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Abstract

The growing prevalence of nonsmooth optimization problems in machine learning has spurred
significant interest in generalized smoothness assumptions. Among these, the (Lg, L1 )-smoothness
assumption has emerged as one of the most prominent. While proximal methods are well-suited
and effective for nonsmooth problems in deterministic settings, their stochastic counterparts remain
underexplored. This work focuses on the stochastic proximal point method (SPPM), valued for
its stability and minimal hyperparameter tuning—advantages often missing in stochastic gradient
descent (SGD). We propose a novel ¢-smoothness framework and provide a comprehensive analysis
of SPPM without relying on traditional smoothness assumptions. Our results are highly general,
encompassing existing findings as special cases. Furthermore, we examine SPPM under the widely
adopted expected similarity assumption, thereby extending its applicability to a broader range of
scenarios. Our theoretical contributions are illustrated and validated by practical experiments.

1. Introduction

We study the stochastic optimization problem

min { f(z) := Eep [fe(2)] }, (1
z€R4
where { ~ D is arandom variable, f¢ is the loss on sample &, and f is the generalization error. While
V fe(x) is accessible, V f(x) is not. Such problems underpin supervised learning [8, 75, 76].
A special case is the finite-sum problem

e {f(w) = ;;,ﬁ»(x)}, @

arising in empirical risk minimization [1, 27, 28, 73].

Many ML and DL problems are nonsmooth, where gradients are not Lipschitz or even undefined
[31, 40, 90]. Nonsmooth convex settings often capture DL complexity [48], motivating adaptive
algorithms such as AdaGrad, Adam, and Prodigy [25, 50, 62], which remain highly effective
in practice. In contrast, smoothness-based methods with strong theory often fail on DL tasks
[17, 21, 32, 67], prompting refinements of smoothness assumptions [31, 83].

An early extension is the (Lo, L1 )-smoothness condition, bounding the Hessian by the gradient
norm [11, 89, 90]. More general approaches bound the Hessian via polynomial or arbitrary functions
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of the gradient [56, 82]. While SGD variants are well studied [26, 39, 85, 91], stochastic proximal
point methods (SPPM) remain less explored. The prox operator of f is

prox(z) := arggin{f(z)—i—%“z—xﬂz}, 3)
zeR?

[4]. Proximal methods [12, 66] allow larger stepsizes and are robust to stepsize choice. SPPM enjoys
stability and convergence guarantees [2, 3, 46, 68, 70].

Another perspective is the similarity assumption [74], capturing gradient homogeneity across
data [30, 77]. Various formulations have been analyzed for proximal methods, showing both practical
and theoretical relevance [29, 36, 72, 78]. Similarity also plays a key role in distributed and federated
learning [43, 45, 53].

In practice, prox computations are often inexact, approximated by iterative subroutines. Ef-
fectiveness is ensured via criteria such as relative/absolute error thresholds [46, 54], gradient-norm
reduction [71], or other guarantees [7, 34, 53]. These maintain convergence while balancing cost and
accuracy.

2. Preliminaries

We introduce the main assumptions used in our analysis. Throughout, each stochastic function f¢ is
convex and differentiable (avoiding subdifferential notation, see Sadiev et al. [72]).

Assumption 1 (Differentiability) The function f : R? — R is differentiable for D-almost every
&

This implies V f(x) = E¢[V fe(x)], so f is differentiable.
Assumption 2 (Convexity) Each f¢ is convex:
fe(w) = fe(y) + (Ve(y),x —y)  Va,y.
Assumption 3 (Strong convexity of f) The function f is p-strongly convex:
fla) 2 fly) +(Vf(y).x —y) + 5l -yl

Assumption 4 (Interpolation regime) There exists x, such that V f¢(x.) = 0 for D-almost every
£ [59, 84].

We next state several smoothness assumptions.
Assumption 5 (L-smoothness) Each f¢ is L-smooth:
IV fe(x) = Vie(y)ll < Lllz =y

Assumption 6 (Symmetric (Lo, L1)-smoothness ) Each f¢ satisfies

IV fe(@) = Vel < (Lo + Ly sup [V fe(w)]) |z —yll.

u€lz,y]
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Algorithm 1 Stochastic Proximal Point Method (SPPM)
1: Parameters: stepsize v > 0, starting point zg
2: fort=0,1,...,7 —1do
3:  Sample & ~ D
40 Tpgr = argming{ fe, (2) + %Hz — zx||?}
5: end for

Assumption 7 (o-symmetric generalized smoothness) Each f¢ satisfies

IVfe(@) = VIl < (Lo+ Ly sup [V fe(w)|*) ]z —yl,

u€lz,y]
with oo € [0,1] [11].
When o = 0 this reduces to L-smoothness, and o = 1 recovers (L, L1 )-smoothness.

Assumption 8 (Star Similarity) There exist x, and 0, > 0 such that
E¢[IIV fe(x) = Vf(2) = Vfelw)|?] < 6l — .

Assumption 9 (Inexact Proximal Condition) At iteration k, the subroutine M after T steps pro-
duces I, with
IV < Fellor — 2 |1,

where z = arg ming{ fe, (z) + %Hx — z||?}.
2.1. The Stochastic Proximal Point Method
For differentiable f, the prox operator satisfies
y =prox,s(z) & y+Vf(y) ==

Thus SPPM performs stochastic prox updates, equivalent for differentiable f, to

Tpr1 = o — YV fe(Tppr).

Unlike SGD, the gradient is evaluated at the new iterate xj1, making SPPM an implicit method.

3. ¢o-Smoothness: A New Generalized Assumption

Analyses of gradient-type methods often assume L-smoothness, but in practice rely on a weaker
path-wise smoothness condition that holds only along iterates:

IV fe(zrs1) = Ve(@r)|| < Lpanl|zr+1 — x| “)

This is harder to verify directly, as it depends on the algorithm’s trajectory. To overcome this,
we introduce a more general condition, ¢-smoothness, which recovers path-wise smoothness as a
consequence.
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Algorithm 2 SPPM-inexact
1: Input: stepsize v > 0, start zg
2: fort=0,1,..., 7 —1do
3 Sample &, ~ D
4 Iy ~ argmin,{fe, (2) +%||z—xk|]2}
5
6

Tpp1 = o — YV fe, (T1)
: end for

Assumption 10 (¢-smoothness) For D-almost every &, f : R? — R satisfies

IVfe(x) = Vil < ¢z =yl V@)D llx =yl

where ¢ is nonnegative and nondecreasing in both arguments.
This extends [-smoothness [56, 82], which applies to twice differentiable functions.
Lemma 11 Under Assumption 10, for D-a.e. &,
—y|l,IIV
fe(@) < fe(y) + (Ve(y), o — y) + DTN 7y 2,
Lemma 12 If f¢ is (Lo, L1)-smooth, then it is ¢-smooth with

o(llz —yll, IV fe)l) = (Lo + L[|V fe()]) exp(La [z — yl)).-

Lemma 13 If f¢ is a-symmetric smooth, then it is ¢-smooth with

oIl — yll IV Fe)) = Ko + KiIVfe(w)|* + Kol — ]| T

where Ky, K1, Ko depend on (Lg, L1, ) as in the original definition.

4. Convergence Results under ¢-Smoothness

Our analysis relies on bounding ||zg+1 — 2k
pansiveness.

, using convexity, interpolation, and prox nonex-

Lemma 14 Under Assumptions 2, 4, ||zp11 — x1||? < ||wo — x4 ||? for all k > 0.

Lemma 15 Under Assumptions 1, 2, 10, SPPM iterates satisfy

1
d(llzo—z+ |, 5 llzo—a« )

fe(@k) = fe (T41) < <$ + i ) e — zpg ||

Theorem 16 Under Assumptions 1, 2, 4, 10, for any v > 0,

([0 — x|, %HSEO — ) + % ”
2% o — Fx

2.

E[f(2x)] = f(zs) <

If additionally f is p-strongly convex, then

k
Ell|lzp — 2|’ 1 < [ 1= K zo — T4 ||
il -I] ( 240(llzo .5 w0~ ) : -l
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Figure 1: Convergence behavior of SPPM-inexact with different inner iterations in strongly convex
and convex settings.

Finally, for inexact prox computations:

Theorem 17 Under the above assumptions and Assumption 9, if 7%2 < ¢ < 1, then SPPM-inexact

satisfies
Ollzo — @ll, 3 llwo — zall) + 2
E A _ . Y Y — T, 2.
£ (0] - £(2) e o — |
If f is p-strongly convex, then
k
Efllze - 2] < {1~ Cy o — .1

24 6(lwo—l,5 llzo—z-)

S. Experiments

In this section, we present numerical experiments conducted for the optimization problem in the finite-
sum form (6), where the functions f; take the specific form f;(x) = a;||z||**, with s € N'\ {1} and
a; € RT foralli = 1,...,n. Each function f; is (Lo, L1)-smooth, with Ly = 2s and L1 = 2s — 1,
and is convex.

The first experiment investigates the effect of varying the maximum number of iterations for the
inner solver, without enforcing a stopping condition based on the gradient norm. The purpose of
this analysis is to demonstrate that if the inner solver fails to achieve sufficient accuracy in solving
the proximal step, the method may either diverge or exhibit slower convergence. We conduct two
variations of this experiment.

Additional experiments are provided in Appendix E.

6. Conclusion

We analyze SPPM methods under assumptions beyond Lipschitz smoothness. A generalized ¢-
assumption unifies many cases, yielding convergence guarantees for strongly convex and general
interpolation regimes. We also study convergence under expected similarity in strongly convex
settings. Our results advance understanding of stochastic methods beyond smoothness, and extending
SPPM to general convex regimes with expected similarity remains future work.
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Appendix A. Extended Introduction

In this paper, we address the stochastic optimization problem of minimizing the expected function

min {f(x) := Bewp [fe(2)] }, 5)
z€RC
where £ ~ D is arandom variable drawn from the distribution D, and E[-| represents the mathematical
expectation. Here, x represents a machine learning (ML) model with d parameters, D denotes the
distribution of labeled examples, { ~ D are the samples, f¢ represents the loss associated with a
single sample &, and f corresponds to the generalization error. In this setting, while an unbiased
estimator of the gradient V f¢(x) can be computed, the gradient V f(x) itself is not directly accessible.
Such problems form the backbone of supervised learning theory [8, 75, 76].
A particular case of interest is the finite-sum optimization problem, where f is the average of a
large number of functions [1, 73]:

min {f(x) = % Z fi(x)} : (6)

This problem frequently arises when training supervised ML models using empirical risk minimiza-
tion [27, 28]. It is an instance of (5) with D the uniform distribution over the finite set {1,...,n}.

Optimization problems in ML and Deep Learning (DL) are frequently nonsmooth, meaning that
the gradient of the objective function does not necessarily satisfy the Lipschitz continuity condition,
or is even not well defined [31, 40]. For instance, even in relatively simple neural networks, the
gradient of the standard /-regression loss fails to satisfy Lipschitz continuity [90]. Moreover, the
convex but nonsmooth setting often provides an effective framework for capturing the complexities
of DL problems [48]. Many widely used and empirically successful adaptive optimization algorithms,
such as AdaGrad [25], Adam [50], and Prodigy [62] have been specifically designed for this setting,
demonstrating their practical effectiveness across various DL applications.

In contrast, optimization methods that rely on smoothness assumptions and offer strong theoretical
guarantees frequently fall short in practical DL tasks [17]. For example, while variance-reduced
methods [32, 67] achieve superior convergence rates in theory, they are often outperformed by simpler
methods in practice due to the challenges posed by the complex and highly nonconvex landscapes
of DL [21]. These challenges have motivated researchers to introduce more realistic smoothness
assumptions and develop corresponding theoretical guarantees within these refined frameworks
[31, 83].

One of the earliest extensions beyond the standard Lipschitz smoothness assumption is the
(Lo, L1)-smoothness condition, which was initially proposed for twice-differentiable functions
[90]. This assumption posits that the norm of the Hessian can be bounded linearly by the norm of
the gradient. Later, this assumption was generalized to encompass a broader class of differentiable
functions [11, 89].

Stochastic Gradient Descent (SGD) methods have been extensively analyzed in both convex and
nonconvex settings, with significant attention also given to adaptive variants and other modifications
[26, 39, 85, 91]. A natural extension of the (Lg, L1)-smoothness assumption involves bounding the
Hessian norm with a polynomial dependence on the gradient norm, offering a more flexible and
generalized formulation. A further and even more general approach to smoothness involves the use
of an arbitrary nondecreasing continuous function to bound the Hessian norm [56]. This generalized
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setting not only encompasses the previously discussed assumptions but also provides a broader and
more adaptable framework applicable to a wide range of functions [82].

While SGD methods have been extensively studied in the context of generalized smoothness,
stochastic proximal point methods (SPPM) remain relatively underexplored. SPPM can serve as
an effective alternative when stochastic proximity operators are computationally feasible [2, 3, 46].
We recall that the proximity operator (prox) of a function f : R? — R U {400} is

prox ¢ () def argmin{f(z) + ;Hz—ww} (7)
z€R4

[4]. Proximal methods, which leverage proxs of functions [12, 66], are known for their robustness
and resilience to the choice of stepsize, often allowing for the use of larger stepsizes compared to
standard gradient-based methods. Ryu and Boyd [70] provide convergence rate guarantees for SPPM
and emphasize its stability with respect to inaccuracies in learning rate selection; a property not
typically observed in SGD. Asi and Duchi [2] investigate a more general framework, AProx, which
encompasses SPPM as a special case. They establish both stability and convergence rate results for
AProx under convexity assumptions. Moreover, SPPM has been shown to achieve convergence rates
comparable to those of SGD across a variety of algorithmic settings [68].

Alternatively, instead of relying on the smoothness assumption and its generalizations, we can
consider the similarity assumption [74]. It reflects the idea that there is a certain level of similarity
or homogeneity among the gradients, which is particularly relevant in ML, where these gradients
capture the characteristics of the underlying data [30, 77]. Recognizing this natural property, several
recent works have explored various formulations and generalizations of the similarity assumption
[36, 72, 78]. In particular, multiple studies have analyzed stochastic proximal methods under different
similarity conditions, demonstrating their practical relevance and theoretical significance [29, 72].
Moreover, the concept of similarity offers a more refined perspective on the behavior of optimization
algorithms in distributed and federated learning settings [43, 45, 53].

To make the considered methods practical, the computation of a prox often involves an inexact
approach, where it is approximated by several iterations of a subroutine designed to solve the
corresponding auxiliary problem. This technique has been extensively studied in the literature,
with various criteria established to ensure the effectiveness of the approximation [7, 34, 53]. These
criteria typically include conditions such as relative and absolute error thresholds [46, 54], as well as
guarantees on the reduction of the gradient norm [71]. Meeting these criteria is crucial to maintaining
the overall convergence properties and efficiency of the optimization algorithm while balancing
computational cost and accuracy.

Our contributions are the following.

* New generalized smoothness assumption, called ¢-smoothness. We investigate the most
general conditions required for the convergence of SPPM and introduce the novel notion of ¢-
smoothness (Section 3). Under this assumption, we establish rigorous convergence guarantees
and explore various special cases, highlighting the specific effects and implications of the
proposed framework.

* Convergence under ¢-smoothness. We conduct a comprehensive analysis of SPPM when the
prox is computed inexactly under the newly introduced ¢-smoothness assumption (Section 4).
Specifically, we derive conditions on the number of subroutine steps required to solve the
auxiliary problem, ensuring that the overall iteration complexity remains the same as in the

14



REVISITING STOCHASTIC PROXIMAL POINT METHODS

case of exact proximal evaluations. Our results provide practical guidelines for balancing com-
putational efficiency and theoretical guarantees. Our convergence analysis covers both strongly
convex and general convex settings, and we precisely characterize the convergence rates,
offering insights into the tradeoffs between problem complexity and algorithmic performance.

* Convergence under expected similarity. We further extend our theoretical contributions
to settings with the expected similarity assumption (Appendix C), which captures practical
scenarios where the different functions share a certain degree of similarity in expectation.
Under this assumption, we derive specific convergence results, offering valuable theoretical
insights.

* Experiments. To support our theoretical findings, we conduct a series of carefully designed
experiments that empirically validate our predictions and provide deeper insights into the
practical performance of the proposed methods (Appendix D).

Appendix B. Related work

Stochastic Gradient Descent (SGD) [69] is a fundamental and widely used optimization algorithm for
training machine learning models. Due to its efficiency and scalability, it has become the backbone
of modern deep learning, with state-of-the-art training methods relying on various adaptations
of SGD [75, 87, 92]. Over the years, the algorithm has been extensively studied, leading to a
deeper understanding of its convergence properties, robustness, and efficiency in different settings
[8, 23, 33, 47]. This ongoing theoretical research continues to refine SGD and its variants, ensuring
their effectiveness in large-scale and complex learning tasks [10, 64, 88]. Notably, methods designed
to leverage the smoothness of the objective often struggle in Deep Learning, where optimization
problems are inherently non-smooth. For instance, while variance-reduced methods [9, 22, 44, 61,
65, 73] theoretically offer faster convergence for finite sums of smooth functions, they are often
outperformed in practice by standard, non-variance-reduced methods [21]. These challenges highlight
the need to explore alternative assumptions that go beyond the standard smoothness assumption.

One of the most commonly used generalized smoothness assumptions is (Lg, L1 )-smoothness
[90]. Several studies have analyzed SGD methods under this condition in the convex setting
[31, 51, 56, 58, 80, 83]. The analysis of SGD in the non-convex case was first discussed in [90] and
later extended to momentum-based methods in [89].

Similar results have been established for various optimization methods, including Normalized
GD [11, 38, 91], SignGD [17], AdaGrad-Norm/AdaGrad [26, 85], Adam [86], and Normalized GD
with Momentum [39]. Additionally, methods specifically designed for distributed optimization have
been analyzed under generalized smoothness conditions [18, 24, 49].

Stochastic proximal point methods [5] have been extensively studied across different settings
due to their versatility and strong theoretical properties. This framework can encompass various
optimization algorithms, making it a unifying approach for analyzing and designing new methods.
One of its key advantages is enhanced stability, which helps mitigate the challenges of variance in
stochastic optimization. Additionally, it is particularly well-suited for non-smooth problems, where
traditional smoothness-based methods may struggle. [6, 19, 81] These properties make stochastic
proximal point methods a valuable tool in both theoretical analysis and practical applications
[14, 15, 20].
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Stochastic proximal methods have become increasingly important in Federated Learning due
to their ability to handle decentralized optimization problems efficiently [52]. Some researchers
propose replacing the standard local update steps with the proximity operator, which provides a more
robust framework for understanding the behavior of local methods and can lead to faster convergence
rates by improving the optimization process [35, 41, 55, 57, 79]. On the other hand, other studies
focus on interpreting the aggregation step as a proximity operator, which allows for a more efficient
combination of local updates [13, 16, 37, 42, 60, 63].

Appendix C. Convergence Results under Expected Similarity

In this section, we discuss the convergence results under expected similarity (Assumption 8) without
assuming that all stochastic gradients vanish at the solution. The main concept of the proof is to
introduce the average iterate:

Tpg1 = Elzg [ Fil,

where we denote by JFj, the o-algebra generated by the randomness (e.g., stochastic gradients or
iterates) up to iteration k. This approach enables us to derive the complexity of the algorithm. Since
we utilize the expected similarity assumption, we do not require any form of smoothness.

In this setting, convergence is impacted by the variance, defined as follows:

Assumption 18 (Bounded Variance at Optimum) Let x, denote any minimizer of f, supposed to
exist. The variance of the stochastic gradients at x, is bounded as:

Eep[[[V fe(a)|?] < of.

Remark 19 The interpolation regime, where stochastic gradients vanish at the solution, is a special
case of the general setting with 2 = 0. Detailed convergence results for this regime are provided in
Appendix J.

First, we present the convergence result for the exact formulation of SPPM.

Theorem 20 Let Assumptions 1 (Differentiability), 2 (Convexity), 3 (Strong convexity of f), 8 (Star
Similarity), and 18 hold. If the stepsize satisfies v < ﬁ, then SPPM satisfies, for every k > 0,

k

1 2

JE[ka—x*Hﬂ <(1- ;min (ﬂ,l) |20 — 4]|* + 4max | —,1 ) v?02.
2 2 YH

The result shows linear convergence to a neighborhood of the solution, with the neighborhood size
proportional to the variance o from Assumption 18, and depends on the stepsize . Using a decaying
stepsize schedule leads to sublinear convergence to the exact solution.

We now present the convergence guarantee for the inexact variant of SPPM.

Theorem 21 Let Assumptions 1 (Differentiability), 2 (Convexity), 8 (Star Similarity), and 18

(Bounded Variance) hold. Consider SPPM-inexact with Assumption 9 satisfied. If the stepsize

pd—c)
152
constant, then SPPM-inexact satisfies, for every k > 0,

k 2 2
1 2 1 4
Bl e < (1 goin (o1 -e) ) o (210 ) 7275

2
satisfies v < and T is chosen sufficiently large such that s < ¢, where 0 < ¢ < lisa
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The result guarantees convergence to a neighborhood of the solution, with a neighborhood size
strictly larger than in the exact case due to the approximation error c. Specifically, the radius of this
neighborhood increases by a factor of at least ﬁ Additionally, the contraction factor becomes worse
(closer to 1), and the allowable stepsize is reduced by a factor of (1 — ¢). Hence, the convergence
speed is slower compared to the exact case, but convergence remains guaranteed as long as the
approximation error is controlled.

Appendix D. Experiments

In this section, we present numerical experiments conducted for the optimization problem in the finite-
sum form (6), where the functions f; take the specific form f;(z) = a;||z||?*, with s € N\ {1} and
a; € R* foralli = 1,...,n. Bach function f; is (Lg, L1)-smooth, with Ly = 2s and L1 = 2s — 1,
and is convex.

Additional experiments exploring the impact of stepsizes and dependence on the initial point are
provided in Appendix E.

Here, we present two main experiments. The first experiment (originally Experiment 3) investi-
gates the effect of varying the maximum number of iterations for the inner solver, without enforcing
a stopping condition based on the gradient norm. The purpose of this analysis is to demonstrate that
if the inner solver fails to achieve sufficient accuracy in solving the proximal step, the method may
either diverge or exhibit slower convergence. We conduct two variations of this experiment.

In the first variation, we consider functions with different values of s, ranging from 2 to 20, and
run the algorithm with varying maximum iteration limits for the inner solver: T' = 5, 20, 50, 100, 500.
The number of functions is set to n = 100, and the dimension is d = 5. For the second variation,
we modify the original problem to ensure strong convexity of f, enabling us to verify that the
convergence rate becomes linear in this setting. The modified problem (6) is defined as follows:
fi(z) = ai||z||** + X e;, x)?, where a; € RT foralli = 1,...,n, A\ € RT, and e; is a unit vector with
its i-th coordinate equal to one. In this case, each function f; is (Lg, L1)-smooth, with Ly = 2s + 2\
and Ly = 2s — 1, and convex. Furthermore, f is %—strongly convex. We setn = d = 100, A = 2,
and s = 2, and conduct experiments with inner solver iteration limits of 1,10, 15, 100, 200.

As shown in Figure 1, if the number of iterations of the subroutine is sufficiently small, the method
may either diverge or exhibit significantly slower convergence. Once the number of inner iterations
reaches a sufficiently large value, the convergence improves. It is worth noting that increasing
the number of iterations beyond this point does not result in a significant further improvement in
convergence. These observations confirm our theoretical findings.

In the second experiment, we analyze the performance of SPPM-inexact and compare it with
stochastic gradient descent (SGD) using constant stepsizes. Each function in this experiment has

2o
the form f;(x) = a;|z| 1*7“: each of which is individually o;-smooth, as shown by Chen et al. [11].
It is straightforward to verify that each f; is also 1 > 8 > «a; > 0-symmetric smooth, implying
all functions are @ = max;—1 N a;-symmetric smooth. We set N = 1000, with coefficients a;
uniformly distributed in the range [10, 1000).

We run both SPPM-inexact and SGD with three constant stepsizes: v € {1073,5 x 10~7,1078}.
Figure 2 illustrates that for smaller stepsizes (y = 5 x 1077, 107%), both methods exhibit slow
convergence, stagnating at suboptimal solutions within the number of iterations considered. However,
for the larger stepsize (y = 10~2), SPPM-inexact converges consistently to the optimal solution,
whereas SGD diverges.
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Figure 3: Convergence behavior of SPPM-inexact with different stepsizes.

This experiment highlights an advantage of SPPM-inexact: its capability to utilize relatively
larger constant stepsizes effectively, resulting in faster and stable convergence. On the other hand,
constant stepsize SGD may require smaller stepsizes or careful tuning to achieve convergence. Hence,
while the considered optimization scenario is not inherently challenging, it clearly demonstrates the
practical benefits of the flexibility in step-size selection provided by SPPM-inexact.

Appendix E. Additional Experiments

In this appendix, we present additional experiments originally conducted to analyze the behavior of
SPPM-inexact under various conditions.

E.1. Impact of Different Stepsizes

This experiment investigates the impact of different stepsizes on the convergence of the proposed
method. Specifically, we aim to demonstrate that the method converges for any positive stepsize,
provided an appropriately chosen tolerance for the inner solver is used, and that larger stepsizes
lead to faster convergence rates. To validate this, we analyze three different values of s, namely
s = 2,3, 4. For each case, five different stepsizes are tested: v = 0.1, 1, 10, 100, 1000. The number
of functions is set to n = 1000, the dimension to d = 100, and an inexact solver is employed with a
stopping criterion based on the squared norm of the gradient, with an accuracy threshold of 10~12:
[VW(2x)||* < 10712, As shown in Figure 3, the method converges for all chosen stepsizes. While
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Figure 4: Convergence behavior of SPPM-inexact with different starting points.

larger stepsizes accelerate convergence in terms of the number of iterations, they also increase the
computational cost per iteration. These observations confirm our theoretical findings.

E.2. Dependence on the Initial Point

This experiment investigates the dependence of convergence on the initial point. The objective is
to verify that the convergence of SPPM-inexact is independent of the initial point and to assess
the tightness of the theoretical analysis, i.e., whether the convergence rate depends on the distance
between the initial and optimal points. For this experiment, we analyze three different values
of s (s = 2,3,4) and, for each case, randomly select five different initial points with norms
||zo|| = 0.1,1, 10, 50, 100, while keeping all other parameters unchanged. As shown in Figure 4,
the convergence rates are nearly identical across all cases, suggesting that the upper bound ||z —
Tra1? < ||xo — 24]|? provided in Lemma 14 may be overly restrictive for certain problems. Further
investigation of this effect is a promising direction for future research.

It is worth noting that increasing the parameter s, which influences the problem formulation,
makes the problem more challenging to solve. This is because the parameters Ly and L increase as
s grows. This observation aligns with our theoretical understanding.
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Appendix F. Notations

Table 1: Summary of the main notations used in the paper.

Symbol Description

Ty optimal solution that minimizes f(x)

o initial point

Tk k-th iterate of SPPM

o stepsize of SPPM

o(-,-) smoothness function.

Dy, (x,y) | Bregman divergence of f; between = and y, see (8)

Fi o-algebra generated by xg, ..., Tk

Tk uniformly chosen iterate from the set {xo, x1,...,Tx_1}
x,‘f exact solution to the proximal subproblem, see (??)

T number of inner iterations for inexact computation of the prox
o2 upper bound on the variance of the stochastic gradients
7 strong convexity parameter of the function f

Ox Star Similarity constant
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Appendix G. Fundamental Lemmas

We define the Bregman divergence of a function g as
Dy(z,y) = g(z) — g(y) = (Vo(y),x —y) Y,y e R™ ®)

Lemma 22 Let Assumptions 1, 2 and 4 hold. Then for any stepsize v > 0, the iterates of SPPM
satisfy, for every k > 0,

(@h41 — Tu, Tk — Tpp1) = V(fe (@h41) — S (24)) 2 0. €))
Proof Since
n (fa )+ 5l - aul?)
Tp4+1 = arg min —l|ly —=x ,
k+1 gyeRd & \Y 2y Y k
the first-order optimality condition implies that:
1
Vfgk (karl) + §($k+1 — :Ck) = 0. (10)
Since f, is differentiable and convex, we obtain the following inequality:
e (z+) > e (Tht1) + <vf€k (Tht1)s T — Thot1)
(10) 1
= fe (@h1) + ;@k — Tht 1, Tx — Tht1)-
Rearranging this expression yields the first inequality in (9). Furthermore, we also have:
z€ER?

which follows from Assumption 4. |

G.1. Proof of Lemma 11
fe(@) = fely) = /Ol(st(y +tx—y)),x—y)d
= /01<Vf5(y +tx—y) = Vi), z —y)dt + (Vfe(y), = —y).
Moving (V f¢(y), x — y) to the left-hand side and using Cauchy—Schwarz inequality, we get:
Dy (z,y) = /01<Vfg(y +tx—y)) = Vie(y),z —y)dt

1
< / IV fely + t(z — 4)) — Vel |z — vl dt
0

Using ¢-smoothness of f, and that ¢ is nondecreasing on both variables, we get:

1
Dy (x,y) < /0 (@(the = yll, 1V fem) Dtz -yl dt

1
< / (@l = yll, IV fe) Dt — y]* dt
0
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G.2. Proof of Lemma 12

From Proposition 3.2 (Point 2) in Chen et al. [11], the function fe: R? — R is symmetrically
(Lo, L1)-smooth if and only if for all z,y € R,

IV fe(x) = Vel < (Lo + Lal[V fe()]) exp (Lallz — yl) [l = yll.
Hence, defining

¢ (lz =yl IVfe@)l) := (Lo + Lal|V fe(y)]) exp (Lalz — ) ,

we obtain

IV fe(x) = Vel < oz =yl IV )] 1z =y,

which confirms that f¢ is ¢-smooth according to Assumption 10.

G.3. Proof of Lemma 13

From Proposition 3.2 (Point 1) in Chen et al. [11], the function f¢: R? — R is said to satisfy the
a-symmetric generalized-smoothness condition if and only if for all z, y € RY,

IV fe(@) = View)ll < 1w = yll (Ko + KV fe(w) | + Kallz — 77 )
where the constants K, K1, K5 are defined as:
o2
Ky:= Lo (210‘ + 1) ,
a2
K1 = L1 < 2T-a . 3017
- a? o
Ky :=L{ " 2T .3%1—a)T-a.
Hence, defining

¢ (lz =yl IVFeW)) := Ko + K[V e )|* + Kallw — y| ™=

we obtain
IV fe(z) = Vel < o (lz =yl VeI [z — yll,

which confirms that f¢ is ¢-smooth in the sense of Assumption 10.
G.4. Proof of Lemma 14
Let k > 0. Since zj41 = arg min,cpa (ffk (y) + %Hy - xk||2>, we have:
1 2 1 2
feo (@pp1) + g”ﬂﬂk — Tpp]|” < fe(as) + %ka — xll7,
Rearranging the terms, we obtain:
2k = zpral? < llow = 2l® = 29 (feo (r41) — feu(20)) -
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Since fe, (xp11) — fe, (x4) > 0, it follows that:
k= @ |l® < llow — 2.
On the other hand, due to the nonexpansiveness of the proximal operator, we know that:
|2k — 2| < ||zhe1 — x> forany k > 1.
By applying this recursively, we obtain:
= za]|* < Jlwo — 4.

Combining the above inequalities, we arrive at the desired result.

G.5. Proof of Lemma 15

Let £ > 0. Applying (11) to the iterates, we obtain:

S(llzk — @t ll, IV (@r4)l])
2

fe(@r) < fe (xr41) +(V fe (Th41), T — Thy1) + ek — zrpa |
Using (??) we obtain:

¢ <||9Uk — Zpt1, %Hfﬂk - $k+1||>
2

1
feo(xr) < fe,(Trt1) + ;ka — |+ [T [

Finally, applying (14) and rearranging terms, we obtain:

1 ¢ (leo — |, 2|z — x*”)

Jer (k) — fep (Tpy1) < S + 5 o — 2 ||
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Appendix H. Proof of Theorems 16 and 17
H.1. Proof of Theorem 16

For convenience, we restate Theorem 16 here:

Theorem 23 Let Assumptions 1 (Differentiability), 2 (Convexity), 4 (Interpolation) and 10 (¢-
smoothness) hold. Then for any stepsize v > 0 we have, for every k > 0,

) ¢z — @, 220 — ) + 2
E[f(2k)] = f(x.) < o Hlwo — 2, (12)
where ¥ is a vector chosen from the set of iterates x, . . . , Tx_1 uniformly at random.
If additionally Assumption 3 holds, then for any stepsize v > 0 and k € NT, we have:
k
H 2
Efflor — 2] < (1 - lzo — 2., (13)
2+ ¢(llwo — 4], 5 w0 — )
Proof We have:
[2kr1 = a)|? = [log — 22 — (21 — 241) |
= llon — 2al® = 2{xp — 2o, 2p — 2p41) + 2k — 2ppa |
= [log — @l = 2(@k — Tiog1 + Vo1 — Tu, T — Tpop1) + [Tk — o1 |
= |k — 2]® = 2(@hs1 — Tu, T — Tpt1) — 2 — TR |- (14)

Using (9) and Lemma 15, we obtain:

1
N ¢ (llwo—a]l, % w0~

lzkp1—aal® < llon—ul =29 (fe, (2r11) — e (24)) —

) (fﬁk (xk)*féhk (Tr+1))-

1
v 2
. 1 ..
Since 2y > l+¢(ux07x*”’%umoﬁ*H) , we obtain:
v 2
2 2 1
ka1 — 2o < g — @a])* = ; (fe, (xr) = fei. ()
y . 9(lwo—all, 2 mo—au))
=+
¥ 2
Let F}, denote the o-algebra generated by the collection of random variables (x, . . ., zx). Taking

the expectation conditioned on Fj, we have:

1

¢ (llwo—a+ll, % lwo—z.))
_|_ 2l
2

Elllzpr — zoll® | Fo] < flog — 2® ~

(f(zk) — flz). (15)

2|~

Taking full expectation, we get:

1

6 (llwo—a+ll,% w0~
+ 2l
2

Ellzkr1 = wal®] < Elllzg — 2] -

) (Ef (zr)] = ().

2|~
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By summing up the inequalities telescopically for ¢ = 0, ..., k, we obtain:
: 1 6 (lwo = @l Lz — a.)) ) )
Y Elf(z)] — fla) < S+ 5 (o — 2l = Elllzrsr — z[17)
t=0
1
1 6 (o = zull, Llleo - 1))
<[+ E lzo — 4%,
vy 2
Notice that:

E[f(Zk+1)] = E[E[f (Zx+1) | Frl]

Thus, we have:

246 (Jlzo — ull, Llizo — .

2(k+ 1)

lzo — 2|,

Elf (Ze41)] = flze) <

If we assume 3, then in step (15), applying the strong convexity of f, we get:

o
246 (Jlzo — aull, Hllwo - .
v Ty

1

246 (Jlzo — wull, Llizo — .

Elllzrir — zall® | Fo] < o — a® ~ g, — .2

IN
—_
|

ek — ..

Taking full expectation, we obtain:

"
& (llzo = @, Lz - @)

Eff ey —a®] < | 1~ Efzx — ..

2

Applying this recursively, we get:
k+1
u
2 1
2+ 6 (lleo = ., 2llwo — .

lzo — @.]|*.

Efllzper — 2] < | 1

H.2. Proof of Theorem 17

For convenience, we restate Theorem 17 here:
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Theorem 24 Let Assumptions 1 (Differentiability), 2 (Convexity), 4 (Interpolation) and 10 (¢-
smoothness) hold. Consider SPPM-inexact with every inexact prox satisfying Assumption 9. If T

2
is chosen sufficiently large such that T < c¢ < 1, then, for any stepsize v > 0 the iterates of
SPPM-inexact satisfy, for every k > 0,

$llzo — wll, Sllwo — xs]]) + 2

Y o 2
2%k (1—c) o = 2.

E[f(2x)] = f(z.) <

If in addition Assumption 3 holds, then for any v > 0, the iterates of SPPM-inexact satisfy, for every

k>0, i
(1—c)u 2
E[Jax — a2 < (1- o — 2.
: } 2 6(llzo — @], Lllzo — 24

Proof We have:

|zri1 = 2l = [lzg — 2all? = 2zp01 = 2o g — Tp42) — [k — 2ppa|*.

Substituting x;41 = 2 — YV f¢, (Tx), we obtain:

|2kt = 2ll? = [log — 2all® = onpr — 2xl? = 20V fe (E1), 2hr1 — @)
= llek = wcll? = Nonpr = @ll® = 29V fe (81), 21 — &5 + &g — 22
= g — 2l® = a1 — 2xll® = 20(V fe, (@r), &1 — 24) = 29V fi (21), Thp1 — Ep).
Using the identity —2(a, b) = —|la + b||* + ||a||* + ||b||?, we rewrite the expression:
rsr = wll? = llow = 2l = llzrpr — 2xl)? = 29(V fi (21), &1 — )

— Nzrs1 + YV feo (Er) — &l + 1YV oo @) |12 + [[2rgr — &3]l

Noting that ||zj41 + 7V fe, (&) — 2k = ||z — 2xl|* and [|yV fe, (@) (> = zps1 — 2], we
simplify:

241 = all? = llew — 2ll? = 29(V fey (21), &1 — 2 — [l — @5l + oern — 25>
Using ||zg41 — 2k = |2k — vV fe, (8%) — 2l|? = || — YV k()| we derive:
2k — zall” = ok — 2all® = 29(V fe, (81), 21 — 22) — o — &> + V[ VOR(E) 7. (16)
By convexity of f¢, , we have:

feo () > fe, (@) + (Vfe, (88), T4 — ).

which implies:
<vf§k (ik)’i‘k - l‘*> 2 fﬁk (jk) - fﬁk (x*) (17)
Using (17) in (16), we get:

ks — 2l < ok — 2.2 — 29 e, () — e (2)) = Nz — 2l + 2V RG] (18)
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Since x,‘f is the minimizer of W (), we have:

1 1
v v 2 A A 2
fe (@) + gllwk — xg||” < fe (Br) + gllwk — xx[|%,
from which it follows that:
1 1
. T N 2 A 2
f&k(f’fk) = f&k(fﬁk )+ %H‘Tk —x|* — ZH% — g ||”.
Replacing it in (18), we obtain:

-
Z

1 = @ul® < llow = 2l = 29(fe (2)) = feo (@) = lax’ — anll® + ldn — 2ull* = llow — @ + 22V Vi (@)
=z = @l® = 29(fe (@x) = feo(2:)) = Nl — 2ell* + 2V (@) (19)

Using (2?), we get:

2 2 U o 2 7772”%_5”1\?"2
ks —@all? < flaw = 2all” = 29 e (a) = fe () = [l = a]]? + P
2
= i — 2l = 29(feo (@) — feo (22)) — (L = L)y, — 2} |I? (20)

TO:
From the proximal step, we have:
1 1
v )12 2
_ _ < . — |, —
)+ gl = 2P < fey ) + -l — )
Rearranging the terms, we get:
v v
e — @ 1* < llow — 2l = 29(fe (@k) — fe(2))
< H.’IJ* - l’k”Q,

and from the (20), we know that |25 1 —2||* < ||zp—2«
lzo — 2%, which means we can use (??) in (20):

2, 50 using recursion, we get ||z —z} |2 <

ol
1= |* < NJap =l =27 (fe, (23— feo (24)) = (feu(zr) = fe ()
L, 9(lleo=sll dwo—a. )
¥t 2
(2D
. -2 .
and since 27y > L= , We can write:
l+¢(Hzow*u,;uzrz*u)
2
_m?
o o
ka—&-l - -T*HQ < ||5L'k - x*HQ - L 1 (ffk(xk ) - fgk(l’*))
1, (lwo—aull. 2 zo—a.l))
i+
¥ 2
- y
- 1 (fe, (xr) — fer (1))
y , 9(lwo=aull2 flwo—a )
1+
¥ 2
2 — 7%2
= llzx — " - ; (fer (k) = fer (@) -
R e )
14
¥ 2
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Taking the expectation conditioned on F, we have:

-2
Ellznry — aul® | Fi] < llog — 2.l* - = (fzr) = fze))  (22)
R e )
y T 2
Now, by taking the full expectation, we get:
2 2 — 7%2
Elllzrsr — 2l < Efllze — 2.7] - . (E[f(zr)] = ()
1, #(lzo—all, 2 wo—a-)))
~ 2
By summing up the inequalities telescopically for ¢ = 0, .. ., k, we obtain:
0 - ¢ (llzo—a.l.2 zo—a. )
v 2
Y Elf(z)] - fla.) < 2 o (lzo — 24 ]|* = Elllzrs1 — 2%])
t=0 T Te
1 ¢(on—x*uj||xo—x*||)
< = 2 HxO - 33*“2
T T

Notice that:

Elf(Zk41)] = E[E[f (Zr11) | Fil] = E

Thus, we have:
246 (Jlzo — wull, Lllzo — .
20k +1) (1- 52

2+ (Jleo — 2], 2llzo — ]
= 2(k+1) (1 —c)

Elf (Ze41)] = flae) <

lzo — 2|,

If we assume 3, then in step (22), applying the strong convexity of f, we get:

2
w1 )

246 (Jlzo — ull, Hllzo - . )

2
H( _2—7&)
1—

246 (Jlwo = ., 2 lwo — .))

lzy, — a.”

Elllzkir — zoll* | Fo] < o —a® ~

IN

IN

g, — 2.

Taking the full expectation, we obtain:

2
1—

246 (lleo - @l w0 — 2.)

Ell 2k — 2] < Efl 2k — 2.
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Applying this recursively, we get:

2 k+1
(1 )
Elllap — =) < |1 ; . o — .||
246 (Jlzo — ull, Lllzo — .
k+1
1—-c¢
< 1— M( ) HHSO*MHQ-

2+ 6 (llzo = 2]l Lz — .
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Appendix I. Proof of Theorems 20 and 21

For convenience, we restate Theorem 20 here:

Theorem 25 Let Assumptions 1 (Differentiability), 2 (Convexity), 3(Strong convexity of f), 8 (Star
Similarity) and 18 (Bounded Variance at Optimum) hold. If the stepsize satisfies v < ﬁ, we have,
forevery k > 0,

Elflax — z.]%] < (1 — min (Vf ;))k lzo — .[|* + max (;; 2) 2% (23)
Proof Define
Tpg1 = Elrg1[Frl-
Then
2kt = 2ll? = llog — 2ul|® = 2(zp41 = 2o, 2 — 2p10) — [J2x — Thga |
<l = 2all? = 29(fe (wr11) = foo (2)) = g — zpaa |?
< ok — zall? = 29(fe, (Brg1) + (Vfee (Bra1)s Thg1 — Tpp1) — fe (@) — 2 — 2pp ||
Taking the expectation conditioned on JF}, and using the equality E[||x — ¢||?] = E[||z — E[z]||?] +
IE[z] — c||?, we get:
E [er41 — 2l *1Fk] < llox — 2ull® = 2B [fe, (Zh11) + (Ve (Trgr)s Trpr — Trpr) — fep ()| Fil
—E [lzr — @1 [|*|F]
= [lzg — zll® = 29 (f(@rs1) = F(@) + E(V feg (Thr1)s 1 — Trra)| Fi))
—E [k — T l*lan] — llox — Zega | 24)
Since E [(f(Zk+1), Th+1 — Tit1)|Fr] = 0, we can write:
E [[lzer1 — 2l | Fa] < low — 2all? = 29 (f (@1) — f(@2) + ELV e (Zh1), Trr1 — Trpa) | Fil)
—E [llogsr — Teeall? | F] = Nl — 2|2
= ok — zul)* = 29 (f(Zr11) — f ()
= 29E [(V /e, (k1) — VI (Zrt1) — Ve (@4), Tptr — Tit1) | Fie]
+ 29 (E (Ve (@), Trr — 2pr1) | Fil) = E [[lzrsr — Zen® | Fi] — lee — T |
Leta € (0,1). Then
E [[logsr — al? | Fa] < llzg — zall® = 29 (f(@41) = F(2))
- %E [(V(Vfe, (Trr1) = VI (@h41) = Vg (@4), alThr — Tpta)) | Tl

+ 2y (E[(Vfe (24), Zrr1 — Trg1) | Fil) — B [[@r41 — ZegaI® | Fi] — ok — T |-
Using strong convexity of f and the identity 2(c, b) = |lc + b[|* — ||c[|* — ||b
I

2 we obtain:

E [[|zrr1 — zl?] < llze — 2)l® — yl|Zrogr — 2417

- %E V(Y fe (@ra1) = VI (@r11) = Ve (@0)) + alzpin — Tpn) | | Fi

2
+ %E [V fe, (Zrg1) — VI (@rs1) = Ve, @))? | Fi] — (1= )E [[|aps1 — Zega | | Fie)
+ 27 (E[(V fe, (24), Tt — Tht1) | Frl) — llzk — T ||
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Using Assumption 8 and Young’s inequality, we get:

I

252
E [|lzks1 — z)?] < llow — 2l — yl|Zogr — za]® + %Hflﬁl — 2. |l” = (1 = Q)E [||wps1 — Zrga | | za]

2
gl _ _
+ B [IVfe @)I* | 24] + B [llzir = Zeall* [ 24] = 2 = o]l

By substituting s = 1 — @ and choosing a = % we get:

E [lorst = @l Fi] < law = 2all® = ypullznrs — 2l + 29202211 — 2l + 20°E [|V fe (@)1 | 2]

— N2k — Zra >

We require 27267 < %, which implies v < ;4. Therefore, we get:

Vi, _
E [#p1 — @ll” | Fi] < e — 2l — 7Hf€k+1 — . ||® = |2k — T |” + 29°E [|V fe (2 [I° | 2]

. (T - _
<l =l = min (22,1) (J7k41 = 2.l = llzw = Beal?) + 29°E [V fe, (@)1 | 2]

2
1
< (1 — min (fyf, 2>> ok — ]| + 29202

Taking the full expectation, we obtain:

) 1
Ellowss ~ 2.l < (1= min (2,3) ) Ellow - o]+ 2202

By applying the inequality recursively, we derive:

v 1\ \FH

llos - ol < (1-min (%.3)) " oo - o2
o1 0 Yol g 2 2
+ (1—m1n<4,2>) —|—---+<1—mm<4,2>> 2vy“o;,

<(1l-min{—,= |20 — 2 ||> + max [ —,2 ) 27202
42 T

For convenience, we restate Theorem 21 here:

Theorem 26 Let Assumptions I (Differentiability), 2 (Convexity), 8 (Star Similarity) and 18 (Bounded
Variance) hold. Consider SPPM-inexact with Assumption 9 satisfied. If the stepsize satisfies
y< B (41 6_26) and T is chosen sufficiently large such that T’Tij < ¢, where 0 < ¢ < 1 is a constant, then
SPPM-inexact satisfies, for every k > 0,
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1 k 9 1\ 4~2g2
E[ka_x*uz] < (1 B §min <'Y2N71_c)) H@’o —QZ*HQ-FHI&X <W71_C> 7O .

Proof To avoid repetition, we start from (28):

E [l|zri1 — zlPlan] < [lox — 2. — 29 (f (@rg1) = f (@) + E (Ve (Br1), 2 — Tpr)|an))
(1= PO [Ja - e lPhon] — (L= Ty — 3412
Ta K~ Thtt||” |7k 7ol :
Now since E [(f(Zk+1), 2} — Zr+1)|z] = 0, we can write:
E (|21 — 2l [ 2] < ok — 2:]? = 27 (f (@) — f (=)
— 29E [(V fe, (Frq1) = VI (Zps1) = Ve (), 2 — Tigr) | 21

2
+ 2y (B [(Vfe (@), i1 — o) | 2x]) = (1= Do)E [l — Zsal|? | ]

TOC
> 2
_ (1 — Ta> ka — jk—i—l” .
Leta € (0,1). Then

E [lorst = zal® [ 2] < low = 2al® = 29 (f(@r1) = f(2)

2 (B [(1( e (Prs1) — VI @ri1) — V fee o)), alol — 7as) | )

2
_ ny _
2y (B (Vi (@), Fuar — ) | 2a]) — (1= TOE ol — £ |? | 2]
2
- (1= ) o =

Using strong convexity of f and the identity 2{c, b) = ||c + b||*> — ||c||*> — ||b]|?, we obtain:

I?

E [laxss — o.ll? | 2] < llow — 2.2 = ypulz — .2

- é (B [NV fer (Trr1) = VF@rr1) = Ve (@) + alzy — Zesr) | | 2]
2
+ %E [V feo (Zrs1) = Vi (Zrs1) = Ve (@) | zi] + aB [[|og — Zpia||” | 2x]

2
+ 2y (E [(Vfeo (), a1 — ) | @]) = (1= TVE [ — 2p|1? | 2]

TOé
2
ny _
- (1= ) o =

Using Assumption 8 and Young’s inequality, we get:

252
12 — vl Zosr — 22 + ’YTL*H@H — 2.]]> + aE [”ng — Ty | | k]

E [[|ape1 — 2ol” | 21] < [lzg — @
72 2 U2
+ ?E IV fe(@)|I? | zk] + SE [|Zpg1 — x| | 2]

2 2
Zal . m T
- (l - Ta> E (|2} — Zxgal” | 21) — (1 - Ta) e
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77’Y2

Choosing s = a = _QTW, we derive:
_ 27262 | _
E [laprr — 2ul? [ ] < llzg — 2al® = ypllZpe — 2o + T |Z 41 — a2
~ To
272 2 Uala —
# B ISt ] - (1= ) b =

Let T be large enough such that 7%2 < c < 1. Then

2 2 2 27252 2 272 2
E [Jlors1 — ol | 2] < o = @2 = il = 2] + T @011 = ol + T E [V g, (@) | 2]

— (1= o)llay — T |I”-

We want 27262 < w, which implies v < “(416_20), S0 we get:

2

VH - _ 2y
E [|ps1 — zll® | 21] < [low — zs]® — 7||96k+1 —z|? = (L= o)z — T ||* + T CE IV fe, ()1 | k]

1 . . 27
2 = S min (55,1 ) fla = 2.2 + B[V fe, (@) | 24

< T Lk

< low =2 =5 2 1—
18 1 2~2 g2

< <1— imin (72M,1—C)> ka—:c*HQ—i-%.

Taking the full expectation, we obtain:

2’720’3

1
— < I (w _> —x | 2
E[ka_H T H]_(l 5 nin 271 c) ) Elllar — x||7] + e

By applying the inequality recursively, we derive:

1 o FH
Eflars — 2] < (1 L (21 c)> o — .

1 FH 2 1\ 49202
< (1—2mln(’y2'u,1—c)> lzo — 4| +max< 1 C> (17_00*)
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Appendix J. Convergence under Interpolation Regime and Expected Similarity

Theorem 27 Let Assumptions 1 (Differentiability), 2 (Convexity), 3(Strong convexity of ), 4 (In-
terpolation), and 8 (Star Similarity) hold. If the stepsize satisfies v < 2“?, then we have, for every

k>0,
yu 1V\" 2
E[|lzr — z.|*] < <1 — min <4, 2)) llxo — =% (25)
Proof Define
Ty = Elxg| Fil. (26)

Then
2p11 = 2all? = llog — 2al|® = 2(zp41 = 2o, 2 — 2p11) — (28 — Thpa |
< Yo — 2l = 29(fey (w041) — fey (@2)) — ok — psa ]
< g — 2l = 29(fep (@s1) + (V S (T41), 11 — Tos1) — S (22)) — g — 212

Taking the expectation conditioned on Fy, and using the identity E[||z — c||?] = E[|z — E[z]||?] +
|E[z] — ¢||?, we obtain:

E (|21 — 2l ?1F] < llan — 2l = 29E [fe, (Trr1) + (Ve (Trgr)s o — Taga) — fep, (2| Fi]
—E [|lzk — k11?1 Fr]
= [lar — 2 )* = 29 (f (@rg1) — f(2) + E(V fe (Zha1), Thar — Trg1)| Fil)
—E [[lze11 — o I*|F) = ok — Zaga | (27)

Since E [(f (Zk+1), Tk+1 — Trt1)|Fx) = 0, we can write:

E [[|@re1 — 2zl Plze] = 2 — zall? = 29 (f (Zrg1) — f ()
+E[(Vfe,(@rt1) = VI (Zrg1), Thos1 — Tog1)|zr] )

— E [llzes1 — ZrraIPloe] — loe — Zoaa ]

Using strong convexity of f and the identity 2(a,b) = ||a + b||*> — ||a||® — ||b||?, we derive:

E [lzki1 — 2l *|F] < llog — 2all® = ypll@rn — 2ll® = E [[leger — Zea 21 Fe] = o — T |)?
||V e @r11) = VF@r41)) + (@rs1 = 21|
=PIV fee (@hs1) = V@)l = [Ts1 — w2 | Fi

< ok — @l — YullZosr — 2ll® = o — Tpga |
+VE [V fer (Ths1) — VF @r) 111 F5] -

Finally, using the star similarity condition, we obtain:

E [llzr1 — 2l PIF] Slzw — 2all® = vl @rsn — 2ull® = loe = Zppa | + 9202 |1p1 — 2

= llor = 2.l* = (vi = VI Trsr — 2:ll* = N2k — T 1.
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If 262 < %’yu, then v < %. Under this condition, we have:

E [z — 2217 < ok = 20l = Lz — 2l = llog — o

. Y _ _
< Nz = a2 = min (57 1) (Jass = @22 = lax = o))

1 1
< llap — 2|2 - min (”4“2) ok — 22 = (1 ~ i (”4“2)) T

Taking the full expectation, we obtain:

. 1
E [z — 2.7 < (1 ~ min (74“ 2)) E [z — .17

Applying this inequality recursively, we get:

v 1))
E [z — 2.7 < (1 ~ min <4, 2)) o — ..

Theorem 28 Let Assumptions 1 (Differentiability), 2 (Convexity), 4 (Interpolation) and 8 (Star
Similarity) hold. Consider SPPM-inexact with Assumption 9 satsified. If the stepsize satisfies
y< B (21 (;EC) and T is chosen sufficiently large such that ”Tij < ¢ < 1, then the iterates of SPPM-
inexact letisfy, forevery k > 0,

k
1
E [l — 7] < (1= gmin (21-)) o= ]

Proof To avoid repetitions, we start from (20):

2
ny
lxsr = 2l < llax — 2 l* = 29 (fei (@) = fei () = (1= 1) e — |
Instead of (26), we define Ty, = E[x,‘f |k
Using convexity of f¢, , we get:

ka+1 - x*” < ka - .CE*H2 - 2’7(f§k ('fk+1) + <Vf§k(jk+l)>xg - j‘k+1> - ffk (.’E*))

2
ny
-(1- W)ka - wE’HZ-
Taking the expectation conditioned on z; and using the equality E[||z — ¢||?] = E[||x — E[z]||?] +
|IE[z] — ¢||?, we obtain:
2 2 7y’ T2
E [loxir = 2ellPlee] < low —2all® = (L= Z2) B [llox — 2 [Pl
— 29E [fe, (1) + (Y fe (Thr), 2f — Trnr) — fe (@) ]
= ok — z* = 29 (f(@rr1) — f(@0) + E [(VSe, (@), 2 — Tara)|2r])
2 2
my - m _
- (1- W)E [l = Zppa o] — (1 - W)ka — M2 (28)
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Since E [(f(Zp41), 2f — Zpt1)|wr] = 0, we can write:

E [kt — zel®|lzk] < llow — 2> — 29 (F(@ha1) — (@) + E [(V fe, (Trr1) — F(@rr1), T — Tperr)|2k])
2 2
(= POR e - s lPlan] — (1= Doy — 2512 @9)

Leta € (0,1). Then
E [l — 2al?lee] < llog — 2.l — 2y (@) — ()

2 B [(4(V fey (@11) — [ (@), alaf — T )]

7( m?

1= DOVE [l — 2 |Plzs] — (1 — T

Ta o :fk+1H2'

By applying strong convexity of f and using the identity 2(c, b) = |lc + b||?> — ||c||* — ||b]|?, we have:

2
) my )
E 251 — zlPlze] < o — zall? = vl Bpgr — 2l ? — (1 - Ta B ([} = T ||| ws]
2
my _
= (= ) lzw — Tyt

- %E V(Y fe (Ei1) = VI (@k11)) + (@ — Zrra) [P |2a]
2

Y — _ _
+E IV fer @rr1) = Vi (@pa) P |2n] + aB [|Zh41 — 2 |1*]ak] -
By setting a = (1 — 7%2), we obtain:
2 2 2 7772 2
E [llrker — wullPla] < ok — ol = 3ullzin — 2l = (1= 1) i — T
’YQ 2
WE IV fer (Trr1) — Vf (Zr1) 1w -

T Ta

Now, using the star similarity assumption (8), we get:

2
_ ny _
E [[|zre1 — zlPlze] < e — zall? = vl Bpgn — 2l ? = (1= 7o ek = Ty
s — ]
(1— 1) *
TC!

Assuming 7" sufficiently large such that ’7Tia2 < ¢ < 1, we obtain:

E [ari1 — 2l *|2n] < g — zall® = yplZhga — 2ol = (1 = ©)l|2g — Zpga |

252
Y 5* - _ 2
0 g — .

_l’_
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p(1—c)

252
Y ;
We want = <5 , which means v < 552

, SO we get:

(TR - _
E [Jlegs1 — @ |2lox] < llax — = min (25,1 = ¢) (I7k41 = 2l = g = 2n4]?)

1
< Nlog = wall? = S min (21— ¢) flog —

1
= <1 — imin <%, 1-— c)) g — 24|

Taking the full expectation, we obtain:

1
E [[|er1 — 2l?] < <1 - §min <%> 1= C)) E [lax — z.]?] .

Iterating over k, the result follows:

Ellon —aol?] < (1- guin (Li1-c)) o= ]
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