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“What a useful thing a pocket-map is!” 1 remarked.

“That’s another thing we’ve learned from your Nation,” said Mein Herr, “map-making. But
we’ve carried it much further than you. What do you consider the largest map that would be
really useful?”

“About siz inches to the mile.”

“Only six inches!” exclaimed Mein Herr. “We very soon got to siz yards to the mile. Then we
tried a hundred yards to the mile. And then came the grandest idea of all! We actually made a
map of the country, on the scale of a mile to the mile!”

“Have you used it much?” 1 enquired.

“It has never been spread out, yet,” said Mein Herr: “the farmers objected: they said it would
cover the whole country, and shut out the sunlight! So we now use the country itself, as its own
map, and I assure you it does nearly as well.”

from Lewis Carroll, Sylvie and Bruno Concluded, Chapter XI, London, 1895
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Abstract

In this PhD manuscript, we explore optimisation phenomena which occur in complex neural
networks through the lens of 2-layer diagonal linear networks. This rudimentary architecture,
which consists of a two layer feedforward linear network with a diagonal inner weight matrix,
has the advantage of revealing interesting training characteristics while keeping the theoretical
analysis clean and insightful.

The manuscript is composed of four parts. The first serves as a general introduction to
the depicted architecture, it provides results on the optimisation trajectory of gradient flow,
upon which the rest of the manuscript is built. The second part focuses on saddle-to-saddle
dynamics. Taking the initialisation scale of the gradient flow to zero, we prove and describe
the existence of an asymptotic learning trajectory where coordinates are learnt incrementally.
In the third part we focus on the effect of various hyperparameters (namely the batch-size, the
stepsize and the momentum parameter) on the solution which is recovered by the corresponding
gradient method. The fourth and last part takes a slightly different point of view. An underlying
mirror-descent structure emerges when analysing gradient descent on diagonal linear networks
and slightly more complex architectures. This consequently encourages a deeper understanding
of mirror-descent trajectories. In this context, we prove the convergence of the mirror flow in
the linear classification setting towards a maximum margin separating hyperplane.

Keywords: theory of deep learning, diagonal linear networks, implicit regularisation, non-
convex optimisation, mirror descent

Résumé

Dans ce manuscrit de these, nous explorons des phénomenes d’optimisation qui se produisent
dans des réseaux de neurones complexes a travers le prisme des réseaux linéaires diagonaux a
deux couches. Cette architecture rudimentaire, qui consiste en un réseau linéaire a deux couches
avec une matrice de poids interne diagonale, présente ’avantage de révéler des caractéristiques
d’entralnement intéressantes tout en conservant une analyse théorique claire et instructive.

Le manuscrit est composé de quatre parties. La premiere sert d’introduction générale a
I’architecture présentée, fournissant des résultats sur la trajectoire d’optimisation du flot de
gradient, sur laquelle repose le reste du manuscrit. La deuxieme partie se concentre sur les
dynamiques selle a selle. En prenant I’échelle d’initialisation du flot de gradient a zéro, nous
prouvons et décrivons existence d’une trajectoire d’apprentissage asymptotique ou les coor-
données sont apprises de maniere incrémentale. Dans la troisieme partie, nous nous concentrons
sur leffet de différents hyper-parametres (notamment le ‘batch-size’, le pas de gradient et le
parametre de momentum) sur la solution retrouvée par la méthode de gradient correspondante.
La quatrieme et derniere partie adopte un point de vue légerement différent. Une structure
sous-jacente de descente de miroir émerge lors de I'analyse de la descente de gradient sur les
réseaux linéaires diagonaux ainsi que sur des architectures légerement plus complexes. Cela
encourage par conséquent une compréhension plus approfondie des trajectoires de descente de
miroir. Dans ce contexte, nous prouvons la convergence du flot de miroir vers un hyperplan
séparateur de marge maximale dans le cadre de la classification linéaire.

Mots-clés : théorie de 'apprentissage profond, réseaux linéaires diagonaux, régularisation im-
plicite, optimisation non convexe, descente de miroir
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Chapter 1

Introduction

1.1 The deep-learning success story

The breakthroughs in deep learning have begun to reshape various aspects of our societies. In
healthcare, these advancements involve training models to enhance clinical diagnostics, aid in
drug discovery, as well as provide personalised treatment plans [Esteva et al., 2019, Jumper et al.,
2021]. In the transportation sector, deep learning has facilitated the development of autonomous
vehicles, improved traffic management systems, and popularised ride-sharing services. In the
sector of content creation, generative models now produce texts, music, images, and videos which
are sufficiently realistic to pose challenges to traditional industries [Brown et al., 2020, Ramesh
et al., 2021, OpenAl, 2024]. These powerful models are not only employed daily by businesses
and governments but have also become accessible to everyone through web interfaces, such as
conversational agents like ChatGPT, as well as image and video creation platforms like DALL-E
and Sora.

The performance of these models challenges our human-centered understanding of truth, in-
telligence, reasoning, and creativity. In text and image creation, these models blur the distinction
between human and machine-generated content, making it increasingly difficult to differentiate
between reality and the realm of virtuality [Hsu, 2024]. The computer program AlphaGo, devel-
oped to play the game of Go, was described as ‘creative’ by experts after defeating professional
player Lee Sedol [Metz, 2016] and language models can now tackle complex reasoning spanning
mathematics, puzzle-solving, vision, and psychology [Bubeck et al., 2023].

These achievements can largely be attributed to three main factors. Firstly, the availability
of tremendous amounts of data. To provide a sense of scale, current language models are trained
using all publicly available text on the Internet, equating to roughly a trillion ‘words’, equivalent
to a million copies of War and Peace by Leo Tolstoy. Secondly, there has been a significant
increase in computational power, thanks to the continuous miniaturisation of transistors and
the development of powerful and energy-efficient processors, along with the emergence of GPUs
and TPUs ideal for training deep neural networks. These advancements have allowed for the
training of increasingly larger models. Lastly, the development of novel architectures, alongside
the accumulation of intricate expertise in the training of these models, has significantly enhanced
their performance and accessibility. The spread of open-source culture and the establishment of
competitive benchmarks like ImageNet [Deng et al., 2009] have also played an important role.
Also note that the complexity of the engineering processes involved in model training, such
as data preprocessing, parallel computing, infrastrucutre mangagement, hyperparameter tuning
and model monitoring, underscores the requirement of specialised skills to train large models.
This fact is reflected in the generous salaries associated with such skills [Eckert, 2023].

1



CHAPTER 1. INTRODUCTION

1.2 A brief history of deep learning

Understanding the role of theory in this success story is a natural question. Interestingly, it
appears as a somewhat controversial topic as pioneers in deep learning, like Yann LeCun, have
critiqued what they call a ‘mathematical hypnosis’ [Lecun, 2019] and LeCun writes that ‘blind
trust in theoretical results that turned out to be irrelevant is a magjor reason why neural nets were
dismissed between 1995 and 2010’ [Lecun, 2023].

In the 1990s, convolutional neural networks were successfully trained with the recent use
of backpropagation along with stochastic gradient descent, outperforming other techniques in
tasks such as handwritten character recognition [LeCun et al., 1998]. These promising em-
pirical results, however, lacked solid theoretical foundations and interpretability. Worse, they
seemed to contradict prevailing mathematical beliefs: classical generalisation bounds predicted
catastrophic overfitting, and deep networks were seen as excessively complex, given the proven
approximation universality of single hidden layer networks [Hornik et al., 1989]. Additionally,
their training relied on many heuristics, and in Vapnik’s own words: ‘the designers of neural
networks compensate the mathematical shortcomings with the high art of engineering’ [Vapnik,
1999, p.171].

This perspective led Vladimir Vapnik, a pioneer in statistical learning theory, to take the
following bet in 1995: ‘by 2005, no one in his right mind will use neural nets that are essen-
tially like those used in 1995° [Lecun, 2019]. In contrast to the advancement of neural networks,
Vapnik and colleagues pursued a ‘bottom-up approach’,!constructing the Support Vector Ma-
chines (SVM), which are designed to provide guaranteed generalisation performances [Boser
et al., 1992, Cortes and Vapnik, 1995]. While theoretically appealing, SVMs struggled to scale
efficiently with the increasing volume of available data.

The ‘SVM vs Deep Neural Networks’ debate was (at least temporaly) settled in 2012 with
the appartition of the AlexNet architecture [Krizhevsky et al., 2012], which made a significant
breakthrough by largely outperforming other models in the ImageNet Large Scale Visual Recog-
nition Challenge. Nevertheless, the outstanding results achieved by deep neural networks still
largely remain mysterious and Vapnik’s original theoretical skepticism remains pertinent.

1.3 The necessity of a (‘good’) theory.

Given the achievements of deep learning, largely independent of theoretical foundations, one
may rightfully question the necessity or desirability of a ‘theory of deep learning’. However,
considering the title of this PhD, it seems imperative to advocate for the importance of such a
theory. To begin, we must try to establish what constitutes a ‘good’ theory.

‘Nothing is more practical than a good theory.’” ?

Adopting this saying, a good theory must therefore be practical (similar to a pocket-map!)
and provide a framework and tools which facilitates the understanding and conceptualisation
of existing empirical observations. Why is this essential in the context of deep learning? We
propose three main reasons:

Hollowing Vapnik’s philosophy, he chose the second part of Hegel’s formula ‘Whatever is real is rational, and
whatever is rational is real.” (see Chapter 9.6 in Vapnik [1999] for his enlightening discussion on the two different
point of views a theoretician can adopt when facing a natural science phenomenon)

2commonly attributed to the social psychologist Kurt Lewin. Note that this saying is at the heart of Vapnik’s
book on statistical learning theory [Vapnik, 1999].



CHAPTER 1. INTRODUCTION

e Sustainability: A better understanding of models should lead to an optimisation of their
structure, of their training and of the use of data. Consequently and hopefully leading
to:* (i) reduce model sizes, (ii) minimise training data and storage requirements, (7ii)
decrease the number of required training iterations. These benefits, in turn, translate into
lower energy consumption for training, data storage, and hardware manufacturing as well
as reduced material extraction including rare metals, used in hardware production.

e Interpretability: Understanding the criteria behind a model’s predictions and ensuring
robustness guarantees is crucial for ethical, fairness, and security considerations. This is
particularly critical in domains like healthcare, finance, education, and robotics, where
trust and accountability are required.

o A better understanding of intelligence: Language and image generation models chal-
lenge our conceptions of intelligence. Machines now navigate territories once reserved to
conscious beings. A better understanding of these seemingly intelligent machines will
undoubtedly shed light on various aspects of our own.

1.4 What are the deep learning mysteries?

To understand why the success of deep learning is so intriguing, we must first introduce its
fundamental principles. Deep learning, in essence, follows a straightforward approach.

e )
Deep learning approach:

Input

(Big) training set (z1,91), ..., (Zn, Yn)
(Large and deep) architecture, initialised at fy, : R? — Y

Training procedure

Minimise the empirical loss ), £(ys, fuw(x;)) using a gradient method and heuristics

Output

Trained weights w* and prediction function z — fy,+(x)

We expand on various aspects of the approach.

A diversity of architectures. There are various types of architectures, each corresponding to
different parameterisations f,,. Examples include multilayer perceptrons (MLP), convolutional
neural networks (CNN), and residual neural networks (ResNets). Despite their differences, they
all involve stacking multiple layers, hence the term ‘deep’. The final transformation involves
a series of matrix operations and nonlinear transformations. For instance, the AlexNet archi-
tecture [Krizhevsky et al., 2012] is composed of a total of 8 trainable layers: 5 convolutional
layers and 3 fully connected layers, with a total of 60 million parameters. The latest major
architectural development is the Transformer architecture [Vaswani et al., 2017] which has had
a profound impact on various learning tasks since 2017.

3this comment is only applicable if there is no rebound effect and these benefits are not immediately exploited
to develop more powerful models.



CHAPTER 1. INTRODUCTION

Training procedure. Successfully training the model is crucial. At its core, this involves using
a gradient method to minimise the training loss, on top of which a wide range of techniques
has been developed through trial and error, forming a toolbox of common practices which
have significantly enhanced the test performances. These include batch normalisation, dropout,
adaptive learning rates, the use of momentum, data cleaning, data augmentation, weight decay,
early stopping etc. Years of trial and error have resulted in an accumulation of these engineering
tricks which have led to the current state-of-the-art results.

Deep learning philosophy. There is a notable inclination towards the development of in-
creasingly larger models, coupled with the use of much bigger datasets and the allocation of
substantial computational resources for model training. This inclination results from the obser-
vation that over the years, this philosophy has been consistently demonstrated to yield significant
advancements in performance. For instance, contemporary models like GPT have approximately
10! trainable parameters, whereas comparatively ‘older’ models like ResNet18 have around 105
parameters.

1.4.1 What could possibly go wrong?

In short, many things! In fact, we’ve become accustomed with their success to the point that it
is tempting to forget all the things which a priori could have gone wrong. As written in Vapnik
[1999] (Chapter 5.11): ‘From the formal point of view one cannot guarantee that neural networks
generalize well, since according to theory, in order to control generalisation ability one should
control two factors: the value of the empirical risk and the value of the confidence interval.
Neural networks, however, cannot control either two.” We expand on the two main concerns
highlighted by Vapnik, which still largely hold today:

e Optimisation: The objective function which is minimised is non-convex and (potentially)
has many local minima which have high training loss values in which the gradient method
could get trapped. Furthermore, the training procedure could (potentially) exhibit signif-
icant instabilities such as exploding or vanishing gradients which would make the search
for appropriate hyperparameters prohibitively complicated.

e Generalisation: Even if the training process does converge to a global minimum?, there
is no inherent assurance that the resulting solution will generalise well due to the absence
of theoretical results ensuring this. The traditional learning theory framework, originally
designed to offer such guarantees, fails to furnish meaningful bounds in the context of deep
neural networks.

These two concerns are fully justified. And yet, deep learning works! To understand why, we
must go beyond classical non-convex and generalisation results:

e Loss landscape analysis: Relying solely on general (and hence worst-case) results con-
cerning non-convex functions cannot be sufficient. Instead, we must take a deeper look
at the specific loss landscape: are there many local minima, and if so, why doesn’t the
gradient method converge to them? How does this depend on the hyperparameters?

e Implicit regularisation: Regarding the generalisation concern, the concept of algorith-
mic implicit reqularisation has emerged: if overfitting is benign, it must be because the

“note that some of the comments may not apply in the context of Large Language Models (LLM). The training
sets have become so large that overfitting them is impossible. In this thesis, we focus on the ’pre’-LLM paradigm,
where overfitting is common.
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optimisation process is implicitly biased towards solutions which have good generalisation
properties for the considered real-world prediction tasks.

We expand the discussion by examining several influential empirical studies which demon-
strate the necessity of rethinking traditional approaches.

1.4.2 Theoretical insights from empirical observations

Several empirical studies, which conduct controlled experiments, offer precious insights into the
types of theoretical guarantees we can or cannot expect. Such works have significantly influenced
recent theoretical research.

Neural networks can memorise random pixels. In their seminal work, Zhang et al. [2017]
show that a convolutional neural network trained on images consisting entirely of random pixels
can perfectly fit the data with zero training error. The same phenomenon occurs with real world
images which have random labels. This indicates that the structure of the inputs and outputs
s not the key factor explaining successful optimisation. Furthermore, this implies that ‘easy
optimisation’ and ‘good generalisation’ are two separate phenomena.

Larger models lead to better test performance. In another seminal work, Neyshabur
et al. [2014] observe that for a simple single hidden layer network, increasing the size of the
hidden layer consistently reduces the test loss, even after reaching the width at which training
interpolation begins. However, traditional measures of model complexity, such as the VC-
dimension or the Rademacher complexity, increase with the width. This suggests that these
complexity measures are not adequate for explaining generalisation performance.

Data dependent generalisation bounds. Zhang et al. [2017] observe that a convolutional
neural network can overfit an image dataset where the labels are fully random, resulting in a
training loss of 0 and poor test accuracy (by construction due to the random labeling). This
indicates that any uniform bound explaining good generalisation properties cannot hold in the
case of random labels. Such bounds must therefore take into account the specific characteristics
of the dataset.

The training algorithm must be taken into account. Liu et al. [2020a] show that there
exist bad global minima of the training loss, i.e. there exists neural networks that perfectly fit the
training set but exhibit poor generalisation performance. Therefore, when good generalisation
occurs, it must be because the standard training algorithm has led us towards a solution that
enjoys favorable generalisation properties for the task at hand.

Training hyperparameters influence test performance. While it’s commonly expected
that training hyperparameters affect the convergence speed of the training loss, recent observa-
tions suggest they also impact the generalisation performance of the trained model. Notably, the
initialisation scale of the weights plays an important role in generalisation [Woodworth et al.,
2020b], with large initialisations leading to what is known as a ‘lazy regime’, characterised by
decreased test performance [Chizat et al., 2019, Fort et al., 2020]. Empirical findings by Masters
and Luschi [2018] reveal that increasing the step size improves test performance for mini-batch
stochastic gradient descent (SGD), while the opposite trend occurs for large-batch SGD. More-
over, Geiping et al. [2022] note a performance gap between GD and SGD in favor of SGD, and
similar trends are corroborated in the study by Keskar et al. [2017]. Additionally, the use of
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momentum in deep learning training is a common practice known to enhance generalisation
performance [Sutskever et al., 2013, Leclerc and Madry, 2020].

Explicit regularisation alone does not fully account for generalisation performance.
While ¢2-regularisation, often referred to as weight decay, is a common technique used to enhance
network training and testing performance, it does not appear as fundamental as non-regularised
networks still perform very well as observed in Zhang et al. [2017].

We can now finally discuss the approach we employ to try and clarify some of these aspects.

1.5 Goal, outline and contibutions of the thesis

The objective of this thesis is to try to elucidate some of the empirical findings mentioned
above: particularly regarding the global convergence of gradient methods and their implicit
regularisation.

To do so, we will extensively utilise the simplest neural network model available: the 2-layer
diagonal linear network (DLN). Despite its simplicity, this model surprisingly exhibits train-
ing characteristics mentioned previously, including global convergence and non-trivial implicit
regularisation dependent on factors such as initialisation, step size, batch size, and the pres-
ence of momentum. Consequently, this model serves as an ideal proxy for gaining a deeper
understanding of complex phenomenons.

The thesis is outlined as follows.

Part I: In Chapter 2, we give a gentle introduction to the concept of implicit regularisation by
illustrating its manifestation even for linear parametrisations. Following this, in Chapter 3, we
introduce the 2-layer diagonal linear network architecture and present key results upon which
the rest of the thesis is built. Lastly, in Chapter 4, we present general convergence results on
mirror flows, which are extensively leveraged when dealing with diagonal linear networks. It’s
important to note that the results presented in these chapters are primarily synthesised from
existing works and not novel contributions: we acknowledge the works which establish these
results in Chapter 5.

Part II: The aim of this section is to extend beyond the asymptotic characterisation of the
solution recovered by gradient flow (GF) over the 2-layer diagonal linear network in the regression
setting. We provide a full description of the trajectory in the limit of vanishing initialisation.
We show that the limiting flow successively jumps from a saddle of the training loss to another
until reaching the minimum ¢;-norm solution. Starting from the zero vector, coordinates are
successively activated until the minimum #;-norm solution is recovered, revealing an incremental
learning.

Part III: The objective of this section is to explore the influence of hyperparameters on the
solution recovered by gradient methods over the 2-layer diagonal linear network. Chapter 7
investigates the impact of stochastic noise using a continuous-time model of stochastic gradient
descent (SGD). We demonstrate that this model allows us to show the beneficial effects of
stochastic sampling noise for sparse recovery. Chapter 8 extends this investigation by directly
analysing the discrete recursion, without resorting to a continuous-time model. We prove that
while large step sizes enhance sparse recovery for SGD, employing large step sizes in the gradient
descent recursion is detrimental. Finally, Chapter 9, we leverage a continuous-time approach to

6
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analyse momentum gradient descent. This approach identifies an intrinsic quantity A = ﬁ
that uniquely defines the optimisation path and offers a simple acceleration rule applicable
beyond the diagonal network architecture. We then explain that mild values of A facilitate the

recovery of sparse solutions when training diagonal linear networks in the regression setting.

Part I'V: Finally in the last part, we examine the continuous-time counterpart of mirror de-
scent, namely mirror flow, on classification problems which are linearly separable. Such problems
are minimised ‘at infinity’ and have many possible solutions; we study which solution is preferred
by the algorithm depending on the mirror potential. For exponential tailed losses and under
mild assumptions on the potential, we show that the iterates converge in direction towards a
Poo-maximum margin classifier. The function ¢ is the horizon function of the mirror potential
and characterises its shape ‘at infinity’. When the potential is separable, a simple formula al-
lows to compute this function. We analyse several examples of potentials and provide numerical
experiments highlighting our results.

Contributions beyond this thesis. The chapters in this thesis are a selection of works which
are related to diagonal linear networks or to implicit regularisation. The author also contributed
to two other projects on other topics.

In Pesme and Flammarion [2020], we consider a regression setting with gaussian inputs and
where the outputs have potentially been corrupted by an oblivious adversary. In this setting, we
show that performing SGD on the ¢ loss converges to the true parameter at a fast and adaptive
rate.

In Pesme et al. [2020], we consider the underparametrised least-squares setting and explore
two convergence-diagnostic methods to automatically decrease the stepsize when saturation of
the loss is reached. We show that relying on the inner product between consecutive stochastic
gradients cannot lead to an adequate convergence diagnostic. We then propose another simple
strategy which is based on the distance travelled by the iterates.
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Chapter 2

Warm-up with linear parametrisations

In order to set the stage and illustrate how algorithmic implicit regularisation can be exhibited,
we begin by focusins on the simplest parametrisation: considering a weight vector w € R%, we
define the function f,(z) = (w,z). To maintain consistency in notation throughout subsequent
sections, we use the symbol ‘3’ instead of ‘w’ to parametrise this class of functions. Our ‘neural
network’ architecture is thus:

{fg:x— <ﬁ,az>,/3€]Rd}.

Clearly this class of function is limited in its ability to learn or extract complex features from
the data, as it can only perform linear combination of the input coordinates. However, it serves
as a useful framework for exploring questions related to implicit regularisation.

In the following, we differentiate between the regression and classification settings, as these
settings are relatively different.

2.1 Linear regression

We set ourselves in the overparametrised setting in which the number of trainable parameters
(here equal to the dimension d) is larger than the number of samples. This setting is also
sometimes referred to as the under-determined setting. In this case, there are multiple ways of
interpolating our data as y; = (6%, ;). In order to rigourously ensure that this is indeed the
case, we put the following non-restrictive assumption on the inputs.

Assumption 1 (Overparametrised setting). d is larger than n and the features xy, ..., x, € R?
are linearly independent.

Provided that d > n, this assumption holds almost surely if the samples are drawn from
a distribution which is absolutely continuous, i.e. which doesn’t assign any probability to sets
that have no size according to the Lebesgue measure. Importantly, Assumption 1 ensures that
the span of the columns of the feature matrix! X € R"*9 is equal to R™. Consequently, letting
S denote the set of interpolators which perfectly fit the training data:

S = {B* € RY, (8%, x;) = y; Vi € [n]},

we are guaranteed that S is not empty. In fact, S is an affine space of dimension (d —n) equal to
B*4span(z1, ..., z,)", where 3* is any arbitrary element of S. We will also use the terminology
of interpolator to denote an element of S, we also say of such a vector that it fits the dataset.

Consequences for learning. In this setting, it does not make sense to speak of the empirical
risk minimiser since any element of & minimises it. One might then wonder if it makes sense to
find a generalisation bound which holds for any interpolator in S. We argue that it does not.

h

Lthe feature matrix X € R™*¢ denotes the matrix whose " row is input ;.
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In fact, we expect ‘most’? elements of S to perform extremely bad! Indeed, intuitively consider
the set {8* € S,||5*]|2 > ‘large constant’}: we expect the infinitely many elements of this set to
generalise catastrophically. This is formalised in the following proposition.

Proposition 1 (No free lunch). Assume that the samples (x;,yi)1<i<n are sampled from an
underlying ‘true’ distribution which is such that the true expectations E[||z||3] and Ely||z||2] are
finite and that E[zx "] is positive definite. Then, if n < d it holds that:

sup E[(y — (8”,3))?] = +o0.

BresS
Proof. The proof follows from the fact that the (well-defined) true risk E[(y— (3, 2))?] is coercive
and that & is unbounded. O

Remark. If the data samples almost surely lie in a low dimensional subspace of dimension deg,
then the previous proposition still holds but under the condition n < deg.

In words, it is hopeless to expect all elements of S to generalise well. However, we can still
hope that some of them will! In fact, the solutions recovered by the common training procedures
usually perform pretty well. We thus seek to understand what solutions are recovered by specific
training algorithms.

Taking the training algorithm into account. The method at the core of deep learning
training is the gradient descent (GD) algorithm and all other training methods can be seen
as more sophisticated variations of this method: stochastic gradient descent (SGD), the use
of momentum, adaptive stepsizes etc. In the linear regression setting with a square residual
penalty?, the empirical train loss which we seek to minimise is the well-known quadratic loss:
L(B) = S zn:(y — (B, x;))? (Quadratic loss)
2n ‘ e

=1

Importantly, notice that L(8*) = 0 if and only if y; = (5*, x;) for all i € [n]. Since our discussion
readily holds for mini-batch SGD with any batch-size (thus interpolating between SGD and
GD). We directly state the mini-batch SGD recursion (which we abreviate as (S)GD):

Brar = Br — WYL, (B) where L, (8) = = 3" (s — (B, 0))", (($)GD)

2b
1€ By,

where ~; corresponds to the stepsize at iteration k, By C [n] the mini-batch of b € [n] distinct
samples sampled uniformly and independently at each iteration. Classical SGD and full-batch
GD are special cases with b = 1 and b = n, respectively. At first sight, we could expect the
iterates (), to explore the whole R? space.* However, notice that for any sampled batch By, C [n],
we have that VLp, (f) € span(zy,...,z,). Summing the (S)GD we then immediately get the
following key observation:

Br € Bo + span(zxy, ..., xy,). (Key observation)

This observation is crucial and it means that the iterates 5 remain in the n-dimensional affine
space By + span(x1,...,xy,) which is considerably smaller than R? when d > n. This simple
observation naturally leads to the implicit regularisation problem associated to (S)GD.

2the definition of ‘most’ is ill-defined as S is infinite.
3note that the implicit regularisation results still hold for a very large variety of other penalty losses Ly, 9)
4this would be the case if we added random isotropic noise at each iteration

10



CHAPTER 2. WARM-UP WITH LINEAR PARAMETRISATIONS

Proposition 2 (Implicit reguralisation of (S)GD in the regression setting). For any initialisation
Bo € R and batch size b € [n] and for any stepsize sequence (Vi)

- if the loss converges towards 0, then the iterates converge towards the following interpolator:

BOEP = argmin |6* — ﬂo”%
pres

- if a strictly positive and constant vy = v < SUPBC[n) % YicB xzxj is used, then L(S) 2.

Proof. Assume that the loss converges towards 0, then the convergence of the iterates follows
from the fact that the restriction of L to By + span(z1,...,r,) is strongly convex. Let 3®/&P
denote this interpolator, and notice that it must also belong to Sy + span(z1,...,x,). For any
other interpolator g* € S, the Pythagorean theorem concludes the proof:

18* = Boll* = 118" = B3 + 18" — Boll3

> |89 — By||3.

The proof of the almost sure convergence of the loss towards 0 under the stepize constraint can
be found in Even [2024] (Proposition 1.1.4). O

In words, the recovered solution corresponds to the fo-projection of the initialisation on
the set of interpolators. If the initialisation is chosen such that By = 0, then the recovered
solution corresponds to the minimum /fo-norm interpolator, which is known to have favorable
generalisation properties in various settings [Bartlett et al., 2020].

Remark. Importantly, note that the recovered solution does not depends on the stepsize, nor on
the batch size. GD and SGD, when they converge, always converge towards the same solution! It
can easily be shown that this is also the case for momentum (stochastic) gradient descent when
initialised such that B = Po.

Remark. Note that the hessian of the training loss at any interpolator B* is the same. Hoping
for generalisation bounds involving any type of flatness definition is therefore hopeless here.

2.2 Linear classification

We now switch our focus towards linear classification. In this setting the picture is surprisingly
quite different, and many of the methods which we used in the previous section cannot easily be
transferred. Similarly to the regression setting, we are interested in the case where there exists
different ways of classifying our dataset, we therefore put the following assumption our dataset.

Assumption 2 (Separable data). The dataset is linearly separable: there exists f* € R? such
that y;(B8*, ;) > 0 for all i € [n].

Similar to Assumption 1, the previous assumption holds a.s. as soon as d > n if the samples
are sampled from a continuous probability distribution. However note that Assumption 2 can
hold even when d > n. Contrary to the regression setting, our prediction function is not
x — (B, ) which takes its values in R, but z — sgn({g,z)) which takes its values in {—1,1}.
Since this function is invariant up to positive rescalings of 5. It is natural to consider the set
following set of ‘separating directions’:

S ={B* e R,||B*|| = 1 and y;(B*, ;) > 0,Vi € [n]}.

11
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The norm which appears in the definition of S is arbitrary and this set is non-empty due to
Assumption 2, in fact it has infinitely many elements since 3 — min; y;(/3, z;) is continuous on
the || - || unit sphere. As in the regression setting, we cannot expect all of them to generalise
well. Instead, we focus on the solutions recovered by gradient methods to investigate whether
they enjoy a particular structure.

Taking the training algorithm into account. As in the regression setting, we consider
mini-batch stochastic gradient descent Equation ((S)GD) but with a logistic loss® which is well
suited to classification tasks:

L(B) = Z In (1 + exp(—yi (B, z;))). (Logistic loss)
i=1

Observe that due to Assumption 2, argmin L is an empty set even though min L = 0. This
is due to the fact that L is minised ‘at infinity’. We therefore expect de (S)GD iterates [ to
diverge to infinity, we can nonetheless consider the normalised iterates Sy = ”’g—:”, where the

norm is arbitrary, as done in the following proposition.

Proposition 3 (Implicit regularisation of (S)GD in the linear classification setting). For any
initialisation By and batch size b € [b] and sufficiently small constant step-size y. The normalised
iterates By = Hg—:” converge towards a vector proportional to the fo-max margin solution:

B(S)GDO( argllﬂin HBH%

where x denotes positive proportionality.

The proof of the previous proposition is not as intuitive as in the regression setting, but still
heavily relies on the fact that the updates remain in the span of the data. We refer to Soudry
et al. [2018], Nacson et al. [2019a] for the proofs for GD ans SGD respectively and to Part IV
for a more compact proof in the case of gradient flow.

While we can already illustrate the concept of implicit regularisation through the linear
parametrisation by showing that standard gradient descent methods converge towards minimal
£o-norm solutions, it’s important to note that the hyperparameters do not impact the recovered
solution, wunlike what is observed in more complex architectures. To theoretically explore this
phenomenon further, we move on to a slightly more complex architecture.

Snote that the results do not change for a large variety of other penalty losses which have exponential tails.
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Diagonal linear networks

= diag(v) € R?*¢
- O% RY
O—0-
/
Q Q/ u®v,x)
o—0O

z e R?

Armed with our insights from the linear parametrisation and in an effort to understand
the training dynamics of neural networks, we consider a 2-layer diagonal linear network (DLN)
which corresponds to reparametrising the vector 3 as:

Buw=u®uv where w= (u,v) € R*. (DLN)

This parametrisation can be interpreted as a simple neural network = — (u, o(diag(v)x)) where
u are the output weights, the diagonal matrix diag(v) represents the inner weights, and the
activation o is the identity function.!. We refer to w = (u,v) € R?? as the weights and to
B =u®uv R as the prediction parameter.

This parametrisation may initially appear disappointing since the prediction function re-
mains linear in the input x. However this simple multiplicative parametrisation leads to training
behaviours which closely resemble those observe in more complex networks.

With the parametrisation (DLN), the loss function F over the weights w = (u,v) € R?? is

defined as
F(w) = L(u®v), (3.1)

where L can either correspond to a regression or classification loss. In this chapter, we focus on
the continuous-time model of gradient descent, namely gradient flow (GF):

dwt = —VF(wt)dt. (GF)

Remark. Continuous-time models enable to use calculus tools like differentiation and integra-
tion, making the computations much simpler. However, due to the (worst-case) catastrophic
discretisation bounds, continuous time results cannot a priori be directly transferred to their dis-
crete time counter-parts. However: (i) they turn out to be surprisingly good models in the sense
that the countinuous and discrete trajectories often stay close, even for non-conver losses, and
(ii) the developed mathematical tools and insights can often be adapted and transferred to the
discrete world.

note that this parametrisation is strictly equivalent to another which also appears in the literature and which
writes 8 as (w3 — w2)/2. This is because (w4, w_) can be seen as a 45° rotation of (u,v) (see Proposition 33)
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3.1 Regression setting

In this section, we consider the regression setting where the data satisfies Assumption 1. Con-
sidering the sum of squared residuals, the training loss writes:

n

F(w) = % Z((u Ov, ;) — i) (3.2)
i=1

Loss landscape. F'is a non-convex function and this can be problematic from an optimisation
perspective as we could end stuck at a local-minima which has a high training loss. However
the following proposition shows the non-convexity of F' is rather benign.

Proposition 4 (Benign non-convexity). The loss function F defined in eq. (3.2) is such that:
e [t does not have any local maxima and its local minima must be global.
o If ws = (ugs,vs) is a saddle point of F, then B = us © v satisfies:

Bs = arg min L(B),
Bi=0 for i¢supp(By)

where supp(Bs) = {i € [d], Bsi] # 0} corresponds to the support of By.

e Conversely, for a subset Iy C [d], let B € argmin L(B). Then provided that Bs & S
8;=0 for i

and for A € Rio, the following vector is a saddle point of F':
wi = (3gn(Bs)V |Bs|/ X OV [Bs| © A).
e The global solutions of F corresponds to the set:

{(sign(ﬁ*)\/lﬁ*\ OMVIB/A) for B €S and A € R;@O}.

Proof. First point. Notice that the image of the mapping (u,v) — u ® v of any neighbourhood
of a point (ug,vy) € R?? is a neighbourhood of uy ® vy in R Consequently, if (uy,vs) were a
local extrema of F', then uy ® vy would be a local extrema of the convex loss L, which is absurd.
The proof of the last point is straightforward. We refer to Appendix A.2 for the proof of points
2 and 3. O

It is very unlikely for any gradient method to get exactly stuck at a saddle point, however
they can significantly slow down the optimisation due to the vanishing gradient.? Also note the
very particular structure of the ‘saddle’ predictors B;: they correspond to sparse vectors that
minimise the (convex) loss L over its non-zero coordinates. Also not that due to Assumption 1,
for all subset I C [d] of size larger or equal than n, there must exist a vector 5* € S such that
supp(8*) C I. Consequently, the saddle points wy of F' map to at most ZZ;(l) (,‘j) different
vectors (.

2this also holds for the stochastic gradients because VF;(8s)] = 0 for any partial loss Fj, ¢ € [n].

supp(Br5)C
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Gradient flow dynamics. We now turn to the gradient flow dynamics and seek to: (i)
prove that the iterates indeed converge towards an interpolator, (ii) characterise the recovered
solution. The chain rule applied to the training loss immediately gives that the gradient flow
writes:

U = —VL(B) ©@ve and 0y = —VL(B) © uy.

Since our prediction function z — (u; ® vy, ) at time ¢ only depends on f; = uy © v, we
are interested in characterising towards which vector do the predictors B; converge to. An
intermediate natural question to is then:

What type of flow do the predictors (B)e>o follow?

An underlying mirror flow. Taking the derivative of 5; we immediately get that:
dB; = —(u? +v?) © VL(By)dt. (3.3)

It may seem that we are stuck as it is impossible to write u? + v? as only depending on u ® v.
However, the invariances of the mapping (u,v) — u®wv provides us a quantity which is conserved
along the flow [Marcotte et al., 2024], namely the (absolute) balancedness A, = %|u? — v|.
Indeed simply notice that A; = 0 and therefore A; is conserved and equal to A = |u? — v|/2
which we assume to have non-zero coordinates.? Equation 3.3 then rewrites:

dfy = =24/ 87 + A2 © VL(B,)dt. (3.4)

A sharp eye then recognises a mirror flow. Indeed, let ¢ao : R? — R denote the following
A-hypentropy function:

oa(B) = %Z (Biarcsinh <§Z) — /B2 + A%+ Ai> . (A-Hypentropy)

i=1 ¢

This strictly convex function is such that V2¢a(8) is a diagonal matrix which has the vector
1 . . . . .
W] as its diagonal and equation 3.4 then naturally rewrites:
dVoa(Bt) = —VL(B)dt. (MF)

This corresponds to the continuous version of mirror descent, namely mirror flow, and where
the potential is the function ¢a.

What have we gained? It might seem that we have complicated the situation due to the
appearance of the potential. Que nenni: we have moved from a non-convexr gradient flow to
a convexr mirror flow and we can now leverage classical convex optimisation tools from the
literature to prove the convergence of the iterates. Moreover, we now identify the new key
observation which highlights which quantity remains in the span of the data. Indeed, integrating
Equation (MF) we get:

Voa(B) € Voa(bo) + span(xi, ..., zp). (Key observation)

This geometrical observation leads to the following implicit regularisation problem.

31f initially u;0 = %v;,0 for some coordinate i € [d], then u;; = +v;, V¢t > 0. Hence, imposing u% — v% #0
corresponds to working with 2d distinct weights.
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Proposition 5 (Implicit regularisation of GF over DLNs, regression setting)). The iterates 3
converge towards an interpolator 3 € S and:

BGF = argmin D(bA (B*vﬁ())v
p*es

where Dy, denotes the Bregman divergence.

Proof. The convergence of the iterates towards an interpolator S can readily be adapted from
Bauschke et al. [2017] and we refer to Chapter 4. For the implicit regularisation, we use the
key observation along with the fact that for any different interpolator * € S, we have that
B* € B + span(z1,...,7,)". The (Bregman) Pythagorean theorem concludes the proof:

Dy (8%, o) = Dy, (87, 8°7) + Dy (B, Bo) + (Voa(B) — Voa(fo), B — )
= D¢A (ﬁ*v ﬁGF) + D¢A (BGF7 BO)
> Dd’A (BGF7BO)7

where the strict inequality is due to the strict convexity of the potential. O

Note the resemblance with Proposition 2: the recovered solution is the Bregman projection
of the initialisation §y onto the set of interpolators. However, note that the projection depends
on the potential ¢ which itself depends on the initial balancedness A!

Role of the initialisation. Note that 3" depends on the weight initialisation (ug, vp) through
the initial predictor 8y = ug ® vp and initial balancedness A = |u? — v3|/2. There are therefore
R?¢ distinct parameters which impact the recovered solution. In order to simplify the discussion
and highlight the key aspects, we reduce the dependency of 3% to a single parameter o > 0 by
considering the following initialisation scheme:

uy = V2al and vy = 0. (Simplified initialisation)
In which case 3y = 0, A = o®1 and Proposition 5 simply becomes:

B = argmin ¢a(5%),
B*eS

where we overload the notation ¢, := ¢,2; from the definition of the A-Hypentropy and index

the recovered solution BSF with « to highlight the dependency. A simple asymptotic expansion
of ¢ () shows that for fixed f:

1
6a(B) ~ W(1/a) 8] and 6a(8) ~ - IAI (35)

In words, the level lines of ¢, resemble to those of the /;-norm for small initialisatons and to
those of the fo-norm for large initialisations (see Figure 3.1). This observation can be made
rigourous and leads to the following proposition.

Proposition 6. The recovered solutions (85")a>0 are bounded and:
BT — argmin ||B8*||2 and B — argmin ||5*]);.
a—00 B*ES a—0 B*eS
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“Big” initialisation a, “Intermediate” initialisation a, “Small” initialisation a,

))GF

(B*,x) =y (B, x1) =y, (B*.x)) =y

Figure 3.1: Simple illustration of Proposition 6 in 2d with a single sample x;.

Note that the previous proposition is slightly sloppy on the notations and we clarify them:
from the strict convexity of the o unit ball, arg min g.c s [|3*||2 is only composed of a single ele-
ment and the first limit is well defined. However arg min . [|3*[|1 may not be a set composed
of a unique element: in this case the limit in Proposition 6 must be understood in the sense
that all limit points of (85"), for @ — 0 belong to the set. Also note that there there exists
non-restrictive assumptions on the samples which guarantee the uniqueness of the arg min. For
instance, the general position assumption [Dossal, 2012] holds a.s. for data sampled from a abso-
lutely continuous distribution and ensures the uniqueness of the minimum ¢;-norm interpolator.

Proof of Proposition 6. Boundedness. Let 7 € S be an interpolator. We will show that
2 = {B* € S,0a(B*) < ¢a(B7)} is bounded independently of a > 0. The proof is then done

since 5, = argmin geese ¢a(B*). For z € R, let pa(z) = 3(zarcsinh (2) — V22 + a2 + a) be
the real function such that ¢,(8) = >, ¥a(B:). Let B* € S2 and observe that

PalllB7lloc) = max @a(B7) < ¢a(B7) < Pa(P)-

The first equality is because ¢, is an even and positive function. Now noticing that ¢, is a
bijection over R>g, we denote by ¢,! : Rsg — Rxg its inverse over R, such that [|3*||e <
0al(da(B7)). Tt remains to show that ¢ !(¢a(8F)) is bounded independently of a. To show
this, consider hq == ¢, ! o ¢, and notice that

B ACH
Vha(8) = <%(<pa1(¢a(ﬁ))>1ﬁﬁd

e [0,1]¢

Therefore h, is Lipschitz with a Lipschitz constant independent of «. Consequently one can
bound hq(57) independently of «, which concludes the proof.
Asymptotic convergence: a — oo. For a fixed § we have that ¢, (5) ~ ﬁHBH% and
a—r00

a simple function analysis shows that 4a2¢, uniformly converges towards || - |3 on all compact
subsets of RY. Since (85F)a>0 is bounded, we can extract a converging subsequence: gg — BSF
as a — 0o. Now let 8* € S, we have that:

(40ka, (Bay) = 15, 12) + 185113 = 40k da, (Bay) < 4aida, (B”)

The difference on the left hand side goes to zero by uniform convergence and we get that
1855 l2 < I8*||l2- Therefore S5 = arg min g.cg [|3*(|2, since this holds for any extraction, we can
conclude the proof. The case o — 0 follows the exact same reasoning. O
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3.2 Classification setting

We switch again to the classification setting and keep the discussion succinct as many of results
and proof techniques resemble those of the regression setting. We consider a linearly separa-
ble dataset (Assumption 2) and we let F' correspond to the 2-layer diagonal linear network
classification training loss:

Fw)=Luov) = Zln (1 + exp(—yi(u © v, z;))), (3.6)
i=1
where L here corresponds to the Logistic loss.

The following proposition is the equivalent of Proposition 7 and its proof follows the exact
same lines as in the regression setting.

Proposition 7 (Benign non-convexity). The loss function F defined in eq. (3.6) is such that:

e [t does not have any local maxima nor minima.
o If ws = (us,vs) is a saddle point of F, then B = uy © vy satisfies:

Bs € arg min L(p),
Bi=0 for i¢supp(Bs)

where supp(Bs) = {i € [d], Bsi] # 0} corresponds to the support of By.

e Conversely, for a subset Iy C [d], let B be an element of argmin L(f3) provided this set
Bi=0 for &I

is non-empty. Then for \ € R;léo the following vector is a saddle point of F':

ws = (sgn(Bs)V/18s] @ X, ©V/[Bs/A).-

In words, due to the non-existence of local minima, we expect gradient methods to exhibit global
convergence.

Gradient flow dynamics. From an initialisation (ug,vg), we consider the gradient flow over
the loss F' from eq. (3.6):

Uy = —VL(B) ©@vy and 0y = —VL(B) © uy.

Notice that from here, the computations are exactly the same as in the regression setting as they
do not depend L. We therefore get that the iterates §; follow a mirror flow on the A-Hypentropy
potential ¢a:

dVona(B:) = —VL(B;)dt.

However, since L is minised ‘at infinity’, we expect the mirror flow to diverge to infinity and we
consider the normalised iterates B := ”g—zn

Proposition 8 (Implicit Regularisation of GF over DLNs (Classification Setting)). For any
initialisation (ug,vo), the loss converges towards 0, the iterates By diverge to infinity and the

normalised iterates By == Hgizll converge towards a vector proportional to the £1-max margin:

B o< argmin ||B1,
min; y; (8,x:)>1
provided that the minimisation problem has a unique minimiser and where x denotes positive
proportionality.
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The convergence of the loss towards 0 is a consequence of classical mirror descent techniques
and we refer to Chapter 4. The implicit regularisation can be seen as a consequence of Theorem
4.4 from Lyu and Li [2020]. However their result covers a much more general framework and
has nothing to do with mirror flows. The object of Part IV is precisely to leverage the mirror
flow structure to prove this result. Similar to the regression setting, argmin ||3||; is not

min; y;(8,z;)>1
necessarily be unique, however there exists non-restrictive assumptions on the dataset which
ensure its uniqueness.

Remark. Notice that contrary to the regression setting, the implicit reqularisation in the clas-
sification setting does not depend on the initialisation of the weights. This is due to the fact
that the iterates diverge and that the initialisation is asymptotically ‘forgotten’. We refer to the
work of Moroshko et al. [2020] for insights into the impact of the initialisation in finite-time
considerations.
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Chapter 4

Standalone mirror flow results

The aim of this chapter is to collect and adapt results related to mirror-descent and apply them
to gradient flow, with the intention of offering a straightforward picture of the existing ‘mirror
flow toolbox’.

Starting from By € R%, we consider the following differential equation:

dV¢(B) = =V L(B)dt (MF)

Note that the existence of a global solution of (MF) over R>¢ is a priori not obvious. To
ensure this, we must put several assumptions over the loss L as well as the potential ¢.

Assumption 3. The loss L is twice continuously differentiable, convex and bounded below.
We additionally require the following assumptions on the potential.
Assumption 4. The potential ¢ : R* — R satisfies:
1. ¢ s twice continuously differentiable, strictly convex and coercive.
2. V¢ is coercive: lim| g0 [|[VO(B)|| = +o00.
3. V2¢(B) is positive-definite for all f € RY.
4. for every ¢ € Rxqg and B2 € R%, the sub-level set {81 € RY, Dy(Ba, B1) < c} is bounded.

These assumptions are common when considering mirror descent [Bauschke et al., 2017],
except for the third point which is only required in the continuous time framework. Crucially,
these assumptions ensure the existence and uniqueness of a solution to (MF).

Lemma 1. Under Assumption 3 and 4, for any initialisation By € RY, there exists a unique
global solution over R>qg to (MF) such that Bi—o = [o.

Proof. From Assumption 4, we have that ¢ is differentiable, strictly convex and its gradient is
coercive. Consequently, V¢ is bijective over R? (see Rockafellar [1970], Theorem 26.6). Further-
more, the Fenchel conjugate ¢* is differentiable over R? and (V¢)~! = V¢*.

To prove the existence and uniqueness of a global solution of (MF), we first consider the
following differential equation:

duy = —VL(V* (u))dt, (4.1)

with initial condition ui—g = V¢*(So).

Since L is C?, VL is Lipschitz on all compact sets. Furthermore, since ¢ is C? and VZ¢
is positive definite, Vo* = (V¢)~! is C! and therefore Lipschitz on all compact sets. Hence
VL oV¢* is Lipschitz on all compact sets and from the Picard-Lindelof theorem, there exists
a unique maximal (i.e. which cannot be extended) solution (u;) satisfying eq. (E.1) and such
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that ui—o = Vé*(Bp). We denote [0, Tiyax) the intersection of this maximal interval of definition
(which must be open) and R>p. Our goal is now to prove that Ty, = +00. To do so, we assume
that Tiax is finite and we will show that this leads to a contradiction due to the fact that the
iterates fB; cannot diverge in finite time. Let 8; := V¢*(u;) and notice that (; is therefore the
unique solution satisfying (MF) over [0, Tiyax) with Si—o = fo.

Bounding the trajectory of 5; over [0, Tjuax). Pick any 8 € R? and notice that by convexity
of L:

4 Dy(8.8) = ~(VL(B0). B — ) < ~(L(B) — L(9) < L(5) — L.

Where Ly, is a lower bound on the loss. Integrating from 0 to ¢ < Ty,.x We get:

Dd)(/ﬁa Bt) <t- (L(ﬂ) - Lmin + D¢(ﬁ,ﬂo)
< Tmax : (L(ﬁ) - Lmin) + D(b(B)ﬁO)

Therefore, due to Assumption 4, the iterates B; are bounded over [0,Tnax). The proof from
here is standard (see e.g. Attouch et al. [2000], Theorem 3.1): from eq. (E.1) we get that i is
bounded over [0, Tinax) and sup,e(o 1y, 10| =: €' < +00 which means that [fu;—uy|| < Clt—t'|.
Hence lim;_,7, . ut =: U must exist. Applying the Picard-Lindel6f again at time Tiyax with
initial condition us, violates the initial maximal interval assumption. Therefore Ti,.x = +00
which concludes the proof. O

Now that we have ensured the existence and uniqueness of a solution, we can prove the con-
vergence / divergence of the iterates and of the loss. To do so, we require additional assumptions
on the potential ¢, as in Bauschke et al. [2017]:!

Assumption 5. The function ¢ : R* — R satisfies the following assumptions:
(1) if (Bt)e>0 converges to some fos, then Dy(Boo, ft) — 0.
(ii) Reciprocally, if Boo € RY and if (Bt)i>0 is such that Dy(Boo, Bt) — 0, then By — Boo-
We now state convergence results.

Proposition 9. The losses converges to zero:

L(B;) = min L(B).

Concerning the behaviour of the iterates, we distinguish two scenarios:

o Losses with an attained minimum. Ifargmin gcga L(B) is not empty, then the iterates
B must converge towards an element of this set.

e Losses with a minimum attained at infinity. However if argmin gcpa L(3) is empty,
them the iterates B, must diverge: ||B]| — oo as t — oco.

Proof. For the proof, we assume without loss over generality that ming L = 0.

'these additional assumptions are only required for losses which have an attained minimum
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The loss decreases. Note that:

S L(8) = ~(VL(B), A

~([V2(B)] ' VL(Br), VL(B))
~Amax(V20(8s)) T IVL(B:) |13

)

<
<

)

where the inequality is by convexity of the potential ¢. From here we distinguish the two
scenarios.

1. Case where argmin L is non-empty. Consider the Bregman divergence between an
arbitrary minimiser 8* € argmin L and (5; and notice that it is decreasing:

(S96(60), 5~ )
= —(VL(B), B — %)

—L(B) (4.2)
0

d
dthﬁ(ﬁ* Bt)

IAIA

where the first inequality is by the convexity of the loss. Therefore, integrating inequality 4.2
and using that the loss is decreasing:

Do, fo) = Dol B1) _ Do(B%50) ()
t - t t—+oo

L) < /0 L(B,) ds <

The iterates converge towards an interpolator (.. Let §* € argmin L. Since
%D¢(ﬁ*,ﬁt) < 0, we have that Dg(8*, ;) is decreasing and upper-bounded by Dy (5%, Bo).
Since it is a positive quantity, it must converge. Moreover, from Assumption 4, we have
that 8 — Dy(8*, ) has bounded sub-levels sets. Therefore, the iterates are bounded and
we can extract a convergent subsequence: let ., be such that (5, — [~ as k — oco. Since
L(B:) — 0 as t — oo, L(fy,) also converges to 0 as k — oo. By continuity of L, L(5*) = 0 and
Boo € argmin L. This means that (a) Dy(foo, B¢) converges and (b) it converges towards the
same limit as Dy (8o, B, ) which is 0 by Assumption 5. Finally, again from Assumption 5, §;
converges towards the solution B, which concludes the proof.

2. Case where argmin L is empty. Consider the Bregman divergence between an arbitrary
point 8 and B; and notice that

d d
aqu(ﬁ,ﬁt) = <av¢(5t),ﬁt - B)
= —(VL(B), Bt — B)
< —(L(B) — L(B)) (4.4)

where the inequality is by convexity of the loss. Integrating and due to the decrease of the loss,
we get that:

Dy (8, Bo) — Dy (B, Bt) <
; <

Dy (B, bo)
t

| =

t
L(g) < /0 L(8) ds < L(8) + L(B) +
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Since this is true for all point 3, we get that

: Dy (8, Bo)
L(B) < Blenﬂgd L(B) + —=— (4.5)
It remains to show that the right hand term goes to 0 as t goes to infinity. To show this, for
a sequence 0 < g — 0, consider a sequence S*) such that L(B(k)) < gk (it must exist since
min L = 0) and let t;, == max(Dg4(8%), Bo) /e, k). Notice that t;, — oo and plugging B*) in the
r.h.s of eq. (4.5) we get that and L(f, ) < 2e, — 0 as k — oo. Since the loss is decreasing we
get that L(5;) — 0 as t — oo.
It remains to show that the iterates must diverge. Assume they did not: ||5;|| /4 oo, then we
could extract a convergent subsequence: f;, — fo as tx — 0o. This then leads to L(f) = 0,
which is absurd since arg min L is empty.

O]

To conclude the chapter, we provide several convergence rates of the loss. Their proofs are
transparent from the proof of Proposition 9.

Proposition 10.

e Case where argmin L is non-empty. It holds that

D(ﬁ(ﬁ*v /80)

L(ﬂt) - L(ﬁ*) < fa
where B* any is element of argmin L. Furthermore, if the loss L satisfies a u-PL inequal-
ity: $IVL(B)||3 > n(L(B) — L(B*)). Then we get the following expontential convergence:

L3 — L) < L) -0 (=20 | (2603 d3)

< L(6o) -exp ( ~ 24),

where A = Sup Anax(V?¢(8)) with B := {8 € R, Dy(5*, ) < Dy(B*, Bo)}-
peB

e Case where argmin L is empty. In this case, it holds that:

L(%) < inf L(B) + W-

Remark. In the case where argmin L is empty, the quantity infgcpa L(B) + w can be

optimised for a given couple (L, ®). The obtained rate depends on how fast L decreases and phi
grows in the directions of minimisation.
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Chapter 5

Related works

We conclude the introduction by giving an overview of the numerous related works that prove,
underpin or are associated with the results presented in Part I.

Implicit regularisation. When the set of solutions is an affine space and the loss is convex,
results describing the recovered solution can already be found in Lemaire [1996] (Corollary 2.2)
for gradient flow and in Alvarez [2000] (Proposition 2.5) for the (continuous-time) heavy-ball
method on quadratics. In the context of deep learning, the necessity of understanding algo-
rithmic implicit regularisation was already put forward in Neyshabur et al. [2014]. Neyshabur
et al. [2015] recalls that the (stochastic) gradient descent is inherently linked to the 5 geom-
etry. In the case of matrix sensing with the UUT multiplicative parametrisation, Gunasekar
et al. [2017] proves that gradient flow with a vanishing initialisation recovers the minimum trace
norm solution when the input matrices commute (which is equivalent to looking at the 8 = u?
parametrisation in a regression setting). In the linear classification setting, the seminal paper
Soudry et al. [2018] shows that gradient descent selects the ¢y-max-margin classifier amongst
all classifiers. Gunasekar et al. [2018a] provides the implicit regularisation of mirror descent in
the overparametrised linear regression setting. We refer to Vardi [2023] for a comprehensive
overview of implicit regularisation results in deep learning.

Diagonal Linear Networks. (Sparse recovery litterature) Hoff [2017] is one of the first works
which explicitly considers the Hadamard product parametrisation § = v ®v in order to promote
sparsity. Results concerning the non-existence of local extrema can already be found there.
Still in the context of promoting sparsity, Zhao et al. [2019] considers the same Hadamard
parametrisation and shows that SGD converges towards the minimum ¢;-norm solution for
vanishing initialisation and sufficiently small stepsizes. Results concerning the saddle points
of the loss are also given in this same paper. Similar results were concurrently obtained by
Vaskevicius et al. [2019]. In the same spirit of achieving top performance sparse recovery, Poon
and Peyré [2021] leverages the same parametrisation for a wide range of sparse recovery tasks.
(Machine learning literature) In parallel, the machine learning community started to leverage the
same parametrisation as a toy model to gain insight into neural network optimisation. Gunasekar
et al. [2017] considers the § = u? parametrisation as a simple case of matrix multiplication when
the input matrices are co-diagonalisable. Woodworth et al. [2020b] coins the term of diagonal
linear network for the parametrisation w_2F —w? which is equivalent to the u®v parametrisation,
and shows how the initialisation scale is the key parameter impacting the recovered solution for
gradient flow. However, the underlying mirror flow structure is not explicitly exhibited. Slightly
after, Gunasekar et al. [2021] makes this explicit link between gradient flow on diagonal linear
networks and mirror flow with the hypentropy potential over the quadratic loss. In parallel,
Amid and Warmuth [2020b] shows the equivalence of gradient flow over the u? parametrisation
and mirror flow with the entropy potential. Still in parallel, Vaskevicius et al. [2020b] observed
that gradient descent over the u ® v parametrisation closely resembles to the EG+ algorithm
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(with no normalisation) [Kivinen and Warmuth, 1997], which was known to match mirror descent
with the hypentropy potential since Ghai et al. [2020].

Mirror Descent. Mirror descent, also known as Bregman gradient descent or Bregman itera-
tion was originally proposed by Nemirovski [1979], Nemirovski and Yudin [1983] for minimising
convex functions. This method recently regained in popularity when the ‘relative smoothness’
framework was brought to light: the idea is to choose a potential which is adapted to the cur-
vature of the loss in order to get improved convergence rates [Bauschke et al., 2017]. All the
convergence results on mirror flow we provide Chapter 4 are adapted from this last paper. We
refer to Dragomir [2021] (Chapter 1.5) for a nice history of Bregman methods.
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Part 11

Full trajectory characterisation

26



Chapter 6

Saddle-to-saddle dynamics

6.1 Preface

This chapter follows Pesme and Flammarion [2023].

Summary We fully describe the trajectory of gradient flow over 2-layer diagonal linear net-
works for the regression setting in the limit of vanishing initialisation. We show that the limiting
flow successively jumps from a saddle of the training loss to another until reaching the mini-
mum ¢;-norm solution. We explicitly characterise the visited saddles as well as the jump times
through a recursive algorithm reminiscent of the LARS algorithm used for computing the Lasso
path. Starting from the zero vector, coordinates are successively activated until the minimum
£1-norm solution is recovered, revealing an incremental learning. Our proof leverages a conve-
nient arc-length time-reparametrisation which enables to keep track of the transitions between
the jumps. Our analysis requires negligible assumptions on the data, applies to both under
and overparametrised settings and covers complex cases where there is no monotonicity of the
number of active coordinates. We provide numerical experiments to support our findings.

Co-author Nicolas Flammarion.

6.2 Introduction

Strikingly simple algorithms such as gradient descent are driving forces for deep learning and
have led to remarkable empirical results. Nonetheless, understanding the performances of such
methods remains a challenging and exciting mystery: (i) their global convergence on highly
non-convex losses is far from being trivial and (ii) the fact that they lead to solutions which
generalise well [Zhang et al., 2017] is still not fully understood.

To explain this second point, a major line of work has focused on the concept of implicit
regularisation: amongst the infinite space of zero-loss solutions, the optimisation process must be
implicitly biased towards solutions which have good generalisation properties for the considered
real-world prediction tasks. Many papers have therefore shown that gradient methods have the
fortunate property of asymptotically leading to solutions which have a well-behaving structure
[Neyshabur, 2017, Gunasekar et al., 2017, Chizat and Bach, 2020].

Aside from these results which mostly focus on characterising the asymptotic solution, a
slightly different point of view has been to try to describe the full trajectory. Indeed it has been
experimentally observed that gradient methods with small initialisations have the property of
learning models of increasing complexity across the training of neural networks [Kalimeris et al.,
2019]. This behaviour is usually referred to as incremental learning or as a saddle-to-saddle
process and describes learning curves which are piecewise constant: the training process makes
very little progress for some time, followed by a sharp transition where a new “feature” is
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Train losses L(8;") Iterates 5;* Iterates in R3space
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Figure 6.1: Gradient flow (ff'); with small initialisation scale « over a 2-layer diagonal linear
network (for the precise experimental setting, see Appendix A.1). Left: Training loss across
time, the learning is piecewise constant. Middle: The magnitudes of the coordinates are plotted
across time: the process is piecewise constant. Right: In the R? space in which the iterates
evolve (the remaining coordinates stay at 0), the iterates jump from a saddle of the training loss
to another. The jumping times ¢; as well as the visited saddles (§; are entirely predicted by our
theory.

suddenly learned. In terms of optimisation trajectory, this corresponds to the iterates ” jumping”
from a saddle of the training loss to another.

Several settings exhibiting such dynamics for small initialisation have been considered: ma-
trix and tensor factorisation [Razin et al., 2021, Jiang et al., 2022], simplified versions of diagonal
linear networks [Gissin et al., 2020, Berthier, 2022], linear networks [Gidel et al., 2019, Saxe et al.,
2019, Jacot et al., 2021], 2-layer neural networks with orthogonal inputs [Boursier et al., 2022],
learning leap functions with 2-layer neural networks [Abbe et al., 2023] and matrix sensing
[Arora et al., 2019, Li et al., 2021, Jin et al., 2023]. However, all these results require restrictive
assumptions on the data or only characterise the first jump. Obtaining a complete picture of the
saddle-to-saddle process by describing all the visited saddles and jump times is mathematically
challenging and still missing. We intend to fill this gap by considering diagonal linear networks
which are simplified neural networks that have received significant attention lately [Woodworth
et al., 2020b, Vaskevicius et al., 2019, HaoChen et al., 2021, Pesme et al., 2021, Even et al., 2023]
as they are ideal proxy models for gaining a deeper understanding of complex phenomenons such
as saddle-to-saddle dynamics.

6.2.1 Informal statement of the main result

In this chapter, we provide a full description of the trajectory of gradient flow over 2-layer
diagonal linear networks in the limit of vanishing initialisation. The main result is informally
presented here.

Theorem 1 (Main result, informal). In the regression setting and in the limit of vanishing
initialisation, the trajectory of gradient flow over a 2-layer diagonal linear network converges
towards a limiting process which is piecewise constant: the iterates successively jump from a
saddle of the training loss to another, each visited saddle and jump time can recursively be
computed through an algorithm (Algorithm 1) reminiscent of the LARS algorithm for the Lasso.

The incremental learning stems from the particular structure of the saddles as they corre-
spond to minimisers of the training loss with a constraint on the set of non-zero coordinates.
The saddles therefore correspond to sparse vectors which partially fit the dataset. For sim-
ple datasets, a consequence of our main result is that the limiting trajectory successively
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starts from the zero vector and successively learns the support of the sparse ground
truth vector until reaching it. However, we make minimal assumptions on the data
and our analysis also holds for complex datasets. In that case, the successive active sets
are not necessarily increasing in size and coordinates can deactivate as well as activate until
reaching the minimum ¢;-norm solution (see Figure 6.1 (middle) for an example of a deactivat-
ing coordinate). The regression setting and the diagonal network architecture are introduced
in Section 8.3. Section 6.4 provides an intuitive construction of the limiting saddle-to-saddle
dynamics and presents the algorithm that characterises it. Our main result regarding the con-
vergence of the iterates towards this process is presented in Section 6.5 and further discussion
is provided in Section 6.6.

6.3 Problem setup and leveraging the mirror structure

6.3.1 Setup

Linear regression. We study a linear regression problem with inputs (z1,...,z,) € (R%)" and
outputs (y1,...,yn) € R™. We consider the typical quadratic loss:
1 )
L(B) = 5~ > _((B.xi) —i)*. (6.1)
i=1

We make no assumption on the number of samples n nor the dimension d. The only assumption
we make on the data throughout the chapter is that the inputs (z1,...,z,) are in general
position. In order to state this assumption, let X € R"*4 be the feature matrix whose i*" row
is z; and let #; € R" be its j'* column for j € [d].

Assumption 6 (General position). For any k < min(n,d) and arbitrary signs o1,...,0, €
{—1,1}, the affine span of any k points 01Z;,,...,0x%;, does not contain any element of the set
{:l:'%jvj 7é jla o a]k‘}

This assumption is slightly technical but is standard in the Lasso literature [Tibshirani, 2013].
Note that it is not restrictive as it is almost surely satisfied when the data is drawn from a con-
tinuous probability distribution [Tibshirani, 2013, Lemma 4]. Letting S = argmin 4 L(3) denote
the affine space of solutions, Assumption 6 ensures that the minimisation problem ming«¢s ||5*||1
has a unique minimiser which we denote 5;1 and which corresponds to the minimum #¢;-norm
solution.

2-layer diagonal linear network. In an effort to understand the training dynamics of neu-
ral networks, we consider a 2-layer diagonal linear network which corresponds to writing the
regression vector 3 as

Buw=u®uv where w= (u,v) € R*. (6.2)

This parametrisation can be interpreted as a simple neural network = — (u, o(diag(v)x)) where
u are the output weights, the diagonal matrix diag(v) represents the inner weights, and the
activation o is the identity function. We refer to w = (u,v) € R?? as the weights and to
B=u®uv R as the prediction parameter. With the parametrisation (8.1), the loss function
F over the parameters w = (u,v) € R?? is defined as:

n

Flw) = Do) = 5 S (e v,m) — yi) (63)
=1
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Though this reparametrisation is simple, the associated optimisation problem is non-convex and
highly non-trivial training dynamics already occur. The critical points of the function F' exhibit
a very particular structure, as highlighted in the following proposition proven in Appendix A.2.

Proposition 11. All the critical points w. of F' which are not global minima, i.e., VF(w.) =0
and F(w;) > min,, F(w), are necessarily saddle points (i.e., not local extrema). They map to
parameters . = u. © v which satisfy |G| © VL(B.) = 0 and:

Be € arg min L(p) (6.4)
B[:]=0 for i¢supp(Bc)

where supp(fB.) = {i € [d], Bc[i] # 0} corresponds to the support of fBe.

The optimisation problem in eq. (6.4) states that the saddle points of the train loss F
correspond to sparse vectors that minimise the loss function L over its non-zero coor-
dinates. This property already shows that the saddle points possess interesting properties from
a learning perspective. In the following we loosely use the term of ‘saddle’ to refer to points
B. € RY solution of eq. (6.4) that are not saddles of the convex loss function L. We
adopt this terminology because they correspond to points w. € R?? that are indeed saddles of
the non-convex loss F'.

Gradient Flow and necessity of “accelerating” time. We minimise the loss F' using
gradient flow:

initialised at ug = v2al € Rio with a > 0, and vg = 0 € R?. This initialisation results in
Bo = 0 € R? independently of the chosen weight initialisation scale . We denote 8¢ == uf ® v
the prediction iterates generated from the gradient flow to highlight its dependency on the
initialisation scale o!. The origin 0 € R?? is a critical point of the function F and taking the
initialisation a — 0 therefore arbitrarily slows down the dynamics. In fact, it can be easily shown
for any fixed time ¢, that (uf',vf*) — 0 as @ — 0, indicating that the iterates are stuck at the
origin. Therefore if we restrict ourselves to a finite time analysis, there is no hope of exhibiting
the observed saddle-to-saddle behaviour. To do so, we must find an appropriate bijection £, in
R>o which “accelerates” time (i.e. #4/(t) e for all t) and consider the accelerated iterates

B¢ . which can escape the saddles. Finding this bijection becomes very natural once the mirror
Ta(t)
structure is unveiled.

6.3.2 Leveraging the mirror flow structure

While the iterates (w); follow a gradient flow on the non-convex loss F, it is shown in Azulay
et al. [2021] that the iterates 3¢ follow a mirror flow on the convex loss L with potential ¢, and
initialisation -, = 0:

dVéa(5;') = =VL(5)dt, (6.6)

where ¢,, is the hyperbolic entropy function [Ghai et al., 2020] defined as:

d

da(B) = %Z (&arcsinh(%)— \/ B2+ at + (12). (6.7)

=1

"We point out that the trajectory of 8¢ exactly matches that of another common parametrisation 3, =
1(wi — w?), with initialisation wy o = w_ o = al.
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Unveiling the mirror flow structure enables to leverage convex optimisation tools to prove con-
vergence of the iterates to a global minimiser 3} as well as a simple proof of the implicit reg-
ularisation problem it solves. As shown by Woodworth et al. [2020b], in the overparametrised
setting where d > n and where there exists an infinite number of global minima, the limit 3% is
the solution of the problem:

By = argmin G(B). (6.9)

yi=(zi,0),Vi

Furthermore, a simple function analysis shows that ¢, behaves as a rescaled f1-norm as «
goes to 0, meaning that the recovered solution /) converges to the minimum ¢;-norm solution
By, = argmin,, _. g [|B]l1 as a goes to 0 (see Wind et al. [2023] for a precise rate). To bring
to light the saddle-to-saddle dynamics which occurs as we take the initialisation to 0, we make
substantial use of the nice mirror structure from eq. (6.6).

Appropriate time rescaling. To understand the limiting dynamics of 3f*, it is natural to
consider the limit & — 0 in eq. (6.6). However, the potential ¢, is such that ¢, (8) ~ In(1/a)|| 81
for small o and therefore degenerates as a — 0. Similarly, for 8 # 0, ||V (5)| — oo as a — 0.
The formulation from eq. (6.6) is thus not appropriate to take the limit & — 0. We can
nonetheless obtain a meaningful limit by considering the opportune time acceleration #,(t) =
In(1/a) - t and looking at the accelerated iterates

Bt = By = Binifaye: (6.9)
Indeed, a simple chain rule leads to the “accelerated mirror flow”: dVéa(5?) = —In (1) VL(B)dt.

The accelerated iterates (3%); follow a mirror descent with a rescaled potential:

AVga(B) = =VL(B7)dL,  where o = ln(ll/a)

“Pas (6.10)

with Bt:o = 0 and Whgre ¢o is defined eq. (6.7). Our choice of time acceleratign ensures that
the rescaled potential ¢, is non-degenerate as the initialisation goes to 0 since ¢ (0) ~ I1B8]]1-
a—»

6.4 Intuitive construction of the limiting flow and saddle-to-saddle
algorithm

In this section, we aim to give a comprehensible construction of the limiting low. We therefore
choose to provide intuition over pure rigor, and defer the full and rigorous proof to the Ap-
pendix A.5. The technical crux of our analysis is to demonstrate the existence of a piecewise
constant limiting process towards which the iterates B> converge to. The convergence result is
deferred to the following Section 6.5. In this section we assume this convergence and
refer to this piecewise constant limiting process as (/S’f)t Our goal is then to determine
the jump times (¢1,...,t,) as well as the saddles (o, ..., p) which fully define this process.

To do so, it is natural to examine the limiting equation obtained when taking the limit a — 0
in eq. (6.10). We first turn to its integral form which writes:

t
- /0 VL(3)ds = Va(5). (6.11)

Provided the convergence of the flow 3% towards (°, the left hand side of the previous
equation converges to — fg VL(B2)ds. For the right hand side, recall that ¢, (3) 30 18], it is
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therefore natural to expect the right hand side of eq. (6.11) to converge towards an element of
0||B¢ |1, where we recall the definition of the subderivative of the ¢;-norm as:

o|flh = {1} it >0, {1} if B<0, [-1,1] if 3=0.

The arising key equation which must satisfy the limiting process [3° is then, for all ¢ > 0:
¢
- [ vL@E)s € 0l . (612
0

We show that this equation uniquely determines the piecewise constant process BO by
imposing the number of jumps p, the jump times as well as the saddles which are visited between
the jumps. Indeed the relation described in eq. (6.12) provides 4 restrictive properties that enable
to construct 3°. To state them, let s; = — fg VL(52)ds and notice that it is continuous and

piecewise linear since (° is piecewise constant. For each coordinate i € [d], it holds that:

(K1) sefi] € [-1,1] (K2) sifi] = 1= B7[i] >0 and s,[i] = —1 = B7[i] <0
(K3) sifi] € (—=1,1) = B[] =0 (K4) Bli] > 0= s;[i] = 1 and °[i] < 0= s;fi] = —1

To understand how these conditions lead to the algorithm which determines the jump times
and the visited saddles, we present a 2-dimensional example for which we can walk through each
step. The general case then naturally follows from this simple example.

6.4.1 Construction of the saddle-to-saddle algorithm with an illustrative 2d
example.

Let us consider n = d = 2 and data matrix X € R2*2 such that XX = ((1,0.2), (0.2, —0.2)).
We consider 3% = (—0.2,2) € R? and outputs y = X 3*. This setting is such that the loss L has
f* as its unique minimum and L(8*) = 0. Furthermore the non-convex loss F' has 3 saddles
which map to: Beo = (0,0) = argming,_ov; L(B), B, = (0.2,0) = argmin ggj—o L(B) and
Be2 = (0,1.6) = argmin gpy)—o L(B). The loss function L is sketched in Figure 6.2 (Left). Notice
that by the definition of 5.1 and f.2, the gradients of the loss at these points are orthogonal to
the axis they belong to. When running gradient flow with a small initialisation over our diagonal
linear network, we obtain the plots illustrated Figure 6.2 (Middle and Right). We observe three
jumps: the iterates jump from the saddle at the origin to .1 at time t1, then to 5.2 at time ¢,
and finally to the global minimum [*at time t3.

Let us show how eq. (6.12) enables us to theoretically recover this trajectory. A simple
observation which we will use several times below is that for any ¢ > ¢ such that /3° is constant
equal to B over the time interval (¢,t¢'), the definition of s enables to write that sy = s, — (¢ —

t) - VL(B).

Zeroth saddle: The iterates are at the saddle at the origin: Bf = o = B0 and therefore
st = —t - VL(By). Our key equation eq. (6.12) is verified since sy = —t - VL(Bo) € 0||Bol1 =
[—1,1]¢. However the iterates cannot stay at the origin after time ¢; := 1/||VL(Bp)| s which
corresponds to the time at which the first coordinate of s; hits +1: s, [1] = 1. If the iterates
stayed at the origin after t1, (K1) for ¢ = 1 would be violated. The iterates must hence jump.

First saddle: The iterates can only jump to a point different from the origin which maintains
eq. (6.12) valid. We denote this point as ;. Notice that:

o 5, [2] = —t1-VL(Bo)[2] € (—1,1) and since s; is continuous, we must have 1[2] = 0 (K3).
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t
T Accelerated iterates By 1l s 1= —/ VL(3%)ds
Sketch of B* 0
+1
the loss
e
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Bo . R — 57
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Figure 6.2: Left: Sketch of the 2d loss. Middle and right: Outputs of gradient flow with small
initialisation scale: the iterates are piecewise constant and s; is piecewise linear across time. We
refer to the main text for further details.

e s, [1] =1 and hence for ¢ > ¢, s¢[1] =1 — (¢t —t1)VL(S1)[1]. We cannot have VL(S;)[1] <
0 (K1), and neither VL(51)[1] > 0 since otherwise s;[1] € (—=1,1) and 1 = 0 (K3).

The two conditions $1[2] = 0 and VL(S1)[1] = 0 uniquely defines /5, as equal to §.;. We
now want to know if and when the iterates jump again. We saw that s;[1] remains at the value
+1. However since (; is not a global minimum, VL((1)[2] # 0 and s[2] hits +1 at time o
defined such that —(t1VL(Bo) + (t2 —t1)VL(/1))[2] = 1. The iterates must jump otherwise (K1)
would break.

The iterates cannot jump to 8* yet! As the second coordinate of the iterates can activate,
one could expect the iterates to be able to jump to the global minimum. However note that s;
is a continuous function and that s, is equal to the vector (1,1). If the iterates jumped to the
global minimum, then the first coordinate of the iterates would change sign from +0.2 to —0.2.
Due to (K4) this would lead s; jumping from +1 to —1, violating its continuity.

Second saddle: We denote as 3 the point to which the iterates jump. s¢, is now equal to the
vector (1,1) and therefore (i) f2 > 0 (coordinate-wise) from (K2 and K3) and the continuity
of s. Since s; = s, — (t — t2)VL(B2), we must also have: (1) VL(B2) > 0 from (K1) (i) for
i € {1,2}, if Ba[i] # 0 then VL(B2)[i] = 0 from (K4). The three conditions (i), (ii) and (iii)
precisely correspond to the optimality conditions of the following problem:
argmin L(f).
B[1]>0,5[2]>0

The unique minimiser of this problem is (.2, hence B2 = .2, which means that the first
coordinate deactivates. Similar to before, (K1) is valid until the time ¢3 at which the first
coordinate of s; = sy, — (t — t2)VL(B2) reaches —1 due to the fact that VL(82)[1] > 0.

Global minimum: We follow the exact same reasoning as for the second saddle. We now have
st, equal to the vector (—1,1) and the iterates must jump to a point S35 such that (i) 53[1] <0,
B3[2] > 0 (K2 and K3), (i) VL(B3)[1] < 0, VL(53)[2] > 0 (K1), (1) for i € {1,2}, if B3[i] # 0
then VL(S3)[i] = 0 (K4). Again, these are the optimality conditions of the following problem:

argmin L(p).
B[1]<0,6[2]1>0

B* is the unique minimiser of this problem and 83 = p*. For ¢t > t3 we have s; = s, and
eq. (6.12) is satisfied for all following times: the iterates do not have to move anymore.
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6.4.2 Presentation of the full saddle-to-saddle algorithm

We can now provide the full algorithm (Algorithm 1) which computes the jump times (¢1,...,t,)
and saddles (8y = 0,01,...,0p) as the values and vectors such that the associated piecewise
constant process satisfies eq. (6.12) for all £. This algorithm therefore defines our limiting
process 3°.

Algorithm 1: Successive saddles and jump times of limgy_,q 5%
Initialise: (t,5,s) « (0,0,0);
while VL(3) # 0 do

A {jeld,VL(P)(j) # 0}
A« inf{6>0st. JieA s(i)—0VL(B)(i) =+1}
(t, s)« (t+A, s—A-VL(B))

Bi>0 if s(i)=-+1
8« argmin L(8) where § e {5 ER? st B0 if s(i)=——1

+
B:i=0 if 5(2)6(—1,1) }

6utput: Successive values of 5 and ¢

Algorithm 1 in words. The algorithm is a concise representation of the steps we followed in
the previous section to construct 8°. We explain each step in words below. Starting from k = 0,
assume we enter the loop number k at the saddle 5, computed in the previous loop:

e The set A; contains the set of coordinates ”"which are unstable”: by having a non-zero
derivative, the loss could be decreased by moving along each one of these coordinates and
one of these coordinates will have to activate.

e The time gap A} corresponds to the time spent at the saddle 8. It is computed as being
the elapsed time just before (K1) breaks if the coordinates do not jump.

e We update tx11 =t + A and sg11 = sp — A VL(BL): tr41 corresponds to the time at
which the iterates leave the saddle §; and sgyj constrains the signs of the next saddle

Br+1

e The solution i1 of the constrained minimisation problem is the saddle to which the flow
jumps to at time tx11. The optimality conditions of this problem are such that eq. (6.12)
is maintained for ¢ > t541.

Various comments on Algorithm 1. First we point out that any solution (. of the con-
strained minimisation problem which appears in Algorithm 1 also satisfies

B, = arg min L(B),
Bli]=0 for i¢supp(Bc)

as in eq. (6.4): the algorithm hence indeed outputs saddles as expected. Up until now we have
never checked whether the algorithm’s constrained minimisation problem has a unique minimum.
This is crucial otherwise the assignment step would be ill-defined. Showing the uniqueness is
non-trivial and is guaranteed thanks to the general position Assumption 6 on the data (see
Proposition 26 in Appendix A.4.1). In this same proposition, we also show that the algorithm
terminates in at most min (2d, > ko (Z)) steps, that the loss strictly decreases at each step and

that the final output 3, is the minimum ¢;-norm solution. These last two properties are expected
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given the fact that the algorithm arises as being the limit process of 3% which follows the mirror
flow eq. (6.10).

Links with the LARS algorithm for the Lasso. Recall that the Lasso problem [Tibshirani,
1996, Chen et al., 2001] is formulated as:
By =argmin L(B) + A5 (6.13)

BeRE
The optimality condition of eq. (6.13) writes =V L(33) € AJ||53]|1. Now notice the similarity

with eq. (6.12): the two would be equivalent with A\ = 1/¢ if the integration on the left hand
side of eq. (6.12) did not average over the whole trajectory but only on the final iterate, in
which case — fg VL(B)ds = —t- VL(5?). Though the difference is small, the trajectories of our
limiting trajectory BO and the lasso path () are quite different: one has jumps, whereas the
other is continuous. Nonetheless, the construction of Algorithm 1 shares many similarities with
that of the Least Angle Regression (LARS) algorithm [Efron et al., 2004] (originally named the
Homotopy algorithm [Osborne et al., 2000]) which is used to compute the Lasso path. A notable
difference however is the fact that each step of our algorithm depends on the whole trajectory
through the vector s, whereas the LARS algorithm can be started from any point on the path.

6.4.3 Outputs of the algorithm under a RIP and gap assumption on the data.

Unlike previous results on incremental learning, complex behaviours can occur when the feature
matrix is ill designed: several coordinates can activate and deactivate at the same time (see Ap-
pendix A.1 for various cases). However, if the feature matrix satisfies the 2r-restricted isometry
property (RIP) [Candeés et al., 2006] and there exists an r-sparse solution 8*, the visited saddles
can be easily approximated using Algorithm 1. We provide the precise characterisation below.

Sparse regression with RIP and gap assumption. (RIP) Assume that there exists an
r-sparse vector $* such that y; = (x;, 8*). Furthermore we assume that the feature matrix
X € R satisfies the 2r-restricted isometry property with constant & < /2 —1 < 1/2: i.e.
for all submatrix X where we extract any s < 2r columns of X, the matrix X ST Xs/n of size
s X s has all its eigenvalues in the interval [1 —£,1 4+ £&]. (Gap assumption) Furthermore we
assume that the r-sparse vector 8* has coordinates which have a “sufficient gap’. W.l.o.g we write
B =(B7,---,B,0,...,0) with 8| > - > |B)] > 0 and we define A := min;e(, (|87 |— |87 1]) = 0
which corresponds to the smallest gap between the entries of |3*|. We assume that 5&[|5*||2 < A/2
and we let € := 5¢€.

A classic result from compressed sensing (see Candes [2008, Theorem 1.2]) is that the 27-
restricted isometry property with constant v/2 — 1 ensures that the minimum #;-minimisation
problem has a unique r-sparse solution which is 8*. This means that Algorithm 1 will have 5*
as final output and the following proposition shows that we can precisely characterise each of
its outputs when the data satisfies the previous assumptions.

Proposition 12. Under the restricted isometry property and the gap assumption stated right
above, Algorithm 1 terminates in r-loops and outputs:

A1 = (A[1],0,...,0) with Bi1] € [B7 —ellB*I], B3 + el 57l]

it { Bol1] € (B — el B, Bt +118*])]
Bal

B2 = (Ba[1], 5af2],0. ..., 0) 2 € [85 — el18*Il, 85 + e8]

B’I‘—l == (57‘—1[1]7' "757"—1[71 - 1]707' 70) U}lth /87‘—1[7;] S [B: _6”6*“76;—’_6”5*” :|
BT:/B*:(ﬁfv"'u@::o:"'vo)a
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at times t1,...,t. such that t; € [\ﬁ-*HlEHB*II’ IB-*\—IEH/B*H and where || - || denotes the {2 norm.

Informally, this means that the algorithm terminates in exactly r loops and outputs jump
times and saddles roughly equal to t; = 1/|87| and B; = (B7,---,85,0,...,0). Therefore, in
simple settings, the support of the sparse vector is learnt a coordinate at a time, without any
deactivations. We refer to Appendix A.4.2 for the proof.

6.5 Convergence of the iterates towards the process defined by
Algorithm 1

We are now fully equipped to state our main result which formalises the convergence of the
accelerated iterates towards the limiting process 8° which we built in the previous section.

Theorem 2. Let the saddles (8o = 0, B, ..., Bp-1,8, = B7,) and jump times (to = 0,t1,...,1)
be the outputs of Algorithm 1 and let (Bf)t be the piecewise constant process defined as follows:

(Saddles) B0 = B fort € (tg,tpy1) and 0 <k <p, t,11 = +oo.

The accelerated flow (Bf‘)t defined in eq. (6.9) uniformly converges towards the limiting process
(B7)¢ on any compact subset of R>o\{t1,...,tp}.

Convergence result. We recall that from a technical point of view, showing the existence of a
limiting process limq_ ﬂNo‘ is the toughest part. Theorem 1 provides this existence as well as the
uniform convergence of the accelerated iterates towards 3° over all closed intervals of R which do
not contain the jump times. We highlight that this is the strongest type of convergence we could
expect and a uniform convergence over all intervals of the form [0,7] is impossible given that
the limiting process 3° is discontinuous. In Proposition 13, we give an even stronger result by
showing a graph convergence of the iterates which takes into account the path followed between
the jumps. We also point out that we can easily show the same type of convergence for the
accelerated weights W = w, ) Indeed, using the bijective mapping which links the weights
wy and the predictors f; (see Lemma 6 in Appendix A.3), we immediately get that the accelerated

weights (4%, 7®) uniformly converge towards the limiting process (1/]3°|, sign(5°)41/|3°|) on any
compact subset of R>o\{t1,...,tp}.

Estimates for the non-accelerated iterates ;. We point out that our result provides no
speed of convergence of 3% towards 3°. We believe that a non-asymptotic result is challenging
and leave it as future work. Note that we experimentally notice that the convergence rate quickly
degrades after each saddle. Nonetheless, we can still write for the non-accelerated iterates that
B Bt Tn(1/a) ™ ﬁt /n(1/a) 85 @ = 0. Hence, for a small enough the iterates 5* are roughly equal
to 0 until time ¢; - In(1/c) and the minimum ¢;-norm interpolator is reached at time ¢, -In(1/«).
Such a precise estimate of the global convergence time is rather remarkable and goes
beyond classical Lyapunov analysises which only leads to L(5f*) < In(1/«)/t (see Proposition 23
in Appendix A.3).

Natural extensions of our setting. More general initialisations can easily be dealt with.
For instance, initialisations of the form wu;—o = aug € R? lead to the exact same result as it is
shown in Woodworth et al. [2020b] (Discussion after Theorem 1) that the associated mirror still
converges to the ¢;-norm. Initialisations of the form [u;—¢]; = aFi, where k; > 0, lead to the
associated potential converging towards a weighted ¢1-norm and one should modify Algorithm 1
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by accordingly weighting VL() in the algorithm. Also, deeper linear architectures of the form

= wf —wP as in Woodworth et al. [2020b] do not change our result as the associated mirror
still converges towards the £1-norm. Though we only consider the square loss in the chapter, we
believe that all our results should hold for any loss of the type L(3) = Y i (v, (xi, 8)) where
for all y € R, ¢(y,-) is strictly convex with a unique minimiser at y. In fact, the only property
which cannot directly be adapted from our results is showing the uniform boundedness of the

iterates (see discussion before Proposition 24 in Appendix A.3).

6.5.1 High level sketch of proof of 3 — 3° which leverages an arc-length
parametrisation

In this section, we give the high level ideas concerning the proof of the convergence B — B°
given in Theorem 1. A full and detailed proof can be found in Appendix A.5. The main difficulty
stems from the non-continuity of the limit process 3°. To circumvent this difficulty, a clever
trick which we borrow to Efendiev and Mielke [2006], Mielke et al. [2009] is to “slow-down”
time when the jumps occur by considering an arc-length parametrisation of the path. We
consider the R>¢ arclength bijection 7* and leverage it to define the ‘appropriately slowed down’
iterates 52 as:

t .
B =By vhere  E=(7UR) and ) =t [ 5]ds
0
This time reparametrisation has the fortunate but crucial property of leading to fo (M) +182 =1

by a simple chain rule, which means that the speed of (Bf)T is uniformly upperbounded by
1 independently of «. This behaviour is in stark contrast with the process (Bﬁ)t which has
a speed which explodes at the jumps. This change of time now allows us to use Arzela-Ascoli’s
theorem to extract a subsequence which uniformly converges to a limiting process which we
denote B . Importantly, B enables to keep track of the path followed between the jumps as we
show that its trajectory has two regimes:

BloVIE)
”‘57‘ QVL(BT)H 4

Saddles: BT = B Connections: BT =—

The process B is illustrated on the right: the red curves correspond to
the paths which the iterates follow during the jumps. These paths are
called heteroclinic orbits in the dynamical systems literature [Krupa,
1997, Ashwin and Field, 1999] To prove Theorem 1, we can map
back the convergence of ﬁo‘ to show that of 3% . Moreover from the
convergence ﬂo‘ — ﬁ we get a more complete picture of the limiting
dynamics of 3% as it naturally implies the convergence of the graph
of the iterates (8%); converges towards that of (;),. The graph
convergence result is formalised in this last proposition.

~ Connections
B o —|B| ® VL(B)

Proposition 13. For all T > t,,, the graph of the iterates (ﬁta)tST converges to that of (BT)T

dist({ B8} <7, {Br }r>0) — 0 (Hausdorff distance)
- - a—r
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6.6 Further discussion and conclusion

Link between incremental learning and saddle-to-saddle dynamics. The incremental
learning phenomenon and the saddle-to-saddle process are often complementary facets of the
same idea and refer to the same phenomenon. Indeed for gradient flows dw, = —VF(w;)dt,
fixed points of the dynamics correspond to critical points of the loss. Stages with little progress
in learning and minimal movement of the iterates necessarily correspond to the iterates being
in the vicinity of a critical point of the loss. It turns out that in many settings (linear net-
works [Kawaguchi, 2016], matrix sensing [Bhojanapalli et al., 2016, Park et al., 2017]), critical
points are necessarily saddle points of the loss (if not global minima) and that they have a very
particular structure (high sparsity, low rank, etc.). We finally note that an alternative approach
to realising saddle-to-saddle dynamics is through the perturbation of the gradient flow by a
vanishing noise as studied in [Bakhtin, 2011].

Characterisation of the visited saddles. A common belief is that the saddle-to-saddle
trajectory can be found by successively computing the direction of most negative curvature of
the loss (i.e. the eigenvector corresponding to the most negative eigenvalue) and following this
direction until reaching the next saddle [Jacot et al., 2021]. However this statement cannot
be accurate as it is inconsistent with our algorithm in our setting. In fact, it can be shown
that this algorithm would match the orthogonal matching pursuit (OMP) algorithm [Pati et al.,
1993, Davis et al., 1997] which does not necessarily lead to the minimum ¢;-norm interpolator.
In [Berthier, 2022], which is the closest to our work and the first to prove convergence of the iter-
ates towards a piece-wise constant process, the successive saddles are entirely characterised and
connected to the Lasso regularisation path in the underparameterised setting. Recently, Boix-
Adsera et al. [2023] extended the diagonal linear network setting to diagonal parametrisations
of the form f,,, but at the cost of stronger assumptions on the trajectory.

Adaptive Inverse Scale Space Method. Following the submission of the paper this chapter
is based on, we were informed that Algorithm 1 had already been proposed and analysed in the
compressed sensing literature. Indeed it exactly corresponds to the Adaptive Inverse Scale Space
Method (aISS) proposed in Burger et al. [2013]. The motivations behind its study are extremely
different from ours and originate from the study of Bregman iteration [Cai et al., 2010, Osher
et al., 2005, Yin et al., 2008] which is an efficient method for solving ¢; related minimisation
problems. The so-called inverse scale space flow which corresponds to eq. (6.12) in our chapter
can be seen as the continuous version of Bregman iteration. As in our chapter, Burger et al.
[2013] show that this equation can be solved through an iterative algorithm. We refer to Yang
et al. [2013, Section 2] for further details. However we did not find any results in this literature
concerning the uniqueness of the constrained minimisation problem due to Assumption 6, nor
on the maximum number of iterations, the behaviour under RIP assumptions and the maximum
number of active coordinates.

Subdifferential equations and rate-independent systems. As in eq. (6.12), subdifferen-
tial inclusions of the form VL(5;) € $0h(5;) for non-differential functions h have been studied
by Attouch et al. [2004] but for strongly convex functions h. In this case, the solutions are
continuous and do not exhibit jumps. On another hand, Efendiev and Mielke [2006], Mielke
et al. [2009, 2012] consider so-called rate-independent systems of the form 0, E(t, q:) € Oh(g;) for
1-homogeneous dissipation potentials h. Examples of such systems are ubiquitous in mechanics
and appear in problems related to friction, crack propagation, elastoplasticity and ferromag-
netism to name a few [Mielke, 2005, Ch. 6 for a survey]. As in our case, the main difficulty with
such processes is the possible appearance of jumps when the energy F is non-convex.
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6.7 Conclusion.

Our study examines the behaviour of gradient flow with vanishing initialisation over diagonal
linear networks. We prove that it leads to the flow jumping from a saddle point of the loss
to another. Our analysis characterises each visited saddle point as well as the jumping times
through an algorithm which is reminiscent of the LARS method used in the Lasso framework.
There are several avenues for further exploration. The most compelling one is the extension of
these techniques to broader contexts for which the implicit bias of gradient flow has not yet fully
been understood.
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Chapter 7

Effect of noise

7.1 Preface

This chapter follows Pesme et al. [2021].

Summary We study the dynamics of stochastic gradient descent over diagonal linear networks
through its continuous time version, namely stochastic gradient flow. We explicitly characterise
the solution chosen by the stochastic flow and prove that it always enjoys better generalisation
properties than that of gradient flow. Quite surprisingly, we show that the convergence speed
of the training loss controls the magnitude of the biasing effect: the slower the convergence,
the better the bias. To fully complete our analysis, we provide convergence guarantees for the
dynamics. We also give experimental results which support our theoretical claims. Our findings
highlight the fact that structured noise can induce better generalisation and they help explain the
greater performances of stochastic gradient descent over gradient descent observed in practice.

Co-authors Loucas Pillaud-Vivien and Nicolas Flammarion.

Contributions Scott and Loucas worked together on the project.

7.2 Introduction

Understanding the performance of neural networks is certainly one of the most thrilling chal-
lenges for the current machine learning community. From the theoretical point of view, progress
has been made in several directions: we have a better functional analysis description of neural
networks [Bach, 2017] and we steadily understand the convergence of training algorithms [Mei
et al., 2018, Chizat and Bach, 2018] as well as the role of initialisation [Jacot et al., 2018, Chizat
et al., 2019]. Yet there remain many unanswered questions. One of which is why do the currently
used training algorithms converge to solutions which generalise well, and this with very little
use of explicit regularisation [Zhang et al., 2017].

To understand this phenomenon, the concept of implicit bias has emerged: if over-fitting
is benign, it must be because the optimisation procedure converges towards some particular
global minimum which enjoys good generalisation properties. Though no explicit regularisation
is added, the algorithm is implicitly selecting a particular solution: this is referred to as the
implicit bias of the training procedure. The implicit regularisation of several algorithms has
been studied, the simplest and most emblematic being that of gradient descent and stochastic
gradient descent in the least-squares framework: they both converge towards the global solution
which has the lowest squared distance from the initialisation. For logistic regression on separable
data, Soudry et al. show in the seminal paper [Soudry et al., 2018] that gradient descent selects
the max-margin classifier. This type of result has then been extended to neural networks and
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to other frameworks. Overall, characterising the implicit bias of gradient methods has almost
always come down to unveiling mirror-descent like structures which underlie the algorithms.

While mostly all of the results focus on gradient descent, it must be pointed out that this
full batch algorithm is not used in practice for neural networks since it does not lead to solutions
which generalise well [Keskar et al., 2017]. Instead, results on stochastic gradient descent, which
is widely used and shows impressive results, are still missing or unsatisfactory. This has certainly
to do with the fact that grasping the nature of the noise induced by the stochasticity of the
algorithm is particularly hard: it mixes properties from the model’s architecture, the data’s
distribution and the loss. In our work, by focusing on simplified neural networks, we answer to
the following fundamental questions: do SGD’s and GD’s implicit bias differ? What is the role
of SGD’s noise over the algorithm’s implicit bias?

The simplified neural networks which we consider are diagonal linear neural networks; despite
their simplicity they have become popular since they already enable to grasp the complexity of
more general networks. Indeed, they highlight important aspects of the theoretical concerns of
modern machine learning: the neural tangent kernel regime, the roles of over-parametrisation, of
the initialisation and of the step size. For a regression problem where we assume the existence of
an interpolating solution, we study stochastic gradient descent through its continuous version,
namely stochastic gradient flow (SGF). Though the continuous modelling of SGD has not yet
led to many fruitful results compared to the well studied gradient flow, we believe it is because
capturing the essence of the stochastic noise is particularly difficult. It has generally been done
in a non realistic and over simplified manner, such as considering constant and isotropic noise.
In our work, we attach peculiar attention to the adequate modelling of the noise. Tools from It6
calculus are then leveraged in order to derive exact formulas, quantitative bounds and interesting
interpretations for our problem.

7.2.1 Main contributions and chapter organisation.

In Section 8.3, we start by introducing the setup of our problem as well as the continuous
modelisation of stochastic gradient descent. Then, in Section 7.4, we state our main result on
the implicit bias of the stochastic gradient flow. We informally formulate it here and illustrate
it in Figure 7.1:

Theorem 3 (Informal). Stochastic gradient flow over diagonal linear networks converges with
high probability to a zero-loss solution which enjoys better generalisation properties than the one
obtained by gradient flow. Furthermore, the speed of convergence of the training loss controls
the magnitude of the biasing effect: the slower the convergence, the better the bias.

Unlike previous works [Gunasekar et al., 2018a, Woodworth et al., 2020b], in addition to
characterising the implicit bias effect of SGF, we also prove the convergence of the iterates
towards a zero-loss solution with high-probability. To accomplish this, we leverage in Section 7.5
the fact that the iterates follow a stochastic continuous mirror descent with a time-varying
potential. We support our results experimentally and validate our model in Section 7.6.

7.2.2 Related work

As recalled, implicit bias has a recent history that has been initiated by the seminal work Soudry
et al. [2018] on max-margin classification with log-loss for a linear setup and separable data. This
work has been extended to other architectures, e.g. multiplicative parametrisations [Gunasekar
et al., 2018a], linear networks [Ji and Telgarsky, 2019] and more general homogeneous neural
networks [Lyu and Li, 2020, Chizat and Bach, 2020]. In Woodworth et al. [2020b] the authors
show that the scale of the initialisation leads to an interpolation between the neural tangent
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Figure 7.1: Sparse regression with n = 40, d = 100, [|57 [lo = 5, #; ~ N(0,1) y; = JJBZ) . Left:
for initialisation scale o = 0.05, SGD converges towards a solution which generalises better than
GD. Right: for different values of the initialisation scale «, the solution recovered by SGD has
better validation loss than that of GD. The sparsifying effect due to their implicit biases differ
by more than an order of magnitude. See Section 7.6.1 for the precise experimental setup.

kernel regime [Jacot et al., 2018, Chizat et al., 2019] (which is a linear regression on fixed
features) leading to ¢ minimum norm solutions and the rich regimes leading to ¢; minimum
norm solutions. Note that these works focus on full batch gradient descent (or flow) and are
deeply linked to mirror descent.

While the links between SGD’s stochasticity and generalisation have been looked into in
numerous works [Mandt et al., 2016, Jastrzebski et al., 2018, He et al., 2019, Hoffer et al., 2017,
Kleinberg et al., 2018], no such explicit characterisation of implicit regularisation have ever been
given. It has been empirically observed that SGD often outputs models which generalise better
than GD [Keskar et al., 2017, Jastrzebski et al., 2018, He et al., 2019]. One suggested explanation
is that SGD is prone to pick flatter solutions than GD and that bad generalisation solutions are
correlated with sharp minima, i.e., with strong curvature, while good generalisation solutions are
correlated with flat minima, i.e., with low curvature [Hochreiter and Schmidhuber, 1997, Keskar
et al., 2017]. This idea has been further investigated by adopting a random walk on random
landscape modelling [Hoffer et al., 2017], by suggesting that SGD’s noise is smoothing the loss
landscape, thus eliminating the sharp minima [Kleinberg et al., 2018], by considering a dynamical
stability perspective [Wu et al., 2018] or by interpreting SGD as a diffusion process [He et al.,
2019, Jastrzebski et al., 2018, Chaudhari and Soatto, 2018]. Recently, label-noise has been shown
to influence the implicit bias of SGD, by biasing the solution towards the origin for quadratically-
parameterized models [HaoChen et al., 2021] or by implicitly regularising the expected squared
norm of the gradient of the model with respect to the weights [Blanc et al., 2020]. Thus, if
the notion of implicit bias of GD is fairly well understood both in the cases of regression and
classification, it remains unclear for SGD, and its explicit characterisation is missing.

The linear diagonal neural networks we consider have been studied in the case of gradient
descent [Vaskevicius et al., 2019] and stochastic gradient descent with label noise [HaoChen
et al., 2021]. In both cases the authors show that this model has the ability to implicitly bias
the training procedure to help retrieve a sparse predictor. The link between gradient descent and
mirror descent for this model has been initiated by Ghai et al. [2020] and further exploited by
the same author in Wu and Rebeschini [2020], Vaskevicius et al. [2020a] for its sparse inducing
property.

Contrary to the deterministic case, the modelling of stochastic gradient descent as a stochas-
tic differential equation is quite recent, see Mandt et al. [2016], Jastrzebski et al. [2018]. However,
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as highlighted by Ali et al. [2020], early attempts often suffer from the drawback that they model
the noise using a constant covariance matrix. On the contrary, state dependant noise has now
become the legitimate manner for modelling SGD as a stochastic gradient flow and it is shown in
Li et al. [2019a] that it can be done consistently. Yet, noise modelling still remains the principal
issue [Wojtowytsch, 2021] as it influences largely the behaviour of the dynamics Chaudhari and
Soatto [2018], Cheng et al. [2020].

7.2.3 Notations

For input data (z1,...,z,) € (R)™ and output (y1,...,y,) € R", we denote respectively X €
R™? the design matrix whose i-th row is feature z; € R% and y € R™ the vector of outputs.
R% denotes the set of strictly positive real numbers. For p = 1,2, the £,-norm of x € R4
is ||lz|b = Zf |z;|P. The operations ® will stand for coordinate-wise product between vector:
[u ® v]; = uv; and u? = uw ®u. For p € N*, we also define u? := v ® ... ® u, the p times
product of uw with itself. All inequalities between vectors should be understood value by value.
For f,g € R, the existence of C' > 0 such that f < Cg and Cg < f will be denoted f < O(g)
and Q(g) < f respectively. We shall use the symbole O when this is true up to log factors. For a
vector u € R%, diag(u) denotes the d x d diagonal matrix which has its diagonal equal to u. For a
matrix M € R¥9, diag(M) denotes the vector (Myy, ..., Myq) € R%. The indexed vector 8* will
stand for any /3 interpolating the data, i.e. any vector in the affine space {5 € R? s.t, X3 =Y}

of dimension at least d —n. Out of all these, let 5; = argmin [|f[|1. For z any vector, 2o
BERY s.t. XB=y
or z*° will always designate of lim z;.
t—o00

7.3 Setup and preliminaries

7.3.1 Architecture and algorithm.

Overparametrised noiseless regression. We consider a linear regression problem with out-
puts (y1,...,ys) € R” and inputs (z1,...,2,) € (RY)"”. We study an overparametrised setting
(n < d) and assume that there exists at least one interpolating parameter §* € R? which per-
fectly fits the training set, i.e. y; = (8%, z;) for all 1 < i < n. We parametrise the regression
vector (3 as (B, with w € RP. We will see that though in the end our final models x — (f,,, ) are
classical linear models whatever the parametrisation w — [,,, the choice of this parametrisation
has crucial consequences on the solution recovered by the learning algorithms. We study the
quadratic loss and the overall loss is written as:
1 n 1 n
L(’LU) = L(Bw) = Z(<BUMZCZ> - yl)Q = I Z(/Bw - 5*,1'1')2,

4n 4 4n 4
=1 =1

where by abuse of notation we use L(w) = L(Sy).

2-layer diagonal linear network. The simplest parametrisation of (,, is to consider 3, = w
which corresponds to the classical least-squares framework. It is well known that in this case,
many first order methods (GD, SGD, with and without momentum) will converge towards the
same solution: we say that they have the same implicit bias. This is experimentally not the case
for neural networks where SGD has been shown to lead to solutions which have better generalisa-
tion properties compared to GD [Keskar et al., 2017]|. To theoretically confirm this observation,
we study a simple non-linear parametrisation: 8, = wi —w? with w = [wy, w_]T e R?d. We

point out that it is 2-positive homogeneous and that it is equivalent to the parametrisation
Bup = v © v with u,v € R?. Tt should be thought of a simplified linear network of depth 2
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(see [Woodworth et al., 2020b, Section 4] for more details). We consider two weight vectors
wy and w_ (and not only B, = w?) in order to ensure that our final linear predictor parameter
Bw can take negative values. Also note that additionally to being a toy neural model, it has
received recent attention for its practical ability to induce sparsity [Vaskevicius et al., 2019,
2020a, HaoChen et al., 2021] or to solve phase retrieval problems [Wu and Rebeschini, 2020].

Stochastic Gradient Descent. With this quadratic parametrisation, the loss now rewrites
as: L(w) = £ > (wh —w? — B*,2;)*. Note that despite its simplicity, this loss is non convex
and its minimisation is non trivial. The algorithm we shall consider is the well known SGD

algorithm, where for a step size v > 0:

Wi+ = Wiy — Y{(Bw — B, Tiy) T, © Wi+

Wit~ = wh 4 Bu — B ) w2y © Wy where i; ~ Unif(1,n). (7.1)

It is convenient to rewrite this recursion as
Wit = et — YVar L(we) £ v diag(w,2) X T, (Br), (7.2)
where &;,(8) = —((B — B xi,)e;, — B, [(ﬁ — B*,a:it>eit]) € R" is a zero-mean multiplicative

noise which vanishes at any global optimum (e; denotes the i*" element of the canonical basis).
We point out that all the results we shall give hold for any initialisation such that w;—o 4+ =
wi—o— € R under which we have that B,,_, = 0. To understand under what conditions the
SGD procedure converges and towards which point it does, we shall consider its continuous
counterpart which has the advantage of leading to clean and intuitive calculations. We highlight
the fact that we consider a bath-size equal to 1 for clarity, however all our analysis holds for
mini-batch SGD (with and without replacement) simply by considering an effective step-size e
instead of «y, this is clearly explained in Appendix B.1.

7.3.2 Stochastic gradient flow

Continuous time modelling of sequential processes offer a large set of tools, such as derivation,
which come in helpful to understand the dynamics of the processes. This has led to a large
part of the recent literature to consider continuous gradient flow in order and understand the
behaviour of gradient descent on complicated architectures such as neural nets. However, the
continuous time modelling of stochastic gradient descent is more challenging: it requires to add
on top of the gradient flow a diffusion term whose covariance matches the one of SGD. Hence,
it is fundamental to understand its structure and scale.

Understanding the noise’s structure. As seen in equation (7.2), evaluated at w4, the
stochastic noise v diag(w+)X "€, (w) has two main characteristics which we want to preserve:

e It belongs to span(wy © z1,...,ws O Ty)

e It has covariance Y, (w+) := 72 diag(w4) X " Cov;, (&, (8)) X diag(w) € R¥*4
It remains to understand the structure of the covariance of &;, which has the following closed
form: COV’it (glt (B)) = % dia’g(<ﬂ_ﬁ*a $i>2)1§i§n - 7%2 (<B_B*a ‘rl><ﬁ_ﬁ*7 xj))lgz,ygn We ldentlfy
the two key facts: (i) it is diagonal at the leading n~! order and (ii) its trace is linked to the
loss as Var;, ([[&,(8)]2) = 2L(B) + O(#) This leads us in modelling &;, (5)’s covariance matrix

as %L(ﬁ)[n as it preserves these two characteristics !. Finally this brings us to consider the
following modelling of the overall noise’s structure: X, (w4 ) = %%L(w)[diag(wi)XT]@Q.

Lthe general case is discussed in Appendix B.4.1
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Stochastic differentiable equation modelling. Guided by the previous considerations, we
study the following stochastic gradient flow:

dwy 4 = =V, L(wg) dt + 24/ L(wy) we 4 © [X T dBy]

_ - (7.3)

dw— = =V L(wy) dt — 2/~ L(wy) wy— © [X ' dBy],
where dB; is a standard R™ Brownian motion. The SDE is a perturbed gradient flow with a
diffusion term that is defined such that its Euler discretisation with step size v leads to a Markov
Chain whose covariance exactly matches SGD’s noise covariance ¥, (w+). We refer to Li et al.
[2019a] or Kloeden and Platen [1992] for the technical details regarding consistency of such a
procedure in the limit of small step sizes. This stochastic differential equation is the starting
point of the analysis.

7.4 The implicit bias of the stochastic gradient flow

Implicit bias and hyperbolic entropy. To understand the relevance of the main result
and how stochasticity induces a preferable bias, we start by recalling some known results for
gradient flow. In Woodworth et al. [2020b] it is shown, assuming global convergence, that the
solution selected by the gradient flow initialised at o € R? and denoted 32, solves a constrained
optimisation problem involving the hyperbolic entropy introduced by Ghai et al. [2020]:

d
B% = argmin ¢ (f) = i[;ﬁiarcsinh(ij%) — /B2 +4al], (7.4)

BERY s.t. XB=y

Though the hyperbolic entropy function has a non-trivial expression, its principal characteristic

is that it interpolates between the ¢1 and the £ norms according to the scale of a. More precisely
2. 1 1 _ 2 1 2 -2

for « € R % ¢4(B) ~ s3I (D)[18]l: and ¢a(B) Wi 2a° + 15|83 + o(a™?). We refer to

[Woodworth et al., 2020b, Theorem 2| for more details on the asymptotic analysis. The implicit
optimisation problem (7.4) therefore highlights the fact that the initialisation scale of the weights
controls the shape of the recovered solution. Small initialisations lead to low £;-norm solutions
which are known to induce good generalisation properties: this is what is often referred to as the
rich regime. Large initialisations lead to low fs-norm solutions: this is referred to as the kernel
regime or lazy regime in which the weights move only very slightly. The dynamics of the gradient
flow are then very similar to the one of kernel linear regression with the kernel depending on the
initialisation [Jacot et al., 2018, Chizat et al., 2019]. Overall, to retrieve a sparse solution, one
should initialise with the smallest a possible. However, as is clearly explained in Woodworth
et al. [2020b], it is important to stress out that there is a generalisation / optimisation tradeoff:
the point w = 0 happens to be a saddle point for the loss and a smaller o will lead to a longer
training time.

Main result. In the main theorem we show that, for an initialisation scale «, the stochasticity
of SGF biases the flow towards solutions which still minimise the hyperbolic entropy. However,
what is remarkable is that it does so with an effective parameter as which is strictly smaller
than a. The recovered solution therefore minimises an optimisation problem which has better
sparsity inducing properties than that of gradient flow.

2If a € R we consider the abuse of notation ¢q = da1.
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Theorem 1. For p < % and wo+ = o € (]Ri)d, let (wt)e>0 follow the stochastic gradient
. . 187, 111 -1
flow (7.3) with step size v < O([ln(%)/\maxmax{\\ﬁzlﬂlln (ﬁza?), HQH%}] ) where B} =
argmin ||B||1 and Amax is the largest eigenvalue of X T X /n. Then, with probability at least 1—
BER s.t. X B=y
b

o (Bt)i>0 converges towards a zero-training error solution 55

o the solution BS satisfies

T 00
By = argmin  ¢q () where as =a®exp <—2’y diag <XnX )/JFL(BS) ds> . (7.5)
0

BERY s.t. XB=y

The theorem is three-fold: with high probability and for an explicit choice of constant step
size 7, (i) the flow (B;)¢>0 converges, (ii) its limit 5% is an interpolating solution, i.e. X383 =y
, (iii) this solution minimises the hyperbolic entropy problem with a parameter that depends
on the dynamics. We illustrate these results in Figure 8.1. Now let us comment further the
theorem.

. 2
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Figure 7.2: Sparse regression (see Section 7.6.1 for the detailed experimental setting). Both
SGD and GD are initialised at @ = 0.1. 2 different runs of SGD over the training set are
performed, they differ due to the inner stochasticity of the algorithm. Left: GD and SGD both
converge towards a global minimum. Middle and right: for two different trajectories of SGD,
the higher the value of the loss integral at convergence, the better the validation loss. In both
cases SGD converges towards a solution which generalises better than GD. This figure illustrates
Theorem 1.

Beneficial implicit bias through effective initialisation. The most remarkable aspect of
the result is that the recovered solution 85 minimises the same potential as for gradient flow but
with an effective parameter ao, which is strictly smaller than «. Hence, the hyperbolic entropy
is closer to the ¢; norm compared to the deterministic case, proving a systematic benefit of
stochasticity. Note that this effective parameter is random and controlled by the loss integral
f0+oo L(Bs) ds: the higher the integral, the smaller the effective initialisation scale. In other words
and quite surprisingly, the slower the loss converges to 0, the “richer” the implicit bias. However,
it must be kept in mind that, as explained in Woodworth et al. [2020b], there is a tension between
generalisation and optimisation: a longer training time might improve generalisation but comes
at the cost of... a longer training time. Yet it is clear experimentally that SGD systematically
largely wins the trade-off over GD (see Figure 8.1). Interestingly, Problem (7.5) tells us that the
implicit bias of SGD initialised at « acts as if we run GD initialised at a (see Section 7.6.3).
Note that the minimisation problem (7.5) only makes sense a posteriori since the quantity a
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depends on the whole stochastic trajectory. Finally, an interesting question is whether one can
quantify the scale of this beneficial phenomenon, i.e. how small o is compared to o. To answer
this, we quantify the scale of the loss integral w.r.t. v and « (see Proposition 16) and show under
slightly stronger conditions that the relative scale /o decays as power of a (See Eq. (7.8) of
the main text and Proposition 30 of the appendix for a proof).

Kernel regime. Though it is less our focus, our result still holds as @ — 400 which corre-
sponds to the kernel regime. In this regime, we believe that f0+oo L(pBs)ds = 0 (not shown in
a— 00

the chapter but experimentally observed) and hence SGF and GF converge towards the same
solution. This is expected since in the NTK regime, the iterates follow a kernel linear regression
for which the bias of SGF and GF are the same.

Step size. Note that the convergence of the iterates holds for a constant step size. This is not
illogical since in the overparametrised setting, the noise vanishes at the optimum (see Varre et al.
[2021] for a convergence result in the overparametrised least-squares setup). The explicit formula

. -1
for the v upper bound is v < <400 In (%))\max(XTX)maX {\\5}1”1 In (V2 17,1 ), HaH%}) It

n min; a?

has a classical dependence on Apay(X ' X/n) which can be computed, but also on the unknown
value of [|8; [[1. However in practice we choose the highest value of v for which the iterates
converge. Note that in practice the weights are often initialised such that |«||3 is roughly
equal to 1 and hence it is sensible to consider [|a|5 < |57 [l1. In the explicit bound, there is

a In (|| B, 111/ min; a?)_1 factor, we believe that it is an artefact of our analysis and could be

removed. It is hence best to think of the upperbound on v to simply be v < O(W)
max Zl

Convergence and proof sketch. Let us put emphasis on the fact that since we deal with
a non-convex problem, neither convergence nor convergence towards a global minimum are
obvious. In most of similar works, convergence of the iterates is assumed [Woodworth et al.,
2020b, Gunasekar et al., 2018a]. In fact, the hardest and most technical part of our result
is to show the convergence of the flow with high probability: once the convergence is shown,
describing the minimisation problem % verifies is straightforward. In the following section we
give several properties which constitute the major keys of the theorem’s proof.

7.5 Links with mirror descent

The aim of this section is to show that the sequence (f;);>¢ follows a stochastic version of
continuous mirror descent with a time dependent mirror. From this crucial property, we show
how the convergence and implicit bias characterisation follow. Finally, as it is one of the central
objects of our main theorem, we give an estimation of fooo L(Bs) ds.

7.5.1 Stochastic continuous mirror descent with time-varying potential

We start by recalling known results on the link between implicit bias and mirror descent. We
recall also convergence guarantees for mirror descent dynamics.

Mirror descent: convergence and implicit bias. For any g € R? and convex potential
function ¥, consider the mirror descent flow (5;); which corresponds to dVV(3;) = —V L(5;)dt.
Though the convergence of the loss to 0 is straightforward, showing the convergence of the iter-
ates requires more work and is shown in [Bauschke et al., 2017, Theorem 2]. Yet, once the con-
vergence of the iterates is shown, deriving the implicit minimisation problem is straightforward.
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We recall the reasoning here (see Section 3 of Azulay et al. [2021] for more details): integrating
the flow yields V¥ (8s0) — VU(6o) = — [y VL(B,)ds = —4xT I~ X (Bs — Bo) ds € span(X).
This condition, along with the fact that X5, = y exactly corresponds to the KKT conditions
of the problem:

Boo = argmin  Dy(S, fo), (7.6)
BER st. Xp=y

where Dy (3, Bo) = V(B) — Y (5o) — (V¥(Bo), 5 — Bo) is the Bregman divergence w.r.t. W.

Link with our model. It turns out that these general observations on mirror descent apply
to our framework when (w;); follows the gradient flow dw; + = —V,,, L(w;)dt. Indeed it has
been shown in Woodworth et al. [2020b] that the corresponding iterates 5; = wt% L wt% _ follow
a mirror descent with potential ¢, defined in Eq.(7.4). Therefore we can apply the previous
remarks to obtain the convergence towards an interpolator, as well as the associated implicit

minimisation problem which in our case can be rewritten as 5 = argmin  ¢,(5) since

BERY s.t. XB=y
Voo (Bo=0)=0.

Stochastic Mirror descent with a time varying potential. To address the problem
where (w;): follows a stochastic gradient flow instead of a gradient flow, it is natural, as in the
deterministic framework, to see what type of flow (5;); follows. Because of the noise, we cannot
hope to simply recover a classical mirror descent. However interestingly the next property shows
that it follows a stochastic mirror-like descent with a geometry that depends on time.

Proposition 14. Consider the iterates (wy)¢>0 issued from the stochastic gradient flow in Eq.(7.3)
with initialisation wo + = o € (Rj_)d. Then the corresponding flow (Bt)i>o0 follows a “stochastic
continuous mirror descent with time varying potential” defined by:

AV, (B:) = =V L(B) dt + /yn~1L(8;) X "dB;, (7.7)

where apy = a © exp (—27 diag (XTTX> fg L(Bs) ds) and ¢ s the hyperbolic entropy defined
in (7.4).

Under this form we clearly see that the iterates (/3;); follow a flow which closely resembles
that of mirror descent but with two major differences: (i) the potential ¢, changes over time
according to the random quantity fot L(Bs) ds, (ii) the flow is perturbed by noise. We highlight
the fact that viewing the dynamics this way has the major advantage of giving a clear roadmap
for the proof of Theorem 1: (i) we can adapt classical mirror-descent results to our framework
and construct appropriate Lyapunov functions to prove the convergence of the flow with high
probability to some interpolator 5%, (ii) we immediately recover the corresponding minimisation
problem as in the deterministic case. Indeed, integrating Eq.(7.7) still yields Vo, (%) €
span(X) which, along with X33 = y, are the KKT conditions of the implicit minimisation
problem (7.5). We emphasise the fact that the structure of the noise, belonging to span(X),
is crucial in order to obtain this minimisation problem. This would for instance clearly not be
true if we considered isotropic noise in the SDE modelling. This highlights the fact that not
every form of noise improves the implicit bias: the shape of the intrinsic SGD noise is of primal
importance [HaoChen et al., 2021].
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7.5.2 Convergence and control of fooo L(5s) ds

Though it seems easy to derive the implicit minimisation problem (7.5) from the mirror-like
structure of Eq.(7.7), it is necessary to ensure that the iterates converge towards an interpolator
Bso- This is the purpose of the following proposition.

Proposition 15 (Convergence of the iterates). Consider the iterates (wt)i>o issued from the
stochastic gradient flow (7.3), initialised at wo+ = o € (R%)4. For p < 3 and ~ such as in
Theorem 1, then with probability at least 1 — p, the flow (B;): converges to an interpolating

solution B .

The convergence of the iterates is technical and requires several intermediate results. We start
by considering an appropriate Bregman-type stochastic function with a time-varying potential
and show that it converges with high probability. Leveraging the fact that we are able to bound
the iterates B;, we are able to show that the limit of the function is in fact 0. Owing to the fact
that the function we consider also controls the distance of 5; to a particular £* we finally get
that the iterates converge.

However for the objects (such as a,) and functions we introduce to be well defined, we need
to guarantee the convergence of fooo L(Bs)ds. Besides, it is crucial to grasp the scale of this
quantity since it gives the overall scale of a. This is done in the following proposition where
we lower and upper bound its value.

Proposition 16. Under the same setting as in Proposition 15 with initialisation wo+ = ol,
we have with probability at least 1 — p:

15,111
2

a

AR
2

a

(1187, I 1n (

),an}).

We point out that the lower bound is given for small «o’s for simplicity but we provide in
Lemma 16 (Appendix B.2.5) a lower bound which holds for all a’s. Note that when v = 0,
which corresponds to deterministic gradient flow, we can give the exact value for the integral:

0+°° L(Bs)ds = 1Dy (8%, Bo). This matches the scale of the bounds given in Proposition 16,
hence showing the tightness of the result. We focus now on how this translates to the scale of
the effective initialisation w.r.t. a when this latter is small enough. In fact, this lower bound
on the integral of the loss along with a stronger assumption on the boundedness of the iterates
lead to

) < /0+OOL(BS)ds < O mas {18, n

a—0

(6% O[2 ¢
e — |, 7.8
o oS (Hﬁ;ﬂh) (78)

for some ¢ > 0. Hence the smaller the initialisation scale o and the greater the benefit of SGD
over GD in terms of implicit bias (see Appendix B.2.6 for more details).

Again, the proof of this proposition is technical and relies on considering appropriate Lya-
punov functions which highly resemble to Bregman divergences, but which take into account the
fact that the geometry changes over time. These overall decreasing Lyapunov’s enable to bound
the iterates as well as lower and upper bound the integral of the loss. The stochastic integrals
which naturally appear are controlled with high probability using time-uniform concentration
of martingales [Howard et al., 2020].
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7.6 Experiments

7.6.1 Experimental setup for sparse regression

We consider the following sparse regression setup for our experiments. We choose n = 40,
d = 100 and randomly generate a sparse model §; such that |37 |lo = 5. We generate the
features as z; ~ N(0,1) and the labels as y; = xiTﬁZ). SGD, GD and the SGF are always
initialised using the same scale @ > 0 and it is specified each time. We use the same step size for
GD and SGD and choose it to be the biggest as possible why still ensuring convergence. Note
that since the true population covariance E[zz "] is equal to identity, the quantity ||3; — 87, 13
corresponds to the validation loss.

7.6.2 Validation of the SDE model

In this section, we present an experimental validation of the stochastic gradient flow model. In
Figure 7.3, for the same step size, we run: (i) the trajectory of gradient descent, (ii) 5 trajectories
of stochastic gradient descent that correspond to different realisations of the uniform sampling
over the data, (iii) 5 trajectories of the stochastic gradient flow (its Euler discretisation with
dt = 7v/10)) corresponding to different realisations of the Brownian. We clearly see (left) that
the loss behaves similarly for SGD and SGF across time. We also see that the validation losses
(right) of the iterates of SGD and SGF have very similar behaviours. This tends to validate our
continuous modelling from Section 7.3.2.

Train losses L(/3;) Test losses |[3; — @OH%
o . 1 R GD
1075 SGDs
. ] SDEs
1074 n 10 3
—2 o)
107 1 10 e~
103 - e
10_10 T T T 4 T T T
10! 103 10° 10! 10° 10°
Iteration ¢ Iteration ¢

Figure 7.3: Sparse regression (see Section 7.6.1 for the detailed experimental setup). Left and
right: the training and the validation losses behave very similarly, corroborating the continuous
modelling.

7.6.3 GD and SGD have the same implicit bias, but from different initiali-
sations

In order to confirm and illustrate the main Theorem 1, we provide the following experiment
which is illustrated Figure 7.4. We first run GD and SGD with the same step-size and initialise
them both at al with a = 0.01. As expected, the solution recovered by SGD generalises
better. Then, using the iterates PSP from the first SGD run, we compute the value oy, =
avexp(—2ydiag(X " X/n) [7° L(B59P)ds) € R? (the integral is approximated by its discrete time
approximation with d¢ = ). We then run gradient descent but this time initialised at wp+ =
Q- According to our main result from Theorem 1, it should approximately (it would be exact
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if we ran SGF and GF) converge to the same solution as SGD initialised at a1. This is clearly
observed Figure 7.4 (right). Also note that SGD and GD (initialised at ) seem to have overall
very similar dynamics, this is not shown by our results and we leave this as future work. However
keep in mind that though the validation losses converge at the same iteration rate, in terms of
computation time, SGD is n times faster.

Train losses L(f3;) ) Test losses |5, — 5 |5
10
100 | = GD from «
== SGD from «
_3 . —
10 10-! - GD from aso
10—6 .
— GD from « “
——- SGDf 107% 1
109 4 rom o
— GD from o
10—12 T T T T T T
10! 10° 10° 10 103 10°
Iteration ¢ Iteration ¢

Figure 7.4: Sparse regression (see Section 7.6.1 for the detailed experimental setup). Left and
right: SGD initialised at al converges towards the same point as GD initialised at ao =
aexp(—2ydiag(X " X/n) [7° L(B5CP)ds) .

7.6.4 Doping the implicit bias with label noise

As largely discussed throughout the chapter, the effect of the implicit bias is controlled by the
convergence speed of the loss: the slower it converges, the sparser the selected solution will
be. Hence the following question: can we leverage this knowledge to dope the implicit bias?
We argue in this Section that the answer to this question is affirmative. Indeed, consider a
sequence (0¢)ieN € Rl}i and assume that we artificially inject some label noise A; at time ¢, say
for example A; ~ Unif{20;, —26;} (independently from ;). This injected label noise perturbs
the SGD recursion as follows:

Wi+ = we+ Fy((Buw — B, i) + At) 2, Qw4 where i; ~ Unif(1,n). (7.9)

As in Section 7.3.2, we can derive its related stochastic gradient flow (see Appendix B.3.1 for
more details):

d'wtd: = —VwiL(wt)dt + 2\/fyn—1(L(wt) + (5752) Wt 4 © [XTdBt] (710)

Assuming that (6;);>0 € (R4)® and « are such that the iterates converge, the corresponding im-
plicit regularisation minimisation problem is preserved but with a ”slowed down” loss: L(5;) :=

L(B;) + 62 and the effective initialisation writes: doo = a®exp (—27 diag(XTX) 0+OO L(Bs) ds).

n

The label noise therefore helps recovering a solution which has better sparsity properties. How-
ever, it must be kept in mind that adding too much label noise can significantly slow down the
convergence of the validation loss or even prevent the iterates from converging. Yet, experimental
results showing the impressive effect of label noise are provided Figure B.1 in Appendix B.3.1.
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7.7 Conclusion

In this chapter, we have shown the benefit of using stochastic gradient descent over gradient
descent for diagonal linear networks in terms of their implicit bias. Indeed, we prove that
stochastic gradient flow acts as gradient flow but initialised at a smaller scale: this induces a
sparser finale iterate. This effect is controlled by the speed of convergence of the loss. Moreover,
we prove the convergence of the flow and exhibit an interesting link with mirror descent. Fully
understanding this novel type of dynamics could help to grasp the implicit biasing properties of
stochastic gradient descent in other frameworks. It is also natural to ask whether the integral
of the loss also controls the difference of implicit regularisation for more general architectures.
It would also be interesting to analyse how this property adapts to log losses known to lead to
max-margin solutions in classification.
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Chapter 8

Effect of the step size

8.1 Preface

This chapter follows Even et al. [2023].

Summary We investigate the impact of stochasticity and large stepsizes on the implicit regu-
larisation of gradient descent (GD) and stochastic gradient descent (SGD) over 2-layer diagonal
linear networks. We prove the convergence of GD and SGD with macroscopic stepsizes in an
overparametrised regression setting and provide a characterisation of their solution through an
implicit regularisation problem. Our characterisation provides insights on how the choice of
minibatch sizes and stepsizes lead to qualitatively distinct behaviors in the solutions. Specif-
ically, we show that for sparse regression learned with 2-layer diagonal linear networks, large
stepsizes consistently benefit SGD, whereas they can hinder the recovery of sparse solutions
for GD. These effects are amplified for stepsizes in a tight window just below the divergence
threshold, known as the ”"edge of stability” regime.

Co-authors Mathieu Even, Suriya Gunasekar and Nicolas Flammarion.

Contributions Mathieu and Scott worked together on the project.

8.2 Introduction

The stochastic gradient descent algorithm (SGD) [Robbins and Monro, 1951] is the foundational
algorithm for almost all neural network training. Though a remarkably simple algorithm, it has
led to many impressive empirical results and is a key driver of deep learning. However the
performances of SGD are quite puzzling from a theoretical point of view as (1) its convergence
is highly non-trivial and (2) there exist many global minimums for the training objective which
generalise very poorly [Zhang et al., 2017].

To explain this second point, the concept of implicit regularisation has emerged: if overfitting
is harmless in many real-world prediction tasks, it must be because the optimisation process is
implicitly favoring solutions that have good generalisation properties for the task. The canonical
example is overparametrised linear regression with more trainable parameters than number of
samples: although there are infinitely many solutions that fit the samples, GD and SGD explore
only a small subspace of all the possible parameters. As a result, it can be shown that they
implicitly converge to the closest solution in terms of the fo distance, and this without explicit
regularisation [Lemaire, 1996, Gunasekar et al., 2018a].

Currently, most theoretical works on implicit regularisation have primarily focused on con-
tinuous time approximations of (S)GD where the impact of crucial hyperparameters such as
the stepsize and the minibatch size are ignored. One such common simplification is to analyse
gradient flow, which is a continuous time limit of GD and minibatch SGD with an infinitesimal
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Figure 8.1: Noiseless sparse regression with a diagonal
linear network using SGD and GD, with parameters ini- Test losses at convergence
tialized at the scale of & = 0.1 (Section 8.3). The test 0!
losses at convergence for various stepsizes are plotted o i [
for GD and SGD. Small stepsizes correspond to gradi- iestios | A
ent flow (GF) performance. We see that increasing the
stepsize improves the generalisation properties of SGD, 107° 1
but deteriorates that of GD. The dashed vertical lines

at stepsizes 755D and 4GP denote the largest stepsizes T

for which SGD and GD, respectively, converge. See Sec-
tion 8.3 for the precise experimental setting.

-—- SGD
— GD

T

-1 ~SGD ~GD
max meax

Stepsize v

stepsize. By definition, this analysis does not capture the effect of stepsize or stochasticity. An-
other approach is to approximate SGD by a stochastic gradient flow [Wojtowytsch, 2021, Pesme
et al., 2021], which tries to capture the noise and the stepsize using an appropriate stochastic
differential equation. However, there are no theoretical guarantees that these results can be
transferred to minibatch SGD as used in practice. This is a limitation in our understanding
since the performances of most deep learning models are often sensitive to the choice of stepsize
and minibatch size. The importance of stepsize and SGD minibatch size is common knowledge
in practice and has also been systematically established in controlled experiments [Keskar et al.,
2017, Masters and Luschi, 2018, Geiping et al., 2022].

In this work, we aim to expand our understanding of the impact of stochasticity and stepsizes
by analysing the (S)GD trajectory in 2-layer diagonal networks (DLNs). In Figure 8.1, we show
that even in our simple network, there are significant differences between the nature of the
solutions recovered by SGD and GD at macroscopic stepsizes. We discuss this behavior further
in the later sections.

The 2-layer diagonal linear network which we consider is a simplified neural network that has
received significant attention lately [Woodworth et al., 2020a, Vaskevicius et al., 2019, HaoChen
et al., 2021, Pillaud-Vivien et al., 2022]. Despite its simplicity, it surprisingly reveals training
characteristics which are observed in much more complex architectures, such as the role of the
initialisation [Woodworth et al., 2020a], the role of noise [Pesme et al., 2021, Pillaud-Vivien et al.,
2022], or the emergence of saddle-to-saddle dynamics [Berthier, 2022, Pesme and Flammarion,
2023]. It therefore serves as an ideal proxy model for gaining a deeper understanding of complex
phenomenons such as the roles of stepsizes and of stochasticity as highlighted in this chapter.
We also point out that implicit bias and convergence for more complex architectures such as
2-layer ReLU networks, matrix multiplication are not yet fully understood, even for the simple
gradient flow. Therefore studying the subtler effects of large stepsizes and stochasticity in these
settings is currently out of reach.

8.2.1 Main results and chapter organisation

The overparametrised regression setting and diagonal linear networks are introduced in Sec-
tion 8.3. We formulate our theoretical results (Theorems 1 and 2) in Section 8.4: we prove
that for macroscopic stepsizes, gradient descent and stochastic gradient descent over 2-layer
diagonal linear networks converge to a zero-training loss solution 85 . We further provide a
refined characterization of 8% through a trajectory-dependent implicit regularisation problem,
that captures the effects of hyperparameters of the algorithm, such as stepsizes and batchsizes,
in useful and analysable ways. In Section 8.5 we then leverage this crisp characterisation to
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explain the influence of crucial parameters such as the stepsize and batch-size on the recovered
solution. Importantly our analysis shows a stark difference between the generalisation
performances of GD and SGD for large stepsizes, hence explaining the numerical results
seen in Figure 8.1 for the sparse regression setting. Finally, in Section 8.6, we use our results to
shed new light on the Edge of Stability (EoS) phenomenon [Cohen et al., 2021].

8.2.2 Related works

Implicit bias. The concept of implicit bias from optimization algorithm in neural networks
has been studied extensively in the past few years, starting with early works of [Telgarsky, 2013,
Neyshabur et al., 2014, Keskar et al., 2017, Soudry et al., 2018]. The theoretical results on
implicit regularisation have been extended to multiplicative parametrisations [Gunasekar et al.,
2017, 2018b], linear networks [Ji and Telgarsky, 2019], and homogeneous networks [Lyu and Li,
2020, Ji and Telgarsky, 2020, Chizat et al., 2019]. For regression loss on diagonal linear networks
studied in this work, Woodworth et al. [2020a] demonstrate that the scale of the initialisation
determines the type of solution obtained, with large initialisations yielding minimum ¢ norm
solutions—the neural tangent kernel regime [Jacot et al., 2018] and small initialisation resulting
in minimum ¢; norm solutions—the rich regime [Chizat et al., 2019]. The analysis relies on the
link between gradient descent and mirror descent established by Ghai et al. [2020] and further
explored by Vaskevicius et al. [2020a], Wu and Rebeschini [2020]. These works focus on full
batch gradient, and often in the inifitesimal stepsize limit (gradient flow), leading to general
insights and results that do not take into account the effects of stochasticity and large stepsizes.

The effect of stochasticity in SGD on generalisation. The relationship between stochas-
ticity in SGD and generalisation has been studied in various works [Mandt et al., 2016, Hoffer
et al., 2017, Chaudhari and Soatto, 2018, Kleinberg et al., 2018, Wu et al., 2018]. Empirically,
models generated by SGD exhibit better generalisation performance than those generated by
GD [Keskar et al., 2017, Jastrzebski et al., 2019, He et al., 2019]. Explanations related to
the flatness of the minima picked by SGD have been proposed [Hochreiter and Schmidhuber,
1997]. Label noise has been shown to influence the implicit bias of SGD [HaoChen et al., 2021,
Blanc et al., 2020, Damian et al., 2021, Pillaud-Vivien et al., 2022] by implicitly regularising
the sharp minimisers. Recently, studying a stochastic gradient flow that models the noise of
SGD in continuous time with Brownian diffusion, Pesme et al. [2021] characterised for diagonal
linear networks the limit of their stochastic process as the solution of an implicit regularisation
problem. However similar explicit characterisation of the implicit bias remains unclear for SGD
with large stepsizes.

The effect of stepsizes in GD and SGD. Recent efforts to understand how the choice of
stepsizes affects the learning process and the properties of the recovered solution suggest that
larger stepsizes lead to the minimisation of some notion of flatness of the loss function [Smith
and Le, 2018, Keskar et al., 2017, Nacson et al., 2022, Jastrzkebski et al., 2018, Wu et al., 2018,
Mulayoff et al., 2021], backed by empirical evidences or stability analyses. Larger stepsizes have
also been proven to be beneficial for specific architectures or problems: two-layer network [Li
et al., 2019b], regression [Wu et al., 2021], kernel regression [Beugnot et al., 2022] or matrix
factorisation [Wang et al., 2022b]. For large stepsizes, it has been observed that GD enters an
Edge of Stability (FoS) regime [Jastrzebski et al., 2019, Cohen et al., 2021}, in which the iterates
and the train loss oscillate before converging to a zero-training error solution; this phenomenon
has then been studied on simple toy models [Ahn et al., 2022, Zhu et al., 2023, Chen and Bruna,
2022, Damian et al., 2023] for GD. Recently, Andriushchenko et al. [2022] presented empirical
evidence that large stepsizes can lead to loss stabilisation and towards simpler predictors.
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8.3 Setup and preliminaries

Overparametrised linear regression. We consider a linear regression over inputs X =
(z1,...,2,) € (RY™ and outputs y = (y1,...,yn) € R™. We consider overparametrised problems
where input dimension d is (much) larger than the number of samples n. In this case, there exists
infinitely many linear predictors 3* € R? which perfectly fit the training set, i.e., y; = (3*, z;)
for all 1 <4 < n. We call such vectors interpolating predictors or interpolators and we denote
by S the set of all interpolators S = {3* € R? s.t. (8*,2;) = y;,Vi € [n]}. Note that S is an

affine space of dimension greater than d —n and equal to 8* 4 span(xy, ..., z,)" for any * € S.
We consider the following quadratic loss: £(8) = % (B, x) — yi)?, for B € RY

2-layer linear diagonal network. We parametrise regression vectors 3 as functions 3, of
trainable parameters w € RP. Although the final prediction function z — (S, ) is linear in
the input x, the choice of the parametrisation drastically changes the solution recovered by
the optimisation algorithm [Gunasekar et al., 2018b]. In the case of the linear parametrisation
fw = w many first-order methods (SGD, GD, with or without momentum) converge towards
the same solution and the choice of stepsize does not impact the recovered solution beyond
convergence. In an effort to better understand the effects of stochasticity and large stepsize, we
consider the next simple parametrisation, that of a 2-layer diagonal linear neural network given
by:

Buw = u ®v where w = (u,v) € R*?. (8.1)

This parametrisation can be viewed as a simple neural network = — (u, o(diag(v)z)) where the
output weights are represented by u, the inner weights is the diagonal matrix diag(v), and the
activation ¢ is the identity function. In this spirit, we refer to the entries of w = (u,v) € R??
as the weights and to B == v ® v € R? as the prediction parameter. Despite the simplicity of
the parametrisation (8.1), the loss function I over parameters w = (u,v) € R?? is non-convex
(and thus the corresponding optimization problem is challenging to analyse), and is given by:

n

Fw)=L(uov) = % Z(yZ —(u®wv,z;))%. (8.2)

=1

Mini-batch SGD. We minimise F' using mini-batch SGD: let wg = (ug, vp) and for k > 0,

1
Wg+1 = wg — Y VEp, (wg), where Fg, (w) = % D (Wi — (wow,m))?, (8.3)
1€By,

where 7 are stepsizes, B, C [n] are mini-batches of b € [n] distinct samples sampled uniformly
and independently, and VFp, (wy) are minibatch gradients of partial loss over By, Fp, (w) =
Lp, (u® v) defined above. Classical SGD and full-batch GD are special cases with b = 1 and
b = n, respectively. For k > 0, we consider the successive prediction parameters O = ur © vk
built from the weights wy = (ug,v;). We analyse SGD initialised at ug = v2a € Rio and

vo = 0 € RY, resulting in By = 0 € R? independently of the chosen weight initialisation ac'.

In Appendix C.3, we show that the (S)GD trajectory with this initialisation exactly matches that of another
common parametrisation S, = wi — w? with initialisation w40 = w—,0 = . The second layer of our diagonal
linear network is set to 0 in order to obtain results that are easier to interpret. However, our proof techniques

can be applied directly to a general initialisation, at the cost of additional notations in our Theorems.
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Experimental details. We consider the noiseless sparse regression setting where (;);c[n ~
N(0,1;) and y; = (87> wi) for some s-sparse vector 3 . We perform (S)GD over the DLN with
a uniform initialisation & = a1 € R? where o > 0. Figure 8.1 and Figure 8.2 (left) correspond
to the setup (n,d, s, «) = (20,30, 3,0.1), Figure 8.2 (right) to (n,d,s,a) = (50,100,4,0.1) and
Figure 8.3 to (n,d, s,a) = (50,100, 2,0.1).

Notations. Let H := V2L = 13" 2;2] denote the Hessian of £, and for a batch B C [n] let
Hp = V3L = ﬁ ZiEB xzx: denote the Hessian of the partial loss over the batch B. Let L
denote the “smoothness” such that V3, |HgfB|l2 < L||Bll2, |HgBllco < L8]l for all batches
B C [n] of size b. A real function (e.g, log,exp) applied to a vector must be understood as
element-wise application, and for vectors u,v € R? u? = (uf)icigy ©© v = (uv;);epq and
u/v = (ui/vi)icq- We write 1, 0 for the constant vectors with coordinates 1 and 0 respectively.
The Bregman divergence [Bregman, 1967] of a differentiable convex function h : RY — R is

defined as Dy, (1, 52) = h(B1) — (h(B2) + (VRh(52), b1 — B2)).

8.4 Implicit bias of SGD and GD

We start by recalling some known results on the implicit bias of gradient flow on diagonal linear
networks before presenting our main theorems on characterising the (stochastic) gradient descent
solutions (theorem 1) as well as proving the convergence of the iterates (theorem 2).

8.4.1 Warmup: gradient flow

We first review prior findings on gradient flow on diagonal linear neural networks. Woodworth
et al. [2020a] show that the limit S} of the gradient flow dw; = —VF(w¢)dt initialised at
(ug,v0) = (V2a, 0) is the solution of the minimal interpolation problem:

d

Bh = argmin (%), where a(8) = %Z <5Z~arcsinh(%)—\/ﬁi2 +al + a?) . (8.4)

pres i=1

The convex potential 1) is the hyperbolic entropy function (or hypentropy) [Ghai et al.,
2020]. Depending on the structure of the vector a, the generalisation properties of % highly
vary. We point out the two main characteristics of a that affect the behaviour of 1o and
therefore also the solution .

1. The Scale of . For an initialisation vector e we call the ¢1-norm ||a||; the scale of
the initialisation. It is an important quantity affecting the properties of the recovered solution
B%- To see this let us consider a uniform initialisation of the form o = a1 for a scalar value
a > 0. In this case the potential ¥, has the property of resembling the ¢1-norm as the scale
« vanishes: 1o ~ In(1/a)||.]l1 as @ — 0. Hence, a small initialisation results in a low ¢;-norm
solution which is known to induce sparse recovery guarantees [Candes et al., 2006]. This setting
is often referred to as the “rich” regime [Woodworth et al., 2020a]. In contrast, using a large
initialisation scale leads to solutions with low fe-norm: 1 ~ ||.||3/(202) as @ — oo, a setting
known as the “kernel” or “lazy” regime. Overall, to retrieve the minimum ¢;-norm solution, one
should use a uniform initialisation with small scale «, see Figure C.4 in Appendix C.4 for an
illustration and [Woodworth et al., 2020a, Theorem 2] for a precise characterisation.

2. The Shape of a. In addition to the scale of the initialisation a, a lesser studied aspect
is its “shape”, which is a term we use to refer to the relative distribution of {a;}; along the
d coordinates [Azulay et al., 2021]. It is a crucial property because having o — 0 does not

a—0
~J

necessarily lead to the potential 1, being close to the ¢1-norm. Indeed, we have that 1 (3)
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Zle ln(a%_)\ﬁﬂ (see Appendix C.4), therefore if the vector In(1/c) has entries changing at
different rates, then 1o (3) is a weighted ¢1-norm. In words, if the entries of & do not go to zero
“uniformly”, then the resulting implicit bias minimizes a weighed £;-norm. This phenomenon can
lead to solutions with vastly different sparsity structure than the minimum ¢1-norm interpolator.
See Figure C.4 and Example 1 in Appendix C.4.

8.4.2 Implicit bias of (stochastic) gradient descent

In theorem 1, we prove that for an initialisation v/2a € R? and for arbitrary stepsize sequences
(7k)k>0 if the iterates converge to an interpolator, then this interpolator is the solution of
a constrained minimisation problem which involves the hyperbolic entropy ¢ defined in (8.4),
where ase € R? is an effective initialisation which depends on the trajectory and on the stepsize
sequence. Later, we prove the convergence of iterates for macroscopic step sizes in
theorem 2.

Theorem 1 (Implicit bias of (S)GD). Let (ug,vi)r>0 follow the mini-batch SGD recursion (8.3)
initialised at (ug,vo) = (V2a,0) and with stepsizes (Vk)k>0- Let (Bi)k>0 = (up © vg)r>0 and
assume that they converge to some interpolator B, € S. Then, B%, satisfies:

Bro = arg Hgn Dy (8" o), (8.5)
*e

where Dy, 1s the Bregman divergence with hyperentropy potential Yo, of the effective ini-
tialisation o, and By is a small perturbation term. The effective initialisation o is
given by,

a? = a2 ®exp (- > q(wVLs, (5@)) : (8.6)
k=0

where q(z) = f% In((1 — x2)2) satisfies q(x) > 0 for |z| < V2, with the convention q(1) = +o0.

The perturbation term By € RY is explicitly given by By = %(ai — az_), where qi(x) =

T2z — In((1 F2)?), and a3 = a® ® exp (— > heo 4+ (W VLB, (Br)))-

Trajectory-dependent characterisation. The characterisation of 5% in Theorem 1 holds
for any stepsize schedule such that the iterates converge and goes beyond the continuous-time
frameworks previously studied [Woodworth et al., 2020a, Pesme et al., 2021]. The result even
holds for adaptive stepsize schedules which keep the stepsize scalar such as AdaDelta [Zeiler,
2012]. An important aspect of our result is that a and Bo depend on the iterates’ trajectory.
Nevertheless, we argue that our formulation provides useful ingredients for understanding the
implicit regularisation effects of (S)GD for this problem compared to trivial characterisations
(such as e.g., ming || — 5 ||). Importantly, the key parameters o, By depend on crucial
parameters such as the stepsize and noise in a useful and analysable manner: under-
standing how they affect e and Sy coincides with understanding how they affect the recovered
solution 3% and its generalisation properties. This is precisely the object of Sections 8.5 and 8.6
where we discuss the qualitative and quantitative insights from Theorem 1 in greater detail.

The perturbation Bo can be ignored. We show in Proposition 43, under reasonable as-
sumptions on the stepsizes, that |B~0| < o? and a, < a (component-wise). The magnitude
of By is therefore negligible in front of the magnitudes of 8* € S and one can roughly ig-
nore the term fBy. Hence, the implicit regularisation eq. (8.5) can be thought of as B} =
argmin g.c g Dy, (8%,0) = o, (8*), and thus the solution B3, minimises the same potential
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function that the solution of gradient flow (see Equation (8.4)), but with an effective initiali-
sation ous. Also note that for v, = v — 0 we have as — « and Sy — 0 (proposition 46),
recovering the previously known result for gradient flow (8.4).

Deviation from gradient flow. The difference with gradient flow is directly associated with
the quantity >, ¢(7vx VLB, (Bk)). Also, as the (stochastic) gradients converge to 0 and g(x) g~
2%, one should think of this sum as roughly being Y~ VLg, (8x)?: the larger this sum, the more
the recovered solution differs from that of gradient flow. The full picture of how large stepsizes
and stochasticity impact the generalisation properties of 5%, and the recovery of minimum /¢;-

norm solution is nuanced as clearly seen in fig. 8.1.

8.4.3 Convergence of the iterates

Theorem 1 provides the implicit minimisation problem but says nothing about the convergence
of the iterates. Here we show under very reasonable assumptions on the stepsizes that the
iterates indeed converge towards a global optimum. Note that since the loss F' is non-convex,
such a convergence result is non-trivial and requires an involved analysis.

Theorem 2 (Convergence of the iterates). Let (ug,vg)g>0 follow the mini-batch SGD recur-
sion (8.3) initialised at ug = V2a € Rio and vo = 0, and let (Br)r>0 = (ur © v )g>0. Recall the
“smoothness” parameter L on the minibatch loss defined in the notations. There exist B > 0
verifying B = @(ming*eg I18*lo0) and a numerical constant ¢ > 0 such that for stepsizes sat-
isfying i < 15, the iterates (By)r>0 converge almost surely to the interpolator B5, solution of
Equation (8.5).

In fact, we can be more precise by showing an exponential rate of convergence of the losses
as well as characterise the rate of convergence of the iterates as follows.

Proposition 17 (Quantitative convergence rates). For a uniform initialisation o« = ol and
under the assumptions of Theorem 2, we have:

k k
BIC()] < (1-510%0) L) and B[I6 - 0,17 < 0 (1 500%%)

where A, > 0 is the largest value such that \yH = Eg[Hg], C = 2B(a? A}, )7 (1 + (4BAmax) (A1) ™) L(Bo)

and )\Ln, Amax > 0 are respectively the smallest non-null and the largest eigenevalues of H, and
Ba, 18 the interpolator that minimises the perturbed hypentropy hy of parameter ax, as defined

in Equation (8.7) in the next subsection.

The convergence of the losses is proved directly using the time-varying mirror structure that
we exhibit in the next subsection, the convergence of the iterates is proved by studying the
curvature of the mirror maps on a small neighborhood around the affine interpolation space.

8.4.4 Sketch of proof through a time varying mirror descent

As in the continuous-time framework, our results heavily rely on showing that the iterates (8 )x
follow a mirror descent recursion with time-varying potentials on the convex loss £(3). To show
this, we first define the following quantities:

2 | ol p—al, d
ap =oppOa g and o = 3 arcsinh ’QT e RY,
k
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where oy, = avexp (—% Zf:_ol g+ ('ygVEBZ (55))) € RY. Finally for k > 0, we define the poten-
tials (hg : R? — R)g>0 as:

hk(ﬁ) = @Zjak(ﬁ) - <¢k76> (8'7)

Where 1)q, is the hyperbolic entropy function defined Equation (8.4). Now that all the relevant
quantities are defined, we can state the following proposition which explicits the time-varying
stochastic mirror descent.

Proposition 18. The iterates (B = ur © vg)r>0 from Equation (8.3) satisfy the Stochastic
Mirror Descent recursion with varying potentials (hg)g:

Vhit1(Brt1) = Vi (Br) — VLB, (Br),
where hy, : RY — R for k > 0 are defined Equation (8.7). Since Vho(Bo) = 0 we have:

Vhi(Br) € span(zy, ..., Zy). (8.8)

Theorems 1 and 2 and proposition 17 follow from this key proposition: by suitably modifying
classical convex optimization techniques to account for the time-varying potentials, we can prove
the convergence of the iterates towards an interpolator g% along with that of the relevant
quantities a4 i, o and ¢p. The implicit regularisation problem then directly follows from: (1)
the limit condition Vheo () € span(zy, ..., x,) as seen from eq. (8.8) and (2) the interpolation
condition X 85, = y. Indeed, these two conditions exactly correspond to the KKT conditions of
the convex problem eq. (8.5).

8.5 Analysis of the impact of the stepsize and stochasticity on ax

In this section, we analyse the effects of large stepsizes and stochasticity on the implicit bias of
(S)GD. We focus on how these factors influence the effective initialisation a,, which plays a key
role as shown in Theorem 1. From its definition in eq. (8.6), we see that a is a function of the
vector Y, q(veVLp, (Br)). We henceforth call this quantity the gain vector. For simplicity of
the discussions, from now on, we consider constant stepsizes v = - for all £k > 0 and a uniform
initialisation of the weights @ = a1 with a@ > 0. We can then write the gain vector as:

2
Gain, == In (o;) = Zq(’yVﬁBk (Br)) € R%.
a?, p
Following our discussion in section 8.4.1 on the scale and the shape of ., we recall the link
between the scale and shape of Gain, and the recovered solution:

1. The scale of Gain,, i.e. the magnitude of ||Gain,||; indicates how much the implicit bias
of (S)GD differs from that of gradient flow: ||Gain,||; ~ 0 implies that cs, ~ o and therefore the
recovered solution is close to that of gradient flow. On the contrary, |Gain,|[; >> In(1/«) implies
that a has effective scale much smaller than a thereby changing the implicit regularisation
eq. (8.5).

2. The shape of Gain, indicates which coordinates of 3 in the associated minimum weighted
{1 problem are most penalised. First recall from Section 8.4.1 that a uniformly large Gain, leads
t0 9., being closer to the ¢1-norm. However, with small weight initialisation a — 0, we have,

d
1
~ In(— Gain~ (1)| 5], 8.9
Yo, (B) (a)HﬁHﬁ; MOIEA (8.9)
In this case, having a heterogeneously large vector Gain, leads to a weighted ¢; norm as the
effective implicit regularisation, where the coordinates of 5 corresponding to the largest entries
of Gain,, are less likely to be recovered.
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8.5.1 The scale of Gain, is increasing with the stepsize

The following proposition highlights the dependencies of the scale of the gain ||Gain,||; in terms
of various problem constants. Let Ay, A, > 0 2 be the largest and smallest values, respectively,
such that \yH < Eg [H%] = AyH. For any stepsize v > 0 satisfying v < z7 (as in theorem 2),
initialisation a1 and batch size b € [n], the magnitude of the gain satisfies:

My? Y JEL(By) < E[[|Gain, 1] < 2A57° Y T EL(B) (8.10)
k k

where the expectation is over a uniform and independent sampling of the batches (Bj)x>0.

The slower the training, the larger the gain. eq. (8.10) shows that the slower the training
loss converges to 0, the larger the sum of the loss and therefore the larger the scale of Gain,. This
means that the (S)GD trajectory deviates from that of gradient flow if the stepsize and/or noise
slows down the training. This supports observations previously made from stochastic gradient
flow [Pesme et al., 2021] analysis.

The bigger the stepsize, the larger the gain. The effect of the stepsize on the magnitude
of the gain is not directly visible in eq. (8.10) because a larger stepsize tends to speed up the
training. For stepsize 0 < v < ymax = 57 as in Theorem 2 we have that (see Appendix C.7.1):

> = (2 (5) 0320 5.11)

eq. (8.11) clearly shows that increasing the stepsize boosts the magnitude ||Gain|; up until
the limit of yyax. Therefore, the larger the stepsize the smaller is the effective scale of ai. In
turn, larger gap between a, and a leads to a larger deviation of (S)GD from the gradient flow.

Large stepsizes and Edge of Stability. The previous paragraph holds for stepsizes smaller
than vmax for which we can theoretically prove convergence. But what if we use even bigger
stepsizes? Let (B,Z)k denote the iterates generated with stepsize v and let us define Apax =

sup,>o{v s-t- Vo' € (0,7), > E(/le) < oo}, which corresponds to the largest stepsize such that
the iterates still converge for a given problem (even if not provably so). From Section 8.5.1 we
have that Ymax < Ymax. As we approach this upper bound on convergence ¥ — Jmax, the sum
>k E(ﬁg) diverges. For such large stepsizes, the iterates of gradient descent tend to “bounce”
and this regime is commonly referred to as the Edge of Stability. In this regime, the convergence
of the loss can be made arbitrarily slow due to these bouncing effects. As a consequence, as seen
through Equation (8.10), the magnitude of Gain, can be become arbitrarily big as observed
in fig. 8.2 (left). In this regime, the recovered solution tends to dramatically differ from the
gradient flow solution, as seen in fig. 8.1.

Impact of stochasticity and linear scaling rule. Assuming inputs x; sampled from A (0, 021 ;)
with 02 > 0, we obtain E [||Gain,||] = @(/y# In ()15, H1) , w.h.p. over the dataset (see Ap-
pendix C.7.3, proposition 44). The scale of Gain, decreases with batch size and there exists a
factor n between that of SGD and that of GD. Additionally, the magnitude of Gain, depends
on 7, resembling the linear scaling rule commonly used in deep learning [Goyal et al., 2017].
By analysing the magnitude ||Gain,||1, we have explained the distinct behavior of (S)GD
with large stepsizes compared to gradient flow. However, our current analysis does not

2Ab, Xp > 0 are data-dependent constants; for b = n, we have (An, An) = (A}, (H), Amax(H)) where A\t

min(H)
is the smallest non-null eigenvalue of H; for b = 1, we have min; ||z;|3 < M1 < A1 < max; ||=]|3.
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Figure 8.2:  Left: the scale of Gain, explodes as v — Amax for both GD and SGD. Right:
Biparse 18 fixed, we perform 100 runs of GD and SGD with different feature matrices, and we
plot the d coordinates of Gain, (for GD and SGD) on the z-axis (which is in log scale for better
visualisation). The shape of GainiGD is homogeneous whereas that of GD is heterogeneous with
much higher magnitude on the support of 37,,,s.. The shape of GainS’D is proportional to the

expected gradient at initialisation which is ( ;‘parse)Q.

qualitatively distinguish the behavior between SGD and GD beyond the linear stepsize scaling
rules, in contrast with fig. 8.1. A deeper understanding of the shape of Gainy is needed to
explain this disparity.

8.5.2 The shape of Gain, explains the differences between GD and SGD

In this section, we restrict our presentation to single batch SGD (b = 1) and full batch GD
(b =n). When visualising the typical shape of Gain, for large stepsizes (see Figure 8.2 - right),
we note that GD and SGD behave very differently. For GD, the magnitude of Gain, is higher
for coordinates in the support of 57 and thus these coordinates are adversely weighted in the
asymptotic limit of ¥o_ (per (8.9)). This explains the distinction seed in fig. 8.1, where GD
in this regime has poor sparse recovery despite having a small scale of a,, as opposed to SGD
that behaves well.

The shape of Gain,, is determined by the sum of the squared gradients >, VLp, (Br)?, and in
particular by the degree of heterogeneity among the coordinates of this sum. Precisely analysing
the sum over the whole trajectory of the iterates (S )x is technically out of reach. However, we
empirically observe for the trajectories shown in Figure 8.2 that the shape is largely determined
within the first few iterates as formalized in the observation below.

Observation 1. >, VLg, (Bk)? X E[VLg, (50)?] .

In the simple case of a Gaussian noiseless sparse recovery problem (where y; = (85 ,1ce, i)

for some sparse vector 85, ), we can control these gradients for GD and SGD (Appendix C.7.4)
as:
Vﬁ(,@0>2 = ( ;parse)2 +e, for some Verifying H5H00 << Hﬁ:parseHgo7 (812)
Eio [V'CiO(BO)Q] = @(Hﬁgparseng]-) : (813)

The gradient of GD is heterogeneous. Since f3§,,. is sparse by definition, we deduce
from eq. (C.12) that VL(By) is heterogeneous with larger values corresponding to the support
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of B arse- Along with observation 1, this means that Gain, has much larger values on
the support of 3. The corresponding weighted £;-norm therefore penalises the coordi-
nates belonging to the support of j which hinders the recovery of 3%,,.s. (as explained in
Example 1, Appendix C.4).

*
sparse’

The stochastic gradient of SGD is homogeneous. On the contrary, from eq. (C.13), we
have that the initial stochastic gradients are homogeneous, leading to a weighted ¢;1-norm where
the weights are roughly balanced. The corresponding weighted ¢1-norm is therefore close to the
uniform /1-norm and the classical /1 recovery guarantees are expected.

Overall summary of the joint effects of the scale and shape. In summary we have the
following trichotomy which fully explains Figure 8.1:

1. for small stepsizes, the scale is small, and (S)GD solutions are close to that of gradient
flow;

2. for large stepsizes the scale is significant and the recovered solutions differ from GF":

e for SGD the shape of a is uniform, the associated norm is closer to the ¢;-norm
and the recovered solution is closer to the sparse solution;

e for GD, the shape is heterogeneous, the associated norm is weighted such that it
hinders the recovery of the sparse solution.

In this last section, we relate heuristically these findings to the Fdge of Stability phenomenon.

8.6 Edge of stability: the neural point of view

In recent years it has been noticed that when training neural networks with ‘large’ stepsizes
at the limit of divergence, GD enters the Edge of Stability (EoS) regime. In this regime, as
seen in Figure 8.3, the iterates of GD ‘bounce’ / ’oscillate’. In this section, we come back to
the point of view of the weights wy = (ug,vg) € R2? and make the connection between our
previous results and the common understanding of the EoS phenomenon. The question we seek
to answer is: in which case does GD enter the FoS regime, and if so, what are the consequences
on the trajectory? Keep in mind that this section aims to provide insights rather than formal
statements. We study the GD trajectory starting from a small initialisation o = a1 where
a << 1 such that we can consider that gradient flow converges close to the sparse interpolator

ngarse = Bw;‘parse corresponding to the Weights wgparse = (\/ |B;parse|’ Sign(ﬂ:parse)\/ |5§parse|) (See
Lemma 1 in Pesme and Flammarion [2023] for the mapping from the predictors to weights for
gradient flow). The trajectory of GD as seen in fig. 8.3 (left) can be decomposed into up to 3
phases.

First phase: gradient flow. The stepsize is appropriate for the local curvature (as seen in

Figure 8.3, lower right) around initialisation and the iterates of GD remain close to the trajectory

of gradient flow (in black in fig. 8.3). If the stepsize is such that v < (vzg(w* L then it
max sparse

is compatible with the local curvature and the iterates can converge: in this case GF and GD

converge to the same point (as seen in fig. 8.1 for small stepsizes). For larger v > P FQ(W )

sparse

and we

*

(as is the case for ygp in fig. 8.3, lower right), the iterates cannot converge to (%,

enter the oscillating phase.

Second phase: oscillations. The iterates start oscillating. The gradient of I writes V,, ,,) F(w) ~
(VL(B) ©®v,VL(B) ® u) and for w in the vicinity of w} we have that u; ~ v; ~ 0 for

sparse
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Figure 8.3: GD at the EoS. Left: For GD, the coordinates on the support of 53, oscillate
and drift towards 0. Right, top: The GD train losses saturate before eventually converging.
Bottom: GF converges towards a solution that has a high hessian maximum eigenvalue. GD
cannot converge towards this solution because of its large stepsize: it therefore drifts towards a

solution that has a curvature just below 2/~.

i & supp(Biarse). Therefore for w ~ wf .. we have that V,F(w); ~ V,F(w); ~ 0 for
i ¢ supp(Biparse) and the gradients roughly belong to Span(ei,ei+d)i65upp(5§parse). This means
that only the coordinates of the weights (u;, v;) for i € supp(B,arse) can oscillate and similarly

for (Bi)icsupp(Bzyuree) (S seen Figure 8.3 left).

Last phase: convergence. Due to the oscillations, the iterates gradually drift towards a region
of lower curvature (fig. 8.3, lower right, the sharpness decreases) where they may (potentially)
converge. theorem 1 enables us to understand where they converge: the coordinates of 8 that
have oscillated significantly along the trajectory belong to the support of 3§,,.c, and therefore
Gain, (i) becomes much larger for i € supp(Bi,as.) than for the other coordinates. Thus, the
coordinates of the solution recovered in the FoS regime are heavily penalised on the support of
the sparse solution. This is observed in Figure 8.3 (left): the oscillations of wi)ieSupp(Bs*parse) lead

to a gradual shift of these coordinates towards 0, hindering an accurate recovery of the solution

*
sparse*

SGD in the EoS regime. In contrast to the behavior of GD where the oscillations primarily
occur on the non-sparse coordinates of ground truth sparse model, for SGD we see a different
behavior in Figure C.3 (Appendix C.1). For stepsizes in the EoS regime, just below the non-
convergence threshold: the fluctuation of the coordinates occurs evenly over all coordinates,
leading to a uniform . These fluctuations are reminiscent of label-noise SGD [Andriushchenko
et al., 2022], that have been shown to recover the sparse interpolator in diagonal linear networks
[Pillaud-Vivien et al., 2022].

8.7 Conclusion

We study the effect of stochasticity along with large stepsizes when training DLNs with (S)GD.
We prove convergence of the iterates as well as explicitly characterise the recovered solution
by exhibiting an implicit regularisation problem which depends on the iterates’ trajectory. In
essence the impact of stepsize and minibatch size are captured by the effective initialisation
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parameter a, that depends on these choices in an informative way. We then use our character-
isation to explain key empirical differences between SGD and GD and provide further insights
on the role of stepsize and stochasticity. In particular, our characterisation explains the fun-
damentally different generalisation properties of SGD and GD solutions at large stepsizes as
seen in Figure 8.1: without stochasticity, the use of large stepsizes can prevent the recovery
of the sparse interpolator, even though the effective scale of the initialization decreases with
larger stepsize for both SGD and GD. We also provide insights on the link between the Edge of
Stability regime and our results.
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Chapter 9

Effect of momentum

9.1 Preface

This chapter follows Papazov et al. [2024].

Summary We investigate the effect of momentum on the optimisation trajectory of gradient
descent. We leverage a continuous-time approach in the analysis of momentum gradient descent
with step size 7 and momentum parameter 8 that allows us to identify an intrinsic quantity
A= ﬁ which uniquely defines the optimisation path and provides a simple acceleration rule.
When training a 2-layer diagonal linear network in an overparametrised regression setting, we
characterise the recovered solution through an implicit regularisation problem. We then prove
that small values of A help to recover sparse solutions. Finally, we give similar but weaker results
for stochastic momentum gradient descent. We provide numerical experiments which support
our claims.

Co-authors Hristo Papazov and Nicolas Flammarion.

Contributions Hristo and Scott worked together on the project.

9.2 Introduction

Momentum methods [Sutskever et al., 2013] have now become a staple of optimal neural network
training due to the provided gains in both optimisation efficiency and generalisation performance.
This pivotal role is underscored by the widespread use of momentum in the successful training of
most state-of-the-art deep networks, including CLIP [Radford et al., 2021], Chinchilla [Hoffmann
et al., 2022], GPT-3 [Brown et al., 2020], and PaLM [Chowdhery et al., 2022].

Originating in the work of Polyak [1964], momentum first featured in the heavy-ball method
devised to accelerate convergence in convex optimisation. However, when applied to neural
network training, momentum exhibits a distinct and complementary characteristic: a steering
towards models with superior generalisation performance compared to networks trained with
gradient descent. We note that while the effect of momentum on optimisation has been re-
searched extensively [Defazio, 2020, Sun et al., 2019], the generalisation aspect of momentum
has been left relatively underexplored.

The performance of gradient descent methods presents intriguing challenges from a theoret-
ical perspective. First, establishing convergence is highly non-trivial. Second, the existence of
numerous global minima for the training objective, some of which generalise poorly, adds to the
puzzle [Zhang et al., 2017]. To elucidate this second point, the notion of implicit regularisation
has come to the forefront. It posits that the optimisation process implicitly favors solutions with
strong generalisation properties, even in the absence of explicit regularisation. The canonical
example is overparametrised linear regression with more trainable parameters than the number
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of samples. While there exist infinitely many solutions that fit the data, gradient methods nav-
igate in a restricted parameter subspace and converge towards the solution closest in terms of
the /5 distance [Lemaire, 1996].

In this work, we aim to expand our understanding of the implicit bias of momentum by
analysing its impact on the optimisation trajectory in 2-layer diagonal linear networks. The
2-layer diagonal linear network has garnered significant attention recently [Woodworth et al.,
2020b, Vaskevicius et al., 2019, HaoChen et al., 2021, Pesme et al., 2021, Pillaud-Vivien et al.,
2022]. Despite its apparent simplicity, this network has surprisingly shed light on training
behaviours typically associated with much more complex architectures. Some of these insights
include the influence of initialisation [Woodworth et al., 2020b], the impact of noise [Pesme et al.,
2021], and the role of the step size [Even et al., 2023]. Consequently, this architecture serves as
an excellent surrogate model for gaining a deeper understanding of intricate phenomena such as
the role of momentum in the generalisation performance.

9.2.1 Main contributions

In this chapter, we investigate the influence of momentum on the optimisation trajectory of
neural networks trained with momentum gradient descent (MGD). Leveraging the continuous-
time approximation of MGD — momentum gradient flow (MGF), we show that the optimisation
trajectory strongly depends on the key quantity A = (1_%)2, where v and 3 denote the step size
and momentum parameter of MGD, respectively. Surprisingly, this continuous-time framework
experimentally proves to be a good approximation of the discrete trajectory even for large values
of ~.
We proceed to list our main contributions.

e First, using the key quantity A\, we derive a straightforward acceleration rule that maintains
the optimisation path while accelerating the optimisation speed.

e Then, focusing on MGF on 2-layer diagonal linear networks, we precisely characterise the
recovered solution and prove that for suitably small values of A\, MGF recovers solutions
which generalise better than the ones selected by gradient flow (GF) in a sparse regression
setting.

e Finally, we provide similar but slightly weaker results for stochastic MGD.

9.2.2 Related works

Momentum and acceleration. Momentum algorithms have their roots in acceleration meth-
ods, and many studies have investigated their convergence speed when optimising both convex
and non-convex functions: [Ghadimi et al., 2015, Flammarion and Bach, 2015, Kidambi et al.,
2018, Can et al., 2019, Sebbouh et al., 2021, Mai and Johansson, 2020, Liu et al., 2020b, Cutkosky
and Mehta, 2020, Defazio, 2020, Orvieto et al., 2020, Sebbouh et al., 2021]. Moreover, apart
from accelerating training, heavy-ball methods come with the additional advantage of always
escaping saddle points [Jin et al., 2018, Sun et al., 2019].

Momentum and continuous-time models. Building upon the foundational work of Al-
varez [2000], Attouch et al. [2000], researchers have analysed accelerated gradient methods us-
ing second-order differential equations. Su et al. [2014] extended the previous ODE to encom-
pass the Nesterov accelerated method, demonstrating convergence rates similar to the discrete
case. Wibisono et al. [2016] adopted a variational perspective to scrutinise the mechanics of
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acceleration. A significant advancement emerged with the introduction of Lyapunov analysis,
undertaken by Wilson et al. [2021], Sanz Serna and Zygalakis [2021], Moucer et al. [2023]. This
analytical approach sheds light on the stability and convergence properties of these methods.
Further refinement has been achieved by Shi et al. [2021], who developed high-resolution ODEs
tailored to various momentum-based acceleration techniques and able to distinguish between
Nesterov’s Accelerated Gradient and Polyak’s Heavy Ball methods. Finally, error bounds for
the discretisation of MGF have been developed by Kovachki and Stuart [2021].

Momentum and Implicit Bias. Sutskever et al. [2013], Leclerc and Madry [2020] have em-
pirically shown significant generalisation improvements in architectures trained with momentum
on common vision tasks. Building on these empirical observations, Jelassi and Li [2022] designed
a synthetic binary classification problem where a 2-layer convolutional neural network trained
with MGD provably generalises better than gradient descent (GD). Recently, Ghosh et al. [2023]
reveal that the MGD trajectory closely resembles the gradient flow trajectory of a regularised
loss. Through the specific regularisation, the authors argue that the MGD trajectory favors
flatter minima than the GD trajectory. The study’s findings apply to any reasonable loss, but
due to the finite time horizon restriction, cannot characterise the solution to which MGD con-
verges. Additionally, Wang et al. [2023] show that in deep diagonal linear networks with identical
weights across layers, increasing the depth biases the optimisation towards sparse solutions.

9.3 From discrete to continuous

Momentum Gradient Descent. We consider minimising a differentiable function F : R* — R
using momentum gradient descent (MGD) with step size v > 0 and momentum parameter
B € [0,1). Initialised at two points (wo,w1) € R??, the iterates follow the discrete recursion for
k>1:

wit1 = wi — YVF(wg) + B(wg, — wi—1). (MGD(’}/, B))

Momentum Gradient Flow. Directly analysing the discrete recursion MGD(~, 5) appears
intractable in many settings. To overcome this difficulty, we follow the classical approach of
considering a second order differential equation of the form

with leading coefficient @ > 0 and damping coefficient b > 0. In fact, without loss of generality,
the previous differential equation can be reduced to a new one which depends on a single param-
eter \. Indeed, assume that w; follows ODE (9.1) with initialisation (w;—o,wi=o) = (wo, 1),
then a simple chain rule shows that w; = wy; follows

a - 2 ~
bjwt + w + VF(wt) = 0,

with initialisation (W;—g, Wi—o) = (wo, big). Hence, up to a time reparametrisation, it is sufficient
to consider the following differential equation which depends on a unique parameter A > 0:

Aty + iy + VF(wy) = 0. (MGF(\))

We call the differential equation MGF(\) momentum gradient flow (MGF) with parameter \.
To show the link with the MGD(~, 3) recursion, we discretise MGF(\) with a second-order
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central difference, first-order backward difference, and discretisation step ¢ > 0 as carried out
by Kovachki and Stuart [2021]:

\ wk+1—2u;k+wk—1 + wk_::ﬂk—l + VF(wk) =0. (92)

&
Rewriting, we obtain

2

13 13
Wiyl = Wk, — XVF(U%) + (1 — X)(wk — Wk—1),

which corresponds to momentum gradient descent with parameters v = % and B = 1— 5.

Solving for € and A leads to the following proposition:

Proposition 19. For (wg,w1) € R??, consider momentum gradient flow MGF(X) with

g
(1-5)?

and initialisation wi—g = wg, Wi—o = (w1 — wo)/v/Ay. Then, discretising as (9.2) with discreti-
sation step € = /Ay = /(1 — B) leads to the momentum gradient descent recursion MGD(~, 3)
with step size v, momentum parameter [3, and initialisation (wg,wy).

A=

Proposition 19 motivates studying MGF()\) as a continuous proxy for MGD(~, 8) assuming
that the discretisation (9.2) closely approximates the continuous path.

Discretisation Error Bounds. Unfortunately, applying known discretisation error bounds to
our setting leads to very pessimistic bounds. Indeed, for step size v and momentum parameter
B, consider the iterates wy, from MGD(~, ) initialised at (wp,w;). Now, let w(t) be the solution
of MGF(\) with A = +/(1 — 3)? and the appropriate initialisation from Proposition 19. Then,
for a finite horizon K > 0, classical discretisation error bounds (see Kovachki and Stuart [2021],
Theorem 4) lead to a catastrophic

sup |lwg — w(ke)|| < exp(CK)e,
k<K

where the constant C' depends on A and F'. Such an exponential dependence in the time horizon
K questions the suitability of momentum gradient flow as a good proxy for momentum gradient
descent. However, empirically, the above bound appears excessively pessimistic (see Figure 9.1:
Left and Middle). The MGF and MGD trajectories behave similarly in various settings, even
with non-convex losses F' and relatively large step sizes v (see Appendix D.6 for additional
experiments).

Intertwined Roles of v and S. When the discretisation accurately follows the continuous
path, Proposition 19 implies that the trajectory of MGD(~, /3) is solely determined by a single
parameter A = v/(1 — 3)?, intertwining step size and momentum as observed in Figures 9.1
and 9.2. Consequently, v and [ serve interchangeable roles in influencing the trajec-
tory of MGD(~, 3). Note that this single-parameter dependence aligns with empirical results
from Leclerc and Madry [2020] where generalisation performance with large step sizes can be
replicated with momentum and smaller step sizes. Though the quantity ~/(1 — 3)? sponta-
neously appears in works studying MGD [Ghosh et al., 2023], to the best of our knowledge, its
natural presence was never clearly explained and motivated.

MGD Acceleration Rule. Though all couples (v, 3) with the same same value of A yield the
same trajectory, the iterates do not follow this path at the same speed.
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Figure 9.1: (M)GD over a 2D quadratic. Left and Middle: The (M)GD trajectories closely follow
the continuous trajectories of (M)GF as suggested by Proposition 19. Right: MGD(4~, %)
follows the same trajectory as MGD(~, 3) but twice as fast as suggested by Corollary 1. In
contrast, GD(4v) runs four times faster than GD(~).

Corollary 1 (Acceleration rule). Let MGD(~, B) initialised at wo = wy € R? correspond to the
discretisation of MGF(X) with discretisation step €. Now, for p € Rsq, consider the different
parameter couple

4 =p*y  and B =1-p(1-p8)=p-18+0(1~- ﬂ)z)‘

Then, since 7/(1 — 3)2 =\, MGD(’“}/,B) initialised at wg = wy becomes the discretisation of the
same MGF () but with discretisation step € =p - ¢.

Following the notations of the previous corollary for an integer p > 2 and letting wy and
wy, denote the iterates of MGD(+, 5) and MGD(¥, B), respectively, Corollary 1 implies that we
expect w,.; and Wy, to be close. This is in contrast with gradient descent, where scaling the step
size by a factor p? leads to a speedup of p?. This acceleration rule is illustrated in Figure 9.1
with p = 2.

Optimisation Regimes. The link between A, v, and § highlights several regimes:

e 3 large — the iterates converge arbitrarily slow. Taking (5 close to 1 while keeping
~ constant leads to A > 1. As explained previously, a chain rule shows that w; = w oY
follows the ODE @y + A\~Y/2 - 4, + VF(d;) = 0. Consequently, the damping parameter
A1/2 goes to 0, and we expect the iterates to heavily oscillate and converge arbitrarily
slowly.

e v small — the iterates follow GF. Taking v — 0 while keeping 3 fixed leads to A <« 1,
and MGF(\) boils down to gradient flow. We expect the MGD(~, ) iterates to be close
to the discretisation of GF with discretisation step e = /(1 — ). That is, MGD(~, /3)
will approximate GD with step size v/(1 — ). Hence, MGD gains a speed-up of 1/(1 — j3)
over GD without a change of trajectory.

e The “momentum” regime. In this regime, v and g are such that X is non-degenerate,
and gradient flow cannot capture the trajectory of MGD(~, 8). Hence, 8 has an impact
on the optimisation path, and the iterates can still converge in reasonable time.
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Figure 9.2: Teacher-student framework with a fully-connected 1-hidden layer ReLU network.
The level lines of the test loss after training with MGD(~, 3) correspond to values of v, 8 which
have a fixed value A = v/(1 — 3)2, as predicted by Proposition 19.

9.4 Momentum gradient flow over diagonal linear networks

Overparametrised Linear Regression. We consider a linear regression over n samples
(zi,y:)?_, with inputs z; living in R? and scalar outputs y; € R. We assume the dimension
d to be larger than the number of samples n, in which case there exists an infinite number of
vectors 0* which perfectly fit the dataset with y; = (0*, x;) for all 1 <1 < n. We call these vectors
interpolators and we denote by S the set of such vectors: S = {0* € R? : y; = (6%, z;), Vi € [n]}.
Note that S is an affine space of dimension at least (d — n) equal to 6* + span(xy,...,x,)" for
any interpolator 8*. We consider the quadratic loss:

L) =— Z(yi — (x;,0))% (9.3)

MGTF over Least Squares. A classical result found in Lemaire [1996] and Gunasekar et al.
[2018c] shows that when initialised at 6y, gradient flow over the quadratic loss (9.3) converges to
the orthogonal projection of the initialisation on S: arg ming«¢s ||0*—6p||2. This next proposition
from Alvarez [2000] shows that momentum does not fundamentally change the implicit bias.

Proposition 20 (Alvarez [2000]). Initialised at 6y with initial speed 6y, momentum gradient
flow MGF () over the least squares loss (9.3) converges towards

argmin [|6* — (6 + Ao)]|2.
0*eS

MGF () recovers the same solution as gradient flow but with an effective initialisation 6y+Afy
which takes into account the drift along span(xy, - - - ,2,)" due to the initial speed 6y. Note that
in practice, 6 is chosen equal to 0, in which case the presence of momentum has no effect on
the recovered solution.

To better understand momentum’s effect on neural networks, we move beyond simple linear
parametrization.

2-Layer Diagonal Linear Network. We consider a toy neural network, which corresponds to
reparametrising the regression vector as # = u®wv for weights (u,v) € R?¢. This parametrisation
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can be viewed as a simple neural network = — (u,o(diag(v)x)), where the output weights are
u, the inner weights are the diagonal matrix diag(v), and where the activation function o is the
identity. The loss function over the trainable weights w = (u,v) € R? now writes

n

1
1=

where ® denotes the Hadamard product. Despite the simplicity of this reparametrisation, the

loss function F' is non-convex and challenging to analyse.

Momentum Gradient Flow. We consider momentum gradient flow MGF(\) with parameter
A > 0 over the diagonal-linear-network loss F':

iy + U + VL(O) ©ve =0 (9.4)

)\i)t + ’l.)t + VE(et) © Uy = 0. ’
We initialise the flow with zero speed g = vg = 0, and apart from requiring the quantity ]ug —vg |
to have non-zero coordinates!, we impose no further constraints on the weight initialisations
(uop, vp). In what follows, we often rely on the reparametrisation (w4 ¢, w_ ¢) = (us + v¢, ur — v¢)
which makes our formulas more succinct. We will also make use of the initialisation scale «,
which we define as a = max(||ug||co, |[v0]|o0) and consider as a small quantity.

Balancedness. In our results, the balancedness of the weights plays a key role. We recall its
definition here.

Definition (Balancedness). The balancedness® of the weights of the diagonal linear network
corresponds to the quantity A; = |u? — v?| € ]R‘éo. We define Ay = lim;_o A; as the
asymptotic balancedness.

Notice that with the above definition we simply adapted the classical notion of balancedness
for general linear neural networks [see Du et al., 2019, Arora et al., 2019] to our toy setting. In
the case of gradient flow, a simple derivation shows that balancedness is a conserved quantity:
i.e., Ay = A for all t > 0. However, the evolution of A; becomes more complicated as soon as
A > 0, and our findings emphasise that the asymptotic balancedness A plays a crucial role in
the generalisation properties of the recovered solution.

Experimental Details. In our numerical experiments, we explore the effects of momentum
in the noiseless sparse regression setting with uncentered data as in Nacson et al. [2022].
Specifically, we choose (z;)"_, '~ N(ul,02I;) and y; = (x;,07) for i € [n], where 6% is s-
sparse with nonzero entries equal to 1/4/s. The use of uncentered data is necessary in order to
experimentally observe a clear impact of momentum over the training trajectory (see Figure D.5
for experiments with centered data). We train a 2-layer diagonal linear network with (M)GD
and (M)GF with a uniform initialisation ug = « -1, vog = 0, where = 0.01. For the plots
presented in the main part of our chapter, we fixed (n,d,s) = (20,30,5), (u,0) = (1,1). We
show results averaged over 5 replications. We refer the reader to Appendix D.6 for additional
experiments where we vary the parameters of the data distribution (e.g., centered data), change
the architecture of the trained model, and give further details on the implementation of the
(M)GF simulation.

Mf initially w; o = vi,0 for some coordinate i € [d], then u;; = +v; 4, V¢ > 0. Hence, imposing |ug — v3| # 0
becomes equivalent to working with 2d distinct weights. See Appendix D.3.3 for the full argument from uniqueness.
2The absolute value in the definition must be understood coordinate-wise.
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Notations. We let X = (21,...,2,) € R4 denote the feature matrix and y = (y1,...,y,) €
R™ — the output vector. For a vector z € R? and a scalar function f : R — R, the action of f
on z must be understood element-wise: f(z) € R represents the vector (f(zx))¢_,. Inequalities
between vectors will also be interpreted as holding coordinate-wise. Additionally, when we
write g+ for some place-holder quantity ¢, we mean that we refer to both ¢4 and ¢_. For
example: wi; = (u; + v;). Finally, for a strictly convex function ® : R? — R, which we
call a potential, the Bregman divergence is defined as the nonnegative quantity Dg (01, 62) =
@(91) — @(92) — <V(I)(92), 0 — (92>, VO1,05 € RY.

9.4.1 Implicit bias of gradient flow

Before analysing the effect of momentum, we start by recalling the known results for gradient
flow on diagonal linear networks, which corresponds to taking A = 0 in eq. (9.4). Woodworth
et al. [2020b] show that the predictors 6; = u; ® vy converge towards an interpolator % uniquely
defined by the following constrained minimisation problem:

6°F = arg min Dy, (67, 00), (9.5)
0*eS

where for A € Rio, YA : R? — R denotes the hyperbolic entropy function [Ghai et al., 2020] at

scale A:
d
_ 1 . 20; [ a2 9

i=1

and Dy, is the Bregman divergence. Note that through eq. (9.5), 6°F corresponds to the
Bregman-projection of the initialisation on the set of interpolators.

Effect of the Initialisation Scale. For a small initialisation scale o, 6y = O(a?) becomes
much smaller than any interpolator 6* € S. Hence, Dy, (6%, 60) roughly equals Dy Ag (6%,0),
and eq. (9.5) should be thought of as

6% ~ argmin a, (6%). (9.7)
0*eS

This last equation highlights the fact that the recovered solution simply depends on the initial
balancedness Ay, making it a key quantity. Importantly, the hyperbolic entropy is a convex
function which interpolates between the ¢; and ¢ norms as the magnitude of Ay goes from 0
to +o0o (see Woodworth et al. [2020b], Theorem 2). So, as Ag = O(a?) goes to 0, ¥a, becomes
asymptotically identical to the ¢1-norm (see Appendix D.5). Hence, as seen through eq. (9.7),
a small initialisation scale a leads to the recovery of a solution with a small ¢;-norm, which
facilitates sparse recovery and explains why this setting is referred to as the “rich” or “feature-
learning” regime. On the other hand, larger initialisation scales lead to the so-called “kernel” or
“lazy” regime, where gradient flow selects small-fo-norm solutions. Overall, the smaller the
initialisation scale, the closer the retrieved solution will be to the minimum-¢;-norm
solution. We refer the reader to the work of Wind et al. [2023] for precise recovery bounds.
However, as noted in Even et al. [2023], the picture remains incomplete if we do not take into
account the homogeneity of Ag. Indeed, initialisations with entries of different magnitudes can
hinder the recovery of a sparse vector. However, in our case, our experiments (for uncentered
data) verify that the overall magnitudes of Ay and A, are sufficient to explain the effects of
momentum. We therefore put aside potential homogeneity considerations.

74



CHAPTER 9. EFFECT OF MOMENTUM

9.4.2 Implicit bias of momentum gradient flow

We now move on to describe the impact of momentum on the solution recovered by MGF(\).
Our work proceeds under the following assumption.

Assumption 7 (Boundedness). The optimisation trajectory (ut, ve)e>0 of MGF (9.4) is bounded.

Unfortunately, even though Assumption 7 holds true in all our experiments, the bounded-
ness of the trajectory of a second-order gradient flow has only been established under stronger
assumption on the loss function [Alvarez, 2000, Goudou and Munier, 2009, Apidopoulos et al.,
2022]. We defer further details to Appendix D.3.1. Crucially, the boundedness assumption al-
lows us to prove the convergence of the iterates, and we let (too, Voo) = limy—00 (ut, v¢). Our goal
now becomes to characterise the recovered predictor which we denote with 6"°F == 1 ® vao.
For our proofs, we make the following additional assumption.

Assumption 8 (Balancedness). The asymptotic balancedness Ao, has non-zero coordinates:

Ao i >0 for alli € [d].

Again, Assumption 8 holds true empirically in all our experiments, and in Section 9.4.3, we
prove that small values of A lead to nonzero asymptotic balancedness. Positing Assumption 8
allows us to prove that the recovered solution 6"°F interpolates the dataset.

General Characterisation of MGF Bias

In our main result for MGF, we prove that the iterates converge towards an interpolator char-
acterised as the solution of a constrained minimisation problem which involves the hyperbolic
entropy (9.6) scaled at the asymptotic balancedness A,. Moreover, we derive an insightful
description of the asymptotic balancedness in terms of the full optimisation trajectory which
allows us to compare the generalisation properties of MGF and GF for small values of A\. Before
stating our main continuous-time theorem, we define two integral quantities which appear in
our results.

Lemma 2. The following integral quantities Q4+ and Q_ are well-defined and finite:

[e’s) t u&ts 2 s
O ::/ m.p.v./ (*) e X Sgn('w:t,tw:l:,s)ds dt
0 0

W+ s

where sgn(-) denotes the sign function, wi; = u; = v, and m.p.v. denotes a modified Cauchy
principal value defined in Appendixz D.1.

The fact that the weights w4 ; can cross zero necessitates the use of the modified Cauchy
principal value since otherwise the integrals would diverge. Now, for succinctness, let us intro-
duce the integral quantities

I = Q4 + Ay,

where the terms AL vanish whenever the balancedness A; remains strictly positive for all
t € [0,00]. The precise form of Ai is uninformative and can be found in Equation (D.9),
Appendix D.3.3. We now proceed to characterise the recovered solution "¢F.

Theorem 3. The solution 0" of MGF (9.4) interpolates the dataset and satisfies the following
implicit reqularisation:

0" = argmin Dy, _ (0%, 60).

0*eS
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MGF Test Loss vs. Balancedness
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Figure 9.3: Test loss (in blue) and magnitude of balancedness (in red) at convergence of MGF ()
over a diagonal linear network in a sparse regression setting with uncentered data. As predicted
by Theorem 3, a more balanced solution generalises better. The shaded zone corresponds to
values of A for which the balancedness never hits zero during training and for which Corollary 2
therefore holds.

In the above expression, Dy, denotes the Bregman divergence with potential {a.,, where the
asymptotic balancedness equals

Ay = AOCDeXp(— (I++I_))

and Oy = i(wi,o ®exp (—2[4) — w%,o ®exp (—2I_)) denotes a perturbed initialisation term.

_ The proof of Theorem 3 appears in Appendix D.3.3 as well as explicit formulas for Ay and
fp. We explain the significance and shed more light on the different parts of Theorem 3 below.

Perturbed Initialisation 6y. In all our experiments, we observe that the perturbed initial-
isation Ay remains negligible in the sense that for any interpolator 6* € S, ||6oll2 < [|6*|2-
Moreover, in the next section, we prove that whenever the balancedness remains nonzero during
training, 6y becomes smaller than o2, where a stands for the initialisation scale. Hence, exactly
for the same reasons as for gradient flow, the implicit regularisation problem from Theorem 3
should be though of as

OMF ~ arg min YA __ (6%). (9.8)

0*eS

Appendix D.3.3 provides more details. Thus, the asymptotic balancedness A, becomes the key
quantity governing the properties of the recovered solution.

Key Role of A.,. If during optimisation the weights become more balanced, i.e. Ay < Ao,
then as discussed previously, based on the properties of ¥)a_ , the recovered solution will enjoy
better sparsity guarantees than the solution of gradient flow. Figure 9.3 illustrates this point:
the smaller the magnitude of A, the better the generalisation. Finally note that by egs. (9.5)
and (9.8), 0¥ approximately equals the solution recovered from gradient flow initialised at
up = v/As,vo = 0, which we denote by 0% . We observe [0 — 63 [|2/]|0F_[]2 < 0.01 in all
our experiments, which validates the approximation in eq. (9.8).

Path-Dependent Quantity. Unfortunately, the asymptotic balancedness depends on the
whole optimisation trajectory in a very intricate way, and we cannot compare ||Ay|| and ||Ag]|.
Thus, in general, we cannot meaningfully compare the recovered interpolators 6™°* and 6°F.
However, in the following section we prove that with the additional assumption that the bal-
ancedness remains nonzero, we have Ao, < Ag.
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9.4.3 Provable benefits of momentum for small values of A\

In this subsection, we prove that for small values of the momentum flow parameter A, the
recovered solution becomes more balanced (and therefore sparser) than the solution of gradient
flow. As a starting point for our argument, notice that if the balancedness A; = |[u? — vZ| =
|wy qw_ ;| remains strictly positive throughout training, then the weights w4 ¢ never change sign.
Hence, the integral quantities A1 become 0, and Q4+ > 0. Thus, I+ > 0, which combined with
Theorem 3 implies the following corollary.

Corollary 2. For A > 0, if the balancedness Ay remains strictly positive during training (i.e.
A; # 0 fort € [0,400]), then the perturbed initialisation satisfies |0o| < o and

Aso = Ay ® exp ( _ A/OOO (Z:)Q + (Z:E)th).

Importantly, Ay < Ayg.

In words, the above corollary (proved in Appendix D.3.4) implies that if the balancedness
A; does not hit zero during training, then (i) the perturbation term 6y is provably negligible,
(ii) the asymptotic balancedness is coordinate-wise smaller than initial balancedness Ag which
translates into a solution with better sparsity properties than the gradient flow interpolator.
This regime corresponds to the gray zone in Figure 9.3. The following proposition proved in
Appendix D.5 demonstrates that for small values of A, the balancedness remains strictly positive.

For \ < Wiz (min;<4 Ag;), the balancedness A never vanishes: A; # 0, Vt € [0,400].
Hence, through Section 9.4.3 and Corollary 2, we show that small values of A lead to solutions
with better sparse recovery guarantees.

Limitations of Our Analysis. In Appendix D.3.3, we prove that A; can vanish at most a
finite number of times. Experimentally, A; never hits 0 for much larger values of A than W .
2

(min;<4 Ag,;), making the bound from Section 9.4.3 relatively loose. In Figure 9.3, we empirically
observe an interval (0, Ajpqe) in which MGF()A) outperforms GF in terms of generalisation.
Moreover, there exists an optimal value A* (roughly corresponding to the smallest A, ) which
brings about the most improvement compared to gradient flow. Unfortunately, as observed
Figure 9.3, the balancedness vanishes for A = A*, and therefore Corollary 2 does not cover the
optimal value. Also note that (0, A\j,4,) and A\* depend on the data.

Behaviour of A, for Small Values of \. Unfortunately, determining the precise effect of A
on Ay is challenging. Nonetheless, for small A, we informally show in Appendix D.3.5 that

oo
AZ ~ AjGexp(— 2)\/ VL(05)%ds).
A—=0 0
This approximate equivalence for small A echoes the implicit bias of SGD [Even et al., 2023,
Pesme et al., 2021], which involves a similar formulation for the effective initialisation where the

step size v appears instead of A. Note that the above approximation suggests that for small
values of A\, A, monotonically decreases with A as experimentally confirmed by Figure 9.3.

9.4.4 Sketch of proof

Implicit bias through a second-order time-varying mirror flow. A natural way of show-
ing the implicit regularisation (9.5) of gradient flow on a 2-layer diagonal linear network goes
through proving that the predictors 67F follow the mirror flow dVia, (65F) = —VL(6FF)dt. In
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our setting, we prove that the predictors 6}°F follow a second-order time-varying mirror flow.
Specifically, we define a family of potentials (®;);>0 with ®4(0) = A, (8) — (¢, 0) where 1, cor-
responds to the hyperbolic entropy (9.6) depending on the balancedness A; and a perturbation
function ¢;. We then prove the following proposition.

Proposition 21. The predictors 0;"F follow a momentum mirror flow with time-varying poten-
tials @y :

A2V, (017 AV, (91F)
dt? dt

A + VL(0;F) = 0.

The implicit regularisation follows from integrating the ODE: V@ (0"%) = — [ VL(0{°F)dt €
span(x1,...,x,) which exactly corresponds to the KKT conditions of the constrained minimi-
sation from Theorem 3. Assuming that w+; do not change sign, the proof of Proposition 21
comes naturally and relies on the writing w4 ; = sgn(w+ o) exp(p+¢). When the iterates cross 0,
this reparametrisation does not hold anymore. The analysis can still be carried out by decom-
posing R>( into intervals on which the iterates have constant sign and appropriately sticking
the intervals using a modified Cauchy principal value.

Test Loss MGD ||Aoo||2 A

le4 107 107
________ 1e-2 2.28
g 102
% iterates Wk change sign . le-4 2.24
le6 10-3] - - 103
0.0 0.3 B 0.6 0.9
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0.0 0.3 0.6 0.9 0.0 0.3 0.6 0.9

B B

Figure 9.4: (Non-stochastic) MGD over a diagonal linear network in a sparse regression setting
with uncentered data. As predicted by Proposition 19, the three quantities at convergence
only depend on the single parameter A := /(1 — 8)2. As predicted by Theorem 4, a more
balanced solution (center plot) leads to a solution with a smaller ¢1-norm (right plot), which in
turn translates into better generalisation (left plot). Finally, as predicted by Corollary 3, the
trajectories for which the iterates do not cross zero satisfy Ay, < Ag, where A (approximately)

corresponds to the asymptotic balancedness for 3 = 0 and v = 1073.

9.5 Momentum SGD over diagonal linear networks

In this section, we move from continuous to discrete time and focus on the original MGD(~, 3)
recursion for which we can prove similar but slightly weaker results than the ones for MGF. In
fact, our results hold for stochastic momentum gradient descent (SMGD) with any batch size
B € [n]. For step size v > 0 and momentum parameter € [0, 1), the SMGD recursion writes
as follows:

Uk+1 = Uf — ’yVﬁBk (Hk) ® v + B(uk — ukfl)

9.9
Vg1 = Ok — YVLE, (Ok) © ug + B(vp — vk—1), (6:9)

where L3, (0) == 55 > ien, (Yi— (uov, 7;))? corresponds to the partial loss over the batch By C [n]
of size B. The batches could be sampled with or without replacement. As for continuous time,
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we let 0 = wup ® vg correspond to the regression predictor. We initialise at u; = ug and
v1 = vg, and we again consider the balancedness of the weights Ay = ]uz — v,%\ for £ > 0, the
reparametrised iterates wy i = uy £ vy, and the initialisation scale o = max(||uol|so, [|v0]c0)-
In contrast to our continuous-time prerequisites where we only assumed boundedness of the
optimisation trajectory, here we assume that the iterates converge:

Assumption 9 (Convergence). The iterates (uy,vg) converge towards the limiting weights
(Uoo, Voo ). We denote by 0P = o, ® voo the Tecovered predictor.

As in continuous time, we again assume that the asymptotic balancedness is nonzero.

Assumption 10 (Balancedness). The asymptotic balancedness Ao = |u2, — v% | has non-zero
coordinates.

Similar to Lemma 2, we define two discrete infinite sums which depend on the entire trajec-
tory and appear in our discrete-time result.

Lemma 3. The following two sums Sy and S_ converge to finite vectors:

s S () (2],

W4k W+ k+1
where r(z) = (z — 1) — In(|z|) for z # 0.

Importantly, the function r(z) from Lemma 3 is positive for z > 0. Contrary to the
continuous-time case, in discrete time, the iterates w4 , never exactly equal zero. Indeed, since
VL is linear, we have that for all £ > 0, w4 (v, ) is a polynomial in (v, ). Therefore, the set
of pairs (v, 3) for which there exists & > 0 such that wy x(v,8) = 0 is a negligible set in R?.
The iterates therefore ‘jump’ over zero, making the sums from Lemma 3 well-defined.

9.5.1 General characterisation of SMGD bias

The following theorem represents the discrete counterpart of Theorem 3 and generalises [Even
et al., 2023, Theorem 1] which considers SGD without momentum.

Theorem 4. The solution 0" of SMGD (9.9) interpolates the dataset and satisfies the fol-
lowing implicit regularisation:

0% = argmin Dy, (0%, 00).

0*eS

In the above expression, Dy, denotes the Bregman divergence with potential Y, where the

asymptotic balancedness equals

oo

A =0g@exp(— (St +52))
and Oy = %(wi’o ®exp(—254)) — wao ©® exp(—25_)) denotes a perturbed initialisation term.

Due to the strong similarities with Theorem 3, we proceed by making similar comments.
In our experiments, the norm of the perturbed initialisation 6o remains much smaller than
that of any interpolator 68*. Hence, arguing as before, the implicit regularisation problem from
Theorem 4 should be though of as

G ~ arg n}gin a (07). (9.10)
*e
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Again, the asymptotic balancedness A, controls the generalisation properties of the recovered
solution. Thus, if [|Axc (7, B)ll2 < [[Ace(?',B')|l2, We expect the interpolator 5P (v, §) to be
sparser than 65"¢P (/) 8"). Figure 9.4 illustrates this point: the smaller the magnitude of A
(center plot), the better the sparsity of the interpolator (right plot), which translates into better
generalisation (left plot). Unfortunately, as for MGF, the asymptotic balancedness A, depends
on the whole optimisation trajectory in an intricate way, which prevents us from extracting an
insightful formula for A in terms of v and 5. However, Figure 9.4 indicates that A effectively
depends on the single parameter A = /(1 — 8)2. As in Figure 9.2, \ again clearly appears to
be the relevant quantity which governs the performance of MGD, and not v and 8 considered
individually. These empirical observations support the idea that even for ‘practical’ step sizes
and momentum parameters 3, MGD(, 5) closely follows MGF(\).

Figure 9.4 also clearly shows that the asymptotic balancedness decreases as the key quantity A
increases over an interval [0, \*] where A* denotes the parameter inducing the best generalisation
performances. Then, for A above \*, the magnitude of A, starts to grow and the sparsity of
the solutions deteriorates. We expect proving this phenomenon to be very challenging. Such a
proof would require a fine-grained analysis of the sums Sy, which becomes already quite involved
when 5 = 0 as performed by Even et al. [2023].

Now, similar to the continuous-time result, the following corollary shows that if the iterates do
not change sign, then the asymptotic balancedness becomes smaller than the initial balancedness.

Corollary 3. For~y, > 0, if the iterates wy j = (ug, £ vg) do not change sign during training,
then 00| < 2 and Ay < Ag.

The above corollary implies that the recovered solution 05" must perform at least as well

as the gradient flow interpolator #°*. However, in contrast to the continuous case and even
though we believe it to be true, we were unable to prove that the SMGD iterates do not change
sign for small values of .

9.6 Conclusion

Considering an appropriate second-order differential equation which discretises into MGD, we
highlight the existence of a single key quantity A = ~/(1 — 3)? which fully determines the
trajectory of MGF. This continuous-time perspective also provides a simple acceleration rule
and insight into several relevant optimisation regimes. Then, focusing on 2-layer diagonal lin-
ear networks, we prove that the asymptotic balancedness A, solely governs the generalisation
performances of MGF and SMGD. We additionally prove that small values of A aid the recov-
ery of sparse MGF solutions. Future work should consider MGF/MGD optimisation on more
complex architectures and understand precisely the non-trivial effect of A on the asymptotic
balancedness A.
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Mirror flow over classification tasks
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Chapter 10

Implicit bias of mirror flow on separable data

10.1 Preface

This chapter follows a paper which is currently under review.

Summary We examine the continuous-time counterpart of mirror descent, namely mirror
flow, on classification problems which are linearly separable. Such problems are minimised ‘at
infinity’ and have many possible solutions; we study which solution is preferred by the algorithm
depending on the mirror potential. For exponential tailed losses and under mild assumptions on
the potential, we show that the iterates converge in direction towards a ¢.,-maximum margin
classifier. The function ¢, is the horizon function of the mirror potential and characterises
its shape ‘at infinity’. When the potential is separable, a simple formula allows to compute
this function. We analyse several examples of potentials and provide numerical experiments
highlighting our results.

Co-authors Radu-Alexandru Dragomir and Nicolas Flammarion.

Contributions Scott and Radu-Alexandru worked together on the project.

10.2 Introduction

Heavily over-parametrised yet barely regularised neural networks can easily perfectly fit a noisy
training set while still performing very well on unseen data [Zhang et al., 2017]. This statistical
phenomenon is surprising since it is known that there exists interpolating solutions which have
terrible generalisation performances [Liu et al., 2020a]. To understand this benign overfitting,
it is essential to take into account the training algorithm. If overfitting is indeed harmless,
it must be because the optimisation process has steered us towards a solution with favorable
generalisation properties.

From this simple observation, a major line of work studying the implicit regularisation of
gradient methods has emerged. These results show that the recovered solution enjoys some type
of low norm property in the infinite space of interpolating solution. Gradient descent (and its
variations) has therefore been analysed in various settings, the simplest and most emblematic
being that of gradient descent for least-squares regression: it converges towards the solution
which has the lowest f2 distance from the initialisation [Lemaire, 1996]. In the classification
setting with linearly separable data, iterates of gradient methods must diverge to infinity to
minimise the loss. Therefore, the directional convergence of the iterates is considered and Soudry
et al. [2018] show in their seminal paper that gradient descent selects the fo-max-margin solution
amongst all classifiers.
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Mirror descent with: Limiting directions ®oo- max-margins
oGP (B) = 18|12 #MP(B) = cosh(B;) o
(8) = 1811 2 y=+1
oMP2(8) = Z Biaresinh(B;) — /5% + 1
i=1,2
4
10734 T'rain losses

(Log log scale)

A A
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MDy A
"N . tﬁ’
1 Tterations t 105 y=—1

Figure 10.1: Mirror descent is performed using 3 different potentials on the same toy 2d dataset.
Left: the losses converge to zero. Center: the iterates converge in direction towards 3 different
vectors, the 3 lines passing through the origin correspond to the 3 different separating hyper-
planes. Right: these directions are each proportional to argmin ¢..(3) under the constraint

min; y;(z;, B) > 1 for their respective ¢’s, as predicted by our theory (Theorem 5). See Sec-
tion 10.6 for more details on the experimental setup.

Going beyond linear settings, it has been observed that an underlying mirror-descent
structure very recurrently emerges when analysing gradient descent in a wide range of non-
linear parametrisations [Woodworth et al., 2020b, Azulay et al., 2021]. Providing convergence
and implicit regularisation results for mirror descent has therefore gained significant importance.

In this context, for linear regression, Gunasekar et al. [2018a] show that the iterates converge
to the solution that has minimal Bregman distance to the initial point. Turning towards the
classification setting, an apparent gap emerges as there is still no clear understanding of what
happens: Can directional convergence be characterised in terms of a max-margin problem?
And if so, what is the associated norm? Quite surprisingly, this question remains unanswered.
This chapter bridges this gap by formally characterising the implicit bias of mirror descent for
separable classification problems.

10.2.1 Informal statement of the main result

For a separable dataset (;,Yi)ic[n, We study the mirror flow dVé(8;) = —V L(8;)dt with po-
tential ¢ : R? — R and an exponential tailed classification loss L. We prove that 3; converges
in direction towards the solution of the ¢o,-maximum margin solution where the (asymmetric)
norm ¢., captures the shape of the potential ¢ ‘at infinity’ (see Figure 10.2 for an intuitive
illustration).

Theorem 5 (Main result, Informal). There exists a horizon function ¢, such for any sepa-
rable dataset, the normalised mirror flow iterates By == Bi/||Bt|| converge and satisfy:

lim 3; s proportional to  argmax min y;(z;, B).
t=o0 bo(B)<1 €M

This also means that limy_,o, B¢ is proportional to  argmin  ¢oo(B) because ¢oo is positively
min; y; (z,8)>1
1-homogeneous.

Our result holds for (nearly) all reasonable potentials ¢ and it recovers previous results which
were obtained for ¢ = ||-||b [Sun et al., 2022] and for L-homogeneous potentials [Sun et al., 2023].
For general potentials, showing convergence towards a maximum margin classifier is much harder
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because, in stark contrast with homogeneous potentials, ¢’s geometry changes as the iterates
diverge. To capture the behaviour of ¢ at infinity, we geometrically construct its horizon function
®oo. By considering ¢’s successive level sets (and re-normalising them to prevent them blowing-
up), we show that under mild assumptions, these sets asymptotically converge towards a limiting
horizon set So,. The horizon function ¢ is then simply the asymmetric norm which has S, as
its unit ball (see Figure 10.3 for an illustration). In addition, when the function ¢ is ‘separable’
and can be written ¢(3) = >, p(8;) for a real valued function ¢, then a very simple and practical
formula enables to calculate ¢, (Theorem 7).

The chapter is organised as follows. The classification setting as well as the assumptions
on the loss and the potential are provided in Section 10.3. The proof sketch and an intuitive
construction of the horizon function are given in Section 10.4. In Section 10.5, we state the
formal definition and results. Simple examples of horizon potentials and numerical experiments
supporting our claims are finally given Section 10.6.

10.2.2 Relevance of mirror descent and related works.

We first provide motivations for why understanding the implicit regularisaton of mirror descent is
relevant to the machine learning community, as well as related works that places our contribution
in context.

Relevance of studying mirror descent in the context of machine learning. Though
mirror descent is not per se an algorithm used by machine learning practitioners, it proves to
be a very useful tool for theoreticians in the field. Indeed, when analysing gradient descent (and
its stochastic and accelerated variants) on neural-network architectures, an underlying mirror-
descent-like structure somehow very recurrently emerges. General results for mirror descent
then enable to prove convergence as well as characterise the implicit regularisation of gradient
descent for these architectures. Diagonal linear networks, which are ideal proxy models for gain-
ing insights on complex deep-learning phenomenons, is the most notable example of such an
architecture. The hyperbolic entropy potential natural appears and enables to prove countless
results: implicit bias of gradient descent in regression [Woodworth et al., 2020b, Vaskevicius
et al., 2019] and in classification [Moroshko et al., 2020], effect of stochasticity [Pesme et al.,
2021], convergence of gradient descent and effect of the step-size [Even et al., 2023], saddle-to-
saddle dynamics [Pesme and Flammarion, 2023]. Unveiling an underlying mirror-like structure
goes beyond these simple networks as they also appear in: matrix factorisation with commuting
observations [Gunasekar et al., 2017, Wu and Rebeschini, 2021], fully connected linear net-
works [Azulay et al., 2021, Varre et al., 2023] and 2-layer ReLU networks [Chizat and Bach,
2020]. Building on these examples, Li et al. [2022] further broaden the scope of mirror descent
for implicit bias by investigating the formal conditions that ensure the existence of a mirror flow
reformulation for general parameterizations, extending previous results by Amid and Warmuth
[2020a,Db].

Gradient descent in classification. Numerous works have studied gradient descent in the
classification setting. For linear parametrisations, separable data and exponentially tailed losses,
Soudry et al. [2018] prove that GD converges in direction towards the fs-maximum margin
classifier and provides convergence rates. A very fine description of this divergence trajectory is
conducted by Ji and Telgarsky [2018] and a different primal-dual analysis leading to tighter rates
is given by Ji and Telgarsky [2021]. Similar results are proven for stochastic gradient descent by
Nacson et al. [2019a]. In the case of general loss tails, Ji et al. [2020] prove that gradient descent
asymptotically follows the fo-norm regularisation path. A whole ‘astral theory’ is developed by
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Dudik et al. [2022] who provide a framework which enables to handle ‘minimisation at infinity’.
Beyond the linear case, Lyu and Li [2020] proves for homogeneous neural networks that any
directional limit point of gradient descent is along a KKT point of the fs-max margin problem.
A weaker version of this result was previously obtained by Nacson et al. [2019b]. Furthermore,
convergence results for linear networks are provided by Yun et al. [2021]. Finally, for 2-layer
networks in the infinite width limit, assuming directional convergence, Chizat and Bach [2020)]
proves that the limit can be characterised as a max-margin classifier in a certain space of
functions.

10.2.3 Notations

We provide here a few notations which will be useful throughout the chapter. We let [n] be the
integers from 1 to n. We denote by Z € R™*? the feature matrix whose i*" line corresponds
to datapoint y;z;. When not specified, | - || corresponds to any (definable) norm on R¢. For a
convex function h, Oh(B) denotes its subdifferential at 5: Oh(B) = {g € R? : h(B') > h(B) +
(9,8 — B),VB" € R¥}. For any scalar function f : R — R and vector u € RP, the vector
f(u) € RP corresponds to the component-wise application of f over u. We denote by o :
R™ — R"™ the softmax function equal to o(z) = exp(z)/ > i, exp(z;) € A, where A, is the
unit simplex. For a convex potential ¢, we denote Dy(f3, 8p) the Bregman divergence equal to

¢(8) — (¢(Bo) + (Vé(bo), 8 = Bo)) = 0.

10.3 Problem set-up

We consider a dataset (x;,yi)1<i<n With points z; € R? and binary labels y; € {—1,1}. We
choose a loss function £ : R — R and seek to minimize the empirical risk

L(B) = > Uyilxi, B))-
=1

We propose to study the dynamics of mirror flow, which is the continuous-time limit of the mirror
descent algorithm [Beck and Teboulle, 2003]. Mirror descent is a generalization of gradient
descent to non-Euclidean geometries induced by a given convex potential function ¢ : R — R.
The method generates a sequence (Bk)kzo with Gy = 8o € R% and

Vé(Brs1) = Vo(Br) — YV L(By).

When the step size v goes to 0, the mirror descent iterates approach the solution (5;):>0 to the
following first-order differential equation (ODE):

dV¢(8) = =V L(B)dt, (MF)

initialised at fy. Studying the mirror flow (MF) allows for simpler computations than its discrete
counterpart, and still allows to obtain rich insights about the algorithm’s behaviour.
We now state our standing assumptions on the loss function ¢ and potential ¢.

Assumption 11. The loss £ satisfies:
1. ¢ is conver, twice continuously differentiable, decreasing and lim,_, . ¢(z) = 0.

2. £ has an exponential tail, in the sense that —¢'(z) N exp(—z).
Z—00
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The first part of the assumptions is very general and insures that the empirical loss L can be
minimised ‘at infinity’. The exponential tail is crucial: it enables to identify a unique maximum
margin solution towards which the iterates converge in direction, independently of the considered
loss. Both the exponential £(z) = exp(—=z) and the logistic loss £(z) = In(1+exp(—z)) satisfy the
conditions. On the other hand, losses with polynomial tails do not satisfy the second criterion.
Similar assumptions on the tail appear when investigating the implicit bias of gradient descent
for separable data [Soudry et al., 2018, Nacson et al., 2019c¢, Ji et al., 2020, Ji and Telgarsky,
2021, Chizat and Bach, 2020].

Assumption 12. The potential ¢ : R4 — R satisfies:
1. ¢ is twice continuously differentiable, strictly convexr and coercive.
2. V¢ diverges at infinity: lim| g0 [|[VA(B)|| = +oc.
3. V2¢(B) is positive-definite for all 3 € R,
4. for every ¢ € R>o and By € RY, the sub-level set {B1 € R, Dy(Ba, B1) < c} is bounded.

These assumptions are common when considering mirror descent [Bauschke et al., 2017]. We
provide several examples of potentials in Section 10.6. Crucially, these assumptions ensure the
existence and uniqueness of (MF) as shown in the following lemma.

Lemma 4. For any initialisation By € R, there exists a unique solution defined over R>o which
satisfies (MF) for all t > 0 and with initial condition Bi—o = Po.

The proof is standard and relies on ensuring that the iterates do not diverge in finite time,
we defer it to Appendix E.1. Finally, we assume that infg L(3) = 0, meaning that there exists
a hyperplane that perfectly separates the data.

Assumption 13. The dataset is linearly separable: there exists f* € R? such that y; (3%, z;) > 0
for every i € [n].

Notice that such 5*’s correspond to minimisation directions: L(A8*) A7%° 0. Under the three
previous assumptions, we can show that the mirror flow iterates (/5¢)s>0 minimise the loss while
diverging to infinity.

Proposition 22. Considering the mirror flow (B)t>0, the loss converges towards 0 and the
iterates diverge: lim L(f;) = 0 and lim ||3¢|| = +oo.
t—o0 t—o0

The proof relies on classical techniques used to analyse gradient methods in continuous time
and we defer the proof to Appendix E.1. We now turn to the main question addressed in this
chapter:

Among all minimising directions 5*, towards which does the mirror flow converge?

We initially offer a heuristic and intuitive answer to this question, setting the stage for the formal
construction of the implicit regularisation problem.

10.4 Intuitive construction of the implicit regularisation problem

In this section, we give an informal presentation and proof sketch of our main result. A fully
rigorous exposition is then provided in Section 10.5.
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Preliminaries. Assume here for simplicity that ¢(z) = exp(—z). The mirror flow then writes

d
avéf)(ﬁt) = L(Bt) - ZT‘](/Bt),

with ¢(5:) = o(—ZB:). We recall that o is the softmax function and Z the matrix with rows
(¥i™i)icpn)- Note that q(53;) belongs to the unit simplex Ay,.

We simplify the differential equation by performing a time rescaling, which does not change
the asymptotical behaviour. As 6 : ¢ — fo (Bs)ds is a bijection in R>q (see Lemma 40) which
typically slowly grows as In(t), we can speed up time and consider the accelerated iterates
By = Bo-1() L. By the chain rule, we have

V(B = 2T a(h),

and therefore

1o, - 1 1t

1Voli) = Vo) - 27 (; [ aBias). (10.1
0

From now on, we drop the tilde notation and assume that change of time scale has been done.

We want to characterize the directional limit of the diverging iterates B;. To do so, we study

their normalisation 5; := % As they form a bounded sequence, and ¢(f3;) € A, is also

bounded, we can extract a subsequence (Br.,q (Bts))s>0, with limg oo ts = 00 converging to
some limit (S0, ¢oo). By the Césaro average property, i fo (Bs)ds also converges towards ¢oo.
Equation (10.1) then yields

;W(@S) — 70 (10.2)

Observe that ¢(8) = o(—Z;) and the softmax function o approaches the argmax operator at
infinity. Hence, as (; diverges, we expect that ¢(5;)r — 0 for coordinates k for which (—Z5;); is
not maximal, i.e. (Zf;); not minimal. This observation is made formal in the following lemma.
Its proof is straightforward and is given in Appendix E.1.

Lemma 5. Assume that (B:,,q(8:.)) =3 (Bsos o). It holds that:
(Go0)k =0 if Yu(k; foo) > min yi(wi, foc).

In words, coordinates of g», which do not correspond to support vectors of S, must be zero.
Our goal is now to uniquely characterise 5 as the solution of a maximum margin problem.

10.4.1 Warm-up: gradient flow

As a warm-up, let us consider standard gradient flow, which corresponds to mirror flow with
potential ¢ = || - [|3/2. In this case, Equation (10.2) becomes S, /ts — Z'go. Since the
normalized iterates satisfy 5;, — B0, We get

Z" g0

oo = e
= 24l

15,5 can also be seen as the mirror flow trajectory but on the log-sum-exp function instead of the sum-exp
function
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Figure 10.2: Left two: Sketch of the level lines of two dlﬁerent potentlals oM @ . R2

R. Right two: Their corresponding asymptotic functions ¢oo, ¢oo which are positive 1-
homogeneous.

Now notice that this equation along with the slackness conditions from Lemma 5 exactly corre-
spond to the optimality conditions of the following convex minimisation problem:

mﬁax Iél[lrﬁ yi{w;, B) under the constraint |[|3]|2 < 1. (10.3)
1cn

Furthermore, the f2-unit ball being strictly convex, Problem (10.3) has a unique solution to

which ., must therefore be equal. Importantly notice that Problem (10.3) uniquely defines the

limit of any extraction on the normalised iterates B;: the normalised iterates 3; must therefore

converge towards the fo-maximum margin and we recover the implicit regularization result from

Soudry et al. [2018]:

500 = arg max min yz<$u B>
IBl2<1 €l

10.4.2 General potential: introducing the horizon function ¢

We now tackle general potentials ¢. We first need to introduce the definition of an asymmetric
norm. Simply said, an asymmetric norm has all the properties of a norm except for being
centrally symmetric.

Definition. [Asymmetric norm.] A function p : R — Rx is said to be an asymmetric norm

if we have p(81 + B2) < p(B1) + p(B2) (triangle inequality), p(8) > 0 for 8 # 0 (positivity), and
p(rB) = rp(B) for r > 0 (positive homogeneity).

The challenge of identifying the max-margin problem, to which the iterates converge in
direction, stems from the fact that if the potential ¢ is not homogeneous? then its geometry
changes as the iterates norm increases. More formally, its sub-level sets S, :== {8 € R%, ¢(8) < ¢}
change of shape as ¢ increase, as illustrated by Figure 10.2 (Left).

However, we can hope that these sets have a limiting shape at infinity, meaning that
the normalised sub-level sets S. := S./R. where R, := maxgeg, ||| converge to some limiting
convex set S, as ¢ — co. We can then construct an asymmetric norm ¢, which has S, as its
unit ball. In words, ¢, captures the shape of ¢ at infinity. This informal construction is
made rigorous in Section 10.5.1. We state here the crucial consequence of this construction.

Corollary 4. The horizon function ¢« is such such that for any sequence 3¢ for which B; == Hﬁtll

V¢(Bt

and ) both converge, then:

1 ] o
}i}% Evd)(ﬂt) €N 0000(Bx), where oo = tliglo Bt,

2a function is said to be homogeneous if there exists L > 0 such that ¢(c8) = ¢“¢(8) for all 5 and ¢ > 0
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for some positive factor .

Using this construction, we are able to derive the optimality conditions satisfied by Boo-
From the convergence in Equation (10.2) and that of 8; — S, applying Corollary 4, we get
that:

Z " oo € X 0000 (Boo)-

Up to a positive multiplicative factor (which is irrelevant due to the positive homogeneity the
quantities involved), this condition along with Lemma 5 are exactly the optimality conditions
of the convex problem

max min y;(x;,3) under the constraint ¢ (5) < 1.

BeRE  i€[n]
Bse must therefore belong to the set of its solutions. Assuming that this set contains a single
element of norm 1 (we refer to the next section for comments concerning the unicity), we obtain
that the iterates £; must converge towards it:

lim P oc argmax min y;(z;, 3).

t=oo 1Bl go(py<1  i€ln]

10.5 Main result: directional convergence of the iterates towards the
Poo-Max margin

We now state our formal results, begining with the precise construction of the horizon function
oo, and following with the theorem showing convergence of the iterates towards the ¢oo-max
margin.

10.5.1 Construction of the horizon function ¢,

We first define the horizon shape of a convex potential, and provide sufficient conditions for
its existence. Then, we use this shape to construct a horizon function ¢, which allows the
interpretation of the directional limits of gradients of ¢ at infinity. The proofs require technical
elements from variational analysis to ensure that the limits are well-defined; these are deferred
to the appendix.

Definition and sufficient conditions for existence. Assume without loss of generality
that ¢(0) = 0. For ¢ > 0, consider the sublevel set

Se(¢) = {B € R’ : ¢(B) < ¢},

which is nonempty and compact by coercivity of ¢. We can then define the normalised sublevel
set:

Se= =25, R.=max{||f] : 5 € S} (10.4)

By construction, the set S, belongs to the unit ball. We are interested in the limit of S, as
c — 0.

Definition. We say that ¢ admits a horizon shape if the family of normalized sublevel sets
(S¢)e>o defined in Equation (10.4) converges to some set Sy, as ¢ — oo for the Hausdorff
distance. In addition, we say that this shape is non-degenerate if the origin belongs to the

interior of Ss.
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Figure 10.3: Ilustration of the construction of the horizon shape S.. Left: the sub-level sets
S. change of shape and are increasing. Middle: in order to avoid the shapes blowing up, we
normalized them to keep them in the unit ball (here we chose the arbitray constraining norm to
be the ¢1-norm). Right: the normalised sub-level sets S. converge to a limiting set S, for the
Hausdorff distance.

Hausdorff distance is a natural distance on compact sets [see Rockafellar and Wets, 1998,
Section 4.C., for a definition]. In Proposition 10.5.3, we prove the existence of the horizon shape
for a large class of functions, containing all potentials encoutered in practice.

Although the horizon shape is guaranteed to exist for most functions, we cannot a priori
prove that it is non-degenerate, as the normalized sub-levels S. can become ‘flat’ as ¢ — 003, As
this case would be much more technical and involved, we now restrict to non-degenerate horizon
shapes.

Horizon function. If A admits a non-degenerate horizon shape S,,, we define its horizon
function as the Minkowski gauge [Rockafellar and Wets, 1998, Section 11.E] of Su:

Goo(B) :==1inf {r >0 : g € S}

for 5 € R% The horizon function ¢ is an asymmetric norm as defined in Definition . Im-
portantly, it is defined such that its sub-level sets correspond to scaled versions of S [see
Rockafellar and Wets, 1998, Section 11.C, for more properties|. For example, in the case of the
horizon shape Sy, illustrated in Figure 10.3, the corresponding horizon function ¢, is propor-
tional to the £i-norm. Although the construction of ¢, presented here is rather abstract, we
show in Theorem 7 that for separable potentials, as commonly encountered in practice, it can be
computed with a simple formula. Though different, our definition of the horizon function shares
many similarities with the classical concept of horizon function from convex analysis [Rockafellar
and Wets, 1998]. We discuss the links between the two notions at the end of Section 10.5.3.

10.5.2 ¢..-max margin problem and main result

Now that we have properly constructed the horizon function ¢, we can define its corresponding
maximum-margin problem.

Definition. The ¢,,-max margin problem is defined as:

max min y;(z;,5) under the constraint ¢ (8) < 1.
BeRE  i€[n]

We can now state our main result which fully characterises the directional convergence of
the mirror flow iterates.

3Consider for instance ¢(z,y) = 2® + y* on R?, for which the horizon shape is [—1,1] x {0}.
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Theorem 6. Let ¢, be the horizon function of ¢. Assuming that the ¢oo-max margin problem
has a unique solution, the mirror flow normalised iterates B; = Hg—z” converge towards a vector

Boso and

BOO X arg rpax Hlln yl<xlvlg>v
poo(B)<1 €M

where the symbol < denotes positive proportionality.

Remark on the unicity of the margin problem. If the unit ball of ¢, is strictly convex,
then the max-margin problem has a unique maximiser. However, in the general case, there may
exist an infinity of solutions and weak but ad hoc assumptions on the dataset are required to
guarantee uniqueness. For instance, if ¢, is proportional to the £1-norm, a common assumption
which ensures uniqueness is assuming that the data is in general position. It is not restrictive as
it is almost surely satisfied for data drawn from a continuous probability distribution, we refer
to Rosset et al. [2004], Appendix B, for more details.

10.5.3 Assumptions guaranteeing the existence of ¢,, and computable for-
mula

Our main result, presented in Theorem 6 relies on the existence of a horizon shape, S, as
described in Definition . From this shape, the asymmetric norm ¢, is constructed.

We show here that the existence of S is ensured for a large class of ‘nice’ functions, specif-
ically those definable in o-minimal structures [Dries, 1998]. For the reader unfamiliar with this
notion, this class contains all ‘reasonable’ functions used in practice, such as polynomials, loga-
rithms, exponentials, and ‘reasonable’ combinations of those. This is a typical assumption used
for instance to prove the convergence of optimisation methods through the Kurdyka—Lojasiewicz
property [Attouch et al., 2011].

If any of the three following conditions hold: (i) ¢ is a finite composition of polynomials,
exponentials and logarithms, (i7) ¢ is globally sub-analytic, (iii) ¢ is definable in a o-minimal
structure on R; then ¢ admits a horizon shape S. The proof is technical and we defer it to
Appendix E.2. Although the previous proposition ensures the existence ¢, for a wide range of
potentials, it does not offer a direct method for computing it. In the following, we show that
for potentials that are both separable and even, a simple formula exists, allowing for the direct
calculation of ¢n.

Assumption 14. The potential ¢ is separable in the sense that there exists ¢ : R = R>q such
that ¢(5) = Zgzl ©(Bi). We assume that ¢ satisfies Assumption 12, that it is definable in a
o-minimal structure on R and that it is an even function. W.l.o.g. we assume that p(0) = 0.

We note that ¢ is bijective over R>g from Assumption 12, and we denote ! its inverse.
We consider the function =1 o ¢, which has the suitable properties of: (i) maintaining the same
sub-level sets as ¢ and (ii) not growing ‘too fast’, ensuring that lim, o7 ~*(¢(8/n)) exists in
R-q for all 3. These two observations lead to the following theorem.

Theorem 7. Under Assumption 14, there exists A > 0 such that the horizon function ¢ of ¢
as defined in the previous section satisfies:

6se(B) = Al 7! (<z> (i))

We use this simple formula when computing ¢, for various potentials in the next section.

for every B € RY.
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Remark on previous notions of horizon function. In the convex analysis literature, the
horizon function is typically defined as lim, 0 n¢(8/n) [Rockafellar and Wets, 1998, Laghdir
and Volle, 1999]. A direct application of this concept in our context would yield a function
valued at 400 everywhere except at the origin, a consequence of Assumption 12. In contrast,
our definition ensures that ¢« attains finite values over at least a portion of R%. This distinction
stems from our way of normalising the level sets by R, in the general definition, or alternatively,
the composition by ¢! in the separable case.

The two constructions would coincide only if ¢ was Lipschitz continuous, which is at odds
with Assumption 12. To align more closely with the standard terminology in the literature, we
could refer to our notion as the normalised horizon function.

10.6  Applications and experiments

In this section, we illustrate our main result using three different potentials. We implement
mirror descent with each one of these potentials, and present the results in Figure 10.1.

Homogeneous potentials. We first consider potentials ¢ which are L-homogeneous, i.e.,
there exists L > 0 such that for all ¢ > 0 and 8 € R?, ¢(cB) = c¢“¢(3). In this case, since S, is
equal for all ¢ > 0, it follows that there exists A such that ¢oo x ¢'/L. An important example is
the case of ¢ = || - ||b where || - ||, corresponds to the ¢,-norm with p > 1, for which we get that
¢oo o || - ||, and we recover the result from Sun et al. 2022, 2023].

Hyperbolic entropy potential. The hyperbolic entropy potential ¢(3) = 2?21 (Bsarcsinh(5;)—

. 62-2 + 1—1) plays a central role in works considering diagonal linear networks [Woodworth et al.,
2020b, Pesme and Flammarion, 2023]. Applying Theorem 7, we obtain that ¢ o || - ||1 and
we recover the result from Moroshko et al. [2020]. We note that the geometry induced by this
potential changes across different scales, interpolating between the ¢5 and ¢; geometries.

Hyperbolic-cosine entropy potential. We finally consider the following potential ¢(5) =
Zle(cosh(ﬁi) —1). Applying Theorem 7, we get that ¢doo X || * ||co-

Experimental details concerning Figure 10.1. As shown in Figure 10.1 (Middle), we
generate 40 points with positive labels and 40 points with negative labels. Starting from 5y = 0,
we run mirror descent with the three following potentials:

(i) ¢%P = -3, (i3) ¢™MP1 = Hyperbolic entropy, (i3i) ¢™MP? = cosh-entropy.

We first observe in Figure 10.1 (Left) that the training loss converges to zero, as predicted by
Proposition 22, with a linear convergence rate that varies across different potentials. Moreover,
as illustrated in Figure 10.1 (Middle and Right), the iterates converge in direction towards their
respective unique ¢o-max margin solutions associated with the following geometries:

(@) ¢ ocll-llzs (@) o =M, (id) $h72 ol o

Therefore, by using different Therefore, by employing various potentials, we can induce different
implicit biases, leading to distinct generalization properties based on the data distribution.
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10.7 Conclusion and limitations

In this chapter, we offer a comprehensive characterisation of the implicit bias of mirror flow for
separable classification problems. This characterisation is framed in terms of the horizon function
associated with the mirror descent potential, leveraging the asymptotic geometry induced by
the potential.

Our results being purely asymptotic, characterising the rate at which the normalised iter-
ates converge towards the maximum-margin solution is an open direction for future research.
Furthermore, we note that our analysis does not cover potentials that are defined only on a
strict subset of R? (such as the log-barrier and the negative entropy), and with possibly non-
coercive gradients. This class of potentials is of interest as it arises when investigating deep
architectures, such as diagonal linear networks of depth D > 2. In this setting, it is known that
gradient flow on the weights lead to a mirror flow on the predictors with a certain potential
¢p [Woodworth et al., 2020b]. Interestingly, the potentials ¢p have non-coercive gradients and
their horizon functions do not depend on the depth D as they are all proportional to the #;-
norm. The predictors are, however, known to converge in direction towards a KK'T point of the
non-convex {y/p-max-margin problem [?] which can be different from the ¢;-max-margin prob-
lem [Moroshko et al., 2020]. This observation highlights that our coercive gradient assumption
is necessary for our result to hold. However, extending our analysis beyond this assumption is
a promising direction for understanding gradient dynamics in deep architectures.

93



Conclusion and future directions

10.7.1 Conclusion

In this PhD thesis, we investigated optimisation phenomena which occur in deep learning by
focusing solely on the 2-layer diagonal linear network architecture.

In the first part, we gave an introduction to the notion of implicit regularisation alongside
an overview of the 2-layer diagonal linear network architecture and the mirror flow algorithm.
We recalled key results upon which the rest of the manuscript is built. This section lays the
groundwork for the subsequent results presented in the thesis.

In the following part, in a regression setting, we showed that we can describe the entire
gradient flow trajectory for a vanishing initialisation: the iterates jump from a saddle of the
training loss to another and coordinates are learnt one at a time, highlighting an incremental
learning.

In the third section, we examined the influence of training hyperparameters on the recovered
solution. Initially, we employed a stochastic differential equation to model the trajectory of
Stochastic Gradient Descent (SGD), demonstrating that noise aids in recovering a sparser solu-
tion compared to gradient flow. While we didn’t emphasise the role of the step-size extensively
here, in the ensuing chapter, we directly tackle the discrete SGD and GD recursions and investi-
gate the impact of the step-size. Our analysis revealed that while large step-sizes are beneficial
for sparse recovery when using SGD, they can be counterproductive for GD. In the third and last
chapter, we explored the effect of momentum, employing a continuous-time approach to model
momentum gradient descent. We identified an intrinsic quantity, A = ﬁ, which uniquely
characterises the optimisation path and provides a straightforward acceleration rule applicable
beyond the scope of the diagonal network architecture. Additionally, we demonstrated that
moderate values of A help in the recovery of sparse solutions.

In the fourth and final part, we adopted a slightly different perspective, diverging from a
strict focus on diagonal linear networks. Instead we focused our attention towards understanding
mirror flow’s implicit regularisation in linear classification tasks with separable data. We proved
that the iterates converge directionally towards a ¢, max margin classifier, where the function
P captures the shape of the potential at infinity.

10.7.2 Future directions

Beyond diagonal linear networks. While the study of diagonal linear networks is rich in
insights, it is undoubtedly a limited framework. A clear avenue for future research would involve
exploring more complex architectures that bear closer resemblance to real-world models, such as
linear networks, ReL U networks, ResNets, and Transformers. We would not be surprised if many
of the techniques and methodologies developed within the context of diagonal linear networks
can be extended and adapted to these broader frameworks. Indeed, the 2-layer diagonal network
already captures a crucial characteristic found in various architectures: weight multiplication.
Investigating the non-convexity introduced by other types of weight multiplication, such as

94



CHAPTER 10. IMPLICIT BIAS OF MIRROR FLOW ON SEPARABLE DATA

matrix-matrix products, as seen in Transformers and ReLLU networks, is a direction for future
research.

Exploring the ‘data | architecture | gradient method’ alignment. As emphasised in
the introduction, understanding the generalisation capabilities of deep learning models requires
considering the structure of the data: neural networks with gradient training excel in real-world
tasks because they align well with the underlying data structures. Drawing a parallel with linear
regression: there exists a class of data distributions for which the minimum #o-norm interpolator
generalises well [Bartlett et al., 2020], and another class where it is the minimum ¢;-norm
interpolator [Wang et al., 2022a]. The question is then: for which class of data-distributions do
neural networks with gradient training perform well?

Beyond the classical supervised learning setting. The success of large language models
relies on the next-token prediction task they are trained on. Though this task can be cast
as supervised learning, it is more commonly designated as ‘self-supervised’. However there
exists no appropriate statistical framework which enables to formalise and analyse these learning
problems. What space of inputs should we consider? What complexity measure can we associate
to functions acting on this space? Exploring these questions is an exciting avenue for future
research.

From continuous to discrete. The continuous-time framework constitutes a fantastic frame-
work which allows to painlessly prove convergence of the iterates, give convergence speeds as
well as expose the implicit regularisation problem. However all known discretisation bounds are
overly pessimistic and fail to account for two important observations: (i) experimental evidence
shows that the discrete algorithms tend to closely follow their continuous counterpart, (i) once
the continuous-time proof is obtained, the proof techniques can often be adapted and transferred
to the discrete case by using the same ideas and Lyapunov functions. An interesting research av-
enue would be to understand: (i) for which class of functions do favorable discretisation bounds
hold? (7i) could we build a framework which enables to immediately transfer proofs?

95



Appendix A

Appendix for Chapter 6

Organisation of the Appendix.

1.

2.

In Appendix A.1, we give the experimental setup and provide additional experiments.

In Appendix A.2, we prove Proposition 11 and provide additional comments concerning
the unicity of the minimisation problem which appears in the proposition.

In Appendix A.3, we provide some general results on the flow.

. In Appendix A.4, we prove Proposition 12 and give standalone properties of Algorithm 1.

. In Appendix A.5, we explain in more detail the arc-length parametrisation explained in

the main text as well as prove Theorem 1 and Proposition 13.

In Appendix A.6, we provide technical lemmas which are useful to prove the main results.
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A.1 Experimental setup and additional: experiments, extension, related
works.

Experimental setup and additional experiments. For each experiment we generate our
dataset as y; = (x4, 8*) where z; = N (0, H) for a a diagonal covariance matrix H and §* is
a vector of R%. Gradient descent is run with a small step size and from initialisation w—q =

V2a1 € R? and v,—g = 0 for some initialisation scale a > 0.

e Figure 6.1 and Figure A.2 (Left): (n,d,a) = (5,7,107129), H = I;, B* = (10, 20,0,0,0,0,0) €

R7.
e Figure A.2 (Right): (n,d,a) = (6,6,10719), H = diag(1, 10, 10,10, 10,10) € R6%6_ g* =
(1,0,0,0,0,0,0) € RS.
e Figure A.1 (Left): (n,d, oy, ) = (7,2,107190, 10719, H = I, B*
e Figure A.1 (Right): (n,d,a) = (3,3,1071%) | X is the square root matrix of the matrix

((20,6,—1.4), (6,2, —0.4), (—1.4,-0.4,0.12)) € R3*3, p* = (1,9,10).

= (10,20) € R".

Accelerated iterates 8% = Bt

Accelerated iterates 5 = Bin(t /)t
20 - B
107 — A1) r
i NS fe)
157 t \ / 81 Ra
— A ¥ pEt)
I\
(3% 6 4
2 AN
10 %( : TR
1 o) : N
¢ H
& l )
! —
0 /4 ___________ 0
0.0 0.2 0.4 0.6 08 1.0 1072 107t 10° 10* 10?
Time ¢ Time t

Figure A.1: Left: Visualisation of the uniform convergence of B towards 3° as o — 0. oy =
10719 <« g = 10719 Right: In some cases, 2 coordinates can activate at the same time. Note

that the time axis is in log-scale for better visualisation.
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Accelerated iterates 3 = /Bﬁl(l o)t Accelerated iterates 3¢ = Bin1/a)t
20 1 a1y || 1.0 A —_— 3
— 7  — —ey
15 — ~ta(Q) 0.8 1 7 (2)
— B3 2 (3)
o 0.6 .
10 1 7 (4) < 7 (4)
£ (5) 0.4 7 (5)
51 — B7(6) 7(6)
5 0.2
> (7)
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' 0.0
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Time ¢ Time t

Figure A.2: Complex dynamics can occur. Left and right: Coordinates are not monotonic and
the number of active coordinates neither as several coordinates can deactivate at the same time.
The piecewise constant process plotted in black is the limiting process 5° predicted by our
theory.

A.2  Proof of Proposition 11

Proposition 11. All the critical points w. of F' which are not global minima, i.e., VF(w.) = 0
and F(w;) > min,, F(w), are necessarily saddle points (i.e., not local extrema). They map to
parameters e = u. © v, which satisfy |Be] © VL(B:) = 0 and:

Be € arg min L(B) (6.4)
Bli]=0 for igsupp(Be)

where supp(fB.) = {i € [d], Bc[i] # 0} corresponds to the support of .

Proof. Non-existence of maxima / non-global minima. This is a simpler version of results
which appear in Kawaguchi [2016], for the sake of completeness we provide here a simple proof
adapted to our setting. The intuition follows the fact that if there existed a local maximum
/ non-global minimum for F' then this would translate to the existence of a local maximum /
non-global minimum for the convex loss L, which is absurd.

Assume that there exists a local maximum w* = (u*,v*), i.e. assume that there exists ¢ > 0
such that for all w = (u,v) such that ||w — w*||3 < e, F(w) < F(w*). We show that this would
imply that 5* = u* @ v* is a local maximum of L, which is absurd.

The mapping g : (u,v) = (u ® v, /(u2 —v2)/2) from R%, x RY — R? x RY, is a bijection
with inverse - -

g1 (B.a) = (a2 + VFE T ok, sign(8) © \/—a? + /BT + ab). (A1)

Also notice that F(g~'(8,a)) = L(B) for all 8 and o. Now let £ > 0 and let 8 € R? such that
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18 — B*||3 < &, then for (u,v) = g~ (B, ) where au = /((u*)2 — (v*)2)/2 we have that:

I v) — () = 2| (VAT 32— yfad 4522 )|
<2)5* — 5+
=28 - 8 +2(8 - 88" |1
< 208~ 8l + 208" 1l ~ 811
< 21+ VA 5|

<e

where the last inequality is for € small enough. This means that L(3) = F(w) < F(w*) = L(5*)
and B* is a local maximum of L, which is absurd.

The exact same proof holds to show that there are no local minima of F' which are not global
minima.

Critical points. The gradient of the loss function F' writes:

ot = (3irie)) = (Srien) <

Therefore VF(w.) = 0 € R?? implies that VL(3.) ® 8. = 0 € R%. Now consider such a (3, and
let supp(5.) = {7 € [d] such that S.(i) # 0} denote the support of 5.. Since [VL(S.)]; = 0 for
i ¢ supp(B.), we can therefore write that

Be € arg min L(p).
B:=0 for i¢Zsupp(fB.)

Furthermore we point out that since supp(3.) C [d], there are at most 2¢ distinct sets supp(f.),
and therefore at most 2¢ values F(w,.) = L(f.), where w, is a critical point of F. O

Additional comment concerning the uniqueness of argmin g _ ;zsupp(s.) L(5)-

We point out that the constrained minimisation problem (6.4) does not necessarily have a
unique solution, even when [, is not a global solution. Though not required for any of our
results, for the sake of completeness, we show here that under an additional mild assumption on
the data, we can ensure that the minimisation problem (6.4) which appears in Proposition 11
has a unique minimum when L(/.) > 0. Under this additional assumption, there is therefore a
finite number of saddles f3.. Recall that we let X € R™ ¢ be the feature matrix and (Z1, ..., %)
be its columns. Now assume temporarily that the following assumption holds.

Assumption 15 (Assumption used just in this short section). Any subset of (Z1,...,Zq) of size
smaller than min(n,d) is linearly independent.

One can easily check that this assumption holds with probability 1 as soon as the data is
drawn from a continuous probability distribution, similarly to Tibshirani [2013, Lemma 4]). In
the following, for a subset & = {iy,...,ix} C [d], we write X¢ = (%4, . ..,4;,) € R™F (we extract
the columns from X). For a vector 8 € RY we write B[¢] = (B, ..., 8;,) and BIEC] = (Bi)ige-
We distinguish two different settings:
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e Underparametrised setting (n > d) : in this case, for any £ = {i1,...,ix} C [d], then

B* = argminL(f) is unique. Indeed we simply set the gradient to 0 and notice that
Bi=0,iZ¢
due to Assumption 15, there exists a unique solution, indeed it is 5* such that 5*[¢] =

(X Xe) ' X[y and B*[€C] = 0.

e Overparametrised setting (d > n) : Global solutions: argmin gcga L(3) is an affine
space spanned by the orthogonal of (z1,...,z,) in R% Since span(Zy,...,#s) = R” from
Assumption 15, any $* € argmin gcga L(3) satisfies X3* = y and L(5*) = 0. ”Saddle
points”: now let 3. € R? be such that we can write 8. € argmin Bi=0,igsupp(8.) L(B) and
assume that L(5.) > 0 (i.e., not a global solution), then: (1) . has at most n non-zero
entries, indeed if it were not the case, then y would necessarily belong to span(:ﬁi)iESupp( Be)
due to the assumption on the data, and this would lead to L(;) = 0, (2) therefore, similar
to the underparametrised case, argmin g g j¢qupp(s.) L(p) is unique, equal to §., and we
have that 5.[¢] = (Xng)*ngy and B.[¢€] = 0 where & = supp(f.).

Thus, in both the underparametrised and overparametrised settings, the minimisation prob-
lem (6.4) appearing in Proposition 11 has a unique minimum when L(3.) > 0 and Assumption 15
holds.
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A.3 General results on the iterates

In the following lemma we recall a few results concerning the gradient flow eq. (8.3):
dwt = —VF(wt)dt, (A2)

where F' is defined in eq. (8.2) as:

n

Fw)=Lu®v) = %Z((u@v,xﬁ — )2,
i=1

Lemma 6. For an initialisation ug = v/2a, vg = 0, the flow wf = (u,v) from eq. (A.2) is
such that the quantity (uf)? — (v*)? is constant and equal to 2a21. Furthermore uf > |v{| > 0
and therefore from the bijection eq. (A.1) we have that:

it =y Jar 4GP E b, of = (s © /a2 + 5 + o

Proof. From the expression of VF(w), notice that the derivative of (uf)? — (v{)? is equal to 0
and therefore equal to its initial value.

Since (uf)? — (v¥)? = (U@ + v (u® — v¥) > 0, by continuity we get that u$ + v > 0 and
uf' — vt > 0 and therefore uf* > |vf*]. O

In this section we consider the accelerated iterates eq. (6.9) which follow:

dV(%a(Bta) = —VL(B?)dt, where bo =

: ¢a (A3)

with B;—g = 0 and where ¢, is defined eq. (6.7).

Proposition 23. For all a > 0 and minimum B* € argmin 3 L(3), the loss values L(Bf‘) and

the Bregman divergence D(z;a (B*,Bto‘) are decreasing. Moreover

L) - L < 2 (A4)
£ [ Aoas) - 1) < Pl (A.5)

Proof. The loss is decreasing since: %L(Bg") = VL(B?)T@? = —BL,?T V%%(Bf)@? <0.

$D;. (8%, B7) = =VL(BM) T (B — B*) = —2(L(f") — L(B*)) (since L is the quadratic loss),
therefore the Bregman distance is decreasing. We can also integrate this last equality from 0 to
t, and divide by —2t:

1

t ~
| pEas - 1) -

D;, (8% 85 =0) — Dy (8%, 57")
2t

ba ()
2t

Since the loss is decreasing we get that L(3®) — L(8*) < %éf ") and from the convexity of L we

get that L (1 f{ f2ds) - L(5) < 2=(2. -
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In the following proposition, we show that for « small enough, the iterates are bounded
independently of «. Note that this result unfortunately only holds for the quadratic loss, we
expect it to hold for other convex losses of the type L(B8) = 3. ¢(y;, (x;, B)) where {(y,-) is

~n
strictly convex has a unique root at y but we don’t know how to show it. Also note that bounding
the accelerated iterates 5 is equivalent to bounding the iterates 8 since 3f* = B (1 /o)t

Proposition 24. For a < ag, where oy depends on BZ’ the iterates Bto‘ are bounded indepen-
dently of a:

1810 < 31157, 11 + 1

Proof. From eq. (A.3), integrating and using that L is the quadratic loss, we get:
1 (R t Ra t ale} *
Voa(B) = - X'y — XB}) = — X X(B7 - B7),

where we recall that X € R™*? is the input data represented as a matrix and where we denote
the averaged iterate by [ = % fg B¢ds. Thus we get

(B - B TXTX (B - B). (A.6)

Voo (B (B = 57) =

By convexity of ¢, we have qga(ﬁto‘) — ¢a(B*) < V(;;a(ﬁ?)—r(ﬁf‘ — B*). By the Cauchy-Schwarz
inequality, we also have (3% — 3 X" X (8% — %) < |[X(8% — 87| X(3% — 7). Using
Proposition 23: || X (8% — 8%)||? < nga(8*)/t and || X(BF — B*)||? < npa(B*)/t we can further
bound the right hand side of eq. (A.6) as

(B = 81T XTX(B — BY) < ¢a(B7).

¢
n
Thus it yields
0a(B7) = $a(B) < Pa(B”).
From Woodworth et al. [2020b] (proof of Lemma 1 in the appendix) we get that for
o < min {1, /[I3]1, 21181) '}
then:
~ 3
3a(8) < 21811,

and for all o < exp(—d/2):

3a(8) = 11811 - ln(l‘ja)

> 18l = 1,

which finally leads for

o < ag = min {1, /18 I, (218, 1) ™" exp(—d/2)}

to the result. ]
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The following proposition shows that we can bound the path length of the flow B"‘ indepen-
dently of . Keep in mind that the path length of 5% is equivalent to that of % as the first is

just an acceleration of the second: Bf‘ = B (1/a)t"

Proposition 25. For a < ag where aq is the same as in Proposition 24, the path length of the
iterates (B¢ )i>0 is bounded independently of o > 0:

+oo |
/0 1At < C.

where C' does not depend on . Hence the path length of the accelerated flow B% is also bounded
independently of a.

Proof. Having shown that the iterates g;* are bounded independently of «, it also implies that
the iterates w; = (u, v¢) are bounded following Lemma 6. Since the loss w — F(w) is a
multivariate polynomial function, it is a semialgebraic function and we can consequently apply
the result of Kurdyka [1998, Theorem 2] which grants that

“+oo
/ lelld < €,
0

where the constant C only depends on the loss and on the bound on the iterates. We further
use that f =4 @v+u© 0 and ||t O v+u®v| < C1(||@]| + ||2]|) using that u and v are bounded
and [|u|| + ||o]] < C2|lw]| using the equivalence of norms. Therefore f0+°° | B¢ ||dt < C for some
C which is independent of the initialisation scale a. O
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A.4 Standalone properties of Algorithm 1

A.4.1 “Well-definedness” of Algorithm 1 and upperbound on its number of
loops

Notice that this proposition highlights the fact that Algorithm 1 is on its own an algorithm of
interest for finding the minimum ¢;-norm solution in an overparametrised regression setting. We
point out that the provided upperbound on the number of iterations is very crude and could
certainly be improved.

Proposition 26. Algorithm 1 is well defined: at each iteration (i) the attribution of A is
well defined as A < +oo, (ii) the constrained minimisation problem has a unique solution and
the attribution of the value of B is therefore well-founded. Furthermore, along the loops: the
iterates B have at most n non-zero coordinates, the loss is strictly decreasing and the algorithm

terminates in at most min (2d,zzzo (Z)) steps by outputting the minimum £1-norm solution
By, = arg min I13]]1-

B€arg min L
Proof. In the following, for the matrix X and for a subset I = {i1,...,ix} C [d], we write
X; = (Ziy,...,%i,) € R (we extract the columns from X). For a vector 8 € R? we write

Br= (Biy,---»Biy)-

(1) The constrained minimisation problem has a unique solution: we follow the
proof of Tibshirani [2013, Lemma 2]. Following the notations in Algorithm 1, we define I =
{i € [d], |si| = 1} and we point out that after k loops of the algorithm, the value of s is equal
to s = —(A1VL(Bo) + -+ + AxVL(Br_1)) € span(xy, ..., x,). We can therefore write s = X 'r
for some r € R".

Now assume that ker(X;) # {0}. Then, for some i € I, we have &; = } ;-\ ;) ¢;Z; where
c¢j € R. Without loss of generality, we can assume that I \ {i} has at most n elements. Indeed,
we can otherwise always find n elements I C I'\ {i} such that &; = 7 ¢;Z;. Rewriting the
previous equality, we get

Si.ffi: Z (SiSjCj)(Sji'j>. (A?)
jen{i}

Now by definitions of the set I and of r, we have that (z;,7) = s; € {+1,—1} for any j € I.
Taking the inner product of eq. (A.7) with r, we obtain that 1 =3\ ;1 (sis;c;). Consequently,
we have shown that if ker(X7) # {0}, then we necessarily have for some i € I,

siti= Y aj(s;iy),
JjeI\{i}

with Eje[\{i} a; = 1, which means that s;z; lies in the affine space generated by (sj:i"j)jef\{i}.
This fact is however impossible due to Assumption 6 (recall that without loss of generality we
have that I\ {¢} has at most n elements, and trivially less that d elements). Therefore X is
full rank, and Card(/) < n. Now notice that the constrained minimisation problem corresponds

to argmin g,>0 ez, ||y — X[B[H%. Since X7 is full rank, this restricted loss is strictly convex and
Bi<0,i€l—
the constrained minimisation problem has a unique minimum.

(2) A < +oo: Notice that the optimality conditions of

: 2

B = argmin |ly — X183,
Bi=0,iel4
B:<0,5€l-
Bi=0,i¢ 1
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are (i) f satisfies the constraints, (ii) if @ € Iy (resp i € I_) then [-VL(B)]; < 0 (resp
[-VL(B)]; > 0) and (iii) if 5; # 0 then [VL(5)]; = 0. One can notice that condition (ii)
ensures that at each iteration, for 6 < Ay, sp_1 — 0VL(8k_1) € [—1, 1] coordinate wise. Also,
if L(Br_1) # 0, then a coordinate of the vector |sg_1 — IV L(SBk_1)| must necessarily hit 1, this
value of § corresponds to Ay.

(3) The loss is strictly decreasing: Let [,_; + and I+ be the equicorrelation sets
defined in the algorithm at step kK — 1 and k, and S;_; and B the solutions of the constrained
minimisation problems. Also, let i be the newly added coordinate which breaks the constraint
at step k (which we assume to be unique for simplicity). Without loss of generality, assume that
sk(ix) = +1. Since the sets I_q 4\ (Ix4 \{ix}) and Iy_1 _\Ij — are (if not empty) only composed
of indexes of coordinates of 5;_1 which are equal to 0, one can notice that §;_1 also satisfies the
new constraints at step k. Therefore L(5y) < L(Bk—1). Now since [-VL(Bk_1)i, > 0, from the
strict convexity of the restricted loss on I, this means that S (ix) > 0 (which also means that
newly activated coordinate i, must activate), and therefore S;_1 # B and L(B;) < L(Bk—1)-

(4) The algorithm terminates in at most min (2d,ZZ:0 (z))stepsz Recall that we

showed in part (1) of the proof that at each iteration k of the algorithm, I} as at most min(n, d)
elements. Since supp(fB;) C I, we have that [y has at most min(n,d) non-zero elements,
also recall that we always have 8, = argmin g _o ;¢qupp(s,) L(8) (we here have unicity of this
minimisation problem following part (1) of the proof). There are hence at most

w50

such minimisation problems. The loss being strictly decreasing, the algorithm cannot out-
put the same solution 8 at two different loops, and the algorithm must terminate in at most
min <2d,ZZ:0 (Z)) iterations by outputting a vector S* such that VL(5*) = 0, i.e. [* €
argmin L(f).

(5) The algorithm outputs the minimum ¢;-norm solution. Let 5* be the output
of the algorithm after p iterations. Notice that by the definition of the successive sets I}, + and
of the constraints on the minimisation problem, we have that at each iteration s; € 0||Skl1.
Therefore s, € 0||5*||1. Also, recall from part (1) of the proof that s, € span(xy,...,x,) which
means that there exists r € R" such that s, = X Tr. Putting the two together we get that
X "r € 9||8*||1, this condition along with the fact that L(3*) = min L(3) are exactly the KKT
conditions of arg min ||3||;. O

B€arg min L

To put our upperbound on the number of iterations into perspective, the worst-case number
of iterations for the LARS algorithm is (3¢ +1)/2 [Mairal and Yu, 2012]. Hence Algorithm 1 has
fewer iterations in the worst-case setting. Whether an exponential dependency in the dimension
is inevitable for Algorithm 1 is unknown and we leave this as future work.

However, when the number of samples is much smaller than the dimension we lose the
exponential dependency. Indeed, for ¢ := n/d < 1/2, we have the upperbound ) ;_, (z) <
2H(€)d where H(e) = —elogy(e) — (1 — ) logy(1 — €) is the binary entropy. Since for e < 1/2,
H(e) < —2elogy(e), we get the upperbound ) ), (Z) < 2H(E)d < (%)2", which is much better
than 2¢.

A.4.2 Proof of Proposition 12

As mentioned several times, for general feature matrices X complex behaviours can occur with
coordinates deactivating and changing sign several times. Here we show that for simple datasets
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which have a feature matrix X that satisfy the restricted isometry property (RIP) [Candes
et al., 2006], we can simply determine the jump times and the saddles as a function of the sparse
predictor which we seek to recover.

The non-realistic but enlightening extreme case of the RIP assumption is to consider that the
feature matrix is such that X " X/n = I;. In this case, by letting 3* be the unique vector such
that y = (x, 8*) and assuming that * = (87,...,55,0,...,0) with |57| > --- > |8¥] > 0, then
the loss writes L(8) = ||3 — 8*]|3/2 and one can easily check that Algorithm 1 would terminate
in 7 loops and output exactly ¢; = \Tlfl and 3; = (67,...,05,0,...,0) for i <r (the case where
several coordinates of 5* are stricly equal can also be treated: for example if 57 = 35 then the
first output of the algorithm is directly 51 = (87, 53,0,...,0)).

We now recall the more realistic RIP setting which is an adaptation of the previous obser-
vation.

Sparse regression with RIP and gap assumption. (RIP) Assume that there exists an
r-sparse vector $* such that y; = (x;, 3*). Furthermore we assume that the feature matrix
X € R satisfies the 2r-restricted isometry property with constant & < /2 —1 < 1/2: i.e.
for all submatrix X where we extract any s < 2r columns of X, the matrix X;FX s/n of size
s X s has all its eigenvalues in the interval [1 — £,1 4 £]. (Gap assumption) Furthermore we
assume that the r- Sparse vector 8* has coordinates which have a “sufficient gap’. W.l.o.g we write
B = (B7,---,B5,0,...,0) with |B]| > - > |B] > 0 and we define A := min;ep, (|87 |—|B71]) = 0
which corresponds to the smallest gap between the entries of |3*|. We assume that 52[|5*||2 < A/2
and we let € := bé.

A classic result from compressed sensing (see Candes [2008, Theorem 1.2]) is that the 2r-
restricted isometry property with constant v/2 — 1 ensures that the minimum ¢;-minimisation
problem has a unique r-sparse solution which is §*. Furthermore it ensures that the minimum
£1-norm solution is unique and is equal to 8*. This means that Algorithm 1 will have 5* as a
final output.

We now recall the result which characterises the outputs of Algorithm 1 when the data
satisfies the previous assumptions.

Proposition 12. Under the restricted isometry property and the gap assumption stated right
above, Algorithm 1 terminates in r-loops and outputs:

B = (A1), 0,...,0) with Bl € (8 — <871, 5 + <]l 8°1]
(gt e [t — 8l B+ <8

— (B]1], 32[2],0,...,0 th
po = (L1l 2212 ) v { 2] € (35 — <l 85 + <51]

57‘—1 = (B'I‘—l[l]r "75T—1[71 - 1]707' 70) with /87‘—1[7;] S [B: _6”5*“75: +EHB*H :|
BT:/B*:(ﬁfa"'u@:aoa""o)a

at times t1,...,t, such thatt; € [\B;*HlEHB*II’ Iﬁf\*lsHﬁ*H} and where || - || denotes the {2 norm.

Proof. In all the proof |- || denotes the ¢ norm ||-||2. For simplicity we assume that 8} > 0 for all
€ [r], the proof can easily be adapted to the general case. We first define ¢ := X " X/n —I;. By
the restricted isometry property, for any & < 27, we have that any k X k square matrix extracted
from & which we denote &g has its eigenvalues in [—£,£]. It also means that the eigenvalues of
(I + &)™t — I, are in [z — 1, 115 — 1] C [—2¢,24].
We now proceed by induction with the following induction hypothesis:

106



APPENDIX A. APPENDIX FOR CHAPTER 6

e [;_1 has its support on its (k — 1) first coordinates with |B,_1[i] — 8| < 5€||5*| for ¢ < k

o ) € [ and sy, [k] =1

1 1
BrF5eB*T” Br=5elB"]
o s [ € [tk (85 — 51871, te (BF + 5€l|57()] © (=1,1) for i > K

From the recurrence hypothesis, the output of the algorithm at step k& is hence B =
argmin L(f) under the constraint 5[i] > 0 for i« < k and S[i] = 0 otherwise. We first search
for the solution of the minimisation problem without the sign constraint and still (abusively)
denote it B: we will show that it turns out to satisfy the sign constraint and that it is therefore
indeed f[y.

In the following, for a vector v, we denote by v[: k] its k first coordinates. Setting the k
first coordinates of the gradient to 0, we get that [X ' X(8x — 8%)][: k] = 0, which leads to

(e + &k ) Bi[: k] = B*[: k] + [€B7][: k], which gives:

Brl[:k] = (I + &) ™" (B[ k] + [£57][: K])
= Bk + [E67][: k] + v

where from the bound on the eigenvalues of (I + &)™t — I, and ||€8*]| < &]|8*|):

[oa|| < 28)157[: k] + [€671[: KD
< 2&(/18711 + lgB™1)
<2&(/1871 + £l 671)
< 4g(p-

Therefore
Brl:k] = B*[:k] + vz
where vo = [£5*][: k] + v1 hence ||v2]|eo < [Jv2]| < 5E]|5*||. Notice that from the definition of A

and the fact that 52||8*|| < A\/2 we have that Si[: k] > 0 coordinate-wise, hence verifying the
sign constraint. Also note that ||B|| < ||6*|| + 5€]|8*|| < 4|87

For t > ty, st = s, — (t—tx)VL(Bk), and [VL(S)][: k] = 0 therefore s¢[: k] = s¢, [ k]. Now for
i >k, [-VL(B)]i = n X TX(B*— Br)i = BF + [€(Bx — B%)]i- Now since (B — 8*) is r-sparse
we have that:

1€0BK = Bl < 1€(BK — B

< EllBx — Bl

< E([IBell + 115711)

< 5¢(|87]| < A/2, (A.8)
Now from the fact that s[i| = s, [i] + (t — tx)5F + (t — i) [€(Br — 8*)]; and using the recurrence
hypothesis: s, [i] € [te(8F — 5||6*|), t(B; + 5€]|8*|])], we get (using the bound eq. (A.8))
that s:[i] € [t(BF — 5||8*), t(BF + 5€]|8*]|)]. From the “separation assumption” we have that
5¢]|8*|| < A/2 and therefore the next coordinate to activate is necessarily the (k 4+ 1) at time
tky1 with s, [k + 1] =1 and:

1 1

Biyr + 5847 By — BENBA L
This proves the recursion. The algorithm cannot stop before iteration r as S* is the unique

minimiser of L that has at most r non-zero coordinates. But it stops at iteration r as 8* is the
unique minimiser of L(3) under the constraints 8; > 0 for i < r and f3; = 0 otherwise. O

lk+1 €
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A.5 Proof of Theorem 1 and Proposition 13 through the arc-length
parametrisation

In this section, we explain in more details the arc-length reparametrisation which circumvents
the apparition of discontinuous jumps and leads to the proof of Theorem 1. The main difficulty
to show the convergence stems from the non-continuity of the limit process [3°. Therefore we
cannot expect uniform convergence of B towards 3 as a — 0. In addition, BO does not provide
any insights into the path followed between the jumps.

Arc-length parametrisation. The high-level idea is to “slow-down” time when the jumps
occur. To do so we follow the approach from Efendiev and Mielke [2006], Mielke et al. [2009]
and we consider an arc-length parametrisation of the path, i.e., we consider 7% equal to:

t P
() =1+ / 132 ds.
0

In Proposition 25, we showed that the full path length f0+°° |3%||ds is finite and bounded
independently of o. Therefore 7¢ is a bijection in R>p. We can then define the following
quantities:

= (r"Yr) and B= O‘( )

By construction, a simple chain rule leads to t*(7) + [|3%|| = 1, which means that the speed
of (370.‘)7 is always upperbounded by 1, independently of «. This behaviour is in stark contrast
with the process (Bta)t which has a speed which explodes at the jumps. It presents a major
advantage as we can now use Arzela-Ascoli’s theorem to extract a converging subsequent. A
simple change of variable shows that the new process satisfies the following equations:

- [ ELas = Va3 ad i) =1 (A.9)

started from BS = 0 and #y = 0. The next proposition states the convergence of the rescaled
process, up to a subsequence.

Proposition 27. Let T > 0. For every a > 0, let (£, 3%) be the solution of eq. (A.9). Then,
there exists a subsequence (i, f%)wen and (£, B) such that as oy, — 0 :

(f%, B%) = (£, B) in (C°(0,T), R x R%), || - ||oo) (A.10)
(f%, B%) = (£, B) in L,[0,] (A.11)

Limiting dynamics. The limits (i, B) satisfy:

—/ LVL(B)ds € D131 and 4+ 3] <1 (A.12)
0

Heteroclinic orbit. In addition, when 3, is such that \BT\ ® VL(BT) # 0, we have

’ﬁf’ © VL(@T) and LéT =0. (A.13)
18] © VL(5) |

Furthermore, the loss strictly decreases along the heteroclinic orbits and the path length f(;[ 18, dr
1s upperbounded independently of T'.

BT:_
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Proof. Differentiating eq. (A.9) and from the Hessian of bo We get:
B2 = i3 (V2a(B7)) ' VL(BY)
—(1 = 1B2)(V2¢a(B) ' VL(5T).
Therefore taking the norm on the right hand side we obtain that

1(V2a(52)) VLB

o (a3 VLG

and therefore

ha__ (V20a(BE) VL) (A.14)
1+ [|(V264(B2)) 1V L(B2)]|

Subsequence extraction. By construction eq. (A.9) we have fﬁ‘ + 13| = 1, therefore the

sequences (fa)a, (ﬁa)a as well as (£%)q, (8%)q are uniformly bounded on [0,7]. The Arzela-
Ascoli theorem yields that, up to a subsequence, there exists (£, 3) such that (£, %) — (i, 3)

n (CO[0,T),R x RY), | - ||leo). Since [|32], |[{¢]| < 1 we have, applying the Banach-Alaoglu
theorem, that up to a new subsequence

(%, for) X (4, B) in Loo(0,T) (A.15)

and [|8;]| < liminf, 3| < 1 and thus £, + [|3;]| < 1:

“+oo

T i T - +oo I I3
/ 18- |ldT < / liminf || 2% ||dr < / liminf || 2% || dr < liminf/ |62*||dT < C,
0 0 ak 0 ak ar Jo

where the third inequality is by Fatou’s lemma. Note that since [0, 7] is bounded then it also
implies the weak convergence in any L,(0,7), 1 < p < oco. Since (%) converges uniformly
n [0,7], and VL is continuous, we have that VL(5%) converges uniformly to VL(B). Since

fak —~{in L1(0,T), passing to the limit in the equation Vqﬁa BO‘ =— fo taVL BO‘ ds leads to

—/ VLB ds € 0B,

0

due to Lemma 7. )
Recall from eq. (A.14) and the definition of ¢, that:

. /] B 4o VL otel

1/In(1/a) + /B2 +at © VL(B2)||

Hence assuming that 3, is such that |||3-|©VL(B;)|| # 0, we can ensure that |||3|©VL(3,)| #
/B +atoVL(BY)
1/ In(1/a)+l/B2+at0 v L(B2)||

0 for 7/ € [1,7 + €] and ¢ small enough. We have then converges
B/ ©VL(B.1)
B

- - on |7,7 + €|. Using the dominated convergence theorem
IBlovLGal O [ ) & & ’

uniformly toward —
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Aoc/_i_ 1OV ”a/ o , o ,

we have | Tte \/ﬁ (5) —dr! — [Tt B OVLBr)_ 4.1 VWe therefore obtain
T 1/1og(1/a)+||\/5$/+a4@w(,33,)|| T B IOVL(B)

5 5. |OVL(B,) A ;

Br = —% in L1]0,T]. Consequently ||3;]| =1 and ¢, = 0.

Proof that the loss stricly decreases along the heteroclinic orbits.
Assume f; is such that |8;| © VL(B;) # 0, then the flow follows

br)
11671 © VLB

bo—— |8:] © VL(

. _ 1 .
Letting v(7) = TEavid e get:

dL(f;) = —(7) Z B-()| © [VL(B,)]Fdr <0,

because |3-| © VL(3;)2 # 0. O

Borrowing terminologies from Efendiev and Mielke [2006], we can distinguish two regimes:

when 3, = 0, the system is sticked to the saddle point. When ¢ = 0 and ||3,]| = 1 the
system switches to a wviscous slip which follows the normalised flow eq. (A.13). We use the term
of heteroclinic orbit as in the dynamical systems literature since in the weight space (u,v) it
corresponds to a path with links two distinct critical points of the loss F. Since ¢, = 0, this
regime happens instantly for the original ¢ time scale (i.e. a jump occurs).

From Proposition 27, following the same reasoning as in Section 6.4, we can show that the
rescaled process converges uniformly to a continuous saddle-to-saddle process where the saddles
are linked by normalized flows.

Theorem 1. Let T' > 0. For all subsequences defined in Proposition 27, there exist times
0=7y<7m <71 < <7 <7, < Tpr1 = +o0 such that the the iterates (33*), converge
uniformly on [0,T] to the following limit trajectory :

(“Saddle”) B = B for T € [1],, Try1] where 0 <k <p
1B o VLB
118-| © VL(5-)||

(Orbit) 57 = for T € [Thg1, Thyy] where 0 <k <p—1

where the saddles (By = 0,61,...,5p = B;l) are constructed in Algorithm 1. Also, the loss

(L(BT))T s constant on the saddles and strictly decreasing on the orbits. Finally, independently
of the chosen subsequence, for k € [p] we have t,, = le/c = t), where the times (tg) e[y are defined
through Algorithm 1.

Proof. Some parts of the proof are slightly technical. To simplify the understanding, we make
use of auxiliary lemmas which are stated in Appendix A.6. The overall spirit follows the intuitive
ideas given in Section 6.4 and relies on showing that eq. (A.12) can only be satisfied if the iterates
visit the saddles from Algorithm 1.

We let 8, == — [/ £V L(B,)ds, which is continuous and satisfies 8, € 9|3, ||, from eq. (A.12).
Let S = {8 € R |3| ® VL(B) = 0} denote the set of critical points and let (B4, s, sx) be the
successive values of (8,t,s) which appear in the loops of Algorithm 1.

We do a proof by induction: we start by assuming that the iterates are stuck at the
saddle B,_1 at time 7 > 7/ _, where fﬂéq = t}_1 and ‘§71271 = si_1 (recurrence hypothesis), we
then show that they can only move at a time 7 and follow the normalised flow eq. (A.13). We
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finally show that they must end up “stuck” at the new critical point 8, validating the recurrence
hypothesis.

Proof of the jump time 1, such that ka =ty : we set ourselves at time 7 > 7/_,, stuck at
the saddle f;_1. Let 7 := sup{r, iy < tr}, we have that 7, < oo from Lemma 8. Note that by
continuity of ¢, it holds that ¢, = t;. Now notice that §, = §T;€71 — (t; — legil)VL(ﬁk,l) =
sp—1 — (tr — tg—1)VL(Br—1). We argue that for any ¢ > 0, we cannot have B, = Br_1 on
(Tk, Tk + €). Indeed by the definition of 75 and from the algorithmic construction of time ¢, it
would lead to |$-(¢)] > 1 for some coordinate ¢ € [d], which contradicts eq. (A.12). Therefore
the iterates must move at the time 7.

Heterocline leaving fy—1 for 7 € [, 7;] : contrary to before, our time rescaling enables
to capture what happens during the “jump”. We have shown that for any &, there exists
Te € (T, T + €), such that BTE # Br_1. From Lemma 9, since the saddles are distinct along the
flow, we must have that BTg ¢ S for £ small enough. The iterates therefore follow a heterocline
flow leaving fB;_1 with a speed of 1 given by eq. (A.13). We now define 7;, := inf{r > 73, 3¢ >
0,Ve € [0,¢e0], Bric € S } which corresponds to the time at which the iterates reach a new
critical point and stay there for at least a small time e9. We have just shown that 7, > 7.
Now from Proposition 27, the path length of f is finite, and from Lemma 9 the flow visits a
finite number of distinct saddles at a speed of 1. These two arguments put together, we get that
7. < 400 and also Bﬁﬁe = BT];, Ve € [0,£0]. On another note, since ¢, = 0 for 7 € [, 7] we
have fT;Q = f.rk(: tr) as well as §,, = §7.]/c (= sk).

Proof of the landing point (), : we now want to find to which saddle BT;Q € S the iterates have
moved to. To that end, we consider the following sets which also appear in Algorithm 1:

IiJg = {Z S {1, R ,d}, s.t. éTllc(l) = :|:1} and [ = I+7k U I,JC. (Al?)

The set I corresponds to the coordinates of BT;Q which “are allowed” (but not obliged) to be
activated (i.e. non-zero). For 7 € [rj, 7 + &o] we have that . = 5, — (ty — tk)VL(BTé). By
continuity of § and the fact that s, € 9| BT]; l1, the equality translates into:

o ifi¢ Iy, B(i)=0
o if i € Iy 1, then [VL(B))i > 0 and B (i) > 0
o if i €Iy, then [VL(By))i <0 and B (i) <0

o for i € Iy, if B (i) # 0, then [VL(B,)]i =0

One can then notice that these conditions exactly correspond to the optimality conditions of
the following constrained minimisation problem:

arg min  L(3). (A.18)

Bi>0i€ly 4

Bi<0jiE,
We showed in Proposition 26 that the solution to this problem is unique and equal to §j from
Algorithm 1. Therefore 5, = B, for 7 € [/, 7 + €o]. It finally remains to show that 5, = f
while 7 < 7441, where 741 = sup{7,f, =tz 1}. For thislet 7 € [T4s Tk+1], notice that for i ¢ Iy,
we necessarily have that 5,(i) = Bx(i) = 0, otherwise we break the continuity of §,. Similarly,

for ¢ € Iy, 4, we necessarily have that 8;(i) > 0 and for ¢ € I, _, B-(i) < 0 for the same continuity
reasons. Now assume that 5-(Ix) # Sr(Ix). Then from Lemma 9 and continuity of the flow,
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3r" € (7], 7) such that 3. ¢ S and there must exist a heterocline flow eq. (A.13) starting from
B which passes through 3,,. This is absurd since along this flow the loss strictly decreases,
which is in contradiction with the definition of By which minimises the problem eq. (A.18). [

A.5.1 Proof of Theorem 1

Theorem 1 enables to prove without difficulty Theorem 1 which we recall below. Indeed we can
show that any extracted limit 8 maps back to the unique discontinuous process [3°.

Theorem 2. Let the saddles (8o = 0,51, ..., Bp—1,8p = B;,) and jump times (to = 0,t1,...,1,)
be the outputs of Algorithm 1 and let (Bf)t be the piecewise constant process defined as follows:

(Saddles) B2 = B fort € (tg,tpy1) and 0 <k <p, t,11 = +oo.

The accelerated flow (BY); defined in eq. (6.9) uniformly converges towards the limiting process
(B7)e on any compact subset of R>o\{t1,...,tp}.

Proof. We directly apply Theorem 1, let oy, be the subsequence from the theorem. Let € > 0, for
simplicity we prove the result on [t; +¢, t2 —¢], all the other compacts easily follow the same line
of proof. Note that since % (7]) — t; and £% (2) — ta, for aj small enough % (7]) < t; +¢ and
% (19) > ty—¢, by the monotonicity of 7%, this means that for ay small enough, 7] < 7% (t1 +¢)
and 1o > 7% (tg — ). Therefore

sup (167 = Bill = sup |3 (a, (1)) — B

tE[t1+e,ta—e] tet1+e,ta—¢]

= sup ]Ilﬁak(T) — Bull

TE[TY (t14¢€),7% (t2—¢)
< sup || (1) = Bull,

TE[T] 2]

which goes uniformly to 0 following Theorem 1. Since this result is independent of the subse-
quence oy, we get the result of Theorem 1. O

A.5.2 Proof of Proposition 13

We restate and prove Proposition 13 below.

Proposition 13. For all T > t,, the graph of the iterates (B,?‘)tST converges to that of (BT)T :
dist({ B8 }e<r, {Br r>0) — 0 (Hausdorff distance)
- - a—

Proof. For a small enough, we have that ff, <tp,+e<T
P

51;13 d(BT, {Bta}th) = sup d(Br, {Bta}tST)

!
TSTP

sup ||, — 3|

!
7'§7'p

IN

= Sup HBT - Bf” — 0,

TST;/; a—0
according to Theorem 1.
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Similarly:
sup d(B?, {BT’}T’) = sup d(5$7 {BT’}T/)
t<T T<1¢
< sup |82 = B — 0,
TST% a—0

according to Theorem 1, which concludes the proof.
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A.6 Technical lemmas

The following lemma describes the behaviour of Vg, (%) as a — 0 in function of the subdiffer-
ential J|| - ||1.

Lemma 7. Let (8%)a>0 such that 3 — B e R4
a—

e if Bi >0 then [V (8%)]; converges to 1
o if Bi <0 then [Voo(B*)]; converges to —1.
Moreover if we assume that V(ia(ﬁo‘) converges to n € R, we have that:
enc(—1,1)=p5=0
o Bi=0=mn€[-1,1].

Owverall, assuming that (ﬁa,w}a(ﬁa)) — (B,m), we can write:

a—0
n € 0||Bl1-
Proof. We have that
e 1 B
Voo (BY)]i = Sty n(1/a) arcsmh(a2)

1 B (85)?
= (1o " Gz +y 1)

Now assume that 8 — 3; > 0, then [nga(ﬁa)]i — 1, if B; < 0 we conclude using that arcsinh
is an odd function. All the claims are simple consequences of this. O

The following lemma shows that the extracted limits # as defined in Proposition 27 diverge
to oco. This divergence is crucial as it implies that the rescaled iterates (5;), explore the whole
trajectory..

Lemma 8. For any extracted limit ¢ as defined in Proposition 27, we have that 7 — C' < t,
where C' is the upperbound on the length of the curves defined in Proposition 25.

Proof. Recall that
t 2
o) =+ [ 15
0

From Proposition 25, the full path length f0+oo |3%]|ds is finite and bounded by some constant

C independently of o. Therefore 7 is a bijection in Rso and we defined ¢ = (7%)71(7).
Furthermore 7¢(t) < t+C' leads to t < t*(t+C) and therefore 7 — C < (1) for all 7 > 0. This
inequality still holds for any converging subsequence, which proves the result. O

Under a mild additional assumption on the data (see Assumption 15), we showed after the
proof of Proposition 11 in Appendix A.2 that the number of saddles of F' is finite. Without this
assumption, the number of saddles is a priori not finite. However the following lemma shows
that along the flow of B the number of saddles which can potentially be visited is indeed finite.

Lemma 9. The limiting flow B as defined in Proposition 27 can only visit a finite number of
critical points B € S = {B € R, 3 ® VL(B) = 0} and can visit each one of them at most once.
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Proof. Let 7 > 0, and assume that BT € S, i.e., we are at a critical point at time 7. From
Proposition 11, we have that

Br € arg min L(B), (A.19)
B;=0 for i¢supp(37—)

Let us define the sets
Iy ={ie{l,...,d}, st. $;(i)==+1} and I=I,UI_.

The set I corresponds to the coordinate of 3, which “are allowed” (but not obliged) to be
non-zero since from eq. (A.12), supp(BT) C I. Now given the fact that the sub-matrix X; =
(Z)ier € R*eard(D) g ful] rank (see part (1) of the proof of Proposition 26 for the explanation),
the solution of the minimisation problem (A.19) is unique and equal to B[¢] = (X ET Xg)*ngT Yy

and B[¢€] = 0 where ¢ = supp(8;). There are 2¢ = Card(P(|d])) (where P(|d]) contains all
the subsets of [d]) number of constraints of the form {8; = 0,7 ¢ A}, where A C [d], and 3,
is the unique solution of one of them. BAT can therefore take at most 2¢ values (very crude
upperbound). There is therefore a finite number of critical points which can be reached by the
flow B . Furthermore, from Proposition 27, the loss is strictly decreasing along the heteroclinic
orbits, each of these critical points can therefore be visited at most once. O
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Appendix B

Appendix for Chapter 7

Organisation of the Appendix. The Appendix is structured as follows.

e In Section B.1, we give more precisions regarding the way we model stochastic gradient
descent as a stochastic gradient flow.

e Section B.2 is the core of the Appendix as it provides the proof of the theorem in a
self-contained fashion.

e In Section B.3, we provide more experiments supporting our results.

e Finally, Section B.5 provides the technical material needed for the proofs of our results.
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B.1 Details on the SDE modelling

We recall that the SGD recursion writes for ¢ > 1 as:

Wil + = W+ — Y(Bw — B, xi,) Tiy © w4

where i; ~ Unif(1,n).
Wig1,— = Wi— + '7<5w - /8*7 x’it> Tipy O wy,— ! ( )

Since the full gradient is Vi, L(w) = £[2 37 (8w — B*, zk) 2] © we € R We can rewrite
the recursion as:

1 n
Wii1,x = We g — YV, L(wy) F 7[(51“ - B i) zi, — > (Bu — B k) xk} © Wi 4.
k=1
Now notice that

<5 - B*7$’it> Ty — %Z<5 - ﬁ*axk:> T = XT<<B - B*7mit>eit - Eit [<B - 6*1xiz>eit])ﬁ

k=1

where e; is the i’ element of the R"-canonical basis. Let us denote by &,(8) = —((8 —
B*,xi,)ei, — B, [(B — B*,xi,)e;,]). It is a zero-mean random variable with values in R™ and it
can be seen as a multiplicative noise, i.e., proportional to f— 3*, which vanishes at the optimum.
The SGD recursion then writes as:

Wi+ = Wit — YV, L(wy) £ ’Y[XT‘fit (Bt)] O w+
= W¢+ — ’YvwiL(wt) + ’Ydiag(wt,i)XTfit (B)-

As we are interested in the stochastic differential model of the SGD recursion, let us now compute
the covariance of the SGD noise. We first notice that

COVZ't [fu (5)] - Eit [flt (/B)®2]
=E;,[((8 - B, zi,)ei,) %] — B, [(B — B*, zi,)e;, ]
1 </8 - B*a l‘1>2 0 1
1 R N R 1 (Gt AL Rt ) N
0 (B — B, mn)?
A Ly(B) 0 1
-4 w0 | (B g
0 L,(5)

where L;(8) = (8 — B*,x;)? is the individual loss of the observation z;, such that L(8) =
w 2imt La(B).

Thus, the covariance satisfies the relation Cov;, [&;, (8)] = 2 diag(L;(8))1<i<n + O(5). From
this expression we can obtain a good model for Cov;,[§;,(8)]. First, we neglect the second term
of order 1/n%. Then, we assume that all partial losses are approximately uniformly equal to
their mean: i.e. for any i, L;(8) = E;,[L;,(5)] (the general case is discussed Appendix B.4.1).

Hence,

COVit [glt (B)] =
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The overall SGD’s noise structure is then captured by

Ysap (wi) = 72 diag(wi)X—rCOVit [flt (B)]X diag(wi)

4 .
= —y*L(f)[diag(ws) X T]%.
This leads us in considering the following SDE:

dwy y = Vi, L(we) dt + 23/ L(wy) we 4 © [X T dBy]
dwy - = =V L(wy) dt — 24/yn~ L(wy) wy - © [XTdBt],

since its Euler discretisation with step size v is :
Wil + = Wit — YVy L(wy) £ 2¢/yn " 1L(w;) wis © [X Tey],

where ¢; ~ N (0, V7I). This corresponds to a Markov-Chain whose noise covariance is equal
to Ygap -

Remark on mini-batch SGD. This analysis can easily be extended to a batch size larger
than 1. Indeed, using a mini-batch sampled with replacement of size b only changes the noise
covariance up to a multiplicative constant as: Cov;, [fft (B)] = $Cov;, [fgzl(ﬁ)] The associated
SDE, for a step size v, is therefore dw;+ = =V, L(w;) dt £ 2/vb I n" L(w;) wy+ © (X TdBy).
Hence, it the same SDE as for a batch-size equal to 1 but with an effective step-size Yeg = /b
(hence larger step-sizes can be used, as expected). The exact same reasoning can be done for
mini-batch without replacement and our analysis would hold this time with: veg = y(n—0)/((n—
1)b) . Note that all the results therefore hold for mini-batch SGD by considering the effective

step-size 7Yef instead of 7.

118



APPENDIX B. APPENDIX FOR CHAPTER 7

B.2 Proofs of the main results

This section contains all the proofs of the main results. It is self contained as we recall each
time the propositions we prove. In subsection B.2.1, we derive the mirror-descent-like flow
which the iterates follow as in Proposition 14 of the main text. Then, we upper bound the loss
integral in subsection B.2.2. This leads us in proving the convergence of the iterates towards
an interpolator in subsection B.2.3. Equipped with these results we prove the main result
(Theorem 1) in subsection B.2.4. Finally, to complete the proof of Proposition 16 of the main
text we derive a lower bound of the loss in subsection B.2.5.

For the sake of easy reading, we adopt the following notations in this section: we denote by

X = X/v/n, and Amax = Amax(X T X).
B.2.1 Proof of Proposition 14
In order to prove Proposition 14, we introduce the following lemma:

Lemma 10. Consider the iterates (w¢)t>o issued from the stochastic gradient flow in Fq.(7.3)
with initialisation wo + = a € (Ri)d. Then we have the following implicit closed form expression

for By:
Br = 202 @ sinh(2X "), (B.1)

wheren, = — ng(ﬁs—ﬁ*) ds+2/y fg V/L(Bs)dBs € R™ and oy = aGexp (—2v diag(X ' X) fot L(Bs)ds).

Note that this is not an explicit closed form for 3; since the right hand side depends on
(Bs)o<s<t-

Proof. Recall that the SDE we consider writes as:
dwy 4 = Vi, L(wg) dt + 20/ 1L(wy) wy s+ © [X T dBy]
= +(— [X "r(w)] © wy g dt +2¢/7L(wy) we s © [X ' dBy)),

where r(w) = X (w3 — w? — 8*) = X(B, — B*) € R" are the (normalised) rests.
It turns out that there is an implicit closed form solution to this SDE. Indeed deriving the
It6 formula on In(w; +) gives the following integral expression:

t t t
Wi+ = wi—o+ © exp(£X " [ - / r(ws)ds + 2\Fy/ vV L(ws) dBS}) ® exp(—2v diag(X ' X) / L(ws) ds)
0 0 0
= oy @ exp(£X Tny).

Since 8 = wi —w?, we get:

By = af ® (exp(—l—Q)_(Tm) — exp(—2XTnt))
= 202 ® sinh(+2X "n).

For clarity we recall the statement of Proposition 14.

Proposition 14. Consider the iterates (wy)i>0 issued from the stochastic gradient flow in Eq.(7.3)
with initialisation wo + = o € (Rj_)d. Then the corresponding flow (Bt)i>o0 follows a “stochastic
continuous mirror descent with time varying potential” defined by:

AV, (B) = —VL(B) dt + /yn= L(B) X " dB, (7.7)
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where ap = a ©® exp (—27 diag (XTTX> f(f L(Bs) ds) and ¢ s the hyperbolic entropy defined
in (7.4).

Proof. The results immediately follows from Lemma 10. Indeed, inverting the implicit equation
on (3, Eq. (B.1), we have,

. /Bt T v 1 b * v !
aM$m(§7):2X n = —2X /RX@g—B)®+4viXL/\UM%MB$
0 0

a
Hence,
d arcsinh(éi%) = 2XTX(Bs — p*)dt + 4\ﬁXT \/MdBt
= —AVL(B) dt + 4\/7L(B) X TdB;.
Noticing that V¢, (3) = tarcsinh( 2%) concludes the proof. O

B.2.2 Upperbound of the integral of the loss

This section contains several technical arguments that permit us to derive the upperbound of
the integral of the loss [Proposition 16, right side]. Let us try to highlight the key features of this
proof. First, as for classical mirror descent, we define a Lyapunov function that resembles a Breg-
man divergence plus a necessary control term [Eq. (B.2)]. Then, we fix a high-probability event
on which we have a control of the Brownian diffusion term [Eq. (B.3)]. This gives an equation
involving a weighted integral of the loss. After lower bounding this weight to access directly the
loss integral [Lemma 13], we show that the iterates themselves are in fact bounded [Lemma 12].
We finally conclude the proof in Proposition 28.

Notations and standard calculations. Let us introduce some notations that are important
throughout the proofs. We consider the hyperbolic entropy ¢, () as a function of two variables
(y,2) — ¢(y, z) evaluated at the point (3,a?) € R? x R?. With a slight abuse of notation, we
denote by Vzé(8,a?) € RY, the gradient with respect to the first vector evaluated in (83, a?),
and V.¢(3,a?) € R?, the gradient with respect to the second variable evaluated in (3, a2). Let
us also define the process (&)t=0, as the vector & = /32 + 4af € R?, for all t > 0. For the
sake of clarity, we recall here the expression of the hyperbolic entropy as well as its derivatives:

we have ¢(3,a?) = izgj:l Bs arcsinh(%g) —\/B? + 4a}, and

1 1
Vo (B,a%) = zarcsinh (252> . V.o(8,0°) = a2V B2+ 40t € R as well as,

1 1
V50(8,0%) = diag | ————1| € R

VB +4ad ],

A first Lyapunov function. In this subsection we shall consider the following (stochastic)
Lyapunov function:

Vi i= — (B) + (Voo (Bo), B — Bi,) + 7 /0 L(B.)ds (|67, |, diag(XTX)).  (B.2)

This Lyapunov resembles to a Bregman divergence with respect to the hyperbolic entropy.
The added term is however required to have a proper control on its decrease. Just as in the
deterministic framework, we want to show that the Lyapunov is decreasing, i.e. it has a negative
derivative. With this aim, we compute its Ito derivative dV; in the following lemma.
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Lemma 11. For all t > 0, V; verifies the following equation:

t t
Vi=Vo—2 /0 LB, (1- %Wdiag()‘f TX), &+ 18, 1) )ds + /0 VYL(B)(X "By, Bs = 7).

Proof. To derive the formula for the Lyapunov V;, we compute its derivatives dV; thanks to It6
formula and then integrate it with respect to the time. Let us stress that as V; is a function
of B; and oy we need both their full It6 decomposition. For oy, as we know that oy = o ®
exp ( — 2ydiag(X " X) fo (ws)ds), we have doy = —27diag(X " X)L(w¢)audt. For B, we only
need the noise compound of the It6 decomposition. Let us denote by b(8,,) the drift in the Itd
decomposition of 3;', we have,

df; = dw}, — dw}_
= b(Buw,)dt + 4/ YL(B) (w4 © we 4 © [XTdBt} +wg— Qwg - © {XTdBt])

= 0(Bu,)dt + 4/ L(Br) & O [XTdBt} .

From this expression, we deduce the matrix of its quadratic variations d(3;),, { (B, B} )] =

L67L(B) (X TX) © (&&1) € R
We are now equipped to apply the Itd formula on V;. Indeed, it is clear that ¢ is a C?
function of (8, ), hence,

dVi = = (Vo1 af), dBy) + <vz¢<ﬁt,a?>,d[a5]>+;Tr[v%,gqﬁ(ﬁt,a?)dww]]

+d [(Vso(Be,af), Be — B,)] + vL(B){|67, |, diag(X T X)) dt.

The fifth term is explicit. Let us treat the first four terms separately:

First term. This term cancels with a compound of the fourth term.

Second term. We apply simply the chain rule for this term as a; does not have any quadratic
variation:

(V26(81,07),d [af]) = < ftt 204 © dat> = YL(B1) (&, ding(X T X) ) dt.

Third term. We directly see that

1 1., 1 - -
5T [V 30(Be 0)d(B,)] = fTr [ diag (&> VLB X T X © (&8 )] dt = 2yL(B;) (&, diag(X T X))dt.
Fourth term. We apply It6 formula once again to get:

d [(Vso(Br,af), B — B,)] = (d [Vo(Be, af)] . Br = Bf,) + (Vb (B, af), dBe) + Tr [V s6(Br, 0f), Be)s] -
and thanks to Eq. (7.7), we have an expression for the first and last term, giving
d [(Vso(Br i), Bt — B,)] = —(VL(By), B — B, )dt + 2/ YL(Be)(X "dBy, B — Bi) + (Vad(Be, 7). dBy)
+ 4y L(By) (&, diag(X T X))dt.

Final expression. Let us gather the four expressions to get dV;. We remark that the terms
(Vad(Br,aF),dB;) cancels (from first and fourth terms) and since (VgL(B3:), Bt — B;,) = 2L(B),

dVi = = [YL(B) (& diag(XT X)) dt +27L(8;) (&, ding(X X))dt| —2L(8,)
YL(B)(X TdBy, By — B;,) + 4L (By) (&, diag(X T X))dt + vL(B:) (|57, |, diag(X T X))dt.

Tt can be computed but its precise formula is not needed.
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And finally, we have the expression:

AV, = ~2L(B) + YL(By) (&, diag(X X)) dt + vL(B) (|57, |, diag(X T X))t
YL(B)(X "By, B, — Bi,)-

Integrating this equation between 0 and ¢ concludes the proof. O

Control of the martingale term and definition of A. Lemma 11 shows that in order
to control V;, we need to control the local martingale S; = \Ffo VL(Bs){ XTdBS,BS 52‘1).
In fact, it is expected that the deviation of S; from its quadratic variation is very small: this
is a concentration property of local martingales similar to the Bernstein inequality for discrete
ones [Boucheron et al., 2013]. To do so, let us fix p < 1/2 and we define two parameters:

a := max{||83,;, |1 In (\[Hﬁzllll) |al|3} and b := %1In(4/p)a~!. The reason behind the precise

man(
value of a will appear clearly in the proof of Lemmas 12 and 13. These parameters being fixed,

we can define the event:

t
A={vt>0,|5| <a+ 2bw\max/0 L(Bs)(IBs 1T + 1187, 17)ds}- (B.3)

From Lemma 18, we know that P(A) > 1 —2exp(—2ab) = 1 — 5. Note that p is a free parameter
that can be chosen as small as we want.

From now on and until the end of the Section, we place ourselves on the event A,
that is, all (in)equalities between random variables should be considered pointwise
for any w € A. To make it clear, we will recall from time to time laconically this
fact by writing, “on A”.

From Lemma 11, we deduce the following inequalities,

t

t
ViV < =2 [ L8001 = 5r(ding(XT X6+ 187, 1)ds + 2 | LEIIBIE + 153 1715 + a
t 1 L
<=2 [ L0801 = Gring(XT X0+ 187, — Db (18] + 1551815 + o

Hence, we have the following control on V; with respect to a weighted loss integral:
t
Vi—V < —2/ L(Bs)Usds + a, (B.4)
0

where Uy := 1— 3 [(diag(X " X), &+ C|8;, ) +2bAmax([|8: 117 + 1157, 17)] < 1. The following lemma
show that as long as U, stays positive, the iterates stay bounded.

Lemma 12. Let us place ourselves on the event A. Let 7 > 0. Assume (U;)o<t<r is positive.
Then for all t < T we have the following explicit upper bound on both ||B¢||1 and ||&|1,

”5@1”1

1Bl < ligelln < 18 max{[|87, [l (V2 ) leel3}-

Proof. Let t < 7. Remember that a(t) = a ® exp ( 27(f0 (ws)ds) dlag(XTX)> € R4, Since
Vi < Vp—2 fot L(Bs)U(s)ds+a and since by assumption U(s) > 0 for all s < ¢, we immediately get
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that V; < Vo+a = —¢4(0 )+a = 1||a||3 +a. Notice furthermore that —@a, (1) + (Voa, (8t), B —
B = &l - 7<arcsmh2 2,@2). Hence, we have:

1€l = —4¢a, (Br) + 4V o, (Br), Br — Br,) + <arCSinh%a Be,)
t
¢
=4V} _47/0 L(Bs)ds (|B7,], diag(X " X)) + (arcsinh 52,/3@
t
< 2|3 +4a + (arcsmhﬂ,ﬁgﬁ / L(Bs)ds (|55, ], diag(X T X)).
0

We now use the fact that arcsinh(z) < In(2(x + 1)) and that |z| + |y| < V2y/22 + 2 for all
z,y>0.

' o ()2 t . T v
01 - ® ) 4 /0 L(B,)ds (|6, diag(X" X))

<2H04H2—|—4a+2\5*|1 (f‘/wz s +4a’ ) Z]ﬁ*|ln<exp< /t (Bs)dsdlag(XTX)))

il < 2 + 40+ 3151 (

min Oé

t
4y /0 L(8.)ds {B5,], diag(XT X)),

Since the last two terms cancel and for all i, \/|5; ()] + 4;(t)* < ||€]|1, we have

HlO[

Il < 2llal2 + da + |15, 1 In ([ 1€ > |

22l | 4av3 04 B = V2187, Il

To obtain the explicit upperbound we use Lemma 19 with A = >
min (l min Oé min O{

since the condition on A, B are satisfied as %—Hn(B) > ﬁgf‘“‘f +1n (f”ﬁelul) > 1+In(v/8d) > 2,
Gl

as soon as d > 3. Hence,

V2|85
1Bell < [1&¢l1 < <2H04H2 +4da + || 87, [[1 In <”é12‘|1>>

min o

] Al
< 3[167, [l In <\@ ” ﬁ!ﬁ) + 5|l + 10a

7

W36 .

)

< 18 max{]| 67, [l In(v2

where in the last inequality we plug in the value of a. This concludes the proof of the lemma. [J

Recall that we defined U; = 1 — % [(dlag(XTX) &+ 187, 1) + 20 max (|| 313 + 167,11 )] We
now show that in fact (Uy); is always lower bounded by a strictly positive constant. Hence, the
result of Lemma 12 is valid at any time ¢ > 0.

Lemma 13. On A, let us fir 7 < [400Amax In(4) max{||57, |1 In (ql‘}g”l) lall2}]~!. Recall

that Uy = 1 — 3 [(diag(X " X), & + 187, 1) + 2bAmax(18:M1 + 1187, 11D)], then for all t > 0,

U >

l\D\»—\
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Proof. Let us define the stopping time 7 = inf{¢ > 0 such that U(t) < 1}. Note that

Y Ndiae(X T X : i
Up=1— ; [<d1ag(XTX),2042 + 1851 + Qb)\ma)(H/B@lH%)]
gl * x
> 1= hmax 2l + 1187, 1 + 261187, 1)

4
> 1 — 2y AmaxaIn(—)
p

- 1
2 )
where the last inequality comes from the upperbound on «. Since U, is continuous we have that
7 > 0. Assume that 7 < +o00, by definition of the stopping time, for t < 7: U(t) > 0 and we
can apply Lemma 12 at time 7:

187, 11
187l < llgrlly < 18 max{ 147, 1 In (V2- =5 a3},
Therefore:
i
Ur = §[<dlag(XTX) & + 185, 1) + 20Amax (18717 + 1167, 1)]
’y * *
> 1= o Amax [[1€ 11 + 1187, [l + 26(118- 11T + 1167, 117)]
\fHﬁ 5!
> 1= P 18 max{ 15 1 n (<5507 falB)
V2(187 [l
+2-18% bmax{nﬁzn%w (S ) lalis}].
Since b= In(2) max (|5, | In( o). a3} we get that:
4 V2||3
Ur 21 Do o) mast 15 I (VAL a3} + 157
4 \ \fllﬁ 1
> 1= 175 () mac{ 7, 1 1n (S5 705% ) ol
1
27
where the last inequality comes from the choice of ~.
This is inconsistent since U, = % Hence 7 = 400 and thus U; > 1/2 for all ¢. O
From the result of Lemma 13, with Equation (B.4), we obtain:
! v2(187, [l
| HBas <o Vit a < Vi 2max(e i (Y el (85)
0

Hence it remains to lower bound V; in order to get the convergence of the integral of the loss.

Lemma 14. On A, let v be set as in Lemma 12, for oll t > 0, we have the following lower
bound on V;:

4 min a

V> AR ln( 18\f {Hﬂe I 1n (WH%HI),HaH%})

)
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Proof. We follow exactly the same proof as for upperbounding the iterates.

t
4V, = Z \/ B2 + 4oy (t)* — <arcsinh2ifg,,321> + 4’)//0 L(Bs)ds (|5, |, diag H)

. i 2 t
> el ~ Y 15t (PO sy [ ngsgas (53 ding 1)

ks = 17 1 (v2 Ly
>~ (VEe L)

min

18v/2
5 i (e 571w (V2 ) 3 )

) %

Y

AV

O]

Hence (V4)¢>0 is lowerbounded and we can derive an upper bound on the loss integral to
show the right part of Proposition 16. We recall it here in the following proposition.

Proposition 28. On A, let v be set as in Lemma 12, we have the following upper bound on the

loss integral:
! . . 152, 111 5
vt >0, [ L(8)ds <O (max {85 Ihin (<all) jag3l).
0 min a;

As a consequence, the integral fo (Bs)ds converges.

Proof. From Equation (B.5), we have that

t V218
L(Bs)ds < —V; +2 s lliIn (——5— 5
| 230as < <Vit 2max153 1 1n (St ). ol

1

and thanks to the lower bound on V; from Lemma 14, it yields,

t 1850 ¢ 18V3 AR e AT
| ptaoas < 2 1n(mm% {mlul (\@mmag),!\alg})+2max{llﬁe1||11n(mna ). llal3},

)

hence the integral fo (Bs)ds converges and we have furthermore the O bound of the proposi-
tion. [

B.2.3 Proof of the convergence of the iterates: Proposition 15

In this subsection we prove the convergence of the iterates which corresponds to Proposition 15
of the main text. For the sake of completeness, we recall this fact in the following lemma.

\[”66”1 ”1

min a

Lemma 15. On A, let v < [400)\maxln(%)max{HB;”lHll n(——9—),||al|3}] 7. The iterates

(Bt)t>0 converge to an interpolator B, i.e. such that L(BS) =

Proof. Consider the following Bregman divergence style function for any interpolator 8* :
Wt = ¢aoo (6*) - ¢at (ﬁt) + <V¢at (61&)7 /Bt - ﬁ*>>
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where as = aexp ( —2v( ;7 L(Bs)ds) dlag(XTX)) > 0 is well defined on A as a result of
Proposition 28. The exact same computations as in Lemma 11 lead to:

Wy =W — 2/0 L(Bs)ds + <diag(XTX),7/0 L(Bs)&sds) + \FY/O VL(Bs)(X "B, Bs — 57).

Note that:

. fo (Bs)ds converges from Proposition 28.

. fo | L(Bs)Es||1ds < maxs>o(||[s]1) fo (Bs)ds < oo from Proposition 28. Hence fo (Bs)Esds
is absolutely convergent, hence converges.

° fo V' L(Bs)(X TdBs, Bs—/*) has a quadratic variation equal t04f0 (Bs)*ds and4f0 (Bs)%ds <
2Amax fo (Bs)(I1Bsl13 + ||8*]|3)ds. This implies that the quadratic variation converges.
Hence we obtain the convergence ? of the Brownian integral fot L(Bs)(X TdBs, Bs — ).

Overall we get that W; converges for all choice of interpolator S*. Now note that since fo (Bs)ds <
+00 we can extract a subsequence such that L(By()) ), 0. Since (B;)¢ is bounded (Lemmas 12
— 00

and 13), so is (Bg(1)): and we can extract a new subsequence which converges. Let 55, denote
the limit: By, — B where ¢2 is the double extraction. Since L(B4)) — 0 so does
t—o0 t—o0
L(Byyt)) 2 0. By continuity of the loss we have that 5% is an interpolator. Now notice that
—00
since the Lyapunov W; with the choice * = B converges and that Wy, t—) 0 we get that
—00

Wt — 0.

t—o00
Furthermore:

Wi = (baoo (ﬁoao) - fbat(ﬁt) + <V¢at (/Bt)a Bt - ﬁoao>
> ¢at (/Bgo) - ¢Oét (Bt) + <v¢at (Bt): Bt - /Bgo>
= Dy, (8%, )
>0

where the first inequality is because o — ¢o(f) is decreasing and oy > «@o. Therefore
Dy, (8%, Bt) — 0. Finally, since:

1
2 — & }
Vo) =il )
. 1 |
> diag( \/maxs{ﬁi OO 4a4)z
1

)i

\/maxs{\lﬂ(s 11} + 4ot
> pla,
for some p since the iterates are bounded. Therefore for all ¢ > 0, ¢,, is p-strongly convex on

some convex set in which the iterates 5, stay in. Which means that: Dy, (8%, 8t) > 5118:—8% 2.
Hence 3; — BS.. O

Lemma 15 along with the fact that the event A has probability at least 1 — £ (see Lemma 18
and paragraph around B.3) concludes the proof of Proposition 15.

2See for example Theorem 5 of https://almostsuremath.com/2010/04/01/
continuous—local-martingales/ for a proof of this fact. For the moment we did not find a precise
reference of this standard fact in the classical Revuz and Yor [2013].
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B.2.4 Proof of Theorem 1

We are now equipped to prove the main result of the chapter. For clarity we recall the statement
of the theorem here.

Theorem 8. For p < % and wo+ = o € (Rj_)d, let (w¢)e>0 follow the stochastic gradient
. . 187, 11 ~1

flow (7.3) with step size v < O([ln(%))\max max{||ﬁé‘1ﬂlln(miﬁ1a2), Hoz||%}] ) where B} =

argmin ||B||1 and Amax is the largest eigenvalue of X T X /n. Then, with probability at least 1—

BERL s.t. X B=y
b:

o (Bt)i>0 converges towards a zero-training error solution 55

o the solution BS satisfies

T 00
By = argmin  @q(58) where as =a®exp (Q'ydiag <XnX)/+L(BS) ds) . (C.11)
0

BERY s.t. XPB=y

Proof. Recall first that on A, Lemma 15 implies that the iterates converge towards a zero-
training error we denote by 5% . From Proposition 14 we also have that:

AV e, (B) = —=VL(B:) dt + /7L(B) X " dBy, (B.6)

where oy = o © exp (—27 diag ()_(T)_() fg’ L(Bs) ds) and ¢, is the hyperbolic entropy defined
in (7.4). Since the quantity [;° L(fs) ds is well defined on A (Proposition 28), we can integrate
(B.6) from t = 0 to t = oo which leads to Vg, (8S) € span(X). This condition, along with
the fact that X35 = vy, exactly corresponds to the KKT conditions of the implicit minimisation
problem (7.5). From Lemma 18, the fact that the event 4 has probability at least 1—p concludes
the proof. O

B.2.5 Lower bound on [ L(f;)ds and proof of Proposition 16

Similarly to what has been done in subsection B.2.2, in order to lower bound the loss integral,
we need a (different) control on the deviation of the local martingale S;. We choose a := W§'/2
and b := $1n(4/p)a~! so that once again ib = 31n(4/p). We refer to Lemma 16 for the definition
of W§'. Now that these parameters are fixed, consider the new event:

t
B ={t>0,|S)] < i+ 2y Amax / L(B) (1812 + 1182, [12)ds}

In this entire subsection we shall put ourselves on the intersection .4 N B which occurs with
probability P(ANB) > 1 — (P(AY) + P(BY)) > 1 — p. Furthermore since the goal of this section
is to obtain an idea of the dependency on « of the integral of the loss as « goes to 0, we shall
consider the initialisations o = a1, therefore for now on « is a positive scalar. Note that with
this convention ||a/|2 = a?d.

Notice that the quantity - f0+oo L(pBs)ds, through as, controls the magnitude of the sparse-
inducing effect. In the following lemma we show that this quantity is lower bounded by a
quantity which is strictly increasing with v. This recommends to pick the largest v (as
long as the iterates converge). This fact is also observed in practice.
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Lemma 16. On AN B, let v < [400Amax In(> )maX{HBe”lHlln(%),oﬂd}]_l
+o0o W
i
’Y/ L(Bs)ds > 707M’
A M
0 1+ rYWé"
o _ : _ 4 o 22 Y2IBL Iy g
where W& = min _ ¢a(B)—9a(0) and M = [325Amax In(5) max{|| 8, [[{ In*(—5+—), a*d"}].

B s.t XB=Y

Proof. According to Lemma 15, the flow converges to an interpolator 5. We consider the same
Lyapunov as before:

Wt = ¢am (Bgo) - ¢at (ﬁt) + <v¢at (Bt)v ﬁt - Bgo>7

which is such that, following the same computations as in Lemma 11:

t t
2/ L(Bs)ds = Wy — Wy + fy(diag(XTX),/ L(Bs)€sds) + Sy
0 0
> Wy — Wi+ 5,

where S; = fo VYL(Bs)(X TdBy, Bs — 7))

Now since we put ourselves on B:

+oo

2 / L(8)ds > Wy — & — 257 Ama / L3 (1112 + 118, 12)ds
0 0

~ 7 * /8* +oo
> Wo — @ — 257 Amax (182 + 1) max (Hﬁgl 2 In? (\/5” ;12H1>,a4d2> / L(B,)ds
0
A +(X)
> Wo—a— 29bMIna/p) " [ L(B)ds
0

where the second inequality comes from Lemma 12 (which is still valid since we are on the event

A) and M = [325In(4/p) Amax max(|| 37, Ik ln2(ﬁ@), o*d?)]. Hence, we can lowerbound the

integral as
+o00 WO — &
| peas
0 2 + 27bM ln( )1

Importantly Wy = ¢a_. (Bo) — ¢ (0) depends on S and is therefore stochastic. However, since
for all B € RY, a — ¢(83,a?) is decreasing and as, < a, we obtain:

Wo = ¢aoo (Boo) - ¢a(0)
> QZ)a(/BOO) - ¢Oé(o)
> ¢a(Bs) = a(0) := W',

where 3% = argmin ¢(3,a?). Therefore, we control the integral of the loss as
B st XB=Y
+oo We —a
| pas 0
0 2 + 29bM ln( )1
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We now plug in the values @ = g nd b= —61 n(%):
+oc0 Wwa
~
y/ L(Bs)ds > =& — 1 .
0 s 4 1 + ’YWM{)}

O

To complete our understanding of the dependency of the integral of the loss in terms of «
and S, we need to know the dependency of W in . The following lemma does so. We consider
the limit & — 0 which corresponds to the rich regime we are interested in.

Lemma 17. On AN B, let 5 < [400Aya In(4) masc{]| 37, |1 In(ZLoqult

small enough:
400 ﬁ
[ meass b (P,
0

Proof. Applying Lemma 20, for all 3 € R? | ¢ (3)— ¢4 (0) > % >, max {0, |Bi] In ‘2%2‘ } Therefore,

a 1 * |’821
WO > ZZ|5a,i|ln 2002
%

Note that g5 = argmin ¢o(8) and 8; = argmin [31. From Theorem 2 of Woodworth
B st XB=Y 8 st XB=Y

et al. [2020b]: ||B% |1 — 187, ll1 which leads to:
a—

), a2d}]!, then for a

HﬂelHl

~, 15, [11n

Zm

”le Hl

and Wg' i 85l In (—

value of M and the lower bound on W'

). Finally, for o small enough, from the upperbound on =, the

1

Y

—s =
Woa a—0
which along with Lemma 16 concludes the proof. 0

Therefore through this lemma we see that by picking the biggest step-size which ensures
convergence, we have a dependency of the integral of the loss as In é
Now we are equipped to prove Proposition 16. We recall it here to be self-contained.

Proposition 16. Under the same setting as in Proposition 15 with initialisation wo+ = ol,
we have with probability at least 1 — p

a(isitim () < [ peds <o(max {1 n (15, 0%a))

a—0

Proof. Let us place ourselves on the event AN B. Let us recall that P(ANB) > 1 — (P(AY) +
P(B)) > 1 —p, where the last inequality results from the definitions of A and B and Lemma 18.
As this event is included in A, the right inequality of the proof corresponds exactly to the
Proposition 28 of Appendix B.2.2. The proof of left inequality of the proposition comes from
Lemma 17. O

129



APPENDIX B. APPENDIX FOR CHAPTER 7

In the final proposition of this subsection, we give the scale of ao, we obtain thanks to our
analysis. Indeed though we know that in all case ay < a, we would like to quantitatively know
how much smaller the effective initialisation is in order to have an idea of the gain of SGD over
GD (in terms of implicit bias).

Proposition 29. Consider the iterates (w¢)i>0 issued from the stochastic gradient flow (7.3),
initialised at wo+ = al € (Ri)d. Let p < % and v matching the upperbound in Theorem 1, i.e.

7 = [400Amax In() max{]| 3 ||11H(M

i —i—),a?d}]"t, then with probability at least 1 — p and
for a small enough:

1 diag(XTTX)

1600In(2)  Amax

Qoo

Sexp(

Proof. The fact that a, = aexp (—27 diag (XTTX> 0+°O L(Bs) ds) along with the lower bound

from Lemma 17 and the value of « gives the result. O

This result tends to show that the overall gain of SGD over GD is only by a constant factor
| diag(XX)

exP(— 1555 In(%) Y
fact more consequent, this is explained in the following subsection.

) < 1. We believe that our analysis is not tight and that the gain is in

B.2.6 Scale of a,, when assuming that the iterates are bounded indepen-
dently of a.

In this subsection we explain why we believe that our analysis lacks of tightness. In Lemma 12
there is a dependency in ln(é) in the upperbound of the 1 norm of the iterates. We believe
that this dependency is an artifact of our analysis and that the true bound is independent of
«, this is also what is observed in practice. This is the reason why we formulate the following

assumption:
Boundedness assumption. On A, |31 < [[&]l1 < max{||3} ||, a*d} for all t > 0.

Under this assumption, we obtain convergence of the iterates towards an interpolating so-
lution under a weaker constraint on v (bigger step-sizes can be used while still ensuring con-
vergence) as well as a much better upperbound on the scale of a. The aim of the following
result is to give the relevant scale of how small is ay w.r.t. «. Hence, for the sake of clarity,
we will assume that diag(X " X/n) ~ Amaxl (which is true for sub-gaussian inputs with high
probability). We also fix p = 0.01 and drop all the numerical constants under some universal
constant ¢ > 0.

Proposition 30. Consider the iterates (w¢)i>o issued from the stochastic gradient flow (7.3),
initialised at wo + = al € (R})?%. Assume boundedness of the iterates and v = O ( max{|[| 3} [l1,a*d} ),
then with probability at least 0.99, the iterates (5t)e>0 converge towards an interpolating solution

B = arg min  ¢a (8). Furthermore, for o small enough, there exists ( > 0 such that:

BER s.t. Xp=y
¢
S (L B
& 187, 111

Proof. As said earlier, we fix p = 0.01. Then, by following the proof of Lemma 13, and using the
boundedness assumption instead of Lemma 12, one obtains that for v < O( max{|| 87, 1, 042d}*1)
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(as mentioned the precise numerical constants are dropped for simplicity) then U; > % for all
t > 0. The results of Lemma 14, Proposition 28, Lemma 15 and therefore Theorem 1 then still
hold with probability 0.99 but with the weaker condition that v < O(max{||5; |l1,e*d}~1).

For the upperbound on a,,, we follow the exact same steps as in Appendix B.2.5. Indeed
Lemma 16 now gives, for v < O ((Amax max{||3} ||, &*d})~"):

Feo w§
2
v [ ez TR
4 M
0 1+ Vg
where M = O (Amax max{||ﬁg*1||%,a4d2}). Plugging in the maximum value of v, ie. v =

O ((Amax max{||ﬁ;1\|1,a2d})_1): we have that vwﬂoa — 0 and for o small enough yW§ >
oa—

Q (x\_1 In <”6412”1>>. Therefore for « small enough:

+o00 .
7/ L(Bs)ds > Q ()\;Mllx In (||5z12\|1
0

(07

))

Plugging this inequality into the definition of as, and assuming that diag(X ' X/n) ~ Apaxl

leads to:
2(1)
XTX +oo 2
Qoo = QEXP <—2 diag < > 7/ L(Bs) ds> <a af .
n 0 ||ﬁ£1 (Bt

This concludes the proof of the Proposition. O

This upperbound is significantly better than that of Proposition 29: the smaller the initialisa-
tion scale o and the greater the benefit of SGD over GD in terms of implicit bias. More precisely,
Proposition 30 shows that the benefit scales as a power law with respect to the initialization a.
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B.3 Experiments

In the following section we consider the same experimental setup as in Section 7.6.1, which we
recall here for clarity. We consider n = 40, d = 100 and randomly generate a sparse model 6;0

such that ||} |lo = 5. We generate the features as x; ~ N(0,1) and the labels as y; = xiTﬁZ).
We use the same step size for GD and SGD and choose it to be the biggest as possible while
still ensuring convergence. Note that since the true population covariance E[mmT] is equal to
identity, the quantity ||8; — B, |2 corresponds to the validation loss.

B.3.1 Doping the implicit bias using label noise: experiments

We consider the label noise setting discussed in Section 7.6.4: for a sequence (0;)ieny € Ry, as-
sume that we artificially inject some label noise A; at time ¢, say for example A; ~ unif{2d;, —24; }
and independently from i; (other type of label noise can of course be considered, but we consider
here this one for simplicity). This injected label noise perturbs the SGD recursion as follows:

Wil + = Wit Fy ((Bow — B, i) + At) xi, ©wy g, where i; ~ unif(1,n). (B.7)

Using the same notations and following the same derivations as in Appendix B.1, we can rewrite
the recursion as:

Wit = Wit — YV, L(wy) £y diag(wy )X &, (Be) + Asey, ).
Since A; is zero-mean and independent of i; we get:
COVit iglt (ﬁ) + Ateiti = Eit iélt (ﬂ)®2i + EiA2 ®2i

2
— B 6 () + i

Now following the same reasoning as in Appendix B.1, it is natural to consider the following
SDE:

dwps = V. Lw))dt & 24/ 30—} (L(wy) + 67) wep © [X T dB.

Let L(B;) = L(f;) + 67 be the ”slowed down” loss. Following the same computations as for
Lemma 10 we obtain that:

By = 2a% © sinh(2X T#,),

where 7j; = —fO (Bs—pB%) ds+2\ff0 L(Bs)dBs € R and a; = a®exp (—27 diag(X T X) fot L(Bs)ds).
And following the proof of Proposition 14:

AV¢a, (B:) = =V L(B;) dt +\/yn=1L(5;) X "dBy. (B.8)

Assuming that (6;);>0 € (R;+)® and v are such that the iterates converge (here we do not show
under which conditions we have convergence and leave this as future work), the corresponding
implicit regularisation minimisation problem is preserved but with an effective initialisation:

O = a0 O® exp (—27 diag(X-2X) 0+°° (Bs) ds) which takes into account the slowed down loss

L(B;) = L(B;) + 62 . Since it is reasonable to consider that ése < e, the label noise therefore
helps to recover a solution which has better sparsity properties.
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We experimentally validate the advantage of adding label noise by choosing the sequence
8 = 1if t < 10% and 6; = 0 if ¢t > 103. The results are illustrated Figure B.1. Note that the
training loss is heavily slowed down, however the recovered solution at iteration ¢ = 105 is much
better than that of SGD, and it has not even converged yet. However, it must be kept in mind

that adding too much label noise can significantly slow down the convergence of the validation
loss or even prevent the iterates from converging.

. ~ 7 * (12
Train losses L(53:) J, L(Bs)ds Test losses ||8: — By, |2
100 ==mmemmeSE keS0T 10!
0 120 ! 100
1073 !
10-6 ~A 100 i 107!
NN, 80 — GD 1072
107 ) 60 -7~ SGD 10-3
12| — \ ---- SGD, label noise
10712 ggD ‘\\ 40 y 10~ .
_— ---- SGD \
10-15 ) \ e 10-5 ~
---- SGD, label noise 4 20 Ll Lo.s| = SGD, label noise
~18 ! = B N
0T T T0r 108 10 105 108 0 109 10' 102 10° 10 10° 10°
it ti t 10° 10' 102 10° 104 10° 10° . .
iteration iteration t iteration t

Figure B.1: Sparse regression (see Section 7.6.1 for the detailed experimental setting), illustra-
tion of the benefits of using label noise. All experiments are initialised at o« = 0.01. Left: The
use of label noise slows down the convergence of the effective training loss L. Middle and right:
the value of the integral of the slowed down loss L is much higher for the recursion with label
noise, leading to a solution which generalises much better.
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B.4 Extensions

We introduce two extensions of our results: subsection B.4.1 extends our results for a very
general stochastic gradient flow model and subsection B.4.2 discuss them in the depth p > 3
case.

B.4.1 Towards a more general SDE modelling
Recall from the SDE modelling of Appendix B.1 that Cov, [&;, (8)] = 2 diag(Li(8))1<i<n+O(:5).

T n
If we assume n large enough we can neglect the second order term of order 1/n?%:

Covi[&i(8)] & - diag(Li() iz

Assume we do not consider that L;(3) ~ L(3), then the overall SGD noise structure is captured
by

Sap (wa) =7 diag(ws) X T Covy, €, (8)]X diag(ws)
4
= —~?[diag(ws) X T diag(v/Li(5))]%*.
n
This leads us in considering the following SDE:

dwy+ = — Vi, L(wy) dt + 27 wy 4 © [ X diag(v/Li(B))dBy]
dwy,— =~V L(w)dt — 27 wy— © [X " diag(y/Li(B8))dBy].

As previously, this SDE admits an implicit integral formulation (multiplication must be under-
stood component-wise):

(B.9)

Wi+ = Wi—0,+ O exp(:l:)?T [ — /0 r(ws)ds + Qﬁ/o diag(y/Li(ws)) dBS})

t

@exp(—2fydiag()_(T/ diag(L;(w;s)) dsX))

0
= oy © exp(£X "my),
where ny = — fot X (Bs—B*) ds+2\ﬁfg diag(y/L;i(ws)) dBs € R™ and ay = a®exp(—27y diag(X " fot diag(L;(ws))
Since 8 = wi —w?, we get:
By = oz? ® (exp(+2)_(Tnt) - exp(—QXTnt))
= 202 ® sinh(+2X "n).

And we obtain the following mirror-type descent flow:

AV e, (B) = —VL(B) dt + 7 X " diag(\/Li(8:)) dB;.

Assuming convergence of the iterates and of «o; (we do not show the convergence,
though we think the proof could straightforwardly be adapted following Appendix B.2 ), the
corresponding minimisation problem is:

o0

By = argmin ¢, (f) where o = a®exp(—2y diag()_(T/ diag(L;(Bs)) ds X)).
BERY s.t. XPB=y 0

Note that the main result of the chapter is very similar, the difference relies in:

e the k' coordinate of diag(X " diag(L;(8s)) X) is B, [L;, (BS)(fo))2]

o the k" coordinate of L(B,) diag(X T X) is By, [Li, (8:)Es [(21F)?]

it
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B.4.2 Higher order models: the cases of depth p > 2

Until now, we have focused on a 2-homogeneous parametrisation of the estimator. A legitimate
question is how the implicit bias changes as we go to a higher degree of homogeneity. In terms
of networks architecture, this corresponds to increasing the depth of the neural networks. Let
us fix p > 3 with the new parametrisation 3, = w% T w” , the loss of our new model writes:
L(w) = 41n » o (wh —wP —B*, ;)% As previously, we want to consider the stochastic differential
equation related to stochastic gradient descent on the above loss. With the same modelling as

in Section 7.3.2, stochastic gradient flow writes:
dwy+ = =V, L(w;)dt + 20/yn=1L(5;) diag(w’ ;") X TdB;, (B.10)

where By is a standard Brownian motion in R"™. We would like to put emphasis that, unlike the
2-depth model, we do not provide a dynamical analysis enabling convergence proof and control of
interesting quantities. Here, the aim is to show how our framework naturally extends to general
depth and how the convergence speed of the loss still seems to controls the effect of the stochastic
flow biasing. Contrary to the 2-depth case, the potential cannot be defined in close form, but we
still have the following explicit expression, qﬁgi(ﬁ) = Ele wgi (5i), where wgi = [hgi]_l

a primitive of the unique inverse of h?, | (z) := (ai_p—z)_ﬁ - (az_p—i—z)_ﬁ in (—a®7P, oei_p).
In the following theorem we characterize the implicit bias of the stochastic gradient flow when
applied with higher order models.

Theorem. Initialise the stochastic gradient flow with wy = al € R?*®. If we assume that the
flow (Bt)t>0 converges almost surely towards a zero-training error solution (s, and that the
quantities fo (Bs)w? ds and fo (Bs)ds exist a.s., then the limit satisfies

Boop = arg min ¢g_ 1 (B),

B st XB=y

1

with aeo+ = a(1+2y(p — 2)(p — 1)aP~2 dlag( ) O [y L N 2ds) ?

First let us stress that without a close form expression of qbd and proper control of fo (Bs)w?
with respect to p or «, it is difficult to conclude directly on the magnitude of the stochastic blas.
Yet, the main aspect we can comment on is that, as in the depth-2 case, oo+ < o almost
surely® and that the convergence speed of the loss controls the biasing effect. As in Woodworth
et al. [2020b], it can be shown empirically that qbgi interpolate between the ¢; and the ¢ norm
as a+ — 0 and a4 — 400 respectively and that the transition is faster than for the depth-2
case.

We directly prove this theorem here.

Proof. We apply the Itd formula on wt + P and wt P to get the following:

d[w; "] = (2 = p)w, 3" © dwy s +2(2 = p)(1 = Py L(Bw, } © wi”7* © diag(H)
= —p(2 - p)X Tr(B)dt +2(2 — p)(1 — p)YL(B)w},* © diag(H)dt + (2 — p)\/7L(B) X " dBy
= —X"dA; + Cfdt,

where dA; := —p(p — 2)r(B;)dt + 2(p — 2)\/7L(B¢)dB; and C; := 2(p — 2)(p — 1)7L(ﬁt)w§12 ©
diag(H). Similarly, with explicit notations, we have that:

d[w;?) = X TdA, + Cdt.

3Note that, as the weights are initialized positively, they remain positive: wy + > 0, for all ¢ > 0.
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Hence,

t t PR t t PR
wy = [oﬂ_p — XT/ dAs +/ des] and wp_ = [oﬂ_p + XT/ dAs +/ Cs_ds] )
0 0 0 0

And finally,

t t P t t P
Be=wh, —wl_ = [a2p+/ cjds—XT/ dAs} — [a2p+/ Csds+XT/ dAS] :
0 0 0 0

Defining agg ’i =a’ P4 fooo CFds and vy = fooo dA,, if all quantities have limits when ¢ — oo we
have that By = ha’pvi(XTuoo), where hq p+(2) = (azf;ﬁ — 2)2%? — (azf?i —i—z)ﬁ Inverting this
function and integrating gives the theorem with the standard KKT argument [see Woodworth

et al., 2020b, under Theorem 1 page 4]. ]
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B.5 Technical lemmas

In this section, we state and prove technical lemmas which we use to prove our main results.

Lemma 18. For any interpolator 8*, Sy = fo VYL(Bs)(X TdBs, Bs — B*) is a square-integrable

martingale with a.s. continuous paths. And for any a,b > 0:

t
PVt = 0,15 <a+ 2b7)\max/ L(Bs)(IBs )1 + 11517)ds) > 1 — 2 exp(—2ab)
0
=1 2
where p = 2exp(—2ab).

Proof. Since (S¢)i>0 is a is a locally square-integrable martingale with a.s. continuous paths,
[Howard et al., 2020, Corollary 11] gives that

P(3t € (0,00) : St > a+ b(S):) < exp{—2ab}).

We now compute the quadratic variation (S);. Notice that (X TdB, Bi—B8*) = > p_, [X (Bt —
B*)]kdBf, hence the quadratic variation of S; equals:

n

(S)e =~ /0 L(3) (X (B — B)2ds

k=1

_ ! Y _a*\(|12 s
— 5 /O L(3) |1 X (B, — 6%

o [ ' L(3)ds.

Furthermore, since:

t

t

4 / L(B)2ds = | L(B,)(Bs — BT XT X (8, — B7)ds
0 0

t

L(Bs)||Bs — B*]|3ds

t

L(Bs) (118513 + 18*[13)ds

IN
y
o\

< 2Amax

t

< 2max [ L(Bs)(I8s]1F + 1167]17)ds

S— S—

we obtain that:

t
(S < 29Ama /O LB (1812 + [18*2)ds

and:

t
Pt > 0,15, = a -+ 257 Amas / L(B)(I1Bal2 + [18°]2)ds)
0

< P(3t>0,[8] > a+b(S))
< 2exp(—2ab).
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Lemma 19. Let A, B > 0 such that % +In(B) > 2. Assume that xt < A+ Blnz, then

r < 2(A+ Bln(B)).

N | Ot

Proof. * < A+ Blnz is equivalent to z < exp(—%) exp(). Standard analysis on the Lambert
W function shows that this leads to < —B W_;(—% exp(—%)), where W_ is the lower branch
. For —1 <2 <0, the branch W_; can be lower bounded as: W_1(z) > —/=2(1 + In(—z)) +
In(—2) (see Theorem 1 of Chatzigeorgiou [2013]). Since In(—z) = In($exp(—4)) = —(5 +
In(B)):

x < B(\/2(—1 + % +1n(B)) + % + In(B))
< B(V2(~1+ % +In(B)) + % +In(B))

(V2 + 1)B(é +In(B))

<
- B
< g(A + BIn(B)).
This concludes the proof of the Lemma. O

Lemma 20. For any o > 0 and B € R, we have the following inequality:

1
Ba(8) ~ 6al0) > max [0, 13] 1n2|§’2}.

Proof. Let us fix o € R. First notice that by parity in 8 of the functions involved, and as the
inequality holds in 8 = 0, we can suppose that § > 0 and define

F(8) = 6a(8) — 6a(0) = & [ﬁarcsmh <2§2) et 2042} |

Trivially, f/(8) = %arcsinh <%) > 0. Hence, it increases on Ry and as f(0) = 0, f is always

positive. This show the inequality for the left term of the max.
For the other term of the max, let us define g(5) := i B1n %, we have that

4[f’(5) _g/(ﬁ)] — arcsinh (252) —In <2§2) +1=1In (1 +4/1+ 4;?) +1>0.

Hence, f — g increases and as f(0) —g(0) = 0, we have that f > g which concludes the proof. [

“gee https://en.wikipedia.org/wiki/Lambert_W_function for more details
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Appendix C

Appendix for Chapter 8

Organisation of the Appendix.

1.

In Appendix C.1, we provide additional experiments for uncentered data as well as on the
behaviour of the sharpness and trace of the Hessian along the trajectory of the iterates.
We finally provide an experiment highlighting the EoS regime for SGD.

. In Appendix C.2, we prove that () follows a Mirror descent recursion with varying

potentials. We explicit these potentials and discuss some consequences.

In Appendix C.3 we prove that (S)GD on the §(w? —w?) and u®v parametrisations with
suitable initialisations lead to the same sequence (fj).

In Appendix C.4, we show that the hypentropy 1, converges to a weighted-¢;-norm when
a converges to 0 non-uniformly. We then discuss the effects of this weighted ¢;-norm for
sparse recovery.

. In Appendix C.5, we provide our descent lemmas for mirror descent with varying potentials

and prove the boundedness of the iterates.

In Appendix C.6, we prove our main results: Theorem 1 and Theorem 2, as well as
quantitative convergence (Proposition 17).

In Appendix C.7, we prove the lemmas and propositions given in the main text.

In Appendix C.8, we provide technical lemmas used throughout the proof of Theorem 1
and Theorem 2.

In Appendix C.9, we provide concentration results for random matrices and random vec-
tors, used to estimate with high probability (w.r.t. the dataset) quantities related to the
data.
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C.1 Additional experiments and results

C.1.1 Uncentered data

When the data is uncentered, the discussion and the conclusion for GD are somewhat different.
This paragraph is motivated by the observation of Nacson et al. [2022] who notice that GD with
large stepsizes helps to recover low ¢; solutions for uncentered data (Figure C.1). We make the
following assumptions on the uncentered inputs.

Assumption 16. There exist u € R? and 6, co, c1,¢2 > 0 such that for all s-sparse vectors [3
verifying (i, B) > col|Blloollitlloo, there exists ¢ € R such that (XTX)B = (B, u)p + € where
lellz < 811Bll2 and 1 (B, w)*u® < 3 32 @F (i, B)* < ea(B, u) 1.

Assumption 16 is not restrictive and holds with high probability for N'(u1,0%1;) inputs when
> ol (see Lemma 29 in Appendix). The following lemma characterises the initial shape of
SGD and GD gradients for uncentered data.

Proposition 31 (Shape of the (stochastic) gradient at initialisation). Under Assumption 16
and if (p, Biarse) = CollBllocllttlloc; the squared full batch gradient and the ewpected stochastic
gradient descent at initialisation satisfy, for some e satisfying ||€||cc << ||Bsparsell2-

VL(IBO) = <B:parsev :u>2:U’2 +e, (Cl)
Bt [V £i(80)%] = O ((Blpasses 1)247) . (C:2)

In this case the initial gradients of SGD and of GD are both homogeneous, explaining
the behaviours of gradient descent in Figure C.1 (App. C.1): large stepsizes help in the recovery
of the sparse solution in the presence of uncentered data, as opposed to centered data. Note
that for decentered data with a x4 € R? orthogonal to Biparse> there is no effect of decentering on
the recovered solution. If the support of p is the same as that of 53,,,c, the effect is detrimental
and the same discussion as in the centered data case applies.

Figure C.1: for uncentered data the solutions of GD and SGD have similar behaviours,
corroborating Proposition 31.

Test losses |6, — 5}, 113

1072 4 ====
1073 — \\\\
3 \
] \\
1074 4 5
E \
] \
10—5 3 _—-— SGD 1
] =——— GD \
1
10° 10!
Stepsize ~

Figure C.1: Noiseless sparse regression with a 2-layer DLN with uncentered data x; ~ N (u1, Iy)
where u = 5. All the stepsizes lead to convergence to a global solution and the solutions of
SGD and GD have similar behaviours, corroborating Proposition 31. The setup corresponds to
(n,d,s,a) = (20,30,3,0.1).
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C.1.2 Behaviour of the maximal value and trace of the hessian

Here in Figure C.2, we provide some additional experiments on the behaviour of: (1) the max-
imum eigenvalue of the hessian V2F(wZ,) at the convergence of the iterates of SGD and GD
(2) the trace of hessian at the convergence of the iterates. As is clearly observed, increasing the
stepsize for GD leads to a ‘flatter’ minimum in terms of the maximum eigenvalue of the hessian,
while increasing the stepsize for SGD leads to a ‘flatter’ minimum in terms of its trace. These
two solutions have very different structures. Indeed from the value of the hessian Equation (C.9)
at a global solution, and (very) roughly assuming that ‘X' X = I;" and that ‘a ~ 0’ (push-
ing the EoS phenomenon), one can see that minimising Apax(V2F(w)) under the constraints
X(w? —w?) = y and wy ® w_ = 0 is equivalent to minimising ||3||oc under the constaint
X =y. On the other hand minimising the trace of the hessian is equivalent to minimising the
f1-norm.

Amax (V2F (w)) Trace(V2F(wl,))
. 20.0 -
501 mmmm==—=——"" —== SGD
1759 =—— GD
457 15.0 -
4.0 12.5
=== 5GD 10.0{ ===== —
354 — GD T
Stepsize Stepsize ~y

Figure C.2: Noiseless sparse regression setting. Diagonal linear network. Centered data.
Behaviour of 2 different types of flatness of the recovered solution by SGD and GD depending
on the stepsize. The setup corresponds to (n,d, s, a) = (20,30, 3,0.1).

C.1.3 Edge of Stability for SGD
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Coordinates ﬁ,(f) of SGD at EoS

----- supp(Biparse) coordinates
150 other coordinates
— Gradient flow
100 A v;' ;
50
0 T
i
noon
—50 | ",\
UH RN N O
d w \‘: vyt
-100 . TR
10° 10! 102 103 104

[teration &k

Figure C.3: SGD at the edge of stability: all coordinates fluctuate, and the sparse solution is
recovered. As opposed to GD at the EoS, since all coordinates fluctuate, the coordinates to
recover are not more penalised than the others.

C.2 Main ingredients behind the proof of Theorem 1 and Theorem 2

In this section, we show that the iterates (8)r>0 follow a stochastic mirror descent with varying
potentials. At the core of our analysis, this result enables us to (i) prove convergence of the
iterates to an interpolator and (7i) completely characterise the inductive bias of the algorithm
(SGD or GD). Unveiling a mirror-descent like structure to characterise the implicit bias of a
gradient method is classical. For gradient flow over diagonal linear networks [Woodworth et al.,
2020a], the iterates follow a mirror flow with respect to the hypentropy (8.4) with parameter «
the initialisation scale, while for stochastic gradient flow [Pesme et al., 2021] the mirror flow has
a continuously evolving potential.

C.2.1 Mirror descent and varying potentials

We recall that for a strictly convex reference function h : R — R, the (stochastic) mirror descent
iterates algorithm write as [Bauschke et al., 2017, Dragomir et al., 2021], where the minimum
is assumed to be attained over R? and unique:

Brs1 = arﬁg I]gin {nlgr, B) + Dr(B, Br)} (C.3)
c d

for stochastic gradients gy, stepsize v > 0, and Dy(5,8") = h(8) — h(B') — (VR(F'),8 — 5') is
the Bregman divergence associated to h. Iteration (C.3) can also be cast as

Vh(Bri1) = Vh(Br) = ek - (C.4)

Now, let (hs) be strictly convex reference functions R? — R. Whilst in continuous time, there
is only one natural way to extend mirror flow to varying potentials, in discrete time the varying
potentials can be incorporated in eq. (C.3) (replacing h by hj and leading to Vhy(Br+1) =
Vhi(Bk) — Ykgk), the mirror descent with varying potentials we study incorporates hgy1 and hy
in eq. (C.4). The iterates are thus defined as through:

P41 = arg mdin {n(gr: B) + Dy oy e (85 Br) }
BeR
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where Dy, . 0, (8,6) = hiy1(8) — hi(8') — (Vhi(B'), B — B'), a recursion that can also be cast
as:

Vhg1(Ber1) = Vhg(Br) — Yrgr -

To derive convergence of the iterates, we prove analogs to classical mirror descent lemmas,
generalised to time-varying potentials.

C.2.2 The iterates (f;) follow a stochastic mirror descent with varying po-
tential recursion

In this section we show and prove that the iterates (i) follow a stochastic mirror descent with
varying potentials. Before stating the proposition, we recall the definition of the potentials. To
do so we introduce several quantities.

Let ¢,q+ : R - R U {00} be defined as:

g+(z) = F2zx —In ((1 T x)z) ,

(@) = 5 (a4 () 0 (@) = 5 In (1 - 22)?),

with the convention that ¢(1) = co. Notice that g(x) > 0 for |z| < v/2 and ¢(z) < 0 otherwise.
For the iterates B = uy © v € R%, we recall the definition of the following quantities:

k—1

1
oupp = exp(—3 Y ax(wVLs,(Br)) € R,
i=0
= rOa g,
2 2
1 o —a”
¢kz = 5 arcsinh (MT’%JC) € Rd .

Finally for k > 0, we define the potentials (hy, : R — R)k>0 as:

hk(ﬁ) = Q;Z)ak (5) - <¢k75> ) (0'5)

where 14, is the hyperbolic entropy defined in (8.4) of scale ay;:
1 B;
¢ak (/8) = 5 Z (Biarcsinh(j)_m_F aiJ)

i=1 ki

where ay, ; corresponds to the ith coordinate of the vector ay.
Now that all the relevant quantities are define, we can state the following proposition which
explicits the time-varying stochastic mirror descent followed by (S )

Proposition 32. The iterates (B = ur © vg)k>0 from eq. (8.3) satisfy the Stochastic Mirror
Descent recursion with varying potentials (hy):

Vhii1(Bet1) = Vhe(Br) — % VLB, (Br) , (C.6)
where hy, : RY — R for k > 0 are defined Equation (C.5). Since Vho(Bo) = 0 we have:
th(ﬁk) S Spa‘n(xlv s 7xn)
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Proof. Using Proposition 33, we study the %(wi — w?) parametrisation instead of the u ®
v, indeed this is the natural parametrisation to consider when doing the calculations as it
“separates” the recursions on w4 and w_.

Let us focus on the recursion of wy:

Wi 1 = (L= VL (Br)) - Wik -

We have:

wh g = (1= wVLE(B)? - wh
= exp (In((1 = wVLg, (Br)%) - wh i

with the convention that exp(In(0)) = 0. This leads to:

w3 gy1 = exp (= 29 VLB, (wi) + 2% VL, (Br) + In((1 — VLB, (Br)?)) - wi i
= exp (= 2% VL (Br) — ¢+ (VLB (Br))) - wl

since ¢1(z) = —2x — In((1 — z)?). Expanding the recursion and using that w; o is initialised
at w4 p—o = o, we thus obtain:

k—1 k—1
whj, = a®exp(= > g+ (WVLE,(Br)) exp (=2 7V L5, (Br))
= =0
k—1
= af jexp(=2>_ %VLs,(B)),
=0

where we recall that aik = a?exp(— Z]Z;()l q+(vege)). One can easily check that we similarly
get:

k1
w® = jexp (42 Z eV Lp,(Be))
=0
leading to:
1 2 2
Br = §(w+,k —w” )
) k-1 ) k1
. 50&,/{ exp (=2 VLg,(Br)) - §a%,k exp (+2 > 1VLz,(Br)).
/=0 (=0

Using Lemma 24, the previous equation can be simplified into:

S af y—aly
Br = a4 pa_ jsinh ( -2 vV Lg,(Be) + arcsinh ( ———> ) ,
+, 5 % Z( ) ( a+7ka—7k )
which writes as:
. k
B arcsinh (¥> — ¢ = — ZWVE& (Be) € span(x1,...,xy),
k £=0
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2 2
Tk

where ¢ = %arcsinh ( ), ai = a4 ), © a_, and since the potentials hj, are defined in

2
207

Equation (C.5) as hy = Ya, — (¢k, ) with

d
IRURESS (@arcsinh((f;) — /B ot ad) (©7)

=1

specifically such that Vhg(Br) = %arcsinh (%) — ¢. Hence,
k

Vhi(Br) = > 7V Ls(Br)

<k
so that:
Vhi1(Br+1) = Vhg(Br) — VLB, (Br) ,
which corresponds to a Mirror Descent with varying potentials (hg)g. O

C.3  Equivalence of the u ® v and 3(w? — w?) parametrisations

We here prove the equivalence between the %(wi —w?) and u ® v parametrisations, that we

use throughout the proofs in the Appendix.

Proposition 33. Let (8;)r>0 and (B, )k>0 be respectively generated by stochastic gradient de-

scent on the u ®v and %(wi —w?) parametrisations:

(Wkt1, Ve41) = (uk, ) — Y%V (L8, (u © v)) (ug, vi)
and
o - L 1 2 2
W4 k+1 = Wtk ’kawi( Bk(2(w+ w—)))(er,k?w*,k)’
initialised as ug = V2o, v9 = 0 and wyo=w_p=a. Then for all k > 0, we have B = f,.

Proof. We have:
weo=o, wipyr = (1F VL (B))wsr,

and
ug = \/ia, Vo = 0, Uk41 = Uk — ’YkV»CBk (,Bk;)vk y  Uk+1 = Vg — ’ka'c(ﬁk)uk .
Hence,
Brr1 = L+ VLB B — (up + v) VL, (Br)
and

Brar = L+ VLB, (B1)) B — w(wi i + w? )VLB (B -

Then, let 2z, = %(ui — v,%) and z;, = wy pw_j. We have zg = a?, z) = o? and:
21 = (1= RVLB (B) )z, 2hyr = (1 =12 VLE (B)?)z), -

Using a? + b2 = \/(2ab)? + (a2 — b?)2 for a,b € R, we finally obtain that:

ud o} = VB + a7, kit wd = /(28,2 + (22)2.

We conclude by observing that (S5, z) and (5}, 2;,) follow the exact same recursions, initialised
at the same value (0, a?).
]
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C.4 Convergence of ¢, to a weighted /1 norm and harmful behaviour

We show that when taking the scale of the initialisation to 0, one must be careful in the char-
acterisation of the limiting norm, indeed if each entry does not go to zero ”at the same speed”,
then the limit norm is a weighted ¢;-norm rather than the classical ¢; norm.

Proposition 34. For a > 0 and a vector h € R?, let @ = aexp(—hIn(1/a)) € RY. Then we
have that for all § € RY

d
Ya(B) ~ 1n )3 (1+ 5Bl
=1

a—0

Proof. Recall that

zd: (Bzarcsmh i ) —\/B+at+ 5412)

=1

l\.')\r—t

Using that arcsinh(z) ~ sgn(x)In(|z|), and that ln(é) = (14 hy) In(-;) we obtain that

|z| =00
1< 1
valB) ~ 5 > sen(B8:)Bi(1 + hi) In(—)

i=1
d
Z (1+ hy)|Bil.
=1

O]

The following Figure C.4 illustrates the effect of the non-uniform shape a on the correspond-
ing potential Y.

More generally, for o such that «; — 0 for all i@ € [d] at rates such that In(1/c;) ~
¢i In(1/ max; a;), we retrieve a weighted ¢; norm:

ln 1/ %Zqzlﬁz -

Hence, even for arbitrary small max; «;, if the shape of « is ‘bad’, the interpolator B, that
minimizes 1, can be arbitrary far away from g} the interpolator of minimal ¢; norm.
We illustrate the importance of the previous proposition in the following example.

Example 1. We illustrate how, even for arbitrary small max; o, the interpolator 3% that min-
mmiazes Y, can be far from the minimum €1 norm solution, due to the shape of a that is not
uniform. The message of this example is that for o — 0 non-uniformly across coordinates, if
the coordinates of a that go slowly to 0 coincide with the non-null coordinates of the sparse
interpolator we want to retrieve, then ), will be far from the sparse solution.

A simple counterezample can be built: let B = (1,...,1,0,...,0) (with only the s = o(d)
first coordinates that are mon-null), and let (v;), (y;) be generated as yi = (B arse, Ti) with
z; ~ N(0,1). Forn large enough (n of order sln(d) where s is the sparsity), the design matriz
X z's RIP [Candes et al., 2006], so that the minimum {1 norm interpolator By, is exactly equal
tO sparse

However, if a is such that max; a; — 0 with h; >> 1 for j < s and h; =1 fori >s+1 (h;
as in Proposition 34), By, will be forced to verify By, ; =0 fori < s and hence ||8; 1 — Bull1 > s.
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Figure C.4: Left: Uniform a = «al: a smaller scale « leads to the potential 1, being closer
to the #1-norm. Right: A non uniform a can lead to the recovery of a solution which is very
far from the minimum #;-norm solution. The affine line corresponds to the set of interpolators
whenn=1,d=2and s =1.

C.5 Main descent lemma and boundedness of the iterates

The goal of this section is to prove the following proposition, our main descent lemma: for
well-chosen stepsizes, the Bregman divergences (D, (5%, Bk))r>0 decrease. We then use this
proposition to bound the iterates for both SGD and GD.

Proposition 35. There exist a constant ¢ > 0 and B > 0 such that B = O(infgscs ||8*]| ) for
GD and B = O(In(1/a) infg+es ||*]|oc) for SGD, such that if v, < 1% for all k, then we have,
for all k > 0 and any interpolator B* € S:

Dy (W5, Wig1) < Dy, (W5, wi) — 1L, (We) -

To prove this result, we first provide a general descent lemma for time-varying mirror descent
(Proposition 36, Appendix C.5.1), before proving the proposition for fixed iteration k& and bound
B > 0 on the iterates infinity norm in Appendix C.5.2 (Proposition 37). We finally use this to
prove a bound on the iterates infinity norm in Appendix C.5.3.

C.5.1 Descent lemma for (stochastic) mirror descent with varying potentials

In the following we adapt a classical mirror descent equality but for time varying potentials,
that differentiates from Orabona et al. [2015] in that it enables us to prove the decrease of the
Bregman divergences of the iterates. Moreover, as for classical MD, it is an equality.

Proposition 36. For h,g: R? — R functions, let Dp, 4(w,w') = h(w)—g(w') — (Vg(w'), w—w')!
for B, € R, Let (hy) strictly convex functions defined R? L a convex function defined on RY.

for h = g, we recover the classical Bregman divergence that we denote Dy, = Dp, 1,
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Let (wy,) defined recursively through wo € R?, and

Wi+1 € arg min {(VL(WE), W — W) + Dy oy (W, wi) }
weR

where we assume that the minimum is unique and attained in R:. Then, (wg) satisfies
Vhgr1(Wrs1) = Vhg(wi) — 7% VL(Wg)
and for any B € RY,

Dy (WyWet1) = Dy (W, W) — v (VL(Br), Br — B) + Dhyy (Why, Wt 1)
— (hia1 — b)) (Wi) + (Pig1 — hye) (w) .

Proof. Let f € R%. Since we assume that the minimum through which wj; is computed is
attained in R?, the gradient of the function Vi(w) = Y (VL(wk),w — w) + Dh, 1k, (W, wi)
evaluated at w1 is null, leading to Vhgi1(Wir1) = Vhg(wg) — 7 V.L(wy).

Then, since VVi(wgi1) = 0, we have Dy, (w,wgi1) = Vi(w) — Vi(wgi1). Using V2V, =
V2hj41, we also have Dy, = Dy, ,. Hence:

Dy (W Wep1) = (VL(WE), W — Wip 1) + Dy n (W We) — Dy iy (Weg1, We) -

We write 7 (VL(Wg),w — wiy1) = Y(VL(wg),w — wF) + 3(VL(wg), Wy — wip1). We also
have Y (VL(Wk), Wi, — Wi1) = (Vhg(wr) — Vhigpr(Wep1), We — Wit1) = Dy gy (Wes Wi 1) +
Dy oy he (Wi 1, wF), so that v (VL(Wg), Wk — Wit1) — Dpy iy e (W1, W) = Dy pye oy (Wey Wier).
Thus,

th+1 (Wa WkJrl) = th+17hk (Wv Wk) — Yk (Df(Wv Wk) + Df(Wk7W>) =+ th,hkﬂ (Wka Wk+1) )

and writing Dy, 4(w,w') = Dy(w,w’) + h(w) — g(w) concludes the proof. O

C.5.2 Proof of Proposition 37

In next proposition, we use Proposition 36 to prove our main descent lemma. To that end,
we bound the error terms that appear in Proposition 36 as functions of Lg, (f) and norms of
Bk, P11, so that for explicit stepsizes, the error terms can be cancelled by half of the negative

quantity —2Lg, (Bk)-
Additional notation: let Lo, Lo, > 0 such that V3, || HpSl|l2 < L||B|l2, |HBBlco < Ll|5]lco
for all batches B C [n] of size b.

Proposition 37. Let k > 0 and B > 0. Provided that ||Sk|lcos || Br+1llcc, |8*|lcc < B and
Y < 15 where ¢ > 0 is some numerical constant, we have:

Dy (W, Wey1) < Dy (W5, wi) — 1L, (W) - (C.8)
Proof. Let * € § be any interpolator. From Proposition 36:
Dy (B, Bra1) = Diy (8%, Br) — 2L, (Br) + Dhyy (Brt1, Br) — (higr — h) (Br) + (R — hi) (6%).

We want to bound the last three terms of this equality. First, to bound the last two we apply
Lemma 27 assuming that ||8*||cc, || Bk+1lcc < B:

—(hi1 — hi) (Br) + (his1 — hi)(B*) < 24BLovi L, (W)
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We now bound Dy, +1(Wk, wg1). Classical Bregman manipulations provide that

Diyeyy Wiy Wet1) = Dhz (Vg1 (Wip 1), Vg (wi))

= Dy (Vhi(WF) = VL, (Wi), Vi 1(wi)) -

From Lemma 26 we have that fjq is min(1/(4a3, ), 1/(4B)) strongly convex on the /*-centered
ball of radius B therefore hy_ , is max(4aj 4+1,4B) = 4B (for a small enough or B big enough)
smooth on this ball, leading to:

Dhyooy, (W, Wit1) < 2B|[Vhi(wi) — 7 VLB, (Wk) — Vigera (we) 3
< 4B(|Vhi(Wi) — Vi (W) |13 + 176 VL, (wi)[[3) -

Using |Vhg(w) — Vhgiq(w)| < 26, where 8, = q¢(7VLp, (Br)), we get that:
Diy., (Wi 1) < SBISI3 + ABLA? L, (w)

Now, [[0x[|5 < |0k [l1]10k|loo and using Lemma 25, |6k |[1[|0klloo < 4117V La, (Wi ) [13]7:V L, (Wi) |12 <
2||’7kV£Bk(Wk)H% since ||V LB, (Wk)|loo < YeLoo||Bk — Booll < v x 2LB < 1/2 is verified for
vk < 1/(4LB). Thus,

th+1 (Wk, Wk+1) S 4OBL2'Y]3»CB;C (Wk) .

Hence, provided that ||Bk|lco < B, ||Br+1lloc < B and v, < 1/(4LB), we have:

th+1 (W*, Wk+1) < th (W*7 Wk) - 27k£3k (Wk) + 64L27]%B£Bk (Wk) s

and thus
Dy (W Wep1) < Dy (W5, W) — LB, (W) -

1

C —
==, where ¢ = 61"

if7k < BL°®

C.5.3 Bound on the iterates

We now bound the iterates (f) by an explicit constant B that depends on ||5*||1 (for any fixed
pgreS).

The first bound we prove holds for both SGD and GD, and is of the form O(]|3*||1 In(1/a?)
while the second bound, that holds only for GD (b = n) is of order O(||5*||1) (independent of
«). While a bound independent of « is only proved for GD, we believe that such a result also
holds for SGD, and in both cases B should be thought of order O(]|5*||1)-

Bound that depends on a for GD and SGD

A consequence of Proposition 37 is the boundedness of the iterates, as shown in next corollary.
Hence, Proposition 37 can be applied using B a uniform bound on the iterates £*° norm.

Corollary 5. Let B = 3||*||;In (1 + %) For stepsizes v, < 57, we have ||fy|lcc < B for
all k> 0.

Proof. We proceed by induction. Let & > 0 such that ||Sgllcc < B for some B > 0 and
Dy, (W, wi) < Dpy(W*,wg) (note that these two properties are verified for k = 0, since Sy = 0).
For ~y, sufficiently small (i.e., that satisfies v, < 577 where B’ > || Br4100, || Bk loos [|8* [0 ), using
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Proposition 37, we have Dy, (W*, wiy1) < Dp, (W*, wg) so that Dy, (W, wgy1) < Dpy (W5, wo),
which can be rewritten as:

d d
/ Wit1.i Wi t1.
E a1+ (a§+1’z)2 -1)< E w; arcsinh( I;—ZI’Z) .
i=1 k+1. i=1

Hence, [[wii1])1 < ||w*||; In(1 + Hw%ﬂh) We then notice that for z,y >0, x < yln(l1+2z) =
z < 3yln(l1+y): if z > yln(l + y) and = > y, we have that yIn(1 + y) < yIn(1 + z), so that
14y < 1+ z, which contradicts our assumption. Hence, z < max(y,yIn(1+ y)). In our case,
z = |81 /a2, y = ||8*||1/a? so that for small alpha, In(1 +y) > 1.

Hence, we deduce that ||wgy1|l1 < B, where B = ||w*||; In(1 + %)

This is true as long as 7 is tuned using B’ a bound on max(||Skl|cos [|Bk+1llec). Using
the continuity of Sxy1 as a function of v, (B; being fixed), we show that ~; < % X §p can
be used using this B. Indeed, let ¢ : Rt — R? be the function that takes as entry v, > 0
and outputs the corresponding |B41llec: ¢ is continuous. Let v, = 3 x = for r > 0 and
7 =sup{r>0:B < ¢(v)} (the set is upper-bounded; if is is empty, we do not need what
follows since it means that any stepsize leads to ||Sx+1|lcc < B). By continuity of ¢, ¢(y7) = B.

Furthermore, for all r that satisfies » > max(¢(v,.), B) > max(d(Vr), || Bkl oo, [|8*]|co), We have,
using what is proved just above, that ||fx+1]/cc < B and thus ¢(v,) < B for such a r:

Lemma 21. For r > 0 such that v > max(¢(vy,), B), we have ¢(v,) < B.

Now, if 7 > B, by definition of 7 and by continuity of ¢, since ¢(7) = B, there exists some
B < r < 7 such that ¢(v,) > B (definition of the supremum) and ¢(v,) < 2B (continuity of ¢).
This particular choice of r thus satisfies > B and and ¢(v,) < 2B < 2r, leading to ¢(v,) < B,
using Lemma 21, hence a contradiction: we thus have 7 < B.
This concludes the induction: for all » > B, we have r > 7 so that ¢(v,) < B and thus for
all stepsizes v < 575, we have ||Biq1llcc < B.
O

Bound independent of «

We here assume in this subsection that b = n. We prove that for gradient descent, the iterates
are bounded by a constant that does not depend on «.

Proposition 38. Assume that b = n (full batch setting). There exists some B = O(]|5*||1) such

that for stepsizes v < 51, we have ||Bi|looc < B for all k > 0.

Proof. We first begin by proving the following proposition: for sufficiently small stepsizes, the
loss values decrease. In the following lemma we provide a bound on the gradient descent iterates
(wt g, w_ ) which will be useful to show that the loss is decreasing.

Proposition 39. For v, < 15 where B > max(||Bk|loos || Br+1ll00), we have L(Bri1) < L(Br)

Proof. Oddly, using the time-varying mirror descent recursion is not the easiest way to show the
decrease of the loss, due to the error terms which come up. Therefore to show that the loss is
decreasing we use the gradient descent recursion. Recall that the iterates wy = (wi g, w_ ) €
R% follow a gradient descent on the non convex loss F(w) = 1|y — 1 X (w2 — w?)|[2.

For k > 0, using the Taylor formula we have that F(wg+1) < F(wg)—v%(1— %)HVF(wk) 12
with the local smoothness Ly = sup,,¢| | Amax(V2F(w)). Hence if v, < 1/Ly, for all k we

Wi, Wi+1
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get that the loss is non-increasing. We now bound L;. Computing the hessian ot F', we obtain
that:
diag(VL(Sr)) 0 )
V2F (wy,) = .
)= (" i)

diag(w k) H diag(wy ;) — diag(w— ) H diag(wy k)
— diag(wy i) H diag(w_ 1) diag(w_ ;) H diag(w_ )/

(C.9)

My M, _
My_ M_
With this notation ||[V2F(wi)| < |IVL(Bk)|lso + 2||M]| (where the norm corresponds to the
Schatten 2-norm which is the largest eigenvalue for symmetric matrices). Now, notice that:

Let us denote by M = < > € R24x2d the second matrix in the previous equality.

IM|*= sup [ Mu|?
weR2 [y} =1
= sup HM (a'UJ’) H2
wy €Rfluy =1 bu-

u_ €R Jlu_ =1
(a,b)€R?,a2+b2=1

We have:
HM (a : u+) H2 _ H <aM+u+ + bM+_u_) H2
b-u_ aMi_uy +bM_u_
= |[aMyuy +bMy_u_||* + |[aMy_uy +bM_u_|?
< 22| M |+ 02 M |2 4 0 M s | + 82 M |?)

< 2 (1M 7 + M- |2 4 M- |2)
Since || M+ || < Anaz - |w= % and [|M1_|| < Mnael|w||ool|w—||co We finally get that

M2 < 6700
< 6770 (|07 [loo + 02 [|oc)*

<1200, |wd + w? |13 -

-max([Jwy ||, w-3,)?

We now upper bound this quantity in the following lemma.

Lemma 22. For all k > 0, the following inequality holds component-wise:

w? e+ w? =/ dod + B2

Proof. Notice from the definition of w, j and w_, given in the proof of Proposition 32 that:

lw_i| = o pery k= ag. (C.10)

lwy k

And ag = a?. Now since ay, is decreasing coordinate-wise (under our assumptions on the
stepsizes, 72V L(B)? < (1/2)? < 1), we get that.:

wi,k + w%’k = 2\/ozi + B2 < 2\/a4 + B2
leading to wi?k + wik < V4ol + B2 O
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From Lemma 22, wi et w? . is bounded by 2va* + B2. Putting things together we finally
get that |[V2F(w)|| < [[VL(B) e + 8Amazv/4lle||& + B2. Hence,
Ly < sup  [[VL(B)lloo + 8AmaxV/|let[[d + B? < LB + 8AmaxV/|let[|3 + B? < 10LB,

Bllc<B
for B > ||a|?,. O

We finally prove the bound on ||5k|loc independent of « for a uniform initialisation o = a1,
using the monotonic property of L.

Proposition 40. Assume that b = n (full batch setting). There exists some B = O(]|5*]|1) such
that for stepsizes v, < 57, we have ||By|lcoc < B for all k > 0.

Proof. In this proof, we first let B be a bound on the iterates. Tuning stepsizes using this bound,
we prove that the iterates are bounded by a some B’ = O(]|5*]|1). Finally, we conclude by using
the continuity of the iterates (at a finite horizon) that this explicit bound can be used to tune
the stepsizes.

Writing the mirror descent with varying potentials, we have, since Vhy(5y) = 0,

Vhi(Br) = =D VLB,

<k

leading to, by convexity of hg:

hie(Be) — hie(B*) < (Vhi(Be), B — BY) = — > _(%VL(Be). B — BY) -

<k

We then write, using VL(3) = H(3 — 8*) for H = XX, that — Y vtV L(Be), Br — %) =
- Z£<k 7[<XT(BIC - 6*)a XT(Bk - B*» < Z£<k Ye/ E(Bk)‘c(ﬁk)v leading to:

hie(B) — Pi(BY) <2 > 9L(B) Y veL(Br) < 2D 1L (Br) < 2Dpy (W, w0),

<k i<k i<k
where the last inequality holds provided that v < ﬁ. Thus,
Vay (Br) < Yoy, (B%) + 2%ay (B%) + (Pr, Br — 57) -

Thena <¢k7ﬁk_6*> < H¢k”l”ﬁk_ﬂ*“o® and ‘|¢k”1 < C)\max Zk<K ’Y]%ﬁ(ﬁk) < C)\max'Ymath(ﬁ*)-

Then, using ,
1 Ya(B) In([|8l1 + o)
we have:
1 " In([|B*]l1 + o) " In(]|5*[l1 + a®)
1Blloo < (/a2 8% (1 + W) +[18* (1 + W)

+ BDC)\maX'Ymath(/B*)/ 1n(1/a2)
< R+ BOC)\maX’Ymaxh0<5*)/ ln(l/a2) )

where R = O(]|5*||1) is independent of . Hence, since By = supj,. o || Bk|lcc < 00, we have:

Bo(1 — CAmaxYmaxho(8%)/In(1/a?)) < R = By < 2R,
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provided that Ymax < 1/(2CAmaxho(8%)/In(1/a?)) (note that ho(*)/In(1/a?) is independent
of a?).

Hence, if for all k we have v, < 55 where B bounds all ||8¢||o, we have ||B¢[oc < 2R for
all k, where R = O(||8*||1) is independent of o and stepsizes .

Let K > 0 be fixed, and

7 = inf {7 >0 st sup||Bkllec > 2R} .
k<K

For v > 0 a constant stepsize, let
¢(7) = sup ||Bklleo ,
k<K

which is a continuous function of v. For r > 0, let v, = ﬁ

An important feature to notice is that if v < =, and r bounds all ||Bg||cc, & < K, then
©(7) < R, as shown above. We will show that we have ¥ > ~9r. Reasoning by contradiction, if
¥ < vag: by continuity of ¢, we have p(5) < R and thus, there exists some small 0 < & < yop—7%
such that for all v € [¥,% + €], we have p(3) < 2R.

However, such +’s verify both ¢(v) < 2R (since v € [, + €] and by definition of €) and
v < y2r (by definition of €), and hence ¢(v) < R. This contradicts the infimum of 7, and hence
¥ > yar. Thus, for v < yop = ﬁ, we have ||Bk|lcc < R. O

O

C.6  Proof of Theorems 1 and 2, and of Proposition 17

C.6.1 Proof of Theorems 1 and 2

We are now equipped to prove Theorem 1 and Theorem 2, condensed in the following Theorem.

Theorem 8. Let (uk,vk)r>0 follow the mini-batch SGD recursion (8.3) initialised at uy =
V2a € ]Rio and vo = 0, and let (Bk)k>0 = (ur © vg)k>0. There exists and explicit B > 0 and a
numerical constant ¢ > 0 such that:

1. For stepsizes satisfying v, < 15, the iterates satisfy || v VLB, (Bk)|loo <1 and ||Brlloec < B
for all k;

_c_

2. For stepsizes satisfying v, < 15,

(Br)k>0 converges almost surely to some % € S,

3. If (Bk)r and the neurons (ug, vg)y respectively converge to a model 55, and neurons (Uoo, Voo)
satisfying i, € S (and B, = U © Vo), then for almost all stepsizes (with respect to the
Lebesgue measure), the limit B}, satisfies:

B;o = argmin D¢aw (5*750) s
B*es

for as € R‘io and BD € R? satisfying

o’ = o’ ®exp (— > q(wVLs, (5k))> ;

k=0

where q(z) = —% In((1 —22)2) > 0 for |z| < V2, and Bo is a perturbation term equal to:

where, q+(z) = F2z — In((1 F 2)?), and o = a® ® exp (— Y reo 4+ (VLB (Br)))-
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Proof. Point 1. The first point of the Theorem is a direct consequence of Corollary 5 and the
bounds proved in Appendix C.5.3.

_c_

LB>

th+1 (W*’Wk+1) < th (W*vwk) - ’Yk'ch (Wk) . (C‘ll)

Point 2. Then, for stepsizes v, < using Proposition 35 for any interpolator f* € S:

Hence, summing:

> wLe, (Br) < Diy(B8*, o),
k

so that the series converges.
Under our stepsize rule, ||y, VLs, (Br) [l < 3, leading to [[¢(ve VL, (Bk)llco < 3l VLs, (Br) |12

by Lemma 25. Using ||VLg, (Be)||? < 2L2Lp, (Bk), we have that In(a k), In(ay) all converge.
We now show that ), vxL(Bk) < co. We have:

S LB) =D wLs, (Br) + My,

<k 1<k

where My, = >, (L(Br) — L5, (Br)). We have that (M},) is a martingale with respect to the
filtration (F},) defined as Fj, = (8¢, < k). Using our upper-bound on >, _, v L5, (Br), we
have:

My, >y wL(Br) = > L, (Br) = —Dno(8%, o) ,

<k 1<k

and hence (Mj) is a lower bounded martingale. Using Doob’s first martingale convergence
theorem (a lower bounded super-martingale converges almost surely [Doob, 1990]), (Mj) con-
verges almost surely. Consequently, since Y, veL(Br) = > i, LB, (Br) + My, we have that
Y o<k YWL(Bk) converges almost surely (the first term is upper bounded, the second converges
almost surely).

We now prove the convergence of (wg). Since it is a bounded sequence, let w, ;) be a
convergent sub-sequence and let w3, denote its limit: wq ) — 8%.

Almost surely, >, %L(Br) < oo and so yL(B;) — 0, leading to L(fr) — 0 since the
stepsizes are lower bounded, so that £(8,()) — 0, and hence L£(5%,) = 0: this means that 5,
is an interpolator.

Since the quantities (ou)g, (ot i)k and (¢r)r converge almost surely to a, a4 and ¢,
we get that the potentials hy uniformly converge to hoo = Ya., — (oo, ) on all compact sets.
Now notice that we can decompose Vheo(5%,) as:

Vhoo(B5) = (Vhoo(B5) = VhseWo 1)) + (Voo (Wo (k) = VA (k) We k) + Vg (k) (Wok))-

The first two terms converge to 0: the first is a direct consequence of the convergence of
the extracted subsequence, the second is a consequence of the uniform convergence of h, ) to
heo on compact sets. Finally the last term is always in span(z,...,x,) due to Proposition 32,
leading to Vheo(B%) € span(zxy,...,z,). Consequently, Vhoo(55) € span(zi,...,z,). No-
tice that from the definition of hoo, we have that Vheo(8%) = Viba, (8% ) — ¢oo- Now since

2 _ .2 ~ ~
a;af‘ ), one can notice that [y is precisely defined such that Vi, (50) = doo-
Therefore Vipa,, (B2) — Vtbao, (o) € span(x1, ..., x,). This condition along with the fact that

w}, is an interpolator are exactly the optimality conditions of the convex minimisation problem:

$oo = % arcsinh(

. D * =
min Dy, (B*, Bo)
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Therefore 55 must be equal to the unique minimiser of this problem. Since this is true for any
sub-sequence we get that wi converges almost surely to:

b5, = arg min Dy, (B*,BO).
BES

Point 3. From what we just proved, note that it is sufficient to prove that ay, ot 1, ¢ converge
to limits aoo, 04 o0, Poo SatiSEYing oo, 04 oo € Rio (with positive and non-null coordinates)
and ¢oo € R% Indeed, if this holds and since we assume that the iterates converge to some
interpolator, we proved just above that this interpolator is uniquely defined through the desired
implicit regularization problem. We thus prove the convergence of oy, oy 1, @i

Note that the convergence of uy, v is equivalent to the convergence of w4 j, in the w_%_ —w?
parameterisation used in our proofs, that we use there too. We have:

Wi g1 = (1 F VLB, (Br)) © we g,

so that

In(w? ) = > (1 F7%VLs,(5:)%) -
<k

We now assume that stepsizes are such that for all £ > 0 and i € [d], stepsizes are such that
we have |v,V;Lp,(8)| # 1: this is true for all stepsizes except a countable number of stepsizes,
and so this is true for almost all stepsizes. Since we assume that the iterates 8y converge to
some interpolator, this leads to v,V Lg,(8¢) — 0 if we assume that stepsizes do not diverge.

Taking the limit, we have

n(wl ) =Y In((1F%VLs,(Be))

(<00

This limit is in ({—co} UR)? (since wi o € R?), and a coordinate of the limit is equal to —oo
if and only if the sum on the RHS diverges to —oco (note that from our assumption just above,
no term of the sum can be equal to —o0).

We have In((1FvVLg,(8))?) ~ F27VLs,(Be) as £ — 0o, so that if for some coordinate i we
have >, 7¢ViLp,(B¢) = Foo, then the coordinate ¢ of the limit satisfies ln(wzim) = 400, which
is impossible. Hence, the sum Y, 7, VLp,(8) is in R? (and is thus converging); consequently,

> 072V LB, (Be)? converges and thus Y, ¢(vVLs,(B)) and Y, g+ (7 VLs,(Be)) all converge: the
sequences o, ot i, thus converge to limits in Rio, and ¢y converges, concluding our proof.

O]

C.6.2 Proof of Proposition 17

We begin with the following Lemma, that explicits the curvature of Dj around the set of
interpolators.

Lemma 23. Forallk >0, if L(Br) < 2)\max( Xt )2 we have Hﬁk—ﬁékﬂz < 2B(a?XE )V TIL(B).

min min

Proof. Recall that the sequence z* = Vhy(w*) satisfies z° = 0 and z*T! = z¥ — 4, L(wF), so that
we have that z° € V = Im(XXT") for all k > 0. Then, let w¢ be the unique minimizer of hy
over S the space of interpolators: wy is exactly characterized by XTW,% =Y and Vhi(wg) € V.
We define zff € V as z = Vhg(wy).

Now, fix z% = zf and h = hy, and let us define ) : z € V. — Dp«(z,2%) and ¢ : z € V —
L(Vh*(z)). We next show that for all z € V, there exists . such that V2¢(z) > u.V?1(z),
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and that p, > p for z in an open convex set of V around z®, for some p > 0. For A € R¥*9 an
operator /matrix on R?, let us denote Ay its restriction/co-restriction to V.

First, for z € V, we have V29 (z) = V?(h*(z) — h*(z) — (Vh*(2%), 2 — 2%))(z) = V2h*(z)y.
Then, Vé(z) = V2h*(z)VL(Vh*(z)), so that V2¢(z) = (Vzh*(z)Vzﬁ(Vh*(z))VQh*(z))V +
V3R (2) (VL(VA*(2)), - v

Since h is 1/(2a2) smooth (on R? and thus on V), h* is 2a? strongly convex (on V and
on RY). Using V = Im(XX ") and V2£ = XX, we have (V2h*(2)V2L(Vh*(2))V?h*(2)), =
V2h*(z)y VEL(VH*(2))y V2h*(z)v, and thus (V2h*(2)V2L(Vh*(2))V?h*(2)),, = 20° A5, V2h*(2)y.

For the other term of V2¢, namely V3h*(z)(VL(Vh*(z)),-, )y, we compute V?jkh*(z) =
1i=j=k20412,k sinh(z;), leading to: V3h*(2z)(VL(Vh*(z)),-, )y = diag(2a?sinh(z)®(XX T (202 sinh(z)—
w?)))y. Thus, writing w, = 20‘12,k sinh(z) = Vh*(z) the primal surrogate of z, we have:

V3h*(z)(V£(Vh*(z)), S diag(QOzzk sinh(z) ® (XXT(WZ —wi)))y
—[|XX T (W, — w)||oo diag(2a3 @ | sinh(z)|)y
—|1XX T (W — W)||oo diag(2a3 © cosh(z))y
= — XX (wy — i) | V24 (2) .

Y 1Y

Wrapping things together,

V2¢(z) > (2042/\+

min

— XX (W — W) oc) V2(2)

Let Z = {z eV : || XX (w; — w)[loc < a®Af, } that satisfies {w eV :L(wg) < 2/\Ilmx (042);“1)2} C
Z. Z is an open convex set of V containing z®. On Z, VZ¢ = o’ V2, and ¢(z%) =
#(z*) = 0, so that for all z € Z, we have ¢(z) > oAl o(z). Hence, for all z € Z,
we have Dy, (B¢,8,) < Dps(z,2%) < (a?A}1,)7'L(B,), and using the fact that Dy, is {5
strongly convex, we obtain, for 3, = B (since z¥ € V): if £(B;) < 2>\,1nax(0‘2/\r:in)2’ we have

187 = Bell3 < (@?Ag) " L(B)- O

Proposition 41. As assume L is L,.-relatively smooth with respect to all the hy’s. Then for all
B we have the following inequality.

Vi (L(Brt1) — L(B)) < Dn, (B, Bk) — Dy (B5 Brv1) — (1 — L) Dry, (Bry1, Br)
+ (he+1 — hi)(B) — (hk41 — hi) (Br+1) -

Proof. For any f3, Bk, Br+1, the following holds (three points identity for time varying potentials,
Proposition 36):

D, (B, Bk) = Diyry (B, Brr1) = [he(B) — (hi(Br) + (Vhi(Br), B — Br))]
— [P+1(B) = (hies1(Brt1) + (Vhis1(Brt1), B — Brt1))]
= hi(B) = hiy1(B) + (Vhry1(Brr1) — Vhe(Br), B — Brr1)
+ i1 (Bra1) — [he(Br) + (VEr(Br), Bes1 — Br))
= hi(B) = hiy1(B) + (Vhgp1(Ber1) — Vhe(Br), B — Brr1)
+ M1 (Brt1) — Pr(Brs1) + Dy, (Brv1, Br)-

Rearranging and plugging in our mirror update we obtain that for all g:

YAV L(BE), Ber1 — B) = Dny (85 Bk) — Dy (B Brer1)
— D, (Brt1, Br) — (hrsr — hi) (Brs1) + (hir — ha) (B).
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From the convexity of £ and its L,-relative smoothness we also have that:

L(Brs1) < L(B) + (VL(BR), Bet1 — B) + Lr D, (Brt1, Br),

Finally:

Vi (L(Br+1) — L(B)) < Dny (B, Bk) — Dhyyy (B5 Bre+1) — (1 — v L) Dhy, (Bre+1, B)
+ (hir1 — hi) (B) = (hi+1 — Tue) (Br41)-

Note that in our setting, for any (3, k +— hy(53) is increasing. We can therefore write that:

Y (L(Bry1) — L(B)) < Dp,. (B, Bk) — Dhyy (B, Brey1) — (1 — Ly ) Diy (Brs1s Br) + (hir — b ) (B).

In particular, for 8 = g*:

YL (Br+1) < Diy (B, Bk) — Dhyy (B, Bew1) — (1 = L) Dy (Bre+1, Br) + (hi1 — hi)(8%)
— (Pget1 — hi) (Br+1)
< Dp, (8%, Bk) = Dhyy (B%5 Brw1) — (1 = v L) Dy, (Brv1, Br) + (hig1 — hie) (B7)

and in 8 = Bi:

WL (Bra1) < L(Br) — Dhyy (Brs Brv1) — (1 — viLy) Diy (Bt 1, Br) + (hig 1 — ha) (Br)
— (hit1 — P) (Brt1)
<%L(Br) = Dhyyy (Br, Brr1) — (1 — v L) Dpy, (Brt15 Br) + (hi1 — ha) (Br)

O

Proof of Proposition 17. We apply Proposition 41 for § = B, with L, = 4BL (using Lemma 26)
and replacing £ by Lp,, to obtain:

Y (LB, (Br+1) — L5, (Br)) < —Dhyyy (Brs Bry1) — (1 — YLy ) Dpy, (Bt 1, Br)
+ (Pget1 — i) (Br) — (hirr — ) (Br+1) 5

and thus, taking the mean wrt By,

Yk (Eg, L(Br+1) — L(Br)) < —Ep, Dhyyy (Brs Br+1) — (1 — v Lr)En, Dhy, (Brt15 Br)
+ Egy (hr+1 — hi) (Bk) — Es, (hk+1 — hi) (Br41)
< —(1 = % Ly)Eg, Dp,, (Br+1, Br)
+ Eg, (A1 — hie) (Br) — Eg,, (hie1 — hie) (Br+1) -

First, as in the proof of Proposition 37, using the fact that hy is In(1/ag) smooth,

1
Dy (Wit 1, k) > s [V (W) — % VLB, (Wi) — V(W) + VA1 (Weg1) — Vig(Wegr) |13
21n(1/04k)
1

1 -
41n(1/ak)

176V LB, (Wi)]|3

and thus

b
2In(1/ay)

Ap

EDp, (Wr1,Bk) > E IV hi(Wg) = Vg1 (wg)||3 + m%ﬁﬁs(wk)
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Now, we apply Lemma 27 assuming that ||5*||oc, ||Bk+1]|cc < B (which is satisfied since we are
under the assumption of Theorem 2):

(hiyr — ha) (Br) — (har — b ) (8%) < 24BLA L, (B) -
Using |Vhg(w) — Vhgi1(w)| < 205 where 0, = q(7:VLp, (Br)) as in Proposition 37, we have:
E||Vhx(wi) = Vhgi(wi) |3 < 16ByE(VLs, (B)||* < 32BLAZEL(By) -

Wrapping everything together,

E [£(Br11) = £(Br)] < —(1 = WABL) 51— ( / SWEL ()
+ (1~ 4 BLRABL + L) B L)

Thus, for v < T/ (mmn; apd)
Using Lemma 23, we then have:

y> We have the first part of Proposition 17.

E[H/Bk_ 21@“2] =E 1{£(5k)§2 0(2)\$1n }HlBk_ gk||2:|
B Lo g 186~ Bl

[ 2y + 1
{ﬁ Br)< 2>\ma ( 2)\;"‘)2}23( )‘mln) ‘C(ﬁk)]

P (£ > g0 )?) x 457
< BN, B [£(5)

min

E [£(6r)]
i 2)\r1nax( 2;‘€$1n)2 - 432

<E|1

= 2B(a?,) 7 (1+ 5 VE L8]

min
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C.7 Proof of miscellaneous results mentioned in the main text

In this section, we provide proofs for results mentioned in the main text and that are not directly
directed to the proof of Theorem 8.

C.7.1 Proof of Proposition 8.5.1 and the sum of the losses

We start by proving the following proposition. We then continue with upper and lower bounds
(of similar magnitude) on the sum of the losses.

Let Ap, Ay > 0 2 be the largest and smallest values, respectively, such that \yH < Eg [Hl%] =
AyH. For any stepsize v > 0 satisfying v < 57 (as in theorem 2), initialisation a1 and batch
size b € [n], the magnitude of the gain satisfies:

My? Y JEL(By) < E[[|Gaing [1] < 2A57° Y T EL(B) (8.10)
k k
where the expectation is over a uniform and independent sampling of the batches (Bj)x>0.

Proof. From Lemma 25, for all —1/2 < x < 1/2, it holds that z? < g(z) < 22%. We have, using
17 VLB, (Bk)|looc < 1/2 (which holds under the stepsize assumption):

E||Gain, [, = —E) "In (%)
— Z ZEq(wviﬁBZ(@))

<o 1

<23 N E(weVils, (8e)”

(<o 1

= > VEIVLE (B3

J24eS)

<4Ap Y VELs,(Br)

<0

since E||[VLg,(80)|13 < 2ApL5,(B¢). For the left handside we use q(z) > 22 for x| < 1/2 and

E(|VLs, (Bo)ll3 > 2MLp, (8¢). Finally, since By independent freom 3y, we have ELg,(8;) =
EL(B). O

Proposition 42. For stepsizes yx = < 15 (as in Theorem 2), we have:
S"EL(5) = © (1]} In(1/0)
k>0

Proof. We first lower bound ), _ v2Lp, (Bk). We have the following equality, that holds for
any k:
Dy, ., (8%, Bry1) = Dp, (8%, Br) — 2vLB,, (Be) + Dy (Brs Bry1)
+ (hie = hag) (Br) = (hi — hir) (B%)

leading to, by summing for k£ € N:

Z 2vLp, (Br) = Dho(ﬁ*,ﬁo)—klggo Dy, (6%, Br)+ Z th+1(5kaﬁk+1)+z (hie—his1) (Be)— (bl —hieg1 ) (B7) -

k<oo k<oco k<oco

2Ab, Xp > 0 are data-dependent constants; for b = n, we have (An, An) = (A}, (H), Amax(H)) where A\t

min(H)
is the smallest non-null eigenvalue of H; for b = 1, we have min; ||z;|3 < M1 < A1 < max; ||=]|3.

159



APPENDIX C. APPENDIX FOR CHAPTER 8

First, since hy — hoo, Bk — Boo, We have limy o0 Dy, (8%, Br) = 0. Then, Dy, ., (Bk, Bet1) > 0.
Finally, | (hx — his1) (Be) — (hie — hi1) (8%)] < 16 BLyy* L, (Bx). Hence :

Z 2’7(1 + 16’)/BL2)£Bk (5k) > Dho (B*aﬁ()) 5

k<oo

and thus >, VLB, (Bk) = Dpy(B*, Bo)/4 for v < ¢/(BL) (with ¢ > 16). This gives the RHS
inequality. The LHS is a direct consequence of bounds proved in previous subsections.
Hence, we have that

7Y L(BR) = © (YDi (8%, o)) -
k

Noting that Dy, (8%, 80) = ho(8*) = ©(In(1/a)||8*[|1) concludes the proof. O

C.7.2 J, is negligible

In the following proposition we show that fy is close to 0 and therefore one should think of the
implicit regularization problem as 3%, = argmin g« ¢ g Yo, (6%)

Proposition 43. Under the assumptions of Theorem 2,

|Bol < o,
where the tnequality must be understood coordinate-wise.
Proof.

|
ol = 3l |

= S0 exp(— Y4 (WVL(B) — exp(— 30 (wVL(5)]
k k
< a2

— )

where the inequality is because gy (v VL(Bk)) > 0, ¢— (7 VL(Bk)) > 0 for all .

C.7.3 Impact of stochasticity and linear scaling rule

Proposition 44. With probability 1 — 2ne=%/16 — 3/n% over the z; ~iiq N(0,0°1y), 61%(1 +
0(1)) < X < Ap < 2% (1+0(1)),

so that under these assumptions,
S EL(B) = 6 (108 |1 In(1/a)) -
k

Proof. The bound on Ay, Ay is a direct consequence of the concentration bound provided in
Lemma 33. O
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C.7.4 (Stochastic) gradients at the initialisation

To understand the behaviour and the effects of the stochasticity and the stepsize on the shape
of Gain., we analyse a noiseless sparse recovery problem under the following standard Assump-
tion 17 (see Candes et al. [2006]). As as common in the sparse recovery literature, we also make
the following Assumption 18 on the inputs.

Assumption 17. There exists an s-sparse ground truth vector B3, where s verifies n =

Q(sln(d)), such that y; = (Biparse> i) for all i € [n].

Assumption 18. There exists 9, c1,co > 0 such that for all s-sparse vectors 8, there exists € €
R? such that (X" X)B = B+ where ||]|os < 8||Bl2 and c1|8]131 < 237, 22(x;, B) < 2| B131.

The first part of Assumption 18 closely resembles the classical restricted isometry property
(RIP) and is relevant for GD while the second part is relevant for SGD. Such an assumption is
not restrictive and holds with high probability for Gaussian inputs N (0,0%1;) (see Lemma 30
in Appendix).

Based on the claim above, we analyse the shape of the (stochastic) gradient at initialisation.
For GD and SGD, it respectly writes, where go = V.L;,(80)?, io ~ Unif([n]):

1
VL(o)? = [XTXGT, Eigloo) = =D wi w57,
The following lemma then shows that while the initial stochastic gradients of SGD are homoge-
neous, it is not the case for that of GD.

Proposition 45. Under Assumption 18, the squared full batch gradient and the expected stochas-

tic gradient at initialisation satisfy, for some e verifying ||€|loc << ||B2parsellZ:

2 _ 2
Vﬁ(ﬁo) - ( :parse) +e, (012)
Eig[VLio (50) = ©(118*31) - (C.13)
Proof of Proposition 45. Under Assumption 18, we have using;:

Vﬁ(ﬁo)Q = (XTXB:parse)
= (B:parse + 5)2
2
= ﬁ;parse + e + 25B:parse :
We have ng + 255;parse”00 < H5||go + 2H5HOOHB;parseH007 and we conclude by uSiIlg ||€||OO S

6”/8;parse”2'
Then,

1 *
Einnif([n])[VEi(BO)Q] = Exz2<xlv sparse> )

and we conclude using Assumption 18.

Proof of Proposition 31. The proof proceeds as that of Proposition 45. O
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C.7.5 Convergence of a., and f, for v —0

Proposition 46. Let By(7), o () be as defined in Theorem 1, for constant stepsizes vy = 7.
We have:

60(7)%07 aoo—>ozl,

when v — 0.

Proof. We have, as proved previoulsy, that

1Y " VLs, (Bl <Y A2IVLE, (B)?h
k k
=> VIVLs (B3
k
<2Ly*)  Ls, ()
k

< 2L7Dho (/8*7 /30) )

for v < 57. Thus, >, Y2V Lp, (Br)? — 0 as v — 0 (note that B4 implicitly depends on 7, so
that this result is not immediate).
Then, for v < 5%,

(e /a®)ll < Y- e LB <22 IV Ls, (861
k k

which tends to 0 as v — 0. Similarly, || In(a? . /0?)|l1 = 0 and || In(a?  /a?)[1 — 0 as y — 0,

leading to Bo(y) — 0 as v — 0.
O

C.8 Technical lemmas

In this section we present a few technical lemmas, used and referred to throughout the previous
proofs.

Lemma 24. Let ooy, >0 and 2 € R, and = afe” —ae™". We have:
2 _ 2
arcsinh ( & ) =z +1In <a—+) = x + arcsinh (&> _
20a- a— 200

Proof. First,

1 _
f_1 (Oﬁex — (&) 1€—x)
20 2 \a~ o
ertn(at/a) _ o—z—In(ay/a-)
a 2

= sinh(z 4+ In(a4 /a-)),

hence the result by taking the arcsinh of both sides. Note also that we have In(ay/a_) =

2 2
arcsinh( ZL z: ). O

Lemma 25. If |z| < 1/2 then 22 < q(x) < 222
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Lemma 26. On the {4, ball of radius B, the quadratic loss function 3 +— L(B) is 4 \max max (B, a?)-
relatively smooth w.r.t all the hy’s.

Proof. We have:

V2h(8) = diag (

1 . 1
o) = )

; ; 2 1. : 1 1 _ 1
sice o <« Component-WISe. Thus, \% hk(ﬁ) >~ 5 min (mlnlgigd m, W) d= Wld,
. 1 _ 00 . . . _
and hy, is max(1B.4a7) strongly convex on the £°° norm of radius B. Since L is Apax-smooth over

R?, we have our result. ]
Lemma 27. For k >0 and for all B € RY:

[P1(w) = hi(wW)| < 8L L, (B) [ Wl
Proof. We have O‘2+,k+1 = oz%ﬁke_‘sﬁk and 04277,{“ = aike_‘s—vk‘, for 041 = (VLB (Wg)) and

d0_ k= q(— VLB, (Wg)). And api1 = oy exp(—9;) where 6y := 04 + 90— = ¢(v VLB, (Br)).

To prove the result we will use that for w € R%, we have |(hpy1—hg)(w)| < Z?:l fo‘wi‘ \Vihgi1(z)—

First, using that| arcsinh(a) — arcsinh(b)| < |In(a/b)| for ab > 0. We have that

2
. T ) T «
‘ arcsinh ( 5 ) — arcsinh ( 2) ‘ <In 2’“
« « o
k+1 k k+1

:6143)

since &g > 0 due to our stepsize condition.

2 2
04, —=0— ] . Tk
We now prove that |¢p1 — ¢r| < 3 . We have ¢ = arcsinh ( o o ) and hence,

|Ppr1 — Pkl =

2 2 2 2
ot — o «o -«
) k —k . k+1 — k+1
arcsinh <7+’ : ) — arcsmh( okt ot ) .
O Ok 2004 k10— k41

Then, assuming that a4 ,; > a_ ;;, we have:

2 A2 2 ki 2 Ok
a+7k+171 a77k+17l frd 66k72/2 a+7k77f'e " ' « i€ '

—, ki
2004 kg 1,00 k1,6 2004 iQ— ki
( 2 2
Op ki 0 ki O ;T L
e 3 ki ki e Opi > 0 pi
< 2004 O i
= 2 2
5 ka0 ki QU C—af
ey T hkd Tokid e O i > Oy i
2004 0 i
(s 5 o, —a? .
+.ki O— ki — .
e 2 M If 5+,k,’L 2 67,]&@'
S 2004 i O~ ki
= 2 2
S ki Ok O o, — QLo
T Rt TRy 0 pi > Oy ki

2004 i ki
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B |5+,k,r5—,k,i‘ “M—,k,ré—,k,i’
2

o —a? .
,e 2 X skt =kt and this holds

o g1, g
We thus have _toktli T—ikt1 = 5 . *,
Ot ki X ki

2004 k41,600 k41,6

similarly if ay j; < a_ i ;. Then, using |arcsinh(a) — arcsinh(b)| < |In(a/b)| we obtain that:

|Prs1 — Ok| =

2 2 2 2
ot — o o -«
) k —k . k+1 — k+1
arcsinh <7+’ : ) — arcsmh( it et )
200 kO k 2004 k10— k+1

o e —0-pl
- 2
Wrapping things up, we have:

|04 5 — 60— k|
2

Ith(W) — th+1(w)| < 6 + < 2614:,

This leads to the following bound:
|1 (W) — hu(w)| < ([20], [wl)

< 2[|9k /1 Iwlloo-

Recall that 6y = q(vxVLp, (Bk), hence from Lemma 25 if v4||VLg, (Br)|lec < 1/2, we get
that

16kll1 < 2981V L, (Bi) 13 < 4Lai L5, (Br).
Putting things together we obtain that

[te1 (W) — e (W)| < (|20, [w)
< 8L27i L5, (B) Wl oo-
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C.9 Concentration inequalities for matrices

In this last section of the appendix, we provide and prove several concentration bounds for ran-
dom vectors and matrices, with (possibly uncentered) isotropic gaussian inputs. These inequal-
ities can easily be generalized to subgaussian random variables via more refined concentration
bounds, and to non-isotropic subgaussian random variables [Even and Massoulie, 2021], leading
to a dependence on an effective dimension and on the subgaussian matrix 3. We present these
lemmas before proving them in a row.

The next two lemmas closely ressemble the RIP assumption, for centered and then for
uncentered gaussians.

Lemma 28. Let z1,. .., 2, € R? be i.i.d. random variables of law N'(0,I;) and H = 2 31" | vz
Then, denoting by C the set of all s-sparse vector § € R satisfying ||B|l2 < 1, there exist
Cy,Cs > 0 such that for any e > 0, if n > CysIn(d)e~2,

P(sup||HB —flloc >e | <e .
BES

Lemma 29. Letz1, . ..,2, € R? be i.i.d. random variables of law N'(p,0%13) and H = 1 37 | wz ]
Then, denoting by C the set of all s-sparse vector f € R satisfying ||f|l2 < 1, there exist
Cy,Cs > 0 such that for any e > 0, if n > CysIn(d)e 2,

P (Zug I1HB — plp, B) — 0Bl > e) <e O,
S

We then provide two lemmas that estimate the mean Hessian of SGD.

Lemma 30. Let x1,...,x, be i.i.d. random variables of law N (0,1;). Then, there exist ¢y, co >
0 such that with probability 1 — d% and if n = Q(s*1n(d)), we have for all s-sparse vectors f:

1 n
allBIBt < = 3 a2, 5)2 < eaIBl31,
i=1

where the inequality is meant component-wise.
Lemma 31. Let x1,...,z, be i.i.d. random wvariables of law N (u,0%13). Then, there exist
co, c1,¢2 > 0 such that with probability 1 — 55 — L and if n = Q(s*/*1n(d)) and p > 40+/In(d)1,

we have for all s-sparse vectors B:

2
o (02 4 31818) < & 5o 0 < 44 (s 52 + 20%318)

n

where the inequality is meant component-wise.
Finally, next two lemmas are used to estimate Ay, Ap.

Lemma 32. Let x1,...,2, € R? be ii.d. random wariables of law N (ul,0?l;). Let H =
LS wiw] and H = L1370 |\ag||2z2) . There exist numerical constants Cy,Cs > 0 such that

]P’(Cz(,u2 + aQ)dH = H = C3(M2 + az)dH) >1— Ine—4/16
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Lemma 33. Let z1,...,2, € R? be i.i.d. random variables of law N (ul,c%1;) for some p € R.
Let H= 15" a;2] and for1 <b<nlet H,=Ep [(% Y ien xzx:)z} where B C [n] is sampled

uniformly at random in {B C [n] s.t.|B] = b}. With probability 1 — 2ne=%'6 —3/n?, we have,
for some numerical constants ¢y, ca,c3,C > 0:

(01 d(MQZ_ 0'2) e (0'2 +$21n(n) B C3'u:ld) H < Hb < c <d(,u2;_o'2) N (0'2 —I—QIH(H) —|—M2d)

Proof of Lemma 28. For j € [d], we have:
1 n
Hp); = EZ%J’(M,@
i=1
1 n d
= 2 D @iy By

1 izl j'=1 1 .
== ahBi+— Y Y wiwiby
i =gy
- % Z T Z zij Y iy By -
=1 jiA

We thus notice that E[HfS] = 3, and

n

1 n
(HB); = B; + }j +n§¥h

where 2; = @4 355 ij By, and 30 wij By ~ N0, 181> — B8%) and ||B]*> — 87 < 1. Hence,
zj + % — 1 is a centered subexponential random variables (with a subexponential parameter of
order 1). Thus, for ¢ < 1:

Hence, using an e-net of C = {8 € R?: ||B]l2 < 1,[|Blo} (of cardinality less than d* x (C/e)?,
and for ¢ of order 1), we have, using the classical e-net trick explained in [Chapt. 9, Vershynin
[2018] or [App. C, Even and Massoulie [2021]]:

Bj 1
‘ﬁg D+ 5D

i=1

> t> < 9e—ent®

P ( sup |[(HB); — Bj| > t) < dXdS(C/s)SXQG_C”t2 = exp (—cln(2)nt2 + (s + 1) In(d) + sIn(C/e)) .
BeC, jeld]

2

Consequently, for t = € and if n > Cysn(d)/e*, we have:

P ( sup |(HB); — Bjl > t) < exp (—Csnt?) .

BeC, jeld]
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Proof of Lemma 29. We write x; = oz; + 1 where z; ~ N(0, I;). We have:

n

1
X'xp== ;
8 ni§:1(u+w)<u+0z B)
2 n n

:M<Maﬁ>+izzz Zw Z:U’Z“ +%Zzl
02 Zzl Z<:
= ?Zzl zi, B) + op{— Zzu Zzz
=1

The first term is deterministic and is to be kept. The second one is of order o3 whp using
Lemma 28. Then, 1 3" | 2, ~ N(0,I3/n), so that

P (‘szi,m
=1

3

> t) < 90—t/ (2l18113) ’

and

1 n

P ( *Zzi]’ 2t> < 2e ™ /2

i

Hence,
1 < 1< 2
P [ sup —Zzzj >t, sup <—Zzl,ﬂ> >t | < gecsIn(de—nt?/2
pec i3 e pec| Mo

Thus, with probability 1 — Ce~"* and under the assumptions of Lemma 28, we have || X T X —
B — 0*Blloc < € O

Proof of Lemma 30. To ease notations, we assume that o = 1. We remind (O’Donnell [2021],
Chapter 9 and Tao [2010]) that for i.i.d. real random variables ay,...,a, that satisfy a tail
inequality of the form

P(la; — Eai| > t) < Ce™ ", (C.14)

for p < 1, then for all € > 0 there exists C’, ¢’ such that for all ¢,

n
P(% Zai — Eaq| > t) < Ol T

i=1
We now expand % S xH (@, B)%
IR 2 1 2
- le (@i, B)" = — | > alzawiBiBe
i=1 1€[n],k,L€[d]
1 2.2 1 2
= > aiais+ - > wlwiniBeBe.
i€[n],ke(d] 1€[n],k#£LE€[d)

Thus, for j € [d],

(in?@fz, > Z Bk Z Ti; 1k+ Z ﬁkﬁg Z :wazkng.
=1 j

ke [d] i€[n] k#eeld i€[n]
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We notice that for all indices, all = ]xzkxw and x :c 7, satisfy the tail inequality Equation (C.14)
for C =8, c=1/2 and p = 1/2, so that for e = 1/4

n n
Pl Yo byl 1) < Cet (LY whek ~E[afal] | 21) < Cle.
=1 i=1

For j # k, we have E [ Ty Zk} = 1 while for j = k, we have E [ =K [x‘.l} = 3. Hence,

’L] zk:| iJ

P|3j,k#20, $LL‘$ >t,|— Jjaj l’l’ >t Scld2€_c/nt1/4'
]’ 1] ikl iJ ik ij ik

Thus, with probability 1 — C'd%—dm” ! for all j € [d],
1 n
(n Zﬂ«"?@ci,ﬁ)?) =287 = 1IBl3] < Y 1BxlIBel =t BIIF -
i=1 j k.t

Using the classical technique of Baraniuk et al. [2008], to make a union bound on all s-sparse
vectors, we consider an e-net of the set of s-sparse vectors of £2-norm smaller than 1. This e-net
is of cardinality less than (Cp/e)*d®, and we only need to take € of order 1 to obtain the result
for all s-sparse vectors. This leads to:

. 1
P [ 38 € R? s-sparse and ||B|z <1, 3j € RY, (n fo@;i,w) — 267 — |1B13] > ¢8I}
=1 j
< C/d2ecls+s ln(d)e—c’ntl/4 )

4
This probability is equal to C’/d? for t = (W) . We conclude that with probability

c'n

1 — C'/d?, all s-sparse vectors 3 satisfy:

1 - 4)In(d 4 N n(d 4
<n;x3<fﬂivﬁ>2>j—2ﬁf—HBH% < (L ras) gy o (LB Eas) gy,

and the RHS is smaller than ||3]|3/2 for n > Q(s/*In(d)). O

Proof of Lemma 31. We write x; = p + oz; where z; ~ N(0,1). We have:

1
. . > f) < pln(nd)—t2/2 _ &
P(Vze[n},WE[d], |zlj|_t) <e =

for t = 2¢/In(nd). Thus, if p > 40+/In(nd) we have § < x; < 24, so that
2 2

H Cp2 o L Z 2, m2 o An Z A\2

% 7; <x175> S E - xi <wZ76> S n i <‘TZJB> .

Then, {(x;, 8) ~ N((i, 8),02]|8]|2). For now, we assume that ||3|2 = 1. We have P(|{x;, 8)% —
(n, BY2 —a?|BlI3] > t) < Ce=/7" and for t < 1, using concentration of subexponential random
variables [Vershynin, 2018]:

'

LS i, B = (1, BY — 2|82

n =
i

) < Cle—nc’t2/cr47
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and using the e-net trick of Baraniuk et al. [2008],

1 2 2 2 2 1 sln(d)—nc't2 /ot C’
P(ZEIC) n;<xla5> _</'L>6> _O-HBHQ Zt Sces () ne't*/o :ﬁa
for t = o2|| 33 w. Consequently, we have, with probability 1 — % - L.
p o L 900 1 2 2 2 2 213112
T (8 + 507813 ) < 3 ad(wi ) < ap® (. 8)° +20°(1]13) -
i

Proof of Lemma 32. First, we write x; = pul + oz;, where z; ~ N(0, I), leading to:
=S helwial = = S (%l + di® + 2001, 22)) i
i€[n) i€[n]
We use concentration of Xﬁ random variables around d:
P(x2>d+2t+2Vdt) >t)<et and P(x%>d—-2Vdt)<t)<et,
so that for all i € [n],
P(||zi|13 ¢ [d — 2V dt, d + 2t + 2V/dt]) < 2e7*.

Thus,
P(Vi € [n], ||zl € [d — 2Vdt, d + 2t + 2V/dt]) > 1 — 2net.

Taking t = d/16,
d
P(Vi € [n], ||zl3 € (5 13d/8]) > 1 - one~ 416

Then, for all i, (1, z) is of law N(0, d), so that P(|(1, z;)| > t) < 2¢~**/(24) and

2
P(V/L € [n]v |<lazl>| > t) < 2716_;7‘1 .

Taking ¢ = v/2d%/4,
P(Vi € [n], [(1,2)] > d**) < 2ne=®"”

Thus, with probability 1 — 2n(e~%16 + e~V we have Vi € [n], |(1,2)] > d** and ||z} €
[%, 13d/8], so that

d ~ 13d
(50° +dp® - 2ucd®*)H < H < (%02 +dp® + 2u0d¥ /) H
leading to the desired result. O
Proof of Lemma 33. We have:
. 1 T
Hb =K be Z (.CC,‘,IL‘j)ZCZ'xj
1,jEB
=E iZHxHQxxT—Fi Z (i, x5)zix]
- b2 1|24t g b2 (R Vg
| €B 1,JEB, i#]
1 , 1 .
=1 Z P(i € B)||x||3ziz] + 02 ZP(@,] € B)(xi,xﬂxix; )
1€[n] i#£]
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Then, since P(i € B) = % and P(i,j € B) = sgz:ll)) for i # j, we get that:

- s o (b ,

1€[n] i#]

Using Lemma 32, the first term satisfies:

d 2 2 1 d 2 2 .
P(wb—’_U)CQH j % Z H(I}ZH%:QCUZT j w[)—mC;gH) Z 1-— 2neid/16 .

i€[n]

We now show that the second term is of smaller order. Writing z; = pul+o0z; where z; ~ N (0, I),
we have:

o 0o
m ;(xz,x]>xzx;— = m Z<$Z,x]>xzx;—

For i # j, (x4, 2;) = Eizl Tkl = ZZ:l ay, where a = x;,x ) satisfies Eay, = 0, Eaz =1
and P(ay > t) < 2P(|z| > Vi) < 4e~Y/2. Hence, ay, is a centered subexponential random
variables. Using concentration of subexponential random variables Vershynin [2018], for ¢ < 1,

1
P <d|<xi,xj>] > t) < Qe cdt
Thus,
1
P <Vi # 7, g|(xz,x]>] < t) >1—n(n-— 1)€_Cdt2 .

Then, taking t = d—'/241n(n)/c, we have:

| 41n(n) 1
(v Gl < 220 21 -

Going back to our second term,

(-1 T (=1 T
bn(n — 1) Z<Jiz,$1>:€1:ﬂj = =1 Z<$z,fﬂg>($zl‘j + xjz; )
7] i<j
(b—1)
<m2\w (i) +age]).

where we used xszT + zjx] < mw] + xijT Thus,

b—1 b -1)
=1 Z(xz,a:])xla:; =< sup |(z;, xj)| X Z zix] + zj7; 1)

= sup [(x;, z;)| X bot 1 T
i#] v b n—lé v
b—1 n

= sup |{x;, z;)| X ——
up Gai, )] X =y

Similarly, we have

(b—1)
bnn—l

b—1 n
b n—-1

Z Ti, Tj) a:zx > —sup](xz,mjﬂ X
Py i
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Hence, with probability 1 — 1/n?,

~4ln(n) b—-1 n < (b—1) 4In(n) b—1 n

ceVd Ty -1 _bn(n—l);@’xﬂl‘x]_ cVd Ty -1

Wrapping things up, with probability 1 — 1/n? — 2ne=4/16,

4In(n)b—1 n d ~ 4ln(n)b—1 n d
- YN xH <0, < ) < H.
( ~/d b n1+02b>x = b—<c\/3 b no1 O

Thus, provided that 4ir\1/(g) < % and d > 481In(n), we have with probability 1 — 3/n?:

Proof of Lemma 33. We have:

~ 1
H,=E 0 Z (Tiy 2j) @i
1,jEB

1 S .
=B > lwillse + 02 > wiag)mix;
ieB ‘,jEB i#]

Z i € B)|zi|3ziz] + = 72 ZIP’ i,j € B)(xi, 7j)7i7; i
i€n, i#]

Then, since P(i € B) = % and P(i,5 € B) = 252:11)) for i # j, we get that:

P (et .
Hy = o Z |z llaziz; + m Z(azi,xj>xia:j .

i€[n] i#]

Using Lemma 32, the first term satisfies:

d(p? + o?) to -

P(wagH Z |z |3z, < A" 5 )CgH) >1— 2ne” %16,
ze[n]

We now show that the second term is of smaller order. Writing z; = ul+o0z; where z; ~ N (0, I),

we have:

(b—1) (b—1)

i 2 2 T
b — 1) 2wy = e i)+ oL,z + 25) + pid) s
bn(n — 1) ;@3 T bn(n—l);(‘j (i) + op(L, zi + 2;) + p2d) iz
_ (bi 1) 2 A T _ 2
= ba(n 1) gﬁj (0%(2i, 2j) + o1, 2i + zj) )i =1 n(n — 1 dz# "

For i # j, (2i, %) = 2221 ZikZjk = Zi:l ap, where ay, = 2,2, satisfies Eay, = 0, Eai =1 and
P(ay > t) < 2P(|z| > Vt) < 4e7¥/2. Hence, a;, is a centered subexponential random variables.
Using concentration of subexponential random variables [Vershynin, 2018], for ¢ < 1,

1
P <d|<xi,xj>y > t) < 2e~cdt?
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Thus,
1
P <Vi +79, E\(:c,,xjﬂ < t) >1—n(n-— 1)e*Cd1t2 )

Then, taking t = d~'/?41n(n) /¢, we have:

P (W £ %ym,mm < ‘“n(")) >1- 4

cvd n?
For i € [n], (1,2) ~ N(0,d) so that P(|(1,z)] > t) < 2¢~"/(24)_and

P(vi € [o], [{1,2)] <) > 1~ 20e™/) =1 2

for t = 3v/dIn(n). Hence, with probability 1 —3/n?, for all i # j we have |02(2;, ;) + opu(1, z; +
)] < (02 + o) C in(n)/Vd.

Now,
(b—1) _ (-1 L ) (2 A
n(n—1) ; (0%(zi, ) + op(l, 2 + 25) ) wiw] = =1 ; (0*(zi, ) + op(l, 2 + 2;)) (wiw] + wjz])
(b—1)

= ba(n—1) ; 0(2i, 7)) + o1, 2 + 25)) | (]| + z52) )

where we used xszT + :L'jxiT = :162:131T + xjacJT Thus,

(b_ 1) 2 T 2 (b— 1) T -
PRNSEY ir2j 1,z + zj))zix; = ir 2 1,z + z; T i%; i
bn(n —1) ;(a (21, 2j) + op(1, zi + 2j) ) wiz; SZ%)\U (21, 2j) + op(1, 2z + 2)) | % b(n — 1) ;(a::c +

=sup |0%(z;, ;) + op(l, 2 + zj)| x b-t 1 Zn:x-:z-T
- 19 ~] )~ ¥ 1

itj b n—1 P

b—1 n
2

= 1y <j 1,z j

aple* s+ onth )«

Similarly, we have

(b—1) 2 T 2 b—1 n
— i %j 1,zi+zj))zix; = — i %j 1, zi+z;
bn(n —1) ; (0% Czis i) +op(L. zit2)) ) wia; Sli?‘g (i, 2)+ou(l, zit+2)) | b 1
Hence, with probability 1 — 3/n?,

(2 +ou)Cln(n) b—-1 n (b—1) 9 T
- Vd a1 2 ) ; (0%(zi, 25) + oL, i + 25) ) vz
- (0% + op)Cln(n) " b—1 n I

- Vid b n—1

We thus have shown that this term (the one in the middle of the above inequality) is of smaller
order.
We are hence left with bT(LIZ;i)l) prdy,; wix] . Denoting T = L 37, @i, we have 25 Y, wix] =

1 T 1 T )
nZ Ei,j Ti; — o2 > Tix; , so that:

b-1) , xle:(b—l)n 9 @@T_l
bn(n—l)'u d; "I b(n—l)'u d( nH) '
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_ 1 LT 1 T ST o 1 T 2T =aT
We note that we have H = >, ziz; = -5 ZKJ» Tir; +TT; = s ZKJ- T + Tz, = 3T
using xleT + xj:L‘jT > :le; + xijT Thus, H > Tz = 0, and:
(b—1)n

1 b—1 b—1
———u?d—H < uﬁdz‘mx; = ( Jn

2 —1/n)H .
L T b(n—l)'ud(l 1/n)H

We are now able to wrap everything together. With probability 1 — 2ne~%/16 — 3/n?, we
have, for some numerical constants ¢y, ¢, c3, C > O:

(Cld(MQI;L o?) . (o2 —1—\;;2)1n(n) B C3MZd> H<H,<C (d(u2;g2) . (o2 +\;2l)ln(n) +u2d)

O]
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Appendix D

Appendix for Chapter 9

D.1 Additional notations and comments on discretisation methods

Vector Operations. Moving forward, all arithmetic operations and real-valued functions will
be considered as being applied coordinate-wise. In other words, if @ and b are vectors in R% and
p,q € Q, then aPb? € R? will be used as a shorthand for the vector with entries {a?b¢}¢ ;. And
for any f: R — R, f(a) will represent the vector with entries {f(a;)}%,. Inequalities between
vectors will also be interpreted as holding coordinate-wise.

Mirror Maps. Various definitions of a mirror map ® : R4 — (—o0, +00] exist in the opti-
mization literature [see Nemirovski, 1979], and a common one coincides with the concept of a
Legendre function [see Bauschke et al., 2017, Bauschke and Borwein, 1997]. In our proofs, we do
not deal with extended real-valued functions, and the term mirror map is applied to C*°-smooth
strictly convex functions with coercive gradients. In particular, our mirror maps are of Legendre
type.

For such a mirror map ® : R — R, we define the Bregman divergence Dy (61,62) for
01,05 € R? as

Dg(61,02) = ©(01) — ©(02) — (VP(02),01 — 02).

Notice that due to the strict convexity of ®, Dg(601,602) > 0 whenever 01 # 0.

Modified Cauchy Principal Value. Let f : R>g — [—00,+00] be an extended real-valued
function with a finite set of poles T = {11, T»,...,Tn} (i.e. points t € R>g at which f(t) = £o00)
such that f is continuous on R>o\ 7. Let 0 <77 < --- <Ty. Let '€ T and let £ > 0 be small
enough such that (T'—¢,T +e)NT = {T'}. Recall that, provided the limit below exists, the
Cauchy principal value p.v. fgj; f(t)dt is defined as

T+e T—6 T+e
p.v. /T_E f(@)dt = g(l) [/T_E f<t)dt+/T+6 f(t)dt} .

Now, let &, > 0 be such that (T}, — em, T + €m) N T = {T1,} for m € [N]. Moreover, let
To =¢c0 =0 and Tn41 = +oo. Suppose f has finite Cauchy principal values at all poles. Then,
for any 7 > 0 such that 7 ¢ T, we could define p.v. fOT f(t)dt as

Py, /0 Cdr= Y {p.v. / e / e f(t)dt} .. / B et / T,

M1 <T Tm—Em Tm+em Ti—¢g Ti+ex

where Tj, < 7 < Tjy1.
For our proofs of Lemma 2 and Theorem 3, we require a modification to the Cauchy principal
value. For the aforementioned function f with the described properties and for T' € T, € > 0
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such that (T'—e,T+¢)NT = {T}, we define the modified principal value m.p.v. TT_J;E f(t)dt as

/T_éf(t)dt ex 4 /T+6f(t)dt : e—i] : (D.1)

T—e T+5

T+e
m.p.v./ ’ f(t)dt == lim [

T—¢ 0—0

where A denotes our familiar MGF parameter. We also extend the m.p.v. definition to integrals
fOT f(t)dt for arbitrary 7 > 0 by mimicking the Cauchy-principal-value construction:

mp.v. /0 Cae= 3 [m.p.v. / T e+ / e f(t)dt]

m: Ty 41<T Tin—em Tmtem

- / B et / T

Ty —ek Ti+eg

where T, < 7 < Ti41. Note that the above definition implies that whenever f has no poles on
an interval (a,b) C R>q, then

mp.v. / " Fydt = / " ftydr.

Additional Comments on the Discretisation of MGF()). Following our discussion from
Section 9.3, we want to point out that that there are other ways of discretising

)\wt + wt + VF(wt) =0.

Indeed, instead of discretising as (9.2) in the chapter:

A

Wry1 — 2wk + Wg—1 4 Wk T Wk

5 + VF(wg) =0,

€ €
one could also consider a central first-order difference:

Wky1 — 2wk + Wi 1 4 Whil = Wk

A VF =0.
22 2 + (wk)
Rearranging, this leads to
g? 1— g%
w = w — VF(wg)+ W — Wg—_1),
which corresponds to momentum with v = /\(lfi) and g = 1 +§. Solving for € and A, we get
2\ 2X
(1+8)y gl
A= — —225 d =—.
2 = p)? an €=1_ 3

Hence, we obtain the same discretisation step € as in Proposition 19 and a slightly different
expression for A\. However, note that the two versions of A become indistinguishable for large
values of 3 since % — -1 1. Experimentally, running MGF(\) with the two different values
for A leads to similar results. Thus, the discretisation scheme was chosen due to the more concise

definition of X\ in this case.
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D.2 (w4, w-_)-reparametrisation

MGPF Reparametrisation. We recall that we consider momentum gradient flow MGF(\) with
parameter A\ > 0 over the diagonal-linear-network loss F((u,v))) = L(u ® v):

)\fbt + ’[Lt + VL(Ht) O] VU = 0;

For proof-writing convenience, we consider the simple reparametrisation outlined below.

In order to eliminate the cross-dependencies in (u,v) in the above equations, it is natural to
consider the quantities (w4 ¢, w—_ ;) where w4 = u; & vy for ¢ > 0. Hence, we get the following
reparametrised ODE:

i bs, £ VL —0:
{ Wyt + Wy (0r) © wiy (D.2)

’w:b() = Up + Vo, ’Lbi’(] =0.
Notice that with these new quantities, we have
2

2
wi,; —w,
g, = L+ ,

1 and Ay = |wi qw_ 4.

MGD Reparametrisation. For the discrete-time setting, we follow the same reparametrisa-
tion from the MGD recursion:

Upt1 = up — YVL(0) © vp + Bluy — ugp—1);
V1 = Uk — YVL(Ok) © ug + B(vg — vp—1)-

We let wy p = up £ vy for k > 0. Then, for k£ > 1, the equations above transform into

W g1 = Wk FYVLOK) © we g + Blwe p — wi k—1);
W41 = W4+ ,0 = U + V0.

Again, with the newly defined quantities, we have
w - 'LU_7k,

and Ap = |wy pw_ gl

D.3 Continuous-time theorems

D.3.1 Convergence of momentum gradient flow

Momentum gradient flow (with A > 0),
)\'lbt + wt + VF(wt) = 0,

also known in the optimisation literature as the heavy-ball with friction ODE or the heavy-ball
dynamical system with constant damping coefficient, has been the object of extensive mathemat-
ical study over the years [Haraux and Jendoubi, 1998, Attouch et al., 2000, Alvarez, 2000, Goudou
and Munier, 2009, Polyak and Shcherbakov, 2017, Apidopoulos et al., 2022]. If we abstract away
from the diagonal linear network setting and consider an unspecified loss F € C*(RP, R>0) with
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locally Lipschitz gradient, we can still identify a useful Lyapunov function, which perhaps mo-
tivated the study of the ODE in the first place. The function in question happens to be the
energy of the system

Ay
Ey = F(w) + §||wt||%v (D.4)

whose nonpositive time-derivative E; = —|juy||3 allows us to prove the global existence and
uniqueness of a solution to MGF [Attouch et al. [2000], Theorem 3.1] in this more general
setting. We note that by an easy inductive argument, when the function F is C*-smooth, the
MGF solution w; is C*T'-smooth. Hence, in our setting where the diagonal-neural-network loss
F' is C"*°-smooth, the learning trajectory w; is also C'*°-smooth.

Convergence under Assumption 7.

Under the assumption of a bounded trajectory — w; € L>(0, c0), one can prove the following

convergences [Attouch et al., 2000]:

t—o0 t—o0
However, even when bounded, the iterates w; need not converge as demonstrated by the coercive
function from Section 4.3 in [Attouch et al., 2000]. Nevertheless, when the loss F' is also analytic,
as in the case of diagonal linear networks, assuming boundedness, one can further prove iterate
convergence limy_,~, w; = ws [Haraux and Jendoubi [1998]].

Unfortunately, without assuming boundedness, iterate convergence has been established only
in the cases of convex loss [Alvarez [2000]], quasiconvex loss [Goudou and Munier [2009]], and
loss satisfying the Polyak-Lojasiewicz inequality [Apidopoulos et al. [2022]]. Thus, the square
loss for a diagonal linear network (and neural networks in general) falls out of the scope of these
few favorable cases due to non-convexity and an abundance of local and global minima. For that
reason, we posit Assumption 7, which holds true empirically in all our experiments on diagonal
linear networks.

Convergence to 0 Loss under Assumption 8.

Let us now go back to the specific case of diagonal linear networks where the loss is given by
F(w) = L(uGv) for w = (u,v). Notice that from the discussion above, if we assume boundedness
of the trajectory, we have

lim VF(w;) = (VL(0x) ® Voo, VL(0x) ®@ ) = 0.

t—o00

Therefore, since VL(0x) ® As = 0, if the balancedness at infinity A, has nonzero coordinates,
we can conclude that VL(f) = 0. Recalling that £ is convex, we get that £(0~) = 0. Hence,
f~ interpolates the dataset.

D.3.2 Proof of time-varying momentum mirror flow

In our discussion in Appendix D.3.1, we saw that assuming
1) iterate boundedness: us, v¢ € L>°(0,00), and
2) nonzero balancedness at infinity: A ; # 0, Vi € [d],

we can prove that MGF over a diagonal linear network (9.4) converges to an interpolator ,."
Before we jump into the proof of Proposition 21, we need to establish the following lemma.

'Note that we also refer to 0o as 6"°F.
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Lemma 34. Assuming that uy,ve € L>(0,00) and A ; # 0, Vi € [d], the following integral
limat exists:

t [e%s)
lim [ VL(©0,)ds = / VL (0,)dt.
0

t—o00 0

Consequently,
t
t—s

lim [ VL(05)e” x ds=0.

t—o00 0

Proof. Let us consider the (w;,w_)-reparametrisation of MGF (9.4) given by Equation (D.2):
)\’L'D:bt + ’Ll.):t’t + Vﬁ(@t) Qwiy = 0.

Since we assumed that A, has nonzero coordinates, there exists 7' > 0 such that for all ¢ > T,
w4 ¢ have nonzero coordinates. Hence, for ¢ > T', we can safely divide by w4+ ; to obtain

d%1n lwey| dlnfwyi,
dt? dt

. 2
b £ VL) + A (“’it> = 0.

W4t

Let us notice a couple of things. First, as we discussed in Appendix D.3.1, the boundedness
of the iterates forces w4 ¢+ to converge to some vectors w4 oo with nonzero coordinates since we
assumed the coordinates of A, = w4 ow_ « are nonzero. Hence,

ey
w:Qt,t

o < const - (HU?HOO + HUtQHOO)7

where the RHS is integrable as we saw in the proof of Section 9.4.3. Second, from the discussion
dinjwg | _ 0

in Appendix D.3.1, we know that lim; ;oo W+ = 0, so limy_o i

Now, for t > T,

t td21 s tdl . n . 2
/VM@%=¢G/‘E?J@+/ﬂ$*@+/<$i>@
T T T T 7
t t . 2
:q:(x“nlw (=) d8>‘
T \Wti

dt
So, using the above observations and letting ¢ — oo yields

! dl o8] : 2
lim | VL(0:)ds =F (_/\H\U&T\ —In|we 7| +1n|ws oof — / (wi’t> d | .
T

t
+ In jwy 4|
T

t—oo Jp dt W4t

Thus, we conclude that lim;_,~ fg VL(0s)ds exists, and therefore, lim;_, o fot VE(@S)eJiTSdS =
0. ]

We are now well-equipped to prove Proposition 21. We note that we phrased Proposition 21
rather succinctly in the chapter due to space considerations. In what follows, we restate Propo-
sition 21 by precisely specifying the underlying assumptions.

Proposition. Assume the solution (ug,v) of MGF (9.4) is bounded. If we also assume that
the balancedness at infinity Ao, has nonzero coordinates, then there exists a time T > 0, after
which the predictors 0y = uy © vy follow a momentum mirror flow with time-varying potentials
q)t.'

A2V d,(6,) L AVe,(6)
d¢? dt

Furthermore, if we assume that the balancedness Ay remains nonzero for t € [0, +oc|, then the
momentum mirror flow holds for every t > 0.

A

+ VL) = 0.
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Proof. We will consider the (w4, w_)-reparametrisation of momentum gradient flow (9.4) intro-
duced in Appendix D.2. For convenience of the reader, we recall this reparametrisation here:

)\’L.l-J:I;t + ’U.):t’t + VE(Ht) Qwiy = 0.
Now, let & : R>g — R? be the C*°(0, o00) solution of the following ODE:
A+ & + VL(O,) =0,

with the constraint &y = 50 = 0. Hence, by Lemma 36,

§t = — /Ot VL(Os)(1— e*tiTS)ds,

and by Lemma 34,
oo = —/ VL(6;)dt.
0

Thus, & € span(x1,...,x,), YVt € [0, 400].
Having fixed &, we define the quantities a4, for every ¢t € [0, +oc] through the following
relation:

Oyt = W4t exp(F&t)-

So, A¢ = |wyw_¢| = |y ra_|. Furthermore,
1
0 = z(wi,t - w2—,t)

L o 2

= 102 exp(28) — a2 exp(~26,)
1

— ~A;sinh <2gt +ln ’O‘“’)
2 (e

Since we assumed that A, has nonzero coordinates, there exists T > 0 such that for all
t > T, wt s have nonzero coordinates. Hence, for ¢ > T', the logarithm In % is well-defined. If
we assume positive balancedness for ¢ € [0, 4+00], then we can choose T' = 0. From now until the
end of the proof, whenever a time-dependent quantity features division by A;, we will tacitly
assume that ¢ > T.

Let us now introduce the helper quantity ¢; through the following identity:

2 2
1 a 1 ol — ot
qbt — ~ln | +;t| — Zarcsinh ( +.t 7t> )

2 a2 2A;

Then,

Ay

So, if we consider the time-varying potential

d
1 20,
d.(0) = 1 E <20iarcsinh <A :

i=1 ¢,
=, (‘9) - <¢tv 9>7
where 5, is the hyperbolic entropy defined in Equation (9.6), then

1 20
iarcsinh <t) — ¢y =& € span(x1,...,Ty).

> — /4607 + A7, + At,i) —(¢¢,0) (D.5)

Vo (0) = %arcsinh <th) — ¢y
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Notice that V?®; = diag (1/\/492 + A%) > 0. Hence, ®; is a mirror map. Furthermore,
V&u(0;) =& for t > T, so

PP, (0:) | AVP(0))

A
de? dt

+ VL) = 0.

D.3.3 Proof of Theorem 3

We are now ready to prove our main result for the implicit bias of momentum gradient flow on
diagonal linear networks.

Theorem 3. The solution 0" of MGF (9.4) interpolates the dataset and satisfies the following
implicit reqularisation.:

0" = argmin Dy, _ (0%, 60).

0*eS

In the above expression, Dy, denotes the Bregman divergence with potential Y, , where the

asymptotic balancedness equals

oo

A =0gOexp(— Iy +1-))
and 0y = i(wio ®exp(—2I4) — wio ©exp (—21_)) denotes a perturbed initialisation term.

We split the proof into two parts for conceptual clarity. In the first part, we utilise the time-
varying mirror flow from Proposition 21 to derive the implicit regularisation 0¥
Then, in the second part, we prove that the integral quantities I+ from Lemma 2 are well-defined,
and we give the trajectory-dependent characterisations of the asymptotic balancedness A, and
the perturbed initialisation Oo.

Proof of Implicit Regularisation.

In Proposition 21, we proved that whenever the MGF trajectory is bounded and the coordinates
of A are nonzero, there exists a time 1" > 0, after which the predictors 6; follow a momentum
mirror flow with potentials given by Equation (D.5). Recall that for t > T,

1 20
Vo,(0,) = iarcsinh (At) — ¢y = =& € span(xy,...,Tp).

—s 2 _ .2
where & = — fg VL(3O)(1— eJT)ds, a4 = w4 ¢ exp(F&), and ¢ = %arcsinh %
Now, ast — 00, & and the MGF iterates converge, so we know that V&, (0) € span(zy,...,zy),

where . (0) = Y (0) — (oo, 0). Thus, we can use the familiar Bregman-Cosine-Theorem trick
to characterise the interpolator 6. We proceed with this characterisation.
Let 6y be a perturbation term such that V&, (6y) = 0. Equivalently,

1 20
—arcsinh ( O) — o =0 <=

2 A2,
20 a? —a?
arcsinh —20 — arcsinh LQOO =0 <—
AZ 2A2,
6, = Choo — %o
0 1 .

180

= argmin g.cg Dy, (07, 0o).



APPENDIX D. APPENDIX FOR CHAPTER 9

Note that 4,0 = Wi,00 exp(£ [ VL(0;)dt) by Lemma 34 and A = [y 000 ool-
Now, let * € S be an arbitrary interpolator of the dataset. Then, 6* — 0, € ker(X) =
span(zi,...,o,)". Hence, the Bregman Cosine Theorem yields

Do (0%,00) = Do (6, 000) + Do (0o, 00) + (0% — 0o, VO(0s) — VO(6p))

= Do (0",0) + Do (0, ),
where we used that V®(f,) — V®(fg) € span(zy,...,x,). Thus,

0o = argmin Dg__ (6%, 60))
0xeS

= argmin @ (6).
0*eS

Finally, notice that Vipa__(6y) = arcsinh (290 ) = ¢oo as we showed above. Hence,

Dy (8,00) = Poo(0) — ¥ (60) + (V.. (60), 6o).

Thus, we conclude that

Ooo = argmin O, (0*) = argmin Dy, (6%, fo).
0*eS 0*eS

Proof of Trajectory-Dependent Characterisation.

We just showed that the recovered interpolator by MGF solves the constrained minimisation
problem 0., = argmin gicg Dy, __ (6%,00), where Asw = |4 00— oo, B0 = (% o —a? )/4,
and o 0o = Wi o0 exp(E fooo VL(60;)dt). Clearly, these opaque characterisations of Ay, and 0o
prevent us from describing how the magnitude of these quantities compares to the magnitude
of the initial balancedness Ay and the initialisation scale o = max(|ug|, |vg|). Ideally, we would
like to find formulas for Ay, and §p which show that 6, < 0%, V0* € S and Ay < Ag so
that we can conclude that %" ~ arg min g.c5¥a_ (6*) enjoys better sparsity guarantees than
0°F ~ arg min g« s 1A, (0*). In what follows, we derive such formulas.

In our subsequent arguments, for a vector z € R? and a coordinate i € [d], we will denote
with z(4) the i*h coordinate of z in order to reduce the index bloat. Let us consider again the
(w4, w_)-reparametrisation of MGF discussed in Appendix D.2:

Myt + g £ VL(O:) © wy ¢ = 0. (D.6)

Notice that if for some 7" > 0 and i € [d], wy (i) = 0, then w, 7(i) must be nonzero. Indeed,
as we argued in Appendix D.3.1, MGF (9.4) admits a unique global solution. And if wy (i) =
Wy 7(i) = 0, then we could construct another solution (w’, ;,w’ ;) of MGF such that w, ,(i) =
W 4(i) = 0, V¢ > 0, and wyr = wl p. By uniqueness, we get that wi, = w',, V¢ > 0
However, the newly constructed solution will not be consistent with the imposed initialisation
Ag # 0,. Hence, Ay # 0 prevents wy (i) and wy (i) from hitting 0 simultaneously. Similarly,
this situation cannot occur for w_ ;.

Until further notice, we fix a coordinate i € [d] and consider eq. (D.6) only in the 7*®
coordinate without explicit mention. If w4 7 = 0 for some 7" > 0, then w4 7 # 0. Hence, for
some small /0, w4 does not change sign on [T — A+ ], so w4, either strictly increases or
decreases on [T'— T +]. Therefore, w4 7# 0 on [T — T+] \{T'} implying that w4 ; equals 0 at
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most a countable number of times. Recall that by Assumption 8, there exists a time T, after
which w4 does not change sign. Therefore, if we assume that w4 vanishes on infinitely many
points 71 < 15 < - -+ < T, then by compactness, the limit 7 = lim,, o T}, exists. Since w4 is
continuous, we infer that wy ; = 0. Moreover, by the Mean Value Theorem, for every m > 1,
there exists T}, € (Tjn, Ting1) such that wyy = 0. Notice that limy, o Ty, = 7 as well. Hence,
by continuity, w4+ = w4 = 0 — a contradiction.

Hence, w4 vanishes on a finite set of points. Let us order these vanishing times as 0 < T} <
- < Ty and let Ty = 0 and Tn41 = +oo. Observe that for t ¢ T = {T; : i € [N]}, we can
safely divide both sides of eq. (D.6) by w4 ; to obtain

Wy Wiy
A—= 4
W4t Wt

£ VL(0;) = 0.

The last expression is equivalent to

. . 2 . . 2
A (wi’t - (wi’t> ) + 5L L vL(0,) + A (wivt> —0,
W4t W4t W4t W4t

which can be rewritten as

d?In(sgn(wy )ws )  dIn(sgn(w)wy )
dt? dt

. 2
+ VL(0,) + A (wit> =0.

W4t

Let us define a new function g4 : R>o\7 — R? through the relation g+ = In(sgn(w 1)w4 ¢).
Then, g+ is C*°-smooth on R>( \ 7 and satisfies the following ODE:

) 2
Ajtt + G+ £ VLG + A <wi’t> =0. (D.7)

W4t

Induction on Vanishing Times. Now, we proceed to prove by induction on N —1>m >0
that for 7 € (T,,,, Tyn+1) the following 3 things hold:

e The following integral quantities? exist and are finite:

T wj:t 2 T—S T t wis 2 t—s
m.p.v./ (—) e x sgn(ws w4 )dt  and / m.p.v./ (—) e sgn(w+ w4 g)ds dt.
0 0 0

W ¢ W+ s

e The following identity holds:

. Tlrwe\2 | 1 =t 1 — ek —
g+ r = —m.p.v./0 [<wit> + )\Vﬁ(ﬁt)] e x sgn(wy ;w4 ¢)dt — XZ(_I) e” A

e The following identity holds:

T ET g o2 1 s
Gt =940 —/ m.p.v./ [() + VE(@S)} e * sgn(wy w4 g)ds dt
0 0 L W+ A

(—1)m* (1 - e—TKT’“) +2 Y (-1 (1 —e” TJATZ'> .

1 1<i<j<m

NE

i

2See Equation (D.1) for the definition of m.p.v.
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Recall that VL(6;) is a bounded function, so if the modified principal value from the first
bullet point exists, then the modified principal values in the above identities are also well-defined.

Base case: m = 0. Recall from the proof of Proposition 21 in Appendix D.3.2 that
Wy € L?(0,00). Now, since w,; does not change signs on the interval (Tp,7), we know that
1/ws s = Q(1). Hence,

. 2 .
(—wi’s) e e Ll(O,oo).
W4 s

El

2
zis) is integrable on all intervals [T;+¢, T;4+1 —¢] for any small € > 0. Consequently,
the integral quantities

T M 2 T M 2
W4t _t=s W+ ¢ _t—s
m.p.v./ (—) e A sgn(wiﬁwi’t)dt:/ (—) e x dt
0 W4t 0 W4t

[ ]Gy
_/0 (wis) (1—e %")dt

W+ s

Similarly, (

and

T t w:l:s 2
/ m.p.v./ ( : ) e sgn(wjE 1w+ g)ds dt =
0 0

W+ s

are well-defined. Moreover, after applying Lemma 36 to eq. (D.7), we get

. Towgg\2 oot 1/T -
;= —_— dt - L(6 dt
i /0 () Fa x5 [ vewe s

. 9 . T .
Gt =g+0 — )\/ (wi’s> (1—e 5 )dt jF/ VL) (1~ e R )dt,
0 0

W4 s

which concludes the proof of the base case.

Induction step: m — m + 1. For m > 0, assume that for every 7 € [0,T,41) \ 7 the
expressions

m
2: mk— k

T M 2 1
G4, = —m.p.v./ [(wi’t> + Vﬁ(et)} Bl sgn(wi rwa,p)dt —
0 k=1

'lUj;t A

>/\'—‘

and

T ¢ ( 2 1 t—s
G+.7 = g+,0 / m-P-V-/ [(wis) + V‘C(es)] e » sgn(wtwy s)ds dt
0 0

W+ A
m —Ty . T, —T;
= (=1mk (1—e — )+2 o=y (1—6 B >
k=1 1<i<gj<m

are true and well-defined. We now want to extend the validity of these identities to 7 €
(Tn+1, Tint2). For ease of notation during the induction step, let T),4+1 = T, wy = w, and
gr=g. Lete >0and let Ty =T £e¢.

Now, applying Lemma 36 to eq. (D.7) yields

. it = Tlrwe\2 1 et
g gree 2 /1+ [<wt) A (et)} e ord

9r = g1y +§]T+/ dt /T /T [Zs + VE(H )} e~ > ds dt.
+ v s
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For further ease of notation and with some abuse of notation, let f; = (%) + %V.C(Qt) on

R>g \ 7. We will shortly prove that g7, — gr. = O(¢) and g1, + gr_ + 5 = O(¢).> Hence, the
following limits will hold:

gr = lim

]_ T-T4 T4
e—0

.
—SeTh —gre x - fteTAtdt]
) T

1 T t—T, T t—T, T t s
gr = lim [gT — / e" x dt —gr_ / e”x dt — / fs€” X ds dt} .
e—0 A T, T, T, JT,

Induction step for g,. Let us begin to untangle the first limit by substituting gr with its
integral formula given by the induction hypothesis. Notice that

T 77’7T+ m

7T T_—t T—T. X T_ T,
gr_e” = —m.p.v. frem > sgn(wr_wy)dt - e” st C 3 Z(—l)m*ke* -
0 k=1
T 2)\76 m 7T}
= m.p.v. fre™ Sgn(wth)dt ex + fZ(—l)(mH)fkef x>,
0 A
k=1
where we used that sgn(7) = —sgn(7-) since w changes signs at T'. Hence, we have that
1 T e m T
i (& 1k
5= —1i [7 x4+ —1)mAD) ko=
90 =7 I INC 52 ‘
k=1
T T—t 2e T T—t
+ m.p.v. frem x sgn(wrwy)dt - ex + ftefngn(wth)dt}
0

1 + ( +1 _ = Tk
— ;/ —VL(0;)sgn(w,wy) DY kz m X

T- 2 . T N2 .
— lim [m.p.v./ <%> e_Ttsgn(wth)dt-ezT +/ (%> e_Atsgn(wth)dt] ,
0 T4

e—0 (o Wt

where the limit on the last line formally equals the modified principal value m.p.v. fo (’U/t ) 26_?sgn(w7wt)dt
whose existence we want to prove as part of the induction step. In fact, notice that we just proved

the existence of m.p.v. f; (wt>2677—>\ sgn(wrwy)dt since both g, and F [ }\VE (0)sgn(w,wy) are

finite quantities. Hence, for 7 € (Tyy+1, Tm+2),

. m+1
Wi 1 T Ty

' " 2 1 -t m+1)—k_—
gr = —m-P-V-/O [() i)\VE(Ht)] e~ sgn(wywy)dt — 1 Z(—l)( T—ke——%

w
t k=1

Induction step for g,. We move on to untangle the limit which equals g,. By the induction

$Whenever we write an equation of the form A = B+ O(¢") for some r > 0, we mean that A = B + C, where

0] = O(").
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hypothesis,
= -t 1 Ui T_-T
gr_ = —m.p.v. frem > sgn(wr_wy)dt — 72 ym ko= k
0 A
k=1
- t t—s
gr- =90 — m.p.V./ fse” * sgn(wws)ds dt
0 0
- T_-T, o T, —T;
= (=ymt (1—6 5 k) +2 Y (-1 (1—6”A>.

k=1 1<i<j<m

Again, we can substitute sgn(wr_) with —sgn(w,), and after performing the familiar integral
and limit manipulations, we obtain

T t 1 s
9r =go F / / fV.C(QS)e*thgn(wtws)ds dt — lim [A. 4+ B: + C]
0 JO A e—0
plany - o T;—T;
- Z 1)(m+- (1 e ) +2 Y (-1 (1 —e > :

1<i<j<m+1

where

T t ws 2 t—s
A, —/ m.p.v./ (—) e~ x sgn(wyws)ds dt
0 0

Ws

T T_ . 9 s .

B. = / m.p.v./ (%) eithgn(wtws)ds dt - e>
T4 0 Ws

T ¢ Ii)s 2 t—s
C. :/ / (—) e * sgn(wiws)ds dt.
T+ T+ wS

S

N2 s
Figure D.1: A visualisation of the areas over which we integrate (%z) e_thgn(wth) in the

above limit.

Notice that formally the limit lim._,o[A. + B: + C:] equals the integral quantity

.s 2 _t=s
m.p.v. —) e * sgn(wws)ds dt,
Ws
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whose existence we just proved as a consequence of the fact that

m+1

T ot B B
9o ?/ / *Vﬁ(es)e_%sgn(wtws)ds dt — Z (—1)(m+D—k (1 = >\Tk)
0 0 A 2

+2 > (1)j—i<1e—

1<i<j<m+1
is well-defined and finite. Thus, for 7 € (T)41, Tin+2),
T t ws 2 1 s
gr =90 — [ m.p.v. (*) + —VL(O,)| e * sgn(wpws)ds dt

0 0 Wg A

! — o T;—T;

=y (~plmrb=h (1 —e ATk) +2 Y (-1 (1 —e 5 > .
k=1 1<i<j<m+1

Proof of bounds. In order to conclude the induction step, we still have to prove the following
bounds:

) . 1
gry —gr. =0(e) and gr, +gr + = O(e).

Recall that gri. = log|wrie| and that wr = 0, wr # 0. From the Taylor expansion of w;, we
know that
Wre = Eewr + 0(52).

Hence, |wrie/wr—-| = 14+ 0O(g). Therefore, using the Taylor expansion of the logarithm around
1, we get that

g7, — g7_| = |log(1 + O(e))| = O(e).

Now, recall that gri. = wrie/wrie and observe that

15.
Wr+e = Fewr + isng + 0(63)

Wpte = Wy + ety + O(?).

Hence,
WT4eWT—e + WT—cWTte _ —e2ipior + O(e3) _ iy +0(e)
W eWT—e —f-:%b% +0(e?) W '
Since, Moy + wp = VL(O7p) © wp = 0 and wp = 0, we get that % = —%, which concludes the

induction step.

Proof of Lemma 2. Thus, we proved that for 7 € (T}, Tyn+1), m € {0,1,...,N},

T t ws 2 1 s
In |w,| = In |w| —/0 rn.p.v./0 [(ws) + )\VE(HS)} e 5 sgn(wpws)ds dt
m — o T;—T;
_Z(_l)mfk <1_€*%> +9 Z (—1)7~" (1_eﬁ> )
- 1<i<j<m

Recall that throughout our inductive proof we worked with a fixed coordinate i € [d] of wx.
Different coordinates of w4 vanish at different points in time, so writing the sum the last line
in a coordinate-agnostic way becomes impossible. Thus, deriving a simple expression for the
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full d-dimensional vector w4 , for any 7 € R>q also becomes impossible. However, remember-
ing that the finite nonzero limits lim, o (w4 7| = |w4 oo exist and letting 7 — oo yields an
interesting result for the weights at infinity. Indeed, notice that for every vanishing time 7T,

lim, o (1 —e 3 ) = 1. Hence,

N —
%Z(—l)]\[#f (1 - 67%) = 1N odd}-
k=1

For every i € [d], let N1 (i) denote the number of vanishing points for the coordinate w4 (7). Let
us define the d-dimensional parity vectors Px € {0,1}% such that Py (i) = N4 (i) mod 2. Let
us also define the d-dimensional vectors Q+ € R? such that for each coordinate k € [d],

- Ty . (5) =Ty 1 ()
Q+(k) = -2 Z (—1)7° <1 _ e—i»’“/\i«k> ’

1<i<j <N (k)

where 0 < T4 (1) < -+ < T4 (N+(k)) denote the vanishing times of the weight w4 (k). Hence,
we obtain the formula

o) t . 2 1 s
Wi o] = ]wi’oyef(Pi+Qi) exp <—/ m.p.v./ {(wis) + )\VE(HS)} e*thgn(wi,twis)ds dt)
0 0

W+ s
(D.8)
Recall that in Lemma 34, we proved that the limit

lim vz ds_/ VL(0,)dt = / /vz —S*ds dt
t—o0 )\

‘ 2
exists and is finite. Therefore, we can decouple (%) and VL(6;) from the above integral

and show that the following integral limits exist and are finite:

o] t H 2 s
/ m.p.v./ (wi’s> e_thgn(wi,twis)ds d¢t and / / VL(Os)e™ 5 sgn(wi 1w ¢)ds dt.
0 0

W4 s
Hence, the integral quantities @4+ from Lemma 2 are well-defined and finite. Thus, we finally

proved Lemma, 2.

Trajectory-Dependent Characterisation. We started this section with a promise for more
insightful representations of A, = |} no0— o] and by = (a2 % 00 — @2 o0)/4. We now deliver on
that promise.

Recall that a4 oo = w4 o €xp (i fooo Vﬁ(&t)dt) and notice that

oot s oot s oot s
/ / VL(Os)e™ ~ ds dt — / / VL(Os)e > sgn(wy jws s)ds dt = 2/ / VL(Os)e™ X iy, ywy ,<01ds
0 0 0 0 0 0

Hence, using the formula for wy from Equation (D.8), we derive the following:

t H 2 s
|at 00| = Wi ole” (P+Q1x) exp < / m.p.v. / (wi’s> e_thgn(wttwi,s)ds dt>

o (<2 [ [[vae )
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Now, let
2 o t s
Ai = :F)\/ / VC(QS)e_T 1{wj:,twj:,s<0}ds dt + Pi + Qia (Dg)
0 0

where the quantities P+ and () were defined in the previous paragraph. Notice that as we
promised underneath Lemma 2, Ay vanish whenever the balancedness A; remains strictly pos-
itive. Using the abbreviation I+ = @4 + A4, we get that

|t o] = |ws ] © exp (—1+).

Multiplying |4 oo| by |a— o], we derive a formula for the asymptotic balancedness:

Ago = Age” PrHP-+Q++Q-) ¢ exp (—/ m.p.v. [ w+ S + VE(G )] eJiTssgn(wﬁthﬁs)ds dt>
0

w+3

© exp (/ m.p.v. / |:<w ) _ —V[,(Q ):| —t;Ssgn(w,7tw,7s)dS dt)
w
® exp < / / VE [1{w+ W, 5<0} l{w—,tw7,5<0}:| ds dt> .

(D.10)
Now, we can write Ao and §p more succinctly as
As = Ag @ exp ( - I+ —l—I_))
and 1
Oy = 1 (wio ®exp (—214) — wio ®exp(—2I-) ),
which concludes the proof of Theorem 3. O

Consequences for Generalisation.

We just proved that whenever MGF on a diagonal linear network converges and the balanced-
ness at infinity is nonzero, we can characterize the recovered interpolator through the implicit
regularization problem

GMGF

=argmin Dy, (0%, 60)
0*eS

— arg min [mm(e*) — (Va_ (fo), 9*>} .

0*eS

Since

d
1 : 20; 2 2
a () = 1 Eﬁ <2¢91arcsmh <Aoo,i> — /407 + AL+ Aoo,l)

Via, (0) = %arcsinh (Ze) ,

and

for a small asymptotic balancedness Ax, = O(4Ag) = O(a?) and small perturbed initialisation
60| = O(a?) < 16*|, we would expect ¥a (%) to dominate (Vipa,, (Ao), 6*). More formally, for
a fixed 0* € S and small A, and 6y, we have the following asymptotic equivalence:

Van(0%) ~ Dy, (07, 00).

a—0
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Hence, 0" ~ argmin p.cs¥a . (0%) = 0% as we discussed in Section 9.4.1. So, if Ay < Ay,

Lemma 35 implies that the MGF predictor will benefit from better sparsity guarantees than the
GF solution.

Therefore, to recap, for a small initialisation scale a and provided that the bounds Ay, =
O(a?) and Ay = O(a?) hold, we conclude that the asymptotic balancedness at infinity As,
roughly controls the sparsity of the recovered interpolator. And when A, < Ag, 0"°F will be
sparser than 65F. Unfortunately, without the assumption that the balancedness A; remains
strictly positive for all ¢ € [0, +00], we cannot formally compare A, and 6o with a.

Note that even without the bounds A, = O(a?) and 6y = O(a?), if |6p| < |0*], then Ya__(6*)
still dominates (Vioa__(6p),0*). Indeed, our experiments clearly show that the perturbation
term fy can safely be ignored since #"°F ~ argmin g.cg¥a_ (6*) (see the discussion around
Figure D .4.)

D.3.4 Non-vanishing balancedness

If we work under the assumption that the balancedness A; = |w4 jw_ ;| never vanishes, then
much of the analysis from Appendix D.3.3 greatly simplifies. First, the integral quantities Py
and Q4+ from the previous subsection become 0. Second, the multipliers sgn(w+ ;w+ s) become
equal to 1 for all ¢,s € R>g. Hence, using Fubini’s Theorem as in the proof of Lemma 36, we
get that

T t H 2 s
/ m.p.v./ [(ws) + i\Vﬁ(@s)] e 5" sgn(wws)ds dt
0 0

S //{w iiVﬁ(@s)} e~ 5 ds dt
:)\/0 (i) (1—6—?) dti/OTV/J(Gt) (1—e—%’t>dt.

Therefore, referencing eq. (D.8), we can express the evolution of the iterates as follows:

T 'Lb:tt 2 _r=t T _T1—t
Wi =wipexp [ —A (—) (1 —e ) dt |exp (F [ VL(05) (1 —e ) dt
0 W+ 0
(D.11)
Thus, the balancedness evolves as

Ay = Agexp <—A/OT [(Zj:)Q + (Z_Zﬂ (1 - e_TT_t) dt) . (D.12)

. 2
Now, from Lemma 34, we know that (ii:) is integrable and that

lim [ VL(6,) (1 - e_TT_t) dt = / VL(0,)dt
0

T—00 0

exists. Furthermore, from Lemma 37, we know that that

T 2 - i 2
lim (%) (1 - e_Tt> dt = / (wi’t> )dt.
T—=00 Jo \NW+t 0 W4t

Therefore, letting 7 — 0o, we obtain the formulas

Wiy = W gexp <—>\/0 GZD dt) exp( / VL0 )dt) (D.13)
Au = Agexp (—/\ /Ooo [(Z:) + (Z‘Z) } dt> . (D.14)
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Hence, clearly, Ay < Ayp.
Finally, let us consider how the perturbed initialisation 6y looks like when A; remains
nonzero. Recall that 6y = (ai —a?)/4, where Ot oo = W o0 €XP (:t fooo V,C(Qt)dt). Thus,

Ot oo = W4 0 €XP (—)\/ (wit> dt>
0 W+t

and

;1] o _ W+t a2 _ / W—t
90—4 [w+7oexp< 2)\/0 <w+t> dt> w7oexp< 2\ ; (w t) dt (D.15)

Now, ot < wip < 2, where a = max(||ug||co, [|[v0[cc) stood for the initialisation scale.
Hence, |0y| < o?.
Therefore, we just proved

Corollary 2. For A > 0, if the balancedness Ay remains strictly positive during training (i.e.
Ay # 0 fort € [0,400]), then the perturbed initialisation satisfies |0o| < o and

Ao = Ay @ exp ( _ /\/OOo (Zj:i)z + (Z_:Z>2dt>‘

Importantly, Ay < Ayg.

D.3.5 Behaviour of A, for small values of \

Since a precise asymptotic result for small A is technically difficult, in this section we focus on
giving some qualitative results. For A > 0, recall that our iterates follow

Nl + ) £ vLEN) o w!

where we explicitly highlight the dependency on A. Therefore, we have

RN
55 = FVLEY) - A
Wy} Wt
and ey e e
(A A A
2
_ (A)y2 2 YLt ()
( (A)) = VLOM)? + A (wit) +2AL(6) )(wit).

Wit

e
Informally, we expect (¢t — VL(QIEA)))O<)\§1 € L*(0,4+00) and (t — A j”),\ /\—6 0 in L?-norm
H

(see Theorem 5.1 in Attouch et al. [2000]). Hence, we get

wi t 2
/0 ()\) )\—>O / V,C dt

and
~ — VLOW)?
Ay o Agexp ( 2>\/0 L(6V)?ds).
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D.4 Discrete time results

In this section, we cover the proofs of our discrete-time results from Section 9.5. We first recall
the SMGD recursion (D.3) with the wy-parametrisation from Appendix D.2. Initialised at
Wi = Wt,1 € R?, for k > 1, the iterates follow

Wi g1 = Wik FYVLB, (O) © wi o + B(Wip — Wi p—1)- (D.16)

In what follows, we will adapt our continuous-time proof technique to the discrete case and
identify a quantity which follows a momentum mirror descent with time-varying potentials. Our
proofs closely follow the proof techniques from Even et al. [2023] which considers SGD without
momentum.

D.4.1 Proof of Lemma 3, Theorem 4 and Corollary 3

We start by recalling the chapter’s results. The first lemma introduces two convergent series
which will appear in our main result.

Lemma 3. The following two sums Sy and S_ converge to finite vectors:

e e ()]

W W ket 1
where r(z) = (z — 1) — In(|z|) for z # 0.
The proof of the lemma can be found in the proof of the following main theorem.

Theorem 4. The solution 0" of SMGD (9.9) interpolates the dataset and satisfies the fol-
lowing implicit regqularisation:

05" = argmin Dy, (0%, 60).

0*eS

In the above expression, Dy, denotes the Bregman divergence with potential {a.,, where the
asymptotic balancedness equals

Ay = A()@exp(— (S++S_))

and By = i(w%ﬁo © exp(—254)) — w? § © exp(—25_)) denotes a perturbed initialisation term.

Proving Convergence towards an Interpolator. By Assumption 9, we have that the
iterates w4 j, converge towards limiting weights w4 o, and that the predictors converge towards
a vector 0"°F. Taking the limit in Equation (D.16), we get that limy_,o, VLp, (0k) © wip =
0. By Assumption 10, w4 o have non-zero coordinates. Therefore, limy o VLp, (6) = 0.
For any fixed batch B C {1,---,n}, the sampling with or without replacement is such that
(almost surely) the set My = {k > 0,B; = B} is infinite. Hence, by continuity of VLg,
limy o0 kers, VLB(0r) = VLp(0°"P). Therefore, for all fixed batches B, VLg(#°"") = 0 and
hence 05YCP interpolates the dataset.

From here on now, for ease of notation, we do the proof for deterministic MGD. The proof
for stochastic MGD is exactly the same after replacing VL(6x) with VLp, (0).
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Deriving the Momentum Mirror Descent. Recall that the set of pairs (v, ) such that
there exists k where w4 ; = 0 is negligible in R2. We can hence assume that the iterates are
never exactly zero, and we consider the logarithmic reparametrisation of the iterates wy , as

hl(lui,k), if W4 | > 0,
9+k = . .
In(Jwy x|) +im, if wyp <O0.

This way we have that that wy , = exp(g+ ) for all k. Equation (D.16) then becomes

exp(g+ k+1) = exp(g+ k) T YVL(Ok) © exp(g+ k) + Blexp(g+.x) — exp(g+ k—1))-

Dividing by exp(g+ k) yields

exp(g+ k1 — 9+.k) = L FYVL(OK) + B(1 — exp(—(g+k — 9+ .k—1))-

Now, for £ > 1, let 0+ = g+ — g+k—1 so that we can more compactly write the above
recurrence as

exp(0+ ky1) = 1 F yVL(O) + B(1 — exp(—0d+.1))-

The trick, inspired by Even et al. [2023], is to consider the function ¢(z) = exp(z) — (1 + z) for
z € C. Importantly, note that g(z) > 0 for z € R. Using this function, we can now rewrite the
recurrence as

Ot 1+ q(0x k1) = FYVL(OR) + B0k — a(—0xk))-
Setting the residues Q4 = q(0+ k+1) + Bg(—d+ i) leads to

Ot k41 = Boxk FYVL(OR) — Q+ k-

This can be seen as a first-order recurrence relation with variable coefficients. For § = 0 we
exactly recover the analysis from Even et al. [2023]. For 8 > 0, since d1 1 = 0, for m > 1, we
can expand the relation as

m

Opmir=— Y B F[EYVLOK) + Qurl.
k=1

Summing over m, we now get for N > 1 the following expression:

9+, N+1 — G+,1 = E Ot m+1

m=1

N m
==Y ) BT [EAVL(O) + Qui)

m=1 k=1

Finally, taking the exponential for N > 1, we obtain

Wi N+1 = Wi,0XP < DO BT HAVLO) + Qe k])

m=1 k=1
N m N m
—wigexp<:|:225m )exp( VZZﬁm kVEt%)
=1k=1 m=1 k=1

N N
= W40 €Xp <_1—15 Z(l — BVTIT™ Q| exp 13 1 Z — NV L (6, ))

m=1 =1
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where the last equality is obtained by changing the order of summation. Following our continuous-
time approach, for N > 2, we define ot n41 as

N m
Qi N1 = Wi,0 €XP (i > Zﬁm_kQﬂ:,k>

m=1 k=1

N
= W40 €Xp ( Z — pH=m) Qi,m) :
)

We can now write the iterates w4 j as

(D.17)

N m
Wi N1 = ax N1 exp (T Z Z BFVL(O)).

m=1 k=1
Thus, the regression parameter 6y becomes

L o 2
Ont1 = 1(w+,N+1 —wZ Nyq)

N m N m
1 _ 1 _
= 10 e (=29 )0 Y BTTIVLEO)) — ol vpaexp (29D Y FTTEVL(G)
m=1 k=1 m=1 k=1
1 N m 2 _ Oé2
= §AN+1 sinh ( 2y Z Zﬁm kY L(6y) + arcsinh ( +’N;1AN+1—,N+1)) 7
m=1 k=1
where we recall that Ay = |wy yw_ y| = |ag ya— n|. Hence, similar to the continuous case,
N m
1 . 20N11 r . o i1 — 02 N —k
— h - = h : : = — M=ENVL(Oy).
5aresin <AN+1 5aresin ANt fymz::lkzlﬁ (0k)
For N > 1, the above identity becomes exactly
VN 1(Ong1) = —7 Z Z BRVL(6y), (D.18)

m=1 k=1
where the time-varying potential ®x : R — R is defined as

d
ON(0) = iz (QOiarCSinh (2?) — /46?7 + Afv’i + ANJ-) + (¢n,0)

=1

= Yay(0) + (on,0),

2 2
az NTAT N

Larcsinh <2AN> and 9  is the hyperbolic entropy defined in Equation (9.6).

where oy = 5

Notice that with this definition we arrive at the following time-varying momentum mirror descent
for N > 1:

VCDN.H(GN-H) = V(I)N(QN) — 7V£(9N) + QVQN(GN) — V(I)N—I(HN—I))- (D.lg)

Convergent Quantities. From Lemma 38, we have that a4 y must converge and that the

limiting vectors a o have non-zero coordinates. Therefore, the series > °_ > " | ,Bm_ink

are convergent and their terms must hence converge to zero: ;" ; 5~ Qi,k — 0. Therefore,
m—r00

1 o0
Q4 N — Q4 o0 = W+ 0 €XP <_1—B Z Q:l:,m) .
m=1
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We now develop the formulas for Q4+ ,, in order to arrive at the sums S4 from Lemma 3.
Recall that for m > 1, Q4 = q(6+m+1) + Bq(—0+ m) and 941 = q(6+,1) = 0. Therefore,

Z Qim = Z 40t mi1) + Ba( 01 m)
m=1
=" 4(0xme1) + BA(—0xmt1)-
m=1

Since 5:|:,m+1 = g+m+1 — G£,m, W€ have

In %) if w4 ;41 and w4, have the same sign,
5:|:,m+1 = Wt 1 . . . .
S ) 4 sgn(w4 )i if they have different signs.

It remains to notice that since ¢(z) = exp(z) — (1 + z), we get that
q(In(z)) = (2 — 1) — In(z) for z € Ry,
q(In(|z]) £im) = (2 — 1) — (In(]z]) £ im) for z € Rop.

Therefore letting 7(z) = (z — 1) — In(|z|) as in Lemma 3, we get

Wt mt1 .
q(0t,m+1) = T(im) — & mSg (W )im
Wt m

W, .
A(=0zmr1) = (=2 ) + Eomsgn(we )i,
W4 m+1

where &4, = 0 if sgn(w ym41) = sgn(w4 ;) and 1 otherwise. This leads to

( im-i—l) T Br(M)] _ i £ sgn(wa )i
m=1

Wt m W+ m+1

WE
Mg

m=1 m:l

=5+ — Z Et msgn(w m )im < oo.

m=1

The last equality is due to the definition of S1 from Lemma 3, and the last inequality is due to
the summability of (Q+ m)m. This therefore proves lemma Lemma 3. Now notice that

aioo = w:2t,0 exp (—251).
Since A = |04 00— oo, we finally get that

AOO:AOQexp<—(S++S_)).

Implicit Regularisation Problem. Notice that

VCI)N+1(9N+1 = = Z Z,@m kV£ Qk) € span(xl, ,a;n).

m=1 k=1

Let @5 (0) := 1A (0) + (do, 0) and consider

Voo (0P) = (VO (0"CP) — Voo (ON)) + (Voo (On) — VON(ON)) + VN ().

194



APPENDIX D. APPENDIX FOR CHAPTER 9

The first two terms converge to 0: the first due to the convergence 6y — 6™°P and the sec-

ond due to the uniform convergence of V®y to V®,, on compact sets. The last term is in
span(xy,--- ,xy,) for all N. Therefore, we get that V& (0) € span(zy,--- ,xy,), and follow-
ing the exact same proof as in the continuous-time framework, we finally get that

0"°" = argmin Dy, (6%, 0)
€S -

where

1
=1 (w%ﬁo ®exp (—251) — ’wio ®exp (—25-) )

O
We recall and prove the following corollary.

Corollary 3. For v, > 0, if the iterates wy j = (ug, £ vg) do not change sign during training,

then |00 < o and Ay < Ag.

Proof. The corollary follows from the fact that if the iterates wy j do not change sign, then since

r(z) > 0 for z > 0, we get that 51 > 0 and Ay, < Ag. Furthermore, [0p| < max(w? o, w? )/4 <
2

o O

D.4.2 Link to the continuous-time result.

In this subsection we link our continuous results with the discrete when the iterates do not cross
zero. Indeed, at first sight, the discrete-time expression for A, might seem quite different from
its continuous-time counterpart:

s B () o () ) ()
1=p = W k Wk W ki1 W i1
% i 2 W 2
AT = Agexp <—/\/ ( +’t) + ( _’t> dt> .
0 W+t W— ¢
~

However, upon closer inspection, by letting the discretisation step & = /Iy = =0) from Propo-
sition 19 go to 0, we can recover the continuous-time result. Indeed, as ¢ — 0, we expect suc-

cessive iterates w4  to be close and hence wy py1/w+ . &~ 1. Now, since r(z) ~,—1 (2 — 1)2/2,
we roughly have

r(“’:ﬁ:,k—i—l) N l(w:l:,k;-&-l — w:t,k)2
W4 2 W4

and

T( W4k ) L wiggr —wig2 1 (w:t,k-i-l — wﬁ:,k)2

W+ k41 2 W k+1 2 W+

Putting the approximations together:

1 W4 1 Wi _le(1+p) Wi g1 —wig)> 1
1—ﬁzk:[r( wj;k )+ﬁr(wi’k+1):| N§ 1—,8 Zk:< g > (w:bk)Q‘g
148 © (g s\
~ 5w, (wi) @

0 . 2
A / <“’i¢) dt.
0 Wt

—
o+ o
oy
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Notice that in order for A to remain constant and € to go to 0, we must both have v — 0
and 8 — 1. Hence, (1 4+ )/2 — 1, and we recover the continuous-time expression for the
balancedness.

However, note that when the iterates cross zero it is unclear to the authors how the continuous
formula and its discrete counterpart compare.

Another Safe-Check Computation. Recall that MGD with stepsize v and momentum
parameter 3 corresponds to the discretisation of MGF with A = v/(1 — 3)? and discretisation
step € = /Ay. To check the consistency between the discrete time equations and continuous
time equations, we look at the value of exp(—t 5?) and times 't = me’ and 's = ke':

This small computation serves as a safe-check, affirming the correspondence between the continuous-
time analysis expression exp(—t 5*) and its discrete-time counterpart 3" k.

D.5 Technical lemmas

In this section we present various technical lemmas which allow us to prove our main results.

For A € ]R‘io, we recall the definition of the hyperbolic entropy function ¥a : R — R at scale

A:
d

_ 1 : 20; 2 2
wa(0) = 1 Z <29iarcsmh <Az> — (/407 + A7 + Ai> .

=1

The following lemma shows that the potential behaves as the £1-norm as A approaches 0.

Lemma 35. For 6 € RY the following asymptotic equivalence holds:

M4Zln< >|9|

Proof. The lemma easily follows from the asymptotic convergence

arcsinh(xz) ~ sgn(z)In|z|.

|z|—o00
[

The following lemma is a classical result which gives a closed-form expression to the solution
of a first order ODE.

Lemma 36. Let f : R>o — R? be a differentiable function and let g : R>g — RY be a continuous
function such that for some X # 0,

M+ f+g=0, Vt€Rx.

Then,
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Moreover, we have the following formula for the integral of f(t):

(T—t)

T T T
| sode=r0a =) - [ g -5
0 0

Proof. If we integrate the identity % [f(t)et/A] = —%g(t)et/)‘, we get that

t 1 (t—s)

ﬂw:ﬂmfA—AAg@w-xd&

As for the second part of the lemma, notice that

/oT f(t)dt = /OT [f ()% — i/otg (e ds] "

Hence, using Fubini, we get
/ / s<t S, t

T ot
/ / g(s)e™
0 0
_(t—=s)
:/ g(s)/ 1s§t(5,t) X dtds
0 0
T T s
By
0 s
_ )

which concludes the proof of the lemma.

O

The following lemma gives various properties on integrability and convergence of the solution

f of the aforementioned ODE.

Lemma 37. Let f : R>g — RY be a differentiable function such that f(0) =0 and let g : R>q —

R? be a continuous function such that for some \ # 0,

M+ f+g=0, Vt € Rx.

If g € L>(0,+00), then f € L*=(0,+00) and ||fllco < l|glloc. Moreover, if g € L*(0,+00), then

the following hold:
o f € LY (0,+00) and [} |f(s)|ds < [} |g(s)|ds, ¥t € [0, +o0];
o lim f(t) =

t—o00

./Omf:_/omg.

Proof. First, assume g € L*°(0,00). From Lemma 36, we have that f(t) = —

Hence,
t —8
)< 12 [t
x

= [lglloo(1 = ¢™*) < llglloos
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which proves the first assertion.

Second, assume g € L'(0,00). Then, |f(t)| < %fg |g(s)\e_(

t t s
/0 1£(s)lds < /0 g()I(1 - e~ 5)ds

t
< /0 19(s)lds < llgll 1.

Moving on, we will show that limy_, f(t) = 0. Recall that f(t) = —%fg g(s)e_(t?)ds.
Then,
t g t/2 (s) t ()
/ g(s)e” x ds| = / g(s)e” d5+/ g(s)e” > ds
0 0 t/2
. t/2 00
<ed [Clglast [ lots)lds
0 t/2
t—o0 0.

Finally, notice that

hm[ /f+/ f+g]—0<:>

X Jim £(t) + / (f+g)=0 <

[ [amo

where we used that lim;_, o, f(¢) = 0 and the linearity of the Lebesgue integral. O

With the help of Lemma 36 and Lemma 37, we can finally prove Section 9.4.3, which considers
ODE (9.4) and establishes the positivity of the balancedness for small A.
For A < ”y”2 - (min;j<4 Ag;), the balancedness A never vanishes: Ay # 0, Vt € [0, +00].

Proof. We consider MGF(\) with the diagonal-linear-network loss F(w) = L(u ® v), where
w = (u,v). From the energy of the system, defined in Equation (D.4) as Ey = F(wy) + 5|3

with derivative E = —||uy||3, we get that

y /\
£l =12 _ 2y - / s 124

Hence, since the LHS of the above equation is nonnegative, we get

/ ”w Hth < ”yH
0

/oo‘u 2’dt< HyH2
0 27'L

Consequently, 4?7 — 92 € L'(0, 00). Now, notice that from ODE (9.4), we obtain

Therefore,

l(ﬁtut — 'D{Ut) + (’l:LtUt — ’l'}t’Ut) =0 «<—

AL

dt (’L.Ltut — 'Ot'Ut) + (’l.LtUt — ’L.)t’Ut) — l(u? — U?) =0.
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Applying Lemma 36 yields

t
’l'Lt’U,t — i)tvt = / (u? — 1')3)67 X ds
0

and

(t—s)
X )ds. (D.20)

t
uf—vf:Ao+2A/0(u§—@§)(1—e—

Applying Lemma 37 allows us to conclude that for every ¢ € [0, +o0],
t
Ay > Ay — 2>\/ [u? — v2|ds
0
A 2
ag Mol
n

where the last inequality is due to the inequality assumption over A. O

Our final technical lemma helps with the proof of Theorem 4. The definition of the quantities
Q+,m can be found in the proof of this theorem.

Lemma 38. The quantities at n defined in eq. (D.17):

N
1 _
Q4 N41 = Cvexp (— > (=Nt m)Qi,m) :

converge as N — 00 to vectors o4 o with non-zero coordinates.

Proof. From Assumption 9 and Assumption 10, we have that the iterates w+ y converge towards
vectors w4 o such that Ay = |wy oo ® w_ | has non-zero coordinates. This means that there
exists Ng > 0 such that wy y do not change sign for N > Ny. Consequently, the imaginary
parts of g+ n are constant (equal to 0 or 7 depending on the sign of w4 ) for N > Ny, and
0+ n € R for N > Ny. This finally means that Q+ x > 0 for N > Ny and

N No N
Z (1 - BN+17m)Q:I:,m — Z(l o BNJrlfm)Q:bm + Z (1 . BNJrlfm)Qi,m
m=1 m=1 m=Np+1

The first term converges to 2%0:1 Q+,m as N — oo. The second term is increasing because
Q+ N are positive for N > Ny and (1 — pN+1=m) is increasing. Therefore, the second term also
converges to a finite value since otherwise ot oo = 0, which contradicts Ay = |4 co— 00| #
0. O

D.6 Additional experiments

In this section of the appendix, we clarify experimental details and discuss additional experi-
ments.
D.6.1 MGF: a good continuous surrogate

Most of our experiments deal with 2-layer diagonal networks, but before we constrain ourselves
to that tractable setting, we present a couple of experiments on more general architectures.
These experiments highlight our observation from Section 9.3 that MGF()\) serves as a good
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continuous proxy for MGD(+, 8) even for complicated non-convex losses F' and large step sizes
7. We provide evidence for that conclusion by showing that the single parameter A = /(1 — 3)?
controls the generalisation performance of models trained with MGD(~, /).

Teacher-Student Fully Connected Network. We detail the experimental setting which
leads to Figure 9.2. We consider a teacher-student setup where the teacher is a one-hidden-layer
fully-connected ReLU network with 5 hidden neurons and the student is a one-hidden-layer fully-
connected ReLU network with 20 hidden neurons. We randomly generate 15 inputs x; € R?
according to a standard multivariate normal distribution. Each y; corresponds to the output by
the teacher network on input x;. The student is trained using momentum gradient descent with a
square loss. Figure 9.2 corresponds to the test loss after the student reaches 10™° training error.
Each grid point corresponds to the same data set and initialisation of the student network. We
observe that the quantity A = ﬁ aligns well with the level lines of the test loss as expected
from Proposition 19.

Deep Linear Network. The network used for Figure D.2 contains 5 layers with widths (30, 60,
120, 60, 1) and was trained for 1000 epochs for each pair of momentum parameter 3 and step size
7. Each network weight was randomly initialised according to N'(0,0.1%) with fixed randomness
for each (7, 8)-trial. The training data was chosen as follows: (z;)7_, "~ N(ul,0%I;) and
y; = (x;, 0%) for i € [n] where 6% is s-sparse with nonzero entries equal to 1/4/s, where (n,d, s) =

(20,30,5) and (p,0) = (1,1). We show results averaged over 5 replications.

logio Test Loss , logyo Train Loss
- - 10~

1072

~0.60 -9.0
Y -0.66 -10.5
-0.72 -12.0

0.0 03 g 06 0.9 1075 03 g 06 0.9

Figure D.2: Test and train loss of a fully connected deep linear network trained with MGD(~y, )
in a noiseless sparse overparametrised regression setting. The test loss appears considerably
correlated with the intrinsic parameter A = /(1 — 8)?, evincing that MGF()\) approximates
MGD(~, ) sufficiently well even on complex architectures.

2-Layer Diagonal Linear Network. The plots from Figure D.3 were obtained for a 2-
layer diagonal linear network trained in the noiseless sparse overparametrised regression setting
described above. The first network layer was initialised with the uniform initialisation a1,
where o = 0.01, and the weights of the second layer were set to 0. The momentum gradi-
ent flow evolution of the weights was simulated with the default version of the ODE solver
scipy.integrate.odeint.
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logip Test Loss MGD(y, B) logio Test Loss MGF(y/(1 — B)?)
1071 1

-6.0
0.0 . X 0.9

Figure D.3:  Left: Decimal logarithm of the test loss of a 2-layer diagonal linear network
trained with MGD(~, 3) for 1 million epochs. Right: Decimal logarithm of the test loss of a
2-layer diagonal linear whose weights evolved according to MGF(\) — where A = /(1 — 3)?
— and converged to an interpolator of the training dataset. We observe an almost one-to-one
correspondence in terms of generalisation capacity, which demonstrates that MGF()) serves as
a suitable continuous surrogate for MGD(+y, 8) in the diagonal linear setting.

D.6.2 Experiments with diagonal linear networks

Having seen empirical proof that MGF()\) approximates well the optimisation trajectory of
MGD(~, ) on complicated models, we proceed with experiments that illustrate the conclusions
of our results for 2-layer diagonal linear networks. In particular, we provide experimental evi-
dence that both in the continuous and discrete-time cases, the recovered interpolators by MGD
and MGF satisfy

QMGF/MGD _ arg min Dono (07, 9~0) ~ arg min a_ (6%),

0*eS 0*eS

as we explain underneath Theorem 3, Theorem 4, and in Appendix D.3.3. Indeed, we observe
that the perturbation term 6y can be safely ignored even without the assumption of strictly
positive balancedness. The asymptotic balancedness A, then uniquely controls the properties
of the recovered solution. We now specify our experimental setting.

Experimental Details. We work in the noiseless sparse overparametrised regression setting
with uncentered data. More precisely, we let (z;)"; "= N(u1,02Iy) and y; = (x4, 0%) for i € [n]
where 0% is s-sparse with nonzero entries equal to 1/y/s. We train a 2-layer diagonal linear
network with (M)GD and (M)GF with the uniform initialisation up = a1, where av = 0.01 and
vg = 0. In order to simulate gradient flow or momentum gradient flow on the network weights,
we use the vanilla version of the ODE solver scipy.integrate.odeint. For most of the
incoming plots, we have fixed (n,d,s,o) = (20,30,5,1) and we let u € {0,0.5,1,1.5}. In what
follows, all plots show results averaged over 5 replications.

Continuous-Time Plots

We first present a set of 3 continuous-time plots (Figure D.4) for the setting where the input
data follows a Gaussian distribution N (u1, I4) with g = 1.
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Experimental Setup. For a sampled dataset (X,y), we train our diagonal network with
MGF()), A € [0,1], and initialisation (ug,vp) = (a - 1,0) until convergence to an interpolator *
O™F . During the training of MGF()), we also take note of whether the balancedness A; remains
strictly positive at all times, thereby checking the explanatory range of Section 9.4.3. Having
completed the MGF training, we plot the Test Loss of §"°F, the /,-Norm of A, and the
¢1-Norm of 6"¢F in order to visualise the gain in generalisation performance.

Insignificance of f;. Now, recall from Theorem 3 that §"6* = argmin y..g Dy (6%, 60)

and that for ||fgllee < 16" |lso, Dy, (0*,60) ~ Ya_(6*). We proved that for small values
of A, the balancedness remains strictly positive at all times, which allowed us to show that
16o]lc < a®. We conjecture that 6"F ~ argmin g.cgta. (6*) continues to hold for larger
values of X\. We experimentally test this claim by measuring the precise distance between 6"¢F
and 03" = argmin g.cg¥a., (0*). Indeed, we initialise a gradient flow with initial balancedness
equal to Ao and such that 6y = 0, which converges to the predictor HGF as discussed in
Section 9.4.1. Hence we can calculate the Normalised Dlstance between 0" and 03

equal to ||§MCF — oo||2/||0GFoo||2, and we obtain that [0 —03" [[2/[0F_[[2 < 0.01 for A € (0, 1)

Test Loss MGF [|Ax]|2 [|6MCF ||,
le-4 A+> 0 for all t € [0, »]
le-21 2.27
le-4+ 2.24
le-6
011 " A j 04 01 j A j 04 01 j A j 04

Figure D.4: Continuous-time experiments on uncentered data with mean y = 1. Here, 0"°F
denotes the interpolator recovered by MGF()) and A, stands for the balancedness at infinity
for MGF()). We observe that the test loss and sparsity of 0"°F correlate with the magnitude of
A as predicted by Theorem 3.

Insights from Continuous-Time Experiments. First, we observe that no matter the mean
of the data distribution® or the size of A € (0, 1), the normalised distance between 6™F and
922 is always upper-bounded by 0.01. Hence, we can empirically confirm our conjecture from
Theorem 3 that §"¢" ~ 63 for larger A when the balancedness changes sign. Second, we see that
regardless of the mean of the dataset, the balancedness at infinity (i.e., the effective initialisation
A) controls the generalisation behavior of the recovered interpolator. We can explain this
observation again through the approximate equivalence 6"F ~ arg min g« g ¥a . (6%).

The Effect of the Data Mean. In Figure D.5, we summarise our empirical results for data
with various means. Notice that there exists a difference between the generalisation behavior
for centered and uncentered data. Indeed, for centered data (top left), the key quantity A has
little impact on the sparsity of the recovered solution. This circumstance is reminiscent of the
observations from Nacson et al. [2022] and Even et al. [2023]. However, for uncentered data, we

*We know that 6™ interpolates the dataset (X,y) because we also record the Train Loss (§"°F), which falls
under 10720,
5We performed the continuous-time experiments depicted in Figure D.5 for data with mean u = 0,0.5,1, 1.5.
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Data with Mean 0.0 ez Data with Mean 0.5
4.0e-
4.8e-2-\ 13'2‘\ Fle-3
N ] \ .
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w4 i | —
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- L =
n - L 4
@ L
| I
1.6e-2- [15€2  go 3 I
rle-4
0.2 ' ' 0.8 02 ' ' 0.8
Data with Mean 1.0 Data with Mean 1.5
Fle-2
le-4+
L le-44
w L
5 |
= \ 1
("))
n -
O .
-
— \
(2] r .
R
le-64 L
le-6 Fle-4 A¢>0 forall tE€[0, ©]
01 ' A ' 0.3 0.1 ' A ' 0.3

Figure D.5: We observe that for uncentered data the magnitude of the balancedness at infinity
Ao correlates with the test loss of the interpolator selected by MGF()A). However, this rela-
tionship breaks for centered data.

observe an interval Zp, = (0, Amax) (Which depends on the data distribution D;) for which MGF
with A € Zp, outperforms GF in terms of generalisation. Furthermore, there appears to exist
a constant A\, € Ip, (roughly corresponding to the minimum magnitude of A,,) which brings
about the most improvement compared to gradient flow. We note that the following tendency
seems to hold empirically:

lim M5 =0.

lpul=+oo 7

Discrete-Time Plots

For the sake of brevity®, we only present a single set of plots for the discrete-time noiseless
sparse recovery given in Figure 9.4. Our input data follows a unit-mean Gaussian distribution

N1, 1,).

Experimental Setup. For a sampled dataset (X,y) and hyperparameter pair (,y), we train
our 2-layer diagonal linear network with MGD(~y, ) initialised at (ug,vp) = (a1,0) for 1 million
epochs (which suffices for convergence”). During the MGD(v, 3) training, we also take note
of whether the iterates wy j change sign or not thereby checking the explanatory range of
Corollary 3. Having completed the MGD training, we plot the Test Loss of §"°P, the {5-Norm
of A, and the /1-Norm of #"¢" in order to visualise the gain in generalisation performance.

Insignificance of 6. Recall from Theorem 4 that 6P = arg min g.cg Dy, A (0% 00). Again, we

5We performed discrete-time experiments for data with means p = 0,0.5,1, 1.5.

" Again, we record the Train Loss (6%%,), which falls under 10~
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want to characterise the recovered interpolator as 6"°P ~ arg min g.c s ¥a. (6*). In order to verify

empirically that the effect of the perturbation term is negligible, we follow the same strategy as
in the continuous-time case. We initialise a gradient flow with initial balancedness equal to Ay

and 6y = 0, which converges to the predictor HGF as discussed in Section 9.4.1. Hence, we can
calculate the Normalised Distance between QMGD and 0% equal to [|63°%, — 0% _|l2/ HGGFOO |2,

and we find that [|05°%, — 0% |l2/[|0X_[l2 < 0.01 for all pairs (v, 3) in Figure 9.4. This exper-

imentally shows that §"" ~ argmin g.cs 9. (6*) and that the asymptotic balancedess is the
key quantity which predicts the recovered solution.

Insights from Discrete-Time Experiments. As predicted by Theorem 4, a more balanced
solution (center plot) leads to a solution with a lower ¢;-norm (right plot), which in turn trans-
lates to better generalisation (left plot). Finally, as proven in Corollary 3, the trajectories for
which the iterates do not cross zero satisfy Ao, < Ag, where Ay (approximately) corresponds to
the asymptotic balancedness for the pair (,v) = (0,1073) in the bottom left corner of the center
plot. Clearly, the pairs (,y) for which w4 ; do not change sign lead to better generalisation than
the pair (0,1073). Again, we note that for centered data the story changes, and we lose the
clear correspondence between small ||Ay |2 and small ||§"¢P]|;.
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Appendix E

Appendix for Chapter 10

Organisation of the Appendix.

1. In Appendix E.1, we provide the proofs of the existence and uniqueness of (MF), of the
convergence of the loss, the divergence of the iterates and the proof of Lemma 5.

2. In Appendix E.2, we provide all the proofs concerning the construction of the horizon
shape and that of our main Theorems 6 and 7.
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E.1 Proofs of properties of the mirror flow in the classification setting

We start by proving Lemma 4 which ensures the existence and unicity of (MF).

Lemma 4. For any initialisation By € R, there exists a unique solution defined over R>o which
satisfies (MF) for all t > 0 and with initial condition Bi—o = Bo.

Proof. First note that the two first points of Assumption 12 correspond to the definition of a
Legendre function (see Rockafellar [1970], Chapter 26). It follows that the Fenchel conjugate ¢*
is also a Legendre function and that the gradient V¢ is a bijection over R? with (V¢)~! = V¢*.

Note that the existence of a global solution of (MF) is a priori not obvious. To prove it, we
first consider the following differential equation:

duy = —VL(V* (u))dt, (E.1)

with initial condition u;—y = V¢*(Bo).

Since L is C2, VL is Lipschitz on all compact sets. Furthermore, since V2¢ is p.s.d., Vo* =
(Vp)~!is C! and therefore Lipschitz on all compact sets. Hence VL o V¢* is Lipschitz on all
compact sets and from the Picard-Lindel6f theorem, there exists a unique maximal (i.e. which
cannot be extended) solution (u;) satisfying eq. (E.1) such that w—o = V¢*(8y). We denote
[0, Timax) the intersection of this maximal interval of definition (which must be open) and R>.
Our goal is now to prove that Ty.x = +00. To do so, we assume that Ty, is finite and we
will show that this leads to a contradiction due to the fact that the iterates 8; cannot diverge
in finite time. Let 5; == V¢*(u;) and notice that §; is therefore the unique solution satisfying
(MF) over [0, Tiax) with SBi—o = Po.

Bounding the trajectory of 5; over [0, Tjuax). Pick any 8 € R? and notice that by convexity
of L:

4 Dy(8.8) = ~(VL(B1). B — ) < ~(L(B) — L() < L(5) — Lun.

Where L, is a lower bound on the loss. Integrating from 0 to t < Tiax Wwe get:

Dy(B, Bt) <t (L(B) — Lmin) + Dy (B, Bo)
< Tmax : <L(5) - Lmin) + D¢(B750)

Therefore, due to Assumption 12, the iterates 8, are bounded over [0, Tiax). The proof from
here is standard (see e.g. Attouch et al. [2000], Theorem 3.1): from eq. (E.1) we get that 1, is
bounded over [0, Tiax) and sup;c(o 7, ]l =: C < +00 which means that ||u;—uy || < Clt—#|.
Hence lim;_,7, . ut =: uco must exist. Applying the Picard-Lindelof again at time Tiax with
initial condition us, violates the initial maximal interval assumption. Therefore T, = +00
which concludes the proof. ]

We now recall and prove classical results on the mirror flow in the classification setting.

Proposition 22. Considering the mirror flow (B¢)i>0, the loss converges towards 0 and the
iterates diverge: lim L(f;) = 0 and lim ||3¢|| = +oo.
t—o0 t—o0

Proof. The loss is decreasing. %L(ﬁt) = —(VL(B), B) = —(V2(8) " 'VL(B,), VL(B)) < 0,
where the inequality is due to the convexity of the potential ¢.
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Convergence of the loss towards 0. Now consider the Bregman divergence between an
arbitrary point 8 and f;:
Dy (B, Bt) = ¢(B) — ¢(Bt) — (V@(Br), B — Br) = 0.

which is such that:

d d
&D¢(5>5t) = <av¢(5t),ﬁt - ﬂ>

—(VL(B), Bt = B)
—(L(Br) — L(B)) (E-2)

where the inequality is by convexity of the loss. Integrating and due to the decrease of the loss,
we get that:

IN

L) < 5 [ 1e)as

Dy (8, 0) — Dy(B, 5r)
t

< L(ﬁ) + D(ﬁ(faﬂﬂ)

< L(B) +

Since this is true for all point 3, we get that L(8;) < infgepa L(B) + w. It remains to

show that the right hand term goes to 0 as ¢ goes to infinity. To show this, let € > 0, by

the separability assumption we get that there exists §* such that miny;(x;, 5*) > 0. Since

L(A\By) )\—> 0, we can choose A big enough such that L(A\5*) < ¢ and then ¢, large enough such
—00

that iDd,()\ﬁ*, Bo) < e. The loss therefore converges to 0.

tx

Divergence of the iterates. For all i € [n], {(yi(zi, B)) < L(B:) b 0. Due to the assump-
—00

tions on the loss, this translates into y;{(x;, ;) — o0, hence ||5¢|| — +oo. O
t—00 t—o00

In the following lemma we recall and prove that a coordinate goo [k] must be equal to 0 if
datapoint xj. is not a support vector of SBy.

Lemma 39. For some function Cy — 0o, if the iterates 3y = % converge towards a vector which

we denote Boo and q; converges towards a vector qu € [0,1]". Then it holds that:
Go[K] =0 if  yp(Tr, Boo) > min yi(wi, Boo)-
1<i<n

In words, quolk] = 0 if xx is not a support vector.
Proof. Recall that

U(ZBy)
(12 Uy, Br))))

From Proposition 22, we have that min;ep, Yi{wi, Boo) > 0 and we denote this margin as 7.
Now consider k € [n] which is not a support vector, i.e, Yk (Tk, Boo) > minep, Yi{xi, Boo) and
without loss of generality assume that y1(z1, foo) = mini<i<n ¥i(Zi, foo). We denote by 6 =
(yrzr — Y171, Boo) > 0 the gap. Then

q(Bt) = 7 (E.3)

B (Clx, Br))

Q(ﬂt)k = el(g—l(zi 6(_Ctyi<37i; Bt))))
(Cryn{r, Br))
(Cryr{zx1, Br))

Vi
<
=
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We write 3; = Boo + Tt where (7¢)1>0 € R? converges to 0. For ¢ big enough, we have that

il Be) > il oo) — & and ya (w1, 5e) < 91 (1, foc) + 3. Therefore for ¢ large enough, since
¢’ is negative and increasing:

£(Colun s Boc) — 6/4))
WO < G Cyr @, Boo) + 0/4)
¢(Coly 1 5/2 4+ 6/4))
P +02)

where the last term converge to 0 due to the exponential tail of —¢ and that C; — cc. O
We here reformulate and prove Lemma, 5.

Lemma 40 (Reformulation of Lemma 5). Denoting a(8;) == —¢' (¢~ (E 0(yi(xi, Br)))) > 0, we
have that fo a(fBs)ds = +oo. For 0(2) = exp(—2), this translates to fo (Bs)ds — 0.

Proof. Recall that Vé(3;) = Vo(Bo) + Z 7 fo )q(Bs)ds, therefore
n t
IVo(BOIl < V(B0 + ||~”L’i|!/0 a(Bs)q(Bs)[i]ds
i=1

< (ZH%‘H)/O a(Bs)ds

Where the first inequality is due to the triangle inequality and the second to the fact ¢(3) €
(0,1]™. Since the iterates diverge, we have from assumption 12 that ||V (5)]| T 00 and
— 00

therefore that fo a(fBs)ds o, oo O

208



APPENDIX E. APPENDIX FOR CHAPTER 10

E.2 Differed proofs on the construction of ¢

As mentioned in the main text, the following property highlights the fact that all ‘reasonable’
potentials have a horizon shape.

If any of the three following conditions hold: (i) ¢ is a finite composition of polynomials,
exponentials and logarithms, (i7) ¢ is globally sub-analytic, (iii) ¢ is definable in a o-minimal
structure on R; then ¢ admits a horizon shape Si.

Proof. Note that points (i) and (ii) are particular cases of (iii) [Dries, 1998, Bolte et al., 2007].
If h is definable in a o-minimal structure, then so is the sublevel set S, for ¢ > 0, and so is the
normalization factor R, since it can be defined in first-order logic as

R.={reR:3" €S, ||| =rand V3 € S, ||B] < r}.

Therefore, (S.)e~o if a definable family of definable and compact sets. Then so is the family
(gt—l)te(ojl}. Since all the sets belong to the unit ball of R?, they lie in the sets of compact
subsets of B(0,1). This set is compact for the Hausdorff metric [Aliprantis and Border, 2006,

Thm 3.85]; therefore, there exists a sequence (x)zen such that ¢, — 0 and (S,-1)ren converges
— k
to some set S.
We can then apply Corollary 2 of Kocel-Cynk et al. [2014], which states that there exists a
definable arc 7 : (0,1] — (0,1] such that lim, o y(7) = 0 and S = lim; 9 S, (;)-1. This implies
that the limit .S is uniquely defined and therefore that lim;_,q.S;-1 = 5. L]

The next corollary is a more general restatement of Corollary 4. It shows that the construc-
tion of ¢, enables to take the limit limy m X OPoo(Boo)-
Corollary 6. Assume that ¢ admits a non-degenerate horizon shape Soo. Then its horizon
function ¢ satisfies the following properties.

1. ¢oo is convex and finite-valued on RY,

2. Let (Bs)s>0 be a continous sequence such that when s — oo:

(a) ||Bs]| = o0, (b) HgS’ — B for some f€ R, (c)

Then § is proportional to a subgradient of ¢oo at B:

Vé(Bs)
IV (8s)l

— g for some §eR%

g € N0 (B)  for some X > 0.

Proof. The sequence of sets (S.) is contained in the compact ball B(0,1); therefore, Hausdorff
convergence is equivalent to Painlevé-Kuratowski convergence [Rockafellar and Wets, 1998, Sec-
tion 4.C]. Hence, as (S,) are convex, so is their limit S, [Rockafellar and Wets, 1998, Prop 4.15].
It follows that hoo is convex [Rockafellar and Wets, 1998, Ex 3.50].

Since S is non-degenerate, there exists a radius r¢ such that B(0,ry) C Se, which implies
that hoo () is finite-valued for every /3.

To prove point (ii), consider the sequence of functions (7.)c>o formed by the indicators of
convex sets S’c:

0 if g € S,,

+o00  otherwise.

Note that the epigraph of 7. is S, x R, ; these sets also converge to S, x Ry [Rockafellar and
Wets, 1998, Ex 4.29], from which we conclude that function 7. converge epigraphically to the
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indicator function 7o of Seo (00 = Is.,). We can then apply Attouch’s theorem [Attouch and
Beer, 1993, Combari and Thibault, 1998] ensuring that the graph of the subdifferentials of 7,

G(One) ={(B,9) : g € M(B)}

converge in Painlevé-Kuratowski sense to the graph G(0n«) of subdifferential of 7. This means
that if a sequence (fe¢, gc)e>0 such that (8., B.) € G(9n.) for every ¢ > 0 converges, then its limit
belongs to G(Onso).

Consider now a sequence (fs)s>0 satisfying the conditions described in (ii). Since it diverges
to infinity and h is coercive, we have h(fs) — oo, and we may assume w.l.o.g that h(8s) > 0 for
all s. We have by definition of sublevel sets 35 € Sj(3,), and therefore

Vh(ﬁs) € 815;1(55)(53)7 (E4)

which can be derived easily from convexity of h (geometrically, this means that the gradients of
h are normal to the sublevel sets). Consider now the normalized levels sets as defined in (10.4).
Denoting

3 Bs

ﬁs = 5
Bi(s,)
we have 3, € Sh(ﬁs) and thus by simple rescaling (E.4) becomes

Vh(g.) € 0I5, (Bs).

Since 013 is a cone (the normal cone to S.), this also holds for any positive multiple of VA(Ss).
We deduce that for every s > 0

. Vh(E)
(P o) = Somon

Note that since 35 belongs to the normalized level sets, this sequence is bounded. We can extract

a subsequence (Ss, %)kzo which converges to a limit point (B , ). By the previous remark

on graphical convergence of subdifferentials, we have (3,9) € G(01s.), i.e.,

A~

g€ dls(B). (E.5)

We need to prove that 3 is not 0. Since h is strictly convex, the level set {6(B) = ¢} is exactly
the boundary of the sublevel set {¢(3) < c}._Therefore, Bs lies on the boundary of Syg,),
and hence so does f3; lie on the boundary of Sj(g,). Since 0 is in the interior of S, it also
belongs to tkle interior of Syg,) for s larger than some sp. Then, there exists ro > 0 such that
B(0,79) C Sg(s,) for s > so. By definition of boundary, we then have for s > so [|3s| > ro,
which leads to ||| > 0.

To achieve the desired result; we need to relate ([3’, g) to (B,g). First, notice that by con-
struction we have necessarily § = g = lims_oo VA(Bs)/||h(Bs)||. Then, note that

e} : Bs A : ﬁs
B=lim —*—, (= lim E .
k=00 || Bs | k=00 Rps,, )
Taking the norm of the second limit, we have ||| = limg_so0 RH’?();’“”). Injecting back in the first
Sk

limit yields
_ R 3

£ = lim B PBay) = B

k—oo Rpg, ) 1Bsll ||

~ .

Al
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Therefore, (E.5) becomes

g € 0I5, (|18B)-
This means that g belongs to the normal cone of S at ||3]|3 [Rockafellar, 1970, Sec. 23]. We
note the level set {5 : ¢oo(f) < doo (HBHB)} is exactly 7S for some 7 > 0. We use Corollary

23.7.1 from Rockafellar [1970] which states that if a vector is in the normal cone of the level set
of ¢, then it must be a positive multiple of a subgradient. This implies that that there exists
A > 0 such that

g € M0hoo([|3115)-
Finally, A > 0 since ||g|| = 1, and dheo (]| 3]|8) = Ohoo(B) by positive homogenity of hs.. O

We can now prove our main result, which we restate here.

Theorem 6. Let ¢, be the horizon function of ¢. Assuming that the ¢oo-mazx margin problem
has a unique solution, the mirror flow normalised iterates By = Hﬁ ] converge towards a vector

B and

Boo OC argmax min yl<l'1,ﬁ_>,
doo(B)<1 €M

where the symbol < denotes positive proportionality.

The proof essentially follows exactly the same lines as in Section 10.4 but taking into account
the fact that the loss is not exactly the exponential one.

Proof. Recall that Z is the data matrix of size n x d whose i*" row is y;xi, we then have that

VL(B) = Z"¢'(ZpB), where ¢ is applied component wise. We now denote by ¢() the vector in
R"™ equal to:

U'(Zp)
2 yilzi, B))))

Notice that the facts that ¢ > 0, ¢/ < 0, £~! is increasing and ¢ is decreasing, we have that
q(B) > 0 and that for all ig € [n],

gl(yio <33i07 ﬂ>) < gl(yio <xi07 6))
CE 2 Uil 8)))) — £ (Yo (i, £))))

a(B) = (E.6)

<1.

q(ﬁ)io =

Therefore ¢(5) € (0,1]™.

We further denote a; == —¢'(¢71(Y", €(yi{z;, Bt)))) > 0. This way we can write VL(5;) =
—aZ " qp with ¢ = q(B)

Integrating the flow we have that

Vo(B) = Vo (Bo) — /O VL(B:)ds

t
= V(o) + 2" [ auads
0
Similar to the time change we performed in Section 10.4, we consider 0(t fo asds. From
Lemma 40, 0 is a bijection over R>( and perform the time change By = Bo-1(r)- Due to the chain

rule, after the time change and dropping the tilde notation we obtain:

t
Vo(B) = Vo(Bo) + 2" /0 4eds.
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Dividing by ¢ we get:
1 1 _
quﬁ(ﬁt) = ZV(/b(/BO) +7Z (E.7)

where ¢ = %fg gsds corresponds to the average of (gs)s<¢-

Extracting a convergent subsequence: We now consider the normalised iterates §; = Hg—z”

and up to an extraction we get that 5; — Beo. Since ¢ is a bounded function, up to a second
extraction, we have that ¢ — ¢, and the same holds for its average: ¢ — (. Taking the
limit in Equation (E.8) we immediately obtain that:

lim S V(5) = 27 e, (ES)

which also means that

V(b(ﬁt) ZTQOO

H —
V(B to0 127 Gos|
We can now directly apply Corollary 6 and there exists A > 0 such that:

Z " g0 € Moo (Boo)

The end of the proof is then as explained in Section 10.4.
O

Finally we recall and prove Theorem 7 which provides a simple formula for the horizon
function in the case of separable potentials.

Theorem 7. Under Assumption 1/, there exists A > 0 such that the horizon function ¢ of ¢
as defined in the previous section satisfies:

$oo(B) = Alim 7 ot (¢ (i))

for every B € RY.

Proof. Lipschitzness, upper and lower boundedness. For n > 0, let us denote by h,, :

B+ n- o Yé(B/n)) and notice that Vhy(B) = (so’(w‘;p(lgf/z)ﬁi/n))))ke[d] > 0 Since ¢ > 0

and that ¢~ and ¢’ are increasing we get that that Vh,(8) € [0,1]%. Therefore (h;),~o are
uniformly Lipschitz-continuous. Consequently, for all 3, hy (/) is upper-bounded independently
of . Lastly, since ¢ > 0, notice that h, (/) > min; [5;| > 0 for all 5 # 0.

Point-wise and epi-convergence of h,. For all 3, by composition,  — - ¢~ 1(¢(8/n)) is
a definable function, the monotonicity Lemma [Van den Dries and Miller, 1996] (Theorem 4.1)
ensures that it has a unique limit in R which we denote ho(f). From the uniform Lipschitzness
of hy,, we get that (n,3) € R>g x R? — hy () is continuous. Hence for all sequence 1, — 0,
we get that h,, epi-converges to hg. Therefore (epi hy, ), converges in the Painlevé-Kuratowski
sense towards epi Ay, .

Link between the level sets of h, and those of ¢. To conclude the proof it remains to
notice that for all ¢ > 0:

(B R $(8) < ¢} = }7{6 & R, hy(B) < np™ ().
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Therefore letting 1. = 1/¢~(c) we get that
Ne-Se={B € RY, hn.(B) < 1}

This simply means that 7. is an appropriate normalising quantity, it replaces the normalisation
by the radius of S.. Since {8 € R% h, (B) < 1} converges in the Painlevé-Kuratowski sense
towards {3 € R? ho(B) < 1}, we get that R.n. - S. converges towards the same set. However,
with our previous construction, we also have that S, converges towards Soo. The sets So, and
{B € R%, hy(B) < 1} are therefore proportional and hy o« ¢, which concludes the proof.

O]
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