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This Thesis in a Nutshell

Over the last decades, machine learning revolutionised our daily lives from recom-
mendation systems [330] to image recognition, medical data analysis [179, 202, 318],
text completion and translation [148, 297], self driving cars [122, 324] and algo-
rithmic trading [310]. Its groundbreaking successes defy classical statistics and
the underlying mechanisms driving them remain, for the most part, obscure [49].
To bridge the gap between theory and practice, a community of mathematicians,
physicists and computer scientists joined forces to develop an understanding of
the three key components in deep learning: the architecture, the data and the
algorithm [325]. My thesis falls within this vast research program with results
providing insights into each one of these aspects and their interplay: [76, 201] for
the architecture, [258, 260] for the data and [77, 259] for the algorithm. The main
theoretical tools are those of statistical physics well adapted to describe the jillions

of adjustable parameters in deep networks.

In [76], we target architecture and the benign effect of overparametrisation in
deep learning. We focus on the lazy regime of deep networks [63, 145] where
the weights barely move from their initial values during training. Through a
bias-variance decomposition of the test error, we demonstrate that fluctuations
stemming from from the noise corrupting the labels, and from the initialisation of
the weights are responsible for the "double-descent" of the test error i.e its peak at
the interpolation threshold and its decay upon overparametrisation. From these
results, which we validate through numerical experiments, we can compare the
effect of ensembling methods, overparametrisation and regularisation. Follow-
ups [191, 246] perform more fine grained bias-variance decomposition. In a later
collaboration [201], we rigorously extend the analysis to the general case of convex

losses with generic convex regularisation.

Deep neural networks, however, solve complex tasks by extracting features
from the data they are trained with and, thus, cannot be fully described by lazy-
methods [19, 172]. Establishing to what extent the former outperform the later
requires understanding the interplay between architecture and data structure and
assessing how well both methods capture input features. We make progress
in [260] by studying Gaussian mixtures classification at varying signal-to-noise
ratio (SNR). We describe the dynamics of neural networks (NN), by extending
the works [114, 269, 270] to the case where inputs are conditional on the labels
and have non trivial covariance. The resulting equations reveal that that two
layer NN with a few hidden nodes, achieve oracle like performances for all SNR.
In sharp contrast, lazy methods are unable to classify the mixture at low SNR
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because the transformation of the inputs in feature space remains linear. Thus, a
non-separable mixture in input space remains non-separable in feature space where
linear methods perform no better than random chance. The non-linear effects
which allow lazy methods to learn, only kick-in at sufficiently high SNR.

Going a step further, it is key to understand which input features NN learn
and how. An ideal framework to do so is unsupervised learning, where feature
extraction is crucial. In [258], we focus on shallow non-linear autoencoders (AE), the
simplest unsupervised learning architecture, which are trained to reconstruct their
inputs. Leveraging again on [114, 269, 270], we characterise their training dynamics
on synthetic data and demonstrate that the results carry over to benchmark datasets
through numerical experiments. The analytical description reveals that AE learn
the leading principal components of their inputs sequentially and uncovers the
need to untie the weights in sigmoidal AE and to train the biases in ReLU AE.
Building on previous results for linear networks, we finally propose a modification

of the vanilla SGD algorithm which allows to learn the exact principal components.

In deep learning applications, however, practitioners rarely resort to vanilla
SGD considered so far. They speed up and improve optimisation through add-ons
among which, learning rate schedules, i.e. protocols to change the learning rate
during training, are ubiquitously used [147, 222, 245, 292]. In [77], we analytically
study the effects of learning rate scheduling in optimisation problems where the
loss function is high-dimensional and highly non-convex as is the case in deep
learning. We find that, with a power-law decay of the learning rate 7(t) = ¢,
optimisation is fastest with p < 1, increasing with decreasing landscape complexity
and smaller than in convex setups where § = 1 is generally optimal. When we add
a signal to be recovered, optimisation occurs in two phases. In a first exploration
phase, the dynamics navigate through rough parts of the landscape and the learning
rate should be kept large. As soon as the signal is recovered, the dynamics enter
a convex basin. In this convergence phase the convex criterion f = 1 is optimal.
Numerical experiments confirm that our conclusions hold in a common regression

task involving neural networks.

The scrutiny of alternative algorithms, introduced to simplify back-propagation
and overcome some of its pitfalls, can deepen our understanding of the role of
the algorithm in deep learning. One such algorithm, Direct Feedback Alignement
(DFA) allows to speed up the training of neural networks [237] and to increase
their robustness against adversarial attacks [54] by simultaneously injecting the
error at every layer during the backward pass. In [259] we provide theoretical
understanding of how and when DFA succeeds. We distinguish two phases of

learning: an alignment phase, during which the algorithm limits the expressivity
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of the network, is followed by a memorisation phase where the expressivity is
recovered and the network learns the task. Thus, good performance is often not
hindered by a considerable simplification of back-propagation’s backward pass.
The results also reveal why DFA notoriously fails to train convolutional neural
networks, a manifestation of the interplay between algorithm and architecture.
Through numerical studies in deep networks, we verify that our conclusions carry
over to realistic setups.

The works, many of which were published at prestigious machine Learning
conferences such as ICML, were conducted in collaboration with various institu-
tions, including ENS Paris, EPFL (Lausanne), King’s College (London) and SISSA

(Trieste), and private companies, including Meta Al (Paris) and Lighton (Paris).
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and will not be discussed. These are of independent interest and we provide a
short summary below.

[23] Epidemic mitigation by statistical inference from contact tracing data.

Baker, Biazzo, Braunstein, Catania, Dall’ Asta, Ingrosso, Krzakala, Mazza, Mézard,



Muntoni, Refinetti, Sarao Mannelli & Zdeborovd

In brief This work develops probabilistic inference methods which increase
the ability of contact-tracing to mitigate pandemics such as COVID-19. We
estimate the risk that an individual is infected based on the list of his recent
contacts and their own risk levels, as well as personal information such as
results of tests or presence of syndromes. This allows to optimise testing
and quarantining strategies and provides an efficient way to control the
epidemic, especially in ranges of epidemic spreading where manual tracing
of all contacts of infected people becomes practically impossible but before
a lock-down becomes inevitable. Our approaches translate into fully dis-
tributed algorithms compatible with privacy preserving standards since they
only require communication between individuals who have recently been in

contact.

[257] Bootstrapping traceless symmetric O(N) scalars.

Reehorst, Refinetti & Vichi

In brief Recently, numerical bootstrap techniques [249] determined the
critical exponents of numerous physical systems to new levels of preci-
sions [91, 92, 158, 256]. Here, we use these techniques on the correlation
functions of a traceless symmetric tensors of O(N) with two indexes t;;. We
bound, for generic N, operator dimensions for all the relevant representa-
tions. Of particular interest is the N = 4 case which has been conjectured
to describe a phase transition in the antiferromagnetic real projective model
ARP3. Lattice simulations strongly suggest the existence of a second order
phase transition, while an effective field theory approach does not predict
any fixed point. Through a set of assumptions we can constrain operator
dimensions to a closed region compatible with the lattice predictions. This
region is still present when considering a mixed system involving t and the

lowest dimension scalar singlet.
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Chapter 1

Architecture, algorithm and data :
the three building blocks of
Machine Learning

1.1 Introduction

Today, machine leaning is central to many, if not most, daily life activities: from
machine translation [148, 297], to recommendation systems [330], from medical
applications [179, 202, 318] to self driving cars [122, 324]. This impressive leap
forward was in part due to the skyrocketing amount of data created world-wide,
Fig. 1.1, accompanied by fast increase in memory capacity which enabled storage
of thousands of millions of bytes of data. With so much data available, artificial
intelligence (AI) underwent a paradigm shift. It deviated from symbolic or deter-
ministic Al [210, 211, 224], fashionable in the 80s, to modern Al or machine learning
(ML) used today [172]. For a given task, e.g. differentiating images of cats from
images of dogs, symbolic Al programs a set of rules, or representations, into a
machine [178]. For example, one such rule could be to assign a picture to a cat if
the animal displays displays pointy ears and to a dog otherwise. However, as is
already clear in this simple example, keeping track of all exceptions, i.e. German
shepherds have pointy ears, and devising all rules by hand is a gargantuan task.
Machine learning (ML) takes a contrasting approach in which the rules are
learned directly from the raw data by the computer using artificial neural networks
(ANN). In full generality, an ANN is simply a function, denoted ¢(x), mapping an
input x i.e. the image of a cat or a dog, to an output y i.e. +1 if the network believes
it received a cat image as input and —1 for a dog. The function ¢y(x) depends on
the network’s parameters, or weights w. ML provides a way of finding the best

2
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Data volume in zetabytes

Figure 1.1: The data created, captured, copied, and consumed globally has
exploded. Data taken from here.

choice of parameters to perform a given task like, for instance, discriminating cats
from dogs. Initially, these parameters are chosen randomly, as one has no idea of
what the correct choice is. In ML we start by collecting a large amount of data,
i.e. various images of cats and dogs. During training, we iteratively feed these
images to the network and update its weights with a general purpose rule in order
to minimise a loss function i.e. the number of images for which the network makes
an incorrect prediction. At the end of training, after many iterations of this step,
the parameters reach a good value. When presented with an unseen image, the
computer correctly predicts whether it is of a cat or of a dog. Having access to
large amounts of data is crucial as it takes around a hundred thousand images
of cats and dogs for the computer to classify images as well as the human eye.
Fast computing power is also needed to perform the jillion training operations
and the advent of "Graphical Processing Units" [238] (GPUs) greatly favoured
the development of modern Al In this manuscript, we are mainly interested in
supervised learning, where the true label y*, i.e. +1 for images of cat and —1 for
those of dogs, of an input is used to train the machine. At each step, the weights
are then updated to reduce the difference between the output ¢y(x) and the correct
label. This contrasts with unsupervised learning where only the inputs are used for
training and the network learns the relevant rules directly from them. We defer a
discussion of unsupervised learning to Sec. 4.7.

Population loss vs. empirical loss

Ideally, we would like to minimise the number of times the network gives makes
wrong prediction on images it hasn’t seen before. If we were to define a joint
probability distribution, py,- over the input space X C R” of images of cats and
dogs and label space ) = {+1}, the aim of machine learning is to minimise the

expected number of wrong predictions on new images, i.e. the population loss or
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population error:

Lpop = Ep, . A(e(x),y")- (1.1)

In practice, one does not have access to the population error as the input-label
probability distribution is inaccessible. Thus, the practitioner approximates the
expectation by a sum over a finite training dataset of P samples leading to the
minimisation of the empirical error defined as:

Lomp = 3 L (). 33, (12

where ((¢p(xy),y;,) is the error function evaluated on a single sample (xy, y},).
As we will see, minimisation of the empirical error does not guarantee good
generalisation, i.e. low population error.

Indeed, even if the network correctly learns to classify all pictures of cats and
dogs it has seen during training, it might miss-classify a new image. For instance,
suppose a leash is present in all the dog pictures in the training dataset. Then,
instead of finding the "correct" criterion to distinguish cats from dogs, the network
might learn to assign an image to a cat whenever there is no leash in the picture
thus miss-classifying all new dog images showing no leash. The leash is an example
of spurious feature i.e. a pattern irrelevant to the task that the network exploits while
we humans avoid. This example emphasises the need to train the network on a
diversified dataset i.e. one containing pictures with and without a leash. Overfitting
can also prevent good generalisation. When the network overfits the training data it
first learns the correct rules to classify cats and dogs. Then it exploits distinctive
features of training images, such as "leash = dog" to improve its score on the
training set thereby degrading its predictive power on new images of cats and
dogs.

Architecture, data and algorithm as buildings blocks of machine learning
The fundamental concept behind ML is astonishingly simple. However, the devil
is in the details. How should one choose the mapping ¢, i.e. which network’s
architecture is most suited for a given task? How should the parameters w of the
network be updated during training in order to produce the best performance,
i.e. which training algorithm to use? And, which features of the data x impact the
answer to any one of these questions?

Despite the ubiquity of ANN in daily life, these questions remain largely

unanswered. The design of efficient technologies, as those implemented today,
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Figure 1.2: Developing a theory of machine learning requires understanding the
role and interplay of the architecture, data structure and algorithm. This can be
pictured as a three dimensional space where the question we address fall in the
continuum defining their interplay Zdeborova [325]. In all three aspects, theoretical
descriptions lag behind practice.

requires much expertise and hours of careful engineering [119, 225]. Besides
some basic principles, which we discuss now, there remains a lack of a priori
understanding of why certain choices lead to certain outcomes, a mystery often
dubbed the “BlackBox of AI” [49]. Not only is training these networks challenging,
their performance is also quite sensitive to small changes in design and to rare
events. For instance, minute changes in YouTube’s recommendation algorithm can
cause mysterious scrambling of the ordering of videos leading to great frustration
among Youtubers. Another example is self-driving cars which are very sensitive to

rare events with which they have not been confronted before [126, 309].

A theoretical understanding of when, why and how neural networks are suc-
cessful is crucial to make them more secure, reliable and faster to deploy. To
develop this theory we must understand the three backbones of modern machine
learning: the role played by the network’s architecture, the training algorithm and
the data as well as the interplay between the three [325]. These building axis span
a three dimensional space, Fig. 1.2. Their interplay defines a continuum, and the
theoretical knowledge we currently have can be seen as a volume in this space
where each new insight is a point. In the three directions, theory lags behind
practice. The aim of this manuscript is to show how tools from physics can help to
increasing the known volume and our understanding of each one of these aspects.
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Organisation of the manuscript

In the rest of this section, we give an introduction to architecture, data and algo-
rithm in sequence. For each we provide a summary of the results obtained during
the thesis. These results, as well as their derivation are detailed in later chapters.
Chap. 3 concerns architecture and explains how the traditional bias-variance trade-
off can be reconciled with overparametrisation in deep learning. It is mostly based
on [76] and takes the results for arbitrary loss from [201]. Chap. 4 discusses data.
Sec. 4.2 describes how the interplay between data and architecture impacts perfor-
mance. Sec. 4.7 analyses which features are learned by a given ANN architecture
and how. The results are those of [260] and [258]. Chap. 5 considers the algorithm.
Sec. 5.1 investigates the impact learning rate scheduling has on performance and
optimisation. Sec. 5.2 studies an alternative algorithm, direct feedback alignment,
which overcomes some pitfalls of today’s most widely used optimisation algorithm,
back-propagation [168]. The discussions can be found in [259] and [77].

1.2 Architecture

Suppose you want to design a machine able to classify images of cats and dogs,
of identifying the friends in pictures, or of recognising the sentiment you are
conveying in a Whatsapp text. One way to undertake the task is to understand
which features, or patterns, in the data are relevant and to program these rules into a
computer [178]. This however requires much domain expertise and careful scrutiny
of the type of data being analysed. The key idea of deep learning is to learn the
discriminating features directly from the raw data using a general purpose learning
procedure [119].

Artifical neural networks (ANN) offer to do so. They are composed of elemen-
tary constituents, the "atoms" of ANNs: the neurons. Neurons are grouped into
simple units, or layers, which are stacked on top of each others like Lego bricks and
connected by adjustable parameters, called weights. Each layer performs a simple
non-linear transformation of its input. As an input is propagated through the net-
work, it is is sequentially transformed into more and more abstract representations
which amplify important features for the task and suppress the irrelevant ones
(such as the background in pictures of cats and dogs). An image, for instance, is
presented to the network as a vector of pixels. The first layers, i.e. top layers, often
detect the presence and location of edges in the picture. Subsequent layers detect
patterns as combinations of these edges, regardless of the edges position in the
image, then part of familiar objects are obtained by combining these motives and

SO On.
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At the end of the training, an ANN performs a mapping of the inputs which
extracts the features needed to classify the image. Crucial to the development of
deep learning is that these features extractors learn the relevant patterns and rules
themselves, without the need for practitioner to add any domain specific knowledge
or rules. Modern deep networks are often composed of tens or hundreds of layers,
giving rise to the terminology deep learning, and hundred millions of adjustable
weights. These are fixed by the learning procedure using hundred thousands inputs
via an algorithm described in Sec. 1.4.

In a Lego construction, there are various different brick types and even more
ways to arrange the bricks together to form different buildings, objects etc. Similarly,
today, there are numerous types of ANN layers including convolutional layers [96,
172, 279], mostly used in task involving images, attention layers [307] used when
the inputs are sequences of smaller components (such as words in a sentence),
normalisation layers [17, 143], residual layers [133, 140, 295] and many more. These
can be are stacked together in innumerable ways to form different architectures.
Each architecture is best suited for a given type of task. For all these complex
architectures however, theoretical results are scarce. For now, most analysis are

centerer on the simplest architecture type i.e. fully connected networks which we

W,
p WH
B ;> — 0

Figure 1.3: A fully connected network is composed of fully connected layers. Each
layer takes an input x;,_; and maps it to the output x, = g(a;) with a;, = wyxj,_1.
g is an element wise non-linearity. By stacking multiple layers on top of each
others FC networks transform an input x into and output ¢(x) and learn complex
representation of the inputs.

describe now.

Xp—1 @y x,=g(ay)

8
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Fully connected networks

For the purpose of this manuscript, we focus on the simplest type of layer, namely
fully-connected layers which when stacked together form a fully-connected network
(FCN) also called a multi-layer perceptron (MLP) and illustrated in Fig. 1.3 (Right).
The number of layers in an FCN, i.e. its depth, is denoted H, and each layer
comprises of Kj, elementary units. Thus, as sketched on Fig. 1.3 (Left), a layer

at depth  in the network takes its input x,_; € RX-1 and transforms it into an
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output xp:

Ky
xp = g(an + by) a, = I;whkx(hfl)k c RX, (1.3)
where x( are the inputs of the network and y = xy the outputs. g : R—+R is an
element-wise non-linear function and we refer to a; as pre-activations. by is an
additive bias at each layer. The stacking of these simple transformations leads to
extremely intricate functions of the inputs even at moderate number of layers.
State-of-the art (SOTA) neural networks, which achieve wonders in applications,
often comprise of tens of layers and hundreds of thousands parameters. However,
an understanding of how to choose, for a given problem, the ideal number of layers,
their width, and their activation function is still lacking. For instance, the most pop-
ular activation function nowadays is the rectified linear unit, ReLU(x) = max(0, x),
but in past decades, neural nets used different non-linearities, such as tanh(x) or
the sigmoid, 1/1+¢*. The change occurred on purely evidence experience after
noting that the ReLU typically learns much faster in networks with many layers
and avoids certain pitfalls of training deeper networks, such as the vanishing gra-
dient problem LeCun et al. [172]. In recent years, theoreticians sought to develop
theoretical arguments to study deep FC networks and the role different compo-
nents play in their performance. Nevertheless, only two layer networks are for now
analytically tractable and even so, only in some specific limits. Below, we describe
special choices of FCN which are the focus of many theoretical studies.

The perceptron and linear methods

The easiest way of predicting an outcome y from inputs x is to use linear methods.
For the sake of simplicity, suppose you are given the task of separating data points
coming from two different clusters as shown on the left of Fig. 1.4. A naive way to
solve the problem is to draw a line separating the two clusters and assign a new
observation x to the yellow cluster if it falls above the line, called decision boundary,
and to the red cluster if it falls below the line. By defining the decision boundary
as w € RP, and its offset, or bias, b € R, this simple protocol can be pictured as a
one layer neural network, dubbed perceptron [93, 98], whose output is:

Pr(x) =w-x+b (1.4)

An observation x is assigned to the yellow cluster if ¢} > 0 and to the red cluster
otherwise. Whenever there exists a line (or hyper-plane in higher dimensional
problems), parametrised by @, that separates the two clusters, the problem is said
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to be linearly separable and linear methods perform well. These methods are also
very common in regression tasks where one aims at predicting a response variable
y* € R from an inputs x. Pictured on a 2D plane, linear regression draws a line
and assigns to an input a response on the line i.e. given by ¢} (x) (see Fig. 1.5 left).

A key result, representer theorem [152] states that the optimal choice of weights
Wopt, Minimising the empirical loss Lemp, can be written as a weighted sum of the

inputs in the training-set:

N
u=1

Thus, instead of minimising the empirical risk over the parameter’s w, we can
minimise it with respect to the coefficients in the weighted sum B and write the

output ¢y as:
Po(x) =) Buxy x+b. (1.6)
U

This dual representation is can be much more convenient as it requires estimating
N (the dimension of the training set) unknown parameters f instead of D (the
input dimension). It is particularly useful when using kernel methods which we

now discuss.

Kernel methods
Linear methods are extremely efficient for solving linearly separable problems and

Projection
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Figure 1.4: Sketch of kernel methods (Left) When clusters are linearly separable,
we can determine which cluster a new point belongs to by comparing its position to
the separating line. (Right) When the clusters cannot be separated by a line, Kernel
methods project the points to a higher dimensional space in which the clusters
become separable.

simple regression tasks, where the relation between the response and the inputs is
linear. However, most problems of interest do not fall into this category and one
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Figure 1.5: Sketch of kernel methods for regression tasks (Left) When the task is
linear, i.e. the underlying relation linking y* to x is of the form y* = wx + b, then
linear methods work well. (Right) When the task is not linear, Kernel methods
project the points to a higher dimensional space in which a linear method can be
successfully applied.

must resort to more sophisticated methods. Kernel methods, first introduced by
[8], were advanced in the context of ML by [42]. See [41, chap. 6] and [19, chap. 7]
for an introduction and a comprehensive overview of Kernel methods.

Consider, for a given task, a memory based approach which keeps in memory
the inputs x;, and their associated label y;, for all pairs in the training dataset. When
a new input x is presented, the method finds the training input x, to which it is
closest and assigns it the corresponding label y(x) = y;. The similarity between
two inputs x and x' is measured via the kernel function k(x,x') € R. A new input
x is assigned the label y; of x, in the train-set for which k(x, x,,) is smallest. The
simplest example of kernel function is the linear kernel, which measures similarity
as the scalar product between two inputs k(x,x') = x-x. As we now explain,
kernel methods are connected to linear methods, and offer an intuitive solution for
improving the latter’s performance in a myriad of settings [11, 99, 156, 174, 186,
209, 282, 286, 287].

Consider the classification problem illustrated on the right of Fig. 1.4 for which
the clusters cannot be well separated by a line. To solve the task, one approach
consists in projecting the points to a well chosen higher dimensional space where
the clusters become linearly separable. In this new space, called feature space, one
can use linear methods to find a plane separating the clusters. Then, by projecting
a new input x in feature space and observing its position relative to the plane, we
determine which cluster it belongs to. Denote ¢ : RP—RP” the projection of an

input x € RP to a higher P > D (possible infinite) dimensional space. Then we can
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write the output of this procedure as:

by (x) = iwilp(x)i- (1.7)

i=1

The input is assigned to the positive cluster if ¢g(x) > 0 and to the negative cluster
otherwise.

This method, however, requires estimating P unknown parameters w which is
hopeless if one chooses P large, or infinite, as is often done in practice. Representer’s
theorem 1.5 offers an elegant solution to the problem by expressing the optimal
choice of w as a weighted sum over the projected training inputs {¢(x,)}:

Wopt = Y Butp(xy) = P (x) = Y Butp(x) - p(x) = ) Buk(xp, x). (1.8)
I H "

We introduced the kernel function as the scalar product between the projections
of the inputs in feature space k(x,x') = ¢(x) - ¢(x'). This formulation turns the
question of estimating P parameters w into finding N parameters B. Crucially,
it allows to choose a very high dimensional, possibly infinite, feature space. In
addition, expressing the problem only in terms of the kernel function allows to use
more general similarity measures, beyond k(x,x') = (x) - ¢(x'), which cannot be
written as a scalar product of feature transformations. Choosing an appropriate

kernel function, or transformation ¢, is often non trivial and depends on the task
at hand [283].

As the size of modern datasets increases, kernel methods become numerically
expensive as they require memorising all points in the training set. Random
features [253, 254] (RF) were introduced to resolve this issue by mapping inputs
into feature space with iy = g(wix). The parameters w; are chosen randomly
from some probability distribution, typically w;j~N (0,1). They perform a linear
projection of the inputs before an element wise non linearity g is applied. Rahimi
and Recht [253] demonstrated that RF can approximate kernel methods to arbitrary
precision and offer a convenient solution for large training datasets. We can identify
RF with a two layer network in which the first layer’s weights are fixed and while
those of the second are adjustable:

P

po(x) = ) wag(wy; - x). (1.9)

i=1

Other analytically tractable architectures

Besides linear methods and kernel methods, neural networks are analytically
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understood only in particular limiting cases, some of which we discuss now.

To understand properties of deep, wide, architectures results have emerged in
the limit of networks have very large hidden layers and many more parameters
than the input dimensions. They are best understood by considering two layer
neural networks with output:

K
Po(x) = \/1K Y waig(wyix). (1.10)
i=1

The first limit, coined lazy regime [63, 145], studies the case where the weights are
initialised of order 1. If K is much larger than D, the sum runs over a large number
of terms, and any small change in the weights will add up to produce a sizeable
change in overall output. Thus, the network’s parameters do not move much in
order to fit the data they are trained with. As a consequence, we can linearise ¢y
around its initialisation where weights are independent of the inputs:

Po(x) — Pg,(x) = Vg, (x)(w — wp). (1.11)

In the limit K—co, D/k—0, Jacot et al. [144] showed that this approximation
becomes exact and the network essentially performs a kernel method where the
projection ¢ is given by the gradient of ¢y around its initialisation i.e. V ¢y, (x) [9, 10,
52, 86, 145, 181]. This has drastic consequences on learning since, in this limit, the
transformation of the inputs performed by neural networks does not depend on the
data one wishes to analyse. It reveals that, when training deep, overparametrised
models, for which the same argument holds, one needs to take care not to operate
in the lazy regime. From a theoretical perspective, this limit allows to use tools from
kernel theory to study deep ANNSs and thus, even if it does not give a complete
picture, understand some aspects of ML.

In applications, the weights of neural networks move far away from their
initialisation in order to capture relevant features of the data. The mean-field (MF)
limit of neural networks goes beyond the lazy regime and aims at understanding
feature learning [63, 104, 316]. It describes two layer neural networks defined in
Eq. 1.10 for which the weights are initialised of order O(1/vK) and the width K is
again taken to infinity. In sharp contrast with the lazy regime, the parameters of
the network must depart considerably from their initial value to produce a sizeable
change in the output allowing the network to adapt to the data and the task at
hand. Learning in the MF regime converges to a well defined limit and is described
theoretically by recognising that in the K—co limit, the sum over the hidden nodes
can be replaced by an integral over a density [60, 214, 265]. We can then study
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the network’s performance in a variety of tasks and understand, for instance, how
different aspects of the inputs, the task, the activation function or algorithm impact
performance [18, 62, 73, 101, 109, 110, 185, 243, 300, 312, 320].

The distinction between a regime where the weights evolve to learn the features
in the data, i.e. a feature learning regime, and one where they do not, i.e. a lazy
regime, is also possible at finite width K. Chizat et al. [61] proposed to rescale the
overall output of the network by a scalar «:

P =« [Po — Pa,) - (1.12)

Choosing « of order one leads to a lazy network and « = O(K~"2) to a mean-field
limit.

The last limit we discuss is the work-horse of the analysis in Secs. 4.2 4.7 5.2
and was first studied in the seminal works [38, 269, 270]. It describes two layer

networks with small hidden layer, i.e. K of order 1:

o= Yo%) (113)
o = 2i8(—7=") :
=R

where the inputs dimension is large i.e. D—o0. As we will see, in the limit where
the number of training data is infinite (i.e. scales linearly with input dimension), the
learning dynamics of these networks are described by a set of ordinary differential
equations (ODE). These provide insights into how, and how well, the neural
network learns a given task (see [114-116, 118, 258-260] and the sections referenced

above).
g
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Figure 1.6: The conventional bias-variance trade off To fit data points, the model
should neither be too simple to describe the underlying process generating the
points (left) nor too complex to avoid being sensitive to noise in measurements
(right). The right number of parameters is in between the two (middle) where both
the bias and the variance of the model are low. Here y* = x? + & with ¢ a random
noise sampled i.i.d. from N(0,02). (right-most) The generalisation error displays a
"U"-shaped curve as the variance increases with the number of parameters while
the bias decreases.
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Figure 1.7: The test error of DNNs displays a "double-descent" As the number
of parameters in the model is increased, the test error curve of modern DNN
display a "U-shaped" curve characteristic of the bias-variance trade-off. After
the peak at the interpolation threshold, where the training error goes to 0 (inset),
the test error decreases monotonically in the overparametrised regime. The best
performance is reached in the deeply overparamtetrised regime. Ensembling (orange
line) suppresses the peak. (Plot taken from [102].)

Reconciling the bias-variance trade-off with overparametrisation in deep NNs

Theoreticians can gain insights into what effects certain choices of network’s
architecture, for instance the number of trainable parameters, have on performance
by understanding how to reconcile basic principles of statistics with modern deep
learning. The bias-variance trade-off, at the basis of any statistics class, teaches that
the model chosen to explain data points should be carefully chosen as shown on
Fig. 1.6. If it has too few parameters, it is too simple to capture the underlying
physical process and the systematic error the model makes, i.e. the bias, is high.
In contrast, by including too many parameters in the model, we risk overfitting
i.e. fitting also the noise in the training data. The variance of the fit is high
and we expect it to generalise poorly. In between these two extremes, there is a
sweet-spot where the model is simple enough to be robust to noise yet complex
enough to grasp the underlying input-response relation having generated the data.
This results in a U-shaped curve of the population error. Deep learning however,
challenges this paradigm [230, 233, 294]. Modern deep networks have hundreds of
thousands of parameters, can fit all samples in the training set and yet generalise
to unseen data well, at odds with conventional statistics [4, 31, 131, 213, 232]. Their
performance, seen on Fig. 1.7 displays the conventional bias-variance U-shaped

curve until a peak in test error at the interpolation threshold, where network achieves
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0 train loss. It generally occurs when a number of parameters is roughly equal
to the number of data points [103]. Then, instead of deteriorating at high model
complexity, performance improves with increasing number of parameters resulting
in a trend coined double descent [230, 233]. Reconciling both paradigms is crucial
if we want to understand the role of depth and width in modern ANNSs. This
question has attracted attracted a growing amount of theoretical attention in the
last few years, see e.g. [4, 31, 131, 213, 232].

In my first project [76], we make progress by focusing on the lazy-regime of
neural networks and study the related RF model [253] trained with quadratic loss.
In a recent collaboration [201] we rigorously extend the results to generic convex
losses. The RF model is an ideal candidate for our analysis partly, but not only, for
its connection to the lazy regime [63, 145, 253]. Moreover, its test error displays a
double descent and it allows to disentangle the input dimension from the number
of parameters, an impossible distinction in simpler linear methods. Lastly, through
the randomness inherent to the choice of features, RF also offer a good basis to
study ensembling which improves performance by making a prediction based on
the averaged output of networks trained independently [102]. If the average is
taken over sufficiently many networks, ensembling suppresses the peak at the

interpolation threshold (orange line on Fig. 1.7).

An analysis of bias and variances in RF starts by recognising that there are
various sources of randomness in the model: the additive noise corrupting the
labels, the random sampling of the features and the random sampling of inputs
in the trainset. Each contributes to the test error via its associated variance. By
disentangling out the individual contributions, we can study how each source of
fluctuations impacts the generalisation performances of RF. This analysis, detailed
in Sec. 3.1, reveals that the variances associated to the noise corrupting the labels
and the initialisation of the random features are responsible for the peak of the test
error near the interpolation threshold and its decrease upon overparametrisation,
see Fig. 3.3. The variance stemming from the choice of training set and the bias
both display a kink at the interpolation threshold, and remain constant in the
overparametrised regime. Hence, ensembling and overparametrisation improve
performance by the suppressing fluctuations from the label noise and of the
weights initialisation. Subsequent results [2, 176, 191] perform a more fine grained

decomposition of the test error in terms of bias and variances.
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1.3 Data

Today neural networks are used on astonishingly different data types, from financial
data [141], to images [244], to medical data [179, 202, 318] and many more. Each
data type is analysed using a specific architecture and algorithm, often chosen on a
trial-and-error basis. Understanding which features in the inputs are relevant for a
given task, how these are captured by a network and why is key to develop a theory
of ML. Firstly for practical applications since answering these questions would
allow practitioners to better select the inputs in the training set as well as simplify
the choice of architecture and algorithm based on input features. Then, from a
fundamental perspective, the answers could reveal some intrinsic characteristics
in the data such as symmetries and similarities and teach us more on what we
humans capture when interacting with the outside world.

In this manuscript, we approach the question from a physics perspective: we
make assumptions on how the data is generated, i.e. we consider specific generative
models and describe properties of typical input sampled from this model. This
contrasts with worst-case approaches which study how rare and adverse inputs
impact learning. A generative model consists of simplifying assumptions on the
input-label distribution and often depends on parameters which can be tuned
to study a given phenomenon in a controlled way. It must be complete enough
to capture the phenomenon yet simple enough to be analytically tractable. To
validate that the conclusions drawn from the model carry over to realistic settings,
theoreticians can test their predictions on real data. Over the years, researchers
came up with a multitude of generative models. These remain nevertheless far too
simple to account for the complexity of real inputs. We now review some of the

simplest and most widely used.

Gaussian data & the teacher-student model
The simplest generative model one can think of is to
assume each component in the input x € R is drawn

ii.d. from a standard normal distribution i.e. x;~A\ (0, 1).

This will seem as a crude simplification as it amounts
to assuming that the inputs are white noise. Nonethe- Figure 1.8: (Left) Origi-
less, many key results were derived in this setting in nal image. (Right) Input
x sampled from a Gaus-
sian distribution with the
same covariance as the
original image.

particular in a teacher-student model [1, 98, 208]. The
teacher-student (TS) model assumes that the true la-
bels y* are given by a teacher function i.e. y* = ¢z(x).

The student network is trained to reproduce the out-
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put of her teacher. The teacher’s parameter @ can be seen as a signal in
parameter’s space which the student has to recover. Learning a target func-
tion such as the teacher is a widely studied setup in the theory of neural net-
works [5, 15, 20, 22, 85, 97, 109, 114, 276, 293, 303, 321, 333].

The next to simplest model is to assume the inputs are still Gaussian, but
have non trivial correlation among components i.e. x~N(0,)) with Q € RP*P
a covariance matrix. We can check on the right-hand side of figure 1.8 that this
simplification allows to describe images well enough to recognise a digit taken
from dataset of hand-written digits (MNIST [65, 170]).

Gaussian mixture model

The Gaussian mixture (GM) model [261] assumes the inputs x are sampled from
a Gaussian mixture distribution. One first draws a label from a set of possible
values y* € {1, ..., N.} with some probability p(y*=1i) for each value. Many times
we choose all values equally probable so that p(y* =i) =1/N.. Given the value of
the label, an input x is sampled from a Gaussian x~N (j,+, Q)+ ). Note that here,
the generative process is reversed with respect to the teacher-student model in the
sense that in the latter, the realisation of the input determines the label. For the
GM model instead, the realisation of the label determines which distribution the
input is drawn from. The GM model is often used in classification tasks where the
inputs belong in N, classes, specified by the labels. Mixture models generalise the
GM model by taking the distribution of x, given the y* to be generic pz*.

Understanding the interplay between data structure and architecture in Gaussian
mixture classification

The role of data structure cannot be disentangled from the one of architecture.
Simple networks detect less features than more complex networks and different
architectures capture different features [119, 124, 150]. So rather than asking what
features in the inputs are important for the task, the right question is: given an
architecture and a task, what are the input’s features that allow the network to
learn? One way to answer the question study how well neural networks perform
on inputs drawn from a well chosen generative model. By tuning the parameters
in the model, we can study the effect different features have on training.

In [260], detailed in Sec. 4.2, we explore the interplay between data structure and
architecture by comparing how kernel methods and two layer NN capture input
features at different noise levels. The motivation for this study is the observation
that, in the lazy regime (c.f. 1.11), deep neural networks act as kernel methods.

This raises the question of whether NN can only perform well if kernel methods
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Figure 1.9: RF and 2LNN on high-dimensional Gaussian mixture classification
(Left) Example of nonlinearly separable distribution with 4 clusters. The first
2 components of each centres are organised as a XOR while the other D — 2
components are 0. The signal to noise ratio (SNR) is tuned by varying the width ¢
of each cluster. (Right) For this model, an oracle which has knowledge of the means
and widths of the clusters attains minimal error. Two layers NN learn the mixture
at all SNR and achieve oracle like performances. Random features instead require
high SNR to learn. At low SNR the transformation in feature space remains linear.
The mixture is only mapped into a non-separable mixture in feature space at high
SNR. For more details see Sec. 4.2.

can also do so. Clearly, this cannot be the case as not all tasks performed by NN
are achievable by kernel methods [145]. Consequently, understanding the precise
conditions and input features for which the performance of NN are superior to
those of kernel methods becomes a central question in deep learning [18, 73, 101,
185, 243, 300, 312, 320]. Recent works [62, 109, 110] give evidence of the superior
learning ability of wide NN in the mean-field limit and Kernel methods. In Sec. 4.2,
we focus on the opposite ODE limit of neural networks, (c.f. 1.13), in which the
hidden layer is small, i.e. of order one. We compare the ability of kernel methods
and neural networks to classify Gaussian mixtures in high dimensions and tune the
hardness of the task, i.e. the prominence of the features, via the signal-to-noise ratio
(SNR) i.e. the ratio between the distance separating the clusters and their width.
In this setup, two layer neural networks, with only a few hidden neurons, learn
the mixture and achieve near optimal performance for all values of SNR. In contrast,
for the same number of samples, kernel methods and random features require the
signal in the input to be strong in order to perform better than chance. We explain
this failure by realising that, if the SNR is too low, the transformation in feature
space performed by kernel methods is linear. Thus, if a mixture is non separable in

input space, it remains non-separable in feature space. At high SNR, the non-linear
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effects of the transformation kick-in and performance improves. Fig. 1.9 illustrates
this picture for the example of a non-separable mixture with the same covariance
matrix for all clusters )+ = 0?Ip. The first 2 directions of the centers are arranged
in a XOR like manner, a distance #/vD = 1 from the origin, and the remaining
D — 2 components are 0. The SNR is tuned by changing the width of the clusters
o. At low SNR, the mixture in feature space remains non-separable. As the SNR
increases, the non-linear contributions to the projection in feature space allow for
the RF to learn the task. The results and the theoretical analysis apply to more

general mixtures with non-trivial covariance.

Gaussian equivalence theorem
The relevance of this result goes beyond illustrating some limitations of lazy
methods. For these simple networks, Gaussian mixtures turn out to be a successful
model to capture learning on real data [117, 118, 200, 213]. The similarity between
training on synthetic Gaussian (and GM) data and inputs used in practice can
be summarised in a somewhat surprising result, the Gaussian equivalence theorem
(GET) [118]. The GET states that training simple networks, such as two layers FC
and random features, on Gaussian inputs with well chosen mean and covariance,
is indistinguishable from training on real data for a plethora of input types and
tasks. It was first proposed by [106, 117, 213]. It was rigorously proved by [215] for
the special case of the square loss and by [118, 138] for general convex penalties.
The GET applies, for instance, in the hidden manifold model of Goldt et al.
[115]. This model builds on the observation that images are composed of a large
number of pixels and are thus high dimensional objects. However, it is most
likely that, when classifying images of cats and dogs, the features determining the
animal are actually much fewer than the images dimensions and define a lower
dimensional manifold on which the images live. We can formulate this intuition
through a generative model in which the label, i.e. cat or dog, depends on a low
dimensional variables ¢ € RP: with D, < D. In a teacher-student setup, the teacher
acts on ¢ to give the label y* = ¢4(c). The network does not have knowledge of
the low dimensional vector ¢ and is given as inputs x = ¢(c) with ¢ : RPe—RP
transforming c¢ into x in high dimensions. In the cat vs. dog example, we can
picture c as a vector containing all the necessary information for classification, x as
the image with many pixels and i the function mapping one ¢ to an x. As predicted
by the GET, in this model, the performance of a simple network is the same when
trained on x and on Gaussian inputs with the same mean and covariance as x [118].
This remains true for very complex mappings ¢, including those of generative

adversarial networks which transform c into synthetic images indistinguishable
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to human eyes from the real images [67, 199]. Nonetheless, it remains hard to
believe that, in all cases, networks do not use any information beyond the first two
moments of their inputs. The precise conditions under which the GET applies are

subject to much recent interest [142].

Autoencoders as a tool to study feature learning

Another way to obtain insights into how networks learn
relevant features of their inputs, and what these features
are, is to study unsupervised learning, and more specif-
ically autoencoders (AE) [119, 135, 159, 192] as we do in
[258] and Sec. 4.7. In contrast to supervised learning,
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they aim to reconstruct. The task is thus to minimise

the distance between x, and the network’s output ¢p(x). Figure 1.10: Sketch of a
To ensure good feature extraction, we take intermediate shallow under-complete
layers considerably smaller than the input dimension, autoencoder
thereby forcing the network to develop a compressed
representation of its inputs. Autoencoders of this type, called under-complete and
shown on the right, provide an ideal framework to study feature learning as the
latent representation encompasses what the network considers the most valuable
features in the data. Understanding training with unsupervised learning is also
relevant for practical applications. Indeed, the performance of ANNSs, especially
with limited number of samples, can be improved by first pre-training each layer to
reproduce the output of the previous layer [35, 134, 136, 255].

In Refinetti and Goldt [258], we analyse the performance and training dynamics
of shallow autoencoders with a single hidden layer in reconstruction tasks. For
linear AE, Eckart and Young [89] establish that the optimal reconstruction error is
obtained by a network whose weights are given by (a rotation of) the K leading
eigenvectors of the input covariance matrix. The performance is the one of principal
component analysis and dubbed PCA error. It is interesting to ask oneself how
autoencoders learn these components during training as was recently done from
various perspectives [24, 25, 46, 111, 165, 236, 239, 252, 276].

Still, neural networks rely on non-linearities in their hidden layers to extract
good features from data [119]. Adding the non-linearity to the theoretical de-
scription of AEs is thus key to understand how more realistic models capture
characteristics of their inputs. Although, it is known that the performances of
non-linear AE is also limited by the PCA reconstruction error [24, 46], we show in

Sec. 4.7 that their learning dynamics is rich and raises a series of questions: can
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non-linear AE reach the PCA error, and if so, how do they do it? How do the
representations they learn depend on the architecture of the network, or on the
learning algorithm used to train them?

Unsupervised learning, requires the inputs to display some structure which the
network can exploit and thus to have non-trivial covariance matrix. We describe
the training dynamics of non-linear shallow AEs on these inputs using similar
techniques as those for supervised learning in the ODE limit [38, 269, 270], detailed
in Sec. 4.1. The analysis reveals that the network learns input features sequentially
in order of importance. This is intuitive as one expects the most relevant features
to carry the most information needed for reconstruction. However, not all AEs are
able to reconstruct their inputs and we find constrains on their architecture which
allow to do so: untying the network’s encoder weights from those of the decoder
is crucial to achieve good performance as is adding a bias in ReLU autoencoders.
In addition, we introduce a slightly unconventional algorithm which allows AE to
learn a one-to-one correspondence between nodes in the hidden layer and features
in the inputs, i.e. leading eigenvectors of the covariance matrix.

These results, derived for synthetic datasets, where the inputs are Gaussian,
carry over to networks trained on realistic inputs. They give access, at each stage,
to the marginal benefit of learning higher order modes of input data and reveal
a fundamental limit of shallow AE which do not differentiate between realistic
inputs and Gaussian inputs with well chosen covariance.

1.4 Algorithm

Gradient descent and stochastic gradient descent
In training a neural network, the practitioner is faced with the credit assignment
dilemma i.e. the question of how to update the network’s parameters to minimise
the the empirical loss (Eq. 1.2) given only the inputs and the target labels.

The most common way is to use gradient based methods, and in particular
gradient descent (GD) [266]. GD updates the parameters of the network, at layer h
and step s, via the rule:

Wit =wj —p P (1.14)

awh ’

where 7 is the learning rate. We can picture the empirical loss function as a hilly
landscape in the high dimensional space of weight values, sketched in Fig. 1.11,
where the minimum is a configuration of low average error. Then, the negative

gradient vector indicates the direction of steepest descent in this landscape. The
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Figure 1.11: The empirical loss as a hilly landscape. Gradient based methods
descent in the landscape.

update equation above takes a current configuration of weights to a new configura-
tion closer to a minimum. The learning rate 1 determines the size of the step taken
in the downward direction. Note that the hilly, i.e. non-convex, nature of the loss
makes optimisation hard as the algorithm can get stuck in critical points, i.e. valleys
where the gradient is small and the error is still high [119].

Gradient descent computes the error over the entire training set. As a consequence,
it is often computationally expensive and requires large memory capacity, especially
on modern dataset consisting of many thousands of samples [44]. Stochastic gradient
descent (SGD) was designed to circumvent this limitation [43]. In SGD, instead
of computing the loss Lemp over the whole dataset and then making a step, one
computes it over a mini-batch of B samples and makes several steps before seeing
the whole dataset. It is clear that SGD introduces noise in the optimisation as the
average over the small set of examples gives a noisy estimate of the average over all

examples. The direction of each step on the hilly landscape becomes less precise.
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Figure 1.12: Back-Propagation propagates the error from the last layer to the first.
Using the chain rule, BP allows to compute the gradient at each layer / efficiently

by using the computations performed at layer /1 + 1.
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Back Propagation

A fundamental building block in modern ML is the back-propagation (BP) al-
gorithm allowing to compute the updates Eq. 1.1 efficiently [173, 267]. It was
introduced in 1986 by Rumelhart et al. [267] and is currently the most common
algorithm to train ANNSs.

BP computes the gradient 9Lemp/dw" by using the chain rule for differentiation.
"Back" in the name arises because the gradient is computed across the network from
the last layer to the first and the computation at a given layer uses the results at the
previous layer. To illustrate BP, consider the pre-activations and post-activations
defined in Eq. 1.3. The chain rule allows to rewrite 1.14 as:

aﬁemp aah] o aﬁemp
allh]' awhi]- g aah]-

dwhi]- =N x(hfl)i = —17(5th(;,,1)1‘, (115)
where we defined the error factor Opj = dLemp/9ay;. The computation of dpj uses the
error factor at the next layer & + 1 and proceeds back sequentially from the last
layer to the first giving rise to the name "back-propagation of the error", BP for
short. To clarify, we show the computation for squared error (se) ¢ = se defined as:

se(y,y*) = 5 (v —y)*. (1.16)

N[ —

The error factor at the last layer and the gradient of the loss with respect to the last
layer’s weights are given by:

Lemp

Sui = (¢o(x) —y*)gp(an;) = S, — (Pe(x) —y)gu(an)X_ry,  (1.17)
Hij

where gy is a non-linearity applied to the output and we set the bias to 0 for
simplicity. For the hidden layers, using the chain rule makes the computation
simple:

aEemp - aﬁemp aa(h—i—l)k

On: = =
hj 8ahj P 8a(h+1)k aﬂlh]‘

(1.18)

K1

= &' (anj) Y Sk
k

Crucially, the gradient at an intermediate layer & is given by a sum over the error
vectors at the next layer 1 + 1 weighted by the parameters w, ). Thus, as Fig. 1.12
shows, BP transmits the information of the error back through the network from the
output layer all the way to the input layer using the network’s weights. Contrasted

with the naive approach of computing the gradient at each layer separately, the
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backward flow of error allows efficient calculations. Putting the pieces together, the
weights are updated via:

Kii1

dw}; = —nx(i-1)i8’ (an;) k21 W(41)jk0 (h+1)k (1.19)
Note the similarity between the computations of the gradients and of the network’s
output Eq. 1.3. This symmetry leads to the terminology forward pass for the
computation of output from the inputs and backward pass for that of the gradients
in the opposite direction. Also note that the forward pass always occurs before the
backward pass as the latter requires the knowledge of the activations a;; and of the
outputs x; computed during the former.

Learning rate schedules and how they improve BP performance

BP works incredibly well, and its invention was consequential to the success
of modern ML [170-173]. However, training a network with BP requires a careful
choice of hyper-parameters i.e. training variables fixed by the developer such as the
choice of learning rate, parameters initialisation, weight decay to control the norm of
the weights, batch-size etc. Tuning these parameters is still mostly done a posteriori
on a trials-and-errors basis and requires hours of careful adjustments [119, chap 11].
In addition, variations of BP have been proposed to improve its performance such as
weight-decay [161], different type of optimizers [87, 127, 153], momentum [267, 298,
299], learning rate schedules [147, 222, 245, 292] and many more. There remains,
however, an overall lack of understanding about which parameters and add-ons
are best suited for a given problem.

Of particular importance is the choice of learning rate and learning rate schedule
which changes the learning rate during training i.e. changes the size of the step
taken in the downward direction as the network moves on the hilly landscape (for
an introduction see e.g. [50, 262]). Learning rate schedules have been developed
in recent years and today their use is ubiquitous among practitioners. Thus, it is
relevant to give some theoretical understanding about which scheduling technique
is most effective for a given problem and why.

In convex problems, i.e. setups where the landscape looks like a basin, the
optimal learning rate schedule generally goes as 1(t)~1/t [182, 194]. However, we
know that deep neural networks and other high-dimensional modern optimisation
problems operate in highly non-convex, i.e. rugged, loss landscapes [48, 64]. In
[77] and Chap. 5.1, we develop theoretical insights into the role of learning rate
scheduling in this setting. To do so, we focus on a specific gradient based algorithm
called the Langevin algorithm and decay the learning rate as 7(t) = t~. The
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Langevin algorithm is picked because it allows to mimik the noise in optimisation
induced by SGD [59, 139, 182, 223] and on the problems we study, is analytically
tractable in the infinite dimensional limit [72, 207]. We begin by considering models
where the loss function presents an extensive, i.e. very large, number of critical
points. We show that to speed up optimisation, i.e. descent towards the minimum
of the loss, without getting stuck in saddles, the optimal choice of decay rate is
B < 1 contrary to convex setups where f = 1 is generally optimal. As the non-
convexity, i.e. the ruggedness, of the landscape increases, the value of the optimal
exponent decreases. We also consider the problem of recovering a signal, i.e. a
ground truth configuration of weights. In parameter’s space, the signal represents
a point of minimum loss around which the landscape is convex, i.e. a downward
pit. In this case, learning occurs in two phases: an exploration phase where the
dynamics navigates through rough parts of the landscape, followed by a convergence
phase where the signal is detected and the dynamics enter a convex basin (c.f. 1.11).
The optimal protocol is to keep the learning rate large during the exploration
phase in order to escape the non-convex region as quickly as possible, then use the
convex criterion B = 1 to converge rapidly to the solution. It allows to speed up
convergence and find lower loss solutions, and is reminiscent of schedules used in
practice [100, 328]. Lastly, we show that the conclusions drawn for this theoretical
setup also hold in a common regression task involving neural networks trained
with SGD.

Alternative training algorithm to go beyond BP

The careful tuning of hyper-parameters is only one of the issues of BP which,
despite its popularity and practical success, suffers from several other limitations.
For instance, it is clear from Eq. 1.18, that BP uses the same weights in the forward
pass as those in the backward pass. In biological neural networks, however, it is
highly unlikely that synapses propagating information in one direction are the same
as those propagating it in the other direction. As a consequence, BP is considered a
biologically implausible learning algorithm [69, 123]. In addition, and maybe more
importantly for practical applications, the sequential updates of weights during
the backward pass, see Fig. 1.13 top line, prevents an efficient parallelisation of
training. This constrain becomes ever more restraining as state-of-the-art networks
grow larger and deeper.

In light of these shortcomings algorithms which do not compute the exact
gradient in Eq. 1.18 but an approximation of it are recently attracting increasing
interest. Feedback alignment (FA) [190], sketched in the middle row of Fig. 1.13, is
one such algorithm that replaces the weights wy, 1 in Eq. 1.18 by a random feedback
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Figure 1.13: Back-Propagation propagates the error from the last layer to the first.
Using the chain rule, BP allows to compute the gradient at each layer / efficiently
by using the computations performed at layer & + 1.

matrix F, leading to:

O(Faj = g/(ﬂhj) Z‘S(h+1)th/k (1.20)

k
In this way, FA dispenses of the biologically unreasonable requirement of sym-
metric weights in the forward and backward pass. It is not a priori clear that the
replacement of the true weights by a random matrix does not prevent the network
from learning. Lillicrap et al. [190] demonstrated that FA allows to train neural

networks successfully.

Direct feedback alignment (DFA), an algorithm proposed by Nekland [237] and
sketched on the last row of Fig. 1.13, takes this idea one step further. DFA propa-
gates the error directly from the output layer to each hidden layer of the network
through random feedback connections F":

(S?DFA)j = g,(ahj)AFj/l/ (1.21)

with A = ¢g(x) — y* as before. When using DFA, the backward pass can be done
in parallel as all layers are updated simultaneously. While it was initially unclear
whether DFA could scale to challenging datasets and complex architectures [29, 112],
recently Launay et al. [167] obtained performances comparable to fine-tuned BP
when using DFA to train a number of state-of-the-art architectures on problems
ranging from neural view synthesis to natural language processing. Yet, both FA
and DFA notoriously fails to train convolutional networks [29, 128, 166, 227], which
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are the most widely used for vision tasks i.e. tasks taking images as inputs.

These varied results underline the need for a theoretical understanding of how
and when feedback alignment works. Such an understanding, besides being useful
in practice, can shed light on the interplay between architecture, data and algorithm.
Does DFA train FC networks as well as BP on all data structures? When it does,
can we conclude that the information carried by the weights in the backward pass
is superfluous? If not, what part of it is essential to train the network? Why is
the information required by FC networks not sufficient to train convolutional NN?
What makes them intrinsically different from FC networks with respect to the
algorithm?

These questions motivate our work [259], detailed in Sec. 5.2, where we provide
theoretical insights into how and when feedback alignment works. We start by
extending the theoretical description of Sec. 4.1 for shallow non-linear networks
to study the dynamics of training with DFA. Through this analysis, we show
that learning with DFA proceeds in two steps. First, in an alignment phase, the
forward weights w adapt to the feedback weights and their configuration induce
the DFA gradient Eq. 1.21 to be aligned with the true BP gradient Eq. 1.18. Thus,
both algorithms take steps in the same direction in the landscape. In a second
memorisation phase, the network sacrifices some alignment in order minimise the
loss. The constrains imposed during the alignment phase lead to a degeneracy
breaking effect: out of all same loss solutions in the landscape, DFA converges to
the one maximising the alignment between the DFA gradient and the BP gradient.
We then move to the analysis of deep linear networks. Although the function
implemented by these networks is linear, their dynamics is rich [275]. We establish
a condition for gradient alignment: the conditioning of the alignment matrices,
described in Sec. 5.2. In particular, this condition allows us to analyse the impact of
data structure on DFA, and suggests an explanation for the failure of DFA to train
convolutional layers. Through various numerical experiments, we demonstrate
that these theoretical findings, namely the Align-then-Memorise phases of learning,
degeneracy breaking and layer-wise alignment, extend to deep non-linear networks
trained on standard vision datasets.
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L’algorithme, 1’architecture et les
données : les trois piliers du
machine learning

Au cours des dernieres décennies, I’apprentissage machine (machine learning (ML)
en anglais) a révolutionné notre quotidient, depuis les systemes de recommanda-
tion [330] a la reconnaissance d’images, de 1’analyse de données médicales [179,
202, 318] a la traduction automatique [148, 297], des voitures autonomes [122, 324]
aux marchés financiers [310]. Ses succes fulgurants défient les statistiques clas-
siques et la plupart des mécanismes sous-jacents qui les rendent possible restent
inexpliqués [49]. Pour combler le gouffre entre la théorie et la pratique, des mathé-
maticiens, des physiciens et des informaticiens ont unis leur forces pour développer
une compréhension des trois composants clés du deep learning: 1’architecture,
les données et I'algorithme [325]. Ma these s’inscrit dans ce vaste programme de
recherche et les résultats concernent chacun de ces aspects ainsi que leurs inter-
actions: [76, 201] pour l'architecture, [258, 260] pour les données et [77, 259] pour
I'algorithme. Les principaux outils théoriques sont ceux de la physique statistique
qui se porte bien a la description des millions de parametres constituants les réseaux
de neurones artificiels profonds.

Dans mon premier travail [76], nous étudions 'architecture et, plus spécifique-
ment, 1'effet bénin de la surparamétrisation en deep learning. Selon la statistique
classique, le nombre de parametres utilisés dans le modele ne doit étre ni trop
grand ni trop petit de sorte que le modele soit assez expressif pour décrire les
relations entre les entrées et les cibles mais ne soit pas trop sensible au bruit
aléatoire dans les données. Il est donc stupéfiant que dans la pratique les réseaux

de neurones avec un nombre de parametres élevé produisent d’excellents résul-

28



Chapter 2: Introduction en Frangais 29

>
>

(A) (B)

= Deep fully connected networks

‘> Architecture
Architecture

N .
eo‘e\ O = Two layer fully connected networks * [1, 5]
{
oS
e = Kemel methods

-:{’erce ptron 2] * * [3]

0.4
i . A

Figure 2.1: Pour développer une théorie de I'apprentissage machine nous devons
comprendre le role de I’architecture, de la structure des données et de l'algorithme
ainsi que leurs interactions. Ces trois axes définissent un espace en trois dimensions
dans lequel s’inscrivent les problématiques abordées au cours de ma these (B). Les
descriptions théoriques sont en retard sur la pratique dans ces trois aspects (A).

tats. Nous nous focalisons sur le régime paresseux des réseaux profonds [63, 145]
(lazy regime en anglais) ainsi nommé car, pendant l'entrainement, les poids du
réseaux restent proche de leurs valeurs initiales. Par une décomposition de l’erreur
de généralisation en terme de biais et variances, nous montrons que les fluctu-
ations issues du bruit dans les cibles, et du choix aléatoire des poids initiaux
sont responsables de la "double descente" de 1’erreur de généralisation c’est-a-dire
de son pic au seuil d’interpolation et suivi par une décroissance dans le régime
surparamétré. Ces résultats nous permettent également de comparer 1’effet des
méthodes d’ensembling, de surparamétrisation et de régularisation. Nous validons
nos conclusions par des expériences numériques sur des réseaux profonds. Cette
recherche a suscité de I'intérét dans la communauté et par la suite plusieurs travaux
l'ont approfondie [191, 246] en effectuant une décomposition en biais et variance
plus fine. Dans une collaboration postérieure [201], nous étendons 1’analyse de
maniere rigoureuse au cas général des fonctions de cout convexes.

Néanmoins, les réseaux de neurones profonds résolvent des taches complexes
en reconnaissant des caractéristiques intrinseques aux données d’entrainement.
Ainsi, ils ne peuvent étre entierement décrits par les méthodes paresseuses qui
ne discernent pas ces structures [19, 172]. Pour établir dans quelle mesure les
réseaux de neurones surpassent les méthodes paresseuses, nous devons comprendre

I'interaction entre 1’architecture et la structure des données ainsi qu’évaluer la
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capacité des deux méthodes a capturer les caractéristiques des données. C’est ce
que nous faisons dans [260] en étudiant le probleme de la classification des mixtures
de Gaussiennes (Gaussian mixtures (GM) en anglais) a différents nivaux de signal a
bruit (Signal-to-Noise (SNR) en anglais). Nous étendons les travaux [114, 269, 270]
au cas ol les entrées sont conditionnelles aux cibles et ont une matrice de covariance
non triviale. Ceci nous permet de décrire la dynamique d’entrainement des réseaux
de neurones a deux couches avec une petite couche cachée. Les équations qui
résultent de cette analyse révelent que ces réseaux atteignent des performances
optimales pour toute valeur de signal-a-bruit. A 'opposé, les méthodes paresseuses
sont incapables d’apprendre la tache a faible SNR et nécessitent d'un signal de forte
intensité pour atteindre de bonnes performances. Ceci est du a la classification
linéaire que ces méthodes effectuent dans un espace a haute dimension dans lequel
elles projettent les donnés. Si le niveau du signal est en dessous d’une valeur seuil,
cette transformation est linéaire. Ainsi, une mixture non-séparable dans I’espace des
entrées demeure non-séparable apres transformation et une classification linéaire
ne peut que deviner la cible au hasard. Les effets non-linéaires de la transformation
permettant aux méthodes paresseuses d’apprendre, ne se déclenchent qu'a un

niveau du signal suffisamment élevé.

Pour aller plus loin dans la description du machine learning, il est essentiel
de comprendre quelles caractéristiques des données sont relevées par les réseaux
de neurones. Pour ce faire, I'apprentissage non supervisé est un cadre idéal car
il garantie I'extraction de structure dans les entrés. Dans [258], nous considérons
les auto-encodeurs non linéaires peu profonds (AE), I’architecture la plus simple
pour l'apprentissage non supervisé. Les AE sont entrainés a reconstruire leurs
entrées. Nous caractérisons leur dynamique d’entrainement sur des données syn-
thétiques de maniere théorique et vérifions ensuite par des expériences numériques
que les résultats s’appliquent également lorsque les réseaux sont entrainés sur
des données réelles. La description analytique révele que les AE apprennent les
composantes principales de leur données séquentiellement, par ordre décroissant
d’importance. Elle met également en évidence des contraintes architecturales
néscéssaires a ’apprentissage comme celle de délier les poids dans les AE sigmoi-
daux et d’entrainer les biais dans les AE ReLU. Enfin, nous nous basons sur des
résultats précédents pour les réseaux linéaires, et proposons une modification de
SGD permettant d’obtenir une correspondance un a un entre les poids du résaux
et les composantes principales des données.

Dans les applications de deep learning la version basique de SGD, considérée
jusqu’a présent est rarement utilisée. En effet, 'optimisation est accélérée et

améliorée grace a des modules complémentaires. Notamment, les learning rate
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schedules, c’est-a-dire des protocoles qui modifient la taille du pas de temps au cour
de I’entrainement, sont systématiquement utilisés [147, 222, 245, 292]. Dans [77],
nous étudions leur effets de maniere analytique dans des problemes d’optimisation
ol la fonction de cout est de grande dimensions et non-convexe comme dans le
deep learning. Nous décelons qu’avec une décroissance en loi de puissance du
pas de temps 7(t) = tF, I'optimisation est plus rapide en prenant 8 < 1. Cet
exposant diminue lorsque la complexité du probleme augmente et est inférieure
au choix optimal dans le cas convex f = 1. Si on ajoute au probleme un signal
a retrouver, I’optimisation se déroule en deux phases. Dans une premiere phase
d’exploration, la dynamique navigue a travers des regions rugueuse du paysage et
on doit maintenir un grand pas de temps. Dés que le signal est repéré, commence
la phase de convergence ot la dynamique entre dans un bassin convexe et le critere
B = 1 est optimal. Au travers d’expériences numériques, nous confirmons que
nos conclusions sont valables dans des taches de régression sur des réseaux de

neurones.

Nous pouvons également approfondir notre compréhension du role de 1’algorithme
dans le deep learning en étudiants des algorithmes d’entrainement alternatifs qui
ont souvent été introduits pour simplifier la passe arriere de back-propagation (BP)
et pour résoudre certains de ses défauts. En particulier, le Direct Feedback Aligne-
ment (DFA) permet d’accélérer 'entrainement des réseaux de neurones [237] et
d’augmenter leur robustesse contre les attaques adverses [54]. Au cours de la
passe-arriere, cet algorithme transmet le signal d’erreur depuis la sortie a toutes
les couches en simultané au moyen de matrices aléatoires. Dans [259], nous
menons une analyse théorique qui permet de comprendre quand et pourquoi
DFA permet d’entrainer des réseaux avec succeés. Nous identifions deux phases
d’apprentissage: une phase d’alignement, pendant laquelle 'expressivité du réseau
est limitée par l'algorithme, est suivie d'une phase de mémorisation ou le réseau
apprend la tache. Ainsi, une simplification drastique de la passe arriere de BP
permet encore d’obtenir une bonne performance. Nos résultats révelent également
la raison pour laquelle la DFA échoue a entrainer des réseaux de neurones de
convolution (convolutional neural networks (CNN) en anglais). Ceci est a nouveau
une manifestation de 1'interaction entre 1’algorithme et 1’architecture. Au travers
d’études numériques sur des réseaux profonds, nous confirmons que nos résultats

rentent valides dans des applications réalistes.

La plus part de ces recherches ont menées a des publications dans des con-
férences prestigieuses telles que ICML. Elles ont été faites en collaboration avec
plusieures institutions, dont 'ENS Paris, I'EPFL (Lausanne), King’s College (Lon-
dres) et SISSA (Trieste), et des entreprises privées, dont Meta Al (Paris) et Lighton
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(Paris).

Publications & Pre-prints (en ordre chronologique):

[76] Double trouble in double descent: Bias and variance(s) in the lazy regime.
D’Ascoli, Refinetti, Biroli & Krzakala, Sec. 3

[259] Align, then memorise: the dynamics of learning with feedback alignment.
Refinetti, D’Ascoli, Ohana & Goldt, Sec. 5.2

[260] Classifying high-dimensional Gaussian mixtures: Where kernel methods
fail and neural networks succeed.
Refinetti, Goldt, Krzakala & Zdeborovd, Sec. 4.2.

[258] The dynamics of representation learning in shallow, non-linear autoen-
coders.
Refinetti & Goldt, Sec. 4.7.

[201] Fluctuations, Bias, Variance & Ensemble of Learners: Exact Asymptotics
for Convex Losses in High-Dimension.
Loureiro, Gerbelot, Refinetti, Sicuro & Krzakala, Sec. 3.1.6.

[77] Optimal learning rate schedules in high-dimensional non-convex optimisa-
tion problems.
D’Ascoli, Refinetti & Biroli, Sec. 5.1.

Au cours de mon doctorat j'ai pris part a deux projets qui sortent du cadre de ce
manuscrit et ne seront pas discutés. Nous en fournissons un bref résumé ci-dessous

et encourageons le lecteur intéressé a les parcourir indépendamment.

[23] Epidemic mitigation by statistical inference from contact tracing data.
Baker, Biazzo, Braunstein, Catania, Dall’ Asta, Ingrosso, Krzakala, Mazza, Mézard,
Muntoni, Refinetti, Sarao Mannelli & Zdeborovd
En bref Ce travail développe des méthodes d’inférence probabiliste per-
mettant d’augmenter 1’efficacités des méthodes de tragage pour blocker la
propagation de pandémies telles que la COVID-19. Nous estimons le risque
d’infection d"un individu au travers de la liste de ses contacts récents et de
leurs propres niveaux de risque, ainsi qu’au travers d’informations person-
nelles commes les résultats des tests ou la présence de syndromes. Cette
estimation permet d’optimiser les stratégies de test et d’isolement et four-
nit un moyen efficace pour contrdler la propagation de 1'épidémie. Elle est

notamment efficace pour des tots de propagation épidémique ot le tracage
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manuel de tous les contacts de personnes infectées est infaisable mais avant
qu'un confinement ne devienne inévitable. Notre approche se traduit par
des algorithmes entierement distribués et compatibles avec les normes de
protection des données personnelles puisqu’ils nécessitent uniquement d’une

communication entre des individus ayant été en contact récemment.

[257] Bootstrapping traceless symmetric O(N) scalars.

Reehorst, Refinetti & Vichi

In brief Au cours des dernieres années, les les exposants critiques de nom-
breux systemes physiques ont été déterminés tres précisément [91, 92, 158,
256] grace a des techniques de bootstrap numériques [249]. Dans ce travail,
nous appliquons ces techniques aux fonctions de corrélation d"un tenseur
symétrique de O(N) a deux indices et trace nulle t;;. Ainsi, pour N générique,
nous bornons les dimensions (scaling dimensions en anglais) des opérateurs de
toutes les representations pertinentes (relevant representations en anglais). Le
cas N = 4 est particulierement intéressant du fait que, selon une conjecture
communément admise, il décrirait une transition de phase dans le modele
projectif réel antiferromagnétique ARP?. Dans ce modele, les simulations
sur des lattices suggerent 1’existence d"une transition de phase de deuxiéme
ordre alors qu'une approche de théorie des champs effective ne prédit aucun
point fixe. Un ensemble d’hypothéses nous permet de contraindre les dimen-
sions de 1'opérateur a une région fermée compatible avec les prédictions des
simulations sur des lattices. Cette région est toujours présente lorsque 1’'on
considere un systeme mixte impliquant ¢ et le singlet scalaire de dimension la
plus basse.
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Architecture

3.1 Reconciling the bias-variance trade-off with over-parametrisation
in deep NNs

3.1.1 Overview

As we have seen in Sec. 1.2, one of the main puzzles for theoreticians is to under-
stand the excellent generalization performance of heavily overparametrized deep
neural networks able to fit random labels [329]. Such interpolating estimators—that
can reach zero training error— have attracted a growing amount of theoretical
attention in the last few years, see e.g. [4, 31, 131, 213, 232]. Instead, of following
the characteristic U-shape curve of the bias-variance trade-off, the performance of
deep neural networks [230, 233, 294] as well as other machine learning models [31],
follow a double descent curve.

This curve displays two regimes : the classical U-curve is superseded at high
complexity by a modern interpolating regime where the test error decreases mono-
tonically with overparametrization [49]. Between these two regimes, i.e. at the
interpolation threshold where training error vanishes, a peak occurs in absence of reg-
ularization, sometimes called the jamming peak [294] due to similarities with a well-
studied phenomenon in the Statistical Physics litterature [93, 94, 164, 193, 241, 326].
Some mechanisms playing an important role for the good performance of deep
neural networks in the overparametrised regime include the implicit regularization
of stochastic gradient descent which allows to converge to the minimum norm
solution, and the convergence to mean-field limits [4, 11, 63, 212, 264]. However, a
complete picture of why overparametrised networks perform well remains lacking.

In this subsection, we present a detailed investigation of the double descent
phenomenon, and its theoretical explanation in terms of bias and variance in

the lazy regime [63] introduced in Chap. 1.2. As we discussed, in this regime,

34
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neural networks behave like kernel methods [74, 145, 175] or equivalently random
projection methods [11, 63, 253]. This mapping makes the training analytically
tractable, allowing, for example, to prove convergence to zero error solutions in

overparametrized settings.

Optimization plays an important role in neural networks, and in particular for
the double descent phenomenon, by inducing implicit regularization [234] and
fluctuations of the learnt estimator [102]. Disentangling the variance stemming
from the randomness of the optimization process from that the variance due to the
randomness of the dataset is a crucial step towards a unified picture, as suggested
in [232]. Here, we address this issue and attempt to reconcile the behavior of bias
and variance with the double descent phenomenon by providing a precise and
quantitative theory in the lazy regime.

We focus on an analytically solvable model of random features (RF) defined in
Eq. 1.9, introduced by [253]. As a reminder, RF can be viewed either as a random-
ized approximation to kernel ridge regression, or as a two-layer neural network
whose first layer contains fixed random weights. The latter providing a simple
model for lazy learning via Eq. 1.11. In this setting, we quantitatively disentangle
the contributions to the test error of the bias and the various sources of variance of
the estimator, stemming from the sampling of the dataset, from the additive noise
corrupting the labels, and from the initialization of the random feature vectors.
Our theoretical analysis also provides a sharp asymptotic formula for the effect
of ensembling (averaging the predictions of indepently initialized estimators) on
these various terms. We show in particular how the over-fitting peak at the inter-
polation threshold can be attenuated by ensembling, as observed in real neural
networks [102]. We also compare the effect of ensembling, overparametrizing and
optimally regularizing. The conclusions stemming from this analysis include that
the over-fitting near the interpolation threshold is entirely due to the variances
due to the additive noise in the ground truth and the initialization of the random
features. Also, the data sampling variance and the bias both display a phase transi-
tion at the interpolation threshold, and remain constant in the overparametrized
regime. Hence, the benefit of ensembling and overparametrization beyond the
interpolation threshold is solely due to a reduction of the noise and initialization
variances. Finally, we present numerical results on a classic deep learning scenario
in the lazy learning regime to show that these findings, obtained for simple random
features and i.i.d. data, are relevant to realistic setups involving correlated random
features and realistic data. The analytical results we present are obtained using a
heuristic method from Statistical Physics called the Replica Method [217], which

despite being non-rigorous has shown its remarkable efficacy in many machine
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learning problems [3, 93, 285, 327] and random matrix topics, see e.g. [6, 195, 301].
The rigorous proof of these result, for arbitrary loss function is given in [201].

Related work The analysis in this subsection builds on two contributions by
Geiger et al. [102], and Mei and Montanari [213]. Geiger et al. [102] carried out
a series of experiments in order to shed light on the generalization properties of
neural networks. The work discussed here, d”Ascoli et al. [76], carried out during
my PhD, is inspired by their observations and scaling theory about the role of
the variance due to the random initialization of the weights in the double-descent
curve. They argued that the decrease of the test error in the limit of very wide
networks is due to this source of variance, which vanishes inversely proportional
to the width of the network. They then used ensembling to empirically support
these findings in more realistic situations. Also related is the work of Neal et al.
[232] who empirically disentangles the various sources of variance in the process
of training deep neural networks.

On the analytical side, we build on the results of Mei and Montanari [213],
which provide a precise expression of the test error of the RF model in the high-
dimensional limit where the number of random features, the dimension of the input
data and the number of data points are sent to infinity with their relative ratios
fixed. The double descent was also studied analytically for various types of linear
models, both for regression [4, 32, 131, 229] and classification [80, 106, 155]. An
example of a practical method that uses ensembling in kernel methods is detailed in
[84]. Note that this analysis performs an average over the sampling of the random
feature vectors in contrast to [331] where the average is taken over the sampling of
the data set.

Reproducibility The codes necessary to reproduce the results in this subsection

and obtain new ones are given at https://github.com/mariaref/Random_Features.git.

Model

This work is centered around the RF model first introduced in [253] defined
in Eq. 1.9. Although simpler settings such as linear regression display the double
descent phenomenology [131], this model is more appealing in several ways. First,
the presence of two layers allows to freely disentangle the dimensionality of the
input data from the number of parameters of the model. Second, it closely relates
to the lazy regime of neural networks, as described above. Third, and most
importantly for our specific study, the randomness of the fixed first layer weights
mimics the randomness due to weight initialization in neural networks.

Let us repeat Eq. 1.9 which formulates the RF model as a two-layer neural
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Figure 3.1: Illustration of a Random Feature (RF) network. The first layer weights
are fixed and initialized as i.i.d. centered Gaussian variables of unit variance. The
second layer weights are trained via ridge regression.

network whose first layer contains fixed random weights (see Fig. 3.1):

1)

p
Po(x) = waz)g(wf x). (3.1)
i—1

@)

of the random feature matrix w!) € R’*P whose elements are drawn i.i.d from

As in the introduction, w: ’ is the i*" random feature vector, i.e the it" column
N(0,1) and g is a pointwise activation function, which we will take to be ReLU :
x — max(0, x). For convenience, we define the output of the network as ¢(x) = 7,

the post-activation of the first layer as:

(3.2)

The training data is collected in a matrix X € RV*P whose elements are drawn
iid from NM(0,1). We assume that the training labels y are given by a linear ground

truth corrupted by some additive Gaussian noise:

Yu = <ﬁrXu> + €y, 1Bl| = F, ey’\‘N(O/T)r (3.3)
SNR =F/t.

The generalization to non-linear functions can also be performed as in [213].

The second layer weights, i.e the elements of w!?), are fixed by the means of
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ridge regression i.e. by minimising the regularised squared loss:

LR () = i £ oforg (X ) P e
emp - —~ Yu = i &8 \/5 D 27 (3'4)

0?) = argmin L’emp(w(z)).
w2 eRP

Note that as P—>oo, this is equivalent to kernel ridge regression with respect to the
following kernel:

K (x,x") =E_ 0 _p [g((x,w(l)w\/ﬁ)g (<x’,w(1)> /\/5)} ,

where P = Unif (SD_l(\@)).

The key quantity of interest is the test error, or population loss 1.1, of this model,
defined as the mean square error evaluated on a fresh sample x~N (0, 1) corrupted
by a new noise €:

Lhop = Bx [((Bx) +€ = 9(x))*], e~N(0,7). (35)

3.1.2 Analytical results

In this subsection, we present the main result of this work, which is an analytical

expression for the terms appearing in the decomposition of the test error.

Decomposition of the test error

The test error can be decomposed into its bias and variance components:
IEw(l),X,w( 2) ¢ [ﬁpop} SNOlse+SIn1t+gSamp+gB1as+T (36)

The first three terms contribute to the variance, the fourth is the bias, and the final

term T2

is simply the Bayes error. It does not play any role and will be set to zero
in the rest of the paper: the only reason it was included is to avoid confusion with
ENoise defined below.

Noise variance: The first term is the variance associated with the additive noise

corrupting the labels of the dataset which is learnt, e:

5N01se = ]Ewa |:1Ee [¢w(x)2] - (IEe [¢w(x)])2i| . (37)

Initialization variance: The second term encodes the fluctuations stemming from
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the random initialization of the random feature vectors, w'):

Euit = Exx [E o [Ee 0o — By [pu(x))] (38)

Sampling variance: The third term measures the fluctuations due to the sampling

of the training data, X:
SSamp = E, [IEX []Ew“),e [(Pw(x)]z} _IEX,w(l),e (2 (x)]z} : (3.9)

Bias: Finally, the fourth term is the bias, i.e. the error that remains once all
the sources of variance have been averaged out. It can be understood as the

approximation error of our model and takes the form:

Eiin = B | ((B%) ~ Exaun [pol)]) | (3.10)

Note that since we are performing deterministic ridge regression, the noise induced
by SGD, which can play an important role outside the lazy regime for deep neural

networks, cannot be captured.

Main result
Consider the high-dimensional limit where the input dimension D, the hidden
layer dimension P (which is equal to the number of parameter in our model) and

the number of training points N go to infinity with their ratios fixed:

N, P, D—sco, g _o(1), % _ o(1). (3.11)
We obtain the following result:
E, o o x [(B,%)¢uw(x)] =F¥1, (3.12)
Eyx [Ee [pu(x)]] =F¥3, (3.13)
Ey i x |Ee [#(%)?] ~Ee [po(x)]']| =72¥3, (3.14)
Eox [Eco [gu()]?] =F2%, (315)
Evx [Eco [fu(x)] ~Equo [pu ()] =T%;, (316)
Ex (B x [pu ()| =F2¥4, (317)

where the terms {‘I’l,‘I”Z’,‘Pg,‘PE,‘Pg,‘Pg}, whose full analytical expressions are
deferred to Appendix A.2, are computed following the steps below:
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Figure 3.2: All the terms entering our analytical expressions for the decomposition
of the error (Equations 3.12-3.17), as function of the overparametrization ratio P/ N
for A = 107° and N/D = 1. Numerical estimations obtained for a finite size
D = 200 (diamonds) shows that the asymptotic predictions are extremely accurate
even at moderate sizes.

1. Mapping to a random matrix theory problem. The first step is to express the
right-hand sides of Equations 3.12-3.17 as traces over random matrices. This is
achieved by replacing our model with its asymptotically equivalent Gaussian
covariate model [213], in which the non-linearity of the activation function is
encoded as an extra noise term. This enables to take the expectation value with
respect to the test sample x.

2. Mapping to a statistical physics model. The random matrix theory problem resulting
from the solution of ridge regression (3.4) involves inverse random matrices. In

order to evaluate their expection value, we use the formula:

-t Y Pl o,
which is based on the Replica Trick [51, 217]. The Gaussian integrals over
e,w"), X can then be straightforwardly performed and lead to a Statistical
Physics model for the auxiliary variables 7.

3. Mean-Field Theory. The model for the 5 variables can then be solved by intro-
ducing as order parameters the n x n overlap matrices Q*f = %Zle 17;?‘1715 and
using replica theory [217], see Appendix A.3 for the detailed computation®.

The ¥’s may also be estimated numerically at finite size by evaluating the traces

of the random matrices appearing in the Gaussian covariate model at the end of

“In order to obtain the asymptotic formulas for the ¥’s we need to compute (what are called in
the Statistical Physics jargon) fluctuations around mean-field theory.
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step 1. Figure 3.2 shows that results thus obtained are in excellent agreement with
the asymptotic expressions even at moderate sizes, e.g. D = 200, proving the
robustness of steps 2 and 3, which differ from the approach presented in [213].
The indices v, ¢,d in {¥1, Y5, V3, V5, ¥4, ¥4} stand for vanilla, ensemble and divide
and conquer. The vanilla terms are sufficient to obtain the test error of a single RF
model and were computed in [213]. The ensemble and divide and conquer terms
allow to obtain the test error obtained when averaging the predictions of several
different learners trained respectively on the same dataset and on different splits of
the original dataset (see Sec. 3.1.4). Figure 3.2 shows that the vanilla terms exhibit
a radically different behavior from the others: at vanishing regularization, they
diverge at P = N then decrease monotonically, whereas the others display a kink
followed by a plateau. This behavior will be key to the following analysis.

3.1.3 Analysis of Bias and Variances

The results of the previous subsection, allow to rewrite the decomposition of the
test error as follows:

ENoise = TZ‘PU/ (318)
Emit = F2(¥5 —¥%), (3.19)
Esamp = F2 (Y5~ ¥4), (3.20)
Epins = F2 (1 29, + Tg) . (3.21)

These contributions, together with the test error, are shown in Fig. 3.3 in the case of
small (top) and large (bottom) regularization.

Interpolation Threshold

The peak at the interpolation threshold is completely due to noise and initialization
variance, which both diverge at vanishing regularization. In contrast, the sampling
variance and the bias remain finite and exhibit a phase transition at P = N, which
is revealed by a kink at vanishing regularization. Adding regularization smooths

out these singular behaviours: it removes the divergence and irons out the kink.

Overparametrized regime

In the overparametrized regime, the sampling variance and the bias do not vary
substantially (they remain constant for vanishing regularization). The decrease of
the test error is entirely due to the decrease of the noise and initalization variances

for P> N. In the limit P/ N—o, the initialization variance vanishes, whereas there
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Figure 3.3: Decomposition of the test error into the bias and the various sources of
variance as function of the overparametrization ratio P/N for N/D =1, SNR =
F/t = 1. Two values of the regularization constant are used: A = 10~ (left) and
A = 107" (right). Notice the contrasting behaviors at the interpolation threshold:
the noise and initialization variances diverge then decrease monotonically whereas
the sampling variance and the bias display a kink followed by a plateau. These
singular behaviors are smoothed out by regularization.

remains an irreducible noise variance.

Discussion
In conclusion, we find that the origin of the double descent curve lies in the behavior of
noise and initialization variances. The benefit of overparametrizing stems only from

reducing these two contributions.

These results are qualitatively similar to the empirical decomposition of [232]
for real neural networks. The divergence of the test error as (P/N — 1)~! at
the interpolation threshold is in agreement with the results of [213]*. As for the
decrease of the test error in the over-parametrized regime, we find consistently with
the scaling arguments of [102] that the initialization error asymptotically decays
to zero inversely proportional to the width (see Appendix A.1 for more details).
The interpretation of our results differ from those of [213] where the authors relate
the over-fitting peak occurring at P = N to a divergence in both the variance and
the bias terms. This is due to the fact the bias term, as defined in that paper, also
includes the initialization variance’. When the two are disentangled, it becomes
clear that it is only the latter which is responsible for the divergence: the bias is, in
fact, well-behaved at P = N.

“Note that for classification problems the singularity is different [102].

tFor a given set of random features this is legitimate, but from the perspective of lazy learning
the randomness in the features corresponds to the one due to initialization, which is an additional
source of variance.
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Intuition

The phenomenology described above can be understood by noting that the model
essentially performs linear regression, learning a vector a € R” on a projected
dataset Z € RN*? (the activations of the hidden nodes of the RF network). Since a
is constrained to lie in the space spanned by Z, which is of dimension min(N, P),
the model gains expressivity when P increases while staying smaller than N.

At P = N, the problem becomes fully determined: the data is perfectly in-
terpolated for vanishing A. Two types of noise are overfit: (i) the stochastic noise
corrupting the labels, yielding the divergence in noise variance, and (ii) the deter-
ministic noise stemming from the non-linearity of the activation function which
cannot be captured, yielding the divergence in initialization variance. However,
by further increasing P, the noise is spread over more and more random features
and is effectively averaged out. Consequently, the test error decreases again as P
increases.

When we make the problem deterministic by averaging out all sources of
randomness, i.e. by considering the bias, we see that increasing P beyond N has
no effect whatsoever. Indeed, the extra degrees of freedom, which lie in the null
space of Z, do not provide any extra expressivity: at vanishing regularization, they
are killed by the pseudo-inverse to reach the minimum norm solution. For non-
vanishing A, a similar phenomenology is observed but the interpolation threshold
is reached slightly after P = N since the expressivity of the learner is lowered by

regularization.

3.1.4 On the effect of ensembling

In order to further study the effect of the variances on the test error, we follow [102]
and study the impact of ensembling. In the lazy regime of deep neural networks,
the initial values of the weights only affect the gradient at initialization, which
corresponds to the vector of random features. Hence, we can study the effect of
ensembling in the lazy regime by averaging the predictions of RF models with

independently drawn random feature vectors.
Expression of the test error

Consider a set of K > 1 RF networks whose first layer weights are drawn
independently. These networks are trained independently on the same training set.
In the analogy outlined above, they correspond to K independent inizializations
of the neural network. At the end of training, one obtains K estimators {@u, }re[x]-

When a new sample x is presented to the system, the output is taken to be the
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Figure 3.4: Illustration of the ensembling procedure over K Random Features
networks trained on the same data but with different realizations of the first layer,

{wgl),...wg)}.

average over the outputs of the K networks, as illustrated in Fig. 3.4. By expanding
the square and taking the expectation with respect to the random initalizations, the

test error can then be written as:

2
RF | _ _l
Eguony [ o] = B, (<ﬁ,x> K;%(x))

K
Y Eue (B 20 (3)] + 5 2 Exso, [ ()00, ()]

i=1 i,j=1

N\N

= Ex [(B%)°] -

(3.22)

The key here is to isolate in the double sum the K(K — 1) ensemble terms i # j,
which involve two different initalizations and yield E, [Ewu) 22 (x)]z] , from the
K vanilla terms which give Ey g [¢,,1) (x)?]. This allows to express the test error in
terms of the quantities defined in (3.12) to (3.17) and leads to the analytic formula
for the test error valid for any K € IN:

E (108} 0 {./:g}fp} — F2(1-2%Y) + % (F2¥3 + 12%3) + (1—}() (F2¥5+72%5) .
(3.23)

We see that ensembling amounts to a linear interpolation between the vanilla terms
Y5, Y5, for K = 1, and the ensemble terms Y5, Y5 for K—co.

The effect of ensembling on the double descent curve is shown in Fig. 3.5.
As K increases, the overfitting peak at the interpolation threshold is diminished.
This observation is very similar to the empirical findings of [102] in the context of
real neural networks. Our analytic expression agrees with the numerical results
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obtained by training RF models, even at moderate size D = 200.

Note that a related procedure is the divide and conquer approach, where the
dataset is partitioned into K splits of equal size and each one of the K differently
initialized learners is trained on a distinct split. This approach was studied for

kernel learning in [84], and is analyzed within our framework in Appendix A.1.
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Figure 3.5: Test error when ensembling K = 1, 2, 10 differently initialized RF models
as function of the overparametrization ratio P/N. We fixed A = 1075, N/D =1,
SNR = 10. For comparison, we show the results of numerical simulations at
finite D = 200: the vertical bars depict the standard deviation over 10 runs. The
variability observed here was absent in Fig. 3.2 because we are considering the true
RF model rather than the asymptotically equivalent Gaussian covariate model. This
shows that most of this variability is caused by the finite-size deviation between
the two models. Note that our analytic expression (3.23) gives us access to the limit
N—ro00, where the divergence at P = N is entirely suppressed.

Ensembling reduces the double trouble

The bias-variance decomposition of the test error makes the suppression of
the divergence explicit. The bias and variances contribution read for the averaged

estimator:
2 e 1 v e
ENoise = T <‘Y3 + X ( 3= T3)> p (3.24)
F2
Emit = < (Y3 —Y3), (3.25)
Esamp = F* (W5~ ¥4) , (3.26)
Epias = F2 (1 — 0¥, + xyg) . (3.27)

These equations show that ensembling only affects the noise and initialization
variances. In both cases, their divergence at the interpolation threshold (due to
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Figure 3.6: Decomposition of the test error into the bias and the various sources of
variance as function of the overparametrization ratio P/N for A = 1075, N/D =1,
SNR = 1. The thin dashed lines are taken from Fig. 3.3 (top) where we had K = 1;
the thick solid lines show how ensembling at K = 10 suppressed the divergences
of the noise and initialization variances.

Y5, ¥%) is suppressed as 1/K, see Fig. 3.6 for an illustration. At P> N, ensembling
and overparametrizing have a very similar effect: they wipe out these two troubling
sources of randomness by averaging them out over more random features. Indeed,
we see in Fig. 3.5 that in this overparametrized regime, sending K—woo has the same
effect as sending P/ N—oo: in both cases the system approaches the kernel limit. At
P <N, this is not true: as shown in [146], the K—oo predictor still operates in the
kernel limit, but with an effective regularization parameter A > A which diverges
as P/N—0. This (detrimental) implicit regularization increases the test error.

Ensembling vs. overparametrization

As we have shown, ensembling and overparametrizing have similar effects in the
lazy regime. But which is more powerful: ensembling K models, or using a single
model with K times more features? The answer is given in Fig. 3.7 for K = 2
where we plot our analytical results while varying the number of data points, N.
Two observations are particularly interesting. First, overparametrization shifts the
interpolation threshold, opening up a region where ensembling outperforms over-
parametrizing. Second, overparametrization yields a higher asymptotic improve-
ment in the large dataset limit N/D—00, but the gap between overparametrizing
and ensembling is reduced as P/D increases. At P> D, where we are already
close to the kernel limit, both methods yield a similar improvement. Note that
from the point of view of efficiency, ridge regression involves the inversion of a

P x P matrix, therefore ensembling is significantly more efficient.
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Figure 3.7: Comparison of the test error of a RF model (blue) with that obtained by
doubling the number features (orange) or ensembling over two initializations of
the features (green), as function of N/D. The parameters are A = 1075, SNR = 10,
P/D = 0.5 (solid lines) and P/D = 5 (dashed lines).

Ensembling vs. optimal regularization
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Figure 3.8: Left: Test error as a function of A for various values of K and parameters
P/D =2, N/D =1, SNR = 10. Right: Comparison of test error for an optimal
regularized system with K = 1 and the system with K—co0 with A = 107°. Opti-
mization performed over 50 values of A from 107> to 10%. Parameters are N/D = 1,
SNR = 10.

In all the results presented above, we keep the regularization constant A fixed.
However, by appropriately choosing the value of A at each value of P/N, the
performance is improved. As Fig. 3.7 (left) reveals, the optimal value of A decreases
with K since the minimum of the test error shifts to the left when increasing K.
In other words, ensembling is best when the predictors one ensembles upon are
individually under-regularized, as was observed previously for kernel learning
in [332]. Figure 3.8 (right) shows that an infinitely ensembled model (K—o0) always
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performs better than an optimally regularized single model (K = 1).

3.1.5 Numerical experiments on neural networks
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Figure 3.9: Test error on the binary 10-PCA CIFAR10 as function of the number of
nodes per layer of the 5-layer neural network trained until convergence with the
full-batch Adam. We compare the test error of a single predictor (K = 1), averaged
over 20 initializations of the weights (the standard deviation is depicted as vertical
bars), with the ensembling predictor at K = 20. Left: « = 10. Right: « = 100,
where we are closer to the lazy regime and the ensembling curve flattens beyond
the interpolation threshold, which occurs around 30 nodes per layer.

Finally, we investigate whether the phenomenology described here holds for
realistic neural networks learning real data in the lazy regime. We follow here
the protocol used in [102, 104] and train a 5-layer fully-connected network on the
CIFAR-10 dataset. We keep only the first ten PCA components of the images, and
divide the images in two classes according to the parity of the labels. We perform
10° steps of full-batch gradient descent with the Adam optimizer and a learning
rate of 0.1, and scale the weights as prescribed in [145].

We gradually go from the usual feature learning regime to the lazy learning
regime using the trick introduced in [63], which consists in scaling the output of the
network by a factor « and replacing the learning function fy(x) by a(fg(x)— fg,(x)).
For & > 1, one must have that § —0p~1/« in order for the learning function to
remain of order one. In other words, the weights are forced to stay close to their
initialization, hence the name lazy learning.

Results are shown in Fig. 3.9. Close to the lazy regime (a =100, right panel), a
very similar behavior as the RF model is observed. The test error curve® obtained

when ensembling K = 20 independently initialized networks becomes roughly

“Note that we are considering a binary classification task here: the error is defined as the fraction
of misclassified images.
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Figure 3.10: Left. Test error for logistic regression with A = 10~* and different
values of K as function of P/N = 1/« with N/D = 2 and p = 1. Dots represent
the average of the outcomes of 10> numerical experiments. Here we adopted
g(x) = erf(x) and estimator ¢(v) = sign(}; vx). Right. Decomposition of the
K = 1 test error Lpop = Zpop + 0Lpop for the estimator (a), with N/p = 2 and
A =10"*. We plot also the contribution §Lp0p corresponding to the estimator (b):
we numerically observed that such decomposition coincides in the two cases. Note
also the presence of a kink in 6 Lpqp at the interpolation transition.

flat after the interpolation threshold (which here is signalled by the peak in the
test accuracy). As we move away from the lazy regime (« = 10, left panel), the
same curve develops a dip around the interpolation threshold and increases beyond
P > N as observed previously in [102]. This may arguably be associated to the
beneficial effect of feature learning, as discussed in [104] where the transition from
lazy to feature learning was investigated.

3.1.6 Extensions

The results derived in the previous section allow to gain intuition on how to
reconcile the classical bias-variance tradeoff with the double descent trend of the
test error of over-parametrised networks. In particular, we have seen how over-
parametrisation improves performance by taming the label noise and initialisation
variances.

A slightly finer decomposition of the variance in terms of the different sources
of randomness in the problem was later proposed by Adlam and Pennington [2].
Lin and Dobriban [191] show that such decomposition is not unique, and can

be more generally understood from the point of view of the analysis of variance
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(ANOVA) framework. Their conclusions are similar to the previous ones and reveal
that the divergence at the interpolation threshold of the error is due to the random
noise in the training labels and a joint contribution of the randomness in the choice
of weights and of inputs sampled for training.

Sec. 3 only considers the squared L2-loss, or mse, defined in Eq. 3.5 with L2
regularisation. The tools employed do not allow to study the case where the
networks are learned jointly.

In a recent work, Loureiro et al. [201] tackle these issues by considering the case
of general convex loss, any convex regularisation, and jointly trained learners. The

estimator is then given by:

Zi@w’ Ze(xw ﬁ) (3.28)

(P(x):f< \/ﬁ AR \/ﬁ

where f : RK>Y is an activation function. In the particular case in which the
predictors are independently trained, minimisation of the regularised empirical risk
fixes the weights w(® as:

N T
@) |1 ( Zi(x*)w > A ’
w =argmin |— ) ((y', —=—— |+ <|w 3.29

¢ aé;geIRPl !N ; Y VP 2 ol (3.29)

with a convex loss function £ : J x R—R (e.g., the logistic loss) and ridge penalty
whose strength is given by A € R™. The analysis also includes the case in which
the learners are jointly trained with a generic convex penalty.

The results not only allow to study binary classification problems with the
logistic loss and cross-entropy loss but are also are fully mathematically rigourous.
They are proven through a Approximate Message Passing (AMP) proof technique
[30, 83], leveraging on recently introduced progresses in [107, 200] which enables
to capture the full complexity of the problem and obtain the asymptotic joint
distribution of the ensemble of predictors.

Although the asymptotic statistics of the single learner, i.e. K = 1, in the
general case had been studied in [81, 106, 200], they are not enough to quantify
the correlation between different learners, induced by the training on the same
dataset. Doing so is required to compute, e.g., the test error associated with an
ensembling predictor or the impact of fluctuations in the test error. Both these
quantities crucially depend on the average correlation between two independent

learners which Loureiro et al. [201] give an exact asymptotic characterisation of.

In the general case, we can also understand the role played by fluctuations in the
double-descent behaviour i.e. the non-monotonic behaviour of the generalisation
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Figure 3.11: Left. Joint probability density of the confidence score

-1
or(x) = (1 + exp (—ZkWJEZ)/\/ﬁ)) of two learners for P/N =~ 0.13. Center.

Probability that two learners give discordant predictions using logistic regression
as function of /N = 1/awithN/D = 2,p = 1,and A = 104, Right. Test error
for logistic regression using the estimators in eq. (3.31) and K = 3, with the same
parameters. We adopted g(x) = erf(x). We observe that the test error obtained
using (a) is always smaller than the one obtained using (b). (Center and right) Dots
represent the average of the outcomes of 10 numerical experiments.

performance of interpolators. To do so, we decompose the error in terms of

fluctuation-free term Zpop and a fluctuation term 6 Lpop:

This decomposition confirms that, similar to the ridge case, the interpolation peak
arises from the model overfitting the particular realisation of the random weights.
Fig. 3.10 gives an example for max-margin classification.

Another question of interest in the context of ensembling is: given an ensemble
of predictors {¢u, }re(x), What is the best way of combining them to produce a point
estimate? In our setting, this amounts to choosing the function f in Eq. 3.28. We
compare, in terms of generalisation performance, two popular choices, majority

vote and score averaging:
(@) f(v) = sign (Z vk> , (3.31a)
k
(b)  f(v) = sign (Zsign(vk)> . (3.31b)
k
In a sense, (a) provides an estimator based on the average of the individual
outputs, whereas (b), which corresponds to a majority rule if K is odd [129], is a

function of the average of the estimators of the single learners. For both choices

of the estimator we use A(y,¢(x)) = dy () to measure the test error. Fig. 3.11
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(right) compares the test error obtained using (a) and (b) for K = 3 with vanishing
regularisation A = 107%. As the estimator (a) has better performances than the
estimator (b), we conclude that score averaging consistently outperforms the
majority vote predictor. However, for a large number of learners K >> 1 these two
predictors agree, see Fig. 3.11 (right).

Ensembling can also be used as a tool for uncertainty quantification. In par-
ticular, we can connect the correlation between two learners to the probability of
disagreement, and show that it decreases with overparametrisation. By comparing
with the results in Fig. 3.11 (center), it is evident that the benefit of ensembling in
reducing the test error correlates with the tendency of learners to disagree, notably
for small P/N, as stressed by Krogh and Vedelsby [163]. Fig. 3.11 (left) provides a
full characterisation of the joint probability density of the confidence score between
two independent learners. Finally, we observe a constant value of Zpop beyond
the interpolation threshold, compatibly with the numerical results of Geiger et al.
[105].



Chapter 4

Data

In the previous chapter, we mostly considered i.i.d. Gaussian inputs, i.e. white
noise, a crude approximation of real data since, by definition, they are completely
structureless. Thus, the analysis was insensitive to particular features in the inputs.
In this chapter, we make a step forward and give some intuition on which features
in the inputs are relevant for learning a task in the feature learning regime. We
start, in Sec. 4.2, by studying the simple case of gaussian mixture classification
where the inputs have some low dimensional structure. We tune the hardness of
the problem via a signal-to-noise ratio (SNR). We will see that feature learning
allows small two-layer neural networks to learn the task while lazy methods fail
to capture the underlying structure for small SNR. This emphasises the need to
understand the interplay between input features and architecture. If badly chosen
the later can prevent capturing of relevant structure in the data and thus good

performance.

Second, in Sec. 4.7, we consider unsupervised learning, and in particular
autoencoders (AE) which are trained to reproduce their inputs. To do so, they
crucially exploit the structure in the inputs. We provide an analytic theory of the
training dynamics of shallow non-linear AE where the hidden layer is significantly
smaller than the input dimensions. This bottleneck forces the network to develop a
concise representation of the inputs which helps understand which features in the
data are captured by the network and are most important for the reconstruction
task. The derived equations give bounds on how strong the input structure must
be to achieve successful reconstruction. They also allow to assess the long times
training dynamics and to unravel constrains on the network’s architecture: tight
weight AE fail to learn as do ReLU AE if the bias is not trained. Importantly, we
show theoretically that relevant features in the data are learned sequentially, by

order of importance.

53
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Of course real images are not Gaussians, nor Gaussian mixtures and have
complex relations between pixels. We must therefore address the question of
whether our results, derived for a specific generative model, carry over to learning
on realistic datasets and, if so, whether these relations are important for the network
to perform well.

In Sec. 4.7.4, we argue that the equations derived for learning with AE on
synthetic Gaussian inputs describe well the training dynamics on real images
suggesting that, for the reconstruction task, shallow AE do not exploit information
in the inputs beyond the second moment. This remains true for the supervised
learning setup where training 2LNN on benchmark datasets is well described
by a Gaussian mixture model, see App. C.2. This is another realisation of the
interplay between the architecture and data structure. Even though images are
more elaborate than Gaussians, shallow AE, and 2LNN with few hidden nodes, are
not powerful enough to capture the additional complexity in the inputs for these
simple tasks. Understanding the precise conditions under which networks capture
which features in the data, beyond the Gaussian, is an exciting direction which we

discuss further in the afore mentioned Sec. 4.7 4.

4.1 Theory for the dynamics of online learning of shallow

networks

To start, we illustrate the main theoretical tools needed for the analysis of the
next two sections by focussing on the simple setting of Gaussian i.i.d. inputs
xi~N(0,1). Namely, we show how to establish a theoretical description of the
dynamics of learning of two layers neural networks (2LNN) with K~O(1) hidden
nodes. The networks are trained in the limit of an infinite number of training
samples, i.e. N—o00, with online (or one pass) SGD in which at each step of the
algorithm a new data point is drawn from the input’s distribution p,. The online
limit is extensively used to analyse the dynamics of non-linear networks for both
supervised and unsupervised learning, and it has been shown experimentally to
capture the dynamics of deep networks trained with data augmentation well [231].
The description is valid in the high-dimensional limit where the input dimensions
are taken to infinity i.e. D—oco with t = N/D~O(1). We follow the derivation of
the seminal works [38, 269, 270] which was extended and made rigorous by [114].
We also illustrate the computations for the slightly more general setting where
the inputs have non-trivial covariance matrix as it will be useful in deriving the
results in the rest of the chapter. The approach here-after has several extensions to
different data distributions [117, 118, 321] and [258-260] which we discuss in this
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manuscript.
Setup Consider a classical teacher-student setup [98] in which the inputs x € RP
are drawn component wise i.i.d. from a standard Gaussian distribution and the

labels are given by a teacher network:

M~~~ ) D _
Z::vg i :Z\/ﬁ’ (4.1)

where § is the teacher non-linearity applied component wise and the sum is over
the teacher’s M hidden nodes with M~O(1). The student is also a 2LNN with
K~O(1) hidden nodes and has output:

) i k < k) k i wkxl

x)=) v'ga), a* = ! 4.2)
k=1 i-1 VD

The student is trained to reproduce her teacher by minimising the mean-squared

error:

mse = % (fa(x) — Poo(x)) = A, (4.3)

where we defined the error on a single input A = y* — ¢, (x). Using the vanilla BP
algorithm described in Sec. 1.4, the update of the first and second layer of weights
at training step p is given by:

k k — 3.0k _ Nw
Wy — Wy = dw =5 Mg ( ) Ayxy 4.4)
vl;lﬂ - v;j = do* =n,8 (ay) - (4.5)

Note that we introduced different learning rates for the first and second layer
weights, 17, and 177, respectively.
Statics We are mostly interested in the generalisation performances of the

student and thus focus on the population mean-squared error:

pmse = [ mse = % (Fas(x) — P (x))? (4.6)

To evaluate the expectation over the inputs distribution notice that the input x
only enters in the pmse via its low dimensional projections on the teacher’s and
student’s weights, @ € RM and a € RX respectively. We can hence replace the
high-dimensional expectation over the inputs with a low dimensional expectation
over the joint distribution of the local fields {4,a}. A crucial observation is that due

to the Gaussianity of the inputs, the local fields are jointly Gaussian with 0 mean
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and second moments:

kt )
Q —]];,ﬂﬂ - D 7
k ~
ka :IE ﬂkﬁm — w 'wm, (47)
X D
™ .o
mn __ ~M=n __
T —IEu a’ = D

These macroscopic operators are often dubbed order parameters in statistical physics
and play an important role in the analysis. Intuitively the teacher-student overlaps R
measure the similarity between the student weights and the teacher weights, the
student-student overlap Q and the teacher-teacher overlap T, measure the overlap
between different weights of the student and the teacher respectively. In the high-
dimensional D—co limit, the pmse is a function only of Q, R, T and of the second
layer weights of both teacher and student:

lim pmse(x)—pmse(Q,R,T,v,7). (4.8)

D—oo

Thus, by establishing a closed set of ordinary differential equations (ODEs) de-
scribing the dynamics of (Q, R, T,v,d) in the D—co limit, we obtain a complete
description of the training dynamics, i.e. the generalisation performance, of the
student at all times.

Dynamics Let us illustrate the rationale by deriving the dynamical equations for
the student-student overlaps Q. From its definition we have:

1
19 Kl _ k.l k 3. k 3.0
Qui1 —Qy = D {dwywy + wydwy + dwydwy} w)
) )
Nw _k k ¢ Nw k.t k 0\ A2
- iwvyg' (ay> Aya® + (k<€) + ﬁwvyvyg/ (ay) g (zzy> Az,
where we used ), xf”. = D in the D—o0 limit.

By defining t = /D, one can show [114] that in the high-dimensional limit, Q,
concentrates towards Q(t) given by the solution of the ODE:

d
g9 = fau(t), (4.10)
where fu(t) is found by taking the expectation over x of Eq. 4.9:
for = 0" (1) E g (ak) a'A+ (k< 0) + ni,v';lvflg’ (ak) g (zzz) A?. (4.11)

That we should take the expectation over the inputs distribution is intuitive as it
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allows to describe a typical trajectory, independent of the particular realisation of
{x,}. In addition, the inputs only appear in the averages through the local fields.
We can thus replace E , by expectations over the distribution of {a,4} which is low
dimensional and only a function of the order parameters Q, R and T. It follows
that the integrals are at most four dimensional. For some activation functions such
as g(x) = erf(x/v2), the later have an explicit analytical expression [269, 270], see
e.g. App. B.2.

Performing a similar argument for R yields:

ngm - 17ka ]E
{a,a

5 I (ak) N (4.12)

}
To find a well defined high dimensional limit for v, we have to scale the learning
rates as: 17, = /D and %y, = 1. Then we obtain the last equation of a closed set of

ODEs describing the dynamics at all times:

d K
3o =1 {E}g(a )A. (4.13)

Case of non-trivial covariance
Consider now a slightly more sophisticated generative model in which the inputs
are Gaussian with non trivial covariance [E y x;x; = ();;. Then, the order parameters

become:

1 ~ 1 1« . g
Rkm — 5 Zwi‘ﬂqw}” o = 5 waﬂijwff Tmn — 5 Zwlmﬂijw]’.’. (4.14)
ij ij )

Rotating the dynamics An immediate issue arises due to the presence fo the
covariance matrix in the contraction between the weights. Indeed, when trying to
compute the update of the order parameters the input appears contracted with
Qw instead of w and cannot be identified with a local field. A key idea to make
progress is to rotate the dynamics in the eigen-basis of the covariance matrix. To
do so, we start by defining the eigen-decomposition of the covariance matrix and

the rotation of any vector z € {w, @, x} onto this basis as:

1 1
O =— E Lz, = — E Tz 4.15
i~ D — prlitljr ZT VD - itZi ( )

Note the normalisation of the eigenvectors as } . I';;I;; = Dd;j and }; [ Tir =
Dér. In this basis, the order parameters reduce to sums over D terms, instead of
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D? terms:

1

1 N 1 o
R = S peka? QY= Vpukul, T = oY patal. (416)
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For illustration, let us focus on the dynamics of the teacher-student overlaps R. The
evolution of the rotated weights w, follows directly from Eq. 4.5 and yields the
update for R:

d o : ' |
= Tt [ oy () 05~y (¢) (o) )
(4.17)

The expectations in blue cannot be simply expressed in terms of local fields. A
crucial simplification occurs by noting that the rotated inputs x; and the local fields
{a,a} are weakly correlated:

E 4", (4.18)
X

1 ~ 1M
= \ﬁprwr-
Both these correlations are of order O(1/vD). To compute expectations of the
type E g’ (a¥) a/x;, we can therefore use the lemma for weakly correlated variables

derived in App. B.1:

Eg’' (“k) g (aj> Xr :Qkajjl_ o 5% {]E g’ (a*)akg(al) (w’;fo _ ijQk])
TE ()ag(d) (whQ — whQ¥)]
Eg’ (a") §(") %0 = e s I [Eg @t @) (wir —arrt)

+E g (a)a"g (@) (o Q" — wir™ ) |
(4.19)

The equation for R now involves terms of the form ), p2@rwi/p and Y PTIEWE/ D,
The later is a constant of motion we do not need to worry about. The former, in-
stead, is dynamical and cannot be expressed simply as order parameters. Defining
an additional operator is not an option as it would result in an infinite sequence
of operators with higher and higher powers of p. To find a closed set of equa-
tions, in terms of a finite number of quantities, we must therefore make another

manipulation.

Integral representation The trick is to introduce the order-parameter densities

r(p,s), q(p,s) and t(p). These are continuous functions of p and, for r and g, of
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the normalised number of steps s = #/D, which we interpret as a continuous time
variable in the limit D—oco0:

(p,5) = ;f;w"w’”ﬂ(pr o0 +20), (4.20)
9" (0,5) = gp ;w"w"l pr € 0,0 +0)), (4.21)
t""(p —ffZ rwrl (pr € [o,0 +p[), (4.22)

(4.23)

where t"" is constant, 1(.) is the indicator function and the limit €,—0 is taken
after the thermodynamic limit D—co. We recover the order parameters as an
integral over the densities, weighted by the distribution pq(p) of eigenvalues of
the covariance matrix:

R*™ (s / doppa ()™ (p,s), (4.24)
Q“(s) = [ doppale)d(p.s), (4.25)
" (s / dpopa(p)t™ (o) (4.26)

The dynamical equation for rkm follows directly from Eq. 4.17 and Eq. 4.19:

ok <
aa m — oo {; Qkan:n_ T [Ikkn < kmnn _ tman;q) + Iémn (tmn Qkk _ rkakﬂ>}

14

_ ; QkaZj o [ ikt (rkm QU — plm Rké) + I§” (rem QK _ ykm Rké)] } ’
(4.27)

where we defined the integral I} = [E ,¢’(z%)z°¢(z%) with z¥ = a® if b € {k,¢,j}
and z' = ab if b € {m,n,p}.

Evolution of the student-student overlaps The evolution of the student-student
overlap Q is very similar to the one of R and we skip detailed computations to
avoid redundancy. The only additional elements are the terms quadratic in the
learning rate appearing in dQ¥ ie.:

U\RJ

2 D—)oo
D2 LB A% (g (a1 "= ’g; E 0% (a)g'(a') = L1E 8 (ah)g'(a).

(4.28)
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where we used [E xx% = pr and that x; and the local fields are weakly correlated to
factorise the expectation. Lastly, we defined the constant of motion y = } . #?/D.
Together with the equations for the second layer weights v*:

d

_ k
3¢ () =1 E Ag(a®), (4.29)

these equations provide a closed set of dynamical equations which allow to track
the training dynamics and evaluate the generalisation performances Eq. 4.6 at all
times. As we will see in the next two sections, these equations also allow to gain
insight into the asymptotic solutions reached by the network and into some aspects
of learning with neural networks.

4.2 Understanding the interplay between data structure and

architecture in Gaussian mixture classification

4.3 Overview

In Chap. 3, we mostly focused on the random feature model Eq. 1.9 which can
seen as an approximation of kernel learning [281]. Part of the motivation for this
choice was the observation that, as discussed in the introduction, the weights of
strongly over-parameterised 2LNN, initialised in the lazy regime remain almost
constant throughout training [9, 10, 52, 86, 145, 183]. Nevertheless, these networks
can achieve good performance. The RF model, is obtained by going a step further
and fixing the first-layer weights of a 2LNN at their initial values. This behaviour is
to be contrasted with the other regime discussed in Sec. 1.2, i.e. the feature learning
regime, where the weights of the first layer move significantly during training.
Recent empirical studies showed that on some benchmark data sets in computer
vision, kernels derived from neural networks achieve comparable performance to
neural networks [11, 99, 174, 186, 209, 286].

These results raise the question of whether neural networks only learn success-
fully if random features can also learn successfully, and have led to a renewed
interest in the exact conditions and input type under which neural networks
trained with gradient descent, achieve a better performance than random fea-
tures [18, 73, 101, 185, 243, 300, 312, 320]. Chizat and Bach [62] studied the implicit
bias of wide two-layer networks trained on data with a low-dimensional structure.
They derived strong generalisation bounds, which, when both layers of the network
are trained, are independent of ambient dimensions, indicating that the network is

able to adapt to the low dimensional structure. In contrast, when only the output
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layer of the network is trained, the network does not possess such an adaptivity,
leading to worse performance. Ghorbani et al. [109, 110] analysed in detail how
data structure breaks the curse of dimensionality in wide two-layer neural networks
in the mean-field (MF) limit (Sec. 1.2), but not in learning with random features,
leading to better performance of the former.

Both these works, however, study 2LNN in the MF limit of wide hidden layer,
defined in Sec. 1.2. Here, we continue exploring the interplay between architecture
and data structure, and the limitation of lazy methods to capture the later, by
studying the opposite limit of only a few neurones in the hidden layer. These,
despite having much fewer parameters than their mean-field counterpart, are
able to capture the structure in the data and learn the task even at high noise
levels. In contrast, random features, and lazy methods, do not and require much
higher signal-to-noise ratio (SNR) to perform well. We focus on high-dimensional
gaussian mixture classification. The setup is close to the one of Sec. 4.1 i.e. the
network are trained using online SGD with infinite number of samples N on infinite
dimensional inputs with t = N/p~O(1).

We start with the study these 2LNN with a few hidden neurones K~O(1). To
do so, we extend the derivation of Sec. 4.1, where the label y(x) is a function
of the input x, to a setup where the input is conditional on the label. Solving
these equations for their asymptotic fixed point, i.e. taking t—oco after D—oo0,
yields the final classification error of the 2LNN. We then characterise analytically
the performance of RF on the same task by analysing how Gaussian mixtures
are transformed under P random features in the regime P, D— oo with v = P/D
fixed. In the high-dimensional limit the performance at large v converges to the
one of the corresponding kernel [90, 189, 198, 246, 253, 254], and we can thus
recover the performance of kernel learning by taking < large enough. Finally,
Computing the asymptotic generalisation of random features allows us to compare
their performance to the performance of 2LNN for various signal-to-noise ratios.

Note that we will not be concerned by formal rigorous derivations. The theoret-
ical claims of this section are however amenable to rigorous theorems. In particular
the ODEs analysis could be formalised rigorously using the technique of [114, 308].
Our results are valid for generic Gaussian Mixtures with O(1) clusters and we
will focus on the particular example of the XOR-like mixture in order to make the
problematic clear.

A paradigmatic example
The results can be illustrated through the simple example already presented in
Chap. 1.3 which we recall here. Consider a data distribution, sketched on Fig. 4.1
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Figure 4.1: Random Features and 2LNN on high-dimensional Gaussian mixture
classification (Left) Consider a data distribution that is a mixture of four Gaussians
in D dimensions. The first two components of the centroids organized in a XOR-like
manner as shown, while the other D — 2 directions of the centroids are set to zero.
The signal-to-noise is SNR = #|/v/Do. We used u = v/D so the SNR is effectively
given by the inverse of the width of the Gaussian: SNR = 1/¢. (Right) A two-layer
neural network with K = 4 hidden neurones and ReLU non-linearity trained using
stochastic gradient descent, achieves a long-time test error close to the optimal
(oracle) error 4.33 for the whole range of SNR. The test error is obtained analytically
using techniques described in Sec. 4.4. In sharp contrast, random features (RF),
whose performance is given by Eq. 4.45, require a high SNR to perform as well
as the oracle. They performs better than chance when SNR > VD/ min(P, N )1/ 4
and thus requires a diverging SNR in the high-dimensional limit. The insets show
the mixture after applying random features; only at high SNR does the mixture
become linearly separable. Parameters: RF error is computed with D = 10000 and
P = 2D and the 2LNN’s with D = 1000. For both methods # = 0.1, [#l/vD = 1.

(left), where inputs x = (x,) € RP are distributed in a mixture of four Gaussians,
those in red, yellow cluster have labels y* = 1, —1, respectively. The first two
components of the means are organised as in the top diagram, a distance I#//vD =1
from the origin, while the remaining D — 2 components are zero, yielding a XOR-
like pattern. Each Gaussian cloud has standard deviation ¢Ip, as Gaussian noise is
added to all components of the input. We can define an SNR of |1l/vDo2.

Clearly, the mixture cannot be linearly separated in direct space. As we already
argued and now show analytically, neural networks with a few neurones have
no problems learning a good partitioning of the space in this situation, reaching
oracle-like performance in the process. Kernel methods, however, manage to do so
only if the centres are extremely well separated, and completely fail when they are
too close.

We compare the performance of a two-layer neural network (2LNN) $3MNN,
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defined in Eq. 1.13:

K
w .
4)§LNN = Z vkg(ak) ik = (4.30)
k=1

/D’
where the number of hidden units K is kept of order 1 compared to the input
dimension D — co. We then train the 2LNN using online SGD and study the
high-dimensional limit t = N/p = O(1). We obtain the final performance of the
2LNN by taking t—co (after D—r00) of the ODEs describing the training dynamics,
see Sec. 4.4. The blue line gives the 2LNN’s final classification error i.e. the expected

number of mistaken classifications:
€(0) =E O[—y pa(x)], (4.31)

where O is the Heaviside step function given by:

1 if sign(¢p(x)) = y*

0 otherwise

O[—y po(x)] = { (4.32)

The expectation [E is computed over the Gaussian mixture for a network with
fixed parameters w. The classification error of the 2LNN is very close to that of an
oracle with knowledge of the means of the mixture that assigns to each input the

label of the nearest mean, achieving a classification error of

eoracle — 1/, (1 —erf (Iu\/zv\/ﬁ)2> . (4.33)

We compare the performance of the 2LNN to the performance of RF [253, 254]
defined in Eq. 1.9, where we first project the inputs x to a higher-dimensional

feature space, where features z = (z;) € R’ are given by
2 1
zi = p(by), b, = r; \ﬁl-}xr. (4.34)

Compared with the original definition Eq. 1.9, we denoted the random, fixed
projection matrix F € RP*D to avoid confusion with the 2LNN'’s trained parameters
{w} € R®*D. ¢ : R—R is the usual element-wise non-linearity. Then, like in the
previous section, the features are fit by training a linear model on the features:

P
Z wiz;, (4.35)

1
RF

X) = —=
¢ZU ( ) Pl:1
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where we denoted the trainable parameters as w € R” (as opposed to v in Eq. 1.9
and the previous section) to avoid ambiguity. The weights w are trained using SGD,
where we again draw a fresh sample from the mixture to evaluate the gradients at
each step. The performance of RF is shown in red in Fig. 4.1. While RF achieve
low classification error at high SNR, there is a wide range of SNR where random
features do significantly worse than the 2LNN. The insets give the intuition behind
this result: at high SNR, RF map the inputs into linearly separable mixture in
random feature space (left) while at lower snr, the transformed mixture is not
linearly separable in RF space (right), leading to poor performance.

We emphasise that we study random features in the high-dimensional limit where
we let N, D—oco with their ratio t = N/D~O(1) as before, while also letting the
number of random features P— oo with their ratio v = P/p~O(1) fixed. This regime
has been studied in a series of recent works [67, 80, 155, 177, 188, 203, 220]. While
we concentrate on random features, we note that we can recover the performance of
kernel methods [253, 254] by sending y—co. Indeed, as y = P/D grows, the gram
matrix converges to the limiting kernel gram matrix in the high-dimensional regime;
detailed studies of the convergence in this regime can be found in [90, 189, 198, 246].
We can thus recover the performance for any general distance or angle based kernel
method, e.g. the NTK of Jacot et al. [145], by considering < large enough in our
computations with random features. Note, however, that this must be done with
some care. Our results for random projections are given for N > P. As discussed
by Ghorbani et al. [109], Mei et al. [215], the relevant dimension for random features
performances is, rather than P, the minimum between N and P. Since we focus
here in the regime where increasing P beyond O(D), and therefore v beyond
O(1), is not allowed. Indeed, we shall see that Lazy training methods such as
kernels or random projections require asymptotically N = O(D?) samples to beat
a random guess, while neural-networks achieves oracle-like performances with
only N = O(D) samples.

Reproducibility We provide code to reproduce our plots and solve the equations
of Sec. 4.4 at this GitHub.

Further related work

Separation between kernels & 2LNN Barron [28] already discussed the limitations
of approximating functions with a bounded number of random features within a
worst-case analysis. Yehudai and Shamir [320] construct a data distribution that
can be efficiently learnt by a single ReLU neuron, but not by random features. Wei
et al. [312] studied the separation between 2LNN & RF and show the existence of
a small (K~O(1)) network that beats kernels on this data distribution, and study


https://github.com/mariaref/rfvs2lnn_GMM_online
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the dynamics of learning in the same mean-field limit as Chizat and Bach [62]
and Ghorbani et al. [109, 110]. Likewise, Li et al. [185] show separation between
kernels & neural networks in the mean-field limit on the phase retrieval problem.
Geiger et al. [101] investigated numerically the role of architecture and data in
determining whether lazy or feature learning perform better. Paccolat et al. [243]
studied how neural networks can compress inputs of effectively low-dimensional
data.

Gaussian mixture classification is a well-studied problem in statistical learning
theory, and its supervised version was recently considered in a series of works
from the perspective of Bayes-optimal inference [80, 177, 203]. Mignacco et al.
[220, 221] studied the dynamics of stochastic gradient descent on a finite training
set using dynamical mean-field theory for the perceptron, which corresponds to
the case K = 1,v! = 1 in Eq. 4.30. Liao and Couillet [188] and Couillet [67] studied
mixture classification with kernel in an unsupervised setting using random matrix
theory.

Dynamics of 2LNN The equations describing the dynamics of learning, derived
for this study, build on the results presented in Sec. 4.1 and on the references
therein. All the referenced works, though, consider the label y* as a function of the
input x, or as a function of a latent variable from which x is generated. Here, we
extend this type of analysis to a case where the input is conditional on the label, a
point of view taken implicitly by Cohen et al. [66].

The reduction of the dynamics to a set of low-dimensional ODEs should be
contrasted with the “mean-field” approach, discussed in Sec. 1.2, where the number
of hidden neurones K is sent to infinity while the input dimension D is kept finite.
In this limit, the neural networks are still a more expressive function class than the
corresponding reproducing kernel Hilbert space [60, 214, 265, 290]. The evolution
of the network parameters in this limit can be described by a high-dimensional
partial differential equation. This analysis was used in the aforementioned works
by Ghorbani et al. [109, 110].

4.4 Neural networks for GM classification

Setup

We draw inputs x= (x;) € RP from a high-dimensional Gaussian mixture, where
all samples from one Gaussian are assigned to one of two possible labels y* =41,
which are equiprobable. The data distribution is thus

q(x,y*) =q(y")a(xly*), q(xly*)= Z(?aNa(X) (4.36)
aeS(y*
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where NV, (x) is a multivariate normal distribution with mean #*/vD and covariance
O*. The index set S(y*) contains all the Gaussians that are associated with the
label y*. We choose the constants P, such that g(x,y*) is correctly normalised. To
simplify notation, we focus on binary classification, which can be learnt using a
student with a single output unit. Extending our results to C-class classification,
where the student has C output heads, is straightforward.

Training The network is trained using stochastic gradient descent on the pop-
ulation mean-squared error pmse for technical reasons related to the analysis.

The update equations for the weights at the uth step of the algorithm, dwf =

(w;{);rkl - (w;{)y’ read

dwt = — Lok aq! (aF xX; — LAwk, 4.37a
i D g (a%) B (4.37a)
kT va My k

dv* = Dg(a )A D)w , (4.37b)

where A=Y v’¢(a’)—y* and A €R is, here again, a Ly-regularisation constant.
Initial weights are taken i.i.d. from the normal distribution with standard deviation
0o. The different scaling of the learning rates 7 for first and second-layer weights
guarantees the existence of a well-defined limit of the SGD dynamics as D—co. We
make the crucial assumption that at each step of the algorithm, we use a previously
unseen sample (x,y*) to compute the updates in Eq. 4.37. This limit of infinite

training data is variously known as online learning or one-shot/single-pass SGD.

Theory for the learning dynamics of 2LNN on mixture of Gaussians
The derivation of the dynamical equations of motion follows closely the one
described in Sec. 4.1. The additional complexity is both in the dependence of the
inputs on the labels, which requires expectations to be conditioned on the label
realisation and in the non-zero mean of the inputs, which has to be treated with
care.
Statics Since we are training on the quadratic error, the first step of our analysis
is to rewrite the prediction mean-squared error pmse as a sum over the error made

on inputs from each Gaussian « in the mixture,

pmse(6) = E (v — ¢p(x))
q(xy*)

T et r (4.38)
vigla’) —y

k

=), X qW)P.E
A

ES(yi*)

where the average E is taken over the ath normal distribution N, for fixed param-
o
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eters 6. Then, within each cluster, we can apply the tools of Sec. 4.1 remembering
that here the the means of the inputs are not zero. Again, the input x only enters
the expression via products with the student weights a = (a*) and we can replace
the high-dimensional averages over x with an average over the K “local fields” a*.
Since the a* are jointly Gaussian when averages are evaluated over just a single
distribution in the mixture. We write the first two moments of the local fields as

M= (MK) and Q= (Q¥), with
Mk = ]E == Zwlr‘yﬁ‘, (4.39a)
r
QK = Cov (ak af) _ 1 Y ks w! (4.39b)
a = = ’ D — r=frsWse .

Any average over a Gaussian distribution is a function of only the first two mo-
ments of that distribution, so the pmse can be written as a function of the “order
parameters” M and Q and of the K~O(1) second-layer weights v = (o). Like-
wise, the classification error ¢, 4.31 can also be written as a function of the order
parameters only: limp_,« €.(6)—€.(Q, M, v). The order parameters have a clear
interpretation: MX encodes the overlap between the kth student node and the mean
of the «a cluster, and plays a similar role to the teacher-student overlap in the vanilla
teacher-student scenario. Q' instead tracks the overlap between the various student
weight vectors, with the input-input covariance ()* intervening. The strategy for
our analysis, like in Sec. 4.1, is thus to derive equations that describe how the
order parameters (Q, M, v) evolve during training, which will in turn allow us to

compute the pmse of the network at all times.

Dynamics We derived a closed set of ordinary differential equations that describe
the evolution of the order parameters in the case where each Gaussian in the mixture
has the same covariance matrix (). We proceed here with a brief statement of the
equations and defer the detailed derivation to Sec. C.2. The approach is most easily
illustrated with the second-layer weights v*. The key idea to compute the average
change in the weight v¥ upon an SGD update 4.37b, dv¥, which can be decomposed

into a contribution from every Gaussian in the mixture,

Edv*= Y 7Pudof + Y Pudof, (4.40)
aeS(+) aeS(—)

where the change dof. is obtained directly from Eq. 4.37b,

dv’;:%l% yag(ak)—%Zvjlg g(ak)g(af)—%)\vk. (4.41)
j
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Figure 4.2: How the 2LNN learns a XOR-like GM (Left) Evolution of the pre-
diction mean-squared error pmse 4.38 and the classification error 4.31 of a 2LNN
with K = 8 neurones trained on the XOR-like mixture of Fig. 4.1. We plot the
test errors as obtained from a single simulation with D = 1000 (crosses) and from
integration of the ODEs of Sec. 4.4. The dashed black line is the classification
error of an oracle with knowledge of the means p“, Eq. 4.33. The inset shows the
mean angle of the network weights to the means of the mixture. (Right) Projec-
tions of the first layer weights (dots) onto the plane spanned by the means of the
XOR-like mixture at different times during training. Shaded areas indicate the deci-
sion boundaries of the network, where its output ¢y (x) changes sign. Parameters:
K =38,D = 1000, = 0.05,7 = 0.1 weights initialised with s.t.d. ocp =1, A = 102

The averages that remain to be computed only involve the true label and the local
fields a. The former is a constant within each Gaussian while the latter are jointly
Gaussian. It follows, that also these averages can be expressed in terms of only the
order parameters and the equation closes. As in Sec. 4.1, in the high-dimensional
limit D—oo the normalised number of samples t = N/D can be interpreted as a
continuous time, which allows the dynamics of v* to be captured by the ODE C.19.

Due to the presence of a non-trivial covariance, the order parameters Q require
the additional step which consists in diagonalising the sum Q¥ ~ ZES wkQysw! by
introducing the integral representation

Q" = [ do pale) p" (0), (4.42)

where pa(p) is the spectral density of Q, and g (p) is a density whose time
evolution can be characterised in the thermodynamic limit. We relegate the full
expression of the equation of motion for g (p) to Eq. C.18 of the appendix. Crucially,
it involves only averages that can be expressed in terms of the order parameters 4.39,
and hence the equation closes. Likewise, the order parameter M can be rewritten
in terms of a density as M** = [ dp pa(p)m*(p). The dynamics of m* is described
by Eq. C.13.

Solving the equations of motion The equations are valid for any mean and co-

variance matrix (). Solving them requires evaluating multidimensional integrals
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of dimension up to 4, e.g. E, ¢'(a¥)a’y*, which can be efficiently estimated using
Monte-Carlo (MC) methods. We provide a ready-to-use numerical implementation
on the GitHub.

Comparing theory and simulation On the left of Fig. 4.2, we plot the evolution
of the pmse 4.38 and the classification error 4.31 of a 2LNN with K = 8 neurones
trained on the XOR-like mixture of Fig. 4.1. We plot the test errors obtained
from integration of the order parameters with solid lines, and the same quantities
computed using a test set during the simulation with crosses. The agreement
between ODE predictions and a single run of SGD is good, even at intermediate
system size (D = 1000). In the App. C.2, we give additional plots for the simulated
dynamics of the individual order parameters and find very good agreement with
predictions obtained from the ODEs (cf. Fig. C.1). Note that although we initialise
the weights of the student randomly and independently of the means, there is
an initial overlap between student weights and the means of order 1/+v/D due
to finite-size fluctuations. To capture this with the ODEs, we initialise them in
a regime of weak recovery, where MX #0. For a detailed discussion of the early
period of learning up to weak recovery, see Arous et al. [14].

How 2LNNs learn the XOR-like mixture A closer look at the learning dynamics on
the right of Fig. 4.2 reveals several phases of learning. There we show the first-layer
weight vectors of the 2LNN, projected into the plane spanned by the four means
of the mixture, at four different times during training. The regions shaded in red
and yellow indicate the decision boundaries of the network, which correspond to
the line where the network’s output ¢p(x) changes its sign. A 2LNN with K > 4
neurones can approach the classification error of the oracle 4.33 if its weight vectors
approach the four means, with corresponding second-layer weights. Panel (C)
shows that network reaches this configuration. However, this configuration does
not minimise the mean-squared error used during training 4.37, so eventually the
weights depart slightly from the means to converge to a solution with lower mean
squared error (D). This is confirmed by the inset on the left of Fig. 4.2, where we
see that the average angle of the network weights to the means has a maximum
around t = 300, before decaying slightly at the end of training.

Predicting the long-time performance of 2LNN

Direct integration of the ODEs is numerically expensive. A more straight
forward way to extract information from the ODEs is to find their asymptotic fixed
point, which fully characterises the t— oo performance of the network. However,

the number of equations is already 26 for a 2LNN with 4 neurones trained on the
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Figure 4.3: Prediction mean-squared error 4.38 on the XOR-like mixture versus
weight decay. Results obtained from a fixed point analysis of the ODEs with 4
degrees of freedom discussed in Sec. 4.4 (0> =0.1,K = 4, n =01, 10*) Monte-Carlo
samples. The shaded area indicates standard deviation over 10 runs.

XOR mixture, and scales like K?. The key to finding fixed points efficiently is thus
to make an ansatz with fewer degrees of freedom for the matrices Q and M which
solve the equations. For example, one could impose Q% = Q and Q¥ = C,k # /.
By exploiting the symmetries of the XOR-like mixture, we find that the fix points
of the equations can be described by only K = 4 parameters: K/2 angles between
weight vectors and means, and K/2 norms, as described in Appendix C.2. Finding
the fixed-point of this reduced four-dimensional system allows to compute, for
example, the dependence of the generalisation error as a function the regularisation
in Fig. 4.3. The agreement between simulation and analytical predictions is again
good, and we find that increasing the regularisation only increases the test error of
the student. This is in agreement with previous work on two-layer networks in the
same limit in the teacher-student setup, where L,-regularisation was also found to

hurt performance [271].

The impact of over-parametrisation

We also studied the effect of over-parametrisation, which we define as the
number of additional neurones a student has on top of the K = 4 neurones that
it needs to reach the oracle’s performance on the XOR mixture. We show in the
inset of Fig. 4.4 that over-parametrisation does not improve final performance, since
the remaining error of the student is dominated by “spill-over” of points from
one mixture into adjacent quadrants. However, over-parametrisation leads to an
“implicit acceleration” effect: over-parametrised networks are much more likely to
converge to a solution that approaches the oracle’s performance, as we show in the

main of Fig. 4.4. The term “implicit acceleration” was coined by Arora et al. [12]
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Figure 4.4: Fraction of simulations that converged to the optimal solution for
the 2LNN out of 20 simulations for increasing values of K. Overparametrisation
increases the probability of finding the optimal solution but does not affect classifi-
cation performances. Simulations started with initial weights of std.dev. ¢p. The
inset shows the classification error of the networks that converged. Parameters:
D =800,7 =0.1,A =0, 0% = 0.1, run time 10°.

for similar effects in deep neural networks, and analysed for two-layer networks in
the teacher-student setup by Livni et al. [196], Safran and Shamir [272]. A complete
understanding of the phenomenon remains an open problem, which we leave for
future work.

4.5 Random features on GM classification

To understand the performance of random features on Gaussian Mixtures classifi-
cation, we analyse the performances of the linear model 4.35 trained with online
SGD with the squared loss on the random features z 4.34 [53, 296].

First, we assume that we have enough samples, so that N > P, and discuss
the situation when N < P later. For any finite D, P, running the algorithm up
to convergence then corresponds to taking the limit t—oo. The random features’
weights converge to an estimate W which can be computed analytically, see Eq. C.51,
and allows to precisely characterise the test error:

1 P2
pmse, , = = (1 - —), (4.43)
2 T %
where p: are the eigenvalues of the feature’s covariance matrix Ql-j =E ZiZj, with
associated eigenvector I';. o, = 211‘):1 [,;®;/+/P is the input-label covariance after
rotation into the eigenbasis of () (see Appendix C.4). Crucially, the test error and
W only depend on the first two moments of the features. The formula for these
moments, as well as the one for the classification error can be obtained when P, D
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are large using the Gaussian equivalence of [118]. Indeed, the distribution of the
features z remains a mixture of distributions (see App. C.3). We then define

W; E [z]

= VP

and we find for D, P large enough, that

aHmzio—ZﬁmNd<£%>>. (4.45)

As discussed in App. C.3, in the case of ReLU activation function, the feature

Ma:

™~

P .
, sz:; P I Cov(z,2), (4.44)

distribution p(z;) is a truncated Gaussian. Hence, at large D, P, both the mean of
z; and the population covariance Cov(z;, z;) can be obtained analytically in terms
of the matrix F and means y, see Eq. C.37 and C.40 for the full result.

We used this formula to obtain precisely the error 4.43, and the results are
shown in Fig. 4.5. We see that the RF error is a function of ¢D1/2/PV/* = ¢(D/4)1/4
leading to the conclusion that — as discussed in Fig. 4.1 — the “transition” from
the high to low SNR regime happens when ¢~! ~ D'?/pi/4, This scaling further
reveals that P ~ D? features are required in order to obtain good performance.
The validity of Eq. 4.45 is verified in Fig. C.3. Reaching this performance, however,
requires the number of samples N to be larger than P, so N > O(D?). In the
so-called high-dimensional regime analysed in this paper, where N ~ D, such
performances remain out of reach. The scaling analysis can be easily generalised;
as discussed by Ghorbani et al. [109], Mei et al. [215], the relevant dimension for
RF performances is, rather than P, the minimum between N and P.

The classification error is thus a function of D"?/min(N,p)!/4. If N is O(D), then
even in the kernel limit when P—co, the performance degrades to no more than a
random guess as soon as

o> NY*/plre, (4.46)

and therefore for any value of ¢ when D, N—oco with fixed N/D. In a nutshell, for
any fixed o, lazy training methods such as random features or kernels will fail to
beat a random guess in the high-dimensional limit. This, and the requirement of
at least N = O(DZ) samples to learn, are to be contrasted with the the oracle-like
performance achieved by a simple neural net with only N = O(D) samples.

Why do random features fail? The linear regime of features maps

This raises the question of why the random feature and kernel methods fail in
the high-dimensional setting. As we shall see — and this has been already discussed
in different contexts by El Karoui [90], Mei and Montanari [213] — this can be
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Figure 4.5: Evolution of the classification error of random features (RF) for vari-
ous values of 0, v = P/D and D on the XOR mixture of Fig. 4.1, in the limit of large
number of samples N > P. All these different cases can be collapsed into a single
master curve by plotting the classification error versus cD/2/P1/4 = gD/4/1/4,
showing that for large D, P, it should be a function e, = f ((TDl/ 2/pY/ 4). For a
finite input dimension D, increasing the number of features allows RF to perform
increasingly better as they approach the Kernel limit. Analytical predictions are
obtained by the linear regression analysis of Eq. 4.45 for RF. Parameters: 1 = 0.1,
lul/vD = 1. Note however that this analysis requires N > P. Given random
features are sensitive to the minimum of P and N [109, 215] the effective scaling
variable is rather cD'/2/ min(P, N)/4 (see text).

understood analytically from the fact that the feature map is effectively linear when
when P = O(D). This section is now dedicated to computing the moments E ,[z;]
and Cov,(z,z) analytically in this region, revealing that this effective linearity is
indeed the underlying reason for the failure of RF in this regime.

Since the mixture remains a mixture after the application of random features,
our main task is to compute the new means and variances of the distribution in the
transformed space. We thus focus on transformation of a random variable drawn
from a single Gaussian x, = yu,/ VD + ow,, where w, is a standard Gaussian, in

the kernel, or random feature, space.

For generic activation function the first two moments of the features can be
obtained in the well studied low signal-to-noise regime SNR~O(1). Key to do so, is
the observation that Firtr/D~O(1/vD). The activation function can thus be expanded
in orders of 1/D and its action is essentially linear. We define the constants

a=By (), b=Ely(l), =Ey(0f)’ (4.47)

with the expectation taken over the standard Gaussian random variable {. To
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leading order, the mean and covariance of the features are given by (cf. Sec. C.3):

1Ez:a+bi% (4.48)
: r=1 oD ‘
2 —a?, i=j,
cov(z;, zj) = e BEy ., (4.49)
b Zr TJ 1 7& ]

This computation immediately reveals the reason random features cannot hope
to learn in the low SNR regime: the transformation of the means is only linear;
hence a Gaussian mixture that is not linearly separable in input space will remain
so even after random features. In other words, if the centres of the Gaussian are
too close, the kernel fails to map the data non-linearly to a large dimensional space.
In contrast, in the high-SNR regime, where the centres are separated enough, the
non-linearity kicks-in and the data becomes separable in feature space.

Relation to kernel methods The same argument explains the failure of kernel meth-
ods: if two centres x and y are close, the kernel function K(x,y) can be expanded
to low order and the kernel is essentially linear, leading to bad performances. The
connection can be made explicit using the convergence of random features to a
kernel [253, 254]:

P D Xy Eir D stis
K(x,y>:;;1§[w(§ fﬁ)w(zyfﬁ

At low SNR, the constants 4, b, ¢ can be obtained from the kernel via

) (4.50)

? = EK(cwy,0wy), a*>=EK(ocw;,ow),

¥ — Do [_a2+EK<ﬂ+W P ow )}
vb ' UVD T
where the average is taken over two standard Gaussian random vectors w1y, w> € RP.
This relation, similar in nature to one of El Karoui [90], allows to express the

statistical properties of the features directly from the kernel function.

4.6 Neural networks vs random features

We now collect our results for a comparison of the performance of 2LNN and RF on
the XOR-like mixture from Fig. 4.1. We look at three different regimes for the SNR,
illustrated in the first column of Fig. 4.6. The second column visualises the mixture
after the Gaussian random features transformation with ¢(x) = max(0, x) 4.34.
The third and fourth columns show the evolution of the pmse of 2LNN and RF,
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Figure 4.6: The performance of 2LNN and RF on the XOR-like mixture with
different signal-to-noise ratios. The first and second columns show the XOR-like
mixture in input space and random feature space, resp. The third and fourth columns
show the pmse 4.38 of 2LNN and RF during training, resp. In the low SNR regime
(top row), while the 2LNN learns a non trivial function of the inputs, RF cannot
perform better than random chance since the XOR-like mixture remains one in
feature space. Both networks learn to classify the XOR-mixture in the high SNR
regime (middle row) as the clusters become well separated in feature space. For
mixed SNR (bottom row), even though both networks do better than random
guessing, 2LNN outperform RF as the distance between opposite sign clusters
remains of order one in feature space. In all plots, crosses are obtained from
simulations with input dimension D = 1000. Solid black lines in the 2LNN plots
are obtained using tools from Sec. 4.4 (long-time performance of Sec. 4.4 for the
first row and integration of the odes for the second). Solid black lines in the RF
plots indicate the test error obtained from the analysis of Sec. 4.5 with D = 10000.
02 =0.05P=2D,n =0.1,K = 10,00 = 1072

respectively, during training with online SGD. Since overparametrisation does not
impact the 2LNN'’s performance in these tasks, Sec. 4.4, we train a K = 10 network
to increase the number of runs that converge.

At low SNR (a) the distance of each Gaussian to the origin is O(1) and the
standard deviation c~O(1) as well. The two-layer neural network learns to predict
the correct labels almost as well as the oracle 4.33. Its performance does not depend
on D, and using the long-time solution of Sec. 4.4, we can predict its asymptotic
error (black line) which agrees well with simulations (crosses). In contrast, random
features display an asymptotic error that approaches random guessing as the input

dimensions increases (inset). This is clear from Eq. 4.49: in the large D limit,
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random features only produce a linear transformation of their input. The XOR
therefore remains a XOR in RF space, leading linear regression’s failure to do better
than chance.

At high SNR (b), the distance between the clusters scales as v/D while the
o remains fixed. The asymptotic error of the 2LNN thus decreases with D and
the network is able to learn perfectly in the D—co limit (black line). The error
of random features also approaches 0 as D— oo, since the mixture is now well
separated in random feature space, too.

We finally consider a regime of mixed SNR (c) where the mixture is well-
separated in one dimension, but very close in the other dimension. We achieve
this by setting y(l) ~+/D, yg ~ D for the mean of the first mixture, etc. Random
features then achieve a non-trivial generalisation error, which can be understood
by considering the means of the features z;. The large component y5, induces the
activation function to perform a non-linear transformation of the centres and allows
for opposite sign centroids to be separated by a hyper-plane in feature space. The
small component y1, causes the distance between opposite sign centroids, which is
of order O(1) in input space, to remain of order one in feature space, for all D. This
leads to a finite generalisation error of RF which remains invariant with increasing
input dimension. In this regime, the 2LNN still achieve better performance than

the random features, thereby completing the picture we developed in Fig. 4.1.

4.7 Autoencoders as a tool to study feature learning

4.71 Overview

In the previous section, we quantified how strong the data structure has to be in
order for different architectures to classify high dimensional mixtures of Gaussian.
We controlled the strength of the features in the data by tuning the signal-to-noise
ratio. The larger the SNR, the more salient the features.

Even if the results give valuable insights into the data-architecture interplay
and also describes learning on some benchmark datasets, the type of structure
remains extremely simple. Real data is expected to be more complex than mixture
of Gaussians and to have no clear SNR measure allowing to a priori determine
wether lazy methods can learn a given task or not.

Studying unsupervised learning is one way to uncover which features are
learned in more general contexts, why and how. In this paradigm, the network is
trained using only the inputs and exploits their structure to perform a given task.
Autoencoders (AE) are the simplest neural network for unsupervised learning, and

thus offer an ideal framework for studying feature learning.
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They are trained to reconstruct their inputs by minimising the distance between
an input x € X, and the network output £ € X. As we discussed in Sec. 1.3, the
key idea for learning good features with AE is to make the intermediate layer
in the middle of the network (significantly) smaller than the input dimension.
This bottleneck forces the network to develop a compressed representation of its
inputs, together with an encoder and a decoder describing how to go from the
inputs to the compressed representation and vice-versa. AE of this type are called

under-complete, see Fig. 4.7.

In order to study AE from a theoretical perspective we focus on shallow au-
toencoders with a single hidden layer of neurons. An immediate question arises:
how well can these networks perform on a reconstruction task? which features in
the data do they capture to attain this performance? and how do they capture the

latter?

For linear autoencoders, Eckart and Young [89] established that the optimal
reconstruction error is obtained by a network whose weights are given by (a rotation
of) the K leading principal components of the data, i.e. the K leading eigenvectors of
the input covariance matrix. The reconstruction error of such a network is therefore
called the PCA error and only the first two moments, i.e. the mean and covariance,

of the inputs are exploited.

How linear autoencoders learn these components when trained using stochas-
tic gradient descent (SGD) remains an interesting question. Indeed, although
these networks only perform linear transformations of their inputs, their learning
dynamics is non-linear and rich enough to give insights that carry over to the
non-linear case [5, 24, 162, 169, 275]. A series of recent works analysed linear
autoencoders in more detail, focusing on the loss landscape [165], the convergence
and implicit bias of SGD dynamics [236, 252, 276], and on recovering the exact
principal components [25, 111, 239].

However, we have seen in Sec. 1 that part of the power of neural networks as
feature extractors relies on the non-linearities in the hidden layers. Adding a non-
linearity to autoencoders is hence a key step on the way to more realistic models
of neural networks. This addition has been hindered mostly by the theoretical
challenge of analysing non-linear models on structured data, crucial ingredient to
study feature learning. The first step in this direction was taken by Nguyen [235],
who analysed over-complete autoencoders, in the MF limit, where the number
of hidden neurones grows polynomially with the input dimension, focusing on
the special case of weight-tied autoencoders, where encoder and decoder have the

same weights.

Here, we leverage recent developments in the analysis of supervised learning
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on complex input distributions and in particular in the description of the training
dynamics of networks in the ODE limit described in Sec. 4.1 and developed in
[115, 118, 199, 260].

We study the learning dynamics of under-complete, non-linear autoencoders
with both tied and untied weights. While, their reconstruction error is still limited
by the PCA reconstruction error [24, 46], their learning dynamics is rich, and dif-
ferent from the one of linear AE. In particular, we tackle the questions of whether
non-linear AE trained with SGD can reach the PCA error, and if so, how do they
do it? How do the representations they learn depend on the architecture of the
network, or the learning rule used to train them? The answers to all these question
also provides insights on the relevant features in the data and on their relative

importance for reconstruction.

The first step to tackle these question is to build on the tools of Sec. 4.1 and
derive the asymptotically exact ODEs that describe the generalisation dynamics
of shallow, non-linear autoencoders trained using online SGD (4.7.3). In deriving
these equations, we will establish a precise requirement on the magnitude of the
features required for the AE to learn to reconstruct their inputs. Using the ODEs,
we can understand how AE learn important features of their data. We will see that,
as in the linear case, these features are the principal components of the covariance
matrix of the data. These are learned sequentially, in order of importance modelled,
in this case, by the eigenvalue associated to a given PC (see Sec.4.7.3). The ODEs
also provide insights into the long-time dynamics of learning and highlight another
instance of data/architecture interplay in ML: to extract good features and achieve
low reconstruction error, it is the necessity to untie the weights of decoder and
encoder (4.7.3) and train the bias for ReLU autoencoders (4.7.3). We notice that,
due to the rotational symmetry inherent to the SGD step, the network only learns a
rotation of the leading PCs, making the output of the hidden layer hard to interpret.
We thus suggest a modification of vanilla SGD that beaks the rotational symmetry
of neurones and yields the exact principal components (4.7.3). Finally, we end this
section in Sec. 4.7 .4, by verifying the pertinence of the generative model introduced
to study unsupervised learning with shallow AE. In particular, we demonstrate
that the equations and the insights developed for Gaussian data capture learning
on realistic dataset suc as CIFAR10 with great accuracy and discuss connections
with recent results on Gaussian universality in neural network models already
discussed in Chap. 1.3.

Reproducibility We provide code to solve the dynamical equations of 4.7.3 and to
reproduce our plots at this GitHub.


https://github.com/mariaref/NonLinearShallowAE
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4.7.2 Setup

Architecture We study the performance and learning dynamics of shallow non-linear
autoencoders with K neurones in the hidden layer. Given the usual D-dimensional

input x = (x;), the output of the autoencoder is given by

k

[£3
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SE(x) =% =Y dig (ak) , d (4.51)
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where ¢k, @k € RP are the encoder and decoder weight of the kth hidden neurone,
resp. With respect to the previous sections, we changed the notation from {w!, w?}
for the weights of the network to {e,d} for clarity and to highlight the role of
the encoder, respectively decoder in reconstructing the inputs. We keep g(-) a
non-linear function. Here again, we study this model in the thermodynamic limit
where we let the input dimension D—rco while keeping the number of hidden
neurones K finite, as shown in 4.7 (a). The performance of a given autoencoder is

measured by the population reconstruction mean-squared error,
pmse = lZ:]E(x'—y?‘)z (4.52)
- D - 1 1) 7 .

where the expectation [E is taken with respect to the data distribution. Nguyen
[235] analysed shallow autoencoders in a complementary mean-field limit, where
the number of hidden neurones K grows polynomially with the input dimension.
Here, by focusing on the case K < D, we study the case where the hidden layer
is a bottleneck. Nguyen [235] considers tied autoencoders, where a single set of
weights is shared between encoder and decoder, ek =dk. We will see in 4.7.3 that
untying the weights is critical to achieve a non-trivial reconstruction error in the
regime K < D.

Data model We derive our theoretical results for inputs drawn from a spiked
Wishart model [250, 315], which has been widely studied in statistics to analyse
the performance of unsupervised learning algorithms. In this model, inputs are

sampled according to
Xy = Acy +V0ly, (4.53)

where y is an index that runs over the inputs in the training set, x, is a D-
dimensional vector whose elements are drawn i.i.d. from a standard Gaussian
distribution and ¢ > 0. The matrix A € RP*M is fixed for all inputs, while we
sample ¢, € RM from some distribution for each u. Different choices for A and
the distribution of ¢ allow modelling of Gaussian mixtures, sparse codes, and

non-negative sparse coding.
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Figure 4.7: Shallow autoencoders and their inputs (a) We analyse two-layer
autoencoders with non-linear activation function in the hidden layer. (b) Top:
Rescaled eigenvalues of the covariance matrix of inputs drawn from the spiked
Wishart model in 4.53, which can be divided into a bulk and a finite number of
outliers. Bottom: example inputs drawn from CIFAR10 [160], a benchmark data set
we use for our experiments with realistic data in 4.7.4.

Spectral properties of the inputs The spectrum of the covariance of the inputs is
determined by A and the distribution of c. It governs the dynamics and the perfor-
mance of autoencoders (by construction, we have [E x; = 0). If we set ¢, = 0in 4.53,
inputs would be i.i.d. Gaussian vectors with an average covariance of Ex;x; = 02j;,
where 4;; is the Kronecker delta. The empirical covariance matrix of a finite data set
with P~O(D) samples has a Marchenko—Pastur distribution with a scale controlled
by o [218, 250]. By sampling the mth element of ¢ as c¢,,~N (0, p:), we ensure that
the input-input covariance has M eigenvalues p,, = Dp;, with the columns of A as
the corresponding eigenvectors. The remaining D— M eigenvalues of the empirical
covariance, i.e. the bulk, still follow the Marchenko-Pastur distribution. We further
ensure that the reconstruction task for the autoencoder is well-posed by letting the
outlier eigenvalues scale as p,,~O(D) (or p,,~O(1)), resulting in spectra such as
the one shown in 4.7(b). If the largest eigenvalues were of order one an autoencoder
with a finite number of neurones K could not obtain a pmse better than random
guessing as the input dimension D— 0. Thus, if the features in the inputs are not
salient enough shallow non linear AE, trained in the online limit, fail to reconstruct

their inputs.

Training As in Sec. 4.1, we train the autoencoder on the quadratic error in the
online limit of SGD. The SGD weight increments for the network parameters are
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then given by:

def = _w <\F2dk ig(a ) - %ef, (4.54a)

A
ddk = —%Vg(a A = i, (4.54b)

where A; = (%; — x;) and A >0 is the ¢, regularisation constant. In order to obtain
a well defined limit in the limit D— 0o, we rescale the learning rates as 1, =17/D,
14 =1 for some fixed 1 >0.

4.7.3 Results

Dynamical equations to describe feature learning

The theoretical derivation of the dynamical equations builds on the one of described
in Sec. 4.1 and extends it to the case of unsupervised learning. The starting point is
the observation that the pmse defined in 4.52 depends on the inputs only via their

low-dimensional projections on the network’s weights

k k
K ex o d'x

=—, Ifth = —. 4.55
= =T (4.55)
This allows us to replace the high-dimensional expectation over the inputs in 4.52
with a K-dimensional expectation over the local fields a = (a¥) and d= (Ift"). For
Gaussian inputs drawn from (4.53), (a, i) are jointly Gaussian and their distribution

is entirely characterised by their second moments:

1
T = BIft*Ift* = Y del]df, (4.56)
Q’{é =Eda' = Zele]e], (4.57)
ké — k l __ k
= Elft*a D3/2 Zd ij ]. (4.58)

These macroscopic overlaps, the order parameters, together with TX = Y, dd//p, are
sufficient to evaluate the pmse. To analyse the dynamics of learning, the goal is
then to derive a closed set of differential equations which describe how the order
parameters evolve as the network is trained using SGD Eq. 4.54. Solving these
equations then yields performance of the network at all times. Note that feature
learning requires the weights of the encoder and the decoder move far away from

their initial values. Hence, we cannot resort to the framework of the neural tangent
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kernel or lazy learning [61, 145].

Derivation: a sketch

Here, we sketch the derivation of the equation of motion for the order parameter T;
and skip precise computations as it is very close to the one of Sec. 4.1; a complete
derivation for T; and all other order parameters is given in D.2. We define the
eigen-decomposition of the covariance matrix Qs = 1/D 25:1 I's:I'rpr and the
rotation of any vector z € {ek, dk,x} onto this basis as z; =1/vD 25:1 I'szs. The
eigenvectors are normalised as }; I';;['v; = Dé; and ), T';T'j = Dé;j. Using this

decomposition, we can re-write T; and its update at step y as:
1
(7! >;4+1 (7! );, D7 LA (ddkd! +dkad! +ddtdat ).

We introduce the order-parameter density t(p,s) that depends on p and on the
normalised number of steps s = #/D, which we interpret as a continuous time
variable in the limit D— o0,

1
t(p,5) = o Lodedcd, (4.59)
e T

where 1(.) is the indicator function and the limit €,—0 is taken after the thermody-
namic limit D—co. Now, inserting the update for 4 Eq. 4.54 in the expression of
tk¢, and evaluating the expectation over a fresh sample x, we obtain the dynamical

equation:

ot (p,s) Ed*g(d) p 4
Js =1 Q]l(k Br (P/S)
(4.60)

= t%(0,9)E g(ﬂ")é;(ﬂ”)) + (k< 0).

The order parameter is recovered by integrating the density t*(p,s) over the
spectral density jq of the covariance matrix: Tf' = [duq(p) ¢/D t(p,s). We can
finally close the equations by evaluating the remaining averages such as [E a*g(a*).
For some activation functions, such as the ReLU or sigmoidal activation g(x) =
erf (*/v2), these integrals have an analytical closed form. In any case, the averages
only depend on the second moments of the Gaussian random variables (a, ),
which are given by the order parameters, allowing us to close the equations on the

order parameters.
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Separation between bulk modes and principal components

We can exploit the separation of bulk and outlier eigenvalues to decompose the
integral Eq. 4.59 into an integral over the bulk of the spectrum and a sum over the
outliers. This results in a decomposition of the overlap T; as:

M
~ 1
Ti= Y, pPiti+Touw Touk = D dua(p)pet(p), (4.61)
i€outliers p€bulk
and likewise for other order parameters. Leveraging the fact that the bulk eigenval-
ues are of order O(1), and that we take the D—co limit, we can write the equation
for Tpu as:

) Tkl
il = -1 ) TouE g(a)g(a") + (k  £). (4.62)

On the other hand, the M outlier eigenvalues, i.e. the spikes, are of order O(D).
We thus need to keep track of all the terms in their equations of motion. Similarly
to 4.63, they are written:

okt Ea*g(a*) _
£=n<(§)m4—;%wwmw>+wﬁa (4.63)
Note that the evolution of {t;};—1  is coupled to the one of Ty only through
the expectations of the local fields. A similar derivation, which we defer to D.2, can
be carried out for R; and Q.

Empirical verification

In 4.8, we plot the pmse of an autoencoder with K =3 hidden neurones during
training on a dataset drawn from 4.53 with M = 3. We plot the pmse both
obtained from training the network using SGD Eq. 4.54 (crosses) and obtained from
integrating the equations of motion that we just derived (lines). The agreement
between the theoretical description in terms of bulk and spike modes captures the
training dynamics well, even at an intermediate input dimension of D =1000. In the
following, we analyse these equations, and hence the behaviour of the autoencoder

during training, in more detail.

Nonlinear autoencoders learn principal components sequentially
The dynamical equations of the spike mode order parameters Eq. D.29, (D.33) and
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Figure 4.8: The dynamical equations describe the learning dynamics of autoen-
coders Prediction mean-squared error pmse Eq. 4.52 of an autoencoder with K=3
hidden neurones during training on with stochastic gradient descent on the spiked
Wishart model in the one-pass limit. We obtained the pmse directly from a simula-
tion (crosses) and from integration of the dynamical equations describing learning
that we derive in 4.7.3 (line). Horizontal lines indicate the PCA reconstruction
error with increasing numbers of principal components. Parameters: M=3,1=1,
D =1000.

Eq. D.34 take the form:

9 (o,5) _ ol 1, (4.64)
s
etc. The learning rate of each mode is rescaled by the corresponding eigenvalue.
Therefore the principal component corresponding to each mode is learnt sequen-
tially, from the largest to the smallest. Indeed, the pmse of the sigmoidal autoen-
coder shown in 4.8 goes through several sudden decreases, preceded by plateaus
with quasi-stationary pmse. Each transition is related to the network “picking up”
an additional principal component. By comparing the error of the network on the
plateaus to the PCA reconstruction error with an increasing number of principal
components (solid horizontal lines in 4.8), we confirm that the plateaus correspond
to stationary points where the network has learnt (a rotation of) the first leading
principal components. Whether or not the plateaus are clearly visible in the curves
depends on the separation between the eigenvalues of the leading eigenvectors.
This sequential learning of principal components has also been observed in
several other models of learning. It appears in unsupervised learning rules such as
Sanger’s rule [273] (aka as generalised Hebbian learning, cf. D.1) that was analysed
by Biehl and Schlosser [37]. Gidel et al. [111], Gunasekar et al. [125] found a sudden
transition from the initial to the final error in linear models %; = Z]D:l eijxj, but

step-wise transitions for factorised models, i.e. linear autoencoders of the form
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Figure 4.9: Two phases of learning in sigmoidal autoencoders. (a) Prediction error
pmse Eq. 4.52 of a sigmoidal autoencoder with a single hidden neurone starting
from random initial conditions (blue). The error first decays exponentially, then
as a power law. During this second phase of learning, the pmse is identical to the
pmse of an autoencoder whose weights are proportional to the leading eigenvector
I' of the input covariance at all times: e(t) o a.(t), d(t) o« ay(+)T, cf. 4.66. (b)
Dynamics of the scaling constants &, and a; obtained through simulations of an
autoencoder starting from random weights (crosses) and from integration of a
reduced set of dynamical equations, D.47. (c,d) The norm of the encoder (left) and
decoder (right) weights. Their weights shrink, respectively grow, as a power law
N (7t)*° with exponent 6 ~ 1/6. This allows the sigmoidal network to remain in
the linear region of its activation function and to achieve PCA performance. Solid
lines are obtained from integration of a reduced set of dynamical equations, D.47,
crosses are from simulations for various combinations of learning rates and leading
eigenvalue p (different colours). Parameters: D = 500,17 = 1(a,b), M = 1,K = 1.

=YK, Z]Zl di.‘e}‘x]-. Saxe et al. [277] also highlighted the sequential learning of

principal components, sorted by singular values.

The evolution of the bulk order parameters obeys

oT! a a
% = ;bexlkEg(ak)g(a )+ (k< 0)
(4.65)
IR a y, b
% = -7 ) R Eg(a)g(a"), % =0

As a consequence, in the early stages of training, to first approximation, the bulk
component of R; and T; follow an exponential decay towards 0. The characteristic
time of this decay is given by the expectation [E g¢(a*)g(a")|s—o which only depends
on Qq|s—o. In addition, the last equation implies that the evolution of Q; is entirely
determined by the dynamics of the spike modes.

The long-time dynamics of learning: align, then rescale
At long training times, we expect a sigmoidal autoencoder with untied weights to
have retrieved the leading PCA subspace since it achieves the PCA reconstruction

error. This motivates an ansatz for the dynamical equations where the network
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weights are proportional to the eigenvectors of the covariance T*,

ef(t) =akt)/yp K df =k (0T, (4.66)
where a,, 0y € RK are scaling constants that evolve in time. With this ansatz, the
order parameters are diagonal, and we are left with a reduced set of 2K equations
describing the dynamics of af and aX which are given in D.47 together with their

detailed derivation.
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Figure 4.10: Shallow autoencoders require untied weights, and ReLU autoen-
coders also need biases. (a) Prediction error pmse Eq. 4.52 of sigmoidal autoen-
coders with untied weights (red) and with tied weights d* = ¢ (blue). Horizontal
lines indicate PCA errors for rank r. (b) Same plot for ReLU autoencoders with
three different architectures: tied weights, no bias (blue), untied weights with-
out bias (red) and untied weights with bias (green). Only the latter architecture
achieves close to PCA error. (c¢) Distribution of biases in a ReLU network before
(top) and after training (bottom). The biases increase throughout training, hence
pushing the network into the linear region of its activation function. Parameters:
D =1000,K =5,7 = 1.

We first verify the validity of the reduced equations Eq. D.47 to describe the long-
time dynamics of sigmoidal autoencoders. In 4.9(a), we show the generalisation
dynamics of a sigmoidal autoencoder starting from random initial conditions (blue).
We see two phases of learning: after an exponential decay of the pmse up to time
t~10, the pmse decays as a power-law. This latter decay is well captured by the
evolution of the pmse of a model which we initialised with weights aligned to the
leading PCs. We deduce that during the exponential decay of the error, the weights
align to the leading PCA directions and stay aligned during the power-law decay
of the error.

After having recovered the suitable subspace, the network adjusts the norm of
its weights to decrease the error. A look at the dynamics of the scale parameters
a, and a; during this second phase of learning reveals that the encoder’s weights
shrink, while the decoder’s weights grow, cf. 4.9(b). Together, these changes lead
to the power-law decay of the pmse. Note that we chose a dataset with only one
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leading eigenvalue so as to guarantee that the AE recovers the leading principal
component, rather than a rotation of them. A scaling analysis of the evolution of
the scaling constants af and aX shows that the weights decay, respectively grow, as
a power-law with time, af o<1/ /5 (7t) 7% and ak o< 1/,/5 (17t)°, see 4.9(c-d).

We can understand this behaviour by recalling the linearity of g(x) = erf (¥/v2)
around the origin, where g(x) ~ v/2/7 x. By shrinking the encoder’s weights,
the autoencoder thus performs a linear transformation of its inputs, despite the
non-linearity. It recovers the linear performance of a network given by PCA if the
decoder’s weights grow correspondingly for the reconstructed input £ to have the
same norm as the input x.

We can find a relation between the scaling constants aX and af at long times
using the ansatz 4.66 in the expression of the pmse:

X D
. ~ k2 K2 =k o ( ok 5
pmse = kE:1 {Pk +a;Eg(a’)” —2Ea‘g(a )} +k;<sz (4.67)
f(al k)

where the second term is simply the rank K PCA error. The first term should be
minimised to achieve PCA error, i.e. f(af,ak*) =0 for all k. For a linear autoencoder,
we find ak* =1/ak: as expected, any rescaling of the encoder’s weights needs to be
compensated in the decoder. For a sigmoidal autoencoder instead, we find

akr :“15 g (1+ pkak?) (4.68)
Note, that at small & we recover the linear scaling a* ~ (g’(0)af) -

The importance of untying the weights for sigmoidal autoencoders The need to let
the encoder and decoder weights grow, resp. shrink, to achieve PCA error makes
learning impossible in sigmoidal autoencoders with tied weights, where d* = ¢*.
Such an autoencoder evidently cannot perform the rescaling required to enter the
linear regime of its activation function, and is therefore not able able to achieve PCA
error. Even worse, the learning dynamics shown in 4.10(a) show that a sigmoidal
autoencoder with tied weights (blue) hardly achieves a reconstruction error better
than chance, in stark contrast to the same network with untied weights (red).

The importance of the bias in ReLU autoencoders

Sigmoidal autoencoders achieve the PCA error by exploiting the linear region of
their activation function. We can hence expect that in order to successfully train a
ReLU AE, which is linear for all positive arguments, it is necessary to add biases at

the hidden layer. The error curves for ReLU autoencoders shown in 4.10(b) show
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Figure 4.11: Breaking the symmetry between neurones yields the exact prin-
cipal components of the data. (a) Prediction mean-squared error Eq. 4.52 of an
autoencoder trained using vanilla SGD (eq. 4.54, blue) and truncated SGD (eq. 4.70,
orange). Grey horizontal lines indicate PCA reconstruction errors. (b) We show the
weight vector of the first neurone of the autoencoder before and after training (top
vs bottom) with vanilla and truncated SGD (left and right, resp.). In contrast to
vanilla SGD, truncated SGD recovers the true leading principal component of the
inputs, a sinusoidal wave (black). (c) Example image taken from Fashion MNIST.
(d) The left column shows reconstructions of the image from (c) using all K = 64
neurones of an autoencoder trained with vanilla (top) and truncated SGD (bottom)
on the full Fashion MNIST database. The right column shows reconstructions using
only the first 5 neurones of the same autoencoders. Parameters: 1 =1, K = 4 ((a)
and (b)), K = 64 ((c) and (d)), B =1, P = 60000.

indeed that ReLU autoencoders achieve an error close to the PCA error only if
the weights are untied and the biases are trained. If the biases are not trained,
we found that a ReLU autoencoder with K hidden neurones generally achieves
a reconstruction error of roughly K/2, presumably because only K/2 nodes have
a positive pre-activation and can exploit the linear region of ReLU. Training the
biases consistently resulted in large, positive biases at the end of training, 4.10(c).
The large biases, however, result in a small residual error that negatively affects the
final performance of a ReLU network when compared to the PCA performances,
as can be seen from linearising the output of the ReLU autoencoder:

£ =Y d*max(0,a" + bt) = Edkak +Zd"b" (4.69)
k
‘H/—/ H/—/
PCA residual

where b € R is the bias of the kth neurone.

Breaking the symmetry of SGD yields the exact principal components

Linear autoencoders do not retrieve the exact principal components of the inputs,
but some rotation of them due to the rotational symmetry of the square loss [41].
While this does not affect performance, it would still be desirable to obtain the
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leading eigenvectors exactly to identify the important features in the data.

The symmetry between neurones can be broken in a number of ways. In
linear autoencoders, previous work considered applying different amounts of
regularisation to each neurone [25, 165, 219, 248] or optimising a modified loss [239].
In unsupervised learning, Sanger’s rule [273] breaks the symmetry by making the
update of the weights of the first neurone independent of all other neurones; the
update of the second neurone only depends on the first neurone, etc. This idea
was extended to linear autoencoders by Bao et al. [25], Oftadeh et al. [239]. We
can easily extend this approach to non-linear autoencoders by training the decoder

weights following:

k
ddﬁ-c = —%/g(ak) (xi — Z dfg(aﬁ) , 4.70)
/=1

where the sum now only runs up to k instead of K. The update for the encoder
weights e* is unchanged from 4.54, but the error term is changed to A¥ = x; —
Yioqdig(a’).

We can appreciate the effect of this change by considering a fixed point {e*,d*}
of the vanilla SGD updates 4.54 with de** = 0 and dd*f = 0. Multiplying this
solution by an orthogonal matrix O € O(K) i.e. {&,d} ={0e*, Od*} yields another

fixed point, since

K K
do = —%/g(lftk) xi— Y Y010 gt (o)
=1 0=1 5 w7l

5tals

K
V * *
= To(ft) (- Y di’g(a™) | =0
D /=1
for the decoder, and likewise for the encoder weights. For truncated SGD Eq. 4.70,
the underbrace term in 4.71 is no longer the identity and the rotated weights {¢,d}

are no longer a fixed point.

We show the pmse of a sigmoidal autoencoder trained with vanilla and trun-
cated SGD in 4.11(a), together with the theoretical prediction from a modified
set of dynamical equations. The theory captures both learning curves perfectly,
and we can see that using truncated SGD incurs no performance penalty - both
autoencoders achieve the PCA reconstruction error. Note that the reconstruction
error can increase temporarily while training with the truncated algorithm since the

updates do not minimise the square loss directly. In this experiment, we trained the
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Figure 4.12: Theory vs. simulations for sigmoidal autoencoders trained on
CIFAR10. Prediction mean-squared error pmse Eq. 4.52 of a sigmoidal autoencoder
with K = 2,4, 6 hidden neurones trained on 10 000 greyscale CIFAR10 images [160]
(crosses). Solid lines show the pmse predicted from integrating the dynamical
equations of 4.7.3, using the empirical covariance matrix of the training inputs.
Horizontal lines indicate the PCA error with varying rank r. Parameters: D =
1024, = 1.

networks on a synthetic dataset where the eigenvectors are chosen to be sinusoidal
(black lines in 4.11 b). As desired, the weights of the network trained with truncated
SGD converges to the exact principal components, while vanilla SGD only recovers
a linear combination of them.

The advantage of recovering the exact principal components is illustrated with
the partial reconstructions of a test image from the FashionMNIST database [317].
We train autoencoders with K =64 neurones to reconstruct FashionMNIST images
using the vanilla and truncated SGD algorithms until convergence. We show the
reconstruction using all the neurones of the networks in the left column of 4.11(d).
Since the networks achieve essentially the same performance, both reconstructions
look similar. The partial reconstruction using only the first five neurones of the
networks shown on the right are very different: while the partial reconstruction
from truncated SGD is close to the original image, the reconstruction of the vanilla

autoencoder shows traces of pants mixed with those of a sweatshirt.

4.7.4 Representation learning on realistic data

We have derived a series of results on the training of non-linear AEs derived in
the case of synthetic, Gaussian datasets. Most of our simplifying assumptions are
not valid on real datasets, because they contain only a finite number of samples,
and because these samples are finite-dimensional and not normally distributed.
However, it turns out that the dynamical equations of 4.7.3 describe the dynamics
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of an autoencoder trained on more realistic images rather well.

In 4.12, we show the pmse of autoencoders of increasing size trained on 10k
greyscale images from CIFAR10 [160] with crosses. The solid lines are obtained
from integration the equations of motion of D.2, using the empirical covariance of
the training images.

The accuracy of the equations to describe the learning dynamics at all times
implies that the low-dimensional projections 4 and 4 introduced in 4.55 are very
close to being normally distributed. This is by no means obvious, since the images
clearly do not follow a normal distribution and the weights of the autoencoder
are obtained from training on said images, making them correlated with the
data. Instead, 4.12 suggests that from the point of view of a shallow, sigmoidal
autoencoder, the inputs can be replaced by Gaussian vectors with the same mean
and covariance without changing the dynamics of the autoencoder. In D.1 in the
appendix, we show that this behaviour persists also for ReLU autoencoders and,
as would be expected, for linear autoencoders. Nguyen [235] observed a similar
phenomenon for tied-weight autoencoders with a number of hidden neurones that
grows polynomially with the input dimension D.

This behaviour is an example of the Gaussian equivalence principle, or Gaussian
universality, that received a lot of attention recently in the context of supervised
learning with random features [189, 215, 284] or one- and two-layer neural net-
works [117, 118, 138, 199]. These works showed that the performance of these
models is asymptotically well captured by an appropriately chosen Gaussian model
for the data. The result closest to our setup was obtained by Goldt et al. [118],
who showed that for two-layer networks, the Gaussian equivalence was, to a first
approximation, a result of projecting high-dimensional inputs to a low-dimensional
set of local fields a in the limit where the number of hidden neurones K~O(1)
compared to the input dimension. Intriguingly, we found that the Gaussian equiva-
lence in autoencoders extends to essentially any number of hidden neurones, for
example K = D/2, as we show in D.1 in the appendix.

We finally verified that several insights developed in the case of Gaussian
data carry over to real data. In particular, we demonstrate in D.2 that sigmoidal
AE require untied weights to learn, ReLU networks require adding biases to the
encoder weights, and that the principal components of realistic data are also learnt

sequentially.
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Algorithm

In Chap. 3 and Chap. 4, we understood how theoretical tools can be used to
gain insight into role of architecture and data structure in learning with artificial
neural networks. We also described the importance of understanding the interplay
between the two aspects. However, in all discussions, we bypassed the question of
the impact of the algorithm used in training. Indeed, we considered either training
with vanilla SGD (Sec. 4.2, Sec. 4.7) or performed a static analysis of the solution to
which NN converge (Chap. 3).

In training deep neural networks, making the proper choice of algorithm, in-
cluding that of the various hyper-parameters involved, is crucial. Back-propagation
is certainly the most widely used algorithm, but to perform best practitioners spend
hours adjusting the gigantic number of add-ons such as learning-rate schedule,
regularisation scheme, weights initialisation, optimiser, etc. Each one of these
requires fixing multiple hyper-parameters. These procedure is straining and time
consuming. Gaining theoretical insights into the effect different choices have on

learning is key to facilitate the task and improve performance.

In this view, we analyse in Sec. 5.1 the role of using a learning rate schedule
in optimisation problems. We focus on power law decays of the learning rate
1(t) = m/t. The results provide an optimal exponent Bop; with which to decay
the learning rate and theoretic intuition behind how this value depends on the
complexity of the loss landscape.

Sec. 5.2 analyses instead alternative algorithms to vanilla BP, which overcome
some of the latter’s pitfall. First of all, we know from Sec. 1.4 that BP requires the
backward pass to be done sequentially, for the last layers to the firsts. This prevents
efficient parallelisation of the updates increasing the training time of deep NN. In
addition, in BP, the same weights are used in the forward and the backward pass.

Since, it is unlikely that in biological neural networks the same synapses transmit

92
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the information forward and backward, BP remains a biologically implausible
algorithm. Additional problems include that of vanishing gradients, sensitiveness
to external attacks, etc. In light of these shortcomings, in recent years different
algorithms which only approximate the BP gradient have been proposed. Sec. 5.2
focuses on the study of one such algorithm: direct feedback-alignment (DFA). By
analysing learning with DFA on two layer neural networks described in Sec. 4.1 and
on deep linear networks, we establish precise conditions under which networks
trained with DFA perform well. We then verify that the conclusions hold in deep
non-linear models of neural networks.

We will see however, that we cannot study algorithm without considering
its interplay with architecture and data structure. Indeed, even though DFA
successfully trains fully-connected neural networks on various input distributions,
it notoriously fails on convolutional neural networks. The analytical results of
Sec. 5.2 provide some insight as to why. They also demonstrate that structure in the
inputs prevent NN trained with DFA to learn. Thus, even though theoreticians can
study either one of the architecture, the data structure or the algorithm by keeping
the other two fixed, the real challenge is to understand the interplay between them
i.e. answering the question of given a task, which is the best architecture-algorithm

combination to solve it?

5.1 Learning rate schedules and how they improve BP per-

formance

5.1.1 Overview

When training neural networks with BP, one is required to fix various hyper-
parameters, i.e. variables that configure various aspect of optimisation. Among
which the learning rate, i.e. the size of the step taken by the algorithm at every
update, has plays a key role and a wrong choice can completely prevent a network
from learning. Until now, only few guidelines on how to choose the appropriate
learning rate for a given problem exist and the choice is almost always done on a
trial-and-error basis. In this section, based on [77], we use statistical physics tools
to provide insights into what is the impact of the learning rate, and of learning rate
schedules, on optimisation. Such analysis is key to develop guidelines to chose
hyper-parameters and accelerate the design of machine learning methods. Learning
rate schedules allow to change the learning rate during training according to some
protocol and are used across all areas of modern machine learning. They provide
more flexibility than fixed learning rate methods since the training step size is
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Figure 5.1: The optimal learning rate schedule depends on the structure of the
landscape. (Left): in the purely non-convex landscapes of Sec. 5.1.3, the learning
rate must be decayed as 7 (t) = 17o/t# with B < 1 to speed up optimisation. (Right):
the landscapes of Secs. 5.1.4 and 5.1.5 feature basins of attraction due to the presence
of a signal to recover. One must first keep a large constant learning rate to escape
the rough parts of the landscape as quickly as possible, then decay the learning
rate as 77(t) = 1o/t once inside a convex basin.

adjusted depending on the phase of optimisation one is at. Despite their wide

spread, very little is known on which schedule is most suited for a given problem.

This question has been thoroughly studied for convex problems, where the
optimal learning rate schedule generally goes as 1(t)~1/t [182, 194]. However,
deep neural networks and other high-dimensional modern optimisation problems
are known to operate in highly non-convex loss landscapes [48, 64]. In this section
we make some progress towards a theory to understand the impact of scheduling

in these settings.

Here, we focus on the analytical study of learning-rate schedules in gradient-
based algorithms and on the high-dimensional inference problem of retrieving
a ground truth signal w* € RN from observations via a noisy channel. In the
teacher-student jargon of previous chapters, the teacher’s weights are the signal
which much be recovered by her student. When the noise dominates the signal,
the loss simply boils down to a Gaussian random function on the N-dimensional
sphere (N—o0). This optimisation problem has been studied in the literature for
constant learning rate, both using rigorous methods and techniques from statistical
physics, see [13, 33, 79, 206, 327] and references therein.

Setup Learning rate decay is generally used to reduce the noise induced by
optimisation schemes used in practice. For example, SGD with batch size B
typically induces a noise which scales as the learning rate divided by batch size
1/B [147, 222, 245, 292]. To mimick this optimisation noise, we focus on Langevin
dynamics [59, 139, 182, 223]. Given a loss function £ and a temperature T, this

consists in minimising £ by updating the estimate w € RN of the signal from a
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random initial condition according to the equation:

dw;(t) oL (w, w*)
dt a _ﬂ(t) ( aw,‘

L)+ z(t)wiu)) , G.1)

where &(t) € RV is a Gaussian noise with 0 mean and variance (Gi(t)g;(t)) =
2T¢;;6(t — t'), and the Lagrange multiplier z(t) is used to enforce the spherical
constraint |w||? = N which we impose throughout the paper (z(t) can be thought
of as a weight decay that evolves during training to keep the norm of the estimator
fixed). The temperature T represents the strength of the noise inherent to the
optimisation algorithm, i.e. 1/B for SGD (we consider T < 1 in the following). To
study scheduling, we decay the learning rate as #(t) = 79/t#, as commonly chosen
in the literature [228, 319]. Note that here we are considering gradient-flow — our

results are confirmed by experiments performed with gradient descent.

We consider two models for the loss L: the (planted) Sherrington-Kirkpatrick
(SK) model [288], where the signal is scrambled by a random matrix, and the more
involved spiked matrix-tensor (SMT) model [207], where the signal is additionally
observed through its contraction with a random tensor of order p. The first
setup is analytically tractable both at infinite and finite dimensions [26, 71], and
its landscape features a number of critical points which grows linearly with the
dimension. The second setup is more involved and requires a mean-field treatment
in the infinite dimensional limit [72, 207, 274]. The number of critical points grows
exponentially with the dimension and has been studied analytically with the Kac-
Rice method [34, 263]. This distinction allows us to grasp how the amount of
non-convexity impacts the optimal decay of the learning rate.

Here, we begin by considering the purely non-convex setup where the signal is
undetectable (left panel of Fig. 5.1). The loss is then a Gaussian random function
on the N-dimensional sphere with zero mean and a covariance E[L(w)L(w')] «
(w - w')P. We determine the optimal learning rate to reach the lowest value of the
loss function on an arbitrarily large (but finite) time in the high-dimensional limit.
For the p = 2 case, corresponding to the spherical SK model, we find g = 1/2
whereas for p > 2 we obtain § = 2/5. The higher degree of non-convexity
of the latter requires the learning rate to be decayed more slowly; we generalise
these findings by leveraging results from out-of-equilibrium physics. Note that
inverse square root decay is commonly used among practitioners in state-of-the-art
endeavours such as training Transformers [307]; this analysis provides theoretical
evidence for its soundness in a particular class of non-convex landscapes.

We then study the influence of a detectable signal (right panel of Fig. 5.1), and
we determine the optimal learning rate schedule to find the signal in the shortest
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amount of time. In this case, a crossover time emerges between two phases [43]: a
search phase, where the signal is weak and the dynamics travel through a rugged
landscape, followed by a convergence phase the signal is detected and the problem
becomes locally convex. We show that the optimal schedule is to keep a large
constant learning rate during the first phase to speed up the search, then, once in
the convex basin, to decay the learning rate as 1/t. This protocol allows to speed up
convergence and find lower loss solutions, and is reminiscent of schedules used in
practice.

We conclude this section with experiments that verify that these insights are
reflected in practice when training neural networks on a teacher-student regression
task with SGD.

Related work Typically, learning rate schedules consist in a large learning rate
phase followed by a decay phase. A body of works have shown that this allows
to learn easy patterns early on and complex patterns later [184, 323]. Although
stepwise decays of the learning rate were used for a long time [100, 133], most
recent works have turned to smooth decays such as inverse square root [307]
and cosine annealing [197], which involve less hyperparameters to tune. Other
possibilities include cyclical learning rates [291] and automatic schedulers [180].

The use of a warmup [121] before decaying the learning rate has shown to
be effective in avoiding instabilities arising from large learning rates [113, 120].
Another common practice is to use adaptive optimizers, which select a different
learning rate for each learning parameter [87, 153, 328], although these have been
shown to often degrade generalization [58, 151, 314].

On the theoretical side, several works have studied Langevin dynamics for
mean-field spin glasses. Particularly relevant to us are those which focus on the
spherical SK setup [26, 71], as well as those showing the existence of a search
and a convergence phase for the SMT model [207]. However, to the best of our
knowledge, no previous works have studied these kind of highly non-convex
optimisation problems in the context of a non-constant learning rate. Our analysis
is based on common methods in theoretical physics which have been to a large
extent made rigorous in recent years [33, 34, 79, 274], and is confirmed by numerical
experiments.

Reproducibility The code to reproduce the figures in this paper is available

at https://github.com/mariaref/nonconvex-1r.

5.1.2 The speed-noise trade-off in a simple convex problem

Before studying non-convex problems, it is instructive to recall the effect learning

rate decay has on optimisation in a simple 1D convex basin of curvature x, for
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which £(w) = }xw?. The Langevin equation (Eq. 5.1) can easily be solved and

yields (see App. E.1):

(£(t)) = o 2efy ami 52)

L(t)

kT [t t
de'n(#)? —2x [ dty(7)
+ 2 o Tl( ) e f 4

SL(1)

where (.) denotes an average over the noise ¢. The first term is an optimisation term,
which amounts to forgetting the initial condition w(ty). It is present in absence
of noise (T = 0) and its decrease is related to the way the dynamics descend in
the loss landscape. The second term is a noise term, which is proportional to the
strength of the noise T, and reflects the impact Langevin noise has on optimisation.

To converge to the solution w = 0 as quickly as possible, one is faced with a
dilemma: reducing the learning rate suppresses the effect of the noise term 6 £, but
also slows down the dynamics, leading to a larger optimisation term £. The ideal
tradeoff is found when these two effects are comparable. By taking 1 (t) = 19/t we
obtain:

L(t) o725, 5L(t) < 1/t. (5.3)

Hence, the loss decays to zero as 1/t if we take 179 > 1/2x, as found in many previous
works [182, 194]. Note that if we take a slower decay such as 7(t)~1/# with
B <1, L(t) converges to 0 exponentially fast, but £ () «x#(t) decays slower and
bottlenecks the loss. Conversely, if we take a faster schedule, i.e. f > 1, then the
noise term decays faster, but the dynamics stop before reaching the solution, as
L(t) does not converge to zero when t—oo.

This simple example illustrates the trade-off between the speed of optimisation
and the noise suppressing effect, which will be the cornerstone of proper scheduling
in the high-dimensional non-convex settings studied below.

5.1.3 Optimal decay rates in random landscapes

In this section, we consider purely non-convex optimisation landscapes, where the
loss L is a Gaussian random function defined on the N-dimensional sphere, with

zero mean and covariance:

E[L(0)L()] = >(x-2), p>2.
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This setup, which has been studied in great detail in the context of statistical
physics, can be viewed as a special case of the inference problems of Sec. 5.1.4
where the noise is too strong for the signal to be detectable. The aim is not to
retrieve a signal, but simply to decrease the loss as quickly as possible on an
arbitrarily large (but finite) time.

Sherrington-Kirkpatrick model

We start by focusing on the case p = 2. This can be achieved with the spherical
version of the spin glass model introduced by Sherrington and Kirkpatrick [288].
Here, the variables w; and x; interact with each other via random symmetric
couplings” J;; ~ N'(0,1), and, as throughout the paper, are required to satisfy the

spherical constraint ||w(t)||> = N. The loss function is given by:
1 N
L(w)=——=) Jiiwiw;. 5.4
JN ; ijWitl] (5.4)

In this section, we consider the high-dimensional limit N—oco; finite-dimensional
effects are discussed in Sec. 5.1.4.

Solving the dynamics
To obtain the value of the loss function at all times, we multiply the original
Langevin equation by w; and sum over all components. Using Ito’s lemma, and the

concentration of z(t) in the N—oo limit, leads to the simple relation:

0= <8Hw”2> = n(t) [-2L(t) — Nz(t)] + Ny (t)*T

ot
N

= £(t) = — (2() = 5(1)T) 65

As in the convex setup, we find a competition between an optimisation term
and a noise term. Since the temperature is fixed, the latter decays as 7(t). To obtain
the value of the Lagrange multiplier z(t), we impose the spherical constraint at all
times, yielding (see App. E.2):

2(t) =2 3(;1__5/3) (5.6)

Hence, the scaled loss ¢ = £/N converges to the ground state (global minimum)

*As discussed in App. E.2, due to the universality typical of random matrix theory distributions,
our results hold for a broad class of distributions for the couplings. Note also that the diagonal terms
do not matter in the large N limit but for simplicity we take J; ~ N(0,2).
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Figure 5.2: In the SK model, the optimal decay rate is S,,: = 0.5. (Left) Loss curves
of the SK model when decaying the learning rate as 7(t) = 10/t? for various values
of B (colored lines). (Right) Decay exponent of ¢ — /s at long times as a function of
B. We recognize a decay exponent of min(B,1 — B) as predicted by Eq. 5.7, which
is fastest for Bopt = 1/2. Parameters: N = 3000, T =1, 7o = 0.1.

lcs = —1 as a sum of power-laws:

3(1-p)
- % + 4 Bmot' P’ p<1
2t 3 —

8no logt”’ IB =1

f(t) —las (5.7)

Optimal decay rate At long times, Eq. 5.7 implies a power-law decay of the loss
with an exponent min(B,1 — ) due to the speed-noise tradeoff. Hence, the optimal
decay rate at long times is Bopt = 1/2. This is confirmed by numerical simulations at
finite size, see Fig. 5.2. Note that this decay rate is empirically chosen to train many
state-of-the-art neural networks such as the original Transformer [307], but, to the
best of our knowledge, has never been justified from a theoretical point-of-view in

a non-convex high-dimensional setting.

Curvature analysis To gain better understanding, it is informative to study the
local curvature of the effective landscape the dynamics take place in. To do so, one
needs to compute the spectrum of the effective Hessian taking into account the

spherical constraint of Eq. 5.1, defined as:

1
Hess = ﬁ]—i—z(tﬂ. (5.8)

In the the N—co limit, the spectral density of the first term, defined as p(u) = YN, 6(u —
1i), converges to a semi-circle law [313]:

Psc(p) = %\/4 -y Vpe[-22]. (5.9)

The spectral density of Hess is shifted to the right during the dynamics by the

Lagrange multiplier z(t), reflecting the way in which the local curvature changes
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Figure 5.3: In the SK model, the dynamics never reach a convex region. During
training, the local curvature, i.e. the spectral density of the Hessian (Eq. 5.8) shifts
to the right. The left hand side of the spectrum only reaches 0 at {— oo, signalling
that there remains negative eigenvalues at any finite time. Parameters: N = 3000,
T=11n=01 =08

with t. As show in Fig 5.3 and known from previous works [71], there remains
negative eigenvalues at any finite time: the right edge of the spectrum only reaches
0 asymptotically as t— 00, since z(t)—2.

Hence, the dynamics never completely escape the saddles of the landscape
at N — oo. This ruggedness of the landscape entails slow “glassy" dynamics,
characterized by a power-law decay of the optimisation term for any g < 1,
contrary to the exponential decay obtained in the convex setup (Sec. 5.1.2).

The p-spin model

We now turn to the analysis of the p-spin model which has been extensively
studied in physics as a model of structural glasses, see e.g. [36]. To us, it is an ideal
candidate as it corresponds to a random Gaussian landscape (with p > 2) for which
the Kac-Rice approach rigorously shows the existence of a number of critical points
growing exponentially with the dimension [16]. It is thus intrinsically harder, i.e.
more strongly non-convex than the SK model above. The loss of the p-spin model

(for p > 2) is written as:

Y
L=— (];wl) Y Ty Wiyt (5.10)

i1<..<ip

Solving the dynamics In the high-dimensional limit N— oo, the Langevin dynam-
ics of the system can be reduced to a closed set of PDEs for a set of “macroscopic”
quantities, which concentrate with respect to the randomness in the couplings
J and the thermal noise in the dynamics ¢, as shown rigorously in [33]. These
quantities are the two-point correlation C(t,t’) of the system at times ¢,' and the

response R(t,t') of the system at time f to a perturbation in the loss function at an
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earlier time t':

1 N
= lim —E ; (F 11
C(t,t) ngloNg,fgwl(t)w’(t ), (5.11)
1 & Sw(t)
R(t,t') = lim —E ! 5.12
(£:£) N—oo N &] = 66i(t') ©-12)

Their dynamics is described by a closed set of integro-differential equations, dubbed
the Crisanti-Horner-Sommers-Cugliandolo-Kurchan (CHSCK) equations [33, 70, 72].
We extend these equations to the non-constant learning rate case using the methods
reviewed in [55]:

JR (tl,t2>

= F}(z,R,C,7), (5.13)
oty
aC (h,t2)  p
—an = F:(z,R,C,7), (5.14)
z(t)=Tny(t) + p/dtzq(tz)R(tz,t)Cf’*l(tz,t), (5.15)

where we deferred the full expression of the update functions F} and F. as well as
their derivation to App. E.4.

Imposing the the spherical constraint C(t,¢) = 1 allows to find the value of the
spherical constraint z(t). To compute the loss, we follow the same procedure as in
the SK model and obtain:

aozéz—;mo—mmy (5.16)
Optimal decay rate Here again we find that two competing terms contribute to
the loss, the first related to optimisation and the second to noise. By choosing a
learning rate 7 (t) = 70/, the later decays as t . The decay of the former is more
complex due to the high complexity of the landscape. It can be shown [72] that
the system never reaches the ground state, instead remaining trapped in so-called
threshold states where the Hessian has many zero eigenvalues (the density of
eigenvalues is a Wigner semicircle whose left edge is zero as in the SK model). The
loss is then given by:

4(p—1)

by = — > lgs. (5.17)

The relaxation towards the threshold states is characterised by a power-law
due to the rough energy landscape, but with a different exponent this time: zy, —
z(t) o t77, with vy = 2/3 at T = 0 [302]. Using the CHSCK equations (5.13),
we analytically show in App. E.3 that with decaying learning rate the exponent
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Figure 5.4: In the p-spin model, the optimal decay rate is o,y = 0.4. (Left)
Loss curves of the 3-spin model at T = 1 when decaying the learning rate as
17(t) = 5o/tP for various values of B (colored lines). (Right) Decay exponent
of ¢ — {y, at long times, for various p, as a function of . We recognize a decay
exponent of min(f, (1 — p)), as predicted by Eq. 5.18, which is fastest for Bopt = 2/5.
Parameters: dt = 1072, 179 = 0.5, T = 1.

becomes (1 — B). Hence, similarly to the SK model, the decay of the loss is

controlled by a competition between two power-laws:
U(t) — byt~ minBYA=H))

0% 2
= = —=_. 5.18
,Bopt 1+ v 5 ( )

In Fig. 5.4, we numerically integrate Egs. 5.13 for p = 3, 4, 6, confirming that the
optimal decay rate to balance the noise and the optimisation terms is B, = 2/5. The

numerical integration is non-trivial and we implement it using the tools developed
in [207].

Relation with annealing in physics

The results found in this section can be put in a very general framework that
was developed in physics of out of equilibrium systems. As shown in App. E.3,
using a learning rate schedule is equivalent to annealing the temperature of the
physical system as a power-law t */*#. Thus, finding the optimal learning rate
schedule to minimize the loss is equivalent to determining the optimal annealing
protocol to decrease the energy. A key ingredient in the solution is how fast
the dynamics descend in the loss landscape in absence of noise. In physical
systems, this optimisation term generally follows a power-law decay with exponent
7 [40, 45, 47].

At finite temperature, the speed-noise tradeoff requires this decay rate to be
equal to that of the temperature, £/1-g, leading to Bopt = 7/1+7. The exponent
7 has been determined in many statistical physics problems, corresponding to
different high-dimensional non-convex landscapes, and typically ranges from zero
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(logarithmic relaxation) to one. Our results extend to all these problems and, and
predict optimal annealing exponents varying between 0 and 1/2.

5.1.4 Recovering a signal: the two phases of learning

We now move to the setup where there is a signal w* in the problem, which the
algorithm aims to retrieve in the shortest time possible. In addition to the random
Gaussian function, the loss now contains a deterministic term forming an attraction

basin in the landscape, as sketched in the right panel of Fig. 5.1.

Spiked Sherrington-Kirkpatrick model

We first consider the so-called planted SK model, where the objective is to retrieve
a ground truth w* such that |[w*||?> = N, i.e. maximize the overlap with the signal
m = Liwiwf/N. We enforce as before the spherical constraint ||w|> = N which
induces m € [—1,1], and sample randomly the initial configuration of w, such that

the initial overlap is of order 1/v/N. The loss function takes the form:
N 2 — wT
L(w) = ZL]w w; = , (5.19)

z<]

with H= ——] Nw T

Decreasing A makes the signal easier to detect, leading to an easier problem.
For A < 1/2, an eigenvalue of H pops out of the semicircle law (5.9) as a BBP
transition takes place [21], leading to the follow spectrum:

p(u) = (1 - 11,) psc(u/A) + %P(V —1) (5.20)

This is the regime in which the signal overcomes the noise, i.e. the global minimum
of the loss has a finite overlap with the signal, which can then be retrieved by
gradient flow (or gradient descent).

In the following, we assume that A < 1/2, and define the gap between the
largest and second largest eigenvalue as x = 1 — 2A. In App. E.2, we analytically

show the emergence of a crossover time,

1
- log N\ ©F
toross = < 2170 > . (5.21)

Before f.ross, the system behaves as if the signal was absent, i.e. as in Sec. 5.1.3: this
is the search phase. After tqss, the signal is detected: this is the convergence phase.
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The loss becomes:

O —2noxt! P , <1
= M + (3 ) p (5.22)

Ut) —Llgs = 2tB O(t—ZWOK), B=1

with {gs = —1. We recognize here the exact same result as obtained in the
convex setup of Eq. 5.3: as long as 179 > 1/2«, the optimal learning rate schedule
is # = mno/t. This indicates that the dynamics has entered a convex basin of
curvature x.

Optimal learning rate schedule To speed up the initial phase where the signal
hasn’t yet aligned with the signal, one needs to reduce .5, Which is achieved by
using a large learning rate 779 without any decay (8 = 0). Passed this crossover,
the system enters a convex basin, and the optimal exponent becomes g = 1. Ergo,
the best schedule is to keep the learning rate constant up to tqoss, then to decay it
with B = 1, in contrast with the case without signal where f = 1/2 was optimal, see
Sec. 5.1.3. This is confirmed by the numerical experiments of Fig. 5.5, where we
start decaying the learning rate as o/ (t—t,)# for different "switch" times ¢;. Decaying
too early, with t; < teross, sSlows down the dynamics, whereas t; > tqross €nables the
system to reach the ground state at a rate t F.

Finite-dimensional effects The two phases in the dynamics are a general feature
when there is a finite gap x between the largest and second largest eigenvalue of H.
In the N— o0 limit, this only occurs when A < 1/2. However, when A > 1/2, there
is a finite gap at finite N due to the discrete nature of the spectrum, which scales

2/3 [305]. This induces a crossover time feoss~N2/3. Hence, decaying

as k~N~—
the learning rate as Bopt remains optimal for any finite time budget t < fc0ss, but
for a large budget t > t.oss, using the two-step schedule described in this section

becomes optimal.

Spiked Matrix-Tensor model
We finally move to the analysis of the SMT model for which the loss function is
[274]:

N 1
- N2 Y ww 2
L(w) T AZN;L’]wlw] (5.23)
N (p—1)!
———mP =[S N i Wiy,
pAp ApNP 1i1<...<i,, v

where both J;; and Jir, i sampled i.i.d. from N(0,1). As understood from the loss
function, the signal is observed through its contraction with a matrix and a tensor
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Figure 5.5: Emergence of a crossover time in the planted SK model. The dashed
black show the loss (left) and overlap with the signal (right) at constant learning
rate 79 = 0.1. The colored lines, show the result of keeping the learning rate

constant until ¢; and then decaying as 77(t) = 170/ (t — t5)P (as shown in the inset).
logN .

Tnox ! it
matches with the time at which the loss, at constant learning rate, saturates. Before
the crossover, decaying the learning rate is detrimental. After the crossover, it
allows the model to converge to zero loss as t# and to perfectly recover the signal.

Weset N =3000,T =1.,70 =0.1, = 0.8, x = 0.5.

The dashed vertical line marks the theoretical crossover time fcoss =

of order p. This model is a natural next step for our analysis: its loss landscape
is extremely non-convex, but its dynamics are exactly solvable in the N— oo limit.
They can be described by a closed set of PDEs describing the dynamical evolution of
the quantities m(t), C(t,t'), R(¢,t') and z(t) described in Sec. 5.1.3. The derivation
of these equations is deferred to the appendix E.4.

The difficulty of the problem is controlled by the values of A; and A,. Here, we
focus on the Langevin easy phase, defined in [274], where a randomly initialized
system recovers the signal and the overlap converges to a value of order one.” The
dynamics in this setting have been well understood at constant learning rate in
[207], and are shown as a black line in Fig. 5.6 for 79 = 1: the system remains
trapped in the exponentially many threshold states until a time fcross. At teross, the
system finally detects the signal and the overlap jumps to a value mgs of order
one. This behavior is reminiscent of the grokking phenomenon observed for neural
networks [251].

The colored lines of Fig. 5.6 show that decaying the learning rate from a time
ts affects optimisation in two different ways. (i) If we choose t; < fross, the
loss actually starts by dropping, in contrast with what was observed in Fig. 5.5.
However, this drop in the loss does not yield an increase of the overlap with the
signal, and the system rapidly gets stuck, remaining in a state of low overlap even

“We must start from a very small initial overlap mg = 10710 as explained in [207], since mg = 0
would cause the system to remain stuck in the N—oco limit considered here [14].
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after teross. (ii) If we choose ts > toross, Once the signal is detected, the noise is
suppressed, allowing the system to converge to the ground state and the overlap to
increase. Hence, the optimal schedule is again to keep a constant large learning
rate during the search phase (i.e. until toss) then decay with g = 1. We provide
further theoretical justification for this behavior in App. E.4.
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Figure 5.6: Emergence of a crossover time in the SMT model. By fixing f from
start, or anytime before tq s, @ randomly initialised system will remain stuck at
threshold states at high loss until tcross Which is minimal for constant learning rate
B = 0. In contrast, by decaying the learning rate at long times allows to reach
lower loss solutions (left) with higher overlap with the signal (right). The optimal
schedule is to keep # constant until f.oss and then set p = 1. By doing so, we get
the best of both worlds: the first phase minimises foss While the second allows
to reach more informative solutions. Parameter: p = 0.8, A = 0.2, A, = 6,179 =1,
T=1,dt =10"2, my = 10710,

5.1.5 Turning to SGD : teacher-student regression

Our work has demonstrated the emergence of a crossover time in a class of inference
problems, before which one should keep the learning rate constant and after which
it becomes useful to decay the learning rate.

We now investigate these findings in a setup that is more realistic but simple
enough to be amenable to analytical treatment in the near future. We consider a
teacher-student regression problem in which a student network is trained to mimick
the ouputs of a teacher by minimising the mean-squared error (mse) over a dataset
of N input-outputs observations {x,,y;} € {RP,R}. Here both the student S and
the teacher T are two-layer networks:

S(x) = kKZlvkg (w\iﬁx) T(x) = mﬁlﬁmg (w\jﬁx) .

We train on ii.d. gaussian inputs x;~N (0, 1) via SGD, by minimising the mse
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over mini-batches of size B:
1 & 2
mse = Y (S(xu) = T(x))", (5.24)
u=1

The optimisation noise is controlled by the batch size B and is absent for full batch
SGD. To study the effect of learning rate scheduling, we focus on a mini-batch of
size 1 for which optimisation noise is high.

Fig. 5.7 shows the mse (calculated over the whole training set) of a student
with K = 2 hidden units learning from a teacher with M = 2 hidden units (results
with different sizes are presented in App. E.5). As before, we keep the learning
rate constant 7o until a time f; then decay it as "0/ (t-t.)~f. The phenomenology is
remarkably similar to that of Sec. 5.1.4: there exists a cross-over time tcoss such
that if the learning rate is decayed before tqss, Optimisation remains stuck at high
mse. In contrast, decaying the learning rate after after f..ss enables to tame the

noise associated with optimisation and converge to lower loss solutions.
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Figure 5.7: The crossover time is also reflected in a regression task with SGD.
A K hidden nodes 2 layer neural network student is trained to reproduce the
output of her M hidden nodes teacher on gaussian inputs in D dimensions. As
before, we find that decaying the learning rate before the loss plateaus performance,
but decaying as 7(t)~t"! once the plateau is reached allows to reach zero loss.
Parameters: D = 500, N = 10%, Mo = 10, M=K =2, B =0..8.

5.1.6 Recap

In this section, we have analysed learning scheduling in a variety of high-dimensional
non-convex optimisation problems. First, we focused on purely non-convex prob-
lems (without any basins of attraction), and showed that the optimal learning rate
decay in the high-dimensional limit has an exponent smaller than one, which varies
according to the degree of non-convexity of the problem at hand (ranging from

0.4 to 0.5 in the problems considered here). Then, we studied models where a
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Figure 5.8: Three approaches to the credit assignment problem in deep neural
networks. In back-propagation (BP), the weight updates dw" are computed sequen-
tially by transmitting the error A from layer to layer using the transpose of the
network’s weights w" . In feedback alignment(FA) [190], w" T are replaced by fixed
random feedback matrices F,. In direct feedback alignment (DFA) [237], the error
is directly injected to each layer using random feedback matrices F,, enabling
parallelized training.

signal must be recovered in presence of noise. In this case, what is important is not
how fast we decay the learning rate, but when we start decaying it. It is better to
keep a large learning rate in the search phase to find the convex basin as quickly as
possible, and only then start decaying the learning rate.

These theoretical findings are remarkably reminiscent of learning rate schedules
used in practice. Establishing a tighter connection is an important direction for
future work: could the 1/+/t decay commonly used to train transformers reflect
the properties of the landscape the dynamics take place in? Conversely, could
one predict the optimal decay rate by inspecting the properties of the landscape?
Establishing such connections in simple settings such as that of Sec. 5.1.5 is certainly
within reach thanks to the recent analytical tools developed in [7, 56, 116, 221, 259].

5.2 Alternative training algorithm to go beyond BP

5.2.1 Overview

Up to now, we were only concerned with back-propagation (BP) [267], the algorithm
most widely used to train deep neural networks. Despite its wide-use and its
jaw-dropping achievements of recent years, BP is not problems free. Notably,
Sec. 5.1 demonstrates that the specific choice of hyper-parameters can have drastic
effect on learning and requires careful and tedious tuning.

BP also suffers from more fundamental shortcomings. As described in Sec. 1.4,
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it solves the the credit assignment problem of how weights deep in the network
should be updated, given only the output of the network and the target label of the
input, by using the transpose of the network’s weight matrices to transmit the error
signal across the network from one layer to the next, see Fig. 5.8. Thus, it enforces a
symmetry between the weights in the forward and the backward pass, which makes
it a biologically implausible algorithm [69, 123]. It also requires the sequential

update of weights in the backward pass preventing efficient parallelisation.

To overcome these shortcomings, several algorithms which only approximate
the gradient are recently attracting increasing attention. These include feedback
alignment of Lillicrap et al. [190], presented in in Eq. 1.20, and dirrect feedback
allignment of Nekland [237], in Eq. 1.21. As a reminder, consider a for a fully-
connected neural network of depth H, activation function g and a single output
unit. On on an input x € RP, we denote the pre-activations and the post-activations
at the hth layer of width Kj, as in Eq. 1.3:

W =x gH(aH) =y = ¢p(x) (5.25)
Ky
=g+ =Y Wi e RN (5.26)

where we defined the output activation gy and set the bias to 0 for simplicity.
Then, the three algorithms update the weights of the network as:

Kp11 (5h+1 h-‘rl for BP
R (5.27)
')

Y 5h+1Fh for FA
'(a})AF} for DFA

where, given a loss Lemp, we defined as before the error A = a%%. The update of
the last layer of weights w!! is unchanged in FA and DFA:

dwf-;l = —17Ag/H(ulH)x]H’l. (5.28)

By replacing the weights w*! by a random feedback matrix F in the updates,
FA dispenses with the need of biologically unrealistic symmetric forward and
backward weights [69, 123]. DFA propagates the error directly from the output
layer to each hidden layer of the network through random feedback connections F"
and thus allows to update different layers in parallel. Fig. 5.8 shows the information
flow of all three algorithms.



110 5.2. Alternative training algorithm to go beyond BP

Despite doubts on whether DFA could scale up to solve practical problems [29,
112], Launay et al. [167] demonstrated on a number of state-of-the-art architectures
and benchmark datasets that networks trained with DFA reached performances
comparable to fine-tuned BP. Yet, both FA and DFA notoriously fail to train con-
volutional networks [29, 128, 166, 227], a common architecture for solving vision
tasks. Understanding these varied results is the primary motivation for this section
which develops theoretical insights into how ad when feedback alignment works.

In more details, we start with an analytical description of DFA dynamics in
the setting of Sec. 4.1 of shallow non-linear networks. We show that in this setup,
DFA proceeds in two steps: an alignment phase, where the forward weights adapt
to the feedback weights to improve the approximation of the gradient, is followed
by a memorisation phase, where the network sacrifices some alignment to minimise
the loss. Out of the same-loss-solutions in the landscape, DFA converges to the
one that maximises gradient alignment, an effect we term “degeneracy breaking”.
We then focus on the alignment phase in the setup of deep linear networks, and
uncover a key quantity underlying gradient alignment (GA): the conditioning of
the alignment matrices. Our framework allows us to analyse the impact of data
structure on DFA, and suggests an explanation for the failure of DFA to train
convolutional layers. Throughout the section, we validate our theoretical results
with experiments that demonstrate the occurence of (i) the Align-then-Memorise
phases of learning, (ii) degeneracy breaking and (iii) layer-wise alignment in deep
neural networks trained on standard vision datasets.

Related Work Lillicrap et al. [190] gave a first theoretical characterisation of
feedback alignment by arguing that for two-layer linear networks, FA works because
the transpose of the second layer of weights w, tends to align with the random
feedback matrix F; during training. This weight alignment (WA) leads the weight
updates of FA to align with those of BP, leading to gradient alignment (GA) and thus
to successful learning. Frenkel et al. [95] extended this analysis to the deep linear
case for a variant of DFA called “Direct Random Target Projection” (DRTP) under
the restrictive assumption of training on a single data point. Nekland [237] also
introduced a layerwise alignment criterion to describe DFA in the deep nonlinear
setup, under the assumption of constant update directions for each data point.

Reproducibility We host all the code to reproduce our experiments online

at https://github.com/sdascoli/dfa-dynamics.

5.2.2 A two-phase learning process

We begin with an exact description of DFA dynamics in the setting of shallow non-
linear networks described in Sec. 4.1. The inputs x € RP are sampled i.i.d. from
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Figure 5.9: Learning dynamics of back-propagation and feedback alignment for
sigmoidal and neural networks learning a target function. Each plot shows
three runs from different initial conditions for every setting, where a shallow neural
network with K hidden nodes tries to learn a teacher network with M hidden nodes.
(a) All networks trained using BP in the matched case K = M achieve perfect test
error. (b) Sigmoidal networks achieve perfect test error with DFA, but the algorithm
fails in some instances to train ReLU networks (K = M) (c) In the over-parametrised
case (K > M), both sigmoidal and ReLU networks achieve perfect generalisation
when trained with DFA. Parameters: D = 500,H =2, M = 2,1 = 0.1,00 = 1072,

the standard normal distribution and we take the high dimensional limit D—co.
As before, we work in the teacher-student setup where the labels y* are given by
a teacher networks with random weights [93, 98, 285, 311, 327] and both teacher
and student are two-layer networks with K, M~O(1) hidden nodes. We consider
sigmoidal, g(x) = erf (*/v2), and ReLU activation functions, g(x) = max(0, x). We
asses the student’s performance on the task through its pmse or test error:

E A?, (5.29)
X

N[ —

E (p(x) ~ ")

N —

pmse(x) =

The expectation E is taken over the inputs for a given teacher and student networks.
In this shallow setup, FA and DFA are equivalent, and only involve one feedback
matrix, F; € RX which back-propagates the error signal A to the first layer weights

wy. The updates of the second layer of weights w, are the same as for BP.

Performance of BP vs. DFA We show the evolution of the test error (5.29) of
sigmoidal and ReLU students trained via vanilla BP in the “matched” case K = M
in Fig. 5.9 a, for three random choices of the initial weights with standard deviation
0p = 1072, In all cases, learning proceeds in three phases: an initial exponential
decay; a phase where the error stays constant, the “plateau” [93, 270, 321]; and

finally another exponential decay towards zero test error.

Sigmoidal students trained by DFA always achieve perfect generalisation when
started from different initial weights with a different feedback vector each time
(blue in Fig. 5.9 b) raising a first question: if the student has to align its second-layer
weights with the random feedback vector in order to retrieve the BP gradient [190],

i.e. wy « Fj, how can it recover the teacher weights perfectly, i.e. wy = @,?
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Figure 5.10: (a) Theory gives exact prediction for the learning dynamics. We plot
learning curves for BP and DFA obtained from (i) a single simulation (solid lines),
(ii) integration of the ODEs for BP dynamics [38, 270] ( dots), (iii) integration
of the ODEs for DFA derived here (blue dots). Insets: Teacher second-layer weights
(red) as well as the degenerate solutions (light red) together with the feedback vector
F; (green) and the student second-layer weights v (blue) at three different times
during training with DFA. Parameters: D = 500, K = M = 2,1 = 0.1,00 = 102,

(b) Align-then-Memorise process. Alignment (cosine similarity) between the
student’s second layer weights and the feedback vector. In the align phase, the
alignment increases, and reaches its maximal value when the test loss reaches the
plateau. Then it decreases in the memorization phase, as the student recovers the
teacher weights.

(c) The degeneracy breaking mechanism. There are multiple degenerate global
minima in the optimisation landscape: they are related through a discrete symmetry
transformation of the weights that leaves the student’s output unchanged. DFA
chooses the solution which maximises the alignment with the feedback vector.

For ReLU networks, over-parametrisation is key to the consistent success of
DFA: while some students with K = M fail to reach zero test error (orange in
Fig. 5.9 b), almost every ReLU student having more parameters than her teacher
learns perfectly (K = 4M in Fig. 5.9 c). A second question follows: how does
over-parameterisation help ReLU students achieve zero test error?

An analytical theory for DFA dynamics To answer these two questions, we study
the dynamics of DFA in the limit of infinite training data as in Sec. 4.1 where the
DFA weight updates, Eq. 5.27, are computed at every step on a previously unseen
sample (x,y*). For BP, the theoretical analysis is the one described in Sec. 4.1.
For DFA, the rationale is the same and the only change in the equations is the
replacements of the student’s second layer weight by the feedback vector in the
update of the first layer Eq. 4.5 i.e.:

w;’iﬂ - w;i duw* :Z%fkgl (ai‘,) Apxy. (5.30)
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with f¥ = v]’j for BP and to the kth element if the feedback vector FX for DFA. The
first contribution of Refinetti et al. [259] is the extension of the ODEs to training
with DFA, thus predicting the test error of a student at all times (see SM F.1 for
the details). The accuracy of the predictions from the ODEs is demonstrated in
Fig. 5.10 a, where the comparison between a single simulation of training a two-
layer net with BP (orange) and DFA (blue) and theoretical predictions yield perfect

agreement.

Sigmoidal networks learn through “degeneracy breaking”

The test loss of a sigmoidal student trained on a teacher with the same number of
neurones as herself (K = M) contains several global minima, which all correspond
to fixed points of the ODEs (F.7). Among these is a student with exactly the same
weights as her teacher. The symmetry erf(z) = — erf(—z) induces a student with
weights {w1, @, } to have the same test error as a sigmoidal student with weights
{—w1, —W2}. Thus, as illustrated in Fig. 5.10 ¢, the problem of learning a teacher
has various degenerate solutions. A student trained with vanilla BP converges to
any one of these solutions, depending on the initial conditions.

Alignment phase A student trained using DFA has to fulfil the same objective
(zero test error), with an additional constraint: her second-layer weights w, need to
align with the feedback vector F; to ensure the first-layer weights are updated in
the direction that minimises the test error.

And indeed, an analysis of the ODEs (cf. Sec. F.2) reveals that in the early
phase of training, w,~F and so w;, grows in the direction of the feedback vector
F; resulting in an increasing overlap between w, and F;. In this alignment phase
of learning, shown in Fig. 5.10 b, w, becomes perfectly aligned with F;. DFA has
perfectly recovered the weight updates for w; of BP, but the second layer has lost
its expressivity (it is simply aligned to the random feedback vector).

Memorisation phase The expressivity of the student is restored in the memorisation
phase of learning, where the second layer weights move away from F; and towards
the global minimum of the test error that maintains the highest overlap with the
feedback vector. In other words, students solve this constrained optimisation
problem by consistently converging to the global minimum of the test loss that
simultaneously maximises the overlap between w; and F;, and thus between the
DFA gradient and the BP gradient. For DFA, the global minima of the test loss are
not equivalent, this “degeneracy breaking’ is illustrated in Fig. 5.10 c.

Degeneracy breaking requires over-parametrisation for ReLU networks

The ReLU activation function possesses the continuous symmetry max (0, x) =
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ymax(0,x/7) for any v > 0 preventing ReLU networks to compensate a change
of sign of wk with a change of sign of wX. Consequently, a ReLU student can only
simultaneously align to the feedback vector F; and recover the teacher’s second
layer @, if at least M elements of F; have the same sign as @». The inset of Fig. 5.11
shows that a student trained on a teacher with M = 2 second-layer weights @}" = 1
only converges to zero test error if the feedback vector has 2 positive elements
(green). If instead the feedback vector has only 0 (blue) or 1 (orange) positive entry,
the student will settle at a finite test error. More generally, the probability of perfect
recovery for a student with K > M nodes sampled randomly is given analytically

as:

M
P(learn) = 2% ;;) <IZ> (5.31)

As shown in Fig. 5.11, this formula matches with simulations. Note that the
importance of the “correct” sign for the feedback matrices was also observed in

deep neural networks by Liao et al. [187].

Degeneracy breaking in deep networks

- Analytical

We explore to what extent degeneracy break- 10 Numerical -
ing occurs in deep nonlinear networks by train- "¢
ing 4-layer multi-layer perceptrons (MLPs) with £0° A
100 nodes per layer for 1000 epochs with both o =i \\\
BP and DFA, on the MNIST and CIFAR10 L
datasets, with Tanh and ReLU nonlinearities K
(cf. App. E5 for further experimental details). Figure  5.11: Over-
The dynamics of the training loss, shown in the parameterisation improves

left of Fig. 5.12, are very similar for BP and DFA. performance of shallow ReLU

From degeneracy breaking, one expects DFA
to drive the optimisation path towards a special
region of the loss landscape determined by the
feedback matrices. We test this hypothesis by
measuring whether networks trained with the
same feedback matrices from different initial
weights converge towards the same region of
the landscape. The cosine similarity between
the vectors obtained by stacking the weights
of two networks trained independently using
BP reaches at most 10~2 (right of Fig. 5.12), sig-

networks. We show the learning
dynamics of a student with
K = 3 hidden nodes trained on a
teacher with M = 2 nodes and
W}y = 1if the feedback vector has
0, 1, or 2 positive entries. Inset:
Probability of achieving zero test
error (Eq. 5.31, line) compared to
the fraction of simulations that
converged to zero test error (out
of 50, crosses). Other parameters:
D =500, = 0.1,09 = 1072
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Figure 5.12: Degeneracy breaking also occurs in deep neural networks. (Left) We
plot the training accuracy and the cosine similarity between the weights of four-
layer fully-connected neural networks with sigmoidal and ReLU activations during
training on MNIST and CIFAR10. Averages taken over 10 runs; for exp. details see
Sec. 5.2.2. (Right) Cartoon of the degeneracy breaking process in the loss landscape
of a deep network: while the optimisation paths of models trained with SGD
diverge in the loss landscape, with DFA they converge to a region of the landscape
determined by the feedback matrices.

nalling that they reach very distinct minima. In contrast, when trained with DFA,
networks reach a cosine similarity between 0.5 and 1 at convergence, thereby con-
firming that DFA breaks the degeneracy between the solutions in the landscape
and biases towards a special region of the loss landscape, both for sigmoidal and
ReLU activation functions.

This result suggests that heavily over-parametrised neural networks used in
practice can be trained successfully with DFA because they have a large number
of degenerate solutions. We leave a more detailed exploration of the interplay
between DFA and the loss landscape for future work. As we discuss in Sec. 5.2.4
the Align-then-Memorise mechanism sketched in Fig. 5.10 c also occurs in deep

non-linear networks.

5.2.3 How do gradients align in deep networks?

This section focuses on the alignment phase of learning. In the two-layer setup
there is a single feedback vector F;, of same dimensions as the second layer w,, and
to which w, must align in order for the first layer to recover the true gradient.

In deep networks, as each layer w" has a distinct feedback matrix F, of different
size of w", it is not obvious how the weights must align to ensure gradient alignment.
We study how the alignment occurs by considering deep linear networks with
H layers without bias, without any assumption on the training data. While the

expressivity of linear networks is naturally limited, their learning dynamics is
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non-linear and rich enough to give insights that carry over to the non-linear case
both for BP [5, 24, 162, 169, 275] and for DFA [95, 190, 237].

Weight alignment as a natural structure

In the following, we assume that the weights are initialised to zero. With BP, they
would stay zero at all times, but for DFA the layers become nonzero sequentially,
from the bottom to the top layer. In the linear setup, the updates of the first two
layers at time ¢ can be written in terms of the corresponding input and error vectors
using Eq. (5.27)":

dwﬁ = —q(FlAt)xf, dw) = —n(FzAt)(wlxt)T (5.32)

Summing these updates shows that the first layer performs Hebbian learning
modulated by the feedback matrix Fi:

= =1 Yo Fidvx) = RAS, (5.39)
-1
=1} o Avxp (5.34)
Plugging this result into dw), we obtain:

t—1

o= 1 T (A TH = FA, 59
=0
-1 t'—

= ]7 ZO Z Xy - Xgn At/et// (536)
1 —

When iterated, the procedure above reveals that DFA naturally leads to weak weight
alignment of the network weights to the feedback matrices:

Weak WA: w!_,_,=F,AIF , wi=ALF_,, (5.37)

where we defined the alignment matrices A!_, € RKn*Ki:

—1 +—

Ajsa =1] Z Z Bjixv) - (By xpr) Apds/y. (5.38)
0£/=0

B, € RXKi is defined recursively as a function of the feedback matrices only and
its expression together with the full derivation is deferred to App. E3. These results
can be adapted both to DRTP [95], another variant of feedback alignment where

“We implicitly assume a minibatch size of 1 for notational simplicity, but conclusions are
unchanged in the finite-batch setup.
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Ay = —y; and to FA by performing the replacement F,—F,F; 11 ... Fy_1.

Weight alignment leads to gradient alignment
Weak WA builds throughout training, but does not directly imply GA. However, if
the alignment matrices become proportional to the identity, we obtain strong weight
alignment:

Strong WA: w!_,_, < F,F ,, w} o«Fj_;. (5.39)

Additionally, since GA requires Fje leéahH (Egs. 5.27 and 5.27), strong
WA directly implies GA if the feedback matrices F,~, are assumed left-orthogonal,
ie. F'Fy = Ig,. Strong WA of (5.39) induces the weights, by the orthogonality

condition, to cancel out by pairs of two:
T 5 T T _
wh+1 ﬂh+1 X PhPh+]Ph+l .‘.FHilFHfle == Fhe. (5.4:0)

The above suggests that taking the feedback matrices left-orthogonal is favourable
for GA. If the feedback matrices elements are sampled ii.d. from a Gaussian
distribution, GA still holds in expectation since E [F F,| o Ik,

Quantifying gradient alignment Our analysis shows that key to GA are the
alignment matrices: the closer they are to identity, i.e. the better their conditioning,
the stronger the GA. This comes at the price of restricted expressivity, since layers
are encouraged to align to a product of (random) feedback matrices. In the extreme
case of strong WA, the freedom of layers & > 2 is entirely sacrificed to allow
learning in the first layer! This is not harmful for the linear networks as the first
layer alone is enough to maintain full expressivity*. Nonlinear networks, as argued
in Sec. 5.2.2, rely on the Degeneracy Breaking mechanism to recover expressivity.

5.2.4 The case of deep nonlinear networks

In this section, we show that the theoretical predictions of the previous two sections
hold remarkably well in deep nonlinear networks trained on standard vision

datasets.

Weight Alignment occurs like in the linear setup
To determine whether WA described in Sec. 5.2.3 holds in the deep nonlinear setup

*such an alignment was indeed already observed in the linear setup for BP [149].
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of Sec. 5.2.2, we introduce the global and layerwise alignment observables:

WA=« (F,W), GA=« (GDFA, GBP) (5.41)

WA 22 = £ (F,Wy), GAjr =4 (GEFA,GEP) ) (5.42)

where £(A,B) = Vec(A) - Vec(B)/||A||||B|| and

F— (FZPIT, o FuaFl,, pg_l) )
W(t) = (w0}, ..., wh_q, wh),
G(t) = (01t,...,01) -

Note that the layer-wise alignment of w" with F,F,| | was never measured before:
it differs from the alignment of Fj, with wj,1 ... wpy observed in [68], which is more
akin to GA.

If W and F were uncorrelated, the WA defined in (5.41) would be vanishing as
the width of the layer grows large. Remarkably, WA becomes of order one after a
few epochs as shown in Fig. 5.13a (left), and strongly correlates with GA (right).
This suggests that the layer-wise WA uncovered for linear networks with weights
initialised to zero also drives GA in the general case.

Align-then-Memorise occurs from bottom layers to top

As can be seen in Fig. 5.13a, WA clearly reaches a maximum then decreases,
as expected from the Align-then-Memorise process. Notice that the decrease is
stronger for CIFAR10 than it is for MNIST, since CIFAR-10 is much harder to fit
than MNIST: more WA needs to be sacrificed. Increasing label corruption similarly
makes the datasets harder to fit, and decreases the final WA, as detailed in SM E5.
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Figure 5.15: Label corruption hampers alignment in the early stages of training.
We see that the higher the label corruption, the more time WA and GA take to start
increasing, since the network initially predicts equal probabilities over the output
classes.

However, another question arises: why does the GA keep increasing in this case, in
spite of the decreasing WA?

To answer this question, we need to disentangle the dynamics of the layers
of the network, as in Eq. (5.42). In Fig. 5.13b, we focus on the ReLU network
applied to CIFAR10, and shuffle 10% of the labels in the training set to make
the Align-then-Memorise procedure more easily visible. Although the network
contains 4 layers of weights, we only have 3 curves for WA and GA: WA is only
defined for layers 2 to 4 according to Eq. (5.42), whereas GA of the last layer is not
represented here since it is always equal to one.

As can be seen, the second layer is the first to start aligning: it reaches its
maximal WA around 1000 epochs (orange dashed line), then decreases. The
third layer starts aligning later and reaches its maximal WA around 2000 epochs
(green dashed line), then decreases. As for the last layer, the WA is monotonically
increasing. Hence, the Align-then-Memorise mechanism operates in a layerwise
fashion, starting from the bottom layers to the top layers.

Note that the WA of the last layers is the most crucial, since it affects the GA of
all the layers below, whereas the WA of the second layer only affects the GA of the
first layer. It therefore makes sense to keep the WA of the last layers high, and let
the bottom layers perform the memorization first. This is reminiscent of the linear
setup, where all the layers align except for the first, which does all the learning.
In fact, this strategy enables the GA of each individual layer to keep increasing
until late times: the diminishing WA of the bottom layers is compensated by the
increasing WA of the top layers.

5.2.5 What can hamper alignment?
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We demonstrated that GA is enabled by the WA Gradient alignment
mechanism, both theoretically for linear networks
and numerically for nonlinear networks. In this
section, we leverage our analysis of WA to identify : Weight align | .76

situations in which GA fails.

Alignment is data-dependent

In the linear case, GA occurs if the alignment ma- Figure 5.14: Badly condi-

tioned output statistics can
Note that if the output size K is equal to one, e.g. hamper alignment. WA and

trices presented in Sec. 5.2.3 are well conditioned.

for scalar regression or binary classification tasks, GA at the final point of
training decrease when the
output classes are correlated

(B < 1) or of different vari-
can obtain the deviation from GA by studying the ances (a < 1).

then the alignment matrices are simply scalars, and

GA is guaranteed. When this is not the case, one

expression of the alignment matrices (5.38). They
are formed by summing outer products of the error
vectors At/AtT,,, where A; = y;—y;. Therefore, good conditioning requires the differ-
ent components of the errors to be uncorrelated and of similar variances. This can
be violated by (i) the targets y*, or (ii) the predictions y = ¢p(x).

(i) Structure of data The first scenario can be demonstrated in a simple regression
task on ii.d. Gaussian inputs x~R!?. The targets y* € R? are randomly sampled

from the following distribution:

Y ~N(0,%), T= (a(ll—ﬁ) “(1“2 5)), a0, B< 1. (5.43)
In Fig. 5.14, we show the final WA and GA of a 3-layer ReLU network trained
for 10° epochs on 10° examples sampled from this distribution (further details in
SM E5). As predicted, imbalanced (x < 1) or correlated (8 < 1) target statistics
hamper WA and GA. Note that the inputs also come into play in Eq. (5.38): a
more detailed theoretical analysis of the impact of input and target statistics on
alignment is deferred to SM F4.

(ii) Effect of noise For classification tasks, the targets y* are one-hot encodings
whose statistics are naturally well conditioned. However, alignment can be de-
graded if the statistics of the predictions y become correlated.

One can enforce such a correlation in CIFAR10 by shuffling a fraction p of the
labels. The WA and GA dynamics of a 3-layer ReLU network are shown in Fig. 5.15.
At high p, the network can only perform random guessing during the first few

epochs, and assigns equal probabilities to the 10 classes. The correlated structure of
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the predictions prevents alignment until the network starts to fit the random labels:
the predictions of the different classes then decouple and WA takes off, leading to
GA.

Alignment is impossible for convolutional layers

A convolutional layer with filters Hj, can be represented by a large fully-connected
layer whose weights are represented by a block Toeplitz matrix ¢(Hj,) [75]. This
matrix has repeated blocks due to weight sharing, and most of its weights are
equal to zero due to locality. In order to verify WA and therefore GA, the following
condition must hold: ¢(Hj,) FhFhT,l- Yet, due to the very constrained structure of
¢(Hy,), this is impossible for a general choice of F,. Therefore, the WA mechanism
suggests a simple explanation for why GA doesn’t occur in vanilla CNNs, and
confirms the previously stated hypothesis that CNNs don’t have enough flexibility
to align [166].

In the case of convolutional layers, this lack of alignment makes learning near
to impossible, and has lead practitioners to design alternatives [128, 227]. However,
the extent to which alignment correlates with good performance in the general
setup (both in terms of fitting and generalisation) is a complex question which
we leave for future work. Indeed, nothing prevents DFA from finding a good
optimisation path, different from the one followed by BP. Conversely, obtaining
high gradient alignment at the end of training is not a sufficient condition for DFA

to retrieve the results of BP, e.g. if the initial trajectory leads to a wrong direction.
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Looking back and beyond

This manuscript reviews several contributions brought by my thesis to the theory

of deep leaning. Each of these can be place in the space defined by the three players

of machine learning: the architecture, the data and the algorithm, see Fig. 6.1. To

conclude, we summarise how they widen our theoretical knowledge in machine

learning and propose several axis of future research to expand it further.

In Chap. 3 and [76, 201], we made progress
on the architecture side by studying why over-
parametrisation benefits generalisation in neural
networks at odds with the classical variance-bias
trade off. By pinning down how various sources
of randomness contribute to the test error, we
concluded that overparametrisation improves
generalisation by taming the fluctuations stem-
ming from the noise in the labels and from the
choice of initial weights. These are at the root
of the "double-descent"” curve displayed by the
test error.

Theoretical results like these, however, con-
sider mainly one hidden layer networks, and
even then, only in some specific scalings (the

>

Architecture

* [1, 5]

Figure 6.1: The works detailed in
this thesis can be placed in the
3D space defined in Fig. 1.2.

ODE limit [38, 269, 270], the lazy regime [145] or the mean-field limit [63, 104, 316]).
A major challenge is to develop a theory for deeper networks which is missing

except in some limits [145, 175]. A first step to advance this theory is to study

the rectangular limit of one hidden layer networks in which the hidden layer di-

mension K scales linearly with input dimension D i.e. K, D—oc0 with K/ p~0O(1).

This limit allows for various layers of the same type to be stacked on top of each
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other, in contrast to the mean-field limit, where the hidden layer is sent to infinity
before the input dimensions, or the ODE limit where the hidden layer is of order
1. The technical difficulty in treating the rectangular case is that the number of
dynamical parameters scales as D?, reminiscent of the dictionary learning prob-
lem [204, 205, 280, 304] for which Barbier and Macris [27] and Troiani et al. [306]
recently made significant contributions. The analysis could build on the tools
developed in Sec. 4.1, and focus on one-pass SGD with vanilla i.i.d. Gaussian
inputs. One-pass SGD removes correlations between training samples and allows
to describe the training dynamics as a Markov process. Gaussian i.i.d. inputs
simplify the analysis as they have identity covariance matrix. Finding a theoretical
description for the training dynamics of rectangular networks might bring insights
into how to treat deep fully connected networks. It is an interesting challenge
which I hope to address in future.

Fully connected networks, however, are rarely used by practitioners who most
often exploit the power of more complex architectures for which theoretical results
are scarce. Describing different types of layers, what they learn and how, is a key
step to develop a theory of machine learning. Again, by working in the online
learning limit, one might identify the relevant order parameters and understand

learning in these architecture models.

Architecture is deeply intertwined with data structure and theoreticians aim at
understanding how the two aspects are linked. We established in Sec. 4.2 that two
layer neural networks, with few hidden nodes successfully classify a mixture of
Gaussian at much lower signal-to-noise ratio than lazy-methods. This emphasises
the importance, for structured tasks, of choosing architectures which extract the
features in the data. Another manifestation of the interplay between data structure
and architecture is the recurring observation that simple models only exploit the
first two moments of their inputs. Indeed, we saw in Chap. 4, that for two layer
networks and shallow auto-encoders in the limit of small hidden layer and large
input dimension, training on gaussian data is indistinguishable from training
on real data, a result summarised in the gaussian equivalence theorem (GET) [118].
However, in applications neural networks exploit much more than the mean and
covariance of their inputs. Pinning down the conditions under which they do so
requires understanding the limits of the GET: when and how are networks able
to exploit higher order moments? what in the architecture and/or data allows
them to do so and why? Answering these questions requires to carefully design
the models we work with, simple enough to be analysed theoretically yet complex
enough to discriminate between gaussian and non-gaussian data. Progress was
made by Ingrosso and Goldt [142] but crisp theoretical answers are still missing.
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These might reveal insights into the intrinsic relations between the architecture, the
task and the data.

Another way to understand the role of data structure is to focus on feature
detection in unsupervised learning which remains much less studied than its super-
vised counterpart. In Sec. 4.7, we extended the current description of linear shallow
autoencoders to encompass non-linear models. We identified which input features
the network picks up and showed that these features are learned sequentially in
order of importance. We pined-down architectural constraints required for the
network to successfully reconstruct its input and finally proposed a variant to
vanilla SGD which enables the autoencoder to learn a one to one mapping between
its weights and input features. Nonetheless, shallow non-linear autoencoders are
simple models which, unlike realistic networks, only exploit the mean and covari-
ance of the inputs. A compelling research topic to further explore representation
learning is to consider generative models, such as variational autoencoders [154]

which construct "fake" images from Gaussian inputs.

The description of the learning dynamics of ANNs carried out in both [260]
and [258] is intrinsically linked to the algorithm used for training. Nowadays,
BP is the most widely used algorithm although its properties remain, for the
most part, obscure. For instance, we saw in Sec. 4.2 [260], that shallow fully-
connected networks with 4 hidden nodes can successfully learn the XOR-like
mixture. However, for some initial conditions, the learning dynamics remain
stuck in "bad weight configurations" from where they struggle to escape 4.4. This
occurrs less frequently for over-parametrised models. A complete description of
how performance depends on the choice of initial conditions is fundamental and
still missing both in this toy model and in deep neural networks. Performance
also depends on the various hyper-parameters chosen for training and on the
multiple add-ons to BP. Indeed, we demonstrated in Sec. 5.1 [77] that a good choice
of learning rate schedule can speed-up and improve optimisation in non-convex
problems. Extending the analysis to realistic settings and nailing down how they

impact performance in deep neural networks is an interesting future work direction.

More fundamentally, we saw in Sec. 5.2 that the BP backward pass can be
simplified into DFA without hampering performance thanks to a two stage learning
process. First networks reduce their expressivity to ensure alignment between the
DFA and the BP gradient, then they sacrifice some alignment and converge to
the solution. This leads to a "degeneracy breaking" effect: networks consistently
converge to the solution maximising alignment between the BP gradient and the
DFA gradient. Crucially, this suggests that, when training fully connected networks

with BP, part of the information carried by the weights in the backward pass is
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unnecessary. These results make progress towards pining down how much and
under which conditions one can simplify the BP updates while still performing
well. Indeed, architectural constrains, as in convolutional neural networks, and
structure in the data can hamper alignment in the first phase thus preventing
networks to learn. This highlights once more, the profound connection between
architecture, data and algorithm.

Broadening the theory of deep learning is essential as technical innovations
occur at remarkable speed, and so does the complexity of networks used in practice.
State of the art neural networks have varied architectures; each of them most suited
for a different kind of tasks. These include convolutional neural networks [96, 172,
279] for image related tasks, transformers [307], recurrent neural networks [108, 267]
, residual networks [133, 140, 295] and many mix between these. In addition, to
train a given architecture, there are many add-ons to vanilla BP such as weight-
decay [161], different types of optimisers [87, 127, 153], momentum [267, 298, 299],
learning rate schedules [147, 222, 245, 292] and many more. Data preprocessing
is also very involved, with techniques including data augmentation [289] among
others. To grasp how these varied tools impact performance, it is essential to
underpin the underlying mechanism driving the success of modern machine
learning. We proposed some directions of future research to do so notably by
describing the role and interplay between data structure, architecture and algorithm.

We conclude this manuscript, by emphasising that, as long as we do not
understand the "black box of AI", we have to address a number of questions on
when and how to use deep learning and on its possible ethical consequences [157,
247]. What is learned by the network? How does it depend on the training data
used? How different can inputs be from those in the training dataset in order for
networks to produce a sensible output? Can we trust these technologies enough to
integrate them in war drones [226, 242], targeted advertising [78, 130], self-driving
cars [82, 216], the judiciary systems [88, 132] and other high impact fields?
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Appendix A

Reconciling the bias-variance
trade-off with modern deep
learning

A.1 Further analytical results

Asymptotic scaling laws

Figure A.1 (left) shows that the various terms entering the decomposition of the

10? 102

1
10! \
1
10°¢=7 -1 100

—— Initialization Variance \ 1071

—— Initialization Variance

1072 Noise Variance Noise Variance
—— Generalization Error 1072 —— Generalization Error
100 10! 102 101 100
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Figure A.1: Log-log behaviour of the quantities of interest at Left: P/ N—co0 and
Right: P—N with A = 1072, N/D =1 and 7 = 1. In both cases, one observes an
inverse scaling law.

test error approach their asymptotic values at a rate (P/N)~!. This scaling law is
consistent with that found in [102] for real neural networks, where P is replaced
by the width of the layers of the network. As for the divergence of the noise
and initialization variances observed at the interpolation threshold, figure A.1
(right) shows that they also follow an inverse power law (P/N — 1)~! at vanishing
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regularization.

Divide and Conquer approach

As mentioned in the main text, another way to average the predictions of differently
initialized learners is the divide and conquer approach [84]. In this framework, the
data set is divided into K splits of size N/K. Each of the K differently initalized
learner is trained on a distinct split. This approach is extremely useful for kernel
learning [332], where the computational burden is in the inversion of the Gram
matrix which is of size N x N. In the random projection approach considered here,
it does not offer any computational gain, however it is interesting how it affects the
test error.

Within our framework, the test error can easily be calculated as:

1 1
E(po),px.e [Rre] = F* (1 = 2¥])+ - (F¥3 + T°¥3) + (1 — K) F?¥4, (A1)

where the effective number of data points which enters this formula is Neg=N/K
due to the splitting of the training set.

2.00 2.00
Vanilla
1.75 — K=1 1.75
Ensembled
1.50 K=2 1.50
1.25
__ Dpsc 125
1.00
0.75 1.00
0.25 0.50
107! 100 10! 10?2 107! 100 10! 102

Figure A.2: Comparison between performances of ensembling and divide and
conquer for K = 2 at different SNR. Left: SNR=L = 10. Right: SNR=£ = 1

T T

Computations performed with fixed N/D =1, F=1and A = 107°.

Comparing the previous expression with that obtained for ensembling A.30 is
instructive: here, increasing K replaces the vanilla terms Y9, Y3 by the divide and
conquer term Y4. This shows that divide and conquer has a denoising effect: at
K— 00, the effect of the additive noise on the labels is completely suppressed. This
was not the case for ensembling. The price to pay is that Ngg decreases, hence one
is shifted to the underparametrized regime.

In Figure A.2, we see that the kernel limit error of the divide and conquer
approach, i.e. the asymptotic value of the error at P/ N— oo, is different from the
usual kernel limit error, since the effective dataset is two times smaller at K = 2.
The denoising effect of the divide and conquer approach is illustrated by the fact
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that its kernel limit error is higher at high SNR, but lower at low SNR. This is
of practical relevance, and is much related to the beneficial effect of bagging in
noisy dataset scenarios. The divide and conquer approach, which only differs from
bagging by the fact that the different partitions of the dataset are disjoint, was
shown to reach bagging-like performance in various setups such as decision trees

and neural networks [57].

Is it always better to be overparametrized ?

A common thought is that the double descent curve always reaches its minimum
in the over-parametrized regime, leading to the idea that the corresponding model
"cannot overfit". In this section, we show that this is not always the case. Three
factors tend to shift the optimal generalization to the underparametrized regime:
(i) increasing the numbers of learners from which we average the predictions, K,
(ii) decreasing the signal-to-noise ratio (SNR), F/ T, and (iii) decreasing the size of
the dataset, N/D. In other words, when ensembling on a small, noisy dataset, one

is better off using an underparametrized model.

These three effects are shown in Fig. A.3. In the left panel, we see that as we
increase K, the minimum of test error jumps to the underparametrized regime

P < N for a high enough value of K. In the central/right panels, a similar effect

4
—— N/D=1
3 N/D=10

0
1071 10° 10! 102

occurs when decreasing the SNR or decreasing N/D.
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Figure A.3: Generalisation error as a function of P/N: depending on the values of
K, F/t and N/D, optimal generalization can be reached in the underparametrized
regime or the overparametrized regime. Left: F/t =1, N/D = 1 and we vary K.
This is the same as figure 5 in the main text, except that the higher noise causes
the ensembling curve at K—co to exhibit a dip in the underparametrized regime.
Center: K =2, N/D =1 and we vary F/7. Right: F/T =1, K = 2 and we vary
N/D.
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A.2 Statement of the Main Result

Assumptions
First, we state precisely the assumptions under which our main result is valid.
Note, that these are the same as in [213].

Assumption 1: ¢ : R—R is a weakly differential function with derivative ¢’
Assume there exists cg, c; < o € R such that for all u € R |o(u)], |0’ ()| < coerll,
Then define:

po=E[o(u)] m=Euor(u)] p2=E/[o*(u)] —pug—pi, (A2)

where the expectation is over u~N(0,1). To facilitate readability, we specialize to
the case yip = 0. This simply amounts to a shift ctivation function & of the network,

7(x) = o(x) — po.

Assumption 2: We work in the high-dimensional limit, i.e. in the limit where
the input dimension D, the hidden layer dimension P and the number of training
points N go to infinity with their ratios fixed. That is:

N

N, P, D—c0, =y1=0(1), 5 =¢2=0(1). (A3)

|~

This condition implies that, in the computation of the risk R, we can neglect all the
terms of order O(1) in favour of the terms of order O(D).

Assumption 3: The labels are given by a linear ground truth, or teacher function:

Yu =fa(BXy) + ey, fa(Bx) = (B, Bx), |[Bll=F, en~N(O,1). (A4

Note that as explained in [213], it is easy to add a non linear component to
the teacher, but the latter would not be captured by the model (the student) in the

regime N/D = O(1), and would simply amount to an extra noise term.

Results
Here we give the explicit form of the quantities appearing in our main result. In
these expressions, the index a € {v,e,d} distinguishes the vanilla, ensembling and
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divide and conquer terms.

¥, = %Tr H([S’ 'H [P%ﬂ ,
T&:%ﬁrHﬁﬂ”H{mﬂy

‘nglTr H([S] ' H |Pg||,
%gnwaHLjy (4
‘PE:%Tr HI[s) ™" H [Pys]],

yi = %Tr H [s*] H [Py ]

where the Hessian matrix H[F], for a given function F : (g,7,§,7) — R is defined
as:

oF
9q0q

or
dqor
OF
Jror
OF
drag
OF_
Jorof

oF
9994

of_
9qor
OF
orof
oF
9goF
OF_
oFo7

-~
Il
= 0
* %

T
[eles)
S

with g* and r* being the solutions of the fixed point equation for the function
So: (g,7) — R defined below:

or

%WJ)ZAﬁ¢M+ﬂhbg<

9So(q,7)
99
9S0(q,1) _

Haprg
uiprr +1

+ 1> + ; + (1= ¢1)log(q) + 2 log (uiprr +1) —log(r).

(A.6)

The explicit expression of the above quantities in terms of (g, 7,4, 7) is given below.

Explicit expression of S?, 5¢, 5

Here we present the explicit formulas for 5S¢, S¢, S? which are defined as the

functions (g,7,4,7) — R such that:

RN

q,
S%q,7,4,

)
)
)

~t

2
So
So

(So(q,7)+qf’(q,r) +78°(q,7))
(q,7)+7f(q,7) +3°8°(q,7)
(q.7) +Pf(q,7r) + 38 (q,7),

(A7)
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where we defined the functions (gq,7) — R,

TR L) 1—¢1 7
2 2 + o2
pi1g + pyprr +1 q q
K diYag Mg, 11
2 2 2 + 2 +
prpir +1) (u3rg +pinr +1)  pipir+1 g
2

_ 2 (L4 ) + (14 quin)” — r2uigd (=1 + o)

£2(q,r) = Ay +

7

gv(q,r) = _(
(A.8)

(3( ,r) ,
a 2 (Lt rpdps +qudn)°
1
ge<q,1’) = lll;le fd<l];r) — 772’ gd(q’r) _ 7521

Explicit expression of Py, Pff,2, P@S, Pfi,z, P@S, Pff,z
Here we present the explicit formulas for RFl’P‘ZI}’z’P‘ZI)’s'P‘%z'P‘%a'P‘%z’ which are
defined as the functions (g,7,§,7) — R such that:

Py, = pripapid (MY + 1297 (MxMiy M) + 2y (MxM) ), (A9)
Pyy = Dl (437 + p34) [#1P%x — 2831291 Piyx + 15 Piyw ],
Pyg = DyRya (7 + 29 [1d (ME + pdpedy [MxMiy Mx]'™ ) — 23333 [Mx M]3 M52
Pys = Dyipops? [piPix — 2031591 Piyx + 13 Piyw] »
Pys = Dyiyapids |3 (M + pddgd [MxMiy Mx] ) — 20 [MxMiy) 2 + 3 [M5,)2
Pys = Dpip1 37 [1p3 Pxx + 20511 Pwx + 131 Paw]

where we defined the scalars Pxx, Pwx, Pww as follows:

Pyx = $aNZ + MR + 2y (prprpn)* [Mx NxMiy )™ + (papatpr)? [Mx My Mx ]
+ P (pappr)* [MxMwNxMjy Mx]?,
Piyx = 2 [NxMy]" + [Mx M| + o (pappn)* [Mx My Nx My )2,
Phow = [M3y]2 + g2 (papatpr)? My Nx Mg ]2,
P)e(X = P§J<X/
Pévx = P{,’VX,
Pﬁvw = Pf/}vwf
11 11
Pl = (N + 200 )? [N M)+ ) (Mg NE MR ] )
11 11
Bl = (MM G [Mmiong ]

11
Py = (uapcpn)? [M%Nﬁi(MM ,



Appendix A 161

and the 2 x 2 matrices Mx, My, Nx as follows:

. . q(L+piyr) P pipdyir
MO — L (g’ /. ME, — W2 igid  (1girtudyng)”
X L 5 Y PR q(1+43yir) ¢
(Ltpdpr)” T (1 pr2gg)’  TH2Er i
, B
NG — . V " (A.10)
L+ )™ [T 7
1 2u1)%4 01 1
M = M, /5 My = My + — 1) 2[ ],/;N§<=2 zlf
(1+ B+ p2¢rg)” |1 0 (1+puiyrr)” |7
r 10 1+ 124 10 1
M= —— /My = AU 1) NG =
14+ uipir? [0 1 1+ pgprr +pzyng [0 1 (1+ puiynr)

A.3 Replica Computation

Toolkit

Gaussian integrals In order to obtain the main result for the generalisation error,
we perform the averages over all the sources of randomness in the system in the
following order: over the dataset X, then over the noise W, and finally over the

random feature layers ®. Here are some useful formulaes used throughout the

computations:
([~ LxiGixi+ i ~1 3G
[ e z2NiGix iy = (detG) ze2"™ii /i,
J Xge~ 25 G iy = P!(det G)*%e%]iGi;l]f,
1717
fxaxbe_%x'c"fxi”f"fdx = be(detG)’%echl’/ T, (A.11)
17.~-17.
fxaxbxce_%xicifx/”f"idx = P3 (det G)‘%efl’Gﬁ I,
116717,
[ xaxpxexge” G TIvigy = P (detG)~2e2)iGi i,
with
P; =[G Yl (A.12)

Phy = (G )a + G 1alG o),
Br= ¥ (GGl e+ GG TG ),

a,b,ccperm(abc)

Pha= L (GG g+ (67 Rl G G 7+ (G 5lGT]

SRS

7

eperm(abed)

:3\2

Replica representation of an inverse matrix To obtain gaussian integrals we will use the

o)

G

d

)
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"replica" representation the element (ij) of a matrix M of size D:

n—0 i Rl

_ ) n D 1
Mijl = lim (H L d’?f‘) ’71‘1’7]'1 exp (—ZW?MW?) : (A.13)
Indeed, using the gaussian integral representation of the inverse of M,

M;' = BZ 1/ (Hdﬂi> 1illj €xXp <—2’7iMij’7j> ’
i=1

(27)" (A.14)
det M

2 1
= / (Hdﬂz> exp <—2771M1]1’]]> .

Using the replica identity, we rewrite this as

D
1
-1 _ 1 -1
M~ = ,1113% 2" / (E‘Mz‘) ninj exp (‘2771'1\/11']'77]') . (A.15)
Renaming the integration variable of the integral on the left as 7! and the n — 1

others as %, a € {2,n}, we obtain expression A.13.

The Random Feature model

In what follows, we will explicitly leave the indices of all the quantities used.
We use the notation, called Einstein summation convention in physics, in which
all repeated indices are summed but the sum is not explicitly written. Indices
i € {1..D} are used to refer to the input dimension, & € {1...P} to refer to the
hidden layer dimension and u € {1..N} to refer to the number of data points.

With a single learner In the random features model, the predictor can be computed

explicitly:
21— L gz . (BZ'BZ Ay) A.16
SV Rt "h< Ty N)hh’ (A.16)
N B®h/ini>
Bx = a,0 | ————
f(Br) = o (2242

-1 B@ /-BX'

_ T T Wi i
= By'BZ,, <BZ BZ + ¢1¢2A1N>hh/a <\/5> /VD, (A.17)



Appendix A 163

where
By, = f1 (BX,) + Bey, (A.18)
1 1

Hence the test error can be computed as:

-1 /i
Rrr =Epgy (fd(Bx) - By;Bth (BZTBZ + ¢1¢2AIN>W 7 (B®\;>Bxl) /\F)
b ) 25 (202 ) WS

-1
+By}BZ (BZ"BZ + ¢1¢2AIN>hh BUj, (BZ'BZ + ¢1¢2A1N)h  BZ, By, /D,
1 2

where
BVh = [Ep, |:fd(BX)0' (<BG)h\/§xl>):| , (A21)
b — o, [o (08250 (B0uBx)]

Ensembling over K learners When ensembling over K learners with independently

sampled random feature vectors, the predictor becomes:

K p..
f(Bx) = \ﬁZB TBZ (BZT() +¢1¢2AIN),Z,:/0’ (B(a\%BxZ) (A.23)

]4}’1 /D /D hi M1

The generalisation error is then given by:

2
]' -1 B®(/)Bxl
Rer =Ep, |:<fd(BX) — = L By"BZ® (BZ™BZY + gryaly) o ( e ) /D )
k vV

2 v~ 5, TBz®) (pZT0 gz ® -1 BV®
—Ep, [f(Bx)?] — EZB]/ BZ! (BZ BZ +¢1¢2A1N) 5 (A2
-1
KZZByTBZ (BZ'BZ®) + yrgorty)  BUK
15k

(BZT(”BZ(” + ¢1¢2AIN) BzTBy/D,
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where
(k)
BO™ Bx;
BV = Epy | f4(Bx)o <<’1\/5x>>] , (A.26)
(k) (1
kil <B® i Bx1> <B® /i/Bxl'/>
BUN) — Ep, 0( \’;5 )a( \h@ . (A.27)

Equivalent Gaussian Covariate Model It was shown in [213] that the random features
model is equivalent, in the high-dimensional limit of Assumption 2, to a Gaussian
covariate model in which the activation function ¢ is replaced as:

BOLBX, ) + 73@,§’§>me+ Bw'b) (A.28)
g * 7 .
NG) Y B

with BW®) ¢ RN*P, WPEI,? ~N(0,1) and o, p1 and . defined in A.2. To simplify
the calculations, we take pp = 0, which amounts to adding a constant term to the
activation function o.

This powerful mapping allows to express the quantities BU, BV. We will not
repeat their calculations here: the only difference here is BUX  which carries extra
indices k, I due to the different initialization of the random features BO®). In our
case,

2
k) _ P1 gk gl
Uy, = 518}(11‘)@}(1/2' + 130k O (A.29)

Hence we can rewrite the test error as

1 1
B(]g(k)} [Rge] = F? (1 —2¥9) + R (F?Y5 + T2¥%) + (1 - K) (F?¥4 + T°Y%),
{ BX.,e

(A.30)
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where ¥1,Y9,Y5,Y5, 15 are given by:

¥, = = Tr [(PSXBG)() ) z® (z(l)Tz(l)thlJll/JzMN)_l],

5
1 T (1) -1 (ui D) pa)T L .2
ST | (2072 +¢1¢2A1N) HBOMBONT 4 il1y
-1 1

(ORI T (1)

207 (Lxx7) 20,

—1
Y= = Tr { VAQRW ARV o8 (D

VAQRIAQRESTNTIYN oY

BB 4 y31N>

o z(l)Tz(l)] , (A.31)

Z(z)TZ(Z) + 1/111/)2/\11\]
¥ = Ly [ ZOTZO 4 g oty

VAQR AQJSTRTIVN o8

(
(
(
(z(l)Tz(l) + PryoAly
(
(
(
(

)
)
)
¥ = Tr[ ZOTZO 4+ pryoaly )
)
)
)

Computation of the vanilla terms

To start with, let us compute the vanilla terms (those who carry a superscript v),
which involve a single instance of the random feature vectors. Note that these
were calculated in [213] by evaluating the Stieljes transform of the random matrices
of which we need to calculate the trace. The replica method used here makes
the calculation of the vanilla terms carry over easily to the the ensembling terms
(superscript e) and the divide and conquer term (superscript d). To illustrate the

calculation steps, we will calculate Y5, then provide the results for ¥§5 and ¥;.

In the vanilla terms, the two inverse matrices that appear are the same. Hence
we use twice the replica identity A.13, introducing 2n replicas which all play the
same role:

a1 2L 1T .0 &
M My" = Tim / (H dﬂ) i men? exp <—217 My ) : (A32)
a=1

The first step is to perform the averages, i.e. the Gaussian integrals, over the dataset
X, the deterministic noise W induced by the non-linearity of the activation function
and the random features ©®. Averaging over the dataset Replacing the activation

function by its Gaussian covariate equivalent model and using A.32, the term Y3
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can be expanded as:

-1 2 1
|:BZ],_h (BZTBZ —+ l/)1ll)2)tIN> i <%B®h1i3®h2i + }li(sh]m) (BZTBZ + l/)ﬂl)zAIN)h y BZh’y]
1 2

_1

‘Fé’D

(A.33)

1 2
=5 (%B@hlimhﬂ + yi&hlhz) [BZ,1BZiv] (A34)
e 1.1 .2 2 1 T
/ A | Ml i i ©XP (—217;’2‘ (BZ BZ+1/J11/J2MN)W 17;’2)

2
_ 1 <”1 By, :BOy,; + yia‘hlhz) (\%B@Bx n y*BW> <\%B®Bx n mBW)
hy hu

2n 1 1
dn® | nint 2 n2 exp | — =1t <mB®BX+ *BW> <V1B®BX+ *Bw)
/ il 77>77h77h177h277h p 2’7h D \VD H » /D H ”
+ P19 Adu) Njy) -

Now, we introduce A} := %WZB@hi/ and enforce this relation using the Fourier

representation of the delta-function:
1= / AL dA %N (VPAT =i BOw). (A35)

The average over the dataset BX,,; has the form of A.11 with:

2
(GX)VH//ii’ = 5”]’" <51'1'/ -+ ]’lg)bl )\le fﬁ) , (A36)

UJx)ui = ””‘B/ﬁ Y ALyEBW,. (A.37)
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Using formulae A.11, we obtain:

N 2n R ZP
wi gy | (Tloraar) (T i)
[V%WﬁBWhBWh/’?ﬁ + UpiA A ((Gil)ii' + (Gilfx)i(G§1fX)i')
21 /P A BWy (G )]

" 1 2 2,2 B
exp (—2 log det(Gx)— 517,‘;‘ (%*BWhBthéaﬁ_ ﬂlg*zlljl BWhA?(GX)ﬁll)\gBWh/+1p11/12)\5hh/> 175,

+HAH(VPAL 1} BOy))
(A.38)

Note that due to with a slight abuse of notation we got rid of indices y, which all
sum up trivially to give a global factor N. Averaging over the deterministic noise The
expectation over the deterministic noise BWj, is a Gausssian integral of the form
A.11 with:

2
[Gw ]y = O + %WZAW 175,, (A.39)
Uwl, =0, (A.40)
1 _
A% = bup — i1 5 LAG i (A.41)
j

Note that the prefactor involves, constant, linear and quadratic terms in BW since:

(Gx'Jx)i = ”WB/% [7*BW] [G;M]i. (A.42)

Thus, one obtains:
=12 (12_[1 d’?“d/\“d;\“) (Hioa A2 + pidnln?
12 [ (G 2] + iy [ HwA?| + 2183 [V S|
exp <_Z log det(Gx) — glog det(Gw) — %wﬂm Y (1) +iAF (VPAS — nZ‘B®hi>> :

with

(Hw)ij = (Gx')ij + ”%fz‘bl [W“(Gv_vl)”ﬁ] [G;(lADCL [G;(l)‘ﬂj’

(Swhin = 35 [G;A“L {G;\,lq“h. (A.44)

(A.43)
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Averaging over the random feature vectors The expectation over the random feature

vectors BOy,; is a Gausssian integral of the form A.11 with:

(Gelw iiv = Oniwiits (A.45)
ey = —iAfnj. (A.46)

Preforming this integration results in:

2n
w2 [ (Harava) (i i)
=
(12 [0 (G )n?] + pdyn [ATHWA?| + 203129 (A S|

n n 1 1 BV . A0y
exp (—2 log det(Gx) — 5 log det(Gw) — Ellﬂlllh}\ Y (i)? — EﬂzﬂgA?/\iﬁ +ivVPA; )‘i) :
(A47)

Expression of the action and the prefactor To complete the computation we integrate

with respect to )A\;?‘, using again formulae A.11:

(GAliy = o™i, (A.48)
[J3]F = ivVPAL. (A.49)

This yields the final expression of the term:

2n 2n
¥ = % (1—[1 dﬂ"‘) (1_[1 W) (H2gaAIA2 + p2nln?) (2 [0} (G| +
a= x=
N HwA?| + 209 [ S|

n n D 1 a P o —1\&
exp (—2 log det(Gx) — 5 log det(Gy) — 5 logdet(Gy) — 51/111/)2/\ Y (71)* - E/\i (Gﬁl)ii?Aff) .

The above may be written as

D
¥3 = / (I Tdn) (I 1dA) Peg [, A] exp (—25” [mM) : (A.50)
with the prefactor Pyy and the action S” defined as:

Pys 17, A :=% (s n]aZ + wnln?) |12 [0 (GO ] + wdys [N HWA| + 208129 A Swip?]

1 p «
$°[11,A] ;= log det(Gx) + > log det(Gw) +log det(Gy) + 51924 } (1) + 5 (/\?‘(Gil)if)‘g) :

Expression of the action and the prefactor in terms of order parameters Here we see that
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we have a factor D— oo in the exponential part, which can be estimated using the
saddle point method. Before doing so, we introduce the following order parameters
using the Fourier representation of the delta-function:

1= / ‘anﬁanﬁeQ“ﬁ(PQ“ﬁ_"’?Wﬁ)r (A.51)
1= [ dRypdRygelos PR =200, (A52)
This allows to rewrite the prefactor only in terms of Q, R: for example,
HIPIALAT + idnin? = i D(WIR' + u2 Q™).

To do this, there are two key quantities we need to calculate: AG;'A and G,
To calculate both, we note that Gx ang Gy are both of the form I + X, therefore

there inverse may be calculated using their series representation. The result is:

[Mx]* = %MG;(W = [R(I + y%quR)*l]“ﬁ , (A.53)
(M = (G )P = [QU +2914Q) ] (A5

Using the above, we deduce:

AMHwA? = DMY + P12y, [MxMyMx]'2, (A.55)
ASwi? = P[MxMw]*. (A.56)

The integrals over 77, A become simple Gaussian integrals with covariance matrices

given by Q, R, yielding:

¥1D

1= [ dQupdQupe ¥ (et 0-2000), (A57)

1= [ dRypaRge E (pdet R2mRR), (A.58)

The next step is to take the saddle point with respect to the auxiliary variables Q

and R in order to eliminate them:

a5° . L1
TPl (@'-20)=0=0=70", (A.59)
95" _ (R—l - 2R> —0=R= %R‘l. (A.60)
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One finally obtains that:

g7 — / (IT4Q) (TTAR) Pys [Q, R] exp (—1;5” [Q,R]), (A61)
With:

Pyy [Q,R] =Dyis (1R + p2Q"2) |12 [M3y]™ + i3 (M + ppy? [Mx M3y My )
+2ubdr [MxMi] ] (A62)
S°[Q, R] =y log det(Gx) + 2 log det(Gy) + 2 ATrQ + Tr (RQ‘1> +(1— 1) logdet Q — logdet R.
Saddle point equations The aim is now to use the saddle point method in order to

evaluate the integrals over the order parameters. Thus, one looks for R and Q
solutions to the equations:

aS° 0S?

anxﬁ =0 aRlxﬁ

=0 Va,p=1,---,2n.

To solve the above, it is common to make a replica symmetric ansatz. In this case, we

assume that the solutions to the saddle points equations take the form:

q q q’ r 7 e 7
Q=1 |, r=|" (A.63)
o g o T
_57 57 q- -77 7 1/'-

The action takes the following form:

S°(q,7,4,7) =2n(So(q,7) +S7(q,7,4,7))

2
S , = A 2 1 .u*lplq
0(q,7) = Apitpaq + ¢palog (V%lPlﬁL 1

+ 2 log (i1 +1) —log(r)
Si(q,7,q,7) = f'(qr)§+g"(qr)F

2 1—1/)1 r

(0, 1) = AUt + 1192 n _r

f(q,7) P12 120+ 120+ 1 q 7
KEHTPT g Wiy 1 1 (A.64)

“(q,r)=— + +-—-.
8@ ) (1rr +1) (g + pwdprr+1)  pdyr+1 g v
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Fluctuations around the saddle point
We introduce the following notations:
oF
VerF(BT. = ——|BT,,
[VerF(BT)] g 3BT, |BT.
[__&F PF
ath aQ ath IR s
[HBTF(BT*)]a'B,'yﬁ = @ 8521: ” aﬁZP 0 BT*/
IR.59Q,  ORs0R,
- A.65
[OF  OF  oF  OF ( )
0q0q  dqor  9dqof  0qoF
OF  oF Bg aa% q=q"
_ 0qor  drdr  Ordg rof | r=r*
HIFf =@ % 5 or  or |10
9q05 oroj 9gog oagor | 17
OF  OF  OF  OF
L9goF  9rdF  dGor  dror

Proposition Let g* and r* be the solutions of the fixed point equation for the function
So : (9,7) — R defined in A.64:

aSOa(q,r) -0
q
950(0) _ (A.66)
o
Then we have that ,
-1
¥ =T [H s ' H [P%H . (A.67)
Sketch of proof Solving the saddle point equations:
aS%(q,1,
(gqm N _ o
BSv(g,r if) _ 0
q
o) _ o (A.68)
9 -
aS%(q,r,4,7
((qﬁrq N _p

one finds § = 7 = 0, which is problematic because the prefactor vanishes: Py, o
y3j + p37. Therefore we must go beyond the saddle point contribution to obtain
a non zero result, i.e. we have to examine the quadratic fluctuations around the
saddle point. To do so we preform a second-order expansion of the action A.63 as
a function of Q and R:

1
Py; (BT) ~ Pyg(BT.) + B(BT — BT.) ' VPyy(BT.) + 5 (BT — BT.)  Hpr [nyg(BT*)} (BT — BT,),
1
S*(BT) = So(BT.) + 5(BT — BT.) ' Hpr [$°(BT.)] (BT — BT.).
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Computing the second derivative of A.63, it is easy to show that:

[Her [S*(BT)]]up,56 = [Hpr [S”(BT)]]4p (9705 + Ousdpy) ,

(A.69)
[HBT {nyg(BT)”aﬁM - [HBT [nyg(BT)Hw (6uy6p5 -+ 60565, ),
where
U0 T0R
Hpr [Flyg = | "2 0t
3R,590s; 9R,59Rep
L[5 ] ma
_ g7 dqor 1_5)[M qr]
aB | 2r ok | T _ ( «B) | 3F  3F
2n 597 s 2n(@2n—1) 979G oFoF
Hence,

IP3 = hm dBTP\Ifz (BT) eXp 25 (BT)

= lim qu(BT*) +V Py (BT4)up /dBT (BT — BTy)ap exp <—IZDS”(BT)>

n—02
0

0

1 D
+ 5 Hr {P\Yg(BT*)]“ﬁ/dBT(BT — BT.)2gexp <—25v(BT)>

— lim ~ Hyr [P\FU(BT*)] e~ 5 (BT) /dBT(BT — BT,)2ge 2 Zos BOBT-BT ) Hor (7Bl
n—0 2 3 B

_ lim - (2m)" ~Bse(pT,) 2 , o e v
= W02 det Hyr [S°(BTL)]° pHer [P‘Yg(BT*)]aﬁ Hpr [S(BT.)] 5

1 _
== Tr [H s 'H [nyg”
In the last step, we used the fact that:
lim e~ 25" (BT.) — {im ¢~ "DSo(q+r+) — 1,

n—0 n—0 (A.71)
lim det HBT [SU(BT*)] =1.
n—0

The last equality follows from the fact that for a matrix of size n x n of the form
Myp = adup + b(1 — 54p), we have

detM = (a —b)" <1+ nb >—>1.
a—>b n—0

Expression of the vanilla terms Using the above procedure, one can compute the terms
Y1, %5, Y5 of A.30: for each of these terms, the action is the same as in A.63, and
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the prefactors can be obtained as:

Py, [Q R = iz (MY + 12y} (MxMwMx)" + iy (MxMw)' ),
Py3[Q, R] = Dy, (V%Ru + MEQH) (HTp2Pxx — 2uips 12 Pxw + aPww)
Pys [Q,R] = Dyiiha (iiR™ + 3Q")
(2 (M) + g (MR + g2 MMy Mx]™ ) + 20339 [MxMi] 2]

1 *
Pyx = N2 + %M%f +2 (1 patp1)? [Nx My Mx] 2 | Gapegpn)® ”l‘p 2‘/’1) [Mx My Mx] 2
+ (sapspn)* [Mx M Nx My Mx]'?,

1
Pxw = [NXMW]12 + ™ [MXJVIV\/]12 + (Hly*lﬁl)z [MXMWNXMW]H ,

Pyw = Mg + 92 (pappr)” [MwNxMw]

Where a new term appears:

[Nx]"6 = [R(I + 21 R) 2] (A72)

Computation of the ensembling terms

Expression of the action and the prefactor In the ensembling terms, the two inverse
matrices are different, hence one has to introduce two distinct replica variables. We
distinguish them by the use of an extra index a € {1,2}, denoted in brackets in
order not to be confused with the replica indices a.

[M(Q)]kl—hm (HHdﬂ ) 7V Py eXP(—Zn

n—0 =1
(A.73)

Calculations of the Gaussian integrals follow through in a very similar way as
for the vanilla terms. The matrices appearing in the process are:

) |
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2
(G = G + & g’” (az)a AsD sl (A.74)
(J5)i = Wl“ﬁZA @, (A.75)
* apB,ab

(Gl = o, + % Zﬁ:nh( ) ALPA B, (A.76)
(Jw)n =0 (A.77)
(G%)l(z[;zl/])lz’ 5hh/ ii’ (A78)
(Jo) ) = —12/\ ), (A.79)
(Ge)i"f ,(ab) — 2(5ab§u 1704( )1711( )’ (A.SO)
55 = iv/PAL. (A.81)

(A.82)

with

Azﬁ’(ﬂb) — 5gb5¢x‘5 ]111)01 E)\ GE 1 Z]Aﬁ( )

e = [657], + 2 o] 0], 7 [ei] )]
Sl = 5 o572, [airr )],

Starting with the computation of ¥4 in order to illustrate the method used, the

prefactor Py; and the action are S° are given by:
2
K112 1(1) 102 -
Py [, 4] =LA@ (12 [310) (i) 0210 42y (A0 Fig 212
+ 22 N DS @]
e e e e 1 a(a)y2
S¢[n, A] ==t log det(G%) + ¢ log det(Gyiy) + log det(G;L> + BlIJﬂbz}\ Y (m,
1

+ 35 (A a(a )(Ge 1);%1?”17/\/3( ))

Expression of the action and the prefactor in terms of order parameters

This time, because of the two different systems, the order parameters carry an
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additional index a, which turns them into 2 x 2 block matrices:

a(a) ())

1= / QU dQ!We QP =i, (A.83)
(ab) _ ya(a) , B(b)
1= / R i @R =2 A, (A.84)
The systems being decoupled, we make the following ansatz for the order parame-
ters:
g 0| g 0 | [y 0| 7 0 |
0o --- 0 --- 4 0o --- 0 --- 7

Q= 1 1| rR= ! Tl (A.85)

i o --.- [7 o -.- q ] i o --- 7 o --- r ]

In virtue of the simple structure of the above matrices, the replica indices « trivialize

and we may replace the matrices Q and R by the 2 x 2 matrices:
j q For

54 o5
1
2

Define:

—_

[MX] (ap) /\]('b) = [R(IJFV%%R)%} ,

(ab)

0 [a] " 00 = [Qu+ piacQ)] -’

ij

[Miy] (ap)
where products are now over 2 x 2 matrices. Then, one has:
Pes [Q R] :=DidydyaR™ 1M 4 33 (M5 + iy (M Mg 1)
+2pdpdn (MM D]
5°[Q, R] =2 log det(GY) + 2 log det(Giy) + X | (y2A) TrQ()(®

Tr (R<a)<a>(Q—1)<a><a)) +log detQ@)(a)}

— 1 logdet Q — logdet R.
(A.86)
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Where we have:

M — 1 r+ udp (r2 — 72) 7
(1892 — (Wiprr)? F r+udp (P —1)|°
(A.87)
A?ab) = O(ap) — M%llh [Mg(](gb) , (A.88)
(M) ) = 0y = i | AT+ g A7) (A89)
det(G%) = det (‘5(1119) + IIJW%R(Q;;)), (A.90)
det(GS,) = det (% + ¢1qugub)). (A.91)

Finally, we are left with:

S(q,7,4,7) =n (So(q,7) + Si(q,7,4,7)),
Si(qr,q,7) =Ff(q,1) + 3¢ (q,7),

o) 2 (14 qpn) + (1 + qpdn)” — rzﬂ‘%ll’%(—l T92)  (A%)
22 (1+ rpiyn + qudyn)

e lP1
g°(q,7) Zﬁ-

Where Sy was defined in A.64. Expression of the ensembling terms Evaluating the
fluctuations around the saddle point follows through in the same way as for the

vanilla terms, with the following expressions of the prefactors:

Pys [Q, R] = Dyiapi7 (4 Pix — 243131 Plyx + 12 Piyw]
Pys [Q R] = DpdypaR(? 1My 4 pid (MY + gty (M v, Mg 2 )
+2utdn (Mg M5, )]
Pix = $2N2 + M52 4 20 (i piapn )2 [MENEMig]™ + (apiaspn ) [Mi Moy M5 2
P2 (ppatpr)* (MM, Ny M, M5
Piyx = 2 [NSMiy]™ + (MM ] + g (i peatpn ) (M My Ny MGy |2,
Phow = [Miy]"2 + g (i peatpr)? [Miy N5 M3y 2.

Computation of the divide and conquer term

Here, we are interested in computing the term ¥§. This term differs from the
previous ones in that there are now two independent data matrices X(!) and X (2.
The calculations for the action and the prefactor are very similar to calculations
performed for the ensembling terms Y%, ¥4, with the addition that BX now also
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carries an index (a). Firstly let us write ¥4 as a trace over random matrices:
v = Z; Tr [ xVWzWOgH-1g @) g2)-172)x((2)| (A.93)

Calculations follow through in the same way as in the previous sections. Using the
replica formula A.73, and performing the integrals over the Gaussian variables the
following quantities appear:

(GX)( b) _ — 5+ V1’~P1 ZA )

it

) ”W“fsz W

(Gd )}(lh/ :5hh’+7277 Aaﬁab .B )

i =
(G®)i(zh’)zl/ = 5hh’ i’ (]%)gzpzl) = _izﬁ?(a)ﬂz(a)’

(Gd)“ﬁ J(ab) _ 25 i’ ’7}1( )175(17)’ (];j\)?‘(”) _ i\/ﬁ)\?‘(ﬂ)

it

The saddle point ansatz for Q and R is the same as the one for the ensembling
terms (see A.85). The procedure to evaluate ¥4 is also the same as the one for ¥

except the Hessian is taken with respect to S¢. The final result is given below.

Py [Q, R] =Dpiy1 37 [1i Pxx + 25 pii Pwx + i1 Paw]
Pxx = (NF +20p91)? [NxMiwMy ™ + (uajeagn)* [MxMywNxMw M),
Pwx = [NxMw]"" + (p1p91)? [Mx My Nx My ',
Pww =(papstpr)? [MwNxMy] ",

§'a,r, 0,7 =n (Soa.r) +S1(0,7,3,7)),

si(q,7,q,7) f+lp1—q
7>
With:
Mx=—", A=1-ipM
X_l—f-‘u%l]blrl - Hiyp1ivix ,
My=—3T  Ny= r

1+ p2pgA”’ (1+ p2yqr)?
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Online learning with two layer

neural networks in the ODE limit -
Toolbox

B.1 Moments of functions of weakly correlated variables

Here, we show how to compute expectation of functions of weakly correlated
variables with non zero mean. The derivation follows the ones of [117] (see

App. A). We extend their computations to include variables with non-zero means.

Consider the random variables x,y € IR, jointly Gaussian with joint probability
distribution:

=i

1 1 _ _ _ X —
P(x,y):mexp[—z(x—x y—y>M21<y_]7>], (B.1)

where we defined the mean of x, respectively y, as X, respectively ¥ and the

covariance matrix:

M= & €M) (B2)
€M12 Cy

The weak correlation between x and y is encapsulated in the parameter € < 1
while M;~O(1).

We are interested in computing expectations of the form (IE )[ f(x)g(y)] with
Xy

two real valued functions f, ¢ : R—IR. Leveraging the weak correlation between x

178
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and y, we can expand the distribution Eq. (B.1) to linear order in ¢, i.e.:

_ 1 — 2 (=0 = o (-9) o (M1 ; 2
(B.1) = TN o e ey [1 —e(x— %) (cx MG, ) (y—9)+0 (e )}
(B.3)
Using the above, one can compute the expectations:
E V(x)gW)] =E [f(x)]E [s(v)] (B.4)

+

¢ [f(x)(x 0] (C' MG, ") E [3()(y — )] +O(e).

The expectations are now taken over the 1-dimensional distributions of x~\ (0, Cy)
and y~N (0, Cy). Similarly, consider the case of three weakly correlated real random
variables x;, i = 1,2,3 with mean ¥; and covariance matrix Mj3 such that

(Ma);s — Ci, ifi=j
3)11 = . (B.5)
eM;j, if i #

One can use an expansion of the joint probability distribution of {x;} to linear

order in € to compute three point moments of real valued functions f, g, as:

Flx)glxa)h(xs)] = B [f(x1)][g(x2)] [1(xs)]

—€E ()] E[(x1 — 21)f (x1)] (Ca?lMlsz) [(x2 — %2)g(x2)]

X1 X

—¢E [g(x2)] E [(x1 — 1) f(x1)] (7 MiaCy ') E [(5 — %a)ha(x3)]

E
{x}i

N

~eE[f(x)]E [(x2 — £2)g(x2)] (C:'MxC; ") E (x5 — £a)h(xa)] + O(€).
(B.6)

In the case in which x; and x, are weakly correlated with x3 but not between each
other, i.e. Cov(x1,x2) = M1x~O(1), one has:
E [f(x1)g(x2)h(x3)] =E [f(x1)g(x2)] E [h(x3)] (B.7)

+IE [f(x1)8(x2) (x2 — %2)] M2sCy,
—E [f(x1)g(x2)(x1 — %1)] M12M3
—E [f(x1)g(x2)(x2 — %2)] MizMip } + O(€?).
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B.2 Analytical formula for the integrals in the equations of

motion

Sigmoidal activation function

h=Eg(n)gen) = 2 | 2] ®3)

2 =Exig(x2) = 7r(1:|2—c22)C12 (B.9)

L=Eg (x1)xg(x3) = % ! cn(1 ‘1‘10—:_12 —cas (B.10)
\/(1+Cl1)(1+033) — i 1

L1 =Eg'(x1)x1x2 = \/Z(cnilzl)m (B.11)

Ip =Eg ()%} = \/z (CHZ;;C%;;”) (B.12)

Linear activation function

Lh=J]h=D =Exixa=cp (B.13)
Ly =Ex3=cp (B.14)
Iz = E xox3 = ¢23 (B.15)

(B.16)

ReLU activation function

I = Eg(x1)g(x2)

1
= — |2y/c11622 — €3, + c127T + 2¢1p + arctan S (B.17)
87 / _ 2
C11€22 — €15

2 =Exig(x2) = % (B.18)



181



182

C.1. Summary of Notations

Appendix C

Understanding the interplay

between data structure and

architecture in Gaussian mixture

classification

C.1 Summary of Notations

D

N

t=N/D

Qx c ]RDXD

x € RP
_lul

SNR_U\5

A

input dimensions

number of samples

training time,
or equivalently
rescaled number of

training samples
covariance of the
normal distribution

of cluster «

input

signal to noise ration

L2-regularisation

vty A~

f)/:P/D

B D
\/5€]R

pmse

number of random

features

true label

mean of the Gaus-
sian cluster « in the
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g(x|ly*)= ¥ Pi=Ny(x) conditional probability of x given the true label y*
xES(y*)
Two layer neural networks (2LNN)

K number of hidden 6" first layer weights
nodes of the 2LNN

o2k second layer weights ¢ : R—R activation function
a=y0"x/yb  local field/pre- ¢p(x) = output of the net-
’ activation of the i g2k g( ak) work
2LNN k=1
Kl _ Ky 00
M = order parameter/ co- M=} “5 order parame-
1)k ~a (1)1 .

Y o one %,595 : variance of the local ' ter/mean of the
" tields local fields
0o weights are  ini-

tialised 1i.i.d. from

N(0,03)
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Random Features (RF)

D
[ € RPxD projection z=1 < Y Erxe/ \/5> features
matrix =
ERN(0,1)

P
:R—R activation func- ¢ (x) = ) wizi/vyD  output of the net-
Y ¢ by P
tion applied ele- . work

ment wise

W fix point solu-
tion of the SGD
update equation
of RF

C.2 Equations of Motion

In this appendix, we derive the dynamical equations that describe the dynamics of
two-layer neural networks trained on the Gaussian mixture from Sec. 4.4. We first
derive a useful Lemma for the averages of weakly correlated random variables B.1,
which we we then use in the derivation of the dynamical equations C.2

Derivation of the ODEs

In this section, we derive the ODEs describing the dynamics of training of a
2LNN trained on inputs sampled from the distribution 4.36 with L2-regularisation
constant A. We restrict to the case where all the Gaussian clusters have the same
covariance matrix, i.e. Q% = Q) € RP*D,

In order to track the training dynamics, we analyse the evolution of the macro-
scopic operators defined in Eq. 4.39 allowing to compute the performances of the
network at all training times.

At the sth step of training, the SGD update for the networks parameter is given
by Eq. 4.37:

Wk — (g  _ (gk\ _ _ 100 (0@kA o/ (k) (1)k @k — _ Mo k (2)k
do! _(9. >s+1 (e. )S \@(9 A (a¥)x; + 10! ),de \/§<g(a)+)\6 A).

(C.1)

In order to guarantee that the dynamics can be described by a set of ordinary
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equations in the D—co limit, we choose different scalings for the first and second

layer learning rates:
Now =1, g =1/D

for some constant 7.

Update of the first layer weights To make progress, consider the eigen-decomposition

of the covariance matrix:

D
Z ST rTPT/' (CZ)

D \

where we denote the eigenvalues as p., their corresponding eigenvector as I'; and
the eigenvalue distribution as pn. We further define the projection of the weights
into the projected basis as

D
gk = Z (C.3)

and similarly %; and fif as the projected inputs and means. In this basis, the SGD
update for the first layer weights is:

5Dk — (g(Dk (WK T (@A (K5 Gk
dgWk = <9T )S+1 (6T )S 7 (9 Ag (a") % + A8 ) . (C.4)
The expectation of this update over the distribution Eq. 4.36 is given by:

Ed0 = ) PadfM () + Y Padd V(o). (C5)
reS(+) rES(—)

where we decomposed the expectation into the different clusters and introduced:

nA

dOWk(p)s =+ —— 77 ()kck_i gDkgJ AN _ T_g@kg@kgk _ 12 gLk ()
e == G B 75 o)
(C.6)

with the expectations .A];j , B and Ck defined as:
A? =E g(a")g(a) %, BE=Eg(d)g(a")z, CE=E @)%  (C7)

A crucial observation, is that a* and the projected input % are jointly Gaussian
and weakly correlated, with a correlation of order 1/ V/D:

E d*%,

1 -
= — 0., 0Wk C.8
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Thus, we can compute the expressions Eq. C.7 using the proposition for weakly
correlated variables derived in App. B.1. This gives:

A = E g/ (@)s(a) I

1

(E g'(a)alg(@) ~ E g'(a")g(a) M) (Q"" Depe _ o0

/ T 1 / / @ T u
B = B g ()3(e) IS + o (E 8 (a)s(a) — B o (ah)glayart) e,
T 1 ! ! o ég)k T
Ct—E gla >\P}+Qkk(Eg<a">a"—J§g<a">M s ()

where we used that the first moments of the local fields are given by the order
parameters, E ,[a"] = M* and Cov(a*,a') = Q. The multi-dimensional integrals
of the activation function only depend on the order parameters at the previous
step. We discuss how to obtain them, using monte-carlo methods in Sec 4.4. The
averaged update of the first layer weights follows directly from Eq. C.9.

Update of the Order parameters In order to derive the update equations for the
order parameters, we introduce the densities m(p, t) and g(p, t). These depend on p
and on the normalised number of steps t = #/D, which we interpret as a continuous

time variable.

1 A1k ~a
(p’ ) Dep - 91’ VT]]' (PTE[szH’EP[)’
1 ~(1)k
K 1 Dk (1)1
q (p’ t) Dgp ~ GT HT l(pTe[P1P+€p[), (C.lO)

where 1(.) is the indicator function and the limit €,—0 is taken after the ther-
modynamic limit. Using these definitions, the order parameters can be written
as:

Q¥(t) / do pa(p) pg"(p,t), M (t) / dp pa(p)m™(p,t). (C.11)

The equation of motion of m can can be easily computed using the update C.6
and is given by:

omPk(p, t) am" (0,t) om? (Pr t)
— = Y. Pa 7"‘gt + ) P, (C.12)
aeS(+) r€S(-)
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with
amfli (pr ) (2)k «p Upe(Z)k ok Bk
e == (TP g (B2 (k, k) = Bax (k)M ) mP¥ (o, )
+Z[ 179 k9 ]Izz(k ])T‘X‘B
j#k
p(2kg(2)j ’ ’ g o
(it ) () )
+ (=1 o)+ T2k YMY ) ( QP (p, ) — Qi (o, 1)) }]
— 0Pk Ly (e, k) TP — AymP*(p, 1)
(2)kg(2)k
’WQk (130 k) — Il )M (0, 1), (C.13)
Note how, in order to close the equation, we introduced an additional order
a, B
Au)';u?’

parameter T = Y0, X252 which is entirely defined by the overlap of the means
of the mixture under consideration and is therefore a constant of motion. For
compactness, we defined the multidimensional integrals I of the activation function

over the local fields as:

Is(k,j,1) = E g'(a*)a"(a) (C.14a)
I(k,j) = E g'(a“)a/ (C.14b)

I (k) = E ¢'(a") (C.14c)
In(k,j) = E g'(a")g(a). (C.14d)

The update of g can similarly be decomposed as a sum over the different Gaussian

clusters:

agk (o, 1) gt (o, t) g (o, t)
W ol) oy op 2l o p el g
ot aeS(+) aeS(-) ot

The linear contribution to this update is directly computed by using Eq. C.6 and
is similar to the one for mf*(p,t). The quadratic contribution is obtained by using
the fact that the projected inputs ¥; have a correlation of order 1/v/D with the local
fields. Therefore, to leading order, this contribution is given by terms of the form:

L T [¢a (@ )s(@g(0)] = T E [¢/0g @)stata)] (z . [xg]) LoD
(C.16)
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Let us define the constant of motion x* = Y, 02, then the quadratic term in the

update for g,+ is given by:

n2x 0@k <I42(kl sze il (k,1,7) +Y_6@ig(2 bI4(kl],b)>. (C.17)
j jb

The multidimensional integrals I are given by:
la(k,1,j,b) = E g'(a")g'(a')g(d)g(a")  Lia(k,1,j) = E g'(a")g'(a)3(a) Ina(k,]) = E g'(a")g'(a").
Finally, the full equation of motion of g is written:

g2k

(kb = I ()M ) g o, 1)

+2[ RGP 1y (k, jym™* (o, £)
7k

a kl ,t
q (gt )zxi :iﬂ(?(z)klsl(k)mak(@ ):l: UPQ

ﬂpQ(Z)kQ(Z)]

+ g — g L (Bl k) + Ik )MY) (g (6, 1) — QY o, 1))

(I ) + Lk M) (@ (0, t) = Qg (p,1)) }
’799(Q)k() <I3(k k, k) — In(k, k)M”‘k) (o, 1)

+ (k1) (C.18)

— 179(2)k9(2)k122(k, k)m“k(p, ) —

+ 72 x* 0! <I42(kl :FZZH ik, 1,7) +29 g2t (k,1 ],b)> —2Anq" (o, t).
j jb

Update for the second layer weights The update of the second layer weights is also
decomposed into the contribution of the different Gaussian clusters and follows
from taking the expectation of Eq. 4.37b on the GM distribution 4.36:

do@k(t) d6*(#) o (¢
E=g = L P c+1t L P
xeS(+) aeS(—) (C.19)
a0 Pk (1) ‘ '
o =+ 1E g 1729 VE g(a")g(a) — Ao

Equations C.13,C.18 and C.19 suffice to fully characterise the training dynamics, in
the limit of high dimensions and online-learning, of a 2LNN trained on an arbitrary
Gaussian mixture with O(1) clusters each having mean y* and same covariance

matrix Q.

Agreement with Numerical Simulations Here, we verify the agreement of the ODEs



Appendix C 189

— Ok 0.2 kn
0.2 ? f 0.1
0.0 ety 0.0
0.0

-0.1

0.4

&g

0.2

— analytical
+ simulations

1071 10! 10°
t

k

—

-0.2
-0.2

0.0
1071 10! 10° 107t 10! 10 ’ 107t 10! 10
t t t

-0.2

Figure C.1: Agreement between simulations and ODEs when training a K =
3 2LNN on a Gaussian mixture in D = 800 dimensions, with four Gaussian
clusters with random covariance matrix () and random means (i.e. yrw./\/ (0,1))
for sigmoidal activation function. We verify that even at finite (D = 800) input
dimension, the analytical prediction agree well with simulations. 7 = 0.1, g(x) =
erf (x/2), weights initialised with s.t.d. op = 1. Monte-Carlo integration performed
with 10~* samples.

derived above with simulation of 2LNN trained via online SGD. To start, Fig. C.1
displays the dynamics of a K = 3 network trained on a Gaussian mixture with 4
Gaussian clusters having covariance matrix () = F'F/yD and means p*, where the
elements of both the matrix F € RP*P and the means are sampled i.i.d. from a
standard Gaussian distribution. The agreement between analytical prediction, given
by integration of the ODEs, and simulations is very good both in the dynamics of

the test error, of the order parameters and of the second layer weights.

Note that the equations of motion describe the evolution of the densities m and
g averaged over the input distribution. The agreement between this evolution and
simulations justifies, at posteriori, the implicit assumption that the stochastic part of
the SGD increment 4.37 can be neglected in the D— o0 limit. We can thus conjecture
that in the D— oo limit, the stochastic process defined by the SGD updates converges
to a deterministic process parametrised by the continuous time variables t = N/pD.
We further add that the proof of this conjecture is not a straight-forward extension
of the one of Goldt et al. [114] for i.i.d. inputs since here, one must take into account

the density of the covariance matrix.

The ODEs are valid for generic covariance matrix and means. Thus, they can
be used to analyse the role of data structure in training 2LNNs. Although we
leave a detailed analysis for future work, Fig. C.2 gives an example of how this
could be done in the case where a K = 3 2LNN is trained on a GM obtained
from the FashionMnist dataset. The GM is obtained by computing the means x*
and covariance matrix Cov,(x, x) of each class in the dataset and assigning a label
+1 or —1 to the different classes, as is commonly done in binary classification
tasks. One could, for example, assign label y = +1 to the sneakers, boots, sandals,
trousers and shorts categories and y = —1 to all others. Extending our analysis
to C-class classification is straight forward and follows the analysis of Yoshida
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Figure C.2: Agreement between simulations and ODEs when training a K = 3
2LNN with sigmoidal activation function on a Gaussian mixture obtained from the
FashionMNIST dataset. The analytical dynamics obtained by integrating the ODEs
agrees well with the given by simulations. Thus, the ODEs provide a tool to study
the importance of datastructure in training 2LNN. We leave this study for future
work. D =784, n = 0.1, g(x) = erf (x/v2), weights initialised with s.t.d. oy = 0.1.
Monte-Carlo integration performed with 10* samples.

et al. [322]. The inputs are then sampled from a GM where the cluster’s mean

are given by ¥* and the covariance matrix () is the mean covariance of all classes:

Q = /ngeees 2 Covy (%, x). Note the similarity between this procedure and linear dis-
o

criminant analysis commonly used in statistics. The agreement between simulations
and analytical predictions is again very good, both at the level of the test error and

of the order parameters.

Simplified ansatz to solve the ODEs for the XOR-like mixture

Here, we detail the procedure, introduced in Sec. 4.4, used to find the long
time t—oco performance of 2LNN by making an ansatz on the form of the order
parameters that solve the fix point equations. The motivation for doing so, as
argued in of the main text, is that integrating the ODEs is numerically expensive
as it requires evaluating various multidimensional integrals and the number of
equations to integrate scales as K2. In order to extract information about the
asymptotic performances of the network, one can look for a fix point of the ODEs.
However, the number of coupled equations to be solved, also scales quadraticaly
with K and is already 26 for a K = 4 student. The trick is to make an ansatz,
with fewer degrees of freedom, on the order parameters that solve the equations.
Used in this way, the ODEs have generated a wealth of analytical insights into the
dynamics and the performance of 2LNN in the classical teacher-student setup [38,
39,117, 268-270, 321, 322]. In all these works though, an important simplification
occured because the means of the local fields were all zero by construction. This
simplification allowed the fixed points to be found analytically in some cases. Here,
the means of the local fields evaluated over individual Gaussians in the mixture
are not zero, so we have to resort to numerical means to find the fixed points of the
ODEs.
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Consider, for example, a 2LNN trained on the XOR-like mixture of Fig. 4.1.
The Gaussian clusters have covariance Q) = ¢2I and means chosen as in the left-
hand-side diagram of Fig. 4.1, with the remaining D — 2 components set to 0. This

+0 — (k. #1 that, in terms of overlap

configuration leads to the constrain (V%
matrices, forces M* = — M*+1k thus halving the number of free parameters in M.
It is also clear that the only components of the weight vectors which contribute
to the error are those in the plane spanned by the means of the mixture. The
additional D — 2 components can be taken to 0: i.e. Or(l)k =0forr=2,.,D. This

condition allows to decompose the weight vectors as:

)+0 oo

wk = 2 (C.20)
Zr; D Z \F \f
This decomposition, fully constrains the overlap matrix Q¥ in terms of M*:
kool
— 2y s
=0 ; 5
9(1)k‘u+0 wlpﬁo |2 9(1)ky_0 wly_o =02
_ 2 r at*a 2 r r ar*a
- (; D ; D p 7 Zr: D ; D D
— O =2 <M+0kM+Ol n M—OkM—Ol> ) (C.21)

where we used that in the XOR-like mixture, |u*| = v/D and p°* - 4%~ = 0. From
the symmetry between the positive and negative sign clusters of the mixture, in
the fix point configuration, for every weight having norm |w| and at an angle «
with the mean of a positive cluster, there is a corresponding weight of the same
norm, at an angle & with a negative mean. Le. the angles of the weight vectors
0Dk to the means u?, as well as the norms of the weights, are 2 x 2 equal (one for
the positive sign cluster and the other for the negative sign one). This constrains
further half the number of free parameters in the overlap matrix M, which are
down to 4K/(2 x 2) = K. The second layer weights v are fully constrained by
requiring the output of the student to be £1 when evaluated on the means. Putting
everything together, one is left with K equations to solve for the K/2 angles and the
K/2 norms, or equivalently, for the K free parameters in the overlap matrix M. The
agreement between the solution found by solving this reduced set of equations and
simulations is displayed both in Fig. 4.3, where we use it to predict the evolution of

the test error with the L2—regularisation constant.
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C.3 Transforming a Gaussian mixture with random features

The distribution of random features is still a mixture
Given an input x = (x;) € RP sampled from the distribution 4.36, we consider the
feature vector z = (z;) € RN

v (f ).

where F € RPX? is a random projection matrix and ¢ : R—R is an element-wise

non linearity. The distribution of z can be computed as:

:/Ddxpx(x)‘5 (Z_l/’«;%))
-/ Ax L aW)a(xly)? (Z_IP(;PE))

=) aly) Y, Papil2), (C.23)
Y

with

pz(z) = /]RD dx6 (z — 9 (;%)) N (\%Q> (C.24)

Crucially, the distribution of the features z is still a mixture of distributions. We

can thus restrict to studying the transformation of a Gaussian random variable

_ W
Y= (C.25)

where w;, is a standard Gaussian. The scaling of y, and ¢ is chosen according to

which regime (low or high SNR) one chooses to study. We aim at computing the
distribution, in particular the two first moments, of the feature z defined in Eq. C.22.

By construction, the random variables u; are Gaussian with first two moments:

}gi, = Z ”Vf (C.26)

Euju; = yy]—i—a

IELIZ':

(C.27)

7

Low signal-to-noise ratio
Here we compute the statistics of the features, for general activation function, in
the low signal to noise regime, for which [#//vD~O(1) and c~O(1) so that the

Gaussian clusters are a distance of order 1 away from the origin.
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The mean of z; can be written as:

Ez = E (i) = ]El/)(\ﬁ ) (C.28)

where { € R is a standard Gaussian variable. In the scaling we work in, where
P and D are send to infinity with their ratio fixed, and |ul/vD~O(1), fi;/+/D is of
order O(1/vD). Thus, the activation function ¢ can be expanded around o¢:

_ fli 1
—E¢(0§)+U\/51E§¢(0§)+O<D>. (C.29)

where we used integration by part to find ¢Edy (¢¢) = E ¢ (07).

For the covariance matrix, we separate the computation of the diagonal from

the off-diagonal. Starting with the diagonal elements:

_ 2
(vietr+ P o) ]
- [p 007+ LBt 00 +0 ()

where, once gain, integration by parts was used to obtain 2¢E [ (¢0) 0y (0Q)] =
Egy? ().

E [z] =E

1

(C.30)

In order to compute the off-diagonal elements, we note that different compo-
nents of u are weakly correlated since Cov(uj, u;) = 0> ¥, FrFir/D~O(1/ VD). We
can therefore apply formula Eq. B.4 for weakly correlated variables:

E zzj= E $()ypu)

(zi, z]) (u;, u]

= B () E 9() + 3 " B uig(u) E () +0( ) (C3)

where the averages are now over the one dimensional distributions of u;~N ( b’ 2) .

We can now replace in the above u; = \;‘L + 0 and keep only leading order terms:

Coutz ) = o (ot + Loz + L)) (ytoz+ Loz + 1)
20’25( (e0)og +0( )) (¢<o—§>a§+0< :

75)
:]E[Cgb(a@)]zzpigﬁ—l—O > , fori # j. (C.32)

-

—
ol
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Thus yielding the final result:

Cov(zi,zj) = E[Cyp(00)]* ) 5 fori#j. (C.33)
r
We define the constants g, b and c as in Eq. 4.47 and d as:

a=Ey(07), b=Elp(7), ¢=E[p(©0)], #=Ey* () (C34)

These definitions together with Eq. C.29, Eq. C.30 and Eq. C.33 lead to the statistics
of Eq. 4.48 and Eq. 4.49:

i
Ez;=a+ b
l oD

> —a’+ B (2 — 2ab +0O(L) Lifi=
(7\/5( ) (D) )
COV(Zi’Zj) - (\/15) subleading if ¢ —a? > 0 (€35
b2 Zr O( ) Lifi#]

The above shows that, the transformation of the means is only linear and in the
low SNR regime, the XOR-like mixture of Fig. 4.1, is transformed into a XOR-like
mixture in feature space which cannot be learned by linear regression. Note, that
the performance of linear regression on the features is equivalent to its performance

on inputs Z € RP sampled from a Gaussian equivalent model defined as:

zi=Ez+) 0%, (C.36)
j

where Cov(z;, zj) = Y Q}k/ zﬂ}k/ 2 and ¢ € R” is a random vector with components
sampled ii.d. from a standard Gaussian distribution.

ReLU features

In the case of Relu activation function i.e. (x) = max(0, x), the mean and the
covariance of the features can be evaluated analytically for all SNR regimes. The
distribution of the features within each cluster is given by a modified Gaussian: the
probability mass of the Gaussian on the negative real axis is concentrated at the
origin while the distribution on the positive axis is unchanged.

In particular, the integral to obtain the mean of z can be computed analytically

and is given by:

Ez;,=E ReLU(ui) |:g <1 + erf( pi

\[)> \/Le Pt/ 2] (C.37)
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where we defined:

b= i _ Yo Firpr
Pi = \/70' Do

The covariance is once again computed by separating the diagonal terms from

the off-diagonal ones. The integral to obtain the diagonal terms has an analytical
expression found to be:

Cou(zy =) =B [ReLU(u)"| B [ReLU(w)]* =? | Lo /2 4 37 + 1)1 -ent(F)
(C.38)

For the off-diagonal components, we again use that the covariance of the different
components of the u; is of order 1/vD as Cov(u;, u]-) = ¢?Y_, FiFi/D. Therefore, to
evaluate IE [ReLU(u;) ReLU(u;)], we can use the result Eq. B.4 for weakly correlated
variables with eM;, = ¢? ¥, FiFi/D. Then to leading order in %, one finds:

Cov(z;,zj) = E [ReLU(u;) ReLU(u;)] — E [ReLU(u;)]E [ReLU(u;)]
y (C.39)
D

Fierr
_ Z 5 [1; ReLU (u;) | E [1; ReLU )] + O

where the expectations above are over one dimensional distributions u;~A\ <Zr iz 0'2> .

The integrals have an analytical closed form expression, which yields the final
result for the covariance:

02 [%e_ﬁ%/z (P74 1)(1 + erf(£
Cov(zir2) = | x Fiky (B J
T (1—|—erf\f><1+erf7

) - (Bz)?| ifi=,
)+o<%) if i # j
(C.40)

S

\_/

Relation with the kernel

As discussed in Sec. 4.5 of the main text , the performances of kernel methods can
be studied by using the convergence of RF to a kernel in the y—co limit taken after
the D, P— oo limit [253]:

P X D sLis
K(x,y)=;; [ (Z w>¢<§y\/%)

In the low SNR regime where |#l/vD~O(1), the action of the kernel is essentially

linear. The three constants 4, b and ¢, defined in Eq. 4.47, can be expressed
equivalently in terms of the activation function ¥ or of the kernel. Consider wy,

wy € R, two ii.d. standard Gaussian random variables, and denote by angle

— (Ez;)?
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brackets (-) the expectation over wq, w,. Then, by the definition K(x, y) one has:
1y 2 2
(K(own, 0w1)) = Y (p(ui)®) =c (C.41)
i=1

where u € R” is the random vector whose moments are defined in Eq. C.26 and we
used the element wise convergence of ¥(X: Firxr) (L, Fisys) /P to its expected value [253].
Similarly, one has:

(K(own,0w)) = 3 Y ((u))? = @ )

Finally, for b one has to perform a linear expansion of the kernel around the noise
variable owy:
2

1 P rFir rFir
(K(0w1+\;l5,0w2+\/y5)> =pL(E w(uﬂ+2rj”D )><¢(uiz+Z”D )|
1 P T Hts FlrF /
=5 L) + L' il DE ;)
e L, (49

— b* =Do? <—a2+ K(ow +L,0w —|—L )
(K(owr + b 00+ L)
These expressions allow to express the statistical properties of the features z, and
to asses the performance of RF and kernel methods, directly in terms of the kernel

without requiring the explicit form of the activation function.

For completeness, we give the analytical expression of the kernel corresponding
to ReLU random features, i.e. (x) = max(0, x):

Kreru(x,y) = | Hy| 2|sin(0)] + cos(0) | 7w + 2 Arctan cos(6) , (C44)
| sin(6)]
where we defined the angle 6 between the two vectors x,y € RP such that |x|, |y| >
0:

X'y
= "7 (C.45)
x| [y

From Eq. C.44, one sees that in case of ReLU activation function, the kernel is an

angular kernel, i.e. it depends on the angle between x and y*.
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Figure C.3: Agreement between analytical predictions and simulations of the
classification error of RF trained on the XOR like mixture of Fig. 4.1 for increasing o
and various . The analytical predictions are obtained by computing the moments
of the features z using Eq. C.37 and Eq. C.40. These are then used to obtain, first the
asymptotic solution of RF via Eq. C.51, which is in turn plugged in Eq. C.54. The
final result is then given by Eq. C.53. Simulation results are obtained by training
online an RF network with # = 0.1 until convergence. Parameters: D = 800, = 0.1,
P =D, lul/vD = 1.

C.4 Final test error of random features

This section details the computations leading to Eq. 4.43 and Eq. 4.45 allowing to
obtain the asymptotic performances of RF trained via online SGD on a mixture of

Gaussian distribution.

Applying random features on x € RP sampled from the distribution 4.36 is
equivalent to performing linear regression on the features z € R” with covariance
()* and mean y,. In the following, for clarity, we assume the features are centred, so
that y, = 0, extending the computation to non centred features is straight-forward.
The means of the individual clusters are however non zero. The output of the
network at a step t in training is given by ¢(w); = Y©_, wizi/\P. We train the
network in the online limit by minimising the squared loss between the output of
the network and the label y;. The pmse is given by:

ZUZU]

P _\?2 P
pmse(w) = %]E (y - ; Zj}%) %—k Z OF - 2 (C.46)

i,j=1

where we introduced the input-label covariance ®; = E [z;y].
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The expectation of the SGD update over the distribution of z is thus:

) ﬁ Z \wFJQZZ] (C.47)

Importantly, both the pmse and the average update only depend on the distribution

wjzj

Edw; = }EL (Z

of the features through the covariance matrix of the features ()* and the input label
covariance Y.

To make progress, consider the eigen-decomposition of the covariance matrix
(QXR
1
QZZ] = ﬁ ;pTFT,-FT]-, (C48)

where p; are the eigenvalues and I'; their corresponding eigenvectors.

Define the rotation of W and & into this eigenbasis:

o = f 2 Tw; & = f 2 Tie®; (C.49)

In this basis, the SGD update for the different components of (1) decouple. One
finds a recursive equation in which each mode evolves independently from the
others:

1) _ 1 -l
EddV = (&, — Y p.8) (C.50)

Thus, the fix point W such that E d@, = 0, can be found explicitly:
p'(’a;]-[ = \/ﬁé’[.

Rotating back in the original basis one finds the asymptotic solution for W as:

1

W= ), —Tlid (C.51)
T;0:>0 Pr
The asymptotic test error is thus given by:
1 &2
pmse, .= [1- Z— (C.52)
2 T Pt

Asymptotic classification error From the solution of Eq. C.51 for the asymptotic

solution found by linear regression, one can obtain the asymptotic classification
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error performed by random features as:

€cts00 = EO(—ya) = ZP“]E O(—ya), (C.53)

where ® : R—R is the Heaviside step function and we defined a = Y, ®izi/ //P.
Introducing the local field a allows to transform the high dimensional integral over
the features z into a low-dimensional (in this case one dimensional) expectation
over the local field. The Gaussian equivalency theorem of Goldt et al. [118] shows
that even though the z are not Gaussian, to leading order in 1/P, the average

Eq. 4.45, only depends on the first two moments a, defined as:

P A ) P .
M, = E [a] = }:% Qu = Covla,a] = } 220

Cov(z,z) (C.54)
= VP “ o P

These moments can be computed analytically from the statistics of the features
computed in Sec. C.3 and from the optimal weights W obtained in Eq. C.51. The
classification error, Eq. C.53, can thus be evaluated by means of a one dimensional

integral over the distribution of a.

da
€Ct%00 = Zpﬂl/ m

1 M,
! (1 - Y Paert ( m)) (C56)

C.5 The three-cluster model

O(—ya)e™ 2 (1M (C.55)

Similar to the analysis of the XOR-like mixture of Fig. 4.6, we analyse a data model
with three clusters that was the subject of several recent works [80, 177, 203, 220,
221]. The Gaussian mixture in input space can be seen in the first column of
Fig. C.4. The means of both positive clusters are set to 0 while the means of the
negative sign clusters have first component 4 and all other D — 1 components 0.
The mixture after random feature transformation is displayed in the second column
and the third and fourth column show the performance of a 2LNN, respectively, a
random feature network, trained via online SGD, on this problem. Here again, we
build on the observation that overparametrisation does not impact performances
and train a K = 10 2LNN in order to increase the number of runs that converged.
The three rows, are as before, three different SNR regimes, they are in order the
low, high and mixed SNR regime.

The phenomenology observed in the XOR-like mixture carries through here. In
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Figure C.4: We compare the performance of 2LNN with K = 10 hidden units and
ReLU activation function (third column) to the ones of random features (fourth
column) on the three cluster problem with different signal-to-noise ratios. The
right sketches the input space distribution and the second column the transformed
distribution in feature space. 2LNN can considerably outperform RF in all three
regimes. In the low SNR regime (top), the action of the random features is essentially
linear inducing their performance to be as bad as random guessing in the D—co
limit. In the high SNR regime (middle), instead, both networks manage to learn
the task. In the mixed SNR regime (bottom), the distance between opposite sign
clusters remains of orther one in feature space inducing the RF performances to
be unchanged with D. We plot the test error as a function of time. Parameters:
D =1000, n = 0.1, 0% = 0.05, P = 2D for random features, K = 10 for 2LNN.

the low SNR regime, 19 = v/D (top row), the 2LNN can learn the problem and its
performance remains constant with increasing input dimension. On the other hand,
in this regime, the transformation performed by the random features is only linear
in the large D limit. Consequently, the RF performances degrade with increasing
D and are as bad as random chance in the limit of infinite input dimension. In
the high SNR regime instead (second row), where o = D, the mixtures becomes
well separated in feature space allowing RF to perform well. Both the performance
of 2LNN and RF improve as the clusters in the mixture become more separated.
The mixed SNR regime (bottom row) is obtained by setting one of the negative
sign clusters a distance /D from the origin while maintaining the other one at a
distance 1. Here, the random feature perform a non trivial transformation of the far

away cluster while its action on the nearby cluster is linear. Hence, in feature space,
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one of the negative clusters remains close to the positive clusters while the other is
well separated. The RF thus achieve a test error which is better than random but
still worse that that of the 2LNN. Its error is constant with increasing D since it is
dominated by the “spill-over” of the negative cluster into the positive cluster at the
origin.

Lastly, let us comment that in all our work, we did not add a bias to the model.
Adding a bias, does not change the conclusion that small 2LNN considerably
outperform RF. In fact, the learning curves are only slightly modified. This is
due to to our minimisation of the pmse when training the network, which, unlike
classification loss that only cares about the sign of the estimate, penalises large
differences between label y = £1 and the output. For simplicity, we thus chose
to remove the bias in our analysis, although including it is a straight forward

operation.
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Autoencoders as a tool to study

feature learning

D.1 Online learning algorithms for PCA

We briefly review a number of unsupervised learning algorithms for principal
component analysis, leading to Sanger’s rule which is the inspiration for the
truncated SGD algorithm of 4.7.3.

Setup
We consider inputs x = (x;),i = 1,..., D with first two moments equal to

E X = 0 and ]Exix]' = Qz; (Dl)
We work in the thermodynamic limit D—oo.

Hebbian learning

The Hebbian learning rule allows to obtain an estimate of the leading PC by
considering a linear linear model y = a = ) ; wixi/yD withi = 1,..., D and the loss
function £(a) = —a?. It updates the weights as:

1
dw} = =11V, L(a) = ﬁiytyxi (D.2)
In other words, the Hebbian learning rule tries to maximise the second moment
of the pre-activation 4. That using this update we obtain an estimate of the first
principal component makes intuitive sense. Consider the average over the inputs
of the loss: .

E ,C((Z) = —Ewiﬂi]‘w]‘. (D3)

202
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If the weight vector e is equal to the Tth eigenvector of Q), then E L(a) = —p./D,
and the loss is minimised by converging to the eigenvector with the larges eigen-
value. Also note, that similar to what we find in the main text, this result also
suggests that the leading eigenvalue in the large-D limit should scale as p;~D. The
Hebbian rule has the well-known deficit that it imposes no bound on the growth of
the weight vector. A natural remedy is to introduce some form of weight decay
such that

dw! = i(yxi — KW;). (D.4)

3

Oja’s rule
[240] offers a smart choice for the weight decay constant x. Consider the same

linear model y = a trained with a Hebbian rule and weight decay x = y*:

dw! = \}%(yxi — yw;) (D.5)

The purpose of this choice can be appreciated from substituting in the linear model
and setting the update rule to zero, which yields (dropping the constants)

ZQijw]‘ = ijngwgwi (D.6)
j it

which is precisely the eigenvalue equation for ().
Then, Oja’s update rule is then derived from Hebb’s rule by adding normalisa-
tion to the Hebbian update (D.2),

t
w: + X
wt-i—l i VERS

i (D.7)
(2 0!+ i)

1/p

with p integer (in Oja’s original paper, p = 2.) This learning rule can be seen as a
power iteration update. Substituting for y, we see that the numerator corresponds
to, on average, repeated multiplication of the weight vector with the average
covariance matrix. Expanding D.7 around 1 = 0 yields Oja’s algorithm (while
also assuming that the weight vector is normalised to one). One can show that
Oja’s rule indeed converges to the PC with the largest eigenvalue by allowing the
learning rate to vary with time and imposing the mild conditions

T T
lim ) 7—o0, lim ) 7l <oo for p>1. (D.8)
—e 7 T—co =0

Sanger’s rule [273] is also known as generalised Hebbian learning in the
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literature and extends the idea behind Oja’s rule to networks with multiple outputs
yk = wkx;. It allows estimation of the first few leading eigenvectors by using the

update rule is given by

dw* \Fy ( Zygwg) (D.9)

Note that the second sum extends only to the k; the dynamics of the kth input
vector hence only depends on weight vectors w’ with ¢ < k. This dependence
is one of the similarities of Sanger’s rule with the Gram-Schmidt procedure for
orthogonalising a set of vectors (cf. sec. 0.6.4 of Horn and Johnson [137]). The
dynamics of Sanger’s rule in the online setting were studied by Biehl and Schlosser
[37], Schlosser et al. [278]. Sanger’s rule reduces to Oja’s rule for K = 1.

D.2 Online learning in autoencoders

Here we derive the set of equations tracking the dynamics of shallow non-linear
autoencoders trained in the one-pass limit of stochastic gradient descent (SGD).
These equations are derived for Gaussian inputs x € RP drawn from the generative
model 4.53, but as we discuss in 4.7.4, they also capture accurately the dynamics of

training on real data.

D.2.1 Statics

The starting point of the analysis is the definition of the test error (4.52) and
the identification of order parameters, i.e. low dimensional overlaps of high

dimensional vectors.

pmse = %ZIE(JCZ' —%)? (D.10)

- o+ EEss (U)o (D) -2 DEetae (202,

ikt i

First we introduce the local fields corresponding to the encoder and decoder’s

weights,

k= w xl vk = Z U;I;Ci, (D.11)

1
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as well as the order parameter tracking the overlap between the decoder weights:

1
o' = 5 Y v (D.12)
1

Note the unusual scaling of vk with D; the intuition here is that in shallow autoen-
coders, the second-layer weights will be strongly correlated with the eigenvectors
of the input-input covariance, and hence with the inputs, requiring the scaling 1/D
instead of 1/+/D. This scaling is also the one that yields a set of self-consistent
equations in the limit D—co. The generalisation error becomes

1
pmse = 5 TrO+ kz{; TYE g(a¥)g(a’) —2 ;]E vkg(ab). (D.13)

Crucially, the local fields a and v are jointly Gaussian since the inputs are Gaussian.
Since we have Ea* = Evk = 0, the pmse can be written in terms of the second

moments of these fields only:

1
Tff =Ev/A = 2 Zv;‘ﬂzjvf, (D.14)
ij
1
kO — o k0 k ‘
=FEada" = —) wQw:;, D.15
Ql /*D g iyt ( )
1
R =E vk = e vaijw;’. (D.16)
Z,]

The full expression of E g(a¥)g(a’) and E v¥¢(a*) in terms of the order parameters
is given, for various activation functions, in App B.2. Note the different scalings of
these overlaps with D. These are a direct consequence of the different scaling of
the local fields a* and v*. In order to derive the equations of motion, it is useful to

introduce the decomposition of () in its eigenbasis:

1 D
Oys = D 2 | IS P (D.17)
=1

The eigenvectors I's; are normalised as )} ; I'tiI'v; = Dérp and }o. I';I'; = D9

k

Kok, x;} onto this basis as zr =

We further define the rotation of any z; € {w
1/vD 2521 I'zszs. The order parameters are then written:

1 1 1
T]]_(Z = ﬁ ZPTUI’LC’U’EL” R]](f == D3/2 Ep”[w];vﬁ/ I](l = 5 Zp'fwéwf“ (D'18)
T T T
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D.2.2 Derivation of dynamical equations

At the pth step of training, the SGD update for the rotated weights reads
k— (. k Kk ’7W 1 3 ko (K Kk
dwr = (w’r) 1 - (wr>‘u = Ty = ZU g —Xj U]'g (El )xT - Bwr
I ZTgkg(aZ) —vF) ¢ (@) x; — Kk, (D.19)
vD \ 7 D

K
S
dok = —%/g(ak) (Zv?g(am) — xT> — Bvlé. (D.20)

To keep notation concise, we drop the weight decay term in the following analysis.
We can now compute the update of the various order parameters by inserting the
above into the definition of the order parameters. The stochastic process described
by the resulting equations concentrates, in the D—roo limit, to its expectation
over the input distribution. By performing the average over a fresh sample x,
we therefore obtain a closed set of deterministic ODEs tracking the dynamics of
training in the high-dimensional limit. We also show in simulations that these are
able to capture well the dynamics also at finite dimension D~500.

Update of Tj the overlap of the decoder’s weights
Let us start with the update equation for T = 1/pY kol which is easily
obtained by using the sgd update (D.19).

1 a
TOerl kﬁ:B;dvv + vidvl = v (Zg a) T8 +v'g(a )>+(k<—>£)
(D.21)

By taking the expectation over a fresh sample x and the D, N— oo limit, we obtain
a continuous in the normalised number of steps s = #/D, which we interpret as a
continuous time variable, as:

194
aaT;) =1y (DEg(a")g(a“)TSf +1Eufg(a’<)> + (k< 0) (D.22)

This equation requires to evaluate I, = E g(a¥)g(a*), Iy = Ev'g(a¥), which are
two-dimensional Gaussian integrals with covariance matrix given by the order
parameters. We give their expression in B.2. We also note that the second order
term « dv*do’ is sub-leading in the high dimensional limit we work in.
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Update of T
The update equation for Tf' = 1/p2Y_ p-vX0 is obtained similarly as before by
using the SGD update (D.19) and taking the high-dimensional limit.

9T . ol
= (;Eg(a")g(a )TY + ;pTDZIEg(a")xT> +(ke ) (D23)

To make progress, we have to evaluate E g(a*)x,. For this purpose it is crucial to

notice that the rotated inputs x; are weakly correlated with the local fields:

1 1
Edx, = =Y wrQ;T, = — wk,
T D IZJ: itagt T \/BPT T

. 1 . 1, (D.24)
Evix: = D72 izjvi Ol = HPVr

Then, we can compute the expectation [E g(a*)x; using the results of ?? , i.e. Eq. (B.4)
with f(x) = g(x) and h(y) = y, thus obtaining:

E a*g(a") prwk
Eg(a")x, = — 2P (D.25)
g T Q]{k /D

Inserting the above expression in the update of T; yields:

oTK Ea*g(a¥) « ,vlwk I
a;:nv< ofF Z P 57 Z]Eg DTIT | + (k< 0) (D.26)

Notice, that in this equation we have the the appearance of }_. p2 g;‘/’;,

cannot be simply expressed in terms of order parameters. Similar terms appear in

a term which

the equation for Q; and R;. To close the equations, we are thus led to introduce

order parameter densities in the next step.

Order parameters as integrals over densities
To proceed, we introduce the densities q(p,s), r(p,s) and t(p, s). These depend on
p and on the normalised number of steps s = 1/D:

1
kl k.0
q (p,S) = D€p ;wrwrll

1
*(p,s) = b7, Y vkwil, (D.27)
T

k El,

tkg(pls) = DZ
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where 1(.) is the indicator function and the limit €,—0 is taken after the thermody-
namic limit. The order parameters are obtained by integrating these densities over

the spectrum of the input-input covariance matrix:

= % [ dopaleled“(p,s), RY = % [ dopaleler(p,9), T4 = % [ dopaleet (p,s).
(D.28)
It follows that tracking the dynamics of the functions g,r and ¢, we obtain the
dynamics of the overlaps Qq,R; and Tj.

Dynamics of £(s, p)
The dynamics of t is given straightforwardly from D.26 as:

kt k
L (Wﬁ”" - L 9B (g0 )) + (k> £) (D29)
1

where we defined the rescalled eigenvalue p = ¢/D. Here again, straightforward
algebra shows that the second order term is sub-leading in the limit of high input
dimensions.

Dynamics of 4(s, p)

In a similar way, we compute the dynamical equation for 4(s,p) by using the
encoder’s weight’s update in D.19 and taking the expectation over the input
distribution.

97" (p,5) 21 w' YWy, — ZT“klEg (a)g(a)xr | + (k< )
ds
(D.30)
In the above, we have the appearance of the expectations:

A = E [¢/(a)g(a)x:] /B = E[g/(a")g(a)x:] /:CE = B g/ (aM)ae] - (D31)
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To compute these, we use our results for weakly correlated variables from B.1 and

obtain:

w]; a / a a Tw
AY :Qllckgallal_ e <Qi’“1E & () d*g(a")] p:@ — QFE [ (a) a"g(a")] p\/ﬁ
—QI'E |g' (o) a*g(a")] p:/zg; +QIE [¢' (o) a"g(a")| B =

v E[g (a)a'g(a")] pruk
Bk = o N (D.32)

Cr :szkT{dc i (Rllck)z (T{{klE [g/ (ak> akvk} p\Tﬁa[J)I; ~RI'E [g/ (ak) sz} p\}ag
~RVE [ () a0 prD 4 QVE [g (o) 7] pg}’é)

Using these results in the equations for g(p, s) we find:

~QI'E ¢/ (ak) a”g(a”)] 7(0,t)

—QIE [/ () a*g(a")] (o)

+QIE |¢/ (") a'g(a")| ao,t)")
T(I)ck E [8/ (akQ)]{Zkg(ak)] qkl(p,t)} + (k)

(D.33)

Note, that as explained in the main text, in order to find a well defined D—>co limit,
we rescale the learning rate of the encoder’s weights as #w = 7/D.

Dynamics of 7(s, p)

Lastly, we obtain the equation for r(p, s) in the same way as the two previous ones.
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We use D.19 and evaluate the expectation over a fresh sample x.

orkt ,S 1 1 . .
a(f) - <egD3/2 LiweExeg(a) -} W ) 1wk ot g(a")g(a ))
T a T

—|—17<g ZleEg Vix — Z ZleEg )g(”)xr>

(D.34)

We can evaluate the expectations as before (B.1). Thus, we obtain the equation of
motion for r(p, s) as:

adr (p, s) . 1
ds =P kk kk kk\ 2
QU™ — (Rl )

(T{‘k]E {g’ (ak) akvk} (o, t) — R¥E [g’ (ak) vkz} (o, t)
_RllckIE [g/ ak) Ak tkl(p’t) i Qllck]E {g/ (ak> } tkl(p’ ))

_L;(T(’)‘“ Q’ka‘{“l— (Q’l“z)z ( Gy [ / (ak

(D.35)

D.2.3 Simplification of the equations for spiked covariance matrices

In the case of the synthetic dataset defined as x = Ac + ¢, the spectrum of the
covariance matrix is decomposed into a bulk of small, i.e. O(1) eigenvalues, of
continuous support, and a few outlier eigenvalues taking values of order O(D)
(see 4.7). This allows to obtain M equations for controlling the evolution of the
spikes modes and one equation controlling the evolution of the bulk for all order
parameters. Indeed we can simplify the equations of motion of the bulk eigenvalues
(i.e. those for which p~O(1)) by neglecting terms proportional to ¢/p < 1. Doing



Appendix D 211

s0 leads to:
atkia(f’s) = Zf”‘(PrS)lE g(a¥)g(a") + (k  €) — xt*(p, s)
87”550, = E]Eg (o, t) — k" (p,5) (D.36)
aqkéa(sw = —xq"(p,5).

We can define bulk order parameters, that take into account the contribution from
the bulk modes as:

p P
T u - *t ’ R u = r i
bulk /pebulk dpQ(p)D (), Rouik /pebulk dPO(P)DV(P)

Qpuk = dpa(p ) q(p). (D.37)

p€bulk

Note that even though the integrals involve ¢/D~O(1/D) since we are integrating
over a large number (O(D)) of modes, the result is of order 1. The equation for
these overlaps are thus obtained as the integrated form of Eq. (D.36):

Kkl
9 Tbulk

s _—772 bulkIEg )g(a a)+(k<_>€)_KT}§ﬁlk
ke

Mewse _ 5~ Rek (o, ) g(a)g(a") — kR (D.38)
os - bulk \M~ bulk

oQF

782 = — Q-

The order parameters can be decomposed into the contribution from the bulk
eigenvalues and those of the spikes as:

M
Ti= Y, piti+ Tou (D.39)
icoutliers

and similarly for Q; and Ry. The M spike modes ¢t;, r; and g; obey the full equations
Eq. (D.29) , Eq. (D.34) and Eq. (D.33). In particular, it is clear from Eq. (D.38) that
for any non-zero weight decay constant x, the bulk contribution to Q; will decay to
0 in a characteristic time x~!. Further note that the equations for Ty and Ry
result in an exponential decay of the bulk modes towards 0.
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Figure D.1: Gaussian equivalence for autoencoders Train and test mean-squared
error for linear, sigmoidal and relu autoencoders with different numbers of hidden
neurons (K = 4, 64,128 in blue, orange and green, resp.) The autoencoders were
trained on CIFAR10 grayscale images (solid lines) or, starting from the same initial
conditions, on Gaussian inputs with the same covariance (dashed lines). The
agreement is essentially perfect. Parameters: 10k training samples, D = 1024, mini-
batch size=1, 7 = 1.
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Figure D.2: Results derived on synthetic data carry over to finite real datasets
(a) Also in real dataset, a sigmoidal AE requires untied weights to attain good
performances. For an untied student, which asymptotically performs as PCA,
the dynamics slow down at intermediary ranks, signalling a sequential learning
of different modes. (b) In order to learn, a ReLU autoencoder requires training
the bias in the encoder’s weights. The asymptotic error is given by PCA plus
a residual due to the biases. Parameters: CIFAR10 and FashionMNIST with 10k
images. batch-size=1, 7 = 1.
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D.3 Reduced equations for long-time dynamics of learning

In this section we illustrate how to use the equations of motion in order to study
the long training time dynamics of shallow non-linear autoencoders. At sufficiently

long times, we have seen that the weights of the network spam the leading PC
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subspace of the covariance matrix. We restrict to the case in which the eigenvectors
are recovered directly. The case in which a rotation of them is found follows
straightforwardly. We also restrict to the matched case in which K = M.

Consider the following ansatz on the weights configuration: w¥ = #v/vDI'* and

ok = akT*. We defined dynamical constants ak, X € R which control the norm of

the weights. Using this ansatz, the order parameters take the form:
Qi = d2po®  RE =g TH = a2 T =P (DAD)
Using the above, we can rewrite the pmse as:

pmse(ak, af) =Y~ {Té‘k]E g(a")? — 2E v g(a") + ﬁk} + Y pi (D.41)
k i>K

The first observation is that the generalisation error reaches a minimum when the
term in bracket f* is minimised. Minimising it leads to an equation a:*(a;,) at

which f*(a¥(ay),a) = 0 and the pmse is equal to the PCA reconstruction error.

For a linear activation function, we have

pmse(al, ab) = Y {ak2alZp, — 2akalpi + pi} + Y pi (D.42)
k i>K
felag,a) PCA reconstruction error
The pmse is a function only of the product a*?> = a¥ ak and is minimal and equal to

the PCA reconstruction error whenever:

9f(ak, ak . 1 1
f(a;’lw) =0=af = Y Vk  and fk(a—k,uc;‘u) =0 (D.43)
v w w

The above is nothing but the intuitive result that for a linear autoencoder, any
rescaling of the encoder’s weights can be compensated by the decoder’s weights.

For a sigmoidal autoencoder, instead, the expressions of the integrals given in
App. B.2, give:

2 k2 wﬁk 2
2 j
pmse(a 2{ v ap \ 71+ a2) kol +Pk} LA

k i>K

fr(ak,ak)

(D.44)

Differentiating fx with respect to aX, and requiring the derivative to be 0, we find
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the equation:

27r< ﬁk“kz) —402 k2< ﬁktxkz)

D.45
= af2(ay) = (1 + (D4
v ST\ a2k P

We point out that this solution is independent of the sign of a¥, or a¥ as recovering

the eigenvectors or minus the eigenvectors is equivalent. Replacing this solution for
k in the expression for the pmse, we find f¥(aX*(ay),ak,) = 0. The autoencoder
reaches the same reconstruction error as the one achieved by PCA.

Ansatz in the equations of motion
The ansatz Eq. 4.66 results in order parameters of the form:
k2

Kl X okl sk ki “léu“]é Kl sk K 0"52 Kl sk
= Y5 = ) = 25 D.4

Inserting these expressions into the full dynamical equations of motion Eq. (D.33),
Eq. (D.34) and Eq. (D.29), allows us to finnd a simplified set of 2K ODEs for the

scaling constants af and af :
g (% w

dny pras K2~ k ok
55— ("‘IQW\/ZN (ak20 +1) — 2akak)
D.47
oak B 2 2(ak264+1) (D47)
w — (kak 1 _ 70( UCk
os "\ m(ak2p+1)° (2 +1) "

The validity of the equations is verified in Fig. 4.9 where we compare the result
of integrating them to simulations. We provide a Mathematica notebook which
allows to derive these equations on the Github repository of this paper.

To validate our calculations for autoencoders with finite D, we trained an
autoencoder from three distinct initial conditions: A random one, an informed
configuration in which the weights are initialised as in Eq. 4.66 with af = af, =1
and a perfect one, in which additionally, af is initialised from the minimal pmse
solution Eq. D.45. The first observation is that the pmse of the network started with
perfect initial conditions remains at the PCA reconstruction error, thus validating
Eq. D.45. Since we have a noiseless dataset, the PCA error is given by the numerical
error, however we note that the same conclusion caries over to noisy datasets with
finite PCA reconstruction error. In D.3, we plot the pmse of the randomly initialised
and informed autoencoders on the left as well as the evolution of a¥ and af, i.e. of

the overlap between the weights and the eigenvectors during training, on the right.
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Figure D.3: Learning in non-linear shallow AE occurs in two phases (a) The pmse
of an auto-encoder trained from random initial conditions first decays exponentially
and then as a power law in time. Dynamics of the scaling constants &, and «,, The
reduced set of 2K ODEs match the results of simulations. The dynamics of an AE
initialised randomly with random initial conditions become indistinguishable with
those of an AE whose weights are initialised proportional to the PCs. This shows
that the network first recovers the leading PCs subspace and then adjusts the norm
of the weights in order to recover the linear regime.Parameters: § = 1,K = 64,bs = 1

We can see that the network with random initial weights learns in two phases: first
the pmse decays exponentially until it reaches the error of the aligned network.
Then, its pmse coincides with that of the informed network and the error decays
as a power-law. This shows that during the first phase of exponential learning,
the network recovers the leading PC subspace. This occurs early on in training.
In the second phase, the networks adjust the norm of the weights to reach PCA
performances. As discussed in the main text, this is achieved in the sigmoidal
network by shrinking the encoder’s weights, so as to recover the linear regime of
the activation function. It keeps the norm of the reconstruction similar to the one
of the input by and growing the decoder’s weights.
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Learning rate schedules and how
they improve BP performance

E.1 Dynamics of the convex model

Here we give additional details and steps in the computations on the convex model
of Sec. 5.1.2. The loss function is given by £(w) = Sw?. Integrating the Langevin
equation (Eq. 5.1) from tg to t for w yields:

t t t
w(t) = w(ty)e o IO 1 [ dqpe I O 1y, (E.1)

fo

() sw(t)

In order to obtain a typical realisation of the loss which does not depend on the
optimisation noise ¢, we take the expectation over §. This gives for the loss L:

(L(t)) = g (@(1)?) + (dw(t)?) +2 <w(t>5w(t>>> (E2)
0
:g w(tO)Qe-zxﬁgdm(r)JrzT tdt/ﬂ<tl)2672;cftt,dﬂ7(1) (E.3)
2 -~
SL(t)

The first term is an optimisation term while the second is the contribution of the
noise inherent to the optimisation algorithm. Thus, to converge to the solution as
quickly as possible, one has to find the trade-off between decreasing the impact of
the noise term while not slowing down optimisation excessively. The ideal schedule

is determined by requiring these two effects are comparable. Defining 7 (t) = 10/t,

216
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we obtain
L(t) oc e~ 210x108(1) o =210k (E4)
EoL1 P
SL(t) . dt 7 (t) x1/t. (E.5)

If 7o > 1/2«, the loss is dominated by the noise term £ and decays as 1/t. If
1o < 1/2«, the loss is dominated by the optimization term 6£ and decays as t 20",

E.2 Dynamics of the Sherrington-Kirkpatrick model

In this section, we provide derivations for the results obtained in the SK model.

Unplanted model

The loss function is given by:

1 N
L(w)=——=) Jiww;. E.6
\/N ; [Tt ey | ( )
Solving the dynamics
Following Cugliandolo and Dean [71], we express the spin configurations in the
eigenbasis of | and define w, = wJx/V/N as the projection of w onto the eigenvector
Ju- xy evolves as:

awgt(t) = 1(t) [(1 — z(8))wp (£) + Eu(1)] - (E.7)

Integrating this equation yields again two terms, one related to the optimisation
and the second related to the noise:

W, (t) = 1w, (0) e~ o 41D (n=2(x) (E.8)

t t ’ ’ /
+ /O dt//e_~f”dT ”(T)(Z(T)_”)ﬂ(t")éy (t”) )

In the t—co limit, a non-exploding @, requires y—z(t) to be negative for all u
in the support of p, implying z(t) < 2. We must also impose z(t)—t—2, otherwise
w, (t)—0 Yy, in contradiction with the spherical constraint. To comply with these
two requirements we define z(t) = 2 — f(t), with f(#)—4—c0.

In the constant learning rate setup 7(t) = 1 we know from [71] that f(t) =
3/(4t). With 5(t) = 19/t#, a natural ansatz is f(t) = c/t'~P. To determine c, we
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impose the spherical constraint:

dp
1= ([ Fotmw.(v?)
— 270 /2 dyy /4 — ﬂzeZWo(H—Z)t“ﬁ
-2

= {210—3(1-p)/2 /loo dev/2ee2M¢  $2em—3(1-p)/2 5 » — 3(1_[5)
0 o

For B = 1, we instead use the ansatz z(t) = 2 — ¢/ log(f):

2
1:/ dy 4_y282170(y72)logtEZquloglogt
2

= (logt)26ﬂ0*3/2/ de@e*%ﬂ)e o (log t)2c11073/2 == 4;?;
0 0
Hence, the scaled loss ¢ = £/N converges to the ground state (global minimum)

lcs = —1 as a sum of power-laws:

3(1-p)
“a {Wﬂ, o (E9)

3 —
8o logt’ IB =1

Dependency on the spectrum of | One may naturally ask whether our conclusions
are affected by changing the spectrum of the coupling matrix . Notice that the
key to solving the self-consistent equation is the behavior of the spectrum near its
right edge. For the semi-circle law considered here, the right edge of the spectrum
behaves as a square root. This law applies to a rather wide range of random
matrix ensembles. Besides, many other common spectral densities, such as the
Marcenko-Pastur law, also exhibit a same square root behavior on their right edge.

Hence we expect our results to hold for a wide range of random matrix ensembles.

Planted model

The loss function is given by:

L(w) = —Nm2 _ A i]“w‘w- (E.10)
2 T\] Z<] ity .
Solving the dynamics

Again we choose 1(t) = 179/tf and consider the high signal-to-noise setting,
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A < }. Writing z(t) = 1 — f(t), we obtain:

1= Lot (e?) ©1)

— 2 t t t
:NNl / i ()2 o 71O 2 [ den(D)f () +%62L0dﬂ7(ﬂf(t) (E12)
-2

:ezfti) dry(Of (1) | ,—2y(H)(1-24) /2 deSC(V/A)le;(t)(ufZA)t+% (E.13)
-2

A(t)

The expression above involves two terms. The first is of order one but decays
exponentially over time; using results above, we obtain that

A(t) ot 30=P) 2= 20xt P (E.14)

Hence, there is a crossover time at which the first term becomes smaller than the

second term, given by:

1
log N\ -7
A(t)Nl = teross = ( 27(;;07( > (E.15)
Before f.ross, the signal is not detected and we have as before z(t) =20 —c/ =B,
After tooss, we have A(t) < 1/N. Multiply Eq. E.13 by N and taking the log,

we obtain:

logN =2 tdrf(r)t_ﬁ +1log (14 NA(t)) (E.16)

fo

2 [ drf(r)P + NA(®H) (E.17)

to

Taking the derivative with respect to t, we find the following asymptotics for

late times:
f(t)N—NAzl(t)tﬁ rop=5(1=B) /2 = 2n0xt1 P (E.18)

Hence,
()~ tos = 00+ 2£(1) (E19)

with s = 1. As previously, it is straightfoward to extend this to the setup
B = 1, for which we obtain f(t)~t 210K,

Curvature analysis
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Figure E.1: The landscape becomes convex at the crossover time. Parameters:
N = 3000, r7p = 0.1.

As before, the spectrum of interest to study the landscape is that of H shifted
to the right by the spherical constraint z(t), depicted in Fig. E.1. The crossover time
teross corresponds to the time at which the left edge of the semi-circle reaches 0.
Thanks to the presence of the signal, the dynamics do not stop at this point; they
continue until the eigenvalue corresponding to the signal reaches zero (which as
achieved at t—00). After the tqss, the landscape becomes locally convex: the only
negative eigenvalue is in the direction of the signal. Due to the spherical constraint,
the effective Hessian (of dimension N — 1) does not feel this negative eigenvalue
when w is close to w*.

E.3 Dynamics of the p-spin model

Rescaling the temperature
Introducing a learning rate schedule is equivalnt to changing the "clock" directly
in the Langevin (Eq. 5.1) as df = #(t)dt. Then, for B < 1 we have:

B
5(F)dF = 6(H)dt = 8(t) = 6(F) (1 Tﬁ) s (E.20)

The Langevin equation becomes:

2 L5 +20w0)),

(E(HEW)) = 2TijoF P1P5(t — 1), (E.21)

du) __ (3fww)

- awi

o
where we defined 7y = (111705) " This equation reveals that the process optimised

with a varying learning rate is equivalent to a process at an effective temperature:

T = fjof

—p
TFT (E.22)
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This equation corresponds to the physical protocol in which the temperature T is
annealed as a power law. As we show for the p-spin model in the next section, the
solution is governed by a speed-noise trade-off.

Application to the p-spin model

For the p-spin model the loss can therefore be written:

L(T) = ra (z(t) =T) = L(ET =0) + L (T) (E.23)
where we assumed that, at all times, the temperature dependent contribution to
the loss has time to equilibrate in the threshold states.

To find Ly, (T), we assume that, since we are looking at long times, we have
T < 1. We can consider the loss by performing an expansion around the T = 0
minimum i.e. considering that the motion is oscillatory around the minimum.
At T = 0, the threshold overlap is given by g4, = 1. At T < 1, we thus write
g = 1— xT. Performing a similar matching argument as the one of [207], described
in more details in Sec. E.4, we find that the close to the threshold, the loss is given
by Eq. E.68:

Lin(T) = —119 [\/ (p—1)gr—=2+ ;\ﬁ (1 - q”‘l)] (E.24)

In addition, we can expand the threshold overlap solution around T = 0 [274]:

= T?
g (1—qm)* = p—1
1 (E.25)
= xX=4/—
(r—1)
Replacing this solution in Eq. E.24, we find:
4(p—1 -2
L e
p p (E.26)

~
[’th(T:O) T

We see that L,(T) is composed of a constant term, which is the same as the
threshold loss defined in Eq. 5.17 and a term scaling linearly with T. Thus:

Lan(T) — Loy < T o t=7/15, (E.27)
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We find again the two competing term in the speed of optimisation. On the one
hand, the noiseless term, which is the same as the zero temperature loss, decays
as L(t;T = 0) e t~7. On the other hand, the temperature dependent term, which
blocks the dynamics at loss Lg,(T), which decays as t~/'#. The loss decays as

—min(v,%) . . : 2
t . Equaling the two exponents gives the optimal value of Bopt = .

E.4 Dynamics of the Spiked Matrix-Tensor model

Derivation of the PDE equations
For simplicity, we detail the derivation of the p-spin model without the spike as
studied in Sec. 5.1.3 in the case p = 3. The derivation for the full spiked tensor
model is similar and can be found in [274]. The Langevin equation for each spin w
is given by:

wi(t) = —2(t)n(8) = 7(H)d, £+ 1(DE () (E.28)

where & € RY is the Langevin noise with distribution (&;(t)) = 0 and (Ci(t)g;(t')) =
2T6;;0(t — t'). The solution w to the Langevin equation depends on the realisation
of the noise. We can obtain a probability distribution over w given the distribution
of ¢ by considering the expectation of an observable A(t):

— / dxP(x) A(x) (E.29)

We are now interested in considering P(x) when averaged over the quenched
disorder |. We therefore resort to:

1=27= /DxP(x) (E.30)
— /DxDszgexp [—;/dtdt’é(t)Dol (t,t) & (1) —|—i/dtzb(t) (9rx 4+ 11(£)9:L)
i [ dmeyae ]
R 1 R N , R
= /Dwaexp [—z/dtdt/x(t)q(t)Do (t,t) 2 (H) n(t) +z/dtw(t) (9sx + 11(£)0: L)
= /DxDzbexp [S(x,%)]

where we defined Dy(t,t') = 2Té(t — t'). Crucially, S(x, £) acts as a generating

functional and allows to obtain correlation functions by a term [ dt£(t)h(t) +
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x(t)h(t). We can thus define

(x(D2()) = Iy (x(t)) = R(E ) (x(B)x()) = 9y (x(t)) = C(t,t)) (E31)

We now want to average the partition function over the quenched disorder Z. We
note that the only time depend term in the exponent is i%(t)#(t)d,L. We thus have
to compute:

P20 L = B(x,2) (E.32)

The average over the disorder will induce corrections both to the propagator Dy
and to the interaction term £(t)x(#') i.e. A(x, @) = —3®D1(x, @)® + iDLy (x, D).
By performing the average we obtain:

—_——s 1 —1)! - - -
Wi (1) 10y, L = / H dJix exp {—2]1-2” —4/ (FZ)\]P—l)]ikl /dtn(t) [i;wyw; + wiidgw; + wiwkzwl]}

i>k>1
— exp { Zdlf[it_/lq(t)q(t/) (i - i) (x - x)P ™ 4 (p = 1) (it - x) (x - i) (x - x)7 2 }
(E.33)

where we introduced the notation x - x = YN, w;(t)w; ('). We now introduce
dynamical overlaps Q1, Q2, Q3 and Q4 as:

P L — / DQ§ <NQ1 — Y daby () ity (t’)) 5 (NQz — Y wi(t)wy (t’))
k k
-0 (NQg, — Zilf)k(t)wk (t/)> 0 (NQ4 — Zwk(t)iwk (t/)> (E34)
k k
-exp {I;[/dtdt’n(t)q(t') [Ql (£¢) Qa2 (1)

+(p—1)Qs (1) Qs (L) Q2 ()] |

We can easily see that we have the correspondence Qi (t,t') =0, Qa(t,t') = C(t,t'),
Qs(t,t') = R(¥,t) and Qq4(t,t') = R(t,t'). By using the exponential form of the
delta function and solving the fix point equations for the conjugate fields Q1, Q,,
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O3 and Q4 we find:

iQ1 = 3n(t)n(t)Q}

iQx = L (D (1) Qi Q4 2 + EE Dy (1)y(#)Q3QuQh > =0 (E£.35)
iQs = Py (D (1) Qb

iQ4 = 250y (1)y(+)QsQb

From the definition of the Q’s we find the new term in the generating functional as:

&= X [ aratn(ene) { =3¢ (06)" @O (¢) — (- DR (1) € (1,6)" (o (1)}
‘ (E.36)

This allows us to write an effective Langevin equation for a scalar degree of freedom

w:

£(1) = =D (Dx() + () (p 1) [ At"y(#IR (1,8)C (,1") o (¢7) +n(DE(E),

(E.37)
with:
(E(DE()) = 2Ts(t —t') + CP71(t, 1). (E.38)
In order to write down a set of PDE’s for R and C, note the useful relations:
Ox(t) \ sy
(Gaey) = —ix(O(E)
(x(E(t)) = 2Ty(f)R(tt) (E.39)
(E(1)x(12)) = 2Ty (E)R (b, k2) + [ Ag(EIR(E,1)CP (1)
We therefore find:
OR (t1,t2) <(55c (t1)>
ot \6Z(t)
= —z(t1) (t1)R (ty, ta) + 1 (t1)d (t1, t2) (E.40)

't
+(p— 1)17(1‘1)/ 1dt”17(t”)R (t1,£") CP72 (11, ") R (¢, 1)
tp
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acgftt) = (¥ (t) x (12))

= —1(t)z () C (b, t2) + 2T (t1)*R(t1, t2)
+(p—1)n(t) f; dt"n(t")R (t1, ") CP=2 (t1,t") C (', 12)

+’7(f1)/dt"’7(t”)R(f", t2)CP (", 1)

(E.41)

The equation for z(t) is given by differentiation C(1,1) = 1,i.e. [0:C (t,t') + o C (t,')], s, =

2(h) = Ty(h) + p / dtay(£2)R (t2,11)CP (b, 11). (E.42)

The loss at all times is found by using the Ito identity:

| =

1 2 .
N Zi;wzz(t) =N ;wi(t)xi(t) +2 (E.43)

QU

t

which yields:

C(t) = fmy(t) —2(1) (E.44)

Spiked matrix-tensor model The derivation of the PDEs describing the dynamics
of C, R and z in the spiked matrix-tensor model are similar as the ones for the
p-spin. In addition, one also needs to keep track of the evolution of the overlap
of the estimate with the signal i.e. the magnetisation m = ww"/N. Using the same

method as before we find:
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OC(1,¥) = —=20n(C (1¥) +7(Q (m(B)m (¥)
F0) [ R (1) Q" (€ (11) C (#,)
o) [ @R () Q' (C (1)) dt” + 2Ty R(s F)

;R (t,t)) =—z()n(H)R (L") +6(t — ')y (t)
(1) /; 7(#)R (L,47) Q" (C (L") R (¢, ') dt” (E45)

() = —n(O)z(O)m(t) +n(HQ (m(t))
() [ R (1) m () Q" (C (17)) at"
z(t) =n ()T + Q' (m(t))m(t)
+ /Otn(t’)R (tt") [Q" (C(£t")) + Q" (C (t, ")) C (t,t")] dt”
where we defined Q(w) = Qp(w) + Qa2(w) = 4= + 35 The loss is related to z(t)

via:

L
z(t) = Ty(t) — pﬁ” -5 (E.46)

with £,, respectively £, are the loss associated with the matrix, respectively tensor,
channel. The Langevin easy phase As explained in [207], one finds different phases
in the two dimensional space spamed by the noise intensities A and A,. In the
Langevin easy phase, a system initialised with a magnetisation m~O(1/VN) recovers
the signal and converges to an overlap of order 1. It is delimited by A, < A3, where

A is the solution to the implicit equation:

Ay < A5 = By — (E.47)
(p—1)(1—A3)P3

In contrast, in the Langevin hard and Langevin impossible phase, i.e. Ay > A3, the

dynamics fail to recover the signal and remain at low magnetisation. More details
in [274].

Derivation of the Ground-state Loss
In order to derive the ground state properties of the system, we resort to the

replica method, developed in physics as a tool to deal with random systems. Using
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these tools, involves performing a mapping between the optimisation problem, an
inference problem and a physical system. We can consider the estimator w as a
guess on the planted signal w* and y be the observations.The, using Bayes formula
we can express the posterior probability of the estimator w given the observation y:

_ 1
P[x]P[y|x] P = Z)° pL, (E.48)

We can identify the last terms with a Gibbs distribution at temperature g = 1/7

3] Pylx] ~pes Pf

Plxly] = 57-P 2

]

and Z is a normalisation constant named the partition function. At p = 1, the
posterior E.48 is the exact posterior of the problem. At f—oo, the distribution is
dominated by the spin configuration minimising the loss, i.e. the maximum likely
hood approximator of the problem. The partition function, and its logarithm the

free energy:
-1
D = N log Z, (E.49)
act as a generating functional. Le. they encapsulate all the relevant information
needed to describe of the system. Notably, all observables can be obtained by

taking derivatives of it. In particular, the loss and the overlap with the signal are

given by:
11 —10logZ aq>
el -BL _ g
L=N7 /SN L N o8 B
N - (E.50)
- oiy% o~ BL+Bh-w .
=N ; /SN_l w;wle | Bh—0 w* - Vg, ®.

The spiked tensor model is rendered more complex due to the randomness as-
sociated with the couplings. We need to evaluate the averaged logarithm of the
partition function @ which is in general prohibitive. To deal with this problem,
physics have developed the heuristic replica method based on the equality:

Tn _
logZ— hmZ 1.
n—0 n

(E.51)

In practice, one computes Z" for n € IN and then extends the result to real n.
The problem can be viewed as introducing n identical, replicated, copies of the

system. As we will see, averaging over the random couplings introduces correlation
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between the copies. Z" can easily be evaluated as:

/ [ B0 i iy, 35y By K i+ NS @ < 1>de(“)

]ll l‘y
]Z]

NBY; Q (@ ) Q(Z T Mx(m)
1 + l'llb 1 & n
= e ’ [Tax@.

§1(N-1) (y/N) a1
(E.52)

where we introduced Q(x) = **/2a, + *'/pa,. The second term in the exponent

carries the interaction between the different copies obtained after averaging out the
(a) .(b)

random couplings. It depends on the overlap Q having entries Q,, = ¥; ™ I\J,C" . We

associate the index a = 0 with the ground truth signal w*. Using the exponential

representation of the Dirac delta function, we introduce the overlap matrix into the

partition function. After some manipulation we obtain:
7 — / NBS(Q) (E.53)

BS(Q) = flogdetQ+5 Z Q(Qu) +B ZQ (Quo)- (E.54)

a,b=1

The factor N in the exponential in the integrand, implies that in the N— oo limit,
the integral is dominated by the matrix Q maximising the action S. In order to
progress, we make a replica symmetric ansatz”: i.e. we assume the different systems
have overlaps g between each other and m with the ground truth. This imposes a

matrix Q has the form:

m
q

E.55
h (E.55)
q

S S 3

T 3 % -
= = ~ 3

Replacing this overlap matrix in E.54 and taking n—0, we obtain:

lg—m

2 2 2
pus(m) = n { 3 5 + S 1og(1 =)+ Fo) - Frat) + pam | @s6)

*Since we only consider the Langevin easy phase, where there is no ergodicity breaking, we do
not need to consider a 1RSB ansatz.
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We now maximise S with respect to m and g and obtain the saddle point equations:

SRSB(Z;M) _ 1—_mq + BQ' (m) (E.57)
)
Sng«;,m) _ (Z _T)z + B2Q'(q) (E.58)

The expression of the loss as a function of the overlaps m and g is given by
using Eq. E.50:

L(m,q) = =p(Q(1) — Q(q)) + Q(m) (E.59)

By evaluating the above at the solutions Egs. E.58, we obtain the ground state
loss at a given temperature. T = 1 solution At T = 1 (i.e. B = 1) the posterior
Eq. E.48 is exact and we can use the Nishimori identity stating that the distribution
of the estimator is the same as the one of the signal implying m = 4. Replacing the
identity in Eq. E.58 and in Eq. E.59 we have:

m = (1—m)Q'(m), LI = —Q(1). (E.60)

T = 0 solution We can think of the 0 temperature system (i.e. B—o0) as physical
system coupled to a thermal bath. As the temperature goes to 0, all particles
collapse to a point at the minimum of the loss. Thus, the overlap tends to 1.
However, we check that Egs. E.58 are singular at g = 1. To properly take the limit,
we perform a linear expansion in the temperature by replacing g =1 — xT in the
equations and linearising in T. We then obtain the equation for m:

1 -m?
X \ Q1) (E.61)

m = xQ'(m)

and the ground state loss:
Lo = (=Q(m) —xQ'(1)). (E.62)
Additional results on the optimal learning rate schedule in the SMT model

In this section, we give additional results confirming the optimal decay of the
learning rate in the spiked-matrix tensor model. We have seen in the main text, that
there is a crossover time f.oss before which the learning rate should be kept fixed
as the system is in the search phase. After f.ss, the dynamics enter a convex basin
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Figure E.2: Emergence of a crossover time in the SMT model. By fixing B from
start, a randomly initialised system will remain stuck at threshold states of 0 overlap
until tross Which is minimal for § = 0. Higher B, allow to reach lower loss solutions
but require much longer to converge. (Right) The optimal schedule is to keep 7%
constant until t.0ss and then setting p = 1. By doing so, we get the best of both
worlds: the first phase minimises tqoss While the second allows to reach more
informative solutions. (Inset) m — mgs shows that choosing higher B after fcross
allows to reach more informative minima. Parameter: p = 0.8, A, = 0.2, Ap =6,
n=1T=1,dt=10"2my=10"1°

and one should decay the learning rate as 7 (t)~tF. To verify that 8 = 1 leads to
the lowest loss, in the right panel of Fig. E.2, we keep a constant learning rate until
ts after which we vary the exponent with which the learning rate is decayed. We
check that B = —1 allows to reach the best solutions. However, the left panel shows
that if the learning rate is decayed from start, the dynamics take much longer to

converge towards the signal and remain stuck at high loss for very long.

Separation of time scales and matching solution
The long time dynamics, i.e. t—co of the p-spin model can be separated into two

regimes:

e For all times t, t—co with t%’—>0 the system is stationary. Here, the dynamics
are time-translation invariant (TTI) and the fluctuation-dissipation theorem
(FDT) holds. The two time functions C(t,t) and R(t,t) are thus only a
function of the time difference T = t — t . In this regime, we define Crri(7) =
C(t—,0) and Rrri(t) = R(t — t,0). The FDT gives Rypy(t) = — 4 4<mlt),

As a consequence, the equations for R and C collapse into a single equation.

e For all times t,t—00 with 5 = O(1) the system ages i.e. the dynamics
remain trapped in metastable states and does not lose memory of its history.
The relevant variable to consider in this regime is A = #/+. The correlation and
response functions can be rescaled as R(A) = tR(¢t,t') and qC(A) = C(¢,t')
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with g = lim;_,c Crr1(7). In this aging regime, a generalised form of the FDT
holds and R(A) = #q d(A ). The violation parameter w is found by matching i.e.
considering the equations for the response and the correlation separetly. g is
found by imposing g = linr_«Crri(T) in the equation of the TTI regime.

In order to derive analytical results, we use the hypothesis of these two times

regimes to split the time integrals in Eqs. E.40- E.42. For compactness we also

define Q(x) = ¥’/2. As noted in the main text, we can re-scale time according to
- - 1

df = 5(t)dt and obtain a system at an effective temperature T = (1 — )77 7 Efﬂ.

We are ultimately interested in determining the threshold loss, a static quantity,

and can hence perform its derivation using a constant learning rate. This analysis
is a special case of the more general on performed in [274]. Here, we show it for
the special case of the p-spin model with no signal. In particular, we skip all the
computations and refer the reader to [274] (Appendix B) for additional details.

Lagrange multiplier in the long time-limit Let us start to illustrate how to proceed by
computing the long time limit of the loss ze, = lim;_,« z(f) using Egs. E.40 E.41 E.42

2(T) = T = p/otdt”R(t",t)Q’(C(t",t))

f TTI + f aging

= "3 aem@®)drs [ ROQ )

(E.63)

where we used the fact that by definition Cryi(o0) = q and Crry(0) = 1. Also note
that we neglected all the finite time contribution to the integrals. We are going to

determine z., using this equation.

Stationary regime In order to find the dynamical equations in the stationary
regime, we proceed as before and separate the contributions of the TTI regime from
those of the aging regime in the integrals. Since both equations for the response
and the correlation collapse into a single equation, we consider only the evolution

of the correlation Crry. Using Egs. E.40 we have:

t
(oo + 07)Crri(T / dt"R (t,t") Q" (C (tl,t”))C(t”,tz)+/2dt”R(t”,t2)Q’ (C(t", 1))
0
(E.64)
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Using Eqgs. 62 of [274], we have:

0.Crr1(7) + <]1~Ql(1) - P’oo) [1—Crm(7)]+T = —% /OT Q' (Crrr (t—1")) di,,CTTI (") dt”
(E.65)

When 7— 00, the time variations of Cyri(7) are negligible. Taking this limit in the

above equation gives:

Q1) -Q'(9)

Zeo = 1/ Q"(q) + T

(E.66)

This equation allows to determine the threshold loss, i.e. the loss at the plateau
reached by the system before the recovery of the signal. We notice that the equality
above holds for all Ay, A, and hence also if one of the two is sent to infinity.
Therefore, we have:

U = Uy + 0o, (E.67)

with ¢, = 3(57(t) — Zeo;n,—s00) and similarly for £,. Thus, by defining Qi (x) = *'/ka,,

b = % (W(t) —/Q{(q) — %) ; Q’/‘(q)) (E.68)

we obtain:

Using this equation, and performing an expansion around 0 for T and 1 for q, we
can determine that at low temperatures, the threshold energy scales linearly with
T.



Appendix E 233

E.5 Additional results for the Teacher-Student Regression
Task

In this section we give additional results on the teacher-student regression task
discussed in Sec. 5.1.5. The setting is the same as in the main text: a K hidden
nodes 2 layer neural network student is trained to reproduce the output of her 2
layer neural network teacher of M nodes on gaussian inputs. We train the model
with on a finite dataset of P examples using a mini-batch size B = 1. Fig. E.3
verifies that the conclusions drawn in the main text hold for different values of K
and M. The optimal schedule is to keep the learning rate constant until fross and
to then decay it as 1/t. If the learning rate is decayed too soon, i.e. at t; < tcross,
learning remains stuck at high loss values. Decaying after t..ss instead allows to
reduce the noise in optimisation and reach lower loss solutions. We verify that in
both these cases, tq0ss matches the end of the "specialisation” transition, where the

loss achieved student trained at constant learning rate plateaus.

S ~o === no decay

\~'\/\¢-—-—

= ==« no decay

1()01!
107! 100 10! 10? 10° 10° 10! 10% 10° 10¢
t t

@K=M=5 (b) K= M =20

]U“ 0

Figure E.3: The crossover time is also reflected in a regression task with SGD. A
student with K hidden nodes is trained to reproduce the output of her M hidden
nodes. (Left) K = M = 5. (Right) K = M = 20. As in the main text.before, we find
that decaying the learning rate before the loss plateaus performance, but decaying
as 17(t)~t~! once the plateau is reached allows to reach zero loss. Parameters:
N =500, P =10% 57 =101, B = 0.8.
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Alternative training algorithm to
go beyond BP

E1 Derivation of the ODE

The derivation of the ODE’s that describe the dynamics of the test error for shallow
networks closely follows the one of Saad and Solla [270] and Biehl and Schwarze
[38] for back-propagation. Here, we give the main steps to obtain the analytical
curves of the main text and refer the reader to their paper for further details.

As we discuss in Sec. 5.2.2, student and teacher are both two-layer networks
with K and M hidden nodes, respectively. For an input x € RP, their outputs §
and y* can be written as

M
y=¢s(x) =) @3¢ @), (F.1)

where we have introduced the pre-activations a* = w*x/+/D and @" = @"x/+/D.
Evaluating the test error of a student with respect to the teacher under the squared
loss leads us to compute the average

K

M 2
ITICOEDY ng(ﬁ’”)] : (F2)
m=1

k=1

~ 1
€g (9,9) = E]Ex

where the expectation is taken over inputs x for a fixed student and teacher. Since
x only enters Eq. (F.2) via the pre-activations a = (a*) and @ = (@"), we can replace

the high-dimensional average over x by a low-dimensional average over the K + M

234
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variables (a,d). The pre-activations are jointly Gaussian since the inputs are drawn
element-wise i.i.d. from the Gaussian distribution. The mean of (a,4) is zero since
E x; = 0, so the distribution of (a, ) is fully described by the second moments

le =Edd = w’l‘ . wll/D, (F.3)
R = Edfa™ = w . @/ D, (F.4)
" = E§"a" = @ - @' /D. (E5)

which are the “order parameters” that we introduced in the main text. We can thus
rewrite the generalisation error (5.29) as a function of only the order parameters
and the second-layer weights,

lim €,(0,0) = €,(Q,R, T, wy, @) (E.6)

D—oo

As we update the weights using SGD, the time-dependent order parameters Q, R,
and w; evolve in time. By choosing different scalings for the learning rates in the
SGD updates (5.27), namely

oy =1,  Hw, =1/D

for some constant 77, we guarantee that the dynamics of the order parameters can
be described by a set of ordinary differential equations, called their “equations
of motion”. We can obtain these equations in a heuristic manner by squaring the
weight update (5.27) and taking inner products with @{’, to yield the equations of
motion for Q and R respectively:

dem -
el —nFfE [g’(ak)a e} (F.7a)
dO" ok oyt 0r [of (a0) K
- —nFE {g (a*)a e] —nFHE {g (a%)a e]
+PFEFE [g/(a)g/(a)e?], (E7b)
dwh
d—; = —nE [g(ak)e} (E7¢)

where, as in the main text, we introduced the error e = ¢g(x) — ¢5(x). In the
limit D— oo, the variable & = 3/ D becomes a continuous time-like variable. The

remaining averages over the pre-activations, such as

Eg'(a“)ag(a"),
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are simple three-dimensional integral over the Gaussian random variables a*, a’ and
@™ and can be evaluated analytically for the choice of g(x) = erf(x/+/2) [38] and
for linear networks with ¢(x) = x. Furthermore, these averages can be expressed
only in term of the order parameters, and so the equations close. We note that the
asymptotic exactness of Egs. E.7 can be proven using the techniques used recently
to prove the equations of motion for BP [114].

We provide an integrator for the full system of ODEs for any K and M in the
Github repository.

F2 Detailed analysis of DFA dynamics

In this section, we present a detailed analysis of the ODE dynamics in the matched
case K = M for sigmoidal networks (g(x) = erf (¥/v2)).

The Early Stages and Gradient Alignment We now use Egs. (F7) to demonstrate
that alignment occurs in the early stages of learning, determining from the start
the solution DFA will converge to (see Fig. 5.10 which summarises the dynamical
evolution of the student’s second layer weights).

Assuming zero initial weights for the student and orthogonal first layer weights
for the teacher (i.e. T"™ is the identity matrix), for small times (t < 1), one can

expand the order parameters in t:

RF™ (1) = tRF™(0) + O(?),
Q¥ (r) = tQ"(0) + O(#),
wh(t) = tWE(0) + O(£?). (E.8)

where, due to the initial conditions, R(0) = Q(0) = w,(0) = 0. Using Eq. E7, we
can obtain the lowest order term of the above updates:

R (0) = Y2yap e,
K 2 5 (k2 N2\ ok
Q¥(0) = Zn* ((@5)? + (wh)?) FiF,
W3 (0) = (E9)

Since both R(0) and Q(0) are non-zero, this initial condition is not a fixed point of
DFA. To analyse initial alignment, we consider the first order term of W,. Using
Eq. (E.8) with the derivatives at t = 0 (F.9), we obtain to linear order in ¢:

. 2 5
Wi (t) =57 [@a| PFit. (F10)
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Crucially, this update is in the direction of the feedback vector F;. DFA training thus
constrains the student to initially grow in the direction of the feedback vector and
align with it. This implies gradient alignment between BP and DFA and dictates
into which of the many degenerate solutions in the energy landscape the student
converges.

Plateau phase After the initial phase of learning with DFA where the test error
decreases exponentially, similarly to BP, the student falls into a symmetric fixed
point of the Egs. (F.7) where the weights of a single student node are correlated
to the weights of all the teacher nodes ([38, 93, 270]). The test error stays constant
while the student is trapped in this fixed point. We can obtain an analytic expression
for the order parameters under the assumption that the teacher first-layer weights
are orthogonal (T"™" = 6,,,). We set the teacher’s second-layer weights to unity for
notational simplicity (@5" = 1) and restrict to linear order in the learning rate 7,
since this is the dominant contribution to the learning dynamics at early times and
on the plateau [269]. In the case where all components of the feedback vector are

positive, the order parameters are of the form Q¥ = g, R¥" = r, wh = w, with:

1 _ /g B 142g
1= k=1 r_\/; P27\ q(@+3q) (F11)

If the components of the feedback vector are not all positive, we instead obtain
R = sgn(F¥)r, wk = sgn(F¥)w, and Q¥ = sgn(F¥) sgn(F')q. This shows that on
the plateau the student is already in the configuration that maximises its alignment
with F;. Note that in all cases, the value of the test error reached at the plateau is
the same for DFA and BP.

Memorisation phase and Asymptotic Fixed Point At the end of the plateau phase,
the student converges to its final solution, which is often referred to as the specialised
phase [38, 93, 270]. The configuration of the order parameters is such that the
student reproduces her teacher up to sign changes that guarantee the alignment
between w, and F; is maximal, i.e. sgn(w) = sgn(F¥). The final value of the test
error of a student trained with DFA is the same as that of a student trained with
BP on the same teacher. Choice of the feedback vector In the main text, we saw how a
wrong choice of feedback vector F; can prevent a ReLU student from learning a
task. Here, we show that also for sigmoidal student, a wrong choice of feedback
vector Fj is possible. As Fig. F.1 shows, in the case where the F; is taken orthogonal
to the teacher second layer weights, a student whose weights are initialised to
zero remains stuck on the plateau and is unable to learn. In contrast, when the
F; is chosen with random i.i.d. components drawn from the standard normal

distribution, perfect recovery is achieved.
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Figure F.1: Test error of a sigmoidal student started with zero initial weights. The
feedback vector F; is chosen random (blue) and orthogonal to the teacher’s second

layer weights @, ( ). Parameters: 1 = 0.1, K = M = 2.

E3 Derivation of weight alignment

Since the network is linear, the update equations are (consider the first three layers

only):
dw, = —1(Fre)x’, (E12)
dwy = —1(Fe)(wix) ', (E13)
dws = —1(Fse) (wawx) " (F14)
First, it is straightforward to see that
-1
wi =—n Y Feyx) = RA] (E15)
=0
t—1
Ai =-n Z ey Xy (F16)
=0
This allows to calculate the dynamics of wb:
dwy = —yFe;(Alx) T F (E17)
t—1
wé = —17 Z ert(Ai xt/)TFlT = FzAéFlT (F18)
=0
-1 ) =111
Ay=—-n)_ ep(Alxy) T =12 Yo ) (xw - Xy )epe. (F.19)

t'=0 H=0t"=0



Appendix F 239

Which in turns allows to calculate the dynamics of w}:

dwh = —yFser(RASF LA ) (F20)
t—1
wh = —n Y Feen(RAYF FA X)) = BASE (E21)
=0
t—1 , ,
Al = -1 ) Fsey(AYF RiATxy)' (E22)
t'=0
) t—1 -1 , , .
=1 Z Z (Alxp) - (A} xpr)epep. (E23)
t'=0t"=0

By induction it is easy to show the general expression:

t—1
Al =1 ) erxy (F.24)
=0
t—1 t'—1
Ay =1 Z Z (xp - xp)epep (F.25)
H=01"=0
Alss =17 Y (Ao . Alxy) - (A}, ... Al xp)epey (F.26)

£'=0

Defining Ag = I, one can rewrite this as in Eq. 5.38

t—1 t'—1

Azzz = 172 Z Z (B;l Xpr) (B;l xtu)et/etT/,, (E27)
=0 =0

B, = Aj_5--- Ap. (F.28)

F4 Impact of data structure

To study the impact of data structure on the alignment, the simplest setup to
consider is that of Direct Random Target Projection [95]. Indeed, in this case the
error vector ¢; = —y; does not depend on the prediction of the network: the
dynamics become explicitly solvable in the linear case.

For concreteness, we consider the setup of [190] where the targets are given by
a linear teacher, y = Tx, and the inputs are i.i.d Gaussian. We denote the input and

target correlation matrices as follows:
E [xxT] =¥, € R0xM, (F.29)
E [TTT} =¥, € RKn<Kn (E:30)

If the batch size is large enough, one can write x;x; = E [xx"]| = £,. Hence the
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dynamics of Eq. 5.32 become:

dw} = —n(Fier)x! = nRETxx) = AT, (E31)
dwh = —n(Ber)(wixt) | = nBTZw] (E32)
= 1’k (TziTT) R (F33)
dwh = —n(Fser) (wawix;) | = nFsTEw0] w, (E34)
= 1°E (TZ?CTT> (TZ?CTT> E (E35)

From which we easily deduce A} = #TZ,t, and the expression of the alignment

matrices at all times:

h—1
Aoy =1 (TETT) (F.36)

As we saw, GA depends on how well-conditioned the alignement matrices
are, i.e. how different it is from the identity. To examine deviation from identity,
we write ¥, = I, + £y and ¥, = Ik, + £,, where the tilde matrices are small

perturbations. Then to first order,
Ajsy — Iy o< (h—1) (iy + ZTExTT) (E37)

Here we see that GA depends on how well-conditioned the input and target
correlation matrices Xy and X, are. In other words, if the different components of
the inputs or the targets are correlated or of different variances, we expect GA to be
hampered, observed in Sec. 5.2.5. Note that due to the & — 1 exponent, we expect
poor conditioning to have an even more drastic effect in deeper layers.

Notice that in this DRTP setup, the norm of the weights grows linearly with
time, which makes DRTP inapplicable to regression tasks, and over-confident in
classification tasks. It is clear in this case the the first layer learns the teacher, and

the subsequent layers try to passively transmit the signal.

E5 Details about the experiments

Direct Feedback Alignment implementation

We build on the Pytorch implementation of DFA implemented in [167], accessi-
ble at https://github.com/lightonai/dfa-scales-to-modern-deep-learning/
tree/master/TinyDFA. Note that we do not use the shared feedback matrix trick

introduced in this work. We sample the elements of the feedback matrix F, from a


https://github.com/lightonai/dfa-scales-to-modern-deep-learning/tree/master/TinyDFA
https://github.com/lightonai/dfa-scales-to-modern-deep-learning/tree/master/TinyDFA
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centered uniform distribution of scale 1/+/Kj, + 1.
Experiments on realistic datasets

We trained 4-layer MLPs with 100 nodes per layer for 1000 epochs using vanilla
SGD, with a batch size of 32 and a learning rate of 10~*. The datasets considered
are MNIST and CIFAR10, and the activation functions are Tanh and ReL.U.

We initialise the networks using the standard Pytorch initialization scheme.
We do not use any momentum, weight decay, dropout, batchnorm or any other
bells and whistles. We downscale all images to 14 x 14 pixels to speed up the
experiments. Results are averaged over 10 runs.

For completeness, we show in Fig. F.2 the results in the main text for 4 different
levels of label corruption. The transition from Alignment phase to Memorisation
phase can clearly be seen in all cases from the drop in weight alignment. Three

important remarks can be made:

¢ Alignment phase: Increasing label corruption slows down the early increase

of weight alignment, as noted in Sec. 5.2.5.

* Memorization phase: Increasing label corruption makes the datasets harder
to fit. As a consequence, the network needs to give up more weight alignment
in the memorization phase, as can be seen from the sharper drop in the

weight alignment curves.

* Transition point: the transition time between the Alignement and Memo-
rization phases coincides with the time at which the training error starts to
decrease sharply (particularly at high label corruption), and is hardly affected
by the level of label corruption.

Experiment on the structure of targets

We trained a 3-layer linear MLP of width 100 for 1000 epochs on the synthetic
dataset described in the main text, containing 10* examples. We used the same
hyperparameters as for the experiment on nonlinear networks. We choose 5 values
for « and B: 0.2,0.4, 0.6, 0.8 and 1.

In Fig. E3, we show the dynamics of weight alignment for both ReLU and
Tanh activations. We again see the Align-then-Memorise process distinctly. Notice
that decreasing & and B hampers both the mamixmal weight alignment (at the
end of the alignment phase) and the final weight alignment (at the end of the

memorisation phase).



242 E5. Details about the experiments

>
o~
@}

1 = 0.4 =08
8o g 04 g z —— MNIST relu
9 —
S 60 - E 034 £06 E MNIST tanh
13 2 e E === CIFAR10 tanh
£ 40 So02 2 04 - === CIFARI0 relu
£ 5 2 5 — DFA
S =1 2
204 go1 g 0.2 I | SN PIRRCL LN BP
0 0.0 0.0
10! 103 10! 103 10! 103
Epochs Epochs Epochs Epochs
(a) No label corruption
J < 0.8
80 g o4 g z —— MNIST relu
5 60 E03 £ 061 (_‘E === MNIST tanh
8 2 = £ === CIFAR10 relu
£ 40 So2 = 041 2 s CIFAR10 tanh
s = @ g — DFA
® 201 Zo1 502 2
20 g S10-4d 0 var | e BP
0 0.0 0.0 i
10! 103 10! 103 10! 103 10! 103
Epochs Epochs Epochs Epochs
o .
(b) 50% label corruption
] =084
8o £ 04 é 08 Z 101 =—— MNIST relu
=
5 60 £ 03 £ 0.6 8 === CIFARI10 relu
5 2 = E 102 we MNIST tanh
£ 40 Z02 = 0.4 2 === CIFAR10 tanh
s =i g £ Dy — DFA
= 2 = 7 -3 AR S ¥ 1
20 4 § 0.1 g 0.2 é 10 T ‘_‘-. _______ BP
0 0.0 0.0 10 -
10! 103 10! 108 10! 103 10! 103
Epochs Epochs Epochs Epochs

(c) 90% label corruption

Figure E.2: Effect of label corruption on training observables. A: Training error.
B and C: Weight and gradient alignment, as defined in the main text. D: Cosine
similarity of the weight during training.
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