -,

f_[ Example 8.3: SGD under additive bounded noise model |

Consider the setting of Example 8.2, i.e., the analysis of a single it-
eration of (SGD) on F;, 1, under the additive bounded noise setting.
Then,

[ENTE (xx,x0) oo E[{xx,81)] E[{xx€0)]
(2, X0) Ixol> ... E[{x0,81)] E[{x0,€0)]

Ge=| L z
E[(x.,81)] E[(x0,81)] ... E[lg1ll’] E[(g1,0)]
E[(xs,€0)] E[(xo,€0)] ... E[(g1,€0)] E[lleol?]

Our goal is to maximize the expectation of the performance criterion
P, which is, under Assumption 8.1, linear in realizations of (F,G). Equiv-
alently, by linearity of the expectation, it suffices to maximize the per-
formance criterion over all possible (Fg,Gg), generated by any f € F,
(€,0) € Qn, xp and x,. We therefore introduce the set Gg (M, F,Qn, Cinit)
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of pairs (F,G) that correspond to some (Fg,Gg), i.e.,

(F,G) e RN*2 x 82Nt J (g,0) € Qu, f € F,
x, € R? a minimizer of f,
O = Xg € R? satisfying Cinit, and , (8.14)
(%% )k=0,1,..,N the iterates of M
st. (F,G) = (Fg,GE)

where the dependence of Gr on M, F,Qn and Cip;; is removed and sup-
posed clear from the context. Then, (8.9) can be reformulated as

(F%)aexgg Tr (AObjG> + FTbopt' (Pexact)

where the linear terms Tr (A,G) and F Tbopt encode the performance mea-
sure P.

’_[ Example 8.4: SGD under additive bounded noise model I

Consider the setting of Example 8.2, i.e., the analysis of a single it-
eration of (SGD) on Fy,1, under the additive bounded noise setting.
Then, (Pexact) becomes

max F'(f; —£,)
(F,G)€Ge ((SGD),Fy,1. 0 (D1=02) | xo—x.|2<1)

where f; = e3 € R% and f, = e; € R! are selection vectors accessing
f(x1), f(xx)in F.

\ J

To solve (Pexact), our goal is to represent Gr, using a finite number of
algebraic conditions. As in [AdKZ23b], we first introduce conditions that
are necessary, but not sufficient, for inclusion in Gr.

As a reminder, given a Gram representable condition p (Definition 8.1),
we say (F,G) satisfies p if it is the Gram representation (8.5) of some S =
{(xl-,fi,gi) }i:O,l,...,N,* andV = {(Siraiz)}i:O,l,...,N—l satisfying p,see Appendix
8.A for details. The necessary conditions describing Gg, given M, F,Qy
and Cjyjt satisfying Assumption 8.1, follow from

e Gram-representable constraints that necessarily hold on any realiza-
tion, imposed in expectation—namely, any (F,G) € Gg should be F-

| 187



Framework for automated analysis of stochastic methods | 8.3

interpolable, satisfy the initial condition Cinjt, the method definition
(M), and the optimality condition ||g.||* = 0; and

* Gram-representable constraints that naturally involve expectations.
Specifically, these include (i) the noise variance (8.4), thatis, (F,G) €
Gr should satisfy, given constants Ay, Ap, By, B2,C1,C2,D1,D2,0 € R,
andVk=0,1,...,N — 1,

lexll® < A1(fi — f) + Ballgell® + Callxe — x4/1* + D1 + Excf,
g1 < Ao(fi — fx) + Ballgell® + Callxx — %[ + Do+ (1 = p) o,
(Cvariance)

as well as (ii) uncorrelation conditions involving ¢ and ¢; (I # k),
and ¢, and x;, g; (i < k). Specifically, (F,G) € Gg should satisfy

(e, €1) = (e, x;) = <£k1gi> =0,vk=0,1,..., N—1,i <k, #k.
(Cu)

For instance, condition (g, ¢;) = 0 writes vale = 0. Hence, if G =
GE, it becomes E[(gx,¢;)] = 0, which holds by definition of Q. We now
formalize the proposed conditions.

Theorem 8.1 (Properties of expected variables) ]

Given N € IN, consider a method M, a function class F, a class of dis-
tributions Q, and an initial condition Cj,;, satisfying Assumption 8.1.
In addition, let G be defined in (8.14). Then, any (F,G) € Gg is F-
interpolable, and satisfies Ciyit, Coariances C., |8+ |? = 0, and (M).

Proof. Let (Fg,GE) € Ge. Denote by (F,G) the stochastic pair for which
F =E[F], G = E[G].

By definition of G, given in (8.14), there exist some (g, 0?) € Qy, ferF,
x, € RY minimizer of f, xo € RY satisfying Cinit, and (x¢)x—01,...n the asso-
ciated iterates of M, such that (F,G) is the Gram representation (8.12) of
S ={(xj,f(x)).8))}j=01,..,N .~ where g; €0f (x;),and V = {(e,07) }j=01,...N—1-
Hence, any realization of (F,G) is F-interpolable, and satisfies Cinjs, ||gx/|> =
0 and (M). By linearity of these conditions in the realizations of (F,G), and
linearity of an expectation, it therefore holds that (Fg, Gg) is F-interpolable
and satisfies Cinit, ||« /|*> = 0 and (M).
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Further, satisfaction of Cyariance by (Fg, GE) follows straightforwardly
from satisfaction of (8.4) by (e,02) € Qy. In addition, (e, &) =0, k #
I, and (e, x;) = (e, gi) =0, i <k, follows from E[ei|A;] = 0. Indeed,
then, e.g., by the law of total expectation, E[(ex, x;)] = E[E[(ex, x;)|Ax]] =
E[(E[ex|Ax], x;)] = 0, and the same holds for the other variables in A;. [

The necessary conditions introduced in Theorem 8.1 differ from the
ones proposed in [AdKZ23b], under the coordinate descent setting, in the
condition C . Indeed, in [AdKZ23b], the only uncorrelation conditions
imposed are (g, xx) = (€, gx) =0,k =0,1,...,N — 1. Figure 5.5 illustrates,
on a numerical example, the difference between the two formulations.

Simplest SDP relaxation of (8.9) Relying on Theorem 8.1, we introduce
a set G, satisfying Gg C G..

(F,G) € R®N*2 x §3N*t4| (F,G) is F-interpolable, and
Ge:= satisfies Cinit, (M), || g*||2 =0,

CJL and Cvariance
(8.15)

Under Assumption 8.1, this set is convex, since characterized by a set of
linear conditions on (F,G). In addition, it allows for a SDP relaxation of
(8.9), given by

(Pl’g)aé(g Tr (AobjG) + FTbopt/ (Prelax,l)

where the linear terms Tr (AoyjG) and F Tbopt encode the performance mea-
sure P. Indeed, by Theorem 8.1, Gg C G, hence the bound resulting from
(Pexact) is smaller than the one resulting from (Prejax 1)-

f_[ Example 8.5: SGD under additive bounded noise model |

Consider the setting of Example 8.2, i.e., a single iteration of (SGD) on
F L, under additive bounded noise. Then, (Prejax,1) can be expressed
as

max F'(f; — f,) (8.16)
FER?,
Gess,.
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s.t.(xg — %) ' G(xp — x4) <1
- - 1 - -
F (£ —f:) > 8 G(xj —xi) + 57 (8i — 8) G(8i —8)), Vi,j € {0, 1,%}
(x; — x0 +ago) ' G(x; — xp +agp) =0
g, Gg, =0, vj Gvg = o°.
vy Ggo = vy Gxo = 0. (8.17)

\ J

The formulation in (8.16) is equivalent to (8.7), except for the indepen-
dence conditions. The key difference lies in the interpretation of the vari-
ables: while (8.7) operates on the (deterministic) Gram representation of
S UV, the variables (F,G) in (8.16) represent the expectation of this Gram
representation in the stochastic setting. As a result, even when relaxing
the exact stochastic formulation (8.9), working with expectations directly
allows for potentially tighter worst-case bounds than those derived from
deterministic analyses.

Remark 8.1. Although the variables (€k/(7;3) represent stochastic noise, G,
interprets them as deterministic entities satisfying (8.4), and orthogonal to
all prior variables x;,g;, where i <k, and ¢;, i < k.

Elements (G, F) € G, are intended to represent expectations of the Gram
representation of the set S U V as defined in (8.11), but G. only encodes
necessary conditions for this to hold. In particular, G, may include pairs
(G,F) that do not correspond to any valid expected Gram representation.
This situation is analogous to the case where only necessary conditions for
F-interpolability are imposed, leading to sets that may contain elements
not consistent with any function in F.

Due to its scalability, we will mostly use the relaxation (Pejax 1) to an-
alyze stochastic methods, in Section 8.4. However, to provide a complete
framework, that allows obtaining tight performance guarantees, we first
present a sequence of refinements of the conditions describing Gg, even-
tually leading to sufficient conditions, that yield increasingly tighter re-
laxations of (8.9). We first describe some of the sources of relaxation in
(Prelax,1), arising from the difference between Gg and G..

Sources of relaxation in (Pelay1) Suppose that (G,F) € G indeed corre-

sponds to an expectation with respect to some stochastic noise (&,02) € Q.
Still, it may not belong to G, for several reasons.

| 190



Framework for automated analysis of stochastic methods | 8.3

Compensation across realizations. In G, the constraints Cit, ||g«]| =0,
(M), and F-interpolability are satisfied by the union of all realiza-
tions of (F,G), generated by a noise realization (). By contrast, in
Gc, these conditions are only required to hold in expectation, allow-
ing for compensation across different realizations. As a result, some
realizations may individually violate one of these constraints, while
their average satisfies them.

Realizations interpolated by different functions. Even if each realization
of (F,G) is F-interpolable, they may be consistent with different func-
tions in F, rather than a single common one. Belonging to Gr re-
quires that a single function f € F simultaneously interpolates all
realizations.

Example 8.1. As a toy example, consider a slightly modified setting: let

* xg = gp a random variable with 2 equiprobable realizations, —1 and
L,

e F the class of convex functions f with bounded subgradients, that is,
llgx|l <1, Vgr € 0f (x), Vx € R, and

e amethod x1 = xy — 290, where g € 9f (xp).

Then,

satisfy

X1 =X — 280, ¥1 = %o — 280
180l llg1ll. [IZoll, 1§l < 1
fo—fi=81(x0—x1), fr — fo = go(x1 — x0)
fo—A=& (0 —%), i — fo=go(x1 — o).
That is, the pairs (F,G) and (F,G) generated by both realizations of x

are consistent with the method and F-interpolable. By linearity, their av-
erage 1(F,G) + %(F,G) belongs to G.. However, it does not belong to
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G- Indeed, it is the solution to maxr g, fo — f1, which differs from
maxr G)eg; fo — f1, as computed exactly via the formulation introduced in
Theorem 8.3. This furnishes an instance of G suffering from the second
source of conservatism.

Refinement of (Prejax 1): @ multi-realizations approach

Attempting to close the gap between G and Gr, we refine the description
of G introduced in Theorem 8.1.

Overview: from copies to scenarios The proposed refinement relies on
the introduction of several copies (F/,G') of any (F,G) € G, such that opti-
mizing over a single copy or the average of such copies is equivalent. One
can then relax the optimization over these copies belonging to Gr onto an
optimization over several pairs belonging to (G,C), which thus provides
an upper bound on (8.9). We then show that for wisely chosen copies,
the associated instances in G, can be interpreted as scenarios generated by
a noise with specific equiprobable two-realizations distribution. The as-
sociated guarantee is thus, also, a lower bound on (8.9). This allows (i)
obtaining an exact SDP formulation of (8.9), and (ii) identifying the worst-
distribution within a noise model. The exact SDP formulation is thus, in
its implementation, exactly an all-scenarios approach, with 2V scenarios
of a specific equiprobable 2-realizations distribution. But, it differs in in-
terpretation, since the resulting guarantees hold not only for this specific
distribution, but for all distributions with same variance and expectation.

Refinement of G, Informally, let (F,G) € G, generated by (g,02) € Qy,
feF, x € R?, and xy € R?. Then, one can consider R copies (si,cTZi) of
(¢,0%), identically distributed to (e,0?), but that can be correlated. From these
copies, and using the same f,xg, x,, one can generate copies (F/,G') € Gg
of (F,G). These copies are by definition identical, hence solving (Pexact)
is equivalent to maximizing the expected performance measure over their
average, i.e.,

1 . .
max R Y Tr (AobjG') + (Fl)Tbopt.
(F',G')eGE o i
copies generated by identically distributed (¢/,0%) € Qy
and same feF, xp, x, R4

(8.18)
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Formally, equivalence of (8.18) and (Pexact) follows from Proposition 8.1.

Proposition 8.1. Consider a random variable v, a function P(v), and R € IN.
Then,

R
BolP(2)] = 2o, on [1P(2)], 8.19)

where v',i=1,2,...,R follow the same distribution as v, and may be correlated.

Proof. Itholds that Ey[P(v)] = (L84 Ei [P(0))]) = §Eg o« [ER P(0)],
by linearity. O

Similarly to the relaxation of (Pexact) t0 (Prelax 1), Maximizing over G,
rather than G, (8.18) can be relaxed by maximizing the expected perfor-
mance measure over the average of R elements in G, meant to correspond
to R identical copies in Gg. These elements should necessarily (i) share the
same deterministic quantities (x;,g;, fi)i—o, and (ii) be interpolated by a
common function in f, i.e., they should satisfy interpolation constraints in
between elements.

In addition, the advantage of maximizing the expected performance
measure over the average of identical copies, rather than over a single copy,
lies in the fact that the copies may be correlated. Regardless of the correla-
tion, these two maximization problems are equivalent when the variables
belong to Gg. However, when they only belong to G., wisely choosing this
correlation allows strengthening (Ppelax 1) by introducing covariance con-
straints linking the elements in G,. In particular, if these elements are cho-
sen to be uncorrelated, no improvement is obtained compared to the initial
relaxation (Prepax1)- Else, the induced relationships reduce the sources of
relaxation described in Section 8.3.2. Given N,R € IN, we encode this co-
variance as a set of diagonal N x N matrices

INR= (ZZLR)i,je{l,z,...,R},j>i’ where ZK’,’R e DN*N satisfies ||ZII{]R|| <1
(8.20)

Then, we relax (8.18) as a maximization over an average of R elements
in G, interpolated by a single function in F, sharing identical deterministic
quantities (x;,g;, fi)i—o0«, and satisfying correlation conditions defined by
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ZN,RI that is,

iN T
~max = ZTI' Ob]Gl (Pl) bopt/ (Prelax,multi)
{(F,G)} iz, R
GHes®N+4 =2 R

st. (F,G) eg,,

(F,G) is F-interpolable, G = 0, (8.21)
F! G!' G2 ... GR
F? G2 G ... G

where (F,G) = 1,
F'R GiR GiR éR

Vije{L...,R} Ixol> = lIxg11% llgoll* = lghll> fo = £
Il = 2kIP fi= £l
Vji>i,Vk=0,1,....N -1, (e &) = (ZII{LR)kH,kalin (AR

where (ZK] =)k is the (k1)1 entry of Zij . The minimization over all ||£§< Il,

in the last constraint in (Pyejax muiti) €nsures that <€k,8k> ||8k|| Hsk|| and
can be implemented via a set of R Gram-representable inequalities. When
lleb|| = ||s]k|| foralli,j=1,2,...,R, e.g., under the additive bounded noise
model, this minimization can be removed.

Note that, again, all constraints in (Prejax multi) are Gram-representable.
Hence, for the sake of clarity, we express the constraints in terms of copies
UV = {(x, £l &) k=01,...Nx U {(€,0F) Yk=0,,..,n—1 Of which (F/,G')
are the Gram representation. The transition from one to the other is how-
ever straightforward, e.g., <£k,£] )= \ I Gliv, where vy is the selection vec-
tor accessing the element ¢ in G, see Appendix 8.A for details.

Example 8.6: SGD under additive bounded noise model

Let R =2, and consider Example 8.2, i.e., a single iteration of (SGD)
on the class F = Fji¢ of convex functions, under additive bounded
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noise. Let Z%,Zz = —1. Then, (Prejax multi) becomes

12
ma =Y ( (FYT (£, — £,) (8.22)

Fl,GI)}i12€R3xS8 2 /=

{( )(];12162‘; X i=1

Gl G2
F-interpolability: ¥ > f]l + <g§,xi> <g], by, k1=1,2,i,j€{0,1,%},

Cinit: x5 — x4 <1,

C, Cariance * (b, x0) = (€0,80) =0, ehl> =02 i=1,2,

Same xo and x.:  |lxgl* = [lG1I%, llsoll® = s8I fo = £3.
Il = 1512, £ = £,

Correlation: (e5, 65} = —02,

where the interpolation conditions follow from (8.8), imposed (i) on
pairs x;,x; from a single element in G. (k =1 = 1), or (ii) on pairs x;, x;
from two elements in G, (k # ). The difference with (8.16) lies in
imposing a single function to interpolate two elements in G, linked
via the correlation (e}, €3) = —0?, that prevents these elements to be

chosen identical.

J

We now show that (Prejax multi) improves upon (Prgjay 1), while remain-

ing a relaxation of (Pexact)-

(_[ Theorem 8.2 (Spectrum of SDP formulations) ]

.

Given N,R € N, consider a method M, a function class F, a class of
distributions Qy, and an initial condition Cj,;, satisfying Assumption
8.1. In addition, consider a covariance matrix X r satisfying (8.20). Let
f;‘b]- be the solution to (Prejax multi)- Then,

max Tr (A + FT by < max Tr (Ay:G) + F bopt,
(F,G)eGr ( obj ) opt fob] (F,G)e0. ( obj ) opt

where G is defined in (8.14), and G, is defined in (8.15).

J

Proof. We prove the first inequality. Given (F,G) € G, let (e,0%) € Qy,
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feF, x€ R? and x, € R? be its generating random variables, function,
starting point and minimizer. For any random variable (v/,0%) with same
distribution as ¢, consider (F!,G') € G, the copy of (F,G) generated by
(v',0%) and f, with respect to the same deterministic variables. By Propo-
sition 8.1, applied to the objective value Tr (Aob]G) +FT bopt Of (Pexact),
which is the expectation of some function of ¢, it holds

Tr (AobiG) + F bopt = ZTr objG') + (F') Tbopt.

Hence, (Pexact) is equivalent to (8.18). All feasible variables (Fi,G") € G
of (8.18) (i) belong to G, by Theorem 8.1, (ii) are interpolated by a sin-
gle function f € F, hence satisfy (F,G) as defined in (Prelax multi) is F-
interpolable, and (iii) share the same deterministic variables { (x;, fi, §i) }i—0,+-
In addition, since v/, i = 1,2,...,R, are not independent, the covariance be-
tween vf( and vi, for k=0,1,...,N — 1, can be chosen to be any value Cj
satisfying

\/]Ev’ Z7k U;()Z} ’

since by Cauchy-Schartz inequality, this quantity bounds E[(vi,0})], see,
e.g., [BT08, Section 4.2]. By definition of X7, the covariance introduced
in (Prelax,multi) satisfies this assumption. Finally, ¢%, i =1,2,...,R, can be
chosen to be uncorrelated. Hence, any feasible variable to (Pexact) is also a
feasible variable to (Prejax multi)-

We now prove the second inequality. By linearity of the objective,
(Prelax,multi) is equivalent to

-
g}ag; Tr (AgbjG) + (F) * bopt,

o 1R
i i . _ i i
st. 3(F,G") € G.: (F,G)= Rizi l(F ,GY),
and additional constraints on (F/,G') . (8.23)
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Hence, the solution to (8.23) is smaller or equal to that of

AL

i=1

f?%g Tr (AgbiG) + (F)Tbopt, s.t. A(F,G") € Ge:

%\H

(8.24)

By convexity of G, any feasible variable to (8.24) belongs to G., hence is
also a feasible variable of (Pyelay 1), Which proves the second inequality. [

Using symmetry to decrease the complexity of (Prejax.multi)

This section proposes a class of covariance matrices g for which
(Prelax,multi) @admits a more compact formulation. Our goal is to introduce
symmetry in the covariance constraints and render instances (F',G') in
(Prelaxmulti) interchangeable, in the sense that swapping them yields an
identical result. Indeed, then, we will be able to impose (F i Gi) to be iden-
tical, foralli =1,2,...,R, hence to (i) reduce the complexity of (Prejax multi),
and (ii) remove the minimization over all ||} || in the correlation constraint
in (Prejax multi), since all of these quantities become equivalent. We therefore
define the notion of a super-symmetric matrix.

Definition 8.2 (Order p super-symmetric matrix). Let k € N, with p € N,
p > 1. Consider a matrix M € (S5)%*?" whose entries are themselves sym-
metric matrices in S¥. We define order-p super-symmetry of M recursively.

e If p =1, then, M is order-1 super-symmetric if, for some A,B € gk,
A B
m=(5 4)
e If p > 1, partition M into four blocks in (8k)2" 2"
(M 2
My Map
Then, M is order-p super-symmetric if (i) the 2 x 2 block matrix M =

(Mi,j) is order-1 super-symmetric, and (ii) each block Mi,]- is order-
(p — 1) super-symmetric (if p — 1 > 1).
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Example 8.2. Letk € N, p = 2. Then, M € (SK)%"*? is super-symmetric if

0N w >
00w
@ > OO0
> w0y

where A,B,C,D € S.

Before proceeding to defining classes of covariance matrices, we state a
few properties of super-symmetric matrices.

Proposition 8.2. Given k € N and p € N, p > 1, consider a super-symmetric
matrix M € (S5)%"*2". Then,

o The (2P)? entries of M all take their values among at most 2P elements, and

* Given a permutation 71, (P) of the vector P = [1,2,...,2F], denote by Mz, (p)
the matrix obtained from M by swapping the indices of its entries according
to 77, (P).

p

Then, there exists 2V permutations 7Tt (P) such that M”? P) = M, obtained

by recursion: ’
-my([1,2]) = {1,2], and ﬂl([l 2]) = [21]

(11,2, 20]) = mi([m, 4 1., 207, g 2P+ 1,0, 20])),
(2,27 = A [ 20 Y [, 27))).

Proof. We proceed by induction.

¢ By definition of super-symmetricity, if p = 1, M contains at most two
elements, that is, My ; and M 5. In addition, M = M| 5) = Mpp 1.

® Suppose the assertions are valid for p, and consider the case p + 1.
Partition M into four blocks in (8k)2"*2":

(Ml 1 1\211,2)

Myy Mpy)’

and let M = (M; ), a2 x 2block matrix. By order 1 super-symmetricity
of M, M is completely determined by two 27 dimensional elements

in M, that is M1 and Mj,. These elements are themselves order

p super-symmetric, hence, they both contain at most 27 elements.
Hence, M contains at most 2 - 2P elements, that is 271 elements.
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Consider a partition of [1,2,.. .,2?’“} into two groups of size 27, P; =
[1,2,...,2P] and P, = [2 +1,...,2P*1]. By order 1 super-symmetry
of M, M is invariant under the permutations 7} ([P, P]), i = 1,2. In
addition, by order p super-symmetry of all elements in M, there exist
2P permutations of P, P,, leaving these elements identical when ap-
plied simultaneously. Applying 7! to these permutations furnishes
2P*1 permutations under which M is invariant. In addition, by con-
struction, and given the fact that none of the elements in P; and P,
are identical, none of these permutations are identical.

Example 8.3. Given k € N, let p =2, and M € (S¥)?*?" an order-2 super-
symmetric matrix. Then, M= M[1,2,3,4] = M[2,1’4,3] = M[3,4,1,2] = M[4,3,2,1] .

O

Building on Definition 8.2, we introduce classes of super-symmetric co-
variance matrices. We then provide, in Section 8.3.5, natural instances
of super-symmetric covariance matrices, for which (Pejax multi) becomes
equivalent to the initial problem (8.9). Note that the choice of covariance
matrices is independent from the noise assumption (8.4).

Definition 8.3 (Super-symmetric covariance class). Let N,p € N, and R =
2P. Given a class Zy o» of matrices as defined in (8.20), consider the matrix

ldy  Z¥, zﬁrzp z}\};p
12 Idy X2, ... =R

L G (8.25)
z;}fzp zg}fzp zﬁvffzp .. Idy

where Idy is the identity matrix of size N. We say Ly o» is super-symmetric
if M is order p super-symmetric.

Relying on symmetry properties of Proposition 8.2, we show that for
any R =27 (p € IN), (Preax multi) is strictly equivalent to

(F%)aé(gc Tr (AobjG) + FTbopt; (Prelax, sym)
GYes3N+t4 =2 R
s.t. (F,G) is F-interpolable, G = 0,

G is order p super-symmetric,
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F G G2 ... GRR
2 G2 G ... GUR-D
where (F,G) = ap
F GIR GIR-1) G
(8.26)

andVje{1,...,R}, Vk=0,1,...,N —1,

Trljy (vl T
v Glv = (ZN,zp)k+1,k+1Vk Gvy,

where vy is the selection vector accessing the element g in G.

'_[ Example 8.7: SGD under additive bounded noise model I

Let R =2, and consider Example 8.2, i.e., a single iteration of (SGD)
on the class F = Fj i¢ of convex functions, under additive bounded

noise. Let Z%,Zz = —1. Then, (Prelax, sym) becomes
max F'(f; —f,)s.t (8.27)
(F,G)€R3 xS,
G12656
G G12
(o2 G )t
F-interpolability: F' (f; — f;) > g]-TG(xl- - X;j)

1 ..
+ ﬁ(g] - gZ)TG(g] - gi)l l/] S {Orli*}r
F'(f; —f;) > g/ G"x — g/ Gx))

1 .
+57 (g,-Tng +8/ Ggi — ZngG“g]), i,j €{0,1,%},

Cinit: (x0—xx) ' G(x0 —x:) < 1,
Cy: v(—]erozv(—)rGg():O,
Cvariance : V(—]r Gvo=0 2/
Covariance: vy GP?vy = —02.
L J

We now formalize equivalence of (Prejax,multi) @0d (Prelax, sym) for super-
symmetric covariance classes.

Proposition 8.3 (A symmetric reformulation of (Pyejax multi))- Given N,p €
N, let R = 2%, and consider a method M, a function class F, a class of distribu-
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tions Qy, and an initial condition Cjy;, satisfying Assumption 8.1. In addition,
consider an order p super-symmetric covariance class X o» as defined in (8.20),
see Definition 8.3. Let O*bj be the solution to (Prejaxmulti), and fggjmr* be the solu-
tion to (Prelax, sym)- Then,

symx

Proof. Clearly, any solution of (Prejay, sym) 18 a feasible point of (Prelax,multi),

hence fsgfl* < gbj' In addition, let

Fl Gl G2 ... G

F2 G2 Gz ... GXR
(F*,G") = e

F.R GiR GﬁR GR

be a solution to (Prelax multi)-
Claim 1: Given P = [1,2,...,R] and any permutation n;(P) as defined in
Proposition 8.2,

(Frxi (p): Grei () )

the vector and matrix obtained from (F, G) by permuting indices of entries
according to n;,(P), is also a solution to (Pyelax multi)-

Indeed, swapping the order of entries in (F,G) leaves the objective
function £ YR | Tr (AobjG') + (F') Tbopt, the constraint (F/,G') € G, and F-
interpolability of (F,G) unchanged. In addition, due to the order p super-
symmetry of Zy g, and given Proposition 8.2, the covariance condition is
automatically satisfied by (F”;7 )G i p)) if satistied by (F,G).

Claim 2: Given the 27 permutations 7}

»(P) as defined in Proposition 8.2,

1 R
& & Fri oy Srir)

i=

mhr) (i et on
| [rRE=F G gL G GHRED

%Zﬁzl i GIR Gl(R-1) %Zlel i

is also a solution to (Prejax multi)- Under Assumption 8.1, all constraints in
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(Prelaxmulti), and its objective constraint, are linear in its variables. Hence,
any convex combination of solutions of (Prejax multi) iS also a solution to
o 1 R
(Prelax,multi)- In addltlog, the structure of 3, (Fn; (P),Gn; (P)) follows
from the definition of 77}, (P).
Hence, to any solution to (Prelaxmulti) corresponds a feasible point of

(Prelax, sym) With same objective value. Therefore, bej < fsg?’*, which con-
cludes the proof. O
Letting
Ge(En2r)
F G G2 ... GWR
F G2 G ... GI®RD
(F,G) € G.:3(F,G) = .
F| \G® G'®1 = G
- s.t. (F,G) is F-interpolable, G 3= 0, !

G is order p super-symmetric,
andVje{1,...,R}, Vk=0,1,...,N -1,

VkTGUVk = (szjj,zn)k+1,k+1V1;rGVk
it holds that Gg C C;C(ZN,R) C G;, and
max Tr (AgyG) + FTbopt

(F.G)eGE

< max Tr (AobjG) + FTbopt
(P,G)EQC(ZN,R)

< max Tr (AG) + F ' bopt.
(F,G)eGe ( obj ) opt

The sets GC(ZN,R) thus yields, for different choices of Xy r, a spectrum
of refined SDP relaxations of (8.9), starting from (Pyelax1) and, as will be
proven in Section 8.3.5, eventually attaining (8.9).

Computational comments  When solving (Prelax, sym), storing the full ma-
trix G is unnecessary. The F-interpolability constraint only involves sub-
matrices G,GY, and the constraint G 3= 0 can be equivalently reduced to
linear inequalities on G, GY, as shown in Appendix 8.A.
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8.3.5 Exact SDP reformulation of (8.9)

We now finally propose a SDP equivalent reformulation of (8.9), by intro-
ducing a covariance matrix Xy, g for which (Peejay, sym) 1s equivalent to (8.9).

That is, setting R = 2N we introduce Z;‘\] N for which
max Tr (AgyG) + F ' bopt = max Tr (Ao G) + F " bopt.
(F,G)cGr ( obj ) opt (F,G)EGC(Z;\,/ZN) ( obj ) opt

This equivalence holds regardless of the noise variance (8.4), since Xy r
is independent of this assumption. The covariance matrix ensures that the
copies in G, correspond to scenarios generated by a noise of equiprobable
2-realizations distribution.

Definition 8.4 (Completely anti-correlated covariance class). Let N € N,
and R = 2N. We say L% ,n as defined in (8.20) is completely anti-correlated if

() Z*N,ZN is order N super-symmetric, and (ii) the generating matrices %/,
for j =2,...,2N, have diagonals given by all vectors in {—1,1}N ordered
lexicographically, excluding the identity vector 1y (that would correspond
to 211), and enumerated in reverse external order, that is, starting from the

closest vector to 1y.

Example 8.4. Let N =2. Then, Zy r is completely anti correlated if order 2
super-symmetric and defined via

1 0 ~1 0 1 0
12 _ 13 _ 14 _
(o B)= (o ) =00 )

r—[ Theorem 8.3 (Exact SDP formulation of (8.9)) ]

Given N € N, let R = 2N, and consider a method M, a function class
F, a class of distributions Q, and an initial condition Cj,;, satisfy-
ing Assumption 8.1. In addition, consider a completely anti-correlated
covariance class Z‘?\I,zN as defined in (8.20), see Definition 8.3. Then,

max Tr (AyiG) + F byt = max Tr (AgpiG) + E bopt.
(F,G)€Gr (A6 P (F6)eCe(Enn) (A0C) ot
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Proof. By Propositions 8.2 and 8.3,

max Tr (AgyG) + F bopt < max Tr (AgiG) + F bopy.
(F,G)eGe ( obj ) opt (F,G)ECe(Eni) ( obj ) opt

We now show that any (F,G) € G.(Zy r) belongs to G.

Denote by (F#),GW) any of the 2N copies of (F,G). We argue that
(F(),GW) are the realizations of a random variable, generated by realiza-
tions (¢1),02) of (e,0%) € Qy, where 02 is deterministic and ¢ is an equidis-
tributed random variable in (), with, at each step, 2 possible realizations,
ie.,

el = +op\ [ A1 (f(x) = £) + Ballgell? + Ca | v — .2 + Dy + Er?
0t = Aa(f(xx) = £i) + Ballgxl® + Collxk — xul|* + D2 + (1 = p)o,

where v, € RY is a vector of norm 1, orthogonal to all past information at
iteration k, and may differ from query to query. The 2V realizations ¢(!) are
generated by all vectors in {—1,1}", ordered lexicographically. Indeed,
given Z‘?\LZN’ the constraints v,;rGlivk = Zlil,kJrlvaGVk in GC(Z‘?\LzN)' are
satisfied by such realizations ¢(1).

In addition, by F-interpolability of (F,G), there exists a single func-
tion f € F interpolating all (F(),G()), and these are all consistent with the
method M, the optimality condition, and Cj,;; by definition of GC(Z?\]QN).

Hence, (F,G) = ZLNZi(F(i),G(i)) belongs to Gr. O

Theorem 8.3 shows that the worst-case instance in Gg corresponds to
noise with a very simple equiprobable 2-realizations distribution, yielding
identical realizations (F(1), G()). This aligns with intuition, as the objective
depends symmetrically on all realizations, and was already showcased in
[DS20, Theorems 2, 3]. Building on Theorem 8.3, we finally show that the
initial set G, as defined in (8.14), is convex.

Theorem 8.4 ]

Given N € IN, consider a method M, a function class F, a class of dis-
tributions Qy, and an initial condition Cjy, satisfying Assumption 8.1.
Then, the set G as defined in (8.14) is convex.

Proof. The proof of Theorem 8.2 showed that Gg C g}(z;] on)- In addi-
tion, the proof of Theorem 8.3 showed that QNC(Z;] 2N) C Gg. Hence, Gg =
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*

QMC(Z?\];N). Convexity of G follows from that of G, ( N,ZN)’ which can be
expressed as the projection of a convex set, since characterized by linear
constraints. O

Hence, (8.9) can be equivalently formulated as (i) a maximization prob-
lem over a convex set of size « 2N, as in Theorem 8.3, or (ii) a maximization
problem over a convex set G of size « N, as in (Pexact). In addition, Gf is
the intersection of a set determined by interpolation and noise model con-
straints, independent of algorithmic specifications; and linear constraints
encoding the algorithm. These linear constraints can thus be interpreted
as additional constraints in the maximization problem. This formulation
is similar to the deterministic setting, see, e.g., [THG17c]. We were how-
ever unable to obtain a tractable formulation of this set of size « N, hence
obtaining a tight reformulation of (8.9) requires, for the moment, solving a
SDP of size « 2N. But, as shown in Section 8.4, in many cases, the relaxation
(Prelax,1), i-e., an SDP of size « N, is sufficient to obtain tight convergent
rates.

Applications: performance analysis of SGD on 7, |

This section relies on the framework introduced in Section 8.3 to analyze
(SGD) on F, 1, under several noise models. We compare the resulting
convergence rates with existing guarantees, obtained classically or in a
computer-aided way.

Given, as only information on the noise distribution, its expectation,
variance, and uncorrelation conditions, the tightest formulation of the pro-
posed framework provides the best rates possible. We demonstrate both
numerically (Figures 8.1, 8.3, 8.4 and 8.5) and analytically (Theorem 8.5
and Proposition 8.4) how it improves on existing bounds derived on the
basis of this information only.

However, as compared to the all-scenarios approach introduced in
[TB19], which uses, when available, more information on the distribution
of the noise than its expectation, variance, and uncorrelation conditions, an
information that our framework cannot use, and hence applies to a more
restrictive set of problems, the proposed framework may yield worse guar-
antees, as it is typically the case for linear convergence rates (Figures 8.3,
8.5). On the other hand, the all-scenarios approach is restricted to the anal-
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ysis of finite-support noise settings and, mainly, to a potential function ap-
proach. In addition, it yields better rates only if further information on the
noise distribution is available, e.g., in the finite-sum and the block coordi-
nate settings. Hence, on (i) noise models defined only via their expectation,
variance, and uncorrelation, e.g., the absolute bounded model (Figure 8.1),
or (ii) problems with sublinear convergence rates (Figure 8.4b), the pro-
posed framework improves on existing results yielded by the all-scenarios
approach.

In addition, the framework significantly improves on rates obtained via
the worst-scenario approach, i.e., under deterministic perturbation (Fig-
ures 8.1 and 8.1). This demonstrates the necessity, in situations where the
perturbation is in fact stochastic rather than deterministic, to analyze meth-
ods under a stochastic framework.

Finally, we observe that, in many settings, solving (Prejay 1) (relaxing G
by G¢), called the single realization approach, already yields exact conver-
gence rates, since it matches the exact approach (Prelax, sym) With R = 2N
and I} NN (cf. Definition 8.4). In what follows, we refer to (Prelax, sym)
with R =2 and Xy r = 1y, the all-ones vector of size N (relaxing Gg by
Gc(—1n)), as the two-realizations approach; and to (Prelay, sym) With R = 2N
and E?\],zN' as the 2N-realizations exact approach.

Additive bounded noise model. Consider (SGD) with constant stepsizes
«, under the additive bounded noise model, i.e., E[||e||?] < o?. Figure 8.1
compares various convergence rates, in both the convex and the strongly
convex regimes. Specifically, it displays the worst-case scenario, or equiv-
alently the analysis of (SGD) under a deterministic bounded perturbation;
the PEP-based bounds obtained via the single realization and two real-
izations approaches; and, in the convex case, the all-scenarios PEP-based
bound of [TB19, Theorem 5] for « = %, that is

N+3
EIf () — £1] < 00 — 2P 4+ 2o, (5.25)

In addition, in the strongly convex case, it displays an existing bound from
[GHR20, Theorem 4.1], that is,

2
o't
E[llxn — x]1?] < ¢llxo — xi]|* + T where ¢ =1 — pa. (8.29)
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This bound is derived based on the weaker assumption E[||ex||?|.Ax] <
2L(f(xx) — f(xx)) + 02, satisfied by the additive bounded noise setting,
see, e.g., [Sti19, Example 2].

10° o s s rs 7S 7S
—e— Worst-scenario approach 0 —e— Worst-scenario approach
—e— Stochastic approach (single realization) —e—[GHR20], Theorem 4.1
—e— Stochastic approach (two realizations) —e— Stochastic approach (single realization)
—e— All-scenarios approach [TB19] —e— Stochastic approach (two realizations)
+ Analytical bound, Theorem 8.5

T

Eflox — 2 |7)

0 5 10 15 20 25 30 0 5 10 15 20 25 30
Iterations V' Tterations N’

(a) Computer-aided convergence analy- (b) Convergence analyses of (SGD)
ses of (SGD) with constant sepsizes « = with constant sepsizes & = ﬁ on F,r,
% on For under the additive bounded p = 0.1, under the additive bounded
noise model, with performance mea- noise model, with performance mea-
sure E[f(xy) — f«], and initial condition sure E[||xy — x,||?], and initial condition
llxo — x|l <1, for L=1. llxo — x«|| <1, for L=1.

Fig. 8.1 Comparison of computer-aided convergence analyses of (SGD)
with constant stepsizes «, on Fy (convex L-smooth functions, left-hand
side figure), and F), | (4-strongly convex L-smooth functions, y > 0, right-
hand side figure), under the additive bounded noise model of variance
02 = 0.01. Displayed are the worst-scenario PEP-based bound (pink), the
PEP-based bound from the framework presented in Section 8.3 (blue), re-
sulting from the single realization and the 2-realizations approaches, the all
scenarios PEP-based bound from [TB19](black), the bound from [GHR20,
Theorem 4.1](black), and the analytical bound from Theorem 8.5 ().

The single and two realizations approaches yield identical bounds, in-
dicating that enforcing a common interpolating function across two noise
realizations does not improve the guarantee. The bound yielded by the
2N-realizations exact approach, computed for N < 6 (not displayed for the
sake of clarity), turns out to also be equivalent to these bounds, showing
that the bound resulting from (Pyejax 1) iS, in fact, tight for this noise model,
up to N = 6. Moreover, this bound outperforms [GHR20, Theorem 4.1]
and [TB19, Theorem 5]. Although [TB19, Theorem 5] derives from an all-
scenarios formulation, it considers as performance measure a slightly dif-
ferent setting, that is, E[f(xn) — f(xx) + o5 [|xn — x4]|%], from which we
infer a bound on E[f(xy) — f(x«)]. This explains why it is initially outper-
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formed by the worst-scenario guarantee.

Finally, in the strongly convex case, relying on numerical insight, we
identify an analytical convergence rate that exactly matches the numerical
bound from (Pyejay 1), and prove its tightness.

Theorem 8.5. Let NeIN,0<u <L, 0?€R,a€ (0, LZTy] Consider N itera-
tions of (SGD) with constant stepsize a, applied to a function f € JF, 1, under ad-
ditive bounded noise (e )01, N_1 satisfying E[ex| Ax] = 0, and E[ex| Ax)? <
02 Let (xy)k=01,.. N be the iterates of (SGD), and x, denote a minimizer of f.

Then,
o (PZN

1—¢?

Efllxn — xo]?] < ¢™N|xo — x> + w?o?, (8.30)

where ¢ = (1 — pa). In addition, this bound is tight.

Proof. The first part of the proof follows exactly [Tay24, Section 2.8.1], which
addresses the noise-free case. Let S = {(x;, fi,&i) }i=01, N » denote the set
of iterates (and minimizer) and associated function and gradient values.
We start by analyzing a single iteration of (SGD), and claim the following.

1 = 2l < 9P|k — xal? + 2P0 (8.31)

By Proposition 2.1 describing smooth strongly convex functions, and since
g« =0, it holds

fo = fo + (krxx — Xx)

L (sl , 2
+ g (B8 = P - 2 g =2,

Lol e 2w,
o> ot gy (L = P = 2 g — ) ).

Summing these inequalities, multiplied by 2a¢, yields

 2a¢(L+p)

2u 2apuL
E e & el T e P <0,

L—p
hence

vk — 2l |? = 20 (g, 2 = 200) + & | gill? < @2 o — x|
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2D~ 2 — gl

L—p
<P llxe — xlf,
where the second inequality follows from the domain of «. Hence,

[k — 2 ||? — 20 (xp — 20, gk + ) + 02| gk + & ||* < @7 ||x — x|
— 20 (xp — X, ) + 0% (2(gk k) + llexl?)
& xpr — xel* < PP lxe — xi||? — 20 — xi8k) + 07 (2(gk k) + [lexl?).-

Taking the expectation with respect to € (conditioned on xy) yields

Ee [llxk1 — %] < @2l — 2l + 0’ Ee, [|lex 1]

< P2 ||xx — x4 |2 + 2202,

by assumption on €. Hence, (8.31) holds. By recursion, it holds

N-1
Ellloy — %l < 62V xo — 0o + ¥ gPialo?.
i=0

Since, forr #1, Zil\i 61 = 11’ _’7 , this concludes the derivation of the bound.

To conclude the proof, observe that the function f(x) = 5|/x||? and any
distribution satisfying E[e;] = 02, k =0,1,...,N, attain the bound. Indeed,
then, x, =0, and

X1 = PXj — Qe
Hence,

(1 = x:)? = (P — x2) — weg)? = 9% (o — x2)? — 2agpeg (v — x0) + a’e
SE[(xp1 — 2 [A] = ¢ (1 — %) + o’

O

Relative additive noise and the silver stepsize schedule: on the gap be-
tween G, and Gr. Recently, [AP24] proposed a stepsize schedule acceler-
ating gradient descent ((SGD), &x = 0) on Fy, 1 in the deterministic setting.
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For N =2F — 1, k € N, the schedule is defined as

{\/E, ifk=1,
X =

) 8.32
w=[a,1+(1++v2)a], j=1,...,k—1, otherwise. (8.32)

As shown in [VG24] via a worst-scenario PEP analysis, this schedule is
highly sensitive to relative additive perturbation. Figure 8.2 demonstrates
that this sensitivity significantly diminishes when considering stochastic
noise rather than deterministic perturbations.

Effzy — 2P

—e— Worst-scenario approach

10? | | —e—Stochastic approach, single realization

—e— Stochastic approach, two realizations
% Stochastic approach, 2V realizations

—e—No noise

0 5 10 15 20 25 30
Iterations N

Fig. 8.2 Comparison of computer-aided convergence analyses of (SGD)
on F, ; with relative additive noise (E[e|.Ax] = 0, E[||ex| Ax[|*] < ?[|gk/|*.
We use the performance measure E[||xy — x,||%], initial condition ||xg —
x|l <1,0=0.15 1 =0.1, L =1, and stepsizes as in (8.32). Displayed are
the PEP-based bound treating noise as deterministic (pink), the stochastic
noise bounds (blue), resulting from the single realization approach, the two
realizations approach, and the exact 2N realizations approach (up to N =
3), as well as the PEP-based bound in the exact setting (black).

Remark 8.2 (Symmetric solutions). In Figure 8.1, we noted that the bound
from (Pyelax 1) coincided with that of (Pexact), for N < 6, implying that the so-
lution to (Prejax 1) actually lies in Gg, up to at least N < 6. This occurs when-
ever the problem’s solution is sufficiently symmetric, intuitively, when
the worst-case function with respect to any noise realization remains the
worst-case function for any other realization.

Many problems exhibit this symmetry. However, for schedules like
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the silver stepsize or other stepsizes with occasional longer steps, see, e.g.,
[Gri24], this symmetry breaks. Accordingly, Figure 8.2 shows that the two-
realizations approach yields a modest improvement over the single real-
ization approach. Up to N = 3, the 2N-realizations exact approach yields
the same rate as the 2-realizations approach.

In what follows, the single realization approach is always equivalent to
the two realizations approach and, up to N = 6, to the exact 2" realizations
approach. Hence, we refer to the "stochastic noise" approach as the single
realization approach, which corresponds to the exact approach up to N = 6.

Finite-sum setting: on the importance of the parameters in (8.4). We
now turn to the analysis of (SGD) with constant stepsizes, under noise sat-
isfying a variance condition of the form

E[|lell*Ax] < A1 (f(xx) — f(xx)) + Dy (8.33)

This includes, in particular, the finite-sum setting where f =Y, f; is a sum
of convex L;-smooth functions with L = max;L;, and the variance at the
optimum is bounded, i.e., E[||V f;(x,)||] := 0 < +c0. Indeed, as shown in,
e.g., [GG23, Lemma 4.20], this setup satisfies (8.33) with A; =4L and D; =
202. Moreover, when o2 = 0, e.g., in overparametrized models [MBB18],
tighter constants can be used: A; = 2L, D = 0; see [GG23, Lemma 4.19].

In [GHR20, Theorem 4.1], a convergence rate is derived on the basis
of (8.33), that is, using only the expectation, variance, and uncorrelation
properties of the noise. This bound is given by

062D1

E[llxn — x:||2] < ¢N|xo — xi)® + v where ¢ = (1 — pa).  (8.34)

On the other hand, the finite-sum setting was analyzed using the exact all-
scenarios approach in [TB19] and [CKPG25], using all information avail-
able on the noise distribution (hence, for a more restrictive setting than
(Prelax1))- In particular, [CKPG25, Theorem 3.3] shows

Ellen — 52 ) <gVlxo — o+ =05 (”z—(@f;)e«)'

(8.35)

where ¢ = (1 — ua)?. Figure 8.3 compares the proposed framework with
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these existing rates from [GHR20, Theorem 4.1] and [CKPG25, Theorem
3.3]. The right-hand side of Figure 8.3 illustrates the impact of the param-
eter choice in the variance model. For instance, in the case (Tf =0, using
A1 = 4L (as in the general case) rather than the sharper A; = 2L yields
looser performance guarantees.

The bound [GHR20, Theorem 4.1] is obtained by (i) showing satisfac-
tion, forallk=0,1,...,N — 1, of [GHR20, Lemma C1]:

E[llxk1 — x4 [*] < llxx — xu]|* + &> Dy, where ¢ = (1 — pat),  (8.36)

and (ii) recursively applying (8.36). In the computations, Zfi 61 ¢' is re-
laxed into ﬁ We strengthen [GHR20, Theorem 4.1] by removing this
relaxation.

Proposition 84. Let Ne N, 0<u <L, A;,Di R, a € (O,A%]. Given a
function f € F, 1, denote by x, one of its minimizers. Consider N iterations
of (SGD) with constant stepsize ay = «, k =0,1,...,N, on f, with additive
noise (ex)x=0,1,..,N—1 satisfying Elex| Ac] = 0, and E[|lex ||*[Ar] < A1 (f(xx) —
f(x4)) + Dy, where (xy)x—0,,. N denote the iterates of (SGD). Then,

1— N
Elley —xil2 <Vl — xilP o+ =2eDy, 637)

where ¢ = (1 — ux).

Proof. It suffices to perform a recursion on (8.36), and rely on Zfi 61 ¢i =
1N O
¢

The analytical guarantee in Proposition 8.4 coincides with the numer-
ical bound from (Ppelax1) (exact up to at least N < 6), for a = A%' Ad-
ditionally, the bound from [GHR20, Theorem 4.1] matches exactly when
D1 =0. As expected, the exact bound under the finite-sum setting is tighter
than those based solely on expectation and variance of the noise. In addi-
tion, multiple parameter choices for the noise variance are possible in the
finite-sum setting, resulting in bounds whose quality depends on these pa-
rameters. However, the bounds from [GHR20, Theorem 4.1], (Py¢jax 1), and
Proposition 8.4, cover more stochastic settings than finite-sum problems.
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2

* *
8 &
| |
Z z
g i
—e— [GHR20], Theorem 4.1 101
Stochastic approach —e—Stochastic approach, A1 = 4L
. * Analytical bound, Proposition 8.4 Stochastic approach, A1 = 2L
10" | __e— All-scenarios approach [CKPG25] ] —e— All-scenarios approach [CKPG25]

0 5 10 20 25 30 0 5 10 20 25 30

15 15
Iterations V' Tterations N/

Fig. 8.3 Comparison of convergence analyses of (SGD) with con-
stant stepsizes a = 5-, on Fy,L, under noise satisfying E[ex|Ax] = 0,
E[||lex||?|Ax] < A1(f(xx) — fx) + Di. The performance criterion is E[||xy —
x,||%], with initial condition ||xg — x4|| < 1, and parameters y =0.1, L =1,
and D; = 0.01 (left-hand side figure) or D; = 0 (right-hand side figure).
Displayed are the bound from [GHR20, Theorem 4.1], based solely on
the expectation, variance, and uncorrelation of the noise (pink), the PEP-
based bounds from (Pyax 1), exact up to N = 6 (blue), the analytical bound
from Proposition 8.4 (x), and the exact all-scenarios PEP-based bound from
[CKPG25, Theorem 3.3], considering the more restrictive setting of finite-
sum optimization (black).

Strong growth condition and RCD  We now consider noise satisfying the
strong growth condition, i.e., for some d € N,

E[[lexll*Ax) < (d = 1)l|gl%,

introduced in [SR13]. This condition is satisfied by several settings, includ-
ing some finite-sum problems, where it implies [ ex ||?|.Ax] < 2Ld(f (x) —
f(xx)), see [VBS19, Proposition 1], and randomized coordinate descent
(RCD), where the gradient estimator is dV; f(xy)e;, with d the dimension
and e; a randomly selected basis vector [Wril5, Section 1.4]. This estimator
is chosen as to be zero-mean, and the classical estimator V;f(xy)e; can be
analyzed via a modified stepsize, & = da. Throughout, we set « = %.
Figure 8.4a compares, in the strongly convex regime, the bound result-
ing from (Pyejax, 1), exact up to N = 6, the bound from [GHR20, Theorem 4.1]
(based on the variance model E[| e ||?|x¢] < 2Ld(f(x) — f(x4))), and the
exact all-scenarios approach from [TB19, Theorem 17], specifically adapted
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to RCD. This bound is given by

1-824d—1\V
Eflay —xff < (L) -t @39

The bound from [AdKZ23b], solving a slightly relaxed version of (Peax 1),
exactly matches (Ppejax 1)-

Figure 8.4b compares, in the convex regime, the bound resulting from
the proposed framework, exact up to N = 6, the bound resulting from
the approach proposed in [AdKZ23b], and the all-scenarios approach from
[TB19, Theorem 17], i.e., letting & = %,

EIf (on) — £:] < flxg — %P 8:39)

—e— Stochastic approach from [AdKZ22]
Stochastic approach
—e— All-scenarios approach [TB19]

by
5
|
3
=)

085 F . [GHR20], Theorem 4.1 *

06 Stochastic approach o ]

*  All-scenarios approach [TB19] " .
0 5 10 15 20 25 30 1
Iterations N Iterations N
(a) Strongly convex regime (b) Convex regime

Fig. 8.4 Comparison of convergence analysis of (SGD) with constant
stepsize a = -, on F, 1 (1 > 0) and Fo 1, with noise satisfying E[ej | 4] =
0, and E[||ex||?|Ax] < (d — 1)||gk||*- The performance measure is E[||xy —
x,||?] with initial condition |xg — x,|| <1, for y = 0.1, L =1, and d = 10.
The left-hand side figure, considering the strongly convex regime, displays
the bound from [GHR20, Theorem 4.1], using E|[||ex||?|xx] < 2Ld(f(xx) —
f(x4+)) (pink), the PEP-based bound from (Pyax1) (blue), and the exact
all-scenarios bound designed for RCD from [TB19, Theorem 17] (black).
The right-hand side figure, considering the convex regime, displays the
PEP-based bound from (Peax 1), €xact up to N = 6 (blue), the PEP-based
bound from [AdKZ23b] (pink), and the all-scenarios bound designed for
RCD from [TB19, Theorem 16] (black).

Surprisingly, the bounds resulting from the all-scenario approach, i.e.,
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[TB19, Theorems 16, 17], and that rely on more information than the frame-
work of Section 8.3, (i) exactly match the bounds resulting from (Pygjay 1) in
the strongly convex setting, and (ii) are outperformed by (Prelax 1) in the
convex setting. This lack of tightness is explained by the structure of the
potential function, chosen by hand in the all-scenario approach. In addi-
tion, the bound from (Ppejax 1) improves on [GHR20, Theorem 4.1], and, in
the convex setting (sublinear convergence rate), on the one of [AdKZ23b].

Variance-reduction method: SAGA Finally, we consider the variance-
reduction method SAGA [DBLJ14], designed for finite-sum optimization
problems. SAGA update at iteration k is

1 n
Xjp1 =Xk — & (Vfik(xk) - yf‘(k T Zﬁ) ,
j=1

where i is sampled uniformly from {1,...,n}, and y;? stores the most re-
cent gradient V f; evaluated at some previous iterate. SAGA can be em-
bedded as (SGD), with constant stepsizes a, and V f; (xy) — yﬁ( + % 2?21 y;‘
an unbiaised estimator of V f(xy ), satisfying [E[ex| Ax] = 0, and the variance
condition (8.4) with parameters

Ay=4L, Bi1=-1, E;=2, pzl, Ay =—,
n n
where L = max;L;, n is the number of component functions, and (7,? =
Ly |lyF — V£i(x.)||? [GHR20, Lemma A.6].

Figure 8.5 compares the convergence bounds from [GHR20, Theorem
4.1] (based only on noise expectation and variance), the bound from (Pgjax 1),
and the exact all-scenarios bound after one iteration, from [GMG™22].

The exact all-scenarios bound outperforms (Pejax 1) but suffers from
scalability issues. In addition, it depends on 1, making analytical charac-
terization difficult. The bound from [GHR20, Theorem 4.1] coincides with
(Prelax,1) after one iteration, but loses its tightness property from 2 itera-
tions.
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Fig. 8.5 Comparison of convergence analyses of (SGD) with constant
stepsizes & = ¢, on F,,;, with noise satisfying E[e;|A;] = 0, and (8.4)
with parameters A} =4L, E1 =2, p = %, and A, = % These assump-
tions hold for SAGA [DBLJ14]. We consider the performance measure
E[|lxn — x.||* + 4na?0%] with initial condition ||xg — x.||? + 4na?0 < 1,
fory=0.1, L =1, and n = 10. Displayed are the bound from [GHR20, The-
orem 4.1] (pink), the PEP-based bound from (P15« 1) (blue), and the exact

all-scenarios PEP-based bound ().

Concluding observations

We have proposed a framework for automated analysis of stochastic first-
order methods, under all noise models satisfying Assumption 8.1, and in-
dependently of the noise’s distribution. The framework positions itself
between PEP analyses tailored for deterministic perturbation [THG17a,
BTB22, DKGT20, VG25b, BTB22] (or equivalently, analyzing the worst re-
alization of a stochastic perturbation) and those, regarding finite support
settings, explicitly enumerating all scenarios [CKPG25, TB19, KHG23]. In-
deed, by setting expected values as variables to PEP formulations, as in
[AdKZ23b], our method improves upon deterministic analyses while main-
taining similar complexity via relaxations such as (Pyejax,1). On the other
hand, we provide an SDP formulation achieving exact worst-case bounds,
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valid for all distributions satisfying the noise model, which is, in its im-
plementation, similar to the all-scenarios approach, with 2V scenarios of a
specific equiprobable 2-realizations distribution. However, while the all-
scenario approach yields convergence rates that are only valid for the set-
ting considered, i.e., for the distribution analyzed, this exact formulation
provides rates valid for the worst distribution possible with the same ex-
pectation and variance as the 2-realizations distribution, and thus for all
such distributions, whose support may be infinite. This enables a unified
framework applicable across diverse stochastic settings.

On structural noise models, e.g., finite-sum or block-coordinate set-
tings, the proposed framework may yield looser rates than those obtained
via the all-scenario approach, relying on this structural information. This
is especially the case for problems with linear convergence rates. How-
ever, on problems with sublinear rates, it occasionally improves on the all-
scenarios approach. Indeed, the latter is (mainly) restricted to analyses us-
ing potential functions, while our framework allows trading off tightness
for complexity. That is, one can solve relaxations as (Pye|ax 1), tractable on a
large number of iterations, and that yield stronger convergence rates than
those obtained via a potential function approach. Notably, the simplest
relaxation often suffices to attain exact bounds.

Finally, the framework led to several noteworthy observations. Surpris-
ingly, worst-case distributions within classes defined by expectation and
variance are realized by simple, symmetric two-realizations distributions,
orthogonal to all previous variables, which induce identical method trajec-
tories. On the other hand, no insight into the structure of the associated
worst-case function has been obtained. Additionally, as in the determinis-
tic case, we showed that the worst-case analysis of stochastic methods re-
duces to a maximization problem over a convex set of size linear in N, the
number of iterations, and independent of the algorithm’s structure. How-
ever, we could not obtain any tractable representation for this convex set.
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Appendix to Chapter 8

8.A  Practical implementation of (Prejax,1) and (Prelax, sym)

This section provides the full SDP formulation for solving slightly gener-
alized versions of (8.16) and (8.27). That is, we provide an example of SDP
formulation for solving the simplest SDP relaxation (Prejax,1) of (8.9), and
its refinement (Prejax, sym), ON the analysis of N iterations of (SGD) on Fo 1,
under the additive bounded noise model.

Consider first the general case of analyzing N iterations of a method M
on a class F, under noise (), and given an initial condition Cjn; satisfying
Assumption 8.1. In Section 8.3, we defined the Gram representation of sets
S = {(xi, fi,8) Yi=01,. N« € (R x R R)N*2 and V = {(e;,07) }i=o1,..n-1 €
(R x R)N as

F:={fo for s fn, 08,05 117, (8.40)
G:=PP', where P := [x*,xo,...,xl\],g*,go,...,gN,eo,...,sN_l]T

4

see (8.5). For computational purposes, we introduce a slightly different
Gram representation of S U V, that is,

F:=[fo,..., fn, 08,05 11", (8.41)
G:= PPT, where P := [x(]/g()/'"/gN/gOI"'rSNfl]T

7

This representation allows (i) reducing the size of the variables in all SDP
formulations of (8.9), and (ii) encoding the optimal condition | g.||? = 0,
and the method’s dynamics directly via selection vectors, whose purpose
are to access all scalar products in G, including those involving xy, k > 1.
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Specifically, we consider w.l.o.g. x, to be the origin, and f, = 0. To access
elements of G, given e; the ith-unit vector, we then define selection vectors

L g* :X*:0€R2N+2, f*:0€R2N+l,
® Fork=0,1,...,N, gx =ey42 € R2N*2 and f, = €1 € R2N+1
i FOI‘k:O,l,...,N—1,Vk:eN+3+k61R2N+2 and Sk:eN+2+k€]R2N+l,

® Xg=e¢€1 €]R2N+2, and Xk4-1 :Xo—l-Zi(I& txk/i(gl-—i—vl-), k=0,1,...,N —
1.

These vectors allow accessing all f;’s and , 0]2’5 #=0,1,...,N,x,j=0,1,...,N—
1) in F, and scalar products of Xi,8is€j’s i=01,...,Nxj=01,...,N-1)
in G. For instance,

x| Gxj = (x;,x;), g/ Ggj = (31,8)), v Gv; = (g;,¢)),

x| Ggj=(xi,8)), & Gv;=(gie)),

XITGV]' = <xi,€]‘>,
and

FT(f;—f)=fi— fu

Using these selection vectors allows formulating (8.16) (generalized to N

iterations) as follows.

max F'(fy — f,) sit.
(F,G)G]RN+1 XSiI\H»Z

. - 1
F-interpolability: F'(f; — f;) > g]TG(xi —xj) + ﬁ(gj - gi)TG(gj —8i)
vi,j=0,1,...,N,*,

Cinit: (X0 — %) 'G(xg — x4) <1,

Cy v Gx;=v] Ggj=v{Gv;=0,k1=0,1,...,N -1,
I#k j<k

Cvariance : v Gvp=0%,k=0,1,...,N -1,

where satisfaction of M arises from the definition of the selection vectors,
and the interpolation conditions follow from (8.8).

Before providing the full formulation of (8.27), generalized to N itera-
tions, we show that the constraint G ’= 0, in (Pyejax multi), can be equivalently
reduced to linear inequalities on G, GY.
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Proposition 8.5. Given p,k €N, p > 1, let M € (S5)2"*%" be a 2P-dimensional
order p super-symmetric matrix whose elements belong to S¥. Then, M = 0 can
be expressed via 3P linear inequalities in the elements of M.

Proof. We proceed by induction.

o If p=1,M=0 if and Ol’lly if M1’1 =0, M1’1 — M1,2 =0, M1,1 + M1,2 =

0. Indeed,
M, My 2) ToT (Ml 1 M 2) [X} k
’ “l=0& [x ’ ’ =0, Vx,y e R
<M1,2 Ml,l [ y ] erz Ml,l y y

& x"™Myx +y " Myyy +2x Moy >0, Vx,y € RF
& (x+y) (M1 + M) (x+y) + (x —y) T (M1 — Myp)(x —y) >0,
Vx,y € RF.

Condition M ; = 0 follows from the case y =0, M; 1 — M; 7 = 0 from
the case y = x, and Mj 1 + M; » = 0 from the case y = —x.

® Suppose the assertion is true for p, and consider the case p + 1. Par-
tition M into four blocks in (8%)2"*2":

M — (]\ffm Affl,z) .
M, Mg
Then, M =0 if and only if Ml,l =0, Ml,l — Ml,Z =0, Ml,l + erz =0.
By assumption, each of these 3 positive definiteness constraints can
be expressed via 3” linear expressions in the elements (in le) of My,

Mi1 — My, and M1 + M », respectively, as all are order p super-
symmetric. The total number of constraints is thus 37+

O

Building on Proposition 8.5, it holds that the N iterations version of
(8.22) can be expressed as

max F'(fy —f,) sit.
(P,G)E]RN+1 XSZN+2,
G12652N+2

G2 G

F-interpolability: ~ F'(f; — f;) > g]—-rG(xi - X;)

12
(G G)%O: G=0,G+G2=0,G-G2%0,
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1 .
7(8] — g,)TG(gJ — gi)/ 1,] = 0,1,...,N,%,
2L

FT(f; —f;) > g/ G"x; — g/ Gx))
1
+o7 (g]-T Ggj+8/ Ggi— Zg]-TGugj>,

i,j=0,1,...,N,x,

Cinit: (xo — %) "G(xg — x4) <1,

Cyp: vaGx]-:vang:vale:O, Vi#k j<k,
Cvariance : v{Gvp=0% k=0,1,...,N—1,
Covariance: v,—(rGuvk =—0%,k=0,1,...,N—1,

where semi-definite positiveness constraint follows from Proposition 8.5.
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PART 1V
Conclusion



Research outcomes and
perspectives

His thesis proposed new tools to tackle open challenges in deriving
interpolation conditions, that is, exact discrete characterizations of
function and operator classes. In particular, we established such
characterizations (or, at least, refined existing ones) for a few classes that
had previously lacked tight discrete descriptions. We also investigated the
question of exactly describing expectations with respect to random vari-
ables, in classes of distributions with specified variance and expectation.
These developments enabled several extensions of computer-aided exact
performance analysis. In particular, we proposed extensions of the Perfor-
mance Estimation Problem (PEP) framework to weakly convex optimiza-
tion, second-order univariate optimization, and stochastic first-order opti-
mization, including methods operating under noise models with infinite
support.
We now summarize the main research outcomes of this research, and
overview some perspectives and open challenges.
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9.1 Research outcomes

Advances in function and operator interpolation Chapters 4 and 5 pro-
posed a constraint-based, algebraic approach to derive interpolation con-
ditions for function and operator classes in a principled manner.

More specifically, Chapter 4 proposed treating constraints themselves
as primary objects in interpolation theory, defining function or operator
classes algebraically by imposing these constraints globally. This allows
highlighting classes based on whether they admit a simple discrete de-
scription rather than on their analytic properties.

Additionally, Chapter 4 introduced the notion of pointwise extensibil-
ity (Definition 4.5), providing an algebraic framework to assess the inter-
polability of a constraint—whether derived from a function class or within
the constraint-based approach—by (i) automatically generating counterex-
amples to interpolability, or (ii) reducing interpolability proofs to algebraic
questions independent of the class’s analytic properties.

Further, Chapter 5 introduced a constructive procedure to derive inter-
polation conditions for a given class. Starting from any description of a
function or operator class, it iteratively refines the characterization, pro-
ducing interpolation conditions once stable. This approach strengthens
sets of conditions based only on algebraic properties, yielding improved
conditions that would have been challenging to guess based solely on the
class” analytical properties. Proving a constraint’s interpolability reduces
to showing its stability under this procedure, i.e., it can no longer be strength-
ened.

Finally, Chapter 6 focused on interpolation for univariate function classes.
It introduced a generic, principled approach to lift interpolation conditions
from a function class F to the class of functions whose derivatives lie in F.
This method enables the derivation of interpolation conditions for a wide
range of classes, particularly those defined by higher-order properties. Al-
though inherently limited to univariate functions, the resulting conditions
offer valuable insights into the structure of multivariate interpolation con-
ditions.

We briefly summarize several answers to the open questions raised in
Chapter 2, as proposed throughout this work.
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| Summary ! .

Question 1. Given a function/operator class , how to guess a can-
didate interpolation condition for F?

¢ Starting from a given discrete characterization of F, rely on the
constructive strengthening procedure introduced in Chapter 5.

¢ Using the approach presented in Chapter 1, obtain interpolation
conditions for the univariate restriction of 7. Building on these
interpolation conditions, guess a multivariate candidate.

Question 2. How to establish a constraint’s interpolability for F?

¢ Use pointwise extensibility as introduced in Chapter 4 to estab-
lish the interpolability of the constraint algebraically.

® Show stability of the constraint under the strengthening proce-
dure proposed in Chapter 5.

And to answer both questions at once?

® Use the constraint-based approach proposed in Chapter 4 and
obtain, altogether, function/operator classes and their interpola-
tion conditions.

Interpolation (or improved) conditions for a few first-order problem classes
Chapter 4 applied pointwise extensibility to derive interpolation condi-
tions for the class of weakly convex functions with bounded subgradients.
These conditions were shown to be Gram-representable, enabling a tight
numerical analysis of the subgradient method on this class.

Chapter 5 then refined existing descriptions of several problem classes,
including those of smooth functions satisfying a Lojasiewicz condition,
blockwise smooth convex functions, strongly monotone Lipschitz opera-
tors, and uniformly convex functions. The strengthened conditions pre-
serve the structure of the originals: Gram-representable conditions remain
SDP-representable. These improved descriptions enabled sharper numeri-
cal convergence bounds when used within PEP formulations.

Interpolation conditions for second-order univariate optimization Build-
ing on Chapter 6, Chapter 7 took a first step towards exact analysis of
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second-order methods by extending the PEP framework to the tight anal-
ysis of univariate optimization with second-order information. This was
achieved by (i) deriving exact discrete characterizations of several univari-
ate function classes defined via second-order properties, and (ii) propos-
ing tractable second-order PEP formulations using recent progress on non-
convex PEPs.

These developments provided insight into the structure of interpola-
tion conditions for second-order function classes, which are already non-
trivial in the univariate case. They also enabled the derivation of exact
convergence rates in this setting, which improve upon existing univariate
bounds, and serve as lower bounds in the multivariate case. Moreover,
when these match known multivariate rates, they certify their tightness
by exhibiting explicit worst-case instances. Finally, the computer-aided
framework facilitates fair numerical comparisons across methods.

Interpolation conditions for stochastic first-order optimization Finally,
Chapter 8 introduced a framework for the automated analysis of stochastic
first-order methods. Given a method, a function class, and a noise model
specified by its expectation and variance, the framework formulates a hi-
erarchy of SDP problems that yield increasingly tight convergence guar-
antees. These are based on a range of necessary, and ultimately sufficient,
conditions characterizing the expected values, under any distribution in
the noise model, arising in the method. These expected values are embed-
ded as variables in the PEP formulations.

The simplest such formulation, whose complexity scales linearly with
the number of iterations, provides convergence rates that turn out, numer-
ically, to be already exact on many problem classes. This tightness is veri-
fied, for a small number of iterations, by solving the exact PEP formulation,
whose complexity scales exponentially with the number of iterations.

The framework accommodates various stochastic settings, with finite
or infinite support, including the unstructured noise model with bounded
variance, finite-sum optimization, and block-coordinate methods, in a uni-
fied manner, as guarantees apply to any setting consistent with the noise
model, i.e., its expectation and variance. This unified approach comes
at the cost of yielding rates which, though exact under the noise model,
may be suboptimal on specific noise structures, e.g., finite-sum optimiza-
tion or block-coordinate methods. Using this structural information via,
e.g., an all-scenarios approach [TB19], yields, in theory, better convergence
rates. However, since the all-scenarios approach scales exponentially with
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the number of iterations and is hence restricted to the analysis of a small
number of iterations, the scalable small-sized relaxation of our framework
sometimes improves on all-scenarios convergence guarantees.

Perspectives and open questions

The tools introduced in this thesis open several avenues for future research.
On the one hand, they can be further leveraged to extend the Performance
Estimation Problem (PEP) framework to broader settings. On the other
hand, they also come with certain limitations, in particular, their practi-
cal tractability. These limitations raise open challenges that remain to be
addressed.

Further exploitation of the proposed tools

The tools proposed throughout this thesis can be readily extended to an-
alyze a wide range of settings beyond those considered in this work. For
instance, the refinement procedure introduced in Chapter 5 can, in princi-
ple, be applied to strengthen any non-sufficient constraint.

Exploitation of the univariate framework of Chapters 6 and 7 The uni-
variate interpolation framework developed in Chapter 6 can be leveraged
to derive interpolation conditions for additional function classes, includ-
ing those characterized by higher-order properties. These conditions can
then be used within the PEP framework to tightly analyze a broad range
of algorithms in the univariate setting, such as tensor methods [Nes21],
zeroth-order methods, or adaptive methods. Such analyses would provide
insight into the bottlenecks of the method, exact bounds in the univariate
setting, and lower bounds in the multivariate setting.

Exploitation of the stochastic framework of Chapter 8 Similarly, while
the stochastic framework of Chapter 8 was primarily used to analyze (SGD)
on the class F, | of smooth (strongly) convex functions, the approach nat-
urally extends to a wider array of methods and function classes. As dis-
cussed in Section 8.3, any problem satisfying Assumption 8.1, including ac-
celerated methods, and those applied to non-convex or non-smooth prob-
lems, can be addressed using this framework. Beyond analyzing existing
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methods, the framework may also be used for the principled design of new
algorithms, as illustrated in [DT20].

Finally, the proposed framework supports a reverse perspective: iden-
tifying the noise assumptions under which desirable convergence rates are
achievable, and designing algorithms that satisfy them.

Analytical proofs Finally, while the thesis primarily relied on solving, nu-
merically, PEP formulations under their primal form, one could also con-
sider dual formulations, either to obtain dual numerical results or to re-
trieve analytical guarantees, as introduced in Chapter 3.

Open questions

On the limits of the algebraic approach to interpolation The algebraic
approach to interpolation developed in Chapters 4 and 5 presents several
practical limitations. In particular, the resulting proofs, using this algebraic
framework, are often tedious and require familiarity with non-trivial alge-
braic concepts. This drawback can be partially mitigated by leveraging
symbolic computation tools, such as Mathematica notebooks [Inc].

Further, the one-point strengthening procedure presented in Chapter
5, which allows, theoretically, obtaining interpolation conditions for any
given function or operator class in an automated way, is in practice limited.
For instance, one-point strengthenings are expressed as minimax optimiza-
tion problems, whose resolution is in general challenging. In particular, the
tools we used for solving such problems, which consist of dualizing the in-
ner problem, fail on non-convex initial constraints, and may only provide
relaxed strengthenings. Moreover, due to the complexity of solving this
minimax problem, we are quickly limited in the iterative procedure, since
formulations become hardly manipulable, both for computing their one-
point strengthening and for proving their stability. Hence, in practice, (i)
starting from wisely defined constraints is, in fact, crucial to obtain interpo-
lation conditions as final products, and (ii) proving stability of a constraint,
hence its interpolability, is almost never feasible.

The many remaining open challenges thus include the question of tack-
ling conditions whose one-point strengthenings are not convex, by relying
on tools other than dualization. Another venue for improvement is that
of specializing the approach to more specific classes of problems. Yet an-
other possible improvement could be to search for one-point strengthen-
ings without relaxations, for instance, by relying on quantifier elimination
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techniques (see, e.g., [BPR06]), that do not scale well in the number of vari-
ables and parameters in general, but that could handle our problems with
very few of them.

Structure of interpolation conditions In Chapter 5, we observed that
some interpolation conditions are not pairwise, i.e., they involve more than
two points. In particular, we obtained refined descriptions of some func-
tion and operator classes, involving three points. However, we were not
able to conclude on the interpolability of these refinements. This leaves the
following questions open: are there function/operator classes whose in-
terpolation conditions are terwise? Or involving even more datapoints? In
addition, guessing in advance which classes admit pairwise interpolation
conditions is also an open challenge.

Computer-aided analysis of multivariate second-order optimization The
extension of the PEP framework to the analysis of second-order methods
presented in Chapter 7 is limited to univariate analyses. A natural exten-
sion would thus be to tackle the multivariate case. This would require (i)
obtaining multivariate interpolation conditions, for instance by building
on the interpolation conditions we derived, which naturally furnish can-
didate multivariate conditions-but guessing the right candidate is a priori
not straightforward, and (ii) finding a way to efficiently solve PEP formu-
lations involving matrix variables accounting for the Hessians, an already
computationally expensive task in the univariate setting.

Limitations of the stochastic framework The main limitation of the
stochastic framework proposed in Chapter 8 is its scalability to obtain tight
convergence guarantees, since exact rates only result from formulations
whose size grows exponentially with N, the number of iterations analyzed.

An important avenue for improvement lies in reducing the computa-
tional complexity of the framework. One direction would be to derive an
exact description of the convex set Gg of pairs (F,G) corresponding to ac-
tual problems, with size scaling linearly in N, or to further rely on the
symmetry of the exponential formulation. Alternatively, building on the
observation that the simplest relaxation in the proposed framework is al-
ready tight for many problem classes, one could develop an automated
procedure to verify whether this relaxation yields exact guarantees, or bet-
ter understand what problems possess this tightness property.
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Are we analyzing the right problem classes? Finally, a more prospective
question that arises from all observations made in this work is the follow-
ing: are the function and operator classes classically used in optimization
theory the right ones? Indeed, one would expect function and operator
classes of interest to have simple discrete characterizations, since any per-
formance analysis builds on those discrete characterizations rather than
global ones. However, it seems that a range of classical function classes,
especially second-order function classes, admit complex discrete charac-
terizations.

A less immediate, but promising, direction would thus be, for instance,
to further exploit the constraint-based approach proposed in Chapter 4.
In particular, analyzing a broader set of candidate constraints to identify
those that are interpolable and define meaningful function or operator classes
could lead to the discovery of new classes. These classes would be char-
acterized by the simplicity of their interpolation conditions, an especially
appealing prospect in the context of second-order analysis.

| 230



[Abb24]

[AD19]

[AdKZ23a]

[AdKZ23b]

[AdKZ24]

[AM17a]

[AM17b]

Bibliography

Hadi Abbaszadehpeivasti. Performance analysis of optimization
methods for machine learning. PhD thesis, Tilburg University,
2024.

Hilal Asi and John C Duchi. Stochastic (approximate) proxi-
mal point methods: Convergence, optimality, and adaptivity.
SIAM Journal on Optimization, 29(3):2257-2290, 2019.

Hadi Abbaszadehpeivasti, Etienne de Klerk, and Moslem
Zamani. Conditions for linear convergence of the gradient

method for non-convex optimization. Optimization Letters,
17(5):1105-1125, 2023.

Hadi Abbaszadehpeivasti, Etienne de Klerk, and Moslem Za-
mani. Convergence rate analysis of randomized and cyclic
coordinate descent for convex optimization through semidef-
inite programming. Applied Set-Valued Analysis and Optimiza-
tion, 5(2):141-153, 2023.

Hadi Abbaszadehpeivasti, Etienne de Klerk, and Moslem Za-
mani. On the rate of convergence of the difference-of-convex
algorithm (DCA). Journal of Optimization Theory and Applica-
tions, 202(1):475-496, 2024.

Daniel Azagra and Carlos Mudarra. An extension theorem
for convex functions of class c1, 1 on hilbert spaces. Journal of
Mathematical Analysis and Applications, 446(2):1167-1182, 2017.

Daniel Azagra and Carlos Mudarra. Whitney extension theo-
rems for convex functions of the classes C! and C*. Proceed-
ings of the London Mathematical Society, 114(1):133-158, 2017.

| 231



[AM19]

[AP24]

[AZ18]

[Bac10]

[Bar21]

[BB07]

[BC17]

[BCN18]

[BDLO7]

[Bec17]

[Ber(9]

[BHG24]

Bibliography | *

Daniel Azagra and Carlos Mudarra. Smooth convex exten-
sions of convex functions. Calculus of Variations and Partial
Differential Equations, 58(84), 2019.

Jason M Altschuler and Pablo A Parrilo. Acceleration by step-
size hedging: Silver stepsize schedule for smooth convex op-
timization. Mathematical Programming, pages 1-14, 2024.

Zeyuan Allen-Zhu. Katyusha: The first direct acceleration of
stochastic gradient methods. Journal of Machine Learning Re-
search, 18(221):1-51, 2018.

Francis Bach. Self-concordant analysis for logistic regression.
Electronic Journal of Statistics, 4:384 — 414, 2010.

Mathieu Barré. Worst-case analysis of efficient first-order methods.
PhD thesis, Université Paris sciences et lettres, 2021.

Léon Bottou and Olivier Bousquet. The tradeoffs of large scale
learning. Advances in neural information processing systems, 20,
2007.

Heinz H Bauschke and Patrick L Combettes. Convex analysis
and monotone operator theory in Hilbert spaces. Springer, 2017.

Léon Bottou, Frank E Curtis, and Jorge Nocedal. Optimiza-
tion methods for large-scale machine learning. SIAM review,
60(2):223-311, 2018.

Jérome Bolte, Aris Daniilidis, and Adrian Lewis. The to-
jasiewicz inequality for nonsmooth subanalytic functions
with applications to subgradient dynamical systems. SIAM
Journal on Optimization, 17(4):1205-1223, 2007.

Amir Beck. First-order methods in optimization. SIAM, 2017.

Dimitri Bertsekas. Convex optimization theory, volume 1.
Athena Scientific, 2009.

Nizar Bousselmi, Julien M Hendrickx, and Frangois Glineur.
Interpolation conditions for linear operators and applications
to performance estimation problems. SIAM Journal on Opti-
mization, 34(3):3033-3063, 2024.

| 232



[BNPS17]

[Bor87]

[Bor08]

[Boy04]
[BPRO6]

[BSO0]

[BSO1]

[BST14]

[BTO8]

[BT13]

[BTB22]

[BTd20]

Bibliography | *

Jérdme Bolte, Trong Phong Nguyen, Juan Peypouquet, and
Bruce W Suter. From error bounds to the complexity of first-
order descent methods for convex functions. Mathematical
Programming, 165:471-507, 2017.

Karl-Heinz Borgwardt. The simplex algorithm: a probabilistic
analysis. Algorithms and Combinatorics, 1, 1987.

Vivek S Borkar. Stochastic approximation: a dynamical systems
viewpoint, volume 9. Springer, 2008.

Stephen Boyd. Convex optimization. Cambridge UP, 2004.

Saugata Basu, Richard M. Pollack, and Marie-Francoise Roy.
Algorithms in Real Algebraic Geometry, volume 10 of Algorithms
and Computation in Mathematics. Springer-Verlag, Berlin, 2006.

Robert G Bartle and Donald R Sherbert. Introduction to real
analysis. John Wiley & Sons, Inc., New Jersey, 2000.

Yuri Brudnyi and Pavel Shvartsman. Whitney’s extension
problem for multivariate ¢ —functions. Transactions of the
American Mathematical Society, 353(6):2487-2512, 2001.

Raef Bassily, Adam Smith, and Abhradeep Thakurta. Private
empirical risk minimization: Efficient algorithms and tight er-
ror bounds. In 2014 IEEE 55th annual symposium on foundations
of computer science, pages 464-473. IEEE, IEEE, 2014.

Dimitri Bertsekas and John N Tsitsiklis. Introduction to proba-
bility, volume 1. Athena Scientific, 2008.

Amir Beck and Luba Tetruashvili. On the convergence of
block coordinate descent type methods. SIAM Journal on Op-
timization, 23(4):2037-2060, 2013.

Mathieu Barré, Adrien B Taylor, and Francis Bach. Principled
analyses and design of first-order methods with inexact prox-
imal operators. Mathematical Programming, pages 1-46, 2022.

Mathieu Barré, Adrien Taylor, and Alexandre d’Aspremont.
Complexity guarantees for polyak steps with momentum. In
Conference on learning theory, pages 452-478. PMLR, 2020.

| 233



[BTNO2]

[Bur85]

[BW21]

[Ct47]

[CDO18]

[CGTO0]

[CGT10]

[CGT11]

[CH23]

Bibliography | *

Aharon Ben-Tal and Arkadi Nemirovski. Robust
optimization—-methodology and applications. = Mathemati-
cal programming, 92:453-480, 2002.

James V Burke. Descent methods for composite nondiffer-
entiable optimization problems. Mathematical Programming,
33:260-279, 1985.

Axel Bohm and Stephen ] Wright. Variable smoothing for
weakly convex composite functions. Journal of optimization
theory and applications, 188:628-649, 2021.

Augustin Cauchy et al. Méthode générale pour la résolution
des systemes d’équations simultanées. Comp. Rend. Sci. Paris,
25(1847):536-538, 1847.

Michael Cohen, Jelena Diakonikolas, and Lorenzo Orecchia.
On acceleration with noise-corrupted gradients. In Jennifer
Dy and Andreas Krause, editors, Proceedings of the 35th Inter-
national Conference on Machine Learning, volume 80 of Proceed-
ings of Machine Learning Research, pages 1019-1028. PMLR, 10—
15 Jul 2018.

Andrew R Conn, Nicholas IM Gould, and Philippe L Toint.
Trust region methods. SIAM, 2000.

Coralia Cartis, Nicholas IM Gould, and Ph L Toint. On the
complexity of steepest descent, Newton’s and regularized
Newton’s methods for nonconvex unconstrained optimiza-
tion problems. Siam journal on optimization, 20(6):2833-2852,
2010.

Coralia Cartis, Nicholas IM Gould, and Philippe L Toint.
Adaptive cubic regularisation methods for unconstrained op-
timization. Part I: motivation, convergence and numerical re-
sults. Mathematical Programming, 127(2):245-295, 2011.

Sebastien Colla and Julien M Hendrickx. Automatic perfor-
mance estimation for decentralized optimization. IEEE Trans-
actions on Automatic Control, 68(12):7136-7150, 2023.

| 234



Bibliography | *

[CHVSL18] Saman Cyrus, Bin Hu, Bryan Van Scoy, and Laurent Lessard.

[CKPG25]

[Cla36]

[Col24]

[d"A08]

[DBLJ14]

[DD19]

[DDG*22]

[DDMP18]

A robust accelerated optimization algorithm for strongly con-
vex functions. In 2018 Annual American Control Conference
(ACC), pages 1376-1381. IEEE, IEEE, 2018.

Daniel Cortild, Lucas Ketels, Juan Peypouquet, and Guil-
laume Garrigos. New tight bounds for sgd without vari-
ance assumption: A computer-aided lyapunov analysis. arXiv
preprint arXiv:2505.17965, 2025.

James A. Clarkson. Uniformly convex spaces. Transactions of
the American Mathematical Society, 40(3):396-414, 1936.

Sébastien Colla. Computer-Aided Analysis of Decentralized Opti-
mization Methods. PhD thesis, UCL-Université Catholique de
Louvain, 2024.

Alexandre d’Aspremont. Smooth optimization with approxi-
mate gradient. SIAM Journal on Optimization, 19(3):1171-1183,
2008.

Aaron Defazio, Francis Bach, and Simon Lacoste-Julien. Saga:
A fast incremental gradient method with support for non-
strongly convex composite objectives. Advances in neural in-
formation processing systems, 27, 2014.

Damek Davis and Dmitriy Drusvyatskiy. Stochastic model-
based minimization of weakly convex functions. SIAM Jour-
nal on Optimization, 29(1):207-239, 2019.

Marina Danilova, Pavel Dvurechensky, Alexander Gasnikov,
Eduard Gorbunov, Sergey Guminov, Dmitry Kamzolov, and
Innokentiy Shibaev. Recent theoretical advances in non-
convex optimization. In High-Dimensional Optimization and
Probability: With a View Towards Data Science, pages 79-163.
Springer, 2022.

Damek Davis, Dmitriy Drusvyatskiy, Kellie ] MacPhee, and
Courtney Paquette. Subgradient methods for sharp weakly
convex functions. Journal of Optimization Theory and Applica-
tions, 179:962-982, 2018.

| 235



[DG19]

[DGFST24]

[DGN13]

[DGN14]

[DGVPR24]

[DHLGL18]

[DKGT17]

[DKGT20]

[DMN24]

Bibliography | *

Damek Davis and Benjamin Grimmer. Proximally guided
stochastic subgradient method for nonsmooth, nonconvex
problems. SIAM Journal on Optimization, 29(3):1908-1930,
2019.

Shuvomoy Das Gupta, Robert M Freund, Xu Andy Sun, and
Adrien Taylor. Nonlinear conjugate gradient methods: worst-
case convergence rates via computer-assisted analyses. Math-
ematical Programming, 2024.

Olivier Devolder, Francois Glineur, and Yurii Nesterov. First-
order methods with inexact oracle: the strongly convex case.
CORE Discussion Papers, 2013016:47, 2013.

Olivier Devolder, Francois Glineur, and Yurii Nesterov. First-
order methods of smooth convex optimization with inexact
oracle. Mathematical Programming, 146:37-75, 2014.

Shuvomoy Das Gupta, Bart PG Van Parys, and Ernest K Ryu.
Branch-and-bound performance estimation programming: A
unified methodology for constructing optimal optimization
methods. Mathematical Programming, 204(1):567-639, 2024.

Aris Daniilidis, Mounir Haddou, Erwan Le Gruyer, and
Olivier Ley. Explicit formulas for C! Glaeser-Whitney ex-
tensions of 1-Taylor fields in Hilbert spaces. Proceedings of the
American Mathematical Society, 146(10):4487-4495, 2018.

Etienne De Klerk, Frangois Glineur, and Adrien B Taylor. On
the worst-case complexity of the gradient method with exact
line search for smooth strongly convex functions. Optimization
Letters, 11:1185-1199, 2017.

Etienne De Klerk, Francois Glineur, and Adrien B Tay-
lor. Worst-case convergence analysis of inexact gradient and
newton methods through semidefinite programming perfor-
mance estimation. SIAM Journal on Optimization, 30(3):2053—
2082, 2020.

Nikita Doikov, Konstantin Mishchenko, and Yurii Nesterov.
Super-universal regularized Newton method. SIAM Journal
on Optimization, 34(1):27-56, 2024.

| 236



[DN21]

[DN24]

[Doi21]

[Doi23]

[DP19]

[Drol7]

[Dro20]

[DS09]

[DS20]

[DT14]

[DT16]

Bibliography | *

Nikita Doikov and Yurii Nesterov. Minimizing uniformly
convex functions by cubic regularization of newton method.
Journal of Optimization Theory and Applications, 189(1):317-339,
2021.

Nikita Doikov and Yurii Nesterov. Gradient regularization of
newton method with bregman distances. Mathematical pro-
gramming, 204(1):1-25, 2024.

Nikita Doikov. New second-order and tensor methods in convex
optimization. PhD thesis, Université catholique de Louvain,
Louvain-la-Neuve, Belgium, 2021.

Nikita Doikov. Minimizing quasi-self-concordant functions
by gradient regularization of Newton method. arXiv preprint
arXiv:2308.14742, 2023.

Dmitriy Drusvyatskiy and Courtney Paquette. Efficiency of
minimizing compositions of convex functions and smooth
maps. Mathematical Programming, 178:503-558, 2019.

Yoel Drori. The exact information-based complexity of
smooth convex minimization. Journal of Complexity, 39:1-16,
2017.

Yoel Drori. On the properties of convex functions over open
sets. Journal of Convex Analysis, 27:1303-1314, 2020.

John Duchi and Yoram Singer. Efficient online and batch
learning using forward backward splitting. The Journal of Ma-
chine Learning Research, 10:2899-2934, 2009.

Yoel Drori and Ohad Shamir. The complexity of finding sta-
tionary points with stochastic gradient descent. In Interna-
tional Conference on Machine Learning, pages 2658-2667. PMLR,
2020.

Yoel Drori and Marc Teboulle. Performance of first-order
methods for smooth convex minimization: a novel approach.
Mathematical Programming, 145(1):451-482, 2014.

Yoel Drori and Marc Teboulle. An optimal variant of kelley’s
cutting-plane method. Mathematical Programming, 160(1):321—
351, 2016.

| 237



[DT20]

[DTdB22]

[Durl9]

[Fef05]

[Fic64]

[FIL17]

[FR15]

[GT14]

[Gan22]

[GDT23]

[GEIGM22]

Bibliography | *

Yoel Drori and Adrien B Taylor. Efficient first-order methods
for convex minimization: a constructive approach. Mathemat-
ical Programming, 184(1-2):183-220, 2020.

Radu-Alexandru Dragomir, Adrien B Taylor, Alexandre
d’Aspremont, and Jérome Bolte. Optimal complexity and cer-
tification of Bregman first-order methods. Mathematical Pro-
gramming, 194:41-83, 2022.

Rick Durrett. Probability: theory and examples, volume 49. Cam-
bridge university press, 2019.

Charles L Fefferman. A sharp form of whitney’s extension
theorem. Annals of mathematics, 161(1):509-577, 2005.

Gaetano Fichera. Problemi elastostatici con vincoli unilaterali: il
problema di Signorini con ambigue condizioni al contorno. Ac-
cademia nazionale dei Lincei, 1964.

Charles Fefferman, Arie Israel, and Garving K Luli. Inter-
polation of data by smooth nonnegative functions. Revista
matemdtica iberoamericana, 33(1):305-324, 2017.

Olivier Fercoq and Peter Richtarik. Accelerated, parallel, and
proximal coordinate descent. SIAM Journal on Optimization,
25(4):1997-2023, 2015.

Ian Goodfellow et al. Generative adversarial nets. In Ad-
vances in Neural Information Processing Systems, pages 2672—
2680, 2014.

Oran Gannot. A frequency-domain analysis of inexact gra-
dient methods. Mathematical Programming, 194(1-2):975-1016,
2022.

Baptiste Goujaud, Aymeric Dieuleveut, and Adrien Taylor.
On fundamental proof structures in first-order optimization.
In 2023 62nd IEEE Conference on Decision and Control (CDC),
pages 3023-3030. IEEE, IEEE, 2023.

Charles Guille-Escuret, Adam Ibrahim, Baptiste Goujaud,
and loannis Mitliagkas. Gradient descent is optimal under
lower restricted secant inequality and upper error bound. Ad-
vances in Neural Information Processing Systems (NeurIPS), 2022.

| 238



[GG23]

[GHR20]

[GL12]

[GL13]

[Gla58]

[GLG22]

[GLQ"19]

[GMG*22]

[GMG'24]

Bibliography | *

Guillaume Garrigos and Robert M Gower. Handbook of con-
vergence theorems for (stochastic) gradient methods. arXiv
preprint arXiv:2301.11235, 2023.

Eduard Gorbunov, Filip Hanzely, and Peter Richtarik. A uni-
fied theory of sgd: Variance reduction, sampling, quantiza-
tion and coordinate descent. In International Conference on Ar-
tificial Intelligence and Statistics, pages 680-690. PMLR, 2020.

Saeed Ghadimi and Guanghui Lan. Optimal stochastic ap-
proximation algorithms for strongly convex stochastic com-
posite optimization i: A generic algorithmic framework.
SIAM Journal on Optimization, 22(4):1469-1492, 2012.

Saeed Ghadimi and Guanghui Lan. Stochastic first-and
zeroth-order methods for nonconvex stochastic program-
ming. SIAM journal on optimization, 23(4):2341-2368, 2013.

Georges Glaeser. Etude de quelques algebres tayloriennes.
Journal d’analyse mathématique, 6(1):1-124, 1958.

Eduard Gorbunov, Nicolas Loizou, and Gauthier Gidel. Ex-
tragradient method: O (1/k) last-iterate convergence for
monotone variational inequalities and connections with coco-
ercivity. In International Conference on Artificial Intelligence and
Statistics, pages 366—402. PMLR, 2022.

Robert Mansel Gower, Nicolas Loizou, Xun Qian, Alibek
Sailanbayev, Egor Shulgin, and Peter Richtarik. Sgd: Gen-
eral analysis and improved rates. In International conference on
machine learning, pages 5200-5209. PMLR, 2019.

Baptiste Goujaud, Céline Moucer, Frangois Glineur, Julien
Hendrickx, Adrien Taylor, and Aymeric Dieuleveut. PEPit:
computer-assisted worst-case analyses of first-order opti-
mization methods in Python. arXiv preprint arXiv:2201.04040,
2022.

Baptiste Goujaud, Céline Moucer, Frangois Glineur, Julien M.
Hendrickx, Adrien B. Taylor, and Aymeric Dieuleveut. Pepit:
computer-assisted worst-case analyses of first-order opti-
mization methods in Python. Mathematical Programming Com-
putation, 16(3):337-367, 2024.

| 239



[Gri24]

[Gru09]

[GSBR20]

[GTD22]

[GTD23]

[GTG22]

[GTHG23]

[Gur23]

[GY20]

[GY24]

Bibliography | *

Benjamin Grimmer. Provably faster gradient descent via long
steps. SIAM Journal on Optimization, 34(3):2588-2608, 2024.

Erwan Le Gruyer. Minimal Lipschitz extensions to differ-
entiable functions defined on a Hilbert space. Geometric and
Functional Analysis, 19(4):1101-1118, 2009.

Robert M Gower, Mark Schmidt, Francis Bach, and Peter
Richtédrik. Variance-reduced methods for machine learning.
Proceedings of the IEEE, 108(11):1968-1983, 2020.

Baptiste Goujaud, Adrien Taylor, and Aymeric Dieuleveut.
Optimal first-order methods for convex functions with a
quadratic upper bound. preprint arXiv:2205.15033, 2022.

Baptiste Goujaud, Adrien Taylor, and Aymeric Dieuleveut.
Provable non-accelerations of the heavy-ball method. arXiv
preprint arXiv:2307.11291, 2023.

Eduard Gorbunov, Adrien Taylor, and Gauthier Gidel. Last-
iterate convergence of optimistic gradient method for mono-
tone variational inequalities. Advances in Neural Information
Processing Systems (NeuriPS), 2022.

Eduard Gorbunov, Adrien Taylor, Samuel Horvath, and
Gauthier Gidel. = Convergence of proximal point and
extragradient-based methods beyond monotonicity: the case
of negative comonotonicity. In International Conference on Ma-
chine Learning, pages 11614-11641. PMLR, 2023.

Gurobi Optimization, LLC. Gurobi Optimizer Reference
Manual, 2023.

Guoyong Gu and Junfeng Yang. Tight sublinear convergence
rate of the proximal point algorithm for maximal monotone
inclusion problems. SIAM Journal on Optimization, 30(3):1905—
1921, 2020.

Guoyong Gu and Junfeng Yang. Tight ergodic sublinear con-
vergence rate of the relaxed proximal point algorithm for
monotone variational inequalities. Journal of Optimization The-
ory and Applications, 202(1):373-387, 2024.

| 240



[Hil88]

[Hil21]

[HKP+22]

[HL17]

[Ho186]

[HSL21]

[HSR17]

[TH24]

[Inc]

[IN14a]

Bibliography | *

David Hilbert. ~ Uber die darstellung definiter formen
als summe von formenquadraten. Mathematische Annalen,
32(3):342-350, 1888.

Roland Hildebrand. Optimal step length for the Newton
method: case of self-concordant functions. Mathematical Meth-
ods of Operations Research, 94(2):253-279, 2021.

Slavomir Hanzely, Dmitry Kamzolov, Dmitry Pasechnyuk,
Alexander Gasnikov, Peter Richtarik, and Martin Takdc. A
damped Newton method achieves global O(1/k?) and local
quadratic convergence rate. Advances in Neural Information
Processing Systems, 35:25320-25334, 2022.

Bin Hu and Laurent Lessard. Dissipativity theory for nes-
terov’s accelerated method. In International Conference on Ma-
chine Learning, pages 1549-1557. PMLR, 2017.

Otto Holder. Ueber die eigenschaft der gammafunction
keiner algebraischen differentialgleichung zu gentigen. Math-
ematische Annalen, 28(1):1-13, 1886.

Bin Hu, Peter Seiler, and Laurent Lessard. Analysis of biased
stochastic gradient descent using sequential semidefinite pro-
grams. Mathematical programming, 187:383-408, 2021.

Bin Hu, Peter Seiler, and Anders Rantzer. A unified analysis
of stochastic optimization methods using jump system the-
ory and quadratic constraints. In Conference on learning theory,
pages 1157-1189. PMLR, 2017.

Anastasia Ivanova and Roland Hildebrand. Optimal step
length for the maximal decrease of a self-concordant function
by the Newton method. Optimization Letters, 18(3):847-854,
2024.

Wolfram Research, Inc. Mathematica, Version 14.2. Cham-
paign, IL, 2024.

Anatoli Juditski and Yuri Nesterov. Primal-dual subgradient
methods for minimizing uniformly convex functions. preprint
arXiv:1401.1792, 2014.

| 241



[JN14b]

[JZ13]

[KF16]

[KF21]

[KGHN25]

[KHG23]

[Kim21]

[Kir34]

[KJH24]

[KNS16]

Bibliography | *

Anatoli Juditsky and Yuri Nesterov. Deterministic and
stochastic primal-dual subgradient algorithms for uniformly
convex minimization. Stochastic Systems, 4(1):44-80, 2014.

Rie Johnson and Tong Zhang. Accelerating stochastic gradi-
ent descent using predictive variance reduction. Advances in
neural information processing systems, 26, 2013.

Donghwan Kim and Jeffrey A Fessler. Optimized first-order
methods for smooth convex minimization. Mathematical pro-
gramming, 159:81-107, 2016.

Donghwan Kim and Jeffrey A Fessler. Optimizing the effi-
ciency of first-order methods for decreasing the gradient of
smooth convex functions. Journal of optimization theory and ap-
plications, 188(1):192-219, 2021.

Yassine Kamri, Francois Glineur, Julien M Hendrickx, and Ion
Necoara. On the worst-case analysis of cyclic block coordi-
nate descent type algorithms. arXiv preprint arXiv:2507.16675,
2025.

Yassine Kamri, Julien M Hendrickx, and Francois Glineur. On
the worst-case analysis of cyclic coordinate-wise algorithms
on smooth convex functions. In 2023 European Control Confer-
ence (ECC), pages 1-8. IEEE, IEEE, 2023.

Donghwan Kim. Accelerated proximal point method for
maximally monotone operators. Mathematical Programming,
190(1):57-87, 2021.

Mojzesz Kirszbraun. Uber die zusammenziehende und
lipschitzsche transformationen. Fundamenta Mathematicae,
22(1):77-108, 1934.

Qingyuan Kong, Rujun Jiang, and Yihan He. Linear conver-
gence of the proximal gradient method for composite opti-
mization under the polyak-tojasiewicz inequality and its vari-
ant. arXiv preprint arXiv:2411.11628, 2024.

Hamed Karimi, Julie Nutini, and Mark Schmidt. Linear con-
vergence of gradient and proximal-gradient methods under

| 242



[Kor76]

[KR20]

[Las09]

[Lev44]

[LG24]

[Lie21]

[LMH15]

[Loj63]

[LQT+24]

[LRP16]

Bibliography | *

the Polyak-tojasiewicz condition. In Machine Learning and
Knowledge Discovery in Databases: European Conference, Proceed-
ings, Part I 16, pages 795-811. Springer, 2016.

Galina M Korpelevich. The extragradient method for finding
saddle points and other problems. Matecon, 12:747-756, 1976.

Ahmed Khaled and Peter Richtdrik. Better theory for sgd in
the nonconvex world. arXiv preprint arXiv:2002.03329, 2020.

Jean Bernard Lasserre. Moments, positive polynomials and their
applications, volume 1. World Scientific, 2009.

Kenneth Levenberg. A method for the solution of certain non-
linear problems in least squares. Quarterly of applied mathemat-
ics, 2(2):164-168, 1944.

Alan Luner and Benjamin Grimmer. Performance esti-
mation for smooth and strongly convex sets.  preprint
arXiv:2410.14811, 2024.

Felix Lieder. On the convergence rate of the halpern-iteration.
Optimization letters, 15(2):405-418, 2021.

Hongzhou Lin, Julien Mairal, and Zaid Harchaoui. A uni-
versal catalyst for first-order optimization. Advances in neural
information processing systems, 28, 2015.

Stanislaw Lojasiewicz. Une propriété topologique des sous-
ensembles analytiques réels. Les équations aux dérivées par-
tielles, 117:87-89, 1963.

Haochuan Li, Jian Qian, Yi Tian, Alexander Rakhlin, and Ali
Jadbabaie. Convex and non-convex optimization under gen-
eralized smoothness. Advances in Neural Information Processing
Systems, 36, 2024.

Laurent Lessard, Benjamin Recht, and Andrew Packard.
Analysis and design of optimization algorithms via integral
quadratic constraints. SIAM Journal on Optimization, 26(1):57—
95, 2016.

| 243



[LS67]

[LYR25]

[Mar63]

[Mar08]

[MB11]

[MBB18]

[McS34]

[Mis23]

[(M]20]

[Mor65]

Bibliography | *

Jacques-Louis Lions and Guido Stampacchia. Variational in-
equalities. Communications on pure and applied mathematics,
20(3):493-519, 1967.

Jongmin Lee, Soheun Yi, and Ernest K Ryu. Convergence
analyses of davis-yin splitting via scaled relative graphs.
SIAM Journal on Optimization, 35(1):270-301, 2025.

Donald W Marquardt. An algorithm for least-squares estima-
tion of nonlinear parameters. Journal of the society for Industrial
and Applied Mathematics, 11(2):431-441, 1963.

Murray Marshall. Positive Polynomials and Sums of Squares, vol-
ume 146 of Mathematical Surveys and Monographs. American
Mathematical Society, 2008.

Eric Moulines and Francis Bach. Non-asymptotic analysis
of stochastic approximation algorithms for machine learning.
Advances in neural information processing systems, 24, 2011.

Siyuan Ma, Raef Bassily, and Mikhail Belkin. The power of
interpolation: Understanding the effectiveness of sgd in mod-
ern over-parametrized learning. In International Conference on
Machine Learning, pages 3325-3334. PMLR, 2018.

EJ McShane. Extension of range of functions. Bulletin of the
American Mathematical Society, 40(12):837-842, 1934.

Konstantin Mishchenko. Regularized Newton method with
global O(1/k?) convergence. SIAM Journal on Optimization,
33(3):1440-1462, 2023.

Vien Mai and Mikael Johansson. Convergence of a stochas-
tic gradient method with momentum for non-smooth non-
convex optimization. In International conference on machine
learning, pages 6630-6639. PMLR, 2020.

Jean-Jacques Moreau. Proximité et dualité dans un espace
hilbertien. Bulletin de la Société mathématique de France, 93:273—
299, 1965.

| 244



[MTB23]

[Nem94]

[Nes83]

[Nes08]

[Nes12]

[Nes15]

[Nes18]

[Nes21]

[Net19]

[NJLS09]

[NLST17]

Bibliography | *

Céline Moucer, Adrien Taylor, and Francis Bach. A system-
atic approach to lyapunov analyses of continuous-time mod-
els in convex optimization. SIAM Journal on Optimization,
33(3):1558-1586, 2023.

Arkadi Nemirovski. Efficient methods in convex program-
ming. Lecture notes, 1994.

Yurii Nesterov. A method for solving the convex program-
ming problem with convergence rate o (1/k2). In Dokl akad
nauk Sssr, volume 269, page 543, 1983.

Yu Nesterov. Accelerating the cubic regularization of new-
ton’s method on convex problems. Mathematical Programming,
112(1):159-181, 2008.

Yu Nesterov. Efficiency of coordinate descent methods on
huge-scale optimization problems. SIAM Journal on Optimiza-
tion, 22(2):341-362, 2012.

Yurii Nesterov. Universal gradient methods for convex op-
timization problems. Mathematical Programming, 152(1):381-
404, 2015.

Yurii Nesterov. Lectures on convex optimization, volume 137.
Springer, 2018.

Yurii Nesterov. Implementable tensor methods in uncon-
strained convex optimization. Mathematical Programming,
186(1):157-183, 2021.

Praneeth Netrapalli. Stochastic gradient descent and its vari-
ants in machine learning. Journal of the Indian Institute of Sci-
ence, 99(2):201-213, 2019.

Arkadi Nemirovski, Anatoli Juditsky, Guanghui Lan, and
Alexander Shapiro. Robust stochastic approximation ap-
proach to stochastic programming. SIAM Journal on optimiza-
tion, 19(4):1574-1609, 2009.

Lam M Nguyen, Jie Liu, Katya Scheinberg, and Martin Takac.
Sarah: A novel method for machine learning problems using
stochastic recursive gradient. In International conference on ma-
chine learning, pages 2613-2621. PMLR, 2017.

| 245



[NN94]

[NPO6]

[NSW14]

[Nur73]

[Nur74]

[NY83]

[P]92]

[Pol63]

[Pol07]

[Pol09]

[Pop80]

Bibliography | *

Yurii Nesterov and Arkadii Nemirovskii. Interior-point poly-
nomial algorithms in convex programming. SIAM, 1994.

Yurii Nesterov and Boris T Polyak. Cubic regularization of
Newton method and its global performance. Mathematical pro-
gramming, 108(1):177-205, 2006.

Deanna Needell, Nathan Srebro, and Rachel Ward. Stochas-
tic gradient descent, weighted sampling, and the randomized
kaczmarz algorithm. Advances in neural information processing
systems, 27, 2014.

Evgeni Alekseevich Nurminskii. The quasigradient method
for the solving of the nonlinear programming problems. Cy-
bernetics, 9(1):145-150, 1973.

EA Nurminskii. Minimization of nondifferentiable functions
in the presence of noise. Cybernetics, 10(4):619-621, 1974.

Arkadi Nemirovsky and David B. Yudin. Problem Complexity
and Method Efficiency in Optimization. Wiley-Interscience, New
York, 1983.

Boris T Polyak and Anatoli B Juditsky. Acceleration of
stochastic approximation by averaging. SIAM journal on con-
trol and optimization, 30(4):838-855, 1992.

Boris T Polyak. Gradient methods for the minimisation of
functionals. USSR Computational Mathematics and Mathemati-
cal Physics, 3(4):864-878, 1963.

Boris T Polyak. Newton’s method and its use in optimiza-
tion. European Journal of Operational Research, 181(3):1086—
1096, 2007.

Roman A Polyak. Regularized Newton method for un-
constrained convex optimization. Mathematical programming,
120:125-145, 2009.

Leonid Denisovich Popov. A modification of the arrow-
hurwitz method of search for saddle points. Mat. Zametki,
28(5):777-784, 1980.

| 246



[RB16]

[RBCH23]

[RBHG25]

[RCH25]

[RGP22]

[RGP24]

[RH24]

[RHT25]

[RM51]

Bibliography | *

Ernest K Ryu and Stephen Boyd. Primer on monotone opera-
tor methods. Appl. comput. math, 15(1):3-43, 2016.

Anne Rubbens, Nizar Bousselmi, Sébastien Colla, and
Julien M Hendrickx. Interpolation constraints for comput-
ing worst-case bounds in performance estimation problems.
In 2023 62nd IEEE Conference on Decision and Control (CDC),
pages 3015-3022. IEEE, 2023.

Anne Rubbens, Nizar Bousselmi, Julien M Hendrickx, and
Francois Glineur. Performance estimation of second-order op-
timization methods on classes of univariate functions. arXiv
preprint arXiv:2506.22764, 2025.

Anne Rubbens, Sébastien Colla, and Julien M Hendrickx.
Computer-aided analyses of stochastic first-order methods,
via interpolation conditions for stochastic optimization. arXiv
preprint arXiv:2507.05466, 2025.

Teodor Rotaru, Francois Glineur, and Patrinos Panagiotis.
Tight convergence rates of the gradient method on hypocon-
vex functions. arXiv preprint arXiv:2203.00775, 2022.

Teodor Rotaru, Francois Glineur, and Panagiotis Patrinos. Ex-
act worst-case convergence rates of gradient descent: a com-
plete analysis for all constant stepsizes over nonconvex and
convex functions. arXiv preprint arXiv:2406.17506, 2024.

Anne Rubbens and Julien M Hendrickx. A constraint-based
approach to function interpolation, with application to per-
formance estimation for weakly convex optimisation. arXiv
preprint arXiv:2405.08405, 2024.

Anne Rubbens, Julien M Hendrickx, and Adrien Taylor. A
constructive approach to strengthen algebraic descriptions of
function and operator classes. arXiv preprint arXiv:2504.14377,
2025.

Herbert Robbins and Sutton Monro. A stochastic approxima-
tion method. The annals of mathematical statistics, pages 400—
407, 1951.

| 247



[Roc70]

[RSB12]

[RSS11]

[RTBG20]

[Rud76]

[Rud87]

[Rup88]

[RVV20]

[RWWO09]

[SGD21]

[SL17]

Bibliography | *

Ralph Tyrrell Rockafellar. Convex Analysis. Princeton Univer-
sity Press, 1970.

Nicolas Roux, Mark Schmidt, and Francis Bach. A stochas-
tic gradient method with an exponential convergence rate for
finite training sets. Advances in neural information processing
systems, 25, 2012.

Alexander Rakhlin, Ohad Shamir, and Karthik Sridharan.
Making gradient descent optimal for strongly convex stochas-
tic optimization. arXiv preprint arXiv:1109.5647, 2011.

Ernest K Ryu, Adrien B Taylor, Carolina Bergeling, and Pon-
tus Giselsson. Operator splitting performance estimation:

Tight contraction factors and optimal parameter selection.
SIAM Journal on Optimization, 30(3):2251-2271, 2020.

Walter Rudin. Principles of Mathematical Analysis. McGraw-
Hill, New York, 3rd edition, 1976.

Walter Rudin. Real and complex analysis. McGraw-Hill, Inc.,
1987.

David Ruppert. Efficient estimations from a slowly con-
vergent robbins-monro process. Technical report, Cornell
University Operations Research and Industrial Engineering,
1988.

Lorenzo Rosasco, Silvia Villa, and Bang Cong Vii. Con-
vergence of stochastic proximal gradient algorithm. Applied
Mathematics & Optimization, 82:891-917, 2020.

R.T. Rockafellar, M. Wets, and R.].B. Wets. Variational Analysis.
Grundlehren der mathematischen Wissenschaften. Springer,
Berlin Heidelberg, 2009.

Othmane Sebbouh, Robert M Gower, and Aaron Defazio. Al-
most sure convergence rates for stochastic gradient descent
and stochastic heavy ball. In Conference on Learning Theory,
pages 3935-3971. PMLR, 2021.

Zigiang Shi and Rujie Liu. Better worst-case complexity anal-
ysis of the block coordinate descent method for large scale

| 248



[SLRB17]

[SR13]

[SSZ13]

[ST04]

[Stab4]

[STD19]

[Sti19]

[Sze39]

[TASV24]

[Tay17]

Bibliography | *

machine learning. In 2017 16th IEEE International Conference
on Machine Learning and Applications (ICMLA), pages 889-892.
IEEE, IEEE, 2017.

Mark Schmidt, Nicolas Le Roux, and Francis Bach. Minimiz-
ing finite sums with the stochastic average gradient. Mathe-
matical Programming, 162:83-112, 2017.

Mark Schmidt and Nicolas Le Roux. Fast convergence of
stochastic gradient descent under a strong growth condition.
arXiv preprint arXiv:1308.6370, 2013.

Shai Shalev-Shwartz and Tong Zhang. Stochastic dual coor-
dinate ascent methods for regularized loss. The Journal of Ma-
chine Learning Research, 14(1):567-599, 2013.

Daniel A Spielman and Shang-Hua Teng. Smoothed analy-
sis of algorithms: Why the simplex algorithm usually takes
polynomial time. Journal of the ACM (JACM), 51(3):385-463,
2004.

Guido Stampacchia. Formes bilineaires coercitives sur les en-
sembles convexes. Comptes Rendus Hebdomadaires Des Seances
De L Academie Des Sciences, 258(18):4413, 1964.

Tianxiao Sun and Quoc Tran-Dinh. Generalized self-
concordant functions: a recipe for Newton-type methods.
Mathematical Programming, 178(1):145-213, 2019.

Sebastian U Stich. Unified optimal analysis of the (stochastic)
gradient method. arXiv preprint arXiv:1907.04232, 2019.

Gabor Szeg. Orthogonal polynomials, volume 23. American
Mathematical Soc., 1939.

Cheik Traoré, Vassilis Apidopoulos, Saverio Salzo, and Silvia
Villa. Variance reduction techniques for stochastic proximal
point algorithms. Journal of Optimization Theory and Applica-
tions, pages 1-30, 2024.

Adrien B Taylor. Convex interpolation and performance estima-
tion of first-order methods for convex optimization. PhD thesis,
Catholic University of Louvain, Louvain-la-Neuve, Belgium,
2017.

| 249



[Tay24]

[TB19]

[TD23]

[THG17a]

[THG17b]

[THG17c]

[THG18]

[Tiel5]

[Toi24]

Bibliography | *

Adrien Taylor. Towards principled and systematic approaches to
the analysis and design of optimization algorithms. PSL Research
University, 2024.

Adprien Taylor and Francis Bach. Stochastic first-order meth-
ods: non-asymptotic and computer-aided analyses via poten-
tial functions. In Conference on Learning Theory, pages 2934—
2992. PMLR, 2019.

Adrien Taylor and Yoel Drori. An optimal gradient method
for smooth strongly convex minimization. Mathematical Pro-
gramming, 199(1):557-594, 2023.

Adrien B. Taylor, Julien M. Hendrickx, and Francois Glineur.
Exact worst-case performance of first-order methods for com-
posite convex optimization. SIAM Journal on Optimization,
27(3):1283-1313, 2017.

Adrien B Taylor, Julien M Hendrickx, and Frangois Glineur.
Performance estimation toolbox (pesto): Automated worst-
case analysis of first-order optimization methods. In 2017
IEEE 56th Annual Conference on Decision and Control (CDC),
pages 1278-1283. IEEE, 2017.

Adrien B Taylor, Julien M Hendrickx, and Frangois Glineur.
Smooth strongly convex interpolation and exact worst-case
performance of first-order methods. Mathematical Program-
ming, 161:307-345, 2017.

Adrien B Taylor, Julien M Hendrickx, and Frangois Glineur.
Exact worst-case convergence rates of the proximal gradient
method for composite convex minimization. Journal of Opti-
mization Theory and Applications, 178:455-476, 2018.

Heinrich Tietze. Uber funktionen, die auf einer abgeschlosse-
nen menge stetig sind. Mathematische Annalen, 77(1):1-22,
1915. doi:10.1007/BF01456923.

Philippe L Toint. Examples of slow convergence for adaptive
regularization optimization methods are not isolated. arXiv
preprint arXiv:2409.16047, 2024.

| 250


https://doi.org/10.1007/BF01456923

[TTD25]

[TVSL18]

[ULG25]

[Val43]

[Val45]

[VBS19]

[VG24]

[VG25a]

[VG25b]

Bibliography | *

Daniel Berg Thomsen, Adrien Taylor, and Aymeric
Dieuleveut. Tight analyses of first-order methods with error
feedback, 2025. URL: https://arxiv.org/abs/2506.05271,
arXiv:2506.05271.

Adrien Taylor, Bryan Van Scoy, and Laurent Lessard. Lya-
punov functions for first-order methods: Tight automated
convergence guarantees. In International Conference on Machine
Learning, pages 4897-4906. PMLR, 2018.

Manu Upadhyaya, Puya Latafat, and Pontus Giselsson. A lya-
punov analysis of korpelevich’s extragradient method with
fast and flexible extensions. arXiv preprint arXiv:2502.00119,
2025.

Frederick A Valentine. On the extension of a vector function
so as to preserve a Lipschitz condition. Bulletin of the American
Mathematical Society, 49:100-108, 1943.

Frederick Albert Valentine. A lipschitz condition preserving
extension for a vector function. American Journal of Mathemat-
ics, 67(1):83-93, 1945.

Sharan Vaswani, Francis Bach, and Mark Schmidt. Fast and
faster convergence of sgd for over-parameterized models and
an accelerated perceptron. In The 22nd international conference
on artificial intelligence and statistics, pages 1195-1204. PMLR,
2019.

Pierre Vernimmen and Francois Glineur. Convergence anal-
ysis of an inexact gradient method on smooth convex func-
tions. In European Symposium on Artificial Neural Networks,
Computational Intellignece and Machine Learning. ESANN,
ESANN, 2024.

Pierre Vernimmen and Francois Glineur. Empirical and
computer-aided robustness analysis of long-step and acceler-
ated methods in smooth convex optimization. arXiv preprint
arXiv:2506.09730, 2025.

Pierre Vernimmen and Frangois Glineur. Worst-case con-
vergence analysis of relatively inexact gradient descent on

| 251


https://arxiv.org/abs/2506.05271
https://arxiv.org/abs/2506.05271

[VRN*24]

[VSFL17]

[VSL21]

[Wel73]

[Whi34]

[Wril5]

[Xia09]

[XZ14]

[Yan14]

[ZAdK24]

Bibliography | *

smooth convex functions. arXiv preprint arXiv:2506.17145,
2025.

Daniil Vankov, Anton Rodomanov, Angelia Nedich, Lalitha
Sankar, and Sebastian U Stich. Optimizing (1_0,1_1)-
smooth functions by gradient methods. arXiv preprint
arXiv:2410.10800, 2024.

Bryan Van Scoy, Randy A Freeman, and Kevin M Lynch.
The fastest known globally convergent first-order method for
minimizing strongly convex functions. IEEE Control Systems
Letters, 2(1):49-54, 2017.

Bryan Van Scoy and Laurent Lessard. The speed-robustness
trade-off for first-order methods with additive gradient noise.
arXiv preprint arXiv:2109.05059, 2021.

John C Wells. Differentiable functions on banach spaces with
lipschitz derivatives. Journal of Differential Geometry, 8(1):135—
152, 1973.

Hassler Whitney. Differentiable functions defined in closed
sets. 1. Transactions of the American Mathematical Society,
36(2):369-387, 1934.

Stephen ] Wright. Coordinate descent algorithms. Mathemati-
cal programming, 151(1):3-34, 2015.

Lin Xiao. Dual averaging method for regularized stochastic
learning and online optimization. Advances in Neural Informa-
tion Processing Systems, 22, 2009.

Lin Xiao and Tong Zhang. A proximal stochastic gradient
method with progressive variance reduction. SIAM Journal
on Optimization, 24(4):2057-2075, 2014.

Min Yan. Extension of convex function. Journal of Convex Anal-
ysis, 21(4):965-987, 2014.

Moslem Zamani, Hadi Abbaszadehpeivasti, and Etienne
de Klerk. The exact worst-case convergence rate of the al-
ternating direction method of multipliers. Mathematical Pro-
gramming, 208(1):243-276, 2024.

| 252



[ZDS+19]

[ZG23]

[ZHS]19]

[2Z15]

Bibliography | *

Kaiwen Zhou, Qinghua Ding, Fanhua Shang, James Cheng,
Danli Li, and Zhi-Quan Luo. Direct acceleration of saga using
sampled negative momentum. In The 22nd International Con-
ference on Artificial Intelligence and Statistics, pages 1602-1610.
PMLR, 2019.

Moslem Zamani and Frangois Glineur. Exact convergence
rate of the last iterate in subgradient methods. arXiv preprint
arXiv:2307.11134, 2023.

Jingzhao Zhang, Tianxing He, Suvrit Sra, and Ali Jadbabaie.
Why gradient clipping accelerates training: A theoretical jus-
tification for adaptivity. In International Conference on Learning
Representations, 2019.

Peilin Zhao and Tong Zhang. Stochastic optimization with
importance sampling for regularized loss minimization. In
Proceedings of Machine Learning Research, volume 37, pages 1-
9. PMLR, 2015.

| 253



	Contents
	List of symbols
	   List of acronyms
	Introduction
	Outline and contributions

	Interpolation conditions for function and operator classes
	Global characterizations of function classes
	Discrete characterizations of function classes
	Operator classes and their discrete characterizations
	State of the art in interpolation conditions
	Challenges in obtaining interpolation conditions

	Computer-aided computation of worst-case performance guarantees
	Key elements in Performance Estimation
	Problem classes encompassed by the PEP framework
	A potential functions approach to performance analysis
	Other applications to computer-aided analysis
	State of the art in computer-aided performance analysis

	I An algebraic approach to function and operator interpolation
	A constraint-based approach to interpolation, and weakly convex optimization.
	Codes.
	A constraint-based approach to interpolation
	Pointwise extensibility
	Proving non-interpolability of a constraint
	Weakly convex optimization
	Exhaustive analysis of a class of constraints
	Concluding observations

	A constructive approach to interpolation conditions
	Codes
	Iterative strengthening of a constraint
	One-point strengthenings in practice
	Examples: smooth convex functions and Lipschitz operators
	Applications: improved descriptions of problem classes
	Concluding observations

	Appendix to Chapter 5
	Proof of Proposition 5.5
	Proof of Proposition 5.7
	Proof of Proposition 5.9


	II Interpolation conditions for second-order univariate optimization
	Generic method for univariate interpolation
	Order m interpolation conditions
	Overview of the method
	Interpolation without function values
	Interpolation with function values (2 points)
	Interpolation with function values (all points)
	Main Theorem

	Computer-aided analysis of second-order univariate optimization
	Codes.
	Motivation
	Interpolation of generalized self-concordant functions
	Performance estimation of second-order optimization
	Concluding observations

	Appendix to Chapter 7
	Proof of Theorems 7.4 and 7.5


	III Interpolation conditions for stochastic first-order optimization
	Computer-aided analysis of stochastic first-order methods
	Motivation
	Preliminaries: computer-aided analysis of inexact methods.
	Framework for automated analysis of stochastic methods
	Applications: performance analysis of SGD on F,L
	Concluding observations

	Appendix to Chapter 8
	Practical implementation of (Prelax,1) and (Prelax, sym)


	IV Conclusion
	Research outcomes and perspectives
	Research outcomes
	Perspectives and open questions

	Bibliography


