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Abstract

Stochastic gradient methods are among the most important algorithms in training machine
learning problems. While classical assumptions such as strong convexity allow a simple
analysis they are rarely satisfied in applications. In recent years, global and local gradient
domination properties have shown to be a more realistic replacement of strong convexity.
They were proved to hold in diverse settings such as (simple) policy gradient methods
in reinforcement learning and training of deep neural networks with analytic activation
functions. We prove almost sure convergence rates f(X,) — f* € o(n_w%l""e) of the last
iterate for stochastic gradient descent (with and without momentum) under global and local
[S-gradient domination assumptions. The almost sure rates get arbitrarily close to recent
rates in expectation. Finally, we demonstrate how to apply our results to the training task
in both supervised and reinforcement learning.

1 Introduction

First-order methods to minimize an objective function f have played a central role in the success of machine
learning. This is accompanied by a growing interest in convergence statements particularly for stochastic
gradient methods in different settings. To ensure convergence to the global optimum some kind of convexity
assumption on the objective function is required. Especially in machine learning problems the standard
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(strong) convexity assumption is nearly never fulfilled. However, it is well known that achieving convergence
towards global optima is still possible under a weaker assumption, namely under the gradient domination
property, often referred to as Polyak-FLojasiewicz (PL)-inequality (Polyakl [1963). Also in reinforcement
learning, multiple results have shown that the objective function for policy gradient methods, under specific
parametrizations, fulfills a weak type of gradient domination and therefore provably achieves convergence
towards the global optimum (Mei et al., 2020; [2021} [Fatkhullin et al., 2023} |[Klein et al., |2024)). Improving the
understanding of rates and optimal step size choices for stochastic first order methods is of significant interest
for the machine learning and reinforcement learning community. Many classical results identify convergence
rates for the expected error E[f(X,) — f*]. In the present article, we focus on almost sure convergence rates
for the error f(X,)— f* in stochastic gradient schemes under weak gradient domination. The contribution of
this work is as follows:

(i) Under global gradient domination with parameter 8 (on the entire function domain), we prove that
the last iterate of stochastic gradient descent (SGD) and stochastic heavy ball (SHB) converge almost
surely and in expectation towards the global optimum with rate arbitrarily close to o(nfw%l). The
almost sure and expectation rates of convergence that we obtain depend on the gradient domination
parameter [ and are the same for both algorithms and convergence types. For SGD this rate is
arbitrarily close to the tight upper bound known in expectation (Fatkhullin et al.| [2022)), while the
almost sure convergence rate is new for the (weak) gradient domination assumption (see Theorem
and discussion afterwards). To the best of our knowledge for SHB this is the first convergence result
towards global optima under (weak) gradient domination, for both almost sure convergence and
convergence in expectation (see Theorem [4.2)).

(ii) We consider the case where the gradient domination property holds only locally, either around
stationary points or around global minima. We provide the first local convergence rates under
these settings: we prove that SGD remains within the good local region with high probability and,
conditioned on this event, we obtain converges rates almost surely and in expectation (see Theorem [5.1
and Theorem |5.2)).

(iii) Our local setting covers generic classes of functions. In particular, we demonstrate that it encompasses
the training task of deep neural networks with analytic activation functions in supervised learning.
Our result illustrates that the iterates of SGD are likely to become trapped in areas of local minima
when the step size is small. We verify under mild conditions, that SGD converges to local minima
with given convergence speed (see Corollary .

(iv) Finally, we derive novel convergence results for policy gradient methods in reinforcement learning. We
show that local gradient domination holds around the global optimum for the softmax parametrization
resulting in the first local convergence rate for stochastic policy gradient with arbitrary batch-size

(see Corollary [7.2)).

We summarize the contributions of this paper in Table [l These findings are also illustrated in a numerical
toy experiment in Appendix [B] where we have implemented SGD and SHB for monomials with increasing
degree.

1.1 Literature Review and Classification of our Contribution

The roots of stochastic gradient methods trace back to Robbins and Monro| (1951). Since then, various
variants of SGD have been established as fundamental algorithms for optimizing complex models in the realm
of machine learning. We refer to |Bottou et al.| (2018)) and |Garrigos and Gower| (2024)) for a detailed overview.

We start the review with the literature deriving convergence rates in expectation for SGD. Under the
assumptions of smoothness and (strong) convexity [Polyak| (1987)); | Moulines and Bach| (2011); Nguyen et al.
(2018)); |[Wang et al.| (2021)); |Liu et al.| (2023]) studied convergence rates towards global optima. Moreover,
many articles additionally analyze the non-convex case and prove convergence rates for the gradient norm
towards zero (Ghadimi and Lan| [2013; |Li et al., 2023} [Liu et al., |2023; Nguyen et al., [2023).
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Table 1: Summary of known and new results. Table presents convergence rates for tuned step size (e > 0
arbitrarily small). Dom.: gradient domination holds locally or globally; local*: additional assumption on v;
required and results holds only locally. a.s.: almost surely; E: in expectation. Ref.: for some cited results
minor adjustments are necessary.

[ Step size Rate Dom. Algo. Conv. Ref.
Theorem [4.1] (i);

SGD a5 LLiu and Yuan| (2022, Thm. 1)
B Theorem [4.1] (ii);
lobal Khaled and Richtarik| (2023, Thm. 3)
& . Theorem L2 (7);
1 Cite Cite " |Liu and Yuan| (2022, Thm. 2)
: O(n ) o(n ) SHB E Theorem [4.2| (ii);
Liang et al.| (2023, Thm. 4.3)
s Theorem [5.1] (ii);
" Theorem [5.2] (ii)
*
local® = SGD g Theorem[5.1 (iii); Theorem [5.2| (iii);
Mertikopoulos et al| (2020, Thm. 4)
a.s. Theorem (i)
lobal SGD g Theorem [4.1] (ii);
& Fatkhullin et al.| (2022, Cor. 1)
. ) a.s. Theorem (i)
(3,1]© (n_m)o(n_m+e> SHB
E  Theorem (ii)
s Theorem IE (11)7
Theorem [5.2] (ii)
local* SGD
B Theorem [5.1] (iii);
Theorem [5.2| (iii)

Notably, several other results regarding convergence of SGD towards global optima have been established
under the gradient domination setting (Karimi et al.l 2016). Bassily et al.| (2018]); |Liu et al.| (2022) demonstrate
exponential convergence rates in expectation in the overparameterized setting under strong gradient domina-
tion. See also Madden et al| (2024), where high-probability convergence bounds are shown using the (strong)
gradient domination property. Further high-probability bounds on the approximation error are provided in
[Scaman et al.| (2022) under a generalized gradient domination property, the so-called Separable-Lojasiewicz
assumption, fulfilled by smooth neural networks. In also strong gradient domination is
assumed, where the smoothness assumption is weakened through a-Holder continuity, achieving a rate of
O(;%) in expectation. The Equation condition is introduced in Khaled and Richtérik| (2023) and
where O(-) convergence is shown under strong gradient domination. Furthermore, Fatkhullin et al.| (2022

1
and |Fontz;line et al| (2021) consider generalizations of gradient domination that include our definition as a
special case. They derive convergence rates in expectation which we encompass with our result and extend
to almost sure convergence (see also the discussion behind Theorem [4.1)). Finally, Masiha et al. (2024])
established both upper and lower bounds for projected gradient descent under gradient domination.

All the results mentioned so far consider convergence in expectation or high-probability bounds, although
originally, motivated by Robbins and Siegmund| (1971)), research commenced with the quest for almost sure
convergence rates for gradient methods. In recent years, [Sebbouh et al.| (2021) and, building upon it,
derive almost sure convergence rates towards global optima under convexity for SGD and SHB.
In addition, Liu and Yuan| (2022)) study SHB and Nesterov acceleration under PL. Returning the attention
back to SGD with respect to gradient domination also some almost sure convergence results have been
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established. As an extension to the PL-type gradient domination, in |Chouzenoux et al. (2023) the so-called
KL property is assumed, which contains gradient domination as a special case. The authors demonstrate
almost sure convergence to a critical point, though without a rate. To conclude, to the best of our knowledge
the derived almost sure convergence rate under gradient domination in Theorem [4.1] is novel.

Next, we want to provide further insights to the literature regarding SHB. In the realm of momentum
methods, Polyak’s Heavy-Ball Method (HBM) and Nesterov’s accelerated gradient method
stand out as a foundational contribution. The authors of |Gadat et al. (2018) provide a
detailed description of the stochastic formulation of HBM and establish almost sure convergence but without
giving a rate. In|Yang et al| (2016); |Orvieto et al.| (2020); [Yan et al| (2018); [Mai and Johansson| (2020); |Zhou|
convergence rates in expectation are shown in (strongly) convex and non-convex settings, where
the non-convex analysis covers convergence of the norm of the gradient. Convergence of momentum methods
under the strong gradient domination property and linear convergence due to an overparametrized machine
learning setting is shown in |Gess and Kassing| (]2023[). |Liang et al.| 2023[) determine O(=) convergence rate

1
n

for SHB under strong gradient domination. Our main result for SHB presented in Theorem [£.2] describes
almost sure convergence and convergence in expectation under global gradient domination. Both result are

quantified with a given rate of convergence.

In the following, we aim to differentiate our local convergence analysis from existing results in the literature.
There has been a lot of effort to derive local convergence guarantees for stochastic first order methods. In
Dereich and Kassing| (2024) almost sure convergence of SGD to a stationary point under the local gradient
domination (for z*) is demonstrated, provided that the process (X,,) remains local, albeit without a rate. A
local analysis of SGD towards minima without any gradient domination assumption is presented in [Fehrman
. Instead, a rank assumption is imposed on the Hessian, and mini-batches, along with resampling,
are leveraged to ensure convergence to the global optimum with high probability. The resulting rate does not
converge to zero and requires an increasing batch size. Finally, under the global Lipschitz assumption on
the objective, it can be verified that SGD almost surely converges to a stationary point as demonstrated
by Mertikopoulos et al.| (2020). In the same work the authors derive a local convergence analysis under
local strong convexity. Our analysis in Section [5| builds upon Mertikopoulos et al| (2020) and generalizes
their results to the local gradient domination property. In our analysis we distinguish the cases where the
local gradient domination property holds in a neighbourhood of a local minimum or in the neighbourhood
of the global optimum respectively. Finally, we would like to acknowledge that related results have been

independently obtained in the recent preprint (2024).

For the application in the training of DNNs, it is worth noting that local convergence of SGD has been
analyzed under stronger variants of gradient domination by [Wojtowytsch! (2023); |An and Lu/ (2024)). Due
to the stronger form of gradient domination, specific sub-classes of DNNs need to be considered to verify
these assumptions whereas our result is only constrained to analytic activation functions. Under the machine
learning noise conditions in [Wojtowytsch| (2023)), convergence toward zero loss with high probability is shown,
provided that the initial loss is sufficiently small. In contrast, |An and Lu| (2024) demonstrate convergence
towards zero loss under initialization in a local (strong) Lojasiewicz region. Indeed, one can construct DNNs
satisfying the latter condition (Chatterjee, [2022).

For the application in reinforcement learning, recent results showed that choosing the tabular softmax
parametrization in policy gradient (PG) algorithms results in objective functions which fulfill a non-uniform
gradient domination property (Mei et al., 2020; Yuan et al., 2022; Klein et al., 2024). While convergence of
PG for exact gradients is well understood, convergence rates for stochastic PG are rare and mostly require
very large batch sizes (Ding et all, 2022} [Klein et all, 2024} [Ding et al., [2023)). It is noteworthy that a similar
local analysis for stochastic policy gradient under entropy regularization is presented in [Ding et al.| (2023).
Their local result is also based on Mertikopoulos et al| (2020), but requires an increasing batch size sequence
to obtain O(+)-convergence towards the regularized optimum with high probability. In contrast, we consider

1
n

both the unregularized and entropy regularized setting and observe that one can also achieve convergence

arbitrarily close to o( 1) without the need for an increasing batch size. Moreover, the local convergence occurs

n

almost surely on an event with high probability.
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2 Mathematical Background - Optimization under Gradient Domination

We consider the problem of solving the minimization problem of the form

min f(z), (1)

z€ERY

where f : RY — R denotes the objective function of interest. Throughout this paper we assume that the
objective function is bounded from below by f* = inf, cra f(z) > —oo and satisfies the classical L-smoothness
assumption (either locally or globally):

Assumption 2.1. The objective function f: R? — R is differentiable and the gradient Vf is

(i) globally L-Lipschitz continuous, i.e. there exists L > 0 such that |V f(z) — Vf(y)|| < L||x — y|| for
all z,y € R%.

(ii) locally L-Lipschitz continuous, i.e. for all R > 0 there exists L(R) > 0 such that ||V f(z) — Vf(y)] <
L(R)||z — y|| for all z,y € R? with |z|, |y| < R.

Using (global) L-smoothness, the descent lemma provides the inequality

F(y) < 5@) + (V7 @)y~ 2) + 2yl &)

which is a fundamental instrument to analyze first order optimization methods. As a motivation recall the
iterative update generated by gradient descent with constant step size v < %, ie.

Tnt1 = Tn — YV f(zn), x1 € RY.

Applying Equation and the iteration scheme yields the iterative descent property

Fanin) = 1< ) = 71 = 2V ).

Under further strong convexity assumption it is classical to show that the gradient descent algorithm converges
to a global minimum at a linear rate. In order to derive a convergence rate without assuming convexity of f
one can use dominating relations of the gradient V f(x) with respect to the optimality gap f(z) — f*. In
particular, as demonstrated in [Karimi et al.| (2016)) it is nowadays well-known that gradient descent converges
linearly under the PL-condition which assumes that there exists ¢ > 0 such that for all z € R? there holds

V(@) = c(f(z) — f)° (3)

with exponent 8 = 1/2 (Polyak, 1963). It is worthwhile to emphasize that Equation is weaker than strong
convexity, the classical textbook assumption that fails for many applications. Under the PL-condition the
iterative descent property can be written as a recursion:

Fansn) = £1= (1= ) flwa) = 7

In fact, there are many works analyzing (stochastic) first order methods under the weaker Lojasiewicz
condition formulated in (local) areas around stationary points 2* and exponents 8 € [1/2, 1] [Lee et al.| (2016]);
Fatkhullin et al.| (2022)); |Scaman et al.| (2022); [Wilson et al|(2019). For general 5 € [1/2,1] the recursive
descent property reads as

[Fenn) = 7 < [Flen) = £ = T [Fln) — £

leading to sub-linear convergence for 5 > 1/2.

For the purpose of our analysis of stochastic gradient methods, we collect the following types of global and
local gradient domination properties.
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Definition 2.2. Let f : R? — R be continuously differentiable with f* = inf cpa f(z) > —o00.

1. We say that f satisfies the global gradient domination property with parameter 5 € [%, 1] if there
exists ¢ > 0 such that for all z € R? it holds true that

IVf(@)| > c(f(z) — f*)°.

2. Let #* € R? be a stationary point, i.e. Vf(2*) = 0. We say that f satisfies a local gradient domination
property in z* with parameter [5,« € [%, 1] if there exist a radius 7« > 0 and a constant ¢, > 0 such
that

IVf(@)]| = el f(z) = fla™)|P (4)
for all z € B, (z*) = {y € R : ||a* — y|| < ry-}. We say that f satisfies a local gradient domination
property in f* with parameter 5 € [%, 1] if there exist a radius r > 0 and a constant ¢ > 0 such that

IV f@)l| = e(f(x) = f*)°
forallz € Bf = {y e RY: f(y) — f* <r}.
Remark 2.3. If § = %, we will call the gradient domination strong since it is implied by strong convexity.
In contrast, we call the gradient domination weak for g € (%, 1]. Moreover, note that for the local gradient

domination property in z* the parameters r and ¢ may depend on z*. Furthermore, we emphasize that for
the definition of the local gradient domination in f* we do not require the existence of z* € arg min cga f(x).

The PL-condition mentioned above is a special case of the general global gradient domination property for
b= % In [Lojasiewicz (1965) it has been demonstrated that all analytic functions satisfy the local gradient
domination property, emphasizing the particular significance of the local case. Further, it has been proved
that all overparametrized neural networks fulfill the local gradient domination property (Liu et al., |2022).
See also Madden et al.| (2024); Dereich and Kassing| (2024); [Frei and Gu| (2021) and references therein for the
application of (strong) gradient domination to (deep) neural networks. In [Fatkhullin et al.| (2022)); | Attouch
et al.| (2010)); Bolte et al.| (2014)); [Zhou et al.| (2018)) examples of functions are discussed that fulfill the (weak)
gradient domination property. For instance, one-dimensional monomials f(x) = |x|P, p > 2, satisfy the weak
global gradient domination property with 8 = 2=1. We refer to [Fatkhullin et al. (2022, Appendix A) for a
longer list of globally gradient dominated functions including convex and non-convex functions. Notably, in
reinforcement learning it is known that the tabular softmax parametrization leads to a parametrized value
function that satisfies the so-called "non-uniform" PL-inequality (Mei et al., 2020; 2021} |Klein et al., 2024).
In Section [7] we will show how this non-uniform gradient domination implies local gradient domination in f*.
This renders our local analysis of stochastic gradient methods specifically applicable in RL. As mentioned
earlier, since every analytic function already satisfies local gradient domination, we expect that the local
analysis can encompass further parametrizations, such as neural networks.

2.1 Assumptions on the Stochastic First Order Oracle

Let (92, F,P) be an underlying probability space. In general, we assume that we can access the exact gradient
V f(x) through a stochastic first order oracle V : R x M — R? defined by

V(z,m)=Vf(x)+ Z(x,m), xR meM, (5)

where (M, M) is a measurable space, Z : R? x M — R? is a state dependent B(R?) @ M /B(R%)-measurable
mapping describing the error to the exact gradient V f. The stochastic gradient evaluation is then modelled
through V(z, (), where the random variable ¢ : Q — M is independent of the state € R?. We make the
following unbiasedness and second moment assumption:

Assumption 2.4. We assume that for each 2 € R? it holds that

Ew@ow—ézwammwm:o

and there exist non-negative constants A, B and C such that for all z € R? it holds that
E[|V(z,Q)I*] < A(f(z) — f*) + BIVf(2)|]* + C. (ABC)
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It is worth noting that the Equation (ABC|) assumption is a generalization of the bounded variance assumption
that appears for A = B = 0. It was introduced by [Khaled and Richtérik| (2023)) as expected smoothness
condition and shown to be the weakest assumption among many others.

2.2 Stochastic Gradient Methods

The following two classical optimization algorithms will be analyzed in this article. Both algorithms are
described as discrete time stochastic process (X,,)nen driven by noisy gradient evaluations in Equation .
In each iteration, we assume that the stochastic first order oracle is accessed through the evaluation of (1
which is a copy of ¢ independent from the current state X,,.

The stochastic gradient descent (SGD) scheme is given by the stochastic update
Xnt1=Xn =" V(Xna C’ﬂ+1) )

where X is a R%valued random vector which denotes the initial state. To keep the notation simple, we
will introduce Vi,41(X,) := V(X,, (ut1) suppressing the explicit noise representation through (¢, )nen in the
following. The iterative update formula then reads as

Xn+1 = X'n — Tn Vn+1 (Xn) (SGD)

The iterative scheme of stochastic heavy ball (SHB) is defined by
Xn1 = X = Va1 (Xn) + v(Xn — Xn1), (SHB)

with initial R%-valued random vector X;. The additional summand is called the momentum term with
momentum parameter v € [0,1). In both cases, (7,)nen denotes a sequence of positive step sizes and we
denote by (Fy)nen the natural filtration induced by the process (X, )nen. Note that we adopt the convention
where the set of natural numbers N refers to the positive integers excluding zero. When necessary, we
explicitly define Ny := N U {0}.

Ezample 2.5 (Expected risk minimization). In order to give more insights into the considered setting of our
stochastic first order oracle we formulate a specific one based on expected risk minimization. In expected risk
minimization we are interested in minimizing an objective function of the form

f(2) = E[F(z,)] = /Q Pz, () dP(w)

where F : R x M — R is B(RY) ® M/B(R)-measurable. In our notation the stochastic first order oracle
then takes the form

Vi(z,0) =V f(z)+ (Vo F(2,0) = Vf(2)) = Vo F(2,()
and the iterative update of SGD reads as
Xn+1 - Xn - ’anwF(Xny Cn—i—l)

with a sequence of independent and identically distributed (¢,,). The iterative scheme of SHB can be written
in similar way. Note that this scenario also includes empirical risk minimization where the objective function
takes a finite sum form, with ¢ ~U({1,...,N}),

1 N
@) = 5 > F(w,i) = B[F(z,()].
=1

Exemplifying the SGD method, we now illustrate the typical steps of the convergence analysis for first-order
optimization methods. First, the smoothness of the function f is exploited by applying the descent inequality
Equation to the iteration scheme and then applying conditional expectations,

Elf(Xnt1) | Fal < F(Xn) = 1l V(X0)I? + %E[”VnJrl(Xn)w | Fal-
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Next, f* is subtracted on both sides and the variance term of the stochastic gradient is controlled through

the Equation (ABC) condition:

BLy,
2

LC’fy,Ql
5

, LAv; )
E[f (Xns1) = £ | Fa) < (14 252 ) (£00) = ) = (0 = =522 ) IVF(Xa) 2 + (6)
Without further assumptions this inequality can now be used to show that the gradient V f(X,,) converges
almost surely to zero. In order to obtain convergence towards a global optimum additional assumptions
are needed. For instance, it is sufficient to incorporate the global gradient domination property defined in

Definition [2.2] which yields an iterative inequality of the form

BLy;

LCH;
5 ey

E[f (Xns1) = £ | Fal < (14 252 ) (FO00) = 1) = (= =522 ) A(F(X) = £)% + =2 (@)
Typically, the expectation is taken on both sides of the inequality to derive a convergence rate in expectation
by working with recursive inequalities. In this article we push the argument further. We combine smoothness
and gradient domination with a variant of the Robbins-Siegmund Theorem (see Lemma [A.2)) to derive almost
sure convergence rates.

3 Preliminary Discussion on Super-Martingale Convergence Rates

In the previous section, we have sketched how to combine the global gradient domination property with
smoothness to derive a recursive inequality of the form

E[Yn+1 | fn} S (1 + CI'Yn)Yn - C2’7nyn2ﬂ + 03'73”

where Y,, := f(X,,) — f*. For analysing these inequalities, we must deal separately with the strong gradient
domination case (8 = 3) and the weak gradient domination case (3 > 1) to avoid divisions by zero. For the
former case the recursive inequality simplifies, whereas a more complex analysis is required for the latter. To
establish almost sure convergence rates we employ convergence lemmas for super-martingales based on the
Robbins-Sigmund Theorem. This methodology has been introduced in |Sebbouh et al.| (2021)) and further
utilized in [Liu and Yuan| (2022) to analyze SGD and SHB under (strong) convexity. It is noteworthy to
mention that their analysis is under the similar noise assumption formulated in Assumption [2.4}

In the following, we illustrate how to extend the arguments to convergence under the global gradient
domination property. Here is our super-martingale result that also encompasses |Liu and Yuan| (2022, Lemma
1) when 8 = 3 for completeness:

Lemma 3.1. Let (Y,)nen be a sequence of non-negative random variables on an underlying probability space
(Q, F,P) with natural filtration (Fp)nen and suppose there exists 5 € [%, 1], e1,¢3 > 0 and ca > 0 such that

E[Ypi1 | Fnl < (1+ CIVTZL)YR - C2’YnYn2ﬂ + 03737
for alln > 1, where ~,, = @(%) for some fized 0 € (%, 1). Then, for any

. {(maX{Z—QG, 9"5;/3;2},1) B € (3,1]

(2—20,1) p=1

(Y)nen vanishes almost surely with Y, € 0( L )

i

The proof of this lemma is based on the well-known Robbins-Siegmund theorem (Robbins and Siegmund)
1971, Theorem 1) and is provided in full detail in Appendix

4 Convergence for Global Gradient Domination Property

In this part of the paper, we provide our global convergence result in a non-convex and globally smooth
setting. Combining the recursive inequality Equation @ with the super-martingale convergence result from
Lemma [3.1] leads to the following theorem.
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Theorem 4.1. Suppose Assumption (1),
gradient domination property from Definition
by Equation |D using a step size v, = O(

and Assumption are fulfilled and let [ satisfy the global
with B € [,1]. Denote by (X, )nen the sequence generated
—7) with 0 € %, 1). For any

c (max{2 — 20, 0;5@12}’ 1) B € (5,1]
(2-20,1) B =

1
2

it holds that
(i) f(Xn)—f*€o (nll_n> a.s., and (i) E[f(Xn)— f*]€o <1>

Proof. Recall, in Section [2| we derived Equation ,
E[f(XnJrl) - f* | ]:n]
LAy, .
) )(f(Xn)ff)i(fYnf

which will be the basis of the proof of Theorem

Bln;
2

<(1+ ) (Fla) = )%

We treat again both cases for 5 = % and S € (3,1] separately:

8= %: In this case, Equation results in the super-martingale inequality

LA~? BLc*y? LCH?
ElYai1 | Fa] € (142500 = qu? + =202 )y, + =08,
2 2 2
with Y,, = f(X,) — f*. By the choice of 7, there exists N > 0 and a constant & > 0 such that 7, c® — %ﬁ —
% > &y, for all n > N. Thus,
B LCy;,

ElYns1 | Fol < (1= ) Yo + 5

for all n > N. Then, claim (i) follows by applying Lemmawith c1 =0,c0 =¢c3 = % and = %

To prove claim (ii) we multiply (n + 1)'=7 on both sides and take the expectation. It follows that
(1-n) . 1- Lc 1-n.2
El(n+1)"""Yp] < (1= éy)(n+ 1) T"E[Y,] + 7(” +1)" ",

< (= )04 (B + 1)

1-— c(1 — L
) g

n

As 6,, € ©(-%) we obtain that &y, is the dominating term. Hence, there exists a constant ¢ > 0 and N>N
such that &y, — =1 4 =¥ > &0 for all n > N. Thus, for all n > N

LC
E[(n+ D) Y,0] < (1= &) n! EY] + = (04 1)

We apply Lemma [A.3| with w,, = n'~"E[Y,], a, = &, and b, = (n+1)' 7792 and obtain that n' ~"E[Y,] — 0
for n — oo which yields claim (ii). Note that ) b, <ooas1l—n<20—1forne (2—-20,1).

B e (%, 1]: In this case, Equation (ﬂ) results in the super-martingale inequality

LA~? BL~? LCH?
EYoi | 7] < (14 Z55) Vo = (0 = 500 2Y20 4 =02,
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BLc?*~2

with Y,, = f(X,) — f*. By the choice of ~, there exists ¢ >0 and Ny > 0 such that ¢?y, — 22572 > o,

for all n > Ny,

LA~? LO~?
EiYn+1 | fni < (1 + 2’Yn>Yn - CQ’YnYnQﬁ + TPY” .
We deduce claim (i) from Lemma [3.1| with ¢; = £2, ¢y = ¢,c5 = L& and B € (3, 1].

For claim (i) we firstly proceed as in the proof of Lemma Therefore, one can choose the auxiliary
parameter 1 < g < 7 and find constants ¢y, c3, Ny > 0 such that for all n > Ny by EquationEquation (22f) we
have

1 284
E[(Tl + l)linYn-i-l | fn] < nlinYn - C4Wnlinyn + 03(71 + 1)1777(")/ 27 1 + fYn) .

Next, we take the expectation to obtain
28g—

1
E[(n-+ ' "Yon] < (1= cag JEln %o+ calrn+ 11770 4 22)

for all n > Ny, implying that w, = E[n'~"Y,] — 0 as n — oo by Lemma m Note that we have chosen 6,7

28q—1

and ¢ as in Lemma such that >, —t5 =00, >, (n+ 1)1 77" " < oo, and Y, (n+ 1)1 Mv2 < 0o (see
Equation (23)), Equation (24) and Equation (|2 ) Therefore, the assumptions of Lemma are met.

O

To the best of our knowledge our theorem presents the first convergence rate for SGD under weak gradient
domination with respect to almost sure convergence.

It is natural to ask which 6 leads to the best convergence rate Optimizing for U yields an optimal choice
0=

mterval given by 2 — 20 =

0+28-2 _ q _
2B1 = 451

where p is arbitrarily close to ; [3 7 (see also Table . We emphasize that the rate we obtain is arbitrarily
close to the one obtained in [Fontaine et al.| (2021)); [Fatkhullin et al.| (2022)) in expectation. According to
Fatkhullin et al.| (2022, Prop. 2) the rate is attained, if the recursive inequality is indeed an equality.

and therefore an almost sure convergence of the form o(-%)

Roughly speaking, our result guarantees a faster convergence rate for "stronger" gradient domination properties
(i.e. for smaller 8). Indeed, as 2 — 260 > 9';;‘3;2 for 3 sufficiently close to % our result is consistent to the one
presented in [Liu and Yuan! (2022, Thm. 1) by replacing the p-strongly convex assumption with the strong
gradient domination property with 8 = 5

Similar arguments can be used to derive almost sure convergence rates for SHB under global gradient
domination:

Theorem 4.2. Suppose Assumption E 2.1|((7) and Assumptzon are fulfilled and let f satisfy the global
gradient dommatzon property from Deﬁmtzon 2 with E ] Denote by (X,)nen the sequence generated

by Equation (S using a step size v, = O(=5) for 6 € ( . For any

E{(max{2—29 9+2512} 1) . Be (g 1]
(2—20,1) p=

it holds that

() F(Xn)—f" o (nf_n>, as, and (i) E[f(X,)—f"]€o (nf_n).

For the proof of Theorem recall the definition of the iteration scheme Equation (SHBJ). Using the following
definitions

10
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one can derive the iterative evolution
Wn+1 = VWn - ’YnV(Xn) (9)
Znor = Zn — 1 V(X,). (10)

1w

The first equation follows directly from the definition of W,,. For the second equation we compute

v v v
Ipar1 = Xy, — W1 =(1 Xpa1 — X,
+1 14 7, Wt (+17V) +HTT,
1-v In v
= X, — V(X, X, — X, —
1—v 1—V( )+1—V( 1)

=7, — 1% V(X,).

We will utilize these auxiliary variables in the proof.

Proof of Theorem[{.4 The proof begins as in the proof of Theorem 2 in |Liu and Yuan| (2022)). Using only
L-smoothness and assumption Equation 1' they show that for any ¢z € (0 L), X € (v, 1) there exist

Y 1-v
constants ¢y, ca, ¢4 > 0 such that choosing the step size v, ~ n%, for some 6 € (%, 1) results in (Liu and Yuan)
2022, Equation (21))

Elf (Zn41) =[5+ [[Wasal? | Fal
< (M4 ev)(f(Zn) = 5) + A+ ) IWall? = esml IV F(Zo)I1? + cari,

for all n > N and some N > 0 sufficiently large. Next, we apply the global gradient domination property for
any 8 € [1,1] to derive

Elf (Zns1) = f*+ [[Waga | | Fal
S (L +a2)(f(Zn) = 7)) = ceam(f(Zn) = )% + A+ o) [Wall® + car.

For the remaining proof, we denote Q,, := f(Z,) — f*. Similar as before, we treat both cases for § = % and
B € (3, 1] separately:

(11)

(12)

8 = 3: Instead of p-strong convexity we use the gradient domination inequality ||V f(z)|*> > c(f* — f(z)), as

the same inequality is implied by strong convexity using ¢ = p. Then, Claim (i) follows using the same proof
as |Liu and Yuan| (2022, Thm. 2b)). Note that the inequality

1 *
SV @) < fz) - f, (13)
2L
used in the last step only requires the L-smoothness assumption (Nesterov, 2004, Sec. 1.2.3).
For Claim (ii) we consider Equation which simplifies for 8 = % to
E[Qn+1 + ||Wn+1H2 | Fo] < (1+ Cl’erz —cc3Yn)Qn + (A + CZ”YZ)HWn”Q + 04772r

By the choice of ~,, there exists N > 0 and ¢é;,é > 0, such that ccsy, — 01%21 > C1yn and A + 0272 < C2Vn
for all n > N. Hence, for n > N

E[Qni1 + [Wosa* | Ful < (1= &) Qn + (1 = &%) [Wa|l* + cari,
< (1 —min{ér, &}) (Qn + [Wall?) + cavi.
Let c5 = min{é, &}, multiply by (n + 1)1=7 on both sides and use Equation to obtain for n > N
El(n+ 1" (Qnr1 + [Waral?) | ol
< (4 1)1 = esvn) (@ + [Wall®) + eani(n+ 1)1
< (T (L= )71 = ) (Qn + [Wall?) + cari(n + 1)1

1-— cs5(1 — n — -
:(1—c5vn+ el )n T (Qu + [Wall?) + csn2(n + 1)1,

11
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Taking expectation and using that there exists & > 0 and N > N such that ¢5v, — 1_7" + 65(17# > E5Yn,

we have for all n > N
E[(n+ D' (Quer + [Wasa )] < (1— ) E [0 (Qu + [Wall?)] + e n 4+ 1)
Note that Y, 72(n+ 1)'7" < co because n € (2 — 26, 1) implies 1 — n < 26 — 1. We can apply Lemma

which yields that E [n'=" (Qn + [|[W,?)] — 0. Hence, E[(Qy + [Wa|?)] € o(:2).
To finish the proof, one can derive

FX) = £ < Qu+ IV A + 52w (14)
To derive this equation, recall that Z,, — X,, = —1% W, such that by L-smoothness we obtain
FX0) € Jn) + (V). X0 = Za) + E1Xo = Zal = f(20) = o (VA2 W) + Wl
Next, apply Cauchy-Schwarz and Young’s inequality to obtain
FX0) = £ < f(Z) — £ + IV FZ)IE + W2 + LIIW I2.
2 20— 20— )
Using inequality Equation , we get almost surely
v? + Li? 2

F(Xa) = f* < (14 L)Qu + SIWall? < (1 Lymas (1, 55 ) @+ W) (15)

2(1-v)
implying that E[(f(X,) — f*)] € o(=r=) which proves Claim (ii).
RS ( 1]: For Claim (i), note that in Equation A < 1, such that

E[Qnt1 + ||Wn+1||2 | Fol < (1+ Cl'YrQL)Qn +(1+ CQVi)HWn”Z + CC3'YnQ$Lﬁ + 34’72
< (1 +max{er, c2}72)(Qn + [Wall?) + cesyn (@n + W l?)*? + cavs.

By Lemma we obtain that Q, + [|[Wyhl> = f(Zn) — f* 4+ [Wall®> € o(;=) for all n €

(max{? — 20, 92;53;2}, 1). We apply the inequality in Equation to conclude that also f(X,) — f* €

0 (7= ) for all n € (maX{Q — 26, 9+2612} 1) This proves Claim (i).

For Claim (ii), we again use the g-trick from Lemma (3.1 in Equation . For 1 < g < 3 < 2 we have that

E[Qn+1 + [Wara® | Ful < (1+e17s — ces7)Qn + ez (i1 Qn — Q7F) + (A + coni) [Wall? + eari.

Now with Equation in Lemma there exists ¢ > 0 such that

2Bg—1

E[Qni1 + [Wosa? | Ful < (14 c1vit = cesd)Qn + & + (A + i) [[Wall® + cani

By the choice of v, there exists & > 0 and N > 0 such that ¢;72 — ce3yd > &4 and A + coy2 < &2 for all
n > N. Thus, for all n > N,

28g—1
ElQnat + [Wosa |2 | Fal < (1= E192)(Qn + IWa[2) + max{és, ci} ( +73) .

12
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For max{é&3,c4} =: &, we multiply on both sides with (n + 1)!=" and take the expectation to obtain for
n>N

El(n+ 1) (Qns1 + [[Was1l?)]

2Bq—1
sm+n“%rfwemwn+mnﬁn+@m+ﬂ“”Cﬁﬁ1+ﬁ)

< (' + (L= n)nT)( = a)E(Qn + [Wal*)] + é2(n + 1)1 7" (%fﬁﬁ Ty %)

1—n  &(l—n)Hs
—(Lﬁwﬁ%nn—q(nm%>mﬁn@wHWNm

28q—1
raln ) (35 1a2).
Next, there exists N > N and ¢5 > 0 such that for all n > N

B+ 1" (@uir + [Waall)] < (1= ) B (@ + WP + ca(+ 170 (357 492 )

28q—1
28—1

+7,Zl) < 00

(see Equation and Equation (2 ) By applying again Lemma |A.3| we obtain IE[ =1(Qp + [Wall?)] — 0
ie. E[Qn + [[Wy]/?] € o(-+). Finally, Claim (ii) follows again by Equatlon O

From the proof of Lemma we choose the auxiliary parameter ¢ such that Y, (n+1)'=7 (

To the best of our knowledge, our result gives the first convergence proof of SHB to global optima under
weak gradient domination, with rates for almost sure convergence and convergence of expectations. The
resulting convergence rate using the optimized step size are summarized in Table[l} In the strong gradient
domination setting our rate in expectation gets arbitrarily close to the O(%) convergence obtained in |Liang
et al.[(2023). It is noteworthy that the utilization of SHB in our analysis does not yield a superior convergence
rate compared to SGD. This arises from the proof technique and aligns with the findings in |Liu and Yuan
(2022); [Sebbouh et al.| (2021) where the authors similarly achieve no acceleration. In general, for deterministic
settings acceleration of gradient methods can achieve improvements of convergence rates (Wilson et al.; 2019).
Though in the special case of gradient domination with 8 = 5, HB as well as Nesterov cannot accelerate in
the deterministic setting as shown in [Yue et al.| (2023).

27

5 Convergence for Local Gradient Domination Property

In this section, we want to generalize the analysis in [Mertikopoulos et al.| (2020) under local strong convexity
to the weaker local gradient domination property for different cases of 5. We consider the two cases of
local gradient domination separately. The contributions and differences of our results under less restricted
assumptions are the following:

First, we show in both cases that SGD remains in the gradient dominated region with high probability
by only assuming local gradient domination instead of local strong convexity. Especially in the case of a
local minimum «* this is a challenging task, as we have to ensure that the SGD scheme (X,,),en remains
close to x* without exploiting convexity. We can guarantee this whenever z* is in an isolated connected
compact set of local minima X*. We prove convergence towards the level set of X* and obtain Theorem
Second, additionally to convergence in expectation we prove almost sure convergence conditioned on the
'good event". Third, due to the weaker gradient domination assumption and no convexity, one cannot expect
the convergence of X,, to (local or global) minimum z*, instead we focus on convergence of f(X,) to f(z*).
In Liu and Zhou (2023) they delve into the rationale behind considering this as a more robust metric.

The main result under local gradient domination in a local minimum z* is as follows:

Theorem 5.1. Fiz some tolerance level § > 0 and let X* C R? be an isolated compact connected set of
local minima with level | = f(x*) for all x* € X*. Suppose that f satisfy the local gradient domination

13
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property in each x* € X*, f is locally G-Lipschitz continuous and satisfies Assumption (i1), Moreover,
suppose Assumptz'on hold true. Denote by (X, )nen the sequence generated by Equation (SGD)|) using
a step size v, = O(57) for 6 € (3,1) and suppose that v, < v for v1 sufficiently small enough such that
32 < m for some € > 0 independent of §. Then, the following holds:

n=1

(i) There exist subsets U and Uy ofRd such that, if X1 € Uy the event Qyy = {X,, €U for alln=1,2,...}
has probability at least 1 — 6.

Moreover, there exists 8 € [%, 1] such that for any

) { (max{z — 29, 0202y 1)

€ (31
(2—26,1)

=

it holds that

(i1) |F(Xn) —I[1ay, € o (nf"), a5, and (i) E[|f(X,)—I1o,] €0 (nfn).

We would like to emphasize that our result does not provide convergence rates in high probability. Instead,
we restrict the probability space to "good" events (encoded in U) that occur with high probability 1 — 4.
Conditioned on these events, we establish convergence with a rate that is independent of §. The dependence
on ¢ instead manifests in the step size ~,, which ensure that the iterations (X, )nen remain within ¢ with
probability at least §. Notably, this is the only aspect of our convergence result that depends on 4.

In the following, we only sketch the proof in the main part and provide the full proof in Appendix
Sketch of proof. The proof is split into several intermediate steps outlined as follows:

o First, we unify the gradient domination property around the set of local minima &A™ and obtain a
radius r such that the unified gradient domination property is fulfilled in all open balls with radius r
around z* € X* (Lemma [D.1]).

« Based on this we construct the two sets U, U; C R? defined as neighborhoods of X'* constructed such
that the gradient domination property holds within this region,
r
U ={zeR?: m*nelﬁ(* llz —z*|| < g,f(x) 1<

}

€
2

r
= R? .  inf —z* -
U={ze I*12X*||m || < 2}
and the events
Qp={XrelUforall k<n}eQ

such that €, =), 2, occurs with high probability. This means, when starting in ¢/, the gradient
trajectory does remain in U for all gradient steps with high probability.

o We present a row of Lemmata to show that P(Q,,) > 1 — ¢ for all n € N, claim (i) of the Theorem.
To show P(£2,) > 1 — § we construct the sets C,, and E,, defined in Equation and Equation
such that E, N C,, C Q,4+1 (Lemma while Lemma is used to prove this claim. The sets
E,, are such that f(X,,) remains close to f*. We exploit the unified gradient domination property
to construct the sets F,, (Lemma and derive a recursive inequality in Lemma ¢) to prove
that this event occurs with high probability (Lemma [D.7). The sets C,, are such that X,, ;1 remains
close to X,, and we exploit the finite variance assumption to show that these events occur with high

probability (Lemma [D.§).

o Finally, claim (ii) and (iii) are shown directly in the proof of Theorem at the end of Appendix E
where we employ the uniform gradient domination in €2,.

14
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O

The main result concerning local gradient domination in f* is presented below and does not necessitate the
existence of a local minimum or any stationary point. It is worth noting that the definition of local gradient
domination in f* guarantees the gradient domination property for any = with f(x) close to f*. Consequently,
this definition ensures that functions satisfying this property cannot possess local minima or saddle points
within this region.

Theorem 5.2. Fix some tolerance level 6 > 0. Suppose f satisfies the local gradient domination property
in f* from Definition with B € [%,1] and B C R, Moreover, suppose within B f is G-Lipschitz
continuous, Assumption and Assumption hold true. Denote by (X, )nen the sequence generated
by Equation using a step size v, = O(57) for 6 € (%, 1) and suppose that v, < v1 for v1 sufficiently
small such that >~ 72 < m for some € > 0 independent of §. Then, the following holds:

(i) There exist subsetsU and Uy of R such that, if X1 € Uy the event Oy = {X,, €U for alln =1,2,...}
has probability at least 1 — 9.

Moreover, for any

) (max{2 29, 042622y 1) e (L)
(2—26,1) B=3
it holds that

(1) (f(Xn)—flq, €0 ( > , a.s., and (i) E[(f(X,)— fM)la,] €0 <n11—71> .

ni-n

The outline of the proof is similar to the proof of Theorem [5.1] We provide the full proof and more details on
the sets U and U, as well as on § in Appendix

6 Application in the training of neural networks

In supervised learning one aims to approximate an unknown model ¢ : R% — R% by a parametrized function
gw : R% — R% with parameter w € R% . Given a family of training data ((Z(™),Y (™)), .cn generated as
i.i.d. samples from an unknown distribution p(z yy one usually chooses the parameter w € R by solving

wréluigw By [2(90(2), Y],

where ® : R% x R% — R, is a user specific data discrepancy. One popular choice of parametrizations are
DNNs. We define a neural network of depth L € N by the recursion

20 =2, 20=0%"(Agze_1+b), £=1,....,L—1, gu(2):=Arzr_1+br.

The weights ((As,be))k, of the DNN are collected in w € W = xL_ (R¥*de-1 x R¥) ~ Rdw  and
o®? . R? — R? describes the component-wise application of the activation function o : R — R.

Provided that ¢ and ® are analytic, and (Z,Y’) are compactly supported R% x R%-valued random variables,
then fPNN . Rdw — R, defined by w Euz vy [@(9w(Z),Y)] is analytic (Dereich and Kassing, 2024,
Thm. 5.2). By |[Lojasiewicz (1963, Thm. IT), or [Lojasiewicz| (1965, §2, Thm. 2), it therefore satisfies local
gradient domination in any stationary point. More precisely, for any stationary point w, there exist 3,,, € [%, 1]
and ¢,,, > 0 such that equation |§| in Definition @ is satisfied. The local smoothness is inherently guaranteed
by the fact that the loss function is analytic. To elaborate, every analytic function is infinitely differentiable,
such that all derivatives remain locally bounded. Concerning Assumption we assume that the underlying
data in the supervised learning problem is compactly supported, ensuring that Assumption [2.4] is always
satisfied locally.
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In our notation, the stochastic first order oracle takes the form
V(w, (2,Y)) = waDNN(w) + (Vu®(9u(2),Y) — waDNN(w)) )
where we denote ( = (Z,Y) and the iterative SGD then reads as

W1 = Wy = tVu®(gw, (Znt1), Yns1)

with ¢, = (Z,,Y,) independent and identical distributed. The iterative scheme of SHB can be written
similarly. Note that this scenario also includes the empirical risk minimization of 2%21 B(gu (2™, y™)
when ( = (Z,Y) ~ ﬁ Z%zl 8(z(m) y(my, see Example for more details. In this case, Assumption is
satisfied even with A = B = 0. Thus, the following local convergence is a direct consequence of Theorem

Corollary 6.1. Let 6 > 0. Denote by (W, )nen the sequence generated by SGD with w + V,, fPNN(w) as

objective function, step size v, € O(n~?) for 6 € (1,1), and assume that fPNN is analytic. Let W* be an
isolated compact set of local minima with level | = fI%NN(w*) for all w* € W* and suppose Assumption 18
satisfied within W*. Suppose that v, < v1 for sufficiently small v; (depending on §), then there exist two
subsets U, Uy of R% such that Wy € Uy implies that the event Qy = {W,, € U, for all n. > 1} has probability

at least 1 — 6. Moreover, there exists B € [%, 1] such that for any

. (maX{Q — 26, G;EEIQ}, 1) pe(5,1]
(2-26,1) B=3

it holds that | fPNN(W,,) — |1 € o(n"~1) almost surely and in ezpectation.

In words: If the iterates of SGD reach a certain area around a local minimum, they are likely to become
trapped in that region with high probability, provided that the step size is sufficiently small. This results
shows that, under very general conditions, SGD converges to local minima and furthermore quantifies the
convergence speed.

Remark 6.2. One may similarly apply Theorem in the training of DNNs to derive convergence towards a
global minimum with high probability provided that the initial loss fPNN(X) and initial step size vy; are
sufficiently small.

7 Application in Reinforcement Learning

Recent results showed that choosing the tabular softmax parametrization in policy gradient (PG) algorithms
results in objective functions which fulfill a non-uniform gradient domination property (Mei et al.| [2020; |[Yuan
et al.| [2022; [Klein et al.| [2024). While convergence of PG for exact gradients is well understood, convergence
rates for stochastic PG are rare and mostly require very large batch sizes (Ding et al. 2022} Klein et al.|
2024; |Ding et al., 2023).

Let (S, A, p,r,p) be a discounted MDP with finite state space S, finite action space A and discount factor
p € [0,1). Further, r : S x A — R, is the positive expected reward function and p(s’|s,a) describes the
transition probability from state s to s’ under action a. As in |[Mei et al. (2020) we assume that the rewards
are bounded in [0,1]. Consider the stationary tabular softmax policy for parameter w € RISII4I i,

exp(w(s, a))

, Vse8§, aec A
Za/eAs exp(w(s, a/))

mw(als) =

In the following we consider entropy regularized PG jointly with vanilla PG by setting A = 0 when no
regularization is considered. Then, for an initial state distribution p, the value function under the softmax
parametrization is given by

VI () = B [ D0 (S, An)| = NE [ 3 ot log(mu(4dS))
t=0 t=0
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and denote by V(1) the global optimum and by 7* the optimal policy. If A > 0 there exists a unique optimal
policy which can be represented by the tabular softmax parametrization Nachum et al.| (2017)). Therefore,
there must exist a continuum of optimal parameters w*, such that Vi (1) = V¥ (u); see also the discussion
in Ding et al.|(2022). If A = 0 no such parameters exists.

In order to maximize the objective we use stochastic gradient ascent. For A = 0 this is called stochastic
policy gradient method or REINFORCE. Note that e.g.,|Zhang et al.| (2020) provide a stochastic first order
oracle which meets the conditions required in Assumption For A > 0, a stochastic gradient estimator
that satisfies Assumption with A = B = 0 is presented in [Ding et al.| (2023, Eq. (4)). In both cases a
non-uniform PL-inequality holds (Mei et al., {2020, Lem. 8, Lem. 15): For every w € RIS/*IAl it holds that

IV VX ()2 = ex(w)™ (VX (1) = VI ()]

Withleif)\:()andx:%if)\>0and

minses mu(a* ()s) || 42 “1, A=0,
Ck(w) = zl/a(l._p) ll: oo ) dﬂ_* —1 (16)
T8T(1=py Wins wu(s) ming q Tw(als) ‘ % o’ A > 0.

Here a*(s) denotes the best possible action in state s. W.l.o.g. we assume that a*(s) is unique, otherwise
one can simply consider the maximum over all possible best actions, i.e. replace minges m,(a*(s)|s) with
Milges MiNg is optimal action in s Tw(a|s). We prove that this implies a local gradient domination property with
B =1 (weak PL) for A =0 and 8 = % (strong PL) for A > 0.

Proposition 7.1. There exists r,c > 0 such that for all w € B}y = {w : V{(u) — V™ (n) < r} it holds that
ex(w) > e

The proof of this proposition is given in Appendix [E}

As the objective function w + V™ (1) is smooth and Lipschitz on RISIMI (see [Yuan et al.| (2022, Lem. E.1)
for A = 0 and Ding et al. (2023) for A > 0), all assumptions in Theorem [5.2] are satisfied and we obtain the
following result.

Corollary 7.2. Let 6 > 0. Denote by (Wy)nen the sequence generated by SGD with w — =V (u) as
objective function, step size v, € O(n~?) for 0 € (1,1) and suppose v, < 1 for sufficiently small v,
(depending on 6). Then, there exist two subsets U, Uy of RISIAL such that Wy € U, implies that the event
Oy = {W,, €U, for alln > 1} has probability at least 1 — §. Moreover, for any

c (max{2 —260,0},1), if A=0,
T @ - 20,1), ifA>0

it holds that (V3 (p) — V"™ (1)) 1g € o(n"=') almost surely and in expectation.

In words: If the (regularized) stochastic policy gradient algorithm is started close enough to the optimum

a nearly o(n=%) (o(n~1) respectively) almost sure rate of convergence can be obtained by choosing 8 = 2
(6 close to 1 respectively) This is in contrast to o(n~!) (linear convergence) known in (regularized) policy

gradient with access to exact gradients.

Remark 7.3. Note that r and ¢ in Lemma can be explicitly chosen (see Remark [E.1). Hence, one can
choose the neighbourhoods Y and U; w.r.t. r as in Equation and Lemma in Appendix@to find an
explicit neighbourhood U; as condition for initialization.

Our convergence result in Corollary extends the local convergence analysis of stochastic policy gradient
under entropy regularization from [Ding et al|(2023). Like their work, our analysis builds on Mertikopoulos
et al.| (2020). However, while Ding et al.|(2023) require an increasing batch size sequence to ensure convergence
to the regularized optimum, we achieve local convergence for both the unregularized and entropy-regularized
settings without this requirement. For A > 0, our method attains convergence arbitrarily close to 0(%) that
matches the rate obtained by [Ding et al.| (2023) while avoiding the need to increase batch sizes. Finally, we
highlight that our local convergence holds almost surely on an event with high probability.
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A Auxiliary Convergence Theorems

In the following section, we provide two specific convergence theorems used to prove almost sure convergence
(Lemma [A.2]) as well as convergence in expectation (Lemma |A.3]). The former one is a direct consequence of
the well-known Robbins-Siegmund theorem, provided here for completeness.

Theorem A.1 (Theorem 1 in Robbins and Siegmund| (1971)). Let (2, F, (Fn)nen, P) be a filtered probability
space, (Zn)nen, (An)nen, (Bn)nen and (Cp)nen be non-negative and adapted stochastic processes with

iAn<oo and i3n<oo
n=1 n=1

almost surely. Suppose that for each n € N the recursion
EZp+1 | Fol < 14+ An)Z, + B, — Cy,

is satisfied, then (i) there exists an almost surely finite random variable Zo, such that Z,, — Z~, almost surely
asn — oo and (i) Y .- Cp, < 0o almost surely.

Lemma A.2. Let (Q,F, (Fpn)nen, P) be a filtered probability space, (Yn)nen, (@n)nen; (bn)nen and (ry)nen
be non-negative and adapted stochastic processes with

oo oo
Zan:oo, an<oo and 1y, >0
n=1

n=1
almost surely. Suppose that for each n € N the recursion
E[Tn+1}/n+1 | ]:n] < (1 - an)rnyn + by,

is satisfied, then we have r,Y, — 0 almost surely as n — co.
Proof. We define Z,, :=r,Y,, B, := b, and C,, := a,7,Y, such that
E[Zn+1 | ‘Fn] < Zn - On +Bn

for n € N. Using Lemma [A7T] we observe that there exists Zo, almost surely finite such that Z, = r,Y,, = Z
almost surely as n — oo. Moreover, we obtain that

oo oo
ZC" = ZanrnYn < 00
n=1 n=1

almost surely, which yields that

liminfr,Y, =0

n—oo
almost surely, since Y ., a, = oo almost surely. Since limit inferior and limit coincide for converging
sequences, the assertion follows:

Zoo = lim 7,Y, =liminfr,Y, =0
n—oo n—oo

almost surely. O

The following Lemma will be applied to prove convergence in expectation.

Lemma A.3. Let (wy)nen be a non-negative sequence, such that wpi1 < (1 — ap)wy, + by, where (an)nen
and (by)nen are non-negative sequences satisfying

oo oo
Zan:oo and an<oo.
n=1 n=1

Then, lim,, o, w, = 0.

22



Published in Transactions on Machine Learning Research (4/2025)

Proof. W.l.o.g we assume that wy,+1 = (1 — a,)w,, + by, otherwise we could just increase a,, or decrease b,
which would have no effect on the summation tests. We obtain

n—1 n—1 n—1
—w <wp, —wy = E (W1 —wg) = E by, — E Wrak.
k=1 k=1 k=1

Since w,, — wy is bounded below and Zzozl br < 0o, we deduce that ZZ=1 wgay is bounded. Since all

summands are positive, the infinite sum converges. Thus, as a difference of two converging series also (wy,)nen
. oo . . . . .

converges. Finally, the convergence of >~ | wgay implies liminf,,_,o w, = 0 which, by the convergence of

(wn)nen, implies lim,, w,, = liminf,, w, = 0. O

B Numerical experiment - Toy example

In the following numerical experiment, we aim to verify our theoretical finding. We have implemented the
same toy example similar to [Fatkhullin et al.| (2022) to test our theoretical findings. In our implementation,
we consider both SGD and SHB applied to the objective function f,(z) = |z|?, where € R, for various
choices of p > 2. It is straightforward to verify that f, satisfies the global gradient domination with parameter
B(p) = pp%l. It is noteworthy that for p = 2, the f, obviously satisfies the PL condition with g = %, whereas

26(p)
for increasing p — 0o, we move towards 5(p) — 1. We have used the step size schedule O(n~ 413<P)p*1) discussed
1
in Table (1| and observed the almost sure convergence rates n~ %® -1 as suggested by Theorem and
Theorem Note that our derived rates are arbitrarily close to the sharp upper bound known in expectation
[Fatkhullin et al.| (2022]).

10° 10°

error
error

1010

1010

=—==SHB, # = 0.5
=== theoretical

10° 10! 102 10° 10 10° 10° 10! 10° 10° 10 10°
iteration n iteration n

error
error
S

1010 1010

10° 10 10° 10° 10° 10° 10°
iteration n iteration n

Figure 1: Pathwise error (f,(X,,))n=1,....5 of SGD and SHB for various choices of 8 € {0.5,0.67,0.83,0.92}.
For each setting we have simulated 100 runs of length , N = 10°. The bold lines correspond to the average

error of SGD (red) and SHB (blue), and the black dash-dotted line corresponds to the theoretical rate nTTT

Details of the implementation: Both algorithms have been implemented by hand using MATLAB. We
have initialized both SGD and SHB with the initial state X; ~ 2U([1.5,2.5]) + 3U([—2.5, 1.5]) to force initials
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which are not close to the actual minimum z* = 0. The initial step sizes v1(8) for both algorithms are chosen
as
71(0.5) = 0.2, 71(0.67) = 0.13, 7,(0.83) = 0.004, 7,(0.92) = 10~°

through which we counteract the decreasing smoothness for 8 — 1. The momentum parameter for SHB is
fixed for all B as v = 0.5. The exact gradients V f,, are perturbed by independent additive noise following a
standard normal distribution A/(0,1).

C Proof of Lemma 3.1

In the following section, we present the proof of our super-martingale result.

Proof of Lemma[3.d. In the following, we treat both cases 8 = 3 and RS (% 1] separately.
8= %: In this case, the inequality reduces to

E[Vni1 | Fu) < (14172 — cavn) Yo + ca72.

By the choice of 7, there exists some N > 0 and ¢; > 0 such that ¢y, — clfy,% > €1y, for all n > N. Hence,
foralln > N

E[Yn-‘rl | fn] < (1 - 61771)Yn + 037721
such that the claim follows by [Liu and Yuan| (2022, Lem. 1).

B e (% 1]: The proof uses the elementary inequality

(n+ 17" <n! 7+ (1 —pn77, (17)

which was also applied and proved in Liu and Yuan| (2022, Lem. 1). The aim is to apply the Robbins-Siegmund
implication, Lemma in order to derive the almost sure convergence rate. Let 1 < g < 2 be arbitrary for
now. The key step of the proof is the following computation
E[Yoi1 | Ful < (1+a172)Yn — 7Yy’ + ca7,
= (1 4+ a2V, — 292V, 4 c270Y, — corn V.22 + e392 (18)
=1+ cwn — oYY, + cavn (’yq ly, — y2ﬁ) + c;»,fyn.

Similar to the case § = % there exists some N > 0 and ¢; > 0 such that coyl — clﬂyi > ¢1yd for all n > N.
Hence, for all n > N we obtain the iterative inequality of the form

E[Yni1 | Fol < (1= E78)Y0 + coavn (VY0 = Y,27) + c57in. (19)
5T
The function z — ax — bx2? takes it maximum at & = (Qgﬁ) "~ such that
q+35—1 23 1 1+ (QQEljfﬂ
Tn ( . 1Y Yzﬂ) Tn - Tn 23
(Qﬁ) 2/3 T (25)2/3/—1
= 1 ,722(153:11 - 1 722(1‘;’8:11 (20)
(26)7 (26)7
(26) Z[i 1( o i) :2(1;:11
283

holds almost surely. We define é; = 02(2ﬂ)_2‘ﬁ%1(1 - %) € (0,00) for B € (3,1) and proceed with

2Bq—1

ElYni1 | Ful £ (1—ani)Yo + &y’ ' +cavi. (21)
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Next, we apply the elementary inequality Equation l.) and choose q such that 1 < # < 1< 1. Moreover by
the choice of vy, there exists some ¢4 > 0 such that ¢;v2 > tqg for all n > N. It follows that foralln > N

E[(n 4+ )Y, | Fo
28q—1
<+ D71 = Ey)Y, + (n+ 1D 67,7 4 (n 1) gy

c 28q—1
< T (L (= Y (1 ) e (04 1) e

28g—1

l-n e ca(ll-n nl- 1- 261 1- 2
:<1+n_nq9_n‘1‘9+1 "Yn 4+ (n4+1) "y, + (n+1)"""esy;.

We set é3 = max{¢éz, c3} such that for allm > N

E[(n 4+ )Y, 11 | Fo

L—n ¢ c(l—n) nl- 1—n, 35T
S(1—|—7z_71‘1(’_ntﬂﬂr1 Yo +e(n+1) (v = 1+’Yn)
Observe that ¢ < 1 by condition 6 < %. Hence, there exists ¢, > 0 and N > Nfor sufficiently large N > N
such that for all n > N we have
- e 1 35T 2
El(n+1)7"Yor1 | Fa] < (1= G—g)n "o+ es(n+ 1) (7" +73) (22)

In order to apply Robbins-Siegmund, more precisely Lemma we are going to verify the following three
sufficient conditions:

oo

1

Z nad o0, (23)
n=N

Z nt=172% < oo, (24)
=N

> 0(284-1)

Z n'T1T T < oo (25)
n=N

Then, Y,, €0 ( n) almost surely.

The first condition Equation is obviously satisfied, since we assume 6 < % For the second condition
Equation we may choose § > 1 — 7 such that 1 —7n — 26 < —1. The third condition Equation

gives 1 —n — % < —1 which leads to the condition 6 > (27272((17275171). Hence, all together we obtain the

sufficient condition ) ) ) .
be (max ] 2=WE-1 4 ol 1
28q —1 2) ¢

In the following, we consider the two cases separately that correspond to the maximum being either 1 — 2 or

%{ﬁfl). The ﬁrst case occurs precisely for % < 46 I p L> 455%1.
Firstly, let % < 4/3 . In this situation the sufficient condition on 6 simplifies to
1
0 e (1 — Q, ] )
2°q
The interval is non—empty for l > H , which requires n € (jg f, 1).

Secondly, let é > 7 B . In thls 51tuat10n the sufficient condition on # simplifies to

(R
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the interval is non-empty for % < 2fBn— 25+ 2 —mn. Hence, % € (42[11 ,20n — 28 + 2 — n) which requires the
48—2

condition 7 € (45717 ).

Either case yields sufficient conditions on 6§ and n (depending on the auxiliary variable ¢) under which
Y, €0 (nl—l,n) holds almost surely. We will now utilize the free variable ¢ to prove the claim.

o Let 0 € (% i): We set ¢ = 4221 and use the first case. The assumption n > 2 — 20 =

27 45—-1 23
max{2 — 26, %2272} implies § < (1 — 1, ﬂ. (Note that 7 > =2 is automatically fulfilled by

2-20> jgj for this choice of 6.)

e Let 0 € [42%1, ): By assumption we have 1 > % = max{2 — 26, 0;37?;2} We choose some
% € (6,28n — 28+ 2—mn) and use the second case. (Note that n > ig:f again is automatically

fulfilled by 22552 > 46=2 for this choice of 0.)

1

All in all we have proved that 6 € (3,2) implies Y, € o (1) almost surely for all n € (max{2 —

26, L2021 1), O

D Proofs of Section

In the following section, we present the proofs of Section

D.1 Proof of Theorem

Suppose that the assumptions of Theorem [5.1] hold throughout this section. In contrast to the global gradient
domination analysis we may assume w.l.o.g. the uniform second moment bounds, i.e. A = B = 0, instead
of the more general Equation condition. Choosing A, B > 0 would imply the bounded variance
assumption of the gradient estimator. Note therefore, that the first term A(f(x) — f(z*)) and the second
term B||V f(x)||? are both locally bounded by the local Lipschitz assumptions on f and Vf.

Note that every isolated local minimum {z*} is a special case of an isolated compact connected set of local
minima. In this case it holds that 8 = ;. If X* contains more then one point, we can unify the gradient
domination property in a neighbourhood of X* due to compactness. The set X* has to be connected to
assure that all local minima are on the same level .

Recall, the outline of the proof is structured as follows:

e First, we unify the gradient domination property around the set of local minima X* and obtain a
radius r such that the unified gradient domination property is fulfilled in all open balls with radius r
around z* € X* (Lemma [D.1]).

« Based on this we construct sets I/, U; C R? and the events €2, € Q (see Equation 7 Equation
and Equation ), such that Oy = (), 2, occurs with high probability. To be precise, U; and U
are neighborhoods of X* constructed such that the gradient domination property holds within this
region, and when starting in U/ the gradient trajectory does remain in ¢ for all gradient steps with
high probability. Then, €2,, describes the event that X, € U for all k < n.

o All following Lemmata before the proof of Theorem are devoted to show that P(£2,,) > 1 — 4 for
all n € N. This then proves Claim (i) of the Theorem. Claim (ii) and (iii) will be shown directly in
the proof of Theorem [5.1] at the end of this subsection.

o In order to show P(€2,) > 1—0 we construct set C,, and E,, defined in Equation and Equation
such that £, NC, C Q41 (Lemma while Lemma is used to prove this claim.
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o The sets E,, are such that f(X,,) remains close to f*. We exploit the unified gradient domination
property to construct the sets E,, (Lemma [D.4)) and derive a recursive inequality in Lemma c) to
prove that this event occurs with high probability (Lemma [D.7]).

e The sets (), are such that X,,;; remains close to X,, and we exploit the finite variance assumption
to show that these events occur with high probability (Lemma .

We denote by
Bi(x)={y e R : ||z —yl| <7}

the open ball with radius 7 > 0 around z € R? and by
Bi(z)={y R : ||z —yl| <7}

the closed ball with radius » > 0 around z € R%.

In the following Lemma we unify the gradient domination property around the set of local minima X* C R,

Lemma D.1. . There exists 7 > 0, B € [3,1] and ¢ > 0, such that for all z € Uz cx- B,.(z*) it holds that

fl2)>1 for x¢ X* and ||Vf(2)l] > c(f(z) - 1)

Proof. By the local gradient domination property, for every z* € X'* there exist r,« > 0, B, € [
cg+ > 0 such that

1,1] and

IVf(@)l| 2 cor|f(2) = U=, Va € B, (a*).

Moreover, w.l.o.g we can assume that f(z) > [ for all z € B, . (z*) \ &*, as X'* is an isolated compact
connected set of local minima (otherwise choose r,- small enough).

By the compactness of X* we can find a finite subset Y* C A™*, such that

U= U B..(y") D> X"
yrey*
Then, we define f = max,-cy- B, and ¢ = min,-cy- ¢,-. For any = € U there exits y* € Y* such that
IVf @) > e (f(z) = ) > e(f(x) = 1)°.
Thus, there exists an open neighbourhood U of X* and § € [%, 1], ¢ > 0, such that for all = € U it holds that
fa)>iforag X" and [[V(@)]| = c(f(z) - 1)

As U is open by definition and X* C U, we can find a radius r > 0, such that Uz cx» Br(x*) C U. This

proves the claim. O

Remark D.2. Tt is noteworthy that the unified gradient domination property obtained in the previous Lemma
does not require an absolute value, as f(x) > [ for all € (J,.cr- B,(z*). This is crucial to obtain the
recursive inequalities in Lemma [D-4] and we will exploit this also in the proof of Theorem [5.1] to obtain the
convergence rates.

In the following let r > 0, ¢ > 0 and g € [%7 1] chosen as in the previous Lemma, such that the unified

gradient domination property holds for all z € |J, .y« Br(2*). Further define

s:inf{f(x)—l:me U BaxG9\ U Bg(x*)}.

rreEX* TrEX*

Lemma D.3. It holds that s > 0.
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Proof. 1f s = 0, then there exists a sequence (z,) € U, ¢ x- Bar (%) \ Uy 2+ B: (z*) with f(z,) — [ for
n — 0o. By definition of the set and compactness (boundedness) of X*, the sequence x,, is bounded:

3r
llzall < 7 + sup 27| < oo.
T*EX*

Hence, there is a convergent sub-sequence (z,, ) with x,, — « for k — oo and by continuity of f it holds that
f(z) = 1. Further, it holds for all * € X* that ||z, —2*|| > § for all n € N such that inf,-cx- ||z —2*[| > 3.

On the other hand, by construction we have that € (. ¢y« Bax (%) \ U, c 2~ BE(2*) C Uy, e Bar (2%) C

Uyecar Be(z*). And as f(y) > [ for all y € By(z*) \ X* we deduce from f(z) = [ that z € X*. This is a
contradiction to infy«ecx- ||z — 2*[| > 3. O

We choose € > 0, such that 2¢ + /e < s. We define the sets

PR . r €

— . _ — < =
Uy ={z eR xlg/fy”x || < 27f(ﬂc) [ < 2} (26)
U={zecR®: *Helf* J;—x*||<g} (27)

which are subsets of R and the decreasing sequence of events
Q, ={X; €U for all k <n} (28)
Cp = {|| X1 — X|| < 2 for all k < n}, (29)

and Cy = Q, which are measurable sets in (Q, F,P).

In order to prove Theorem [5.1] we will show that €2, has probability at least 1 — ¢ for all n € N. To do this,
we construct another sequence of events (En) with £, C Q, which occur with probability at least 1 — d for
any n € N.

Therefore, we fix the notation D, := f(X,) — 1, &1 := —(Vf(Xn), Z(Xn,Cnt1)) and 14 denotes the
indicator function for a measurable set A in (2, F,P), i.e. 1g(w)=1ifw e Adand 14(w)=0if w ¢ A We
prove the following (recursive) inequalities.

Lemma D.4. If § = %, then it holds that

Ly,
Dpii1lg, < (1—7c®)Dplg, +Ynéntila, + Tvlﬂn Va1 (Xn) 1%,

Dy [T =we)a, + > [ [T =) | mériila, (30)
k=1 k=1 \j=k

n

L
52 YellVier1 (Xe) [P 1, -

If g € (%71], for any 1 < q < 2, it holds that

1 1 2821 L2
Dusile, < (1=71¢)Dala, +(26)" 77 (L= 700" | +méuiile, + |V (X)L,
n n 28g—1 n n
<Dy [Ja=Af) +ed 7" + [T =) | wérila, (31)
k=1 k=1 k=1 \j=k
L n
t3 Vi1 (Xe)[ 10
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Proof. From L-smoothness we can deduce that

L%% 2
Dt € Do = 3 (VF(Xa), Vara (X)) + 232 [Va (Xa) |

Ly2 ”

= Wl VFX)* = 4l VF(Xn), Z(Xs Cngr)) + =5 Vi () 2

L n
= Dy = VI + s + 2V (X,

for Z(X,, (pt1) from Assumption 2.4 and &,11 = —(Vf(Xn), Z(Xn, Cns1))-
We separate the two cases of 3:

8= %: Tterating this inequality and using 1q < 1q, it follows that

n+l —

L 2
Dyiila, < Dula, = 7ula, V(X0 + e, + 5" Lo, [Vasr (X0
2 L . 2
< Dylg, — e (f(Xn) — D1, + Ynla,&nt1 + 1 (X |

L 2
= (1= 1) Dula, +bunla, + 5 o, Vi (XIP,

<Dy [TO =)+ > IO = %) | wberala.
k=1

k=1 \j=k (32)
L . - 2 2 2
+t3 [T =% | RIVira (X)) [P 1a,
k=1 \j=k
<D H l—vkc +Z H 1 —%-02) Yie€k+11q,

k=1 k=1 \j=k

L n

+ 5 2RV (K0P,

I |
-

where we used that the unified gradient domination property holds for all X, k¥ < n on the event 2,,.
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B e (%, 1]: Similarly, the unified gradient domination property yields the claimed inequality for any 1 < ¢ < 2:

L 2
Dn+119n < Dlen —mla, vf(Xn)||2 + 7n19n5n+1 + %lﬁn Vn+1(Xn)||2
L 2
< Dplg, — 'Yncg(f(Xn) - Z)Z'Blﬂn +mle,&nt1 + n+1(Xn)||2
2 126 Lyp 2
= Dplq, —vmc D; 1q, + mént+1la, + ——1a n+1<Xn)|| s

. 172
= (1=98¢*)Dala, + 3¢ (04~ Do = D)1a, +Ynnsila, + 5= [Vari (Xa)[*10,

28q—1

1 1
< (1 - 'YZCQ)Dnlﬂn +(28)7 7 1(1 - — C ’an ' + Ynént1la, + 7||Vn+1( n)||219n

231

(

[ =72 | RN Vir (Xi) P10,

<D [J(1=~{c)1q, + EZ%CM_l + Z [T =) | wérila,
=k

k=1 k=1 k=1
n

L
t3 > IV (X0 P 1,
k=1

for é = (28)" 7 1(1 — 35)¢” from the function trick Equation which we applied in the forth inequality.
We also used that the unified gradient domination property holds for all X, k¥ < n on the event €, . O

For 8 € ( , 1] we know from the proof of Lemma that we can choose the auxiliary parameter ¢ from

—1
231

the previous lemma in such a way, that > oo n'="y, is convergent for all n € (max{2 — 20, 9+25 2} 1)

2Bg—1
(Condition (iii) to apply Lemma . As < 1, it follows that > 0", 7’ ' < oo holds true for all these
choices of q. Now define

n n n

My, = Z H(l — 7)) | merla,, MY = Z H(1 =71 | Wérrila,

k=1 \j=k k=1 \j=k

L n
and S, = 5275||Vk+1(Xk)H21m-

Then, (M,) and (M,(,q)) are (Fp41)-martingales with zero mean and (S,) is a (F,41)-sub-martingale by
Assumption Note that by the choice of 7, we have that > ~2 < oo and hence E[S,] < oo for all n € N.

Next, define R,, = M2 + S,, and R,, = (M, M )) + S, respectively (with some abuse of notation), for every
n € N. Moreover, let
E, ={Ry < e forall k <n}. (34)

which is an JF,4i-measurable event on (2, F,P). We define Ry = 0 such that Eo = Q.

Now let £, = E, N Ch, then we will first show, that E,, fulfills the property E, C 2,41 for all n € N in
Lemma and then that E,, occurs with probability at least 1 — § in Lemma -

To prove that En C Q41 we need one more auxiliary result.

Lemma D.5. Suppose z,y € R? such that
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1. infy-cx- ||z — 2| < 3,

5. llz—ll < 5.

Then it holds that inf ¢y«

y—z'l| < 3.

Proof. By triangle inequality we have that inf,«c v+ ||[y—2*|| < 2E, i.e there exists z* € X* such that ||y—a*|| <
y —a”|| = 3, this means that y € .y~ Baz (%) \ U, ca Bg (z*). By

%. Suppose now, that inf «cy«
the definition of

s:inf{f(z)—l:zé U B (z7) \ U B;(m*)}

T*EX* TrEX*

this contradicts the second assumption f(y) — 1 < s. O

We deduce the following relations on the constructed sets:

28g—1

Lemma D.6. For 3 € (3,1] let v, < 1 be sufficiently small such that > oo | yn® ' < £, and for B = 3 let

2¢7
v1 > 0 be arbitrary. Furthermore, assume that the initial X1 € Uy almost surely. Then,

(l) En+1 Cc E,, En+1 C En and Qn+1 c Q,
b) En C Qn+1
¢) Define the events E, = E,_, \ E, =E,_1U{R,, > €}. Then, for R, = R,1g,_,, there exists a

C > 0 such that

E[R,] < E[R, 1] + V2[G*C* + G? + C] — eP(E,,_1).

Proof. a) Follows by definition of the events.
b) Note that Ey = Q = Q) because

r €
={z: i —2f|| < = —1<= L
X elh ={x Mlgﬁ(”x ¥ < 27f(a:) 1< 2} c{z mueléf\{

z— 2| < g}zgl

almost surely. We prove the assertion by induction. Let w € E,. Since E, C E,_1 C Q, by induction
assumption, we have w € Q, and thus w € Q for all k£ < n. We will apply Lemma with 2 = X, (w)
and y = X,,+1(w). By definition it holds that w € E, implies condition 3. and w € 2, implies condition
1. of Lemma It remains to show condition 2., then it follows that inf,-cx« [|Xpi1(w) —2*|| < §, ie.
Xn+1(w) €U and by w € Q,, we deduce w € Q4.

To Prove condition 2. we separate both cases for 3:
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8= %: The inequality Equation and the induction hypothesis yield

Dn+1 ((U) = Dn+1 (w)lﬂn (w)

< Di(w) H (1= e?) + Z H (1 =) | wérir(@)1q, (w)

k=1 k=1 \j=k

n

Z 2V (X ()P0, (w)

n

=Dy (w )H (1 — ) +Z H 1—75¢®) | Térsr (W), (w)

k=1 k=1 \j=k

+ % Z 7£||Vk+1(Xk(w))H21Qk (UJ)

where the equation in the third line is due to w € Q, for all £ < n by induction.

B e (3 ] Similarly, we obtain from Equation (4

Dyy1(w) = Dyyr(w)lg, (w)

< Di(w)lg, (w)

=
-
|
s
o
hE
o
1
+
NE
=
=

=77 | mrir (W), ()

+ g Z'y%||Vk+1(Xk(w))H21Qn (w)

k=1

w) H(1 — ") + Z H(1 —75¢%) | Wrt1 (W) 1o, (w)

k=1 \j=k
gz ||Vk+1(Xk( ))||219k(w)

k=1
€
,_,_ +\/ w) + Ry
§26+\[<8.

We used in both cases that that [];_;(1 — vfc) <1 and the choice of € such that 2e + /e < s. This proves
that condition 2. in Lemma [D.5l is also satisfied which concludes the induction.

+

c¢) Without loss of generality we consider the case § = 1/2. The computations for 8 € (1/2, 1] follow in line by
replacing M,, with Mflq). By definition it holds that F,, = E,_1 \ (Ep—1\ En) = En—1 \ E,,. Then we have
R, =R,1g,_,
=Rn11g,_, +(Rn— Rn-1)1g, _,
=R, 11g, ,— R, 11l  +(R,— R, 1)lg
=Ry1—Rnolp  +(Ry—Ru1)lg,

n—1

and for the last term

Rn - Rnfl — M»Z - M3‘,1 + Sn - Snfl

L
=Tl = me)?Gila, + 21 = Ye)entrle, M1 + 15 [IVara (Xa) P10,
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We treat each of the summands on the RHS seperately. It follows from the G-Lipschitz continuity and
bounded variance assumption in Theorem that

E[éni110,] = E(VF(Xn), Va1 (Xn) = VF(Xn))?1a,]
< E[IV (X)) P ([Var1 (Xn) P + D1g,] < G*(C? +1),
E[§nt1(1 —yme)Mp—1la,] = E[E[§41]Fn]Mp—110,] =0,
E[|Vos1(Xn)[*10,] < C. (35)

For the term R, 115 | we have

E[Rn_llE“n_l] Z GP(En_l).
Using (1 — v,¢) < 1 and putting all together we obtain the claim
E[R,] < E[R, 1]+ 12[G*C%* 4+ G? + C] — eP(E,_1).
O

Lemma D.7. Let § > 0 be a tolerance level and v, < 1 be sufficiently small such that Y .-, V2 o<

W and the condition in Lemma m is fulfilled. Then, we have
4
P(E,) >1- >

Proof. The proof is along the lines of the proof of Proposition D2 in [Mertikopoulos et al.| (2020)). For
completeness we repeat the arguments. First, observe that

. R.. E[R,
P(Enfl) = IED(-E‘nfl \ En) == P(En,1 N {Rn Z 6}) = E[1E7L711{Rn>€}] S ]E[]_E”717] = [6 ] .
On the other hand it follows from Lemma [D.10] that
P(E,) < E[R,] < E[Ro] + [G*C* + G* + C1 > 7 —e Y P(Exp_1). (36)
k=1 k=0

Rearranging everything yields
n 212 2
Z]P)(Ek) < [G*C +6G +Cr

[G2C?+G2+C)r

. < g and moreover since the events E,,

with I' = Y77 | 72. By the assumption on the step size
are disjoint we obtain

noo n _ S
P Er) =D P(Ex) < 5 (37)
k=0 k=0
implying that
X )
P = ' - =.
(B2 =B(() Bp) 215 (33)
k=0
O

Lemma D.8. Let § > 0 be a tolerance level and 7y, < v1 be sufficiently small such that the condition in
Lemma m and Lemma are fulfilled. Moreover, we suppose v, small enough such that % S orey 7,3 < g.
Then, we have

P(E,)>1—-4.
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Proof. By Lemma we have P(E,) > 1 — g. Moreover, by the additional step size assumption and
Markov’s inequality we deduce that

r
P(C,) =P(Vk <n : || X1 — Xil| < 5)

n
r
Zl—ZP(||Xk+1—Xk||>§)
k=1
" r
=1- P(||V; X > —
kZZI (Vi1 (X 2%)

n

2477
>1- ZE[||Vk+1(Xk)H ]rig

k=1
>1- % >
k=1
5
>1-3.
Together we obtain that P(E,) = 1 — P(ES) > 1 — (P(ES) +P(CS)) > 1 6. O

Finally, we are ready to prove the main result in the local setting for the set of local minima X™*.

Proof of Theorem[5.1] (i): Recall the definitions of ¢4; and ¢ above. Then it holds that

Hence, using Lemma [D.§ we obtain

P(Qy) = inf P(Q,) > inf P(E,) > 1 — .

(ii): We define D,, :== D, 1, and prove that D,, € o(1/n'~"), then the claim follows since 1g,, < 1, almost
surely.

From the proof of Lemma [D.4 and Lemma [D.6] we have

_ . . L2
Dpi1 < Dy — 7neD2P + 461110, + %”Vn”zlﬂn-

Hence, taking the conditional expectation gives

) ) ) 42
E[Dpy1|Fn] < Dy — 'YnCD?zB + ’YnE[fn+1|-7:n]1Qn + i I]E[||Vn+1(Xn)H2|fn]lﬂn

2
_ N LC
< D,, — yncD? + 7%2”

where we have used that D,, and 1, are F,,-measurable and E[||V;4+1(X,)||?|F.] < C from Equation (ABC)
with A = B = 0. By our step size choice we can apply Lemma to obtain Claim (ii).

(iii): In the following, we again separate between the two cases of 3.

B = 3: We have from Lemma Equation and Lemma that

- L~2
Dn+1 < (]- - 'Yncz)Dn + ’VngnJrl]-Qn + %”V;H*l(X’ﬂ)Hlen
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Taking expectations and multiplying by (n + 1)1~ leads to

E[D, 1 1(n + 1)1
LCy;
2

< (T A= mnT) (1= nc?)E[Dn] + (n+ 1)1

<(n+ 1)1 =1 @)E[Dy] + (n+1)177
LC*y,QL

1772LC’

= (nlfn + (1 =n)n " =nTy, e — (1 - n)n*n%ci*) ]E[Dn] +(n+1) 5

1 1-— nC? ~ LC
<1 1 YnC? — (TMC) n'TTE[D,] + (n+ 1)1 T1y2 =2,
n n 2
where we used Equation (35]) in the first inequality. By our choice of 7, there exists é > 0 and N > 0 such
that v, — 1_7" + % > &y, for all m > N. Thus, for all n > N

LC
wnt < (L= &) wy + (n+1)' 71975

where w,, = E[n'~"D,]. Define a, = &y, and b, = (n + 1)!7"92LZ. Since v, = ©(-%), we have
Yonln =CY . Yo =00 and

Y= Sy <o

by Equation (24) in Lemma [3.1| Hence, we apply Lemma [A.3] m to prove that lim, ., w, = 0. By the definition
of w,, we have Verlﬁed that E[(f( n) — l)lgu] <E[D,] € o(-%5)

B e ( 1]: From Lemma Equation (31) and Lemma . we have

N 28q—1

Bt < (1= 1) Dy + 69 + 3,6l + 22V, (X)L,

for ¢ = (28)" w1 (1- 2ﬁ> Next we multiply with (n + 1)1=7 and use Equation to obtain

E[Dp41(n+1)'77]
1- 2N 1—nx T 15 LC 4
I O
(177 + (1 = )n=") (1 = 42 E[Dy] + ex(n+ D327 +42)
= (W4 (1= — 2Rt — (1= ) tcn ) E(D,]

2B8q—1

+er(n+ 1) +7)

. 1-— 1— 902 28g-1
:E[Dnnl—n] <1+n77_,y%62_(7771)7n) —l—cl(n—l—l)l_"( 25-1 +7n)

IN

for some ¢; > 0. By our choice of 7, and as ¢ > 1, there exists a co > 0 and N > 0 such that y%c? — 1_7" +

% > oyl for all n > N. Thus, for n > N

~ ~ 23 1
E[Dpy1(n+ 1" <E[D,n' " (1 — c272) + c1(n + 1) (4, -1 +72).

. 28g-1
Define w,, = E[D,,n*~"], a,, = CQ’yq and b, = ci(n+ 1) (27" 2 +72). We will again apply Lemma
By the step size choice v, = O(-%) we have >, a, = c2 >, 71 = 00, because ¢ < . Further,

28g—1
b=y (n+ DT ) < oo
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because we choose the auxiliary parameter ¢ as in the proof of Lemma where we showed in Equation
and Equation that

© > 6(28q—1)

— — q9—
E n'=1"2% < 50 and E plTT T < o
n=N n=N

All together we deduce that wy, vanishes at infinity. Again, by the definition of w,, we have that E[(f(X,) —
Dlq,] <E[D,] € O(n%n) U

D.2 Proof of Theorem 5.2

Suppose throughout this section that the assumptions in Theorem are satisfied.

The proof will be similar to the previous section. Instead of assuring that (X,) remains close to the set
where we could guarantee the unified gradient domination property, it is now sufficient that f(X,,) remains
close to f* by the different definition of gradient domination definition in f*. This will simplify the proof.
Moreover, we may again assume w.l.o.g. the uniform second moment bounds, i.e. A = B = 0, instead of the
more general Equation condition by the same argument as above but on the level sets.

Recall the notation
B ={zecR?: f(z)— f* <7}
and let » > 0 be the radius of the gradient domination property in f*, then there exists € > 0, such that

2e+e<r, ie

Moreover, we define the set
U = B’% (40)
and the measurable subsets
Q, ={Xy €U, forall k <n}
in (2, F,P).

The proof of Theorem is again based on a series of auxiliary lemmas. The goal of these is to prove that
with high probability we do not leave the gradient dominated region, i.e. Claim (i) in Theorem

In the following, we fix the notation D,, := f(X,,) — f* and D, := D,1q,, £ni1 = —(Vf(Xn), Z(Xn,Cni1))
and obtain the parallel result to Lemma [D.4]
Lemma D.9. If § = %, it holds that

L 2
D7l+119n < (1 - ’YnCz)Dn]-Qn + 7n§n+11§2n, + %IQW ||Vn+1(Xn>H27

n n n
<Dy [JA=we)1a, + > | [T = %) | wbesala, (41)
k=1 k=1 \j=k

L n
+5 D Vi (X1,
k=1

Ifg e (%, 1], for any 1 < g < 2, it holds that

1 1 st L
D, < (1=94¢)Dala, +(26)7 T (L= 52)e T+ néala, + =5 Vo (X)
n ) n 28q—1 n n )
<D [[a=riAta, +&Y %7 + D> | [T =) | mérirla, (42)
k= k=1 k=1 \j=k

3 =

L
t3 Vel Vi1 (Xe) P 1a,,
k=1
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forée=(20)" 25 -1 (1 — %)02.

Proof. The proof follows line for line as in Lemma [D.4] by replacing | with f* and taking the different
definition of D,, and 2,, into account. O

We continue as in the previous section:
For g > % we know from the proof of Lemma that we can choose the auxiliary parameter g from the
28g—1
previous lemma in such a way, that Zooz n!="v,2?"" is convergent for all n € (max{2 — 26, 9+25 2} 1)
28g—1

(Condition (iii) to apply Lemma . As np < 1, it follows that > 7, 72?1 < oo holds true for all these
choices of q. Now define

n

My, = Z H 1= %¢") | mérpala,, MY = Z H<1 _’Y}]C?) Ye€k+11a,
k=1

k=1 \j=k j=k

L
and S, = 3 Z’Y;%HVk-i-l(Xk)HZle

Then, (M,,)nen and (Mff)) are (Fp+1)-martingales with zero mean and (S, )nen is a (Fp41)-sub-martingale
by Assumption Note that by the choice of 7, we have Y, 72 < oo and hence E[S,] < oo for all n € N.

Next, define R,, = M2 + S, and R,, = (Mr(ﬂ))2 + S, respectively (with some abuse of notation) for every
n € N. Moreover, let

E, ={Ry <eforall k <n}.

which is a F,,1-measurable event on (2, F,P). We define Ry = 0 such that Ey = Q.

With these definitions, we can directly prove a parallel result to Lemma [D.6] without the auxiliary result in

Lemma [D.5

2Bq—1
Lemma D.10. For g € ( 1] let v, < be sufficiently small such that >~ WP < 5z, and for = %
let vy1 > 0 be arbitrary. Furthermore assume that the initial X, € Uy = {x : f(z) — f(z*) < §} almost surely.
Then,

a) E,1 CE, and Qp 1 C Qy
b) En C Qn-ﬁ-l

¢) Define the events E, = E,_1 \ E, =E,_1U{R, > €}. Then, for R, = R,1g
C > 0 such that

., there exists a

E[R,] < E[R, 1] + V2[G*C* + G? + C] — eP(E,,_1).

Proof. a) Follows by definition.

b) Note that Ey = Q = Q; because X; € U; = Qy almost surely. We prove the claim by induction. Let
w € E,. Since E,, C E,,_1 C Q, by induction assumption, we have w € €,, and thus w € Q for all k < n. It
remains to show that X,,11(w) € U to prove that w € Q,,,1. We separate both cases for 3:
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8= %: The inequality Equation and the induction hypothesis yield

Dpy1(w) < Di(w) [T = o)+ H (1 —=%¢?) | €1 (w) %Z%HVkH(Xk(W))HQ

k=1 k=1 k=1

=Di(w) [JA=me)+ > H (1 =76 | Yérrr(w)la, ()
k=1 k=1 \j—k
L n
+3 Vel Vi (Xk (@) P10y (w)
k=1

< % + VR (W) + Ry (w)
< 2e+ e

Hence, X,,+1(w) € U by definition of U.
B e (3 ] Similarly, we obtain from Equation (4

3

n 28q-1 n n
Duir(w) < Du@) [T - o) + 6377 T 4+ 30 [ TI0 -1 | wéen(@)
k=1 k=1 k=1 \j=k
£ - 2 V X 2
+5 > Vi (Xe (@)l
k=0
n n 2841 n n
= Di(w) [J =) +&) 47 + [T =71 | b (@)ia, (w)
k=1 k=1 k=1 \j=k
+ %lleH(Xk( )P La, (w)
k 0
<SHs+ VR R
< 26+ e

where we used that []}'_, (1 — v/c¢*) < 1. Hence, it holds again that X, 41(w) € U.
This prove that w € ,,4; and closes the induction.

¢) Follows line by line as in Lemma part c). O

Lemma D.11. Let § > 0 be a tolerance level and v, < y1 be sufficiently small such that Y., V2 <
m and the condition in Lemma is fulfilled. Then, we have

P(E,)>1-4.
Proof. Line by line as in Lemma [D.7} O
Finally, we are ready to prove the main result in the local setting for f*.

Proof of Theorem[5.3 (i): Recall the definition of ¢; and U above. Then it holds that
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Hence, using Lemma we obtain

P(Qy) = inf P(Qy) > inf P(E,) > 1 — 4.

The proof of Claim (ii) and (iii) follows line by line as in the proof of Theorem by replacing [ with f* and
taking the different definitions of D,,, D,, and 2, into account.

O

E Proofs of Section [7]

In the following section, we provide the proof of Section [7]

Proof of Proposition[7.1, We consider the cases A = 0 and A > 0 separately.
Case )\ = 0: Define the optimal reward gap in every state s € S by

A*(s) = Q" (s,a™(s)) — ;nzu(( : Q*(s,a) >0,

where a*(s) denotes the best possible action in state s and Q* : S x A — R denotes the optimal Q-function
defined by Q*(s,a) = EZ Yoo ptr(Se, Ap)|Ag = a]. W.Lo.g. we assume that a*(s) is unique. Similarly let
Q™ (s,a) = Efv 3220 p~'7(St, Ar)|Ao = a] be the Q-function for policy .

For any 0 < o < 1 choose r = minges p(s) minges A*(s)(1—a) and assume that w € B}, i.e. V*(u)—V™ (u) <
r. Then, we have for every s € S that

r
V* 59 *Vﬂ—w 63 S . .
(6) 6 S o)

It follows for every s € S that

r

——— > V*(0s) — V™ (s
minocs 1(5) (95) (95)

=Q"(s,a"(s)) — Z Tw(als)Q™ (s, a)

a€As
> 3 muals) (@ (s, a"(5)) - Q*(s.0))
a€A,
= D mulals) (@ (s,a"(s)) = Q"(s,a))
aFa*(s)

Y

(1 — mp(a*(s)]s) msin A*(s).

Rearranging results in
r
T (a®(s)]s) > 1 — — . = a.
(@ (®)ls) minges p(s) minges A*(s)

Hence, for all w € B we can bound c¢(w) by

di
1

(0%

m(l—p)‘

—1
‘ > 0.

c(w) >

o0

o
di
o

-1
proves the claim.
oo

Thus, setting ¢ = $‘
& ¢ Vsla—n)
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Aming pu(s)

Case )\ > 0: For any « € (0,1) choose r = a? exp ((1 p))\) oo~ and assume that w € By,

et al.| (2023, Lem. 12) we have

(Vi VT””( ))In2
- <
[ (als) =7 (als) _\/ )\mlns

27‘1n2
)\mlns
= aexp ()\
< amin*(als).

s,a

where the last inequality is due to |Nachum et al.| (2017, Thm. 1). It follows directly that

min m,(s,a) > (1 — o) min7*(s,a) > 0.

Hence, we can bound c(w) uniformly for all w € B\ by

2\ ar -
c(w) Z m Hlsln/,L(S)(l — a)2 r‘rsl’ianﬂ'*(a|$)2H17 LO .
o =1
Thus, setting ¢ = % ming p(s)(1 — a)? ming 4 W*(a\s)z’ dﬁ ‘ proves the claim.

Remark E.1. Tt is noteworthy, that we have multiple choices of r and ¢ depending on « € (0, 1).
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