NORTHEASTERN UNIVERSITY

DOCTORAL THESIS

Stochastic Optimization for Machine
Learning: Stronger Convergence
Guarantees and More Efficient Algorithms

Author: Supervisor:
Thien Hang NGUYEN Professor Huy Le NGUYEN

A thesis submitted in fulfillment of the requirements
for the degree of

Doctor of Philosophy
in

Computer Science

Khoury College of Computer Sciences
Northeastern University
Boston, Massachusetts

March 12, 2025


https://northeastern.edu
https://www.khoury.northeastern.edu/home/thienhnguyen/index.html
https://www.ccs.neu.edu/home/hlnguyen/

Docusign Envelope ID: E44B95F0-C44B-46A2-8FCO-D383CY975BAD4

Northeastern University

Khoury College of PhD Thesis Approval
Computer Sciences

Stochastic Optimization for Machine Learning: Stronger Convergence Guarantees and More Efficient Algorithms

Thesis Title:

Author: Thien Hang Nguyen

X .
PhD Program: Computer Science Cybersecurity Personal Health Informatics

PhD Thesis Approval to complete all degree requirements for the above PhD program.

Signed by:

N’)‘“?“’L 3/14/2025
Thesis Advisor Date
Signed by:
QOWMM Puansy 3/13/2025
Thegbilg bégader Date
Signed by:
Panl thand 3/12/2025
Thesis Reader Date
Signed by:
Mina o 3/12/2025
\—AF.2AF24E75734DF.
Thesis Reader Date
Thesis Reader Date

KHOURY COLLEGE APPROVAL:

W/ 3/17/25

Assoéi% Dean for Graduate Programs Date

COPY RECEIVED BY GRADUATE STUDENT SERVICES:

kT N 18 March 2025
Recipient’s Signature Date

Distribution: Once completed, this form should be attached as page 2, immediately following the title
page of the dissertation document. An electronic version of the document can then be uploaded to
the Northeastern University-UMI Website.



ii

NORTHEASTERN UNIVERSITY

Abstract

Stochastic Optimization for Machine Learning: Stronger Convergence
Guarantees and More Efficient Algorithms

by Thien Hang NGUYEN

As deep neural networks scale to billions or even trillions of parameters, training
costs have become a critical bottleneck. Stochastic optimizers such as Stochastic
Gradient Descent (SGD), AdaGrad, and Adam form the algorithmic backbone of
modern machine learning, making their theoretical understanding essential for effi-
cient scaling and cost management. This thesis advances the foundations of stochas-
tic optimization by establishing stronger convergence guarantees under relaxed as-
sumptions for SGD and adaptive optimizers like AdaGrad. We then leverage these
theoretical insights to design algorithms that are more memory efficient and more
sample efficient for training modern large scale deep neural networks.

Specifically, we develop new general-purpose techniques to derive high proba-
bility convergence rates for a broad class of stochastic optimization algorithms — in-
cluding SGD, Stochastic Mirror Descent (SMD), Accelerated SGD/SMD, AdaGrad-
Norm, and AdaGrad-Coordinate — under sub-Gaussian gradient noise and other re-
laxed conditions like unbounded domains. Additionally, our techniques achieve op-
timal high-probability convergence rates for clipped gradient methods under heavy-
tailed gradient noise.

Building on these theoretical insights, we introduce Subset-Norm (SN) and Subspace-
Momentum (SM), two novel algorithms that compress the adaptive step-size and
momentum states of optimizers like Adam. SN and SM improve both sample ef-
ficiency and memory efficiency in large-scale language model (LLM) training. No-
tably, combining SN and SM achieves Adam’s validation perplexity for pre-training
LLaMA-1B in approximately half the training tokens (6.8B vs. 13.1B) while reducing
the optimizer-state memory footprint by over 80%.
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Skip forward two hundred years into the Utopian future, and the scene is totally different.
Hardly one of the things I have imagined will still be there. In that age when there is no
manual labour and everyone is "educated’, it is hardly likely that Father will still be a rough
man with enlarged hands who likes to sit in shirt-sleeves and says "Ah wur coomin’ oop
street’. And there won't be a coal fire in the grate, only some kind of invisible heater. The
furniture will be made of rubber, glass, and steel. If there are still such things as evening
papers there will certainly be no racing news in them, for gambling will be meaningless in a
world where there is no poverty and the horse will have vanished from the face of the earth.
Dogs, too, will have been suppressed on grounds of hygiene. And there won't be so many
children, either, if the birth-controllers have their way.

— George Orwell
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Chapter 1

Introduction

Everyone in their intellectual life goes through a stage. It can happen in early
graduate school, mid graduate school. It can also happen in later life, which is
bad. It’s not good to have it when you're an adult. Let me describe this stage of
intellectual development. You read a couple of books and you wake up at 3:00
in the morning and say, “Oh my god, everything is an optimization problem.”
Actually, a lot of books start this way. My answer to that is — you have to go
through this stage, so that’s fine. But get over it quickly, please. Of course,
everything is an optimization problem. What you’ll find out quickly is it doesn’t
mean anything to say that. It says nothing.

—Stephen Boyd

1.1 Stochastic Optimization for Machine Learning: Then and
Now

The central problem in machine learning can be broadly viewed as follows: given
a dataset, design a model capable of accomplishing a “task” based on the infor-
mation contained within the data. For instance, in image classification, the dataset
comprises images of various categories such as cats, dogs, and cars, and the task
involves assigning labels to objects within the images. Similarly, in language mod-
eling, the dataset consists of a corpus of textual data, and the task is to predict the
next word in a given sentence.

More formally, a task is represented via a loss function that quantifies the discrep-
ancy between the model’s predictions and a specified “ground truth.” To achieve
this, a parameterized function fy is selected. This is known as a model for the task
and its parameters are fitted to the data to minimize the loss. This turns the learning
problem into an optimization problem.

More concretely, let the data D be drawn i.i.d. from some underlying distribution
D over a domain X that we want to estimate over. Given aloss function ¢ : X x Y —
R that evaluates how well a prediction f(x) € ) aligns with an input x € X, the
goal is to design an algorithm A that outputs parameters 6 for f, that minimizes the

population loss:
L(f) := Exwp[l(x, f(x))].

This process of designing and training machine learning models involves three
deeply interconnected aspects: approximation, optimization, and generalization.
Approximation pertains to choices such as model architecture, selection of loss func-
tions, and the quality and scope of data collection. Optimization involves minimiz-
ing the loss function, often using iterative methods such as gradient descent and its
variants. Generalization addresses the model’s ability to perform well on unseen
data, often involving techniques like regularization, the incorporation of additional
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data, or ensuring stability in training. While this thesis focuses primarily on opti-
mization, the three aspects deeply influence one another.

Remark 1. The optimization formulation above only covers aspects like supervised learning
and unsupervised learning in machine learning but not areas like reinforcement learning,
where the expectation of the objective depends on the optimization parameters themselves i.e.
L(f) := —Er~s,p [R(T)], where R is some reward given by a trajectory of states and actions
generated by our policy/model f and random environment P.

1.1.1 Machine Learning Pre Scaling Laws

Prior to the advent of LLMs and scaling laws (Kaplan et al., 2020), much of ma-
chine learning was often constrained by limited data and computational resources,
where reliant on supervised learning required more expensive labeled datasets. As
a result, a key aspect during this period was managing the bias-variance tradeoff,
where controlling model capacity via some form of regularization — such as weight-
decay, dropout, early-stopping, etc. — was essential to avoid overfitting. Optimiza-
tion methods typically operated over multiple epochs to maximize performance on
limited datasets.

1.1.2 Machine Learning in the Scaling Laws Era: Big Models and Big Data

Recent advancements have redefined the landscape of machine learning. Advance-
ments in self-supervised pretraining has dramatically expanded access to (relatively)
inexpensive, large-scale datasets, removing many of the limitations imposed by re-
liance on labeled data, and ushering in the era of large-language models (LLMs) and
large-vision models (LVMs) and many other large-X models.

Scaling laws, which suggest consistent improvements by scaling up model sizes
and datasets simultaneously, have diminished concerns over model capacity. In-
creasing model size not only improves performance but also unlocks novel capa-
bilities, fundamentally transforming what is achievable. Hence, this new era has
transformed the algorithmic landscape for machine learning towards this era of ever
larger models and more data. The computational cost of training and deploying
such models has risen significantly, necessitating memory-efficient solutions and al-
gorithms that operate in sublinear time and space. Addressing these challenges will
require the development of innovative algorithms capable of scaling to unprece-
dented levels of complexity.

This thesis primarily focuses on optimization in the context of modern machine
learning'!, where big models and big data demand new approaches to efficiency and
scalability.

1.2 Contributions: From Theory to Practice

Modern machine learning with large models and datasets necessitates optimization
methods that provide stronger guarantees due to the high cost of each training run.
Consequently, theoretical interest in the convergence analysis of adaptive methods
extends beyond asymptotic considerations. It now encompasses not only assump-
tions about the objective function (e.g., convexity, smoothness) and stochastic gra-
dients (e.g., noise distribution), but also non-asymptotic dependencies on the total

10Our experiments focus on pre-training and supervised fine-tuning of LLMs.
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TABLE 1.1: Summary of contributions in the Light-Tailed Noise set-
ting. Note that T is the time horizon, ¢ is the failure probability, d is

the model dimension, and ¢ is the sub-Gaussian noise parameter.

Setting

Method

Previous results

Our results

Convex

Non-convex

(Accelerated) Stochastic Mirror Descent

Stochastic Gradient Descent

Bounded domain
(0] <log % log T)

Unconstrained domain
(0] (log % +log T)

Non-convex  AdaGrad-Norm Bounded stochastic grads ~ Unbounded gradients
~ [ dy/olog 4T
Non-convex AdaGrad-Coordinate N/A O ( ”\/()Tg ° >

TABLE 1.2: Summary of contributions in the Heavy-Tailed Noise
setting where the gradient noise ¢ is heavy-tailed ie. E[||&|} |
x] < of for p € (1,2]. The bounds are for the optimal function
gap % Y71 f(xt) — f* for convex functions and the average gradient

norm + Y1, |V £ (x;) ||? for non-convex functions.

Assumptions Convex (SMD) Non-convex (SGD)
— 1- N 1—p
Previous results Known T (@) ( p) (@) (T#)
1-p 2-2p
3p—2
Our results Known T o\r’ o\
~ 1-p ~ 2-2p
Unknown T (new) O (T » O T3¥2

Lower bound

1p 2=
pe a(r)  a(rv)

number of iterations, parameter count, and failure probability. Hence, this thesis fo-
cuses on not only obtaining stronger convergence guarantee —i.e. high probability — un-
der weaker assumptions (removing assumptions such as bounded domain, bounded
gradients, bounded noise, etc.) but also utilizes these theoretical insights to design
more efficient algorithms.

1.2.1 Theory

In this thesis, we investigate the convergence properties of stochastic gradient de-
scent (SGD) and adaptive optimization algorithms like AdaGrad under different
noise models. While traditional analyses of stochastic gradient methods often pro-
vide convergence guarantees in expectation, such results typically fail to capture the
behavior of algorithms in single-run scenarios. This is particularly important for
modern applications, where high computational costs and hyperparameter-tuning
demand more reliable performance on individual runs. High-probability analyses,
in contrast, offer a better understanding of optimization dynamics and provide cru-
cial insights for designing more robust algorithms.

Light-tailed noise. In the light-tailed noise setting, we propose a general frame-
work to establish high-probability convergence guarantees for stochastic optimiza-
tion methods under sub-Gaussian gradient noise. A summary of our contributions
in this setting is provided in Table 1.1, where our techniques obtain stronger conver-
gence guarantees under relaxed conditions compared to previous works.
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Heavy-tailed noise. While the light-tailed noise assumption provides a natural
framework for high-probability convergence, modern large-scale models, particu-
larly transformers, often exhibit heavy-tailed gradient noise (Zhang et al., 2020).
In this setting, the gradient noise has unbounded variance, making the analysis
more complex since trading bias for reducing variance is often necessary. Tradi-
tional stochastic gradient descent (SGD) has been proven to fail under heavy-tailed
gradient noise unless clipping is applied. This may explain why adaptive methods,
which inherently normalize gradients by adjusting step sizes according to gradient
norms, often outperform SGD in large-scale transformer models. This shift from
light-tailed to heavy-tailed noise motivates the need for new high-probability con-
vergence guarantees tailored to these more challenging conditions. We apply similar
techniques developed in handling light-tailed gradient noise to tackle heavy-tailed
noise as well, where we obtain optimal high-probability rates for clipped SGD in both
convex and non-convex heavy-tailed noise settings, and the first results for versions
with unknown time-horizon. A summary of our contributions in the heavy-tailed
noise setting is provided in Table 1.2, where we compare our results against previous
works and theoretical lower-bounds.

1.2.2 Practice

While theoretical insights are valuable, practical advancements are required to ad-
dress the challenges posed by large-scale machine learning. As models and datasets
grow in size, algorithms must be robust to varying noise models and scalable in
terms of both computation and memory. Our research focuses on leveraging the-
oretical insights to develop algorithms that address these challenges. For instance,
current adaptive optimizers like Adam, while effective, are memory-intensive and
require storage proportional to twice the model size. By revisiting the theoretical
foundations of adaptive methods, we propose new optimization algorithms that are
not only faster but also significantly more memory-efficient. These contributions
have the potential to reduce resource costs and enable training of even larger mod-
els in resource-constrained environments.

More specifically, we introduce two memory-efficient optimization algorithms
for large-scale language model training: Subset-Norm (SN) for adaptive step-size
memory reduction and Subspace-Momentum (SM) for momentum compression.
While existing approaches trade performance for memory savings, our theoretically-
grounded methods achieve both a reduced memory footprint and improved con-
vergence. These methods are direct generalization of existing methods. Concretely,
Subset-Norm adaptive step size generalizes AdaGrad-Norm and AdaGrad-Coordinate,
and Subspace-Momentum (SM) generalizes SGD with Momentum. These methods
build on top of our theoretical analysis and strong empirical results demonstrate
their practical effectiveness in real-world large scale tasks.

1.3 Dissertation Overview

This thesis investigates the challenges and advancements in stochastic optimization
for machine learning, focusing on both theoretical and practical contributions.

Chapter 2 establishes the theoretical framework of thesis. It formalizes the prob-
lem of stochastic optimization for machine learning and articulates the assumptions
required for theoretical analysis.
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Part I focuses on theoretical advancements, presenting key results and theorems
under various settings. It highlights novel techniques for relaxing assumptions in
prior work, offering insights that improve the rigor and applicability of existing the-
ories. There, Chapter 3 provides an overview and literature review of the area, as
well as provide important context for the contributions of our technical framework
and results. Then, Chapter 4 presents high-probability convergence results under re-
laxed assumptions (unbounded domain and light-tailed gradient noise) for (Accel-
erated) Stochastic Mirror Descent on convex objectives and SGD, AdaGrad-Norm,
and AdaGrad on non-convex objectives. Chapter 5 transitions to the more challeng-
ing setting of heavy-tailed noise. There, we provide optimal convergence rates for
clipped methods in both convex and non-convex regimes. These theoretical insights
serve as foundations for the development of principled practical algorithms.

Part II transitions to practical advancements, where Chapter 6 introduces the
issues of existing optimizers and the problems we are trying to solve. Then we in-
troduce our two novel algorithms, Subset Norm in Chapter 7 and Subspace Momen-
tum in Chapter 8, for reducing memory while maintaining strong theoretical guar-
antees under relaxed assumptions. Then we demonstrate the practical effectiveness
of our methods through a series of extensive empirical validations on a wide range
of real-world LLMs training tasks in Chapter 9. The results showcase the algorithms
speedup, reduced memory requirements, and robustness to gradient noise, validat-
ing the proposed theoretical benefits.



Chapter 2

Problem Statement and Notations

2.1 Problem Statement

We consider the problem min,cy f(x) where f : R? — R is the objective function
and X is the domain of the problem. In the convex case, we consider the general
setting where f is potentially not strongly convex and the domain X" is convex but
not necessarily compact. The distance between solutions in X" is measured by a
general norm ||-||. Let ||-||, denote the dual norm of ||-||. In the non-convex case, we
consider the setting where X is R? and ||-|| is the £, norm.

2.1.1 Goals

In the convex case, the goal is to find iterates x; € X’ that approaches the global
optimal solution i.e. f(x;) — min f(x) as t — co. In the non-convex case, finding a
global solution is NP-hard. Hence, we find solutions that approach an approximate
stationary pointi.e. |V f(x;)|| — 0ast — oo.

We will present our probabilistic results in terms of the number of iterations T
required in order for the optimal gap f(x7) — f* where f* := inf,c » f(x) or gradient
norm ||V f(x7)|| to be within some small error range € € (0,1) with probability at
least 1 — ¢ for some (small) failure probability § € (0,1). As alluded to in Table 1.2,
our results will be presented in the form of an average case result (as is common
in stochastic optimization results): %ZL f(x) — f* for convex functions and the

. 2 . .
average gradientnorm + Y-/, ||V £(x;)||* for non-convex functions. The next Section
expands on how one can interpret these results in more practical terms.

2.1.2 Interpreting Average Results

In stochastic optimization, average-case convergence results—such as % Y, flxe) —
f* for convex objectives and +Y./_; || Vf(x:)||? for non-convex objectives—guide
practical algorithm design. For convex functions, if %Zle f(xt) — f* < e, then
by definition of the average, there exists some f such that f(x;) — f* < € (since
ming (f(x¢) — f*) < L0 f(xe) — £7), justifying the selection of the best iterate via
validation (e.g., on a holdout set), while the average iterate X = % Zthl x; often con-
verges to the optimum due to Jensen’s inequality: f(%7) < + Y[, f(x;) < f* +e.
For non-convex functions, a small average gradient norm Y./ [[Vf(x:)[? < €
implies min; ||V f(x¢)||*> < € (same averaging argument), enabling selection of the
best iterate with a small gradient via validation, though averaging iterates is less
common due to non-convexity. These strategies transform theoretical averages into
actionable solutions for practical algorithms.
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2.2 Notations

We let v; denote the i-th coordinate of a vector v € R?. If a vector x; is already in-
dexed as part of a sequence of vectors (where x; denotes the t-th update) then we use
x;; to denote x;’s i-th coordinate and x;y € RF to denote the indexing with respect
to an ordered subset ¥ C [d] of size k where (x;y), = ¥, yw with ¥ (&) denoting the

k-th element of ¥. For gradients, we let V;f(x) := % denote the partial derivative

with respect to the i-th coordinate. Similarly, for stochastic gradients V f(x), we let
Vif(x) denotes its i-th coordinate. If a,b € RY, then ab and a/b denotes coordinate-
wise multiplication and division, respectively i.e. (ab); = a;b; and (a/b); = a;/b;.

2.3 Assumptions

We use the following standard assumptions:

(1) Existence of a minimizer: In the convex setting, we assume that there exists x* =
arg minye y f(x).

(1') Finite lowerbound: In the nonconvex setting, we assume that f admits a finite
lower bound inf,c vy f(x) = fi > —oo.

(2) Unbiased estimator: We assume to have access to a history independent, non-

biased gradient estimator V f(x) for any x € X, that is IE [@f(x) | x} = Vf(x).

Light-tailed noise i.e. sub-Gaussian noise. There are several equivalent defini-
tions of sub-Gaussian random variables up to an absolute constant scaling (see, e.g.,
Proposition 2.5.2 in (Vershynin, 2018)). For convenience, we use the following prop-
erty as the definition.

Definition 2.3.1. A random variable X is c-sub-Gaussian if

1
E [exp (A*X?)] < exp (A*c?) for all A such that |A] < =
Coordinate-wise sub-gaussian noise. If we denote the stochastic gradient noise as
&=V f(xt) — Vf(x;) and &;; as the i-th coordinate of {;, then we assume the noise
is per-coordinate subgaussian i.e. there exists 0; > 0 for i € [d] such that ; satisfies

E [exp (A%¢};)] < exp (A%07),V|A| < %,Vi € [d]. (2.1)

Note that ||¢;|| being o-subgaussian implies that each ¢;; is also o-subgaussian, so
coordinate-wise sub-gaussian is more general than standard scalar sub-gaussian
noise assumption. Furthermore, when ||-|| is used without explicitly specifying the
norm, we assume it is the ¢, norm ||-||,. We also use 0-indexing convention i.e.
[n] :={0,1,...,n —1} for integer n € IN.

Heavy-tailed noise. There exists ¢ > 0 such that for some 1 < p <2, E[[|Vf(x) —
V@I | x] < o?.
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Chapter 3

Introduction

It doesn’t matter how beautiful your theory is, it doesn’t matter how smart you
are. If it doesn’t agree with experiment, it's wrong.
— Richard Feynman

3.1 Introduction

Stochastic optimization is a fundamental area with extensive applications in many
domains, ranging from machine learning to algorithm design and beyond. The de-
sign and analysis of iterative methods for stochastic optimization has been the fo-
cus of a long line of work, leading to a rich understanding of the convergence of
paradigmatic iterative methods such as stochastic gradient descent, mirror descent,
and accelerated methods for both convex and non-convex optimization. However,
most existing works focus on establishing convergence guarantees that hold only in
expectation. Although meaningful, these results do not fully capture the convergence
behaviors of the algorithms on a small number of runs, as typical in modern ML
applications where there are significant costs associated with performing multiple
runs of the algorithm (Harvey et al., 2019; Madden et al., 2020; Davis et al., 2021).

Compared to the guarantees that hold in expectation, high probability guaran-
tees are harder to obtain and hold in more limited settings. They often require
stronger assumptions on the problem settings and the noise distribution. Existing
high-probability results focus on the setting where the magnitude of the stochastic
noise follows a light-tail (sub-Gaussian) distribution (Juditsky et al., 2011; Lan, 2012;
Lan, 2020; Li and Orabona, 2020; Madden et al., 2020; Kavis et al., 2021). Recent
works also study the more challenging heavy-tail setting, notably under a bounded
variance (Nazin et al., 2019; Gorbunov et al., 2020; Cutkosky and Mehta, 2021) or
bounded p-moment assumption (Cutkosky and Mehta, 2021) on the norm of the
stochastic noise. Both settings are highly relevant in practice. For instance, Zhang et
al. (2020) empirically studied the noise distribution for two common tasks, training
a ResNet model for computer vision and a BERT transformer model for natural lan-
guage processing. The authors observe that the noise distribution in the former task
is well-approximated by a sub-Gaussian distribution, while the latter task appears
to be heavy-tailed.

3.1.1 Challenges in the Light-Tailed Setting

Despite these progress, the convergence of cornerstone methods is not fully under-
stood even in the more structured light-tailed noise setting. Specifically, the existing
works for both convex and non-convex optimization rely on strong assumptions on
the optimization domain and the gradients:
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The problem domain is restricted to either the unconstrained domain or a constrained
domain with bounded Bregman diameter. The convergence guarantees established de-
pend on the Bregman diameter of the domain instead of the initial distance to the
optimum. Even for compact domains, since the diameter can be much larger than
the initial distance, these guarantees are pessimistic and diminish the benefits of
good initializations. Thus an important direction remains to establish high proba-
bility guarantees for general optimization that scale only with the initial Bregman
distance.

The gradients or stochastic gradients are assumed to be bounded even in the smooth
setting. These additional assumptions are very restrictive and they significantly limit
the applicability of the algorithm, e.g., they do not apply to important settings such
as quadratic optimization. Moreover, the stochastic gradient assumption is more
restrictive than other commonly studied assumptions, such as the gradients and the
stochastic noise being bounded almost surely.

The above assumptions are not merely an artifact of the analysis, and they stem
from important considerations and technical challenges. The high probability con-
vergence guarantees are established via martingale concentration inequalities that
impose necessary conditions on how much the martingale sequence can change in
each step. However, the natural martingale sequences that arise in optimization de-
pend on quantities such as the distance between the iterates and the optimum and
the stochastic gradients, which are not a priori bounded. The aforementioned as-
sumptions ensure that the concentration inequalities can be readily applied due to
the relevant stochastic terms being all bounded almost surely. These difficulties are
even more pronounced for adaptive algorithms in the AdaGrad family that set the
step sizes based on the stochastic gradients. The adaptive step sizes introduce corre-
lations between the step sizes and the update directions, and a crucial component is
the analysis of the evolution of the adaptive step sizes and the cumulative stochastic
noise. If the gradients are bounded, both of these challenges can be overcome by
paying error terms proportional to the lengths of the gradients and stochastic gradi-
ents. Removing the bounded gradient assumptions requires new technical insights
and tools.

In addition to requiring stronger assumptions, due to the technical challenges
involved, several of the prior works are only able to establish convergence guar-
antees that are slower than the ideal sub-Gaussian rates. For example, a common
approach is to control the relevant stochastic quantities across all T iterations of the
algorithm via repeated applications of the concentration inequalities, leading to con-
vergence rates that have additional factors that are poly-logarithmic in T. Addition-
ally, achieving noise-adaptive rates that improve towards the deterministic rate as
the amount of noise decreases is very challenging with existing techniques.

3.1.2 Challenges in the Heavy-Tailed Setting

In the heavy-tailed setting, recent works (Cutkosky and Mehta, 2021; Sadiev et al.,
2023; Liu et al., 2023d) show that variants of Clipped-SGD in fact converge with high
probability. This is a pleasing result, extending the earlier work by (Gorbunov et al.,
2020) for p = 2. However, there are several shortcomings of these results when com-
pared with the corresponding bounds in the light-tailed setting. First, the clipped
algorithm uses a fixed step size and a fixed clipping parameter depending on the
number of iterations, which precludes results with unknown time horizons. Second,
the convergence guarantees are worse than the light-tailed bounds by a log T factor,
even for fixed step sizes and clipping parameters.
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3.2 Contributions

In the light-tailed noise setting (Liu et al., 2023c), we develop a general frame-
work to establish high-probability convergence guarantees for stochastic optimiza-
tion methods under sub-Gaussian gradient noise. For convex objectives, our results
extend to stochastic mirror descent (SMD) and stochastic accelerated mirror descent,
achieving rates that depend only on the Bregman distance between the initial point
and the optimum (Juditsky et al., 2011; Lan, 2012; Lan, 2020). In the non-convex set-
ting, we improve the time horizon and success probability dependencies for stochas-
tic gradient descent (SGD) compared to prior works (Madden et al., 2020; Li and
Orabona, 2020), and extend high-probability guarantees to AdaGrad-Norm (Ward
et al., 2019), eliminating restrictive gradient assumptions made in earlier studies
(Kavis et al., 2021). Furthermore, our analysis provides the first high-probability
convergence results for standard AdaGrad (Duchi et al., 2011), broadening its theo-
retical guarantees.

In the heavy-tailed noise setting (Nguyen et al., 2023a), we analyze clipped gra-
dient methods and demonstrate time-optimal high-probability convergence rates
across convex and non-convex objectives, addressing key limitations in prior works.
For convex optimization, we establish rates for clipped-SMD and clipped acceler-
ated SMD that match lower bounds (Raginsky and Rakhlin, 2009; Vural et al., 2022),
even for unbounded domains. In the non-convex setting, clipped-SGD achieves the
optimal rate (Zhang et al., 2020), complementing in-expectation results. Notably,
our approach removes dependency on the time horizon T and allows for unknown
problem parameters such as the noise parameter o, failure probability J, and ini-
tial distance to the optimum, which were restrictive in prior analyses (Freedman,
1975; Dzhaparidze and Van Zanten, 2001). These results extend clipped gradient
techniques to stochastic mirror descent and stochastic accelerated mirror descent,
accommodating arbitrary norms and domains.

3.3 Main Techniques

Compared to prior works that rely on black-box applications of martingale con-
centration inequalities such as Freedman’s inequality and its extensions (Freedman,
1975; Harvey et al., 2019; Madden et al., 2020), in this work we introduce a “white-
box” concentration argument that leverages existing convergence analyses for first-
order methods. The high-level approach is to define a novel martingale sequence
derived from the standard convergence analyses and analyze its moment generat-
ing function from first principles. By leveraging the structure of the optimization
problem, we are able to overcome a key difficulty associated with black-box applica-
tions of martingale concentration results: these results pose necessary conditions on
how much the martingale sequence can change, which do not a priori hold for the
natural martingales that arise in optimization. By seamlessly combining the opti-
mization and probability toolkits, we obtain a flexible analysis template that allows
us to handle general optimization domains with very large or even unbounded di-
ameter, general objectives that are not globally Lipschitz, and adaptive step sizes.
Our technique is inspired by classical works in concentration inequalities, specif-
ically a type of martingale inequalities where the variance of the martingale differ-
ence is bounded by a linear function of the previous value. This technique is first
applied by Harvey et al. (2019) to show high probability convergence for SGD in the
strongly convex setting. Our proof is inspired by the proof of Theorem 7.3 by Chung
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and Lu (2006). In each time step with iterate x;, let & := Vf (x;) — Vf (x;) be the
stochastic error in our gradient estimate. Classical proofs of convergence evolve
around analyzing the sum of (¢;, x* — x;), which can be viewed as a martingale se-
quence. Assuming a bounded domain, the concentration of the sum can be shown
via classical martingale inequalities. The key new insight is that instead of analyz-
ing this sum, we analyze a related sum where the coefficients decrease over time to
account for the fact that we have a looser grip on the distance to the optimal solution
as time increases. Nonetheless, the coefficients are kept within a constant factor of
each others and the same asymptotic convergence is attained with high probability.

3.4 Related Works

Convex optimization: Nemirovski et al. (2009) and Lan (2012) establish high prob-
ability bounds for stochastic mirror descent and accelerated stochastic mirror de-
scent with sub-Gaussian noise. The rates shown in these works match the best rates
known in expectation, but they depend on the Bregman diameter max, ycx Dy (x,y)
of the domain, which can be very large or even unbounded. Our work complements
the analysis with a novel concentration argument that allows us to establish conver-
gence with respect to the distance Dy, (x*, x1) from the initial point to the optimum.
Our analysis applies to the general setting considered in (Lan, 2020) and we use the
same sub-Gaussian assumption on the noise.

Nazin et al. (2019) and Gorbunov et al. (2020) consider the more general set-
ting of bounded variance noise. However, their problem settings are more restricted
than ours. Specifically, Nazin et al. (2019) analyze stochastic mirror descent only in
the setting where the optimization domain has bounded Bregman diameter. Gor-
bunov et al. (2020) analyze modifications of stochastic gradient descent and acceler-
ated stochastic gradient descent, but only for unconstrained optimization with the ¢,
setup. In contrast, our work addresses the sub-Gaussian noise setting but it applies
to general optimization, and we analyze the classical stochastic mirror descent and
accelerated mirror descent without any modifications and with general Bregman
distances and optimization domains.

The algorithm of Davis et al. (2021) is restricted to well-conditioned objectives
that are both smooth and strongly convex, and do not apply to general convex opti-
mization. Additionally, compared to classical methods such as SGD and stochastic
mirror descent, the proposed algorithm solves an auxiliary optimization problem
in each iteration and is thus more computationally expensive. The high-probability
convergence of SGD is studied in the works (Kakade and Tewari, 2008; Rakhlin et
al., 2011; Hazan and Kale, 2014; Harvey et al., 2019; Dvurechensky and Gasnikov,
2016). These works either assume that the function is strongly convex or the do-
main has bounded diameter. In contrast, our work applies to non-strongly convex
optimization with a general domain.

Non-convex optimization: Li and Orabona (2020) demonstrate a high probabil-
ity bound for an SGD algorithm with momentum while Madden et al. (2020) and
Li and Liu (2022) show for the vanilla SGD and generalize to the family of sub-
Weibull noise. However, the existing bounds are not optimal, which we improve
in our work, using a very different approach. Convergence in high probability of
algorithms with adaptive step size for non-convex problems has also been studied,
for example, by Li and Orabona (2020) and Kavis et al. (2021). We note that the al-
gorithm of Li and Orabona (2020) is not fully adaptive due to the dependence of the
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initial step size on the problem parameters, whereas in Kavis et al. (2021) the gradi-
ents or stochastic gradients are required to be uniformly bounded almost surely. By
contrast, using new techniques, we are able to establish convergence in high prob-
ability of the vanilla version of AdaGrad-Norm (Ward et al., 2019; Faw et al., 2022)
without any of these additional assumptions. A key distinction from prior work
is the analysis does not involve the division by the step size. This allows us to di-
rectly extend the analysis to the general AdaGrad Duchi et al. (2011), which is not
possible previously. We provide a more detailed comparison with prior work in the
subsequent sections.

High probability convergence for noises with bounded variance and heavy
tails. The design of new gradient algorithms and their analysis in the presence of
heavy-tailed noises has drawn significant recent interest. Starting from the work
(Pascanu et al., 2012) which propose Clipped-SGD to handle exploding gradients
in recurrent neural networks, the recent works (Simsekli et al., 2019; Simsekli et al.,
2019; Zhang et al., 2020; Gurbuzbalaban et al., 2021) give new motivation for clipped
methods in the context of convolutional networks and attention deep networks that
attempts to explain the dominance of adaptive methods over SGD in practical mod-
ern scenarios.

While the convergence in expectation of vanilla SGD has been extensively stud-
ied (Ghadimi and Lan, 2013; Nemirovski et al., 2009; Khaled and Richtarik, 2020; Liu
et al., 2023c), only recently has the convergence of Clipped-SGD with heavy tailed
noises been closely examined. There, (Zhang et al., 2020) first show the convergence
in expectation of Clipped-SGD for nonconvex functions and provide a matching
lower bound. In the convex regime, several works with different clipping strategies
for the case of p = 2 have shown high probability convergence for smooth prob-
lems with bounded domain (Nazin et al., 2019; Parletta et al., 2022), smooth uncon-
strained problems (Gorbunov et al., 2020), and non-smooth problems (Gorbunov et
al., 2021). A variant of Clipped-SGD that utilizes momentum (Cutkosky and Mehta,
2021) has also been shown to converge with high probability for bounded pth mo-
ments gradient noise. However, the analysis in (Cutkosky and Mehta, 2021) requires
a strong assumption which implies that the true gradients are bounded, a restrictive
assumption that excludes objectives like quadratic functions.

More recently, (Sadiev et al., 2023; Liu et al., 2023d; Zhang and Cutkosky, 2022)
give nearly-optimal convergence rates for several Clipped-SGD variants. These works
follow the recipe of using Freedman-type inequalities (Freedman, 1975; Dzhaparidze
and Van Zanten, 2001) as a blackbox and bound the iterates inductively for all itera-
tions, which incur an additional log T' dependency in the final convergence rate. We
show in our work that existing convergence rates can be tightened up and improved.
Tight lower bounds for the optimal convergence rate have been shown by (Ragin-
sky and Rakhlin, 2009; Vural et al., 2022) for convex objectives and by (Zhang et al.,
2020) for nonconvex settings. In both cases, our paper provides optimal convergence
guarantees.

In a related but different line of work, (Wang et al., 2021) show that vanilla SGD
can converge with heavy tailed noise for a special type of strongly convex functions,
and (Vural et al., 2022) show that stochastic mirror descent converges in expectation
for a special choice of mirror maps, although only for strongly convex objectives
with bounded domains.
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Chapter 4

Light-Tailed Noise: (Accelerated)
SMD, SGD, and AdaGrad

4.1 Convex Case: Stochastic Mirror Descent (SMD) and Ac-
celerated SMD

In this section, we analyze the Stochastic Mirror Descent algorithm (Algorithm 1)
and Accelerated Stochastic Mirror Descent algorithm (Algorithm 2) for convex opti-
mization. We define the Bregman divergence Dy (x,v) = ¢ (x) —¢ (y) — (V¢ (y) ,x — y)
where ¢ : R? — R is an 1-strongly convex mirror map with respect to ||-|| on X'. We
remark that the domain of ¢ is defined as R? for simplicity, though which is not
necessary.

4.1.1 Analysis of Stochastic Mirror Descent

Algorithm 1 Stochastic Mirror Descent Algorithm

Parameters: initial point x; € X, step sizes {1;}, strongly convex mirror map
fort =1to T:

Xpy1 = argminge y {m <@f (xt) ,x> + Dy (x, xt)}
return % Zthl Xt

The end result of this section is the convergence guarantee of Algorithm 1 for
constant step sizes (when the time horizon T is known) and time-varying step sizes
(when T is unknown) presented in Theorem 4.1.1. However, we will emphasize
more on presenting the core idea of our approach, which will serve as the basis for
the analysis in subsequent sections. For simplicity, here we consider the non-smooth
setting, and assume that f is G-Lipschitz continuous, i.e., we have ||V f(x)]|, < G for
allx € X. However, this is not necessary. The analysis for the smooth setting follows
via a simple modification to the analysis presented here as well as the analysis for
the accelerated setting given in the next section.

Theorem 4.1.1. Assume f is G-Lipschitz continuous, a minimizer x* exists (assumption 1),
access to unbiased gradient estimators (assumption 2), and o-sub-gaussian gradient noise.
Then, with probability at least 1 — 6, the iterate sequence (x;)¢>1 output by Algorithm 1
satisfies
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. Dy (x*, x *
(1) Setting 1y = \/6(G2+02%§i1§;)(})))1"’ then Dy (x*, x741) < 4Dy (x*, x1), and

jl,té(f(xt) —F(x) < 4}5 Dy (x*, 1) <G2+0'2 <1+log (;)))

(2) Setting ny = \/6(G2+c1732?(1x;’l?g)(})))t' then Dy (x*, x711) < 2(2+1og T)Dy (x*, x1),

and

% i (f (xr) = f(x")) < 2\?(2+1og1’)\/13¢ (x*,x1) (G2 + 02 (1 +log @)))

t=1

We define ¢, := Vf (x;) — Vf (x) and let F; = o (Z1,...,&_1) denote the nat-
ural filtration. Note that x; is F;-measurable. The starting point of our analysis is
the following inequality that follows from the standard stochastic mirror descent
analysis (see, e.g., Lan (2020)). We include the proof in Section 4.4 for completeness.

Lemma 4.1.2. Lan (2020) For every iteration t, we have

Ar =1 (f (x1) = £ (x%)) = 17 G* 4+ Dy (x*, x141) — Dy (x*, x;)
< e (E " —xe) 7 || &

We now turn our attention to our main concentration argument. Towards our
goal of obtaining a high-probability convergence rate, we analyze the moment gen-
erating function for a random variable that is closely related to the left-hand side of
the inequality above. We let {w;} be a sequence where w; > 0 for all t. We define

Zt = tht — ?JtDlp (X*,Xt), V1 <t< T

where v; = 60217 w?

T
and S, = )_Z;, V1<t<T+1
i=t

Before proceeding with the analysis, we provide intuition for our approach. If we
consider S1, we see that it combines the gains in function value gaps with weights
given by the sequence {w;} and the losses given by the Bregman divergence terms
Dy (x*, x¢) with coefficients v; chosen based on the step size #; and w;. The intuition
here is that we want to transfer the error from the stochastic error terms on the RHS
of Lemma 4.1.2 into the loss term v;Dy, (x*, x;) then leverage the progression of the
Bregman divergence Dy, (x*, x;11) — Dy (x*, x;) to absorb this loss. For the first step,
we can do that by setting the coefficient v; to equalize coefficient of divergence term
that will appear from the RHS of Lemma 4.1.2. For the second step, we can aim at
making all the divergence terms telescope, by selecting v; and w; such that w; +v; <
w1 to have a telescoping sum of the terms w;Dy (x*, x;11) — w;—1Dy (x%,x;). In
the end we will obtain a bound for the function value gaps in terms of only the
deterministic quantities, namely 7, w;, G and the initial distance. In Theorem 4.1.3,
we upper bound the moment generating function of S; and derive a set of conditions
for the weights {w;} that allow us to absorb the stochastic errors. In Corollary 4.1.4,
we show how to choose the weights {w; } and obtain a convergence rate that matches
the standard rates that hold in expectation.
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We now give our main concentration argument that bounds the moment gener-
ating function of S; inspired by the proof of Theorem 7.3 in Chung and Lu (2006).

Theorem 4.1.3. Suppose that wy? < ﬁfor everyl <t < T. Foreveryl <t <T+1,
we have

T
E [exp (5¢) | Fi] <exp (3022301‘171-2) .
i=t

Proof. We proceed by induction on t. Consider the base case t = T 4 1. We have the
inequality holds true trivially. Next, we consider 1 < t < T. We have

E lexp (St) | Fi] = E [exp (Zt + St41) | Ft]
= E[E [exp (Z¢ + St+1) | Fraa] | Fi] - (4.1)

We now analyze the inner expectation. Conditioned on F;.1, Z; is fixed. Using the
inductive hypothesis, we obtain

T
E [exp (Zi + Si11) | Fir1] < exp (Z;) exp (3(72 ) wm?) . (4.2)
i=t+1
Plugging into (4.1), we obtain
T
E [exp (S¢) | Fi]| < E[exp (Z:) | Fi]exp (302 Z wmf) . (4.3)
i=t+1

By Lemma 4.1.2
exp (Z¢)

= exp (wt (7 (f (xe) = £ (x*)) = 77G* + Dy (x*, x111) — Dy (x*,x;) ) — 0Dy (x*, x1) )
< exp <wmt (& x" — i) + i n@tni) exp (— 0Dy (*, 1))

Next, we analyze the first term in the last line of the above inequality in expectation.
Since E [(Gt, x* — x¢) | F¢] = 0 we can use Lemma 4.3.2 to obtain

E |exp (o (6, x" — i) +wn? 62) | 7] < exp (307 (wfn? 2 =il +wrn?) )

< exp (3% (2winiDy (x*, xt) + win}))
(4.4)

where in the last line we used that Dy (x*,x;) > 3 ||x* — x¢|| from the strong con-
vexity of .

Plugging back into (4.3) and using that v; = 602n?w?, we obtain the desired
inequality

T
E [exp (S;) | Fi] <exp ((6(7217t2wf — vt) Dy (x*, x¢) + 307 Zwm?)

i=t
T
=exp (302 Z wmf) .

i=t
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O]

Using Theorem 4.1.3 and Markov’s inequality, we obtain the following conver-
gence guarantee.

Corollary 4.1.4. Suppose the sequence {w;} satisfies the conditions of Theorem 4.1.3 and
that wy + 602y?w? < w;_q. For any 6 > 0, with probability at least 1 — 6:

T
; wie (f (x¢) — f(x7)) + wrDy (x*, x741)

L 1
< woDy (x*,x1) + (G* +30?) E win? + log ((5>
t=1

With the above result in hand, we complete the convergence analysis by showing
how to define the sequence {w;} with the desired properties. For the stochastic

Mirror Descent algorithm with fixed step sizes #; = %, we set wr = ﬁ and

wi—1 = wy + $oy?w? for all 1 < t < T. Por Stochastic Mirror Descent algorithm

with time-varying step sizes 1; = %, we set wr = W and w1 = w; +
t=17%

602n?w? for all 1 < t < T. In Section 4.4, we show that these choices have the give
us the results in Theorem 4.1.1.

4.1.2 Analysis of Accelerated Stochastic Mirror Descent

Algorithm 2 Accelerated Stochastic Mirror Descent Algorithm Lan (2020).
Parameters: initial point xo = yo = zp € X, step size 7, strongly convex mirror map

P
fort =1to T:
Set Ky = H%
xp = (1—ar)yr1+ &z
Zp = argmin,cy (m <Vf(xt),x> + Dy (x,zt,1)>
ve=(1—ap) yi—1 + ez
return yr

In this section, we extend the analysis detailed in the previous section to analyze
the Accelerated Stochastic Mirror Descent Algorithm (Algorithm (2)). We assume
that f satisfies the following condition: for all x,y € X

) < fE)+ (V@) y -0+ Gly—xl+5ly -2 @9

L-smooth functions, G-Lipschitz functions, and their sums all satisfy the above
condition. The full convergence guarantees are given in Theorem 4.4.3. We will only
highlight the application of the previous analysis in this case. As before, we define
Gri=V[f(x) = Vf(x).

We also start with the inequalities shown in the standard analysis, e.g, from Lan
(2020) (proof in Section 4.4).
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Lemma 4.1.5. Lan (2020) For every iteration t, we have

Bo= 1 (£ () — f (1)) = 2L=%)

e e

(f (Ye-1) = £ (7))

2
T] 2 * *
S o LttxtmG + Dy (x%,2t) — Dy (x,24-1)

2
* Un 2
< — + — .
— T]t <€t’x Zt—l) 1 _ L“t”t ||Ct||*

We now turn our attention to our main concentration argument. Similar to the
previous section, we define
Zt:tht_UtDlp (X*,Zt_l), V1 §t§ T

where v; = 6(72w%17t2

T
and S; =) 7, V1<t<T+1
i=t

Notice that here we are following the exact same step as before. By transferring the
error terms in the RHS of Lemma 4.1.5 into the Bregman divergence terms Dy, (x*,z;_1),
we can absorb them by setting the coefficients appropriately. In the same manner,
we can show the following theorem.

Theorem 4.1.6. Suppose that 13}535% < ﬁfor every0 <t < T. Foreveryl <t <T+1,

we have

T 2
]7.
E [exp (S¢) | Fi] < exp (30*2 ) w-z>.
i—t Z1 — Lozim

Corollary 4.1.7. Suppose the sequence {w;} satisfies the conditions of Theorem 4.1.6. For
any & > 0, the following event holds with probability at least 1 — é:

1—Dét)

T
L (2 (0 =7 ) = U () = £ () ) + Dy (20

493

T 2
1
<woDy (x*, G2 + 302 T log ().
<woDy (x*,20) + (G* + U)gwtl—Loctnt+ 08 | 5
With the above result in hand, we can complete the convergence analysis by
showing how to define the sequence {w;} with the desired properties. Theorem
4.4.3 can be obtained from corollaries 4.4.4 and 4.4.5 provided in Section 4.4, for
constant and time-varying step sizes.

4.2 Non-convex Case: Stochastic Gradient Descent and Ada-
Grad

In this section, we consider non-convex objectives and analyze the Stochastic Gra-
dient Descent algorithm (Algorithm 3) along with two versions of AdaGrad: (1)
AdaGrad-Norm Ward et al. (2019) (Algorithm 4), where the step-size is a scalar,
and (2) the original AdaGrad algorithm Duchi et al. (2011) (Algorithm (5)), where
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the step-size for each coordinates varies. Since AdaGrad-Norm is simpler to ana-
lyze, most results for AdaGrad have been for this scalar version either in-expectation
Ward et al. (2019), Faw et al. (2022), Li and Orabona (2020), Li and Orabona (2019),
Liu et al. (2022), and Ene et al. (2021) or high-probability Kavis et al. (2021). For the
standard AdaGrad algorithm, to the best of our knowledge, Défossez et al. (2022) is
the only work that has analyzed the standard version of AdaGrad in expectation, but
their result does not adapt to noise and requires a strong assumption: the stochastic
gradients are uniformly bounded. On the other hand, our high probability result for
vanilla AdaGrad adapts to noise and holds under relatively mild assumptions.

Recall that, we assume that the optimization problem has domain X = R%. As
usual in non-convex analysis, we assume that f is an L-smooth function: for all
x,y € RY,

IVF(x) = VF)I < Llx—yl.

Smoothness implies the following quadratic upperbound that we will utilize: for all
x,y € RY
L 2
fy) = fx) = (VFGx)y —x) + 5 ly —x|” (4.6)

4.2.1 Analysis of Stochastic Gradient Descent

Algorithm 3 Stochastic Gradient Descent (SGD)

Parameters: initial point x, step sizes {#;}
fort =1to T do

Xty1 = Xt — Ut@f(xt)

We will prove the following convergence guarantee of Algorithm 3.

Theorem 4.2.1. Assume f is L-smooth and satisfies Assumptions (1), (2), and that the
gradient noise is o-sub-gaussian. Let Ny == f(x1) — fi. With probability at least 1 — 6, the
iterate sequence (x;);>1 output by Algorithm 3 satisfies

(1) Setting 17; = min { i1/ UZALlT},

1< 2A1L ML 120%log 3

(2) Setting 17 = %ﬁ’

2A1L +30% (1 +10g T) + 120? log 1
VT '

Comparison with prior works: When the time horizon T is known to the algo-
rithm, by choosing the step size 1 in part (1) of Theorem 4.2.1, the bound is adaptive
to noise, i.e, when ¢ = 0 we recover O(%) convergence rate of the (deterministic)
gradient descent algorithm. Notice that the bound in this case does not have a log T
term incurred. When T is unknown, the extra log T appears as a result of setting a
time-varying step size #; = %ﬂ This log T appears as an additive term to the log%

1 & 2 <
fZHVf x)||” <
t=1

term, as opposed to being multiplicative, i.e, log T log } as in previous works Li and
Orabona (2020), Madden et al. (2020), and Li and Liu (2022).
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Analysis: To proceed, we define for t > 1

A= f(x) = fui &= Vf(x) = Vf(x).

Welet F; := 0 (&, ...,¢—1) denote the natural filtration. Note that x; is F;-measurable.
The following lemma serves as a fundamental step of our analysis; the proof of
which can be found in Section 4.5.

Lemma 4.2.2. For t > 1, we have

L
G = (1= ) IV + 810 =

2 Lﬂ% 2
< (Lnf =) (VF(x0), &) + =5 18] 4.7)

Now we can follow the similar concentration argument from the convex setting.
The difference now is the error term in the RHS of (4.7) can be transferred into the
gradient term ||V f(x;)||* instead of a function value gap term. This actually makes
things easier since this term can be readily absorbed by the gradient term in C;,
and we do not have to carefully impose an additional condition on w; to make a
telescoping sum. For w; > 0, we define

Zt = wtCt — Ut HVf(xt)Hz, V1 S t S T

where v; = 3c?w?n? (7;L — 1)

T
and S; =) _7Z,. V1<t<T+1
i=t

Using the same technique as in the previous Section, we can prove the following key
inequality.

Theorem 4.2.3. Suppose for all 1 < t < T, n;, w; satisfying 0 < wn?L < 2}7 then

T
E [exp (1) | Fi] < exp (302 ) w*Zsz) : (4.8)

—t
Markov’s inequality gives us the following guarantee.

Corollary 4.2.4. Forall1 <t < T,if j;L < 1and 0 < wn?L < 2}7 then

ZT; {wﬂ?t (1 - 17;) - Ut] IV £ (xe)|I* + wrArsa

t=1

T > T wtﬂtZL 1
<wi A+ | Y (wr —wi—q) Ay +307 ) — |t log 5 (4.9)
t=2 t=1

Equipped with Lemmas 4.2.2 and 4.2.3, we are ready to prove Theorem 4.2.1 by
specifying the choice of w; that satisfy the condition of Lemma 4.2.3. In the first case,

— — oy — _1 — mind 1. Ay
we choose 77y = 17, Wt = w = o, where i = min{1; /277 }. In the second case, we

set 1, = %, Wy =w = ﬁ where 7 = % We show the full proof in Section 4.5.
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Algorithm 4 AdaGrad-Norm Algorithm 5 AdaGrad
Parameters: x1,7 > 0. Parameters: x;,bp € R and 7 € R.
fort=1to T fort =1to T do
b = \/3 + iy [V F ()P by = bR+ Ljy Vif ()% for i €
Xpr1 = Xt — bit€f(xt) [4].

Xey1,i = Xpj— %ﬁif(xt)/ fori € [d].

4.2.2 AdaGrad-Norm and AdaGrad-Coordinate

In this section, we present our main results for the high probability convergence for
non-convex objectives of AdaGrad-Norm Ward et al. (2019) (Algorithm 4) as well
as the standard AdaGrad Duchi et al. (2011) algorithm (Algorithm 5) that updates
each coordinate separately. Here, d € IN denotes the dimension of the problem, v;
denotes the i-th coordinate of a vector v, and @,- f(x¢) denotes the i-th coordinate of
the stochastic gradient at time ¢.

Comparison with prior works: Ward et al. (2019) and Faw et al. (2022) show the
convergence of AdaGrad-Norm with polynomial dependency on poly (}) where
1 — ¢ is the success probability. The latter relaxes several assumptions made in the
former, including the boundedness of the gradients and noise variance. When as-
suming a sub-Gaussian noise, Kavis et al. (2021) show a convergence in high prob-
ability, but still assume that the gradients are bounded which circumvents many of
the difficulties due to the error term. We remove this assumption and establish the
convergence of AdaGrad-Norm in the theorem 4.2.5. Unlike existing work, the tech-
nique employed to prove this theorem readily extends to the standard version of
AdaGrad (Algorithm 5) with per-coordinate update.
For simplicity, we let A; := f(x;) — f., where f, is any valid lower bound for f.

Theorem 4.2.5. If f is L-smooth and satisfies assumptions (1), (2) and (3). With probability
at least 1 — 0, the iterate sequence (x;);>1 output by AdaGrad-Norm (Algorithm 4) satisfies

T
F L VA <50)-0 (4 1),

where

g(6):=0 (Al + c(5)\/10g§ + Llog (U\/T—I— r(é)))

c(6):=0 <03 log (;) +olog (1 +0*T +0? log}S) +olog <0ﬁ+ r(5)>> , and
1

r(8) := O(A; + 0*log 5

+ LlogL)

are polylog terms.

The next theorem show the first convergence result in high-probability for vanilla
AdaGrad in the non-convex regime.
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Theorem 4.2.6. If f is L-smooth and satisfies assumptions (1°), (2) and (3). With probability
at least 1 — 6, the iterate sequence (x;)¢>1 output by AdaGrad (Algorithm 5) satisfies

T
F L IV7 Gl < s0)-0 (190 72,

2(6) =0 <A1 + <d0max + Xd:ci(a)) ,/1ogd§T +dLlog (|, VT + r(5)>> ,
i=1

¢i(6) :=0 (a log <d> + o;log <1 + 0T+ 0?7 loggl> + ||l log (||(TH1 \/T—i—r((5)>> , and

r(0) =0 (Al + H‘72H1108 (d> +lelly \llogg + LdlogL) ,

are the polylog terms.

Both of these results are adaptive to noise: the rate O (%) will improve to O (1)

as the noise o approaches 0. Furthermore, they hold regardless of how # and by is
set.

Analysis overview The first key new technique is unlike prior works: we do not
use the division by the step size, which makes the analysis of AdaGrad-Norm and
AdaGrad virtually the same. We can thus focus on AdaGrad-Norm. To obtain a
high probability bound, our analysis of AdaGrad-Norm utilizes the same martin-
gale concentration technique as presented throughout this paper to bound the er-
ror terms #; (Vf(x¢),G:). However, the step size 11; = blt now has a dependency
on the randomness at time t due to by, preventing us from applying Lemma 4.3.2.
To circumvent this, inspired by Ward et al. (2019), we introduce a proxy step size
a; := b2 | + ||V f(x:)||* that replaces the stochastic gradient with the true gradient at
time ¢ for analysis purposes. Using that along with standard smoothness analysis,
we obtain

Lemma 4.2.7. For t > 1, let & = Vfx;) — Vf(x), a? := b2, + |[Vf(x)|]°, and
M; = max;<; |||, then we have

y IVl A Mr [i VGl 5 Hctnz]

< +
=1 b n 2

L s+ L el

Now, the randomness at time ¢ of the error term - (V f(x¢),¢:) only depends on
¢+, which follows a sub-Gaussian distribution with mean 0. Hence, we can utilize our
previous techniques to bound — Y/, a% (V f(x¢),¢) with high probability. Compar-

ing to the analysis in expectation from Ward et al. (2019), terms like Y/, M

must be handled more carefully to obtain a high probability bound. A bound for
M has also been derived in previous works by Li and Orabona (2020) and Liu et al.
(2022). Combining with Lemma 4.2.7, we obtain the following lemma.
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Lemma 4.2.8. With probability at least 1 — 26, we have

IIVf I _ / [ 1 br
Z b, ” e log5 8log +52 +0 log(s—}—LUlogbO.

Since, Y1, W > bT YL IV F(xp) H it suffices to bound by and I, Hi}Hz

from this point on (see Lemma 4.6.1 and Lemma 4.6.6). The analysis for these terms
utilize similar martingale techniques throughout this paper, where the details are
deferred to Section 4.6. For the coordinate version of AdaGrad, since our techniques
only rely on addition and scalar multiplication, we can (with some effort) generalize
our technique to the vanilla Adagrad version. The full proofs for vanilla AdaGrad
are presented in Section 4.7.

4.3 Technical Tools

We will use the following technical tools throughout our analysis for light-tailed
noise.

Lemma 4.3.1. Foranya > 0,0 < b < 5= and an o-sub-Gaussian random variable X,

E <exp (3 (a2 + bz) (72) )

242 ool 2472\ ¢
1+b°X +l-§i’ (aX +bX?)

Especially, when b = 0, we have

< exp (2a%07) .

E |1 = (aX)'
" ha

Proof of Lemma 4.3.1. Consider two cases either a > 1/(20) or a < 1/(2c). First
suppose a > 1/(20). We use the inequality uv < “Zz + 02 here to first obtain

. . . i
(aX +0°X?)" < [aX + 0*X?|" < (a|X|+0*X?)' < (;fzxz +a20? + b2X2> :
Thus, we have
E[1+62X7+ )" 1. (aX +b2X?)' |
i=2

: .
<E 1+b2X2+Z ( X2~|—a2c72~|—b2X2)

1 1
=E b2X2+exp<<+b2> +a(7> <42—|—
| 1 2 2,2
:IE_exp<<42+b> +a(7> }
2 2,2
§exp<<4w2—|—b>a —|—a0>

< exp (2a%0% + b*0?)
<exp (3 (az + bz) (72)

7)o
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Next, let c = max(a,b) < 1/(20). We have

E[1+ 02X+ Z 1, (aX + 12X?)' | = E [exp (aX + 1X?) - aX]

< E [(aX + exp (a°X?)) exp (b*X?) — aX]

=E [exp ((a® + b%) X?) +aX (exp (1*X?) —1)]
< E [exp ((a2+b2) XZ) +c|X]| (exp (c 2X2) —-1)]
< E [exp ((a +b%) X?) + exp (2¢°X?) — 1]
< E [exp ((a® + b* +2¢%) X?)]
<exp ((a> +b* +2¢%) 0?)
< exp (3(a* + %) 0?)

In the first inequality, we use the inequality e* — x < ¢’ Vx. In the third inequality,

we use x (exz - 1) < ¢ — 1 Vx. This inequality can be proved with the Taylor
expansion.

1 .
7X2l+1

hgk

x(ef-1) =]

Il
—_
~.

i! 2

1+1 2
21!

+f
s% L (5)
-1

IN
Mg

Il
—_

N\RN

The case when b = 0 simply follows from the above proof. O
That implies the following results:

Lemma 4.3.2. Suppose X € RY such that E [X] = 0and || X|| is a o-sub-Gaussian random
variable, then for any a € Ri,0<b< if

E exp ((a,X) + 0% | X[*) | < exp (3 (Ilal? + ) 0?).

Especially, when b = 0, we have

E [exp ({2, X))] < exp (2 |a]?c?).
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Proof of Lemma 4.3.2. Using Taylor expansion of e* and the fact that [E [X] = 0 we
have

E [exp ((a,X) e ||xuz)} =E |1+ (g, X) + b || X|* + ill, <(u,X> 1 P2 ||xuz)i

=1
—E 1+b2HXHZ+Z—'<a X) + 0 ||X]| )

2 1 2 i
<E |1+ 2 X+ L 1 (lall 1]+ 82 XIP)
i=2""

where for the last line we use Cauchy-Schwartz to obtain (2, X) < ||a|, || X||. Now
applying Lemma 4.3.1, we obtain

E [exp ((a,X) e HXIIZ)] < exp (3 (Hani +b2) (72)

Similarly, we obtain the corresponding bound for the case b = 0. O
We can generalize that to the vector version:

Corollary 4.3.3. Suppose that X is a mean zero random vector in R?, where || X|| is o-
subgaussian. For 0 < a < 12 and B € RY then

E |exp (| X|* + (B, X)) | < exp (30%(a+]|B|*)) .

Proof. We have

E [exp (a X2+ (8,X))] = E [1+a2 [ X|P + (B, ) +§; (allxIP +(8%)"

2, v 1 2 k
=E |1+a|X]| +Zﬁ(a||xu + (B, X))

<E|[1+a|X]P +z = (aIXIP+ 1B 1X])

< exp (3(7 (a+|B| )) .

We can now control martingale via:

Lemma 4.3.4. If we have a sequence of random variable X; with Fy = 0(X1, X2, ..., Xi—1)
fort =1,2,...,T. Ifwecan bound E [exp (X;) | Ft] < exp(Y:), whereY; is Fi-measurable,

then ;
Z E + +1og(1/9)

t=1 =1
holds with probability at least 1 — 6.

~
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Proof. Define the Z; = X; — Y;and S; = ZiT:t Z;. Then

Efexp (Z) | Fi] = E [exp (Xi = Yi) | Fi]
=exp (—Y;) E [exp (X¢) | Fi (Y; is Fi-measurable)
<exp(—Y:) exp(Y:) = exp(0) = 1.

Then we show E [exp (S1)] < 1 via an induction: we have E [exp (S7) | Fr] =
E [exp (Z1) | Fr] < 1. Suppose that E [exp (S¢41) | Fri1]

E [exp(St) | Ft] = E [exp(Z:) exp(Si41) | Fi]
= E [exp (Z:) E [exp (St+1) | Fisa] | F]
<El[exp(Z:) | Ft] < 1.

Hence, this implies that E [exp(S1)] < 1. By Markov’s inequality, this means that
S1 < log(}) with probability at least 1 — &:

T T
Sl = ZZt = th—Yt SlOg(l/(S)
t=1 t=1

T T
t=1 t=1

4.4 Missing Proofs from Section 4.1

4.4.1 Stochastic Mirror Descent

Proof of Lemma (4.1.2). By the optimality condition, we have
<77t€f(xt) + ViDy (X141, 1), X° — xt+1> >0

and thus R
<’7tvf(xt),xt+1 - X*> < <VxD¢ (xt41,x1) , X" — xt+1>

Note that

(ViDy (xp11,%¢) , X° = xp01) = (Vi (x41) = VP (1), " — x41)
=Dy (x*, xt) — Dy (Xp41,x¢) — Dy (x*, x41)

and thus
L <@f(xt)/xt+1 - x*> <Dy (x%,xt) = Dy (x%, xt11) — Dy (X141, %1)
< Dy (x%,x¢) = Dy (x%, xp41) — % Ixesr — x|
where we have used that Dy (x¢41,x¢) > 3 ||xt11 — X |2 by the strong convexity of

Y.

By convexity,

£ ) = f () < (VF ()0 =) = (@2 =) +(Vf (), % —x")
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Combining the two inequalities, we obtain

e (f (xt) = f(x7)) + Dy (x7, xp41) — Dy (x%, x¢)

< (G2 — )+ e (F (), = w51 ) — 5 s — P
2 A~

< e (@t =)+ |9 )|

Using the triangle inequality and the bounded gradient assumption ||V f(x)||, < G,
we obtain

|95 =tz + VA <202+ 20V £ <2 (@) +¢6).
Thus
7e (f (xe) = £ () + Dy (x%, xp11) = Dy (x%,x1) <3¢ (Ge, X° — x¢) + 777 (||Ct\|i + GZ)

as needed. O

Proof of Corollary 4.1.4. Let

L 1
K =30° F+log| < ).
o ;wtm + log <5>
By Theorem 4.1.3 and Markov’s inequality, we have

Pr[S; > K] < Prlexp (51) > exp (K)]
< exp (=K) E [exp (51)]

T
< exp (—K) exp <302 Y wmf)

t=1
=J4.

Note that since v; + wy < w;_q

T
S1=Y 7Z
t?l T T
- ; wegs (f (xe) = f (x%)) = G ; wif + ; (wiDy (X", xp41) — (0t + W) Dy (X7, x1))
T T T
> Y wipe (f (xi) — f (x*)) = G Z wip + Y (wiDy (x*, x141) — wi—1Dy (x*, x;))

t=1 t=1

t=1
T T
=Y wie (f (x¢) — f (%)) = G* Y winf + wrDy (x*, x741) — woDy (x*,x1) .
t=1 t=1
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Therefore, with probability at least 1 — 6, we have
T
Y wige (f (x) = f (x7)) + wrDy (x*, x141)
t=1

L 1
< woDy (x*,x1) + (G* 4+ 302) }_ win? + log <5)
=1

O]

With the above result in hand, we complete the convergence analysis by showing
how to define the sequence {w;} with the desired properties. Theorem 4.1.1 can be
obtained from the two following corollaries.

Corollary 4.4.1. Suppose we run the Stochastic Mirror Descent algorithm with fixed step
sizes 1y = \% Let wy = #2,72 and w1 = wy + So*np?w? forall 1 < t < T. The
sequence {w;} satisfies the conditions required by Corollary 4.1.4. By Corollary 4.1.4, for
any 6 > 0, the following events hold with probability at least 1 — 6: Dy (x*, x741) <

2Dy (x*,x1) + 12 (G*+0? (1 +1og (3))) 12, and

Y- < =2 2 (@ (1h10g (5)) )

In particular, setting 17; = \/ o GZ+£“€§$’§;)( )7 we obtain the first case of Theorem 4.1.1.

Proof of Corollary (4.4.1) . Recall from Corollary 4.1.4 that the sequence {w; } needs to
satisfy the following conditions forall1 <t < T:

wy + 607wt < wpq
1
2
It = 42

Let C = 6021?. We set wr = (}%02772 = % For1 <t < T, we set w; so that the first

condition holds with equality

6
w1 = wy + 607wy = wy + ?azqzwf.

We can show by induction that, for every 1 <t < T, we have

1
. —
'S C+ ot
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The base case t = T follows from the definition of wr. Consider 1 < t < T. Using
the definition of w;_; and the inductive hypothesis, we obtain

6
W1 = Wt + —Uzﬂzwtz

T
1 601>
T C+ &2t T (C+ ggznzt)z
1 (C+ Fo?p%t) = (C+ gon?(t — 1))
T C+ 822t (CH Lo (t—1)) (C+ So2p2t)
1

T C+ Lo (t—1)

as needed.
Using this fact, we now show that {w;} satisfies the second condition. Indeed,
forevery 1 <t < T, we have

2 2
SR S
woff = Wi T — 6(721721‘ 602

Thus, by Corollary 4.1.4, with probability > 1 — §, we have
T T 1
Y wi (f (xi) — £ (x%)) + wrDy (x*, x741) < woDy (x*,x1) + (G* +302) }_ winf + log <5)
=1 t=1

Note that wt = % and % <y < % forall0 <t < T. Thus we obtain

g 1
\Uf Y (f x*)) 4+ Dy (x*, x741) < 2Dy (x*,x1) +2 (G* + 30%) > + 2Clog <5>
= 2Dy (x*,x1) + 2 (G* + 30%) > + 120% log (;) n?
< 2Dy (x7,x1) +12 <G2 + 02 <1 + log <(15>>> 172

Thus we have

R G e R G OND

Dy (x%, x711) < 2Dy (x7,x1) + 12 <G2 o <1 *log G) >> v
O

The analysis extends to the setting where the T is not known and we use the step
7

sizes 1y = 7
Corollary 4.4.2. Suppose we run the Stochastic Mirror Descent algorithm with time-varying
step sizes 17; = \% Let wr = m and w;_1 = wy + 602 *w? forall1 <t < T.
The sequence {w;} satisfies the conditions required by Corollary 4.1.4. By Corollary 4.1.4,
for any 6 > 0, the following events hold with probability at least 1 — 6: Dy (x*,x741) <
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2Dy (x*,x1) + 12 (G*> + 02 (1 +10g (3))) n*(1 +1og T), and

;té(f(xt)—f(x*)) < ;Tm"’(nm+\1/2f <G2+02 <1+log (;))) 7(1+1ogT).

In particular, setting 17; = \/ o G2+](3;b ((ﬂﬁ)( ) we obtain the second case of Theorem 4.1.1.

Proof of Corollary (4.4.2). Recall from Corollary 4.1.4 that the sequence {w; } needs to
satisfy the following conditions forall 1 <t < T:

w + 60217t2w% < w1

2 1
Wil S 4o

Let M; = 602Y_1n? and C = Mr = 60%? (ZtT:l %) We set wr = . For
1 <t < T, we set w; so that the first condition holds with equality

2,22
W1 = Wt + 60 N;W;

We can show by induction that, for every 1 <t < T, we have

wy <

C+ M;

The base case t = T follows from the definition of wy. Consider 1 < t < T. Using
the definition of w; and the inductive hypothesis, we obtain

2,22
W1 = Wt + 6077 Wi

2,2

< 1 n 60°1; i

C+M;  (C+ M)

1 (C+ M;) — (C+ M)

< +
“C+M (C+M)(C+ M)
B 1
N C+ M;_4

as needed.
Using this fact, we now show that {w; } satisfies the second condition. For every
1 <t < T,wehave
2
< /- L
~ 6022 602

0=,

wtmz <

as needed.
Thus, by Corollary 4.1.4, with probability > 1 — 6, we have

T T 1
Y wi (f (xi) — £ (%)) + wrDy (x*, x741) < woDy (x*,x1) + (G* +302) }_ win? + log <5>
=1 =1

Note that wr = % and % <wy < % forall1l <t < T. Thus we obtain

1 & i} 1 § 1 i 1< 1
EWTZ (f (1) = f (7)) + 55Dy (¢, x141) < Dy (27, x1) + (G*+30%) E;W?+log <5>

t=1
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Plugging in 17; = % and simplifying, we obtain

T

} Y (f () = £ (7)) +Dy (" xr1)

bﬂ

t=1

5
— 2D, (¢, 1) + (2G? + 602 (1 + 21og ( - 2 )il
Thus we have

té(f(xt)—f(x*)) < Jlf <2D¢(;*'xl)+ <ZGZ+6(72 <1—|—210g <(15>>> " <téi>>

and

T
< 2Dy (x*,x1) + (2G* + 602) <Z 1) +2Clog <1>

~ =

Dy (x*, x741) < 2Dy (x*,x1) + (2G2 +60° (1 +2log <f15>>> v (

4.4.2 Accelerated Stochastic Mirror Descent

The convergence of Algorithm 2 is given in the following Theorem.

Theorem 4.4.3. Assume f satisfies Assumptions (1), (2), (3) and condition (4.5), with
probability at least 1 — J,

. . v/ Dy (x*,20)t % %
(1) Setting 17; = min {4’1, \/6\/G2+022}1+lo;(%))T3/2 }, then Dy (x*,z7) < 4Dy (x*%, 20)

and
16LDy (x*,29) 86 1
_ *) <L * 2 - 2
flyr) —f(x") < 2 +\/T Dy (x*,z0) <G +<1+log<5>>a>.
(2) Setting 1y = min {4tL’ \@\/GZ+¢7]2)Z1(—T-*1/Z;)(1))t1/2 }’ then Dy (x*,z7) < 2(2+1log T)Dy (x*, z0)
08\ 5
and

Flom) - (o) < 1R L) V62 g T) \/ Dy (e, (G + (1105 (1)) ).



Chapter 4. Light-Tailed Noise: (Accelerated) SMD, SGD, and AdaGrad 32

Proof of Lemma 4.1.5. Starting with smoothness, we obtain

fye) < f(xe) +(Vf(x),ye —xt) + G lyr — x| +§Hyf—xt|\2 Vx e X
:f X

(x0) +(Vf (xe) ,ye1 = x0) +(VF(x0), ye = ye1) + G llye — x| + g lye — x|
= (=) (f (x) +(Vf (1), ys1 — xe)) e (f (x0) + (VS (00) 121 — 1))

convexity convexity

P {VF (1), 2y} + Gy =l 4 e — P

< (=) f(yeor) Foaf (o) + e V()20 = x0) + G |y — x4 +§ lye — xe])”
—_—— —_——

=at||ze—ze-|| =02||zs—z 1]

= (1 —a) f(ye1) Faef (xe) +ar (Vf(xe), 20 — x0) + Gay ||z — 21| + gﬂ‘f |z — ze1)?

By the optimality condition for z;,

1t <@f(xt),zt — x*> <(ViDy (zt,2-1), X" —z¢) = Dy (x*,24-1) — Dy (21, 21-1) — Dy (2%, 2)

Rearranging, we obtain

Dy (x*,21) = Dy (¥*,2-1) + Dy (z1,211) < 7t (VF (30), %" = 20) = e (Vf (x1) + o, 5" — 21)

By combining the two inequalities, we obtain

f(ye) + f; (DL/J (x*,z¢) — Dy (x*,z4-1) + Dy (zt, Zt—l))

< (U=ae) f (i) +ae (f (x0) +(Vf (xr), X7 = x4))

convexity

+Ga |z =z + g“% lze — ze—1||® + o (G %" — 2¢)

S (=) f (Y1) +aof () + Gay ||z — 2| + Q'X% 2e = 2o |1 + s (Gi, x° = 21)

Subtracting f (x*) from both sides, rearranging, and using that Dy (z;,z-1) > 3 ||zt — z¢—1 &
we obtain

flye) = f(x") + ,7 (Dy (x",21) — Dy (¥, 2-1))

< (1= ) (F (1) — f () o (G, " = 22) + G 20 — 21| — ;e 1z, — 2,2

= (=) (f (yi—1) = fF (7)) + 2 (G, x" —ze-1) + s (G, 20 — 24-1) + i
S R el EEERT

< (U= ) (F () = () + 0 G0,x" = 20) 21— za | (&L + G)
e raal CEERT

< (1) (F (1) = £ () + (8" = 20) + g e (181, + 6



Chapter 4. Light-Tailed Noise: (Accelerated) SMD, SGD, and AdaGrad 33

Finally, we divide by %, and obtain

T (F () = £ () + Dy (x*,2) = Dy (x*,20-1)

e
2
S =) (f ) = f ) 4 ox' —2n) + g g s (18l + 6
< B () (F () = £ 6) o (6 = 20) + = (- 62).
O

Proof of Theorem 4.1.6. We proceed by induction on t. Consider the base case t =
T + 1, the inequality trivially holds. Next, we consider t < T. We have

E [exp (St) | Ft] = E[exp (Zi + St+1) | Fi] = E[E [exp (Zt + St41) | Fea] | Fi
(4.10)

We now analyze the inner expectation. Conditioned on F;1, Z; is fixed. Using the
inductive hypothesis, we obtain

T 2
E [exp (Z¢ + St41) | Fra1] < exp (Zy)exp [ 30 ) wiﬂil (4.11)
it L= Ly
Let X; = #; (Cr, x* — z4—1). By Lemma 4.1.5, we have
2

P () = £ () = (=) (F () = F () = =

+ Dy (x%,zt) — Dy (x%,z4-1)

2
i 2
< JER— Y S
Xe+ T Loy 1611

and thus

Zy < wi X + wtl HCtH — 0Dy (x*,zi-1)

Plugging into (4.11), we obtain

E [exp (Z; + St41) | Fria)

2
. 1
gexp <tht—vtD¢ (x ,Zt—l)+wt1 ”C || +3(T 1§1w11_£“ 77;)

Plugging into (4.10), we obtain

EE [exp (St) | F]

T 2
< exp (—Uth) (x*,21-1) + 307 Z wil—ULZucn') E {exp (tht + wtl H@H*> | .7-}]
i=t+1 i

(4.12)
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Next, we analyze the expectation on the RHS of the above inequality. Note that
Xy =1 (G, x* —z4—1) and E [X; | F¢] = 0. Applying Lemma 4.3.2, we obtain

2
E[exp (X + 0L al?) | 7]

2
< exp (3 <w?'7? 2" =z 1))+ wm) "2>

1-— LlXﬂ?t
2
< exp <3 <2w%;7t2D¢ (x*,z4-1) + th—ULtOCtﬂt) 02> (4.13)

On the last line we used that Dy (x*,z;_1) > 3 [|[x* — 241 |2, which follows from the
strong convexity of 1.
Plugging in (4.13) into (4.12) and using that v; = 60%w?7?, we obtain

T 2
}7.
E [exp (St) | Fi] < exp <3(72 W —t—— )
; 1-— Lﬂéﬂ]i

as needed. O
Proof of Corollary 4.1.7. Let
T 2 1
K = 2 Mt 1 -
30 ;ZUtl ~La; + log (5>
By Theorem 4.1.6 and Markov’s inequality, we have

Pr[S; > K] < Prlexp (51) > exp (K)]
< exp (=K) E [exp (S1)]

T 2
< exp (—K) exp (302 ) wtl—nLtzxtiyt)
=1

=9
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Note that since v; + wy < w;_q

T
SFZZt

T Cw
=y (20— £ ) - O () - £ )
iwD x*,z¢) — (v +wi)Dy (27,2 )—(32iw177’f2
L Dy ( t) t t)Dy (X7, 241 L tl—LDCtﬂt
T o
> Yo (207 ) = ) = U () =7 (7))
+ i wDy (x%,zt) —wi—1Dy (x%,24-1) — G? iwtﬂitz
t=1 v ' 4 ' =1 1 — Layny

T _
Yo (Lo £ ) =20 () - £ 0))

e e

T 2
D */ o D *’ _ GZ 17t
+ wrDy (x*,z1) — woDy (x*, 20) Z Wi Lav

Therefore, with probability at least 1 — 6, we have

T —
;wt <Zi (f (ye) = f(x7)) = me(1 o) (f (ye—1) — f (X*))> +wrDy (x*, z7)

473
T 2 1
SwoDw(x*,zo)—k(Gz—i-&T)Z ™ — T +1lo g<5>
-1

O]

Corollary 4.4.4. Suppose we run the Accelerated Stochastic Mirror Descent algorzthm with
the standard choices a; = t+1 and y = nt with n < . Let wr =

302172T(T+1)(2T+1)
and wy_1 = wy + 60°nfw? for all 1 < t < T. The sequence {w;}y,.7 satisfies the
conditions required by Corollary 4.1.7. By Corollary 4.1.7, with probability at least 1 — 6,
Dy (x*,z7) < 2Dy (x*,29) + 12 (G* + (1 +log (})) 0?) #>T2 and

fyr) — f(x") _4])4;7(;20) + 24 <G2 + <1 + log <(15>> (72> nT.

Dy (x*,20)
4L’ \/7\/G2+0-2 1+10g(%))’1"3/2

In particular, setting 1 = min { }, we obtain the first case of
Theorem 4.4.3.

Proof of Corollary 4.4.4. Recall from Corollary 4.1.7 that the sequence {w;} needs to
satisfy the following conditions:

wt + 6(7217tzw% <wpp VIZ<tLZT (4.14)

wﬂyt 1
— < YO<t<LT 4.15
1 —LDCtﬂt — 402 - ( )
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We will set {w;} so that it satisfies the following additional condition, which will
allow us to telescope the sum on the RHS of Corollary 4.1.7:

I (= S [ Gl BV Rt (4.16)

X1 e

Given wr, we set w;_; for every 1 < t < T so that the first condition (4.14) holds
with equality:
Wi = wy + 602wt = wy + 60y P w?

Let C = o?n®T (T +1) (2T + 1). We set

1 1 1
T~y 6022yl 2 CH+o2?T(T+1)(2T+1)  2027*T(T+1) (2T +1)

Given this choice for wr, we now verify that, forall 0 <t < T, we have

1 1
wy < =
'S Creotpyl_ 2 C+o2pRE(t+1) (2t +1)

We proceed by induction on t. The base case t = T follows from the definition of
wr. Consider t < T. Using the definition of w;_; and the inductive hypothesis, we
obtain

wi_1 = wy + 60 P w?

1 60’2172t2
< sooi 5+ 2
CH+60212 L2 (C+ 6022 Yt 2)
< 1 L (CrerP L ?) - (c+eot i 7)
T CHe6orYt_ 2 (C+6022 Y 1 i2) (C + 60272 Y iz)
1

T CreotpRyi

as needed.
Let us now verify that the second condition (4.15) also holds. Using that 2 <,

F+1
Ly < %, and T > 2, we obtain

warp _ wpP 2,2 21
1—Layy 3 S 20 S g ep
ale 1 —Lngg + 601
t2
T 2T (T+1) (2T + 1) + 3022
< 1 < 1
~ 02 (2T +1) + 302 ~— 40?
as needed.
Let us now verify that the third condition (4.16) also holds. Since 7; = 5t and
= t%l, we have Zi—j = "’(10;“’) = ”t(t;l). Since wy < w;_1, it follows that condition

(4.16) holds.
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We now turn our attention to the convergence. By Corollary 4.1.7, with probabil-
ity > 1 -6, we have

T —
L (2 (0 =7 () = U= () = £ ) + wrDy (20

1
< * 2 rlt _
< woDy (x*,20) + (G* + 307) Ewtl—L tm—l—log((s)

Grouping terms on the LHS and using that a; = 1, we obtain

T—1 oy " * *
<7/Ut0( —le“H)) (f () = f(x7)) +wTZl (f (yr) = f (x")) + wrDy (x*, z1)

= t t+1 T

T

n? 1
< woDy (x*,20) + (G* + 307) Z ———— +log < )
] Layy Y

Since {w; } satisfies condition (4.16), the coefficient of f (y;) — f (x*) is non-negative
and thus we can drop the above sum. We obtain

wril™ (f (yr) = f () + wrDy (", 21)

T 2 1
< woDy (x*,20) + (G* + 302 wnit—i—lo <>
< woDy (v, 20) + )t; T Loy, 8 \6

Using that wr = C and w; < for all0 <t < T -1, we obtain

2 (F (1) = £ (x")) + 5Dy (1)

1 T : 1

< = % 10 2 Tt )
< CD¢(x ,zo)-l-C(G +30)§1—L(xtm+log((5)
Thus

ar (F (gr) = F (")) + Dy (x*,21)

T

2 1
< 2Dy (x*,20) + 2 (G? + 302 ’77t+2C1 ()
= ( 0) ( ) ; 1 — Layn; 08 )

T 2
= 2Dy (x*,z0) +2 (G* +30%) } [ —

1
2021 V2T (T+1) (2T +1).
tzll_wtwog(é)n (T+1) 2T +1)

Using that Ly < § and f:l < 2, we obtain

T 2 T 2t2 T )
—It_ — 2
Zl—mtm Zl—L;yt = L2t =

=1

2T(T+1) 2T +1)
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Plugging in and using that 77 = #T and aT = TLH, we obtain

2D (£ (yr) - £ (2) 4+ Dy (' 20)

< 2Dy (x*,z0) + <§G2 +2 <1 + log (;)) (72) 72T (T+1) (2T +1)
< 2Dy (x*,20) +2 <G2 - (1 +log ((15)) 0‘2) 7T (T+1) (2T +1).

We can further simplify the bound by lower bounding T (T + 1) > T? and upper
bounding T (T + 1) (2T + 1) < 6T°. We obtain

nT? (f (yr) — f (x*)) + 2Dy (x*,z7) < 4Dy (x*,20) + 24 <G2 + <1 + log <(15>> 02> n>To.

Thus we obtain

4D¢ (x*,z0)

flyr) — f(x*) < T +24 <G2 + (1 + log (;)) 02> nT,
and
Dy (x*,z7) < 2Dy (x*,20) + 12 <G2 + <1 +log <(15>) (72> n>To.

O

Corollary 4.4.5. Suppose we run the Accelerated Stochastic Mirror Descent algorithm

72 YT and

w1 = w; + 60 nfwi for all 1 < t < T. The sequence {w;}o, satisfies the con-
ditions required by Corollary 4.1.7. By Corollary 4.1.7, with probability at least 1 — 6,

Dy (x*,z7) < 2Dy (x*,20) + 12 (G*+ (1 +1og (3)) 0%) 7*(1 +1og T) and
fyr) —f(x7)

_ 16l
< 2 Dy (+7,20)

+ Tﬁzq <2D4, (x*,20) + 12 <G2 (1 +log (;)) 02) n*(1+log T)) :

Dy (x*,20)
AL’ \[\/Gzﬂﬂ (1+1og(§) )2

with the standard choices x; = tfrl and yy = min {4L, \[} Let wr =

In particular, setting n; = min { }, we obtain the second case
of Theorem 4.4.3.

Proof of Corollary 4.4.5. Recall from Corollary 4.1.7 that the sequence {w;} needs to
satisfy the following conditions:

wi + 602w <w; g V1<t<T (4.17)

2
Wi 1
— 1 < — YO<t<LT 4.18
1 —L(xtm ~ 4072 - ( )
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We will set {w;} so that it satisfies the following additional condition, which will
allow us to telescope the sum on the RHS of Corollary 4.1.7:

I [ S (3 Ul 1) RV RO P (4.19)

X1 e

Given wr, we set w;_; for every 1 < t < T so that the first condition (4.17) holds
with equality:
Wi = wy + 602w = wy + 60y P w?

Let C = 602 Y., #?. We set
_ 1 _1
" eyl 2C
Given this choice for wr, we now verify that, forall 0 <t < T, we have

1
wy < 2
C+60°),17;

We proceed by induction on t. The base case t = T follows from the definition of
wr. Consider t < T. Using the definition of w;_; and the inductive hypothesis, we
obtain

w1 = wi + 60 Fw?

§ 1 N 60”17

T CH602 T (CH602 X 7?)”

< . N (C+60> Ll 7?) — (C+ 60> i) )

T CH6? i (CH602 Y, ) (C + 602 iz 1} )
1

 CH602 7

as needed.
Let us now verify that the second condition (4.18) also holds. Using that Ly; < i,
and T > 2, we obtain

ol Wi o 27 o1
=Ly = 1— 45 = T 62Tl 602 iy 2 T 12077 — 4o
as needed.
Let us now verify that the third condition (4.19) also holds. Since a; = t%l, we
have
Me-1 _ Ni—1t
Kp_1 2
m(—a) m(t=1)
Nt 2
If — t=1h h < toand MA=w) o omer D) e — 1 th
N1 1 then we have ; < ;1 an o S a sr - 1 1]i-1 = 7 then

ne = %,we also have %Y“’) < Z'—j Since w; < w;_1, it follows that condition (4.19)
holds.
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We now turn our attention to the convergence. By Corollary 4.1.7, with probabil-
ity > 1 -6, we have

T —
L (2 (0 =7 () = U= () = £ ) + wrDy (20

293

T 2 1
< woDy (x*,20) + (G* + 3072 wﬂit—%lo ()
< woDy (x*, 20) + ( )t; T Lay 108 (5

Grouping terms on the LHS and using that a; = 1, we obtain

Fwr = (f (yr) = f (%)) +wrDy (" z1)

T 2 1
< woDy (x*,20) + (G* + 307 w—T 4o <>
< woDy (x*, 20) + ( )t; T Lay 7108 (5

Since {w;} satisfies condition (4.19), the coefficient of f(y;) — f(x*) is non-negative
and thus we can drop the above sum. We obtain

wril (f (yr) = f () + wrDy (x° 21)

T 2 1
< woDy (x*,20) + (G* + 302 wﬂit%—lo <>
< woDy (x*, 20) + ( )t; T La 7108 5

Using that wr = % and w; < % forall0 <t < T —1, we obtain

Lyr oy L "
f@(f(yT) f(x*))+ 2CD¢ (x*,zr)
1 1 L y? 1
< gDy (20) + ¢ (G430 s og(5>
Thus
ﬂ _ * D *
= (f (yr) = f (x7)) + Dy (x7, z7)
2 2 L ’7t2 1
< * 0 -
< 2Dy (x*,20) +2 (G* + 30 )gl_L“tﬁt +2Clog (5)
Using that Ly < ﬁ, we obtain
T 2 T 2 T
T]t _ ﬂt < 2 2 C
- = — < 17 —_
gl—LlXﬂyt ;1_5% ; P 302

Plugging in and using that #yt = #T and at = TLH, we obtain

L (F (yr) — £ () + Dy (2, 21)

< 2Dy (x*,20) + <2G2 +6 (1 + log (;)) 0*2) 3%;2
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If - < \if which means T%/2 < 4Ly then 57 = ;- we have

Hence

17T(T2+1) (f (yr) — f(x")) + Dy (x*, z7)

W hICh entails

Flm) = £ () < Dy () + (6 (1410g (5) ) )

+
:%DVJ (x*,20) \F( <1+10g(§))0)TL
§1T6—2LD4, (x*,z0) f( <1+10g<§>>0>

and
Dy (x*,z7) < 2Dy (x7, 20) + 12 (G2 + <1 +log <(15)> (72> 7

If % < % then nr = % Let Ty be the largest t such that
T3 < 16L%n?

> &, we have

Sk

C=60"Y nf
i=1
To T
=60° Y i +60% Y 7
i=1 i=Ty+1
602 Lo ” 5

Hence

flyr) —f(x") < Tlizn <2D¢ (x%,20) +12 (G2 + <1 + log <(1S)> (72> n?(1+log T)>

and

Dy (x*,z1) < 2Dy (x*,z9) + 12 <G2 + (1 + log (2)) 02> 7?(1+1ogT)
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Overall we have

Flyr) = f (¥) < Dy (", 20) +

T12/2’7 <2D¢, (x*,z0) + 12 (G2 + (1 + log <(15>> (72> 7*(1+1log T)) :

O
4.5 Missing Proofs from Section 4.2
Proof of Lemma 4.2.2. We start from the smoothness of f
L
flera) = flx) < (VF(x2), xe1 = x0) + 5 (|21 = x|®
~ Ln2 | ~ 2
= =i (Vi) V(i) ) + 2 [V f )|
By writing V f(x;) = & 4 Vf(x;) we have
L 2
Flxisn) = £(r) < =g (VF(), &+ V() + S0 &+ V)|
= e [V I” = e (Vf(x2), &)
$ U 2y I G 4 1 (0
5 NGl + == IVFGe) |7+ L (Vf(x2), Gr) -
We obtain the inequality (4.7) by rearranging the terms. O

Proof of Theorem 4.2.3. We prove by induction. The base case t = T + 1 trivially
holds. Consider 1 < t < T, we have

E [exp (St) | Ft] = E [E [exp (Zt + St41) | Frsa] | Ft]
= E [exp (Z:) E [exp (St+1) | Fraa] | Fi]

From the induction hypothesis we have [E [exp (St11) | Fry1] < exp (3(72 Y %IZL) ,

hence

E [exp (S¢) | Fi] < exp (3(72 i wgfL) E [exp (Z:) | Fi]

i=t+1
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We have then
Efexp (Z0) | 7
— & fexp (w0 (1 (1= 228 ) IV F(0) P+ Bt = ) = 2 [VFGen) ) | 7]
<& [exp (1w (nln — 1) (V0,80 + B2 &) o 9520 ) | 7]
= exp (—0u 970 ) & [exp (an (et = 1) (91,0 + 12 ||ctr|2)) 7]
< exp (<0 V) ) exp (302 (bt — 12 |9 P+ 2L )

2
= exp <3¢72wt127tL> .

where the second line is due to (4.7) in Lemma 4.2.2 and the second to last line is due
to Lemma 4.3.2.Therefore

[exp (St) | ft] < exp <3(722 1171 )

which we what we need to show. O

Proof of Corollary 4.2.4. In Lemma 4.2.3, Let t = 1 we obtain

T 2
E [exp (S1)] < exp <302 Z wt’27tL>
=1

hence by Markov’s inequality we have

T 2
Sy > <3(722thtL> +10g(15] )

Pr
t=1

In other words, with probability > 1 — ¢ (once the condition in Lemma 4.2.3 is satis-
fied)

XT: [wtﬂt ( - 17?) - Ut} IV F(x0)]|* + we (Bryr — Br)

t=1

T 2
S3Uzz%ﬂ+log%

This gives

i {wﬂ?t ( - @L) - Ut] IV (xe)|* + wrArs

t=1

- 2y WPl 1
< w1A1+ Z(Wt—wt_l)At+30' ZT +10g5
t=1

t=2
as needed. 0

Proof of Theorem 4.2.1 . First case.
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Starting from this inequality, we will specify the choice of #; and w; to obtain the
bound. Consider 17; = n withyL <1, w; = w = Note that w;n?L = o< 1

60217 602 = 202

satisfies the condition of Lemma 4.2.3, we have

T
LHS of (4.9) = wAr41 + Y [wn ( — ’72L> 30w (nL — 1)2] IV £ (xo)]?
t=1

d 1
—wsra oy L [1- 1 = St = 2] 9SG P
t=1
w17 T 2
> wir i+ 9L Y V) P,
t=1
where the last inequality is due to 1 — ﬂ — (1_3 L > > 1 when 0 < 7L < 1. Besides,

3c% 1
RHS of (4.9) =wA; + — W LT + log 5

Hence with probability > 1 — ¢

20 20
EHVf x)|P+ = 71

2 1

2 “ log

+30°yLT + oy log(S
= 231 +302yLT + 1202 log %.

1. Aq
L’ o2LT

Finally by choosing 1 = min{ } and noticing Ary1 > 0, we obtain the

desired inequality.
Second case.
Consider 77; = % with gL < 1, w = w =

then

. L
. Again, we have wyfL = 25 <

1
602y

22/

T 202172 2
_ oL

wp [ gL 3cfwy [, gL\’ i
= Vi _1_27\/2 Vit <1 \/{> ] [Vf(xe)||” + wAria

2
22?7 1—2\[—3‘72””7( _17\2) ] IV £ (x)|I” + wAr1

T [ L 1 L2
zzﬂ I R <1_’7) ] IV £(x)||* + wAT41

Vit

T
> Y IV +wAT+1>272HVf xt) |+ wAri
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2
where the second inequality is due to 1 — % — % (1 — '77%) > % when 0 < :77Lt <1.

Besides,

RHS of (4.9) =wA; + 3Lw172L Z E +log —
2 ot )
2
1
<wA; + E)’%wnzL(l +logT) + log 5

Therefore with probability > 1 —§

ZHVf )12

2 1
< i 2 =
_ﬁ< ; + 30 ﬂL(l+lOgT)+w1710g(5)

2VTA
4 2V OTH \/>T+1

=VT <217A1 +30?yL (1 +10og T) + 1207 log (15>

Choose 1 = %, and notice Ar.q > 0, we obtain

T 2AL 4+ 302 (1 +log T) + 1202 log 1
Z|vf Xt || < 1 < 24 ) gé.
= VT

Nl

4.6 AdaGrad-Norm Omitted Proofs

We first provide the proofs for some of the Lemmas in Section 4.2.2.

Proof of Lemma 4.2.7. We start by using the smoothness of f

f(xei1) = f(xr) (4.20)

L
<(Vf(xe), xe1 —xi) + 5 ||xt+1 — x|

- _bit <Vf(xt)ﬁf(xt)> 207 va x1) H2

LIV 0P = L (95 0) 0 + ol [ 5x0 |
= (1 - ;) (V0,8 L (Vf(), 80 - LIV + 2 7% £

4.21)

First, by Lemma 4.6.2, we have
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This gives
(2-3) vreen <| - 21wl e
”5*” Ly sl i
<l (HVJ;(;;)HZ . Hzf:;\%\z) |

Plugging this back into 4.21, we have

_l’_

2
Fxeer) = flxr) <77 ||l (va(xt)H

i IICtHZ) (V) &) - L+ 2 va ok

thZ at

After summing up, rearranging the terms, using ||¢;|| < Mr and f(x1) — f(x741) <
A1, we obtain

énvmmf M Mr [Z [Vf el Ly

by Ui at t=1

F-frese f aes

t=1
Ul

Proof of Lemma 4.2.8. By Lemma 4.3.2 with some w > 0, we have

E exp<<_ww<xt),a> e Il x| ) m] -1

at t

Thus it is not difficult to verify that

exp (i <_wVf<xt>,ct> g2 I\Vf(;cf)Hz)] -1

=1 at a;

E

By Markov’s inequality we obtain, with probability at least 1 — ¢,

Fo IO g, IV

-i—llo !
a w 85

t=1 t

It is also known that with probability at least 1 — §, Mt < 01/1 +log % <20,/log %
Li and Orabona (2020) and Liu et al. (2022) for T > 1 and ¢ € (0,1). Thus by a union

log 1
bound and setting w := 1§g 2, we can bound Lemma 4.2.7 with probability at least
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1—-25
e EIT i I E 0 o
<50 g ant Znau s ZHVM N

Let us consider the term A. We have

o )

~ 2
For B, note that since ||V f(x;)||* < 2 HVf(xt)H +2|&]%, we have

DV - IVl
t; at t:zlbilJrHVf(Xt)Hz

~ 2
0 I 2|V 2P
<

42O+ 2 e

2[5t T 22
~ 2 ~ 2
S 2|V r2la? S 2| 2@l

For (%) we use the fact that == is an increasing function. Combining the bound for

A and B, we obtain, with probability at least 1 — 24,
+m/10g1 +L1710gb—T.
0 bo

IV (x| / :
E b, p L log(s 8log 221 tz
O
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Lemma 4.6.1. For AdaGrad-Norm stepsizes by, if f is L-smooth and the stochastic gradients
have o-subgaussian noise, then with probability at least 1 —

32 2 2 160 2 Ly
<4 4——177\/T174L1—
br bo + 17+172b n<5>+;72 +og5+ 170gb0
=0 <A1+Uﬁ+0210g(15+LlogL> .
Proof. We start from function value analysis
L
flre) = flxe) < (VF(x2), xp01 = 20) + 5 [l — xi?

=g, (Vr ) + (ﬂ;—%)H ]| = g o5

~ 2
We canbound YI (sz — 2%) HVf(xt)H via a standard argument. Let T = max {t < T | by < yL}

so that t > T implies by > yL <= % < blt . Then
t

. - ~
> (5 ) [0l < & (3 ) [l

<5 Laleseol

L

~ 2
1 /e g g 9]
flersn) = () < Y} = (VF(xi), &) + Lip* log 5
Y, (VSG08) w25 b
~ 2
T 0]
< = -y " +Ly“log—,
= 17; b 4; b 108
~ 2
where we use - < Vi(xt), & > < ”gﬂj W”vﬁft)u in the second inequality. Rear-
ranging and dividing by 1, we get
O ] T T B U I I
t; by 1 +?t; b T8

On the LHS, we have
N |

- b
I | S 2t Tl by — =1 — b — b,
t; by Z; by = )b b,

2
Combining this with Lemma 4.6.5 where Y], Hgbtt” < 20%In(3) —bo+40/T +1log3,
we get the result. O
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Now, we can prove Theorem 4.2.5.

Proof of Theorem 4.2.5. From Lemma 4.2.8, we have with probability at least 1 — 24

IV £ xt)” / ||€ft” oo L br
Z b, 17 L log5 8log +52 +0 log§+Liylogb0.

2
Since b; is increasing, we have Y./, [Vf lE Dl >y, W. That means

Aq T 12| br
7+a\/log5 [810( )4—52 + 0y /log ~ +L1710g< )]

Combining this with the event from Lemma 4.6.6 that bounds Y, ”5’ I and Lemma
4.6.1 that bounds br gives us the Theorem. O

T
; IV (x)|* < br

4.6.1 Additional Helper Lemmas

Lemma 4.6.2. Fort > 1 and a;, G; defined in Lemma 4.2.7, we have

R o [
at bt - {Jltbt
Proof. We have
11 _|u=a
at bt - atbt
| bt —at
atby (b + ay)
BB - 1)
ﬂtbt (bt+ﬂt)
~ 2 )
I I ZLEa]
N aby (b + ay)
_[Freo] = 1vseon) ([9rea | + 19en)|
- azby (bt+tlt)

Since by = J 02+ [ Of || > |96 | andar = o2, + 1950 > 195

we have

1 1
ap by| —

atby

V£ = 19 £l I

7 500

atbt

:M

atby
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Lemma 4.6.3. With prob > 1 — 6, forany 0 <t < T, we have

t

t
_ 1
D NE[” < Y IV (xs)lI? + 40 log .

s=1 s=1

Proof. Note that

IV I? = IV £ () 17 + 208, V£ (x) + 1812
= VAl = IVF)l? + 11817 = 2(20, V£ (x0)).

Define for t € {0,1,---, T}

U = exp <2w (IV G = 197 ()1 + 11611 - vsllvf(xs)\|2> ;o= 0%

Let F; = 0(§i<¢—1). We know U; € F;. Note that U; is a supermartingale

E [Ur1 | Fi] = Urexp (—vi||[ V£ (x0) 1) E [exp (2uwi (&1, V£ (x4))) | Fi]
< Urexp (0| Vf(x1)[1?) E [exp (40%wi |V f(x)|?) | Fi
-,

By Doob’s supermartingale inequality, there is

Pr [ max U; > 5_1} <JSE[U;] =9
te[T+1]

which impliesw.p. >1—-6,V0<t<T

Y s (IVF I = IDFE)IP +1607) = o V(o] < log §

t

£ 1
D (w5 = 40%wg) [V £ () |2 + ws[Is1* < 3 sV (x5))* + log 5.

s=1 s=1

Set wy = ﬁ to get

t t
_ 1
Yo gl < Y IV F(xs) |1 + 40” log 5
s=1 s=1

Lemma 4.6.4. With probability > 1 — 6, we have

T 1
Y& < 0T + o?log <.
t=1 5
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b [exp (Z ||ctr|2>

E o (21 58

exp (p)
exp(T)
= oxp (%)

Proof. Note that

T
Pr [Z 1Ge1% > u
t=1

where we choose

U= 02T+0'210g%.
O

Lemma 4.6.5. For AdaGrad stepsize by and o-subgaussian noise ||C¢||, with probability at

least 1 — 6
T
Z EU' 2In 2 —b0—|—4a\/T—|—logg.
=1 bo 5 )

Proof. First, Lemma 4.6.3 gives that with probability atleast1 — 4, forall t < T

3 t R ’ 1
LIl <) |95 +021n (5>

— P R+ 40%In (;)

d 1
= > Y &l - [4(721n <5> —b%} :

i=1

=:C

Jr
t
b; > max bO’J <Z HC:HZ . C)
i=1

This means that
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Let T = max ({0} U {t eNor | Y, &P < zc}). Then

L1
Zlgwrét|| qum LY f||§tu
t=

t= 1 t= T+1
1d &l
< Lyjer+ ¥ -
0 =1 ”“maX{bo, Zf—1\|§z’”2—c}
2c & 2
SIS Sl
0 oGP - C
2 T g
<X, I (since) (L, & > 2Cfor t > 7)

b 2
0 i=rt /3 T (1)

2 T 2
<% C +22 Hétll 2
t=1 - Hé‘zH

<2 +4« Z 1617

Hence, with probability at least 1 —

T 8 21 2
rl(&) —by+4 ZHCt

Combining with Lemma 4.6.4, we get with probability at least 1 — 29
T
8 1 / 1
; T b—o(f In <5> — by + 40 T+log5.

Lemma 4.6.6. For AdaGrad-Norm stepsize by and o-subgaussian noise ||G;||, with proba-
bility at least 1 — 9§,

O]

T 2
&l® _ 402 2
t;”bt?H Sz los 5 +2log (1+0°T + 0*log 5

=0 (0’210g (i) +log <1 +02T+(7210g}5>> :

Proof. Lemma 4.6.3 gives that with probability at least 1 — ¢
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t t R ’ 1
1; &> < l; HVf(xl-) e <5>

— P B +40’In (;)

f 1
— B>YE - [4(721n <5> —b%} .

i=1

=:C

Let T = max <{0} U {t e Nor | X, ||E]* < 2C}>. We have

= v =0 i b
1 2, w =k
< 5 MG+ < L2 =
b(%z; t:;Ll Y&’ - ¢

( (since v ||E]? > 2C for t > r))
2C & @’

<42y L
B Y &P

T 2
L2 L8 lal

I =0 vy I<1
2C a
< 7 +2+2log <1 +) !!@\!2)

0 t=1

4 T
= los <5> +2log <1+ )y Hé’tH2> :
t=1

Then, we can combine this with Lemma 4.6.4 to get that with probability at least
1-26

Z HCtH < bz log(1> +2log (1+02T+(7210g(15>.

bt
Replacing 6 with /2 yields the result. O

4.7 AdaGrad (Coordinate) Analysis

In this section, we show that our same technique can be generalized to the standard
(per-coordinate) version of AdaGrad. The analysis is analogous to our AdaGrad-
norm analysis but with the coordinates taken into account.

4,71 Preliminaries and notations

Let d € IN be the dimension of the problem. We let v; denote the i-th coordinate of a
vector v € R?. If a vector like x; is already indexed as part of a sequence of vectors
(where x; denotes the t-th update) then we use x;; to denote x;’s i-th coordinate. For

gradients, we let V,f(x) := % denote the partial derivative wrt the i-th coordinate.
Similarly, for stochastic gradients V f(x), we let V,f(x) denotes its i-th coordinate.



Chapter 4. Light-Tailed Noise: (Accelerated) SMD, SGD, and AdaGrad 54

For simplicity, in our analysis, we will use @t,i =V, f(x¢) and Vy; := V;f(x¢)
to denote the i-th coordinate of the stochastic gradients and gradients at iterate ¢,
respectively. If a,b € R?, then ab and a/b denotes coordinate-wise multiplication
and division, respectively i.e. (ab); = a;b; and (a/b); = a;/b;.

If we denote the noise as & := Vf(x;) — Vf(x;) and ¢, as the i-th coordinate of
Ct, then we assume the noise is per-coordinate sub-gaussian i.e. there exists o; > 0
for i € [d] such that ¢; satisfies

E [exp (1282,)] < exp (A207),V |A| < g,Vie ).

Note that ||¢;|| being o-subgaussian implies that each ¢;; is also o-subgaussian,
thus the assumption above is more general.

4.7.2 Analysis

Similarly to our Adagrad-norm analysis in Section 4.6, we define a proxy step size a;
that replaces the stochastic gradient at time t with the true gradient: a2, := b?_ 1t

sz, for i € [d]. First, we present an analogous starting point to Lemma 4.2.7 in the
Lemma below:

Lemma4.7.1. Fort > 1,let&; = V;; — Vy;, a?, := b7 |+ V7,and M;; = maxj<; |Zj ],
then we have

t,i 1 t,iGt,i t,i ti i ti
Y)Y oS- ) + )16l R I I
t=1i=1 by,i n i=1i=1 i t=1i=1 2”%,1‘ thz,i 2 343 btz,i

L
Api1 — Dy < (Vf(xp), xp41 — x¢) + > || xe41 — xtHz

vtlvtl 6%1

2 d
_ L ,
- ”; by 2 ;bgi

vz d vt,i(?t,i 772L

:_’7.2 T My

i=1 i=1 ti 2 i=1 Yt
d vz \v4 C ) d 1 1 ZL d ﬁZ'
t,i t,iGt,1 77 t,i
= — — — + —_— - Vii€ii+ — -,
;71:21 bil i=1 al‘,i 171:21 <atz btl) LBt 2 1:21 b%,l
Similarly to Lemma 4.6.2, we have
1 1 |84l
ap; by ayiby
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Then
V2 \V/ d 21, d @2,
At+1 At < 172 t,i 172 tzgtz Z vtzét,i"’LZ Zt,z
i b i-1 i =1 f,i 2 5 bt,i
Vi ¢ L - Vi
S _17 i ;7 tl tl ’ + 1= ti
; by Z ag = a 2 1:21 btz,l.
d 2. d v g d VZ 62' 21, d @2'
S_Uz t,z_rlz ti tz Z’gtl [ ti +LZ t,1‘
i= bii i=1 i =1 2a,; Zb%,i 2 50
Rearranging and summing give us the Lemma. O
Next, we present an analogous per-coordinate result to Lemma 4.6.
Lemma 4.7.2. With Mr,; = max;<1 |G|, 0max = max;e(g 0, and for any w > 0, we

have with probability at least 1 — 2do

1 Ay [T bzl
< — - P
o7l I, & Z IV£( xt)Hl 1 + d0max 108 (8 lolly \/log 5 +d77L> log <minb0,i +
T =2
Z6(7Ml10 ZbT

t=1 "t,i

Proof. We first take care of the term Y/, Y7 b2 from Lemma 4.7.1:

T d % d T
L)l =L )
t=1i=1 t i=1t

2
=1 Yt,i i=1t=1

2
t,i

| <

Next, we deal with — YT, ¥4 | v“g“ via our martingale argument. For any w > 0,
we have for each i € [d]:

-2 o232, U'.ZVZ. -2
exp _wvt,lgt,l _2w2 i - t,i | | = exp _2w2 i > ti E [exp (_wvt,z(?t,z> | ]_-t]
Ati ay i ay i

<1

E

Then a simple inductive argument gives with probability at least 1 — ¢:

_wz vtlétl

By a union bound across all coordinate d, we have w.p. at least 1 — d¢:

T .
'SZZ l ‘4 —log . (4.22)

Let’s call the event that (4.22) happens E;. Now, we deal with Zthl 2?21 -
that

2V2, 4282, Voo 2,
aj;,  bf . +Vi+o} bf 14 +2v2 282,407 b2 b2 ‘
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Under the even E; and the above result, we can bound Lemma 4.7.1 with probability
atleast 1 — d¢:

Ff0
t=1i=1 by,
Aq d o?Vi d 1 L& My | Vi 8 nL & br;
<—+w) Y S+ +—log-+) ) L4+ ) 2log
n S5 9 e e ”%,z btz,i 2.3 bo,i
A 1 & 2 % Ld NG d br,i
:*+*108*+ZZ(ZW‘TZ+MT1) 5 +ZZZ(MTZ+wUl)T’+17LZIOg :
O | by t=1i=1 bi; i=1 bo,i
A d. 1 & br; d T 2
:7+%log3+2(4w0 +2MT,+17L)logb +221(MT,i+waf)tzlz2f.
i= i= = i
Note that

(i ) (fb) > (iuvun)z = V()3

(d l>_|\Vf<xf>||1 N\ZiEA]H

M

by, oelly = erlls

Hence, we have
V2.

T d
an x) ZZ Vi
||b = o

t,l

Since it is known that with probability at least 1 — 8, max;c7y [§1i] < 071/1+ log §
for each i € [d] Li and Orabona (2020) and Liu et al. (2022), a union bound over all 4

gives us that w.p.> 1 —dé
MT,z' < 20'1'\/10g 5 ,Vi e [d] (4.23)

Condition under this event and choosing 2 = -9 gives us with probability at

\/7
least 1 — 2d6

T
b
\b I ZHVf x|l < 7+d0'max\/log +Z< \/log +40;4/log — +17L) log LY.
=1 i— Omax
c%
+22 20; log T
t
Ay 1 F 1br]l4
< 22 — Z
=7 + domax 10g5 + <8 ||0'||1 log 5 +d17L> log <minb0,,- +
d f T (:2
260}' 10 2%
i=1 t=1 t

2
Finally, it remains to bound | br||; and ¥/, % For this we use Lemma 4.7.6 to
ti

show the following bound on ||br||;:

O]
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Lemma 4.7.3. With probability at least 1 — 2do

4A 2\ & 802 d 2 d 4n?
Iwﬂlé2wﬂy+l+bg<> L4y 02T+ ?log 2 +4pPL Y log 2]
i 0) = bo,i i=1 4 i=1 bo,i
_o(fel vT+ ool + 22+ | Z] 10 (1)+uau Jlog + + ZLf;lo °L
1 011 7 bO . g 5 1 g(s Ui = 23 bO,i :

Proof. We start via the smoothness of f

Floean) = F0) < (VF ), a1 = 30) + 5 s —

<1
- 2

Summing up over t we obtain

b bl < 221 Dy iy 2] 1og T
[br[ly = [[boll; < , +22f+22’7“’gb0‘
/ i 1

T d 72 d 85210 1
ZZQSZ o; ogo+4 02T+0210g1
;T bo; ! ! )
t=1i=1"Li =1 0,i
2 1 1
:O(‘U log+H(7Hl< log+ﬁ>)
bO 1 0 )




Chapter 4. Light-Tailed Noise: (Accelerated) SMD, SGD, and AdaGrad 58

Hence, under this event, we have that with probability at least 1 — 2d¢

1 4n°L
bg5+Hﬂh<Mbg +vh>>+4ﬁL[m%;f.
1 i 0,

O]

o2

4A
lbrlly < 21bolly + =+ +O< ;
n 0

Now we are ready to prove Theorem 4.2.6.

Proof of Theorem 4.2.6. Combining Lemma 4.7.1 with Lemma 4.7.6, we get with prob-
ability at least 1 — 446

, b7l
_ & OT
o LIvsGl < 2 +d"m&x\/% (8”””1 W’?W”L) o (it )
26(71 log — Z
A ¢ ¢T 1b7]l4
M 1 L
; 4 domax 10g5 + (8 |o[l; 1/1og 5 +d77L> log (minbo,i
02T + o2 log 1
log - m( 1 1og5+210g< )

Rearranging, combining this with the bound for ||br||;, and replacing § with 2 yield
the Theorem. O

4.7.3 Additional Helper Lemmas
Lemma 4.7.4. We have w.p. > 1 —dd
T T 1
Z&givﬁwﬁm}WemmeL
t=1 t=1

Proof. We apply Lemma 4.6.3 to each coordinate individually and then union bound
over all the dimensions to get the result. O

Lemma 4.7.5. We have w.p.> 1 —dé

Zgﬁrwﬂ%§w6m.

1=
R\

t

Il
—_

Proof. We apply Lemma 4.6.4 to each coordinate individually and then union bound
over all the dimensions to get the result. O

We can show a bound on Y°/_, g” and YL 13 C“ for eachi € [d]:

Lemma 4.7.6. We have

1. With probability at least 1 — 2d5, we have for all i € [d]

T C 8(7210g5 [, , 1
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2. With probability at least 1 — 2d6, we have for all i € [d]

L& _ 8o 1 02T + 0% log }
2] i i i 1085
Z bz < b2 log5 +2log< 217(2),1- .

Proof. For (1), we have with probability at least 1 — 246

rg, 2
Y. 5

+
2t (T2, aetiog)

802 807 log §
bO,z

(2) 8021og ¥ /
§w+4 0'-2T+0'»210g1,
by i ! ! )

where (1) is due to Lemma 4.7.4 and (2) is due to Lemma 4.7.5.
For (2), we have with probability at least 1 — 2dJ

+2v2 2631

o b
DL S .
. b%,i N b%,i + ¥ v?,z
o @

+
T b3+ (T 82 — 40P log })
802 log 1 Y&
< —-°9 12log |1 4
< b%,i + og( + Zb%,i

(2) 8021og 1 o? 2]og 1
S&TZ log(5+21g 14 0T + o7 log 5 ,
265 ;

where (1) is due to Lemma 4.7.4 and (2) is due to Lemma 4.7.5. O

4.8 Simplified Proof for High Probability Convergence of SGD
under Convex Objectives

In this section, we present simplified proofs for SGD under a simplified convex setup
over the proof in Section 4.1. This proof strategy can be generalized to mirror descent
and accelerated variants but we present a simplified setting here to show the main
ideas. This proof strategy presented here also applies to the non-convex case, where
we utilize this strategy when proving the convergence of Subspace Momentum in
Section 8.5 which is quite similar in spirit to the SGD for non-convex objective proof.

Proposition 4.8.1. Suppose that f is convex and L-smooth. Suppose that the gradient
noise & = Vf(x) — Vf(x) is o-sub-gaussian for all x. We have that the SGD update
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Xe11 = x¢ — 7V f(x;) satisfies the following bound with probability at least 1 — &:

T
P L)~ fle) < f||x1—x*!|M-

t
4.8.1 Simplified Proof
Proof. 1f x;41 = x; — 1;V f(x;) then:

xes1 = xl|® = [0 — xe + % — x|
= [lxee1 = xel|* + [l = x| + 2 i1 — xe, %0 — x4)
_2e 2 2 N
=1 HVf(xt)H + [lxe = x| 4 2172 <Vf(xt):x* - xt>
~ 2
= | V£ ee)||” + e = sl 2 (G e — ) + 2 (T f (x0), 0 — 1)

Using smooth and convex, we have

Ixee1 — x|

—~ 2
= 2 [V () || 4 [l — xel® 42078 (G, X — %) + 206 (V (1), X6 — ;)

smooth and convex

<7 ||V (x) g e — x| 4 2 (Ee, 20 — x0) + 26 (f (x2) — f (1)) — % IV £ ()|

~

2
Since ||V (x1) || = (|6 + V. (x0)|* < 2[1&|* +2 [V f (x:)||*, we have

1 = 20| = [l — e | 4 270 (f (xe) — f () (4.24)

< <2m—> IV F )2+ 22 P+ 21 (s — 1) . (425)
If gy < ﬁ, we have:

er = 0| =l = 0|+ 2070 (F () = f(x0)) < 2077 181”201 (G, s — 1)

s = 2l = =] ) = £ ) < o E0P + (Ee — ).

2
We define additional weights to help with telescoping (that we pay somewhere else),

where w; > 0 that satisfies the following conditions (which will be obvious from the
analysis):

* w;is non—increasing ie.wy > wy > -+ 2> WrT.
. wtm 4 2 and w; is F-measurable.

* 5%+ 307w} < 5= or for fixed step size w; + 607w} < wy_1.

2 [me—x*n — Nt = e lP] ot [F(ee) = Fe)] < o |Gl + w0 (&% — 1)

We can apply Corollary 4.3.3 to get that if w;n; < ﬁ and wy is F;-measurable then

E [exp (wﬂyt ||é‘t]|2 + wi (G, Xs — xt>) | .7-}] < exp (3(72 (mwt + w? || — xt||2)) .
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Then applying Lemma (4.3.4), we get that w.p. atleast 1 — ¢

T T
Y wie || El|* + wi (& — xp) <Y 307 (mwt +w ||x. — xt||2) +1log (1/6).
t=1 t=1

Combining things, we would get that w.p. at least 1 — ¢:
T
Y wr [f (xr) — 230 mwt+23a w? ||xs — x¢||* + log (1/6)
t=1

ﬂ[ . 2 _ 2}
+t;2m [t — x| = [[xe1 — x| -

Let us focus on the distance from optimal terms

w w
Y 5y I = el 30%h =l = 2 s =

T
wy 22 2 Wi 2
=Y (243 N e — x|
< " o wt> l|xr — x| 2 || X1 — x|

To make this telescope, we need to set w; so that 2% + 30%w? < ;:;ﬁ Let’s assume
we are working with a fixed step size #; = 17. We need to set

wr + 60217th < wi_q.

Suppose that we can select w;’s that satisfy those requirements. We would then have

T

Y we [f(xe) = fx)]

t=1

T T
< Yot -+10g (1/6) + X (5 + 30207 ) = x| = 2 s — .
t=1 t=1 21;
T T Wy
< Y 30w, + log (1/6) +22 e — x| —2—th+1—x*H
t=1 =1 Mt 1t
T
=) 30 ﬂtwt+108(1/5)+f|\x1—x*H THXTH—X*H
t=1

VAN
1=

w
302 nw; 4 log (1/6) + 2—0 |21 — x. ||
uly

....
Il
—

Since w; is non-increasing, we have wr < w; for all t. That means

T 1 wo
< 2 - - — 2_
) fx) = f(x.) <30 Zm t or108(1/0) + 7t =

t=1

Note that on the RHS we need an O (\/T ) bound.

Setting w;. Weneed w;n; < 4}7 — w < g 217 This is a recursion. If we can solve

it, we might have a better idea on how to solve it. Solving recursion is somewhat
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similar to ODE. Rearranging this, we get

W — Wy = —6(7217 w%

N——

C
dwt

~ g - C

— /w[zdwt:/Cdt

—w; ' +B = Ct

= w; = 1
"~ 602yt + B’
This suggests that we set wr = m for some B. Note that wy < = 1f B > 0.

We now have:

Wi_1 = Wi + 60217wf

1 6021
< +
~ 60?nt+ B (60t + B)?
1 6021

<
~ 602t + B + (6025t + B) (6021 (t — 1) + B)
_ 60%(t—1)+ B+ 6071
= (6%t + B) (602 (t —1) + B)
1
~ 602y(t—1)+B’

So we can set B to be anything as long as B > 0.

Finishing. Since w; < we have w; < %. We have =wr <w < %.

_1 1

602nt+B’ 602nT+B

602y T+B
B

That means ;@ < . Setting B = 6025T (since the upperbound cannot be

smaller than O(1)) gives * <2 and wr = ﬁ

T 1 wo 2
f(xs) <30 —+—lo 1/0)+ X1 — X
Y- fx Y g (1/8) 4 5 x|

t=1
< 6To?y [1+2log (1/6)] + 5 |21 — x. ||

Then setting # to balance the two terms finish the proof

1
6To?y [142log (1/6)] = . |21 — x|

[[x1 — x|
V6Ta2[1+2log (1/9)]

1
|21 — x| \/6+1210gg.

:}17:

Our final bound is

I~

flxe) = fox) <

3l

1
T
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Chapter 5

Heavy-Tailed Noise: Clipped SGD
and Clipped (Accelerated) SMD

5.1 Overview

This section addresses several open questions posed by previous works including
handling general domains and dealing with an unknown time horizon under heavy-
tailed noise. Qualitatively, we close the logarithmic suboptimality gap and achieve
the optimal rate in several settings. More specifically:

— We demonstrate a novel approach to analyze clipped gradient methods in high
probability thatis general and applies to various standard settings. In the convex set-
ting, we analyze Clipped-SMD and clipped stochastic accelerated mirror descent. In
the non-convex setting, we analyze Clipped-SGD. Using our new analysis, we show
that clipped methods attain time-optimal convergence in high probability for both
convex and nonconvex objectives under heavy-tailed gradient noise. In the con-

1p
vex setting, we obtain an O <T v ) convergence rate for arbitrary (not necessarily

1—
compact) convex domains for Clipped-SMD and O T7 o+ T-2) for accelerated

Clipped-SMD, where ¢ is the noise parameter. These rates are time-optimal and
match the lower bounds in (Raginsky and Rakhlin, 2009; Vural et al., 2022). In the

2-2p
nonconvex setting, we obtain the optimal convergence rate of O <T3?72 > for clipped-

SGD. This bound is also time-optimal and matches the lower bound in (Zhang et al.,
2020); it also complements the in-expectation convergence of clipped-SGD provided
by (Zhang et al., 2020).

— Previous works for heavy-tailed noises follow the recipe of using Freedman-
type inequalities (Freedman, 1975; Dzhaparidze and Van Zanten, 2001) as a blackbox
and bound the iterates inductively for all iterations. This process incurs an addi-
tional log T dependency in the final convergence rate; in other words, the success
probability goes from 1 — § to 1 — Td. The step sizes and clipping parameters of
this approach depend on the time horizon T to enable the union bound and induc-
tion across all iterations in the analysis, excluding the important case when the time
horizon is unknown. Our whitebox approach forgoes the aforementioned induction,
not only circumventing the log T loss but also allowing for an unknown time hori-
zon. We further show that our analysis allows for a choice of step size and clipping
parameters that do not depend on generally unknown parameters like the noise-
parameter o, the failure probability J, and the initial distance to the optimum, all of
which appear impossible using only the techniques from prior works.
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5.1.1 Assumptions

We reiterate the assumptions in this setting:

(1) Existence of a minimizer: In the convex setting, we assume that there exists
x* € argmin,cy f(x). Welet f* = f(x*).

(1) Existence of a finite lower bound: In the nonconvex setting, we assume that
f admits a finite lower bound, i.e., f* := inf, s f(x) > —o0.

(2) Unbiased estimator: We assume that our algorithm is allowed to query a
stochastic first-order oracle that returns a history-independent, unbiased gradient
estimator Vf(x) of Vf(x) for any x € X. That is, conditioned on the history and
the queried point x, we have E[V f(x) | x] = Vf(x).

(3) Bounded pth moment noise: We assume that there exists ¢ > 0 such that for
some 1 < p < 2and forany x € X, Vf(x) satisfies E[||[Vf(x) — Vf(x)||! | x] < o?.

(4) L-smoothness: We consider the class of L-smooth functions: forall x,y € RY,
IVF() = VW), < Llx—yl.

5.2 Gradient Clipping Operator and Notations

We introduce the gradient clipping operator and its general properties used in Clipped-
SMD (Algorithm 7) and Clipped-SGD (Algorithm 6). Let x; be the output at iteration

t of an algorithm of interest. We denote by V f(x;) the stochastic gradient obtained
by querying the gradient oracle. The clipped gradient estimate V f(x;) is taken as

Vf(xt) = min {1, AM} Vi(x), (5.1)
Vf(x:)

where A; is the clipping parameter used in iteration t. In subsequent sections, we
let Ay := f(x;) — f* denote the optimal function value gap at x;. We let F; =
o (@ f(x1),...,Vf (xt)) be the natural filtration at time t and define the following

notations for the stochastic error, the deviation, and the bias of the clipped gradient
estimate at time ¢:

*

0 = Vf(x:) — VF(xi);
0 = Vf(x) — B [Vf(x) | Fi
0 = B [Vf(xi) | Fia| = Vf(x).
Note that 6} + Qf = 0;. Regardless of the convexity of the function f, the follow-
ing lemma provides upper bounds for these quantities. These bounds can be found
in prior works (Gorbunov et al., 2020; Zhang et al., 2020; Liu et al., 2023d; Sadiev et

al., 2023) for the special case of /, norm. The extension to the general norm follows
in the same manner, which we omit in this work.

Lemma 5.2.1. For stochastic gradients V £ (x¢) with bounded pth moment noise, the clipped
gradients V f (x;) satisfy the following properties:

651 = |V fGen) B [V(x) | Fioa] || <20 52)
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Furthermore, if |V f (x;)||, < % then
ot = | [TFe) | Fia] = Vfan)| < 40l 53)
E[loI}] = E [HW(M) N AN f] <4007A] . (54)
Finally, we state a simple but important lemma that bounds the moment gener-

ating function of a zero-mean bounded random variable. The proof can be found in,
for example, equation (3) of (Beygelzimer et al., 2011).

Lemma 5.2.2. Let X be a random variable such that E [X] = 0 and |X| < R almost surely.
Then for0 < A < %

E [exp (AX)] < exp (Z/\ZIE [XZ]) :

5.3 Clipped Stochastic Gradient Descent for Nonconvex Func-
tions

Algorithm 6 Clipped-SGD

Parameters: initial point x1, step sizes {1;}, clipping parameters {A;}
fort =1to T do

Vix) = min~{1, M} VF(x)
Xpp1 = X — 1V f(x4)

In this section, we study the convergence of Clipped-SGD for nonconvex func-
tions. Here, we consider the domain to be R? equipped with the standard ¢, norm.
We first outline a blackbox concentration argument to show convergence in high
probability of Algorithm 6 and then follow-up with a more powerful whitebox ap-
proach that allows for a tight high probability convergence analysis.

Comparison to previous works. In the simple setting of known time horizon
~ 2
and without momentum for Clipped-SGD, the O(T?%2) convergence rate has not

been shown before to the best of our knowledge. The recent work by (Sadiev et

~ 1-p
al., 2023) study this case and only give a suboptimal rate of O(TTl). Note that
(Cutkosky and Mehta, 2021; Liu et al., 2023d) study other variants of Clipped-SGD
with momentums incorporated. Although (Cutkosky and Mehta, 2021; Liu et al.,

2023d) achieve the nearly-optimal time dependency of G(T%) in the non-convex
settings, they rely on using blackbox concentration inequalities which result in a
suboptimal convergence rate that also requires a known time horizon.

We first present the guarantee for known time horizon T via our whitebox ap-
proach in Theorem 5.3.1 and defer the statement for unknown T in Theorem 5.7.2 to
Section 5.7.
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Theorem 5.3.1. Assume that f satisfies Assumption (1'),(2),(3), (4). Let v := max {log };1}
and Ay = f(x1) — f*. For known time horizon T, we choose Ay and 1; such that

1
8y \r1! .. _»r R
A := A := max T3¥20r-1,24/90LA1;327 0T 32

‘* {(ﬁm) ' }

VATV A < 8 )”_1T3”z = T2 T2
= = = mln
N R N JIA, ' 2VA0LA; 32/Pe

Then with probability at least 1 — ¢

1

T
8y \r ' .2 r
IV f(x:)||* < 7200/A1L Tor=20v1;
Lt <oy mrmas | ()

2 90LA1T§;723,-321/%T§,;,23} _0 (T;pz;) .

Remark 2. In comparison to the corresponding results in (Sadiev et al., 2023) (Theorem
E.2), while our result achieves a poly T factor better rate when p < 2, the dependency on
log } in our result contains a dependency on p while the result in (Sadiev et al., 2023) does
not. That term can dominate the convergence rate in the regime when J is very small and p
is very close to 1. Hence, an open question is to remove such dependency on p for the log 3
term while still maintain the optimal rate on T.

Now, we turn to the analysis, starting with the key Lemma 5.3.2 (proof in Section
5.7).

Lemma 5.3.2. Assume that f satisfies Assumption (1°),(2), (3), (4) and n; < % then for all
t>1,

LV A < A= B+ (L =) (9 ), 0 + 2o
+ Lo (l6F1° —E | l6F1 | For |) + Lo [uet P17 69

Remark 3. In Lemma 5.3.2, we decompose the RHS into appropriate terms that allow
us to define a martingale This lemma helps us understand why we can achieve a bet-

ter convergence rate O(T3P 2) (for minimizing the norm squared of the gradient) in com-

parison to the best rate of O(T v ) in the convex setting. We focus on the error term
(VF(x1),01) = (Vf(x),0) + (Vf(x:),00) on the RHS of (5.5). Since this error con-
tains the gradient ¥ f(x;), we leverage some of the gain ||V f(x;)||? on the LHS of 5.5: we
use Cauchy-Schwarz to bound (V f(x),07) < 3|V f(x¢)||> + (|67||? and use the some of
the gain to absorb the first term. Then setting our parameters Ay, n; appropriately to balance

the remaining terms helps us achieve the O(T%) rate. Contrast this to the convex setting
in the next section: the mismatch between the error term that contains the distance term
||x* — x¢|| and the gain term that contains the function value gap f(x;) — f* prevents us
from using the gain to absorb some of the error. Thus, this explains the convergence rate
discrepancy between the convex case and the non-convex setting (see also Remark 6).

Before giving a sketch of our whitebox approach, we present a sketch of a black-
box argument that gives a nearly time-optimal convergence rate. This approach has
an additional log T factor in the final rate but will serve as a point of comparison for
our new techniques, which will close the logarithmic gap.
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Blackbox approach. The key lies in the following lemma, which yields the near
2-2p
optimal O(T %2 2) convergence rate of Clipped-SGD. In this case, we assume that

the clipping parameters A; and the step sizes #; are fixed. Note that the success
probability is only 1 — T. This result uses Lemma 5.3.2 and Freedman’s inequality
(Theorem 5.6.1) primarily as a blackbox to bound the error terms inductively by the
initial function value gap to optimality.

Lemma 5.3.3. For1 < N < T+1,let 5y =1, Ay = A (the specific choices are omitted here
for brevity) and En be the event that forallk =1,...N,

L’ Euet 12+ ( ; (VF (), 61) 7’7 HebH < .

Then EN happens with probability at least 1 — for each N € [T +1].

With the above lemma, we can obtain a near—optimal convergence rate. However,
this rate is still suboptimal due to the use of T union bounds as part of the induction
proof. We now discuss an improved analysis that closes the remaining gap.

Whitebox approach. Our whitebox approach defines a novel supermartingale
difference sequence Z; (shown below) and analyzes its moment generating function
from first principles. The sequence is designed to leverage the structure of the prob-
lem and Clipped-SGD via carefully chosen decreasing weights z; (shown below).

2=z (B IV FGOI + b0 = 80— S o8] — L [1et1? | 7))

— (322LyEa + 6172t} ) [Hern | Fial
1
2P A maxi<; v/2LA; + 8Q; Ly2A2

for P, Q; € F;_1 > 1. We also define S; := Zle Z;. Note that by selecting P}, Q;, 17¢, A
appropriately so that P;7j:A; and Q;77A? are constants (see for example the proof of
Proposition 5.3.5 in Section 5.7), we can ensure that the sequence z; is decreasing.

We now present Lemma 5.3.4 which is the main result for controlling the above
martingale, whose proof will offer insights into the main technique in this paper.
The technique to prove Lemma 5.3.4 is similar to the standard way of bounding the
moment generating function in proving concentration inequalities, such as Freed-
man’s inequality (Freedman, 1975; Dzhaparidze and Van Zanten, 2001). The main
challenge here is to find a way to leverage the structure of Clipped-SGD and choose
the suitable coefficients z;. Similarly to (Liu et al., 2023c) where the authors analyze
SGD with sub-Gaussian noise, we analyze the martingale difference sequence in a
“whitebox” manner. In (Liu et al., 2023c), however, thanks to the light-tailed noise,
the weights z; can be chosen depending only on the problem parameters and in-
dependently of the algorithm history On the other hand, to use Lemma 5.2.2, we
have to make sure that z; < R, where R is an upper bound for the martingale el-
ements. The key here is to choose z; depending on the past iterates, and use the
function value gaps A; to absorb the error incurred during the analysis. We give a
proof sketch and defer the full version to Section 5.7.

where z; :=
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Lemma 5.3.4. Forany § > 0, let E(0) be the event that forall1 <k <T

1 &k 3
=Yz |V (x I + zkBis1 < 214 +log + Z 2]t HGbH
=1

I\J

by (<3z%Lm Ay -+ 6L222EAR + Ly |64 | Fis )
=

Then Pr [E(6)] > 1— 6.

Proof Sketch. Using Lemmas 5.3.2, 5.2.2, and the condition for z;, we can show that
E [exp (Z;) | Fi—1] < 1. This then implies

E [exp (S¢) | Fi—1] = exp (Si—1) E [exp (Z¢) | Fi-1] < exp (Si-1),

which means (exp (S¢)):>1 is a supermartingale. By Ville’s inequality, we have, for
allk > 1, Pr[Sy > log 3] < 6E[exp (S1)] < 6. In other words, with probability at
least1 — 6, forallk > 1, th(:l Z; <log %. Plugging in the definition of Z; we obtain
the desired inequality. O

We now specify the choice of #; and A;. The following lemma gives a general
condition for the choice of #; and A; that gives the right convergence rate in time T.

Proposition 5.3.5. We assume that the event E(J) from Lemma 5.3.4 happens. Suppose
that for some £ < T, there are constants C1, Co and Cs such that forall t < ¢

P p
LAmVIL<Cy 2.4 (1) <Gy 3L () M <Gy 4 | VF(x)| <
A
7.
Then forallt < £ +1

1¢ 2
5 L nillVFG) P+ bea < (VAL +2VAC)
i=1

2 2
for a constant A > max {64 <log% + 60‘(7;%@) 4 287 pC2C(3j%H4O‘7pC3 ; 1}.

Finally, the proof for Theorem 5.3.1 is a direct consequence of Proposition 5.3.5
where we defer the details to Section 5.7.

5.4 Clipped Stochastic Mirror Descent for Convex Objectives

Algorithm 7 Clipped-SMD

Parameters: initial point x1, step sizes {1}, clipping parameters {A;}, i is 1-strongly
convex wrt ||-|
fort =1to T do

Vix) = min{l,M} VF(x)

Xp41 = arg Minyey {77t <§f(xt),x> + Dy (x, xt)}

In this section, we present and analyze the Clipped Stochastic Mirror Descent
algorithm (Algorithm 7) under heavy-tailed noise, with a general domain and arbi-
trary norm.
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We define the Bregman divergence Dy(x,y) = 9(x) — ¢(v) — (V¢(y), x —y),
where ¢ : R? — R is a 1-strongly convex differentiable function with respect to
the norm ||-|| on X. We assume for convenience that dom (¢p) = R?. Algorithm 7
is a generalization of Clipped-SGD for convex functions to an arbitrary norm. The
only difference from the standard Stochastic Mirror Descent algorithm is the use of
the clipped gradient Vf(x;) in place of the true stochastic gradient V f(x;) when
computing the new iterate x;.

Prior works such as (Gorbunov et al., 2020) only consider the setting where the
global minimizer lies in X'. Our algorithm and analysis does not require this restric-
tion and instead only uses the following initial gradient estimate assumption from
(Nazin et al., 2019):

(5) Initial gradient estimate: Let x; be the initial point. We assume that we have
access to an upperbound Vi of |V f(x1)]], i.e. [|[Vf(x1)|, < Vi. This assump-
tion is justified as follows. If the noise parameter ¢ defined in assumption (3) is
known, we can use the procedure of (Minsker, 2015) to estimate ||V f(x1)]|,: we take
O (In(1/6)) stochastic gradient samples at x;, and let g; be the geometric median
of these samples; we then set Vi := ||g1||, + 100. It follows from (Minsker, 2015)
that ||V f(x1)]], < Vj holds with probability at least 1 — 6. If the domain contains
the global optimum x* (Vf(x*) = 0) and the initial distance ||x; — x*|| is known,
we have the following alternative upper bound that follows from Vf(x*) = 0 and
smoothness: [V f(x1)[[, = | Vf(x1) = VA(x*)||, < L [z —x*]L.

Convergence guarantees. We first state the convergence guarantee for this al-
gorithm in Theorem 5.4.1 which works for an arbitrary norm and a general domain
which may not include the global optimum. In this theorem, we assume that we
know several problem parameters to show the main idea of our analysis. In Theo-
rem 5.4.2, we remove the knowledge of the problem parameters.

Theorem 5.4.1. Assume that convex f satisfies Assumptions (1), (2), (3), (4) and (5). Let
v = max {log };1}; Ry = /2Dy (x*,x1) , and assume that V; is an upper bound of
|V f(x1)]|,. For known T, we choose At and 1; such that

26T\ "7
}\t:)\:max{<7> U;2(3LR1+V1)},and

Ry Ry . 26T\ VP 1 _
=1 = = — —_— ; = (BLR .
== 240y ~ 229 T { < v > i3 (LR + V)

Then with probability at least 1 — 6

T+1

1 1_1p  p1 1 ip
?ZAt§48R1max 26)T 7 oy 7 ;2(BLRy+ V) T 'y =0 (T7 .
=2

Remark 4. This theorem shows that the convergence rate for the known time horizon case is

1—

O(TTP ). This rate is known to be optimal, matching the lower bounds shown in (Raginsky
and Rakhlin, 2009; Vural et al., 2022). The above guarantee is also adaptive to o, i.e., when
o — 0, we obtain the standard O(T ) convergence rate of deterministic mirror descent.

Remark 5. The term V1 in the above theorem comes from the inexact estimation of |V f (x1)
If we assume that the global optimum lies in the domain X, we can simply select V1 = LRy
without using the estimation procedure, as discussed in (5).

-
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In Theorem 5.4.1, we use the initial distance R; to the optimal solution to set the
step sizes and clipping parameters. This information is generally not available, but
can be avoided. For example, for constrained problems where the domain radius
is bounded by R, we can replace R; in Theorem 5.4.1 by R without change in the
dependency. However, for the general problem, we present Theorem 5.4.2, where
we do not require knowledge of the constants T, 7, é or R; to set the step sizes and
clipping parameters. However, we still need the mild assumption of knowing an
upper bound V on ||V f(x1)||,. As discussed in (5), V; can be estimated with good
accuracy when ¢ is known.

Theorem 5.4.2. Assume that convex f satisfies Assumption (1), (2), (3), (4) and (5). Let
v = max {log %;1}; Ry = /2Dy (x*,x1), and assume that V1 is an upper bound of
|V f(x1)],. We choose Ay and n; such that

L
A; = max { (52t(1 + logt)zcz)l/p;Z (Lm<atx || — x1]] + V1> ,gl} ,and
i<

c1 c1 . 5 \—1/p 1 6
=1 -1 52t(1 + log ; LIRSS
T 24/\t 24 mm { ( < + 0% ) CZ) 2 (L maX;<¢ ||x1‘ — X1 || + Vl) LC1 }

where the absolute constants cq and c; are to ensure the correctness of the dimensions. Then,
with probability at least 1 — 6, we have

1 T+1 207 2
T Z Ay < % <R1 +%1 <’Y+ f)) max < (52T(1 + log T)zcz)l/p;
t 1 2

=2

2 207 L i

ARL+ 2L (27 ) yov, 2V o (T7").
3 Co 6

Sketch of the analysis. In the remainder of this section, we provide a sketch of
the analysis for Theorem 5.4.1, which starts with the following lemma.

Lemma 5.4.3. Assume that convex f satisfies Assumption (1), (2), (3), (4) and n; < ﬁ,
the iterate sequence (x;)¢>1 output by Algorithm 7 satisfies the following:

MiDr1 < Dy (X7, x¢) — Dy (&%, xp11) + 176 (X7 — x4, 0f') + 1 <X* - xtr9f>
vt (10012~ 10812 | Fia]) + 27 [1612 | Fii] 202 Jed]| -

Remark 6. In contrast to Remark 3, there is a mismatch between the gain A1 and the loss
(x* — x¢,0¢). Since the distance ||x* — x;|| and the function value gap Ay cannot be related
in the general convex case, we do not obtain the same rate as in the nonconvex case.

We now define the following terms for ¢ > 1:
% * * b 2 b 2
Z = z¢ | MeDry1 + Dy (X7, xp41) — Dy (x7, x¢) — 11t <x - xf/9t> — 213 Hgt H*

3
— 27K [HG?Hi | ]:t—l] ) — (8)\2 +24Z%77f)\%> E [HG?W ‘ ]:t—l} ,
t

1

2771‘/\1? maxX;<¢ 2D1/; <X*, xi) + 16Q’71‘2A%

where z; :=
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for a constant Q > 1. We also define S; := Zle Z;. We have the following lemma,
which is analogous to Lemma 5.3.4 in the nonconvex case.

Lemma 5.4.4. For any 6 > 0, let E(J) be the event that forall1 <k < T

k k
* * 1 *
Y zmiAr1 + 2Dy (x*, x541) < 21Dy (x*,x1) + log 5T Yz <x - xt,9f>
t=1 t=1

k sk 3
+2 zm? |of| + % ((2Zt77t2 + o 242%172*A%> E [|l6y]1? | FHD .
t=1 o=l 8}
(5.6)
Then Pr[E(6)] > 1 —4.

We now specify the choice of 77; and A;. The following proposition gives a general
condition for the choice of #; and A; that gives the right convergence rate in time T.

Proposition 5.4.5. We assume that the event E(J) from Lemma 5.4.4 happens. Suppose
that for some £ < T, there are constants C1, Cy, C3, and A such that forall t < ¢

p 2p P
1 A = Cy; 2. ¥, (Ai) <Gy 3. (%) < G (%) ;4 |[VE(x)l, < A
Then forallt < ¢+1

(R, 4+ 8AC;)?

N[ =

t
Y 1idit1 4 Dy (x, x141) <
i=1

for A > max {log% +2607Cy + 2‘72;%;1},

Theorem 5.4.1 follows from Proposition 5.4.5. Both proofs can be found in Section
5.7.

5.5 Accelerated Stochastic Mirror Descent and Extensions

Algorithm 8 Clipped-ASMD

Parameters: initial point y; = z1, step sizes {n;}, clipping parameters {A;}, and
mirror map i, where ¢ is 1-strongly convex wrt ||-||.
Fort =1to T do:

Set Ky = H%

xt = (1 —ap) yr + azs.

%f(xt) = min {1, M} Vf(xt)

Zp4] = arg minyey {’7t <@f(xt),x> + Dy (x,zt)}.
Yir1 = (1 — o) yr + aszp 11

In Section 5.9, we also show the convergence and its analysis for Clipped Accel-
erated Stochastic Mirror Descent (Algorithm 8). We require the following additional
assumption:

(5") Global minimizer: We assume that V f(x*) = 0.

In other words, we assume that the global minimizer lies in the domain of the
problem. This assumption is consistent with the works of (Gorbunov et al., 2020;
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Sadiev et al., 2023). Our analysis readily extends to non-smooth settings, and more
generally to functions that satisfy

fy) = fx) <(Vf(x),y—x)+ Gy -« +%IIJ/—Xl!2f Yy, x € X,

This condition is satisfied by both Lipschitz functions (when L = 0) and smooth
functions (when G = 0). The key step is to extend Lemma 5.4.3. The proof follows
from (Lan, 2020) and can be found in Section 5.7.

5.6 Freedman’s Inequality

Lemma 5.6.1 (Freedman's inequality). Let (X;);>1 be a martingale difference sequence.
Assume that there exists a constant ¢ > 0 such that | X;| < ¢ almost surely for all t > 1 and
define o} = E [X? | X¢-1,...,X1]. Then forallb > 0,F > 0and T > 1

T
> band Z‘th <F
t=1

T
Y X,

t=1

Pr

bz
< _ .
s 2exp ( 2F+2cb/3)

5.7 Missing Proofs from Section 5.3

Proof of Lemma 5.3.2. By the smoothness of f and the update x;1; = x; — %@ f(xt)
we have

f(xee1) — f(xt)
<V f(xt), X1 — xp) + % [xt11 — xtHZ

~ 2 ~

== (VG0 ) ) + |9
2
= 1 (V) 6+ V() + T 6+ )|
2 2
=~ IV FC)IE 0 (7 £ ), 80+ T [0 4+ 2 9 ) |2 4+ L (V£ (x0), 80
< Ly} 2, Lyp 2 2

= (= SZE) IV SO+ E P+ (Lo = ) 9 ), 1)

Ly? Ly?
= (= S IV GO+ L N6l + (L = ) (97 08 68
———

<0
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Using Cauchy-Schwarz, we have (Vf(x;),62) < L[|V f(x)|? + 1 HGfHZ Thus, we
derive

2 — L Ly?
Brya— Bt < = (’7’7) IV £GP + =25 6 + (Ly? = 1) (V£ (), )

L —L’h IV (x| + 1t —LWtZ HQ?HZ
< IO+ P+ (L ) ()0 + 2 o
s—;nwx»u + L 6717 + (Lt = ) <Vf<xt>,9;‘>+(Lm+@) Jot ]

u u 3
< V£GP L (61 + (L — ) (7 e, 88 + 2 et

7

where the third inequality is due to ||6;]|* < 2 ||6%]|* + 2 6% 2
is due to 7; < . Rearranging, adding, and subtracting [E [||9f‘ 1% | Ft—l} , we obtain

and the last inequality

the lemma.

Detailed proof of Lemma 5.3.3. We state the following simple properties of the choice
of 7 and A in Theorem 5.3.1. We have

L) <
1<t (5:8)
TL ( A) A2 < 23;8. (5.10)

We will now prove by induction on N that Ey happens with probability at least
1 (19 1) . For N = 1, the event happens with probability 1. Suppose that for some

N < T Pr[En] >1— (N=1) ) . We will prove that Pr [En41] > I\%‘s.
Since the LHS of (5. 5) is non-negative, for k < N, we have, under the event Ey,

B < B4+ (LR = 1) Ko (V (), 68) + Lo z(wuw — [ lox 1))
t=1

= 2 ] zuz (16 12] < 2.

From the induction hypothesis and Lemma 5.3.2, we have that for all k < N, Ay <
2A;. Since the LHS of (5.5) is non-negative, by summing over  from 1 to N we have,

Ant1 < (7= Lip?) i (=Vf(xi),6) + 3;72”9bH

t=1

A B
#0711 + L2 L ).

C D
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The bounds for B and D are straightforward from Lemma 5.2.1. First, with proba-
bility 1, we have ||6}'|] < 2A. By the smoothness of f and the fact that f is bounded

below, we have
IVf(xe)| < V2LA:.

Furthermore, when the event Ex happens, we have

IV £(xp)|| < V2LA < /ALA < %

Thus, we can apply Lemma 5.2.1 and obtain ||6}| < 40?A'"7 and E; [HG;‘HZ} <
400P AP

Upperbound for B. By (5.3), when the event Ey happens,

3y HGfH < 31§ 1607022 — 240 )22y N
t=1
e (et

Upperbound for D. By 5.4, when the event Eyx happens,

N N
D=Ly* Y E [Hemz} < Ly? Y 400PAZP
t=1 t=1
5A
< 400P N\ PLiAN < TV (An)? < 221
< 4007 A2 PLy N_4OLT(A) (An)* < =2

To bound A and C, we use Freedman’s inequality (Theorem 5.6.1). We define, for
t > 1, the following random variables

{—Vf(xt) if Ay < 20
Z=1,

otherwise.

Thus || Z:|| < ||V f(x:)]| < 2+/LA; for all t.

Upperbound for A. Instead of bounding A = (17 — Ly?) T4 (= V f(x),01), we
will bound A" = (17 — Ly?) TV (Z;,0). We check the conditions to apply Freed-
man’s inequality. First E; [(7 — Ly?) (Z;,6)] = 0. Further, with probability 1,
|6¢]° < 2), and Z¢ < 2v/LAy, thus|(y — Ly?) (Zy,61)] < (7 —Ln?) | Z] 6} <
4y/LA; (7 — Ly?) A < 4/LAnA. Hence, { (7 — Ly?) (Z;,6})} is a bounded martin-
gale difference sequence. Therefore, for constant 2 and F to be chosen we have

"|

aZ
<2exp | —
= p( 2Pln45T+§\/LA1;7/\a>

1=

L (1= L) (2, 01) 5

Il
—

N
> g and t;]Et {((17 — Li?) (Z4,61)) ] < Fln”]
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We choose a such that

a? 5
2 ex — = —
P ( 2Fln?+§\/LA117Aa> 2T

which gives

212
_ (;L\/EUA+\/16LA9M A +2P>1 %

If we choose F = 64LA1(7P AZ=P 172T we can easily show thata < 7A1 . Therefore, with
probability at least 1 — £ we have

N
Y (71— Ln?) (Z,61)| <

t=1

7M

Ejs= {either A < P

N 4T
or Y |((n— L) (Z:,61))"] > Fln(s}
t=1
Also notice that under the event Ep, we have
N X )
> E: {((’7 — Ln*) (Z1,61)) ]
t=1

N 2 2 - 2
< Y B [1Z02 1051] < 4rPLas Y By [j0f ]
t=1 t=1

<64LA10PA2 PN < 64A,LT (%)p A2 < F < Fln%. (5.11)
Under Ey, we have that Z; = —Vf(x;) for all t < N. Therefore, when Ey N Ex

happens, we have A = A’ < a.

Upperbound for C. We check the conditions to apply Freedman’s inequality. First,
E, [L;f (||9,e||2 —E, [HefHZ])] — 0. Further, with probability 1, ||0¥[|> < 2A, thus

2 2
[ (110317 — e [1017] )| < Lo (442 +42) = BLA%y2. Hence, { L? (Il6¥|1” — E: [16}11°] ) }
is a bounded martingale difference sequence. Applying Freedman’s inequality for
constants ¢ and G to be chosen, we have

Pr [ ani (HQ?HZ ~E, [HQ;IHZ]) > cand iﬂzt [(qu (HQ;IHZ —E, [Hgmzbﬂ < Glnif]

c? )
<2exp | — .
( 2GIn 4 + X122

We choose ¢ such that

2exp | — ¢ = i
P\ 26m ATy lopp2y2c | 2T
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which gives

AL\ AT
¢ = (iwqu \/69’7 +2G>1 =

If we choose G = 256L20PA\*~Py*T, a simple calculation shows that ¢ < 74A81. we can
show that with probability at least 1 — 2T' the following event happens

Ec = {either Cc<

PN (T ATTR)IE
or Z]Et[( 2 (Jle 1> — & [||9;’||2D>2] >Gln45T}

Notice that when G = 256L2¢* )\4_7"174T, under Ey we have

m[( JCGRATGNY

<8LA%? DE IERCE AR 16L2A2n4§1115 [1ex1?]

4T

<256L20P AT PyiN < G < Gln — S

(5.12)

Therefore, when Ey N Ec happens, we have C < c.
Finally, combining all the bounds for A, B, C, D using union bound and selecting
A and 7 appropriately to simplify the constants, we obtain the lemma. O

Proof of Lemma 5.3.4. We have

Elexp (Z1) | Fir)exp ((322Lnf: + 617207t ) E [0} | Fia )
)

—

a

< E [exp (2 (L =) (Vf (), 08) + Lo? (10217 =B (1017 | Fia])) ) | Fia |
(b)

< exp (|5 (= (02 =) (97 009 + Lo (101"~ [Jet | Fia])) )1 7] )

(©) 3 u 3 u
Sexp( [17 IV £ ) |2 6212 | 7o ]HE[ 22 X1 | Foe ])

(i) 322Ln2AE |||64)% | F 6L222n*\2E | ||64||1% | F,
= eXp | ozy L1y Dt 63l ’ t—1| + Zy M Ny 68| ’ t—1

= exp ((3z%L;7tAt + 61222 qf)\%) E {HB}’HZ | ]—"t_l]> )

For (a) we use Lemma 5.3.2. For (b) we use Lemma 5.2.2. Notice that

E[(Vf(x),0)] = E |61~ E ]3| Fia] | = 0,
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and since ||0¥]| < 2A;and ||V f(x;)|| < v/2LA; for an L-smooth function, we have

[ (L = ) (V£ xe), 08) + L (651~ E [l | Fia]) |
<2 [V F ()| + L (6517 + [ 16 | Fia])
<2 |V f (x1) || + 8LyfA;
<2niAi/2LA; + 8Ly AZ.

2
Thus z; < anAtx/TiﬁSLn?/\%' For (c) we use (a+b)? < 2a% +2b*and E [(X —E[X]) ] <
IE [X2]. For (d), we use | Vf(x;)||* < 2LA; and ||6¥]] < 2A;. We obtain

E [exp (Z) | Fi-1] < 1.
Therefore

EE [exp (St) | Fi-1] = exp (Si-1) E [exp (Zy) | Fr-1]
< exp (St-1)

which means (exp (S¢))>1 is a supermartingale. By Ville’s inequality, we have, for
allk > 1

Pr [Sk > log (15] < JE [exp (S1)] < 6.

In other words, with probability at least 1 — 6, forall k > 1

Zk: 1
Zy <log —.
t=1 o

Plugging in the definition of Z; we have

k
ZZthVf x| +Z (ztAr11 — ziDy)
=1 =1

<10g n Z 5211 HebH

+ t; (3L + 6122223 + 2L ) E [0 | Fii])

Note that we have z; is a decreasing sequence by construction (see the proof of
Proposition 5.3.5 below). Hence, the LHS of the above inequality can be bounded by

1& -
LHS = 2 szt IV F () I* + 268k — 2181 + ) (21 — i) A
- =2

Zzt’?t IVF(xe)|]” + zkdgsr — 210,

We obtain the desired inequality. ]
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Proof of Proposition 5.3.5. We will prove by induction on k that

k
;; V£ + A < (VA +2VAG)

The base case k = 0 is trivial. Suppose the statement is true for all t < k < /.
Now we show for k + 1. Recall that

1
2Pﬂ]t)\t maX;<t v/ ZLAZ + SQtLﬂtz)\% '

Zt =

Let us choose

G

P = >1
At’?tv
_GVA
2L17t s
We have
4 1
: 2C; max;<; /A; +4C3VA

Now, note that (z;);>1 is a decreasing sequence. By the induction hypothesis max;<; v/A; <

VA1 + 2V AC;. Hence:

zr 2C1 max;<k \/Ki+4C%\/Z
zr  2C;maxi<; /A; +4C2VA
2C) (VA1 +2VAC ) +4CHVA
: 2C1y/A1 +4C3HA
\ﬁ+4\ﬁcl
\ﬁ+2\fC1

By the choice of Ay, forall t < k, ||V f(x;)| < %, we can apply the second part of
Lemma 5.2.1 to obtain

o < s

E [ | i) < 400707,
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Thus,

1 k
EZk Z 7 | V£ (x0)]1” + 26Brin

3Zt77t

<21A1—|—10g5+2 HGtH

Y (3210 + 622003 + 2L ) E 60| 7] )
t=1
1 2p £ 2 1 2
<z1A + logg + 240 t;ztm)xt %

k p
1
+ 400" ) ((3z%At + 627 LyfAT + z¢) LipiA; <A) ) :

t=1 t

Since Z—; < 2, we have

1 k
3 Zﬂt IV (xe)||* + Agia

ZlAl 1

1\%
2 2
§7+7log +48(TPZW (At)

1\7
+ 800" Z <(32tAt + 6z Lypf A7 + 1) Lyyf A7 ( 3 > >
t=1 £

————F—— M +2C; (VAL +4VAC ) log — +480°FC LyiAf | —
\ﬁ—l—Z\/»Cl Aq 1( 1 1) ch 2; /Ay A

2

k 3 (VA +2VAC p

+ 800" ) ( ) + 04 L;72A2<1>
=\ \ 2 (\/A1 i 2\/ch> " 80; Ad

(b)
<Ay + 2/ MVAC; +2C (\/A1 + 4\/ch) log % + 48027 CyCs
3 <\/ A+ 2\/ZC1)
+ 800? C;

2G
1 6007C
<A1 +2v/MVAC +2G (\/A1+4\/ZC1) <log5+ ‘éz 3)
1

_|_

=1 N

+ 48027 C,C3 + 14007 C5
(©) A
<A+ 2VMVAC +2C (\/A1 +4\/ch) ‘g +AC?
2
< (\/Al +2x/ZC1) .
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For (a), we use (/\%)p < CyLy; and the induction hypothesis. For (b), we use

Y.L (Al ) A?7? < Czand Q; > 1. For (c), we have

1 6007C; VA
g+~ =%

48027 C,Cs + 14007C3 < AC?,

since

p 2 2p p
A> 64 <log % N 60(22C3) | 480 czc3C ;L 14007 Cs.
1

This concludes the proof. ]

Lemma 5.7.1. The choices of y; and Ay in Theorem 5.3.1 satisfy the condition (1)-(3) of
Proposition 5.3.5 for

o = VA
1= ’
4v/2y
1
CZ — ﬁ/
M
s = 2048077

Proof. We verify for the first case. The second follows exactly the same. First, we
have p > 1 hence

AT VA
UtAt\ﬁ— SV \ﬁ 1oy = (.

Since 17; = \/8:37’7 ,p>Tland Ay > (\/%) L =

1—
p_V AlTs’Tp2 p-1
t 7/\1‘

mAy =
S\f'y
v TBP 2 87 TSp 20‘p
8VLy VLA
_a
=T

which gives

1 1\7* 1
— =) £ ==0C.
Ly \ At oP

Finally, we have A; > 321/7 oT%2 hence

1 1
i B2 <
</\t) 19 < 3207
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Therefore,

L1 N
Z320?’64772
1M A
3207 6492 — 204807y’

O

p
Proof of Theorem 5.3.1. Note that < 15\;%; < 1. We have that with probability at

least 1 — 4, event E(J) happens. Conditioning on this event, we verify the conditions
of Proposition 5.3.5. We select the following constants

VA 1 A

Ci=——; C=—; CG=-—"1—3 A=2567%
T a2y 2T o T 204807y i

We verify in Lemma 5.7.1 that for these choice of constants, conditions (1)-(3) of
Proposition 5.3.5 are satisfied. Furthermore, we have

" (1 1 +600?’C3>2 4802P C,C5 + 14007 C5

5T 2
1 132 A1 2 A Ap \ 32
— 64 (log - + 60log -2 21 48 21 140 2L ) 22
6 <°g5+60 %85 A 2048> <82048+ 02048 ) A,
< 2567% = A.

We only need to show that, for all ¢, ||V f(x;)|| < 4. We will show this by induction.
Indeed, for the base case we have ||V f(x1)|| < \/2LA1 < Al . Suppose that it is true

for all t < k. We will prove that ||V f(xx1)| < “ L. By Proposmon 5.3.5 and the
induction hypothesis

2
X 167> < 45A,.

Ag1 < (\/AT‘FZ\/ZQ) (\/»‘f’

Thus, we get

A
|V f (1) || < v/2LAGq < /90LA; < %

as needed. From Proposition 5.3.5, we have

T
Y IV F )+ iy < 450,
t=1
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Therefore
1 & < 904,
T LIV <57
= 720+/A; Ly max < 8 >pll:r§z725m 2\/90LA1T3P 2, 32v0T3P ::
v/ LAy '

O]

Theorem 5.7.2. Assume that f satisfies Assumption (1), (2), (3), (4). Let v = max {log 3; 1}
and Ny = f(x1) — f*. For unknown T, we choose Ay and 1; such that

T 1 e
A= max{< o )” (2t (1 +10gty) " o712 90LA1;32370—<2t(1+1ogt)2)3”’2},

VLA
1-p
VN (Zt (1+1log t)z) e
"= 8Atﬁ’)’ .

Then with probability at least 1 — 6

T %1 )
FLIVAI < mmmx{ ()" (2a+10gm) o,
t=1

3p 2

L 2o
90LA, (2(1+1ogT) ) T2, 32P(7< (1+1ogT)2)3”*2 Tapi}.

We again verify the conditions of Proposition 5.3.5 for the choices of #; and A; in
Theorem 5.7.2.

Lemma 5.7.3. The choices of 1; and Ay in Theorem 5.7.2 satisfy the condition (1)-(3) of
Proposition 5.3.5 for

o = VA
1 — 7
4v/2y
1
CZ = ﬁ/
Aq
G = 204807

The proof utilizes the following fact:

Fact 5.7.4. We have Y2, m <1
Proof. First, we have p > 1 hence

=P

ﬁ(zt(1+logt) ) i

AV2L = V2L
NiAt Sﬁ’y
S Al == Cl.
42y
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1 1-p

Since 17; = ‘/8:?; ,p>1land Ay > (\/%) a <2t (1+1log t)2>3?2 o

1-p

NI (2t (1+log t)2) v -
t

AV =
T 8vLy
\/7 < 2> 31;7—!12
A1 (2t (1+logt) oL
> 5 <2t (1+ 10gt)2> PP
8vLy VLA,

oP

=7

which gives

1 /1\" 1
N e < = .
Ly, <At> i

1

Finally, we have A; > 3200 (2 (1+1logt) ) , hence

I 2\ 2 1
(At> (Zf (1+1logt) ) < o7 (5.13)
Therefore,
L 1 L % VA 2
L{— 2t (1+1logt)”) ™ ( )
t; (m) 21 </\t) ( g)) 8V
3 1\’ N A
= L— — 2t(1+1logt)” )"~ —
; 2t ( 1+logt) </\t> ( ( gt) ) 642

1 N

T
; t(1+ log t)* 3207 647

(by (5.13))

| A

320" 6472 = 2t (1+ logt)

1 N Al
< < . Fact 5.7.4
= 3207 6492 = 20480 (by Fact 5.74)

O

Proof of Theorem 5.7.2. Note that

1-p
Ny <2t (1+logt) )3” ’
"= 8AiV Ly
3 P2
(2 (1+logt) ) g
16Lyv/90
1
< —.
=L

Note that with Lemma 5.7.3, verifying the conditions of Proposition 5.3.5 is identical
to the proof of theorem 5.3.1. We have that with probability at least 1 — ¢, event E(J)
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from 5.3.5 happens. We have with probability at least 1 — 4:

1 T
Y e IV ) | 4 Ay < 454
t=1

I\.)

Since 7; is decreasing, we have

1d _ 90A
T ; [V f(xt T77T1
This means that
: 8y = NI bW
; IV f(xt) < 720\/E’ymax{ <m> (2 (1+1ogT) ) o 1T 2;

1-2p

P s 2.2
2/90LAy (2(1+10g T)*) 7" T9,3200 (2(1+10g T)?) 7 Tsp’z’}.

5.8 Missing Proofs from Section 5.4

Lemma 5.8.1. Suppose that n; < - and assume f satisfies Assumption (1), (2), (3) as well
as the following condition

fy) = f) <{VFx),y —x) +Glly = x| + 5 ||3/ —x[*, VyxeX.  (514)
Then the iterate sequence (x;);>1 output by Algorithm 7 satisfies the following:
b1 < Dy (X7, 1) — Dy (X7, xp41) + 171 (X7 — x4, 0f) + 111 <x* - xt,9f>
ot (10012 — & 10812 | Fia]) + 27 [[6812 | Fia] 202 o8] + 2627,
Proof. By condition (5.14) and convexity,

f(xen) = f(x7)
< f () = f () + f () = f(x7)

condition (5.14) convexity

L *
< {VF (1), 301 = 20 + 5 120 = Xl o+ G [l = x|+ (T F (20) 20 = )
o L
= (Vf (x), xe0 = x%) + 2 [l = 2l + G e = x|
* Y * L 2
= (01, %" = xis1) + (VF(xe), X = x°) + 2 5 = 30 P+ Gllxe = x|
By the optimality condition, we have

<17t§f(xt) + VxDlp (Xt+1, xt) ,x* — xt+1> Z 0
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and thus N
<77tvf(xt)/xt+1 - X*> <{(ViDy (xp41, %), X5 — xp41)

Note that

(VaDy (xt1,%¢), X" = xp1) = (VY (xp31) = VY (x1), X" = xe41)
=Dy (x7,xt) = Dy (X141, ) — Dy (X7, x141) -

Thus
Nt <€f(xt),xt+1 — X*> <Dy (x%,x¢) — Dy (X%, x411) — Dy (X451, xt)

1 2
< Dy (7, x¢) = Dy (2", Xp41) — 5 [|xe1 — ][,
where we have used that Dy (x¢41,x¢) > 3 ||x411 — x| by the strong convexity of
.
Combining the two inequalities, and using the assumption that Lyj; < , we
obtain

WtAt-i-l + Dl/) (x*/ xH—l) - Dl/) ('X*/ xt)

L 1
< (O, X" — xp41) + % ¢ — xpi1||* + Grge |3 — xp41 || — 5 21 — x|

IN

N 3
(01, X" — x¢) + 11 (O, Xt — Xp41) — 3 41 = xel|” + Gge || 2 — xp31 |

IN

Ur:
7 (0, X* — xp) + 17 |06 + 2GPn?
2
e (03 + 08, — x1) + 27 04 |2 + 207 o} ||+ 2622,

IN

This is what we want to show. O

Proof of Lemma 5.4.4. We have

3
Elexp (20) | Fioa] x exp ( (g + 2453012 ) B [J6¢12 | i)
t

E [exp (2 (1 (" = x080) + 27 (Jo8I2 — B [Jo12 | Fia]))) | i

exp (B [3 (2 (" = xe0) + 207 (JofI2 — & [J12 1 7)) 7))

(© 3 .
<ewp (35— xPE[JoF 2| Fia] + szt [Jor 14| 7] ) )

(@) 3 * 2 2
<exp (( 52 1" = ml+ 24200823 ) B [ | Fia])
© 3 2 4,2 2
Cexp ((gz-+2ezintad ) E [levi | 7] ).
For (a), we use Lemma 5.4.3. For (b), we use Lemma 5.2.2. Notice that

E[(x" —x,60)] = E [[6}] — E 6} | Fira ]| = 0,
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and since ||0}']|, < 2A¢, we have

e (" = 0, 81) + 207 (6112 — E [1641% | Fia ) |
< ellx* =l 671 +207 (16112 +E [le¢]12 | Fia])
< 20 |2 — x| + 1617 A

< ZﬂtAM / 2Dlp (X*,Xt) + 1677%/\%

Thus, z; < T L For (c), we use the inequalities (a + b)? < 2a% +
2424

/2Dy (%, xp) + 163247

2b% and E [(X -E [X])z} < E [X?]. For (d), we use the fact [|6%]|> < 4A? to get

E [Heyni | ft_l} < 4A2E [||9;t||§ | ft_l]. For (e), we use the fact that [|8], < 2A;
and

mell =l 1

277t/\t 2D1l) (x*,xt) B 2)”

zee || X" — x| <

We obtain E [exp (Z;) | Fi—1] < 1. Therefore
E (exp (S1) | Fi1] = exp (Si1) Elexp (Z) | Fr-1] < exp (51 1),

which means (exp (S¢)):>1 is a supermartingale. By Ville’s inequality, we have, for
allk > 1

Pr [Sk > log (15] < JE [exp (S51)] < 6.

In other words, with probability at least 1 — §, forall k > 1

i 1
Z; <log —.
t=1 o

Plugging in the definition of Z; we have

k k

Yz + ) (2Dy (%, xp41) — 2Dy (x*, %))
=1 =1

< log% i tiztm <x* —x, 9f> + 2izm? Hf’sz

k
3
+ 3 ( (22 + g + 24250002 ) E 16812 | 7ica] )
t=1 t

Note that we have z; is a decreasing sequence, hence the LHS of the above inequality
can be bounded by

k k
LHS = Y " zimiApiq + 2Dy (X%, xi41) — 21Dy (x5, x1) + Y (zeo1 — zi) Dy (2%, xk)
=1 t=2
k
> Yz + 2Dy (1, 1) — 21Dy (67, x1) -
=1
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We obtain from here the desired inequality. ]

Proof of Proposition 5.4.5. We will prove by induction that on k

(R, +8AC))*.

N[ =

k
1iliy1 + Dy (X%, x511) <
i=1
The base case k = 0 is trivial. We have Dy (x*,x1) = RT% Suppose the statement is
true for all + < k < £. Now, we show for k + 1. Recall that

1
2niAs maxi< /2Dy (x*, x;) + 16QuFAZ

Letus choose Q = A > 1. By the induction hypothesis, we have max;<; /2Dy (x*, x;) <
Ry + 8AC;, which implies

Zr =

1 1

Zx > = .
©= 2k (R +8AC)) + 1647222~ 2C; (Ry + 16AC)

For an upperbound, since /2Dy, (x*,x1) = Ry, we have:

1
< .
= 9C (Ry + 8ACY)

Since zj is a decreasing sequence, we have

k k k
* « 1 . 2
zk ) Mibr1 + zkDy (X7, x41) < 21Dy (X7, x1) + log 5 + Zztm <x — x4, 9f> +2 Eztiyf HGfH
t=1 t=1 t=1 *

k
3
3 (2208 + g + 24580002 ) E[J6F12 | Fica] )
t=1 t

By the choice of A, for all t < k, ||Vf(x)||, < %, we can apply Lemma 5.2.1 and
have
1—
ol <o

2—
E[ll6¢]2 | Fia] < 4007277,
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Thus, we have

k
zi Y D1 + 2Dy (X%, Xp41)
=1

1 k _
<z1Dy (x*, x1) + log 3 +4 Zztiytcﬂ’/\} P\ /2Dy (x*, x;) + 32 Zzﬂyt 2”/\2 2r
=1

t=1
k 3
+40) ((22t17t2 512 + 24z$;7;*A2> oPAT F’)
t=1

1, 2Ci (Ri +8AC) o ¢ P, 16Cio*
<z1Dy (x* log —
<z1Dy (x%,x1) + log 5T C1 (Ry +8ACy) Z C1 (Ry +8AC)

()

gl

t=1

C? 3 6C} AR
+40 ! + 4+ L b ()
<C1 (Ri+8AC1) 8 C}(Ry+ 8AC1)2> t; At

t

Il
—

R2 1 2UZPC2C3
< 1 +log — +20PCy + ——2=2 4+ 2407C
=4 (CiR, +8AC2) ' 785 2 A 2
RZ
1 + A’
4 (C1Ry +8AC?)

2
where for the last inequality we use y¥_; (A%)p < C; and (A%) ’ <G (%)p. We
obtain

k R2
Ari1+ Dy (X%, x < 2C; (Ry +16AC 1 + A
;ﬂt t+1 l,l'( k+1) = 1( 1 1) <4 (ClRl —|—8AC%) )

4GRS

CiRi 1 8AC +2A (C1R; + 16ACY)
1581

2 4+ 6ACIR; + 32A%C?

(Ry +8AC;)?.

I\J\HI\JH—\ N =
e

O

Proof of Theorem 5.4.1. Note that our choice of 77 ensures 77 < 16 4LR < 4 We have
that with probability at least 1 — ¢, event E(J) happens. Conditioning on this event,
in 5.4.5 we choose

Cl=-L, C=-". g=—T_ A=3
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We have

2p
max {log(lS +2607C, + 2UC2C3;1}

We only need to show that for all ¢

A
V7l < 5
We will show this by induction. Indeed, we have

A
IVFGDll. < Vi< 5

Suppose that it is true for all t < k. We prove that

A
IVf (el < =57

By 5.4.5 we have

ka+1 — X*H < UZDt/I (x*,ka) < Ry +8AC; =2R;.

Thus

IVf Gl < IV () = VA L+ IV () = V)L + V()]
< Lfegr =27 + Lxr = 27 + V1

A
§3LR1+V1_%

as needed. Therefore from Lemma 5.4.4 we have
T
1Y A1+ Dy (x*,x711) < 2Rj,
t=1

which gives

1 T+l R? 1 1p pl
Tr s 71 = 48R, max {26vT oy 7 ;2(3LRy + V) le}.
=2

O]

Theorem 5.8.2. Assume that f satisfies Assumption (1), (2), (3), (4) and (5). Let v =
max {log };1}; Ry = /2Dy (x*,x1) assume that V; is an upper bound of ||V f(x1)]|,.
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For unknown T, we choose

o\ 1/p
A+ = max { (W) 0;2 (3LRy 4+ V1) } , and

~1/p
Ry Ry . ) (52t(1+1ogt)? 1 1
17t24/\t7247mm{< ; o ,2(3LR1+V1) .

Then with probability at least 1 — 6

1 Tl 11y 2 pod ~ [ 1
= Z Ay <48R1max{52PT 7 (1+logT)r oy v ;2(3LR1—|—V1)T17} =0 <T P >

Proof. We can follow the similar steps. Notice that (7;) is a decreasing sequence. We
also use Fact 5.7.4 to verify the second condition of Proposition 5.4.5. The proof is
omitted. O

Proof of Theorem 5.4.2. Note that 1y < ﬁ. We have that with probability at least 1 — 9,
event E(J) happens. Conditioning on this event, in 5.4.5. We choose

1 1 1 207

= — = — = — A: _—
G=5p C Cs v+ ;

We verify the conditions of Proposition 5.4.5

/\tﬂt =
1 1

T /1
< =C
; <At> Z; t(1+logt)’c; — 26¢, 2
1

1 2P< 1 P<C 1\”
At 52tc; \ A ) = A\
1 20%P 1 p p
max 10g7+260pC2+%;1 = max logf—kaf—l-a—;l < A,
) A ) C2 Co

where we have M < 202PCyCs X 22 < ‘Tp . Also, note that

IVFGxoll, < IVF(xe) = V()L + VAL

A
< Lfx = xll, + [[Vf(x)]l, < f

Therefore, from Lemma 5.4.4, we have

(Ry +8AC;)?

L pa(y 22
o\ T

FJ\*A

nr Z Aty1+ Dy (x*, x741) <
=1
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which gives
1 Tl 1 1 207\ \ 2
Y A< — (R + 2 =
Tg t—quT< 113 <7+ c2>>

8 c1 207\ \
=~ (R + 2 =
Tcl( 1—1—3 (7—'— Co >)

- max { (52T (1 + log T)2c2)1/p;2 (Lr&aT)( |x; — x1]] + Vl) ; L} :

"8
Note that
i =2l < [l — 27 4 [l — 27
c1 207
<2R; + + —
< 2Rp + 3 <’Y + & )
which gives us the final convergence rate. ]

5.9 Clipped Accelerated Stochastic Mirror Descent

In this section, we extend the analysis of Clipped-SMD to the case of Clipped Ac-
celerated Stochastic Mirror Descent (Algorithm 8). We will see that the analysis is
basically the same with little modification. We present in Algorithm 8 the clipped
version of accelerated stochastic mirror descent (see (Lan, 2020)), where the clipped
gradient Vf(x:) is used to update the iterates in place of the stochastic gradient
Vf(xt).

We use the following additional assumption:

(5") Global minimizer: We assume that V f(x*) = 0.

Theorem 5.9.1. Assume that f satisfies Assumption (1), (2), (3), (4) and (5'). Let v =
max {log 3;1}; and Ry = /2Dy (x*, x1).
1. For known T, we choose a constant ¢ and Ay and 1y such that

4(T+1) (267T>;(7

LRy ’

¢ = max { 10%;

At

_ Riylay _ 10*RyyL T+1 (26T ”PU
8 6(t+1) t+1 \ ~ ’

1 Ry . [4(t+1) t+1 /26T\ V7 |
M = 5 = min vl ; o .
3cyLay 24y 10*RiyL" T+1 \ v

Then with probability at least 1 — 6

f(yri1) — f (x*) < 6max {104L72R%(T +1)724R, (T +1) " (26T)7 a/’vla} :
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2. For unknown T, we choose ¢, Ay and 1y such that

1
.
4(t+1) (52t(1—|:ylogt) )n o

¢y = max 104,'

YLR; ’
ciRyyLa 10°R1yL (526 (1 +logt)*\ "
A = L il max Ll ; & oy,
8 4(t+1) 0%

-1/
1 Ri . |at+1) [s2t(1+1ogt)®\ "
M = 5 = min vi ; o .
3cyy“Loay 24y 10*R1yL 0%

Then with probability at least 1 — 6
1 _
f(yrs1) — f (x%) < 6max {1O4L72R%(T +1)"%4R (T+1) " (52T (1+1log T)Z) ’ %«la} :

Remark 7. One feature of the accelerated algorithm is the interpolation between the two
1-p Lo
regimes: When o is large, the algorithm achieves the O <T g > convergence rate, which is

the same as unaccelerated algorithms; however, when o is sufficiently small, the algorithm
achieves the accelerated O (T~2) rate.

We also start the analysis of accelerated stochastic mirror descent with the fol-
lowing lemma.

Lemma 5.9.2. Assume that f satisfies Assumption (1), (2), (3), (4) and n; < ﬁ, the
iterate sequence (x;);>1 output by Algorithm 7 satisfies the following

B () = £ (670) = B8 (7 ) — £ 60)) 4 Dy (3 210) = Dy 0, 20)
<o 00, = ze) + e (08, %" — 20 ) + 207 (042 — B (105112 | Fia])

vt o]+ 207 it | i)
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Proof of Lemma 5.9.2. We have

f ) = f (%) = f(yen) = f (x) + f () = f(x7)

smoothness convexity

L
<AV (xt)  Yrr1 — x1) + > Iy — x|

+ar (Vf(xe),xe—x7) + (T —ar) (f (xe) — f(x7))
= (1 —a) (Vf(xt),yr — xi) +ar (Vf(xt), 241 — x7)

convexity

5 o2l () (7 ) — £ ()

< (V—a) (f (ye) = f(x)) + (L =) (f (xe) = f (x ))
~|—zxt(9t,x —Zt+1 +1Xt< f zt+1—x>+
< (U—a) (f (ye) = f(x7) +

+ oy <Vf xt yZ2t41 — X > + 7t HZt+1 — ZtH

|ze1 — 2t

Ky <9t, —Z41)

By the optimality condition, we have

<17t§f(xt) + VXDIP (Zt+1,2t) ,x* — Zt+1> Z 0

and thus _
<17tVf(xt),zt+1 - X*> < (ViDy (z141,2),¥* — 2411 -

Note that

(ViDy (ze41,21) , X" = zi1) = (VY (2041) — VP (21), X7 — z21)
= Dy (x*,2t) — Dy (z¢41,2t) — Dy (", z441) -

Thus
Nt <€f(xt);zt+l — X*> <Dy (x%,zt) — Dy (x%, z141) — Dy (2441, 24)

1
< Dy (x7,zt) = Dy (x7, z041) = 5 |21 = z||?

where we have used that Dy (z¢11,2¢) > 3 ||zi1 — 2 ||* by the strong convexity of .
We have

fyee) = F(x7) < (T —ae) (f (ye) — f (x7)) + e (O, X" — 2z441)

& \ o . Laf  a 2
YDy (2%, z) — 2Dy (x*, R S
+,7t ¢ (X7, z¢) " p (x Zt+1)+< 2 o 1ze11 — zt]|
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Dividing both sides by % and using the condition Ly < %, we have

T (F (yes1) = F(x%) + Dy (x%, 2011) — Dy (x°, 1)

n
I8 () F () + {6 0" — )

Xt
1-L
+ 17 (01, 2 — Z141) _% Hzt-i-l_ZtHZ
1—uo . N
I8 () — £ (5°)) 1 60, — 2
[
2(1—L77tzxt)
1—a * u *
<=8 (£ () £ () o 0+ 65— 2)
t
2
+ 207 |03 + 207 | 0f
as needed. 0

Similarly to the previous section, we define the following variables
_ Nt * nt (1 - D‘t) ”
Ze =z ™ (F () = £ () = MU0 (£ () = £ ()

+ Dy (X%, 2441) — Dy (X7, 2¢)
e (o ) — ot |8 — 207 [t 2 | o] )

3
~ (g + 240023 ) B [lo01? | 7]
t

1
217iA maxi<t /2Dy (x*, x;) + 16Q17t2/\%

where z; =

for a constant Q > 1. We also let S; = Y_!_; Z;. Following the same analysis as in
previous sections, we can obtain Lemma 5.9.3 and Proposition 5.9.4, for which we
will omit the proofs here. The only step we need to pay attention to when showing
Lemma 5.9.3 is when we bound the sum

k ZiNy Zine (L — o
Y2 (f () — f (7)) — 2=

= &t oy

(f (ye) = f(x7)).

_ 1—a . . .
If we assume =1 > %tt), since z; is a decreasing sequence and &1 = 0, we can

a-p =
lower bound the above sum by the last term % (f (k1) — f (x*)), which gives us

the desired inequality.
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Lemma 5.9.3. Assume that for all t > 1, 1 satisfies 1=+ > M Forany 6 > 0, let
E(0) be the event that forall1 <k < T

Zi Nk

ap (f Wks1) — £ (x)) + 2Dy (x*, xp41)

1k k 2
<z1Dy (x*,x1) + logg + Zztm <x* — xt,9f> +2 Zthf HG?H
t=1 t=1 *
£ 2 4 3 2 4,2 w2
+ ((2et + gy + 2280 B[l Fia] )
t=1
Then Pr[E(6)] > 1—6.

Finally, we state a general condition for the choice of #; and A;, which follows
exactly the same as in Proposition 5.4.5. The proof for Theorem 5.9.1 is a direct
consequence of this.

Proposition 5.9.4. We assume that the event E(J) from Lemma 5.9.3 happens. Suppose
that for some £ < T, there are constants C1 and Cy such that for all t < ¢

2p p
Lam=Cy 250 (+) < 3 (1) <o (1) 4 Iviml. <4
Then forallt < £+1

(Ry + 8AGC; )

N\»—\

T (F (yeen) = F(x%) + Dy (5, 2011) <

It
e

for A > max {log% +260PC,y + %;1} .

Proof of Theorem 5.9.1. 1. Note that 17; < m < 2thxt and

ma_ P
a; 1 8cy2L
m(—a) _ (t+1)(E-1)
oy 8cy2L

thus =1 > ’Ml “t) . We have that with probability at least 1 — 6, event E(J) happens.
Cond1t1on1ng on this event, in 5.4.5 We choose

v

=2y T 260’ 7 26T0r

A =37.

We can verify the conditions of Proposition 5.9.4 similarly as in previous section for
these choices of Cq, Cy, and Cs.
We will show by induction that forall t > 1, ||V f(x;)||, < 4 and

max {[|xe — 27, lye = 27|, |z = 2%} < 2R

For t = 1, notice that x; = y; = z;. Thus, we have

IV £G)ll. = IV Fxr) = VA, < LR < 5
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Now assume that the claim holds for 1 <t < k. By Proposition 5.9.4, we know that

21k . 2
o () = f () + [ = x| < 4R}
Furthermore

[Yrr = 7 < (1= o) [y = 27 4 |20 = 27} < 2Ry
k1 = 7] < (0= o) [[ya — X7+ ax [[ze00 = 27 < 2Ry

For k > 1 we have a1 = k%z <1 &7:1“ = % < ﬁ < 2a441 and oy < %0{t+].
Hence,

IVF i)l < IV F (i) = VE@ra)L + 1V F@iin) — VA,
< Lllxest — il + /2L (F i) — £ (%))

Lo || k1 — 2k || 2R, Luy

S —
1—apqq 214
Xk+1 3
<A4LRi————— 4+ 24/ =cyYR4L
< 11_“k+1+ \/20’7 1Lay

3
< 8yLRiap1 + 34 EC'YLRl“t—i-l

3
< (8+3y EC)Rl’YL“tH

3
16(8 +32,/2C)At+1 . /\t2+1
C

as needed. Therefore, we have

Z*; (f (yr41) — f (x7)) + Dy (x*, x741) < 2R%

which gives

.. _ 2R%a
flyra) = f () < == = 6Rfer Lot

-1
= 6:max {1O4L72R%(T +1)736R, (T+1)"" (26T)7 7”;70} .

2. Following the similar steps to the proof of Theorem 5.9.1, and noticing that
(c¢) is a increasing sequence, we obtain the convergence rate. [
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Chapter 6

Introduction

6.1 Introduction

Adaptive optimizers like Adam (Kingma and Ba, 2014), AdaGrad (Duchi et al,,
2011), and RMSProp (Tieleman, Hinton, et al., 2012) are widely used for training
large-scale deep neural networks but require significant memory for storing momen-
tum and adaptive step size states, often doubling the model’s memory footprint. As
the size of deep neural networks continues to grow, especially with large-language
models (LLMs), reducing the memory consumption of optimizer states has become
crucial. Recent approaches, including quantization (Li et al., 2024a; Dettmers et al.,
2021; Dettmers et al., 2024), low-rank decomposition (Hu et al., 2021; Lialin et al.,
2023; Zhao et al., 2024; Shazeer and Stern, 2018), and sketching-based dimensionality
reduction (Muhamed et al., 2024; Hao et al., 2024), aim to address this issue. How-
ever, these methods often lack theoretical guarantees, compromise performance, or
require extensive tuning, especially in pretraining tasks. Our work addresses these
challenges by developing methods that attempt to reduce the theory-practice gap
and advance the cost-performance trade-off of algorithms for training DNNS.

6.1.1 The Anatomy of Common Optimizers

We provide a generic template for adaptive optimizers in Algorithm 9, which cap-
tures a broad range of first-order optimizers that leverage either momentum or adap-
tive step sizes. As detailed in Table 6.1, many standard optimizers can be repre-
sented within this framework by varying the choices of momentum and adaptive
step-size terms.

Algorithm 9 Generic Template for Stochastic Adaptive Optimizers with Momentum

Require: Initial point x; € R, base step size 7 > 0, and constant € > 0.
1: fort =1to T do R
2: Obtain stochastic gradient V f (x;)

3: m; = update_momentum (? f(xe); mt_1> > Update momentum

4: v? = update_adaptive_stepsize (@ f(xe); Uil) > Update adaptive step size.

5 Xpp1 =X — 1 > Update step. Division is element-wise.

6: end for
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TABLE 6.1: Update rules for common optimizers in the framework of
Algorithm 9. We omit bias correction terms and numerical stabilizer
€ for simplicity. Memory for optimizer state is shown for model of

size d.
Optimizer Memory  update_adaptive_stepsize update_momentum
Adam 2d Bov} y + (1= Ba) - VF(xt)*  Prma+ (1—P1)VF(xi)
SGDm d N/A Bm;_q —|—A(1 —B)Vf(xt)
AdaGrad d 02 |+ Vf(xt)? V£(xi)

~ 2 ~

AdaGrad-Norm 2+ H Vf(xt) H Vf(xt)
RMSProp d \/ﬁlvffl +(1=PB1) - VF(x)? VF(x)
SGD N/A VF(x)

6.2 Contributions and Overview

We aim to reduce memory consumption while maintaining strong performance and
theoretical guarantees. To this end, we introduce two memory-efficient optimiza-
tion algorithms for large-scale DNN training: Subset-Norm (SN) for adaptive step-
size memory reduction (Chapter 7) and Subspace-Momentum (SM) for momentum
compression (Chapter 8). We first present the algorithms, motivations, and theoreti-
cal analysis, then we present our extensive experimental results for both algorithms
in Chapter 9. While existing approaches trade performance for memory savings,
our theoretically-grounded methods achieve both a reduced memory footprint and
faster training:

* Subset-Norm (SN): A memory-efficient adaptive step-size algorithm with high-
probability convergence guarantees for non-convex objectives under coordinate-
wise sub-gaussian noise. By unifying AdaGrad-Coordinate’s and AdaGrad-Norm’s
analysis, we show that the SN adaptive step size (Algorithm 10) achieves im-
proved dimensional dependence, while reducing the memory footprint from O(d)
to roughly O(+/d). On LLaMA models’ pretraining tasks, SN step sizes achieves
better perplexity than coordinate-wise step size across a range of optimizers and
model sizes, while using significantly less memory and introducing minimal ad-
ditional hyperparameters.!

¢ Subspace-Momentum (SM): A momentum compression method that applies mo-
mentum in a chosen subspace and SGD in the orthogonal complement with high-
probability convergence guarantees under sub-gaussian noise for non-convex smooth
objectives. When combined with SN, our method (SNSM) reduces the memory
footprint of Adam and AdaGrad+m from 2d to k + /d (see Table 9.2) while deliv-
ers improved training speed and performance.

Empirical evaluations on LLaMA models from 60M to 1B parameters demonstrate

that our algorithms scale effectively and attain better performances than existing

optimizers.

1Al’chough the subset size can be tuned (Section 9.4.1), we provide a heuristic in Section 7.5 that
works effectively across model sizes, eliminating the need for additional tuning.
2Typically, k is chosen to be around d /4.
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6.3 Related Works

As model sizes grow, memory-efficient training techniques have become crucial.
Following up on AdaFactor (Shazeer and Stern, 2018), low-rank methods like Ga-
lore (Zhao et al., 2024), LoRA (Hao et al., 2024), and ReLORA (Lialin et al., 2023)
reduce memory usage by approximating large weight matrices with low-rank rep-
resentations. Projection-based approaches, such as GRASS (Muhamed et al., 2024)
and FLORA (Hao et al., 2024), compress gradients or combine low-rank ideas with
projections to reduce memory requirements. Recently, AdaMeM (Vyas et al., 2024a)
proposes to incorporate the orthogonal subspace to the AdaFactor optimizer; this
is related to but different from our simpler SM algorithms, where we use subspace
decompositions to decouple the momentum and SGD. BAdam (Luo et al., 2024), a
block coordinate descent method that utilizes Adam as an inner solver, has been
proposed for fine-tuning large language models. Very recently, Adam-mini (Zhang
et al., 2024) also uses shared step sizes as Subset-Norm; however, the partition strat-
egy is quite different and mostly empirical. In contrast to our proposed methods,
these methods are largely heuristic-driven and often lack convergence guarantees
under standard assumptions. On the other hand, methods like SM3 (Anil et al.,
2019), which uses subset (cover) statistics to show convergence in online learning,
and MicroAdam (Modoranu et al., 2024), which provides convergence guarantees
for a gradient compression scheme with error correction, offer theoretical guaran-
tees.

Additional approaches to reducing memory during training include optimizer
quantization (Li et al., 2024a; Dettmers et al., 2021; Dettmers et al., 2024), attention
computation compression/optimization (Wu et al., 2022; Dao et al., 2022; Dao, 2023;
Shah et al., 2024), activation checkpointing (Chen et al., 2016), and distributed train-
ing (Rajbhandari et al., 2020). For inference, compression techniques are also actively
being explored (Sakr and Khailany, 2024; Dettmers et al., 2022; Xiao et al., 2024; Lin
et al., 2024; Frantar et al., 2023). These are orthogonal directions to our work and can
be combined.

Another orthogonal direction is approximated second-order optimization, where
one aims to approximate the Hessian preconditioner using only first-order informa-
tion in order to achieve faster convergence. Some works in this area include (Gupta
etal., 2018; Liu et al., 2023a; Vyas et al., 2024b). These methods typically demonstrate
faster training but at the cost of super-linear memory and additional computational
overhead.

Convergence analysis of non-convex optimization methods has seen significant
progress, with recent works providing convergence proofs for adaptive algorithms
like Adam (Li et al., 2024b; Défossez et al., 2022). Numerous studies have explored
convergence properties of various adaptive and stochastic gradient methods (Chen
et al., 2018; Défossez et al., 2022; Ene and Nguyen, 2021; Liu et al., 2023¢; Liu et
al., 2023b; Ward et al., 2019; Zou et al., 2019; Reddi et al., 2018; Nesterov, 1983),
while lower bound analyses (Arjevani et al., 2023) have highlighted fundamental
limits in non-convex optimization. Here, obtaining convergence results for EMA
updates (Adam style) for subset-norm and under further relaxed assumptions like
affine smoothness (Wang et al., 2023; Attia and Koren, 2023), affine noise (Hong and
Lin, 2024; Faw et al., 2022), heavy-tailed noise (Zhang et al., 2019; Zhang et al., 2020;
Nguyen et al., 2023a; Nguyen et al., 2023b) are of great interest.
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Chapter 7

Subset-Norm

7.1 Introduction

Insights from high-probability convergence analysis of AdaGrad and AdaGrad-Norm
reveal the importance of interactions between gradient noise and the adaptive step-
size state. Specifically, parameter grouping in AdaGrad-Norm demonstrates a better
dependency on the noise parameter when the gradient noise is dense. Building on
this idea, we propose Subset-Norm, which introduces flexible parameter-grouping
schemes for adaptive learning rates. Instead of using a single scalar learning rate
for all coordinates (memory O(1)) as in AdaGrad-Norm, or separate learning rates
for each coordinate (memory O(d)) as in AdaGrad-Coordinate, Subset-Norm uses
separate adaptive learning rates for different parameters groups or subsets (memory
O(d/k) where k = #subsets). Our existing flexible analysis scheme for AdaGrad and
AdaGrad-Norm generalizes to obtain a high-probability convergence guarantee for
Subset-Norm adaptive step size for any partition. Our analysis shows that under
a vast range of coordinate noise density, simple but general partitioning schemes
(memory O(v/d)) can yield improved dimensional dependence of the convergence rate
for Subset-Norm over AdaGrad-Norm and AdaGrad-Coordinate. This is important
as models continue to increase in size.

7.2 Subset-Norm Adaptive Step Size

Coordinate Subset-Norm (ours) Norm
Gradient State Gradient State Gradient State
[ g1 ] fovitgi [ g1 ] [ X | [ o '\
go va + g3 92 — v+ lgusll® go
g3 vs + g3 93 93
9 vs + g 9a N 9a ,
95 Vs + q{ B 95 — v2 + llgasl® c RY/K Js v+l
96 v + g €R 96 96 €eR
9d—2 Vd-2 + !1?;72 Jd—2 ‘ 9d—2
gd—1 Va1t 91 9 Va3 T 19d—2:d gd—1
L 9d 7 bt Va+ .(/,21 i L d i | 9d | _j

FIGURE 7.1: AdaGrad variants: Coordinate, Subset-Norm, and
Norm. Subset-Norm generalizes Coordinate (k = 1) and Norm

(k = d).

We compress the second moment adaptive step size by partitioning parameters
into subsets for which they share the same adaptive step size as AdaGrad-Norm
(McMahan and Streeter, 2010; Ward et al., 2019). Formally, we need to specify a par-
tition function ¢ : [d] — [c] that partitions the d coordinates into ¢ non-empty subsets
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Algorithm 10 SGD with Subset-Norm Adaptive Step Size

Require: Initial point x; € RY, base step size 7 > 0, function ¢ : [d] — [c] that
partitions the coordinates into c subsets ¥; = ¢~1(i) C [d], where [[¢_; ¥; = [d],
and bg; > 0 fori € [c].

1: fort =1to T do
2:  Obtain stochastic gradient V f (x;)

2
3 by =bg i+ HVY f x¢)|| , fori € [c] > Update accumulated gradient norms
4 Xpp1g = Xpg — f Vif(x:), fork € [d] > Update coordinates
5: end for

Y, = ¢71(i) C [d], where [I{_; ¥; = [d]. For example, one can pick ¢(j) = (j/c)
mod k to get consecutive equipartitioned subsets ¥; = {ik,ik+1,...,ik+ (k—1)}
for some subset-size k € N so that kc = d.!

Given a stochastic gradient Vf(x;) € R? at time t for parameter x;, we denote
Vy.f(xt) € RF to be the subset of the coordinates of the stochastic gradient with
respect to the subset ¥;. For example, given ¢(j) = (j/c) mod k as above, we have
(@Tif(xt)) = @ikﬂ-,lf(xt). Similarly, we can define V. f(x;) € RI¥il to be %.

] i
We define the subset-norm adaptive step size b, ; for subset ¥; and the update rule for
Xt+1:

~ 2 TN 2
= b 11+Hwif(xt)H =b3+§HW,f(xt)) L i=01,...,c—1

Xp11j = Xpj— ]f(xt) forj=0,1,...,d—1. (7.1)

bt ()
Note that choosing ¢ = d and ¢ = 1 recovers AdaGrad-Coordinate and AdaGrad-
Norm, respectively.

7.3 High Probability Convergence of Subset-Norm

We have the following high probability convergence result for the subset-norm adap-
tive step size:

Theorem 7.3.1. Suppose that f : R? — R is L-smooth and lower bounded by f.. Given un-
biased stochastic gradients ¥ f (x;) with stochastic gradient noise & := V f(x;) — Vf(x;)
that is o;-per-coordinate subgaussian for i € [d]. For partitions of the parameters into dis-
joint subsets [d] = U_y ¥; with ¥;N'¥; = @, for i # j, the iterates x; given by Algorithm
10 satisfies the following inequality with probability at least 1 — O(cd) (for failure probabil-
ity § > 0)

VT T

c—1
G(6):=0 (Z o, |* 4 Omax || ||3 + cL + c3/zamax> )

i=0

T c—1 ' 2 c—1 _ L
%Z VA2 < G). O(zlo lowill  llell3 + X5 lowll + C),whm

IWe use this strategy in all our implementations for simplicity.
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Polylog terms are hidden in Theorem 7.3.1 for simplicity. The full result, Theorem
7.6.1, and proofs are presented in Section 7.6. Theorem 7.3.1 provides guarantee
for all partitions of the parameters into arbitrary disjoint subsets and generalizes
AdaGrad-Norm (¢ = 1) and AdaGrad-Coordinate (c = d) results. The result is noise-
adapted: if Y ||ow,|| is small enough, the rate becomes the optimal deterministic
rate of O(%) The next section explores implications of Theorem 7.3.1.

7.4 Coordinate-Noise Density and Dimensional Dependency

Theorem 7.3.1 presents trade-offs between the number of subsets ¢, and stochastic
gradient noise. Intuitively, if few coordinates contribute to the total noise, the scalar

version is more useful as ||oy,||* is small for most subsets. However, when many

coordinates contribute to the noise, ||y, ||? can be large for many subsets and become
the dominating term.

7.4.1 Coordinate-Noise Density

To make the intuition above concrete, consider a scenario with various coordinate-
noise density rate: fix a rate p € [0, 1], some dP coordinates have noise « > 0 while
the rest are 0. The rate B controls the density of coordinate noise. When 8 = 0, only
1 coordinate have noise. When = 1, all coordinates have noise. To get a feel for
B’s relationship to the fraction of coordinates containing noise, half the coordinates
contain noise when B ~ 0.96 when d = 60M and B ~ 0.97 when d = 10B and § ~
0.98 when d = 10'° (see also Figure 7.3). Furthermore, « upper bounds all coordinate
noise, i.e. ||0||c < &, which is common in coordinate-wise analysis (Défossez et al.,
2022).

7.4.2 Coordinate Noise Density’s Convergence Rate’s Derivation

Given B € [0,1], we can obtain a concrete expression for the convergence rates of
various methods (different subset sizes) from Theorem 7.3.1. For SGD with Subset-
Norm, we consider an equal partition strategy, where we divide the coordinates into
¢ = d'~Pk subsets of size d? /k each with the df noisy coordinates into just k subsets
so that the rest of the ¢ — k subsets have no noisy coordinate. We defer the derivation
details to Section 7.4.6 and summarize the results in the first row of Table 7.1.

7.4.3 Discussions

In Table 7.1, the equal subset-size partition strategy for Subset-Norm has better de-
pendency on the dimension d when the noise is not completely sparse i.e. p = 0.
Hence, if we expect the actual noise density B to be around? 0.75 to 0.90, then com-
pressing with a subset size of around d%%° to 4% is optimal. The dependency on d is
important for modern neural network, since the number of parameters d is typically
much greater than the total number of iterations T.

2Figure 7.2 shows that overall noise is quite sparse but varies more when limited to a particular
layer as in Figure 7.3. See Section 9.4.1 for more details.
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TABLE 7.1: Algorithms comparison between dimensional dependen-
cies and convergence rates under different coordinate-noise density
settings. Given a density rate 8, convergence rates’ dimensional de-
pendency are highlighted in red and green to denote the worst and
best dependency on the dimension. Note that memory usage of
AdaGrad-Coordinate is O(d) while SGD with Subset-Norm (with the
partition strategy presented here) is O(d/k), where k = d'4f=06 jg
chosen as an optimal noise dependent subset size.

Density rate  AdaGrad-Coordinate ~AdaGrad-Norm Subset-Norm (equipartition subsets)

Be [0, 1} o) (d1,5+ﬁ/ﬁ+ d2-5/T) o) <d2,5ﬂ/ﬁ+ d3ﬁ/T) O (d03+1 /T + dﬁH/T) if B e [0 2/3}

O (d03+18ﬁ/\/>+ d16ﬁ+06/T) 1f’3 c [2/3 ]
B=0 O (77T + #/T) O (I/VT+1/T) O( /T + 4/T)
B=05 O (/v + /1) O (3/VT+4°/1) O (4*/VT +4"/T)
‘3209 (d24/f+d25/T) Q(dZZS/ﬁ_i_dZJ/T) ([{\ /\/*_'_‘{ M/T)
=1 O (°/VT 4+ /1) O (/YT +4/1) O (! /VT+7/T)
Coordinate-Noise Distribution for All Layers of LLaMA 60M
8 - - -
10 Density Statistics:
107 ] Total Elements: 58,073,600
Near Zero Elements (<1.0e-10): 58,060,643
6 ] Non-zero Elements: 12,957
10% 5 Non-zero Fraction: 0.02%
g1
0 ]
S 10"y
£ 10° 5
(@] 3
O 3
10% =
10* %
0]
10"+ Iuﬁllllllll 1 -
0.0 0.5 1.0 15 2.0 2.5 3.0 35
Noise Values le-5

FIGURE 7.2: Aggregated noise distribution across all parameters after
100 steps of training.

7.4.4 Coordinate-Noise Density Experiments

To validate the coordinate-noise density model, we sample stochastic gradients re-
peatedly (via different mini batches) to obtain a sample variance estimate for the true
sub-gaussian parameter ¢; for each coordinate: if g1,...,9, € RY are independent
stochastic gradient samples we can calculate the sample variance S? as an estima-
tor for 02 as S = Loy (g1 — 3)?*, where § = LY | ¢iis the sample mean. We
pick n = 200 samples (with batch size equals 128) for estimating coordinate-noise on
LLaMA 60M across various steps during the training process. Figure 7.2 shows the
aggregated noise distribution across all parameters for LLaMA 60M after 100 train-
ing steps. There, the noise is quite low for the vast majority of coordinates except
for some outliers. While the noise seems sparse in aggragate, a more fine-grained
analysis, presented in Figure 7.3, shows that noises are dense per parameter, except
for the Q and K attention projections in the deeper layers. Figures 7.4 to 7.9 in Sec-
tion 7.4.5 present more noise density rates across various parameters throughout
different points of the training progress.
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FIGURE 7.3: Noise density per parameter across layers for LLaMA
60M after 100 steps of training.
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FIGURE 7.4: Noise density for different parameters of LLaMA 60M at
Step 0.

7.4.5 Empirical Validation

Figure 7.4 to 7.8 show the normalized noise density ratio for different parameters

of LLaMA 60M as described in Section 7.4. The noise patterns show a clear layer-

dependent structure, where early layers (like layer 0) maintain consistently high

density (close to 1.0) throughout training, while deeper layers start very sparse and

gradually become denser as training progresses. Notably, the embedding layer shows
an opposite trend, starting relatively dense and becoming increasingly sparse by

step 5000, suggesting different dynamics for embedding updates compared to atten-

tion layers. The middle layers show an interesting transition pattern, starting sparse

but rapidly becoming dense after about 1000 steps, indicating a potential critical

phase in training where these layers become more actively involved in learning.

7.4.6 Convergence Rate Derivation

We derive the dimensional dependency of convergence rates for different AdaGrad
variants below.
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FIGURE 7.5: Noise density for different parameters of LLaMA 60M at
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(Step 100) Gradient Noise Density 4 (Num Non-zero= d”) for LLaMA 60M

| ~@- Q proj (d=2.1M

( )
1.0~ "*.—4'—4.—*'; . ' ~@— K proj (d=2.1M)
2 | ( )

<
I '
g LM head: 0.962 ~@- V proj (d=2.1M
& 08+ Layer 4 =@~ 0 proj (d=2.1M)
ZS O proj (d=2.1M): 1.000 ~M- Gate proj (d=5.6M)
£ 06- \é proj (df%al"g)é,a;mg o84 ~#- Up proj (d=5.6M)
S own proj (d=>5: - 0. o
= Gate proj (d=5.6M): 0.951 —@ = Down proj (d=5.6M)
o047 Up proj (d=5.6M): 0.948 @ Embed (d=16.4M)
4 Q proj (d=2.1M): 0.608 @ LM Head (d=16.4M)
3o02- K proj (d=2.1M): 0.577
8
2 00-

1 1 1 1 1 1 1

0 1 2 3 4 5 6 7

Layer Index

FIGURE 7.6: Noise density for different parameters of LLaMA 60M at
Step 100.

(Step 1000) Gradient Noise Density 3 (Num Non-zero= d”) for LLaMA 60M
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FIGURE 7.7: Noise density for different parameters of LLaMA 60M at
Step 1000.

(Step 5000) Gradient Noise Density 3 (Num Non-zero= d”) for LLaMA 60M
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2 Gate proj (d=5.6M): 1.000 B~ Down proj (d=5.6M)
0.4+ Up proj (d=5.6M): 1.000 @ Embed (4-164M)
£ K proj (d=2.1M): 0.997 @ LM Head (d=16.4M)
Eoa- Q proj (d=2.1M): 0.995
k]
2 00-
1 1 1 1 1 1 1
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Layer Index

FIGURE 7.8: Noise density for different parameters of LLaMA 60M at
Step 5000.
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(Step 9999) Gradient Noise Density 3 (Num Non-zero= d”) for LLaMA 60M

~ Q proj (d=2.1M)
= 10- K —2.1M
S L Py proi (¢ )
o M head: 0.968 ~@- V proj (d=2.1M)
¥ 0s- Layer 4 0 proj (d=2.1M)
s V proj (d=2.1M): 1.000 Gate proj (d=5.6M)
£ 0.6- O proj (d%Z.IM): 1.000 Up proj (d=5.6M)
E .— Down proj (d=5.6M): 1.000 Down proj (d=5.6M)
< Gate proj (d=5.6M): 1.000 proj (@=
204 Up proj (d=5.6M): 1.000 Embed (d=16.4M)
G K proj (d=2.1M): 0.997 @ M Head (d=16.4M)
So2- Q proj (d=2.1M): 0.996
&
2 00-

| | | | | | |

0 1 2 3 4 5 6
Layer Index

FIGURE 7.9: Noise density for different parameters of LLaMA 60M at

Step 9999.
AdaGrad-Coordinate.  For ¢ = d (AdaGrad-Coordinate), we get Y5 ||ov,|| =
adP, ||o||3 = «2dF, and Yoo oy |I* = a*dP, so the bound from Theorem 7.3.1 be-
comes
b a?dP +adf + Ld
1 436 1 3P 15 ad® |«
ZHVth ( 4P + o3dP +dL +d ) o<ﬁ+ T )

The dependency on d for the slow term O(1/+/T) is d'°df = d'>*F. The dependency
on d for the fast term O(1/T) is d'°d = d?>°. Note that there is an inherent d'°
dependency for the slow term that does not reduce as the coordinate-noise density
decrease.

AdaGrad-Norm For ¢ = 1 (AdaGrad-Norm), we get ||c|l3 = Y%, ||oi]|> = a2dP,

|o|l, = adf’?, and |o||* = a*d?f. This means that our bound from Theorem 7.3.1
becomes
~ B/2 n2dP 4 adP/2 4 I
1 32 4+ 43P oM e
ZHVth ( A%+ 43d —I—L+oc) O(ﬁ+ - )

The dependency on d for the slow term O(1/+/T) is d?f - d#/? = d>°F. The depen-
dency on d for the fast term O(1/T) is d?f - df = d%. Note that when g = 0, or
when all the noise is on a single coordinate, we recover the dimension-free results of
previous works.

AdaGrad-Subset-Norm. Now, consider the following partition strategy, where we
divide the coordinates into ¢ = d'~Fk subsets of size d?/k each with the df noisy
coordinates into just k subsets so that the rest of the ¢ — k subsets do not contain any
noisy coordinate. This is a reasonable choice due to the empirical validation from
Section 7.4.5: The noisy parameters seem to cluster in groups corresponding to the
architecture.

With this strategy, we have HO’\}!J, Hi =a2df/k = HO’\}fj H2 = adP/? /K05 if jis a

noisy subset. We can compute Y5 [|ov,|| = adf/2k%5, o3 = A HUqfl.Hi = a?dP,
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and Y5 ||ov, |* = a*d? /k. From Theorem 7.3.1, we get a bound of

1 & 2<6 3/2
- Y IVf(x)| <O <a4d2ﬁ /k+a3dP +d PKL + (dl—ﬁk) rx) :
t=1

L (adP/2K05 o2dP + adP/2K05 4 Ld Pk
o ¥ ).
VT T

32 — 42 /k = d®/5+3/5_Then we can simplify

Set k = d’P/5-3/5 g that (dlfﬁk)

T
%Z IV £ < O< 4d3(ﬁ“)/5+a3d5+d2(5+1)/5L+d3(5+1)/5zx) .

VT T

The dependency on d for the slow term O(1/+/T) is d*(F+1)/5. g(126-3)/10 — g3(1+68)/10 —
d*3+186 The dependency on d for the fast term O(1/T) is a bit more complicated:
For B € [0,2], we have the dependency on d is d3(F+1)/5 . g2(F+1)/5 — gh+1_ For
B € [2,1], we have the dependency on d is d>B+1)/5 . @b = gBF+D/5+F = g1.6p+06,
Note that this is only a possible partition strategy where the subset sizes are of equal
size (which is probably the most natural and easiest to implement). There, the opti-
mal subset size is k = d'*f =06, for which if we plug in B € [0, 1] we get a range from

1 to d98.

_ ({xd(lzﬁ—s)/lo “2dﬁ+“d(12ﬁ—3)/10+Ld2(ﬁ+1)/5)
+ .

7.5 Implementation

We provide pseudocode for a general version of Algorithm 10 in Section 9.6.4. Dif-
ferent choices of subset sizes are explored in Section 9.4.1. Furthermore, in contrast
to methods like AdaFactor or GaLore that are limited to 2D parameters, subset-norm
is a coordinate-wise algorithm and admits an easy implementation to FSDP, where
parameters are flattened to 1D tensors for efficient communication.

Subset-size heuristics to avoid additional hyperparameters. In our experiments,
to avoid additional hyperparameters, we implement a simple partitioning scheme:
for p € R™*", the adaptive step size state is set to max(m, n), where the subsets are
either the rows or the columns. This is a natural grouping scheme that maintains
the norm of the larger dimension and aims for the rough d%*° subset size discussed
in Section 7.4. Another simplification is that subset-norm is applied only on lin-
ear modules, since 2D linear modules makes up the vast majority of parameters in
transformers. This means we compress all the attention, MLP, and final LM head
weights. This implementation is presented in more details in Section 9.6.3. Section
9.4.1 shows that this heuristic grouping is not optimal and can further be improved
by tuning the subset size. However, a method with minimal additional tuning is
preferred to avoid overfitting, so experiments in Section 9 use this heuristic unless
stated otherwise.
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7.6 Full Theorem and Proof

We show the full result in Theorem 7.6.1 with all the polylog terms omitted from
Theorem 7.3.1.

Theorem 7.6.1. Suppose that f : R? — R is L-smooth and lower bounded d by f.. Given un-
biased stochastic gradients \Y% f (x¢) with stochastic gradient noise &; := \Y f(xe) — Vf(x)
being o;-per-coordinate subgaussian for i € [d|. For partitions of the parameters into disjoint
subsets [d] = Us_y ¥; with ¥; N'Y; = @, if i # j, the iterates x; given by (7.1) satisfies the
following inequality with probability at least 1 — 6¢6 (for failure probability § > 0):

T 4 ?,1 ‘
% Z |Vt\|2 < G(6) - ( Lizo low| + 1(5)> , where G(8) and 1(5) are polylog terms:

VT T
A 1 ANTY D log, || +1(6
G(o) =5+ H(E) + (mm|\a||§+an+4c3/ZamX\/1og5) 1og< VT Zizo low | + I >>
0,min
2A g5 1 anL
1(6) .= — log — . Lcl
(6) :=llboll, + v - bom o oll; + 085 ;0 lo, || + 817Lc log -
o 2 8”‘7‘1’,”2108% 2 2, 1
H(6) := Z (ln(T/é) l|low, || —|—21x) e +2log (1 + [low,[|° T + ||ov,||” log 5> )
i=0 0,i
where Hd‘z Z H‘T‘P H = ZJG‘P, i Omax = MaXje[g) 0y, M o= f(x1) = fo

bO,min = mmle[d] bO,z > 0

7.6.1 Proof of Theorem 7.6.1

For simplicity, in our analysis, we will use Vf;; := Vif(x;) and V,; := V;if(x)
to denote the i-th coordinate of the stochastic gradients and gradients at iterate ¢,
respectively. The proof utilizes techniques and follows the strategies (Liu et al.,
2023c), where the main effort is to adapt the techniques for handling subsets from
the AdaGrad-Norm and AdaGrad-Coordinate proofs in (Liu et al., 2023c).

Proof. We write f * to denote (Vf ')k = % for k € ¥; (we will use this notation

briefly to show some steps and will not be crucial in the main analysis). We start
with the smoothness of f and A; := f(x;) — fs.
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A1 — D (7.2)

L
<V f(xt), xe01 — x) + 5 s — )2

_ 2
- _ Vfi\  nL||Vfi
= 17<th b >+ > |2, (7.3)
Vi, Vf 77 — Vft
SRR TZ Y
i= O]E‘Y ti = ] €Y;
v +V 2 Vf? _
= Z ). 2l (ét] t]) 177 Z ) zt] (Gti =V fii— Vi)
i=0jeY; i=0jeY¥; t
ViiCj  n’LC Vf?
SRUPPIRT RSP TSR spap
i= 0]6‘1’ t,z i= O]e‘}’ /l eY; t
VGt § 1 1
S IR S o R zz( - o) Vit
i=0 jeY¥; by, i=0 j€¥; Ay i=0 jEY ai £i
2 c V
+*LZZ f”- (7.4)
i=0jeY;

Now, we analyze L _ 1 fori=0,1,...,c—1:
at,z bt,z

1 1 bt,i — at,i
ag i bt,i a, ibti

B b2 —atl '

az ;b ; (bt,l +a;;)

. 2
01+ | Ve f G| = 2y = [V f )
ay,ibyi (byi + ag;)

|9 e f ||~ 190G P
apibyi (bri+ag;)

(|90 | = 19 ws ) (9 s ]|+ IVeseon) |
aibyi (bei + a;)
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Since by; = \/btz—l,z’ + Hﬁfwif(xt)Hz > Hﬁf‘l’if(xt)H and a;; = \/btz—l,i + |V, f(x)||* >
| V. f(x¢)]|, we have

1 ([Rse]| = 19l ([ fen]| + IvssGol)
ai bl by (|[V e f ) | + 9SG
| fef ] = 19w £l
<
- ﬂt,ibt,i
H@fw,-f(xt) - V‘Y,-f(xt>H
o ay,iby,
_ Ll
at,ibt,i
Hence, we have
R Y]
ap;  bei| T apiby

Then from 7.4, taking the absolute value of )/, ZJGT ( i hr) V1,itj, we can
bound:

App1 — Ay
& n2L L V12
—nZZb DIP IR ) o R (NN D wRet
i=0 je¥; “ti i=0jeY; i i=0 jeY; i=0 jeY;
c—1 "ér C ZLC f
SR IP IR SR r L I0ml 3 o)+ BEE E
i=0 jey; "t i=0je¥; ti i=0 1 Li jey, i=0jeY;
(1) c—1 vZ Cri c—1 ‘ 2Lc f
Swzzb Zzgﬂmxﬁﬂwmmm+zsz
1:0]€‘Yi ti i=0jeY¥; ti i=0 “tivti i=0je¥; t,i
VG
wzzb ZE;”
i=0jeY¥; i=0je¥; ti
7 _
1E, 1> WM)ZH Vi
+ 2 -+ + ,
1y ”’”( w2, e )t R R

where (1) is due to Yiey, | ViCrj| = (IViw|, w]) < IVew,|l I8w,]l and |-| denotes
coordinate-wise absolute value when we apply to vectors. The last inequality is due
to 2ab < a? + b%. Now, we can sum both sides fort = 1,..., T to telescope the LHS:

Z Z vt]ét]

T
AT+1—A1§Z< 1722 bt
=1 i

i=0 jeY¥; iz0jey; i
= lewl? IVl | LS« VS
mDmM't+ + oy ).
i=0 2b2‘2,i 2a :tz,i 2 i=0je¥; btz,i

Rearranging gives
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Ve, 1”

= [l L =S ft]
+ZZ||§ <2bt2,i + 2 . .

Lyy

t=1i=0jeY;

t=1i=

B C

On the LHS, we note that

DIPIRLES AT

t=1i=0je¥;

!Vw I°

. 47
We now bound each term separately. It’s easiest to bound C: ¥/, Yico Ljet, %
ti

1 @ff d T B2 _ ,
o ; ,
gy e

P B | i
_ 2
)

=
by,

bj; — b}

<
-
,\\ll\)

T

agi
.II-
1=

_h
I
A
I
o
~
m
s
S
N
I
o
=
I
N
=
m
&

o
|
—_

|
1=

Il
- o
g
Il
A

|
M ~

a =
|

t—1,i
2
bt,i

2
bt 1,

Il
— o
=
Il
—_

I
Mﬂ

—
QI‘\)

a =
|

Il
- o
g
Il
—_

a =
|

IA
1=
<}
QQ
3

Il
T o
=0
o
oyl
o

We now have a useful inequality

r O

o <2lo gl;“ Vi=0,...,c—1. (7.5)
ti

t=1

Next, we deal with — Y/ ; Y5~ Z]exy ”g” via a martingale argument. Let F; :=
o (&1,...,6—1) denote the natural f11trat1on Note that x; is F;-measurable. For any
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w > 0, we have for each i € [c]:

exp( 0y ViiGhi Z . >|}"t]
i

jey; i cY;

:exp< 2w22 ) eXp( wZVuCt]> |]:]
jeY; t,z'

JG\IJ atl
<1

Then a simple inductive argument and using Markov’s inequality gives with prob-
ability at least 1 — J:

T
0y ¥V <o ;ZT GV 4o 51

t=1jeY¥; bi t,i

By a union bound across all ¢ subsets, we have w.p. at least 1 — cé:

T c—1 thCt] T c—1 2V2 c 1
— - L+~ log ~. (7.6)
; E)jez‘f;l i ; Z(:)]ez‘l; atz w & 0

V2.
Let’s call the event that (7.6) happens E;. Now, consider Zthl Zf;& Yy, aT” We
t,i

have

2 2 2
y Vij _IVewl® _ IVewll
je¥; oy a; bi_1; +1IViy, I

o 2|V 20w

22,42 | fon |+ 2080 R
R 2]
a; by by

~ 2
For (*) we use the fact that 2 is an increasing function and ||V y, 1> = H Vi, + ¢y, H

A 2
2 vat,‘Yl- H +2|& %] Let Omax := max;c(q) 0;, then under event Ej, we have with
probability at least 1 — ¢d:
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< WO ax til : Py “;1] + %108%
~ 2
< wUﬁlaxég ZHVJ;;:F H‘ftb‘zf I + %log%
e clog L T ZH@ZZ% i LT

\/clogo)

(setw := .
ret ([95m] je
LY
=20) )" 2 TR + a.
t=1i=0 ti i
/clog T
where the second to last equality is due to choosing w = ;jjxg 2 and the last equality

is letting & := 0maxy/clog } for readability.
Let M7, = max;<T |§;|. Using our notation, we can define Mry, := max;<r ||, ||-
Under event E; (and our new bound for C), we have that with probability at least
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1—co:
T c—1
t=1i= btl
© Al L VtJCtJ IEwl® | [ Vew,l®
t=1i=0jec¥; Ati t=1i= ti t,i
c—1

i Y Lt'jét'j (7.9)

L 1w )® | Vel .. br
+ Z Z Mry, 2 + Y +7L Z log T (def of Mt y,)
t=1i=0 t,i ti i=0 0,i
oo, 2| [Vl e
< n +2a) ) 2 2 +a+
t=1i=0 | i ti
bound with (C)
L 1w I” | I Vel <, br,
Mry, i 4 ad +7L Y log —= (7.10)
t; ig(:) < 267, 2at,; i; bo,i
© A T c—
< 71+2at21' 0 ”C;" Tt
=li1= t,1
L IEw 1 | 1V, =, b
Mry, oD + (nL +4a) ) log —2 7.11
; 1;0 T,Y; ( 2b2 2“%’1' (;7 ) Z;O g bO,i ( )
A L& (|G,
§1;+2at2140” ;2 (i (7.12)
=1 1=
t=1i=0 o 2b2 t=1i= i 2 2 i=0 bO,i

(7.13)

Let us turn our attention to My, := max<7 ||C:y,||. Note that

2
Pr m[aT>]< ||Cf,‘1’in > A] =Pr [exp <maxtem ey ) > exp <2>] (for w > 0)
te

w
2

< exp <_ g ) E |exp <maxte[T] 15| )] (Markov)

= exp <—2> E

<ep(-) TE e

2
maxexp (uaiiu )]
(HéthZ)] .

w
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We have
2 [ r
E [exp (H(:t,w ) _E |exp ( je¥, %)]
w
| r
—E exp( ]E‘I’é >]
=E H exp ( )]
LjeY:
=TJ]E |exp ( >] (independence)
jeY;
Since sub-gaussianity give us
1
E [exp (A%¢F;)] < exp (A%07) ,V|A| < ;,Vi € [d],
1
2\ ] 2
we have E [exp (;}’) < exp <Z’]> if \/g < % We pick w := ||y, 112 = Yiey, (T]-z >
(7]2, Vj € ¥;. Hence, we have
2
[ )] 7%
E [exp ( < JJexp
i oy, | jet, o, |
2
= exp (W) —1 (7.14)
low, |

We have actually shown that &, v, is a || o, || *-subgaussian random variable in R¥ (see
Proposition 2.5.2 in (Vershynin, 2018)). This fact will come in handy later. Now, we

have

A
low, |
A

low |

)3

2)
te[T]
)7

Pr {max [ = A} < exp (—
te[T)

exp <—

Setting exp < o,
bility at least 1 — 5

Mry, = max &, |* < low,|*In /5.
te[T)

Union bounding across alli = 0,1,...,c
1— ¢/,

Mry, < ||log,|*InT/8, ¥i=0,1,...,c

E [exp (

1|

Hmf,.n;)]

> T =6 gives A = ||ov, |#In T/4. Hence, we have with proba-

(7.15)

— 1, we have that with probability at least

—1. (7.16)
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Let us denote the event in (7.16) by E,. Combining it with event E; and starting from
7.12, we have that with probability 1 — cé:

ZT:C‘Z] Ve, 1*

t=1i=0 by,i

||Ct‘1’ I L& 1€, 11
—|-2 ZZ +a+22MT;y,. 2b2~ +

LY w0l ”’” 11+ 40) T g 7

t=11i=
T c—1

2
+2 Zzngt‘YH +1In T/(;ZZH H‘:t‘I;H + oo+
U =1 i— =1 i— 2b; ;
br;

lnT/(SZZHU jpaaidln IV ”’H (nL+4oc)Zlogbi

i=0 0
1+Z<l rslowl? TH o )chtwngw

i=0 bz

=y , b
lnT/észF’H Z” *f’” (L +40) Y log
= 2 = = Do,

2 ~
Recall that HVSIH SZHVJ;Z‘FI'H +2||§WH we then have
t,i t,i t,l
mmzuw li Zuvwn
2 at,l
sl & (9] ?
D P Bl 2,
i=0 t=1 ti
ol H2 i
lnT/cSZH(T 17 Z —|—lnT/5ZH(T I? Z
<lnT/5EHmyH log +1 T/(szumf 12 E”C*‘I’H . (from 7.5)
i=
Hence, we have with probability at least 1 — 2¢4:
T c—1 2 c—1
Viw, Aq
Yy [V, <Zliy (lnT/cSHU\y 1% + 2« )Z Hg”’ I (7.17)
= b [/ -

c—
+a+ nT/(SHmF 12 log —l—Z 17L—|—41x)logb
i=0 i=0

T
(1n T/6 ||ow,||* + Zoc) Z ¢ ‘21’ (7.18)
t=1 t

A c—1
A
n —

i=0

c—1 b ;
o+ ZO (lnT/5]|(TxyiH2+17L+4oc) log ﬁ (7.19)
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lev, |
by
We proceed by noting that

Now, we bound ¥/,

. 2
and log % We need to first lower bound Y, H Vi, H .

IV fix > = 1V5, + &,
= IVewll® + 2w, Vi) + [ Cew]?
= Ve | = IV x| + I 5ewl? = 2Cee, Viw).

Define for t € {0,1,---, T} and some constant v, to be specified later:

t
Upr = exp (Zws (1960l = 19 P + 80, ]12) - vs\rvs,wi\12>
s=1

= Us-exp (i ([ Vexll = 19 fim 2+ 180w, 12) = 0l Vi, )
= U; - exXp (wt (2<€t,‘f’1/ vflTi>) - thVfl‘Pi Hz) .

First, note that U; € F;. We show that U; is a supermartingale

E (U1 | Fi] = E [Ur - exp (wr (2(Cew, Viw)) — ol Ve, [1?) | Fi
= Urexp (—0i[|[Viw, ) E [exp (2w (8r v, Viy,)) | Fi]

(*)
< Urexp (=0t Vo, |2) E [exp (400f low, | Ve, |?) | Fi]

= U, (vt:4w% HU‘PiHZ)

where (k) is due to Lemma 2.2 of (Liu et al., 2023c) and the fact that {; v, is ||oy, ||2—
subgaussian from (7.14). Hence, by Ville’s supermartingale inequality, we have

Pr [ max U; > 51} < JE [U;] = 9.
te[T+1]

This impliesw.p. >1—-9,V0 <t < T:

t
. 1
Y e (195l = 1V £+ s, 2) = 0V, 2 < log 5
s=1

t t
~ 1
— ) (w5 =42 [low, ) [ Vo, P + L wsllis, P < 3 wsllV fo, P + log 5
s=1 s=1

t

<)

s=1

! 2 2 L 2 d < 2 1 1

= L (1w low ) Vsl + L 6w > < 1 [9fuw, |+ - log 5.
s=1 s=1 s=1

_ 1

Set ws =
4o, |

to get

t t
EN 1
Y lEswl < Y IVAwI? +4]ow, | log 5, Vi< T. (7.20)
s=1 s=1



Chapter 7. Subset-Norm 119

We are now ready to bound Y[, ng i . Starting by applying (7.20), we have that
with probability at least 1 — &
2 IICN [ IS, I

~ 2
— t
03+l || Vi

T 2

< Z ||€t‘I’IH

= +
S8+ (T 18w — 4 low, P log )

where (x)* = max {x,0}. Let T = max ({0} U {t € Ner | Ty 18w, || < ZC}) for
some C > 0. We have

+ . 2
ti t=T1+1 b2 ; + Zé:l HVft,‘Yi H

E HC:»{ ||€t,\lji||2
< LY el Y :

ZT:ICNII i\létﬂ@-llz ZT: Is, |

0,i t= t= T+1b +Zs:1 Hgs,\Yi||2_4HU—‘YiH21Og%
L IE0w, 11
ST > ; 2 2100 L

0i =1 b5+ e 16w, 12 — 4 low, || log 5

Now, since B[S ||2§5,‘Yi I

> C for t > T, we have b%,i + Y s —4 Hmyinlog% >

bg,i —4 HU’\YI.Hleg% +C+ %22:1 1&s¢, 1% If b%/i —4 ||(Tq/,.||210g% > 0, then we pick

C = 0and bf; —4|low,|*log j + C+ 3 Xy 8w, [* > 3 Tima lldsw, | 1f 0, —

4 HU'\I-’I.HZ].Og% < 0,wepickC =4 Hcﬁyinlog% —bg; > 0, which gives b, — 4 Hmyi||2log%+
C+ 1 2wl > S0, &, |- In either case, we have 17, — 4 o, |*log } +

C+ % Y& ]? > %22:1 [|&s,¥, ||*. Hence, letting C = max (O,4 H(Txyinlog% — b%,i) <

4 ||oy,||* log 1, we have with probability at least 1 — &

yoleeel® 2€ 5 &l
t=1 btz,i B b2 t=7+1 Zé 1”(?5‘?»”2
L &wl®
<24
b2 Z 1 Lo 1858112

2
< 8 ||(7‘}’,H logS + d Hgt,‘YiH
B b(z),z‘ t=1 22:1 Hgs,‘PiHZ
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Let X, =1+ Y [|ow.||> = Xi_1 + ||Erw,]|>, where Xo = 1. Then,

y el X
Lim 12w 2

t=1

- X Xi—1

tl_zl_

t=1 t=

Los (5

s 11%)
( L) - 10g<1+2||§s‘1f|’>

| A

Hence, with probability at least 1 —

_ 8llow,[*log § .
Z ||Ct‘1’ I> _ 8llow,]|*log 3 +2log (1 +) \!CS,‘Ff||2> : (7.21)
t=1

2
bO,i

It remains to bound Y/ ; || &, |%. Note that

e e M )
r | Yo 1Ew)? > u| =Pr|exp > exp 5
= llow|? low; |

(Cs,w,1s ||y, Hz—subgaussian)

< B/
exp 2
(H%H >

Choosing u = |jow,||* T + ||o, ||* log 1 gives that with probability at least 1 — 6, we
have

T

1
Y lIgsw, I < llow, |2 T + flow, | *log - (7.22)
t=1

Having a high probability bound on the sum of the stochastic error of the subset-
norm, we can combine both events from (7.21) and (7.22) to get that with probability
at least 1 — 24:

2
& w8l 1og

1
5 < 52 +2log (1 + HU"{"I.HZ T+ HU"{»’I.HZIOg 5) . (7.23)
=1 ¥ 0,i
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Then we can also condition on the event that (7.23) happens and combine it with the
event in (7.19) to get that with probability at least 1 — 2¢d (assuming c > 2), we have

Ll || Vi, l3

AL (7.24)
tZ%ZZ byi
A 2 L f:t‘f H
< n +) (lnT/5 |ow, +20c) Z (7.25)
i=0 =1
+a+ci<1nT/5\\U 1>+ L—|-40c>1 b, (7.26)
& i n 0og bo .
A 2 8oy, |* log X 2 2,1
< — . _— =0 ) _ -
< 4T (/o I+ 20) ( B 210 (1 o, T + o Lo
=:H(d)
(7.27)
v 2 br,i
+o+ ;) (lnT/(S l|low || -|-17L+4«x) logﬁ
Ay = 2 br,
= HHO) Fa y (1n T/6 oy, + gL + 4tx> log . (7.28)
i=0 i

First, note that br; < ||br||; = Z’;:_& br ;. Letting by min := min, by ;, we then have

c—1 b —
) (ln T/é ||(7q/l.]|2 + 7L —|—4zx> logb— <log |l|7 rll ! Z <ln T/é HU‘YiHZ +7L —|—4zx>
i=0 0,min j—q

H Ilbrfly lnT/(5H(7||§—|—c17L—|—4coc).

rnm

Now, note the LHS term y/_; Y7 M of (7.26):

2
1 ||vt‘1’ H c—1 c—1
(Z ot Zb > L IVewllh | = Y IVew )3 = Vi3
i=0 i=0

i=0
V5§ IVl
(Caby) — = b

-
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Now, Y57 byi = Y525 |beil = ||bt|l;, so with probability 1 — 2¢6:

LUVE LIV 5 19
= lbrlly — 3 el T =S b
T T 1|V, |
= Y Vel < llbrlly Yo ) 5
t=1 t=1i=0 b
M
< |lbrl; (+CH((5) (1nT/5]]a\]2+c17L+4coc) log | TH1>
Ui bOmm
(7.29)
A b
<brll; (171 +cH(6) + (ln T/6||o|l5 + eyl —|—4coc> log |l|70T||1>
(7.30)
It remains to bound ||br||;. We start again from smoothness of f:
L 2
D1 = B < (Vi X1 = x) + 5 %041 — xt”
— Vfi Vft
=7 <V b, >+ > |2,
N \Y 2LC ft‘Y
-1 <Vft—€t, ft>
i= O]E‘Y
Vf ft +qle Vi +'72Lci H@ft"l’fuz
tr =7 tr bt 2 = bz‘
MAGH SN S N i
=1 Z Z Z Z 2 Z b2
i=0jeY; t/’ i=0je¥; ti i=0 ti
c—1 HVftlyH 2Lc 1 Hv_ft\y gt f
st ] t]
-7 Z b, : + 2 Z b2 Z Z (7'31)
i=0 b i=0 i=0 jeY¥; bt
Note that
gt]vft] 1 = ft]
< =
oy by By
i=0jeY¥; ’ i=0jeY¥; i=0jeY¥; ’

2
-1 ||V = -
L ’s i
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Summing over T and rearranging, we get

N 2
iéw +i621”§“"” +2 Liczluwf |
B XT;X;HWH Zijingiu ii(m bl) |9

We can bound Y./ ; Y5, <4b'72L — ) HV frw, H as follows. Consider i € [c]. Let

T, =max{t <T|b; <4nL} sothatt > 7; implies b;; > 4nL <= 4bZL < i

5 (417L t,i> |9 i

=1

T T
ol e [ e ol e [
G

b,
< 8yLlog bT“l < 8yLlog
0,i

Hence, we have

e |9 Lt wL
B 2 8nL ) lo
t:li;) by, - ZZ * ; 5 bo;
Consider the LHS
T c— 1HVft\1fH T c— 1b%z_bt211 c—1 bt21
= b . — —
Ll E? Ty DY DL
th 1 T c—1
>Zzbtl_bi'l‘zz bt,i_bt—l,i
t=1i= t=1i  $=1i=0
- Zzbtl_bt 1, — Zsz—bm
i=0t=
= Hbflh— [boll; -
Hence, we have
&, 11 4L

nwéwm+f+2255+wm%%m
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Hf:t

It remains to bound ¥/, H for each i € [c]. Recall from (7.23), with probability

atleast1 — ¢

t t
_ 1
Yo lIGew ? < 2 IV fiwil P + 4 low,|* log 5 V=T

s=1 s=1

We have with probability at least 1 — 2c4,

2 2
i (R —— [Gew, |
=b SR T VP

T 2,

<) -

t=1 bz t 2_4 2100 L *
i T (Lo 8w 17 — 4 low [|" log 5

_ 8llow, | log
< Bl 12y Zl\cswuz

) 8 oy, ||” log 5 1
2 w 44y low T+ low o5
/i

where (1) is due to (7.20) and (2) is due to Lemma (7.22). Hence, we have that with
probability at least 1 — 2¢4,

2A —18 ||, H log
[brlly < [lbolly + — + . :
n i=0 0

2A 8lo
< r|bor|1+71+ %8

L
+ Ly lom T+ o, Flog 3 + SyLelog ;2

L
ZH oy, | +4ﬁ2||my|y+ log < Z||(Txy\|+817Lclogb17

bO min ;_ min

2A;  8logl L
—4ﬁ2|rw||+||bo||1+fl+ 2 o1+ log + X low |+ SyLelog 1=

b 0,min i=0 0,min

=:1()

Hence, we can combine (7.30) with the bound for ||br||; to get that with probability
1 — 6c6:

L 2
Y IVellz
t=1

A 1 b
< ||br]|4 (771 + H(d) + <ln T/6 HU’H% + cyfL + 4comax/ clog 5) log ‘l|70;|1|i>

< (Mf low, | + z<5>> -
i=0

ANTY S H o || + 16
<A171 + H(d) + <lnT/c5HﬁHg+c77L+4c3/2amax\/log(15> log ( \fZ,:z o, + )>> :
0,min
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Dividing both sides by T, we get the theorem that with probability 1 — 6c¢d:

L 4y llow,
% Y. IVill; < G(6) - ( Lizo llow:| + I((S)) , where G(6) and I(9) are polylog terms:
=1

VT T
1 AT Y oy || +1(8
G(f) := ﬁ—FH((5)+ lnT/(SHa||§+c17L—|—4c3/2(7maX\/10g7 log VT L llow +109)
n ) bO,min
2A 810g
18) = [lbolly + =% + 5= |lol + log Z||wu+8nLclog

mm b mln

2
i=0 bO,z'

el 8 |loy. ||” log 5 1
H(6) := Y (In(T/6) |ow,|> + 20 (”‘Iﬂ”gs +2log (1 + ow, 2T+ ||(71y1,]|210g§>> .

We are done. O
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Chapter 8

Subspace-Momentum

8.1 Introduction

Low rank methods like LoRA (Hu et al., 2021), and more recently, GaLore (Zhao
et al., 2024) are popular methods for reducing memory during training. However,
these methods often lack theoretical guarantees unless stronger conditions are as-
sumed. We propose Subspace-Momentum (SM) that ensures convergence under
standard assumptions by incorporating the orthogonal complement of the stochastic gra-
dient to the optimization (Figure 8.1), where the convergence analysis can be decou-
pled between the two orthogonal subspaces: one for SGD and another for SGD with
momentum. For rank 7, Subspace-Momentum uses only O(r) memory for the opti-
mization state due to only maintaining momentum state in the low rank space and
the use of SGD in the orthogonal subspace.

8.2 Subspace-Momentum

Existing algorithmic compression approaches like GaLore (Zhao et al., 2024), GRASS
(Muhamed et al., 2024), and FLORA (Hao et al., 2024) project the gradient to a lower
dimensional space IR for updating the optimizer state via some linear operator P :
R? — R such that P*P: RY — R%isa projection, where P* : R — R? is the adjoint
operator of P. More concretely, given a stochastic gradient Vf(x:) € R? at time t, a
low-dimensional version ¢; :== PV f(x:) € RFis computed that is used to update the
states before projecting back to R for update:

my = Bimy_1 + (1= P1) ci; 0f = vy + (1= B2) f; Xp1 = x¢ — P* (me/v1) . (8.1)

This update essentially performs adaptive optimization in the row span U C R¥ of
P when viewed as a linear operator, with dim(U) = k. For example, GaLore (Zhao
et al., 2024) utilizes the top k singular vectors of snapshots of stochastic gradients,
and FLORA (Hao et al., 2024) simply projects to a random subspace using dense
Gaussian matrices. Due to the optimization happening only in a low rank subspace,
convergence is not guaranteed unless stronger conditions are assumed.

Subspace momentum guarantees convergence by incorporating the orthogonal
complement of P*PV f(x;) € U that lives in the orthogonal complement U~ of U

(with U @ U+ = RY), of which we can compute via (§f(xt) - P*P@f(xﬂ) e ut.
This gives rise to Subspace Momentum (SM) presented in Algorithm 11.
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€1
Projection P*P to U

V f(a) N
.’ U = rowspan(P)

/

€0

SGD in U+

Vf(x) — PPV f(a

FIGURE 8.1: Subspace Momentum.

Algorithm 11 SGD with Subspace Momentum (SM).

Require: Projection P : RY — R¥ and its adjoint P*
1. fort=1,2,...,Tdo
2: Obtain stochastic gradient V f (x;)
3 my=Pimyq+ (1—B1)PVf(xe) > Momentum in subspace
4: r = Vf(x)) — P*PVf(x) > Orthogonal complement
5 Xtr1 = x¢ — (P*my +r¢) > Step in both spaces
6: end for

8.3 High-probability Convergence of Subspace-Momentum

We show that Subspace-Momentum, Algorithm 11, converges with high-probability
under the standard assumption of smoothness and o-subgaussian stochastic gradi-
ent noise in Theorem 8.3.1.

Theorem 8.3.1. Suppose that f : R? — R is L-smooth and lower bounded by f,. Assume
unbiased stochastic gradients V f(x;) with o-subgaussian stochastic gradient noise. Then,
the iterates x; given by SGD with Subspace-Momentum (Algorithm 11) with step size n :=

ﬁfor Q= (23(1_25 satisfies the following with probability at least 1 —

Ti A 8A 1« N 70/ N 4802 log(l/&)’
i=1 - T VT T

where Ay := f(x1) — f is the initial function gap.

We observe that Theorem 8.3.1 has a similar convergence rate to vanilla SGD.
The proof is presented in Section 8.5.2, where we provide some intuition for the
algorithm and the proof.

8.4 Implementation: SN+SM and Choice of Projection

The projection P in Algorithm 11 can be a dense random projection as in FLORA,
projection to top k singular vectors as in GaLore, or projection to random standard
bases (sampling coordinates) as in GRASS. Note that Subspace Momentum main-
tains the same memory footprint, O(k), as existing low-rank optimizers. However,
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the update step of SM is full rank: it performs momentum only in U := rowspan(P)
while performs SGD in U+. Unlike joint compression techniques such as GaLore
(8.1), SM only affects the momentum term, so it is modular and hence fits into the
framework of Algorithm 9 for which we can combine it with different adaptive step
sizes such as subset-norm.!

8.4.1 Projection Selection

Using a subspace from SVD can be expensive for larger models and consumes ad-
ditional memory to store the projection. Gradient-independent projections like ran-
dom gaussian as in FLORA (Hao et al., 2024) avoids the expensive SVD computation
and can save memory by storing the pseudorandom seed (at the cost of recompu-
tating the projection at every step). One can further speed up the random projec-
tion by using a faster (sparse) random projection like the Subsampled-Randomized
Hadamard Transform (SRHT) used in the Fast-JL transform (Ailon and Chazelle,
2009). Random projections like SRHT can also be used to approximate SVD (Appx-
SVD) computation (Halko et al., 2011) that can be much faster than full SVD. Finally,
the cheapest projection is just selecting a subspace of random standard bases. Re-
cently, GRASS (Muhamed et al., 2024) explores this idea and tested sampling ran-
dom rows and columns with large norms. We examine different choices for the sub-
space projection and compare their time, space, and performance tradeoffs in Table
9.4.

Note that the choice of the projection is important as some projections are more
computationally and memory expensive than other, although trading other quali-
ties for given the cost. Simple projections like selecting a subset of coordinates for
momentum (Subset-Momentum) are not only faster but enables simple distributed
training like FSDP unlike more complex subspace selection mechanism that requires
additional priors about the parameters (shape, low-rank, etc.) that might not always
satisfied.

8.4.2 Subspace Switching and Projection Updates

Algorithm 11 and the accompanying theory in Section 8.3 are only for a fixed projec-
tion. However, from our experiments, we find that performing subspace switching
every G steps (as in GaLore) to be beneficial, especially for smaller ranks. Section
9.4.2 contains more details on ranks and updating projections. We incorporate pro-
jection updates in our main algorithms by picking a projection update gap and then
fully resetting the momentum term to zero when we switch (in contrast to GaLore’s
accumulated statistics when switching subspace).

8.5 Subspace-Momentum Convergence Proofs

In this section, we provide a high-probability convergence proof for SGD with Subspace-
Momentum for non-convex smooth objective under sub-gaussian gradient noise.

1Section 9.4.3 shows the different combinations of momentum and step sizes.
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8.5.1 Setup and Intuition

Notations. Given a linear operator P : RY — R¥, we have P* : R — R? is P’s
adjoint’, and we consider P*P : R? — R? is a projection operator i.e. P*P is a
bounded linear operator such that (P*P)2 = P*P. Given a space V C R, we denote
its orthogonal subspace by V1 := {v € R?: (v,u) =0, Yu € V}.

Let U = row (P) C R? be the row span of P. Let ¥ : R* — U be ¥(x) = P*Px
and ¥+ : R? — U be ¥'(x) = x — P*Px. Then for any vector x in R?, have the
orthogonal decomposition

x=¥(x)+¥(x).

SGD with Subspace Momentum. Let g; := v ff(x;) denotes the stochastic gradi-
ent at time t. Let ¢ = Pgt, ¢! = Yg: = P*Pg; € U, and g = ¢+ — g € U™, Let
Vi := Vf(x;) be a short hand for the gradient at time t and let VI := ¥ (Vf(x;)) €
Uand Vi := Y+ (Vf(x:)) € Ut be the orthogonal decomposition of V f(x;) with
respect to U and U, so that V; = VI + V. Note that the superscript of a variable
tries to suggest the space that it hves in (either U or U'). We have the following
update rule for subspace momentum:

iy = Brity 1 + (1 — B)Pgy
g =8 — P*Pg

Xi4+1 =X — 1 <mt +gtL) .
Note that
= BP*1iiy_1 + (1 — B)P*Pg;
= Py + (1 )i’
Expanding the terms, we see that this is just momentum in U
= ,BP*rﬁt,l + (1 - ‘B)P*Pgt
= Py + (1= B)gy'
= B*P" 12+ (1 - )Bgita + (1 - B)gi'

2/3 g (8.2)

Hence, we can think of the update of SGD-SM as performing two separate algo-
rithms in the orthogonal subspaces: momentum in the subspace U and SGD in the
subspace U~ (see also Figure 8.1) i.e. if we decompose x; into its orthogonal compo-
nents x; = x! + x;-, then

u _ u
Xpp1 = Xy — 0y

_xt Zﬁgtz
1

X1 = xt ’78t .

2In RY, the adjoint P* of a linear operator P is the linear operator given by the transpose of the matrix
representation of P. We can also generalize Subspace-Momentum to general Hilbert spaces.



Chapter 8. Subspace-Momentum 130

For our analysis, let ¢; := g — V; denote the stochastic gradient error at time . We
can further decompose the error into its subspace components:

=G+
= (s - Vi) + (g — V¢).
Basic facts. We establish some facts for subspace momentum.

1. Pythagorean: ||g;||* = HgtUHZ + Hgtle and | V,|* = HVtUHZ + HV#HZ and so
on for these decompositions.

2. Subspace smoothness: If f is smooth ||V f(x) — Vf(y)|| < L|x —y||, then due
to contraction property of the projection operator, we have that the projected
gradients of f are also L-Lipschitz:

IP*PV f(x) — P*PVf(y)||* = |V f(x) = Vf(y)| (8.3)
<Lllx—y].

3. Subspace non-bias:

and similarly for the orthogonal subspace
E ot - 9] - [e]

=E[e -]
= 0.

4. Subspace bounded variance: if the stochastic gradient’s variance is bounded,

then its subspace components are also bounded E [HCt ||2] :

st - v#]"] = ||
— |12 - ]|
<o*—E [HC#HZ} ,
and similarly,

o [Ji ] <ot ]

8.5.2 Subspace-Momentum convergence proof

Suppose that f : R? — R is L-smooth and stochastic gradients V f f(x;) = g is unbi-
ased, i.e. E [g;] = Vf(x;), and has o-sub-gaussian noise, i.e. E[exp(A2 ||gr — V£ (x,)||*)] <
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exp(A20?) forall A s.t. |A| < 1/c. First, we will show an error bound that is a starting
point for the high-probability convergence results.

Lemma 8.5.1. If f is L-smooth, then SGD with Subspace-Momentum (Algorithm 11) yields

Floran) — Flx) < nzuvtn —nz V&) + (3( ’“’7 an 2.

Remark 8. Lemma 8.5.1 shows that the optimization error of SGD-SM is quite similar to
SGD-M.

Proof. Note that m; € U and r; € u+t. Starting with smoothness, we have

Flt41) < f) + (Vv = 1) + 5 v —
2
= flxe) =1 <Vf(xt),mt +8?> + % Hmt +8?H2

= £l = (V) ) — 1 (V) gt ) + L [+ g
We have
Flxen) — f(x) < =7 <Vtu,mt> -7 <Vﬁ,gﬁ> + ﬂ HWIt +gtLH2
= (Vi,me) = (VE,gt) + 1= |Imt|| +LI= Hgt H
(Pythagorean)
Summing it up, we get
2

fora) = fl) < = X (W) + BE T 0 Yo (V) + 3 [

t=1

SGD with momentum error in U vanilla SGD error in U+

(8.4)
We analyze —y (V,m;) + 17 ||m¢||* and —p (Vi g+ ’IZTL HngZ separately. In-
tuitively, the error within each subspace is controlled by their respective algorithm.
Investigating the momentum term, we have

— <Vtu,mt> = — <Vtu, pmi—1 + (1 — 5)8tu>
=B <Vtufmt71> (1-8) <Vt , 8t >
=B <Vtu - Vﬂl,mt_1> —B <Vtu,1,mt—1> (1-8) <Vt / 8f >
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We examine — (VH — VY m;_4):

- <v}’ - Vtu_l,mt_1> = (Vi = Vi, mg) + <vtl - v,%_l,mt_1>

=—(Vi—Viq,m_q)
< |IVe = Vil [fme ||
< Lifxe — x| [|me- ]

= gL ||mus -+ gita | llmia
2
<ot st
Now we have
- <V§1,mt> <nLp Hmm +g#_1H2 - B <Vt”71,mt71> - (1-p) <Vt”,gt”>

<aL T vt - a-p L (v,
1= =

Summing over t, we have

(swap the sum)

2 T T T
< U L+ gt | LA - 1= o (VEsH) L

Now, we look at Y7, ||m;]|*:

antn —ZH/Smt - P

~

< LAl + @) gt I (convexity of |||

~

T

< LAl +a-p) ;Hgt i

— zumtu <) st "

~
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Examining the momentum error terms, we get

T ZL T
— (V) + LGmtuz

t=1

(L”ﬁ#?)mmln T

IA

MH

T T ’
(V¥ ety i ¥

1 i=1 z i=1
< (G250 y [t + 2 i . ) —ni< CORION
. 8.5)
We consider the SGD error terms in the orthogonal subspace:
n(what)+ o ot = i - gf>—'7HW # 1
=-n (vt ) | e e

Now we are ready to combine (8.5) and (8.6). First note the common terms H Si H in

both equations combine to a sum similarly to H g H

st + 1 s s = (G2 ) Bl

momentum SGD

t=1

Combining both terms, we see that the terms are combined from both subspaces (red
from (8.5) and blue from (8.6)):

T ’ T 2 T
—WEHVFH —ﬂt;HV%H :_WgHthz
T N T - ;
) (Ve =n L (V) = 1 (Ve
S Elel s () B = S B

Plugging everything back into (8.4), we have

Fleran) — Flr) < nznvtn —nz V&) + ‘3( P) L” Zugtn (57)

O]
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8.5.3 Proof of Theorem 8.3.1.

Proof of Theorem 8.3.1. Starting from Lemma 8.5.1 and letting & = (23(1_f 25 and Ay =
f(x1) — fu« for simplicity, we have

Ari1— D
T

T T
<—7 Z IVi> =1 Y (Vi &) + an? Z g1
i i=1
T

=—WZHVt| =Y (V&) +ay leét+vt||2

i=1
T

=1 (an — 1) }:HVtH + 1 (e —1) Y (Vi &) +an ZHCH
i=1 i=1

Rearranging and defining some weight w > 0, we have

T
w (Ary1 — A1) + 7w (1 — a) ZIIW < nw (an —1) Y (Vi &) + awr® ZHCtII

i=1 i=1

Let F; := 0 ({1, ..., Ci—1) denote the natural filtration. Now, since [E [ZtT 1 (vt,gg} =

0 and ¢; is o-sub-gaussian, we have that V; € F;and soif 0 < wmyz < L Corollary
4.3.3 implies

E [exp (cwr (a = 1) (V1,&) + wa? 1) | 7| < exp (307 (wan? + P (ay = 1)* | VH[]*) ),

Then Lemma 4.3.4 implies that with probability at least 1 — §, we have

T T T
wi (g = 1) Y (Vi &)+ wan? Y 16 < 307 Y (wan? + wy? (ag = 1) | Vi]]*) + log (1/6)
t=1 t=1

t=1

T
= 30%wi?aT + 302w y? (an — 1)* Y || Vi|)* +log (1/6) .
t=1
Then with probability at least 1 — J, we have

T
w (Ari1 — 1) +qw (L —an) Y | Vel
i=1
T
<nqw (an —1) Y (V&) 4 awy ZHCtH

=1

~.

< 30%wn?aT + 3c%w’n? (ay — 1)° Z | Ve||* + log (1/6)
t=1
. 2 2w 2
= qw(1—an) Y [|[Vi]]” < why + 3c?wy?aT + 30w’ n? (ay — 1) Y Ve +1og (1/6).
i=1 t=1

Combining the || V;||* terms, we get

T

(nw (1—an)— o2 2172 (any — 1)2) Z ||Vt||2 < whA; + 3(72w;721xT +log (1/9).
i=1
1 (8.8)
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Setting w = 12(72 , then

/N

1 —an — 3c%wn (an — 1)2)

1—M7—i(w7—1)2>

nw (1 —an) — 30wy (an — 1)° = qw

nw

v

nw

= —

if 1 — any > 1/2. Furthermore, we have that way? = 1, < [, if 5 < 2, as required

T 1207 — 4(72
for Corr 4.3.3. Hence, if 7 < 5- then both requirements are satisfied. Con51der the

LHS of 8.8, we can bound
(0 (1 = w) — 302w (a )EHWI > ] zuvtu
Finally, we have

T
% )3 IVi|)? < wA;y + 30%wn?aT + log (1/6)
=1

T
VP < 3A1 4+ 302yaT + 4807 log (1/5).
i=1

0’2DLT

Setting #7 = min { 214, M } we have that with probability at least 1 — ¢
a 4
Y IV < Em +30%naT + 4802 log (1/6)

i=1
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Chapter 9

Subset-Norm and
Subspace-Momentum Experiments

9.1 Overview

We perform extensive experiments on LLM pre-training tasks that demonstrate SN’s
and SM’s faster convergence, for both training and validation, than Adam while sig-
nificantly reducing the optimizer’s memory footprint. Our methods, Adam with
Subset-Norm step size (AdamSN) and Subspace Momentum (AdamSNSM), achieve
Adam’s perplexity in half the training steps (and tokens) while using 80% less mem-
ory for the optimizer state. Furthermore, our algorithms incur minimal additional
hyperparameter, exhibit less sensitivity to smaller batch sizes (i.e. gradient noise),
and show better learning rate stability across model scales. Notably, we demon-
strate that AdaGrad-Subset-Norm and its Subspace-Momentum variant close the
performance gap with AdamSN/SNSM or even outperform it, further closing the
theory-practice gap. This raises a question on whether the use of exponential mov-
ing average as in Adam is necessary or optimal for obtaining strong optimization
performance for training DNNSs.

9.1.1 Experimental Setup

We evaluate Subset-Norm (SN) and Subspace-Momentum (SM) on LLM pretraining
and supervised fine-tuning tasks, where memory is often a bottleneck. We compare
against several baselines, with memory estimates given for parameters of size m x n,
where we assume WLOG m > n.

Baselines. We consider AdaGrad (Duchi et al., 2011), AdaGradm where we in-
corporate momentum 0.9 to AdaGrad, Adam (Kingma and Ba, 2014), and RMSProp
(Tieleman, Hinton, et al., 2012) as standard optimizers. We also consider GaLore
(Zhao et al., 2024) as a recent memory-efficient method that projects the optimizer
states into a low-rank subspace (typically rank n/4), using 2(mn/4) memory but
requiring 6 hyperparameters including subspace rank, projection update frequency,
and scaling parameters.

Our methods. We incorporate SN and SM to AdaGrad, AdaGradm, Adam and
RMSProp. SN reduces the adaptive step size (e.g. Adam’s second moment term)
memory from mn to m for a parameter of size m x n. SNSM further compresses the
momentum term of momentum methods like Adam and AdaGradm by adding SM
with SVD at the cost of additional hyperparameters (See Algorithm 14 for the full
implementation used in our experiments). RMSPropSN and AdaGradSN achieves
minimal memory footprint of just m while requiring only 2 hyperparameters.
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9.2 LLMs Pre-Training Experiments

We test our method on the task of pre-training LLaMA models (Dubey et al., 2024;
Touvron et al., 2023) on the C4 dataset (Raffel et al., 2023) with a standard setup —
details in Section 9.6.1. Table 9.1 presents the main pre-training results and Table 9.2
shows the memory footprint! of different optimizers across a range of model sizes.

TABLE 9.1: Final perplexity (“Perpl.”) along with the number of to-
kens in parentheses of different optimizers on pretraining LLaMA
models task. Bolded methods are ours. Columns LR and HP denote
the learning rate and the number of parameters of the correspond-
ing method, respectively. We only tune for the base learning and set
other parameters as in previous implementations. The memory col-
umn shows the optimizer’s states memory consumption given a pa-
rameter of shape m x n with m > n. Red LR highlights instability.

Methods Memory 60M (1.38B) 130M (2.62B) 350M (7.86B) 1B (13.1B)
(for m x n) Perpl. LR Perpl LR Perpl. LR Perpl. LR
Adam 2mn 3 30.46 o005 24.60 0.005 18.67 0.001 16.00  o0.0005
AdamSN mn—+m 3 29.75 o005 2290 005 17.49 005  14.96 0.05
AdamSNSM 5 29.74 o005  22.43 005  16.91 005 14.05 0.05
AdaGradm 2mn 2 3040 o010 24.86 010  18.30 010 1742 0.10
AdaGradmSN mn—+m 2 29.73 200 22.58 200 17.14 200 14.48 2.00
AdaGradSNSM  rn+m 4 29.81 100  22.43 10 16.99 100  13.96 1.00
AdaGrad mn 3712 o005  25.76 005 18.14 005 15.25 0.01
AdaGradSN 29.85 200 24.19 100 17.72 w0  14.82 1.00
RMSProp mn 2 35.51 oo 25.94 o001 20.01 0.001 17.03 o001
RMSPropSN 2 3457 o1 25.67 001 18.72 oo1 1597  oom
Galore 2rn 6 34.73 o 25.31 oot 18.95 0.01 16.76 o001

Rank r / Dimension m 128/512 256/768 256/1024 512/2048

9.2.1 Discussions

Subset-Norm (SN) improves upon all existing adaptive methods while reducing
memory. Modifying Adam, AdaGradm, AdaGrad, and RMSProp with the SN adap-
tive step size not only reduces memory footprint but improves their performance
across different scales. Notably, AdaGrad and AdaGradm benefit the most from the
SN step size, providing empirical support for the theoretical benefits of SN presented
in Section 7.2.

Combining Subspace-Momentum (SM) with SN further improves performance
while saving additional memory. Perhaps surprisingly, limiting the use of momen-
tum to a subspace improves performance in SN-adaptive step sizes rather than de-
grading it. Our experiments show that SNSM, combining SN and SM, gives the best
performance for the least amount of memory across model sizes. While adding SM
introduces additional hyperparameters, Section 9.5.4 suggests that these parameters
are not too sensitive.

Furthermore, Section 9.4.2 shows that the choice of the subspace matters i.e. the
subspace spanned by a top-k singular vectors of a snapshot of a stochastic gradient

IThe memory footprint is the total parameters in the optimizer states multiplied by 16 bits. See
Listing 9.1 for more details.
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TABLE 9.2: Optimizer states memory footprint (in GB for BF16 dtype)

for different LLaMA models. Our methods, AdamSN, AdamSNSM,

and RMSPropSN (RMSPSN), are modifications of Adam and RM-

SProp (RMSP) to utilize Subset-Norm (SN) and Subspace-Momentum

(SM). For GaLore and AdamSNSM, the subspace is of dimension?

d/r, where the memory accounts for additional space for storing the
projection matrices.

Opt. AdamW AdamSN RMSP Galore AdamSNSM RMSPSN

Mem. 2d d++d d 4d /7 24/r ++/d Vd
60M 0.22 0.14 0.11 0.15 0.08 0.03
130M 0.50 0.30 0.25 0.29 0.16 0.05
350M 1.37 0.75 0.69 0.53 0.28 0.06
1B 4.99 2.62 2.49 1.61 0.84 0.12
3B 10.01 5.16 5.00 2.96 1.52 0.15
7B 25.10 13.04 12.55 7.01 2.73 0.49

seems to be the most beneficial for momentum as opposed to simpler choices like a
random subspace. Our current guarantee for SM, presented in Section 8.5, does not
yet explain why or when subspace momentum is useful, and theoretical understand-
ing of (EMA style) momentum in stochastic optimization is still limited (Kidambi et
al., 2018). We believe this could be related to how momentum is beneficial when
noise is low (and harmful when noise is high) and the choice of the subspace could
correlate to the amount of gradient noise or optimization landscape that harm or
benefit momentum (Wang et al., 2024; Gitman et al., 2019).

Hyperparameter robustness. In Table 9.1, the best learning rate (LR) found via
grid search is displayed and is highlighted in red as the best LR changes across
scales. This indicates potential sensitivity to tuning for each respective algorithm.
We see that Adam requires smaller LR for larger models, but using SN and SNSM
does not. AdaGradm seems less sensitive to the base LR overall.

Closing the theory-practice gap. While there is a non-trivial performance gap
between Adam and AdaGrad(m) for larger models, using the SN step size closes this
gap across scales. This shows that AdaGrad style algorithms can be competitive to
Adam when using the SN step size. Interestingly, vanilla AdaGrad seems to perform
well as model size increases. This is important because AdaGrad enjoys stronger
theoretical understanding than Adam and has one fewer parameter — 3, — to tune.

9.3 LLMs Supervised Fine-Tuning (SFT) Experiments

We further evaluate on a supervised-fine-tuning task, where we fine-tune a pre-
trained LLaMA 7B model on the UltraFeedback dataset (Cui et al., 2024) using the
chosen responses with max sequence length of 1024. We train for 1 epoch with lin-
ear decay and gradient clipping of 1. Table 9.3 contains the result with the time and
memory of one training epoch on a single A100-80GB GPU. Note SNSM’s r denotes
the dimension of SM but the optimization is full-rank.

Discussion. We observe similar improvement over Adam as in pre-training
tasks. Surprisingly, the smaller rank (for momentum) is more beneficial than the
larger rank. In contrast to LoRA, since we report peak-memory here, due to the full
parameter training of SNSM, the primary memory bottlenecks are gradients and ac-
tivations. Furthermore, we note that the primary contributor to SNSM’s slower wall
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TABLE 9.3: Last and minimum validation perplexity for SFT of

LLaMA 7B on the UltraFeedback dataset between Adam, LoRA, and

AdamSNSM for 2 different ranks. We also show the wall-clock time
and peak memory for batchsize 1 for these optimizers.

Adam LoRA (r=64) AdamSNSM (r=64) SNSM (r=32)

Last 2.622 2.632 2.584 2.580
Min. 2.401 2410 2.392 2.390
Time (min.) 266 249 303 301
Memory (GB) 77.11 20.75 42.89 42.89

clock time is the SVD computation on large dimension. We try larger projection up-
date gaps in Table 9.6 which reduce this cost while maintaining good performance
for our methods. Furthermore, we discuss potential more efficient alternatives in
Section 8.4.1 and leave further exploration to future works.

GLUE Fine-tuning. Additional results on fine-tuning on GLUE tasks with BERT
models are in Section 9.5.1.

9.4 Ablation Studies

In this section, we present ablation studies on various parameters of SN and SM.

9.4.1 Subset-Norm’s Subset Size Ablation

While we use a simple scheme to compress the adaptive step size of linear modules
in the previous experiments, Table 7.1 suggests that there is an optimal subset size
that depends on the noise. Figure 9.1 shows performance for various subset-size se-
lection. Since the step size scales with the subset size, the optimal base LR should
be decreased as we decrease the subset size closer towards Adam. We include addi-
tional results for 130M model in Figure 9.3.

While one can use the heuristics discussed on models where linear modules
make up the vast majority, for arbitrary models with weights of d elements, we
found that a subset size of v/d/2 is probably a reasonable choice. If more resources
are available, the subset size can also be tuned.

9.4.2 Subspace-Momentum Projection Choice Ablations

Projection types. Table 9.4 tests different choices for projection in SM discussed
in Section 8.4.1. Note that for memory storage, SVD, Random Projection via dense
Gaussian projection (Gaussian), and Approximated-SVD (Appx-SVD) need to store
the r X n projection matrix (unless we recompute at every step). The remaining
methods only need to store the indices for sampling and/or the random seed to
regenerate any random choices.

Note that the choice of the projection is important as some projections are more
computationally and memory expensive than other, although trading other quali-
ties for given the cost. Simple projections like selecting a subset of coordinates for
momentum (Subset-Momentum) are not only faster but enables simple distributed
training like FSDP unlike more complex subspace selection mechanism that requires
additional priors about the parameters (shape, low-rank, etc.) that might not always
satisfied.
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AdamSN Subset Size vs. Perplexity
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FIGURE 9.1: Subset size ablation for AdamSN on LLaMA 60M trained

for 1.38B tokens (batch size of 512 of max length 256 for 10,000 steps).

The higher the subset size, the smaller the memory footprint of the
second moment optimizer state.

TABLE 9.4: Different projections selection for Subspace-Momentum
and validation perplexity. All methods are evaluated on LLaMA 60M
with rank 128/512 and a projection update gap of 200. Time and
space rows denote time and space to compute and store the projec-

tion.
AdamSNSM'’s projection SVD Approx-SVD  Gaussian SRHT Top-k Random-rows | OPCA Oja
Time (for m x n) O(mn?) O(mnlogk + kn?) O(kn) O(max(m,n)) O(mn) O(k) O(kn) O(kn)
Space (for rank k) O(kn) O(kn) O(kn) O(k) O(k) O(k) O(kn) O(kn)
Validation Perplexity 29.74 31.51 42.48 33.33 31.42 33.17 ‘ 29.63 30.69

Online k-PCA and Streaming k-PCA for Up-to-date Subspace. Computing sub-
space from stochastic gradient snapshots can be noisy. Recently, (Liang et al., 2024)
proposes a formulation of online-PCA to handle the problem of staled top-k compo-
nents as the stochastic gradients evolve. We test this algorithm in the OPCA column.
Another natural algorithm to ensure the top-k components stay up-to-date is Oja’s
algorithm for streaming k-PCA (Huang et al., 2021). We also test this algorithm in Ta-
ble 9.4. While we can maintain up to date projection using these schemes, more fre-
quent updates suffer from the same issue of transferring optimization statistics from
one subspace to another. We only test for not resetting the statistics in this setting
and leave additional investigation for future works. Furthermore, these schemes are
more expensive computationally due to additional computation requirement at ev-
ery step. OPCA further uses Adam for inner optimization which incurs additional
memory.
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9.4.3 Step Sizes and Momentum Choices Full Ablations

We investigate various combinations of momentum and adaptive step size approaches
in Table 9.5. For adaptive methods, we compare EMA, which uses exponential mov-
ing average to accumulate the second moment (v = v? | + (1 — B)g?), with Ada-
Grad’s cumulative accumulation approach (b7 = b? | + ¢7). Methods with the SN
suffix utilize subset norm for parameter grouping, contrasting with per-coordinate
approaches that are standard. While EMA momentum follows the standard momen-
tum implementation, subspace momentum employs a reduced rank approximation
with rank 128 for this model size.

TABLE 9.5: Different combinations of momentum (columns) and
adaptive step-size (rows) and the effect of the learning rate sched-
ule on each combination (cosine learning rate decay schedule with
warmup “coslr” or constant learning rate “Ir.”). Memory footprint for
each adaptive step size and/or momentum are shown. Green and red
highlight runs with perplexity below 30 and above 50 respectively.

Final eval perplexity (lr)
LLaMA 60M for 1.31B tokens

No momentum
Mem =0

EMA momentum
Mem=m-n

Subspace momentum
Mem = max(m, n) - rank

No Adaptive Step-size

SGD
86.60 (coslr=1e-3)

SGDm
55.76 (coslr=1e-3)

SGD+SM
89.97 (coslr=1e-3)

Mem =0 100.04 (Ir=1.0) 56.07 (Ir=1.0) 213.21 (Ir=5e-4)
RMSProp Adam AdamSM
EMA Coordinate 35.01 (coslr=1e-3)  30.46 (coslr=5e-3)  32.34 (coslr=1e-3)

Mem=m-n

36.46 (Ir=5e-4)

3347 (Ir=1e-2)

32.25 (Ir=5e-4)

EMA Subset-Norm

Mem = max(m, n)

RMSPropSN

AdamSN

34.86 (coslr=1e-2)
34.57 (Ir=1e-2)

(coslr=5e-2)
33.69 (Ir=1e-2)

AdamSNSM

(coslr=5e-2)
3249 (Ir=1e-2)

AdaGrad Coordinate

Mem=m-n

AdaGrad
37.12 (coslr=5e-3)
46.47 (Ir=5e-4)

AdaGradm
31.48 (coslr=5e-2)
43.99 (Ir=1e-2)

AdaGradSM

30.99 (coslr=5e-2)

41.32 (Ir=5e-4)

AdaGrad Subset-Norm

Mem = max(m, n)

AdaGradSN

AdaGradSNm

AdaGradSNSM

33.19 (coslr=5e-3)
41.23 (Ir=0.1)

(coslr=5e-3)
4498 (Ir=0.1)

(coslr=5e-3)
40.11 (1Ir=0.1)

Discussions. From Table 9.5, Subset norm (SN) step sizes consistently outperform
coordinate-wise implementations while requiring less memory. Adaptivity proves
crucial for optimization effectiveness, where the first row without adaptivity per-
form consistently poorly. The addition of momentum is beneficial in all configura-
tions while SM is more beneficial for adaptive step sizes. The impact of learning rate
scheduling is also evident across configurations, with cosine decay consistently out-
performing constant learning rates. Notably, we observe varying degrees of learning
rate sensitivity: adaptive methods demonstrate greater robustness to learning rate
selection, while non-adaptive methods require more precise tuning.

9.4.4 Larger Projection Update Gaps

Frequently updating the projection map using SVD can be expensive, especially for
larger models. Furthermore, updating the projection every 200 steps can be arbi-
trary. In Table 9.6, we examine more structured schedules: (1) updating every 5%
of the total training steps (corresponding to 200/10K steps for the 60M model) and
(2) only using a fixed subspace at the start. Compared to Table, 9.1 where a fixed
gap of 200 is used across scales, we see SNSM’s performance stay relatively similar
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TABLE 9.6: Effects of less frequent subspace update schedule (gap).
Compared to Table 9.1 where the gap is fixed to 200 across all scales.

Model Size 60M 130M 350M 1B
Gap/Steps (5%) 200/10K  1K/20K  3K/60K 5K/100K
AdamSNSM 29.84 22.71 18.43 15.28
AdaGradSNSM 30.28 22.76 17.02 13.90
GaLore 36.69 29.37 21.27 19.14
Fixed Subspace = 10K/10K 20K/20K 60K/60K 100K/100K
AdamSNSM 30.65 23.65 18.94 15.16
AdaGradSNSM 31.43 24.85 18.04 14.62
GalLore 37.95 26.63 21.49 27.11

when we increase the update gap to 5% of the total training steps, whereas GaLore’s
performance suffers more.

TABLE 9.7: Fixed Subspace Choices on LLaMA 60M. We examine Ga-
Lore and SNSM with top-k singular vectors projections (SVD) and
random subspaces (Random) using dense gaussian projections.

| GaloreSVD  GaloreRandom | SNSM+SVD SNSM+Random
Perplexity | 37.95 3823 | 3065 40.15

Interestingly, for fixed subspace (100% gap), GaLore still achieves decent perfor-
mance even though the optimization only happens in a small subspace up until the
1B model, where the training stops improving after 50K /100K steps. In Table 9.7, we
see that a random subspace seems to work decently well too. This suggests that a
majority of progress can be made in a small subspace in smaller models. In contrast,
this is not the same for restricting momentum to a subspace. Furthermore, we notice
that there are training loss spikes at the times when we switch subspace for Ga-
Lore that impacts training with 5% gap, most likely due to incompatible optimizers’
statistics between subspaces. This could explain why GaLore’s 100% gap performs
similarly or even better than 5% gap for certain run. Finally, we note that AdaGrad-
SNSM performs the best here with the larger gaps as the dimension increases.

9.5 Additional Experiments and Ablation Studies

9.5.1 Fine-tuning on GLUE Tasks

Table 9.8 presents results for fine-tuning on GLUE dataset for various methods. The
SN step size maintains good performance while reducing the memory footprint.

9.5.2 AdaGrad, AdaGrad-Norm, and AdaGrad-Subset-Norm

We examine the subset-norm step size for AdaGrad in Figure 9.2. We again see that
subset-norm is slightly better than the full coordinate version while using a lot less
memory. This is consistent with our observations for Adam and RMSProp when we
replace the standard coordinate-wise step size with the subset-norm adaptive step
size.
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TABLE 9.8: Performance metrics across GLUE tasks. QQP, RTE,
SST-2, MRPC, STSB, QNLI, and MNLI use accuracy as the metric,
while CoLA uses the Matthews correlation coefficient. The best and
runner-up results for each task and the average score are highlighted.

Method QQP RTE SST2 MRPC STSB ONLI MNLI COLA Avg
Adam 920 779 949 89.2 90.5 93.0 87.6 65.4 86.3
Galore (r=4) 909 794 952 88.7 90.8 92.4 86.9 61.9 85.8
RMSProp 919 794  95.2 91.4 90.3 92.8 87.6 65.1 86.7
RMSPropSN 919 801 951 90.0 90.7 93.1 87.5 63.8 86.5
AdamSN 912 744 945 89.5 90.4 92.0 86.7 644 854

Training Loss (Smoothed) Evaluation Perplexity
600
| —— AdaGrad-Subset-Norm Mem=0(V'd) \ —— AdaGrad-Subset-Norm Mem=0(\'d)
'\ AdaGrad-Coordinate  Mem=0(d) 500 \ —— AdaGrad-Coordinate ~ Mem=0(d)
— - AdaGrad-Norm Mem=0(1) \ — - AdaGrad-Norm Mem=0(1)

400 \,

Perplexity
w
8
3

200 ~

100 ]

0 2000 4000 6000 8000 10000 2000 4000 6000 8000 10000
Update Step Update Step

FIGURE 9.2: Pretraining LLaMA 60M on the C4 dataset for AdaGrad
variants. Memory consumption estimate as a function of parameter
count d is shown in the legend.

9.5.3 Additional Subset-Size Experiments for 130M model

We provide additional subset-size experiments similar to the ones in Section 9.4.1
for LLaMA 130M in Figure 9.3.

9.5.4 Subspace-Momentum Rank and Gap Ablations

Rank and gap ablations. We examine the impact of varying rank and update gap
of subspace momentum, similarly to (Zhao et al., 2024), in Figure 9.4. There, we see
that the higher the rank, the better the results. For the update gap, it seems like there
is an optimal choice. However, due to the SVD computation, a larger gap will be
cheaper than a more frequent gap.

9.5.5 Gradient Clipping

Gradient clipping is standard in training LLMs for many open source models like
LLaMA, DeepSeek, OPT, etc. (DeepSeek-Al et al., 2024; Touvron et al., 2023; Work-
shop et al., 2022; Zhang et al., 2022; Chowdhery et al., 2023; Ding et al., 2023). Clip-
ping has a strong connection to stochastic gradient noise being heavy-tailed (Zhang
et al., 2019) and many theoretical results have been shown to suggest some form of
clipping is beneficial when the noise could follow a heavy-tail distribution(Cutkosky
and Mehta, 2021; Gorbunov et al., 2020; Li and Liu, 2022; Nguyen et al., 2023b;
Nguyen et al., 2023a). We present the results with clipping equal to 1.0 for each
method in Table 9.9.
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AdamSN Subset Size vs. Perplexity for LLaMA 130M
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FIGURE 9.3: Subset size ablation for AdamSN on LLaMA 130M

trained for 2.62B tokens (batch size of 512 of max length 256 for 20,000

steps). The higher the subset size, the smaller the memory footprint
of the second moment optimizer state.

Method  60M (no clipping) 60M (with clipping) 130M (no clipping) 130M (with clipping)

Adam 30.58 30.46 25.07
AdamSN 30.06 29.75 23.54
GaLore 3491 34.73 2543

25.07
22.89
25.31

TABLE 9.9: Pre-training LLMs ablation experiments for gradient clip-

ping. We compare validation perplexity between LLaMA 60M and

130M with and without clipping. We use the same hyperparameters
as in Section 9.6.2 but just add clipping.

In Table 9.9, we see that gradient clipping indeed helps most of the methods
achieve slightly better perplexity. In our experiments, we notice that adding some
form of gradient clipping produces more stable training.

9.5.6 Batch Sizes and Random Seeds

Fixed number of steps. We measure the impact of different batch sizes on pre-
training LLaMA 60M for 10,000 steps in Table 9.10.> We use the same configuration
as in other experiments. Typically, smaller batch sizes require smaller learning rates,
but curiously, AdamSNSM seems to be stable with the choice of learning rates. Even
more interestingly, AdamSNSM'’s final performance seems to be affected less by the
smaller batch size as opposed to other methods, especially GaLore.

Fixed data quantity. In the previous section, we compare the performances on dif-
ferent batch sizes fixing the same number of steps. In this section, we fix the amount
of data to 1.3B tokens for pre-training LLaMA 60M. Hence, adjusting the batch size

2This reduces the amount of total tokens trained. However, we only compare optimizers against
one another. To compare the same optimizer against different batch sizes, one should train for the
same amount of tokens.
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AdamSNSM Rank and Projection Gap Ablation
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FIGURE 9.4: Rank and gap ablation for AdamSNSM on LLaMA 60M

for 10,000 steps. The lower the rank, the less memory consumption

used by the momentum state. The higher the projection gap, the less
SVD computation is performed which is cheaper.

TABLE 9.10: Batch size ablation for various optimizers along with
optimal learning rate.

Batch size Adam GaLore AdamSN  AdamSNSM

Perpl. LR Perpl LR Perpl LR Perpl LR
1024 2794 0005 3275 001 27.68 005 28.02 0.05
512 3046 0.005 3473 001 2975 005 29.74 0.5
256 36.65 0.001 44.71 0.001 37.03 0.001 32.82 0.05
128 41.72 0.001 49.75 0.001 42.04 0.001 36.82 0.05

would also adjust the number of steps. Table 9.11 contains the result where SNSM
shows consistently better performance than Adam across different batch sizes.

Random seeds. Throughout our experiments, we fix the random seed for all runs
within a same table. In Table 9.11, we investigate the effects of random seeds by run-
ning each batch size on 3 random seeds and report the mean and standard deviation.
We see that SNSM has better variance than Adam for many batch sizes overall. We
also examine the random variation on the 130M model in Table 9.12.

TABLE 9.11: Mean and standard deviation (in parentheses) evalu-

ation perplexities of Adam and AdamSNSM optimizers when pre-

training LLaMA 60M for 1.3B tokens over 3 random seeds. SNSM

rank = 128 and gap = 200. Learning rates were tuned over a grid for
each batch size.

Batch size 1024 512 256 128 64 32 16 8 4

Adam 31.80 (1.87) 30.46 (0.29) 32.11 (1.32) 34.57 (0.16) 36.34 (0.16) 38.91(0.12) 43.12 (0.26) 48.88 (0.17) 57.28 (0.80)
AdamwSN 30.11 (0.15) 29.81(0.12) 30.32 (0.07) 31.30 (0.02) 32.72(0.11) 35.38 (0.11) 40.46 (0.97) 45.81 (0.11) 51.01 (0.25)
AdamSNSM 31.39 (0.17) 29.93 (0.07) 30.08 (0.19) 30.57 (0.08) 32.35(0.14) 34.51 (0.14) 37.05 (0.20) 39.39 (0.02) 44.27 (0.10)
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Adam AdamSN Adagrad AdaGradSN

Mean  24.69 22.98 25.95 24.57
Stdev 0.07 0.07 0.16 0.37

TABLE 9.12: Mean and standard deviation across 3 runs for different
optimizers on pretraining LLaMA 130M task.

9.6 Experimental and Implementation Details

In this section, we provide hyperparameters details, implementation details (pseu-
docode), and other practical considerations.

9.6.1 LLM Pre-training Experiment Setup

All of our pre-training experiments are conducted on NVIDIA RTX4090/3090 GPUs.
We follow the experimental setup as in GaLore (Zhao et al., 2024), where we use a
batch size of 512 and max sequence length of 256 for all models. We employ a stan-
dard training setup as in the LLaMA paper (Dubey et al., 2024; Touvron et al., 2023)
with cosine decay and linear warmup as well as gradient clipping for all methods.’
For all our experiments, we use the default (51, 2) = (0.9,0.999) and only tune for
the base learning rate within a grid* of

{0.5,0.1,0.05,0.01,0.005,0.001} .

We train for 1.38B, 2.62B, 7.86B, and 13.1B tokens for models of sizes 60M, 130M,
350M, and 1B parameters, respectively, following (Zhao et al., 2024) and matches
roughly the scaling laws in (Hoffmann et al., 2022). Additional details are in Section
9.6.2.

For GaLore, we use the same hyperparameters as in (Zhao et al., 2024), where
we use rank 128/512, 256/768, 256/1024, and 512/2048 for the 60M, 130M, 350M,
and 1B models, respectively (Table 2 of (Zhao et al., 2024)).> For AdamSNSM, we
use the same ranks and projection update gap (of 200) as GaLore for all models.®
However, we do not tune for an additional scaling parameter unlike GaLore, and
we compresses the LM head (final linear layer) with SN and SM also.”

9.6.2 Hyperparameter Details

In Table 9.1, we run all experiments on BF16 format, weight decay of 0, gradient
clipping of 1.0, cosine learning rate decay to 10% of the max learning rate with 10%
linear warmup steps, and batch size of 512 (similarly to (Zhao et al., 2024) and (Tou-
vron et al., 2023; Dubey et al., 2024)). We only tune for the learning rate across a grid

3Note that these addition improve the performance for all baselines. See Section 9.5.5.

4Excep’c AdaGradSNm where we find higher learning rates in {0.5,1,2,5} to be better. We tune the
Ir on the 60M model and use the same learning rate for the larger model, where the base learning rate
is only reduced if the method fails to converge.

5Note that our reproduced results for GaLore and baselines are similar to (Zhao et al., 2024).

®Note that a smaller gap is more expensive than a larger gap. Our experiments below show that
we can increase the projection update gap without much performance loss. If data is not limited, one
could use a larger gap to speed up training. However, if data is limited, then a smaller gap to converge
in fewer tokens is potentially more desirable.

7Existing methods typically do not compress the embedding layer and final LM head, while our
methods seem robust to this choice. Compressing these layers save additional memory.
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of {0.1,0.05,0.01,0.005,0.001} (except for AdaGrad with momentum where larger
learning rates are better). We train for 10,000 steps and 20,000 steps for the 60M and
130M models, respectively.

9.6.3 Adam-Subset-Norm Implementation

Algorithm 12 presents the pseudocode for Adam-Subset-Norm as mentioned in Sec-
tion 7.5 where we partition the coordinates (for each parameter) into subsets of equal
sizes.

Algorithm 12 Adam-Subset-Norm with a simple partitioning scheme

Require: Learning rate 77, EMA parameters 81 and 85, € > 0, optional weight decay
wd >0
1: for each p € R™*" in params do

2: grad < p.grad

3: r<«0ifm >nelsel

4: k<« p.shape[r] >wherek =mifr=0elsek =n
5: gradN < grad.norm(dim=1 —r) € R¥ > subset norm
6 m< Bm+ (1—Bq)-grad € R"*"

7: v < B+ (1 — By) - gradN? € RF > omitting bias correction terms
8: p—p+n \/%”Jre > broadcast division
9: pp—n-wd > weight decay
10: end for

9.6.4 Generic Subset-Norm Adaptive Step Size Implementation

The heuristic implementation in Section 9.6.3 is simple and does not require any
tuning. However, to modify existing algorithms to work with arbitrary subsets, one
could utilize reshape as in Algorithm 13 as an example.

Algorithm 13 Generic Subset-Norm Adaptive Step Size Update Rule (PyTorch-y no-
tation)

Require: Parameter P € R?, step size 7 > 0, B, € > 0, and partition size k such that
k divides 4.
1: R < (VP).reshape(d/k, k) > Reshape gradient into shape 4 x k
2 V< BV + (1 —B) - ((R*2).sum(dim=1)) € R¥¥ > Update state V via subset
norm reduction on dim 1

3: U<+ \/§+€ € Rixk > Broadcast addition and division for update step

4: P+ P —y-U.view(d) > Reshape U back to R? and update P

9.6.5 AdamSNSM Implementation Details

Algorithm 14 provides the pseudocode and implementation details for the version
of AdamSNSM with SVD subspace momentum and heuristics subset-norm (as de-
scribed in Section 7.5) used in our experiments.
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Algorithm 14 AdamSNSM with Subspace Momentum via top-k singular vectors
from SVD used in our experiments. Note that we only apply the compression to
linear modules while performing vanilla Adam on the rest of the modules (all 1D
params).

Require: Learning rate 7, rank k, update gap G, momentum parameters B, f2 €
(0,1), and stability parameter €
1: fort=1,...,Tdo

2: Obtain stochastic gradient g; € R"™*" > WLOG, we assume m > n
3: ift mod G = 0 then
4 U,S,V =5SVD(g:) > Compute singular value decomposition
5: P=U[,: k| € R™k > Extract top k singular vectors
6: end if
7: m = Bym+ (1 — B1)PTg; € RF¥" > Update subspace momentum
8: r=gi— PPTg > Compute orthogonal SGD component
9: s =sum(g;, dim =1) € R" > Sum all columns for subset-norm heuristic
10: v =Bov+ (1 - By)s* € R > EMA of subset-norm
11: Xy =Xt_1+7 Ij/"gi; > Update with subspace momentum and subset-norm
step size
12: end for

9.6.6 Measuring Memory Footprint of Optimizers

In PyTorch, we can obtain the number of parameters in optimizer states using the
code in Listing 9.1.

9.6.7 Peak memory measurement during training for different optimizers

We measure peak memory consumption directly via running nvidia-smi in Figure
9.5 while training as oppose to controlled measurement as in Table 9.2. Note that
these peak measurements incur additional memory from gradient computation and
algorithms” overhead.
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def get_optimizer_state_size(optimizer) -> Tuple[int, Dict[str, int]]:
total_state_size = 0
state_size_breakdown = {}
for group in optimizer.param_groups:
for p in group[’params’]:
state = optimizer.statel[p]
for state_key, state_value in state.items():
if torch.is_tensor(state_value):
if state_value.numel() == 1:
# we do not count singleton
continue
total_state_size += state_value.numel ()
if state_key not in state_size_breakdown:

state_size_breakdown[state_key]l = 0
state_size_breakdown[state_key] += state_value.
numel ()

return total_state_size, state_size_breakdown

LISTING 9.1: PyTorch function to calculate optimizer state size

GPU Memory Usage Across Model Sizes and Optimizers
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FIGURE 9.5: Peak GPU Memory Usage (Gb) for various model sizes,
obtained with batch size 1 and activation checkpointing to measure
the optimizer state footprint.
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Chapter 10

Conclusion and Future Directions

All things shall pass.
— Traditional Proverb

10.1 Conclusion

This thesis has advanced the theory and practice of stochastic optimization for large-
scale deep learning. We established robust high-probability convergence guarantees
under relaxed assumptions, strengthening the theoretical underpinnings of widely
used optimizers like SGD, SMD, and AdaGrad variants. These insights deepen our
understanding of optimization dynamics and pave the way for more reliable, effi-
cient training algorithms. We then introduced Subset Norm (SN) and Subspace Mo-
mentum (SM), two novel techniques that boost the memory and sample efficiency
of adaptive optimizers. By compressing optimizer states without sacrificing conver-
gence, these methods cut the training cost of LLaMA-1B in half (in tokens) while
reducing optimizer memory use by over 80%. Such gains promise to make large-
scale training more accessible and cost-effective for academia and industry alike.
Though challenges persist in optimizing ever-complex architectures and dynamics,
our work offers a step toward more efficient, scalable algorithms. As deep learning
scales up in model size and data demands, optimization efficiency will remain key
to progress. We hope the theoretical advances and practical innovations here inspire
further research and real-world impact in large-scale Al systems.

10.2 Future Directions

10.2.1 Theoretical Directions

Convergence of adaptive methods under heavy-tailed noise. While optimal high-
probability convergence rates have been established for clipped-SMD and clipped-
SGD under heavy-tailed noise, understanding the conditions for the convergence of
adaptive methods like AdaGrad and Adam under heavy-tailed noise is crucial for
bridging the theory-practice gap. Theoretical insights into practical algorithms un-
der heavy-tailed noise can inform stability, generalization, and the design of more
effective and robust algorithms for DNNs under more pragmatic assumptions. Re-
cent progress in proving the convergence of normalized-SGD without gradient clip-
ping under heavy-tailed noise (Hiibler et al., 2024) shows promising potential for
establishing convergence guarantees for adaptive methods in this relevant setting.

Theoretical benefits of momentum in stochastic non-convex optimization. While
momentum accelerates optimization in deterministic smooth convex settings, its
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role in stochastic non-convex optimization — such as the training of DNNs — re-
mains not entirely understood. In contrast, the theoretical understanding of adap-
tive step sizes in such settings is more advanced. Although many works on variance-
reduction algorithms show theoretical acceleration for non-convex stochastic op-
timization through various momentum schemes (albeit under additional assump-
tions), these methods are often complex, computationally expensive, and/or less
effective in real-world tasks. A deeper understanding of existing practical momen-
tum and acceleration schemes could provide valuable insights into the convergence
of these algorithms in the heavy-tailed noise setting (Hiibler et al., 2024) or in the
development of effective learning rate schedules under unknown time-horizon (De-
fazio et al., 2024).

10.2.2 Experimental Directions

Subspace optimization for general architectures and domains. Current subspace
optimization implementations, such as GaLore and our Subspace-Momentum, are
implicitly limited to linear modules and transformer architectures, i.e., rank-2 ten-
sors, due to their reliance on the singular value decomposition (SVD) for finding use-
ful subspaces. Effectively extending these methods to higher-order tensor modules —
such as convolutional weights in vision architectures or higher-order tensors in neu-
ral operators — is highly desirable due to their broad applicability in a wide range
of important domains. Successful generalization efforts would necessitate empirical
and theoretical investigation into tensor decomposition schemes and the subspaces’
effects on the optimization’s preconditioning and interactions with gradient noise.

Deeper understanding of subspace optimization. Ablation studies indicate that
the choice of subspace - e.g., top-k singular vectors versus random subspaces — has
important effects on the optimization performance. Consequently, further explo-
ration of effective subspaces could enhance practical aspects while providing in-
sights into understanding subspace optimization dynamics in non-convex stochas-
tic optimization problems. Subspace-Momentum, in particular, offers an analyti-
cal framework for restricting momentum to a controlled subspace while preserving
standard gradient descent in the complement, enabling more fine-grained analysis.
Recent progress in full-preconditioner algorithms like the Shampoo optimizer could
provide useful hints in this investigation. Finally, an equally interesting question is
whether adversarial subspaces can be identified where the use of momentum nega-
tively impacts optimization. Addressing these questions could lead to the principled
design of more robust and effective algorithms for modern Al systems.

Noise robustness and applications to various domains. The potential of Subset-
Norm to stabilize training by effectively managing gradient noise warrants further
exploration and broader application across various domains. For example, Rein-
forcement Learning offers promising opportunities for Subset-Norm’s adaptive step
size, particularly when gradient noise is exacerbated by sampling-based reward es-
timations. A closely related area is generative modeling through denoising diffu-
sion probabilistic models (DDPMs), where substantial efforts have been dedicated
to mitigating gradient noise to achieve more stable optimization. Similarly, although
generative adversarial methods have been established for some time, their notori-
ous instability during training presents an opportunity to investigate noise-robust
algorithms. Finally, noise plays a critical role in several important applications like
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robustness and privacy. Effectively managing noise during training could unlock
new possibilities in these fields and beyond.

10.3 Final Remark

Foundation models (e.g., LLMs) are to the Al revolution what the steam engine was
to the Industrial Revolution — except in the cognitive space rather than the physical
one. Just as cars revolutionized travel by making it faster and more efficient, foun-
dation models serve as cognitive engines that accelerate how we traverse across the
information landscape. As we refine these engines, we won't just get to our destina-
tions faster—we’ll unlock entirely new frontiers, much like how airplanes enabled
global travel and rockets took us beyond Earth.

However, a car is more than just an engine. To truly understand this new technol-
ogy that is Al, we must build the full system — transmissions, wheels, suspension,
and safety systems — to ensure reliability, efficiency, and control. The road ahead
requires engineering not just more powerful models (engines) but also robust in-
frastructure, ethical frameworks, and thoughtful applications.

Hence today, AGI can then be thought of as teleportation. It’s certainly a dream,
but we should probably focus on building better cars, faster planes, and more reli-
able systems first. And most importantly, we need skilled drivers to navigate wisely,
taking us to meaningful and beautiful destinations. Then we can be explorers and
perhaps take a leisure road-trip across the beautiful landscape of the mind.



154

Bibliography

Ailon, Nir and Bernard Chazelle (2009). “The fast Johnson-Lindenstrauss transform
and approximate nearest neighbors”. In: SIAM Journal on computing 39.1, pp. 302—
322.

Anil, Rohan, Vineet Gupta, Tomer Koren, and Yoram Singer (2019). “Memory effi-
cient adaptive optimization”. In: Advances in Neural Information Processing Sys-
tems 32.

Arjevani, Yossi, Yair Carmon, John C Duchi, Dylan J Foster, Nathan Srebro, and Blake
Woodworth (2023). “Lower bounds for non-convex stochastic optimization”. In:
Mathematical Programming 199.1, pp. 165-214.

Attia, Amit and Tomer Koren (2023). “SGD with AdaGrad stepsizes: Full adaptivity
with high probability to unknown parameters, unbounded gradients and affine
variance”. In: International Conference on Machine Learning. PMLR, pp. 1147-1171.

Beygelzimer, Alina, John Langford, Lihong Li, Lev Reyzin, and Robert Schapire
(2011). “Contextual bandit algorithms with supervised learning guarantees”. In:
Proceedings of the Fourteenth International Conference on Artificial Intelligence and
Statistics. JMLR Workshop and Conference Proceedings, pp. 19-26.

Chen, Tiangi, Bing Xu, Chiyuan Zhang, and Carlos Guestrin (2016). “Training deep
nets with sublinear memory cost”. In: arXiv preprint arXiv:1604.06174.

Chen, Xiangyi, Sijia Liu, Ruoyu Sun, and Mingyi Hong (2018). “On the Convergence
of A Class of Adam-Type Algorithms for Non-Convex Optimization”. In: Inter-
national Conference on Learning Representations.

Chowdhery, Aakanksha, Sharan Narang, Jacob Devlin, Maarten Bosma, Gaurav Mishra,
Adam Roberts, Paul Barham, Hyung Won Chung, Charles Sutton, Sebastian Gehrmann,
et al. (2023). “Palm: Scaling language modeling with pathways”. In: Journal of
Machine Learning Research 24.240, pp. 1-113.

Chung, Fan and Linyuan Lu (2006). “Concentration inequalities and martingale in-
equalities: a survey”. In: Internet mathematics 3.1, pp. 79-127.

Cui, Ganqu et al. (2024). UltraFeedback: Boosting Language Models with Scaled Al Feed-
back. arXiv: 2310.01377 [cs.CL]. URL: https://arxiv.org/abs/2310.01377.
Cutkosky, Ashok and Harsh Mehta (2021). “High-probability bounds for non-convex
stochastic optimization with heavy tails”. In: Advances in Neural Information Pro-

cessing Systems 34, pp. 4883-4895.

Dao, Tri (2023). “Flashattention-2: Faster attention with better parallelism and work
partitioning”. In: arXiv preprint arXiv:2307.08691.

Dao, Tri, Dan Fu, Stefano Ermon, Atri Rudra, and Christopher Ré (2022). “Flashat-
tention: Fast and memory-efficient exact attention with io-awareness”. In: Ad-
vances in Neural Information Processing Systems 35, pp. 16344-16359.

Davis, Damek, Dmitriy Drusvyatskiy, Lin Xiao, and Junyu Zhang (2021). “From low
probability to high confidence in stochastic convex optimization”. In: Journal of
machine learning research 22.49.

DeepSeek-Al et al. (2024). DeepSeek-V2: A Strong, Economical, and Efficient Mixture-of-
Experts Language Model. arXiv: 2405 . 04434 [cs.CL]. URL: https://arxiv.org/
abs/2405.04434.


https://arxiv.org/abs/2310.01377
https://arxiv.org/abs/2310.01377
https://arxiv.org/abs/2405.04434
https://arxiv.org/abs/2405.04434
https://arxiv.org/abs/2405.04434

Bibliography 155

Defazio, Aaron, Harsh Mehta, Konstantin Mishchenko, Ahmed Khaled, Ashok Cutkosky,
et al. (2024). “The Road Less Scheduled”. In: The Thirty-eighth Annual Conference
on Neural Information Processing Systems. URL: https://openreview.net/forum?
1d=0XeNkkENuI.

Défossez, Alexandre, Léon Bottou, Francis Bach, and Nicolas Usunier (2022). “A sim-
ple convergence proof of adam and adagrad”. In: Transactions on Machine Learn-
ing Research.

Dettmers, Tim, Mike Lewis, Younes Belkada, and Luke Zettlemoyer (2022). “GPT3.int8():
8-bit Matrix Multiplication for Transformers at Scale”. In: Advances in Neural
Information Processing Systems. Ed. by S. Koyejo, S. Mohamed, A. Agarwal, D.
Belgrave, K. Cho, and A. Oh. Vol. 35. Curran Associates, Inc., pp. 30318-30332.
URL: https : //proceedings . neurips . cc/paper _files/paper/2022/file/
c3bad962c05c49636d4c6206a97e9c8a-Paper-Conference. pdf.

Dettmers, Tim, Mike Lewis, Sam Shleifer, and Luke Zettlemoyer (2021). “8-bit opti-
mizers via block-wise quantization”. In: arXiv preprint arXiv:2110.02861.

Dettmers, Tim, Artidoro Pagnoni, Ari Holtzman, and Luke Zettlemoyer (2024). “Qlora:
Efficient finetuning of quantized llms”. In: Advances in Neural Information Process-
ing Systems 36.

Ding, Jiayu, Shuming Ma, Li Dong, Xingxing Zhang, Shaohan Huang, Wenhui Wang,
Nanning Zheng, and Furu Wei (2023). “Longnet: Scaling transformers to 1,000,000,000
tokens”. In: arXiv preprint arXiv:2307.02486.

Dubey, Abhimanyu, Abhinav Jauhri, Abhinav Pandey, Abhishek Kadian, Ahmad
Al-Dahle, Aiesha Letman, Akhil Mathur, Alan Schelten, Amy Yang, Angela Fan,
et al. (2024). “The llama 3 herd of models”. In: arXiv preprint arXiv:2407.21783.

Duchi, John, Elad Hazan, and Yoram Singer (2011). “Adaptive subgradient methods
for online learning and stochastic optimization.” In: Journal of machine learning
research 12.7.

Dvurechensky, Pavel and Alexander Gasnikov (2016). “Stochastic intermediate gra-
dient method for convex problems with stochastic inexact oracle”. In: Journal of
Optimization Theory and Applications 171.1, pp. 121-145.

Dzhaparidze, Kacha and JH Van Zanten (2001). “On Bernstein-type inequalities for
martingales”. In: Stochastic processes and their applications 93.1, pp. 109-117.

Ene, Alina and Huy L Nguyen (2021). “Adaptive and Universal Algorithms for Vari-
ational Inequalities with Optimal Convergence s”. In: arXiv preprint ar Xiv:2010.07799.

Ene, Alina, Huy L Nguyen, and Adrian Vladu (2021). “Adaptive Gradient Methods
for Constrained Convex Optimization and Variational Inequalities”. In: Proceed-
ings of the AAAI Conference on Artificial Intelligence. Vol. 35. 8, pp. 7314-7321.

Faw, Matthew, Isidoros Tziotis, Constantine Caramanis, Aryan Mokhtari, Sanjay
Shakkottai, and Rachel Ward (2022). “The Power of Adaptivity in SGD: Self-
Tuning Step Sizes with Unbounded Gradients and Affine Variance”. In: arXiv
preprint arXiv:2202.05791.

Frantar, Elias, Saleh Ashkboos, Torsten Hoefler, and Dan Alistarh (2023). GPTQ:
Accurate Post-Training Quantization for Generative Pre-trained Transformers. arXiv:
2210.17323 [cs.LG]. URL: https://arxiv.org/abs/2210.17323.

Freedman, David A (1975). “On tail probabilities for martingales”. In: the Annals of
Probability, pp. 100-118.

Ghadimi, Saeed and Guanghui Lan (2013). “Stochastic first-and zeroth-order meth-
ods for nonconvex stochastic programming”. In: SIAM Journal on Optimization
23.4, pp. 2341-2368.


https://openreview.net/forum?id=0XeNkkENuI
https://openreview.net/forum?id=0XeNkkENuI
https://proceedings.neurips.cc/paper_files/paper/2022/file/c3ba4962c05c49636d4c6206a97e9c8a-Paper-Conference.pdf
https://proceedings.neurips.cc/paper_files/paper/2022/file/c3ba4962c05c49636d4c6206a97e9c8a-Paper-Conference.pdf
https://arxiv.org/abs/2210.17323
https://arxiv.org/abs/2210.17323

Bibliography 156

Gitman, Igor, Hunter Lang, Pengchuan Zhang, and Lin Xiao (2019). “Understanding
the role of momentum in stochastic gradient methods”. In: Advances in Neural
Information Processing Systems 32.

Gorbunov, Eduard, Marina Danilova, and Alexander Gasnikov (2020). “Stochastic
optimization with heavy-tailed noise via accelerated gradient clipping”. In: Ad-
vances in Neural Information Processing Systems 33, pp. 15042-15053.

Gorbunov, Eduard, Marina Danilova, Innokentiy Shibaev, Pavel Dvurechensky, and
Alexander Gasnikov (2021). “Near-optimal high probability complexity bounds
for non-smooth stochastic optimization with heavy-tailed noise”. In: arXiv preprint
arXiv:2106.05958.

Gupta, Vineet, Tomer Koren, and Yoram Singer (2018). “Shampoo: Preconditioned
stochastic tensor optimization”. In: International Conference on Machine Learning.
PMLR, pp. 1842-1850.

Gurbuzbalaban, Mert, Umut Simsekli, and Lingjiong Zhu (2021). “The heavy-tail
phenomenon in SGD”. In: International Conference on Machine Learning. PMLR,
pp- 3964-3975.

Halko, Nathan, Per-Gunnar Martinsson, and Joel A Tropp (2011). “Finding structure
with randomness: Probabilistic algorithms for constructing approximate matrix
decompositions”. In: SIAM review 53.2, pp. 217-288.

Hao, Yongchang, Yanshuai Cao, and Lili Mou (2024). “Flora: Low-Rank Adapters
Are Secretly Gradient Compressors”. In: arXiv preprint arXiv:2402.03293.

Harvey, Nicholas JA, Christopher Liaw, Yaniv Plan, and Sikander Randhawa (2019).
“Tight analyses for non-smooth stochastic gradient descent”. In: Conference on
Learning Theory. PMLR, pp. 1579-1613.

Hazan, Elad and Satyen Kale (2014). “Beyond the regret minimization barrier: op-
timal algorithms for stochastic strongly-convex optimization”. In: The Journal of
Machine Learning Research 15.1, pp. 2489-2512.

Hoffmann, Jordan, Sebastian Borgeaud, Arthur Mensch, Elena Buchatskaya, Trevor
Cai, Eliza Rutherford, Diego de Las Casas, Lisa Anne Hendricks, Johannes Welbl,
Aidan Clark, et al. (2022). “Training compute-optimal large language models”.
In: arXiv preprint arXiv:2203.15556.

Hong, Yusu and Junhong Lin (2024). “Revisiting Convergence of AdaGrad with Re-
laxed Assumptions”. In: arXiv preprint arXiv:2402.13794.

Hu, Edward ], Yelong Shen, Phillip Wallis, Zeyuan Allen-Zhu, Yuanzhi Li, Shean
Wang, Lu Wang, and Weizhu Chen (2021). “Lora: Low-rank adaptation of large
language models”. In: arXiv preprint arXiv:2106.09685.

Huang, De, Jonathan Niles-Weed, and Rachel Ward (2021). “Streaming k-PCA: Ef-
ficient guarantees for Oja’s algorithm, beyond rank-one updates”. In: Conference
on Learning Theory. PMLR, pp. 2463-2498.

Hiibler, Florian, Ilyas Fatkhullin, and Niao He (2024). “From Gradient Clipping to
Normalization for Heavy Tailed SGD”. In: arXiv preprint arXiv:2410.13849.

Juditsky, Anatoli, Arkadi Nemirovski, and Claire Tauvel (2011). “Solving variational
inequalities with stochastic mirror-prox algorithm”. In: Stochastic Systems 1.1,
pp- 17-58.

Kakade, Sham M and Ambuj Tewari (2008). “On the generalization ability of on-
line strongly convex programming algorithms”. In: Advances in Neural Informa-
tion Processing Systems 21.

Kaplan, Jared, Sam McCandlish, Tom Henighan, Tom B Brown, Benjamin Chess,
Rewon Child, Scott Gray, Alec Radford, Jeffrey Wu, and Dario Amodei (2020).
“Scaling laws for neural language models”. In: arXiv preprint arXiv:2001.08361.



Bibliography 157

Kavis, Ali, Kfir Yehuda Levy, and Volkan Cevher (2021). “High Probability Bounds
for a Class of Nonconvex Algorithms with AdaGrad Stepsize”. In: International
Conference on Learning Representations.

Khaled, Ahmed and Peter Richtérik (2020). “Better theory for SGD in the nonconvex
world”. In: arXiv preprint arXiv:2002.03329.

Kidambi, Rahul, Praneeth Netrapalli, Prateek Jain, and Sham M. Kakade (2018). On
the insufficiency of existing momentum schemes for Stochastic Optimization. arXiv:
1803.05591 [cs.LG]. URL: https://arxiv.org/abs/1803.05591.

Kingma, Diederik P and Jimmy Ba (2014). “Adam: A method for stochastic optimiza-
tion”. In: arXiv preprint arXiv:1412.6980.

Lan, Guanghui (2012). “An optimal method for stochastic composite optimization”.
In: Mathematical Programming 133.1, pp. 365-397.

— (2020). First-order and stochastic optimization methods for machine learning. Springer.

Li, Bingrui, Jianfei Chen, and Jun Zhu (2024a). “Memory efficient optimizers with
4-bit states”. In: Advances in Neural Information Processing Systems 36.

Li, Haochuan, Alexander Rakhlin, and Ali Jadbabaie (2024b). “Convergence of adam
under relaxed assumptions”. In: Advances in Neural Information Processing Systems
36.

Li, Shaojie and Yong Liu (2022). “High Probability Guarantees for Nonconvex Stochas-
tic Gradient Descent with Heavy Tails”. In: International Conference on Machine
Learning. PMLR, pp. 12931-12963.

Li, Xiaoyu and Francesco Orabona (2019). “On the convergence of stochastic gra-
dient descent with adaptive stepsizes”. In: The 22nd International Conference on
Artificial Intelligence and Statistics. PMLR, pp. 983-992.

— (2020). “A high probability analysis of adaptive SGD with momentum”. In: arXiv
preprint arXiv:2007.14294.

Lialin, Vladislav, Sherin Muckatira, Namrata Shivagunde, and Anna Rumshisky
(2023). “Relora: High-rank training through low-rank updates”. In: The Twelfth
International Conference on Learning Representations.

Liang, Kaizhao, Bo Liu, Lizhang Chen, and Qiang Liu (2024). “Memory-efficient llm
training with online subspace descent”. In: arXiv preprint arXiv:2408.12857.

Lin, Ji, Jiaming Tang, Haotian Tang, Shang Yang, Wei-Ming Chen, Wei-Chen Wang,
Guangxuan Xiao, Xingyu Dang, Chuang Gan, and Song Han (2024). AWQ: Activation-
aware Weight Quantization for LLM Compression and Acceleration. arXiv: 2306.00978
[cs.CL]. URL: https://arxiv.org/abs/2306.00978.

Liu, Hong, Zhiyuan Li, David Hall, Percy Liang, and Tengyu Ma (2023a). “Sophia:
A scalable stochastic second-order optimizer for language model pre-training”.
In: arXiv preprint arXiv:2305.14342.

Liu, Zijian, Ta Duy Nguyen, Alina Ene, and Huy Nguyen (2023b). “On the Conver-
gence of AdaGrad(Norm) on $\mathbb{R}"d$: Beyond Convexity, Non-Asymptotic
Rate and Acceleration”. In: The Eleventh International Conference on Learning Rep-
resentations. URL: https://openreview.net/forum?id=ULnHxczCBaE.

Liu, Zijian, Ta Duy Nguyen, Alina Ene, and Huy L Nguyen (2022). “On the Conver-
gence of AdaGrad on R?: Beyond Convexity, Non-Asymptotic Rate and Acceler-
ation”. In: arXiv preprint arXiv:2209.14827.

Liu, Zijian, Ta Duy Nguyen, Thien Hang Nguyen, Alina Ene, and Huy Nguyen
(2023c¢). “High probability convergence of stochastic gradient methods”. In: In-
ternational Conference on Machine Learning. PMLR, pp. 21884-21914.

Liu, Zijian, Jiawei Zhang, and Zhengyuan Zhou (2023d). “Breaking the Lower Bound
with (Little) Structure: Acceleration in Non-Convex Stochastic Optimization with
Heavy-Tailed Noise”. In: arXiv preprint arXiv:2302.06763.


https://arxiv.org/abs/1803.05591
https://arxiv.org/abs/1803.05591
https://arxiv.org/abs/2306.00978
https://arxiv.org/abs/2306.00978
https://arxiv.org/abs/2306.00978
https://openreview.net/forum?id=ULnHxczCBaE

Bibliography 158

Luo, Qijun, Hengxu Yu, and Xiao Li (2024). BAdam: A Memory Efficient Full Parameter
Optimization Method for Large Language Models. arXiv: 2404 .02827 [cs.LG]. URL:
https://arxiv.org/abs/2404.02827.

Madden, Liam, Emiliano Dall’Anese, and Stephen Becker (2020). “High probabil-
ity convergence and uniform stability bounds for nonconvex stochastic gradient
descent”. In: arXiv preprint arXiv:2006.05610.

McMahan, H. Brendan and Matthew J. Streeter (2010). “Adaptive Bound Optimiza-
tion for Online Convex Optimization”. In: Conference on Learning Theory (COLT).
Omnipress, pp. 244-256.

Minsker, Stanislav (2015). “Geometric median and robust estimation in Banach spaces”.
In: Bernoulli, pp. 2308-2335.

Modoranu, Ionut-Vlad, Mher Safaryan, Grigory Malinovsky, Eldar Kurtic, Thomas
Robert, Peter Richtarik, and Dan Alistarh (2024). “MicroAdam: Accurate Adap-
tive Optimization with Low Space Overhead and Provable Convergence”. In:
arXiv preprint arXiv:2405.15593.

Muhamed, Aashiq, Oscar Li, David Woodruff, Mona Diab, and Virginia Smith (2024).
“GRASS: Compute Efficient Low-Memory LLM Training with Structured Sparse
Gradients”. In: arXiv preprint arXiv:2406.17660.

Nazin, Alexander V, Arkadi S Nemirovsky, Alexandre B Tsybakov, and Anatoli B
Juditsky (2019). “Algorithms of robust stochastic optimization based on mirror
descent method”. In: Automation and Remote Control 80.9, pp. 1607-1627.

Nemirovski, Arkadi, Anatoli Juditsky, Guanghui Lan, and Alexander Shapiro (2009).
“Robust stochastic approximation approach to stochastic programming”. In: SIAM
Journal on optimization 19.4, pp. 1574-1609.

Nesterov, Yurii (1983). “A method for unconstrained convex minimization problem
with the rate of convergence O (1/k” 2)”. In: Doklady an ussr. Vol. 269, pp. 543—
547.

Nguyen, Ta Duy, Thien H Nguyen, Alina Ene, and Huy Nguyen (2023a). “Improved
convergence in high probability of clipped gradient methods with heavy tailed
noise”. In: Advances in Neural Information Processing Systems 36, pp. 24191-24222.

Nguyen, Ta Duy, Thien Hang Nguyen, Alina Ene, and Huy Le Nguyen (2023b).
“High probability convergence of clipped-sgd under heavy-tailed noise”. In: arXiv
preprint arXiv:2302.05437.

Parletta, Daniela A, Andrea Paudice, Massimiliano Pontil, and Saverio Salzo (2022).
“High Probability Bounds for Stochastic Subgradient Schemes with Heavy Tailed
Noise”. In: arXiv preprint arXiv:2208.08567 .

Pascanu, Razvan, Tomas Mikolov, and Yoshua Bengio (2012). “Understanding the
exploding gradient problem”. In: CoRR, abs/1211.5063 2.417, p. 1.

Raffel, Colin, Noam Shazeer, Adam Roberts, Katherine Lee, Sharan Narang, Michael
Matena, Yanqgi Zhou, Wei Li, and Peter ]. Liu (2023). Exploring the Limits of Transfer
Learning with a Unified Text-to-Text Transformer. arXiv: 1910.10683 [cs.LG]. URL:
https://arxiv.org/abs/1910.10683.

Raginsky, Maxim and Alexander Rakhlin (2009). “Information complexity of black-
box convex optimization: A new look via feedback information theory”. In: 2009
47th Annual Allerton Conference on Communication, Control, and Computing (Aller-
ton). IEEE, pp. 803-510.

Rajbhandari, Samyam, Jeff Rasley, Olatunji Ruwase, and Yuxiong He (2020). “Zero:
Memory optimizations toward training trillion parameter models”. In: SC20: In-
ternational Conference for High Performance Computing, Networking, Storage and Anal-
ysis. IEEE, pp. 1-16.


https://arxiv.org/abs/2404.02827
https://arxiv.org/abs/2404.02827
https://arxiv.org/abs/1910.10683
https://arxiv.org/abs/1910.10683

Bibliography 159

Rakhlin, Alexander, Ohad Shamir, and Karthik Sridharan (2011). “Making gradient
descent optimal for strongly convex stochastic optimization”. In: arXiv preprint
arXiv:1109.5647.

Reddi, Sashank ], Satyen Kale, and Sanjiv Kumar (2018). “On the Convergence of
Adam and Beyond”. In: International Conference on Learning Representations.

Sadiev, Abdurakhmon, Marina Danilova, Eduard Gorbunov, Samuel Horvath, Gau-
thier Gidel, Pavel Dvurechensky, Alexander Gasnikov, and Peter Richtarik (2023).
“High-Probability Bounds for Stochastic Optimization and Variational Inequali-
ties: the Case of Unbounded Variance”. In: arXiv preprint arXiv:2302.00999.

Sakr, Charbel and Brucek Khailany (2024). “ESPACE: Dimensionality Reduction of
Activations for Model Compression”. In: arXiv preprint arXiv:2410.05437.

Shah, Jay, Ganesh Bikshandi, Ying Zhang, Vijay Thakkar, Pradeep Ramani, and Tri
Dao (2024). “Flashattention-3: Fast and accurate attention with asynchrony and
low-precision”. In: arXiv preprint arXiv:2407.08608.

Shazeer, Noam and Mitchell Stern (2018). “Adafactor: Adaptive learning rates with
sublinear memory cost”. In: International Conference on Machine Learning. PMLR,
pp- 4596-4604.

Simsekli, Umut, Mert Giirbiizbalaban, Thanh Huy Nguyen, Gaél Richard, and Lev-
ent Sagun (2019). “On the heavy-tailed theory of stochastic gradient descent for
deep neural networks”. In: arXiv preprint arXiv:1912.00018.

Simsekli, Umut, Levent Sagun, and Mert Gurbuzbalaban (2019). “A tail-index anal-
ysis of stochastic gradient noise in deep neural networks”. In: pp. 5827-5837.
Tieleman, Tijmen, Geoffrey Hinton, et al. (2012). “Lecture 6.5-rmsprop: Divide the
gradient by a running average of its recent magnitude”. In: COURSERA: Neural

networks for machine learning 4.2, pp. 26-31.

Touvron, Hugo, Thibaut Lavril, Gautier Izacard, Xavier Martinet, Marie-Anne Lachaux,
Timothée Lacroix, Baptiste Roziere, Naman Goyal, Eric Hambro, Faisal Azhar, et
al. (2023). “Llama: Open and efficient foundation language models”. In: arXiv
preprint arXiv:2302.13971.

Vershynin, Roman (2018). High-dimensional probability: An introduction with applica-
tions in data science. Vol. 47. Cambridge university press.

Vural, Nuri Mert, Lu Yu, Krishna Balasubramanian, Stanislav Volgushev, and Murat
A Erdogdu (2022). “Mirror descent strikes again: Optimal stochastic convex opti-
mization under infinite noise variance”. In: Conference on Learning Theory. PMLR,
pp- 65-102.

Vyas, Nikhil, Depen Morwani, and Sham M. Kakade (2024a). “AdaMeM: Mem-
ory Efficient Momentum for Adafactor”. In: 2nd Workshop on Advancing Neural
Network Training: Computational Efficiency, Scalability, and Resource Optimization
(WANT@ICML 2024). URL: https://openreview.net/forum?id=£fZqMVTz7K5.

Vyas, Nikhil, Depen Morwani, Rosie Zhao, Itai Shapira, David Brandfonbrener, Lu-
cas Janson, and Sham Kakade (2024b). “Soap: Improving and stabilizing sham-
poo using adam”. In: arXiv preprint arXiv:2409.11321.

Wang, Bohan, Huishuai Zhang, Zhiming Ma, and Wei Chen (2023). “Convergence of
adagrad for non-convex objectives: Simple proofs and relaxed assumptions”. In:
The Thirty Sixth Annual Conference on Learning Theory. PMLR, pp. 161-190.

Wang, Hongjian, Mert Gurbuzbalaban, Lingjiong Zhu, Umut Simsekli, and Murat
A Erdogdu (2021). “Convergence rates of stochastic gradient descent under in-
finite noise variance”. In: Advances in Neural Information Processing Systems 34,
pp. 18866-18877.

Wang, Runzhe, Sadhika Malladi, Tianhao Wang, Kaifeng Lyu, and Zhiyuan Li (2024).
“The Marginal Value of Momentum for Small Learning Rate SGD”. In: The Twelfth


https://openreview.net/forum?id=fZqMVTz7K5

Bibliography 160

International Conference on Learning Representations. URL: https : //openreview .
net/forum?id=3JjJezzVkT.

Ward, Rachel, Xiaoxia Wu, and Leon Bottou (2019). “AdaGrad stepsizes: Sharp con-
vergence over nonconvex landscapes”. In: International Conference on Machine
Learning. PMLR, pp. 6677-6686.

Workshop, BigScience, Teven Le Scao, Angela Fan, Christopher Akiki, Ellie Pavlick,
Suzana Ili¢, Daniel Hesslow, Roman Castagné, Alexandra Sasha Luccioni, Frangois
Yvon, et al. (2022). “Bloom: A 176b-parameter open-access multilingual language
model”. In: arXiv preprint arXiv:2211.05100.

Wu, Yuhuai, Markus N Rabe, DeLesley Hutchins, and Christian Szegedy (2022).
“Memorizing transformers”. In: arXiv preprint arXiv:2203.08913.

Xiao, Guangxuan, Ji Lin, Mickael Seznec, Hao Wu, Julien Demouth, and Song Han
(2024). SmoothQuant: Accurate and Efficient Post-Training Quantization for Large
Language Models. arXiv: 2211 .10438 [cs.CL]. URL: https://arxiv.org/abs/
2211.10438.

Zhang, Jingzhao, Tianxing He, Suvrit Sra, and Ali Jadbabaie (2019). “Why gradient
clipping accelerates training: A theoretical justification for adaptivity”. In: arXiv
preprint arXiv:1905.11881.

Zhang, Jingzhao, Sai Praneeth Karimireddy, Andreas Veit, Seungyeon Kim, Sashank
Reddji, Sanjiv Kumar, and Suvrit Sra (2020). “Why are adaptive methods good for
attention models?” In: Advances in Neural Information Processing Systems (NeurIPS)
33, pp. 15383-15393.

Zhang, Jiujia and Ashok Cutkosky (2022). “Parameter-free Regret in High Probabil-
ity with Heavy Tails”. In: Advances in Neural Information Processing Systems.

Zhang, Susan, Stephen Roller, Naman Goyal, Mikel Artetxe, Moya Chen, Shuohui
Chen, Christopher Dewan, Mona Diab, Xian Li, Xi Victoria Lin, et al. (2022). “Opt:
Open pre-trained transformer language models”. In: arXiv preprint arXiv:2205.01068.

Zhang, Yushun, Congliang Chen, Ziniu Li, Tian Ding, Chenwei Wu, Diederik P.
Kingma, Yinyu Ye, Zhi-Quan Luo, and Ruoyu Sun (2024). Adam-mini: Use Fewer
Learning Rates To Gain More. arXiv: 2406 . 16793 [cs.LG]. URL: https://arxiv.
org/abs/2406.16793.

Zhao, Jiawei, Zhenyu Zhang, Beidi Chen, Zhangyang Wang, Anima Anandkumar,
and Yuandong Tian (2024). “Galore: Memory-efficient llm training by gradient
low-rank projection”. In: arXiv preprint arXiv:2403.03507.

Zou, Fangyu, Li Shen, Zequn Jie, Weizhong Zhang, and Wei Liu (2019). “A suffi-
cient condition for convergences of adam and rmsprop”. In: Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp. 11127-11135.


https://openreview.net/forum?id=3JjJezzVkT
https://openreview.net/forum?id=3JjJezzVkT
https://arxiv.org/abs/2211.10438
https://arxiv.org/abs/2211.10438
https://arxiv.org/abs/2211.10438
https://arxiv.org/abs/2406.16793
https://arxiv.org/abs/2406.16793
https://arxiv.org/abs/2406.16793

ProQuest Number: 31847547

INFORMATION TO ALL USERS
The quality and completeness of this reproduction is dependent on the quality
and completeness of the copy made available to ProQuest.

ProQuest

Part of Clarivate

Distributed by
ProQuest LLC a part of Clarivate ( 2025).
Copyright of the Dissertation is held by the Author unless otherwise noted.

This work is protected against unauthorized copying under Title 17,
United States Code and other applicable copyright laws.

This work may be used in accordance with the terms of the Creative Commons license
or other rights statement, as indicated in the copyright statement or in the metadata
associated with this work. Unless otherwise specified in the copyright statement
or the metadata, all rights are reserved by the copyright holder.

ProQuest LLC
789 East Eisenhower Parkway
Ann Arbor, Ml 48108 USA



	Abstract
	Acknowledgements
	Introduction
	Stochastic Optimization for Machine Learning: Then and Now
	Machine Learning Pre Scaling Laws
	Machine Learning in the Scaling Laws Era: Big Models and Big Data

	Contributions: From Theory to Practice
	Theory
	Practice

	Dissertation Overview

	Problem Statement and Notations 
	Problem Statement
	Goals
	Interpreting Average Results

	Notations
	Assumptions

	I Theory 
	Introduction  
	Introduction
	Challenges in the Light-Tailed Setting
	Challenges in the Heavy-Tailed Setting

	Contributions
	Main Techniques
	Related Works

	Light-Tailed Noise: (Accelerated) SMD, SGD, and AdaGrad
	Convex Case: Stochastic Mirror Descent (SMD) and Accelerated SMD 
	Analysis of Stochastic Mirror Descent
	Analysis of Accelerated Stochastic Mirror Descent

	Non-convex Case: Stochastic Gradient Descent and AdaGrad 
	Analysis of Stochastic Gradient Descent 
	AdaGrad-Norm and AdaGrad-Coordinate 

	Technical Tools
	Missing Proofs from Section 4.1 
	Stochastic Mirror Descent
	Accelerated Stochastic Mirror Descent

	Missing Proofs from Section 4.2 
	AdaGrad-Norm Omitted Proofs 
	Additional Helper Lemmas

	AdaGrad (Coordinate) Analysis 
	Preliminaries and notations
	Analysis
	Additional Helper Lemmas

	Simplified Proof for High Probability Convergence of SGD under Convex Objectives
	Simplified Proof


	Heavy-Tailed Noise: Clipped SGD and Clipped (Accelerated) SMD 
	Overview
	Assumptions

	Gradient Clipping Operator and Notations
	Clipped Stochastic Gradient Descent for Nonconvex Functions 
	Clipped Stochastic Mirror Descent for Convex Objectives
	Accelerated Stochastic Mirror Descent and Extensions
	Freedman's Inequality
	Missing Proofs from Section 5.3 
	Missing Proofs from Section 5.4
	Clipped Accelerated Stochastic Mirror Descent 


	II Practice 
	Introduction 
	Introduction
	The Anatomy of Common Optimizers

	Contributions and Overview
	Related Works

	Subset-Norm 
	Introduction
	Subset-Norm Adaptive Step Size
	High Probability Convergence of Subset-Norm 
	Coordinate-Noise Density and Dimensional Dependency 
	Coordinate-Noise Density
	Coordinate Noise Density's Convergence Rate's Derivation
	Discussions
	Coordinate-Noise Density Experiments
	Empirical Validation 
	Convergence Rate Derivation 

	Implementation 
	Full Theorem and Proof
	Proof of Theorem 7.6.1


	Subspace-Momentum 
	Introduction
	Subspace-Momentum 
	High-probability Convergence of Subspace-Momentum 
	Implementation: SN+SM and Choice of Projection 
	Projection Selection 
	Subspace Switching and Projection Updates

	Subspace-Momentum Convergence Proofs
	Setup and Intuition 
	Subspace-Momentum convergence proof 
	Proof of Theorem 8.3.1.


	Subset-Norm and Subspace-Momentum Experiments
	Overview
	Experimental Setup

	LLMs Pre-Training Experiments
	Discussions

	LLMs Supervised Fine-Tuning (SFT) Experiments
	Ablation Studies
	Subset-Norm's Subset Size Ablation
	Subspace-Momentum Projection Choice Ablations
	Step Sizes and Momentum Choices Full Ablations
	Larger Projection Update Gaps

	Additional Experiments and Ablation Studies
	Fine-tuning on GLUE Tasks
	AdaGrad, AdaGrad-Norm, and AdaGrad-Subset-Norm
	Additional Subset-Size Experiments for 130M model
	Subspace-Momentum Rank and Gap Ablations
	Gradient Clipping
	Batch Sizes and Random Seeds 

	Experimental and Implementation Details
	LLM Pre-training Experiment Setup
	Hyperparameter Details
	Adam-Subset-Norm Implementation
	Generic Subset-Norm Adaptive Step Size Implementation
	AdamSNSM Implementation Details 
	Measuring Memory Footprint of Optimizers
	Peak memory measurement during training for different optimizers



	III Conclusion and Future Directions 
	Conclusion and Future Directions
	Conclusion
	Future Directions 
	Theoretical Directions
	Experimental Directions

	Final Remark

	Bibliography


