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ABSTRACT

The use of momentum in stochastic optimization algorithms has shown empir-
ical success across a range of machine learning tasks. Recently, a new class
of momentum-based stochastic algorithms has emerged within the Linear Mini-
mization Oracle (LMO) framework—leading to methods such as Muon, Scion, and
Gluon—for effectively solving deep neural network training problems. However,
traditional stochastic momentum methods offer convergence guarantees no better
than O(1/K'/*). While several approaches—such as Hessian-Corrected Momen-
tum (HCM)-have aimed to improve this rate, their theoretical results are generally
restricted to the Euclidean norm setting. This limitation hinders their applicability
in the problems where arbitrary norms are often required. In this paper, we extend
the LMO-based framework by integrating HCM, and provide the convergence
guarantees under relaxed smoothness and arbitrary norm settings. Specifically, we
establish improved convergence rates of O(1/K'/3) for HCM, thereby surpassing
the classical momentum rate and allowing the algorithms to better adapt to the ge-
ometry of the problem. Experimental results on training Multi-Layer Perceptrons
(MLPs) and Long Short-Term Memory (LSTM) networks support our theoreti-
cal findings, demonstrating that the proposed LMO-based algorithms with HCM
significantly outperform their vanilla algorithms with traditional momentum.

1 INTRODUCTION

Stochastic momentum methods have been widely used for solving data-intensive machine learning
problems. They are employed as the default Stochastic Gradient Descent (SGD) optimizer in open-
sourced software libraries, such as Pytorch (Paszke et al., 2019), for deep neural network (DNN)
training. The concept of stochastic momentum methods is inspired by deterministic momentum
methods, including Polyak’s heavy-ball method (Polyak, [1964). The heavy-ball method achieves an
accelerated linear convergence rate compared to classical gradient descent (Ghadimai et al.| 2015) for
minimizing twice continuously differentiable strongly convex and smooth functions.

The convergence for stochastic momentum methods has been well studied for minimizing an L-
smooth function f(z), i.e. the function whose gradient is L-Lipschitz continuous. Most prior works
have focused on the Euclidean norm setting, including convergence analyses by|Yan et al.|(2018));|Yu
et al.|(2019);|Liu et al.|(2020); |(Cutkosky & Mehta (2020); Hiibler et al.|(2024a). More recently, there
has been increasing interest in extending these results to arbitrary norm settings, as demonstrated
by [Kovalev]| (2025); [Pethick et al.| (2025a)); Riabinin et al.| (2025). Despite their empirical success
over SGD, no existing theoretical analysis has established a provable advantage for momentum. In
particular, their convergence guarantees do not improve upon the O (1 /K 1/ 4) convergence in the
expected gradient norm.

However, many learning applications, including distributionally robust optimization (Chen et al.,
2023) and deep neural network training, often violate the standard L-smoothness condition. For
instance, many empirical studies have shown that the Hesian norm is not uniformly upper-bounded
as required by L-smoothnes when training neural networks like LSTM by Zhang et al| (2019),
ResNet20 by |Zhang et al.[ (2019), and transformers by [Crawshaw et al.| (2022). These observa-
tions have motivated the development of relaxed smoothness conditions that more accurately re-
flect the behavior of modern learning problems. Examples of relaxed smoothness conditions in-
clude the (Lg, L )-smoothness conditions (Zhang et al., 2019} |Gorbunov et al., [2024; (Chen et al.,
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2023} [Vankov et al.l [2024)), the (Lo, L1, «)-smoothness conditions (Chen et al., [2023)), and the /-
smoothness conditions (L1 et al.|[2023)).

Under relaxed smoothness conditions, several first-order methods have been studied. Under
(Lo, L1 )-smoothness, the O(1/K'/*) convergence in the expected gradient norm has been estab-
lished for SGD (Li et al., 2023), clipped SGD (Zhang et al., 2019; 2020a; |Koloskova et al., [2023)),
and AdaGrad-Norm (Faw et al., [2023} Wang et al., [2023). Also, the same O(1/K 1/ 4) rate under
(Lo, L1)-smoothness has been proved for stochastic momentum methods, in the Euclidean norm set-
ting (Hiibler et al.||2024b}; [Zhao et al., 2021)) and the arbitrary norm setting (Riabinin et al., [2025).

To improve the convergence of stochastic momentum methods, several approaches have been re-
cently proposed to modify gradient estimators in momentum updates. One such approach, called
extrapolated momentum, was introduced by |Cutkosky & Mehta|(2021)), and achieves a convergence
rate of O(1/K?/®). This convergence was further improved by recent momentum variants, such
as STORM (Cutkosky & Orabona, 2019), MARS (Yuan et al.| 2024), and second-order momen-
tum (Salehkaleybar et al.| [2022; [Tran & Cutkosky} 2022} Zhang et al. [2020b). These momentum
variants ensure the improved rate of O(1/K /%), proven to be optimal for minimizing smooth non-
convex functions under mild conditions (Arjevani et al.,|2023)). However, these methods have been
primarily analyzed under traditional smoothness assumptions and within the Euclidean setting, lim-
iting their applicability in broader machine learning contexts, such as neural network training.

2 CONTRIBUTIONS

The goal of this paper is to generalize two variants of second-order momentum methods (Salehka-
leybar et al., 2022} |Tran & Cutkoskyl [2022) for minimizing nonconvex functions under relaxed
smoothness assumptions in the arbitrary norm setting. We make the following contributions:

First, we incorporate two second-order momentum update variants into the class of optimization
algorithms that leverage a Linear Minimization Oracle (LMO) proposed by [Pethick et al.| (2025a);
Kovalev| (2025). Our methods generalize the second-order momentum techniques originally pro-
posed in the Euclidean setting by [Salehkaleybar et al.| (2022)); [Tran & Cutkosky| (2022)) to broader
geometries and norm choices corresponding to the problems.

Second, we establish an O(1/K'/3) convergence in the expected gradient norm for LMO-based
methods using two second-order momentum variants under relaxed smoothness assumptions in
the arbitrary norm setting. This improves upon the previously known O(1/K 1/ 4) rate for LMO-
based methods using Polyak momentum by [Pethick et al.|(2025a;b); |[Riabinin et al.| (2025); [Kovalev
(2025)). Also, our results match the known rates for second-order momentum methods under stan-
dard L-smoothness in the Euclidean setting (Salehkaleybar et al., 2022 [Tran & Cutkoskyl 2022). A
comparison of theoretical guarantees is summarized in Table 1]

Third, we empirically evaluate LMO-based methods with second-order momentum and other mo-
mentum updates on three nonconvex problems: logistic regression problems, Multi-Layer Percep-
tron (MLP) training problems, and Long Short-Term Memory (LSTM) network training problems.
Our results validate our theory, illustrating that LMO-based methods using second-order momentum
outperform those using Polyak momentum and extrapolated momentum.

3 RELATED WORKS

Stochastic momentum methods. Momentum is widely used to expedite the training process in
stochastic optimization methods. In the Euclidean norm setting, stochastic momentum methods en-
joy the O(1/K 1/ 4) convergence under traditional smoothness (Yan et al.,[2018; [Yu et al.,|2019; Liu
et al.,[2020; |Cutkosky & Mehta,|2020), and recently under relaxed smoothness (Hiibler et al., 2024a).
Moreover, momentum has been incorporated to enhance the performance of other algorithms, such
as distributed methods with communication compression (Fatkhullin et al. 2023} [Khirirat et al.,
2024), and LMO-based optimization methods for deep neural network training (Jordan et al., 2024;
Pethick et al.,[2025a). To improve upon the O(1/K'/*) convergence rate, several novel momentum
updates have been proposed. For instance, stochastic methods employing extrapolated momen-
tum (Cutkosky & Mehtal [2021) have been shown to achieve an improved rate of O(1/K?/7). Fur-
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Methods Rate Gradient Smoothness Hessian Smoothness Norm Type
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Table 1: Comparisons of convergence for LMO-based methods that use Polyak momentum
like Gluon, and LMO-based methods that use second-order momentum methods to attain
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thermore, the methods based on STORM (Cutkosky & Orabona, [2019), MARS (Yuan et al., |[2024),
and Hessian-corrected momentum techniques (Salehkaleybar et al.| [2022; [Tran & Cutkosky, 2022}
Zhang et al., [2020a) attain the convergence rate of O(1/K'/3), which matches the known lower
bound established by Arjevani et al|(2023). However, the convergence guarantees of these novel
stochastic momentum methods were restricted to traditional smoothness in the Euclidean setting. In
this paper, we will incorporate Hessian-corrected momentum techniques into the LMO-based op-
timization methods to guarantee the O(1/K v 3) convergence in the arbitrary norm setting, which
improves upon the O(1/K'/*) convergence achieved by current Muon optimizers (i.e., LMO-based
methods using Polyak momentum).

Muon. Muon optimizers (Jordan et al.| 2024) update the model parameters (with their inherent
matrix structure) with orthogonalized gradient momentum. Empirical studies, e.g. by Jordan et al.
(2024); IL1u et al.| (2025a)), highlight the superior performance of Muon over Shampoo (Gupta et al.,
2018), SOAP (Vyas et al.| [2024), and AdamW (Loshchilov & Hutter, 2017), for language model
training. These encouraging observations motivate the studies of the convergence analysis for Muon.
Originally, the convergence of Muon was analyzed by [Li & Hong| (2025) under the L-smoothness
with respect to the Frobenius norm. Later, LMO-based optimization methods with momentum were
proposed by [Pethick et al.| (2025a) to capture optimizers, including Muon, Scion, and stochastic
Euclidean momentum methods with momentum. The methods were shown to enjoy the O(1/K1/4)
convergence under traditional smoothness (Pethick et al., 2025a; [Kovalev, 2025) and under relaxed
smoothness (Pethick et al.,|2025b} Riabinin et al.| 2025)), in the arbitrary norm setting.

Relaxed smoothness. Training deep neural networks, especially large-scale language models, poses
significant challenges due to their highly non-convex functions. To better capture this, a variety of re-
laxed smoothness conditions on the functions have been proposed. One early contribution by Zhang
et al.| (2019) introduced a function class in which the Hessian norm grows linearly with the gradi-
ent norm, providing a more flexible alternative to classical smoothness assumptions. Building upon
this, several works have introduced broader classes of functions, such as the symmetric (Lg, L1, «)-
smoothness condition (Chen et al., |2023)), the ¢-smoothness condition (L1 et al.| [2023)), and the
(p, Ko, K p)-smoothness condition (Liu et al., [2025b)). These conditions aim to more accurately re-
flect the optimization landscape encountered in deep learning. Under such relaxed assumptions, the
convergence behavior of various gradient-based methods has been extensively studied (Crawshaw
et al.}2022; |Hiibler et al.| [2024a}; Zhang et al.,|2019; |[Koloskova et al.,|2023}; |Chezhegov et al., 2025;
Gorbunov et al., 2024 |Vankov et al.| 2024} [Khirirat et al.l 2024), providing theoretical insights that
align more closely with empirical observations in neural network training.
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4 PROBLEM FORMULATION

We consider the following unconstrained stochastic optimization problems
min f(z) := E¢op [fe(2)], (D
zER?

where f¢ () is a differentiable but possibly nonconvex function, x € R? is the d-dimensional vector
of model parameters, and ¢ is a random vector, which represents a training data sample drawn from
an unknown data distribution D.

Often, we access a stochastic oracle to compute the stochastic gradient and Hessian of f at x with
respect to & ~ D denoted by V f¢(z) and V? f¢(x), respectively. We assume that the stochastic
gradient and stochastic Hessian satisfy the following unbiased and variance-bounded properties:

Assumption 1. V f¢(z) and V2 f¢(x) is an unbiased and variance-bounded estimator of V f(z) and
V2 f(z), respectively, i.e. for all x,w € RY,

Ee[V/e(@)] = V@), Ee[IVfel@) = VI@)3] < o2,
Be [V2fe(o)] = V2f(2), and B [[[(V2fe(w) - V2 f(@)wlfy] < o ol

Assumption [I| has been commonly used for analyzing the convergence of optimization algorithms
using stochastic gradients (Ghadimi & Lan, [2013}; |Cutkosky & Orabona, [2019; |Gorbunov et al.,
2020) and stochastic Hessians (Tran & Cutkosky} 2022; (Cutkosky & Orabona, [2019; Jiang et al.,
2024).

To facilitate our analysis, we also impose the following standard assumptions on objective functions.
Assumption 2. The function f : R? — R is bounded from below, i.e., f*f = inf,cga f(z) > —oc.

Assumption 3. The function f : RY — R is, and its gradient V f(x) is symmetrically (Lg, L1)-
Lipschitz continuous with respect to the norm ||-||, i.e. for all 2,y € R,

IVf(z) = VI, < (Lo+ Llezt[gpl] IVf(0z+ (1 =0)y)l,) llz =yl

Assumption 4. The function f : R? — R is twice differentiable, and its Hessian V2 f(x) is sym-
metrically (Mg, M )-Lipschitz continuous with respect to the norm ||-||, i.e. for all z,y € RY,

[V2f(z) = V2 f ()|, < (Mo + Mleil[tpu IV f(0x+ (1= 0)y)ll,) [z -yl

Assumptions and [4] ensure the lower-bound of the objective function f, the symmetric relaxed
Lipschitz continuity of its gradient V f, and the symmetric relaxed Lipschitz continuity of its Hessian
V?2f, respectively. On the one hand, Assumption [3|is a generalization of the symmetric (Lo, L1)-
Lipschitz continuity of V f(-) with respect to the Euclidean norm by |Gorbunov et al.[(2024); (Chen
et al[(2023). Also, Assumption[3|recovers L-Lipschitz continuity with respect to the arbitrary norm
by [Kovalev| (2025); [Pethick et al.| (2025a) when we let Ly = L and L; = 0. On the other hand,
Assumption [4]is a generalization of the asymmetric (Mg, M )-Lipschitz continuity of the Hessian
with respect to the Euclidean norm by Xie et al.| (2024, Assumption 3). Also, Assumption 4 obtains
the Lg-Lipschitz continuity of the Hessian by [Carmon et al.| (2018); [Nesterov & Polyak] (2006),
when we let My = Ly and M; = 0.

Finally, note that the variance (Assumption|[T) is measured with respect to the Euclidean norm, while
the Lipschitz continuity of the gradient (Assumption [3)) and Hessian (Assumption ) with respect to
the arbitrary norm and its dual norm. Hence, we describe a connection between these norms using
the following inequality:

plllly < llzll, < pllzlly, and @llzll, < [lz|l < Oz, . )

4.1 LMO-BASED METHODS WITH MOMENTUM

To solve the problem in equation [T] for neural network training tasks, we focus on the LMO-based
optimization methods using momentum (Pethick et al.l 2025a; Kovalevl, 2025), which update the
iterates {x } x>0 as follows: Given zg, mg € R?,

Tp41 = Tk + lmo(mk), and mp4 = (1 — ak)mk + Oék-VfEkJrl ($k+1). 3)
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Here, 7, > 01is a stepsize, o, € (0, 1) is a momentum parameter, V f¢ () is the stochastic gradient,
and Imo(my,) := argmin <, (my, x). The methods in equationencompass a class of stochastic
momentum methods under specific norm choices. For instance, they recover normalized stochas-
tic momentum methods (Cutkosky & Mehta, [2020) when we let ||-|| = ||-||,, and sign stochastic
momentum methods (Jiang et al.||2025) when we let ||-|| = ||| .-

The LMO-based methods using momentum in equation [3| were theoretically shown by [Pethick et al.
(2025a); Kovalev| (2025); [Riabinin et al.| (2025) to attain the O (1 /K 1/ 4) convergence rate in the
gradient norm in the arbitrary norm setting, which recovers the same rate as stochastic momentum
methods in the Euclidean norm setting, e.g. by (Cutkosky & Mehta|(2020); Jiang et al.|(2025); Zhang
et al.| (2020a); Hiibler et al.| (2024b)).

To further improve the iteration complexity of the methods in equation 3] many momentum variants
have been proposed.

Extrapolated momentum. The first variant is extrapolated momentum (Cutkosky & Mehtal
2021)), which updates the momentum vector my, according to

my+1 = (1 — a)me + axVfe, o (Yk+1) 4

where Y1 = Try1 + (=28)/ap) (241 — k). LMO-based methods using extrapolated momen-
tum enjoys the O(1/K?/T) convergence rate under traditional smoothness in the arbitrary norm
setting [Kovalev| (2025)), which matches the rate in the Euclidean norm setting by (Cutkosky & Mehta
(2021}, Theorem 5) with p = 2.

STORM. To further improve the convergence of stochastic methods using extrapolated momen-
tum, we may consider Stochastic Recursive Momentum (STORM) (Cutkosky & Orabonal [2019).
The key technique is to use the stochastic gradient difference V fe, . (zx41) — V fe, ., (1) as the
correction term to expedite the training process. In STORM, the momentum vector my, is updated
via

MEgt+1 = (1 - ak)(mk + [vffk-H (xk+1) - valc+1 (xk)]) + akvffk-H (‘Tk) . (5)

LMO-based methods using STORM have been recently shown to achieve the O(1/K'/3) conver-
gence rate under relaxed smoothness in the Frobenius norm setting recently by [Huang et al.| (2025),
which recovers the rate under traditional smoothness in the Euclidean norm setting by |Cutkosky &
Orabonal (2019). To better control the gradient correction term in STORM, |Yuan et al.| (2024) intro-
duce a scaling parameter 55 € (0, 1). The resulting algorithm, named MARS, modifies STORM by
adjusting the update rule for the momentum vector my, as follows:

mpg1 = (1 — o) <mk + [V ferin (@ht1) — Ve (3«“1«)]> +apVie,, (k). (6)

By tuning the scaling factor 35 properly, MARS can provide the finer control over the gradient
difference term, thus leading to improved convergence performace.

Second-order momentum. For achieving the same convergence in stochastic optimization,
second-order momentum (Salehkaleybar et al., 2022} [Tran & Cutkoskyl 2022} Zhang et al., 2020b),
called Hessian-corrected momentum, can serve as an alternative to STORM. It utilizes the Hessian-
vector product as the correction term to improve the complexity of momentum-based methods. It
performs the following update:

M1 = (1= o) (mr + V2 fep, (Brp1) (@1 — 21)) + 0V fer, (Th41)- (7

The second-order momentum update in equation [/|becomes the one proposed by [Tran & Cutkosky
(2022) when & 41 = @41, and by Salehkaleybar et al.| (2022) when 51 = bpziy1 + (1 — b )y
with b, € R generated by the uniform distribution ¢/(0, 1). Like STORM, second-order momentum
ensures the O(1/K'/3) convergence, which is faster than the O(1/K?/7) convergence of extrapo-
lated momentum and the O(1/K'/*) convergence of Polyak momentum. However, the results of
second-order momentum are limited to traditional smoothness in the Euclidean norm setting, which
reduces its applicability, especially in solving neural network training problems.
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5 LMO-BASED METHODS WITH SECOND-ORDER MOMENTUM

Now, we study LMO-based methods (Pethick et al.| |2025a; [Kovalev, 2025)) using two second-order
momentum variants (Salehkaleybar et al.,|2022; Tran & Cutkosky, [2022;|Zhang et al., 2020b). The
methods leverage the LMO-based oracle in equation [3| second-order momentum updates in equa-
tion [/] and the scaling factor 3 introduced in MARS (Yuan et al., [2024)). See Algorithm [1|for the
detailed description of the methods.

In Algorithm [T} the second-order momentum incorporates the Hessian-vector product term into its
update to accelerate the training process using the LMO-based momentum methods. Computing
the Hessian-vector product can take roughly the same time as computing the gradient (Pearlmutter,
1994). This can be achieved by using the automatic differentiation package to compute V*f(z)v
for z,v € R? by evaluating Vh(x), where h(z) = (V f(x),v) (Tran & Cutkosky, [2022).

Algorithm 1 LMO-based Optimization Methods with Second-order Momentum

1: Input: Tuning parameters 7, > 0 and ay, 3. € (0,1) for k = 0,1, .. .; Initial points g, mgy €
R<; Total number of iterations K > 0
2: for each iteration k = 0,1,..., K do
3:  Update 2441 = 2 + Imo(my), where Imo(my,) := argmin (myg, )
lll| <
4:  Sample {41 ~ D
5 if Variant 1 then
6: Sample by41 ~ U(0,1)
7 Set #p41 = bpy12py1 + (1 — beg1)zp
8 Updatemp = (1=aw) (mi+ 1 V2 e, (E001)@hi1 — @) ) +0nV fey, (h41)
9

else if Variant 2 then

10: Update my41 = (1 —a) (mk + V2 feron (1) (@rgr — ﬂ?k)) +arV e (Trt1)
11:  endif
12: end for

13: Output: z%+1

6 CONVERGENCE THEOREMS

We present the convergence results for LMO-based methods using two variants of second-order
momentum updates. Our results show that these methods achieve the O(1/K'/3) convergence
under relaxed smoothness in the arbitrary norm setting.

Theorem 1 (Variant 1 of Algorithm). Consider the problem of minimizing f(x) = E¢up [fe()].
Let f be twice differentiable, and let Assumption andhold. Then, the iterates {xy } generated
by Variant 1 of Algorithm|[T]with 8, = 1 — a, and with

1 U
==y M =S e
N —1
where 1) = 55— (%) , satisfy
. 2(f(w0) — finr) . 4lleoll 43
E < -
e iy TV < = e Y s R+ o
1 X 7
+4Pm0g + Lo eXP(LN?)m,

where B = 2 Lo(exp(L1) + VL1 exp(L17) + 2) + 252
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Theorem 2 (Variant 2 of Algorithm ). Consider the problem of minimizing f(z) = E¢up [fe(2)].
Let f be twice differentiable, and let Assumptions and [ hold. Then, the iterates {zy}
generated by Variant 2 of Algorithm [I]with 8, = 1 — a, and with

1 U

— d = =
E+p 0TI

p = o = K+1)2/37

where 1) = % min {L%, \/]1\7} satisfy
1

2(f(wo) = fint) = NLoexp(L17) 4 |leoll,

min B[V f(ze)],] <

ke{0,1,...,K} K +1)7/3 (K +1)%s (K +1)/3
2M, . ik
2| My+ —L L —_—
+ ( 0+ =5~ Loexp( 177)) E+17

P Noy pPog
4— .
e E )R KL

From Theoremsand Algorithmachieves the O(1/K 1/ 3) convergence in the expected gradient
norm for minimizing symmetric (Lo, L1)-smooth functions with respect to the arbitrary norm. Our
methods match the convergence rates of second-order momentum methods established under L-
smoothness with respect to the Euclidean norm by Salehkaleybar et al.[ (2022); [Tran & Cutkosky
(2022), and do not require large minibatch sizes for computing stochastic gradients. Our results do
not impose restrictive assumptions, such as bounded stochastic gradient norms by |Tran & Cutkosky
(2022). Moreover, our methods converge faster than LMO-based optimization methods using Polyak
momentum analyzed by |Pethick et al.|(2025ajb)); Kovalev|(2025); Riabinin et al.|(2025)). Further note
that, Variant 2 of Algorithm [I]assume the symmetric smoothness on the Hessian, which Variant 1
of Algorithm[I]does not. Moreover, although our theoretical results are established for Algorithm
with 8 = 1 — ay, the analysis can be extended to the case of general 35, € (0, 1]. In such cases, the
convergence bounds include an additional term depending on the choice of (.

We can leverage our analysis to establish the convergence of LMO-based methods in equation [3
which incorporate extrapolated momentum in equation 4} for minimizing relaxed smooth functions
in the arbitrary norm setting (see Appendix @) The resulting convergence matches the O(1/K?/7)
rate obtained by |Kovalev| (2025} Corollary 5) under traditional smoothness.

7 NUMERICAL EXPERIMENTS

We conduct numerical experiments to investigate the performance of LMO-based methods using
Polyak momentum, extrapolated momentum (Cutkosky & Mehtal [2021)), and two second-order mo-
mentum variants (Algorithm[T). Specifically, methods using two second-order momentum variants
with 8 = 1 — ay, are referred to as SOM-V1 and SOM-V2, while those with general 5 values are
denoted by 5-SOM-V1 and 5-SOM-V2. We implemented these algorithms using PyTorch (Paszke
et al.,[2019), and benchmarked them for two nonconvex problems that satisfy symmetric (Lg, L1)
smoothness: problems of training Multi-Layer Perceptrons (MLPs) and Long Short-Term Memory
(LSTM) networks. We reported our results for logistic regression problems with nonconvex regu-
laization in Appendix@ For all experiments, each element of the initial point zzy € R? was generated
from the standard normal distribution N'(0, 1), the random seed was fixed, and also the learning rate

1 and the momentum parameter cy, were chosen as follows: (1) o = \/ﬁ and n; = W

for Polyak momentum, (2) oy = W and n, = for extrapolated momentum, and

10

(o 1)577
— 1 — 10 H

Ok = GFnErE and n = [SEa for all second-order momentum variants.

7.1 MLP

We evaluated the algorithms for binary classification tasks using the MLP model with two hid-
den layers over the splice dataset from the 1ibsvm library (Chang & Lin, 2011). The dataset
comprises 1000 training samples and 60 features. We minimize the objective function f(x) =
L(z) + R(z), where L(z) is the binary cross-entropy loss with logits, and R(x) is the nonconvex

Welsch regularizer defined by R(z) = AY%_, 22 /(1 + 22) with A = 0.01.
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From Figure[I] LMO-based methods using second-order momentum outperform those using Polyak
or extrapolated momentum. In particular, Variant 2 of second-order momentum achieves superior
convergence in training loss, compared to other momentum variants. Furthermore, from Figure [2]
the scaling factor §j further enhances the convergence achieved by second-order momentum. In
particular, Variant 2 with the scaling factor 5 exhibits the most consistent and strongest convergence
performance in training loss, outperforming Variant 1 with the same scaling factor. Additionally,
Figure 3] shows that increasing the mini-batch size for computing stochastic gradients improves the
convergence performance of LMO-based methods using second-order momentum. Specifically, the
methods using Variant 2 with the scaling factor (), achieve higher solution accuracy with a mini-
batch size of 32 compared to sizes 1 and 16.
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Figure 1: Comparison of training the MLP model on the sp1ice dataset using LMO-based methods
with various momentum updates in the training loss (left) and gradient norm (right).
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Figure 2: Comparison of training the MLP model on the sp1 i ce dataset using LMO-based methods
with second-order momentum (SOM) variants in the training loss (left) and gradient norm (right).

7.2 LSTM TRAINING

We benchmarked the algorithms for solving a word-level language modeling task using a two-layer
LSTM network. The model consists of an embedding layer with 200 dimensions, followed by two
stacked LSTM layers, each with 200 hidden units. A final linear decoder layer produces logits
over the vocabulary for each input token. The experiments were conducted on the Penn Treebank
(PTB) dataset, a standard dataset for evaluating language models. The dataset is split into training,
validation, and test sets, with approximately 929, 000 tokens in the training set. The vocabulary
is constructed from the unique words in the training data, with a total of 10,000 tokens, including
an end-of-sentence token <eos>. Tokenization is performed by splitting raw text on whitespace,
converting each word into an index from the vocabulary. The model is trained using sequential
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Figure 3: Performance of 5-SOM-V2 (Variant 2 of second-order momentum with any [ scaling
factor) when we vary the mini-batch size for training the MLP model on the splice dataset.

batches, employing Truncated Backpropagation Through Time (BPTT) with a sequence length of
35. For training, we used a minibatch size of 20 and the standard Cross-Entropy loss.

From Figure[d we again observe the superior performance of LMO-based methods using Variant 2
of second-order mometnum and the scaling g factor when we set the Euclidean norm (left) and the
{oo-norm (right) in the LMO update.
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(a) Training loss vs. training batches of LMO- (b) Training loss vs. training batches of LMO-based
based methods with respect to the Euclidean norm methods with respect to the £oo-norm ||-|| . Variant
|I-]|. Other momentum variants attain superier per- 2 of second-order momentum and extrapolated mo-
formance to Polyak Momentum. mentum outperforms Polyak momentum.

Figure 4: Comparison of LMO-based methods using momentum variants for the word-level lan-
guage modeling task using the LSTM network on the Penn Treebank (PTB) dataset.

8 CONCLUSION

We have proposed LMO-based methods that incorporate two variants of second-order momentum
for minimizing nonconvex functions under relaxed smoothness conditions in the arbitrary norm set-
ting. The proposed methods achieve the convergence rate of O(1/K'/3) in the expected gradient
norm, improving upon the O(1/K'/4) rate of existing LMO-based methods that use Polyak mo-
mentum. Notably, our theoretical results match the best-known rates for second-order momentum
methods under standard smoothness assumptions in the Euclidean norm setting. Finally, our numer-
ical experiments confirm the advantages of second-order momentum, consistently demonstrating
superior convergence compared to Polyak and extrapolated momentum. Additionally, incorporating
the adaptive scaling factor introduced in MARS, yields further improvements, thus enhancing both
the convergence speed and solution accuracy of the proposed methods.
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A NOTATIONS

For random variables u, v, we use E [u] for the expectation of u, and E,, [u] for the expectation of
u with respect to v. For functions f,g : R? — R, we use Vf and V?f to denote the gradient
and Hessian of f, respectively. We write f(z) = O(g(x)) to indicate that there exists a constant
C > 0 and a value 7y € R such that f(x) < C - g(w) for all 2 > z¢. For vectors z,y € RY,

(x,y) = E?:l x;y;, while ||z||, [|z]|,, ||x|/5, and ||z|| ., denote its arbitrary norm, associated dual
norm, Euclidean norm, and /.,-norm, respectively.

B USEFUL LEMMA FROM RELAXED SMOOTHNESS

From Assumptions [3|and[4] we obtain the following lemma that is useful for our analysis.
Lemma 1. Let f satisfy Assumptions andEl Then, for all 2,y € R?,

1
1Zs (), < 5(Mo+ M|Vl Iz~ yl?
1
+3Mi(Lo + Li [IVF()Il,) exp(Ly [lz = yll) | — ol

where we denote Z¢(z,y) := Vf(z) — Vf(y) — Vif(y)(z — y).

Proof. Since f is twice differentiable,

Zi(ey) = /:Ov2f<m+r<y—m>><y—x>dr—v2f<y><x—y>

= [ [Vl - a) - o) - V)~ )l

Therefore, -
1
1Z(z, ), < / [V2f(z +7(y — 2))(y — 2) = V() (= — )|, dr.

=0

Next, from Assumption 4]

1
125z o), < / (Mo+Mlesup IVF(0z + (1= 0)y)ll,) |12 -yl dr

=0 €[0,1]
_ Myfle—ff
- 2
5 1
+M, [z —y|| 7 sup ||Vf(02 + (1 -0)y) — Vf(y) + Vi)l )dr
=0 60€[0,1]

Mo |lz —y| 2 (! )

< 2B e ol [ sup 9560+ (1= 0) - ViW)L)dr
r=0 6€[0,1]

1
WMoyl [ sup (95, dr
=0 6¢€[0,1]

Mo + M,y [V £ ()l

2
I

= 5 |z —y
, [
M o=yl [ 7 sup [VS05+ (1= 0)y) - V)] )i
=0 6€[0,1]
where & = x + 7(y — z).
Next, from Assumption 3]
V(0 +(1-0)y) —=Viyl, < Lo+ Lil[VIWI,)exp(t0L1 ||z —yl)m0[x -yl
9<1
< Lo+ Li[IVfWIl,) exp(tLa [z — yl)7 llz =yl -
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Therefore, by plugging this result into the upper-bound for HV f(@)=Vfly) — V3 f(y)(z — y)‘
we complete the proof.

*°

O

15
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C PROOF OF THEOREM [TI
We prove Theorem [T]in the following steps.

Step 1) Proving the descent inequality. We follow the proof arguments from Lemma D.1. of
Pethick et al|(2025a). By Assumption 3] and by the fact that 2511 = x4+ lmo(my,),

f@re1) < flze) + (VF(@k), Imo(mg))

+LO + Ly |V f ()],
2

fxr) + (Vf(xr) — my,Imo(my)) + (my, Imo(my))

JrLo + Ly |V f ()],
2

oxp(Li s — )} [lImo(my.) |

exp(Li 1 — i) [lmo(my) |

By Cauchy-Schwartz inequality,

flerpr) < flan) + IV (k) —myll, [[Tmo(my,)|| + (mg, Imo(my))
Lo + Ly |V f () I,
+ 2

exp(Li 1 — ]} [lmo(my) |
By the fact that ||xg4+1 — x| = ||lmo(mg)]| < 7,

Lo+ Ly ||V f ()|
2

f@r1) < flog) + e IV (k) — mell, + (mi, Imo(my,)) + * exp(Line)ni-

Since forallu € X

1 1
llull, = max (u,v) = max <u, U> =— <u, lmo(u)> ,
viflv]| <1 villv][<n n n
we obtain
1
(g () = . (e, - tmo(ima) ) = < .

Therefore,

Lo + L1 ||V f(zr)],
2

flaner) < flae) + e [V f(@r) — mell, — me lmull, + exp (L1 )n;-

By the triangle inequality, i.e. ||al|, > ||b]|, — ||a — b]|, for a,b € RY,

Lo+ L1 [[V £ ()|
2

f@ren) < flan) + 20 [V f(2r) —mell, —me VS (@)l + = exp( L)y

Finally, by summing the inequality over k = 0, 1, ..., K and by re-arranging the terms,

K () K L
S e IVF@l, 2 S (1—exp<Lmk> 1”’“>||Vf<xk>|*
k=0

2
= k=0

K K K
L
< > flar) = faep) +2> ne V£ () — mell, + 70 > exp(Lamk)ng
k=0 k=0 k=0
(®) K Lo & )
< (f(xo) = fint) + 2D me IV f (k) — mull, + 5 > exp(Luimw )i
k=0 k=0
© K JS
= A+2Y V() —mal, + %ZGXP(Llle)U? ®)
k=0 k=0
where we reach (a) by defining ¢ = (1 — exp(Ling)Lime/2), (b) by using the fact that

f(x) > finr, and (c) by denoting A := f(xg) — fint-
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Step 2) Bounding the error term. Next, we bound ||lej1],, where ej11 1= V f(2p11) — mpq1.
From the definition of ey,

ekt1 = Mpt1 — VI(@pt1)

(1= aw)[my + V2 fe, (Zh41) (Tha1 — 2x) — V(2r41)]
Fa[V e, (xrr1) = V(zrs1)]

(1 —ag)er + (1 — ap)Wii1 + Vit )

—
S]
=

—~
=
=

where we reach (a) by equation and (b) by denoting Wyy1 := V2fe, ., (&p41)(@hg1 — k) —
(Vf(zr41) = Vf(2k)) and Vi1 =V fe, oy (@e41) — VI (Tr41).

By recursively applying this inequality,

k k k k k
e =[JA-aeo+ > | ] Q=) | C—a)Wirn + > JI 0= a)) | aViga.
t=0 t=0 \j=t+1 t=0 \j=t+1
Next, by taking ||-||,, and by taking the expectation,
(@ k k k
Ellecsill) < leoll, [Ta=a) +E{|D [ TT @ —ap) ) @ = a)Wers
t=0 t=0 \j=t+1 N
k k
+E Z H (1 — Ozj') Oét‘/t+1
t=0 \j=t+1 .
2
®) k k k
< eol, J[Ta=e+ [E[D_| J] @=ap) | Q= a)Wia
t=0 t=0 \j=t+1 )
2
k k
+ |E Z H (1—a;) | atVita
t=0 \j=t+1 .
2
© k k k
< leoll, J[Ta=a)+p {E{D_| TI (1 —ap) | (1 —a)Wips
t=0 t=0 \j=t+1 )
)
2
k k
+/§ E Z H (]. — ij) at‘/t+1 s
t=0 \j=t+1

2

=@

where (a) follows from the triangle inequality, (b) results from Jensen’s inequality, and (c) obtains
from equation 2]

To bound E [||ex+1]],], we must bound @ and @. First, we bound ®@. By Assumption (1] i.e.
E¢ [Vfe(z)] = Vf(z) and E¢ {HVfg(x) — Vf(x)||§} < o2, we can prove that E¢, [V3] = 0, and
that E¢, [(V},V;)] = (E¢, [V;],V;) = 0fori,j € Nand i < j. Therefore,

k k k k
2
@ = Y I a-ap?)atE[vild] <o2> | TT —ap)? |t
t=0 \ j=t+1 t=0 \j=t+1
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Plugging this result into the main inequality yields

k k k
Elllecsal,) < leoll, [[(1—ae) + 5 ®+ po Z(H(l—w) a2,

t=0 t=0 \j=t+1

Second, we bound @. By Assurnption ie. B¢ [V2fe(x)] = V2 f(z), we can prove that
Beoon Wil = Beup, [V feu (Orn + (1= bp)an—1) (2 — wr-1) = (Vf(2x) = Vf(2x-1))]

= Eg, U V2 fe, by + (1 — b)wp_1)(zh — wp—1) — (V (k) — Vf(xk—l))}
b=0

= V2f(bxy + (1 = b)ap_1)(xp — xp_1)db — (Vf(x) — V(Tp_1))

b=0
= ()7

and that E¢, . [((W;,W;)] = (E¢, s, [W;],W;) = 0fori,j € Nand i < j. Thus,

k k k
Bllessal] < leoll, JT1—a0)+7 Z(Hu—am (1 = a0)2B [ Wi 2]
t=0

t=0 \j=t+1
k k

= 2

+oog (D | J] 0 =ep)? | e
t=0 \j=t+1

Step 3) Bounding E {HWkHH;} Next, we bound E [||Wk+1H§} By the fact that Wi =

V2 fe oo (@rr1) (21 — k) — (V f(@g41) — VF (@), and that ||z +y + 2[5 < 3|23+ 3 [|y]l3+
3|23 for ,y, = € RY,

E[IWinll}] < 3E[IVS(0ri1) = VI @3] + 3B [ V2F (@rra) @rsn — 23]
3B [[[(V2 fer s () = V2 Fanen)) e — ) 3]
Next, by Assumption T}
B{IWenlZ] < 3B[IVf@i) - VA@0IE] + 3B [IIV2f Grrn) ars — 0]l

+304E [||Ik+1 - ifk||§]

< SB[V @) = VH@OIE] + 5 [V @) o )]

3 2
+ 2R [ — )]
3 3 R
S ?E |:||Vf(wk+1) - Vf(xk)||42<:| + ?E |:Hv2f($k+1)H(2)p ||$k+1 — $k||2:|
3 2
+%E {”Ik-&-l - fl?k||2}

where in (a) we used equation

Next, by the twice-differentiability of f, from Assumption[3} and from Proposition 3.2. and Theorem
1 of |Chen et al.| (2023)), we can prove, respectively, that

IVf(zee) = Vi@l; < (Lo+ L |V f@)ll,)? exp(2Ly [|zir1 — zall) @51 — ]”,  and
V2 £ (@)a],

[V2F @),y = SI;ISW:LOJFLle(w)H*,
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we obtain

E[IWinl] <

3
3 |(Lo + LIV @) L) b zas = anl) onan = ol

2

3 . 3o
38 (Lo + L9 @) )2 s = ael] + 57 [ — ]

By the fact that ||xg+1 — 2k || < 7%,

3
B{IWeild] < 5(Lo+ LiIVF@0IL)? exp@Lumn?
7 3 . 302
+ﬁn/§:E [(Lo + L1 |V f(@r11)1l,)%] + ?H??i
Next, since
(Lo + L1 IV f (@rs)ll,)? < (Lo + Ly IV F @), + Lo [V (@rr1) — Vo (z)]l,)?
< 2L+ Li [V F(zi)ll,)? + 2L3 |V f(@r41) — V(@)
< 2(Lo+ L1 [V f(zp),)?
+2L3 (Lo + Ly |V f (@))% exp(2Ly |21 — @) 141 — 2|
we obtain

E [||Wk+1H;} <

3 302

(Lo Ly [V f (i) L) (exp(2Lme) + 2)a + gt n?

L3(Lo + Ly [V F (@]l )?E [exp@La [nsn — aell) k1 — o]
3 2 2 3‘71211 2
— (Lo + L1 [V f(@k)l, )" (exp(2Lank) + 2)m;, + 2

6
+§L%771%(L0 + Ly |V f(zk)])’E [exp(2lek @rt1 — 2 l)bR |zher — xkﬂ ,

where () results from the definition of #.+1. Next, by the fact that || z+1 — k|| < 7,

B [ Wi ]

Since

/

3
< Lo+ La |V @o)ll) (exp(Lum) +2)i;
+p2 (Lo + Ly ||V f(zx)|)°E [exp(2L1 b+ 1mk)bi o 1mi) + o0,

3
= /)72([’0 + Ly |V f(zn)ll,)? (exp(2L1mk) + 2)n7

6 1
o L (Lo + Ly |V / exp(2L1bry )b
F 0

1 2
exp(apz)z?dz = — 2% exp(apz) — —/zexp(akz)dz,
Qg Qg

we obtain lezo exp(az)z?dz < i exp(ag). Therefore,

B [[ Wi ]

3
S ;(Lo + Ly |V f(x)],)? (exp(2Lymy) + 2)n?

2

1 30
2L ZH 2
T exp(2L1ny) + 2 i

6
+?L%n’%(LO + Ly IV f (i) )03
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By re-arranging the terms, and by the fact that (a + b)? < 2a2 + 2b? for a,b € R,

3
B{IWeil] < 5o+ LiIVF@OIL)? (exp(2Lame) + meLy exp(2Lam) +2) n}

302
+972H771%

IN

6
;Lf IV f (@)l (exp(2Lamw) + 1 Ly exp(2Lamy) + 2) ng

6 302
+p7L3 ((exp(2L1nk) + i Ly exp(2Lynk) + 2) i + T;’ni
Step 4) Plugging E {HWng} back into the upper-bound for E[|lesi1||,]. By plugging

E [||Wk Hg} back into the upper-bound for E [[lex1 ][],

k k k
Elllexeall) < lleol, JTA=a)+7 D TT (0 —ap? | (1 = a)2(Arr + Bes)
t=0 t=0 \j=t+1
k k
+pog || T A —a)? | af,
t=0 \j=t+1

whete Aiy = SL3(exp(2Lumk) + Ly exp(2Ling) + 2m2E [V f(wp) 3] and Bryy =

2
30

2 Lg(exp(2Lynk) + L exp(2Lune) + 2)ng + g 0g.

Step 5) Deriving the convergence bound under constant tuning parameters. If 7, = 7 and
oy = a, then

k

Elllerall.] < (=) leoll, +py| > (1 —a)?F=t+D(Apsy + B)
t=0

M=

+ﬁag (1 _ a)Q(k—t)a2
t=0
k k
< (1) el 7| D20 - )t Ay £y | D1 - )t B
t=0 t=0

(1 — )22,

hE

+pog
t

Il
o

0_2
where A1 = en? |V f(zr) i B = %L%(exp@Lm) + Linexp(2Lin) + 2)n* + ?’Q—QHnQ, and
c= 5 L%(exp(2L1n) + Linexp(2L1n) + 2

2 )-
Next, since

- 2(k—t+1) - 24j 1 1 a€gl0,1] 1
L- - < 1- = = < =

Z( a) = Z(( a) ) 1_ (1 — a)z a(2 — a) =

t=0 j=0

and

= = 2 a€l0,1]
1— 2(k—t) 2 < 2 1— 2\j _ o . le% 2

;< a)2k=? < a;(( Y =G "7a S
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we obtain
(a) k41 = :
Eflertill,] < 1 —a)"leoll, +p Z 1 — a)2=t)( 1—a)2At+1+jﬁB
t=0
+/3\/ao'g
() - k .
< (=) leoll, + oy D (L= @)2 b=t Nen? [V f (z)|I} + 5 fB
t=0 @
+pvao,
_n -
< (1-a) el +pan IV @l +p =B
t=0
+/3\/a0'g7

where we reach (a) by denoting ¢ = %Ll(exp(Lln) + VIipexp(Lin) + 2) and B =
%Lo(exp(Lln) + vLinexp(Lin) + 2) + 2%, and (b) by using the condition that o € [0, 1]

and the definition of Arir.

Plugging the above result into the main descent inequality with 7, = 7 and a; = « and denoting
©= (1 - exp(Lm)%), we obtain

K
STneE (V)] < A+ QZnE lexl.] Zexp Lin)n
k=0 k=0
K
< A+2nleoll, Z (1—a)* exp(Lln) 2K +1)
k=0
K k-1
+20en* Y > (1= ) FIR[|V £ (z)],]
k=0 t=0

2
+2p%B(K +1) + 2mvao, (K +1).

By the fact that Zfzo(l —a)h <> l—a)f =1,
k-1

- 2?7H6o|| e g
S neB[[Vf()ll,] < A4+ = 420y a) EDE(|V f(20)]I,]

k=0 k:Ot:O

B(K + 1)+ 2pnyacy(K + 1) + % exp(Lin)n*(K +1).

L
Next, since
k—

K
DY =) BV (@),

k=0 t=0

H

1= a)* B[V f(zo)l]

M=
Mw

=
Il
o
~~
i
o

(1= )" E[IVf(z)l.]

IN

1= 1
e T

Q1= a)"E[IVF(ze)ll,]

~+
I
o

k

K
Y ElVI@)l.],

k=0

I
o

R+
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we obtain

2 A
>t - 2BVl < A+ 20l 0p )

L
+2pmvaoy (K +1) + 70 exp(Lin)n*(K +1).

Step 6) Choosing tuning parameters. If n <

N\ —1
P
80L1 (£)> ’ then

K
n 2nleoll, 5 7" 5
< 0 x _
2;?: INIEDIN At =" —|—2p\/aB(K+1)

L
+2pmy/aoy(K + 1) + 70 exp(Lin)n?(K + 1).

Therefore,
1 K
< -
et PIVI@IL) < g S BVl
2A 4 -
. leol. 401 g

+
nK+1) «oK+1) Va
+4py/aoy + Lo exp(Lin)n.

. N\ —1
— thoh — 1 g _ 1
If77 = m Wlthn = 80L; (é) N and o = m,then

| 2A 4 leo] 4pi B3
E[|V < ’
e i IV fl,] < AWK+ 17 (K+1)7 " (K +1)1/3
1 o
+4pm09 + Lo exp(hﬂ)W'
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D PROOF OF THEOREM 2]
We prove the result in the following steps.

Step 1) Proving the descent inequality. By following the proof arguments in Step 1) of Theo-
rem [I] (see equation[§), we have

K K K
L
YomeeIVi@l, < A2 |V f(xr) —mull, + ?OZGXP(Lmk)ni,

where ¢y, := (1 — exp(Ling)Lime/2) and A := f(x0) — fint-

Step 2) Bounding the error term. Next, we bound ||ex||,, where ey, := my, — V f(x)). From the
definition of e,

ekr1 = Mpyr — Vf(Trt1)

= (L—ap)er + (1 — a) Zp (@ o) + (1 — an)eilyy +anel g,

where Z ¢ (xy, 2141) = Vf(21) =V f(2p41) + V2 F(@ps1) (@1 —2r), 65 = (Ve (Th41) —
V2 f(xrs1)) (@ry1 — x) and €] = Ve, (Thy1) — VI (2rp1).

By recursively applying the above inequality,

k k k
eern = JJA-aeo+ > | [[ Q—a)) | (1= a)Zp(s,z41)
t=0 t=0 \j=t+1
k k k k
Y IT 0= ) =aelfii+ D> | T] =) | sty
t=0 \j=t+1 t=0 \j=t+1
Therefore,
k k k
Eflextl,] < E l [Ta=aeo| [+E D TI =) | (=) Zf(@r, wer1)
t=0 . t=0 \j=t+1 .
=0
k k k k
+EIDCL I a—ap | Q=aefia| | +E (Do T] =) | custiy
t=0 \j=t+1 . t=0 \j=t+1 .
=@ =G

Next, we bound ® by using Assumption |l|and by following the proof arguments for bounding @ in
Step 2) of the convergence proof for Theorem[I} Then, we have

k k
® < JE Z H (1 —oy) | ael iy
-0

Jj=t+1

24

k k
< p|E Z H (1—oy) | aeel g
t=0 \j=t+1 9
k k
< o3[ TT 002

t=0 \j=t+1
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Therefore,
k k k
Elleril.] < JIO—a0Elleol ]+ @ + @ +p0y |> | [[ (1 —ap?]at.
t=0 t=0 \ j=t+1
Next, we bound @.
k k T
@ < PR (1—a;) | (01— )ty
t=0 \j=t+1 N
2
k k
< o B[ IT @-a) ) @ —a)efi,
t=0 \j=t+1 )
From the definition of &/ ; and from Assumption
k k ,
© < 5|3 I] (-0 | (1= an?B|lfl]
t=0 \j=t+1
k k
< o 2| 1T =a? | (1= en?)ad oo — mill;
t=0 \j=t+1

IN
S e
]~
PR
—
_
|
Q
o
e
_
|
2
=
q
mk\i
B
A
|
8
o

k k
o [ 3| IT 0= | (1 - a2

<
t=0 \ j=t+1
Therefore,
k 5 k k
E[llext1ll,] < H(1 —ay)E[[leo]l,] + ghoH Z H (1 —a;)? | (1 —au)?
t=0 “ t=0 \j=t+1
k k
+® + poy Z H (1—a;)? | a?.
t=0 \ j=t+1
Next, we bound ®:
k k
® < Z H (T—ay) | (1 = )E [ Z (e, 2e11) ] -
t=0 \j=t+1
From Lemma [T}
1 2
1Zf(ze, we41)ll, < §(Mo + My |V f(@er)ll,) lze — 2ol
1
+§M1(L0 + Ly |V f(zeen)|,) exp(Li (|2 — zeqa]]) 2 — 2o |
1 1
< §(Mo + My |V f(@eq) |)nF + ng(Lo + Ly |V f(zi41) ) exp(Line)n}
M, M M M
= <20 + %Lo eXp(Lmt)> n+ (21 + %Lmt eXp(Lmt)) i IV f (@), -
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Therefore,

k k
o < Y| I a-an)a-ap (5 + S oesmom )

t=0 \j=t+1
k k u
1, M
+ 3 TLa-ap ) a0 (5 + S pamesn(Ln) ) 195l
t=0 \j=t+1
Plugging ®into the upper-bound for E [||ex+1]|, ] yields

k

Ellecsil,] < [ —anElleoll,]

t=0

k
+ [T G=aj) | (1—ay) (Ago + M?LO exp(Lmt)) un

k
t=0 \j=t+1
k

k
[T - ) = (3 + A pmess(@on ) o 195w,

_l’_
t=0 \j=t+1 2 3
5 k k k k
+gnon Z H (1—a;)? ) (1—a)?+ poy Z H (1—a;)? ] ai.
. t=0 \j=t+1 t=0 \j=t+1
If ny, = n and o, = «, then
M, M Ly exp(L
Bllewnll] < (= el + (524 p”) S gt
-0
k
M MLy exp(Lin)n
R D R e A ]
t=0
S k k
Jr/gncrH Z(l — )2k=t+1) + jo, Z (1-a) a?.
. =0 =0
Next, since
k-1 00
1 a€l0,1] 1
Z(l _ a)Q(k—t"rl) S Z 1 _ Oé S -,
—~ = a(2 — ) «
and
k—1 0o 2 a€l0,1]
1 a)2k—t,2 < 2 1 —a)?) = @ - <
t:0< Oé) «@ = « Z(( O[) ) 1— (17002 2« > @
we obtain
M, My 1]2
Blleall < (1= feol, + (5 + G- Loexo(zan))
M, k
# (G e ) 0 - 9,
=0
/7
ET on + pvaoy.
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Therefore, recalling ¢ = 7(1 — exp(L1n)L17/2), we have

K I K K
DBV F ()l A+ 70 > exp(Lamn® + 20y Efflexll,]

<
k=0 k=0 k=0
I K
< A+ 70 exp(Limn*(K + 1)+ 21 (1 —a)*[leo]l,
k=0
2M n?
oM, K k-1
- (M1 £ 2 exp(La) ) SS0 - @)t Ve,
=0 t=0
+277 <9 \/70-H +/)\/>0'9) (K+ 1)5
where A = E[f(x0) — fint)-
Next, since
K 1 K k-1
k—t
D (—a)f <~ and Y} (1—a)" "V f(z)] ZHVfa:k .
k=0 k=0 t=0
we obtain
K I 0
D onE(IV @l < At (K + 1) exp(Lan)i® + 22 leoll,
k=0

oM 2
+n(K +1) (MO + THL0 exp(Lm)) %

+2n (9 N + ,ofag> (K +1),

(e

where ¥ := (1 —exp(Lin)Linf2 — (M + 2M1/3 - Lynexp(Lin)) ’7—2>

it < § min { . A7 fthen y < min {5}, 7 and

L
I ENVA@IIL] < A+ (K + 1) exp(Linp® +22 e,

M=

e
I

0
2

2M
+n(K +1) (Mo + TlLo exp(LW)) %
+2n (0 \/>O'H —i—/)\fag) (K +1).

Therefore,

Z 2A 4 |leoll
< —_— _ N

2M 2
+2 (Mo + TlLo exp(Lm)) %

+4 (gnaH + p\/aag) )

(07
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Ifn =na withn = min{i,ﬁ} and a = m,then

K
1 2A ALoexp(Laf) | 4lleol
— Y E[|V < ¢
K+ 1 k;o i f(mk)H*] = ﬁ(K+l)I/3 + (K+1)2/3 (K+1)1/3

2M, ) H?
2 Mo+ =1L L S —
+ < o+ 3 0 exp( 177)) (K + 1)
p o Nowm pog
4= 4 .
HMomr: TR

Finally, by the fact that mingego,1,.... k3 E[||Vf(zr)],] < ﬁ Zf:o E[IVf(zx)|,], we obtain
the final result.
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E LMO-BASED METHODS WITH EXTRAPOLATED MOMENTUM

In this section, we present the convergence of LMO-based methods in equation [3] that leverage
extrapolated momentum in equation 4}

Theorem 3. Consider the problem of minimizing f(z) = E¢up [fe(x)]. Let f be twice differen-
tiable, and let Assumptions and Ié-_l| hold. Then, the iterates {x} generated by LMO-based
methods in equation [3]that leverage extrapolated momentum in equation ] with

ak—a—(ipfl)%, an nk—n—(ip,l)%,
where 1) = min {—Sil, 3\/11\71} satisfy

2(f(zo — fint)  7Loexp(L11) 4 leol|, 4 POy
WE+D7 T K+07 T E+)T K+ OT
<9

2M1 " n
2 Mo+ —L L —_.
+ ( 0+ 3 0 exp( 177)) (K + 1)

in E <
- V()] <

Theoremestablishes the O(1/K?/7) convergence of LMO-based methods using extrapolated mo-
mentum under relaxed smoothness with respect to the arbitrary norm, which matches the known rate
obtained by [Kovalev| (2025, Corollary 5) under traditional smoothness with respect to the arbitrary
norm.

E.1 PROOF OF THEOREM[3|

We prove the result in the following steps.

Step 1) Proving the descent inequality. By following the proof arguments in Step 1) of Theo-
rem|I] (see equation[J)), we have

K K K
L
S men VAl < At 23 m Vi) - mel, + S epllimnt

where ¢y := (1 — exp(Limy)Lamk/2) and A := f(z0) — fint-

Step 2) Bounding the error term. Next, we bound ||e,
definition of ey,

,» where ej, := my, — V f(xy). From the

ert1 = Mpy1 — Vf(Try1)
= (I—ar)er+ar (VI(yr1) = VI (@ri1) = V2 (@ri1) Wes1 — Tri1))

+(1 — ) (Vf(f%) — Vf(@rs) + 1 aka V2 f(@rs1) Wrs1 — xk+1)>

— oy
+ou (Vf(@r1: k1) — VI (@rt1))
= (1—ap)er + (1 —an)Zs(xp; Tor1) + e Zp(Yrt1, Trp1) + neq o,

where Z¢(z,y) = Vf(2) = Vf(y) + V2 f(y)(z —y) and €], = Vf(@r115€k41) — V(@r41).
By recursively applying the above inequality,

k k k
evpr = [ —aeo+Y | T O—ay) | (1 =) Zs (s, 2011)
=0 t=0 \j=t+1
k k k k
—1—2 H (1-ay) Oéth(yt+1,$t+1)+Z H (1 —oy) | ael .
=0 \j=t+1 t=0 \j=t+1
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Therefore,

k k k
’ [Hek-HH*] = [ H(l e +E Z H (1- a.j) (1- Oét)Zf(It7 Tit1)

t=0 * t=0 \ j=t+1 .
=®
k k i .
+E Z H (1 70&]) ath(yt+1,It+1) +E Z H (1 _ a]) at€g+1
t=0 \j=t+1 X = 2 )
=@ -

Next, we bound ® by using Assumption |l|and by following the proof arguments for bounding @ in
Step 2) of the convergence proof for Theorem[I} Then, we have

k k T
® < B> II G-ap) ] eelyy
=0 \ j=t+1 N
2
k k
< ¢ |E Z H (I—0ay) | auefyy
t=0 \ j=t+1 )
k k
< pog Z H (1—a;)? ) af,
t=0 \ j—t+1
Therefore,
k k k
Elllecrall,) < JI[0—adElleoll,]+ ® + @ + 0, |> [ J] 1 —a;)?]a?.
=0 =0 \ j=t+1
Next, we bound ® and @:
k k
® < > | JI O—ap) | Q=B [Zs(xs,zs1)ll,] ;
=0 \j=t+1
k k
@ < > | I] - )| B 12 (@rsr, ze40)ll,]
t=0 \ j—t+1
Since (1 — o) + ;07 = 1;?“ =0,
1 2
1Zf(ze, 2e41)ll, < §(Mo + My |V f(@er)ll,) lze — 2ol
1
+§M1(L0 + Ly |V f(zen)]l,) exp(Li |2 — zeqa]]) 2 — zepa |
1 1 .
< 5(Mo+ M IV (@)l )nF + ng(Lo + Ly |V f(ze1)l,) exp(Line)n;
M, M
= <20 + %Lo eXp(Lmt)> n;

My | M
+ (g + St omesn(Lan) ) IV el
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and
1
HZf(ytHvxtJrl)”* < §(M0 + M, HVf(:vm)Il*) llyer1 — $t+1||2

1
+§M1(L0 + Ly |V F(@er)l,) exp(Ln yerr — 2o ) 20 — 2o |

1
< Mo+ M, IV f(ze41)[],)077 + Ml(Lo + L1 |V f (me51) ) exp(L16:m:) 07}

3
M, M,
_ (20 + 7[,0 exp(L Qtﬁt)) t77t2
+

M M,
(1 + 7L19t77t eXP@ﬁth)) 9?77? ||Vf(ft+1)”* )

2 3
we obtain
k k u A o
0 1 1Mt
®+® < Z H (1—-«ay) (2+3Loexp< o ))9”71:2
t=0 \j=t+1
k k u My Lin o
+Z H (1—ay) ., teXp 17t Qtnfﬂvf(g;tﬂ)”*'
] 2 3 Qg o
t=0 \j=t+1
Therefore
k R .
llex+all,] < H(l—at)E[Heo||*}+pgg Z H (1-a;)? | a2
t=0 = \,oh
k k v o ,
0 1 1Mt
+Z H(l—aj) (2+3L0 ( t)>€”2
t=0 \j=t+1
3 : M My Lan Lin
1 1 17t 1M+ 9
i lma) 5 T35, & Oun? |V f (x .

If n = nand o = «, then

k
M M,y L -
Ellexall] < (1-a) ||€0|*+(20+3 Loexp ( ;”))}:a—a)k ‘o’

=0
k
My | My Ly L17]
+ (2 T35, & Z Q)" |V f (i),
=0
k
+pog Zl—a (k=) a2,
t=0
Next, since
k—1 [e%S)
1-a)f " < Y (1-a)f=
t=0 7=0
and
k-1 g 2 a€l0,1]
- a2k De2 < @23 ((1— « - <
t:O( )" hat s O‘;O a)® “1-(1-a2 2-a - @
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we obtain

My

My L
Bllecsil) < 0= ol + (22 + M rgep (22)) L4 i,

k
M My L L
(e () S0t 19 sl

=0
Therefore, recalling ¢ = 7(1 — exp(L1n)L17/2), we have

K I K K
S oneB[IVf(zi)l,] < A+ 70 > exp(Lan)n® + 20y Elflexll,]

k=0 k=0 k=0

K
L
< A—&-?Oexp(Lm) (K+1)+2n ;1—ak||eo||

2M, L 2
+’l7 (M0+Loe ( 177>> —
3 a?

K k-1
2M Ln Lin
e (4 2 B e (£ ))ZZ (1 )~ 1072 [V i),

k=0 t=0

3

where Ag = E [f(z0) — finf)-

Next, since
K 1 K k-1
dY-a)f< 5 and D> (=) V()] Z IV f(@i)ll,
k=0 k=0 t=0
we obtain
K 2

L
S_EIVi@l) < A+ =ZTEep(Li(K +1) +22 el
k=0
2M L 3
+ <M0 + Z  Lyexp <“7)> T (K +1)
3 «Q @
+/()\/aO'g(K + 1)7

where 9 := (1 — eXp(Lln)T" (Ml + % . % exp (%)) Lz)

[e3%

If’l’]Smln{L 1 }O& thenn<m1n{ﬁ73 /1]Wl}and

k=0
M L 3
<M0+1L0 exp ( 1”)) (K +1).
3 « «

Therefore,

K

20 4]leol
< *
E NV f(x)l,] < DK+ 1) + Loexp(Lin)n + a(K + 1) +4py/aoy,

2M L 2
+2 | My + —1L0 exp i U} n—
3 e a?
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_ i spa 1 1 _ 1
Ifn = (K+’71)5/7 with 7 = mm{gL1 3T } and o = CEsyid then
K
1 2A Lo exp(L11) 41leol| po
ey E[|V . < * 4 g
K +1 kgo [” f(l'k)H*] = ﬁ(K + 1)2/7 (K I 1)5/7 (K + 1)2/7 (K + 1)2/7
2M, Ui
2 [ M, —L Li1) | —————.
+ ( o+ 3 o0 exp( m)) (K—|—1)2/7

Finally, by the fact that mingego,1,.... 5} E[||Vf(zr)l,] < ﬁ Zf:o E[|IVf(zx)|,], we obtain
the final result.
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F EXPERIMENTS

To ensure a fair and reproducible comparison, the initialization and hyperparameter schedules were
standardized across all experiments.

F.1 INITIALIZATION

For each experiment, a single initial parameter vector, xg, was generated by drawing from a normal
(Gaussian) distribution, g ~ N(0,1). The random seed was fixed to ensure that this exact same
starting point was used for every algorithm evaluated in that experiment. This "far start" initialization
is designed to test the robustness and convergence capabilities of the optimizers from a non-trivial
region of the parameter space.

F.2 STEPSIZE AND MOMENTUM SCHEDULES

The learning rate 7y and the momentum parameter o, are decayed at each iteration k. The schedules
are chosen based on the theoretical underpinnings of each class of algorithm. Let 7 be a pre-defined
initial learning rate.

* For Polyak Momentum: This first-order method uses its standard theoretically-backed
schedule:

1 _ 10
VErL T e )i

* For Extrapolated Momentum: This method uses a distinct schedule designed for its up-
date rule:

o =

_ _
k+ 077 ™ Gy )
 For all Second-Order Momentum Variants (SOM-V1, SOM-V2, 3-SOM-V1, and (-

SOM-V2): These methods share a common schedule for their primary learning rate and
momentum parameters:

o =

1 7o

R R Ve A () PTER

These schedules ensure that the step sizes and momentum contributions diminish over time, a nec-
essary condition for convergence in stochastic optimization.

F.3 NONCONVEX LOGISTIC REGRESSION

We evaluate the performance of several stochastic optimization algorithms on a composite non-
convex problem. The objective is to benchmark their convergence speed and stability on a logistic
regression task augmented with a non-convex regularizer.

The model is a standard logistic regression classifier. The experiment is conducted on the splice
dataset from the libsvm library, which contains 1000 training samples and 60 features.

The optimization objective is to minimize a composite function f(z), defined as:
min f(z) = L(z) + R(x)
zER?

where z € R% is the vector of model parameters. The loss term £(z) is the standard mean logistic
loss:

N
1
L(z) = > log(1 + exp(—y;a; z))
=1

The regularization term R(x) is the non-convex Welsch regularizer, defined as:
d 2
R@) =AY —
= 1+ a3
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The regularization hyperparameter \ is set to 0.01.

Figure 5] displays the convergence behavior of the three algorithms over 20000 iterations. The train-
ing loss plot shows that the second-order methods containing Hessian information (Variant 1, Vari-
ant 2) outperform the first-order Polyak Momentum. Among these, Variant 2 achieves the fastest
convergence and reaches the lowest final loss value.

The gradient norm plot corroborates these findings. While all methods exhibit stochastic oscilla-
tions, the overall trend for the second-order methods is a more rapid and consistent decrease in the
gradient norm. The Polyak Momentum method converges to a region with a substantially higher
gradient norm, indicating a less optimal solution.

1]
10 —— Variant 1

Variant 2

Polyak Momentum

—— Variant 1

Variant 2

Polyak Momentum

6x 10°

Training Loss
Gradient Norm ||V f(z)

100 4

4x10°

—

0 2500 5000 7500 10000 12500 15000 17500 20000 0 2500 5000 7500 10000 12500 15000 17500 20000
Iterations (k) Iterations (k)

Figure 5: Main algorithm comparison for logistic regression. Training loss vs. iterations. Gradient
norm vs. iterations.

F.4 MULTI-LAYER PERCEPTRON

We investigate the performance of several stochastic optimization algorithms on a non-convex binary
classification problem. Our goal is to compare their convergence properties.

The model is a Multi-Layer Perceptron (MLP) with two hidden layers, implemented in PyTorch.
The experiment is conducted on the splice dataset, obtained from the libsvm library. It consists
of 1000 training samples, each with 60 features.

The optimization objective is to minimize a composite function f(x), which includes a standard loss
term and a non-convex regularizer:

min f(z) = L(z) + R(z)

where z represents the flattened vector of all model parameters.

The loss term, £(x), is the mean Binary Cross-Entropy with Logits loss, calculated over the entire
training dataset.

The regularization term, R(z), is the non-convex Welsch regularizer, chosen to create a more chal-
lenging optimization landscape. It is defined as:

d 2

o
R(z) =AY —
p 14z

where ) is the regularization hyperparameter, set to 0.01.
We set the theoretical learning rates for the algorithms considered.

The results are presented in two separate comparisons. Figure [6] compares four momentum-based
algorithms. Among these, SOM-V2 achieves the lowest final training loss. Extrapolated Momentum
and SOM-V1 perform similarly, while Polyak Momentum converges to a slightly higher loss. The
gradient norm plot for this group shows that all methods successfully reduce the gradient’s magni-
tude, though their convergence paths exhibit the high variance characteristic of stochastic methods.
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Figure 6: Comparison of momentum-based methods. Left: Training loss vs. iterations. Right:
Gradient norm vs. iterations.

Figure [7] compares the standard second-order momentum methods (SOM-V1 and SOM-V2) with
their S-HVP counterparts. The results clearly show the benefit of the additional Hessian term, as
both 5-SOM-V1 and $-SOM-V2 outperform their respective base variants. S-SOM-V2 demon-
strates the strongest overall performance, converging to the lowest training loss of all tested algo-
rithms. The gradient norm plot also suggests that the 5-SOM methods, particularly 3-SOM-V2,
offer a more consistent decrease in gradient magnitude compared to the standard SOM-V1 and
SOM-V2 methods.
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Figure 7: Comparison of HVP-based methods. Left: Training loss vs. iterations. Right: Gradient
norm vs. iterations.

F.5 RECURRENT NEURAL NETWORK TRAINING

The model is a two-layer LSTM network designed for word-level language modeling. The architec-
ture consists of an embedding layer (200 dimensions), a two-layer LSTM core with hidden units of
size 200, and a final linear decoder layer to produce logits over the vocabulary.

The experiments are conducted on the Penn Treebank (PTB) dataset, a standard and widely-used
benchmark for evaluating language models.

Key statistics and preprocessing steps are as follows:
* Corpus Size: The dataset is split into training, validation, and testing sets. The training
portion, used in our experiment, contains approximately 929, 000 tokens.

* Vocabulary: A dictionary is constructed from the unique words present in the training
data. An end-of-sentence token, <eos>, is added to each sentence, resulting in a total
vocabulary size of 10, 000 unique tokens.
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* Tokenization: The raw text is tokenized by splitting on whitespace, and each word is
converted into its corresponding integer index from the vocabulary.

» Batching: For training, the entire sequence of token IDs is reshaped into a fixed number
of parallel streams (a batch size of 20 in our case). The model is then trained on sequen-
tial chunks of this data using Truncated Backpropagation Through Time (BPTT) with a
sequence length of 35.

The objective is to minimize the standard Cross-Entropy Loss. The parameter update follows the
LMO-based rule:

ZTgt1 = T + lmo(my)
where the Linear Minimization Oracle, Imo(my), is defined as:

Imo(my,) := arg min{my, v).
lvl| <nw

We compare six algorithms: Polyak Momentum, SOM-V 1, SOM-V2, our proposed 5-SOM-V1 and
(5-SOM-V?2 variants, and Extrapolated Momentum. The hyperparameter schedules for aj and 7y,
are set to their theoretical values for each respective algorithm.

F.6 THE CASE WHEN ||-|| 1S A EUCLIDEAN NORM

For this experiment, we use the Euclidean (¢3) norm. The results of the LMO-based training, pre-
sented in Figure[8] reveal a significant divergence in performance between the first-order and more
advanced momentum methods. The simple momentum update rule is less efficient at navigating

LMO with Euclidean Norm
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9x10° SOM-V2

Polyak Momentum
—— B-SOM-V1
—— B-SOM-V2

—— Extrapolated Momentum

8x10°

Training Loss

7% 10°

0 50 100 150 200 250 300 350 400
Training Batches

Figure 8: Training loss vs. training batches for the LSTM model using an LMO update with the
Euclidean norm. The plot highlights the stronger performance of the other five methods over Polyak
Momentum.

the loss landscape for this task. In contrast, the other five algorithms, which all incorporate either
second-order (HVP) or extrapolated gradient information, form a tight cluster of high-performing
methods. They converge faster and to a lower loss value than Polyak Momentum. Within this cluster,
SOM-V2 and 3-SOM-V2 often achieve a marginally lower loss, suggesting that calculating the cur-
vature information at the current point zj, (rather than the interpolated point used by SOM-V1 and
B-SOM-V 1) may offer a slight advantage. The strong performance of these five methods indicates
that the LMO update rule is a highly effective stabilization technique when paired with momentum
strategies that utilize more sophisticated directional information.

F.7 THE CASE WHEN ||-|| IS £5,-NORM

To further investigate the effect of the update geometry, we conducted a parallel experiment where
the LMO is constrained by the Infinity norm (¢,). The resulting training loss curves are presented
in Figure [9] The most immediate observation is that while all algorithms still successfully guide
the training process toward a lower loss, the convergence path is significantly less stable. The loss
curves for all methods are characterized by high-frequency, large-amplitude oscillations.
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Figure 9: Training loss vs. training batches for the LSTM model using an LMO update with the
Infinity norm. The optimization process is successful but visibly less stable than with the Euclidean
norm.

This instability is an expected consequence of the /., LMO. Unlike the smooth, normalized di-
rection vector produced by the ¢2 norm, the /., LMO generates a more aggressive update where
every component of the step vector is pushed to its maximum value. This results in a more chaotic
exploration of the parameter space, leading to the observed volatility in the training loss.

An important consequence of this instability is that the clear performance hierarchy observed in the
Euclidean experiment has vanished. The loss curves for all six algorithms are tightly intertwined,
and no single method demonstrates a consistent advantage. This suggests that the high variance and
non-smooth nature of the ¢, update step dominate the more subtle directional corrections offered
by the second-order and extrapolated momentum terms.

While the final loss values appear comparable to those achieved with the ¢, norm, the convergence
path is significantly less stable, making the Euclidean norm the more reliable and predictable choice
for this particular language modeling task.
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