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Abstract

Model-free optimization methods typically rely on cost samples gathered by per-
turbing the current solution estimate along a finite and fixed set of directions.
However, at each iteration, only the current cost samples are used, while poten-
tially informative, previously collected samples are discarded. In this work, we
challenge this conventional approach by introducing a simple yet effective memory
mechanism that maintains an auxiliary vector of iteratively updated cost samples.
By leveraging this stored information, our method estimates descent directions
through an averaging of all perturbing directions weighted by the auxiliary vector
components. This results in a faster convergence without increasing the number
of function queries. By interpreting the resulting algorithm as a time-varying dy-
namical system, we are able to establish its convergence properties in the strongly
convex case. In particular, by using tools from system theory based on timescale
separation, we are able to guarantee a linear convergence rate toward an arbitrarily
small neighborhood of the optimal solution. Numerical simulations on regres-
sion problems demonstrate that the proposed approach significantly outperforms
existing model-free optimization methods.

1 Introduction

At the core of many machine learning and deep learning tasks lie complex optimization problems
that often cannot be solved analytically. In some cases, the objective function is not even known
in closed form, allowing function evaluations but not gradient computations Liu et al.[[2020]. The
class of optimization methods that operate without analytical knowledge of the objective function
(and thus without using its gradient) is referred to as model-free (or black-box) optimization. This
branch of schemes|Conn et al.|[2009], |Snoek et al.|[2012], Larson et al.|[2019] is receiving increasing
attention in learning-oriented and related domains, such as signal processing [Turner and Rasmussen
[2012], reinforcement learning [Malik et al.|[2020]], |Qian and Yu|[2021]], IoT management |Chen
and Giannakis|[2018]], and system theory |Galarza-Jimenez et al.|[2022], [He et al.|[2023]]. The most
popular model-free optimization methods are the so-called zeroth-order methods Liu et al.|[2020], in
which the function evaluations are typically used to approximate its gradient. A distinction within this
field involves the way in which the cost function is sampled, which can be done by using points that
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are selected in a random or deterministic fashion Kiefer and Wolfowitz|[1952], Nesterov and Spokoiny
[2017]. Another distinction is between 1-point Flaxman et al.| [2005]],|Saha and Tewari|[2011]], Dekel
et al.[[2015]],|Gasnikov et al.|[2017]], Roy et al.|[2022]] and multi-point zeroth-order methods |Agarwal
et al.|[2010]], Duchai et al.|[2015]], Lian et al.|[2016], |Shamair( [2017]], Balasubramanian and Ghadimi1
[2022], based on the number of points selected at each iteration for cost evaluation. Indeed, in this
field, cost function evaluations are typically expensive and, therefore, there is interest in reducing
their number without compromising the convergence properties of the algorithm. Further, multi-point
methods, besides being expensive, are often not practical, as they require simultaneous evaluations
of the cost function at different points that it is not possible in many applications, such as when the
environment is non-stationary [Hazan and Levy| [2014]], Bubeck et al.|[2015], [Yang and Mohri| [2016],
Zhao et al.[[2021]]. On the other hand, while 1-point zeroth-order methods are easily implementable
and significantly reduce the number of evaluations, they typically suffer from slow convergence |Liu
et al.|[2020]. To improve their performance, |Chen et al.|[2022] show the benefits of high-pass and
low-pass filters. Xiao et al.|[2023] introduce a suitable checking mechanism to possibly skip the cost
function evaluation at each iteration. The works Zhang et al.|[2022}2024] use the residual between
two feedback points at consecutive iterations to improve the performance of a single-point method.

Our main contribution is a novel algorithmic paradigm for model-free optimization. We assume that
the unknown loss function can be evaluated by perturbing the current solution estimate along a finite,
fixed set of directions. In this setting, we associate an auxiliary variable to each direction, which stores
the corresponding cost sample as soon as it becomes available. Rather than updating the solution
estimate solely based on the cost samples gathered in the current iteration, we estimate the descent
direction by averaging all perturbation directions weighted by the auxiliary variables. This enables
faster convergence without increasing the number of cost function queries. In the strongly convex
case, by assuming a given gradient estimation technique and regular use of each perturbation direction,
we formally show that the proposed method linearly converges to a neighborhood of the optimal
solution whose radius can be made arbitrarily small by tuning the hyperparameters. Our line of proof
interprets the resulting method as a time-varying dynamical system and leverages system-theoretic
tools based on timescale separation between the memory mechanism and the solution update.

The paper unfolds as follows. In Section 2] we introduce the problem setup. In Section 3] we present
the proposed algorithm and state its convergence guarantees. In Section[d} we analyze the proposed
algorithm. Finally, in Section[5} we provide some numerical simulations on regression scenarios.

Notation The identity matrix of order n is I,,. The all-zero vector in R” is denoted as 0,,. The
vertical concatenation of column vectors vy, ..., vy is COL(v1, ..., vy ). The diagonal matrix with
diagonal entries ay, ...,an € Ris denoted as diag{a;,...,an} € RN,

2 Problem Setup

We consider unconstrained optimization problems of the form

min £(6), (H

OER
where £ : R™ — R denotes the cost function. We focus on the following class of functions.

Assumption 1. The cost function £ is u-strongly convex for some i > 0. Moreover, ¢ is differentiable
and its gradient is L-Lipschitz continuous for some L > 0. ]

By Assumption [I] problem (T)) admits a unique solution, denoted by 6, € R™. Our goal is to devise
iterative methods to address problem in a model-free scenario. In detail, we assume that the
function ¢ is unknown but can be evaluated at each iteration (e.g., around the current solution estimate)
to approximate its gradient according to a given, generic estimation technique introduced below.

2.1 Gradient Estimation Technique

Existing derivative-free methods in the literature properly sample the cost function ¢ to approximate
the unavailable gradient V¢. A large part of these methods perform this sampling phase according to
a finite and fixed set of additive perturbing (or dither) directions ed', ..., ed” € R™, where € > 0 is
a parameter tuning the perturbation amplitude, while each d/ € R™ characterizes the perturbation
direction. More in detail, given a generic point § € R™, the corresponding gradient V£(9) is estimated



by suitably manipulating D € N cost samples £(0 + ed'), ..., ¢(0 + ed”) gathered by perturbing 0
along these directions. The following assumption formally details the estimation capabilities of these
techniques in the ideal case in which D evaluations of ¢ can be performed simultaneously.
Assumption 2. There exist D € N directions d*, ..., dP € R™ and a function ¢¢ : R x R* — R"”
parametrized in € > 0 such that, for all compact sets S C R", there exists L > 0 such that

|50, g°(6(8 + ed?), &) — VE(8)|| < €L, )
foralld € S and e > 0. 0

Assumptioncharacterizes the estimation capabilities of ZJD:l g (£(0+ed’),d?) in the ideal setting
where D queries of ¢ can be performed simultaneously. In detail, in such an ideal case, Assumption 2]
ensures that the estimation technique yields an estimate of V() (see (Z)) whose accuracy can be
made arbitrarily high by tuning the amplitude parameter €, which remains a free design choice in the
algorithm. As one may expect, the perturbation directions d7, their number D, the constant l~/, and
the explicit structure of g¢ depend on the specific gradient estimation method that is employed.

2.1.1 Examples of Gradient Estimation Techniques

We provide some explicit examples about estimation techniques widely used in the literature that
satisfy Assumption In the schemes based on 2n-point gradient estimators, the perturbation

directions d!,...,d*™ are given by the canonical basis +CcoL(1,0,...,0),...,4coL(0,...,0,1)
in R™ and the corresponding estimation technique g€ explicitly reads as
9(z,d) = zd/(2e), 3)

for some z € R (ideally, = = £(6 + ed), see Assumption [2). If the function ¢ has a Lipschitz
continuous gradient, it can be shown that this technique satisfies Assumption [2] (see, e.g., Kiefer
and Wolfowitz| [1952]] or [Tang et al.[[2020]). Extremum-seeking methods (see, e.g., the recent
review |Scheinker| [2024] and the popular works [Wittenmark and Urquhart|[1995], Teel and Popovic
[2001]),|Chot et al.|[2002], Ariyur and Krstic| [2003]], [Krsti¢ and Wang|[2000], Tan et al.| [2006]]) use
sinusoidal perturbation directions. For instance, in the scalar case n = 1, we have d’ = Sin(% Jj+ )
forall j € {1,..., D} where ¢ € R is a phase shift. Thus, in these methods, the number of directions
D e N corresponds to the period of the sinusoidal signal, while the estimation function g€ reads as

ge(z7d> = QZd/(GD)’ 4

for some z € R. If £ is C? and with a proper choice of the sinusoidal functions’ frequencies, it can be
shown that this technique satisfies Assumption@](see, e.g., [Mimmo et al.l 2024, Lemma 1]).

3 Averaged Model-Free Meta-Algorithm

In this section, we develop a novel method to address problem (I in a model-free fashion. We
propose it as a meta-algorithm in the sense that we show the updates of the solution estimate based
on a new memory-mechanism paradigm and a generic gradient estimation oracle that can be made
explicit in a specific algorithm (e.g., by using one of the schemes described in Section [2.1.T).

3.1 Meta-Algorithm Design

We remark that, in our model-free setting, it is not possible to simultaneously use all the perturbation
directions d',...,d" at each iteration. The idea behind the most popular 1-point zeroth-order
methods (see|Chen et al.|[2022])) is instead to use only a single sample per iteration, with the rationale
that, on average, the resulting descent direction approximately corresponds to the one characterized
by () in Assumption[2] Mathematically, given the iteration index ¢ € N, this would result in updating
the current estimate x; € R™ about the solution to problem (I)) according to the time-varying law

Ter1 = ¢ — g (U(xy + €dy), dy), ®)
where d; € R" is the direction used at iteration ¢ and v > 0 is the step size. Instead, we pursue a
different paradigm based on a memory mechanism that stores the queries (¢ +ed"), . .., {(x;+edP)
whenever available. Namely, we use D auxiliary variables 2}, . .., z” € R and update them as
sz _ { ngt +ed?) if Oy + ed?) is gathered ©)
z; otherwise,



forall j € {1,..., D}. By introducing a selector signal s] € {0,1} forall j € {1,..., D} to model
whether ¢(x; + ed”) is gathered or not at iteration ¢, we can equivalently rewrite (6] as

zfﬂ = zﬁ + 57 (0 + ed’) — 2)).
Then, all these variables z; 41 are used to approximate Zle g((xy + ed?),d’) (which, in turn,

approximates the exact gradient V{(z;), see Assumption |2)) and update the solution estimate via

D
R R DA C RN} )

j=1
The overall model-free method arising from (6) and (7)) is reported in Algorithm[I} We highlight that

Algorithm 1 Averaged Model-Free Meta-Algorithm
Initialization: zo € R, z{,..., 2’ € R
fort =0,1,... do
forj=1,2,...,Ddo
if /(, + ed’) is gathered, i.e., s] = 1 then
)y = 0wy + ed’)

else _
i
firl = At
end if
end for b ,
— J j
Ti+1 = T Zj:l 9 ({1, d)
end for

Algorithm [T]does not necessarily increase the number of cost queries compared to 1-point approaches
such as (9). Algorithmuses the proxies g¢(z] 15 d’) to mimic multiple queries at the price of an
increased memory burden due to storing the D-dimensional vector z; := COL(2},...,z) € RP.

3.2 Meta-Algorithm Convergence Properties

In this section, we state the convergence properties of Algorithm I} To this end, we first introduce the

following condition on the sampling sequences {s; }¢en, - - -, {SE }ren.
Assumption 3. There exists Tyac € N such that, for allt € Nand j € {1,..., D}, there exists
T € [t,t + Tpax — 1] such that s = 1. O

Assumptionimposes an essentially cyclic selection of the directions {d” } ;<. Specifically, starting
from all ¢ € N, it ensures the existence of an upper bound 7}, (independent of ¢) on the number
of iterations required to select all directions at least once. We emphasize that Assumption[3]is very
general and includes, as special cases, scenarios in which a fixed number of samples is collected at
each iteration, ranging from a single sample to all D samples without loss of generality. Moreover,
our setting accommodates more challenging situations involving an irregular number of cost samples
across iterations, including extreme cases where some iterations may involve no cost samples at all.

Now, we are ready to establish a linear convergence rate for Algorithm|I]towards a neighborhood of
the optimal solution 6, with an arbitrarily small radius p > 0.

Theorem 1. LetAssumptions E] andhold. Then, for all (xg,29) € R" x RP, p >0, k € (0,1),
and v € (0,2uL/(p + L)), there exist 7 and € such that, for all v € (0,7%) and € € (0, €), it holds

t
min{yv, k}\ 2
H-’I;t - 9*” S (1 - 1{;7}) V Tmax

max

Tro — 9*
LOL(zS —U(xo +ed'),..., 25 — €(xo + GdD))] H o

forallt € N. ]

The proof of Theorem[T]is provided in Section[4.4] More in detail, the proof of Theorem|[I]is based
on interpreting Algorithm[T]as a time-varying dynamical system and, then, on using system theory
tools to characterize its evolution through some preparatory steps carried out in Section 4]



Theorem ensures that for any initial conditions (2, zo) and desired final accuracy p, it is possible
to tune Algorithm[I]to get the desired performance. From a system theory perspective, this means
that (6, COL(0, + ed',...,COL(0, + edP))) is a semi-globally practically exponentially stable
equilibrium point (see Definition 2]in Appendix[A.T) of the dynamical system describing Algorithm T}

4 Analysis

In this section, we interpret Algorithm |I|as a dynamical system and, then, we analyze it through
system theory tools grounded on timescale separation arguments. Indeed, in Section [4.1] we can
interpret the algorithm as a time-varying two-time-scale system (see Appendix [A.T]), namely, the
feedback interconnection between a fast and slow subsystem. Hence, we separately analyze the
identified subsystems by focusing on the so-called boundary-layer (cf. Sectiond.2) and reduced (cf.
Section [4.3) systems, two auxiliary schemes associated to the fast and slow subsystems, respectively.
Finally, in Section[d.4] we provide the proof of Theorem [I|by suitably combining the results obtained
in the previous sections with timescale separation and Lyapunov-based arguments.

Assumptions|T] [2] and 3] hold true throughout the whole section.

Remark 1. The key tool employed in the proof of Theorem|l|is (deterministic) timescale separation. In
the case of stochastic direction selection (rather than the deterministic one imposed by Assumption
our proof can be adapted by relying on stochastic timescale separation (see, e.g., Carnevale and
Notarstefano|[2024)]). In this case, the convergence results would be stated in an almost sure sense,

provided that the expected value E[s]] of each sampling selector index s{ is strictly positive. O

Remark 2. Our proof technique based on timescale separation enables an efficient extension of
the meta-algorithm analysis to more general scenarios (e.g., the nonconvex case). In particular, it
promotes modularity as it allows for only modifying the analysis of the reduced system (i.e., the
gradient method, see Lemma[2)) to adapt to the specific optimization setting. For the same reasons,
this modularity paves the way for extending our meta-algorithm to more advanced variants using,
e.g., accelerated methods|Lin et al.| [2020] as a baseline in place of the gradient descent method. [

4.1 Two-Time-Scale System Interpretation

Let S; := diag{s{,...,sP} e RP*P G§ . R® x RP — R™, and £ : R” — R? be defined as

D
Gi(0,2) =Y g (7 + 5] (U0 +Adl) — 29), &), L(0) = [0(f+ed") ... £O+edP)] .

j=1
With this notation at hand, we compactly rewrite Algorithm|[I]as the time-varying dynamical system

Tep1 = o — VG (Te,2t) (8a)
Zt4+1 = 2t + St(ﬁﬁ(xt) - Zt). (8b)

System (&) exhibits the following four peculiar features. First, subsystem admits an equilibrium
manifold of the form zZ = £¢(x;), namely, that is parametrized by the other state variable x;. Second,
for arbitrarily fixed x; = =, it can be shown that the equilibrium manifold z = L¢(x) is globally
exponentially stable for (8b) (see Definition [2)in Appendix[A.T)). Third, the variations of x; over ¢ can
be made arbitrarily small by reducing the parameter ~. Fourth, in light of Assumption[2] we note that
subsystem (8a)), in the ideal case in which z; = £(x;), would approximate a gradient descent method
applied to (I with an error characterized in (2). Neglecting this error, we observe that systems with
these four features are typically referred to as two-time-scale systems in the literature and are widely
studied in system theory, see the survey |Abdelgalil et al.| [2023]] and the dedicated Appendix[A.1] The
key idea is that subsystem (8a) can be made arbitrarily slow via -y, allowing the other subsystem (8b)
to stay close to the current equilibrium £¢(x;) and, in turn, allowing subsystem (8a) to evolve
approximately as a gradient descent method. Accordingly, we refer to as the slow subsystem,
while (Bb) is termed the fast subsystem. To conveniently exploit this two-time-scale interpretation,
we temporarily disregard the approximation error by considering an auxiliary system that serves as
“nominal” version of the original system (8)). Essentially, in this nominal system, we explicitly include
an additive perturbation in the slow dynamics that allows for exactly recovering the gradient



descent method applied to problem (I)) when z; = £¢(z;). Hence, this nominal system is given by
T = 2y — Y(Gi(2e, 2¢) — ef(we)) (9a)
Zt41 = 2t + St(ﬁe(xt) — Zt), (9b)
where €§(z;) := G§(z¢, £L(2,)) — V{(x;). Finally, since we want to base our analysis on Theorem[2]
(cf. Appendix [A-T) about generic two-time-scale systems, we rewrite (9) to shift the equilibrium
point (cf. Definition [T]in Appendix [A.T) of subsystem (9a) and match condition (36)) in Theorem 2]
To this end, we introduce the novel coordinate & := x — 0, € R™ and rewrite (]Q) as

Trp1 = Ty — V(G (T, 2¢) — €(34)) (10a)
Zir1 = 2t + Se(L(E) — 20), (10b)

where G¢ : R” x RP — R”, £ : R — RP and & : R" — R" are defined as
G(%,2) := GS(T 4 04, 2), L(T):= LT +0,), E(T):=e(E+0,). (11)

With this nominal system at hand, the following sections adopt the customary approach in the analysis
of two-time-scale systems (see Theorem [2]in Appendix [A.T). In detail, we separately study the
stability of the fast dynamics (T0B) and the slow one in two idealized scenarios giving rise to
the so-called boundary-layer and reduced systems, respectively (cf. Sections .2]and [#.3). Then,
in Section f.4] we leverage these steps to establish the stability and convergence properties of the
interconnected system @), for sufficiently small values of +, that is, when there is a sufficiently
large timescale separation between the identified subsystems. Finally, we conclude the proof of
Theorem [T by showing that the original system (8] evolves closely to the nominal system (I0), with a
discrepancy governed by e (z;) and, thus, tunable by the parameter € (cf. (Z) in Assumption .

4.2 Boundary-Layer System Analysis

Now, we analyze the so-called boundary-layer system associated to (I0), which is obtained by
considering the fast dynamics (TOb) with an arbitrarily fixed slow state #; = € R™ forall ¢ € N (or,

equivalently, by setting v = 0 in (T0a)). Hence, by using the error variable %, := z; — £¢(F) € RP
with respect to the parametrized equilibrium Le (Z), the boundary-layer system reads as

Zeyr = (Ip — St)Z. (12)
The next lemma ensures that the origin is a globally exponentially stable equilibrium of (12).
Lemma 1. Consider @) Then, there exists a continuous function U : RP x N = R such that

IZ1” < U(£,1) < Tax lIZ])? (13a)

U((Ip — Szt +1)— UG, t) < — |3 (13b)

U(z,t) —UZt) < T 12 = Z'[| (12 + 11Z]]) (13¢)

forall 2, € RP andt € N. O

The proof of Lemmal [I]is provided in Appendix [A22]

4.3 Reduced System Analysis

In a mirrored way, we now analyze the so-called reduced system of the interconnection (T0), which
is obtained by considering the slow dynamics (T0a) with the fast state in the equilibrium manifold at
each iteration ¢, namely, with z; = £¢(Z;) for all t € N. Therefore, the reduced system reads as

Fre1 = &0 — V(G (Z0, L(T0)) — E{(20))- (14)
In light of the definitions of G, £¢, and & (cf. (TT))), system (T4) can be equivalently expressed as
5:,5+1 = i’t - ’ng(i't + 6*) (15)

Namely, the reduced system corresponds to the gradient descent method applied to problem (T). In
the next lemma, we ensure that the origin is a globally exponentially stable equilibrium of (T3).

Lemma 2. Consider (13). Then, for all v € (0, #J%L], it holds

- - - 2uL .
|7 =96 + 01" — ) < - 1l (16)
forall z € R". (]

The proof of Lemma 2]is provided in Appendix [A3]



4.4 Proof of Theorem[l]

Now, we combine the results obtained in the previous sections to prove Theorem [} Let us first
introduce % := z — L(#) € RP, ¢ := coL(%, 2) € R(™*+P)_ and compactly rewrite system (T0) as

i1 = F (&), 17)
where, by using a hybrid notation ¢ = COL(Z, 2), F : R®*P) x N — R("+D) reads as
T —(Gi(i, % + L(x)) — (7)) _
(Ip — Si)% — £<(& — (G (3,2 + L&) — (2))) + L)
Analogously, by using this notation, we also rewrite the original system (8] in the compact form

Stt1 :F(§t7t>+Et€(5t)? (19)

in which we model the gradient estimation error term through Ef : R(**P) — R("+D) defined as
€ ~€( ~€"’ NE"’"’ ~€" ~€( ~€" ~€"" ~E" T
E{(&):=[-ei (@) L@ —(Gi(3, 2+ L)) - ()T LT — (G§(T, 2+ L(2))) T] -

Then, given the Lyapunov function U characterized in Lemma we define V : R®*+P) x N — R as

F(t) = (18)

Ve =UGE + 7, (20)
where we use again £ = COL(Z, Z). In light of (I3a), for all ¢ € R("*P) and ¢ € N, we have
€I < V&) < T €11 1)

Hence, in light of 1), the level set Q. := {¢ € R"+D) | V(&) < ¢,Vt € N} of V is compact
for all ¢ > 0. We want to invoke Theorem [2] (cf. Appendix [A.T) about generic time-varying
two-time-scales systems to characterize the increment of V' along the trajectories of the nominal,
interconnected system (I7) rather than in the auxiliary systems (I2) and (I3) (cf. Lemma [][2}
respectively). Theorem [2]requires (i) a Lyapunov function ensuring exponential stability of the origin
for the boundary-layer system (12)) (see (@0)), (ii) a Lyapunov function ensuring exponential stability
of the origin for the reduced system (I3) (see (#1)), and (iii) that the system dynamics and equilibrium
function admit the bounds (37). The first point is achieved by using U characterized in (T3] (cf.
Lemma . The second one follows by setting W (i) = ||Z||®, using (T6) (cf. Lemma , and noting
that, being W a quadratic function, it trivially satisfies (41a) and (#Ic). The third point is achieved
since / is continuous (cf. Assumption [T)) and e§ is bounded in compact sets (cf. Assumption [2)
Hence, by Theorem forall ¢ = (,2) e R® x RP, v € (0,2uL/(u+ L)), and k € (0, 1), there
exists 4 > 0 such that, for all v € (0,7), the increment of V" along the trajectories of satisfies

VIF(E D), t+1) = V(ED) < —w [l7l]° — 12, (22)
for all ¢ € N. Moreover, the definition of V' (cf. (20)) and the bound lead to
V(&) = V(€. 1) < (Tmax + 1) € =€ IEN+ [IE'1D (23)

forallt € Nand £,& € R™P). Now, we consider £ € €. for some ¢ > 0 to be defined later
and add £V (F(&,t),t + 1) to the increment AV (§,t) := V(F(&,t) + Ef(€),t + 1) — V(&,t) of
V along the trajectories of the original system (T9), thus obtaining

AV(E) =V(F(&t),t+1) =V (&) +V(F(E ) + Ef(§),t+1) =V (F(&t),t+1)

<~ K + T+ D) @ FED + ELO] +IFE D). @4
where in (a) we use the bound (22) along the nominal trajectory and (23). Being 2. compact, then
é<(z)|| < Lforall ¢ = COL(Z, 2) € Q. by Assumption Hence, by denoting the Lipschitz constant
of LY(& —y(GS(&, 2 + LE(F)) — €(&))) in Q. with Lz (which is finite since £ is differentiable, see
Assumption, we have || E§(€)|| < veLs with Ly := L+/1 + L%, and, thus, we can bound @4) as

AV (1) < —min{yv, £}/ Tinax V(€ 1) + €7 (Tmax + 1) L2 (2| F(&, 2)|| + veL2). (25)

By recalling the definition of G¢, £, and & (cf. (TT)), and the gradient reconstruction property (2),
we note that G$(0,,, £(0,,)) — €5(0,,) = V(6,) = 0,, since 6, is the optimal solution to problem (T).



By plugging this result in the definition of F' (cf. (I8)), we get F(0,,4p,t) = 0,4+ p forall ¢ € N.
This is not surprising since £ = COL(x — 0y, z — L°(x)) by definition and, thus, £ = 0,,4 p means that
the solution estimate corresponds to the optimal solution 6, while the auxiliary variables correspond
to their equilibrium values. Further, since LE (see (1)) is continuous (cf. Assumption and Ey is
bounded in compact sets (cf. Assumption[2), F' is Lipschitz continuous in £ within €, that is
1F(&,t) — F(&, )l < Lr 1€ =€l (26)
forall £, &' € Q., t € N, and some finite L > 0. Thus, for all £ € ., we can further bound as

AV (&,t) < —min{yv, £}/ TV (€, ) + € (Tnax + 1) Lo (2Lp [|E]| +7€La).  27)
We thus set v € (0,7) and, given the desired final radius p < ¢ (without loss of generality), we define

€ := min {min{wu, 130% ) (Tmax (V(Timax + 1) Lo (2L /¢ + vL2))), 1} ) (28)
Then, for all € € (0, €), we can further bound (27) as
AV (&, t) < —min{yw, K}/ Tmax (V(E,1) = p7) . (29)

The inequality ensures that the level set Q. is forward-invariant for system (19), i.e., &, €
Q. = & € Q. forallt > ¢, along the trajectories of (I9). To summarize, we recall that this
property has been obtained for generic ¢, p > 0 and by satisfying the corresponding bounds defined
by 7 and €. Therefore, by repeating all the above steps with ¢ > 0 such that £, = COL(zg — 05, 20 —
L(x0)) € Q, by noting that ||z — 0, ]| = ||Z]| < v/V (&, 1) in light of the definition of V' (cf. 20)),
and by iterating inequality (29) from ¢ = 0, we ensure that the origin is a practically exponentially
stable equilibrium (see Definition 2]in Appendix [A.T)) of system (I9) and the proof concludes.

5 Numerical Simulations

This section numerically validates our theoretical findings with Monte Carlo simulations of N = 20
trials in a logistic regression scenario (cf. Section[5.1)) and a ridge regression one (cf. Section[5.2).

5.1 Logistic Regression

In this first case, we consider m € Npoints py, . . ., py, € R™ with binary labels Iy, ..., 1, € {—1,1},
and we use them to train a linear classifier by addressing the problem
min %57 log (1+e75CT) + S o), (30)

where C' > 0 is a regularization parameter. In each trial, we randomly generate a synthetic dataset
composed by m = 1000 points. See Appendix [A.4] for details on the dataset generation. We
perform two sets of comparisons. In the first one, we consider n = 10,25,50. The estimation
technique we consider is inspired by extremum-seeking methods and is defined in {@). In detail, we
consider D directions d',...,d” € R™ and we generate them according to d/ = COL(sin(frj +
¢'),...,sin(Zj + ¢")) forall j € {1,..., D}, where, foreach k € {1,...,n}, we set ¢* = 7/2,
7% = %=1 if k is even and (;Sk =0, 7F = D - 2(=k+1/2) if k is odd. It is possible to show that
Assumptionis satisfied with D = 11 when n = 10, D = 29 when n = 25, and D = 53 when
n = 50 (see, e.g.,Mimmo et al|[2024])). We run Algorithm[T]by cyclically selecting a single direction
d’ per iteration. Namely, for all ¢t € N, we set s; = 1 for j = (¢t mod D) + 1 and s} = 0 for
all other directions. Thus, Assumptionis satisfied with T,,x = D. We consider the dimensions
n = 10,25,50 and compare our scheme with the state-of-the-art 1-point schemes described in
Appendix [A.5] namely, with methods (57)) [Choi et al.| [2002], (58) [Chen et al.| [2022], and (59) [Zhang
et al.|[2022] 2024]. We empirically select ¢ = 0.1 in all the schemes. We manually select the step
sizes 7 to achieve the fastest possible convergence for each method. Table[I|reports the chosen values.

Table 1: Step size vy used for each algorithm in 1-point (left) and 2-point (right) comparisons.

| n=10 | n=25 | n=50
Algorith 0.001 | 0.0003 | 0.0001 | n =250 | n =200 | n =300
1-point (57) | 0.0003 | 0.0001 | 0.00004 Algorithm ‘ 0.02 ‘ 0.004 ‘ 0.002
1-point (58) | 0.003 | 0.0025 0.002 2-point (60) 0.02 0.004 0.002
1-point (39) | 0.003 | 0.0025 0.002




Fig. T]reports the average and 1-standard deviation band across the trials of the evolution over ¢ of the
distance ||z — 0,]|, where 6, € R™ is the optimal solution to the trial problem. Fig.|l|shows that our
algorithm significantly outperforms methods (57), (58), and (59) in terms of convergence speed.
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Figure 1: Problem (30) with n = 10 (left), n = 25 (middle), and n = 50 (right): Monte Carlo
comparison of Algorithm [T with a single cost sample per iteration (blue) and the 1-point methods (37)
(red), (58) (yellow), and (violet).

In the second comparison, we consider n = 50, 200, 300, the 2-point method (60) [Agarwal et al.
[2010], Duchi et al|[2015], [Shamir [2017]] (cf. Appendix [A.5)), and equip Algorithm [I| with the
estimation technique (3). Namely, we consider D = 2n directions d’: the first n correspond to
the canonical basis of R", while the remaining n are their negatives. In this case, at each iteration
teN,wesets!, s/ =1forj = (t modn)+1ands/ =0 forall the other directions, so that
Assumptlon@ is satisfied with T1,,x = n and the comparison with (IE_UI) is fair as both methods take 2
cost samples per iteration. We empirically select ¢ = 0.01 in both algorithms, while, as before, we
select v to achieve the fastest possible convergence of both methods, and report the chosen values
in Table[T] In Fig.[2] we report the average and 1-standard deviation band across the trials of the
evolution over the iterations ¢ of the optimality distance ||z; — 6, | in this second set of comparisons,
respectively, where 6, € R" is the optimal solution to the problem of the trial. As before, Fig. 2]
shows that our algorithm significantly outperforms its counterpart (60) in terms of convergence speed.
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Figure 2: Problem (30): Monte Carlo comparison of Algorithm[I]with 2 cost samples per iteration
(blue) and the 2-point method (red) with n = 50 (left), n = 200 (middle), and n. = 300 (right).

5.2 Ridge Regression

In this second case, we consider ridge regression problems described as

min 2110~y + S 0], (31)
where X € R™*" is a data matrix, y € R™ a response vector, and C' > 0 is a regularization
parameter. The first term enforces data fidelity, while the second term controls overfitting by
promoting smoothness in the solution. See Appendix [A.4]for details on the dataset generation. We
consider the two sets of comparisons performed in Section[5] Hence, we first consider our method
equipped with the gradient estimation technique (@) and compare it with the three 1-point methods
described in Section[A.5.1] The parameters of the gradient estimation technique () are the same used
in Section[5} We empirically select e = 0.1 in all the algorithms. We manually select the step sizes
to achieve the fastest possible convergence for each method, and report the chosen values in Table [2]

Table 2: Step size v used for each algorithm in 1-point (left) and 2-point (right) comparisons.

|n=10| n=25 | n=50
Algorith 0.0005 | 0.0001 | 0.00007 n=>50 | n=200 | n =300
1-point (57) | 0.0001 | 0.00005 | 0.00002  Algorithm 0.01 0.003 0.002
1-point (38) | 0.001 | 0.00125 | 0.001 2-point (60| ‘ 0.01 ‘ 0.003 ‘ 0.002
1-point 39) | 0.001 | 0.00125 | 0.001




In Fig.[3] we report the average and 1-standard deviation band across the trials of the evolution over
the iterations ¢ of the optimality distance ||z; — ,]| in this first set of comparisons, where 6, € R"
is the optimal solution to the problem of the trial. Fig. [ shows that our algorithm significantly
outperforms the 1-point methods (57), (58)), and (39) in terms of convergence speed.
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Figure 3: Problem @ with n = 10 (left), n = 25 (middle), and n = 50 (right): Monte Carlo
comparison of Algorithm [I|with a single cost sample per iteration (blue) and the 1-point methods (57)
(red), (38) (yellow), and (violet).

In the second comparison, we consider n = 50, 200, 300, the 2-point method Agarwal et al.
[2010]], Duchi et al| [2013], [Shamir [2017]] (cf. Appendix [A3), and equip Algorithm [I] with the
estimation technique (3). Namely, we consider D = 2n directions d’: the first n correspond to
the canonical basis of R™, while the remaining n are their negatives. In this case, at each iteration
t €N, wesets), s} =1forj = (t modn)+1ands] = 0 for all the other directions, so that
Assumption [3]is satisfied with T}, = n and the comparison with is fair as both methods take 2
cost samples per iteration. We empirically select e = 0.1 in both algorithms, while, as before, we
select v to achieve the fastest possible convergence of both methods, and report the chosen values
in Table 2] In Fig.[d] we report the average and 1-standard deviation band across the trials of the
evolution over the iterations ¢ of the optimality distance ||2; — 6, ]| in this second set of comparisons,
respectively, where 6, € R" is the optimal solution to the problem of the trial. As before, Fig. 4]
shows that our algorithm significantly outperforms its counterpart (60) in terms of convergence speed.
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Figure 4: Problem (3T): Monte Carlo comparison of Algorithh1|I| with 2 cost samples per iteration
(blue) and the 2-point method (red) with n = 50 (left), n = 200 (middle), and n = 300 (right).

6 Conclusions

In this paper, we introduced a novel paradigm for model-free optimization based on memory mecha-
nisms. We started from a generic technique that estimates the gradient of the cost function at a given
point using cost samples obtained by perturbing that point along a finite, fixed set of directions. Our
main contribution is the introduction of a memory mechanism that enables the reuse of the most
recent cost samples for each direction. This mechanism removes the need to evaluate the cost in
all directions at every iteration, while still allowing the estimation of descent directions through a
weighted average of all directions. As a result, by using this approximate descent in the solution
estimate update, the proposed approach achieves faster convergence without increasing the oracle
complexity. We analyzed the algorithm using system-theoretic tools based on timescale separation
and, for strongly convex problems, established convergence to an arbitrarily small neighborhood of
the optimal solution. Finally, numerical experiments on regression problems demonstrated that our
method significantly outperforms state-of-the-art model-free optimization algorithms.
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A Technical Appendices and Supplementary Material

A.1 Preliminaries on Two-Time-Scales Discrete-Time Systems

In this section, we provide a generic stability result for discrete-time two-time-scales systems. Before
doing so, we introduce some preliminaries about discrete-time dynamical systems. Consider a generic
time-varying discrete-time dynamical system parametrized by a parameter 7 > 0 and described by

Xe+1 = Gy(xe 1), (32)

where x; € R"™ is the state vector and G, : R" x N — R" describes its time-varying dynamics. The
next definition introduces the concept of equilibrium point.

Definition 1. A point ¥ € R" is an equilibrium point of system if
X = G"/ ()27 t)a
foranyt € Nand~ > 0. O

The following definition introduces the concepts of global and semi-global exponential (or geometric)
stability of an equilibrium point. The key distinction between the two lies in the dependence of the
bound on the parameter ~y (see system (32))) with respect to the initial conditions. In the global case,
there exists a bound on +y that is uniform over all initial conditions for which stability is achieved. In
contrast, in the semi-global case, for each initial condition, there exists a (possibly different) bound
on + that ensures stability. The definition also introduces the concept of practical stability, which
allows for an arbitrarily small bound on the asymptotic distance from the equilibrium point.

Definition 2. The equilibrium point x is said to be globally exponentially (or geometrically) stable
for B2)) if there exists 7 > 0 such that, for all v € (0,7), the trajectories of (32) satisfy

Ixt — x| < a1 llxo — x| ab, (33)
Sorall xo € R™ and some a; > 0, as € (0,1). The equilibrium point X is said to be semi-globally
exponentially (or geometrically) stable if, for all xo € R", there exist 7,b1,bs > 0 such that, for
all v € (0,%), the exponential decay (33)) holds true for some ay > 0, az € (0,1). Finally, the
equilibrium point X is said to be semi-globally exponentially (or geometrically) practically stable if
Sorall xo € R™ and p > 0, there exist 7 > 0 such that, for all v € (0,%), it holds

Ixe = xIl < a1 lxo = Xll a2 + p, (34)
for some a1 > 0, as € (0,1). O

A popular tool for establishing the stability properties of an equilibrium point is the so-called
Lyapunov approach. Essentially, it consists in showing the decrease of a so-called Lyapunov function
V :R" x N — R along the trajectories of the system, namely, V (G~ (x,t),t + 1) — V(x,t) < 0 for
all y e R™ and t € N (see, e.g., [Haddad and Chellaboina, |2008, Ch. 13] for a detailed discussion).
The following theorem applies the Lyapunov approach to establish semi-global exponential stability
properties for a generic discrete-time two-time-scale system. Such a stability result extends [[Carnevale
et al.| 2025] Th.I1.3] as it weakens the assumption of global Lipschitz continuity on the subsystems’
vector fields and the equilibrium function, requiring only condition (37) to hold in compact sets. As a
consequence, the next theorem establishes semi-global exponential stability for the interconnected
system (33)), in contrast to the global result presented in [Carnevale et al[2025] Th. I1.3]. Namely, the
bound on v under which the stability of the interconnected system is guaranteed is no longer uniform
over all initial conditions (see Definition . To the best of the authors’ knowledge, this result is novel
and, thus, represents a side contribution of this paper.

Theorem 2 (Semi-Global exponential stability for time-varying two-time-scales systems). Consider
the time-varying interconnected system

Ti4+1 = Tt + ’Yf(l‘t, 2t t) (353)

Zt41 = g(Zt,It,t), (35b)

withey € DCR™, 2, e R™, f:DXxR™" XN =D, g:R”xR"” xN —= R™, and vy > 0. Assume
that there exists z.q : R™ — R™ such that for all x € D it holds

On = f(O'm Zeq(ona t), t) (363.)

Zeq(2) = g(2eq(x), 2, 1), (36b)
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forallt € N. Moreover, assume that for any compact set S C D xR™, the constants Ly, Ly, Log > 0
defined as

Vif(z,Z + z (m),t)] H
Le:= - 4 37
A R AEa G
V19(Z + zeg(2), 2, t)}
L,:= - 4 37b
PRI |7 s am)
L, = sup  ||Vzeg(z +7f(x, 2+ 24(2), 1)) (37¢)
(z,2)€S, teEN
exist and are finite. Let
Tip1 = Ty + V(@4 Zeg(@1), T) (38)

be the reduced system and
Ziv1 = 9(Z + 2eq(), T, t) — 2eq() (39)
be the boundary layer system with Z; € R™.

Assume that there exists a continuous function U : R™ x N — R such that

bi ||zl < Uz, t) <ba |12 (402)
U(g(Z + 2eg(), 2, t) — zeg(2), t + 1) = U(Z,t) < b3 |12 (40b)
|U(Z,t) = U, 1) < ba |2 = 2| (|12 + 1IZ']) (40c)

forall 2,7 € R™, x € R", t € N, and some by,bs,bs,by > 0. Further, assume there exist a
continuous function W : D x N — R and 7, > 0 such that, for all v € (0,71), it holds

c1||z)® < W(a,t) < s ||| (41a)
W (x + Y[ (2, 2eg(2), 1), + 1) = W (1) < —vyes ||z (41b)
Wz, t) — W' t)| < cqlle— 2| [|z] + cq llz — 2| [|2"]], (41c)

forall z,x' € D, t € N, and some cy, ca,c3,c4 > 0.

Then, for all (x,%) € D x R™, & € (0, ¢3), and bs € (0,bs), there exists € (0,7,) such that, for
all v € (0,%), it holds

U(g(Z+ zeg(x), 2,t) — zeg(@ + V(2,2 + 2e(2), 1)), t + 1) + W(z + 7 f(2, 2+ 2e9(x),t),t + 1)
—U(2,t) — W(a,t) < —yés||lz* — b3 [|12])?,
forallt € N.

Proof. Let us define the error coordinate z; := z; — zeq(xt) € R™ and accordingly rewrite the
interconnected system (33)) as

Tip1 = T + 7 f (4, 2 + 2Zeq(2t), 1) (42a)
Zii1 = 9(Z + 2eq (1), 24, 1) — Zeq(@t) + Azeq(@41, T4), (42b)

where we introduce the drift function Azeq(@41,%t) = —Zeq(Ti41) + 2eq(2¢). Given ¢ > 0, let
Q. C D x R™ be the level set of the overall Lyapunov function U (Z, t) + W (z, t) (see (40) and @1I))),
namely

Q. :={(x,2) e DxR™ | U(2,t) + W(a,t) < ¢, Vt € N}

Now, we take a generic pair (z,2) € Q.. In light of and (@Ta), we note that €. is compact
for all ¢ > 0. The compactness of 2., in turn, allows us to claim that, for all ¢ € N, the functions
f(x, 24 zeq(x),t) and g(Z + zeq(), , t) are Lipschitz continuous in their first two arguments on 2.,
and that zeq(z + vf(z, Z + 2eq(2), t)) is Lipschitz continuous on §2., with finite constants L, L,
and Leq defined as in with § = Q.. With these constants at hand, we can follow the remaining
steps in the proof of [Carnevale et al.l 2025} Th.I1.3] to show that the overall Lyapunov function
U(z,t) + W (x,t) is decreasing along the trajectories of (@2)) rather than along the trajectories of the
boundary-layer and reduced systems, namely, the auxiliary dynamics (38) and (39), respectively. For
the sake of completeness, we report all the steps of the proof as follows.
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We now evaluate the increment AW (z,t) := W(x + vf(z, 2 + zeq(2),t),t +1) — W(x,t) of
W (z,t) along the trajectories of subsystem (42a) and obtain

AW (z,t) = W(x +vf(x, 2 + zeq(x), 1), + 1) — W(z, 1)

D W (4 7 f (2, 7eq(@), 8), 4 1) = W, 1)
+W(x+~vf(,2 + zeq(x), 1), t + 1) = W(z +vf (2, 2eq(2),t),t + 1)

< —yesllal® + Wz + 7 (@, 2 + zeq(2),8), £+ 1) = W(z +7f (2, 29(2), 1), + 1)

© ) i
< —vyes ||z + 2veaLy || 2] ||

+Pealp 1] 11£ (2, 2 + zeq(@), O +v2caLy 2] 1f (2, 2eq(2), )] (43)

where in (a) we add and subtract the term W (2 + vf(z, zeq(),t),t + 1), in (b) we use (@ID) to
bound the difference of the first two terms, in (¢) we use (#1Ic), the Lipschitz continuity of f, and the
triangle inequality. By recalling that f(0,,, zeq(05,), ) = 0,, (cf. (36)), we can write

1f (2, 2 + Zeq(2), D)l = 1/ (2, 2 + 2eq(), 1) = [(On, 2eq(On), )|
(@)
< Ly [l + Ly 12 + zeq () = Zeq(0n) |

®) i
< Ly(1+ Leg) [l] + Ly (2], (44)
where in (a) we use the Lipschitz continuity of f and zq, while in (b) we combine the Lipschitz
continuity of zeq and the triangle inequality. With similar arguments, we can show the bound
1f (@, zeq (@), )| < L (1 + Leg) [|2]] - (45)
By using the inequalities (@4) and (#3)), we then bound the right-hand side of @3] according to

2 ~ ~112 ~
AW (z,t) < —yes ||z + 2yealys 12] 1]l + v*ealF 2117 + 2% caLF (1 + Leg) IIZ]| [l

(@) ~ ~
< —cs [|zl*+7ks | 211° + (vhr + v2k2) 1|2 1]l (46)
where in (a) we introduce the constants k1, ko, k3 > 0 defined as
ki:=2c4ly, ky:=2c4L7(1+ Leg), k3= C4L?c.

We now evaluate the increment AU(Z,t) = U(g(Z + zeq(x x4+ vf(x,z +
Zeq(2), 1)), t + 1) — U(Z,t) of the function U (cf. (@0)) along the trajectones of @ obtalnmg
AU(Z,t) = U(g(Z + 2eq(2), 7, 1) — 2eq(x) + Azeq(x + 7S (3, 2 + 2e9(2), 1), 2), £ +1) = U(Z, 1)

< U5 + 20q(2),2),t = 2eql), £+ 1) — UG, 1)

- U(g(é + Zeq(x)7xvt) - Zeq(x)7t + 1)
+ U(g(é + Zeq($>7x’t) - Zeq(x) + AZeq(-r + 'Yf(xa zZ+ Zeq(x)vt)’w)a t+ 1)

)
< b 217 = U(gE + 2eq(@), 2,) — Zeg()s £+ 1)
+ U(g(é + Zeq(x)vxvt) - Zeq(x) + AZeq(x + ’Vf(xa zZ+ Zeq(x)’t)vx)at + 1)

()
< —bs |2
+ by ”Azeq(x +vf(x, 2+ Zeq(x)a t), )|
X [|g(Z + zeq(T), 7, 1) — 2eq(T) + Azeg(x + 7f (¥, 2 + 2eq(2), 1), )|

+ ba [ Azeq(x +7f (2, 2 + 2eq(2), 1), 2) | [|9(Z + 2eq (%), 2, 1) — 2eq(2)]]
d)
< by |12 + ba | Azeg(x + 7 f (2, 2 + 2eq(), 1), 2)|?

+ 204 [|[Azeg (@ +7f (2,2 + Zeq(2), 1), 2) [ |9(Z + 2eq(2), 2, 1) — 2eq(@)]], (47)

where in (a) we add and subtract the term U (g(Z+zeq(2), 2, t) —2eq(2), t + 1), in (b) we exploit #0b)
to bound the first two terms, in (c) we use to bound the difference of the last two terms, and

16



in (d) we use the triangle inequality. The definition of Azeq(x + v f(x, Z + 2eq(2),t), z) and the
Lipschitz continuity of zeq lead to

[AZeq(2 +7f (2,2 + 2eq(2), 1), 2) || < Leg |2+ 7f (2,2 + 2eq(2), 1) — 2

(a) ~
< vLeg ”f(x, zZ+ Zeq(x)vt”

©]
< YLeq 1 f (2,2 + 2eq(2), 1) — f(On, 2eq(0n), )|

(©) i
< YLeqLy(1 + Leg) ||l + vLegLy |12, (48)

where in (a) we use the update (@2a), in (b) we add the term f(0,,, zeq(0,,), ¢) since this is zero in
light of (36)), and in (c) we use the triangle inequality and the Lipschitz continuity of the functions f
and zeq. Moreover, since g(zeq(), x,t) = zeq(x) for all z € D (cf. (36)), we can write

19(Z + 2eq(®), 2, 1) = zeq(2) ]| = [|9(Z + 2eq(), 2, 1) = g(2eq (@), 2, D
< Lg |12l (49)

where the inequality is due to the Lipschitz continuity of the function g. By using the inequalities (48))
and ([@9), we then bound (@7) as

AU(2,t) < =by ||2]|* + 2ybaLeq Ly Ly (1 + Leg) ]l 2] + 2ybaLeg Lo L |||
+2ba L3 L3 (1 + Leg)® l|® + 2v°0a L3 L3 (1 + Leg) |||l 1|2]]
+ by L3, L7 2]

< (=bs +vks +77k7) [12]° + ks 2 + (vka +7ks) 2l 112, (S0)
where we introduce the constants
ky :=2byLeqLyL (1 + Leg), ks := 2b4 L2 L3 (1 + Leg),
ke := 2byLeqLyLy, k7 :=byL2 L%,

ks = baL,L3(1 + Leg)®.
We now introduce the overall Lyapunov function V : D x R™ x N — R defined as
V(z,2,t) := W(x,t) + U(Z,t).

By evaluating its increment AV (z, 2,t) := V(x + 7 f(x, 2+ 2eq(2), 1), (2 + 2eq(x), T, 1) — 2eq(x +
V(@ 2 + 2eq(), 1)), t + 1) — V(x,2,t) = AW (x,t) + AU(Z,t) along the trajectories of the
interconnected system (@2)), we can use the results (@6) and (50) to write

-

Avwaws—mﬂ]Qwﬂ@H, (51)
where we introduce the matrix Q(y) = Q(v)" € R? defined as

2
o) = [VCZ;&)I{B bs — Wkﬁqilgz)(]% + k7)} ’

with go1(7) 1= =% (y(k1 + ka) + ¥ (k2 + k5)). Now, we consider the constants ¢, bs introduced in
the theorem statement and we recall that é; € (0,¢3) and bs € (0, b3). By Sylvester criterion, we
know that Q > Pgs g; } if and only if

_ = 2
{’7(03 33) > ks (52)
Y(es — és)(bs — bs) > p(v),

where the polynomial p(7y) is defined as
p(7) =q217? +7%(c3—E3)ke +7° (c3 — &3) (kg +hr) +7>(bs — b3) ks — keks —* ks (k3 + k7).

First, we note that the first condition in (52)) is satisfied for all y € (0, (c3 — é3)/ks). Then, we note
that p is a continuous function of ~ and lim. o p(y) /v = 0. Hence, there exists some 7 € (0,%1) so
that (32) is satisfied for all v € (0,%) and the proof concludes.
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A.2  Proof of Lemmalll

Consider the linear, time-varying system (@) Given tg,t € N witht > ¢y, we introduce the so-called
state transition matrix ®(t,ty) € RP*P of system (12)) defined as

t
O(t,to) == [ b — 5. (53)
T=to

We note that this transition matrix allows us to write Z; = ¢(t,to)Z;, along the trajectories of
system (I2). Moreover, in light of the essentially-cyclic condition ensured by Assumption 3] we note
that

(I)(to + Thax + 7, tO) =0p, 54)

for all t5,7 € N. Then, we use ® to explicitly define the (time-varying) Lyapunov function
U:RP xN— Ras

t+T'max_1
Uzt = Y [lonz)°. (55)
T=t

Being the chosen function quadratic, it trivially satisfies the conditions (T13a) and (T3c). As for
condition (T3B), by definition (33)), we note that

t+Tmax
U((Ip =Sz, t+1)= Y [®(r,t+1)Ip — i)z’
T=t+1
(a) t+Tmax—1
SO+ Toans t+ D) (Ip — S+ Y (@7, 6+ 1)(Ip — S)Z|)?
T=t+1
®) t+Thnax—1
SO+ Toa D27+ D 0(7, )2
T=t+1
© 7772 =112
=U(%t) — 27,

where in (a) we isolate the last term of the sum, in (b) we use the fact that ®(7,¢ + 1)(Ip —

Sy) = ®(7,t) for all 7 > t + 1 by definiton (33), in (¢) we use (54) to cancel out the first
term and the definiton of U (cf. (33)) to manipulate the second term as Z?;fi‘fl |®(r,t)z||> =

ST (7, 1) 2] — || @(¢,)Z]* = U(Z,t) — ||Z||* and the proof concludes.

T=t1

A.3 Proof of Lemma[2

The proof is straightforward since the reduced system (T3) is the gradient method applied to prob-

lem (T). We report it here for completeness. We consider the increment ||z — YV 4(Z + 6,) [
and, by expanding the square norm, we obtain

17—y Ve(E +6,)|° — %]
— 2y VUE +0.)TF + 22 |VEE + 0,

(a)

< 2y (VUG +6,) — VEO.) (F + 0, — 0,) + 2|V +6,) — VE©O,)|

®  ouL ., 2 ) )

< 2P _ s _

<y 2 ol o (2 ) IVHGE +6.) — V4] 56)

where in (a) we use the fact that V£(6,) = 0, while in (b) we use the fact that £ is y-strongly convex
and its gradient is L-Lipschitz continuous (cf. Assumption[I)). The proof concludes by using the

2 .
bound v < - to neglect the second term in (56).

A.4 Dataset Generation for the Tests in Section 5]

In this section, we describe how we generate the datasets used in the numerical simulations presented
in Section
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A.4.1 Logistic Regression Dataset Generation

In the logistic regression scenario (cf. Section , for each trial and k € {1,...,m}, we generate
an input vector py € R” by sampling it from a standard normal distribution in R” and we assign it
the label I3, = sign(0 " py. + 11.), where the ground truth vector § € R™ is sampled from a standard
normal distribution in R"”, 7, is a zero-mean Gaussian noise with standard deviation 0.1, while
sign : R — {—1,1} denotes the sign function, i.e., sign(n) = 1if n > 0 and sign(n) = —1
otherwise. Finally, we set C' = 1 and, in each trial, we randomly initialize the algorithms’ solution
estimates by sampling o from a zero-mean Gaussian distribution with covariance matrix 10 - [,,.

A.4.2 Ridge Regression Dataset Generation

In the ridge regression scenario (cf. Section @]), in each Monte Carlo trial, the entries of X are
sampled from a standard Gaussian distribution, while the ground truth vector § € R" is drawn from a
standard Gaussian distribution in R™. The response vector y is then constructed as

y=X0+n,

where 7 € R™ is randomly generated by sampling it from a zero-mean Gaussian distribution with
standard deviation 0.1. Finally, we set C' = 1 and, in each trial, we randomly initialize the algorithms’
solution estimates by sampling x( from a zero-mean Gaussian distribution with covariance matrix
10 - I,,.

A.5 Description of the Algorithms Used in the Comparisons in Section

In this section, we provide the description of the algorithms used in the comparisons with our method
performed in Section [5] We recall that the choice of the parameters v and € for these methods is
provided in Section [5|and Appendix [5.2]

A.5.1 1-point methods

We consider three 1-point methods. The first one is a discrete-time extremum-seeking method (see,
e.g.,|Choi et al.|[2002]) and consists in maintaining a solution estimate z; € R™ and a low-pass filter
z: € R and updating them according to

2(6((17,5 -+ Edt) — Zt)dt

Tiy1 = Ty — 7 . (57a)
Zt—‘,—l = Zt —+ ’)/(g(l't + Edt) — Zt), (57b)
where d; € R™ is a sinusoidal signal, namely, d; = COL(sin(Z%t + ¢'), ..., sin(Z-t + ¢™)), where
78 > 0and ¢’ € [0,27) forall k € {1,...,n}. In the simulations, all the parameters 7¢ and ¢* are

chosen as in our method (see Section[5). Second, we consider the method proposed in|Chen et al.
[2022] that consists in maintaining a solution estimate z; € R and a filter variable z; € R and
updating them according to

Zt4+1 = (1 — B)ZT =+ E(It + Edt) — E(It_l + Edt_l) (583)

M7 (58b)

Ti41 = Ty — 7
where {d; }+cn are i.i.d. random directions uniformly sampled from the sphere in R™ with unitary
radius, while 8 > 0 is an additional tuning parameters. In all the simulations, we run (58) by
empirically setting 5 = 0.9. Finally, we consider the 1-point method proposed in|Zhang et al.|[2022]
2024]| and consists in maintaining a solution estimate x; € R™ and updating it according to

Vxy +edy) — (a1 +edi—1))d
$t+1=$t—7((t ) (et ! t-1)) L (59a)

where, also in this case, {d; }+cy are i.i.d. random directions uniformly sampled from the sphere in
R™ with unitary radius.
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A.5.2 2-point method

We consider the 2-point method proposed in|Agarwal et al.|[2010], [Duchi et al.[[2015]], Shamir{[2017]]
that consists in maintaining a solution estimate z; € R™ and updating it according to
’}/(E(If + Edt) — E(It — Gdt))dt

2e ’

where {d; }+cn are i.i.d. random directions uniformly sampled from the sphere in R™ with unitary
radius.

(60)

Tt41 = Tt —
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1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The claims made in the abstract and the introduction accurately reflect the
contributions and scope of the paper. In particular, they emphasize our paradigm shift
in the design of model-free optimization algorithms. In the paper, the effectiveness of
our approach is theoretically guaranteed, and its advantages over existing methods are
demonstrated through experimental results.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: The paper discusses the fact that the memory mechanism of our approach
increases the memory burden of the algorithm.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

 The authors are encouraged to create a separate "Limitations" section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms

and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to

address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
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Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer:[Yes]

Justification: Theorem [1|is the main result of the paper and its proof is provided in Sec-
tion[4.4] while its assumptions are reported in the statement of the theorem. More in detail,
the proof reported in Section[4.4uses Lemma|I|and Lemma 2] (whose statements are reported
in Appendix ] while proof are given in Appendix [A.2)and[A.3] respectively) as preparatory
steps, as well as Theorem 2] i.e., a generic result about two-time-scale systems reported and
proved in Appendix[A.T]

Guidelines:

* The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.

. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: The numerical experiments reported in Section[5are carefully detailed to make
them fully reproducible. In particular, the algorithms’ and problem description are carefully
detailed.

Guidelines:

* The answer NA means that the paper does not include experiments.
* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

22



(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer:

Justification: We prefer to keep the code and data private for now, but we are open to sharing
them upon request.

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

¢ Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

 The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

 Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: All the training and test detail (e.g., the number of trials of the Monte Carlo
simulation) are carefully reported. In particular, the paper provides all the details about the
dataset generation used and the parameters of the algorithms.

Guidelines:

» The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: The numerical results provided in Section [5] are provided in terms of the
average achieved over the trials and using the standard deviation as confidence interval.
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* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

« It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
8. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer:

Justification: We believe that this detail is not relevant for the scope of the paper and,
thus, we prefer to omit it in the main body of the paper. However, we clarify here that the
experiments were run by using Matlab on a single machine with 8GB of RAM and 8 CPU
cores.

Guidelines:

» The answer NA means that the paper does not include experiments.

 The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [NA]

Justification: the main scope of our paper is to provide a theoretical analysis of the proposed
algorithm, which is not related to any ethical issues. However, we are aware of the NeurIPS
Code of Ethics and we will make sure to comply with it in our future work.

Guidelines:

e The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
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11.

12.

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]

Justification: the main scope of our paper is to provide a theoretical analysis of the proposed
optimization algorithm, which is not strictly related to any societal impact, as the aim of our
algorithm is the same as the one of already existing optimization algorithms.

Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: the paper poses no such risks.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [NA]

Justification: the paper does not use existing assets.
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Guidelines:

» The answer NA means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification: the paper does not release new assets.
Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: the paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
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Justification: the paper does not involve crowdsourcing nor research with human subjects.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]
Justification: we only used LLMS to check grammar and spelling mistakes in the paper. The

core method development in this research does not involve LLMs as any important, original,
or non-standard components.

Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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