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ABSTRACT

We introduce a new adaptive step-size strategy for convex optimization with
stochastic gradient that exploits the local geometry of the objective function only
by means of a first-order stochastic oracle and without any hyper-parameter tun-
ing. The method comes from a theoretically-grounded adaptation of the Adaptive
Gradient Descent Without Descent method to the stochastic setting. We prove
the convergence of stochastic gradient descent with our step-size under various
assumptions, and we show that it empirically competes against tuned baselines.

1 INTRODUCTION

We consider the stochastic convex optimization problem

. — M0 E 7 |
min f(x) = min E [f ()] (1)
where the expectation is taken with respect to some random variable & such that, f and f¢ : R - R
are convex, differentiable and lower-bounded functions for all £. We furthermore assume that f has
at least one minimizer z* € R?, and we denote its smallest value by f* = f(2*). When ¢ follows a

uniform distribution on subsets of {1, ..., N} (for some integer N > 0), (I reads
1
. _ o1 >
min f(z) = min = ;mm 2)
where f1,..., fn is a set of convex, differentiable and lower-bounded functions.

1.1 MAIN CONTRIBUTIONS

We introduce a new adaptive step-size strategy for stochastic gradient descent (SGD) to tackle (T).
We build upon the adaptive strategy introduced by |[Malitsky & Mishchenko|(2020) for deterministic
(full batch) convex optimization. They propose a step-size that automatically adapts to the local
geometry of f only by means of first-order oracle calls (i.e.,gradient evaluations). Their method
has the notable advantages of not requiring any hyper-parameter tuning nor the global Lipschitz
smoothness of the gradient of the objective function (Definition [T). While a stochastic version of
the algorithm has been suggested in (Malitsky & Mishchenko, |2020L Section 3), it does not inherit
the main advantages from the deterministic version: its implementation requires the careful tuning
of a hyper-parameter, crucial to guarantee convergence. In contrast, we propose a different stochas-
tic adaptation of their method that preserves the aforementioned advantages in the deterministic
setting. As illustrated on Figure |1} our algorithm converges without requiring the tuning of any
hyper-parameter, under various standard assumptions and models for stochastic optimization.

1.2 STOCHASTIC ADAPTIVE DESCENT

We consider a sequence (£x)ken of independent and identically distributed copies of . For any
random variable Z, E;_; [Z] denotes the conditional expectation E [Z | Fj_1], where Fi_ is the
filtration up to iteration k£ — 1. In particular, for all £ € N, we assume access to a stochastic gradient
oracle V f¢, such that Vo € RY, Ey_1 [V fe, (z)] = Vf(z). We fix an initialization 2o € R? and
consider the stochastic recursion

Th1 = Tk — M Ve, (@k), 3)
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8- SGD SGD w/ decay =&— AdaSGD-MM, biased AdaSGD-MM, unbiased  =—@= Step-size Adagrad
=8 AdaSGD, Var-|  =—@= AdaSGD, Var-Il AdaSGD, Var-lll —@— Stochastic Polyak

Algorithm 1: Adaptive SGD without descent
input: 2o € R4, \g = 1073
fork=0¢r...:
Draw mini-batch &,
Evaluate V f¢, (z)
ifk>1

Evaluate V fe, , (x)

if k=1

A = [[z1—z0]|
2V2[[V feo (@1) =V feo (@0) |

fixe) = f*

fixe) = f*

else
| Compute \x, according to (@)
Store ., Ak, Ap_1 and &

107 1073 1072 107t 10° 10t 10? Update karl = — )\kvffk (xk)

initial step-size Ag

Figure 1: Influence of the initial step-size A\ on the optimality gap f(xy)— f* after 100 epochs. Each
figure represents a different problem (linear, ridge and Poisson regression, see details in Section ).
Each experiment was ran five times, solid curve: median value , area: gap between best and worst
values reached. Our methods (AdaSGD, the blue curves) always perform well with small values of
Ao and thus do not require step-size tuning to compete with optimally-tuned SGD and “AdaSGD-
MM” from Malitsky & Mishchenko| (2020).

where step-size A\, > 0 is a (possibly random) variable that is assumed to be independent of &y,
conditionally on Fj_1. The above notation has been chosen to be consistent with those in

& Mishchenko (2020) to ease the comparison.

Our main contribution is to prove the benefits of the following adaptive step-sizes \j:

. B ||Vf§k,1($k) _vfgk—l(xk_l)H

Lk— - )
' e =z
min (ﬁ D /14 i::;) (VariantT) 4
— : 1 1 Ai— .
)\k = min (mm 5 Ak_]_ 1+ ﬁ) (Varlant II)
. A — .
min (W}zk—lkl/ﬁ s Ak_l 1 + (1 - kl/++’5) ﬁ) (Varlant III)

forall k > 2, with Ay > 0 and 0 < § < 1/2. The choice (@) adapts locally to the geometry of the
functions f:. We propose three variants of our method that have different convergence properties,
and recommend using Variant-IIT which has the strongest theoretical guarantees. The parameter
0 > 0 is not to be considered as a real hyper-parameter: it is needed for the theoretical convergence
analysis, but can be taken arbitrarily small.

Remark 1.1. Algorithm[I)is not exactly “parameter-free” as it features an initial \o. Yet, we argue
it is “tuning-free” since taking a very small value of \g is always as least as good as large ones,
as highlighted in Figure [I| and also noted by [Malitsky & Mishchenko| (2020) in the deterministic
setting.

When the f¢ are p-strongly convex with L-Lipschitz gradient, we prove that variant-III of (@) pro-
vides (3)) with the convergence rate E {Hxlﬁ_l — || < kl/i(;”, for all £ > ko, with C' > 0 and

ko > 3, without any knowledge of the constants 1 and L. We provide additional guarantees beyond
the globally Lipschitz continuous and strongly convex settings later in Section [3] We stress that (@)
does not involve any scaling parameter to tune based on the curvature of the f¢’s which most choices
for SGD typically require, including the approach in Malitsky & Mishchenko|(2020) in the stochas-
tic case. This is possible at the price of one extra stochastic gradient evaluation at each iteration.
The same drawback exists with the stochastic approach of Malitsky & Mishchenko| (2020), and it is
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inherent to the idea they propose. However, this additional cost has to be balanced with the cost of
hyper-parameter tuning (Sivaprasad et al.,|2020).

1.3 RELATED WORK

Tuning the step-size in gradient descent (GD) has been the topic of a large body of literature. Without
being exhaustive, we review the related work on adaptive step-sizes, with a focus on SGD.

Further adaptation of Malitsky & Mishchenko, (2020) In the deterministic setting, [Malitsky &
Mishchenko| (2020) introduced an adaptive version of GD (here-after called AdaGD) that they later
refined in (Malitsky & Mishchenkol [2024) to improve constant factors in the choice of the step-size.
A proximal version has been developed (Latafat et al.,[2024). As far as we know, there has been little
work on adapting AdaGD to the stochastic setting (beyond the heuristics inMalitsky & Mishchenko
2020). One exception is the work of |Defazio et al.[(2022), which takes inspiration from AdaGD, but
which derives a rather different algorithm, that only allows for increasing step-sizes. In contrast, our
method adapts to the local geometry at every iteration which generates non-monotone step-sizes.

Adaptive methods. Adaptive methods are a very active topic due to their extensive use for training
neural networks (Duchi et al., 2011, McMahan & Streeter, |2010; [Kingma & Bal, 2015} Tieleman
& Hinton, 2012). However, they still feature a step-size parameter (and possibly others), whose
choice significantly affects the performances (Sivaprasad et al.,[2020). Beyond AdaGD, many other
strategies exist in the deterministic setting (Li & Lan| 2023} |Lan et al.|[2023; |Khaled et al.,|2023)). In
particular, AdaGD can be seen as a more stable version of the Barzilai-Borwein step-sizes (Barzilai
& Borwein, |1988} Raydan| [1997)). Stochastic adaptations of these step-sizes have been proposed for
convex (Tan et al.,2016) and non-convex optimization (Robles-Kelly & Nazari, 2019; |Castera et al.}
2022)), but they always mitigate the instability of the methods through additional hyper-parameters.
Overall, we stress that the stochastic setting possesses additional difficulties that make it significantly
more challenging (Orabona & Cutkoskyl 2020).

Parameter free algorithms and normalized gradients Regarding the stochastic setting, the term
parameter-free may have several meanings. It is often connected to online learning where one seeks
adaptive strategies of methods that provably minimize f as well as the optimally-tuned instance
of the method (up to a factor), see e.g., (Orabonal 2014; Khaled & Jin, |2024). The definition of
parameter free may vary depending on the assumptions on the function, the geometric constants
of the problems that are assumed to be known, and the oracles used (e.g., accessing f¢ or not).
Despite the name, parameter-free algorithms may still assume additional knowledge of the problem,
such as a bound on gradient norms, see e.g., (Orabona, 2023 Remark 1). A significant part of the
work on parameter-free method uses normalized gradient strategies, a la Adagrad (McMahan &
Streeter, |2010; |Duchi et al., 2011). They normalize step-sizes using past (stochastic) evaluations of
gradients, which has a provable benefit (Li & Orabonal 2019). Without being exhaustive, existing
approaches beyond the ones above include (Levyl 2017; |Orabona & Pal, 2021; [Faw et al., 2022}
Ivgi et al.l 2023). We refer to |Orabonal (2023)) for a detailed discussion on gradient normalization.
When an upper-bound on gradient norms is known, the coin-betting strategy (Orabona & Pal, |2016;
Orabona & Tommasil 2017) provides acceleration by estimating the initial optimality gap ||xq—z*||,
see (Orabonal |2023)) and references therein for more details on this line of work. In this setting, a
close-to-optimal bisection method has been developed (Carmon & Hinder, 2022)). When designing
algorithms that can additionally access function values, the family of Polyak step-sizes (Polyakl,
1987) can be considered, even though it was originally designed for deterministic optimization. This
kind of methods has recently been adapted to the stochastic setting (Hazan & Kakade), 2019} |Loizou
et al., 2021), but it requires knowledge of the optimal values of the functions (f¢)e. A different
approach with access to function values has been proposed in (Chen et al., [2019). If the functions
f and the f¢ are themselves Lipschitz continuous, recent works show that this can be leveraged
to design adaptive strategies in deterministic and stochastic settings (Cutkosky, 2019; Defazio &
Mishchenkol 2023 Mishchenko & Detazio, 2024).

Difference with parameter-free approaches Although our work is connected to parameter-free
considerations, we do not focus on theoretical comparisons with optimally tuned SGD. As a matter
of fact, even in the deterministic setting, no theoretical acceleration was proved by Malitsky &
Mishchenko|(2020) compared to GD. Instead, our work focuses on adapting AdaGD to the stochastic
setting while preserving the benefits of the method (see Section [I.).
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Other related approaches Line-search is a usual way to alleviate step-size selection. It is however
difficult to adapt to the stochastic setting. Existing approaches (Byrd et al., 2012; [Franchini et al.,
2023) often require auxiliary hyper-parameters for the sake of stability (similarly to the aforemen-
tioned Barzilai-Borwein methods). Beyond GD, inertial methods are ubiquitous in optimization as
they allow achieving optimal rates for convex (Nesterov, |1983) and strongly convex optimization
(Nesterov, 2013} Algorithm 2.2.11). Adaptivity can also help to select the additional parameters
these methods feature (Barré et al.,[2020; Maier et al.,|2023)) or be used for adaptive restart strategies
(Aujol et al., 2024; [2025)). Finally, universal methods (Nesterov, 2015; |L1 & Lanl 2023} |Grimmer,
2024) are worth mentioning. They relax the Lipschitz continuity of the gradient by assuming it has
an (unknown) level of Holder continuity. They try to automatically adapt to this level of Holder
continuity, without knowing it. The focus is thus different than that of the parameter-free setting
previously discussed.

Convergence of SGD. Despite the different theoretical focus, we do provide theoretical guarantees
via the Robbins-Siegmund theorem (Robbins & Siegmund,|1971). The latter is among the main tools
to prove convergence in the stochastic setting. Many other proof strategies are possible depending
on the variance assumption of the stochastic algorithm considered, see the discussion in|Cortild et al.
(2025)) for further details, and |Garrigos & Gower| (2023) for a recollection of proofs.

1.4 ORGANISATION OF THE PAPER

In Section[2} we propose the derivation of a Lyapunov function that is inspired by the one proposed
inMalitsky & Mishchenko|(2020) in a deterministic setting and that we adapt to a stochastic setting.
Using such a Lyapunov function, we discuss in Section |3| various assumptions of the functions
fe that allow to derive the convergence of the stochastic sequence (zx)ren using the Lipschitz-
adaptive choice (@) for the step-size. Numerical experiments are reported in Section [ to illustrate
the performances of our approach over a range of stochastic optimization problems. Finally, some
auxiliary results are postponed to a technical Appendix at the end of the paper.

2 DESIGN OF THE METHOD

The idea from Malitsky & Mishchenko, (2020) comes from the derivation of an original Lyapunov
function. We present the main idea of this derivation and where our approach departs from theirs.
Although Lipschitz continuity is not directly used below, we recall it in Definition[I]in the Appendix.

2.1 PREVIOUS RESULTS

In the deterministic setting, Malitsky & Mishchenkol| (2020) propose to use GD (i.e.,@) with full
batch) algorithm to solve (2)) with step-size

. |l — zp—1]| } . Ak—1
Ar = min A1V 1+0k_1p, withf,_1 = ——. 5
* {2||Vf<zk>w<zk_1>| o o N @

To ease the reading, we use the same notation (zx)xen to denote the iterates both in stochastic and
deterministic settings. The main idea is that for the step-size (3, the sequence defined for k € N by

B
2

is non-increasing along the iterates of GD. We thus call (T} )xen a Lyapunov sequence (or func-
tion). This is key as the choice (5), does not guarantee the decay of ( f(zx))ren, which is the usual
Lyapunov sequence used for GD. This motivated the name “adaptive gradient descent without de-
scent” (AdaGD). Not ensuring descent at each iteration allows for a choice \j that adapts to the
local Lipschitz constant of V f as argued in Malitsky & Mishchenko| (2020).

In the case of (3), the authors consider the choice Ay = min {aAy, Ay—1+/1+ 0x_1} with either
_ lzx =251l _ lzx =21l : :

A = S e ()= ey (on 1] or A, = ¥ et oy (on 2] with (i an independent copy of

&k, and where o > 0 is a hyper-parameter to be tuned. They call these choices “biased” and

“unbiased” for a reason we explain later. In contrast, in , we evaluate the difference of gradients

Ti = llzrer — 212 +2 (O (L+6k)) (f(@r) — f*) + 6)
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on the previous random variable &,_1: ||V fe,_, (2x) — V fe, _, (xx—1)||- This is a small but crucial
difference that allows getting rid of the hyper-parameter « their approach features, and whose choice
depends on the (a priori unknown) smoothness constants of the functions V f, .

2.2 ADAPTIVE STOCHASTIC GRADIENT DESCENT

We derive a Lyapunov analysis similar to that in Malitsky & Mishchenko| (2020), and highlight the
main differences between our approach and the original one. In what follows, we assume and ensure
that the step-size satisfies the following.

Assumption 1. The step-size \;; > 0 is independent of &, conditionally on Fy,_1.

Remark 2.1. At this stage Assumption|l|is required to derive the computations below, but we stress
that we designed our step-sizes {@) so that it always holds true.

Let k > 2, as in the deterministic case we begin with the decomposition
lzerr — 2%)? = lzper — 2ll® + 2 (@rgs — gz — 2%) A+ [|l2p — 2|

= rer — 2l = 20V fe, (2n), 2 — &)+l — 2|

We introduce the notation Ay, = xj.1 — x. Taking conditional expectations on both sides of the
above equality, we obtain that

Bt (71— 0*17] = oo [186l] - 2 Bt WV e )] = %) + o = 2*[7. ()

Focusing on the second term in the right-hand side: due to Assumption [I] the conditional indepen-
dence between & and Ay allows splitting the conditional expectation into a product. This is the
reason for the terminology “unbiased” as it then allows to use the property that Ex_q [V f¢, (zx)] =
V f(xy), meaning that V f¢, (x1) is an unbiased estimator of V f(xy,). We obtain

(Er—1 [MV e, (zr)] s zr — %) = Epoy ] (Vf (1), 21 — %) > By [Me] (f(2r) — £7), (8)

where we used the convexity of f in the last inequality. The function values f(xy) appears above,
so we expect the quantity f(x_1) to appear as well later in our Lyapunov analysis.

Now focusing on Ay, it is trivial but convenient to write | Az |*> = 2||Ax||> — |[|Ax]* and use the
identity 2 [|A]]* = —2 (\,V feo (1), Ag). We then make an extra stochastic gradient appear,

=2 (M V fe, (21), Ak) = =20 (Ve (@1) = Ve, (Tr-1), Ar) =20k (V fer_, (T1-1), Ak)

=Ayg =By

(€))

This is a first pivoting choice in our analysis, it yields two terms that we analyze separately.

2.2.1 BOUNDING By,

We first use (3)) to substitute V fe, | (xx—1) in By;:

1 A2
By = -2\ < (g — Th—1), — A&V fe, (l’k)> =2k (o — w1, Ve, (7))
Ak,1 Akfl
We take conditional expectation and use again Assumption [IJand the convexity of f to get
Ep_1 [A\2 Ep_1 [A2
Ex—1[Bi] = —QJ (T — p—1, Vflzp)) < 2M(f(1?k—1) — fzr)),

Ak,1 Akfl
Bt [ B [
Ak—l Ak—l
We obtain a term with f(xj—_1) that will be balanced by (8) and will result in a condition between
A and Ai_1, similar to that in (). Plugging V f¢, , (2,—1) into (O) allows our analysis to remain

faithful to the approach followed in the deterministic case.

=2 (f(@p—1) = ) =2 (f(zr) = f7) (10
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2.2.2 DEALING WITH THE TERM A;,
To handle Ay, in (9) we start by using | (z,y) | < ||z||* + %, Vz,y € R%:

1AL

—2Xk <v-f§k (Ik) - vf§k71(xk—1)aAk> < 2)‘i vafk (xk) - vffk—l(xk—1)||2 + T

The second term in the right-hand side above will be compensated by the — || Ay ||2 obtained above
(). Handling the first term is more involved. We plug again an extra stochastic gradient:

||Vf§k(‘rk) - vffk—l(xk?*l)H2
=||Ve.(@r) = Ve, (xr) + Ve, (xx) = Ve, (xh-1)
<2 vafk (xk) - fok—l(xk?)H2 +2 vagkfl(xk) - Vf&k—l(xk—l)’ 2

induced by sampling induced by curvature

2
“ (11)

)

where we used ||z + y||* < 2||z||* 4+ 2 |y||>. The decomposition () is a subtle but crucial differ-
ence withMalitsky & Mishchenko| (2020) in the stochastic setting. As highlighted in (TT)) it allows
bounding the difference of stochastic gradients by a sampling error and a “curvature-induced” term.
In the deterministic setting (§x = £;—1) the first term vanishes and the curvature term boils down to
the difference of gradients appearing in (3). This leads to our first condition on Ay, in @):

2k — zr—1|

N < 12
7 22|V (@) — Ve, ()| "

that allows bounding the curvature term: 4\2 ||V fe, _, (zx) — V fe,_, (2x—1) H2 < M. There-
fore, using again Assumption I} we obtain

Apa|? | AP
Ek—1 [Ak] < Ep—1 [A7] Ex—t “‘Vfgk(mk) - Vfgk,l(xk)HQ} + ” ’“2 il + H 2’“” . (13)
2.3 DECAY OF THE LYAPUNOV FUNCTION IN EXPECTATION
We use (I0) and (13) in (9) to bound the first term in (7):
> > 2] Akl
Ex—1 {HAkH } <Ej—1 [A7] Bt [va&k (@1) = V fer_ (zx) } s
Agl? Ex—1 [A? Ep_1 [
ey M B I gy B Dl g,
2 Ak,1 Akfl
which, going back to (7)) and rearranging, leads to
Ei1 [A? Ag|?
Bucs [lons =17+ 2 (Bcs tul + 228 (10— )y (122
Ak—1 2
JAVHY R e PV
< o7 121l B il ) )

+4Ei 1 [A7] Ers U\Vfgk(xk) - stkfl(ﬂfk)m :

We almost recovered an inequality on the sequence (7% )ren defined in (6). Our goal at this point is
to make (7} )ren non-increasing, up to the last term above that we will handle later. This is where
our second condition comes in. Assume that for all £ > 2,

Epo1 [A7] S Aoy (T4 0k-1)  with 01 = Ap—1/Ai2, (14)

then, under this condition and (I2), we just obtained our stochastic version of the Lyapunov descent
from Malitsky & Mishchenko] (2020).
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Proposition 2.2. Under Assumption[l|and conditions (12)) and (14), T}, defined in (6) satisfies
2
Ep—1 [Th] < Tho1 + 4E—1 [A7] By [vagk (k) = Ve, ()| } : (15)

Remark 2.3. Condition (T4) involves an expectation, which is inconvenient in practice. This is
easily fixed by taking \j; < \p—11/1 + Ox_1, as we do in @), which obviously satisfies (14).

In particular for the three variants that we propose in @), conditions (12) and (T4) are fulfilled.
Corollary 2.4. For any of the three choices in @), Proposition[2.2holds true for Algorithm[]]

To conclude this section, we importantly note that our analysis unifies the deterministic and stochas-
tic settings. Indeed, when & = &1, (13) simply reads T}, < T)_; and conditions (T2) and (T4)
are exactly @), uptoa \/2 factor. Therefore, the main difference in the stochastic setting is the term
Er—1 [A2] Ep—1 [HVfgk () — Ve, (1) HQ} in (T5), which can informally be interpreted as the

variance of the noise induced by stochastic approximations. To derive convergence results one needs
to control this term, a classical challenge in stochastic optimization. Next section is devoted to this.

3 CONVERGENCE ANALYSIS

Throughout this section, we consider Algorithm [I] with the three choices of step-size (@). Re-
mark that with choice (@), \x, is not a random variable conditionally on Fj_1, so we simply have
Er_1 [)\ﬂ = AZ. Furthermore Assumption holds true. We study the convergence of Algorithm
all the proofs of this Section are deferred to the appendix. According to Corollary 2.4] the sequence
(T )ken satisfies (I3) for Algorithm [I]in the stochastic setting only by assuming local Lipschitz
continuity of the V f¢’s. However, the inequality (T3) derived for (T})en features an additional
term inherent to the stochastic case. The crux to obtain further convergence properties is to control
this last term (T3). First, we show in Lemma[B.T]of Appendix [B:1]that V& > 1,

Exr-1 [vafk (zx) — stkfl(xk-)HQ]

< 4Eg—1 [||Vf5k($k) - Vfgk(m*)\lﬂ +4E; 1 {vagkfl(xk) - Vfgkfl(x*)HQ} + 407, (16)

where 07 = Ej_4 [||Vf§k (x*)||2} +Ei1 “‘Vfgk_l(x*)ﬂﬂ. The first two terms in (T6) may

vanish asymptotically if z; converged to x*, but o, is bounded away from zero in generalﬂ This
evidences that ensuring convergence in the stochastic setting requires additional assumptions on the
objective function f. We present three possible sets of assumptions that allow controlling (T6).

Assumption 2. One of the following assumptions below holds true.

(2}i) The function f has the finite-sum structure ) and each NV f; is Ly-Lipschitz continuous.
(Vi) There exists L > 0 such that each V f¢ is L-Lipschitz and o > 0 such that Vk, U,% < o2

(}iii) The function f has the finite-sum structure (2) and the iterates (x1)ken are bounded.

Any of these sets of properties provides a uniform control on the problematic term in (I3)). Assump-
tion[(2FiD)is necessary when one minimizes infinite sums, Assumption [2f1)]requires global Lipschitz
continuity for finite sums, which can be relaxed in[[2HiD)|but at the cost of assuming boundedness of
the iterates, which can only be checked a posteriori.

Lemma 3.1. Under the conditions in Assumption|2| Yk > 1, there exists L,o > 0 such that

NEi1 [V fe (@) = Ve (@0)]|*] < 8L i — 7)* + 4\Fo

One can see that when A7 converges to zero “fast enough”, we should obtain convergence of
(Tk)ken. We now present the main convergence results of the paper in the next two sections.

"Except in the so-called interpolated case where =* minimizes all the fe’s.
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3.1 ALMOST SURE CONVERGENCE

We begin with a general theorem.
Theorem 3.2. Consider Algorithm[I|with step-size @). If Assumption 2| holds true, then whenever
the sequence of step-sizes (\,)xen satisfies Y, <. )\i < 400 almost surely, the Lyapunov sequence
(Tk)ken converges almost surely.

The proof relies on the Robbins-Siegmund theorem (Robbins & Siegmund, [1971) that is recalled
in the Appendix for completeness. Theorem [3.2] requires the sequence of step-sizes to be square-
summable. This is true in the following settings (as proved in Appendix [A}), and possibly others:

Case-1 when there exists ;1 > 0 such that each f¢ is u-strongly convex;

Case-2 in least-square regression: f is a finite sum (2) and Vz € RY, fe(z) = ((we, z) — y¢)?, for
we € R? and y¢ € R;

Case-3 more generally when f is a finite sum (@) of ridge functions: Va € R?, fe(z) =
ge({we, x)), and g¢ : R — R is strongly convex.

We recall, that f¢ is p-strongly convex means fe — § ||| is convex. [Case-3|is a generalization of
linear regression that has important applications in the literature. See Section|A|of the appendix for
further discussion on these three cases. In these settings we obtain the convergence of the algorithm.

Corollary 3.3. Consider Algorithm|l\with step-size variant-II or III from {@). Under Assumption
the sequence (Ty) ke defined in (15) converges almost surely for any of|Case-1| |Case-2|and|Case-3

We just provided prominent practical cases in which Algorithm [I] converges without requiring any
hyper-parameter tuning. We now show that it is actually possible to improve the results and derive
rates of convergence in

3.2 CONVERGENCE RATES IN EXPECTATION

When the functions f{s are strongly convex (Case-IJ), Variant-III of step-size (@) provides the algo-
rithm with a rate of convergence.

Theorem 3.4. Consider[Case-1| with Assumption 2| Then for Variant-III of the step-size (@) with
any 0 < & < 1/2, there exists C > 0 and ko > 3, such that the iterates of Algorithm [I| satisfy
E[T}] < WLQM, Yk > ko. In particular the same rate holds for E {kaﬂ - m*||2}_

We recommend using Variant-III of the step-size as it provides the strongest guarantees.

Remark 3.5. The iteration kg after which this rate holds does not depend on Ao, see Appendix|B.2]
This is not true for vanilla SGD with decreasing step-sizes, where one gets similar asymptotic con-
vergence rates but only after some kg that depends on the initial step-size or that requires additional
knowledge on the strong-convexity parameter (Moulines & Bach| |2011). Finding the right initial
step-size for vanilla SGD, is also crucial to get good non-asymptotic performance in practice (Asi
& Duchi, |2019).

4 NUMERICAL EXPERIMENTS

To assess the performance of AdaSGD, we consider six different stochastic convex differentiable
optimization problems of the form (), with synthetic and real data. We consider four types of loss
functions that illustrate the possible different settings from Section [3} linear and ridge regression
that fit [Case-2| and [Case-3| respectively; logistic regression that does not fit the cases considered,
and Poisson regression where V f is locally Lipschitz continuous but not globally. We compare our
method to SGD with fixes step-size Ay (no decay), SGD with decay: A\, = klj\igﬁ (0 =107%) and
the two stochastic versions from Malitsky & Mishchenko| (2020) (AdaSGD-MM) that also feature
a tunable step-size Ao (previously denoted by « in Section 2.1). We also consider two additional
methods with adaptive step-sizes: the step-size version of Adagrad and the stochastic Polyak step-
size (Loizou et al.}2021). Note that these methods still feature a “step-size” like parameter (denoted
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—o— SGD SGD w/ decay =&— AdaSGD-MM, biased AdaSGD-MM, unbiased  =—@= Step-size Adagrad
=— AdaSGD, Var-|  =@= AdaSGD, Var-Il AdaSGD, Var-lll —@— Stochastic Polyak
Linear — Diabetes Logistic — 2moons Logistic — w8a

To¢ 100 10 100 100 100 102
initial step-size Ao

Figure 2: Experiments in the same setting as in Figure |1| on three other optimization problems.
Except for a few outliers, out methods are significantly more stable to the choice of Ay than other
algorithms and always work well for small values of Ag.

by Ao in the figures for consistency). We provide further details on the experiments in Section D] of
the Appendix and a publicly available codeEl

Sensitivity to the initial step-size. We first study how the choice of the initial step-size A affects
each of the seven algorithms. The results for the first three problems on Figure([T]and the three others
on Figure 2| show that AdaSGD is indeed much less sensitive to Ay than other algorithms (except
for a few outliers in logistic regression, but the median remains stable even there). This significantly
reduced sensitivity also does not seem to influence the performance as the value of f achieved is
comparable or better than that of optimally-tuned SGD. We also remark that despite being adaptive,
the step-size Adagrad and Stochastic Polyak are more sensitivities to A than our method. We note
nonetheless that Variant-I seems to have a significantly different behavior than Variants-IT and III
(which are relatively close). While Variant-I comes with less strong theoretical guarantees, it is
sometimes better (or worse) than the other two variants depending on the problem. This is not
surprising as vanilla SGD also peforms sometimes better with or without decay depending on the
problem. Figures|l|and [2|clearly show that our method fixes the issue from the stochastic method
of Malitsky & Mishchenko| (2020) as for the latter, Ay has a crucial impact on performance. This is
the main goal and contribution of this work. An important take-away for practitioners is that we see
that taking low values of Ao for AdaSGD seem to always be a good choice, therefore we can use any
variant of AdaSGD with (for example) Ao = 10~2 and avoid tuning the step-size.

Minimization performance. We ran AdaSGD with the default value (without tuning \o) and com-
pare it to the other algorithms that were tuned via a dense grid search on six problems. Results are
shown on Figure[3] We note that variant-I sometimes struggles, which illustrates the importance of
the decay introduced in Variants-II and III. They exhibit fewer oscillations due to the control of the
noise (the additional term in (T3)). Interestingly, Variant-I works better than the other two on Pois-
son regression, which is a problem where there is no global Lipschitz continuity of the gradients.
We observe that the performance of AdaSGD is comparable to that of the other methods. The gain
or loss is often marginal but AdaSGD has the significant benefit that no tuning is required to achieve
this performance. AdaSGD requires two gradient evaluations per iteration but this is compensated
by the absence of grid search, which itself requires many gradient oracle calls.

Effect of the batch-size. To investigate the effect that the size of the mini-batches have on the
stability to \g, we repeated some of the experiments in the case of high noise (small mini-batches)
and low noise (large mini-batches). The results presented in Figure ] and Figure []in the appendix
show that our conclusions remain the same: a small choice of )\g is always good for our three
methods and they exhibit minimization performances comparable to those of most optimally-tuned
methods considered.

https://github.com/anonrepo555/AdaSGD_ICLR
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8- SGD SGD w/ decay =&— AdaSGD-MM, biased AdaSGD-MM, unbiased  =—@= Step-size Adagrad
=— AdaSGD, Var-|  =@= AdaSGD, Var-Il AdaSGD, Var-lll —@— Stochastic Polyak
Linear — Synthetic Linear — Diabetes Sum-of-Ridges — Synthetic

o \“”1

|
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Figure 3: Evolution of the sub-optimality f(xy) — f* over the epochs. Comparison between the
three variants of AdaSGD used without tuning and other methods that are tuned via a dense grid-
search. Solid curves: median value across five runs, area: gap between best and worst values.

5 CONCLUSION

We introduced AdaSGD, an adaptation of AdaGD to the stochastic setting that coincides with
AdaGD in the full-batch case. AdaSGD transfers the advantages of AdaGD to the stochastic set-
ting, some of which were lost in the original stochastic adaptation of AdaGD. Our method does not
rely on any heuristics and is rather derived via a careful Lyapunov analysis, resulting in three vari-
ants step-size strategies. We conducted a thorough analysis, showing convergence and rates for our
methods. These guarantees however rely on stronger assumptions than in the deterministic setting,
which is due to the noise induced by stochastic gradients. We show promising experiments that evi-
dence that our primary goal is achieved: AdaSGD is very robust to the choice of the initial step-size
without sacrificing minimization performance.

The main directions for further research revolve around relaxing the requirements related to convex-
ity. In Appendix[C| we provide partial theoretical results that suggest that the convergence results of
Section [3|could possibly be extended to all convex functions. On the other-hand, adapting AdaSGD
to non-convex functions would allow training neural networks but represents a significant challenge
since the derivation of Section 2]relies heavily on the convexity inequality.

10
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A ENSURING SQUARE-SUMMABILITY OF THE STEP-SIZES

Theorem holds true when the sequence of step-sizes (\g)gen is square-summable. We can
guarantee this in [Case-1] [Case-2] and [Case-3| as discussed in the main text. We now prove this and
provide further discussion on these three settings.

A.1 [CASE-1} STRONG CONVEXITY

In[Case-T} we assume that all the functions f¢ are strongly convex, which is a sub-class of convex
functions. We recall that this means that there exists ; > 0, such that for all £, and z,y € R,

feW) = fe(@) + (Vfela)oy — ) + Slle =yl

or equivalently

(Vie() = Vie(y).o —y) = plle -yl (17)
Note that we assume that all the functions f; have the same strong convexity parameter 1. We could
have equivalently assumed that there exists ;1 > 0 such that each f¢ is ue strongly convex with
pe > > 0. In the case where f is a finite-sum of functions this is always possible (by taking

(= ming fie).
Strong convexity allows upper-bounding the step-sizes (Ag)ren. Indeed, by using Cauchy-Schwarz
inequality on (17), we get,

IVfe(x) = Vel lz = yll = pllz —yll*.

So in particular, using this on the iterates (xy)ren and mini-batches () ey in Algorithm for all
k>1

|2k — zp—1]| 1

||Vf5k71($k-) _vfik'—l(‘rk'—l)n H

Hence, from the definition of the step-size )\ in @]), we deduce that,

1 .
, (Variant I
A < {2‘/15“

< - (18)

w5 55, (Variant ILand IOD)

Therefore, for Variants IT and III of the step-size, we can ensure that,
+oo +oo 1
2
D NS g <Aoo
k=0 k=0

Therefore, Theorem [3.2] holds true in Why strong convexity may seem to be the natural
assumption for ensuring square-summability, a similar result can be derived in non-strongly convex
settings.

A.2 [CASE-2} LINEAR REGRESSION.

We now consider the classical machine learning problem of linear regression, where f is a finite
sum (2) and the f,’s need not be strongly convex. We assume that for all z € R?, the functions
(fe)eeqa,..., Ny take the following form:

fil) = 5 e — (e, )?,

where wy is a d-dimensional vector of predictors (with wy 7 0) and y, is a scalar response variable.
The discussion can easily be extended to the case where w, are matrices and y, are vectors, which
we do not consider for the sake of simplicity.

Forall/ € {1,...,N},and z € R%, we have
Vfl(l') - (<'LU£,$> - yé)wfa (19)
and the Hessian of f is given by

V2fi(z) = wewy, forallz € RY.

14



Under review as a conference paper at ICLR 2026

Since wew] is a rank-1 matrix, the Hessian admits a zero eigenvalue (actually it even has d — 1) so
the function f is not strongly convex.

We now use this on the iterates of Algorithm[I] For the sake of simplicity, we assume, without loss
of generality, that the mini-batches are single valued, i.e. forall k € N, § € {1,..., N}. Then
remark that for any k& € N of Algorithm implies that

IV fer () = Ve, (i)

= H(yék—l - <w§k—1’xk>)w§k—1 - (ygk—l - <w€k—1’xk—1>)w5k—l|’2
= H<wfk—17xk - xk—1> Weyo_y ||2 = <w£k717$k’ - zk—1>2 Hwik—l ||2

But remark that from the definition of Algorithm|I}
Tp — The1 = —Ap—1We,_, = —Ap—10k_1We,_;,

where a1 = ((we,_,, %) — Ye,_, ). So inserting the above in (20),

vafk—l(‘rk) - vffkfl(xkfl)HQ = )‘271&%71 Hwék—l (20)

I
Then similarly,
2
o =z ll” = X yak g flwe, 117,

So we obtain that
2k — zp—1]] _ 1
IV fers (@) = Ve (we-n)|| - llwe, 127
Finally, by using the finite-sum structure, we denote by /i = maxyc(1,... Ny [|we | and we arrive to
the same inequality as in (18], without relying on strong convexity. Therefore the same reasoning as
in applies here and we deduce that for Variants IT and III of the step-size, 3,0 A7 < +o0.

A.3 [CASE-3l SUM OF RIDGE FUNCTIONS

As a third setting, we consider a generalization of linear regression where the function f is a finite
sum of convex ridge functions. More precisely, we assume that, for each ¢ € {1,..., N}, the
function f, takes the form

fz(.%‘) = 9ge ((wg,.’E)) ’

where wy is defined as in[Case-2] and g;: R — R is a known function that is differentiable and fi¢-
strongly convex on R. This setting includes the previous example of linear regression with g,(u) =

2(u—ye)? forallu € R.

Linear combinations of ridge functions constitute a functional class that is a central tool in the
approximation theory of multivariate functions, and for the study of neural networks with a single
or two hidden layers. For a survey on these topics we refer to (Ismailov, [2021)). Using sums of ridge
functions has also proved to be relevant for the regularization of inverse problems (Goujon et al.,
2023)), the study of convex optimization in the space of measures (Chizat, [2022), and for adversarial
bandit problems (Rajaraman et al., | 2024)) to name a few.

Note that assuming that as for linear regression, the f; are not strongly convex (they are only in
one direction given by wy), and that f needs not to be strongly convex as well. Hence, this setting
remains different from

Similarly to[Case-2] forall £ € {1,...,N} and z € R,
Vfo(x) = gy ((we, x))we. 1)

Again, assuming without loss of generality, that k € N, &, € {1,..., N}, using the strong convexity
of ge, the above implies for Algorithmthat, forall £ > 1,

HVfgk,l (QTIc) — Ve, ($k—1) H2

- (gék—l (<w£""’—1’xk>) _gék—l (<w5k—17xk*1>))2 H“’Ek_lw

2 Mgk’—l (<w5k~—17xk’ - Ik—1>)2 Hwik—l ||2 = Mgk’—l (<w57 Ak—lvfikq(xk—l»f HwEHQ .
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Moreover from (1), one has that
2
(we, Ve (wr-1)) = ge (wg ) lwe]l”,
consequently
2
IV feu s (on) = ¥ feu s on)||* 2 08, X agly, (wh ) e |

and similarly to we obtain the following upper bound

6

)

[E | < 1 .
||vf§k—1(xk) - vf&k—l(xk—l)H N ey ngk_l H2

From that point we repeat the same argument as in the previous section to deduce that Z;:oo A<
+00.

B MISSING PROOFS AND CONVERGENCE RESULTS
We start by showing the lemmas used to control the “noisy” term in the beginning of Section 3]

B.1 VARIANCE TRANSFER

We first recall the definition of Lipschitz continuity of the gradient.

Definition 1. A function g: R? — R is said to be locally smooth or to have locally Lipschitz
continuous gradient, if g is differentiable and for all © € R?, there exists L > 0 and a neighborhood
V of x such that, for all x,y € V,

IVf(@) = Vi)l < Lz -yl

IfV =R, the function is simply said to be (globally) L-smooth or to have L-Lipschitz continuous
gradient.

Lemma B.1. For all x € R?, and random variables &,, &5 as defined in Section

E [V fe,(2) = Vfeu @) ]
< 4E ||V /e (@) = Ve, (@))*] + 4E [V fea (@) = Ve ()]

+4E [ fe, ()| +4E [I1V feu (&)1 -

Proof. Forall x € R, we have

IV fe, (2) = Ve (@)|* < 2|V e, @) + 2|V feu (@)
= 2|V fe, (&) = Ve, (2%) + Vfeo (@) [|* + 2|V feo () = V feo () + V ey ()|
< 4V e (@) = Ve @) + 4]V e @) + 4V feo (2) = Voo (@) + 411V feo ()]
The result is then obtained by taking expectations on both sides of the above. O

We can now prove Lemma [3.1

Proof of Lemma[3.1] First remark that if Assumption holds, then there is a finite number of
functions f¢, according to (2). Thus, there exists a global Lipschitz constant L = maxyeq1,.. N} Le
on all the V f¢’s. If we rather make Assumption [[2}ii)] then the iterates lie in a compact subset K of
R? and each feis globall smooth on K. Then by using the same argument as above, there exists a
uniform Lipschitz constant L on all the V f¢’s. Overall, we have shown in particular that under any
of the three set of assumptions, there exists L, such that Vk > 1,

IV fe(xr) = Vie(@™)| < Lllzg — 2|

3This is because V fe is locally Lipschitz continuous and K can be covered by a finite union of open sets.
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For all £ > 1, let us consider (zx)kren, (€ )ren and (A )ren as defined in Algorithm Then by
direct application of Lemma|[B.I] we have

Bit [V (@) = Veu ()]
< 4B [V e (@0) = Ve (@) ] + 4B [[ Ve, (0) = Ve, (@)]]

4B [V fe (@)IP] + 4Be [V e, (2]

By definition, 07 = Ej_4 [||Vf5k (x*)||2} + Ep_y U‘Vfgkfl(x*)]ﬂ and using the uniform
Lipschitz-continuity discussed above, we obtain,
2 * *
Ei1 [[Vfe (o) = Ve, (@0)|*] < 8L%Bpon o — 2*I| = 82 flan — "I + 40}, (22)
where the last equality is obtained by noticing that zj, is not random with respect to the filtration
Fr—1-

It only remains to prove that Vk > 1, there exists o > 0 such that a,% < o2, This is directly assumed
in Assumption [2FiD)} In the other-two cases, f has the finite-sum structure (2). Hence, remark that

in that case since ||V fe, (z*) ||* does not depend on 1, we can simply take the uniform bound:

2 *\ (12 ()12
7= VA + )

Using this in (22), we get the desired result. O

B.2 CONVERGENCE ANALYSIS

All the convergence results in Section 3] rely on the Robbins-Siegmund Theorem, a standard tool
for proving convergence of random sequences. We refer the reader to (Duflo} |1997) for further
discussion on this result.

Theorem B.2 (Robbins-Siegmund). Let (Uy), (Vi), (), and (By) be sequences of nonnegative
and integrable random variables on some arbitrary probability space that are adapted to a filtration
Fi, and such that, almost surely,

(i) Zkzo ap < +o0o  and Zkgo B < +o0,
(ii) forall k > 1,
E [Vi|Fr-1] < Vi1 (1 +ar) — Up + Br.
Then, almost surely, Vi, converges to a random variable V., and
Z Ui < +00 almost surely.

k>0

Proof of almost sure convergence We will now use this theorem to prove Theorem 3.2}

Proof of Theorem[3.2] We use the same notations as in Section[2] According to Proposition 2.2} for
Algorithm [T} for all £ > 2, it holds that

Ee—1[Tk] < Trm1 + 4AZEk_ [vask (zk) — stk_l(xk)Hz] ,

where T, is defined in (€). Then by using Assumption 2] we can apply Lemma [3.1} so there exists
L,0 > 0 such that forall k € N,

Ep_1 [Tk] < The1 + 3202 L2 ||y, — 2*||> + 16X2 02
Notice from the definition of T} in (), that ||z — z* ||2 <Tp_1, 80
Er o1 [T] < (1 +32L2X\2) Ty + 167i0° (23)

We now apply Theorem[B.2]to (23)) with
Vk = Tk, ap = 32[/2)\%, ﬁk = 16)\%0’2, and U;~C =0.

Therefore, as stated in Theorem whenever Y, A7 < oo, then >, ., < 400 and
> k>0 Br < +00 so we can apply Theoremto deduce that T}, converges almost surely. [
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Proof of convergence rates We will now prove Theorem We keep again the notations of
Section 2] and consider Algorithm [T] with variant-IIT of step-size (@). This Theorem holds only for
which is the one where each f¢ is u-strongly convex. Importantly, this implies that f is
u-strongly convex as well. We begin with two technical lemmas that will be useful for proving
Theorem 3.4

Lemma B.3. Let (\g)ren denote the step-sizes of Algorithm with variant-III of (@). Then under
Assumption 2] and forallk > 2,

1 1 1 1

R o 5L = S R g e

Proof. The upper-bound in (24)) was already proved in Appendix [A.T] As for the lower-bound, we
proceed similarly. By applying the same arguments as in the proof of Lemma we deduce that
there exists L > 0 such that each f¢ has L-Lipschitz continuous gradient, at least on a compact set
containing the iterates (zx)ren. This means that

|V fers (@r) = Ve, (xr—1)|| < Lo — zp-1ll,

and thus,
1 1 1 ka — Tr_1 ||

< .
RYPEO VAL T R 22|V fe () = Ve (wr-)
Unlike the upper-bound in (24)), this is not enough to conclude. Yet, for all k& > 2,

) 1 lze — zrp—1]| ( 1 ) Ak—1
Ak = min Ap—14/ 14+ (1= ——
' {W“ 2V2 |V e, (ar) = Ve, ()| K250 ) Ns

. 1 1 1 Ab—1
2 min { E1/2+3 2\/§L7>\k_1\/1 + (1 - k1/2+5) Ar2 }

> mi L L A
~Z min Wﬁ’ k=1 (>

where in the last line where used the fact that for k& > 2, A\_1 \/1 + (1 — kl/ﬁ) M1 oA,

Ak—2 —

Therefore, by straightforward induction,

. 1 1 . 1 1 1 1
Ak > mln{wm,)\kl} > mln{k1/2+5 NI 2\/§L7)\k2}

> > mi 1 ! A
Z ... 2 Inin Wm, 1(-

lz1—zo| > 1
2V2||V feo (m1) =V feo (m0) || = 2v2L°

Since A\; = we obtain the lower-bound in (24).

Before presenting the next technical lemma, we recall the notation for all k > 1, 0, = \g/Ag—1.

Lemma B4. Let (\)ren denotes the step-sizes of Algorithm with variant-III of @). Then under
Assumption 2 and forallk > 2,

L p
N < O (25)
1 " 1 o
RS gogre = M0 < Mior (146 (1 T RS 26\/§L) ’ 20

where 0, = A;\’“ -
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Proof. As before we can make use of u-strong convexity and L-Lipschitz continuity of the gradient.
In particular, using Lemma[B.3] we deduce that for all k& > 2,

Moo (k- 1)/2+6 9,/3,, (k-1 1/2+6 u
Ae—1 k1/2+8 2\/§L k

O = I

We then get (23) by noticing that forall k > 2, 221 =1— 1 > 1 By using Lemma once more
in (23), it holds that,
)\i 1 1 L _ 1 I
Ae—1  KY2H09 /21, 96\/2 L k1/2+0 2042°
which is the left-hand side of (26).
Finally, for the right-hand side of (26), from (4),

A2 1 O
Op Ay = N < Akt (1 + (1 - W) 9191) = Ap—1 <1 + 01 — k1/2+5>

1 Or—1
= Me—1 (1 + k1) (1 - ]<;1/2+51+9k_1> .

)\kﬁk =

One can easily show that the function # € R — —% is increasing on R. So combining this with

140
(23) again,
1_u
Or—1 S V3L _ 1]

146, — 1+251\/§% 20\2L +

So
1 1 Or—1 1 1

k1/2+6 1 4 Op_1 — k1/2+0 26\/§L _’_Iu»

which proves the last bound. O

We can now prove Theorem [3.4]

Proof of Theorem As before, let us consider (2, ) gen the iterates of Algorithmwith step-sizes
(k) ken obtained with variant-III. With the same arguments as above, upon restriction to a compact
set, all V f¢ and V f are L-Lipschitz continuous due to Assumption 2] In[Case-1I} f and the f¢’s are
furthermore p-strongly convex.

Under these stronger assumptions we can actually reproduce the steps of the analysis from Section 2]
but with sharper bounds. Indeed, we can go back to the convexity inequality (8) and replace it with

= 2(Ep—1 MV ey (z)], op — %) = 22X (V f(@k), 21 — 27)
< =20 (f(zg) = ) = Mg ||z — 2™

where we also dropped the expectations on Ay as our choice is not random conditionally on Fj,_;.
We apply the same reasoning to (T0): strong convexity implies that

Fim) = fan) = (@ — oo, V@) + 5 law =z

and hence going back to (10),
/\i )\i 2
Br—1[Br] < 2= (f(wr-1) = flar)) — 2= pllwn — zp—1]]
)\k—l /\k—l
A2 A2 A2
= 2575 (flan) = ) = 2570 (Flaw) = ) = Sk — wea
Ak—1 Ak—1 Ak—1
We then proceed exactly as in Section |2} and eventually obtain a sharper bound on Ej,_1 [T}]:
.12 . (=5
Epp—1 [Th] < (1= Axp) [l = 2717 + 20005 (f (z-1) = F7) + (1 = 200p1) ———
2
+ 4N Eg [||fok($k) — Ve (1) } , (27)
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where we recall that A,y = ||z — z—1]|.

We now use Lemma|[B.3|and[B.4] more specifically, we use the left-hand side of (24), the right-hand
side of (26) and the left-hand side of (26)) on the first, second and third terms of (27), respectively.
This yields for all k > 2,

1 H *||2
Ep—1[Tk] < <1 - k11/2+52\/§L> (e |

1 1% *
#2040 (1= gy ) Vo) — )

2 2
+(1 1 >nAkm

- k1/2+36 2691,2 2
+ ANE1 [V e @) = Ve @]

2 . .
Let 7 = min { 2\;‘%, u+2?\/§L’ 25‘;]:2} < 1, because /L < 1. and so we obtain an improved

version of Proposition[2.2} for all k > 2,
T 2
Er1 [Ti] < (1 - W) +ANEg 1 {vaék(xk) = Ve (zi)]| } ,

It now remains to control the last term above, in the exact same way the proof of Theorem [3.2] We
apply Lemma3.1]to get

-
By [T] < (1—-Eﬁaig)z%_l-+32LA§ka—-xﬂ|+]6A§a%
T 2 2 2
< (1 - 7 32L)\k) Tyt + 16A202.
T 1 32L .
(1 — W + k}1+258,u,2) Tk_l + 16Ak0' .

There exists kg such that the factor of T}_; is strictly smaller than 1. For example, it is sufficient

to take kg = igﬁi Using the fact that )\ﬁ is summable, we can use (Bercu & Bigot, 2021, Lemma

A.3) to deduce the result. ]

C THE CONVEX CASE

In this section, we consider a relaxation of the smooth and strongly convex case that we considered
previously. Let us recall that, from (T3] in Proposition[2.2] we have:

2
E“4WM4xw2+W”“zﬂ%H]
2
ol w +AE -1 [A7] Ex [vafk (zk) — Vfgkfl(xk)HQ]
o =Bk
E._1[)\2 e T
+ 2’“17[’J (f(xp—1) = f*) =2 [ Ep—1 [Me] + kli[k] (Flan) — F) 08)
Ao 1 L

Z:7U1C

From now on, we assume that the step-size )\ satisfies the following update rule:

lokr—zk—1ll A 110
Ar = min {2\/§|vf5k—l($k)_vf§k—l(xk1)”) Eoy Ot
f(@r)—f~

Faor ) =T M1 (ze1) = F(2r)>0} [ -

(29)

Remark that with choice (), Ay is not a random variable conditionally on Fj_1, so we simply have
]Ek—l [)\k} = /\k- and ]Ek—l )\i] = )\z in .
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Remark: One should notice that the step-size rule is different in this last part of the paper, with
an additional third condition to ensure the non-negativeness of U. As for the second condition, we
chose the simplest one, coming from |Malitsky & Mishchenko| (2020), but we could of course use
stronger conditions such as in previous subsections.

Since we do no longer make a strong convexity assumption, we will need the next one instead.
Assumption 3 (Square Summability of the step-sizes). The sequence (\)ren of step-sizes satisfies
Z i < +o0.

k>0

Lemma C.1. Suppose that Assumption 2| holds, and that Assumption[3|is satisfied for the choice of
step-size ([29). Then, using the notations of Equation (28) we have that

Er—1[Vi] < Vo1 — U + Br
with Zkzo Br < +oo, and Uy, > 0.

Proof. Thanks to Assumption [2] and the hypothesis that )\ satisfies Assumption [3] we have that
> k>0 Bk < +00. Now let us consider U}, to check when it is non-negative:

2 2

U= 255 (o) = 1) +2 (Mt 5 ) () - 1),
k—1 k-1

that is
2

Up =2 Ai: (F(xx) — Flzer)) + 20 (Flax) — £7)

Notice that we always have f(z;) — f* > 0. Two cases may occur:

(@) If f(zr) > f(xg—1), then we always have Uy, > 0.
(b) If f(zr—1) > f(xx), then we see that Uy, > 0 if and only if

NP

= Flown) = flon)

which concludes the proof thanks to the choice (29) for Ay.
O

Proposition C.2. Suppose that Assumptions |2| holds, and that Assumption |3| is satisfied for the
choice of step-size (29). Then, we have that

supE [||lzg — 2¥||] < +00
k>0

Proof. Thanks to Lemma we can apply the Robbins-Siegmund theorem (Theorem [B.2) with

_ 2
*||2+ Iz -21%1“

Vi =z —x which concludes the proof. O

We can now give convergence results.
Proposition C.3. Let us define

2
()\K + Ak ) TK + ZkK:_ll WL

AK -1
Sk

T =

with )

AL
Ak—1 Ak

W = A\, +
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and

AK

Suppose that Assumption 2 holds, and that Assumption3]is satisfied for the choice of step-size 29).
Then, there exists C > 0 such that we have

flag)—f< % a.s.

Sk = Ak + + wp =1+ ) Ak
-1 k= roo i

Proof. We have:

K 2 2
St = 2 (ot 25 ) o - 7228 ey - 1)
k=1

K-—1 )\2 Ai 1
+2 A+ B — ) ry) — f*
> (e 25 = 22 (7o) - 1)
—wp
Thanks to Lemma we can apply Robbins-Siegmund theorem (Theorem to deduce that
Zk>0 Ui < 400 a.s. Then, notice that from the update rule @ of A\, we have that w;, > 0. We
thus deduce that there exists a constant C' > 0 such that:
K—-1

(AK+ Nic )<f<xK>—f*>+ wi (Fan) — 1) < Cas.

AK—1 —

Since f is convex, we now want to use Jensen inequality, that states that if Zszl pr = 1:

K K
f <Zpk$k> <> pef(an)
k=1 k=1

So that we get
flag) = " < o as. (30)

which concludes the proof. O

We finally add a last assumption.
Assumption 4 (Divergence of the steps). The random sequence (A )ren of step-sizes satisfies

Z Ap = 400
k>0

Notice that Assumption [4]is satisfied in the smooth and strongly convex case. Notice also that this
assumption would be directly satisfied if we only had the two first conditions in the update rule of
Ak

Corollary C.4. Suppose that Assumptions[2|holds, and that Assumption3|and@are satisfied for the
choice of step-size 29). Then, we have that

fEg)—f"—=0as.

Proof. Notice that
\2 K K
S = 2L > ) A
K o + ; k= ;—:1 k

Hence, by using Assumption[d]in (30), we get the result of the corollary.
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8- SGD SGD w/ decay =&— AdaSGD-MM, biased AdaSGD-MM, unbiased  =—@= Step-size Adagrad
=8 AdaSGD, Var-|  =—@= AdaSGD, Var-Il AdaSGD, Var-lll —@— Stochastic Polyak

Linear — Synthetic Sum-of-Ridges — Synthetic Logistic — 2moons

[ 5 10 15 20 2 o 5 ) 15 20 25 ] 5 20 25
number

10 1
number of epochs number of epochs

Figure 4: Sensitivity to \g and minimization performance after tuning for smaller mini-batches (of
size 8). Same experimental setting as in Figures|T} [2]and 3]

D DETAILS ON THE EXPERIMENTS

Objective functions. We performed numerical experiments on problems of the form (2) i.e., where
f= % Zévzl f¢. We considered four types of loss functions defined respectively for all z € R? by:

* Linear regression: fy(z) = (y, — w]z)?

* Ridge regression: f(z) = g¢ (ye — w{ @) where go(t) = 1_’1% +1072¢2 is 10~ 2-strongly
convex.

* Logistic regression: f¢(z) = log (1 + exp(—y,w{ z))

* Poisson regression: f(z) = log (—yswf x4+ 1 4 exp(w] z))

In the above, the dataset is made of couples (wy,y¢) € R x R for £ € {1,..., N}. Below we
describe the data as a matrix W € RV > and a vector y € RY.

Datasets Based on the above, we used synthetic and real-world datasets of the form (W, y) with
W € RV*d and yy € RN, where N is the number of data samples.

» Synthetic datasets were generated by drawing data at random. Each element of W is i.i.d.
N(0,1). We do the same for the vector y. We used N = 200 and d = 20. We used
batch-size of 32 (i.e.,Card (&) = 32).

* The 2moons dataset is available via the scikit learn library (Pedregosa et al 201T). It is
made of N = 200 samples in dimension d = 3. We used a batch-size of 32.

* The w8a dataseﬂ is a publicly available dataset classically used for logistic regression. It
has a significantly larger number N = 49749 of samples, and is also larger-dimensional as
d = 300. We used a batchsize of 309.

All the algorithms described below are ran for the same number of epochs, where one epoch consists
in using N data samples. That is, one epoch corresponds to m iterations. At each iteration,

we sample the mini-batches of data (£ )gen uniformly at random with replacement.

*nttps://www.csie.ntu.edu.tw/~cjlin/libsvmtools/datasets/binary.html
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8- SGD SGD w/ decay =&— AdaSGD-MM, biased AdaSGD-MM, unbiased  =—@= Step-size Adagrad
=— AdaSGD, Var-|  =@= AdaSGD, Var-Il AdaSGD, Var-lll —@— Stochastic Polyak
Linear — Synthetic Sum-of-Ridges — Synthetic Logistic — 2moons

o / o
/
b /) 100
<100 <
L L0

Figure 5: Sensitivity to \g and minimization performance after tuning for larger mini-batches (of
size 128). Same experimental setting as in Figures [T} [2]and [3}

Algorithms

* SGD is the algorithm described in (3). It is either used with no decay (A, = Ao) or decay
Ak - %
* We implemented the three variants of AdaSGD exactly as described in Algorithm [T] and

* AdaSGD-MM is implemented as proposed by Malitsky & Mishchenko| (2020). As pre-
viously discussed, it is SGD with a step-size that is computed for £k > 2 as A\, =

: “hoe — llzs =2kl
min { Ay, Ae—11/1 + Ox—1} with either Aj, = ||Vfgk(z$—ka§:(zk,1)|| (referred to as
biased) or Ay, = Ik el (unbiased), where (, is an independent copy of

1V £y, @)=V fe,, (wr—1) ]
&k, and where o > 0. To ease the discussion and comparison, in Section[d] we call A this
parameter « as it is the tunable parameter of the method.

Step-size Adagrad uses the step-size Ay = \}\% where vy, is updated iteratively: vy =

Ok—1 + |V fe, (z1)]]% starting with v_; = 0.

f ke (T k ) -/ g* K
IV ek o) [[*
to note that this step-size rule additionally requires evaluating f¢, () at each iteration and
is far from being tuning free. Indeed, it features a step-size A\ that needs to be tuned but
also assumes knowledge of all the optimal values fy, n € {1,..., N'}. For fair comparisons
with other methods, here we replace the optimal value f; by 0 for all n, since one cannot
assume to know these values a priori.

The stochastic Polyak-stepsize is defined by Ay, = min ( , )\0> . Itis important

Parameter selection.

* All the methods feature a single tunable parameter \o. To obtain Figures[T|and2] we ran the
algorithms described above for all choices Ay on a dense grid of values. More specifically,
we tried every Ao of the form 10%, for i € {—4,—3.5,...,1.5,2}. We did 100 epochs for
each problem, except for the w8a dataset for which we did the grid-search on 10 epochs
due to a significantly higher computational cost.

* For Figure [3] and bottom-rows of Figures [ and [5] we selected the parameter ), that
achieved the lowest full-batch value f(zy) at the last epoch of the grid-search. We then
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ran again the algorithm with the best choice of Ay observed in the above experiments. We
proceeded this way for all the baselines (SGD and AdaSGD-MM), however, since we ar-
gue that AdaSGD requires no tuning, we did not select Ao for our methods (AdaSGD), and
rather always used a step-size \g = 1073,

* For SGD with decay, as well as Variants-II and III of AdaSGD, we use § = 10~2. This
value was not tuned and simply taken small as any small 6 > 0 works from a theoretical
point of view.
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