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ABSTRACT

Adaptive optimizers can reduce to normalized steepest descent (NSD) when only
adapting to the current gradient, suggesting a close connection between the two
algorithmic families. A key distinction between their analyses, however, lies in
the geometries, e.g., smoothness notions, they rely on. In the convex setting,
adaptive optimizers are governed by a stronger adaptive smoothness condition,
while NSD relies on the standard notion of smoothness. We extend the theory of
adaptive smoothness to the nonconvex setting and show that it precisely character-
izes the convergence of adaptive optimizers. Moreover, we establish that adaptive
smoothness enables acceleration of adaptive optimizers with Nesterov momentum
in the convex setting, a guarantee unattainable under standard smoothness for cer-
tain non-Euclidean geometry. We further develop an analogous comparison for
stochastic optimization by introducing adaptive gradient variance, which paral-
lels adaptive smoothness and leads to dimension-free convergence guarantees that
cannot be achieved under standard gradient variance for certain non-Euclidean
geometry.

1 INTRODUCTION

Adaptive optimizers such as Adam have been indispensable for training large-scale machine learning
models (Bi et al., 2024; Dubey et al., 2024; Yang et al., 2025; Wen et al., 2025). Their dominance in
training efficiency, however, has recently been challenged by the surprising effectiveness of simpler
Normalized Steepest Descent (NSD)-type methods such as Muon and Lion (Jordan et al., 2024;
Chen et al., 2023; Team et al., 2025; Liu et al., 2025; Shah et al., 2025). Behind this competition
of two family of optimizers, a broader consensus has begun to emerge: their superior performance
is critically related to their ability to exploit non-Euclidean geometry of the loss landscape (Balles
et al., 2020; Xie & Li, 2024; Zhang et al., 2024; Pethick et al., 2025).

Recent studies have rigorously characterized how adaptive optimizers exploit non-Euclidean geome-
try. For example, Maladkar et al. (2024) and Xie et al. (2025a) show that AdaGrad and Adam benefit
from exploiting the ¢,-geometry of loss functions, and a one-sided variant of Shampoo has been
shown to leverage the geometry induced by the matrix spectral norm (Xie et al., 2025b; An et al.,
2025). Notably, Bernstein & Newhouse (2024) proposed a striking connection between adaptive op-
timizers and NSD: with exponential moving average (EMA) turned off, certain adaptive optimizers
reduce exactly to their NSD counterparts. For example, without EMA, Adam coincides with NSD
under the /., norm, and Shampoo coincides with NSD under the matrix spectral norm, which is
proposed to be an independent algorithm Muon. Yet, beyond these connections, there is no formal
result that systematically characterizes the relationship between the two families of algorithms. This
naturally motivates the following question:

Q1. Do adaptive methods (like Adam, Shampoo) and their corresponding non-Euclidean
descent (like Lion, Muon) exploit the non-Euclidean geometry of loss landscape in the same way?

To address this question, we adopt a theoretical perspective and focus on comparing different types
of smoothness assumptions that underpin the analysis of these methods. In fact, even under the
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same geometry, two distinct notions of smoothness arise. The first is the standard smoothness under
a general norm (cf. Definition 2.3), which governs the convergence rate of NSD. The second is
called the adaptive smoothness (cf. Definition 2.4), introduced by Xie et al. (2025b) and shown to
govern the convergence rate of adaptive optimizers in the convex case. Indeed, a main contribution
of our work is to show that adaptive smoothness also characterizes the convergence rate of adaptive
optimizers in the nonconvex setting. Therefore, while both adaptive optimizers and NSD can exploit
non-Euclidean geometry, they rely on fundamentally different smoothness assumptions.

This difference is not merely terminological but quantitative: adaptive smoothness is always no
smaller than the standard smoothness under the same geometry. In other words, from the standpoint
of technical conditions, the adaptive smoothness represents a stronger assumption, which in turn
motivates our second question:

Q2. Does the stronger smoothness assumption in adaptive methods offer optimization benefit?

We answer this question affirmatively. In particular, we show that by leveraging Nesterov accel-
eration, adaptive optimizers can attain an accelerated O(7~2) rate under adaptive smoothness in
the convex setting. In sharp contrast, it has been shown by Guzman & Nemirovski (2015) that the
convergence rate of any optimizer is no better than Q(7'~!) under the standard ¢, smoothness as-
sumption. This establishes a clear separation: adaptive smoothness enables adaptive optimizers to
achieve acceleration under non-Euclidean geometry, while the standard smoothness fails. Therefore,
the stronger adaptive smoothness assumption indeed translates into concrete optimization benefits,
showing its difference from the standard smoothness.

In fact this difference has a direct and interesting analogy in terms of the noise assumption in the
stochastic setting. When gradient noise is present, its variability can be measured in two distinct
ways: the standard variance considers gradient variation under a fixed norm, whereas the adaptive
variance (cf. Definition 4.1) measures noise in a more stringent but also more adaptive way that
requires uniform control over the geometry prescribed by each preconditioner under consideration.
By construction, adaptive variance is always no smaller than standard variance, directly paralleling
the relationship between adaptive and standard smoothness. Analogous to adaptive smoothness that
enables acceleration under a stronger requirement, adaptive variance can likewise yield benefits
despite being larger. We demonstrate this through a careful analysis of NSD under two types of
noise assumptions: adaptive variance enables a dimension-free rate, which is not attainable in the
worst case under the standard variance condition.

Taken together, our results demonstrate that adaptive smoothness and adaptive variance are different
from their standard counterparts as adaptive smoothness enables an acceleration rate and adaptive
noise enables a dimension-free rate. These findings reveal an intricate interplay between adaptivity
and non-Euclidean geometry, deepening our theoretical understanding of adaptivity in optimization.

Below we summarize our main contributions.

* In Section 3, we show the convergence rate for adaptive optimizers on nonconvex func-
tions (Theorems D.2, D.7 and D.8), which depends on the adaptive smoothness and matches
optimal ON(T’l/ 4) rate. It theoretically justifies that adaptive methods and NSD exploit the
geometry through different smoothness notions in the nonconvex setting.

* In Section 4.2, we identify the benefit of the adaptive smoothness by showing it enables an

acceleration rate O(T‘Q) of adaptive optimizers equipped with Nesterov momentum (The-
orem 4.3) in contrast to the convergence rate (7"~ 1) the standard /., smoothness.

* In Section 4, we extend the benefit of adaptive geometry to noise assumptions by introduc-
ing adaptive noise (Definition 4.1). We show that this stronger notion of noise can provide
a new type of convergence rate for NSD with momentum on nonconvex functions which
gets rid of dependence on parameter size d (Theorem 4.5). We complement its superiorty
by providing a lower bound under the standard noise (Theorem 4.7).

 Our analysis of adaptive optimizers is carried out through a unified framework that covers
a broad class of methods, including AdaGrad, AdaGrad-Norm, and one-sided Shampoo.
The proof technique developed in this framework may be of independent interest.
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1.1 NOTATIONS

Let M be the set of all d-by-d matrices, S¢ C M be the subset of all symmetric matrices. We use
Sjir to denote the set of positive semi-definite matrices. We denote by I; € M? the identity matrix.

For matrices A, B, we denote their inner product by (A, B) = Tr(AT B).

For H € 84, ||z| g = V& Ha is the (semi-)norm of € R? with respect to H. For a convex
set H C 8%, we define the induced -norm as

5 == sup | g - (1)
HeH, Tr(H)<1

Throughout the paper, we reserve f for the loss function and x for the initialization of an optimiza-
tion algorithm. For convenience, we denote the initial suboptimality as Ay = f(x() — min, f(x).

2 FROM ADAM/SIGNGD TO ADAPTIVE SMOOTHNESS

We use the example of Adam and SignGD to motivate the notion of adaptive smoothness in Sec-
tion 2.1, and then present the formal definition in Section 2.2, along with some related background.

2.1 ADAM AND SIGNGD CAN EXPLOIT ¢, GEOMETRY, BUT IN DIFFERENT WAYS

We start by discussing a specific pair of algorithms, Adam and SignGD, to illustrate the problem
of interest. It is known that SignGD can be viewed as Normalized Steepest Descent (NSD) under
the /-, norm and its convergence rate for deterministic nonconvex functions admits the following
form (Xie et al., 2025a)

A0L|~x(f))

i <
min [V f(xe)]1 < 0( T

where Ly _(f) is the standard smoothness of f under the £, norm (see Definition 2.3). Note that
SignGD can also be viewed as a special case of Adam with 5; = B2 = 0. However, the convergence
rate of Adam for general 31, B2 instead depends on a different diagonal adaptive smoothness notion,
which is defined as Lqiag(f) = mingepe _pg<v2fz)<g Tr(H) in Maladkar et al. (2024); Xie
et al. (2025a). In particular, Adam with 8; = 0 (a.k.a. RMSProp) for deterministic nonconvex

functions admits the convergence rate minye|7) ||V f(x¢)[1 = O(\/AoLaiag(f)/T) (Xie et al.,
2024). Notably, this diagonal adaptive smoothness is always no smaller than L”,Hx( f) (Balles
et al., 2020). This suggests that though both SignGD and Adam admit convergence guarantees for
the ¢1 norm (the dual norm of || - || ) of the gradients, they achieve so under different smoothness
notions. This distinction motivates the following question:

How does the diagonal adaptive smoothness Lqiag () emerge as an U, geometry?

To address this question, let us consider the convergence rate of NSD under any norm || - || g for
HecH= fo_ (see Theorem 4.5):

BoLy i (f)
in |V =0 — ViIHEAZ 2
win [Vf (@), ( T 2
where || - ||, is the dual norm of || - ||i. Minimizing both sides of (2) over H € D% with

Tr(H) < 1 yields

. . Ay Ao Laiag(f)

f - =0 f L. — Z0~diag\J /

diagoéﬁHiO trg[ljl}] ”vj‘(xt)HH’ O( T diagoiﬁHﬁO I H(f)> O( T (3)
Tr(H)<1 Tr(H)<1

where the equality can be checked by the definition of Lgiae(f). Now the right-hand side matches
the aforementioned convergence rate of Adam. The adaptivity of Adam is then demonstrated by its
ability to automatically identify and adapt to the best diagonal matrix-induced norm for any given
loss function, without the need of knowing H.
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Importantly, the left-hand side of (3) is closely related to the #; norm of the gradients because

sup -1l =1 lloos . inf |- ez =111 “4)
diagonal H>0,Tr(H)<1 diagonal H>0,Tr(H)<1
We illustrate this fact in Fig. 1. In words, this means that the £, norm is the pointwise supremum of
all weighted (5 norms induced by diagonal matrices with unit trace, whereas its dual, the {1 norm, is
the pointwise infimum of all the corresponding dual norms. Also, the unit £, ball is the intersection
of all unit balls for those ¢5 norms, and the unit #; ball is the union of all dual unit balls.

Indeed, the duality between supremum of a class of primal norms and infimum of the corresponding
dual norms in (4) is not just a coincidence, but rather a special property induced by the structure
of the preconditioner set H = Di for Adam. This property holds more generally for any well-

structured preconditioner set and we discuss the corresponding adaptive smoothness in Section 2.2.

2.2 ADAPTIVE SMOOTHNESS ASSOCIATED WITH WELL-STRUCTURED PRECONDITIONER

The following definition of well-structured preconditioner sets is proposed by Xie et al. (2025b) to
unify the analysis of a broad family of adaptive optimizers with structured preconditioners.

Definition 2.1 (Well-structured preconditioner set). H C Si is said to be a well-structured precon-
ditioner set if H = Sﬁir N K for some matrix subalgebra' K C M% with I; € K.

As will be discussed in Section 3.1, many commonly used adaptive optimizers, including Adam,
AdaGrad, and their variants, can be cast into the framework of a meta-algorithm (Algorithm 1)
with well-structured preconditioner sets. A specific case is H = D, the set of all diagonal PSD
matrices, which is the running example in the previous subsection. For any such well-structured pre-
conditioner set H, we have the duality between the supremum of the primal norms and the infimum
of the corresponding dual norms, formalized in the following lemma.

Lemma 2.2. Let H C Sf_ be any well-structured preconditioner set. Recall that its induced norm

is defined as || - || = supg ey mv(ey<i | - |- Then it holds that
Il = imf .= dnf g
HeH, Tr(H)<1 HeM, Tr(H)<1

Based on this fact, we can generalize the discussion in Section 2.1 to any well-structured precondi-
tioner set H, showing that NSD and adaptive optimizers with preconditioner set 7{ can exploit the
geometry induced by || - || = || - || via two different smoothness notions, the former being the stan-
dard smoothness under || - || and the latter being the adaptive smoothness defined in Definition 2.4.

We proceed to introduce the adaptive smoothness associated with any well-structured preconditioner
set H. We first review the standard smoothness notion under a general norm ||-||.

Definition 2.3. For a loss function f : R* — R and any norm |-
denote the smoothness of [ with respect to ||-

IVf(x) = Vi)ll, < Lz -yl forany ., y.

When || - || = || - |3 for some well-structured preconditioner set , L. (f) is then the standard
smoothness of f under the norm induced by 7. In contrast, the adaptive smoothness associated
with # is defined as the smallest smoothness of f under all norms || - || gy induced by H € H with
Tr(H) < 1, as formalized below. This term is introduced as #-smoothness in Xie et al. (2025b). We
rename it to highlight this notion adapts to the structure of #, in contrast to the standard smoothness.

, we will use L. (f) to
, L.e., the smallest positive constant L such that

Definition 2.4 (Adaptive Smoothness, Xie et al. 2025b). The adaptive smoothness of a function f
w.r.t. a well-structured preconditioner set H is defined as the smallest smoothness of f under all
I | for H € H with Te(H) < 1, that is,

An(f)= min Ly, (f) = nin Tr(H). (5)
Tr(H)<1 Va,-H=V?f(x)<H

'For a set of d-by-d matrices X C M, we say that K is a subalgebra if it is closed under scalar mul-
tiplication, matrix addition, and matrix multiplication. More concretely, we require that for any o« € R and
A,B c K,itholds that «A, AB, A+ B € K.
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Algorithm 1 General Adaptive Optimization Algorithm

Hyperparam: ¢ > 0, total steps T, learning rate 7, convex cone H C S, decay factor 3
Input: initialization ¢, stochastic loss functions {f;}7_; : R — R
M_1 ~—0
fort=0,1,--- T —1:
gi <+ V fi(xy)

M; | +g:g/, Cumulative variant,
M, «+  BM; 1+ (1—B)g:g], EMA variant,
BM;_ 1+ g9/, Weighted variant.

V; < arg mingy oy <Mt +ely, H_1> + Tr(H)
T — -1V, gy
return

In the deterministic convex setting, it has been shown by Xie et al. (2025b) that the conver-
gence rate of an adaptive optimizer with any well-structured preconditioner set H is of order
OAu(f)|1X ||§_[ /T). In Section 3, we extend such characterization to the nonconvex setting,
demonstrating that the adaptive smoothness A (f) governs the convergence behavior of any adap-
tive optimizer with well-structured preconditioner set H.

Comparison between two smoothness notions. For any H € H with Tr(H) = 1, it always
holds ||z — yll, > & — ylly and [V (@) — V@)l < IVF@) = VF(y)] 5. Therefore,

V@) = ViWle. sup IV (@) = VI(Y)lly..

Ly, (f) = sup = Ly, (F).
Iller iy I~y 2y Iz —ylly Il

Minimizing over H € H with Tr(H) = 1 then yields Ay (f) = Ly, (f) > Ly, (f). In other
words, as a condition, the adaptive smoothness is arguably stronger than the standard smoothness.
But they can differ by at most a multiplicative factor of d, as summarized in Proposition 2.5.

Proposition 2.5. For any well-structured preconditioner set H C Sff and any loss function f :
R? — R, it always holds that Ly, () <Ay (f) <d- Ly, ()

3 UNIFIED ANALYSIS IN THE NONCONVEX SETTING

In the nonconvex setting, we establish a unified analysis that encompasses a broad family of adaptive
optimization algorithms. Our result highlights how the convergence behavior of these methods
depends critically on the notion of adaptive smoothness.

3.1 ADAPTIVE OPTIMIZERS WITH WELL-STRUCTURED PRECONDITIONER SETS

We adopt the framework in Gupta et al. (2017) and Xie et al. (2025b) to describe adaptive optimiz-
ers in a unified way, as displayed in Algorithm 1. This meta-algorithm is flexible in two aspects:
the way of aggregating past gradients and the choice of preconditioner set 4. First, there are three
different ways to aggregate the past gradients in Algorithm 1, each of which is presented in a sep-
arate algorithm block in Appendix D.1. The cumulative and EMA variants are the most common
ways, and they are indeed equivalent to the weighted variant up to hyperparameter transformations.
Therefore, it suffices to study the weighted variant, and the results for the other two variants follow
as corollaries. Another flexibility of Algorithm 1 comes from the choice of convex cone H. More
specifically, Algorithm 1 recovers several standard optimizers by specifying H as follows:

* H = {all diagonal PSD matrices} recovers AdaGrad and Adam.
* H={cI;|c> 0} recovers AdaGrad-Norm and AdaSGD (Wang & Wiens, 2020).
c H = Si recovers full-matrix AdaGrad (Duchi et al., 2011).

* H= SiL ® 14, yields one-sided Shampoo/ASGO recently proposed by (Xie et al., 2025a;
An et al., 2025)
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In particular, based on the notion of well-structured preconditioner sets defined in Definition 2.1, Xie
et al. (2025b) develops a unified convergence analysis for Algorithm 4 in the convex setting, and the
convergence rate depends on the adaptive smoothness with respect to H defined in Definition 2.4.

Additional notations. We define P (M) := argmingcy (M, H ') + Tr(H) for any M €
8¢, . Thenin Algorithm 1, V; = Py, (M,) and Lemma B.4 will show that Py, (M )? is the projection

of M onto H. Specifically, when H contains all the PSD matrices, V; is M.

3.2 CONVERGENCE RATE IN THE DETERMINISTIC NONCONVEX SETTING

Here we only present results for the deterministic case to highlight the role of adaptive smoothness,
and the complete results for the (stochastic) nonconvex setting and corresponding proofs can be
found in Appendix D.2. We first present the convergence guarantee for the weighted variant of
Algorithm 1 in the following theorem.

Theorem 3.1. For any ¢ > 0, B € (0,1, n > 0, and T € N, let {x;}]_ be the iterates of
Algorithm 1 with well-structured preconditioner set H, where the update of M follows the weighted
version, i.e., My = BM;_| + gig/ forallt € [T]. Let Ay (f) be the adaptive smoothness of the
loss f according to Definition 2.4. Then when f; = f, it holds that

1 SErT

where & = 280+ nAy, (f) ||St|,, and St = B2 Vi (V2 = BVE )V,

Srlp = O (loa(d)[(1 — BT/ + log(d)]). When
Stll,, = (1— BT +0 (1)

For general well-structured preconditioner set,

the preconditioner set only has diagonal matrices,

The above result for the weight variant can be converted to guarantees for the cumulative and EMA
variants. Specifically, the cumulative variant is equivalent to weighted accumulation with § = 1
while the EMA variant with learning rate n* and stability constant ¥ produces identical iterates as
weighted accumulation with n"V' = ¥ /\/T — B and €V = €¥ /(1 — 3). Below we present the result
for the cumulative variant in Theorem 3.2, and the result for the EMA variant is in Theorem D.8.

Theorem 3.2. Foranye > 0,1 > 0, and T € N, let {wt}tTZO be the iterates of Algorithm 1 with
well-structured preconditioner set H, where the update of M follows the cumulative version, i.e.,
M; = M, | +g:g/ forallt € [T). Let Ay (f) be the adaptive smoothness of the loss f according
to Definition 2.4. Then when f; = f, it holds that

1 1
— — /
7 2 VS @l < 7 &+ Vae /i)

where € = O (% + - Ay (f)log? d). Moreover, when setting n = , /W, it holds that

¢ = O(\/Bo - Ay (f) log d).

At a high level, Theorem 3.2 shows that, with appropriate hyperparameters, Algorithm 1 with any
well-structured preconditioner set H achieves a convergence rate of order O(logd - v/AoAx (f)/T)

on deterministic nonconvex functions where O(+) hides logarithmic factors in problem parameters
other than the dimension d. This result illustrates that the adaptive smoothness A, (f) governs the
convergence rate of adaptive optimizers in the nonconvex setting, complementing previous results
for the convex setting in Xie et al. (2025b). Moreover, we remark that when 7 contains only diagonal
matrices, the log d factor disappears, recovering the bounds in Xie et al. (2025a).

It is worth noticing that the convergence guarantees in the above two theorems are concerned with
[V f(2¢)|3 . depending on specific H rather than ||V f(z.)||,. For the specific case of Adam where
‘H is the set of all diagonal PSD, this becomes a guarantees in terms of ¢; norm of the gradients, as
we discussed in Section 2.1. On the other hand, Pethick et al. (2025); Kovalev (2025a) show that

. AoLy. . o
NSD achieves O((M)%) in the deterministic case. Taken together, these two rates suggest

that adaptive optimizers and NSD exploit different smoothness notions in the nonconvex setting.
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3.3 TECHNICAL CONTRIBUTION: A NOVEL MATRIX INEQUALITY

Previous theoretical results for one-sided Shampoo/ASGO (Algorithm 7) and other well-structured
preconditioners primarily focus on convex objectives (Xie et al., 2025b; Kovalev, 2025a). In the non-
convex regime, existing convergence analyses apply essentially when the preconditioner set contains
only diagonal matrices® (Xie et al., 2025a). In contrast, we show the first unified convergence anal-
ysis that applies to any general well-structured preconditioner set, well beyond the diagonal cases.

A central difficulty in our analysis is the extension from diagonal preconditioners to a general pre-
conditioner set /. In the diagonal case, the proof basically decomposes to entry-wise analyses, and
scalar telescoping readily yields the desired bounds. However, for general H, noncommutativity
prevents such simplification, and bounding the second-order terms requires handling delicate matrix
inequalities. Our resolution of this challenge yields a key technical contribution, formalized below.

Lemma 3.3. Let ¢ > O and 8 € (0,1. For any T € N, consider any sequence of vec-
tors go,...,gr—1 € RL Let M_y = 0, and recursively define M; = SM;_ | + g:g, for
t=0,...,T — 1. For any well-structured preconditioner set H, define V; = arg min g4, (M; +
ely, H™') + Tr(H) for each t € [T — 1]. Then for any H € H NS, it holds

T-1 T-1
DIVt gl < Te(H) ||Sell,,  where Sr =YV, (V2 = BVE,) Vi
t=0 t=0

Moreover, there exists an absolute constant Cy,Cy > 0, independent of d, T, €, 8 and 'H, such that

t=0

T-1
d 1-—
|82l < 1 (1 +tog (142 Y gl + a1 - B)T)> (F577 +1ox I V21 feln ) + C.

In the special case when H is commutative, the above bound can be further improved to

< (1= B)T +log | Vi /ellop-

op —

1Sl

Specializing g,’s to be the gradients, Lemma 3.3 provides a general upper bound on the sum of
second-order terms. It highlights the essential gap between diagonal and general preconditioner
sets: noncommutativity introduces an additional log d factor, making the dependence strictly worse
than in the diagonal case. Nevertheless, this is the first bound that applies to arbitrary well-structured
preconditioner sets, and it plays a central role in extending convex analyses to the nonconvex setting.

The proof of Lemma 3.3 can be found in Appendix C. A key step is to establish a novel matrix
inequality Lemma C.1 that relates the difference between two positive definite matrices to the dif-
ference between their logarithms, which may be of independent interest.

4 BENEFIT OF ADAPTIVE GEOMETRY

We have shown in Section 3 that the nonconvex convergence rate of adaptive optimizers relies criti-
cally on the adaptive smoothness of the loss, and the bound is worse than that of the corresponding
NSD. This naturally raises the concern in Question 2: does the stronger adaptive smoothness lead to
stronger results? In this section, we address this question from two complementary angles:

1. Under the adaptive smoothness assumption, adaptive optimizers can achieve faster conver-
gence rates on convex functions via Nestrov acceleration.

2. The distinction between standard smoothness and adaptive smoothness mirrors a parallel
separation in the assumptions on gradient noise.

At a high level, these two angles share the same underlying mechanism: Under non-Euclidean
geometry, averaging might not be effective in reducing the norm, which we will explain below.

2This can be generalized to any commutative well-structured preconditioner set.
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Algorithm 2 Accelerated Adaptive Algorithm Algorithm 3 NSD with momentum
Hyperparam: ¢ > 0, total steps T, learning rate , Hyperparam: ¢ > 0, total steps 7', learning

convex cone H C S rate 7, norm || - ||, averaging parameter o
Input: initial 2, constants «p, ..., ar € (0, 1] Input: initialization @(, initialization my,

Ty xo, M1+ 0 stochastic loss functions { fedE,
fort=0,1,..., 7T —1: fort=0,1,---,T—1

gt < Vf‘”’ t(wt) where f® is in (8) gt < Vft(wt)

M, — M, 1 + g9/ my < (1 —a)m_1 + agy

V; < arg min <Mt + elg, H*1> + Tr(H) Uy < arg max (my, u)

HeH el <1

Ty < @ — NV, g LTet1 € Ty — Ut

Liqp1 & iyl + (1 — Oét)ﬂ_ﬁt return
return T

4.1 ADAPTIVE VARIANCE: AN ANALOGUE OF ADAPTIVE SMOOTHNESS

Our main results in this section are concerned about accelerated adaptive algorithms for convex
functions and NSD in the nonconvex setting. Before presenting these results, we introduce a key
technical ingredient: adaptive variance, a quantity that serves as the analogue of adaptive smooth-
ness for gradient noise.

Definition 4.1 (Standard and adaptive gradient variance). For an index set T, let { fi }+eT be a set
of stochastic loss functions where each f; : R* — R.

s For any norm || - || on RY, the gradient variance of { f; }ic under || - || is defined as
o ({fe}eer)? = sup vaft E[Vfi(z H ] 6)
teT ,xeR

* The adaptive gradient variance of { f; }+c7 w.r.t. any well-structured preconditioner set H is

oulfiher)’ =, min,  swp E[|Vi@) -ELi@][] O

This adaptive variance is inspired by the noise assumption in Kovalev (2025a), both capturing the
overall variation of gradient noise in the geometry induced by H. Compared with the traditional
noise assumption that only characterizes ¢ norm variance, adaptive variance provides a more in-
formative measure. In addition, analogous to the comparison between Ay (f) and L. (f), the

adaptive variance is always no smaller than |[|-||,, ,-variance, as formalized in Proposition B.11.
:

Here we can compare Definition 4.1 with bounded covariance assumption in Xie et al. (2025b); An
et al. (2025) that there exists X = 0 such that E[V f(z;) — V fi(z:)][Vf(z:) — Vfi(z)] T < .
When the covariance matrix is upper bounded by 3, 03y < Tr(Py(X)) for general H as shown
in Proposition B.10. On the other hand, Definition 4.1 doesn’t require the existence of 3 that can
upper bound the covariance matrix everywhere. Therefore, Definition 4.1 is a weaker assumption
than the bounded covariance assumption.

4.2 ACCELERATION ON CONVEX FUNCTIONS

We follow the framework in Kovalev (2025a) to formulate a unified class of adaptive optimizers
with well-structured preconditioner sets with Nesterov acceleration in Algorithm 2. Through the
perspective introduced by Kovalev & Borodich (2024), the idea is to interpret each step of Nesterov
acceleration as a single step of standard gradient on a modified loss, i.e., f***®t in Eq. 8. Here for a
constant « € (0, 1] and a reference point &, the corresponding modified loss is defined as

1% (@) == a7 f(az + (1 - a)@). ®

For stochastic convex functions satisfying Assumption 4.2, we establish the convergence rate of
Algorithm 2 in the following Theorem 4.3, whose proof is in Appendix E.

Assumption 4.2. Let f be a convex loss function. For all t € [T] and any x, E|V fi(x)] = V f(x).
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Theorem 4.3. For a well-structured preconditioner set H, let f be a convex loss function whose
‘H-smoothness constant is Ay (f) € (0, 00) according to Definition 2.4. For e > 0, T > 0, consider
Algorithm 2 with oy = 2/(t + 2) fort = 0,1,...,T — 1. Suppose x* is the global minima and
maxi—o1,.. 7-1||Te—x*||u < D for some D > 0 and Assumption 4.2 holds with adaptive gradient
variance o ({f:}1—1)* < 03, for some o3, € [0,00). Then it holds that

T-1

x * 2D —1 D* g 4 Ty -1
Elf(@n) - 1) BT + (g - 2>E<T+1>2 Z ot
2n? -

Moreover, when choosing learning rate n = D, the convergence rate becomes

21002 - ” .

Remark 4.4. A drawback of Algorithm 2 is that the optimal choice of learning rate n in Theorem 4.3
depends on the unknown parameter D = max; ||x; — x*||,,. To circumvent this issue, we follow
the approach in Kovalev (2025a) to introduce a projected variant (see Algorithm 8 and discussion in
Appendix E.2), which ensures that all iterates remain inside a ||-||,,-ball of radius D. The removes
the requirement for prior knowledge of D, and we establish a same convergence rate in Theorem E.5.

Our convergence guarantee attains a deterministic component of order O(A4 (f) D?/T?), an accel-
erated rate governed by the adaptive smoothness Ay (f). In comparison Guzman & Nemirovski

(2015) shows that any first order optimizer can only achieve Q(=\ ul H""(f)) for the specific case of

£+ norm smoothness. Taken together, these results show that the adaptlve smoothness is neces-
sary to achieve the acceleration, which can’t be replaced by the weaker non-Euclidean smoothness,
highlighting its algorithmic benefit and answering Question 2 in the affirmative.

The analysis in Kovalev (2025a) yields similar results when H contains only diagonal matrices.
However, their Assumption 4, which is critical for their analysis, imposes restrictive conditions on
both the loss and the gradient noise for more general 7. By contrast, our approach avoids such
requirements by leveraging Lemma 3.3.

4.3 NONCONVEX RESULTS FOR NSD UNDER ADAPTIVE NOISE ASSUMPTION

The ineffectiveness of averaging in the dual space also leads to difficulty in reducing gradient vari-
ance via averaging To illustrate this, consider i.i. d random vectors &1, . . ., €, with E[x;] = 0 and
E[||z;]|3] < o2 we have E[||2 3" | @;3] < = ® while E[|L > 1:1:z|| ] < d‘%z, and the extra
d factor in the latter bound can be tlght This causes the dimension- -dependent convergence rate of
NSD in the nonconvex setting, as shown in recent works (Pethick et al., 2025; Kovalev, 2025b).

In particular, the dimension-dependent factor p = sup,, % captures the mismatch between

[|||%.« and ||-||2. For diagonal #, NSD reduces to SignGD with ||-||3;.« = ||-||1, yielding p = ©(V/d)
and vacuous bounds when 7' < d. We avoid this by using the adaptive variance assumption. We
prove the stochastic rate of NSD in Theorem 4.5 and the proof is deferred to Appendix F.1.

The concurrent work Kovalev & Borodich (2025) also leveraged the adaptive variance assumption
to prove a dimension-free nonconvex convergence rate of NSD. However, they used a smoothness
metric similar to adaptive smoothness while our Theorem 4.5 uses the standard smoothness. Our rate
is strictly better because of the relationship between standard smoothness and adaptive smoothness.

Theorem 4.5. Let H be a well-structured preconditioner set. For any ¢ > 0, a« € (0,1), n > 0,
and T € N, let {x;}]_ be the iterates of Algorithm 3 with || - || = || - |3 and mo = V fo(x0).
Let L., (f) be the smoothness of the loss f w.rt. ||-[|;, according to Definition 2.3. Suppose

Assumption 4.2 holds with adaptive gradient variance o3 ({f:}1—,)? < 02,. Then it holds that

1 AV 2n 209
E— ; IV I @)l < o+ S () + " + 2o/

Let ag = AOLHH (f)/O'H If ag < 1, then



Published as a conference paper at ICLR 2026

When'T' < aa6, we choose o = T—2/3 and n= /LH - (f)T 5/12_ The rate is O (U?-LT 1/3)

- S . (DoLy (N Vo
> 46 —ag o _ AT oLy
When'T' > a”°, we choose o = ikl Ly D e The rate is O < T4 :

If ag > 1, then

When'T < a3, we choose o = 1 andn = WT 12, The rate is O ( AOL”.”H(f)T‘l/Q)
H

2 _ ag _ o AYtre . (DAoL (NG
When'T' > af, we choose o = T andn = RN The rate is O Cav .
Theorem 4.5 shows that, with appropriate choices of the learning rate 7 and averaging parameter ¢,
NSD achieves a dimension-free rate depending only on the standard smoothness L., (f) and the
adaptive variance o, thereby avoiding the unfavorable p factor. Next Theorem 4.6 shows that such
a dimension-free upper bound is unattainable under the standard gradient variance assumption.
Theorem 4.6. For any ¢ > 0, a € (0,1), n > 0, and T € N, let {z;}1_, be the iterates
of Algorithm 3 with any norm ||-||. Suppose Assumption 4.2 holds with the gradient variance
T\ ({ft}tT_l)2 <oaj. |, for some o € [0,00). Then it holds that

2n 2 .
B Z IV§ (@) < S L)+ o, + 20y - min (La (-l 1)

where 1/)(|| Ny ] < [|2) = supg “f}‘l‘ - SUD, IIwH measures the distortion between the two norms.

Here the norm distortion (|| - |, || - |2) can grow with the dimension d. Consequently, Theorem 4.6
gives two kinds of upper bound for the convergence rate of NSD:

* When T is small (e.g. T' < d), the constant term oy, dominates.

* For sufficiently large 7" and small o (for which the four terms are balanced), the last term
in the upper bound becomes 2., /24 (|| - ||, || - ||2), which depends on d.

Moreover, such a dependence on d is inevitable in the worst case as shown by Theorem 4.7.

Theorem 4.7. For any fixed A, L, 02, d, T, learning rate n, and any averaging parameter o, there
exists a loss function f : R% — R, a sequence of stochastic iid loss functions fo, f1,--- , fr—1 and
an initialization x satisfying the following conditions:(1) f(xo)—infy f(x) = Agand Ly _(f) <
L; (2) For any = € RY, it holds that E[V f,(z)] = V f(x) and E[||V fi(z) — V f(2)||?] < o2

When running Algorithm 3 with || - || = || - ||co, learning rate n, averaging parameter o and initial-

ization xg = 0, it holds that
E m[l}l] IV f(z)|1| = min{e 2577 (dLAG0?)TIT 2,6 25 20}
te

Theorem 4.7 also shows two kinds of lower bound we can achieve on signGD with momentum:

* When T is not large enough, we can achieve the lower bound €2(o), which shows the
hardness induced by the stochasticity and matches the first upper bound in Theorem 4.6.

¢ On the other hand, if we want to achieve the error € < 6’25*50, we require the number of
steps T' = Q(e~2(dLA¢02)7), whose dependence on dimension d is Q(d2).

In conclusion, under the standard gradient variance assumption with || -|| = || ||cc and || - ||« = || - |1,
the d-dependent rate in Theorem 4.6 is unavoidable. In contrast, Theorem 4.5 attains a dimension-
free rate under the adaptive gradient variance assumption, highlighting a fundamental gap.

5 CONCLUSION

We extend the unified analysis of adaptive optimizers to nonconvex functions, establishing conver-
gence rate depending on the adaptive smoothness. It strengthens the comparison between smooth-
nesses that adaptive optimizers and NSD use in the convex settings. We further show the benefit of
adaptive smoothness by showing the accelerated rate of adaptive optimizers with Nesterov momen-
tum. The benefit of adaptive geometry is also justified by comparing two kinds of noise.

10
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A RELATED WORK

Adaptive optimizers. Matrix-valued preconditioning methods such as Shampoo (Gupta et al.,
2018) provide structure-aware updates and a growing body of work refines their preconditioners and
practice (e.g., improved analyses/implementations and Adam—Shampoo hybrids) (Morwani et al.,
2024; Vyas et al., 2024; Lau et al., 2025; Si et al., 2025). Variants like one-sided Shampoo/ASGO
achieve stronger convex rates than earlier methods (Xie et al., 2025b; An et al., 2025), but the
nonconvex guarantees are missing which we show in Section 3. The recent work Frans et al. (2025)
views adaptive optimizers as a modified matrix whitening technique and points out it can outperform
accurate spectral normalization (NSD in our context). They highlight the variance adaptation is
previously overlooked while we also want to understand the benefit of adaptive optimizers/geometry.

NSD. Cutkosky & Mehta (2020) proves the convergence rate O(1/73-5) of normalized gradient
descent with momentum on nonconvex functions. Pethick et al. (2025); Kovalev (2025b) extend the
results to any normalized steepest descent while the smoothness metric becomes smoothness w.r.t.
the specific norm NSD uses. Many works analyze popular optimizers by showing the equivalence
to NSD under some norm, e.g. Lion is NSD under ¢,-norm (Sfyraki & Wang, 2025) and Muon is
NSD under spectral norm (Chen et al., 2025), and thus apply the classic optimization results. Jiang
et al. (2025) achieves a similar result as our Theorem 4.5 but their noise assumption is stronger
than ours and only states the result for specific SignGD. The difference between the two kinds of
smoothness is also discussed in Balles et al. (2020) in the context for SignGD only.

Acceleration. Nesterov acceleration can be viewed as the linear coupling between gradient de-
scent and mirror descent (Kelner et al., 2014; Allen-Zhu & Orecchia, 2014; Cheng et al., 2018).
Through this lens, Cutkosky (2019); Kavis et al. (2019); Joulani et al. (2020); Ene et al. (2021)
applied it on adaptive optimizers with specific structures like diagonal/coordinate-wise and achieve
deterministic O(1/7?) convergence rate.

B AUXILIARY RESULTS

Recall that we define Py (M) = argming ¢y (M, H')+Tr(H) forany M € S% in Section 2.
In this section, we will prove several important properties of P; which will be useful in proving the
convergence rate for general well-structured H.

It will help interpret these results when keeping in mind that Py, (M) = M'/? when H is the PSD
matrix cone, i.e., there is no constraint on the structure.
We will first state Lemma A.2 in Xie et al. (2025b), which will be used a lot in our proof.

Lemma B.1 (Lemma A.2 in Xie et al. (2025b)). Forany A,B € H, if (A, H) = (B, H) holds
forall H € H, then it must be A = B.

Lemma B.2. For any M € Sjir+ and any H € H, A > 0, it always holds that (M ,H) =
(Py(M)?, H) and Py (M + M)* = Py (M)? + M.

Proof. By property (c) in Proposition A.3 in Xie et al. (2025b), we know that for any M > 0,

(M — Py (M)?, Py (M) " HPy(M)™" — Py (M)™") = 0.
Note that H + Py (M) 'H Py (M)~! is a bijection from H to H by lemma A.1 in Xie et al.
(2025b), so we have (M — Py (M)?, H — Py (M)~') = O0forall H € H. H — H — Py (M)~!
is also a bijection from H to H. So we have that (M — Py (M)? H) = 0 for all H € H.

For any A\ > 0 and any H € H, we have that

<PH(M+ )2, > (M + \1;, H)
= (M > (M4, H)
<P H) + (Ma, H)
= (Py(M)* + X4, H) .
Note that Py (M + \1;)? and Py (M)? + A1, are both in H. We conclude Py (M + \;)? =
Py (M)? + M\ according to Lemma B.1. O
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Lemma B.3. Forany My, M> € 8¢, Py (M +M>)* = Py (M;)?+ Py (M>)?%. Foranyc > 0,
Py (cM)? = cPy (M) Forany 0 <X A =< B, it always holds Py (A) < Py(B).

Proof. For any H € ‘H, we have that

Then we have that Py (M + M>)? = Py (M;)? + Py (M3)? from Lemma B.1. For any ¢ > 0, it
holds that

(Py(cM)*,H) = (cM,H)

So it also holds that Py (cM)? = c¢Py(M)? from Lemma B.1.

Moreover, when 0 < A < B, Py(B)? = Py(A)?> + Py(B — A)? = Py(A)2 Then Py(B) =
Py(A) because X'/2 is a monotone function. O
Lemma B.4. If we define proj, (M) = argming; 4, |M — H]| % then it holds that proj,, (M) =
Pr(M)2.

Proof. We define dps(H) = ||M—H||§ = Tr((M — H)(M — H)"). Then Vgdy (H) =
2(H — M). Because H is a cone, by the optimality of proj,, (M), it always holds for any H € H
that

0 = (Vadn (projy (M), H — proj, (M)) = 2 (proj, (M) — M, H — proj;, (M) .

For any H' € #, we can always choose H = H' + proj,,(M). H € H because H is closed
under matrix addition. Then it always holds that (proj, (M) — M, H’) = 0. On the other hand,
Lemma B.2 shows it always holds that (P, (M)* — M,H’) = 0 for any H' € H. Then we can
get proj,, (M) = Py (M)? by Lemma B.1. O

Lemma B.5. Forany A, B € S_‘fr . and any well-structured preconditioner set H,

1
[Pr(B) = Pu(A)llo, < I1B—All2,

op —
Proof. We have that
Pu(B) = Pu(A+ B~ A) X Pu(A+|B - Al,,, T)
= (Pu(A)? + 1B - All,, 1) < Pu(A) + B - A|5, 1

The last step is by considering (/A\? + | B — All,p < N +4/IIB — A, for every eigenvalue

A; of Py (A). Similarly we can also show Py (A) < Py(B) + | B — A||§p I, which finishes the
proof. O

Lemma B.6. Tr[Py (X)] is a concave function.

16
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Proof. For any psd matrices A and B, we have that

2Ty {PH(A;B)} = min {<A;B,H1> +Tr(H)}

. |(AH Y)Y+ Tv(H)  (B,H')+Te(H)
" Hew

Y

IIJHEH%L 2 HcH 2
= Tr[Py(A)] + Tr[Px(B)].

Lemma B.7. Let A = 0 and x,y € RY. It holds
[Pu(A+za") - Pu(A+yy")],, < V2[z -yl

Proof. Set F(X,Y) := tr (VX VY) for X, Y = 0. By Lieb’s concavity theorem Lieb (1973),
F'is jointly concave and positively homogeneous, hence superadditive:

F(X1+X5,Y1+Y2) > F(X1, Y1) + F(X2,Y2).

Define I13, (H) = Py, (H)?. Then Iy is the pinching onto a unital *-subalgebra .
Forany A, P,Q * 0,
| Py (A+P) — Py (A+Q)||7 = tr(A+P) + tr(A+Q) — 2 tr(Py(A+P) Py (A+Q)).

Using Py (Z)? = TIy(Z), the cross term equals F(IIy(A) + Iy (P), Iy (A) + I (Q)),
which by superadditivity is at least F/(IIy(A),II4(A)) + F(IIy(P), IIx(Q)) = trA +
tr(Py (P)Py(Q)). Hence

| Py (A+P) — Py(A+Q)|lr < [[Pu(P) — Pn(Q)|r- ©)

Write r = ||z 9, u = x/r, v = y/s, and cos = u ' v. For the unstructured square

root,

2,8 = |ly

’|W—@"§:T2+82—27‘3COS29 < 2(r? + 5% = 2rscos ) = 2|z — y3.

Pinching monotonicity of F' yields
| Pl )~ Pru(yy "2 = |y (e ") /My DI < [VazT—/yyT [} < 2|z—yl3.

ApplyEq.9withP=zz",Q = yy ',
[Pr(A+aa") — Pru(A+yy")lop < [|Pu(za’) — Pu(yy)llr < V2@ — yllo.

O

Lemma B.8. For any well-structured preconditioner set H and any vector € R?, it holds that
T
25, . = Tx[Py(zz )]

Proof. We have that

1
Tr[Py(xzx )] = 3 fnin
1
- min minc_la:TH_la:—i—cTr(H)
2 HeH,Tr(H)<1 ¢>0

= min cTH lx.
HeH, Tr(H)<1

Xie et al. (2025b) shows that |||, , = mingey me(r)<1 VT H -1z in their proof of lemma 3.3,
which finishes the proof.

O
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Lemma B.9.

Py(9:9) ) 'g: = argmin (z, g;)
Iz, <1

Proof. First we show that it satisfies that || P (g:g, ) ~"gt||,, < 1. Forany H € H and Tr(H) < 1,
we have that

1 Pr(g:97) " g¢| 3y = 97 Prlgrg) ) HPyu(g:97)"g:
= Tr(Py(gi9) )" "HPy(g:9,) ‘99, )
= Tr(Py(g:9) ) "HPu(g:9/) )" Pr(geg/ )?)
—Tr(H) <1
Then || Py (g:9,) 7 9t ||,, = s mren m(en <1 || Pr(9egd ) 7 gty < 1.

Next, we can employ Lemma B.8 to show that

(Py(gig! ) " g1.9:) = Tr(Pr(g:g9/ ) ' geg) ) = Tr(Pr(geg) ) = llgelly. . -
Because minz, <1 (Z,g+) = ||gt[l5, . and there is only one unique vector achieving this optimal-

ity, we finish showing the statement. O

Proposition B.10. For any well-structured preconditioner set H, let o1;({ f: }1c7) be adaptive gra-
dient variance defined in Definition 4.1. It always hold oy ({fi}te1) < Tr(Py (X)) when we
assume E[V f(x) — Vfi(2)][Vf(z) — Vfi(z)]T X = foranyt € T.

Proof of Proposition B.10. From Definition 4.1, we can have that

oullfiker)? = min SWE|Vf(@) = Vfi(al

= popliin_ swE(Vf(@) = Vi@)[V/(2) - V(=) H )

HEH,Tr(H)<1 g

< min <Z, H*1>.
HeH, Tr(H)<1

By the definition of Py (3), we know that (33, Py (3) ') = Tr(Py (X)) and

Tr(Py (X)) = % min, (3, H ) + Tr(H)

\ V

min VI(Z, H-) Tr(H)

:mln\/ ,(H/Tr(H))~1)

= min (3, H-1)
HeH, Tr(H)<1

on({fiteer),
which finishes the proof. O

Y

B.1 COMPARISON ON ADAPTIVE GEOMETRY

Proposition 2.5. For any well-structured preconditioner set H C Si and any loss function f :
R? - R, it always holds that LH'HH(f) <Ay (f)<d- LH'HH (f)-

Proof of Proposition 2.5. For any H € H with Tr(H) < 1, by the definition of |-||,, and [|-]|, ,.

it holds for any € R? that ||z|,, > ||z|;; and zll3.« < [z g .- Then by the definition of
Ly (f) in Definition 2.4,

IV (@) = Vi)l < s1p V@) = Vil _

Ly, (f) = sup
Il lz =yl lz — yl

18
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Figure 1: Here we demonstrate the duality between the supremum of the primal norms and the
infimum of the corresponding dual norms for any well-structured preconditioner set 4. In particular,
we consider % = {all diagonal PSD matrices}, in which case ||-[|;; = [|‘[|o, and [|-[l5, . = [l
Left figure: the || - || oo-unit ball (black square) in the primal space is the intersection of all || - || -
unit ball (colored ellipses) for H € H with Tr(H) < 1, that s, || - || o is the supremum of all such
primal || - || gr norms. Right figure: the || - ||;-unit ball (dashed black square) in the dual space is the
union of all || - || g, .-unit balls (dashed ellipses) for H € H with Tr(H) < 1, thatis, || - ||1 is the
infimum of all such dual || - || &, norms.

Therefore, further minimizing both sides over H € #H with Tr(H) < 1, we obtain the desired
result.

On the other hand, we can choose H* = iId € H and Xie et al. (2025b) shows that ||| H =

% [l Then we have that Ay, (f) < Ly . (f)-

We can also choose H* to be all PSD matrices so that we know H C H*. Then we
know ||5E||7-L = SUPHen, Tr(H)<1 < SUPH > Tr(H)<1 ||CU||H = HCEHH* and HWHH* =
inf ey <t 12l g1 > infgeps my<t = @y . Xie et al. (2025b) also shows that

Il = lzll - . = lzll,- So we have that
IV F(2) = V@)l

Ly, (f) = sup
T,y

lz —ylly
+ o VS (@) =)L,
x,y |z _'!J||2

L eup V| V(@) — VYl

d .y ﬁ\lm—y\b

1 — w1
~ Lo IVf(x) = Viyllg

d zy |2 — Y|l g

1
> - .
> dAH (f)

O

Proposition B.11. For any set of stochastic loss functions { fi }1c7 and any well-structured precon-
ditioner set H, it always holds o).\, {firer)? <ou({fihier)? < d- TYelly,.. ({fi}eeT)?

Proof. For any H € H with Tr(H) < 1, it always holds that ||u||§_L* < HuHi,,1 for any u € RY,
and thus

sup E[HVft(a:)—E[Vft(m)mj_[’*]g sup EH|vft($)_E[vft(w)”’i[—l]'

teT ,weRd teT ,weRd

19
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N

By minimizing over H € H with Tr(H) < 1, we conclude that oy, ({fi}ie7)?
ou({fileer)?.

Similar with the proof of Proposition 2.5, we can show that oy({fi}ie7)? <
SUpg e EA |V f(z) — Vfi(z )||§ when choosing H* = ZI; . We can also show that

SUPyer zera E||V fi(z) — E[V fi( HH* > Supser pert B||Vfi(x) — E[V fi(z Hz Then
combining them, we have that dsup, 7 5 cpa E||V fi(@) — E[V fi(z HH Lz ou{fiher)?. O

C PROOF FOR THE MATRIX INEQUALITY

Lemma 3.3. Let ¢ > 0 and § € (0,1]. For any T € N, consider any sequence of vec-
tors go,...,gr—1 € R Let M_y = 0, and recursively define M; = BM;_ | + g:g; for
t=0,...,T — 1. For any well-structured preconditioner set H, define V; = arg min g, (M; +
eIy, H™') + Tr(H) for each t € [T — 1]. Then for any H € H NS, it holds

T-1 T—1
S Vi gl < Te(H) ||Stll,, where Sp =YV, (V2 = BV2,) Vil
t=0 t=0

Moreover, there exists an absolute constant C1, Cy > 0, independent of d, T, €, 3 and H, such that

T-1
d 1-—
181l < € (1 wiog (1423 Ll + 21 - ﬁ)T)> (527 + 108 1V2 s feln ) + G
t=0

In the special case when H is commutative, the above bound can be further improved to

1571l < (1= B)T +log Vi /ellop.

Proof of Lemma 3.3. Foreacht =0,...,T — 1, by the definition of {Mt}tT;()l, we have
Vi gellr = (Vi HV, gug) = (Vi HV,T M, el = BV HV, ' My + el).
Since V, ' HV,~" € H, it follows from Lemma B.2 and the definition of {V; 31:_01 that

Vi gelly = (Vi HV, ! Pu(M + eda)?) = BV HV, Y Pu(Mioy + ela)?)
=V, HV, L V2) = B(V, T HV, L V)
= (H, V. (V= BV2) Vi)

Then summing over ¢t =0,...,7T — 1 gives
T—1
Z HV gtHH Z < 7V£_1 (Vf - 5‘/22—1) V£_1>
t=0
T—1
<T(H) || Vi (VP -8V, vt
t=0 op

This shows the first part of the lemma. We next bound the spectral norm of ZZ:OI v, N (V2 -
BV2 Vi

Note that 3V,2 | = BPy (M;_1+el;)? = Py(B(M;_1+el;))? by Lemma B.3. Since M;+el,; =
B(M;_1+el,), we further have V2 = BV,2 | = 0 by Lemma B.3. Therefore, since Apin(V;?) > ¢,
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we can apply Lemma C.1 to get that for any C' > ¢ > 0,

_ _ 3(logC —logc 12¢d
Vil (vp - v vt < BB 100 gy ey a2 ) 4 (12
s m2e
12C~1d
o) TV - AV T
3(logC —logc 1 3(logC —logec
- HosC 1080 1oy 1 g, 4 2BC 1089 105 72y _1og(vi2,))
s 8 T
12¢d  12C~'d
(W2€2 + 2 > Tr[M; + eIy — B(M;—1 + el )14
3(logC —logec 1 3(logC —logec
= Mgﬂ—2g> log E I+ %(log(‘{?) _ IOg(V?A))

12cd 12C~1d
<7T2€2 + 772> Trigig, + (1 — B)elq|1a
where the first equality holds by Lemma B.2. Further summing overt = 0,...,T — 1 gives
T—1

_ _ 3(log C' —logc 1 3(log C' —logc
SV - vt < 2B R g o,y MOEC TR oy vz ) tog(v2)
t=0

™

1

) i Trlgig, + (1 — B)ela) Ly

<12cd 12C-1d

1262 2
t=0
log C — 1 1
_ 3ogC —logc) (Tlog ST+ 1og(VT21/6))
- B
12¢d  12C~d 5
(B o S

t=0
where the equality holds as V_; = Py(ely) = /el Note that log(1/8) =log(1 + (1 —3)/8) <
(1 —p)/B for any 8 € (0, 1]. Then by triangle inequality for the spectral norm, we have

< 3(log C — logc) (1 - B

< 3 3

T
12¢d  12C'd =
+ (B + 25 (a0 - mres Xl )
<€ 71— —o
(10)

T—1
PR A\ GEEA ) 7
t=0

T+logHng_1/eHop)

op

In particular, we choose
(1—=B)T/B +log||Vi_, /e
c= HTT_ll ||02p €2, C =max(e?/c,c). (11)
4d(d(1 = B)Te+ >, llg:ll5)
With this, the second term on the right-hand side of (10) satisfies that
12¢d 120~ =, 6 (1-8
(B + 250 (a1-pre+ Xl ) < % (2T 41081V el ).

2
t=0 & 6

Plugging this back into (10), we obtain
< 6 + 3log(C/c)

T2

T—1
PR A GEcA Z0) 7
t=0

1
( 55T+1og||vﬁ_1/e||op)-

op
Moreover, by the choice of C cin (11),

_ A T-1 . %
log% = log(max(e*/c*, 1)) = 2log <max <4d(d(1 BT+ 2 i llgillz) 1)) .

(1=B)T/B+1og||VE_/ellop’
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For convenience, denote A = (1—3)T/3+1og |V2_, /€llop and B = 4d(d(1—8)Te+ 31— |l g¢]13-
Then combining the above two displays, we get

6 3 B
< — .
< 7T2A+ 71_2Alog (max (A’1>)
P

When A > 1, we always have max(B/A,1) < 1+ B, which gives rise to the following bound

T—1
DA 74 ZcA )
t=0 o

6
< —(1+1log(1+ B))A.

T-1
D ViV -BvEDVT <
t=0

op

When A < 1, using the fact that z log(1/x) < 1/e, we have
B
Alog (max <A’ 1)> < Alog(l1+ B) — Alog A < Alog(1+ B) + 1/e.

In this case, the bound becomes

6

< S [(1+10801+ B) A+ 1/e].

T—1
PR A\ GEEA ) 7
t=0

™
op

Combining the above two case, we can conclude that there exists universal constants C1,Cy > 0
such that

T—1
SV v -pvE vt

t=0

< C1(1+1log(1+ B))A+Cs.

op
This completes the proof for general well-structured preconditioner set 7.
In this special case where matrices in H are diagonal, we have that

T-1 T—1
SVIVE-BVE )V = (=BT + B8 (I -V, V2,V )
t=0 t=0
T—-1
(A =P)TIi+ 8> log(V;V,"1V;)

t=0

where the inequality follows from the fact that I; — A~! < log A for any A = 0. Further note
that as V;_1, V; are diagonal matrices, they commute with each other. Then using the fact that
log(AB) = log A + log B when A and B commute, we obtain

T—1 T—1
SV = BV2 )V 2 (1= B)TT,+ B Y [log(V?) — log(V;2 )]
t=0 t=0

=(1—B)TI;+1log(V4_,/e).

Therefore, in this case it holds that

< (1= B)T +log | VE_1/ellop-

T—1
DR A\ GEEA ) 7
t=0

op

This completes the proof. O

Lemma C.1. For any positive definite matrices X, Y € R¥? such that Y < X, it holds for any
0 <c¢<C(C that

12¢d 12C-1d

12 3(log C —logc) e n i
T~ Amin '/T

XX -Y)X — (log X —logY) + (

22
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Proof of Lemma C.1. For any § € (0, 1), since the matrix logarithm is operator concave, it holds
that

log(1—=9)X +dY) = (1—-0)logX +dlogY.
Reorganizing the above inequality yields that for all § € (0, 1),

log(X +46(Y — X)) —log X

log X —logY > — 5

Taking the limit § — 0, we obtain
log X —logY = 0log(X)[X —Y].
The proof is completed by further applying Lemma C.2 with A = X — Y. O

Lemma C.2. For any positive definite matrix X € R¥? and any positive semi-definite matrix
A € R™jt holds for any 0 < ¢ < C that

3(log C —logc)
2

12¢d 120~ 'd
772)\min(X)2 =+ 7T2 ) TI'(A) . Id-
(12)

X71/2AX71/2 =<

dlog(X)[A] + <

Proof of Lemma C.2. We consider the following expansion of the matrix logarithm:
log(X +0A) =1log X + / (X +2I)7' A (X +2I)"tdz + O(6%).
0

This implies that

_ log(X +6A) —log X /00 I I
log(X)[A] =1 = LA - )
Dlog(X)[A] = lim 5 X + 21 X"

Let v € R? be an arbitrary unit vector. Note that both X ~/2A4 X ~1/2 and dlog(X )[A] are linear
in A, and thus we first consider A = uu " for any unit vector u € R%. We define the following two
quantities

f(u,v) = v dlog(X)[uu'|v = ’UT/ (X + 2Ip) tuu " (X + 21;) 2w, (13)
0

gu,v) = v XV 2uu" X7V 2. (14)

Now suppose that the SVD of X is X = Udiag(\1,...,A\q)U " where U € R%*? is an orthog-
onal matrix. Then X /2 = Udiag(\; /%, ., /\(;1/2)UT and (X + zI)~! = Udiag(1/(\ +
2),...,1/(Aa+2))UT. Writing 4 = Uu and © = U, then f(u, v) becomes

> 1 1 1 1
o7 o T -
d . d d
/O 1ag</\1+z ,/\d+z>uu 1ag(/\1+z, ,)\d+z)v z

/000 @O0, (1/(A +2),...,1/(\g + 2)))%dz.

Similarly, g(u, v) becomes
g(u,v) =o' diag(\] vz )\[;1/ i diag( A, 72, )\;1/2)13

<u®v (1/Ay 172 .,1//\;1/2)> .

Now applying the fact that A=1/2 =

0 >\+z * dz for any A > 0, we have

glu,v) = (1 /000 <ﬁ®ﬁ,(z‘1/2/()\1 +z),...,2_1/2/()\d+z))>dz>2.
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To further bound g(u, v), we split the integral into three parts: [0, c], [¢c, C], and [C, c0) where ¢ > 0
and C' > 0 are constants to be determined later. That is,

g(u,v) < 3(/0 (808,200 + 2.2 (a4 2)) dz)2

7T2
+fz</cc (@0, 2/ 4 2), 272 (a4 2) >dz)
5 ( [ (Een e e a2) >dz)

=01 (u, ’U) + gz(’ll,, ’U) + g3(u? ’U)

where we apply the triangle inequality and denote the three terms on the right-hand side by
g1(u,v), g2(u, v), g3s(u, v) respectively. We control each term separately.

First, for ¢1 (u, v),
2
) = 5 ([ @050/ + 2 1/00 4 )0 )

(o))

2(”'“@””2[/ _1/2dz>
72\ min;¢

12|t © 9|3 - cd
72 - min;e(q) A?

I N

| /\

where the first inequality follows from Cauchy-Schwarz inequality and in the second inequality we
apply /\iz < /\i as each ); is positive. Next, for the integral over [c, C|], we have

¢ 2
ga(u,v) = % (/ (@O, (1/(A +2),...,1/(Aa +2))) 2_1/2dz>

< ;(/60@1@6,(1/()\1 +z),...,1/()\d+z))>2dz> </CC zldz>

< 3080 208 (™ .01/ + 9 100+ 20

™

3(log C' — logc)
- 2 f(
where the first inequality follows from Cauchy-Schwarz inequality, and in the second inequality we
relax the domain of the integral to [0, co), which exactly gives us f(u,v). Finally, for g3(u, v),

g3(u,v) = % (/OO @O, (L) +2), .1/ (g + 2)) zl/Zdz>2

C

3 0o d 1 1/2 2
il o) - —-1/24
71-2(/0 |’U/®’U||2<izzl()\i+z)2> z Z)

oS 2
< 32(/ |11®13||2\/c§z3/2dz>
™ c
12lue |3 -C~d

u,v)

IN

2
where the first 1nequa11ty follows from Cauchy-Schwarz inequality and in the second inequality we
apply v g = as each ), is positive. Collecting the above bounds, we obtain

3(log C —logc) 2)aev3-ed  12ued|:-C-1d
<—-—=-_ > . 15
9(u,v) < w2 flu,v) + 72 - mingepq) A - 72 (15
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Now for any general positive semi-definite matrix A € R%*? with eigendecomposition A =
Z?Zl aiuiu;r , we apply the bound (15) to each wu; in the eigendecomposition and sum over all
1 to get

d d
3(logC' —logc 12¢d
Zaig(u,-,v) < (g—2g) Zaif(ui7v) + 72 min g A2 Zatﬂu o3

2
™ 2 - min,
i1 i=1 i€ld] %=y

120-1d & o
+ > ailla; © 9|3

i=1

Note that ||i; ® 9|3 < ||@||3]|9||3 = 1 as both @ and ¥ are unit vectors. Therefore, we further have

d d d
3(log C —logc) 12¢d 12C’ td
> i) < S D S o (o) + e S zal
d
_ 3(log C —logc) 12cd 12C~1d
- m? ; s f (e U) * w2 - minie[d] >\12 Tr(A) + 2 Tr(A)

Recall the definition of f(u,v) and g(u,v) in (13) and (14). Then we have shown that for any unit
vector v € R?,

3(logC' —loge) + 12cd 12C~1d
———— 9 Jlog(X)[A — Tr(A
2 v dlog(X)[A]v + 72 - mingepq A H(A)+ w2

v X YV2AX 12 <

Therefore, we conclude that

3(log C —

1 12 12C—1
_ Ogc)(’)log(X)[A]+( cd ¢ d

T2 Amin (X)? + w2

X_1/2AX_1/2 j

s

) Tr(A) - 1.

O

D UNIFIED PROOF FOR ADAPTIVE ALGORITHMS

D.1 RELATIONSHIP BETWEEN ADAPTIVE ALGORITHMS

* Cumulative accumulation (Algorithm 4) maintains the plain sum of past squared gradi-
ents, thereby giving equal weight to the entire gradient history. A famous example in this
category is AdaGrad.

* EMA accumulation (Algorithm 5) computes an exponential moving average of past gra-
dients, which yields a stationary estimate of recent gradient statistics. Notable examples
include Adam and RMSProp.

o Weighted accumulation (Algorithm 6) applies geometrically decaying weights to past gra-
dients, which differs from EMA accumulation in that it does not normalize the weights to
sum to one.

Algorithm 4 General Adaptive Cumulative Optimization Algorithm

Hyperparam: ¢ > 0, total steps T, learning rate 7, convex cone H C Sy, 3
Input: initialization xy, stochastic loss functions {f;}7_; : R¥*dr — R
MO ~—0
fort=1,2,---,T:
gt < Vfi(xi1)
M, « M;_1 + g9
V; < argmingy oy <Mt +elqy, H ') + Tr(H)
@y a1 — Vg
return
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Algorithm 5 General Adaptive EMA Optimization Algorithm

Hyperparam: ¢ > 0, total steps T, learning rate 7, convex cone H C Sy, 3
Input: initialization @, stochastic loss functions { f;}Z_, : Réc*dr 5 R
MQ 0
fort=1,2,---,T:
gi < Vfi(xi1)
M, « M, + (1 - B)gig/
V, « argmingcqy (M, + el H™') + Tr(H)
Ty < Tp—1 — n‘/;_lgt
return

Algorithm 6 General Adaptive Weighted Optimization Algorithm

Hyperparam: ¢ > 0, total steps T, learning rate 7, convex cone H C S, 3
Input: initialization @, stochastic loss functions { f;}Z_, : Réc*dr 5 R
MO 0
fort=1,2,---,T:
gt < Vfi(xi1)
M, « BM,_1 + gig/
V, + argmingy (M, + eIy, H') + Tr(H)
x 1 — 1V, gy
return

We also put the definition of one-sided Shampoo (Xie et al., 2025b) in Algorithm 7.

Algorithm 7 One-sided Shampoo

Hyperparam: ¢ > 0, total steps 7', learning rate 7, initial My, Lo = 0
Input: initialization @, stochastic loss functions { f;}Z_, : Réc*dr 5 R
fort=1,2,---,T:
G, Vfi(Xi-1)
Lt — Lt71 + GtG;r
X, X1 — (L +ely,) 2 G,
return

D.2 PROOF FOR WEIGHTED ALGORITHM

Before presenting the main theorems, we first clarify our gradient noise assumption below. As-
sumption D.1 is stronger than the conventional noise assumption when it assumes the condition
holds almost surely. It is required in proving Lemma D.3. Lemma D.5 can still hold when we only
assume the covariance matrix is bounded.

Assumption D.1. Foranyt € [T] and any x € R?, E [V fi(x)] = V f(x) where the expectation is

taken with respect to the randomness in the loss f;. Moreover, there exists ¥ = 0 such that for all
t>0,-X Vf(x)Vf(x)" - Vfi(zx)Vfi(z)" <.

With Assumption D.1 in place, Theorem D.2 presents the general result for weighted adaptive al-
gorithms on stochastic nonconvex functions, which is then specialized to the cumulative and EMA
variants in Theorem D.7 and D.8, respectively. When plugging 3 = 0 in the stochastic rate, we can
get the deterministic result in Section 3.2.

In this section, we will define H* = arg mingrey v(ery<1 L|.||,, (f)- For all the M; and V/ in this

section except the proof of Theorem D.7 and Theorem D.8, they are defined as in Algorithm 6, i.e.,
M; = BM;_1 + g:g, . We will define g; = V f(x;) and

M, = BM;_1 + g +3, Vi= Py(M,+ely). (16)
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Then it always holds M; < Mt because of Assumption D.1. By Lemma B.3, it also holds V; < ‘7t

Theorem D.2. Foranye > 0, f € (0,1], n > 0, and T € N, let {mt}f:o be the iterates of
Algorithm I with well-structured preconditioner set H, where the update of M follows the weighted
version, i.e., My = BM;_1 + g:g, forallt € [T). Let Ay (f) be the adaptive smoothness of the
loss f according to Definition 2.4. Then under Assumption D.1, it holds that

> B2 T [Pu((Zis) B + el
E[;anwt)nm} < \/7 ¢ r [P (i eIy)] Ve
t=0

T ﬁ

where £ is given by

2A
§= =0 A () IS1lop + V2SN 157, (7

and St = E th:ol V. (V2 = BVA )V,

For general well-structured preconditioner set, || St||,, = O (log(d)[(1 — 8)T'/ B + log(d)]). When
=(1-BHT+O0(1).

Proof of Theorem D.2. With the shorthand g; = V f(x;), we need to bound
= | T2 ;T2
E[T > Vf(wt)llm} ~E [T > ||gt||n,*] - E[T S TPu(gia) >]] (8)
t=0 t=0 t=0

where the second equality holds by Lemma B.8. By employing Lemma D.4 and Lemma D.5, we
have that

(ETZ T [Pu(gig7 >1)2 (19)
<(E§mv; ) (EEMW}
< (]E j_ol Tr[f/tlgtgj]) (T Ty {PH ((Tz_:: ﬂi>2 + eIdﬂ + (TZOI B”Q)ETE_:: Tr(g.g, V; )
(20)

It then suffices to bound the sum of Tr[f/;_l §:g; |. To this end, we apply Lemma D.3 to get

T-1 T—1 T-1
EY TV, 'gg] <2EY TV, 'gig/ ]+ /2IIZ1,,E > TV, *qg]1. 2D
t=0 t=0 t=0

Here, the second term on the right-hand side can be controlled by applying Lemma 3.3. For the
first term on the right-hand side, we need to apply the descent lemma. Specifically, recall that
H* = argmingreq; 1v(my<1 Ly, (f), and then by second-order Taylor expansion,

Ay (f)
2

fl@egr) < fle) + (Vf(@e), zep1 — ) + [

2A
= f(@) =0 {9V, g0) + %ﬂm Vit -

By taking expectation on both sides and summing over t = 0,1,...,7 — 1, we get
T-1 A
H
Elf(@r) - f(zo)] < —nE Y TV, 'g,g7] + T2 ) Z Vi gt -
t=0
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Rearranging the above inequality, we have

EZTI" - gtgt SE[JC@}O)??—JC( 7)) 77A7-L EZHVt gtHH*
Ao 77A7-£

<o EZ Vi gl @)

where the second inequality holds by the definition Ay = f(x¢)—ming f(x). Therefore, combining
(21) and (22) yields

T-1 T-1 T-1

- 2A
15 aT] < 220 ~Lg 12, ~20 471
E;Tr[Vt 9:9; | < ; +nlAy (f)E; IV gella- + \/2||2||opE;Tr[Vt 9:9; |
(23)
Now, we apply Lemma 3.3 to both ]EZtT;Ol ||Vt_19t”ip and EZtT;Ol e[V *qig)] =
]EZ ||V gt| - which gives
T-1 ,
EY Vi gl < THT- [1Sllop = 157 lop,
t=0
T-1 ,
EY [Vitaell; < dliStlop
t=0
where S = E ZtT;()l V, (V2 — BV;2 )V, '. Based on this, we further define
2 .
§= ;[f(mo) —min f(@)] + A () [1S7llop + /2 [Bllepd 17l - (24)
Applying these bounds to (23) gives
T-1
EY TV, 'g.g] < ¢ (25)
t=0
Now we can plug (25) into (20), and hence it follows from (18) that
[Tl | Tl
E[T > ||Vf(mt)||7-£,*} = TEZ Tr[Py(g:9, )]
t=0 t=0
/Z?;—Ol ﬁl/Q ) T—-1 . %
= —1/2 )
<S¢ T Tr{PH((zgﬂ)zﬂId VE.

It remains to provide a concrete bound for ||.S7||op, which follows from Lemma 3.3 and Lemma D.6.
Specifically, we know from Lemma 3.3 that
+ Co.
op

(26)

2

T—1 B V
ISt < C1 <10g £ ol + a2 pyr | + 1) (“B@T 1oy |
t=0

Moreover, by Lemma D.6, we know that

T-1

> Ngells = poly (T, I Zlop , IV £ (@) 5, Ase (f) )

t=0
Vel = POy (T, (|2l IV (2ol » Ase (f) s ds s €).
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Then the first term in Eq. 26 satisfies
gl
log |:€ Z ||gt||§ + d2(1 - B)T:| +1=1+log [pOIY(T> HEHOP ) ||Vf(£130)||2 A (f)din, 1 =5, 6_1)]
t=0

= O(logd)

where O() hides logarithm dependence on all problem parameters except d. Similarly, the second
term in Eq. 26 satisfies

(- BT :
— 41 = 1
5 + log . 5 + O(logd)

Plugging these two bounds into Eq. 26 yields that for any well-structured 7,

ST||0pO(logd~ (@_ﬁﬁ)TJrlogd)> 7)

When H only has diagonal matrices, we can improve Lemma D.6 with results in Xie et al. (2025a).
The dependence on d can be improved such that log(V2_,/€¢) = O(1). Then Lemma 3.3 gives us

2
VTfl

2
VTfl

(1-8T

=(1-8)T+0().
op
This completes the proof. O

”ST”op < (1 - B)T + IOg

Lemma D.3. Under the setting of Theorem D.7, let V, be as defined in Eq. 16. Then it holds that

\/QIIEIIOPTZ:*IE -
B . Tr

5 V. %g:9/ .

T—1 1 T-1
D ETV, ggl] > 5 D BTV, gig |
t=0 t=0 =0

Proof. First we can compute the gap by replacing V; with V; as follows
T (Vi = V! || = | [V V- Vv el

IN

1 ST 1 - o1 - -
ST [Vilag! | + 5 T (V- VOV (V- Vv, i VY
(28)
where the second inequality follows from the fact that Tr[ATB] < 1 Tr[AA"] + ; Tr[BB']
with A = f/;_%gt and B = f/;_%(f/} — V;)V, 'g,. Note that since V, = V,, it holds that
0 X V; — V; X V;. Then we can upper bound the second term on the right-hand side of (28) as
Te (Ve = VOV (Vi = VOV, gug! Vi < T (V= VOV, g9 V|

< ||‘~/t — Villop Tr[V;f_2gtgtT]

= ||Pr(My) — Pr(M)lop Tr[V; geg, ]
Further applying Lemma B.5 yields

Te [(Vi = VOV, (Vi = VOV, ug! Vit | < 10 — M2 TV, g1, )

<\/211Z,p TV, 2919, ] (29)

where the second inequality holds because 0 < M, — M, = 3:9;) + 3 — gig; = 23 based on
Assumption D.1. Then plugging (29) back into (28), we get

T-1 T-1 T—1
Z e[V, 9./ ] > Z e[V, 'g:g/ ] — Z ‘Tr [(V;sfl - ‘/;571) thtTH
t=0 =0 t=0

Y
i
=
H~<I
|
1
1
=
i
M
g
v
=
=
o
-
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Lemma D.4. Under the setting of Theorem D.7, let V, be as defined in Eq. 16. Then it holds that

(E i Tr[f/tlgtgﬁ) <]E i Tr[ﬁ]) > (E i Tr[PH(gtg?)D :

~ 1
Proof of Lemma D.4. For convenience, denote A; = Py(g:g,' ) and B; = V,>. Then

T-1 T-1 T-1

T-1
> TrPu(gigl )] = Y Tr[A] =) (A1) =) (B 'A, B).
t=0

t=0 t=0 t=0
Now taking expectation on both sides and applying Cauchy-Schwarz inequality, we get

T-1 T-1 T-1

_ _ _ _ 1/2
ES TrPu(gg) )] < Y EIB Adlr|Billr] < 3 (BIB  A2) (B B.|3)
t=0 t=0 t=0

Applying Cauchy-Schwarz inequality again, we further have

T—1 T—1 1/2 ,T—1 1/2
EY Te(Px(g.a7)] < (Z EnBtlAtn%) (Z EnBtn%)
t=0 t=0 t=0
1

) v

1/2

= (ETler[VflPH(gtg? )2}> v (E 3

t=0

~~

=0
1

S

- 5 /2 , T-1 .
- (eX v 'aal)) (X i)
t=0 t=0
where the second equality follows from Lemma B.2 as V, € . This completes the proof.
O
Lemma D.5. Under the setting of Theorem D.7, let V, be as defined in Eq. 16. Then it holds that

T-1

T-1 T—1 T—1
E> Tr[V;] <T-Tr {PH (( > ﬁi)z + eIdﬂ + ( > ,6”'/2)1[3 > Trlgg! Vi (30)
t=0 1=0 =0 t=0

Proof of Lemma D.5. Recall that V; = Py, (Mt + el;) € H. Then applying Lemma B.2, we get

Tr[V;] = Te[V2AV, Y] = Tr[(Pu (M + €I))?V, 1] = Te[(My + eIa) V. 31
Further plugging in M, = BM,_; + 3:9; + X, we have

Tr[Vy] = Tr[(geg, + 2+ BMy_1 + ely) vV,
= Te[(S + fMiy + el) Vi '] + Trlgeg, V, ']
Applying Lemma B.2 again, we further have
Te[Vi] = Te[Py (S + fMi1 + ela)” V'] + Trlgeg) Vi ']
< TY[Py (2 + BMy 1 + ely)] + Tr[gig, V, '] (32)

where the inequality holds because V, = Py (i, +Z+BM;_1+ely) = Py (Z+BM; 1 +ely).
Next, we will further control the right-hand side of the above inequality by recursive expansion.

For notational convenience, for any 1 < s < ¢, denote

A, — (Z_i fﬂ')z B M, + el
1=0
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Then for any 1 < s < ¢, we have

s—1
P’H (( Z ﬁl)E -+ ﬁS+1Mt7571 4 ﬂsgtisgls + EId)

=0

s—1

PH (Et—s—l ( Z ﬂl) b)) + BS+1Mt—s—l + /Bsgt—sgtT—s + €Id>
=0

where the inequality holds because Tr[Px(X)] is concave in X by Lemma B.6. Then since

Eg: sg9; . = gi_sg, . + = by Assumption D.1, we further have

ETr[Py(As)] =ETr

<ETr

ETr[Py(A,)] < ETr

Py ((Z )8+ B Mg + B°Gi-sG + eldﬂ
=0

=ETr [Py(Asi1 + ﬁsgt—sgls)]
Applying the same trick as in (31) to Agy1 + 3°g¢_+g, ., we obtain
ETr [Py (A,)] <ETr [Pr(Asi1 + 8°Gi—s8i ) Pu(Asir + 815G, ) ']
=ETr [(As1 + 5°Ge-sG/— ) Pu(Asi1 + B°Ge-59/_.) ']
=ETr [PH(AS+1)2PH(A5+1 + ﬂsgt—sgt—r—s)il]
+ETr [ﬁsgt_sglsPH(AsH + ﬁsgt—sg;s)_l]
<ETr [Py(Aui)] +ETr [8°G-3) Pru(Acir + 5°Gi-.8 )] (33)

where the second equality is again by Lemma B.2 and the second inequality follows from the fact
that Py (Asi1 + 5°Gi—sG, ) = Pr(Ass1). In addition, note that

A1+ B8l = B (Ziﬂ—gﬁ
Thus it follows from Lemma B.3 that
Py(Agir + B°G1-s8 ) = Pru(B*(Mi_s + €ly)) = B*/* Py (M, + elg) = B**V,_,. (34)
Now combining (33) and (34) yields
ETr [Pu(A,)] < ETr [Pu(As)] + 8/ ETr(gi—g,_ Vi L].
Further telescoping over s = 1,...,¢t — 1, we obtain
ETr [Py (X + BM;_1 + elg)] = ETr [Py(Ay)]

X4+ BMi__ 1+ Qtsgfs) +ely = ﬁs(Mtfs +ely).

t—1
<SET [Py(A)] + Y B**ETx [gi-.g/) V"]
s=1
t—1 t—1 R
= Tr | Py (( > AT+ eId> +3 B PET g9 Vil
i=0 s=1
(33)
Now, plugging (35) back into (32), we obtain
t—1 t—1
ETr[V;] < Tr | Py (( 3 Bi)z + eId> +Y BPETr [gioog) Vio}]
i=0 s=0
=1 t ~
=1 | Pu ()2 + et )| + 305 BT ]V,
=0 s=1
Finally, summing overt =0,1,..., 7 — 1, we get
T—1 - T—-1 t
EY TV < ZTr ((Z )2+eId) +Y 0> B PETY[g.g) VT
t=0 i=0 t=0 s=1
T—1 T—1 T—1
<T-Tr PH<( gi )E+eld) + ( 61/2)E Trlg.g] Vi
i=0 =0 t=0
This completes the proof. O
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Lemma D.6. Under the setting of Theorem D.2, for any fixed initialization xg, let gg,...,gr_1
and Vy, ..., Vir_q be given by Algorithm 6. Then the following hold with probability 1:

T-1

> gl < 2By + IV F (o)1 + Az (£)* dn) T2,
t=0

V1]

< \/2(H2Hop + IV F(@o)13 + A (f)* di?)T® + ed.

op —
Proof. In this proof, we will define H* € argmingrey — pr<v2 f(a)<a Tr(H).

We first control Z,ET:_Ol llg:||3. According to Assumption D.1, we have

T—1 T—1 T-1 T_1
Z HgtHg = Z HgtgtTHOp < Z <||E||op + ||§t§tTH0p> =T[x|,, + Z ||§t||§ (36)
=0 =0 =0 s

So it suffices to control the sum of ||gt||§ By triangle inequality, ||gt||§ <2 ||go||§ +2|lg: — gng,
and thus we only need to bound the distance g; — go. To this end, since —H* =< A& f(x) = H* for
all , we have

t—1

1g: = Gollo = IV f (@) = Vf(@o)lly < I H|lop 2 = @olly < Asa(f) Y |Ts11 — @2 (37)
s=0

Moreover, we can control each ||zs11 — @s||2 as follows:
2 _ 2 —
a1 — sy = 0? |V gs ||, = n° Tr(g! Vi 2gs)
= 1" Te(Py (M) *gs9. )
= 0 Te(Py(M,) > Pr(g.9. )*)

where the last equality holds by Lemma B.2. Then since M, > gsg;r, we have Py (M) =
Py (gsg] ) by Lemma B.3, and it follows that

i1 — @13 < 0 Tr(Ta) = dn?.

Plugging this back into Eq. 37, we get ||g; — Goll, < ntAn(f)Vd, so |lg:l3 < 2[goll3 +

21%t2 Ay (f)%d. Now applying this to Eq. 36, we obtain

T—1 T—1
lgells < T IBllgp + D (2llG0lI3 + 20°t*Ass(f)d)
t= t=0
< 2(|Zl,p + lgoll3 + Az ()% dn?)T7. (38)

Finally, we can bound || Vir_1||op as follows:
2
IVe-ill, = [Vi-illyy = [P (Mr—1)?|],, < Tr(Pr(Mr-1)?) = Te(Mr-1)

where we apply Lemma B.2 in the last equality. Note that Tr(Mp_;) = ZtT:_Ol lg:l|3 + ed, so it
follows from (38) that

IVeillop < /2012 + 1g0ll3 + As (1) dn?) T + cd.
This completes the proof. O
D.3 PROOF FOR THE CUMULATIVE AND EMA VARIANTS

We will derive the convergence rate of cumulative optimizers and EMA optimizers by reduct-
ing from Theorem D.2. In the stochastic case, the dependence on 7T of both convergence rate is
O(T‘l/ 4), matching previous results on specific examples AdaGrad and Adam (Xie et al., 2025a;
Li et al., 2025).
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Theorem D.7. Foranye > 0,17 > 0, and T € N, let {x;}1_, be the iterates of Algorithm 1 with
well-structured preconditioner set H, where the update of M, follows the cumulative version, i.e.,
M, = M, 1 +g.g, forallt € [T). Let Ay, (f) be the adaptive smoothness of the loss f according
to Definition 2.4. Then under Assumption D. 1, it holds that

T—1
1 1 € 1
|3 S IVI @l | < et gus TlPu(E + LI VE

t=0

where £ is given by
~ (A
5:0(;+<noAH<>+d|2||1/2> 2d>.
Moreover, when setting the learning rate n = W, it holds that & =
O(\/Bo Ay (Flogd + d[|%]2/* log? d).

Proof of Theorem D.7. The desired result directly follows from Theorem D.2 with 8 = 1, where we
additionally apply the bound Tr[Py (TS + eI)] < VT Tr[Py(E + £1,) using LemmaB.3. [

Theorem D.8. For any e > 0, 3 € (0,1, n > 0, and T € N, let {x;}_, be the iterates of
Algorithm 1 with well-structured preconditioner set H, where the update of M, follows the EMA

version, i.e., My = M, 1 + (1 — B)g:g, forallt € [T). Let Ay, (f) be the adaptive smoothness
of the loss f according to Definition 2.4. Then under Assumption D. 1, it holds that

T—1
1 1 1 1
IE[T > Vf(mt)llﬂ,*} < Nk + 7z Tr[Pu (S + eI, VE
t=0
where K is given by

Ao | - Ay (f) +dyT=BIE)ep’ /1, logd
K= O(nf T (ﬂT+15)logd>'

Moreover, when setting 1 — § = @(bgd) andn =, /m, it holds that
=0 ((VBe A () + I logd)

When there is no noise, i.e., f; = f, it holds that

el/4
[ ZHVf il?t ”H*} \% \/;?1/4 \/E

where K is given by

oA Ao Ay (f) 1 logd
O(n\/T+ JT <6T+1 6)10gd>.

lo%d) andn = \/%, it holds that

=0 (VAo Ay (f)logd) .

Proof of Theorem D.8. As mentioned in Section 3, Algorithm 5 is equivalent to Algorithm 6 with
€¢/(1 — f3) in place of € and n/+/1 — (3 in place of 7). Therefore, the convergence rate of Algorithm 5
follows from Theorem D.2 with this change of hyperparameters. Specifically,

/3@/2 TP (X B)E + 155 14)]
fEanth*_ +¢ " o e (69)

Moreover, when setting 1 — 3 = ©/(

33



Published as a conference paper at ICLR 2026

where & satisfies

o=

n 12\ (1-8 ) >
MAH( )+ dlIZ], )(ﬁ T +logd | logd | . (40)

We can further simplify the result for 8 < 1 as follows. Note that ZiT;ol B8 <1/(1—3)and

T-1
i/2 1 _1+VB_ 2
Z;’B STV 1-8 S1-§

It then follows from Lemma B.3 that

P((% )+ 5m)

Applying these to (39), we get

1T V2 o€ Tr[Py (3 + ely)] &

Denote x = £/+/(1 — 8)T. Then we have

Tr

< T | Pr e (B4 el ) | = s TP (S + eI,)].
()| - 7=

By (40), we know that « satisfies that

o A0 A (D) HAVI= B (1 logd
m-O(n\/T—&- T <5T+1_ﬁ)1ogd .

This completes the proof. O

E PROOF FOR THE ACCELERATED ALGORITHM

In this section, we will define H* = arg ming ey 1v(rry<1 L., (). Our proof follows the strat-
egy developed by Kovalev (2025a). For completeness, we reproduce some of the arguments to make
the exposition self-contained.

E.1 STOCHASTIC CASE WITHOUT PROJECTION

Theorem 4.3. For a well-structured preconditioner set ‘H, let f be a convex loss function whose
‘H-smoothness constant is Ay (f) € (0, 00) according to Definition 2.4. For e > 0, T > 0, consider
Algorithm 2 with oy = 2/(t + 2) fort = 0,1,...,T — 1. Suppose x* is the global minima and
max;=o1,..7-1 || —x*||n < D forsome D > 0 and Assumption 4.2 holds with adaptive gradient

variance o3 ({ft}1—1)? < 02, for some o3, € [0, 00). Then it holds that

T-1

r * 2D% — D? n 4 Tyr—
Eli(er) - Sl < L Bt + (5 -5 Bty oV
21 ~ ) n
+ (T+1)2 Mg (f) - O(log™ d) + TiaoH O(log d).

Moreover, when choosing learning rate n = D, the convergence rate becomes

Ay (f) D?log? d + d\/eD N onDlogd
T2 VT )

Mﬂ@»—ﬂﬂﬂzé(
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Proof of Theorem 4.3. Combining the results of Lemma E.2 and Lemma E.3, we get

T-1

2
SO B @) - )] < E| DTV + () ZgJ ar
t=0
T—1 B
+E {77 > (g — VO (), ‘/t_lgt>]:|
t=0
9 T—1
vE| TS ol @
t=0

It remains to further bound the last two terms.
For the last term on the right-hand side of (41), we apply Lemma 3.3 to get

T-1

DIV il < Tr[H] - O(log? d) = Ay (f) - O(log® d) (42)
t=0

where the second step follows from the definition of H*.

For the third term on the right-hand side of (41), consider any H € #H with Tr(H') < 1, and then it
follows from the Cauchy-Schwarz inequality that

T—1 T—1
Qg , Lt — Qi , Tt 2 —
E| Y (g — Vot (@), Vi g0 < Y (Ellge — Vo= () [3) (Vg3
t=0 t=0

1/2

T—1 1/2 T-1
< (E Z llge — Voo (@, HH > (EZ |‘/ilgt||%1>
t=0 t=0

Here we similarly have B3>, ' |V, g[|}, = Tr[H] -

D(log?d) < O(log®d) according to
Lemma 3.3. Then we further minimize over H € H with Tr[H] < 1 to get

T-1

. &y 2
pein, B ; llge — V£ (24) || 5y

T—1
1 2
= i E — |V 1-— ;) —V 1-— T _
P ; o2 IV filarz: + (1 — ap) @) flawms + (1 — ) @) || g1
T—1
1
<oy ) —
=0 M

where the last equation follows from Assumption 4.2 and the condition on o,. Therefore, we obtain

T-1 T-1

) /2 -
E| > (g = VI (@), V, g < on( Y ar?) - Ollog?d) < oy T*? - O(log? d)
t=0 =0
(43)
where we have plugged in the choice of ay = 2/(t + 2).
Finally, combining (41), (42) and (43), we obtain
T-1 ~ D2
EZ foo (@) — for®(2)) < %ETT(VT W)+ ( - ) Zg:V 7
t=0
2 ~ ~
+ %AH (f) - O(log? d) + nonT'? - O(log d)
The proof is then completed by further applying Lemma E.1. O
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Lemma E.1. Under the setting of Theorem 4.3, it holds that

T-1
E[f(@r) — f(z")] < (T% Y E[fF (@) — £ (27)] (44)
t=0

Proof of Lemma E. 1. Plugging in the definition of £+ in (8), we have

Z E [fo0® (x*) — [ (041)] Zat flara” + (1= an)@s) = flawmies + (1 — ar)a,)]
< Zat Elacf (") + (1 = a0) f(&) = f(@e41)]
= Z oy “E[(1 — ae)(f(&0) = f(2")) = (f(Zesr) — f(2"))]

= Z (1= o) — o2 E[f (&) — f(a")]
+ag (1 — a)E[f (o) — f(z")] — az? E[f(2r) — f(z")]

where the inequality follows from the convexity of f. Plugging in the choice of ay = 2/(t + 2), we
further obtain

T-1 T—1
g, * g, T + 1 2 * . 1 _ *
B[ (@) - = )] = T B @) — f@r) - 2 Y Blf@) - fla)
t=0 t=1
T+1)2 . _
< T k@)~ pian)
This completes the proof. O
Lemma E.2. Under the setting of Theorem 4.3, it holds that
T-1 T-1
o, a,E * D2 D2 n Ty—1
;E{f oE () — [T (2 )} <E|:277TT(VT )+ (2774‘2) ;gt Vi gt].

Proof of Lemma E.2. For every t = 0,1,...,T — 1, by the convexity of fae®e it follows from the
Taylor expansion of f“t®t at x, that

Fo () = O (@7) < (VT @) @ — ) = (g @ — @) + (VO @) — g2 — )

Since g, is an unbiased estimate of V f%+®t(x,), taking expectation on both sides yields

E [fo0® () — fo"(27)] < E[(ge, x — a7)]

By definition ;41 = s — th_lgt, so it follows from Lemma E.4 that
* 1 *||12 1 *
(g, xr —a”) < ;nllwt -z, - %me —a*|fy, + *Ilgtllv—l
Define V_; = 0 for convenience. Then combining the above two equations yields

g, Tt o, &t * n _
B [/ (o) = (@] < Bl — 21, — ol — 21, + IVl

1

1 * |12 * |2
_ E[%nwt A e ||Vt]

1 . /-
FE|ollen - 27 v, + 21Vl |
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Summing over t, we obtain

ZE Forei (@) - foot ()] <E

T
1 * 1 *
—%IIwT -2, + o Dol —a ||%4—Vt11
t=0

T-1
n _
B[ 23 1V alk)
t=0
Since V; = V;_1, we have ||, —x* (|3, _y, | < [l —x*[3, Te(V; = V1) < D?-Tr(V; = V1),
where the second inequality holds because of the assumption that max;¢(r) |x¢ — z*[|% < D.
Therefore we further have

-2 -1 nT
a,mf o,y —1 2
ZEJ‘ e )]SEEEMV,&—VH PV %)
'D2
— 5| TV + va; gt|vt]
.
=E 5 ——(Mr_1+elg, Vi ZHVt gtht]
L 27 =0
F D2 ) p2 -1 .
=E %e.’I‘r(VTfl thTV 19t + = thTV gt]
i =0

Since V; <X Vp_; forall t € [T — 1], we have g, VTflgt < g/V, g, forallt € [T —1].
Consequently,

D2 D2\ N Tyt
Qt, mt g, Lt _
ZEf — [t (z )}<E{277T(VT 1)+ (277+2>§Qtv2 gt}
This completes the proof. O
Lemma E.3. Under the setting of Theorem 4.3, it holds that
T-1 i ) T-1 )
D (T @) = fo0T (@) < D (FO0T (@) — FT (@) = Z Vi gull3
t=0 t=0
T-1 ~ A 772 T-1
+n Z<9t — VT (@), V) + Z Vi gell -
t=0 t=0
Proof of Lemma E.3. By Definition 2.4, we have that
Ay (f
F) < 1@) + (Tf )y —a) + 2 g2,
By the definition of f**®t in (8),
, _ , A
JOor (@) < fOOF () + (V5 (@), @egn — @) + Hg(f) i1 — a0 7
. i . Hn
= ) (91 ), Vg + DT g
3 _ . _ Ay ()0? orm1 12
= 5 ) — g, Vi g+ nlg — 9 (e, Vi g + S g
where we plug in the update rule for x;; in Algorithm 2. Summing over ¢ yields
T—1 T—1 T—1
D (FT (@) = [T (@) < Y (0 () — fUT (27)) = Z Vi gl
t=0 t=0
T-1 Asy 9 T—1

% - 77
+n Y (g — VO (a,), V,  ge) + oIVt gll--
t=0 t=0
This completes the proof. O
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The following lemma is a standard result for mirror descent.

Lemma E.4 (Lemma 5, Gupta et al. 2017). Forany ¢y € X, g € R and H = 0, let 1 =
arg ming v (g, o) + ||@ — xo||%4. Then it holds that

1
(gm0 —x1) < *HH '9lE + 5llwo — @allz

Moreover, for any x € X, it holds that

1 1 1
(g.@1 — @) < Sllwo — @7 — Sller — 2|z — 5llwo — 21l7,
1 1.
(920 —x) < *Ilwo zllz — 5l — 2l + S I1H gl

E.2 STOCHASTIC CASE WITH PROJECTION

Algorithm 8 Accelerated Adaptive Algorithm with Projection

Hyperparam: ¢ > 0, total steps T, learning rate 7, convex cone H C S, ,radius D?
Input: initialization &y = &, a sequence of positive constants a, . .., ar € (0, 1]
M,1 ~— 0
fort=0,1,2,...,T:
g — Vfa”m’ (mt) Where fo® is defined in (8)
M, < My_1 + gig9,
V; < arg mingy oy th + eId,H_1> + Tr(H)
Typ1/2 < Ty — Vv, g,
Ty 4 argming g, <p |2 — o123,
Ty & pypryo + (1 — ag)®y
return T

Theorem E.5 shows the convergence rate of Algorithm 8, which is the same as Algorithm 2 while
removing the dependence on prior knowledge of D.

Theorem E.5. For a well-structured preconditioner set H, let f be a convex loss function whose
‘H-smoothness constant is Ay (f) € (0, 00) according to Definition 2.4. For e > 0, T > 0, consider
Algorithm 8 with oy = 2/(t + 2) fort = 0,1,...,T — 1. Suppose the global minima x* satisfies
that ||x*||;, < D and Assumption 4.2 holds with adaptive gradient variance oy ({ fi}{_)* < o3,
for some o3, € [0,00). Then it holds that

2D26 D2
Fften) = el = mETr(VT__ll)JF (277 77) T+1)2 thTV, g¢
2
+(T2+L1)2-AH (f)- O(log d) + Tl/gaﬂ O(log d).

Moreover, when choosing learning rate 1 = D, the convergence rate becomes

_ ~ Ay (f) D*log?d + d\/eD oy Dlogd
E - =0 .
@) - @] = o »
Proof of Theorem E.5. Combining the results of Lemma E.7 and Lemma E.8, we get
T-1 ~ ~ D2
E[f* " (@iy1/2) — f*7 (7)) < ]E[QU Tr(Vy ) + ( - ) ZQJV gt:|
t=0
T-1 )
[0 3 (g = 05 (w0, V, g0
t=0
A ()1
+B M S 1V e
The rest of the proof will be the same as the proof of Theorem 4.3. [
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Lemma E.6. Under the setting of Theorem E.5, it holds that

T—1
Elf(2r) - f(2")] < ﬁ STE[f (@y41)5) — f07 (27)] (45)
t=0

Proof of Lemma E.6. The proof is the same as the proof of Lemma E.1 with x;, /3 in place of
Li41-

Define V_; = 0 for convenience.
Lemma E.7. Under the setting of Theorem E.5, it holds that

T-1 ~ B D2 D2 n T—-1
SE|reee(en - oo o) <B| D mvity + (5 + 1) T ol Vit
t=0 t=0

Proof of Lemma E.7. The proof is the same as the proof of Lemma E.2, except that controlling
(g¢, T — x*) requires some extra work. Specifically, by definition x;q/0 = x; — nV; gy, so it
follows from Lemma E.4 that

1 1 n _
(gr, @ —x") < %Hmt — |y, - %”‘Et—i-l/Q =", + SV gl
Since @, 41 = argMilge y o), <p [T — Teg1/2([3, and |[z*]|3 < D, it holds that Ll +
AMx* — x1) — $t+1/2||%/t |/\=0 > 0, which implies that (z* — x;41) " Vi(2iy1 — xTip11/2) > 0.

Then it follows that [|z,11/2 — %[}, = [|eer1 — 2|3, + 2(2* — @4y1) TVi(@i1 — Teg1y2) +
zes1 — 2ig1/2lI3, > l@es1 — 2*||3, . Therefore, applying this to the above inequality yields

N 1 " 1 N~ r—
(gr, e —x") < %Ilwt —z|3, - %me - x|y, + >V ‘g3,

Then the rest of the proof is the same. O
Lemma E.8. Under the setting of Theorem E.5, it holds that
T-1 T-1 -1
D (e (@) = fOT (7)) < D (FUE (@) — 00T (2") Z Vi gl
t=0 t=0
T—1 77 9 T—
+U;<gtfvfa“wt(mt)7vflgf 5 ; IV, gull%-

Proof of Lemma E.8. The proof is the same as the proof of Lemma E.3 with x;, /3 in place of
Li41-

F PROOF FOR NORMALIZED STEEPEST DESCENT

Suppose that ||-|| is a norm on R¢ and ||-||, is its dual norm. The following descent lemma charac-
terizes the progress of one step of steepest descent under || - ||.

Lemma F.1 (Descent lemma). Let f : R* — R be a differentiable function. For any m € R, let
U = arg max |, <; (M, v). Then for any n > 0, it holds that

2
fl@ —nu) < f(x) = |[Vf(@)|, + 2|V (@) —m], + %L\Hl(f) :

Proof of Lemma F.1. By definition of the smoothness in Definition 2.3, we have

u 2
Fla— ) < fla) ~ V@) o)+ 0L ()
2

= J(@) =0 (Vf(@) = m,u) = m,u) + 5Ly (f)

2
< f@) +nIVf@) —ml, —nlml, + Ly (f)
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where in the last step we use |u|| = 1 and (m,u) = ||m||. by the definition of u. Then we further
apply the triangle inequality ||m||. > |V f(z)|+ — || Vf(z) — m]|. to get

2
fl@—nu) < f(x) —n|[Vi(@), +2n[Vf(x)—m], + %Lu‘u (f)-
This concludes the proof. O

Proposition F.2. For any e > 0, o € (0,1), n > 0, and T € N, let {z;}1_, be the iterates

of Algorithm 3 with || - ||. Let L. (f) be the smoothness of the loss f w.rt. |-|| according to
Deﬁmtlon 2.3. Suppose Assumption 4.2 holds. Then it holds that

Ly (fym 2 2(1 -

*ZEHVf ()] 7— T+Q7E|\mo—Vf($0)||*+TLH'H(f)
9g T=1 t
205 ] 30 - g @)

t=0 Ili=1 *

Proposition F2. Apply Lemma F.1 with ||-|| yields that
Ly (f)n?
flae) = f@) < =n|Vf@)], + =5+ 20 Vi) —mil,.  @6)

Rearranging the telescoping sum of Eq. 46 from ¢ = 0 to 7" — 1, we have that

Ly (f)n

5t Z]Eﬂvfwt) mll, .

47

1T*1IE - _ 1 .
T; [V f(z)], < ﬁ[f(wo)—mlnf(w)]

By the update rule of Algorithm 3, we have m; = (1 — a)m;_1 + ag, so

= Vf(®e) = (1 = a)(mi—1 = Vf(@i-1)) + (1 = a)(Vf(@i-1) = VI(21)) + alge — V(@)
Unrolling the above recursion, we get that

= Vf(x:)=(1- CV) (mo — V f(x0))

+Z ) = a)(V(®ior) = V(=) + algi — V()]

and

E[Vf(2:) = myll. < (1= ) Ellmo — Vf(@o)[« + (1 =)V f(@i1) = V(@)

=1
t
+aE|| Y (1 - a) " (gi — Vf(x)) (48)
=1 *
We know that
IVf(@i-1) = Vf(@ll, < Ly () llwior — @il < 0Ly () (49)

Then plugging (49) into (48), we can get that
t

E (V£ (@) —mull. < (1 - )'E [[mq — Vf(@o)ll, + (1 - a)nLy (/) S (1 - a)'~
i=1

t

(- ) g - Vi)
< (1 a)'E lmo — V(@) + Ly (1)

Y (1—a) (g~ Vi(x))

=1

+ aE

*

+ aoE

*
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Plugging it in Eq. 47, we have that

+

1= Ao . 2 .
TZEHVf(wt)H* < T —5 t7 [(1—a)'E|jmo— Vf(zo)|,]
t=0

t

Y (1 —a) (g = V()

J

t=0 =1
A, Ly 2 2(1 -
_ 77—1‘1 + w + —=E [mo — Vf(xo)|, + %LH-H (f)
20 T-—1 t )
+ 2> E > (1 —a) g - V(=)
t=0 Il i=1 *

F.1 CONVERGENCE RATE WITH RESPECT TO ADAPTIVE GRADIENT VARIANCE
The proof of Theorem 4.5 largely borrows from Kovalev (2025b), upon which we change the de-
pendence on adaptive noise and improve some coefficient constant.

Theorem 4.5. Let H be a well-structured preconditioner set. For any ¢ > 0, « € (0,1), n > 0,
and T € N, let {x;}_, be the iterates of Algorithm 3 with || - || = || - |3 and mo = V fo(xo).
Let Ly, (f) be the smoothness of the loss f w.rt. ||-||;, according to Definition 2.3. Suppose

Assumption 4.2 holds with adaptive gradient variance o3, ({ ft}{—1)? < 03,. Then it holds that

1= Ao 2 2
0 H
]E? ; ||Vf(33t)||ﬂ,* < TliT + ELIH\ (f)+ ol + 209/

Let ag = AOLHH (f)/JH If ag < 1, then

s WhenT < ay°, we choose o = T~%/3 andn = | | I ﬁo(f)T—5/12. The rate is O (o3 T~/3).
I

Ag/4T—3/4

ag
Ly, (O a3/

-6
* WhenT > ag”°, we choose o = v =

1/4 /=
The rate is O <(A0L”"'7}(1f/)4) m)

If ag > 1, then
» WhenT < a3, we choose o = 1 andn = | /WT*/Q. The rate is O ( AOLH_”H(f)T_l/Q)

Ag/4T—3/4
1/2+°
Ly (D 4a3]

<A0L.H(f>>“4m>

e When'T > a%, we choose o = % andn = The rate is O ( Eave!

Proof of Theorem 4.5. By applying Proposition F2 with ||-|| = ||-||,, we have that
1= Ao Lipy(hHm 2 2(1 — )
T ; E [V f(@)lly. < T . lmo — V£ (o) 5. + Ly (f)
T-1 t .
+7 ; E ;(1 —a)a(gi - Vf(:ci))H%* (50)

. For
) H,*
notational simplicity, we define w; = (1 — a)' ‘v and §; = g; — V f(x;). By Assumption 4.2, we

We only need to bound E ||y — V f()]|y, , and ]EH S (1 —a)a(g — V()
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know that E[d;]d;] = 0 for j > 1. Then we have that

2 2

t

E|> (1-a) (g - V(i)
i=1 H H,*
t t
~E, mn (Z;wi(si)[—[l ( ;wi&)
¢
= HEHI%i?H (Zw’ Z) (;wi&i)

= E 25 H'4;
el Zw

= E 216 :
HE?—LH”ll“l?H Zw 18-

Now by the condition on o3 and the definition of the adaptive gradlent variance in Definition 4.1,
we know that min g ey, mr(my<1 E || ||le,1 < o3, for each i € [t]. Therefore, we further have

¢ 2

31— a) (g — V()

=1

E < J;Q_L Zw? < 072_[@ on

H,* i=1

where the second inequality holds by the definition of w; and the condition that & € (0, 1). Similarly,
we also have

E [[mo — V£(zo)|7,., = Ellgo — V.f(z0)l3,.. < 0% (52)
Plugging in Eq. 51 and Eq. 52 into Eq. 50, we can get
T-1
nLyg. (f) 204 2(1—a)y
E 20 ” I )
; IV f(@e)llay . < 77T 2+ 5 + T + = 1, () + 2v/aoy,
A 277 20'9.[
Sar e or T 2Vern 53
77TJF Ly, (f) + —= + 2Vaox (53)

Next, we will choose appropriate hyperparameters 1 and « to achieve the optimal rate.

For any fixed o < 1, to balance the first two terms on the right-hand side of (53), we choose

Aoa
2TLy ., (f)
Also, for simplicity, denote ag = y/A¢Ly., (f)/o. Then the convergence rate becomes
T-1
1 280 Ly, (f) | 204
E—= <2 H 2
7 2 IS @l < DD 201 4 oo

< 2v20%(f) (jc% a) . (54)

We further stratify the values of «, ag and 7" to minimize the right-hand side:

e When o < T2/3, 1 > /a. We only need to minimize —— which is achieved

JavT
atq = T—2/3 because it is a monotone decreasing function in . So the convergence rate
is always no better than that in the case of o > T~2/3.

\/“O%F. Then a—\/% is the

e When o > T—2/3, —= < y/a. We only need to minimize /o +

global minimizer but there are constraints 7-2/3 < o < 1.
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— When ag < T—1/6, we have that % < T~2/3, Then we need to choose o = T—2/3

and the rate is o3 T~/ 4+ [Ao Ly (f)T 76 < 20377 1/3,

— When ag > /T, we have that ﬂ > 1. Then we need to choose o« = 1 and the rate

is O-H+1/AOL” Il T 1/2 <21/A0L” Il -1/2,

— When T /6 < gqg < \/T we have that T~ 2/3 < f < 1. We can choose o« = %
The rate becomes (Ao Ly, ()4 /o T4,
This completes the proof. O
F.2 CONVERGENCE RATE UNDER GENERAL-NORM ASSUMPTION
Definition F.3 (Distortion of norms). For any target norm ||-|| and a reference norm ||| . on a

finite-dimensional vector space, the corresponding distortion of ||-|| with respect to ||-|| ¢ is defined
as

[Ed| ||| ref
YA 1 eg) = Ssup S (55)
a:;éO [l || es x£0 | -

Since all norms on the finite-dimensional space are equivalent, Y (||-|| , ||-||,«) is always finite.
Theorem 4.6. For any ¢ > 0, a € (0,1), n > 0, and T € N, let {mt}tTZO be the iterates

of Algorithm 3 with any norm ||-||. Suppose Assumption 4.2 holds with the gradient variance
I\ ({ft}tT_l)2 < oﬁ |, Jor some o € [0,00). Then it holds that

2 .
EZ Z IV§ (@) < SO+ 2Ly (D) + oy, + 2o, min (1,200l 1))

where z/J(|| Ny | [|2) = supg H;H; - sup,, HI;BHQ measures the distortion between the two norms.

Proof of Theorem 4.6. Since E[||mo — V f(xo)||.] < oy, . it follows from Proposition F.2 that

NS 20, -
% D EIVi@)l. <7+ ” ”20% + e 21 aa)nLn-H ()
=0

T— t
2a —i
T Z > (=) (g — V(i) (56)
=0 i=1 *
There are two ways to control the last terms, and we discuss them separately below.
For the first approach, we directly apply triangle inequality to get
t t
a-E|| Y (1-a) (g~ VF(x:)| <EY a(l-a)" g~ Vi),
i=1 * i=1
t
<> a(l— ) [Elgi - Vi@)[2]" <oy,
i=1
(57
For the second approach, we first convert || - || to H |l2 and get
t t 2
{0300 - @) - Vo) } b ) B > 1~ g~ VSt ]
i=1 2 i=1 2

=1

LY (sup 121 Y" 5201 e -

=0

IN

||,
I ||*7|| 12)% - oy,
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Using Jensen’s inequality, this further implies that

t

> (1 —a) (g — V()

i=1

a-E < a'2P() s - ll2) - .- (58)

*

Now, by taking the minimum over the two bounds in (57) and (58), we obtain from (56) that

201

T ZEHW )| 4o "Q(f) +—7 24 ;a)nLn-H (f)

+ 20y, -min (1,02 - o, |- ]12))

This completes the proof. O

F.3 DIMENSION DEPENDENT LOWER BOUND FOR NSD

In this subsection, we construct the example for the lower bound in Theorem 4.7.

Lemma F4. Fix any ¢ > 0. For any distinct points xg,x1,...,x7 € Rwhere T +1 < 1 L there
exists a function p : R — R, such that its derivative p’ is 1 Llpschltz, p(xzo) — inf, p( ) < 1and
p'(zy) = —€efort=0,1,...,T.

Proof of Lemma F.4. We use g(x) to denote p’(z) in the proof. For any set of points {7}, C R,
we will construct g(x) such that g(z) = —e for z < ¢ and g(z + 1) = g(x) for z > zo. We first
explain what it requires to construct this function g: For such a g, “because of the periodicity, we
can always find wo = yo < y1 < -+ < yp < o+ * for T' < T so that for any ; > x0, there

is a y, such that there exists n € N satlsfylng Ty = ys + L. n and therefore g(z;) = g(y,). For
any x; < To, g(x¢) = —e by definition. Also for z < g, it holds thatp(xo) < p(z) and g(x) is
1-Lipschitz. Then it suffices to construct g(z) in the interval [zo, zo + 1) to satisfy the following
conditions

* g(z) is 1-Lipschitz in [zo, T + 1].

e For any = > =, it can be written as z = zo + & + ne ! for some § € [0,¢~!) and non-

negative integer n, and thus p(z) —p(xq) = f;OOM g(x)dz+n fIOJrE_ g(x)dx. Therefore,

to ensure that p(zo) —inf, p( ) < 1, we require p(zg) — p(xo +9) = fx°+6 (z)dx > —1
forany()<(5<fandf0 (x)dz > 0.

e g(ys) = —efors=0,1,...,T".

We will further define y7 41 = zg + % in the following construction.

Foreach¢t =0,1,...,T", we construct g on the interval [y, y;+1] as follows:

g(a) = {_6 T@-w), @€l (e yen)/2k;
—e— (= yir1), € (Yt + Yet1)/2, Y1)

It is straightforward to see that g is 1-Lipschitz on [xg,z0 + ¢ '] and g(y;) = —e for t =
0,1,...,T" + 1. Also, note that g(z) > —e for all z € [z, zo + ¢ !]. Thus, for any 0<06< %, it

always holds that [ - oo (x)dx > —ed > —1. Then it only remains to show f g(x)dac > 0.
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By direct calculation, we have

zo+1 T’ Yt4+1 T 2
c Yi+1 — Y
[ awae =30 [ gtere = 3 (el - o) + 2220
T Y _
1 &
=-1+ 1 Z(yt+1 —y)?
t=0
T 2
_ 1 (im0 W1 — wr))
> -1+
4 T +1
1
4e2(T" + 1)

=1+

1
4e2>

diately follows that f;oﬁ% g(z)dz > 0. This completes the proof. O

where the inequality holds by Cauchy-Schwarz inequality. Since 77 +1 < T + 1 < it imme-

Theorem 4.7. For any fixed Ao, L, 02, d, T, learning rate 1, and any averaging parameter o, there
exists a loss function f : R — R, a sequence of stochastic iid loss functions fo, f1,--- , fr—1 and
an initialization x satisfying the following conditions:(1) f(xo)—infy f(x) = Agand L _(f) <
L; (2) For any x € RY, it holds that E[V f(z)] = V f(x) and E[|V fi(z) — V f(z)|]?] < 02
When running Algorithm 3 with || - || = || - ||co, learning rate n, averaging parameter o and initial-
ization xg = 0, it holds that

E| win [V ()]l = min{e 2575 (dLAG0?)iT 2, e 25 20}
te

Proof of Theorem 4.7. Inspired by Lemma 1 in Chewi et al. (2023), we first rescale the original
problem to a parameter-free scaling for simplicity. Indeed, for any f, { ft}z:ol, x( satisfying the
conditions (a) and (b), we can define h(z) = Ayt f(\/Ao/Lx) and hy(x) = Ay* - fi(v/Ao/Lx).
Then it can be verified that & satisfies that h(zo) — infy h(x) = 1 and L) _(h) < 1. Therefore, it
suffices to construct h and associated stochastic loss functions hg, h1, . .., hr_1 such that h(xg) —
infg h(z) = 1, L _(h) < 1and E[||[Vh(x) — Vh(z)|1] < 0/v LAy, and then the construction
is completed with the reverse transform f(x) = Ag-h(+/L/Aox) and fi(x) = Ag-hi(/L/Aox).
Correspondingly, we can rescale the learning rate and the iterates of Algorithm 3 on the loss function
f to transform {x;}_, to be iterates obtained by running Algorithm 3 on the loss function h: It
can be easily checked that ; = \/A/LZ;, where {:Tct}fz_ol are the iterates obtained by running
Algorithm 3 on hy, . . ., hp—; with learning rate 17/ L /A and momentum factor «. Then if it holds
that E[min; ' ||VAa(Z,),] = min {6_25_i(d0'/2)1/4T_1/2, 6_25_%0'/} where o/ = o/v/ LA,
we immediately have

E[,_min_ [Vi@)], | =E[_ min_ IAo-|Vh(@),]
= min{e_25_i (dLA002)iT_%,e_25_%a}
which gives the desired result in Theorem 4.7. Given the above discussion, we only need to construct
a loss function f : RY — R and associated stochastic loss functions fy, f1,..., fr—1 such that
f(®o) —infy f(x) =1, Ly _(f) < 1and E[||V fi(x) — Vf(2)||f] < ¢ forallt =0,...,T -1,
and show that

1 dig?
E[,_min [V f(z)]] = min <e—25—40,6_25_;0>
t=0,...,T—1

Below we present a construction for such a hard instance.
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Construction of loss functions. We consider initialization &g = 0. For convenience, we define
the target quantity as

CdYAgl?2 o
€ = 1Iin <51/41—'1/2’ \/5> . (59)
We first construct a sequence of independently random noise vectors g, d1,...,07r_1 as follows.
For constant C = < and constant § = d =<, each random vector 6, = —C[Ry 1, - , Ry 4] where

iid variables I; ; ~ Bernoulh(ﬁ) The Bernoulli distribution is well-defined because 6 < % <1lby
the choice of € in Eq. 59. Then we know that E[d;] = —C01; = — 514,

E[l[d¢]|,] = dE[|0¢,1]] = Cdf = ¢
and

E[[|6, — E[6,]|3] = C*E[ <§dj |Ryi — 0) ]

i=1

0? | |Rt1—e| +d(d = DE[|Re. 0]

=C?d 001 ( —0)6°] +d(d —1)[20(1 - 0))?]
=C?[do(1 —1)46%(1 - 6)?]

< C?(df+ 4d202)

< 5C%d0 = o* (60)

The last inequality holds because of df < 1 by the definition of §. And we can verify that E[||d;||,] =
e and E[||6; — E[8][|3] < 5C2d0 = o2 by plugging in C = & and 6 = 25

Next, we construct the loss function f. Consider the set of points S, . = {0,7,27,..., (N — 1)n}
with N = Lﬁj We then invoke Lemma F.4 with set .S, . and level —e to obtain a one-dimensional
function p, such that its derivative p’ is 1-Lipschitz, p(0) — inf, p(z) < 1 and p’(kn) = —e for all
k < N. Now we define f : R? - R as

&\H

d
Z (61)

Leveraging the properties of p, we can show that for any x, 2’ € R,

S
=

flao) —inf f(z) < (p(0) — inf p(x)) <1,

=1

=
=

IVf(z) = Vi), = P (i) = p'()] < llz — 2|

=1

where the last inequality holds because p’ is 1-Lipschitz. This shows that f satisfies the desired
condition (a). Then for each ¢t = 0,1,...,T — 1, we define the stochastic loss function f; as

fil@) = f(a) + (8, 2) + = (14,). (62)

¢
Its gradient is given by

Vfx) = Vf(x)+ 6 + §1d.

By the previous construction of 8, it is clear that E[V f,(x)] = V f(z), and it follows from (60) that
the variance of V f(a) under | - |, satisfies E[|V fi(z) — Vf(2)||]] = E[|d; — E[8:]]3] < 02
Therefore, the stochastic loss functions fo, f1, ..., fr—1 satisfy the condition (b). Next, we proceed
to establish the lower bound for E[min_' |V f(a)|1], where xq, 1, ..., x7_; are obtained by
running Algorithm 3 on the constructed loss functions fy, f1, ..., fr—1 with xg = 0.
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Lower bound on gradient norm. First note that by the construction of the loss functions and
the choice xy = 0, the coordinate-wise dynamics have the same distribution across coordinates,
ie., (zo,i,®1,,...,27—1,) has the same distribution as (z¢ j, 1 ;,...,27-1,;) forall i, j € [d].
Utilizing this observation, we have

te[T]

E| min ||Vf(a:f)||1} = E[min Clizd: p/(xt,i)|:|

= IE[ min |p’(sct’1)|} . (63)

So it suffices to focus on the dynamics in the first coordinate.

By the construction of the function p in the previous step, we have p’(0) = —e. Therefore, when
x1,1 = 0, we have [V f(z)]1 = p'(z1)/d + 01,1 + €¢/d = 0,,1. Consequently, since zo1 = 0, the
first coordinate of a; will remain to be zero until at some step d; 1 # 0, in which case we must have
0,1 = —C. This implies that

min{t € [T] : 241 # 0} —1 = min {t €T): [Vi(ze) = C’} =T,

. . . . . . . . 2 .
and this stopping time 7 follows a geometric distribution with parameter # = 55, again by the

. . . d0'2
distribution of ;. Hence,

} =(1-0)7]
1
0

Z —1-6 Z 6_2.

9]

Now conditioned on the event that 7 > %, we can show that

11 11 1 Vdo
N>Z4 - >n/l> = =—"—="2"
TN 2T TG 1 Ve  /5e?’
which is no smaller than T' by the choice of € in Eq. 59. Therefore, we have z;; = 0 for all
t = 0,1,...,7 and there are at most 1" — 7 distinct points among ¢ 1,%1,1,...,Z7,1. Then
since |z¢41 — 4| is either O or 7 by the update rule of Algorithm 3 with || - || = || - ||co, We see
that xo1,211,...,271 € {0,7,2n,...,(N — 1)n} on the event 7 > %, in which case we have
p'(x1) = —eforallt = 0,1,...,T by our construction of p. Leveraging this, it follows from
Eq. 63 that
E| min |V f(x:)|| } > E[min Ip' (x )|} > ]P|:7' > 1} E[min Ip’ (x4.1)] ‘7‘ > 1}
te[T] ] = e PRIsul] = — 0 te[T) PiTe ~— 0
> e 2e
This gives the desired lower bound and completes the proof. O

47



	Introduction
	Notations

	From Adam/SignGD to Adaptive Smoothness
	Adam and SignGD can exploit infinity norm geometry, but in different ways
	Adaptive smoothness associated with well-structured preconditioner

	Unified Analysis in the Nonconvex Setting
	Adaptive optimizers with well-structured preconditioner sets
	Convergence rate in the deterministic nonconvex setting
	Technical Contribution: A Novel Matrix Inequality

	Benefit of Adaptive Geometry
	Adaptive Variance: An Analogue of Adaptive Smoothness
	Acceleration on Convex Functions
	Nonconvex Results for NSD under Adaptive Noise Assumption

	Conclusion
	Related Work
	Auxiliary Results
	Comparison on adaptive geometry

	Proof for the matrix inequality
	Unified proof for adaptive algorithms
	Relationship between adaptive algorithms
	Proof for weighted algorithm
	Proof for the cumulative and EMA variants

	Proof for the accelerated algorithm
	Stochastic case without projection
	Stochastic case with projection

	Proof for normalized steepest descent
	Convergence rate with respect to adaptive gradient variance
	Convergence rate under general-norm assumption
	Dimension dependent lower bound for NSD


