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Abstract

We investigate the asymptotic properties of deep residual networks as the
number of layers increases. We first show the existence of scaling regimes
for trained weights markedly different from those implicitly assumed in
the neural ODE literature. We study the convergence of the hidden state
dynamics in these scaling regimes, showing that one may obtain an ODE,
a stochastic differential equation (SDE) or neither. Furthermore, we derive
the corresponding scaling limits for the backpropagation dynamics. Finally,
we prove that in the case of a smooth activation function, the scaling regime
arises as a consequence of using gradient descent. In particular, we prove
linear convergence of gradient descent to a global minimum for the training
of deep residual networks. We also show that if the trained weights, as a
function of the layer index, admit a scaling limit as the depth increases,

then the limit has finite p—variation with p = 2.

This work also investigate the mean-field limit of path-homogeneous neural
architectures. We prove convergence of the Wasserstein gradient flow to
a global minimum, and we derive a generalization bound based on the
stability of the optimization algorithm for 2-layer neural networks with
ReLU activation.
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Chapter 1

Introduction

In recent years, deep neural networks have made significant advances in various
fields of artificial intelligence (AI), such as image recognition, image generation, text
generation, and reinforcement learning. These advances have revolutionized many
industries, including self-driving cars, creative design, natural language processing,
and game playing. Specifically, self-driving cars rely heavily on deep neural networks
for image recognition, while DALL-E generates images from text descriptions, GPT-4
generates coherent text, and AlphaGo Zero uses reinforcement learning to become
the strongest Go player in history. These breakthroughs demonstrate the power and
potential of deep neural networks to solve complex problems and drive innovation in
the field of Al

Deep learning has achieved great success due to the abundance of data, pow-
erful computing resources, and advanced optimization techniques. However, while
the practical advancements in deep learning have been remarkable, the theoretical
understanding of this field is still at its onset. We remain unable to fully explain
the effectiveness of the relatively simple tools used by deep learning practitioners.
The purpose of this thesis is to explore various important theoretical aspects of deep
learning by examining how the system behaves as one of its parameters approaches

its limit — an approach known as asymptotic analysis.

1.1 Learning theory framwework

A good starting point to analyse deep learning is through the lens of a supervised
learning problem. Suppose that the data lives in the space Z, and let D € P(Z) be

the data distribution. We seek to understand D via the means of a class of predictors



F and a loss function £: F x Z — R_. ! Our goal is to minimize the population risk
R(f) = Eaup [((f. 2)].

In practice, we only have access to a set of samples S drawn from D, which we assume
to be independent and identically distributed (i.i.d.). It is not a realistic assumption,
since D is usually an abstract concept, such as a uniform distribution of the set of
"natural" images, and there is usually no good definition of independence between
samples. Nevertheless, the i.i.d. assumption is convenient from a theoretical point of
view. Define the empirical risk Rg(f) := ‘—3q| Y oaes U S, 2).

Suppose that there exists an optimal solution that minimizes the (intractable) popula-
tion risk: fope € argmin, s R(f). Suppose as well that we have an algorithm A that
takes a sample set S and outputs a predictor Ag € F based only on the sample set S.
The population risk can be decomposed into the following error terms [23]:

R(As) = R(As) — Rs(As) + Rs(As) — Rs(fopt) + Bs(fopt) — B(fopt) +  R(fopt)
! ) )T /

[

Vv ' WV
generalization optimization concentration approximation

(1.1)

Note that while the concentration and the generalization terms look similar, they
are handled in different ways. For the concentration term, as fop is independent of
the sample set S, the random variables {{( fopt, 2;): ¢ = 1,...|S|} are independent and
identically distributed. Therefore, for § > 0, if we assume that max; . ¢(f,z) < M, we
have by Hoeffding’s inequality that with probability 1 — ¢,

log(1/9)

RS(fopt) < R(fopt) +M W

(1.2)

and the bound is sharp. However, the generalization term has to be estimated
differently, as ¢(Ag, 2;) are no longer independent of each other.

We should choose the class of models & with the following trade-off in mind.

(i) F must be large enough to contain functions f that can reach low population

risk R(f). This can be achieved by using a priori knowledge about the data.

(ii) F must be chosen such that the algorithm A is efficient to compute Ag =~

argmin ;.4 Rs(f). We must also ensure that Ag is converging to fop as [S| — oo.

(iii) F must be small enough to ensure that the generalization error R(Ag) — Rs(Ag)
is small. Generally, this gap decreases to zero as |S| — oo, but can remain very

large if F is big.

For example, Z = X x Y, where X is the input space, Y is the output space, and ¢(f, (x,y)) =
d(f(x),y), where d is a distance function on Y.



In the light of the above trade-off, we expand in more details on the three main sources

of error: approximation, optimization, and generalization.

1.1.1 Approximation

The class of predictors F = {fy: 6 € ©} is determined by two components: the
parametric specification fy of elements of F, called the neural network architecture,

and the space of values © that the parameters live in.

Feedforward neural networks. In the seminal paper [132], the author introduced
the original and most well-known architecture: the feedforward neural network?. Fix
L € N* the depth of the neural network, and let X = R% be the input space and
Y = R% be the output space. Let (dy,...,d;_1) € (N*)*"! be the dimensions of the
hidden states, also called widths. A feedforward neural network is a parametric map

fowy: X — Y such that fyw)(z) = h(Lx), where we define recursively
hzﬂzgok( z 9;“) for k=0,....L —1, h=az. (1.3)

Here, h{ is called the k™ hidden state, and ¢ : R% x ©) — R%+1 the k™ layer
mapping. The mapping ¢, can take various forms, the most common building block

being the composition of an affine map and an activation function p: R — R, i.e.

or(hy Wi, b)) = pag,, (Wih + by), (1.4)

where pg: R? — R? is defined component-wise by pq(z); = p(x;). The parameter
Wy, € R%+1%d is called the weight matriz of layer k, the parameter b, € R+
is called the bias vector, and the layer mapping (1.4) is called fully-connected, as
each coordinate of hj contributes to each coordinate of hy,;. Popular choices for
the activation functions are the rectified linear unit (ReLU): p(z) = max(zx,0), the

hyperbolic tangent p = tanh, or the leaky ReLU p(z) = max(z,0) + amin(z, 0).

Weight space. There are three main lines of work to define the space in which the
parameters can take values in, each focusing on making one of the terms in (1.1) as

small as possible.

(i) Minimize approximation term. If our goal is to solely minimize the approxi-
mation term, we should consider the full Euclidean space in which parameters

take values in. In particular, we can apply Stone-Weierstrass [53| to F and prove

2also called multilayer perceptron



(i)

universal approximation of continuous functions on a compact set. Similar ideas
lie behind the original universal approximation theorem for neural networks
with 1 hidden layer®, see [38]. However, the worse case error rate for these
shallow networks is unattractive [115]: for instance, we need a neural network
of width Q(£~%") to approximate d-dimensional C” functions with accuracy e.

This adversarial phenomenon is known as the curse of dimensionality.

Minimize optimization term. If we restrict the weights to only take values
that can be reached by the optimization algorithm, we could control the op-
timization error closely. This strategy is also appealing from a generalization
perspective, since we have tools such as stability 24| or implicit reqularization
[119] to understand how the optimization algorithm affects the error on unseen
data, see Section 1.1.3 for more details. We use the former method in Section
5.4 and the latter in Section 4.3. Unfortunately, both methods rely on a precise
understanding of how the optimization algorithm works, which is only known in

restricted settings.

Minimize generalization term. To obtain good generalization properties, one
can enforce explicit reqularization on the parameter values. A popular technique
is to consider © = {0: || — 0y|| < R}, where 6, is the initial parameter value
and R > 0. As we will see in Section 1.2.1, networks with small R and large
width? are almost linear, and they satisfy a universal approximation theorem via
RKHS theory. These results were established in the seminal paper on the neural
tangent kernel (NTK) regime [82]. However, the width necessary to enter into
the NTK regime is prohibitively large, and, empirically, networks that generalize

well are usually far away from their initialization [10, 122].

Representational benefits of depth. The advantages of increasing the depth

in lieu of the width has been well-documented for fully connected networks with

ReLU activation. In [147], the author constructs a classification problem for which a
network with depth L and width O(1) can perfectly fit the training set, but where
every network of depth O(1) and width O(exp(L)) yields a training error greater

than 1/6. Other constructions and worse case error bounds are given in [159, 100],

supporting the evidence that shallow networks require exponentially more width than

deep networks to reach the same error level. The intuition behind this counter-example

3ie. depth L =2
4Models with large width are also called overparametrized by width



is that depth performs function compositions, which multiplies the number of linear
pieces, whereas width perform function additions, which adds up the number of linear
pieces. However, the examples built are highly pathological and unlikely to appear in

a useful supervised learning problem.

Architecture modifications Modifications to the above architecture have been
suggested mostly for two reasons: to decrease the generalization error or to speed
up and/or stabilize the training. For example, if we incorporate local connectivity
and weight sharing in Ay, we obtain a convolutional layer, widely successful in image
and speech recognition [94]|. Further, batch/layer normalization [79] were introduced
to normalize the distribution of hidden states, allowing to train deeper networks.
Also, the activation function can also be multivariate, such as a softmax layer for
the last block of a neural network used for classification, or an attention layer [149]
to emphasize one part of the hidden state over another. We can also introduce skip
connections to design a residual network architecture, which we will introduce more

precisely in Section 1.2.

1.1.2 Optimization

Recall from (1.1) that the optimization problem focuses on finding an algorithm A
that minimizes the empirical risk Rg(Ag). However, the true objective that we are
concerned about is the population risk R(Ag), and by the central limit theorem,
|R(As) — Rs(As)| = |S|7"/2. Therefore, there is no apparent benefit to optimize the
empirical risk at a scale smaller than |S |_1/ 2, which sets apart the task of learning

from pure optimization problems [60].

Stochastic gradient descent. A key ingredient in the success of deep learning
is the ability to perform automatic differentiation to compute exact gradients of the
loss function Rg(fy) with respect to 6. The process is called backpropagation, and
there exist efficient implementations of backpropagation that require constant time
and linear extra memory. As a result, first order methods such as stochastic gradient
descent (SGD) have been the backbone of successful applications of deep learning.

For an initial parameter value 6y, the update rule of SGD reads, for ¢ > 0:

itd

9t+1 =0, — 77tV9€<f9t, Zt)> 2z~ S (1-5)

where 7, > 0 is called the learning rate at iteration time ¢. Even though the update

rule (1.5) might not be a descent direction for Rg, 6; converges (linearly) almost surely

5



to a minimizer of Rg when 0 — ¢(fy, z) is strongly convex [23, 22|. Furthermore, there

are theoretical and practical reasons to prefer SGD to (full batch) gradient descent:

(i) Typically, SGD achieves e—optimality in O(1/¢) iterations, so O(1/¢) gradient
evaluations, independently of the number of samples, whereas full-batch gradient
descent achieves e—optimality in O(log(1/¢)) iterations, hence O(|S|log(1/¢))
gradient evaluations [23]. Therefore, in the large data regime |S| > 1, one

should always favor a stochastic gradient approach.

(ii) In practice, one observes a fast decrease in the error in the first few iterations of
(1.5), hinting that at least for small ¢, the "signal" part VyRs(6;) of the update
dominates the "noise" part Vol(fy,, z:) — VoRs(0;). We will introduce in Section

1.2.3 a precise framework to understand both parts.

(iii) There exists methods to reduce the variance of the noise part. A widespread
idea is to reuse previous gradient computations to get faster convergence rates,
known as gradient aggregation [86, 40]. Another idea, not yet widely used in
practice but theoretically sound, is dynamic sample size methods: instead of
using one sample per iteration, one can utilize a dynamic number of samples at
each iteration [23, Theorem 4.6]. We get the same complexity as the one-sample

update (1.5), but with better bounds on the variance of the iterates.

Initialization. From an optimization perspective, the main challenge for initializing
deep feedforward networks is avoiding vanishing or exploding gradients [76]. Via a
heuristic argument aiming to preserve the variance of the forward and the backward
states, [59] derived that the weights of a m x n linear layer with a sigmoid activation
should be initialized with mean 0 and variance 2/(m + n), known as the Xavier
initialization. |71] adapted the above derivation in the case of a ReLU activation to
get a mean 0 and variance 2/m recommendation, known as the He initialization. In
practice, both He and Xavier initializations are widely used, either with Gaussian or
uniform weights, with no clear practical difference between the two distributions.

For deeper models, [129] performed a rigorous derivation of the average norm of the
hidden states at initialization, when the weights, resp. biases, are centered Gaussian
with variance o3, resp. 7. They obtained a phase transition in the (oW, 0;) plane,

separating it between two phases:

e Chaotic: Exploding gradients, expressivity of the network is retained, nearby

input points can be separated.



e Ordered: Vanishing gradients, expressivity of the network is lost, nearby input

points can not be separated anymore.

The trainable phase is therefore at the transition, called the edge of chaos. [125] com-
puted the edge of chaos for all practical activation functions. Our work investigate the
initialization strategies for residual networks, see Section 3.3 for numerical experiments

and Section 4.3 for a theoretical investigation.

Loss landscape. Recall that the loss function we seek to minimize is £(0) =
Rs(fo) = S| S.cq €(fs, 2). If the predictor f, is linear in 6, and the loss function ¢
is convex in its first variable, the empirical risk £ is convex. As a result, there are no
saddle points, and every local minimum is global. These properties ensure that first
order methods are converging almost surely to a global minimum of £. However, if
fo is a neural network, then £ is non-convex, and the sublevel set {6: £(#) < A} has
more than one single connected component, for some A > 0 [55]. But with enough
overparametrization by width, all sublevel sets are connected [55], and all local minima
are global [120]. Note that in the linear case, the latter is true for any width [87].
Regarding saddle points, early empirical studies have shown that the loss landscape
of neural network contained many saddle points [40], but they are almost surely not
visited by gradient descent [96].

The above behaviour is reminiscent of many classes of random functions: the probability
of a particular eigenvalue of the Hessian at a critical point being negative is around
1/2 in high-cost region of the loss function, and decreases as the cost decreases [26].
This means, when the number of parameters is high, there are exponentially more
saddle points than local minima, and local minima are more likely to be found in

low-cost regions.

1.1.3 Generalization

Recall that the generalization error in (1.1) is given by
Eopt(5) == R(Ag) — Rs(Ag) < iug |R(f) — Rs(f)| = €opt- (1.6)
€

Note first that using (1.2) together with a union bound yields a vacuous upper bound,
as |F| is at least super-exponential in the number of parameters. One needs to resort

to the Vapnik-Chervonenkis (VC) dimension of F to get a first non-trivial result:

VCdim(F) + log(1/0)
<
EWNCJ 2[5




VCdim(F) = O(L), where Ly is the maximum depth of networks in F, and Py is the
maximum number of parameters of networks in F. However, as argued in multiple
empirical studies [119, 162, 54|, the number of parameters is not a good measure for
the model capacity of neural networks. Also, studying the uniform bound &, instead
of g4pt(S) removes the dependence on the optimization algorithm, which seems to
explain some of the out-of-sample success of neural networks [119, 162]. Therefore,
through three puzzling empirical observations, we present modern approaches to

understand the generalization ability of neural networks.

1. Explicit regularization is not the full story. The goal of regularization is to
reduce the complexity® of the hypothesis space J in order to improve generalization.

Several techniques have been applied successfully in the context of neural networks.

(i) Data augmentation: Constructing new data points by perturbing the existing
ones adversarially [62], via domain-specific transformation, or by using generative
methods like variational autoencoders [90], generative adversarial networks, [61]
or diffusion models [144].

(ii) Sparsity/parameter sharing: Altering the structure of the neural network to fit
domain-specific applications. For example, convolutional layers share parameters
across dimensions and the convolutional operator is sparse, which makes it robust

to study local structures of the input such as images.

(iii) Dropout: Masking neural connections randomly with a given probability during

training, and using the full network structure for the inference [145].

(iv) Weight decay: Scaling down the contribution of the parameters of the previous
iteration in the update rule (1.5) of SGD. Weight decay is equivalent to adding

a (?-penalty on the weights to the loss function.

(v) Gradient penalty: Adding a ¢*>-penalty on the gradients of the loss function
with respect to the weights. We will see in Section 1.2.3 following an analysis in
[14] that this penalty arises naturally in the limit of the training step-size going

to zero.

The relative success of explicit regularization inspired norm-based approaches to derive

theoretical bounds, for example using Rademacher complexity and spectral norms

Salso called effective capacity
5The list is not exhaustive, we present the most common ones.



[17], PAC-Bayes and noise robustness [11], or in a more direct way using path norms
[88]. However, even with all explicit regularizations turned off, the models can still

memorize the training set and show no sign of overfitting [92, 162].

2. The optimization algorithm affects generalization. The effect of the opti-
mization algorithm on the generalization properties of the neural network at conver-
gence is often called implicit reqularization. To understand what it entails, we consider
a simple linear regression problem [64]: we have the dataset S = {(x;,v;): i =1,...,n},
where z; are d-dimensional feature vectors, and y; is their corresponding 1-dimensional
target. Let X € R™ 9 such that the i row of X is z;, and assume that d > n, X has
full rank, and ¢ is convex in its first argument. The empirical risk of a weight vector
B € R is thus given by

Rs(8) = = S U6 s 1)
=1

Observe that Rg is convex, so SGD will converge to a global minimum. As d > n and
X has rank n, there exist infinitely many global minima, that is, weights 8 such that
Rs(8) = 0. Which solution(s) will be reached by SGD? Assume [y = 0 and the SGD
update rule (1.5) is given by

ol
Bt—i—l = Bt - nta_yl (6t—|—xit’ yu) Ly

for some i; € {1,...,n} chosen at random. Therefore, after a (possibly infinite)
training time 7', By € span {x1,...,z,}, i.e. there exists & € R" such that f; = X "a.
Furthermore, as fr is a global minimum, X 8y = y. Therefore, XX 'ar = y, and as
X has rank n, XX is invertible and By = X T (XXT)_1 y. One can verify that

solves the following minimization problem
min |||, such that X3 =y (1.7)

In practice, fr generalizes well, and one can construct other global minima (with
higher norm) that generalize poorly. However, the minimum norm solution 1.7 is not
a perfect predictor of generalization performance [162|. Similarly to linear regression,
gradient descent for linear neural networks converges to the maximum margin solution
[83], as well as for homogeneous 2-layer wide neural networks [32]. We extend this
theory for deep neural networks with a smooth activation function in Section 4.3,
and show that gradient descent converges to a global minimum that is regular as a

function of the layer.



Another type of implicit regularization is the use of early stopping in the opti-
mization algorithm. It is based on the observation that the risk on a validation set
usually follows a U-shape curve as a function of the training time [60]. In this regime,
training the network to global convergence hurts the population risk, and the number
of training iterations 7" can be viewed as a hyperparameter to tune. In the context of
linear models, [60] showed that early stopping is equivalent to /*-regularization with
coefficient inversely proportional to Zfzo M-

A vast literature explores how to derive generalization bounds for optimization
algorithms, for example algorithmic robustness [155], uniform stability [24, 69| or
information-theoretic stability [2, 136, 154], among others. We derive uniform stability
bounds for a class of homogeneous models in the mean-field limit optimized with
gradient flow in Section 5.4. The assumptions required to verify those bounds are
usually weak, at the expense of ignoring the underlying data distribution or the neural
network architecture. This can lead to vacuous bounds under input or label noise [162],

and uniform convergence is not able to fully explain generalization [116].

3. Overparametrization helps generalization Traditional statistics rely on the
bias-variance trade-off to choose the optimal complexity of a model: the out-of-sample
error is usually a U-shape curve as a function of the model complexity - usually related
to the number of free parameters in parametric statistics. As the complexity increases,
the model is able to fit the training samples and reduce the bias, at the expense of a
higher variance until the interpolation threshold is reached, above which there is no
bias and an exploding variance.

Empirically, neural networks operate optimally well beyond the interpolation
threshold, when the number of parameters d far exceeds the number of samples n.
The data can be perfectly interpolated, even when the targets are corrupted with
noise [162|, and the out-of-sample error is lower than in the underparametrized regime.
This phenomenon is called double descent in the literature.

Even though double descent was discovered in the context of deep learning, it is not
idiosyncratic to neural networks and can be observed in linear regression with random
Fourier feature and tree-based algorithm [19]. Rigorous proofs of this phenomenon
exist for linear regression with random covariates |18, and random features regression
(related to kernel methods) [113]. To give an intuition on the former, consider the case
n=1and X = {-1, 1}d. After normalization, the population risk of the minimum

norm interpolator” 5* in (1.7) is R(8*) = d 2 |Exp [XX ] Hi, see [18]. Therefore,

"Equivalently, the large-time limit of the gradient flow with zero initialization.
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in the overparametrized regime d > 1, increasing the feature dimension from d to d + 1
can increase or decrease the population risk depending on the correlation of the new
feature X4,1 with respect to the other features X;.4.

It is worth mentioning that double descent is closely related to the implicit
regularization of gradient descent methods, as it is easy to engineer overparametrized
neural networks that interpolate the training data, but have a poor out-of-sample

performance.

1.2 Asymptotics

Asymptotic analysis plays a fundamental role in science by providing a powerful tool
to understand the behavior of systems as certain parameters tend to infinity. This
analysis is particularly useful in the study of complex systems, where direct analytical
solutions are not available, to gain insight into their long-term /large scale properties
and identify their dominant behaviors. For example, asymptotic analysis is central
in the complexity analysis as a function of the input size in computer science, the
performance of high-pass and low-pass filters as a function of the frequency in electrical
engineering, and the behavior of a viscous fluid flow as a function of the Reynolds
numbers.

We look at three different limits of the deep learning framework: the width and
the depth of the neural network going to infinity, and the learning rate of SGD going
to zero. Other limits can be investigated, such as when the number of data points or

the computational budget tend to infinity, but they lie beyond the score of this thesis.

1.2.1 Width goes to infinity

We revisit the original feedforward architecture described in (1.3) and incorporate a

scaling factor in front of the weight matrix that depends on the width:
E = P W pa (hE) by fork=1,...,L—1 and hi=dy" "Wy + by,

where W), € R%+1%d and b, € R%+1 are the weight matrix and the bias vector of the
k" layer, and 0 = {(Wy,by): k =0,..., L — 1} is the full parameter set. Assume that
the output is 1-dimensional, i.e. d;, = 1, and define fy(x) = h7 the output of the last
layer. The scaling is consistent with the popular initialization schemes introduced in
Section 1.1.2, and the d,;l/ ? factor is crucial to get a consistent limiting behaviour as
the widths dy,...,d;_1 tend to infinity.
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We now informally derive the exact dynamics of the neural network f along the
gradient flow of the parameters in the limit d;,...,d;_; — 0o using kernel regression.
This was first observed in [35] for L = 2, and rigorously proven in a general setting in

[82], which called the underlying object the neural tangent kernel.

Neural tangent kernel Assume that 6, is initialized with independent centred
Gaussian entries, with variance o3, for the weights and o7 for the biases. To simplify
the analysis, assume that the parameters are following the gradient flow of the empirical
risk on the dataset S = {(z;,y;):i=1,...,n}.

d@t - ol
dt = _VGRS' f9 |0 0; _% ; VOth(mi)et(xhyi)a et(xay) = a_yl(fet(x)a y)
(1.8)

We deduce the following dynamics for the neural network realization and the empirical

risk.
% = ZKGt $z €t $zayz) (19)
0
—Rs (fo,) = _ﬁ Z er(wi, yi) Ko, (i, vj)e(x, y;) (1.10)
ij=1

where the neural tangent kernel (NTK) Ky: X x X — R is given by

Kg(:lj,w/) = VQfg(ZL“)TVQfg(ZL‘/). (1.11)

Under weak assumptions on the activation function p, the hidden states hj converge
as dq,...,d;_1 — oo to i.i.d. centered Gaussian process with variance defined by a
recurrence equation [111]. Also, Ky, converges to a deterministic kernel K> which is
constant in ¢ and only depends on p, the depth L, and the initial variance oy and o,
[82, 122]. Further, in this limit, as long as the kernel matrix K> := (K> (z;, )i
is positive definite, Rg (fg,) converges to zero. When ¢ is the quadratic loss £(y;,y2) =
1 — y2|®, the solution of (1.9) can be found explicitly:

for = Di(+)Y + [fo, — Dl ) foo (X)] (1.12)

where Y = (y1,...,yn) " € R, fo,(X) = (fa,(x1),- .., fo,(zn))" € R, and

DX = R", D)= (Koo(x, xi);L)T (B>=)~" (In —exp (—%T(OO)) .
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We directly see from kernel regression theory that the first term in (1.12) converges as
t — oo to the minimum RKHS-norm interpolator:

in | fllge st flz) =y

The second term in 1.12 is a Gaussian process with zero mean and variance vanishing
on the data points z;, i = 1,...,n, because D;(x;) — e; as t — oo. Finally, we have

formally in the limit dq,...,d;_1 — oo that

Jo, = o}itn = fo, + (0 — 00) " Vo fa,-

The approximation and convergence rates can be made precise [95|. Essentially, in the
infinite-width limit, the neural network behaves like a linear model on the (non-linear)
features Vg fy,(z). This is called lazy training, and it can already be observed in a

non-asymptotic regime.

Lazy training The lazy regime arises naturally as a consequence of overparametriza-
tion, or at the beginning of the optimization. Indeed, for the 2-layer case, if the

activation function p is S-smooth, then Taylor’s theorem directly gives

o) — fin(a)| < % 16 — 602

Several papers have utilized this observation to establish the global convergence of
(stochastic) gradient descent for neural networks overparametrized by width. For
example, [45] proves that for the 2-layer ReLU case with d; = Q(n®53), we have
linear convergence of the empirical risk to zero with probability 1 — ¢ over the random
initialization. [33] considers a more general setting, where a simple final layer scaling
can put any model into the lazy regime, and also provides linear convergence rates.
However, [10] reports that empirically, networks trained in the lazy regime lag behind
their finite-width counterparts in terms of out-of-sample accuracy. Therefore, despite
encouraging theoretical bounds on the generalization gap in the lazy regime [27],
overparametrization alone cannot explain the ability of neural networks to generalize
well.

In Section 4.3, we study global convergence of the empirical risk for deep residual
networks with smooth activation. Our analysis goes beyond the lazy regime, and even
if the parameters found by gradient descent are far from their initialization, we can
still guarantee convergence thanks to the implicit regularization displayed by gradient

descent.
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Mean-field limit A crucial assumption in the NTK regime is the d,;l/ 2 scaling of the
weights, leading to a linear evolution of the realization function fy, under the gradient
flow of the empirical risk and the parameters staying close to their initialization during
training: sup, ||(Wi)e — (Wk)ol|, = O(d;lm). However, in practice, we already have for
small ¢t: ||6; — 6|, = O(1). This observation motivated the study of another scaling:
for the two-layer neural network:

d
1
folz) = 7 Zci,a(w;x), where = (w,c) € R™% x R?. (1.13)
i=1
Let pq € M(R%) be the (signed) measure of the parameters: g = d=* 3% | ¢;0,,.

Then
o) = [ ot oduatw) = ( [ @w)date)) @),

where @: R% — F is defined by ®(w) = p((w, -)). The evolution of pigy under the

gradient flow of the empirical risk Rg is thus given by

8,5 Hdt = —div (<R:g (/ q)d/.,bdyt) 5 V(I)>§* ,udi) s (114)

where RY is the Frechet derivative of Rg. The infinite-width limit in (1.14) is obtained
by letting d — oo, which yields a non-linear PDE in the space of measures. Concurrent
papers have established the link between the two-layer neural network (1.13) and its
infinite-width limit during training: [133] from the interactive particles and fluctua-
tions perspective and [141] from a mean-field probabilistic approach. Under strong
assumptions on the data distribution, [114] established convergence as ¢ — oo of noisy
SGD to a global minimum for d big enough. Under a homogeneity condition on the
model, [31] studied the training dynamics in the limit d — oo in the Wasserstein
space of probability measures. They also derived convergence to a global minimum as
t — 00.

Contrary to the NTK regime, the mean-field dynamics of the neural network
realization are non-linear, so the network can potentially represent a larger class of
functions. However, the mean-field theory does not extend naturally for more than one
hidden layer. Potential solutions have been proposed, such as taking the successive
limits d;,_; — oo, and so on until d; — oo [142|, or considering the connected paths
from an input neuron to an output neuron as the building block for the mean-field
construction [6]. Furthermore, little is known about the convergence rate to global

minima and generalization error bounds in the mean-field regime.

14



Contributions In Chapter 5, we study the mean-field limit of a particular class
of models called path-homogeneous, which encompasses deep neural networks with
special local connectivity. We show convergence to a global minimum, and we prove a
generalization bound based on the algorithmic stability of the optimization method

used: the Wasserstein gradient flow.

1.2.2 Depth goes to infinity

As mentioned above, the problem of vanishing/exploding gradient [20] in the training
and in the performance of deep feedforward neural networks has restricted the use
of very large depth. Ad hoc solutions have been introduced to fix this issue, such as
careful initialization [59, 71| with batch normalization layers |79] to allow the gradients
to stay within the same magnitude throughout the network. Yet, the existing literature
rarely reports successful training and good generalization results for networks with
more than 100 layers. In contrast, adding a skip connection at every layer, resulting
in a residual network, allows the successful training of networks with thousands of
layers, together with a better generalization performance than the best feedforward
networks [73]. For example, ResNet-1001 [72|, which consists of 1000 layers, achieves
a 4.92% out-of-sample error on the CIFAR-10 dataset.

Residual networks There are multiple different residual architectures used in
practice, each of them fine-tuned to a particular problem. Instead of listing them
exhaustively, we give a general form of the ResNet as described in [72]. Let X = R% be
the input space and Y = R% be the output space. Fix L € N*, and (dy,...,d;) € (N*)L
the dimensions of the hidden states. Let # € X be an input vector, and ¢ : R* — R¥
be either the projection onto the first d’ components if d > d’, or the padding with
zeros on the last d — d components if d < d. Define a residual network as the

parametric input-output map € X — fyu)(z) € Y given by

= Gin <'Ia 0((]L)> )

pp =t () o (P 0) for k=1L (115)
for (@) = gou (BP0, )

Here, we let J: R%-1 x G)I(CL) — R% be a residual block, composed usually of a
composition of linear layers and non-linear activations. The term -1 (hi_(f )> is

called a skip connection. The input downsampling is given by the parametric function
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Jin: X X @(()L) — R% and the prediction layer is given by the parametric function

Gout : RIL x @S-JLJZI — Y. The set of parameters of the residual network is thus
o) = {H,EL): k:O,...,L—i—l}.

The general form (1.15) is difficult to analyse systematically, so we assume in the
following that dy = --- = d;, = d and ¢;, and g, are identity functions in the first

argument. The update rule now reads

g =np P+ g (P 00) for k=1, L and AP =2 (116)

Neural ODEs A series of papers have observed and utilized empirically the perceived
link between the forward dynamics of residual networks (1.16) and the discretization
of ordinary differential equations. For example, [67] develop new architectures inspired
by the stability condition of the Euler scheme. In the same vein, [107] build on
the so-called linear multi-step scheme in numerical ODE to construct a novel deep
architecture. These insights culminated with the neural ODE architecture |28], which
uses adaptive step-size schemes to adjust the depth needed to the function it is trying
to fit. The network parameters are shared across all layers, making this approach
appealing in terms of memory.

However, the link with ordinary differential equations is only formal. A first issue,
often overlooked, is that there is no explicit scaling factor in front of the activation
in (1.16). Indeed, explicitly scaling the residual network with 1/L empirically hurts
performance [13]. Also, there is no guarantee that the parameters learnt by the
optimization algorithm will have a scaling limit when L — oo, as you would expect

from discretization schemes of ODEs.

Contributions In Chapter 2, we study linear residual networks as a toy model
for non-linear networks, and describe explicitly all the minima of the empirical risk.
We then show global convergence of the gradient flow to a minimum which admits a
scaling limit. This property demonstrates the implicit regularization of the gradient
flow for deep linear residual network.

In Chapter 3, we investigate the asymptotic properties of deep residual networks
as the number of layers increases. We first show the existence of scaling regimes for
trained weights markedly different from those implicitly assumed in the neural ODE
literature. We study the convergence of the hidden state dynamics in these scaling

regimes, showing that one may obtain an ODE, a stochastic differential equation (SDE),
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or neither. In particular, our findings point to the existence of a diffusive regime in
which the deep network limit is described by a class of stochastic differential equations
(SDEs). Finally, we derive the corresponding scaling limits for the backpropagation
dynamics.

In Chapter 4, we prove local linear convergence of gradient descent to a global
minimum for the training of deep residual networks with constant layer width and
smooth activation function. We show that if the trained weights, as a function of
the layer index, admit a scaling limit as the depth increases, then the limit has finite

quadratic variation.

1.2.3 Learning rate goes to zero

Recall the stochastic gradient descent update rule (1.5) with constant learning rate
n > 0:

Ouir = 60— 1ol (foi, %), 2 % Unif(S)
for optimizing the loss function L(0) = Rg(fs) = I_;I Y ses U fo, z). First, we show
that the discrete SGD trajectory is close (in expectation) to the gradient flow of a
regularized objective when 7 is small [14, 143].

Implicit regularization of the discretization Consider first the (full-batch)
gradient descent update ,,; = 6, — nVyL(#). Suppose that f evolves according to
the regularized gradient flow: 9,0, = —V, (L(at) + nN(@t)), for some N : © — R,.

Then, a second-order expansion in 7 leads to
_ _ _ 1 _
Ot1n =0 +n0i0; + 577283915 +0(n)
_ _ _ 1 _ _
=0 ¥aL(0) + 17 (~VaN@) + JVILOIVALE,) ) + 00

Therefore, if we let N(0) = ; ||V9 (0)||°, Gronwall’s lemma ensures that if L is
B-smooth, then ||6p — 6,|| = 87" (exp(Bkn) — 1) O(n?), as opposed to O(n) without
the regularization term N(- ) [143] extended the analysis for the (average) SGD

update rule, which approximates the gradient flow of
Lsen(0) = L(0) + Hve +7 |S| Z IVol(fo,2) — VoL(0)|.

The third term penalizes the covariance of the stochastic updates, which motivates
the below SDE (1.18) in the limit n — 0.
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SGD is the discretization of a SDE An important component of SGD that we
omitted so far is the use of a (random) mini-batch of training data to perform the
SGD update step. Namely, let B € N be the batch size, and let I' € X® be a uniform
random variable on the subsets of S of size B. The SGD update rule is then

9,5_;,_1 = 9,5 - UVQLFt (Qt), (117)

where I'; % T and Lr(0) = 5>, U(fo, z). We split in (1.17) the signal and the

noise part of the gradient:

1 1 1/2
Ory1 = 0 — Vo L(0:) + (77 (E — E) Z(915)> N

where E, r [Z;] = 0 and Cov,.r [Z;] = I4, and where we assume that the covariance

of the gradient noise is finite:

£(0) = —

=51 > " (Vol(fo, z) — Vo L(0)) (Vol(fo, z) — VoL(8))" < 0.

z€S
Under strong smoothness assumptions on the growth of L and its derivatives |97,
Theorem 1], we can prove that for each 7' > 0, the SDE

1 1

1/2
d@t = —VQL(®t> + (T] <§ — m) E(@t)) th7 (Wt)tG[O,T} is a BM, (118)

is an order-1 weak approximation of (1.17), that means, the difference of expectations
of test functions applied to (1.17) and (1.18) is O(n). The approximation is appealing
as |30] showed empirically that the third (and higher) moments of the gradient noise
do not influence the convergence or the generalization ability of SGD. However, as
1n — 0, the noise vanishes and the SGD path becomes closer to the gradient flow of L,
whose solution is known to generalize poorly compared to its stochastic counterpart
with small but non-vanishing learning rate |21, 89]. Furthermore, applied researchers
observed that the linear scaling rule, which consists of keeping the scale of the noise
n/B constant during training, leads to optimal out-of-sample performance [63, 108].
Since then, the scale of the noise appeared in a generalization bound [70] derived
using algorithmic stability, and in an optimality criterion for SGD in the basin of
attraction of a local minimum [110]. Therefore, it is not clear whether the continuous-
time SDE (1.18) is a useful tool to understand the convergence and generalization
properties of SGD. In response, [99] introduced practical conditions to check whether

the approximation holds in practice.
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Contributions In Section 2.4 and Chapter 5, we look directly at the gradient flow
for linear residual networks and path homogeneous models. The connection between
gradient flow and gradient descent is well understood, and we expect similar results
for discrete updates. In Section 4.3, we prove a local convergence result for gradient
descent for residual networks with a smooth activation. A crucial assumption is that
the learning rates must be small, but their cumulative sum should still diverge to

guarantee convergence.
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Chapter 2

Linear residual networks

A good first stepping stone in the quest to understand general neural networks architec-
tures is to first consider the case of a linear activation. For example, define the following
parametric model: gay, w,) () = WoWix. It can only represent linear maps, but the
landscape of the mean-square training loss function f(Wy, Ws) = E[(y — WoWix)?] is
not convex in (W7, Ws). Hence, this landscape possibly contains suboptimal critical
points and local optima, which would hinder the power of first-order optimization
methods like (stochastic) gradient descent. However, we know exactly what the
product W5Wy should be, as f is convex in WyW;. There are efficient algorithms to
solve convex problems, such as interior point methods or subgradient methods, with
theoretical guarantees [25]. Hence, we can use this knowledge to characterize the set
of minima, and to analyse which solution is picked by first-order methods such as

gradient descent with a generic initialization.

In analogy with a residual neural network [73|, we call the following parametric

model a linear residual network with L layers

L
gA(L)(:E) = H (Id —+ AI(CL)) - T,

k=1

where AF) = <A§€L)> € RE*4%d are the parameters of the model, also called
=1,.L

[AARS}

weight matrices.

2.1 Recent work

The problem of supervised training of residual linear networks has been well-studied

over the last few years.
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For the regression problem, [68] prove that around the origin, all critical points of
the mean-squared loss function are global minima, and there exists a solution where
each matrix A,(CL) is of the order 1/L. More generally, [87, 93, 104] all establish that
the mean-squared loss admits no suboptimal local minima, each time under slightly
different assumptions.

Furthermore, [7] study the gradient descent dynamics starting from a balanced ini-
tialization, and show that the mean-squared error drops below ¢ in O (L*log(1/¢))
iterations. Similarly, [152] argue that an asymmetric initialization of the weight
matrices yields a convergence of gradient descent in O (L3log(1/¢)) iterations as well,
but with better constants. They also show that learning the linear map z — —ux
with gradient descent initialized using the popular Xavier initialization [59] fails to
converge to the global minimum in less than Q(exp(L)) iterations.

Also, several works study the problem of training linear networks when the response Y
does not necessarily come from noisy observations of an underlying linear model. For
example, [58| study the properties of the solution found by gradient descent starting

from a Xavier initialization in the case of L = 1 and L = 2 layers.

For the classification problem, [84] establish that training deep linear networks
on linearly separable data with gradient descent on the logistic loss converges to a
global minimum that aligns the weight matrices along the depth. In other words, the
trained matrices are asymptotically of rank 1, and can be seen as a form of implicit
regularization. [65] study the case of linear convolutional networks of depth L trained
on linearly separable data with gradient descent on the exponential loss. They show
that the rescaled input-output map converges to the hard-margin support vector
machine classifier with minimal /5,7, norm. Hence, gradient descent without explicit

regularization is biased towards sparse solutions for L = 2.

2.2 Problem formulation

We take the setup from [68] and assume that the input distribution D lies in R,
and R: RY — R? is a linear mapping. Let X be a square-integrable random variable
defined on a probability space (£2, F,P) such that X is distributed according to D, and
let Z ~ N(0,&14) be independent of X. Denote ¥ :=E [XX”]| € R**? the covariance

matrix of X.
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We seek to learn the mapping R from noisy measurements Y = RX + Z. To do so,
we use a linear residual network of depth L € N*, that is, we parametrize our model
with weights matrices A" = (AEL). e ,ASP) € RE*dxd g5 that for an input x € RY,
the output of the model is y* defined as follows.

0 — 4
™ =Y AV, k=1L, (21)
i =h

Our objective is to minimize the following unregularized mean-squared loss.
8 A® e R B (|ly - )
We can rewrite the output as a linear function of the input:
gt =hp® = (1L+ AP ) g

— (L +AP) o (1 AP ) g™

=

(]d + A,(CL)> T.

k=1

Thus, we can rewrite the objective function as

(R— ﬁ (IﬁA,ﬁ”)) X+ 7

k=1

<R . f[ (Id + A,ﬁ”)) $1/2

k=1

2
) (A(L)) —F

where we use the independence of X and Z and standard matrix calculus in the second

2
2

+E[I1Z115] , (2.2)

equality.

2.3 Description of the solutions

The global minimum of (2.2) is fun = E [HZHg] = £?d and is attained for multiple

possible A(¥). To compare the different minima, we introduce a tensor norm.

Definition 2.1. Let A®F) € REX4Xd The spectral norm of A is defined as

lAD] = masx [|AE7) .

-----

The minimizers of (2.2) belong to one of the following three categories.
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e Atomic solutions A®) = (04,...,04, R — 1).

e The symmetric solution, defined as follows when R is positive semi-definite.
We first orthogonally diagonalize R so that there exists an orthonormal matrix
U € R¥4 and a diagonal matrix A = diag(\y,. .., \q), where \; > 0, such that
R =UAU'. Then, we define

A2® = Udiag (A}/ LAY L) Ul — 1,

We clearly have f() (A*’(L)) = fmin, and as U is orthonormal, the spectral norm

of A*W) is given by

Jlar @] = a5

- HId ~ Udiag ()\,}/L) ol
2

)\.I/L—l‘.

= max |\,

2 i=1,...,.L
We see that if L is big enough, e.g.

L = ~y(R) = max {[log(Amax(R))], [log(Amin ()|} ,
then

) , 37(R)
(L) — log(\:)/L _
Jla= @ = mas, Jestore - < 2

The symmetric solution is also called the minimum norm solution as it minimizes
the spectral norm of A among all global minimizers of (2.2). Indeed, if AZ)

is any global minima of (2.2), then

L
(14 (4O = A, = ||H (1a+ 4P| < (1 as™.
k=1

2

A similar construction applies when R is an arbitrary d x d matrix [68].

e Hybrid solutions spreading the total weight among a few A,(CL)’S and setting the

rest of them to zero.

We conclude that on RE*4%4 the landscape of f(%) has a lot of global minima,
so points of vanishing gradient. However, if we restrict ourselves to a small ball
B = {A®D) - [[]A®||| < 7} around the origin, the squared norm of the gradient of
) is lower bounded by f&) — f,.., called the sub-optimality gap of f). We say
that such an f") satisfies a (local) Polyak-FEojasiewicz inequality [128]. It is not hard
to see then that every critical point of f(&) in B is a global optimum.!

More precisely, the lower bound on the norm of the gradient reads as follows.

Tt was shown in [128] that the gradient descent dynamics of a loss function f satisfying a global
Polyak-Lojasiewicz inequality converge linearly to a global optimum. This fact will be revisited more
precisely in Section 2.4
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Lemma 2.2 (Theorem 2.2 in [68]). For any A" € RE*44 it [[|AD||| < 7, we
have
[V FP (AD)|[2 = 4L(1 = 1% 2 Agin(E) (FP (AD) = fuwn) s (23)

1/2
where ||G||p = (Zizl ||Gk||§,> for G € REX gnd \pyin(X) > 0 is the minimum

singular value of 3.

The proof follows after a straightforward gradient computation and can be found
in [68].

Remark 2.3. Note that the gradient lower bound (2.3) can be extended to a non-linear
setting. It is shown in [16, Theorem 4] that if the input-output map h: R? — R4
can be represented as a composition h = hy o --- o hy of near-identity functions,
i.e. where ||h; —idgal|| . is small, then the loss function satisfies a local Polyak-
Lojasiewicz inequality near the origin.> However, if we parametrize the function h; via
hi(z) = x + §%) tanh (AEL):B>, then [16, Theorem 6] shows that (0¥, AL} = (0,0)
18 a critical point that is not always a global minimum of the loss function in the

parameter space.

2.4 Global convergence and scaling

In Section 2.3, we observed that the objective function (2.2) admits multiple different
global minima. However, not all of them are equally likely to be reached by an opti-
mization algorithm. Indeed, the solution such an algorithm finds is heavily dependent
on its initialization scheme, its internal dynamics and the explicit regularization of
the loss function, if any. Thus, given all the hyperparameters, it is important to have
a principled way to study the convergence properties of the algorithm.

Remember that we are studying linear residual networks as a proxy for non-linear
ones. Thus, in this section, we will focus on studying some variants of gradient descent

algorithms, as they are the method of choice to optimize neural networks in practice.

Fix the depth L € N*. We study the continuous-time gradient descent algorithm
on the objective function (2.2). Namely, given an initialization scheme A" (0) =
<A,(€L)(O)> € REX¥4Xd we let the parameter A() = A (t) evolve according to a

[

2The gradients are computed in the function space, where we use the notion of Frechet derivative.
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velocity vector field equal to minus the gradient of the loss function f*), where ¢ > 0

represent the training time.

aA®)
d’; (t) = =V, fP (A(L)(t)) fork=1,...,L and t>0. (2.4)

We are interested in the following questions.
e Do we have asymptotic global minimization f® (A" (t)) = fum as t — 0o ?
e What is the convergence speed of f(¥) (A(L) (t)) t0 fimin 7

e Does the limit A*©) = lim, (A,(f) (t)) exist?
k=1, L

e What is the convergence speed of the parameters A (¢) to A* ) in the spectral

norm?
e What is the scaling of the trained weights A* () with respect to the depth L ?

To answer each of these questions, we follow the set-up of [152], where the so-called

ZAS initialization is considered, i.e.

AP) =04 for k=1,...,L—1 and A"(0)=—1,. (2.5)
The reason to initialize the last layer to I; + A(LL)(O) = 04 is to ease the learn-

ing of negatively oriented matrices. Indeed, we have det (H£=1 (Id + A,E;L))> =
T1E_, det ([d + Aff)> > 0 if [||[A®)]|| is small. To flip the sign of the determinant,

one of the weight matrices has to move a distance §2(1), which can take Q(exp(L))
gradient descent iterations [152]. We will see in our Proposition 2.5 that with a ZAS
initialization, the maximum distance traveled by a matrix A,(f) is O(log(L)Y/2 - L~1/%).
To prove it, we first recall the results from [152] and prove the linear convergence of

the loss function to fi,.

Lemma 2.4 (Theorem 4.1 in [152]). Fiz L € N*. Under the continuous-time gradient
descent dynamics (2.4) with the ZAS initialization (2.5), we have

& (A(L) (t)) < fonin 4+ e~ Pmin ()1 (f(L) (A(L)(O)) — fmin) 7

for allt > 0 and R € R4,
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Proof. We present here the main ideas, the full proof is available in [152]. We omit
the explicit dependence in L. For the sake of simplicity, we assume that the data is
whitened, i.e. X = I;. Define now W}, := I; + Ay, and for k; < ko,

ko
sz:kl = H Wk = szwlwfl U Wk1+1Wk1' (26)

k=k:
Then, Wi(0) = I for k=1,...,L — 1 and W (0) = 04. The dynamics of the weights

are kept unchanged as we are only adding a constant to the weights, so (2.4) reads

i?=—vmﬂwxxmm3ﬂww;ﬂm&—m#0- (2.7)

The gradient can be written as follows.
VWkJ?(W) = (WL:kJrl)T (Wpa1—R) (qu:l)T (2.8)

Claim: For every k=1,...,L — 1, Dy(t) == W/ ()Wis1(t) — Wi(&)W,] (t) is
constant through time.
The claim can easily be shown by differentiating Dy(t) with respect to ¢ and by using
(2.7). We thus deduce the relations

Ww, =W, Wy fork=0,...,L -2, (2.9)
Wi W, | =1+ W, Wy, (2.10)

By direct computations, we also have
Wy aW/ 1 = (Le+WIw,) (2.11)
Therefore,
[9w, FO0)||” = 10720~ RYWL
2 Amin (WLfltleT—lsl) HWLzl - RH% > 2 (]?(W) - fmin> .
Using this, we deduce that

%f(W(t)) < - HVwa(W(t)) i < -2 (f(W(t)) _ fmin) 7

and the statement follows by Gronwall’s lemma. ]

We now address the following questions: do the individual weights A,(CL) () converge

as t — oo and if so, what is the scaling of lim;_, A,(CL) (t) with respect to L.
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Proposition 2.5. Under the continuous-time gradient descent dynamics (2.4) with
the ZAS initialization (2.5), the following holds.

(i) AB(t) converges linearly to some optimal weights A* () € REX4Xd g5t — o0 in

the tensor norm |||-|||.

(ii) QL) = |1+ A P|| = 0 (L7172 (log L)!72).
2

(iii) Q (L) = HA’? &)

=0 (L7 (logL)'?)  for k=1,...,L—1.
Note that the following quantities

H]d + A*L’ (L) o A(LL)(O)

= 45" - 4@

and HA,: (L)

2 2

are the total distances travelled by the parameters during the optimization.

Proof. We start by proving (ii). Define as in the proof of Lemma 2.4 the matrices
Wy =15+ A, for k= 1,..., L. The input-output map of the linear residual network
then reads x — Wy, x, where the notation W is defined in (2.6). We use (2.11) to
compute

WiaWiy = WWi a W/ W,
Wy Lo+ wiw) )

-1

L—-1

( k )(WLWLT)M-
0

4 be the (positive) eigenvalues of W W, we have tr (W, W )¥) =

h

k=

Hence, if we let (v;)i=1

.....

Z‘j L vF and

L-1

L—1
Wl = o () = 3 (7 or (o)
k=0
— (L—-1
- ( . ) DU =N (L)t (2.12)
k=0 i=1 i=1

Now, choose ty > 0 big enough so that f(A(t)) — fun < ‘R”F

(2.12), for t > to, we get the following bound.

for all t > ty. Using

—||R||p (IR = Wea®ll g + IRl = IWea (D5 = vimax(t) (1+ vimax()
(2.13)
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.....

we have
1 9 2 2 L—1
1 1Bl < (1Rl = 1B = Wia@)llp)” < [Wea(@)l[r < dvimax() (1 + vinax(t)) "

Thus, we deduce the following lower bound:

R 2
Vinax (t) > 10g(1 + Vmax(t)) > 1og ((1 + Vmax(t))*) L7' > log (%) L7V = ¢oL 7!

Similarly, we have that for L > ¢y, using (2.13),
(14 O < 265 Lo (D1 + ) < 5 [RIFL (214)
This means, for each ¢ > 0,
Vmax(t) = QL™ and ey (t) = O(L ' log L). (2.15)

We conclude (7i) by noting that [|W; |2 = limy_ s Vmax(t)-
Next, we prove (iii). Observe first that ||Wy(u)||3 = 1 + ||[W(u)||5 for each k < L
by (2.9) and (2.10). Therefore, there exist some constants ¢y, co > 0 such that

1+ L7 < [T+ Ap@)]2 <14 oLt og L
for t > ty and L > ¢y. Hence
[AR®)]ly > e+ A, =1 = (1+aL™t)

where the last inequality holds for L > ¢;/3. Hence, in the limit ¢ — oo, we get
|Azll, = Q(L™1) by (2.15). Similar calculations give the corresponding upper bound.
Finally, we prove (i). For to < s <tand k=1,...,L — 1, we get by (2.4)

t
d
—A d
/S T k(u)du i
t
< [ IVas® (A0) [} du

<4 [ IWalw) I (FAW) ~ fon) T IW3 ()

j#k,L

2

[Au(0) = Au(s)]2 = ]

where the second inequality holds by the gradient derivation in [68] and Lemma D.1.
Next, we use the fact that |[W;(u)||2 = 1+ |[Wg(u)|[; for j < L by (2.9) and (2.10).
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From the upper bound above, we thus get
|AR(E) — Ar(s)||7 < 4/ (1 + Vinax ()" Vimax (1) (F(A(w)) = fin) du
<OIRIE [ (FAW) = ) du

< IRIZ (FA0) = fui) (72 — 7).

The second inequality is due to the upper bound (2.13) and the third to Lemma 2.4.
A similar bound holds for Ay :

|mmw—Amw@s4/X1+%mw»L%ﬂAm»—AMMu
<9|R|2 / Vo (1) (F(A(W)) = i)
sﬁym%uwmm—ﬁmﬂf%—f%L

Thus, for a fixed L, we have linear convergence of A(t) to the global minima A* when

t — oo in the Frobenius norm, so in the tensor norm as well. O

Remark 2.6. If to optimize the loss function f) we use discrete-time gradient
descent instead, 1i.e. A,(fL)(t +1) = A,&L)(t) — () 4, fB (AB(L)), observe that
the parameters A,(CL), k # L, are Q(L™') by Proposition 2.5 whereas the gradients
Va, [ (AR) are © (1). Thus, the sum of learning rates > o nE)(t) has to scale
like Q (L™Y) for an optimal learning process. This observation is supported by the

experiments in Section 2.6.

2.5 Existence of a scaling limit as the depth increases
and connection to linear neural ODE

In Proposition 2.5, we study the scaling of the optimal weights with respect to the
depth under the ZAS initialization (2.5). We observe that the optimal weights AZ(L),
k < L, scale differently than AZ(L), making it unlikely that a scaling limit exist. In
general, the following design choices influence the scaling of the weights and whether

a scaling limit exist.
e The explicit scaling

e The initialization scheme
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e The learning rate scaling

For example, Theorem 1 in [138] proves that with an explicit 1/L in front of the
matrices A,(f), a learning rate ny(t) scaling linearly with L, and initial weights A,(ﬂL)(O)
such that L (A(Li)SJ (0) — ws(0)> — 0 for each s € [0,1] as L — oo, then the weights
trained by gradient descent also admit a scaling limit: A(Lil () = s(t) as L — oo.
Furthermore, the hidden states hf’L(sﬁ)
which solves the following linear neural ODE:

(t) converge uniformly to HZ*(t) as L — oo,

d
d—XS’”(t) = s(t)XZI(t) for s €[0,1], X{(t)==z.
s
The key difference with our framework is that the weights A,(fL) and the rescaled
gradients 7"V 4, f(¥) (A) are of the same order O(1) with respect to L, in contrast

to our framework.

2.6 Numerical examples

We illustrate the above results with some numerical experiments. We fix d = 10 and
a matrix R € R™? whose eigenvalues are taken uniformly in [0.1,10] so that the
condition number of R is large. We generate N = 1024 i.i.d samples {z;};, from
the distribution D = N (0, I;), and we compute the targets y; = Rz; + z;, where
2 ~N(0,&1;) and € = 0.1. We train a linear residual network (2.1) using stochastic
gradient descent with a learning rate n® and batch size B = 32, meaning that
we choose the samples By C {1,..., N} uniformly at random at iteration k, with

|B)| = B. The parameter updates thus read, for t > 1,

2
1

D) = AD (¢ — 1) — pb) . =

APy =AMt —-1)—n VA BE

1€By,

L
Yi — H (Id + A;”) * T
k=1

2

We choose the learning rate in an adaptive way. First, we train the network at the
lowest depth Ly = 2 with an initial learning rate n*0) = 0.05. We perform SGD
iterations until either the training loss f](VLO) (A%0)(t)) drops below fuin + £, Where
e = 1072, or the maximum number of iterations tn.,x = 3200 is reached. In the
former case, we increase the depth and the network is reinitialized. In the latter case,
we decrease the learning rate by 30%, meaning that the new learning rate will be

/’7(L0)
learning rate. We continue until the network with the largest depth L. = 945 is

«— 0.7-n%) | and we train the network with the same depth, but with the new
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trained.

We first present the results when we initialize the network weights using ZAS
initialization (2.5). In Figure 2.1, we observe that the last layer is staying at a constant
order while increasing the depth, whereas the other layers’ norms decrease a bit faster
than 1/L. In Figure 2.2, we observe that the learning rate has to decrease linearly

with the depth to achieve convergence of the training loss, in accordance to Remark 2.6

10-1 4

o,
——- Norm of last layer *a,
- Regression slope: -0.9
« Norm of every layer but the last

-4 | —— Learning rate
e, 10 9
——- Regression slope: -1.1 <

10724

‘ : : 1o 102 10
10! 102 10% Depth

Depth
Figure 2.2: Learning rate n() used in SGD
to train the weights at different depths with
the ZAS initialization (2.5). The learning rate
is updated according to the schedule described
in Section 2.6.

Figure 2.1: Frobenius norm of the trained
weights at different depths with the ZAS ini-
tialization (2.5). In red: norm of the last layer.
In blue: norms of all the other layers.

However, with a different initialization scheme, we observe a different behaviour.
Indeed, with the Xavier® initialization [59], the norms of the trained weights A}’ @) are
all of the order of 1/L, see Figure 2.3. Observe as well in Figure 2.4 that the learning
rate has to decrease linearly with the depth as well to achieve convergence, after a

small initial plateau.

3A,(CL) (0)smn are independent samples taken from a centered Gaussian distribution with standard
deviation L1,
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100 4

——- Norm of last layer —— Learning rate ~
10-2{ ~ Regression slope: -1.0 —-- Regression slope: -0.9
10°

+ Norm of every layer but the last T T T
10 102 10°
Depth

Depth
Figure 2.4: Learning rate n() used in SGD
to train the weights at different depths with
the Xavier initialization. The learning rate is
updated according to the schedule described
in Section 2.6.

Figure 2.3: Frobenius norm of the trained
weights at different depths with the Xavier
initialization. In red: norm of the last layer.
In blue: norms of all the other layers.

Both examples show that gradient descent finds a solution close to its initialization.
This observation is one of the main ideas driving convergence proofs in the non-linear

case, as will be seen in Chapter 4.
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Chapter 3

Scaling properties of deep residual
networks

3.1 Introduction

Residual networks, or ResNets, are multilayer neural network architectures in which a
skip connection is introduced at every layer (|73]). This allows very deep networks
to be trained by circumventing vanishing and exploding gradients, mentioned in [20)].
The increased depth in ResNets has lead to commensurate performance gains in
applications ranging from speech recognition [74, 161] to computer vision |73, 78].

A residual network with L layers may be represented as
nt = b+ 0o (AR o). (3.1)

where h;f) is the hidden state at layer £ =0, ..., L, h(()L) = x € R? the input, h(LL) c R¢
the output, o: R — R a nonlinear activation function, o4(z) = (o(z1),...,0(x4))"
its component-wise extension to z € R?, and A,(f), b,(CL), and (5,(€L) trainable network
weights for k=0,...,L — 1.

ResNets have been the focus of several theoretical studies due to a perceived link
with a class of differential equations. The idea, put forth in [67] and [28], is to view

(3.1) as a discretization of a system of ordinary differential equations

dH, — -
d_tt = 0y (Ath + bt) s (32)

where A: [0,1] — R¥™? and b: [0,1] — R? are appropriate smooth functions and
H(0) = 2. This may be justified ([148]) by assuming that

0 ~ 1)L, AP ~ Ay, 0~ (3.3)

33



as L increases. Such models, named neural ordinary differential equations or neural
ODEs |28, 46|, have motivated the use of optimal control methods to train ResNets [47].

However, the precise link between deep ResNets and the neural ODE (3.2) is
unclear: in practice, the weights A and b result from training, yet the validity of
the scaling assumptions (3.3) for trained weights is far from obvious. As a matter of
fact, there is empirical evidence showing that using a scaling factor §*) ~ 1/L can
deteriorate the network accuracy [13]. Also, there is no guarantee that weights obtained
through training have a non-zero limit which depends smoothly on the layer, as (3.3)
would require. In fact, for ResNet architectures used in practice, empirical evidence
points to the contrary [37]. These observations motivate an in-depth examination
of the actual scaling behavior of weights with network depth in ResNets and of its
impact on the asymptotic behavior of those networks.

Contributions. We systematically investigate the scaling behavior of trained net-
works weights and examine in detail the consequence of this scaling for the asymptotic
properties of ResNets as the number of layers increases. We first show, through detailed
numerical experiments, the existence of scaling regimes for trained weights markedly
different from those implicitly assumed in the neural ODE literature. We study the
convergence of the hidden state dynamics in these scaling regimes, showing that one
may obtain an ODE, a stochastic differential equation (SDE) or neither of these. More
precisely, we show strong convergence of the hidden state dynamics to a limiting ODE
or SDE, by viewing the discrete hidden state dynamics as a “nonlinear Euler scheme” of
the limiting equation. At a mathematical level, we extend the convergence analysis of
Higham et al. [75] for discretization schemes of time-homogeneous (Markov) diffusions
to a class of nonlinear approximations for Itd6 processes with bounded coefficients.

In particular, our findings point to the existence of a “diffusive regime” in which the
deep network limit is described by a class of stochastic differential equations (SDEs).
These novel findings on the relation between ResNets and neural ODEs complement
previous work [148, 48, 56, 123, 138|. Finally, we derive the corresponding scaling
limit for the backpropagation dynamics. The results we obtain are different from
previous ones on asymptotics of ResNets [28, 67, 106], and correspond to a different
scaling regime which is relevant for trained weights in practical settings.

In particular, in the diffusive regime we find a limit different from the “Neural
SDE” literature [98|. Indeed, we observe that the Jacobian of the output with respect
to the hidden states depends on hidden states across all levels, so may not be directly

expressed as the solution of a forward or backward stochastic differential equation,
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as proposed in [98]. However, in Section 3.5 we obtain a representation for the
asymptotics of the backpropagation dynamics in terms of an auxiliary forward SDE.
Outline. Section 3.2 describes the various scaling regimes for trained weights
evidenced in 37| and the methodology for studying this scaling behaviour in the deep
network limit. In Section 3.3, we report detailed numerical experiments on the scaling
of trained network weights across a range of ResNet architectures and datasets, showing
the existence of at least three different scaling regimes, none of which correspond
to (3.3). In Section 3.4, we show that under these scaling regimes, the dynamics of
the the hidden state may be described in terms of a class of ordinary or stochastic
differential equations, different from the neural ODEs studied in [28, 67, 106]. In
Section 3.5, we derive the large depth limit of the backpropagation dynamics under
each scaling regime.
Notations. Let ||v|| denote the Euclidean norm of a vector v. For a matrix M,
denote M" its transpose, diag(M) its diagonal vector, tr(M) its trace and | M ||, =
tr(M T M) its Frobenius norm. Denote |z] the integer part of a real number x. Let
N(m, ) denote the Gaussian distribution with mean m and (co)variance ¥, ® denote
the tensor product, and R®" = R? x ... x R? (n times). Define the vectorisation
operator by vec: Ré*xdn _y Rdidn and let 1g be the indicator function of a set
S. € is the space of continuous functions, for v > 0, C” is the space of v-Hélder

continuous functions, and F! is the Sobolev space of order 1.

3.2 Scaling regimes

We start by providing a framework for describing the scaling regimes for trained

network weights, as identified in numerical experiments on deep ResNets [37].

3.2.1 Scaling regimes for trained network weights

As described in Section 3.1, the neural ODE limit assumes

1
6O ~ = and AW

: o S AL by SR, (3.4)

LLt]

for t € [0, 1], where A: [0,1] — R¥? and b: [0,1] — R? are smooth functions [148].
Our numerical experiments, detailed in Section 3.3, show that the norm of the weights
generally shrinks as L increases (see for example Figures 3.2 and 3.4), so one cannot
expect the above assumption to hold, unless weights are renormalized in some way. We
consider here a more general assumption which includes (3.4) but allows for shrinking

weights.
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Figure 3.1: Trained weights as a function of k/L for k = 0,...,L and L = 9100. Left: rescaled

weights L7 A,(f()oyo) for a tanh network with § = 0.2. Right: cumulative sum Zf;(} Agiao)for a ReLU
)

network. Note that each A,(f(oyo) e R.

Hypothesis 1. There exist A € €° ([0, 1],R™?) and 8 € [0, 1] such that

vsel0,1], A, = lim LFA[} . (3.5)

L—oo

These renormalized weights do converge to a continuous function of the layer in
some cases, as shown in Figure 3.1 (top) which displays a ResNet (3.1) with fully
connected layers and tanh activation function, without explicit regularization (see
Section 3.3.2).

Yet, it is not the case that network weights always converge to a smooth function
of the layer, even after rescaling. Indeed, network weights A,(CL) are usually initialized
to random, independent and identically distributed (i.i.d.) values, whose scaling limit
would then correspond to a white noise, which cannot be represented as a function
of the layer. In this case, the cumulative sum Zf;é Ag-L) of the weights behaves like
a random walk, which does have a well-defined scaling limit W € @° ([0, 1] ,RdXd).
Figure 3.1 (bottom) shows that, for a ReLU ResNet with fully-connected layers, this
cumulative sum of trained weights converges to an urregular, that is, non-smooth
function of the layer.

This observation motivates the consideration of a different scaling regime where the
weights A,iL) are represented as the increments of a continuous function W4, i.e. the
cumulative sum of the weights may converges to a limit but not the weight themselves.

We also allow for a trend term as in Scaling regime 1.

Hypothesis 2. There ezist 3 € [0,1), A € €°([0,1],R™?), and W4 € €°([0, 1], R?*4)

non-zero such that Wg* = 0 and
L o
AP = LAy + Wiy — Wi (3.6)
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The above decomposition is unique. Indeed, for s € [0, 1],

|Ls|— [Ls]—1

—_ L—oo
L1 Z AP =LY A+ LW / A, dr. (3.7)
k=0
The integral of A is thus uniquely determined by the weights A , so A can be
obtained by discretization and W4 by fitting the residual error in (3.7). In addition,
Scaling Regimes 1 and 2 are mutually exclusive since Scaling regime 2 requires W4 to

be non-zero.

Remark 3.1. In the case of independent Gaussian weights

AL CEN(0,L7Md ) and BE N (0,L71d7Y),

k,mn

where A" s the (m,n)-th entry ofA,(CL) € R¥™4 qnd b;fz is the n-th entry of bl(CL) € R4,

we can represent the weights { A b(F)Y as the increments of a matriv-valued Brownian

kmn

motion
A _d (Wk—H sz/L)

which is a special case of Scaling regime 2.

This remark shows that Scaling regime 2 corresponds to a ’diffusive’ regime.

3.2.2 Smoothness of weights with respect to the layer

A question related to the existence of a scaling limit is the degree of smoothness of the
limits A or W4, if they exist. To quantify the smoothness of the function mapping
the layer number to the corresponding network weight, we define in Table 3.1 several
quantities which may be viewed as discrete versions of various (semi-)norms used to
measure the smoothness of functions.

Table 3.1: Quantities associated to a tensor A(L) € RExdxd,

Quantity Definition

Maximum norm maxy ‘ A,(gL) H
F

Cumulative sum norm HZi:l A;(CL) H
F

B-scaled norm of increments | L” max;, HA,(CT1 - A,(CL) HF

o\ 1/2
Root sum of squares <Zk HA’(fL)H )
F
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3.3 Scaling behavior of trained weights: numerical
experiments

We now report on detailed numerical experiments to investigate the scaling properties
and asymptotic behavior of trained weights for residual networks as the number
of layers increases. We focus on two types of architectures: fully-connected and

convolutional networks.

3.3.1 Methodology

We underline that Scaling Regimes 1 and 2 are mutually exclusive since Scaling
regime 2 requires W* to be non-zero. In order to examine whether one of these scaling
regimes, or neither, holds for the trained weights A%) and "), we proceed as follows.
Step 1: First, to obtain the scaling exponent § € [0,1), note that under Scaling

regime 2,

N~ =
M) =

L
I
k=1

Hence, we perform a logarithmic regression of the cumulative sum norm of A% with

Agjp + LW H’O/ Agds.
0

k=1

respect to L, and the rate of increase of Zle A,(fL) as L - o0is 1 —f.
Step 2: After identifying the correct scale L™" for the weights, we compute the
-scaled norm of increments of A% to check whether they satisfy Scaling regime 1
and measure the smoothness of the trained weights. On one hand, if the [-scaled
norm of increments of A% does not vanish as L — oo, it means that the rescaled
weights cannot be represented as a continuous function of the layer, as in Scaling
regime 1. On the other hand, if the B-scaled norm of increments of A% vanishes (say,
as L™") when L increases, it supports Scaling regime 1 with a Holder-continuous limit
function 4 € €*([0, 1], R%*9).
Step 3: To discriminate between Scaling regimes 1 and 2, we decompose the
cumulative sum Zk ! A; (L) of the trained weights into a trend component A and a
noise component W4, as shown in (3.7). The presence of non-negligible noise term
W4 favors Scaling regime 2.
Step 4: Finally, we estimate the regularity of the term W4 under Scaling regime 2.
If W4 has diffusive behavior, as in the example of i.i.d. random weights, then its
quadratic variation tensor defined by

|Ls|—

= g 3 (- ) o ()
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has a finite limit as L — oo. Hence, using (3.6) and Cauchy-Schwarz, we obtain

[Ls]—1 9 _
vl <2 g S A + 22 )2, 59
k=0
where ||| is the Hilbert-Schmidt norm. As A is continuous on a compact domain,

its L? norm is finite. Hence, if we have 5 > %, the fact that the root sum of squares

of AW is upper bounded as L — oo implies that the quadratic variation of W4 is finite.

We follow all of the above steps for b) as well. Note that the scaling exponent /3

may not be the same for A and ().

Remark 3.2. Note that 0 = ReLLU is homogeneous of degree 1, so we can write
d-0q(Ah +b) =sign(d) - o4 (|6] Ah + [6]b) .

Hence, when analyzing the scaling of trained weights in the case of a ReLLU activation
with fully-connected layers, we look at the quantities ‘(5(”! AD) and |(5(L)‘ b as they

represent the total scaling of the residual connection.

3.3.2 Results for fully-connected layers

We first consider the case where the network layers are fully-connected. We consider

the network architecture (3.1) for two different setups:
(i) o = tanh, (5,(CL) = 0" € R, trainable,
(ii) o = ReLU, 6" € R trainable.

We choose to present these two cases for the following reasons. First, both tanh and
ReLU are widely used in practice. Further, having §(%) scalar makes the derivation of
the limiting behavior simpler. Also, since tanh is an odd function, the sign of 6% can
be absorbed into the activation. Therefore, we can assume that 6% is non-negative
for tanh. Regarding ReLU, having a shared %) would hinder the expressiveness of
the network. Indeed, if for instance 6¥) > 0, we would get h,(jr)l > h,(f) element-wise
since ReLLU is non-negative. This would imply that h(LL) > x, which is not desirable.
The same argument applies to the case 60 < 0. Thus, we let 5,(€L) € R depend on the

layer number for ReLLU networks.
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We consider two data sets. The first one is synthetic: fix d = 10 and generate N
i.i.d samples z; coming from the d—dimensional uniform distribution in [—1, 1]d. Let

K =100 and simulate the following dynamical system:

2y =y
{Z;:Z :Z]fil—f—Kfl/Qtanhd(gd(zlfilahK))7 k=1,...,K,

where gq(z, k, K) = sin(5kn/K)z + cos(bkm/K)1,. The targets y; are defined as

T4

i = 2x /2K

train very deep residual networks and to be sure that there exists at least a (sparse)

. The motivation behind this low-dimensional dataset is to be able to

optimal solution.

The second dataset is a low-dimensional embedding of the MNIST handwritten
digits dataset [94]. Let (7,c) € R*®*2 x {0,...,9} be an input image and its corre-
sponding class. We transform 7 into a lower dimensional embedding z € R? using
an untrained convolutional projection, where d = 25. More precisely, we stack two
convolutional layers initialized randomly, we apply them to the input and we flatten the
downsized image into a d—dimensional vector. Doing so reduces the dimensionality of
the problem while allowing very deep networks to reach at least 99% training accuracy.
The target y € R? is the one-hot encoding of the corresponding class.

The weights are updated by stochastic gradient descent (SGD) using batches of
size B on the mean-square loss and a constant learning rate n, until the loss falls
below €, or when the maximum number of updates T},., is reached. We repeat the

experiments for depths L varying from L, to L.,. Details are given in Appendix A.

Results. For the case of a tanh activation (i), we observe in Figure 3.2 that for
both datasets, §(®) ~ L7 clearly decreases as L increases, and A" decreases slightly
when L increases. We deduce that § = 0.3 for the MNIST dataset and § = 0.2 for
the synthetic dataset.

We use these results to identify the scaling behavior of A%, We observe in
Figure 3.3 (left) that the S-scaled norm of increments of A decreases like L~'/2,
suggesting that Scaling regime 1 holds, with A being 1/2—Hélder continuous. This is
confirmed in Figure 3.3 (right), as the trend part A is visibly continuous and even
of class C'. The noise part W4 is negligible. This observation is even more striking
given that the weights are trained without explicit regularization.

Regarding the case of a ReLU activation function (ii), we observe in Figure 3.4
(left) that the trend part of the residual connection |5(L)‘ A scales like L% for
the synthetic dataset and like L™% for the MNIST dataset. We see in Figure 3.4
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Figure 3.2: Scaling for tanh activation and §(*) € R. Left: Maximum norm of §/) with respect to
L. Right: Cumulative sum norm of A% with respect to L. The dashed lines are for the synthetic
data and the solid lines are for MNIST. The plots are in log-log scale.
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Figure 3.3: Identification of scaling behavior in the case of tanh activation and §(%) € R. Left:
log-log plot of root sum of squares of A) (pink) and the S-scaled norm of increments of A(%) (orange).
Dashed lines are for the synthetic data and the solid lines are for MNIST. Right: Decomposition of

the trained weights AI(CL()9 7 with the trend part A and the noise part W4 for L = 10321, as defined
n (3.6), for the synthetic dataset.

(right) that keeping the sign of 5,(CL) is important, as the sign oscillates considerably
throughout the network depth £ =0,...,L — 1.

Figure 3.5 (left) shows that the S-scaled norm of increments diverges as the depth
increases. This suggests that there exists a noise part W#. Following (3.8), the fact
that the root sum of squares of |(5(L)‘ AW is upper bounded as L — oo and 3 > 1/2
implies that W4 has finite quadratic variation. These claims are also supported by
Figure 3.5 (right): there is a non-zero trend part A, and a non-negligible noise part
w4,

Given the scaling behavior of the trained weights, we conclude that Scaling regime 1
seems to be a plausible description for the tanh case (i), but Scaling regime 2 provides

a better description for the ReLU case (ii).
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Figure 3.4: Scaling for ReLU activation and 5,(€L) € R. Left: Cumulative sum norm of |§(2)|A()

with respect to L, in log-log scale. Right: trained values of 5,(€L) as a function of k, for L = 9100 and
for the synthetic dataset.
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Figure 3.5: ReLU activation and scalar 5,(€L). Left: in pink we plot in log-log scale the root sum
of squares of |§(X)|A) and in orange the -scaled norm of increments of [§(/)|A(F), The dashed
lines are for the synthetic data and the solid lines for MNIST. Right: Decomposition of the trained

weights |60 AfﬂL& 7 With the trend part A and the noise part W4 for L = 10321, as defined in (3.6),

for the synthetic dataset.

Scaling behavior of ) are shown for the tanh case in Figure 3.6 and for the ReLU
case in Figure 3.7. We observe that the cumulative sum norm, the scaled norm of the
increments and the root sum of squares of b%) scales in the same way as A as the
depth L increases. In particular, the scaling exponent /3 for b is equal to the scaling
exponent of A justifying the setup considered in Section 3.2.

Importance of the stochastic term W4. It is legitimate to ask whether the
noise term W4 plays a significant role in the output accuracy of the network. To test
this, we create a residual network with denoised weights Z,(CL) = L PA, /L, compute
its training error and we compare it to the original training error. We observe in
Figure 3.8 (left) that for tanh, the noise part W is negligible and does not influence

the loss. However, for ReLU, the loss with denoised weights is one order of magnitude
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Figure 3.6: Scaling behavior for b(%) with tanh activation and scalar 6(%). Left: cumulative sum
norm of b(X) with respect to L, in log-log scale. Middle: the root sum of squares of (%) in pink and

the S—scaled norm of increments of b%) in orange, in log-log scale. The dashed lines are for the
synthetic data and the solid lines are for MNIST. Right: Decomposition of the trained weights bgfg

with the trend part b and the noise part W for L = 10321, as defined in (3.6), for the synthetic
dataset.
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Figure 3.7: Scaling and hypothesis verification for b(%) with ReLU activation and 5,(€L) € R. Left:
cumulative sum norm of |§ (L) |b(L) with respect to L, in log-log scale. Middle: the root sum of squares
of [6()[b(X) in pink and the f—scaled norm of increments of |[§(%)|b() in orange, in log-log scale.
The dashed lines are for the synthetic data and the solid lines for MNIST. Right: Decomposition of
the trained weights |6(%)] b,%) with the trend part b and the noise part W?° for L = 10321, as defined
in (3.6), for the synthetic dataset.

above the original training loss, meaning that the noise part W# plays a significant
role in the accuracy of the trained network.

Sensitivity of o and [ with respect to the hyperparameters. The values
of a and [ stem from the trained weights, which are themselves a function of the
initialization and the training algorithm. We are using stochastic gradient descent,
and the most significant hyperparameters of SGD are the learning rate n and the
batch size B.

Hence, we report the value o and (8 found for the tanh and trainable § architecture
on the synthetic data with different batch sizes B € {8,32,128} and learning rates
n € {0.01,0.003,0.001}, with 5 different realizations for the initialization. We report

the average values of a and S for 5 different seeds in Table 3.2 below.

Table 3.2: Average value of « (left) and 3 (centre) for the trained weights, over 5 random initialization.
7 is the learning rate, B the batch size.
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Figure 3.8: Loss value, as a function of L, in black for the trained weights A,(CL) and in green for the
denoised weights EECL) =L PA, sr- Left: tanh activation and 5(1) € R. Right: ReLU activation and

5,(€L) € R. Note that these curves are for the synthetic dataset and that we plot them in log-log scale.
Also, we show in off-white the loss value range in which we consider our networks to have converged.

o B=8 | B=32 | B=128 B B=8 | B=32 | B=128
n=.011.69+.02|.73£.02|.67% .02 n=.011{.24+.02|.29+.05|.22 4+ .02
n=.003{.59 £ .05|.60 = .01 |.58 £ .01 n=.003|.33£.01|.41£.06]|.40 £ .02
n=.001{.584£.01|.55£.01].53£.01 n=.001].39£.02|.43£.02|.41£ .01

We observe that the learning rate does affect o and 8 while keeping a+ 8 around 1, and
the batch size does not affect o or 5. A plausible explanation for these observations is
that a higher batch size means a more precise descent direction at the cost of efficiency,

but the shape of the solution is not supposed to change.

3.3.3 Results for convolutional networks

We now consider the original ResNet with convolutional layers introduced in [73].
This architecture is close to the state-of-the-art methods used for image recognition
tasks. We do not include batch normalization [80] since it only slightly improves the
performance of the network while making the analysis significantly more complicated.
The architecture is displayed in Figures 3.9 and 3.10.

Our network still possesses the skip connections from (3.1): the dynamics of the

hidden state reads
hip1 = 0 (b + Ag x 0 (Ag % hy) + Fi * hy) (3.9)

for k=0,...,L—1, where 0 = ReLLU. Here, A, Ay, and F}, are kernels and * denotes
convolution. Note that A, plays the same role as 5,(€L) from (3.1). To lighten the

notation, we omit the superscripts = (the input) and L (the number of layers).
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Figure 3.9: Residual architecture. There are 4 blocks that are respectively repeated ny, no, n3g and
ny4 times. The network depth is L = ny + ny + n3 + nyg. The Basic Block architecture is detailed in
Figure 3.10.
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F,
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Figure 3.10: Basic Block from Figure 3.9. See (3.9) for details.

We train our residual networks at depths ranging from L,,;, = 8 to L. = 121 on
the CIFAR-10 [91] dataset with the unregularized relative entropy loss. Here, 'depth’
is the number of residual connections. We note that a network with L. = 121 is
already very deep. As a comparison, a standard ResNet-152 [73] has depth L = 50 in

our framework.

Results. Table 3.3 shows the accuracy of our convolutional residual networks trained
on an NVIDIA GeForce RTX 2080 GPU on the CIFAR-10 dataset. The results are in
line with those of traditional ResNet architectures [73], even though our networks do
not have batch normalization layers [80]. It is also noteworthy to add that our concept
of depth is not that of traditional ResNets. We define the number of layers L as the

number of skip connections in the network, that is the number of A kernels in (3.9).
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Figure 3.11: Scaling of A(%) (left) and A% (right) against the network depth L for convolutional

architectures on CIFAR-10. In blue: spectral norm of the kernels A,(CL), resp. A;CL), fork=0,...,L—1.
In red: maximum norm, defined in Table 3.1. The plots are in log-log scale.
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Figure 3.12: Scaling behavior of A(®) (left) and A¥) (right). We plot in pink the root sum of
squares and in orange the a-scaled norm of increments of A (left) and the S-scaled norm of

increments of A(L) (right). Plots are in log-log scale. The root sum of squares and the scaled norm
of increments are defined in Table 3.1. We obtain a and S from Figure 3.11.

Table 3.3: Learning error in % on CIFAR-10 for each network depth L.

L 8 11 12 14 16 20 24 28
Test error | 6.64 | 6.37 | 6.32 | 5.98 | 6.25 | 5.98 | 6.24 | 7.03
L 33 42 50 65 80 | 100 | 121
Test error | 6.13 | 6.21 | 6.32 | 6.19 | 6.30 | 6.20 | 6.37

As in Section 3.3.2, we investigate how the weights scale with depth and whether
Scaling regime 1 or Scaling regime 2 holds true for convolutional layers. To that end,
we follow the steps of [139] to get the singular values, and therefore the spectral norms,
of the linear operators defined by the convolutional kernels AECL) and A,(CL). Figure 3.11
shows the maximum norm, and hence the scaling of A% and A% against the network
depth L. We observe that A®) ~ L= and A" ~ L=# with o = 0.1 and 8 = 0.
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We then use the values obtained for a and g to verify which Scaling regime holds.
Figure 3.12 shows that both the a-scaled norm of increments of A% and the S-scaled
norm of increments of A% seem to have lower bounds as the depth grows. This
suggests that Scaling regime 1 does not hold for convolutional layers.

We also observe that the root sum of squares stays in the same order as the depth
increases. Coupled with the fact that the maximum norms of A% and A% are close
to constant order as the depth increases, this suggests that the scaling limit is sparse

with a finite number of weights being of constant order in L.

3.3.4 Summary: three scaling regimes

Our experiments show different scaling regimes for trained weights based on the
network architecture.F or fully-connected layers with tanh activation and a shared
51 € R, we observe a behavior consistent with Scaling regime 1 for both the synthetic
dataset and MNIST. For fully-connected layers with ReLU activation and 5,(€L) eR,
we observe that Scaling regime 2 holds for the synthetic dataset and MNIST. We
deduce that the results for fully-connected layers are consistent with our findings in
Figure 3.1.

In the case of convolutional architectures trained on CIFAR-10 and presented in
Section 3.3.3, we observe that the maximum norm of the trained weights does not
decrease with the network depth and the trained weights display a sparse structure,
indicating a third scaling regime corresponding to sparse scaling limits for both A%
and A, These results are consistent with previous evidence on the existence of
sparse CNN representations for image recognition [109]. We stress that the setup for
our CIFAR-10 experiments has been chosen to approach state-of-the-art performance

with our generic architecture, as shown in Figures 3.9 and 3.10.

3.4 Deep network limit

In this section, we study the scaling limit of the hiddent state dynamics (3.1) under

scaling regimes 1 and 2.

3.4.1 Scaling regime 1: ODE limit

First, we show that the scaling regime 1 together with a smooth and Lipschitz-
continuous activation function lead to two ODE limits under different parameter

regimes, including the neural ODE described in [28, 148, 67| as a special case.
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We consider a setup which is consistent with Scaling regime 1 and §*) = L= for
some « > 0:

héL) =z,

(3.10)
P =+ L7 og (AR 4+ 0

with
AéL) = L_sz/L, bl(cL) = L_ﬁgk/L.
We focus our analysis on smooth activation functions.

Assumption 3.3 (Activation function). The activation function o satisfies o €
C}(R,R), 0(0) =0, 0’(0) =1, and has a bounded third derivative o

Most smooth activation functions, including tanh, satisfy this condition. The bound-
edness of the third derivative ¢” may be relaxed to an exponential growth condition
[124].

As observed in the numerical experiments, non-smooth activation functions such as
ReLU lead to a different scaling regime to that of smooth functions.

We now describe ODE limits under Scaling regime 1. Let H® : [0,1] — R be a

continuous-time extension of the hidden states hi’(L):
T7(L z,(L
Y = 0Py, k=0,1,... L (3.11)

Theorem 3.4 (ODE limits under Scaling regime 1). Under Assumption 3.3 and o
Lipschitz,

e Neural ODE limit [1/8, Lemma 4.6]: If « = 1 and 5 = 0 and we further assume
that A € 9{1([0, 1],RdXd) and b € U'Cl([(), 1],Rd), then the interpolated hidden
state dynamics (3.11) converge to the solution of the neural ODE

dH,

- = o(AH; + by), Hy =, (3.12)

in the sense that imy,_,o supg<,<; ||[Hy — Hyl| = 0.

o A different ODE limit: If a+ 5 =1 and 8 > 0, and there exist M > 0 and k > 0
such that Vs, t € [0, 1], ||Zt — ESH —I—HBt — 55” < M|t—s|"?, then the interpolated
hidden state dynamics (3.11) converge to the solution of the following ODE

dH;, - -
d_tt = Ath + bt; H() =, (313)
in the sense that imy o supg<<; ||[Hy — Hyl| = 0.

48



3.4.2 Scaling regime 2

Let (2,F,F,P) be a probability space with a P-complete filtration F = (F;);>o0.
Let (B)i>0, resp. (B?)i>0, be d x d-dimensional, resp. d-dimensional, F-standard
uncorrelated Brownian motions. We consider a setup which is consistent with Section
3.3 where the noise part comes from the increment of some stochastic process and

8@ = L= for some o > 0:

h(()L) =z,
(3.14)
P =+ L7 og (AR 4+ 0

with

. o

Al(c ' =L BAk/L + (W(I?;Jrl)/L - WkA}L) )
. e

b = L Porsr + Wy = Wire) s

where (W)ep0,1) and (W)),ei0.1] are 1td processes [131] adapted to F and can be

written in the form:

d
(@), = UN),dt+ > (a), (B, for iji=1,....4,

k=1

dW? = Ubdt + ¢? dB?,

(3.15)

with Wit = 0, W =0, ¢! € R4®* and ¢¢ € R4 for t € [0,1]. We use the following

notation for the quadratic variation of W4 and W?:

t t
[WAL:/O 2 du, [Wb}tzfo >0 du, (3.16)

where ¥4 and ¥? are bounded processes with values respectively in R»®* and R%*9,

From (3.15) and (3.16), we have the quadratic variation process as follows:

d

(224)2‘1]‘”‘2]'2 = (in)iljlkl (q?)igjgkl ) for i17j17i27j2 = 17 s 7d7 Ellt) = qzl; (Qf)
k=1

T

(3.17)
Here (UA)i>0, (UY)i>0, (54)i0 and (X2)s>0 are progressively measurable processes

that satisfy the following conditions.

Assumption 3.5 (Regularity of the Ito processes (W#, W?) and continuous functions
(A,b)). We assume:
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(i) There exists a constant Cy > 0 such that almost surely

sup HUAH + sup HU”H + sup HEAH+ sup HZbH < (4. (3.18)

0<t<1
(i1) There exist M > 0 and k > 0 such that Vs, t € [0, 1] almost surely
0 = U2 + 02 - O+ |12 = S+ 5t = S < Mle = sl (319
and

|4, — A" + ||b = B < Mt — 5|~ (3.20)

Note that (3.18) implies that (U4, UZ, ¥4, %8) are almost surely uniformly bounded
and (3.19) implies that (U4, UB,$4, $5) are almost surely Hélder continuous with

exponent k/2.

Lemma 3.6 (Uniform integrability). Under Assumption 3.5 (i), we have

E {Sup ”vv;wrw] VE {sup vajuﬂq < o0, (3.21)

0<s<1 0<s<1

for any po > 1.

Proof. By Minkowski’s inequality and Assumption 3.5-(i),

s Po
/ UAdt }

+ 2P7'E | sup (/0 Z qt iy dBA) )

0<s<1 =1

E{sup ||WA||pO] < 2P~1E | sup

0<s<1 _0<s<1

Po

ij
po

IN

-1 -1 A
200720 + 20T E sup (/ Z q) z]kl (dB), )
=55 0 k=1 i

By the Burkholder-Davis-Gundy inequality and Assumption 3.5 (i),

1 P0/2
()
0

Combining the two inequalities above, we get E [SUPogsgl HW?HPO} < 00. Similarly
E [supg<.<t ||[W?]|™'] < oo holds. O

Po

Sup (/ Z qt z]kl dBA) ) < Gyl

0<s<1 0 A1 A
Z?]

< Gy, CP2,

20



Write Q : [0,1] x R — R? where each component Q; is defined, for i = 1,...,d, as

d
Qi(t,x) = Z LT (Ef)iﬂk + 324 (3.22)

jk=1
Let H) : [0,1] — R? be a continuous-time extension of the hidden states h,(fL):
B =yl i, k=0,1,... L (3.23)

Assumption 3.7 (Uniform integrability). There ezist p; > 4 and a constant Cy such
that for all L,

_(L) p1
E | sup ||H; < Cp. (3.24)

0<t<1

Assumption 3.7 is standard in the convergence of approximation schemes for SDEs
[75]. In practice, condition (3.24) is guaranteed throughout the training as both the
inputs and the outputs of the network are bounded.

Let us now describe the intuition behind the deep network limit when § > 0. Denote

t, = k/L and define for s € [ty, tpi1):

MP = (WA =W P + (WE = W) + LA, b (s — 1) + L' 7Dy, (s — t).
Using It0’s formula [81] to J(M,ii)) for s € [tg, tx+1), we obtain the following approxi-
mation

WE, — P = 5y (JTJ(L) ) ~ Dy + Dy + D, (3.25)

ki1

where

Dy =L ((WA

[

L
~w (Wl =),
1
Dy = §L_a0//(0) Q <tk, hl(f)> (lfk_H — tk),
D= LY (A, Dty — 1) + by, (g —t
3 el (trer — th) + by (tr1 — tr) ) -

We observe from D; that (3.25) admits a diffusive limit only when o = 0. In this case,
we see that Dy and D3 do not explode only when 8 > 1, corresponding to a stochastic
differential equation (SDE) limit that is diffusive. Another case where we obtain a
non-trivial limit is when o > 0 and a + 8 = 1, which leads to an ODE limit.

We now provide a precise mathematical description of the different scaling limits of
H®) for various values of o and , using the concept of uniform convergence in L2,
also known as strong convergence. For a general exponent p > 1, we have the following

definition.
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Definition 3.8 (Uniform convergence in LP). Let p > 1 and M be the class of random
functions X :[0,1] x Q — R? such that

E

sup HX(t)Hp] < 00.
t€[0,1]

We say that a sequence (X)) ey € M converges uniformly in LP to X* € M if

XM - x;

lim E [sup

L—oo 0<t<1

p] —0. (3.26)

We now show that Scaling regime 2 together with a smooth activation function lead
to an ODE limit (which is different from the neural ODE) or a stochastic differential
equation (SDE) depending on the values of a and /3.

Theorem 3.9 (ODE limit under Scaling regime 2). Under Assumptions 3.3, 3.5,
and 3.7, if a« > 0, 8 >0 and a + B = 1, then the interpolated hidden state dynam-
ics (3.23) converge uniformly in L* to the solution to the ODE

dH, _
d—tt = AHy+b,  Hy=u=. (3.27)

In particular, this implies the convergence of the hidden state process for any typical
initialization (i.e almost surely with respect to the initialization). Note that in
Theorem 3.9, the limit (3.27) defines a linear input-output map behaving like a linear
network [7]. This is different from the neural ODE (3.2), where the activation function

o appears in the limit.

Theorem 3.10 (SDE limit under Scaling regime 2). Let Assumptions 3.3, 3.5 and 3.7
hold and let « =0 and 8 > 1. Denote H as the solution to the SDE

1 _ _
dH, = AW/ AH, + dW} + 55’(0)@(@ Hy)dt 41—y (A H, + b,) dt, (3.28)

with initial condition Ho = x. If there exist py > 2 such that B [supy<,<; ||[Hy|[P2] < oo,
then the interpolated hidden state dynamics (3.23) converge uniformly in L* to the
solution of (3.28).

The proofs of Theorem 3.10 is given in Section 3.4.4. And the proof of Theorem 3.9
follows similar ideas. In particular, D; and Dy vanish in the limit when o > 0 in
(3.25).

Interestingly, when the activation function o is smooth, all limits in both Theorems 3.9

and 3.10 depend on the activation only through ¢’(0) (assumed to be 1 for simplicity)

02



and ¢”(0). In contrast to the behavior of the neural ODE limit (3.2), the characteristics
of o away from 0 are not relevant to the limit. In addition, our proofs rely on the
smoothness of ¢ at 0. If the activation function is not differentiable at 0, then a
different limit should be expected.

The case A =0,b=0, a =0, and 8 = 1 in Theorem 3.10 is considered in [124], under
the additional assumption that W4 and W? are Brownian motions with constant
drift. We consider a more general setup, where we introduce nonzero terms A and b
and we allow W4 and W? to be arbitrary Itd processes. Moreover, [124] prove weak
convergence, which corresponds to convergence of quantities averaged across many
trained networks with random independent initializations, whereas in practice, the
training is done only once. Thus, the strong convergence, shown in Theorems 3.4
and 3.10, is a more relevant notion for studying the asymptotic behavior of deep
neural networks.

Although the ResNet dynamics (3.14) is not expressed as an Euler scheme of a
(ordinary or stochastic) differential equation, we nevertheless show strong convergence
to a limitng ODE (in the case of Theorem 3.9) or SDE (in the case of Theorem 3.10),
using techniques inspired by [75]. The challenge is to bound the difference between the
ResNet dynamics and the Euler scheme of the limiting SDE. It is worth mentioning that
the results in [75] hold for a class of time-homogeneous (Markov) diffusion processes
whereas our result holds for Itd processes with bounded coefficients. This distinction
is important for training neural networks since the “diffusion” assumption involves the
distribution of the hidden state dynamics which can never be tested in practice. We
can only verify the smoothness of the hidden state dynamics as detailed in Section 3.3.
In addition, we also relax one technical condition assumed in [75], which is difficult to
verify in practice. See Remark 3.12.

Note that we assume that the Ito processes W4 and W? are driven by uncorrelated
Brownian motions B4 and B®. This assumption might look strong, but we pose it
for ease of exposition: assuming a generic correlation structure between B4 and B?

would only a cross-term in the definition of Q.

3.4.3 Link with numerical experiments

Let us now discuss how the analysis above sheds light on the numerical results in
Section 3.3.2 and Section 3.3.3.
Figure 3.2 shows that § = 0.2 and o = 0.7 for the synthetic dataset with fully-

connected layers and tanh activation function. This corresponds to the assumptions
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of Theorem 3.4 with the ODE limit (3.27). This is also consistent with the estimated
decomposition in Figure 3.3 (right) where the noise part is negligible.

Regarding ReLLU activation with fully-connected layers, we observe that 5+ a = 0.9
from Figure 3.4 (left). Since ReLU is homogeneous of degree 1 (see Remark 3.2), [6(")|
can be moved inside o, so without loss of generality we can assume o = 0 and 5 = 0.9.
If we replace the ReLLU function by a smooth version ¢¢, then the limit is described by
the stochastic differential equation (3.28). The ReLU case would then correspond to
a limit of this equation as e — 0. The existence of such a limit is, however, nontrivial
and left for future work.

From the experiments with convolutional architectures, we observe that the maximum
norm (Figure 3.11), the scaled norm of the increments, and the root sum of squares
(Figure 3.12) are upper bounded as the number of layers L increases. This indicates
that the weights fall into a sparse regime when L is large. In this case, there is no

continuous ODE or SDE limit and Scaling regimes 1 and 2 both fail.

3.4.4 Detailed proofs
3.4.4.1 Proof of Theorem 3.4

It suffices to prove the second case with limit (3.13). First we show that there exists
Cs > 0 such that

W]l <
s%p Dax Hhk ” < Cx- (3.29)

Indeed, denote C, as the Lipschitz constant of . Then

Cs
<

L L Co’ - L T
th(ﬁ-)l_hl(c) Sf Atkh](c)+btk —f

(Amax + ba) (Hhﬁf)

‘+1),

where Apax 1= Supg<<1 ||71,5H < 00, bmax 1= SUPp<cy Hgt” < 00, and Chax = Amax +

bmax. Hence

L
|

CU Cmax (L) Oo’ Cmax
< | ——+1 .
- ( I )Hhk H I

By induction:

CoCrmax -\ CoChax o= [ CoCnax \'
‘hg.L)H < Ha;H( i +1) - Z( +1)

CoCrmas , | L
L

< (]l + CoClum) (
- (H.I'” + CO'CmaX) €xXp (Cacmax) as L — oo.
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Hence (3.29) holds.
Denote Ah(L th - h(L and M(L (h) := Ay h+ b, . From (3.25) we have

ArfP = n = P = 1o (L ().
Denote as well Ah,(cﬁ) and M,ELZ) the i-th element of Ah,(f) and M,gL), respectively.

Applying a third-order Taylor expansion of ¢ around 0 with the help of Assumption 3.3,
fore=1,2,...,d, we get

ARl = 170q (L9M (1))

e O‘Mkz <h(L> ; "(0)L7%7" a<M’£I; < g“ >>
1
6’

1 2
=M (h) + 5 50 ()L (MBn) +

o ()0 (o ()
(6) 0 (2 )

(3.30)

with ‘ﬁ,(fz)‘ < L7 ‘Ztkh,(f) + Z_)tk . The last equation holds since o + 3 = 1. Denote
= k/L for k = 0,1,...,L as the uniform partition of the interval [0,1]. For

t € (te, tp], define HSY =z = h{" and

~ 1 2
AP =+ =0 M (n) + 5o )17 (a2 (1))

i €)  )
Then we have aL

D= nP AR = ", forall k= 0,1,. .+, L= 1. Recall (Hy)epo,y
the solution to the ODE (3.13). Denote dl(CL) (t) = H; — Ht(L) for t € (tg,txs1) and

define the errors

e,(CL)’l = sup

te<t<tpi1

H(L L)H and ech)’Z = sup

te<t<tpi1

a0

We first bound e,(gL)’l. Note that by definition:

. 1 . 2 1 , 3
el < AP (W) || 27+ S L7 (M (D)) + ool arP ()

< D, L%, (3.31)

Where Doo = AmaXCoo + bmax + 10_//( )(Amaxcoo + bmax)2 + %CD(AmaxCoo + bmax)z-
Therefore we have

L)1
lim sup e,(g) =0.
L—oog<k<L
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Next, we bound el(CLm. For t € (tki1,trial,s

dl(ci)l (t) = d(L) (ter1) — (F = trya) Mlgi)fl <h’(€ﬁ*)1> + / (AsHs +b,) ds
tet1
1 3 L) L 2 1 23— L),i L 3
- §U/I(O>L o (MIS:+)1 (hl(ch)1>> - 6 o (§k+1)L 2w (MIS:+)1 (hl(chl)) :
(3.32)

Denote ¢y := sup,¢cp |0 (z)| < 0o, hence from (3.30) and (3.32),

/t ((ZSHS +D,) — (ztmh,g@l +gtm)) ds

tpi1

(L),2 (L)2
€1 < e+ sup
L1 <t<lp2

3
45 lo" O L2 [ M B+ seol L)

Denote Hyax = Supg<;<; || Hi|| < 00. Then,

eB) = sup /t (A +8) = (A B + By, ) ) ds

tpp1<t<tp42 tet1

t
< sup / (55 - l_)tk+1) ds
tet1

thpr1<t<tp4o

sup
tor1<t<tpio

Ay t H, —h")) ds
Tet1

t
/ (A, —A,,.,) Hods
tet+1

+  sup

trr1<t<tp42

Hence, we deduce

H, — b | ds

(L) thyo lkt2
& < /t 105 = bty || ds + Hinax }A — Ay || ds + Amax /
k+1

tpi1 trt1
tet2
HS hk+1

tkto
< M(l + Hmax) / ‘S - ttk+1 ’K/st + Amax/ ds

tet1 tet1

< o (L Hy) L0 4 sup AL (Dol ™+ o)
= 1_1_/4;/2( ) 0§t£1 [ Al k+1

The last equation holds by (3.31). Then, we have for L > Ay,

M 1
(1= Amac L) e < PP + 2o (14 Ha) L0 4 20" (0117 (A Co + )
K

1
+ ECOL7(25+1) (Amaxcoo + bmax)3 + 14rnaxl)ooLi2
<eP? 4 U, (3.33)
with v := min{k, 3,1} > 0 and C5 a constant independent of k£ and L. Finally, when
L > GY7 + 2A,,. we have from (3.33):

L-M@ 1
(L2 < < 3.34
0 - 11— AmaxLil - L- AmaX7 ( ' )
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and for k=0,..., L —1,

L)2 1 (L),2 _
S s = 1 C )

k+2
1 w (ﬁ) T
e(L)»2+L—(1+'y)G —flmax
1— 14rnaxLi1 0 <+> —1
I_AmaxL71

k+1 1 k+2
< exp (ZAmax —[': )L T +L‘VAG exp <2Amax%) .(3.35)

(3.35) holds since e(()L)’Q < Lﬁjmax and m <1+ 2Anax L7 < exp(24ma L)

when L > 2A,,.«. Therefore, we conclude

. L),2
lim sup elP? = 0.
L—oog<k<L

3.4.4.2 Proof of Theorem 3.9

We provide a complete proof of Theorem 3.9 for the case « = 0 and § = 1. Other
cases follow similarly. When a@ = 0 and 8 = 1, we define the targeted SDE limit for

the discrete scheme (3.14) as follows:
dH, = p(t, H))dt + dVA H, + AV fort € [0,1], Hy =z, (3.36)

in which

pt,h) =Urh+ U+ Ah+ b + %J”(O)Q(t, h),
d (3.37)

vyt = Z (qzq)ijkl (dB?)kl’ AV = q; dBy,

k=1

with Vi* = 0 and V{ = 0. Here the quadratic variation process 10”(0)Q(t, h) is the
Ito correction term for the drift. On the one hand this correction term introduces
non-linearity into the drift and makes the proof challenging. On the other hand, this

term is the key for the convergence analysis. See (3.64) and (3.65).
Euler-Maruyama scheme of the limiting SDE. Denote A; = 1/L as the sub-
interval length and ¢, = k/L, k =0,1,..., L as the uniform partition of the interval

[0,1]. Further denote AV, = VA — th and AVY = VP

S i
fein e — Vi, as the increment

of the stochastic processes. Define the Euler-Maruyama discretization scheme of the

SDE (3.36) as:

B =R = (1) An o AVER + AV, (339)
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and the one-step forward increment follows:

FE(k R = p(ty, h) AL + AVA B+ AVY. (3.39)
Therefore (3.38) can be rewritten as E,(fjl = /fz,(f) + f@® (k:,/ﬁ,(f))
Continuous-time extension. Recall that we extend the scheme {h,(cL) k=0,..., L}
to a continuous-time process HiL) on t € [0,1] by a piecewise constant and right-
continuous interpolation of {h,(f) tk=0,...,L—1}:
L
D=3 P 1 ccns (3.40)

We call H™ the continuous-time extension (CTE) of {hl(f) ck=0,...,L—1}.
Continuous-time approximation. Denote
M (h) = B) - 2o h) ) Ap+ AV b+ AV}
e () = (e h) = 507 (0)Q(t, h) | Ap + AVTh + AVy
= (Ufth+ U + Ay h+by) Ap+ AV h+ AV
= J(te, h) Ap + AV R+ AV, (3.41)
and from (3.25) we thus have

AR = p{B) — plE (M;“ (h,(ﬁ» .

Denote Ahéﬁ) and M ,ELZ) the i-th element of Ahff) and M ,EL), respectively. Applying
a third-order Taylor expansion of o around 0 with the help of Assumption 3.3, for
1=1,2,...,d, we get

anl) = o (1 ()
1 2 1 3
= M (D) + 5o M (WD) + <o (¢) a1 (0
1 2
= M <tk7 h;”) Ar + <AV1<;A hfﬁ)i + (Avkz) + 57 "(0) (Mlng) (hl(cL)> - Qi (tka hii”))

- ~

#7) R

L L L), (L 1 L L, (D)\°
= 1P (ko hD) + N () + 2o () M ()

with ‘S,(fi) < ‘M,gLZ) <h§€L)> ’ The increment of the ResNet Ah,(fi) has two parts: the

increment of the Euler-Maruyama scheme f; (L) (k‘ h(L ) and the residual

1
DB (D) = Lo (60) MO (W) + NP (0) . sy
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It is clear from here that the Euler-Maruyama scheme of the limiting SDE is different
from the ResNet dynamics. Hence classical results on the convergence of discrete SDE
schemes cannot be applied directly.

In our analysis it will be more natural to work with the following continuous-time

approzimation (CTA), defined as

H{ = b + / (b ) ds / (VAR 4 avy) + Y DY (n") . (3.43)
0 0 k<Lt

where D,EL)(h) = (D,g’l) (h),..., D,(C{:d) (h)) ! and k; is the integer for which s € [ty tx, +1)
for a given s € [0,1).

Here IA{Q(L) approximates the CTE (3.40) with a continuous version, with interpolations
both in time and in space, of the f*)(k, h) part while the residual term D,(CL)(h) remains
the same. By design we have I:Tt(:) = ﬁth = h,(f), that is, fIt(L) and Hﬁ” coincide
with the discrete solution at grid points t;, k = 0,1,..., L — 1. This relationship is
instrumental in order to control the error.

We will first study the difference between H and hE) | and then the difference between
H and A", in the supremum norm. The sum of the two will give a bound for the

error of the discrete approximation.

3.4.4.3 Preliminary result

Lemma 3.11 (Local Lipschitz condition and uniform integrability). Under the as-

sumptions from Theorem 3.10, we have the folllowing results:

(i) For each R > 0, there exists a constant Cr, depending only on R, such that

almost surely we have
lu(t,x) = p(t, y)II* < Crlle —ylI*, ¥t € [0,1] Yo,y € R with ||| V |yl < R3.44)
where 1 is defined in (3.37).

(ii) There exist some constants p > 2 and C' > 0 such that

E | sup ||HY : VE P
p ||H, sup [[H||"| < C. (3.45)
0<t<1

0<t<1

Remark 3.12. Note that [75] assumes the uniform integrability condition for ]:lt(L)

which is difficult to verify in practice. Here we relax this condition by only assuming
the uniform integrability condition for the ResNet dynamics {h,(f) ck=0,...,L}, see
Assumption 3.7. We can then prove (3.45) under Assumption 3.7 and some properties

of the It6 processes.
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Proof of Lemma 3.11. First, there exists Cy > 0 such that
1Q(t,x) = Qt,y)ll < Callx =yl [l +yll < 2CR [z -yl (3.46)

since Q(¢,z) is quadratic in z and supy<,<; [|Z7]| < C1. Then,

2

U (e =) + Al — y) + 30"(0) (Q(t.2) ~ Qlt. )

(o) — ity 2 = \

< (3 max ||U|| + 3 max [|4|| + 3]o"(0)] 02232) lz —yl*.

te[0,1] te€(0,1]
Note that max;ej ] HZtH < oo since A € €°([0,1],R?) and maxep1 HUtAH < O
almost surely according to (3.18), respectively. Therefore (3.44) holds by taking
CR =3 maxte[o’l] HUtAH +3 maxte[o’u HZtH +3 ’0'”(0)| CQQRQ
Thanks to the assumption in Theorem 3.10, there exists a constant C3 > 0 such that
E [supg<i<y [|He|[P'] < Cs, then we only need to show that (3.45) holds for H for some
p > 2. To see this, let k, be the integer for which s € [ty t,+1) for a given s € [0, 1).
Then

Y - g = B - (h;? + / pu (ty,, HE) dr + / (dVAHE + dvf))

tr ti

= —u <tks,h,(€f)> (s _Stks) - <VsA - Vti) h — <Vsb B Vti) '

Hence, by the Minkowski inequality,

S

|m® — 0| < 3t (|| (b || @y + 2| v = vt |+ v - v )
2

<an (" + e+ v [ - via |+ v - )

(3.47)

for some Cy > 0, as u(t, h) is quadratic in h. The value of p > 2 will be determined
later. From (3.47), we get

E [ sup ﬁgL) — ﬁ[S(L) p]
0<s<1
< (& | 707 ] 2 | sup 7O 1)
0<s<1 0<s<1
(L) [12P 2]\ /2 p
+0 ( (= [ 101 & [ vt v []) s 72 -]
0<s<1 0<s<1 s 0<s<1 s

<

¢, (1@ [ sup Hﬁgmnﬂ TE [ sup HﬁgL)H”] " 1)

0<s<1 0<s<1

1/2
e (@[sup Hﬁgm”ﬂ E[sup HV;AH2”D —i—E[sup HX/S"HPD, (3.48)
0<s<1 0<s<1 0<s<1
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for some constants Cy, Cs, Cs > 0 independent of L, R and §. The first inequality
holds by the Holder and (3.48) holds by the Minkowski inequality. Take p = 3p; > 2.
Then, (3.48) is bounded thanks to Assumption 3.7 for E [SUPogtgl ||H§L) ||2p} < 00, and
we have E [supy<,<; HWSAHP} < oo and E [supy<, ||W£’Hp} < oo by (3.21). Hence,
by the Minkowski inequality, we have

g H® — A izl

< 00.

p
} + PR [ sup

0<t<1

p
} < 'R [ sup

0<s<1

E {sup

0<t<1

3.4.4.4 Proof of Theorem 3.10

We are now ready to show the proof of Theorem 3.10.
Proof. Let us define two stopping times to utilize the local Lipschitz property of u:
Tr = inf {t >0: Hﬁt(L)H > R} . pri=1nf{t > 0:||H:|| > R}, 6Or:=71rA pk3.49)
and define the approximation errors

er(t) = HY — H,, and ey(t) := H" — H" (3.50)

The proof contains two steps. The first step is to show limp_o E [supg<,<; [|e1(t) ||2] =
0 and the second step is to show lim;_, E [supy<,<; ||62(t)||2] = 0.
Following the idea in |75], we first show that for any 6 > 0 (to be determined later):

ﬁt(/lie)R - Ht/\eR

2} WSO 2Ap — 2)C

P p62/(P*2)RP’ (351)

B | sup O] <E | sw

0<t<1 0<t<1
where C' and p are defined in (3.45). To see this, recall that by Young’s inequality, for
r~'+¢ ! =1, we have

) 1
ab=6Y"a -6V h < —a” +
r qde/"

b1, Va,b,d > 0. (3.52)
First decompose the left-hand side of (3.51) to obtain, for all § > 0,

| sup O] = | sl Lior o] +E | 50 s (O gt o e

0<t<1 0<t<1

20
< E [sup lex(t A emuzﬂ{m} + 2R [sup ue1<t>np]
0<t<1 P 0<t<1
1-2/p

* 522

P(rg <lorpr<1). (3.53)

61



where we apply (3.52) with » = p/2 to the second term. Now

_ |H P 1 =] - €
Plrn S 1) =E |y g | < 3B | swp HHt <= (3.54)
A similar result can be derived for pg, so that we have
2C
Plrr <lorpr <1)<P(rp <1)+P(pp < 1) < T (3.55)
Using the inequalities in (3.54)—(3.55), along with
E [Sup lea(t )||p} < oI {Sup (HH H 4 H| )} <orC (3.56)
0<t<1

n (3.53), we show the desired result (3.51).
To obtain a uniform bound on H — H , we bound the first term on the right-hand
side of (3.51). Using the definition of the targeted SDE limit in (3.36):

tAOR tAOR
Hing,, := Ho + / p(s, Hy)ds + / (AW Hy + dW?) ,
0 0

and the continuous-time approximation (3.43), we get

2
HHt(/fH Ht/\QR

tAOR B
B H/ (1 (t, HP) ds — (s, Hy)) ds
0

tANOR o
+ / aw (B — ) + D ()
0

tAG
= H / ’ (:u (‘%ﬁgL)) - ,LL(S7 Hs) + M(tkmﬁgL)) - :U’(SuﬁgL))) ds
0

tAO
+ / CawA @Y —my+ Y pP (n")
0

k<L(tN\OR)

We first bound the above using Cauchy-Schwarz inequality:

2
HH D Hyg,

tANOR

< al [ Il ) as -t as] 4

2

tNOR o
| aw @ -
0

2

[ I T as e FO) ] +4 | S D ()

k<L t/\QR)
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Now, from the local Lipschitz condition (3.44) and Doob’s martingale inequality [131],
7
TAOR _ 9
<4 (Cr+4CY) IE/ |H — H,||"ds
0

tAf
+ 4E {/ ' [ (£, HP) ds — M(s,ﬁgmw?ds] +4) E legm (h;“) L) <r
0 =

k<Lt
pa 2 TNOR
SC’}%/E[sup }ds%—C}%]E/
0 0<r<s 0
2

tAO
+4E [/ ” i (b, B = (s, B[ ds] +4E | sup | Y DY (h;(f)>
0

<t<
N _ Ost=r k<L(t/\9R)

® ‘ ©

we have for any 7 < 1,

E [ sup [:Tt(ALgR — Hipop,

0<t<r

2

ﬁ(L) HT/\QR

T/\@R -

o - o[ as

J/

(3.57)

where Cf = 8(Cr+4C?). First, we give an upper bound for (2). By the
Cauchy—Schwarz inequality,

e, 1) = s, WIE < 5 ([0 = U WM + |07 = 027 + A, = A P + B
+500) Q) — Qs )P ).
Hence, for h € R?, the following holds almost surely by (3.19):
it — s, PP < Cielt = 5| (14 [0IE + 1) (3.58)

Under Assumption 3.7, there exists a constant 6’0 > ( such that

E [sup (HHﬁL) 2)] < 6’0.
1

0<t<1
tAOR _ _ 2 — — 2

E [/ ||u(tks,HgL)) _ M(S,Hgl‘))H ds] < / E [Hu(tks,HgL)) _ M(S,HEL))H } ds
0 0

. 1/L
< (Co+1)CML (/ 7’”(17’)
0

_ —(CO1++1,10M L. (3.59)

e

Hence by Tonelli’s theorem,
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Upper bound on (3). Define the following discrete filtration
S, ::a<UA UA ¢ gt BABY . s < tm). (3.60)

Note that h(L) is Gx_1-measurable but not G,-measurable. Define for k =0,...,L — 1
and fori=1,...,d:
2
o]

X = ((AVk n) + (AVk)) —E[((A%Ah,(f))Hr
E

+(an),)
(o) = w5 () o

T = Tt AL+ 2t )AL (AVEAR), + (AVY),).
We can then decompose
() = () i () 2
= 2" (62) M (1) + 307 0) (X2 + 10 + ).

Hence, we deduce the following bound on (3) by Cauchy-Schwarz.
2

E | sup Z D,(C’Li) (h;ﬁ)

Yk:(,z;) =

OSEST ) L(tnoR)
2 2
2
<o"(0PE | sup | Y X + IS DA
OSIST |4 < L(tn0R) k<L(tAOR) k<L(tAOR)
2
1 3
+AE | swp | Y —a”’( <L>) MY (h,ﬁ“)
0<t<r 6
k<L(tN\0R)
2 2
< d"(0)>E | sup X(Li)]l ) + o' sup Yz]l o)
OFE | sup 1), X Lyo|<n) | 0 OF E | sup Z o o<
L-1
"(0LY K IO + a"’ (L) LZE B (ptH
e L B I Hhi”HSR '
k=0
(3.61)
We provide an upper bound for each of the four terms in (3 61) For the first term,
denote )?,gLZ) = X,gi)]l (Hh,(f)H < R) and S,ELZ Zk, ,A so that {SkZ k =
-1,0,..., L — 1} is a (9x)-martingale. Hence, by Doob’s martingale inequality, we
have
2 2 2
(L) _ (L) (L)
E 08<le Xii 1“h§€L)“§R =K L)SQ:E S\ It } <4E US } (3.62)
=T k<Lt =T
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Fix k=0,...,L —1. Fori=1,...,d, we compute the following conditional expecta-

9k1]

. } . (3.63)

tion.

2 ~ k-1 ~ ~ 2
(57h) +2%0 3 XM + (X(0)

JCONESIE
k'=0
- (S,@M)z +E [( 5(&))2

Git| =E[ X5 | G| 1 (17 < R) =0
by definition of X,gi). Furthermore, conditionally on G;_; and on {Hh,(f)” < R},

L) . . .
observe that X ,g ,L.) is the centered square of a normal random variable whose variance

The cross-term disappear as £ [)N( ,ng)

is O(L™!) uniformly in & by (3.18), so there exist Cr; > 0 depending only on R such
that

sup E[( ,“) )Sk 1}<CR1L 2

0<k<L

Hence, plugging back into (3.62), we obtain

2

E | sup <4Cg L7 (3.64)

0<t<r

Xl
k<Lt

For the second term involving Yk(f.), we explicitly compute the conditional expectation
using the definition of V' in (3.37) and the definition of @ in (3.22).

d
YW =E | (AVY)) + > ) (AVY),, (AVY), 9“] —Q; (tk, h;ﬁ”) Ap
Ji=1
_ [ (D) (L)
= [ s“}gk 1 +Zh klE Sml|9k—1} dS—Qi<tk7hk )AL
te j,l=1
let1 b (L) N
- / E [Es it tk it ‘ Sk 1 Z h h s 2]1[ Ztk,ijil ‘ Sk—l] ds.
tk j,l=1
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By Cauchy-Schwarz, Tonelli and (3.19) in Assumption 3.5 (ii) we obtain:

2
ﬂuhwusz%)

2
S (Z/ ( 8,11 tk“| ‘ 9k 1 +RQZE |zsz]zl ZA z]zl’ ‘ 9k 1]) dS)
7,l=1
L— ¢ 1 2

= M(1+ R?)? (L /OI/L r“/er) = % =: Cral™", (3.65)

2

L—-1
E | sup Z Y’f(’?HHhﬁ)HSR <E (Z‘Yk(f)
k=0

OSEST < L(tAOR)

where Cr o > 0 depends only on R. Moving to the third term of (3.61) involving J,gi.),

observe that

2

tpi1 tk+1
sup E (dV;A)ish; <R2dZE Z / ¢, (dBY), | | < C-R*Ay,
IRI<R ot !
tet1 2] d tet1 2
B[ @i | =B (| [ @), @), | <can
b i 1=1 7t

for some C7, Cs > 0 independent of R since supg<;<; HE;“” < C and supg<;<; HE?H <
C almost surely. Then there exists C'g3 > 0 depending only on R such that

2
sup E U‘]é];) 1

} < CrsL™™. (3.66)
InlI<R

[ <7
Finally, we bound the fourth term of (3.61) using Cauchy-Schwarz, Assumption 3.3
and property (3.18) of the Ito6 processes:

o"()? swp B |M{ (0)°] < m? Crar?, (3.67)

IhlI<R ’

for some constant Cr4 > 0 depending only on R. Combining the results in (3.64),
(3.65), (3.66) and (3.67), there exists constants Crs, Cre > 0 depending only on R
such that

2

i C C
E|sup [ Y DY) | < =Er e =i (3.68)
0<t<r 4d 4d
— = |kZ<L(tNOR)

66



Upper bound on (). Given s € [0,T A fg), we have

mo - = - (W |
tg

s

(s, HD)ds —1—/ (AVAH® + dVSb))
tks

= (e B ) (= ) = (V= vt ) P = (V= v )(3.69)
by continuity of y. Hence
_ 2 2 2
[ = EO <8 e () [ 20 5 2]

2 2
+3 ) vh - V;’;SH (3.70)

A A
Vi = Vi

Now, from the local Lipschitz condition (3.44), for ||h|| < R we have almost surely

(s, W < 2 (Ilunls, b) = (s, I + [la(s, 0)[1F) < 2 (Cr AN + [ls(5, 0)[1%) -

Combining the two previous inequalities we obtain

S

o - |

2 w]|? 2 5
<4 Crilh|] +lu(s,0)"+1) [ AL +

A A
Vi = Vi,

b b
Ve = Vi,

)
Hence, using (3.45) and the Lyapunov inequality [127], we get

)/\?R
/
0

Ay — 70| as

TNAOR (L) 2 9 2 2
< ]E/ 4<CR“hks |+ s, 001 +1> (Ai+\ng—Vt;‘SH o+ ||ve v, )ds
0
" @ |2 2 2 A Al b b ||
< [ AE[(Cr|ly| +lus0)7+1 ) (AL + V= Vi || +]|Vs — Vi, ds
0
1 2
: / ! (CRE [Hh,ﬁ?H } + (s, 0)]1% + 1) (A2 +2C,A, +2C,AL) ds
0
1
< 4<CRC§/”+1+/ Hu(s,0)||2ds> (A7 +4C1AL) . (3.71)
0

Combining the results in (3.59), (3.68) and (3.71), we have in (3.57) that

~ 2 1

E [Sup HY) — Hipo, } < (CR Cc2P 41 +/ ||u(s,0)|\2ds) (L2 +4C,L7Y)
0<t<r 0

Co +1)C i -~ 2
+ M[;n + (CrsL ™" + CreL™") + C&/ E [ sup HT(% — Hpop, } ds.
I+k 0 0<r<s "
Applying the Gronwall inequality,
r7(L) 2 —min{l,x} 1
E Os<u£) H_ g, — Hirog < CyCrrL " exp(ChR), (3.72)
<t<rt
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where Cjy is a universal constant independent of L, R and ¢ and Cgy; is a constant

only depending on R. Combining (3.72) with (3.51), we have

20H15C  2(p—2)C
p52/(P*2)Rp )

E { sup ||el<t>||2] < CyCa L ™m0 (1) + (3.73)

0<t<1

Given any € > 0, we can choose J > 0 so that w < g, then choose R so that

2p-2)C_ £, and finally choose L sufficiently large so that

po2/ =21 Rp
CyCrrL™ min{1,x} exp(Ch) < %
Therefore in (3.73), we have,
E [sup Hel(t)Hz} <e. (3.74)
0<t<1

It remains to provide a uniform bound for H — H. Recall the relationship
between H and H defined in (3.69): by (3.18) we have almost surely that

_ 2 I 12 NI 2 2
e IR (R e N ER A et
2
< Cu (Hh/(f) QL)H +1) (AL)?
2 2
+3 (Hh;f Ay e ) .
Therefore,
(L 7 2 @|* w)]|? 2
E | sup |[HY — H < Cy |E | sup ||y +E | sup ||hy +1) (Ap)
0<s<1 o<s<t !l ™ o<s<1 1l ™
4\ V2 2
+3 (E{sup } [sup —Vt‘: }) +Elsup V;,b—Vtz ] .
0<s<1 0<s<1 ° 0<s<1 s
(3.75)
First, by Assumption 3.7,
E { sup h;cf)H } =E {sup ||H(SL)Hn} <oo, ne€{24}. (3.76)
0<s<1 0<s<1
Second, by the Power Mean inequality and Doob’s martingale inequality,
d d s 2\
E| sup |[VA-vA" su / A (dBA
tk§s<1t)k+1 H 12 H tk§8<lt)k+1 — ]; " (q )z]kl ( )kl
1,]= J=1
d s 47
<d E| sup / @), (dBA
i’j’kz’lﬂ nes<ien | o ( )z]kl( )kl
d tk+1 ) 4
2
( ) ; /th )z]kl (dB ) S CHAL’
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Hence

E{sup

0<s<1

vAi-va

S

4
E

<CnAp. (3.77)

4
vg“mi”)

L—1
sup
o \IrS5<tri1

9 41N 1/2
} < (E [ sup ||V, — V;I: H ]) < vV 011A2/2- (3.78)
0<s<1 s

Combining (3.76), (3.77), and (3.78) in (3.75), we obtain

By Hoélder inequality,

V-V

S

E{sup

0<s<1

— ~ 2
| sup eI | = | sup |77~ B[] < cual
0<t<1

0<t<1

for some constant C5 > 0. By choosing L > (C2/¢€)?, we have
E [sup ||€2(t)||2:| <e. (3.79)
0<t<1

Finally, combining (3.74) and (3.79) leads to the desired result.
[

3.5 Asymptotic analysis of the backpropagation dy-
namics

The most widely used method to train neural networks is the pairing of

e the backpropagation algorithm to find the exact gradient (or a stochastic ap-

proximation) of the loss function with respect to the network weights, and

e a variant of the gradient descent algorithm to iteratively update the network

weights.

We are interested to study the behaviour of the former in residual networks, under our
Scaling regimes 1 and 2. To do so, we will first formalize the objective function and

the discrete backward equation linking the gradient of the loss function across layers.

3.5.1 Backpropagation in supervised learning

Suppose we want to learn the mapping fiee € C1(R% R?) through a dataset of input-
target pairs D = {(z;,y;) :i=1,..., N} C R? x RY, where z; € B for some B C R?

compact and y; = firue(z;). The goal of any parametric supervised learning is to find,
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given a class of mappings ¢y : R — R? the parameter §# € O that minimizes the

average training error:

In(0) = =S 60w, 51) = = 3 €Bs(r), fane(). (3.80)
N “4 N <

Here, ¢ : R? x R — R, is a loss function, for example the squared error £(7,y) =
ly — 7]°. In the following, we omit the dependence in D. Fix L € N and define

L
gL — (AI(CL)7b1gL))k c (Rdxd % Rd)L
=1

For an input o € RY, recall the following forward dynamics for the residual network

héL)’I =z,
. . . (3.81)
PO = B 4 Lo (AR 0.

We define ¢y (z) = h(LL)’I. Our goal is to compute V@(L)J(Q(L)). Observe from the
definition (3.80) and the chain rule that

(L)vx’i
Ly _ Z (@)a; [Ohy” " O (1 (1),a,
VQ(L)J 0( VQ(L>hk+l (ah(L)’xla_@\<hL ai%) .
k+1

The terms 0¢/0y and Vg, hi41 are straightforward to obtain, so the crux of the

challenge lies in computing dhy/Ohy1. Using (3.81), for z € R%, we get

L AL ) e

g - x o x
’ onitr  onlh opt)
= g5 (1a+ Lo diag (o4 (AR +07) ) A) - (382)
where o/(2) = (0'(2)), € R? for z € R%. The terminal condition is given by
g(LL)’x = I;. We now obtain the asymptotic dynamics of g under three different cases.

In particular, we derive (backward) ODE limits for any set of weights under Scaling

regime 1 and the asymptotic limit derived from an SDE under Scaling regime 2. For

clarity, we omit the dependence in the input x for g,gL).

3.5.2 Backward equation for the Jacobian under Scaling
regime 1

Let G : [0,1] — R be a continuous-time extension of the Jacobians g,(CL) defined
n (3.82):

G\ _g,iﬁ)lhqg,%l, k=01,...,L—1. (3.83)
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Theorem 3.13 (Backpropagation limits under Scaling regime 1). Under the same

assumptions as Theorem 3.4,

o Neural ODE regime: If « = 1, B = 0, and (Hy)eo1) is the solution to the
neural ODE (3.12), then the backpropagation dynamics converge uniformly to
the solution to the linear (backward) ODE

dG,

16— Ging (o} (A, +B) A G =1, (389

in the sense that limy_,. supg<,<; |Gy — G| =o.

o Linear ODE regime: If o + 3 =1, f > 0, and (Hy).epo,1) @5 the solution to the
linear ODE (3.13), then the backpropagation dynamics converge uniformly to
the solution to the linear (backward) ODE

dG —
G _ga, -1, (3.85)
dt

in the sense that limy_,. supg<,<; |Gy — G| =o.

The ideas of the proof follow closely those of Theorem 3.4 and the complete proof is
given in Section 3.5.4.1. We readily see that under Scaling regime 1, the backward
dynamics of the gradient become linear. When 5 > 0, which is the case observed
in practice, the dependence on the activation function disappears in the large depth

limit, exactly as for the forward dynamics.

3.5.3 Backward equation for the Jacobian under Scaling
regime 2

Recall the set-up of Theorem 3.10. Let (€2, F,F,P) be a probability space with a P-
complete filtration F = (F;);>0. Let (B)i>0, resp. (BY)i>0, be d x d-dimensional, resp.

d-dimensional, independent F-Brownian motions. Recall that for Scaling regime 2,
L) _ 7 - L) T _
AP = Ay L7 Wiy — Wits B =Dy L+ Wiy — Wiy, (3.86)

where (Wt)sep0,1) and (W))ie0.1] are Itd processes [131] adapted to F and can be

written in the form:

d

(thA)z’j - Z (th)zjkz (dBiA)kl for 4,5 =1,....d,
k=1

dW? = ¢bdB?,

(3.87)
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with Wit =0, Wb =0, ¢! € R4®* and ¢ € R™ for t € [0,1]. We use the notation
in (3.16) and (3.17) for the quadratic variation of W4 and W?.
Define

V(th) = A,Lpy + %a”(O)VhQ(t, h). (3.88)

We will use the following assumption for the results in this section:

Assumption 3.14.

‘GPM <00, E [exp (8 /01 Itr (V(S,Hs)ﬂdsﬂ < .

The boundedness of the fourth moment of the Jacobians g,(CL) in L is similar to

sup E [ sup
L 0<t<1

Assumption (3.7) and is standard in the convergence of approximation schemes for
SDE. The second part of Assumption 3.14 is a technical condition: we need the fourth
moment of the V,H} to be bounded. Theorem 3.15 proves that the process ¢t — V,H
satisfy a linear SDE with drift v(t, H;) linear in H;, so we need finiteness of the L®
norm of the exponential of the drift, see Lemma D.6 for more details. In practice, g,E;L)

and h;f)’x stay bounded during training, so Assumption (3.14) is satisfied.

Theorem 3.15 (Backpropagation dynamics under Scaling regime 2). Let Assump-
tions 3.3, 8.5, 3.7, and 3.14 hold and let o = 0 and B = 1. Let (Hy)wcp) be a
solution to the SDE (3.28) and (J;)iep,1) C R be the unique solution to the linear
matriz-valued SDE

dJ; = (V(tv Hy)dt + thA)Jt, Jo = I, (3.89)

where v is defined in (3.88). Then, P—a.s., J; is invertible for all t € [0, 1] and
L—1
= L—xo _
G = ZgliL)]l[tk,tkH) = G = JiJ, ! (3'90)
k=0

uniformly in L'(P) in the sense of Def. 3.8.

The steps to prove Theorem 3.15 are similar to those of Theorem 3.10 but the details
are technically more involved. Indeed, terms that depend on g,(CL)’x are not a priori
adapted to the filtration generated by the Ito processes W4 and W?®. To overcome

this challenge, we denote

JE = v (3.91)
and we can rewrite géL)’x = g,(CL)’xJ,EL)’x. This leads to a new perspective to understand

g,iL)’m through two components J,EL)’E and géL)’x. The first term J,gL)’m is adapted to
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the filtration generated by the Ito processes, and géLLx is the Jacobian of the output
with respect to the input, and does not depend on the layer. The complete proof is

provided in Section 3.5.4.2.

3.5.3.1 Connection with Neural SDE

In a recent work, [98] show that, when the hidden state H satisfies a continuous-time
'neural SDE’ dynamics, the Jacobian of the output with respect to the hidden states
satisfies a backward SDE:

4G, = G, (—V(t, a)dt — de) . Gi=1, (3.92)

where W4 is the time-reversed Brownian motion defined by WtA = WA - W{, and
PAIt is the solution of the backward flow of diffeomorphisms generated by the forward
SDE (3.28).

It is clear that the limit Gy in (3.90) differs from the adjoint process (3.92). Our
limit Gy = J;.J; ' does not satisfy any forward nor backward SDE, as its solution is a
function of H; which depends on weights across all layers i.e. the entire path of W4.
Indeed, Theorem 3.1 in [157] states that t — J;  solves the following SDE.

d(Jtil) = Jtil (_V(ta Hy)dt — thA +d [WAL) , ng =1,.

Therefore, one can write
1
Ge=JJ7 = (Jll + / J (—v(s, Hy)ds — AW +d [WA]S)>
t
1
=1+ / Gy (—v(s, H)ds —dWr +d [W4] ). (3.93)
t

One can readily see that G; depends on H; for all ¢ € [0, 1]. Note that the quadratic
variation drift correction term stems from using Ito integrals instead of Stratonovitch
integrals.

In contrast to (3.92), (3.93) is the exact large-depth limit of gradients computed by

backpropagation in finite depth residual networks, as stated in Theorem 3.15.

3.5.4 Proofs
3.5.4.1 Proof of Theorem 3.13

The ideas of the proof follow closely those of Theorem 3.4, and we will provide here

the main arguments to the Neural ODE case. The other case is very similar.
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Denote ty = k/L, k = 0,1,..., L as the uniform partition of the interval [0, 1]. For
t e (tk,tk+1], define

éEL) = g’gﬁ_)l (]d —+ (tk-l-l — t) dlag (O'él (ZtkHtk + Etk)) Ztk) )

where A and b are specified in Theorem 3.4. Hence, we can directly deduce that

sup |G —GP | < L' sup  sup ngdlag (0f (Ay Hyy, + b)) Ay,
te(0,1] 0<k<L te(tg, tk+1]
< L7' sup g,(CJr)1 sup Hdiag (0& (Zth + Bt)) Zt”
0<k<L te(0,1]

By continuity of A, b and H, the first supremum is finite and by a similar argument
as in the proof of Theorem 3.4, the second supremum is also finite. Thus, there exists
a constant G > 0 such that sup,c g HéEL) — @EL)H < GooL™!. Now, we also have,

fort € (tk,tk+1],
G -Gy = Gtkﬂ GtkH (thy1 — 1) gz(jr)l diag (0(/1 (Ztk Hy, + Btk)) Ztk

tk+1

— G diag (a& (ZSHS + l_)s)) Ads.

Hence, for e,(f) = SUDPy, <4<ty éﬁ“ — Gy||, we can estimate
L L Pt L
( : < elg+)1 +/ s 91(c+)1th ds.
t
w [ (L)
<t [ (o= a0+ a1 = ) as

<l 4L (e,f +GOOL*1> +/ Hg;ﬁﬂ [Js = Ju |l ds,
t

where J, := diag (0}, (A;H, + bs)) As and Jy = SUPsepo) || Js|| < 0o. Now, recall that
H g,(jr)l is uniformly bounded in k, L, and we have A,b € H' and H € €', so there
exists a constant J! < oo such that HngH [N T = Ty |l ds < Jf L2, Thus,

(1 - JeL™) ef) < el + (JouGoo + Jo) L2

By Gronwall’s lemma and the fact that e(L) O(L™1), we deduce that maxy e,gL) =
O(L™') and conclude

lim sup HCNJEL) -Gy

L—=00 40,1

< lim (sup

L—oo \ tefo,1]

(NJEL) - EEL)H + max e(L)> = 0.
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3.5.4.2 Proof of Theorem 3.15

The ideas of the proof follow closely those of Theorem 3.10, and we will provide here
the main arguments for the case & = 0 and $ = 1. Other cases follow similarly. For
the ease of notation exposition, we consider U = 0 and we use C' to denote some
generic constant (independent from L and other parameters, such as ¢, §, and R, to
be defined later) that may vary from step to step.

The proof consists of 11 steps that can be summarized as follows. Step 1 decomposes
the discrete gradient g,(CL) into two terms: the Jacobian of the output with respect
to the input, and the Jacobian of the hidden state h,(CL) with respect to the input,
which we denote by J,SL). We then write a forward equation for J,EL). Step 2 defines
a continuous-time approximation j,gL) and a continuous-time interpolation j,(f).
Step 3 establishes a uniform bound O(L™') between j,gL) and j,(f). Step 4 defines
high-probability events under which the hidden states h;L) and the continuous-time
limit J; are uniformly bounded. Step 5 decomposes the difference between J&) and
J with a drift term and an error term D", which can be further decomposed into
a variance term N and a Taylor remainder term R"). Step 6 proves that R
uniformly vanishes as O(L™!). Step 7 decomposes N*) into three terms. Step 8 and 9
prove that these terms uniformly vanishes as O(L~™™(1#))  Step 10 wraps everything
together to show a uniform L? bound between .J(2) and JW) . Step 11 uses it to prove

a uniform L' bound between the discrete gradients gk ) and their limit Gy = J1Jh

Step 0: Well-posedness of the statement. The matrix-valued linear stochastic differen-

tial equation (3.89) has a continuous and adapted solution, and this solution is unique
in the sense that almost all sample processes of any two solutions coincide, see for
example [51]. Furthermore, P—a.s., J; is invertible for all ¢ € [0, 1], see Corollary 2.1
in [42]. Also, Theorem 3.1 in [157] states that K, := J; ' solves the following SDE.

dK, = K, (—v(t, Hy)dt —dW +d [W?])), Ko = 1.

Recall from Assumption 3.5 that the quadratic variation of W4 is uniformly continuous
with resepect to the Lesbegue measure. Therefore, by Lemma D.6 and Assumption

3.14, we conclude that the fourth moments of the supremum of J and J~! are finite.

<CE [exp (8 /OT Itr (v(s, H,))| ds)} - < .

(3.94)

E | sup maX(HJt_lHF>||Jt||F)4
t€[0,T
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Step 1: Rewrite the discrete backpropagation equation. First, observe that multiply-

ing (3.82) together gives, for k =0,..., L,

0
g = glbe [ I1 (Jd + diag <a; (Afj)h,(j)’x + b,(j))) A,(j)) (3.95)
k'=k—1
Define J(gL)’x =I;and for k=0,...,L—1:
TP (Id + diag <a;l (A,(f)h,(f)’w + b,EP)) A,(f)) g, (3.96)

Note that by the chain rule, we directly have J,EL)’w = Vxhgf)’x and g(()L)’w = g,(CL)’xJ,EL)’m.
In the following, we omit the explicit dependence on the initial data = when the
context is clear. Recall now the definition M,EL)(h) = A,&L)h + b,iL) from (3.41).
By Taylor’s theorem on o', as ¢’ is continuous, for each i = 1,...,d, there exists
)f,(g? < )M,EL) (h,(CL)> such that

)

2

1
+ 5O,/// (g(f;)) M}gL) (h]({:L)> )

)

o (M (1) ) = o (0) + " (O)M" (1)
Hence, using 0/(0) =1, A = L', and (3.86), we get
I = (1a+ diag (o (M (n7) ) A7) AP
= (fa+ AP + 0" (0)ding (M" (nf") ) A7) S
diag [ Lo (@ @) (BMY7?) 40 50
+1ag§a<k>®Mk<k> v Ik

- <Id * (Zt’“ + %Uﬂ(o)th (tk, h,@) )AL + AW,?) JIEL)

)

— y(t:h;“)
o a4 A~ ) )

-~

)

. 1 L L) ()22 L) (L
+ (dlag <§a'"(§,§ ) o mP (n) )) AP g0

_ R[(gL) (ZEL)7 h;qL))

=77 v (W) I+ AW g 4 D (A6, (3.97)

where we define the error term D,(CL) = o (O)N,EL)J,EL) + R,(f).
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Step 2: Continuous-time approximation. Recall the (forward) SDE defined in the

statement of the theorem
dJ, = v(t, H)Jdt + dWAT,  Jy = 1,

Recall the definition of H®) in (3.40), and define similarly the continuous-time
extension (CTE) of {JIEL): k=0,...,L}:

T =3 31 < (3.98)

k=0

Let ks the index for which t;, <s < tx, 1. Define the continuous-time approximation
(CTA) of J; as

t t
T9 =+ / v (t,, ) T ds + / Aw 7" + 3 p (J,i”,h,@). (3.99)
0 0 k<Lt

Step 3: Uniform bound between 7@ and J&). Using (3.97) and (3.99), we have, for
s €[0,1],

~ _ 2 2
|76 =300 = [[(v (1 D) (5 =) + (it =it )) 7|

2 2 2
< (e (v s ) o+ 2w - wa ) |2
k ’ )
Hence,
E { sup JH j(L)HQ]
0<s<1 B B

411/2
< (c <1+IE {S%th;mH } ) (AL)? +E { sup HWSA —-wi

0<s<1

1/2 411/2
} ) E {sup HJ,EL)H } :
k

By Assumptions 3.7 and 3.14, and equation (3.77):

]E[sup

0<s<1

~ _ 2
’J§L) - J§L>H } <CcL (3.100)

Step 4: Initial computations for a uniform L' bound between G and G, Fix € > 0,
and let 6 > 0 (to be determined later) that only depends on L and €. Define for R > 1

E](%L) = {sup

k<L

h’(fL)H < R} N { sup ||| < R}. (3.101)
te(0,1]
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Using Assumption 3.7 and (3.94), we obtain similarly to (3.54) that

() <

Now, by Cauchy-Schwarz inequality, we have

sup |7,
te[0,1]

* > R™*<CR™ (3.102)

sup || /|
t€[0,1]

) 1
12, 512 < 02 1 g2
ab=46"%a-0"""b < 2a +25b, Va,b,6 > 0.

We use it to decompose the L' distance between G and G'%)

2 s o0t =2 [, Jor- 01" s - [ o~ ]
0<t<1 0<t<1 R 0<t<1 R
5 2
<E [ sup ‘Gt - E(L):| + -E { sup ‘Gt - GgL) }
0<t<1 R 2 lo<i<t

+ 21511) ((E}?)C) .

Now, we have the following estimate

(L 7 1/2 4] 1/2
E [sup Gy — G ) ] <2E lsup HJt_lH ] E [||J1||4} +2E {Sup ‘G H ]
0<t<1 0<t<1 <t<1
Therefore, by Assumption 3.14 and (3.94),
— — C
E {sup ‘Gt—GgL)H] <E {sup Gt—GgL)H ILE@)} + 06+ ——;- (3.103)
0<t<1 0<t<1 R R

Step 5: Initial computations for a uniform bound L? between J and JI). First we
estimate, for ¢ € [0, 1],

|

2

t t
Ji = jt(L)HZ = 3/ v (b, HP) T8 — v (s, Hy) J,|" ds + 3 H/ dwA (T8 - J,)
0 0

2
L L) (L
E D/l(C )<J,§ ),h,(g )>

k<Lt

+ 3 (3104)

The goal is to find an upper bound of the first two terms, consisting of the sum of the
L? distance between J and J®) and terms vanishing uniformly in L. We also want to
show that the error term D" uniformly vanishes in L. To handle the term involving
the drift v, we first observe that for ¢,t, € [0,T], h1, hy € R%, and J;, Jo € R4 we
have
lw(ta, ha)Jo — vt h) L |[* < 3 lw(ta ho) 1P T2 = Jil1* + 3 ||(ta, ha) — v(ta, hn)|* || 1))
+ 3 [|w(ta, hn) — v(tr, ba)|* (|
< C (U4 alP) 1o = I+ C s = b )
+ Cllha* | |2 = 1]
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We used the fact that v is linear in h and X4 is k/2—Holder continuous. We directly
deduce that

T
E {ILE;L)/O v (., H) T (S,Hs)Jstds}
T T
<C(+ R)E [nEg)/ |7 —JSHst} L ORE [/ |1E® — .| as| (3.105)
0 0
T
+ CR’E U ||H5||2ds} L~
0
T
< CR’E [ﬂEm / |7 — JS||2ds} + CRAL (/2 (3.106)
rJo

The last inequality holds by Theorem 3.10. Hence, we obtain from (3.104)

2 r )
E {SUP Jr — Jt(L)H ﬂE(m] < CR*E [ILE(L) / HJgL) _ JSHst} 1 CR2™in(1/2,k)
0<t<1 R r
2
+3E | su p® (J(L), h(L)) 1wl (3107
ogtgl Z k k k B ( )

k<Lt

We applied Doob’s martingale inequality [131] on the second term of (3.104), as J,
J, and EI(,%L) are adapted to the filtration generated by W#. We now estimate the
error term D) in (3.107). Recall that it decomposes into a variance term N*) and a
Taylor remainder term R

Step 6: Prove that the remainder R,(CL) uniformly vanishes. We proceed to show that

2

sup Ly | < CROL™!, (3.108)

0<t<1

3 R ()

k<Lt

which is straightforward since:

2 L—1 2
(L) - H (0 <L>>H
3 RY (J ) 1| <E ( RP (1P pt 10

k<Lt

< CR’E (S <HAI(cL)HR+ bg«L)HYHA;L)H)
> (4 )’

The last inequality holds for the same reasons as (3.66).

sup
0<t<1

< C’RQLIE
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Step 7: Prove that the remainder N, (L) uniformly vanishes. First note that we can
write N,gf; N,EI;] +3¢ N (L)L Where

k,ij,m>

N0 = 48 A1)

kij k,ij
Niiim = (A,E;%Ak 5= (B0 AL) hi"), (3.109)

We assumed that the Ito processes W4 and W? are driven by uncorrelated Brownian

motions, hence N,iLi)"O uniformly vanishes in L? at rate Ay. Thus, we get

ZNkzjm

k<Lt

2

1.w|. (3.110)

(L)
N o

k,ij
k<Lt

w | <CL™ —i—dZE sup

sup
ER 0<t<T

0<t<T

(3.111)

Using the discrete (forward) filtration {G; : k = —1,0,...,L — 1} defined in (3.60),

we now expand (3.109) using the definition of Scaling regime 2.

tkt1
Nt = (@), (aw), = [ B[, [ Sica]as)
k

®

w [ A
+ h’k,m E (Es )zmm 9k' 1
123

®
+ [(Ztk)zm (AW’;A)ij + (‘Ztk)ij (AW’;A)i } h(L AL + (Atk) (Atk)ij h/](CgLT)fL(AL)z'
) Q)

Step 8: Prove that the term (1) uniformly vanishes. Define

tetr1
Xl(clzgm = (AWI?)Z‘m (AWlf)ij_/t E[( S)zmw I 1] 5
k
and S,“Jm = Zk, k,”m Observe that {Skwm k= O,...,L} is a

(Gx)—martingale, where the filtration Gy is defined in (3.60). Hence, by Doob’s

martingale inequality, we have

2
2 2
(L) _ (L (L)
5| sy |52 X050 | =B | (80 <42 ||s.l] - @2
S k<Lt ==
Fix k=0,...,L — 1 and compute the following conditional expectation.
L \?2 L) L L)
E |:<Sl£,zz,m> ‘ 9k—1:| = |:(Slg 1,47, m) + 2Xlg z; mSlE:—)l,ij,m + <Xl§ ij,m ‘ 9]‘3 1:|

2 2
= (Sigi)l,z’j,m) +E|:<Xl£l;;m> ‘ 91@1}- (3.113)
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The cross-term disappear as E[X kijm ‘ Gk 1] = 0. Furthermore, conditionally on

Gix_1, observe that (X(L)

2 .
kij m) is the variance of a product of two normal random

variable with O(L™1!) variance, uniformly in k by (3.18), so

sup E[(X,ngm ‘ 91@1} < CL™2.
0<k<L
Hence, plugging it back into (3.112), we obtain

2

<CR’L™'.  (3.114)

Zszjm

k<Lt

sup

E(L) < R’E sup
0<t<T

0<t<T

k<Lt

Step 9: Prove that the terms (2) — (3) uniformly vanishes. The term (2) can be esti-
mated directly using Cauchy-Schwarz, Tonelli, and (3.19):
2
5o

2 tk+1
(L) <R°E Z/ zng
2
tk+1 )
< CR? (Z/ Is — ty |/ ds> < CRAL™™. (3.115)

The estimation for term (3) is straightforward and similar to (3.66):

sup
o<t<T

k<Lt

sup Ly | < CR*L™. (3.116)

0<t<T

k<Lt

Step 10: Uniform bound between J and J&). From equations (3.108) (3.110), (3.114),
(3.115), and (3.116), we deduce that

3 D (J(L ”)

k<Lt

2

sup Ly | < C RO [~ min(Lw), (3.117)

0<t<1

We then plug (3.117) into (3.107), together with Tonelli’s theorem, to get

~ 112 ro_ .
E |:Sup Jt - Jt(L)H 1E(L>1 < CR2E lﬂE(L) / ||JgL) — JsH2d5:| + CRﬁL*mln(l/Z,n)
R R 0

0<t<1

T, _ 2 )
< CR’E {ILE@) / |71 ds] + CROL (/29
®Jo

We use (3.100) for the last inequality. Hence, by Gronwall lemma, we deduce:

E {sup

0<t<1

~ 2 .
g =T ILE%L)} < CROL~™n0/2%) oxp (CR2).  (3.118)
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Step 11: Difference between G and g. We first estimate the L' distance between the

discrete gradients g,(cL) and the continuous-time limit G;. For each t € [0, 1], we have

the identity

G = Go= (1 =) g+ gl = gD
= (S =) I+ gl (Jt T I

Hence, by Assumption 3.14, (3.94), (3.100), and (3.118):

5 [ o~ 5 1]

0<t<1
9 1/2 ) 1/2
| B s 00

0<t<1

<o

0<t<1

v 2 1/2 hEL
+E [Sup 1G] } E {Sup J= 78| nE@)} E {Sup ()| } .
0<t<1 0<t<1 R
< CR?)Lf min(1/4, k/2) exp (CR2)
We plug it in (3.103) to obtain

(3.119)

_ | C
G, — Gﬁ“H] < CURPLT ) exp (CoR?) + Cad + 5z

E [ sup

0<t<1

To conclude, given any € > 0, we can choose > 0 such that § < 3G and then choose
R > 1 so that R* > 304 , and finally L sufficiently large so that

ClRSL— min(1/4, k/2) exp (02R2) < %

~a| <

Therefore, we have in (3.119)

E {sup

0<t<1
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Chapter 4

Convergence and 1mplicit
regularisation of gradient descent for
deep residual networks

4.1 Introduction

Whether gradient descent methods find globally optimal solutions in the training
of neural networks and how trained neural networks generalize are two major open
questions in the theory of deep learning. The non-convexity of the loss functions for
neural network training may lead to sub-optimal solutions when applying gradient
descent methods. It is thus relevant to understand from a theoretical point of view
whether specific neural network architectures with a proper choice of learning rates for
gradient descent methods can improve the optimization landscape and/or eliminate sub-
optimal solutions [146]. There is some empirical evidence that gradient descent seems
to select solutions that generalize well [162] even without any ezplicit regularization.
Hence, it is believed that gradient descent induces an implicit regularization [119] and
characterizing the nature of this regularization is an interesting research question.

In the present work we prove linear convergence of gradient descent to a global
minimum for a class of deep residual networks with constant layer width and smooth
activation function. Furthermore, we show that under practical assumptions, the
trained weights admit a scaling limit as a function of the layer index which has finite
2-variation. Our result shows that how implicit regularization emerges from gradient
descent. Our proofs are based on non-asymptotic estimates for the loss function and
norms of the network weights along the gradient descent path. These non-asymptotic
estimates are interesting in their own right and may prove useful to other researchers

for the study of dynamics of learning algorithms.
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4.1.1 Convergence and regularization properties of deep learn-
ing algorithms

Existing results on convergence and implicit regularization in deep learning exploit
three paradigms: over-parametrized neural networks with fixed depth and large width,
linear neural networks with sufficiently large depth, and mean-field residual networks.
Under sufficient over-parametrization by width with fized depth, many popular neural
network architectures (including feed-forward, convolutional, and residual) with ReLU
activation find a global optimum in linear time with respect to the remaining error
and the trained network generalizes well |3, 4]. However, the associated generalization
bounds are intractable, and the amount of over-parametrization implied in these results
is often unrealistically large. One can improve the asymptotic analysis [163, 164], but
it still falls short of leading to any practical insight. For smooth activation functions,
[44] studied the convergence of gradient descent for various network architectures,
including residual networks. They show that for any depth, if the residual layers
are wide enough and the learning rate is small enough, gradient descent on the
empirical mean-squared loss converges to a solution with zero training loss in linear
time. The rate of convergence is proportional to the learning rate and the minimum
eigenvalue of the Gram matriz. [49] showed that in the over-parametrized regime,
for a suitable initialization with the last layer initialized at zero and other weights
initialized uniformly, gradient descent can find a global minimum exponentially fast
with high probability.

For linear deep neural networks (i.e. with identity activation function), [15] showed
that training with gradient descent is able to learn the positive definite linear
transformations using identity initialization. [153] proposed a new initialization
scheme named zero-asymmetric (ZAS) and proved that that under such initialization,
for an arbitrary target matrix, gradient descent converges to an e-optimal point
in O(L3log(1/¢)) iterations, which scales polynomially with the network depth L.
Subsequent refinements of the convergence rates and the width requirements have
been established in [43, 165|. Finally, [160] showed the implicit regularization of

gradient descent for linear fully-connected networks to [ max-margin solutions.

Another line of work deals with mean-field residual networks by looking at the
continuum limit of residual networks when either the depth L or the width d goes
to infinity. [158] build on the analysis of [39] for feed-forward networks to study the
average behaviour of randomly initialized residual networks with width tending to

infinity. They show that a careful initialization, depending on the depth, may enhance
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expressivity. Further, [106] proposed a continuum limit of deep residual networks by
letting the depth L tends to infinity and showed that every local minimum of the
loss landscape is global. This characterization enables them to derive the first global
convergence result for multi-layer neural networks in the mean-field regime.

In addition to the network architectures listed above, non-linear neural networks with
fixed width and large but finite depth are successful and practically more popular
[71, 73]. Tt is well-documented that for a fixed number of parameters, going deeper
allows the models to capture richer structures [50, 147]. However, the theoretical
foundations for such networks remain widely open due to their complex training

landscape.

4.1.2 Contributions

We consider a supervised learning problem where we seek to learn an unknown mapping
with inputs and outputs in R? using a residual network with constant width d and a
smooth activation function. We study the convergence and implicit regularization of

gradient descent for the mean-squared error.

e Linear convergence. For ¢ > 0, we prove that for a residual network of depth
L =Q(1/e), we can choose a learning rate schedule such that gradient descent

on the training loss converges to a e-optimal solution in O(log(1/¢)) iterations.

e Scaling limit of trained weights. The trained weights, as a function of the
layer, may admit a scaling limit as L — oo. We prove that such a scaling limit

is a matrix-valued function with finite 2-variation.

e Non-asymptotic estimates on loss function and weights along the
gradient descent path. In addition to the convergence results mentioned
above, we obtain (non-asymptotic) estimates along the gradient descent path

for the loss function and various norms of the weights, with tractable bounds.

e Relevance to practical settings. We illustrate the relevance of our theoretical
results in practical settings using detailed numerical experiments with networks
of realistic width and depth.

Our analysis generalizes previous results on linear neural networks [153] to a more
general nonlinear setting relevant for learning problems. Our non-asymptotic results
stand in contrast to the mean-field analysis [106] which requires infinite depth. Our

tractable bounds improve upon the ones found for networks over-parametrized by
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width [4, 44, 49, 163, 164], where the trained weights do not leave the lazy training
regime [33]: in our setting, the trained weights are not necessarily staying close to
their initialization. A key ingredient in the proof is to study the evolution of various
norms for the weights under gradient descent iterations. These estimates are provided
in Lemmas 4.4 and 4.5.

Our theoretical results suggest that initialization of weights at scale L™! together
with a L~'/2 scaling of the activation function leads to convergence under a constant
learning rate. The overarching principle is to make sure that the gradient stays on
the same scale as the weights (here L~/?) during training. Our analysis also extends,
with minimal changes, to the case where linear layers are added at the beginning and
the end of the network.

Notations Define (e,)n = L=y € R% For a vector z € R?, we denote ||z, the
Euclidean norm of z, and for a matrix M € R%? we denote ||M]|, the Frobenius
norm of M. When the context is clear, we omit the superscript x for the quantities
that depend on the input z. We denote f = O(g) if there exists ¢ > 0 such that
f(z) < cg(z), where z = (L, k,t,n.(t), cp). That means, our Big-O notation involves a
constant that is independent of the depth L, the layer number k, the iteration number
t, the learning rates 7., (t), and the universal constant ¢y defined in Assumption 4.1.
Similar definitions stand for 2 and ©. For a function o: R — R, define o4: R? — R¢
by o4(x); = o(x;) fori=1,...,d.

4.2 Residual networks

Let © € R? be an input vector, &z, be a fixed positive real number, and a(F) € RExdxd
be a set of parameters (or weights). In this section, we focus on a ResNet architecture

without bias with L fully-connected layers:

{hg@) =P droa(aPn D) k=1L (4.1)

[AA——

The output of the network is h}’ ) which we denote by 7, (z, W) to emphasize
the dependence on the input = and the weights a®). ' Fix a training set Dy =
{(x,95) i =1,...,N} C R x R and the loss function £: R x R? — R, defined
by £(y,9) = 5 lly = 9ll5-

!The analysis with bias is done by expanding the weights oz,(cL) and the hidden states h;cL) with an

additional dimension.
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We study the dynamics of the weights induced by gradient descent (GD) on the

mean-squared error Jy: RF*4*4 — R defined by

1 & ~ 1 & R
JL(Oé(L)) = N ZE (yz',yL(xi, oz(L))) = 5N Z Hyz — yL(xi, a(L)) Hi ) (4.2)
i=1 i=1

We consider a gradient descent learning algorithm which sequentially updates the

weights using an initialization A (0) € R¥*4*4 and

AAP (1) = AP+ 1) = AP (1) = —np(t) Vi Jo (AP (1)) (4.3)
where 1 (t) > 0 is the learning rate at iteration t € N, which may depend on the
depth L, but is independent of the layer index k.

Assumption 4.1. There exists a constant ¢y > 0 such that

(1) Smooth activation function: o € C*(R), ¢/(0) = 1 and for all z € R, |o(2)| < |7|,
lo’'(z)| <1 and |0"(2)] < 1.

(ii) Scaling factor: §() = L=1/2,
(iii) Separated unit data: ||xilly, = ||lyill, = 1 and Vi # j, [{zs, ;)| < (8N) e .
(iv) Initialisation with O(1/L) weights:

sup A0, (0) || < 2 /2NyEg e o,

k,m
(v) Small initial loss: Jp(AP)(0)) < 271372N 24~ c2e=820,

Note that tanh satisfies Assumption 4.1 (%). Assumption 4.1 (i) comes from the
scaling we observe in the experiments of Section 4.4.1. Assumption 4.1 (7ii) requires
the training points to be sufficiently orthogonal to one another. Among other cases, it
is satisfied in the small data regime: take for example N points uniformly at random
on the d—dimensional sphere, where d > N*. Hence, for z; ~ U(S%!) i.i.d., we have
by a union bound and Chebychev inequality:

P (max\(xi,xjﬂ > N1> < N?P ([(z1,22)] > N71)

i#]

< N*Var[(21,72)] < N* > E[(21)2] E [(22)7,] = N*d ™ < 1.

m=1

Assumption 4.1 (iv) guarantees that the network at initialization stay well-behaved,

and does not bias the optimization path. Note also that Assumption 4.1 (iv) does
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not rule out the case of a stochastic initialization. Assumption 4.1 (v) relates to the
fact that we are going to prove local convergence of gradient descent to zero training
loss. Proving global convergence under our general framework is out of reach, as local
minima are guaranteed to exist, see Theorem 2 in [126]. In this paper, we address
Corollary 3 in [126] by providing conditions on the dataset and on the initialization
procedure to show convergence of gradient descent for residual networks of large depth
and finite width.

4.3 Dynamics of weights and hidden states under
gradient descent

Recall that a") denotes a generic weight vector, whereas A (¢) denotes the weight
vector obtained after t iterations of gradient descent on the objective function Jy,
where the initial weights A)(0) follow Assumption 4.1 (7). The main results can be
summarized as follows.

First, in Section 4.3.1, we prove that if the network weights a,(CL) are O(L~'/?), then
the hidden states h;’ ) and the Jacobian

ony "

MEWE = e R (4.4)
’ ony

are uniformly bounded in & and L. Then, under the same scaling assumption, we
derive an upper bound for the norm of the gradient V,Jy of the objective function
with respect to the weights o). Furthermore, we derive a lower bound for the norm of
the gradient V,J;, under the additional regularity assumption a,(jr)l — a,(f) = O(L™).
Next, in Section 4.3.2, we let a()(0) € RE*?¥4 be any initialization and define
recursively o' (t+1) = o' (t) —np(t) Vo Jr (P (t)). Under some scaling assumptions
for aB)(t) for t = 0,...,T — 1, we show that the loss function J. (a'"(t)) at time T
admits an explicit upper bound. To show this, we study the effect of gradient descent

on the following norms of the weight vector:

2

F

L L—-1
O (@®0) = 5 3|0 and g (00) = 523 o)~ af 1)
k=1 k=1

(4.5
The scaling in L is chosen in such a way that we will be able to prove a uniform bound
(in t and L) of the above norms along the gradient descent path A (t) when A()(0)
satisfy Assumption 4.1 (iii).

.
)
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Finally in Section 4.3.3 we show that under Assumption 4.1 with the parameter A (t)
evolving according to the gradient descent dynamics (4.3), we have that for all € > 0,
if we let L = Q(1/€), nz(t) = 1o, and T = O(n; ' log L) = Q(ny ' log1/¢), then
Jr (AW (Tfomst)) < e. That is, the loss function can be made arbitrarily small with
practical values for the depth and the number of gradient steps. To prove this, we use

recursion: we first verify the scaling assumptions
AB(t) = 0(coL™%) and - AP, (1) = AP (1) = 0(e™* L), (46)

at initialization, i.e. for ¢ = 0. This enables us to use the results of Section 4.3.1
to deduce an upper bound on the loss function J;, (A(L)(l)) at time t = 1, which in
turn yields that the scaling assumptions (4.6) are verified for ¢ = 1. We continue this
process until the upper bound on the loss is smaller than e.

Further, we prove that for 77, satisfying (4.10), if the (pointwise) limit

A% = lim A(Lﬁlj (T1) (4.7)

L—oo

converges uniformly in s € [0, 1] at a O(L~'/?) rate, then A* is of finite 2-variation,
giving an implicit regularity to the solution found by gradient descent. The numerical
experiments in Section 4.4 confirm that these effects are observable in settings relevant

to practical supervised learning problems.

4.3.1 Bounds on the hidden states, their Jacobians, and the
loss gradients

We start the analysis by computing bounds on the hidden states and their Jacobians

(4.4). To do so, we define the following norm on the weights:

o 7 (4.8)

Dl = max||a
o0 k=1,...,.L

-----

where aF) € RE*4%4 ig a generic weight vector. We check that the hidden states are
uniformly bounded from above and below in &£ and L, and we prove an upper bound on

the Jacobians, uniformly in k£ and L. We get explicit bounds when L is large enough:

—92¢ xz, (L
Jall, &% < ||ap®

S ||$||2€1'1CA and HM;:(L)emH S 66A7
2 2

given the assumption that Ha( < ¢4L~Y2. The proof can be found in Appendix

L
Mo
B.2. Note that the bounds are deterministic, unlike the probabilistic results from

[4, 7]. Next, we derive that the norm of the gradient of the objective function is
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bounded above by J i/ 2, so that it ensures that the gradient updates (4.3) stay local.
The precise result and its proof can be found in Appendix B.3.

More crucially, we also need a lower bound on the norm of the gradient as a function
of the suboptimality gap. We first establish a lower bound for the gradient of the loss
with respect to the weights of the first layer.

Lemma 4.2. Under Assumption 4.1 (i)-(iii), let o) € REXd sych that L >
max(5cy, 4¢3) and Hoz H < ¢oL™? hold. Then, we have

1y, (a'P).

2
[eu i ()2 >

Proof. Fix L > max(5cy,4ct). In the proof, we omit the explicit dependence in L.
Observe first that

|W%hmm%:§j( 23

m,n=1

2
aak — (ys )))
d

52 o m .
= Z FLZ Z hkl_lmhkj_lmo-k,mi,mo-k,zj,m ((M Z) ( (x“ )_yl>)

m,n=1 3,j=1

«M?f@@m®—w0m

52
- L Z<hk 1 k: 1 Mkw?

2,7=1
where

My = (6n0, © (M) (F(0,0) =), Gy © (M) (7 (100) = 35) )

We focus on the case kK = 1. We first estimate, by Cauchy-Schwarz and Lemma B.1,

< [|agy

‘Ml,m‘

2 [[MY | 117 (i, ) = il 19 (25, @) = sl
< e[ (i, a) = yill 117 (5, ) — wjl, -

Lower bound when i = j First, as [0”] < 1 and L > 4¢3, we have 61 4,,, =
o' (1 zi)m > 1= || [Jzill, > 1 — coL"/* > §. Hence,

—~ 2
My = 010 © (M) @ (ir0) = 30)||
1 L
~ . . 2
> 117 @i 0) =l T (1 - o [ding (6r.r ) ])
k=1
1 2L 1 -
> (1-F) 1@ @) =l = 767 17 (0. 0) = will:.
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where we applied Lemma D.2 in the second line, and the fact that [|-||, < ||-||z. By
Assumption 4.1 (711), [{(z;,x;)| < (8N)~te™* for all i # j, so we deduce

(52
IVai Tz = 555 (Z My llwilly + > Mg x>)

i#]

s b (S
i#]
S e 8LN§||5< @) = uila 7 e >—yj||2)
> o | S ble) — a0 (i 19z ) - y)
> L]1V2 (ge_QCOJL(a) — ge_ZCOJL(a)) = &e_QCOL_lJL(a).

]

Next, if we assume that the weights a(") are close to each other in neighbouring layers,
we can deduce that the gradient of the loss with respect to weights in neighbouring
layers are also close to each other. Hence, if we couple this fact with Lemma 4.2, we
can prove a lower bound on the norm of the gradient of the loss with respect to the

full weight vector a®).

Lemma 4.3. Under Assumption 4.1 (i)-(iii), let all) ¢ REXxd sych that L >
a(L)”F < col” 1/2; and Ho‘kﬂ _ak H < -T2 N-1/2g—42c0 [ 1 for

max(5cy, 4¢3),
each k. Then,

|V o Jo (@) || > (%N—le—% — 17dc§eﬁ~4COL—1) Jr(a).

Proof. Fix L > max(5cg, 4c2). In the proof, we omit the explicit dependence in L. We

use Lemma B.5 to estimate the difference of neighbouring gradients:

8JL 8JL 5[, . T T;
S P th o G = G ) Vi 1 G, 0)) MEL e

2
x; x4, (L
NLE (i, Yo, a )) Mk+1 km(n)7
=1
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where flfn(i) satisfies

z, (L)

k,mn

<2( ) Mlevs — ol + 2 s || ||,

By Lemma B.1 and the fact that o’ is 1—Lipschitz by Assumption 4.1 (i), we bound
further:

(Voo (@) = Vo @[ = 3 ( o, 9 )2

— aOék,mn aO‘k—&—l,mn
m,n=1

d N
1 €T X; Ty
<43 o 3 () M e (ehf s — onenhE), B, )
=1

m,n=1

4 ~
+ L2N EBQCO (2d62.260 ”ak+1 o Oék”iﬂ 4 2dcée4.4COL72) g(y“y(x“ Od))

1 & | | _ .
< 23 aghity — aneahy [ € G, @) + 9deke™ 0 L4 (),
i—1
Then, simply note that
|arhiy — cpsr b H2 < 2||(ansr — ) B |5 + 2 [l (R = hiey) Hz
<iN 1—62COL +204 2200L—

64
Hence,

1
Vo Tz (@) = Vo, Ji (@[ < (mN te20 4 17dcheS 40 - )L—3JL<a)-

Finally, we use the reverse triangle inequality and Cauchy-Schwarz inequality:

1
IVaJz (@)7 2 5 VayJz (@)~ —1Z\Wak+l = Vo i (o)

k'=1

—_

N 1 —QCOL IJ (k_1)2 1 N—l —2co ]_7d 4 64COL J
2 (@) =7 15 + 17dcje (@)

co

( N~ tem20 _ 17dcgeﬁ-4COL—1) L' (a).

The second inequality holds by Lemma 4.2 and (i) above. Hence,

1
[V (o) 2 = zuvm Y ) )
]

It guarantees that for L > 1, every critical point close to the origin is a global
minimum of the objective function, similarly to what is known for linear residual
networks [68, 87, 93, 104].
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4.3.2 Behaviour of weight norms along the gradient descent
path

In Section 4.3.1, we establish bounds on the gradient of the loss function evaluated
at a generic weight vector o) € RE*4%4 We now proceed to understand how (")
changes under a gradient descent update. To do so, we study the local version of the

weight norms defined in (4.5). Define for z,y € R and k =0, ..., L:

G (a®) = % (7(z,a™)) € R% (4.9)
k

Also, for clarity, denote hi’(L) (a®) € R for the hidden state of the k™ layer using
input « € R? and network weights ol € RExdxd,

Lemma 4.4. Let oY) € RE* qnd define a'P) = o) — 9V, J;, (o). Define
2
further f,gj;,)l (aP) =1L Ha,(ﬁv)l ‘ Under Assumption 4.1 (i)—-(ii), we have
2 I’ 2

1/2
] 2 o 2
T

[e.9]

~(I)\ 1/2 12 1 1 &
fim @) < Jin () (Ng\

Lemma 4.5. Let o®) € REX™>d gnd ¢4 > 0 such that L > b5caq and

o, < el V2. Define 501 = 08— 1,97, (00, and let g (o) =

2
112 ‘ oz,(i)l — a,(fL)HF. Under Assumption 4.1 (i)-(ii), we have

N 2
L) (~ L - 1 z;, (L 2 *i,yi, (L
g (@0) < g (a?) (1 LS | (@) | e <a<L>>Hw)
i=1
L0 (CA62.1CA (CA€1.1CAL—1 T 2L—1/2) Lk (a(L))1/2JL (a(L))1/2>7
where the Big-O constant is also independent of cy4.

The proofs of Lemmas 4.4 and 4.5 can be found in Appendix B.5.

4.3.3 Local convergence of gradient descent

In this section, we initialize the weight vector A)(0) according to Assumption 4.1
(iv) and we let the weights A% (t) evolve according to the gradient descent dynamics
(4.3). We show that under some a priori conditions on the initial parameters, the
initial loss, and the learning rates, we are able to prove a practical upper bound on

the loss function along the gradient descent path.
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Theorem 4.6. Let L be large enough. Under Assumption 4.1 (i)—(v), let the parameter
ALt evolve according to the gradient descent dynamics (4.3) with learning rates

nr(t) until time Ty, € N, chosen in such a way that for eacht =0,..., T — 1, we have

Tp—1
1
np(t) < ﬁN_ld_le_lo'&o and Z no(t) < d tlog L. (4.10)
t=0

Then, for each t =0,...,T, we have

1 —1_—2¢ — 4 _6.4c — / —1
JLuuw)gema(—gﬁw’fz og; nL(t) | Jo + 3ddcyebie Z;"L“> L7,

Theorem 4.6 is a local convergence result since we assume that the initial loss lies
below a certain level by Assumption 4.1 (v). We are able to show convergence as
L — oo of the loss to zero when the horizon T}, depends explicitly on the depth while
satisfying (4.10).

Proof. We choose L big enough so that

3

64
Note that it trivially implies that L > max(4cZ, 5cp). In the proof, we omit the explicit
dependence in L. Denote Jy := Jr(A(0)) the initial loss. We first prove jointly that

— N7l G0 (log L)Y < L2, 34cfe"**log L < L. (4.11)

( ( )) < 2J0>
max [ Ax(t) | < ol ™, (4.12)
m]?XHAk-i-l( ) — Al <27 T/2 N—1/2p—42c0 [ 1

for t =0,...,7; by induction on ¢. For ¢ = 0, by Assumption 4.1 (iv), we directly
have
max || Ax(0)||p < d'/? SupHAkm( My S L' <eoL™2,

[4x41(0) = Ak (0)]| p < d"* sup [| Ak 11,m(0) = Agm(0)]|, < 272N Zem 20 7L,
" (4.13)
Let t > 0. Assume that (4.12) holds true for all ¢ <t < Tj,. We prove that (4.12) holds
for t + 1. Define fyn(t) = fom (AP)(t)) as in Lemma 4.4 and gx(t) == gx (AP (2)) as
in Lemma 4.5. As L > max(4c2, 5¢p), we can apply Lemma 4.4 and Lemma B.1 with

the induction hypothesis.
1/2
1
fk,m(t + 1)1/2 S fk,m(t)1/2 + — \/§ 2 1c0 ( Zf yz7 xlv ))))
= frm(t)/? +€* lc"77L(75)JL(A(1t))1/2- (4.14)
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Similarly, we apply Lemma 4.5 with ¢4 = ¢y and Lemma B.1 with the induction

hypothesis.
_ 2
gult+1) < gelt) (14 *on, (L7 2T, (A() )

+0 (6062.1c0 (cljfal'lcoL_1 + 2L_1/2) nLgk(t)l/sz (A(t))1/2>. (4.15)

Now, we want to apply Lemma B.6 to bound J.(A(t)). We check that using Lemma

4.3, the assumptions of Lemma B.6 are verified for
calt) =co, c=c(t')=-—=N"'e?0 ¢=¢c(t)=34dcse* ), fort <t.
Thus, as n7,(t) < 2725 N "1d e 1050 < 271¢pe32%  we deduce the following bound

on the loss function at all times ¢/ =0,...,¢+ 1.

Jr(A(t)) < exp (—%g i nL(t”)> Jo+ L™t i nr(t") (4.16)

#1=0 =0

Bound on JL(A(t + 1)): Plugging in (4.10) and (4.11) into (4.16), we verify that

JL(A(t+ 1)) < (14 34cge®* L7 og L) Jo < 2J1(A(0)).

Bound on fg,(t + 1): We plug (4.16) into (4.14) and sum over ¢ to deduce

Fron(t + DY < frm(0)2 €210 g () JL(A(t'))?

t'=0

1
< ﬁd‘l/QcoL‘l/Q FePlaR, (1), (4.17)

where we use (4.13) for the second inequality and
t
Ry(t) =>> nu(t)Jo(A(t))".
/=0

To find an upper bound to Ry (t), we use the inequality /= +y < \/x + /y in (4.16),
with the help of (4.11):

¢ -1 ¢ -1 1/2
1 _ _
RL(t) < t/ZOTIL(t/) exp (_ZQZ nL(t//)) J01/2 —|—Cl/2L 1/2t/2077L(tl) (Z 77L<t”>>

=0 =0

Now, we estimate the following quantity using (4.10):

t -1 1/2 : 3/2
> nu(t) (Z nL(t”)> < (Z TIL(??')> < d*2(log L)**.
=0 =0 =0
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Next, we use the fact np(t) <77 = 27551 N~1d~te10-50 and

1 _ 1 _
(1 — exp (—Zgn>> x<n (1 — exp (—ng)> for all z € [0,7]

to deduce that the following sum is telescoping:

t t'—1 1 t /

1 I —exp (=3¢ p_on(t)) _
ZﬁL(t/)eXp (_ZQZUL(t/I)> S ( 4 t'=0 )77
t'=0

— 1 — exp(—;c7)
<8

Hence, by Assumption 4.1 (v) and (4.11),

R.(t) < 128Ne*0 J)/2 4 642220 (log L)*/2 L1/ ]}/

< 290 g1/24-21c0 (4.18)

3v2

Plugging it in (4.17), we obtain

Fomlt +1)2 < 0 g2 4 2¢0 12 _ C0 g1

3v/2 3v2 V2

Hence, this completes the induction step for the norm of A:

HA(L)(t+ 1 < V242 LY2 sup Fom(t+ 1)1/2 < coL7V2,
k,m

>HF,OO

Bound on g (t + 1): By (4.11), L2 > cye10, so we can rewrite (4.15):

get + 1) < gD (t) + g2 O (coe* @, (L2 T (A@M)2)

where
ur(t) = (14 o (t) L7232 1, (A(t))/2)* .

We can thus apply Lemma D.4 (ii), together with the identity 1+ z < exp(x) and
(4.18) to deduce that

gr(t + 1)1/2 < exp (63'260RL(t>L_1/2) (gk(O)l/2 +0 (COGQ'ICORL(t)L_l/Z))
< exp (0061.1COL—1/2) (1 n O(CSL_I/Q)) (0)72
< V2g1.(0)'/2.

The last inequality is derived with the help of (4.11). We finish the induction step by
observing that gy, (0)Y/2 < 2792N-1/24=1/2¢=42% by Assumption 4.1 (iv).
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Convergence of Ji(A(Ty)) — 0: We now have all the tools to deduce the rate of

convergence of Ji(A(1%)) to zero. We observe from the induction result above that
the assumptions of Lemma B.6 are verified for ca(t) = cp, c(t) = 274 N~te72% and
¢(t) = 34dcieb4 Jy by Lemma 4.3, for each t € [0, 7). In particular, we have

TL 1 TL 1
JL(A(TL)) < exp( —Nle20 Z . (t ) Jo + 34dcihebe (Z n(t ) L' Jo.

t=0
(4.19)
0

Remark 4.7. Let ny > 0 be a fixed learning rate, independent of k, L and t, and let
Jo == J (A)(0)) be the initial loss. Observe that from Theorem 4.6, if we choose

o n.(t) =ny and To"t = O(ny tlog L), then conditions (4.10) are satisfied, so we
deduce
TL(AB(TE™) < exp(—enTE"™).Jo + O(p T L)

Hence, for an error level € > 0, gradient descent with constant learning rate for
a network of depth L = Q(1/e€) reaches J (AP (To™")) < € in O(ng ' log1/e)

iterations.

o nu(t) = no(t+ 1)7" and T = O(exp(ng tlog L)), then conditions (4.10) are
satisfied. We deduce that

Jr (A( (Tdecay)> < exp(—cnp log TLdecay)JO + O(ng log TLdecayL_l).

Hence, for an error level ¢ > 0, gradient descent with decaying learning
rate for a nmetwork of depth L = Q(1/€) reaches JL<A(L)(TLdecay)) < € in
O(exp(ny log 1/€)) iterations.

The above convergence rates above are confirmed by our experiments in Section
4.4. Note that gradient descent converges exponentially faster when using constant
learning rates rather than decaying ones. This is because the parameters A()(t) and
the gradients V 4.J; (A% (t)) are already on the same scale O(L~'/2). Note also that
Theorem 4.6 is not in contradiction with |16, Theorem 6] stating that gradient descent
might get stuck at the critical point (6, A®)) = (0,0) that is usually not a global
minimizer. Indeed, we force §(%) to have a non-trivial scaling by Assumption 4.1 (iv),

so that (0,0) is simply not a point in the parameter space.
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4.3.4 Scaling limit of trained weights

In many cases the trained weights, viewed as a function of the layer index k/L, have
a scaling limit which is a function defined on [0, 1]. We show that such a limit then

admits finite p-variation with p = 2.

Proposition 4.8. Let (A(L) t):t=1,... ,TL) follow the gradient descent dynamics
(4.3), where the assumptions of Theorem 4.6 are satisfied for T = Ty. Assume there
exists A* == [0,1] — R4 such that

sup L'/? Lo
s€[0,1]

L1/2ALL J(TL) - Z: P

0 (4.20)

Then, the scaling limit A* has finite p-variation with p = 2.

Conditions 4.20 may seem strong, but they are related to the norm f,g];,)l(T 1) defined
in Lemma 4.4 having a limit as L — oo. Under the hypothesis of Theorem 4.6, we
have shown in the proof of Theorem 4.6 that the norm ft(fz, 1.m(T1) stay uniformly
bounded (in s and m) as L — oo. Condition 4.20 has also been verified in numerical

experiments, see Section 4.4.3.

Proof. Fix a partition 7 = {0 =57 < s1 < ... < sk = 1}, where the mesh of the
partition ||7|| is small enough. In the following, ¢ > 0 denotes a constant independant
of sand L. Forv=1,..., K — 1, let L; € N big enough so that Theorem 4.6 applies.
We estimate directly

|2, A < ||l ) - A Al ) - A
1/2 (L)
+L “ALL5+1J( ) ALSZJ( ) F

12 | 7172 (L) L;
<cL;?+ L) “A(LLS+1J(TLi)_A(LLiz;iJ(TLi)

‘ F

We now use the proof of Theorem 4.6 to deduce a uniform bound (in £ and L) on the

quantity g,(CL)(TL) defined in Lemma 4.5. That means, L A(Li [(Tp) = A(il 1 (T1) H

¢ < 0o. We can apply the triangle inequality to deduce

.7

Si+1

» < CL;1/2 + CL;l/2 (I_LiSiJrlJ — LLZSZJ) < CL 1/2 + CL1/2 |Si+1 — Sil .
Hence,
_ 2
Z HA8+ A
i+1 7 F

As ||7|| is small enough, we can choose L; = ©(|s; 11 — s;| ') to deduce that the RHS

K-1
SCZL;1+Li|SZ‘+1—Si|2. (421)
1=0

of (4.21) is bounded uniformly in 7. Taking a supremum over all such partitions then

show that A* has finite p-variation with p = 2. n

98



4.4 Numerical experiments

To illustrate the results of Section 4.3, we design numerical experiments with the
following set-up. We have a fixed training set {(z;,y;):i=1,...,N} in R? x R,
where d is the dimension of the inputs and outputs and N is the size of the dataset.
For any depth L € N, we initialize the weights of the network (4.1) with §;, = L=% and
each entry of A;L) is independent and normally distributed with standard deviation
d=tL=P° where ag, By € [0,1]. The weights are trained using gradient descent on the
(unregularized) mean squared error J;, defined in (4.2) with a fixed learning rate
independent of d, k, L and the training time ¢. We perform a fixed number 7" € N of
gradient updates, with no early stopping.

4.4.1 Identification of scaling behavior

We run two experiments to discover the best scaling for d;,. Denote oy the scaling of §y,
at time ¢, i.e. oy oc L™, and denote (3, the scaling of the weights A(")(¢) at time ¢, i.e.
AWE)(t) oc L7P. The first experiment is to let 6 trainable with gradient descent with

learning rate 79, and observe the resulting scaling «;. We observe in Figure 4.1 (left)

0.9  Scaling delta Average loss
t=1 ay =03
08 — = G 0.8 ——ay = 0.5
' — = 198 oy =09
07
06 T
0
g 06 g
=
0.5 0.4
04 4
0.2
0.3 %
0.2 0
0.3 0.4 0.5 0.6 0.7 0.8 0.9 1 0 50 100 150 200
g Gradient step ¢

Figure 4.1: Left: scaling a; of d; against the initial scaling «q for different training times. Right:
Average loss value across depths L € {2% : k € [3,12]} for different initializations o, as a function of
the number of gradient steps t.

that «; tend to get closer to 1/2 as ¢ increases. However, this is far from being exact,
even though the networks have all converged, see Figure 4.1 (right). It is interesting
to note that oy = 1/2 is a fized point, meaning that the networks initialized with
this scaling will keep o &~ 1/2 during the entire training. The second experiment
is to let 0, = L% at initialization and keep it fixed during training, i.e. a; = ay
for each t. We thus have weights A% (0) that scale like L= initially, and that are
updated with 1y, (t)Va, J, (AP (t)) o< L= ] (AD)(¢))Y2 by Lemma B.3. Thus, it is
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reasonable to expect that if 5y > ag, and the loss J;, at small times ¢ is independent

of the depth, then ; ~ «y for small times ¢. In fact, we observe in Figure 4.2 (left)

0] 18 0 008
6 0.075
) 14 : 0.07
12 0.065
! 0.06
X 08 X 0,055
06
0.05

0 02 04 06 08 1 0 05 1
o Bo

ap
ap

Figure 4.2: Both figures: horizontal axis is the initial scaling 3y of the weights A, and the vertical
axis is the fixed scaling ag of dy. Left: Final total scaling cg + Br. Right: Average final loss after
T = 200 epochs. The depths at which we train our networks are L € {2’C ck € [3, 10]}.

that the total scaling ag + (7 is independent of 3y and is roughly equal to 2ay. We
observe in Figure 4.2 (right) that the parameters that gives the best performance is

around agp = 1/2, again independently of 3y. This is expected, as
nP = Py = dpoa (AR, ) o L0,

so the final scaling of the increments of the hidden states is roughly 2c, which should

be around 1 to guarantee stability of the large depth limit.

4.4.2 Rate of convergence

We now verify that the convergence rates of gradient descent agree with the theoretical
rates derived in Remark 4.7. To do so, we run our experiments with different initial
learning rates, and take the average loss curve across the depths. We then plot the
number of gradient steps needed to reach a certain loss level. We observe in Figure 4.3
that the number of gradient steps needed to attain a given level € is linear in log(1/¢)
for constant learning rates, and exponential in log(1/¢) for learning rates decaying like
1/t. We also see that in both cases, the rate of convergence is inversely proportional

to the initial learning rate 7.

4.4.3 Emergence of regularity of weights as a function of the
layer index

Recall the results of Proposition 4.8 stating that under condition (4.20), the rescaled
trained weights L'/ QA(LQ; |(T') converge to a limit A% that has finite 2-variation. We
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Figure 4.3: Both figures: horizontal axis is the inverse loss level 1/¢, in log-scale, and the vertical
axis is the number of gradient steps needed for the average loss to drop below €. The average is taken
over the depths L € {2’C ck € [3, 10]}. Left: constant learning rates 1 (t) = no. Right: decaying
learning rates nr,(t) = no(t + 1)~ 1.

verify that condition (4.20) holds by running experiments for varying depths and

looking at the quantities

1 L 5 1 L—1 5
= L _ L L
T =3 [aP] and g0 =LY [alie - 4P o]
2 F 2 F
k=1 k=1
Tlet+2
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Figure 4.4: Evolution of weight norms along gradient descent path for different depths L €
{24, 25 96 98, 210}. Left: L2-type norm f(5)(t) as a function of gradient iterations. Right: Quadratic
variation-type norm g (t) as a function of gradient iterations.

We observe in Figure 4.4 that at initialization ¢ = 0, the sum of the squared norms
f*) is O(L71), and becomes O(1) during training ¢ > 1. However, the smoothness of
the weights as measured by §\*)(¢) is constant with ¢ for large L. That means, the
conservation of smoothness during training is a feature of the architecture (smooth
activation function) and of gradient descent, not of the particular weight initialization

nor of a particular scaling.
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We observe in Figure 4.5 that as L — oo, the rescaled trained weights converge
to a limit A*. This is a striking result, indicative of the stability of this network
architecture [67]: there is no a priori reason that networks with different depths and
trained independently of each other should behave similarly. The limiting behaviour
of trained weights of residual networks with a smooth activation function was first

observed in [36], where the limit is explicitly derived and proved.

-0.05

-0.15

Layer k/L

Figure 4.5: Scatter plot of the rescaled weights L'/ QA,(CL(L 18) (T') for different values of L €

{47 : x € [3,6]} at the end of the training 7' = 500. Horizontal axis is the scaled layer index k/L.

4.5 Conclusion

We prove linear convergence of gradient descent to a global minimum of the training
loss for deep residual networks with constant layer width and smooth activation
function. We further show that if the trained weights, as a function of the layer index,
admits a scaling limit as the depth of the network tends to infinity, then it has finite
2—variation.

A natural question to investigate next is the generalization capability of the trained
weights obtained by gradient descent, which we characterize in this work. Indeed, it is
still an open question whether the weights obtained by gradient descent admit the
tightest generalization gap among all the other global minima. Also, our work can be
generalized to study other residual architectures (for example with ReLU activation)

by looking at alternative norms along the gradient descent path.
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Chapter 5

Mean-field limit and global
convergence of gradient descent for
path-homogeneous models

5.1 Introduction

Many tasks in machine learning, including random feature selection [112, 130, 134],
matrix factorization [8, 66|, ensemble averaging [121, 137] and training a two layer
neural network [31, 114, 133, 141] can be formulated as a minimization of a smooth

convex functional of a positive measure

in, FGo =2 ([ @@au0) + [ Voo (5.1)

where ®: © — H is a smooth function from the set of parameters © C R? to a
separable Hilbert space 3, L: H{ — R, is a smooth and convex loss functional,
V:© — R is the optional regularization term and M, (©) is the set of positive
measures over the parameter set.

We observe straight away that the optimization problem (5.1) is convex as long as the
loss functional L is convex. However, the optimization is defined over a set of measures,
an infinite dimensional space, making the conventional convex optimization approach
not applicable. Nevertheless, an interesting behavior emerges as one parametrizes
the measure p as a sum of finitely many particles — an atomic measure — and defines
a gradient field that sets the dynamics of the particles called the particle gradient
flow. It can be shown that in the many-particle limit, the particle gradient flow of the
objective functional F' provably converges to a global minimizer of (5.1).

The interplay between the many-particle limit and its asymptotic regime is a widely

studied principle in deep learning theory to explain the success of SGD in terms of
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convergence [31, 114, 141, 133], regularization properties [32] and also the convergence
of SGD in the case of continuous limit of residual networks [105].

Many papers in the literature make use of the 2-homogeneity property which restricts
the analysis to the case of a neural network with a single hidden layer. We show that
several of the results for single hidden layer networks also apply in the case of a wider
set of functions ® which we call path-homogeneous. They are defined by the existence
of a vector a € R? whose entries are greater or equal to one and a real number k

greater or equal to the biggest entry in a such that the following holds

(A ®0) = \N'DB(0), VOO ,¥A>0,

where ® is the element-wise Hadamard product and A* denotes a vector whose "

entry is A%,

The above notion of path-homogeneity mathematically captures the importance of
parameter scaling in neural networks depending on the depth. The same scaling
property plays a vital role in several of the successful optimization heuristics such as
batch normalization [79] or Path-SGD [117].

5.1.1 Outlook and contributions

e In Section 5.2, we formally introduce the notion of path-homogeneity and show

that multi-layer ReLLU networks fall into this category of functions.

e In Section 5.3, we prove a global convergence result of the many-particle limit
for path-homogeneous models. We show that similar techniques can be used to
prove a global convergence result for continuous-depth residual networks studied
in [105].

e In Section 5.4, we introduce a stability-based approach to compute an a prior:
upper bound on the generalization error for the Wasserstein gradient flow for

2-homogeneous models.

e In Section 5.5, we perform numerical experiments on multi-layer ReLLU networks
showing that the asymptotic regime occurs at a small number of particles
that increases with the depth of the network. We observe that increasing the
number of particles for a deep convolutional neural network applied to CIFAR-10
classification empirically improves the test accuracy even if the training loss

remains the same.
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5.1.2 Related work

Mean-field limit of two-layer neural networks. A number of works use (5.1)
and choose p to be an atomic measure with m particles to model a two-layer neural
network with m hidden states. Using this framework [114] and [141] proved that the
dynamics of the gradient descent training of a two-layer neural network converges to
a well-defined PDE as m tends to infinity. Furthermore, the work of [133] proves the
long-term convergence of gradient descent to the true model in the large data limit at

a rate m~!

as m — oo. Finally, [31] showed convergence to a global minimizer in the
small data regime using 2-homogeneity of the network and a uniform initialization.

Our work extends the results of [31] to the case where each particle represents practical
architectures of neural networks that have arbitrary depth, that can include biases,

batch normalization and pooling layers.

Ensemble averaging. FEnsemble averaging is a simple technique to improve the test
accuracy of a model that is often used, for example in the winning solutions of data
science competitions. The idea is that by combining outputs of multiple models, it is
possible to reduce the variance of the prediction by averaging out inaccuracies, thereby
improving generalization. Solving (5.1) with p restricted to an atomic measure with
m particles can be interpreted as ensemble averaging over m models defined by .
Note however, that applying the particle gradient flow on an atomic measure does not
correspond to training each of the models independently as is usually done in ensemble
training. It takes into account correlation between each of the models’ predictions
and is close in spirit to the idea of negative correlation learning of ensembles [102].

Our experiments show that the particle gradient flow is a suitable method for training
average ensembles of deep neural networks. We empirically observe that as we increase
the number of particles, the average ensemble continues to decrease the test

loss even if its loss on the train dataset plateaus.

Residual network as an ensemble of shallow models. Adding skip connections
between layers in neural networks introduced models that are of several orders of
magnitude deeper than was previously feasible. By allowing the inputs to bypass
layers, residual networks challenged the conventional way of thinking about learning
models as a strict pipeline sequence. It is widely believed that the effective depth of
residual networks is much lower than the number of residual layers and it has been

observed that residual networks behave like an ensemble of shallow networks [150].
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The work of [105] introduces the continuum limit of residual networks modeled by
a differential equation and proves a global convergence of gradient descent as the
number of particles goes to infinity. However, the proof only accommodates for residual
blocks with a single layer which does not correspond to practice. Using the notion of
path-homogeneity we are able to extend this result to allow for multi-layer residual

blocks with biases and batch-normalization.

Optimization with scale invariant parameters. Training a deep neural network
is a challenging optimization problem and various heuristics emerged to speed it up.
For example, batch normalization (BN) is a widely used approach that rescales weights
between layers [79]. In a similar vein, the work of [117] introduces Path-SGD, an
optimization method that preserves the scaling property of ReLU networks while
keeping the input-output map unchanged, leading to better empirical performance
compared to SGD or AdaGrad. Our notion of path-homogeneity mathematically
factors the scaling invariance property of neural networks into the convergence analysis

of Wasserstein gradient flows.

Generalization for overparametrized two-layer neural networks. When
the number of parameters far exceeds the number of samples, the standard
Vapnik-Chervonenkis bounds become vacuous. In this regime, norm-based have been
introduced to study the generalization properties of 2-layer neural networks through
the lens of Rademacher complexity, for example [17, 156]. However, empirical studies
[85] show little correlation between norms/margins and generalization. Uniform
stability of the optimization procedure has also been introduced [24, 69|, at the
expense of ignoring the precise network architecture. This can lead to vacuous bounds
under input or label noise [162|. More precise results [9, Theorem 5.1 proved that the
excess generalization error is given by a function of Gram matrix H* from a kernel
associated with the ReLU activation. Also, [29] prove that if the dataset is generated
by a known measure fiqe, then the generalization bound is given by the x? distance
between ji,qe and the initialization py. However, the latter two bounds rely on strong
assumptions on the optimization procedure, namely that the weights stay in the lazy

regime, that is, close to initialization.
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5.1.3 Notation

We denote M (O) to be the set of measures over the parameter set © (or M, for
the set of non-negative measures). For a vector z € R?, define diag(z) € R with
diag(z);; = x; and diag(x);; = 0 for i # j. We denote the Mahalanobis distance for a
positive semi-definite matrix A € R™? as ||z, := V2T Az. The space of continuous
functions from X to Y is denoted as C'(X,Y) and Po(O) is the space of probability

distributions over © with finite second moment and W), is the p-Wasserstein distance.

5.2 Path-homogeneity

5.2.1 Definitions

Definition 5.1 (Path-homogeneous function). Let U be a real vector space and
f:R?*— U. We say that f is path-homogeneous if there exists o € Rél and k € R

such that k > max; o; and
fO*0x)=Nf(x), Vo € RTVYA > 0.

To specify which o and k fulfill the above definition, we say that f s

(v, k)—homogeneous.

5.2.2 Path-homogeneous function

Let f be a (a, k)—homogeneous function. Define for a fixed z € R?\ {0} the path
Pei A€ Ryg = A ®x € RL We then have f (p,(\)) = f(A* ®z) = M f(z). Let
A = diag(«). Define now the ellipse

E={zeR: |z||, =1}. (5.2)

The projection me: R\ {0} — & along the curves (p,).ee is well-defined in the sense
that for any z € R\ {0}, there is a unique £ € € such that z € pg (R~g). The reason
behind choosing the ellipse € as a reference set is motivated by the fact that the
tangent vector field of the paths p. with £ € € at A =1 is perpendicular to €. Thus,
we can decompose nicely the gradient of an (a, k) —homogeneous function using its
normal and tangential component, see Remark C.5 in Supplemental material.

Define finally the projection operator h: M (R?) — M (&) such that for p € M (R?),

for every continuous and bounded function ¢): &€ — R,
[o©an© = [ Ao (rele) duta). (5.9
€ R\ {0}
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Remark 5.2. Note that h preserves (o, k)—homogeneous functions, i.e. if f: R? — R
is (o, k)— homogeneous, then [, fdh(p) = [p. fdp. It means that h properly scales

down the measure on € for (o, k)—homogeneous functions.

Definition (5.1) is motivated by the fact that multi-layer neural networks with ReLLU

activations are path-homogeneous, as first noticed in [118].

5.2.3 Multi-layer ReLU networks

Let ®(A) € L* (X,Y) be a neural network from the input space X to the output space
Y with parameters § € ©, K € N layers and widths of the hidden layers (dy, ..., dk),
where dj is the input dimension and dx is the output dimension of the network. The
neural network is of the form ®(0)(z) = hg, o --- 0 hy, (x), where § = (0y,...,0k),
and 0, = (W, bg) are the parameters of the k' layer, hy, (2) = o(Wyz + by) is the
single layer mapping and o = max(-,0) is the ReLU activation function that applies
element-wise.

We can readily see that ® is path-homogeneous. Indeed, for i = 1,...,d, if we let
a; = 1 when 6; corresponds to an entry of any matrix Wy, and a; = k when 6;
corresponds to an entry of the bias by, then we have ®(A\* ® ) = AX®(f). As a result
a K-layer neural network @ is (o, K')-homogeneous.

Now, the problem statement (5.1) indicates that the model of interest is not ®(6)
where the variable to optimize is § € O, but [, ®(0)du(f) where the variable to
optimize is g € M, (0). That means, if we take for example i, =m™3 7" dy,, then

B () = / B(0) i (0) =~ > B(0).

When & is a fully-connected multi-layer neural network of depth K with hidden layer

widths (do, ..., dk), P(pm) is a multi-layer neural network of depth K + 2 with hidden
layer widths (do, mdy, ..., mdg, dx) with the following properties.

(i) The first layer is deterministic and non-trainable: it is duplicating the input

x € R% into m copies.

(ii) The neuron n; at layer k is connected to neuron ns at layer k + 1 if and only if
[n1/dy] = [n2/dys1].

(iii) The last layer is deterministic and non-trainable: it is averaging over the outputs
®(6;)(z) € R for i =1,...,m.
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The network structure of ®(u,,) is drawn in Figure 5.1. We see that the neural
connections are local, and are not scaling with m. These types of networks fall under
the umbrella of locally-connected neural networks in the literature. Convolutional
neural networks are an example of such networks, with the additional constraint that

weights are shared across channels.

Remark 5.3. Observe that o is not differentiable at 0, so ® is not differentiable
everywhere, invalidating Assumption 5.6. However, this is only a technical issue which
can be circumvented by using the differentiable parametrization as was done in [31,
Section 4.2] consisting of duplicating the network at each layer with its opposite sign

thus ensuring differentiability around 0.

Pooling and Batch Normalization Neural networks with pooling layers and
batch normalization layers are also path-homogeneous. Indeed, a max-pooling or
average-pooling layer, does not alter the (o, k) —homogeneity of the network. On the
other hand, a batch normalization [79] layer preserves the path-homogeneity of the
network, but does affect the values of a and k. If ®(0)(z) is a («, k)—homogeneous
network and the input samples are (z;)2_,, then applying batch normalization (BN)
to ® yields

®(6)(x) — mean ((0) (1)),
sd (2(6) (),

Thus 6 — BNg ., o ®(#)(x) becomes (o', k’)-homogeneous, where o = (a,1,1) and

BNg, 0 @(0)(z) =B+~ (5.4)

k' = 1 which results into a faster observed convergence of the many-particle limit.
This is in line with the empirical evidence showing that factoring in the scale of the
weights in a deep ReLLU network helps to overcome unbalanced initialization and

improves generalization [117, 118].

5.3 Global convergence of Wasserstein gradient flow
for path-homogeneous models

This section introduces the mathematical framework of particle and Wasserstein
gradient flows that underpins our theoretical results. It then establishes the main
convergence result of the Wasserstein gradient flow (5.8) to a global minimum of (5.1)

as t — oo in the case where the model ® and the regularizer V' are path-homogeneous.
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Figure 5.1: Neural network representation for the model z — y = ®(um ) (x) = [o ®(0)(2)dum ().
Here, z is the input, ®(0) is a neural network mapping with parameter 6, u,, = % o Gp, is an
atomic measure over the parameter space with 61,...,60,, € O, y; = ®(6;)(z) is the output of the
neural network ®(6;), and y = = 3" y; is the output of the model.
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5.3.1 Calculus on the space of measures

Let © C R? be the closure on an open convex set, and denote by P,(0) the space of
probability measures on © that have finite p-moment, for p > 1. Let p,v € P,(0O).
We call 7 € P,(© x O) a coupling of 1 and v if for any Borel B C ©, we have
(B x ©) = u(B) and 7(© x B) = v(B), i.e. the first marginal of 7 is u and the
second marginal is v. We denote by I'(u, v) the set of all couplings of u and v. We

define the Wasserstein distance between p and v as

W, v) = inf { (/@@ s — u2||pd7r(u1,u2))1/p 7 eT(u, y)} |

We denote the set of optimal couplings as I'p(p,v), i.e m, € I'y(p,v) if and only if
WE(p,v) = Joye llur — usa||” dmo(uy, ug). It turns out that we have a dual formulation
for the W, distance given by the Kantorovitch-Rubinstein theorem [151, Theorem
1.14).

W) =su{ [ pate—): o€ Pl ol <1}

where [|¢f|1;, = Sup, . % is the Lipschitz constant of ¢.

We say that a functional F': M, (0©) — R is continuously differentiable if there exists
a bounded continuous function F’: M, (0) x ©® — R such that for all u, v € M (0),

F(u) — F(v) = /0 dA/@F’((l C N W) (u(du) — v(dw)).  (5.5)

We call F’ the linear functional derivative of F. Note that (5.5) defines F’ up to a
constant shift, so we also impose the normalizing condition [ F”(x, u)dp(u) = 0 so
that at most one linear functional derivative can exist. It is also denoted 2—5 in the

literature. Further, we call V" (u, w) the intrinsic derivative of F.

5.3.2 Particle and Wasserstein gradient flow

If ® is a path-homogeneous function, the minimum over the set of positive measures

is equal to the minimum over the set of probability measures, min,cy, ) F(1) =

min,cpe) F' (1), see Lemma C.1 for a proof. Therefore it suffices to work in the space

of probability distributions.

We parametrize the measure p in (5.1) as a mixture of m particles ju,, = = > | by,
m

at positions u = {u;},_, € O™ referred to as an atomic measure. The objective can

1=
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be expressed as

Fo(u):=F (% Z(SUZ) =L (% Z <I>(ui)> + % Z V(w;). (5.6)

We now define the particle gradient flow for the atomic measure consisting of finitely

many particles based on the derivative of (5.6).

Definition 5.4 (Particle gradient flow). A particle gradient flow for the functional
F,. is an absolutely continuous path uw : RT — O™ such that u/(t) = —mVF,,(u(t))

for almost every t > 0.

We have an explicit formulation of the velocity of each particle: w}(t) = v; (u;(t)),
where v; is the velocity field at time ¢ defined as minus the intrinsic derivative of F'

evaluated at the empirical measure fi, ;:

d

v(w) 1= =V F (ping) (u) = — KdL ( /@ @dumt) ,ajcp(u)ﬂ —VV (). (5.7)

J=1

For a precise statement of a more general case where V' can be non-smooth, see [31,
Proposition 2.3|. Note that the explicit expression defining the velocity of each particle
in Equation (5.7) gives us an insight at how we can extend the particle gradient flow
to an arbitrary measure [31].

We now have the necessary tools to extend the definition of the classical gradient flow

from Definition 5.4 to the set of measures.

Definition 5.5 (Wasserstein gradient flow). A Wasserstein gradient flow for the
functional F' on [0,T) is an absolutely continuous path (pu)icpo,ry C P2(O) which is a
distributionally weak solution to the PDFE

Oppi + div(vgpy) = 0, where vy(u) = =V F' (1) (u). (5.8)

That means,

/0 /@ (aa—(’f(t,u) + vt(u)TVugo(t,u)> dpu(u)dt =0, Vo € C7((0,T) x ©).  (5.9)

One can show that under some mild regularity conditions, v; belongs to the tangent
vector space of p, if and only if the continuity equation 0 + div(vp) = 0 is satisfied,
see [5, Proposition 8.4.5]|.

To establish the existence of the Wasserstein gradient flow for the functional F' defined

in (5.1), we make the following assumptions.
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Assumption 5.6. Denote d = @‘8, V=V

s and

He = {/E:I;dp: pe :Pz(e)}.

(i) L: H — Ry is convex, differentiable and its Frechet derivative dL is bounded on

We have:

He, d,e ||AL[| o ¢ = suppes, AL(R)|l5 < 0o. Also, dL is Lipyy, ¢ —Lipschitz on
He and bounded on sublevel sets, i.e. sup {|[dL(h)||4 : L(h) < ¢} < oo for each
c > 0.

(i) ®: © — H is Frechet differentiable, and its Frechet derivative d® is bounded on
)Dgf” < 00, and D.® is Lipgg, ¢ —Lipschitz on E.

&, that is, ||d®||, ¢ = supece

(i) V is differentiable, and its gradient is bounded by |[VV|| ¢ on &, and is Lipgy, ¢ -
Lipschitz on €.

We prove now that under Assumption 5.6, there exists a Wasserstein gradient flow
(1¢)¢>0 for the functional F'. However, (11;):>o may not be unique. But the Wasserstein

gradient flow on & is unique: to see that, define for p € M (€) the functional

R =1 ( [2©uw(©) + [vieao, (5.10)

S

Observe that as ® and V are («, k)-homogeneous, we have F(u) = Fe(h(p)). That
means, optimizing F' is equivalent to optimizing Fe. Now, there exist a unique gradient
flow (pr)i>0 C O2(&) for the functional Fe.

Proposition 5.7. Under Assumption 5.6, assume that there exists ro > 0 such that
supp(po) C ro€. Then there exists a Wasserstein gradient flow (j1:)i>0 starting from
o for the functional F. Moreover, there exists a unique gradient flow (p;)i>o on Po(E)
such that Oyp; + div(vEp) = 0, where vE(€) = —DeFY(py).

Here, D¢ is the differential at point { on the manifold €. Uniqueness of the gradient

flow on P5(O) is not guaranteed, but uniqueness on Po(&) is.

Proof. For the existence of a Wasserstein gradient flow, observe that F'is a proper,
coercive, and differentiable functional, hence |5, Corollary 11.1.8] applies here.

For the uniqueness of the gradient flow for Fp¢, it suffices to show that Fg is A¢—
semiconvex along generalized geodesics, for some Ae € R. Uniqueness of the gradient

flow and an associated system of evolution variational inequalities follows from |5,
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Theorem 11.1.4].

Let 7 € P(E x €) a transport plan such that both marginals have finite second moments,

and denote the cost associated to it by

i) = ([ dsrparten)

for p > 1, where d¢(x,y) is the geodesic distance between z and y. Now, & is a
compact Riemannian manifold, so there exists a geodesic 7. = ~v.(z,y): [0,1] — &
such that vo(z,y) = x and 1 (x,y) = y. Let pl = (75)x7, and define g(s) = Fe(pl)
for s € [0,1]. Since dL, d® and VV are Lipschitz on €, g is differentiable with

i(6) = et = (ar [ oar) [ Doatigar) + [ D

Therefore, for 0 < s < ¢/ < 1, we can bound

19(s") — g(s)| < (I) + (IT) 4 (ITI) + (IV)),

(ar ([oarr). [ DG~ iar)
(11) = <dL < / <I>dps> , /8 (D, @-D,.0) (ys)d7>
(a

( / q)dps,) —dr ( /8 @dp;) , /8 2 D%,(D(%/)dr>

(V) = / D,V (5 — 4) dr| +

52

where

(1) =

/8 2 (D,,V =D, V) (5,)dr

We need bounds on the (differences of the) speed of geodesics with respect to the
geodesical distance d¢ between the endpoints. As € is diffeomorphic to the sphere

St the geodesics are (globally) the shortest paths between points, and the following
holds.

Fs(@. )l = de(w,y) and  |4v(z,y) = sl )l < de(z,9)*|s" = 5|
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Therefore, we can bound (I) — (IV).

() < 4Ll 140 15 = 5] [ deadrio.)
= ALl ] ¢ 31— s
(1) < 4Ll Livgn e [ Ie(e0) =06} il dr(o,)
< AL . Lipas, o C3() Is 5
| @) —et)ar

< Lipgp, ¢ |42l e CT(7) |8 — 5]
(IV) < IVVloe, e C3(1) 8" = 5| + Lipgy, £ C3(7) s — |

(HI) < Lide, e

40.c.c [ liwlar

As a consequence, using C'(y) < Cy(7y) by Cauchy-Schwarz, we get that ¢ is AeC3 ()~
Lipschitz, with

Ae = [[dL|| o ¢ 1dP]l o ¢ + [[AL]| o e LiPas, e + Libar, ¢ [[dP[ o e + IVV o e + Libgy,e-

Hence, by definition, F¢ is A¢—semiconvex along generalized geodesics.
O

Remark 5.8. Under Assumption 5.6, the particle gradient flow of m particles in
Definition 5.4 converges to a Wasserstein gradient flow as m — oo, see [31, Theorem

2.6.].

We can see from Definition 5.5 that a probability measure p € Po(0) is stationary
if and only if VF'(u)(u) = 0 for p—a.e. v € ©. But stationarity does not imply
optimality, even when L is convex. Instead, one has the following characterization,
taken from [121].

Lemma 5.9 (Optimality condition). The measure u* € M, (©) is a minimizer of F
if and only if F'(1*)(u) >0 for allu € © and F'(p*)(u) =0 for u € supp(p*).

Proof. Suppose first that p* € M, () is a minimizer of F(u) = L ([ ®dy) + [ Vdp.
Thus, for all p € M, (©) , we have that

[ a0y = L o ], = i P ) )

> 0.

By letting p = p* + 9, for a fixed u € ©, we deduce first that F’(u*)(u) > 0 for all
u € O. Next, by letting p be the zero measure, we obtain [ F'(u*)dp* = 0, so by
positivity of p*, F'(p*)(u) = 0 for u € supp(p*).
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To show the converse, first observe that the two conditions imply that [ F'(u*)d(p —

@) > 0. As L is convex, F' is convex and we have

F(n) ~ F(u') = S((1 = () + eF ()|,

> PO+ an] o= [ Pl - i) 20

So p* is a global minimizer. ]

5.3.3 Convergence to the global minimum

We make the following assumptions to prove the global convergence of the Wasserstein

gradient flow.

Assumption 5.10. ¢ and V are («, k)—homogeneous and the support of h(pg) is the
whole of €.

We stress that ® and V share the same « and k. The fact that supp(h(p)) = &
ensures that the measure allocates a non-zero mass everywhere in the ellipse at least
during a short period of time to ensure that the gradient flow does not miss any
important region of the parameter space. This assumption is also used by [34] to

prove global convergence.

Proposition 5.11 (Wasserstein gradient flow escapes local minima). Let Assumption
5.6 and Assumption 5.10 hold true and let p € M, (©) be a measure such that
{0 €©: F'(u)(0) <0} is not empty. Then there exists € > 0 and a subset of the
parameter set P C © such that if (ut)i>0 is the Wasserstein gradient flow of F
satisfying ||h(p) — k()| g < € for some ty > 0 and p,,(P) > 0, then there also
exists t1 > to such that ||h(p) — h(p)|| g > €

The proof of Proposition 5.11 can be found in Appendix C.2.2. We now establish that
for the projected Wasserstein gradient flow that converges weakly to the measure v,

F’ evaluated at v vanishes on its support.

Proposition 5.12 (F” vanishes for the limit of the projected Wasserstein gradient
flow). Let (ut)i>0 be a Wasserstein gradient flow of F' and let Assumption 5.6 and
Assumption 5.10 hold. If h(p;) converges weakly to v € M, (E), then F'(v) vanishes v

almost surely.
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Proof. As F'(u) is an (o, k) —homogeneous function, we know by Remark C.5 that the
velocity field (v¢);>0 = (=VF'(j11)) >, associated to the gradient flow (11)i>0 satisfies

kgu. ()
1 AE]l,

where A is a diagonal matrix with entries A;; = ;. Hence by Lemma C.6, v, converges

VEel: —u(f) = fie + (Vg (§)) + VV(§), (5.11)

uniformly to v, = =V F’'(v) on € as t — o0, so in particular

/8 F' () (€)dh(p)(€) / F()dn(e). (5.12)

We first use the conservation of energy for the Wasserstein gradient flow |5, Theorem
11.2.1.] to obtain

d

V20 SR = /IVF’M)( )P () (5.13)

We use Cauchy-Schwarz on the right-hand side of Equation (5.13) and Remark C.4 to
deduce that

d (S {V F' (1) (w), Auydgae(u))®
Tt T B ) 514
2 Ue P () ©dh(u)(€)” (5.15)
Joo 1 Aull3 dpae(u

)
We find a uniform upper bound on the denominator of (5.15) as follows.

[ 1Al ) < 2 [l gt < 25 ( / ||u||§duo<u>+F<uo>) 0y < o
(€] (S] e

The first inequality holds as max; a; < k and the second one by Lemma C.7 with
Y(u) = ||lul|; and C' = 4. We deduce that

2

ey ( / F’(m)(é)dhmt)(a)) | (5.16)

But F is lower bounded, so the right-hand side of Equation (5.16) must vanish as
t — oco. Thus, by Equation (5.12), we get that F'(v) vanishes v almost surely. O

By Lemma 5.9, it remains to show that F’(v) is non-negative everywhere. Note
that instead of the separation assumption on the initialization g introduced in [31,
Theorem 3.3|, we enforce the full support of h(ug) on &, introduced in |34, Theorem
2.2]. Tt is a slightly stronger assumption, but the proof simplifies considerably. Note,
that this is only a technical issue and our results would hold also under a more general
assumption of separability of ellipses similar to the assumption made for [31, Theorem

3.3], but we omit the proof here for simplicity.
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Proposition 5.13 (F” is non-negative everywhere). Assume that h(jg) has full support
in € and that h(p;) converges weakly to v € M, (E). Then F'(v)(§) > 0 for all € € €.

Proof. For the sake of contradiction, assume that F’(r) is not non-negative ev-
erywhere. Let ¢ > 0 and P = 7;'(K) C © given by Proposition 5.11, and let
to =sup{t > 0: ||h(p:) — v| 5, > €}, which is finite because h(p;) converges weakly
to v. But h(u,) has full support as X3, : © — © defined in Equation (C.15) is a dif-
feomorphism and iy, = (X, )4p0- S0 h(p,)(K) > 0, thus g, (P) > 0 and Proposition
5.11 applies, leading to a contradiction. O

Theorem 5.14. Under Assumptions 5.6 and 5.10, if h(p,) converges weakly, then
its limit is a global minimizer of F' over My (©). In particular, if (Wp(-)),en @5
a sequence of particle gradient flows initialized in the support of o such that jim, o
converges weakly to i, then

m F (fy) = min F ()

m,t—+00 HEM(O)

and the left-hand side limits can be exchanged.

Proof. We now show that Theorem 5.14 is a consequence of the above results. Indeed,
assume that v € M, (€) is the weak limit of h(u); as t — oco. Proposition 5.12
ensures that F’(v) vanishes on its support, and Proposition 5.13 ensures that F’(v) is
non-negative everywhere. Thus, by Lemma 5.9, v is a global minimizer of F. The
fact that we can permute the limits m — oo and t — oo can be proven similarly to
[31, Theorem 3.3]. O

Remark 5.15. We stress that the result here is a qualitative one. A step towards
obtaining quantitative convergence rate without injecting exogenous noise like in [77,
114] would be to study the dynamics of the projected gradient flows like in [34, Theorem

3.8]. We leave precise statements for future work.

5.3.4 Global convergence for continuous-depth residual net-
works

In this section, we show that path-homogeneity can be used in the context of the mean-
field limit of continuous-depth residual networks studied in [105]. Let X =Y C R%
be the input and the output space, D C X x Y an input-output distribution and
0:YxY — R, aloss function. Let © C R? be a set of parameters, and o: © x X — X
the hidden state mapping that takes the parameter of a single layer, together with its
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hidden state, and outputs the hidden state at the next layer. As we will work with
the continuous-depth limit, we extend the parameter space to © x [0, 1]. The second
parameter ¢t € [0, 1] indicates at which (infinitesimal) layer the first parameter § € ©
is acting on. Similarly to the relaxation in (5.1), we consider p € M, (0 x [0, 1]). The
output of the continuous-depth residual network is then given by the solution at depth
t =1 of the ODE

Z'“(x,t):/@a(zu(x,t),e)dﬂw,t), Z,(2,0) = .

The loss functional is given by E(u) = Ex y)wp [((Z,(X,1),Y)]. Note that unlike
[105], we omit the projection of the input and the output to a hidden space, as it
does not influence the theoretical results. We extend [105, Theorem 3.9] about the
convergence to a global minimum to include biases and batch normalization in the

residual blocks using path-homogeneity, which is closer to what is done in practice.

Theorem 5.16 (Continuous-depth residual networks with path-homogeneous blocks).
Let 0 : © x X — X be the residual block which is (c, k)-homogeneous with respect
to the parameters and (us)s>o be the solution of the Wasserstein gradient flow of the

mean-field model for continuous-depth residual networks:

a(&,t)/v‘ . oL
83 = le(G,t) - V(gﬂg)@ . (517)

Consider a stationary solution to the gradient flow i, which concentrates in one of
the nested sets from Assumption 5.6 (iii) and separates the ellipses A€ x [0, 1] and
M€ X [0, 1] where € is defined as in (5.2). Then o is a global minimum and satisfies

F(poo) = 0.

Proof. This proof follows the same line of arguments as the proof in [105, Theorem
3.9.] with differences in equations (5.19), (5.20) and (5.21).
By [121] and p being a steady state, the following must hold

oF

Ve 841 =y

=0, (5.18)

lhoo-almost everywhere.

By the homogeneity property and the separation property of the support of ji,, we
prove that V(gvt)‘;—ﬂ u=ne = 0 almost everywhere, so also outside of the support of .
Indeed, by the separation of ellipses assumption, for any (6,t) € R4*% x [0, 1], there
exists A > 0 such that (A* ® 0,t) € supp(p). By the (a, k)—homogeneity of o, we
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have that

‘fs—f (X ©0,1) = E [0 (Z,(,1), A © 0)] pu(x, ) (5.19)
= NE [0 (Z,(x,t),0)] pul,t) (5.20)

oF
= Ak@ (0,1), (5.21)

where p,(z,t) is the adjoint process as defined in [105]. As a consequence we have
that V(g,t)‘f;—i()\a ©0) = Akv(gyt)g—f(e, t).

We therefore deduce that since V(W)f;—ﬂ#:um =0, lioo—a.e., we have V(G,t)g_ﬂu:uoo =0
almost everywhere. Therefore the differential is constant: %| p=pioe = C-

By [105, Theorem 3.2.], if F'(us) > 0, there exists a distribution v € P (© x [0, 1])
such that

= 1/> > 0. (5.22)
:HOO

This is however in contradiction with

<‘;_]; - y> —c (/@,u(@,t) dgdt —/@V(G,t) d&dt) —0, (5.23)

due to the probability measures integrating to one. Thus the stationary solution must

satisfy F'(ue) = 0 implying that it is a global optimum. H

5.4 Generalization properties in the 2-homogeneous
case

We now reformulate the minimization problem in Equation (5.1) as a supervised
learning problem on M, (©), and we study the generalization properties of the solution
found by the Wasserstein gradient flow. We first define the framework in which we

operate.

5.4.1 Assumptions and definitions

Let X be the input space, Y the output space, and assume that the support of the
data distribution D is bounded in X x Y. A model is a function ¢ that takes an
input z € X and a parameter § € O, and gives the output ¢(6,z) € Y. The goal
of a supervised learning problem is to find a (parametric) function that explain the
output the best given the input, as measured by a loss function ¢: Y xY — R,. In our

measure-theoretic framework, the input-output function is parametrized by a measure
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w1 € M (O) over the parameter space: for an input = € X, the prediction is given by
fe (0, x)du(f) € Y. The objective function to minimize is thus

Rl = B ¢ [ 00,0000, 7)] (5.24)

over 1 € M4 (0©). We call R(u) the population risk of a measure p. However,
minimizing R is intractable, as we usually only have access to i.i.d. samples §, =
{(zs,v:)};—,, where (x;,y;) ~ D. Therefore, we can only evaluate the empirical risk of

a measure 4 on the dataset §,,, as defined by

Rep(11.8. Zﬁ(/Mudu ").

Optimizing Remp(/t, 8;,) directly is risky, as we might overfit to the sample set §,,, and
the fitted model might perform poorly on the full distribution D. To circumvent this,
we add a regularization term V: © — R, with regularization coefficient p,, > 0. Our

objective function can thus be written as
min  F,(11,8,) = Remp (1, 8n) + pn/ V(0)du(0) (5.25)
HEM4(O) €]

Note that the regularization coefficient p,, depends on the sample size. This is because
all other things being equal, the more samples we have, the closer our empirical data
distribution is to D, so the less we need to regularize.

We can rewrite (5.25) in the framework of (5.1): let ®: © — C(X,Y) defined by
®(0)(x) == ¢(0,2), and L: C(X,Y) — Ry defined by L(f) == = 3" | £(f(x:),1:). We
thus have

Runn(1:8,) = L ( [ 20)au0)).

A important task in supervised learning is to understand how far away R(u) is to

Remp (i, 85,), for a given p. One way to quantify this is to find an upper bound to

Ps .o, (R(u) — Ry (11, 82) > e), (5.26)

where D,, is the uniform distribution over i.i.d. datasets of size n sampled from D,
and € > 0. We assume 2-homogeneity of the model and its regularizer, and Lipschitz

continuity on the d-dimensional sphere & = S?!, which is usually satisfied in practice.

Assumption 5.17. Denote (E = ¢’sd—1xx and V = V’sd—l' Under the setup described

above, we have for each v € X:

(i) ¢(-,x) and V are 2-homogeneous,
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(i) &(-,x) is Frechet differentiable, and the deriwvative D.d(-,x) is uniformly

bounded by ||D@||ga-1 o, < 00, and is Lippy ga-1 o —Lipschitz continuous,

(iii) €:Y xY — Ry is convex in its first variable, with ((y,y) =0, Vy € Y, ||| o2 =
1020/0y?||.. < oo, and there exists Cy > 0 such that |00y ||* < C? ¢,

(iv) V is differentiable, and the derivative D.V is uniformly bounded by |IDV|| ga-1,

and is Lippy, ga-1 —Lipschitz continuous.

Assumption (i) is satisfied for the quadratic loss £(y1, y2) = ||ly1 — 1| for Cp = 2.

5.4.2 Preliminary analysis

In the following, we study the generalization gap (5.26) where u is an approximation
of the stationary measure of the Wasserstein gradient flow (p):>0. More specifically,
for a training time T > 0, let Al ;: supp(D)" — P5(O) denote the algorithm that
takes a training set 8,, = {(z;,v:)},—, ~ D, (and an initialization po € P2(0)), and
vei(8n) = pr. Recall that (u)e0 is a Wasserstein gradient
flow defined in (5.8) for the objective functional F),(u,8,) defined in (5.25).

Our approach to bound (5.26) relates to the stability approach of generalization
introduced in [24], see also [88, 52|. For a dataset 8,, € supp(D)” and i € {1,...,n},

we denote the removal of sample (z;,y;) from §,, by

8\ = {(wy,yy): ' # i} (5.27)

Definition 5.18 ([24], Definition 6). An algorithm A has uniform stability [ with
respect to the loss function € if for each 8, € supp(D)", i € {1,...,n}, and (x,y) €

outputs the measure A

supp(D), we have

P(AM&WM$M®A)ﬂ(édﬁwmﬁm@wﬂsé.

n

Uniform stability guarantees tight exponenential generalization bounds using concen-

tration inequalities [24, 41].

Proposition 5.19 ([24], Theorem 12). Let A be an algorithm with uniform stability
B with respect to £, which satisfies

l (/@ (0, x)dA(S)(0), y) €[0,B], VS Csupp(D), V(z,y) € supp(D). (5.28)

Then, for § € (0,1), with probability 1 — § over the choice of the dataset 8,,, we have

RA(S)) < RannlA82),5) + 2 + (45 + B)y 512,
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T
wegf>

study the dynamics of h(p;). We prove that t — h(u;) solves an advection-reaction

To prove uniform stability of the Wasserstein gradient flow algorithm A; ., we first
equation [57]. A similar version of the result below was first established in |34,

Proposition 2.1]; we provide a more detailed proof.

Lemma 5.20. Let F' defined in (5.1) and Fga-1 defined in (5.10), where ® and V
are 2-homogeneous. Let (ji1)i>0 C P2(O) be a gradient flow for the functional F,
and define My = [ ||ul” duo(u) < co. Then p, = My h(p) € Po(S41) solves the
following (distributional) PDE.

upe + div(vy' pe) = 2Fas (Mopr) pr, (5.29)

where v?(§) = —D¢Fgu s (Mopy). Furthermore, v? is a tangent vector field of p; with

respect to the Wasserstein metric.

The proof of Lemma 5.20 can be found in Appendix C.3.1. In physical terms, we
have the standard advection term div(vZp;) that is moving the particles along the
vector field v} in the same fashion as (5.8). We also have a reaction term 2F%, , (Mop;)
that is removing mass in suboptimal regions of the space where Fg,_, is negative, see
Lemma 5.9.

Furthermore, we have a version of Gronwall inequality for the Wasserstein distance

between two absolutely continuous curves and their tangent vector fields.

Lemma 5.21. Let M be a complete Riemannian manifold, and let m’: [0,00) —
Po(M), 7 = 1,2, be absolutely continuous curves in the space of probability measures
over M. Let vf be a tangent vector field of m{ with respect to the Wasserstein metric
on M. Then, for L'-a.e. t >0,

%W; (mt17m?) < 2/]\/[2 (<’7P17P2(1)7 UtQ(p2)> - <'7P17P2(0)7 Utl(pl)>)d7_t(p17p2) (530>

for 7, € To(my,m?) and v, p,: [0,1] = M a geodesic joining p1 and py. Moreover, if
the geodesics satisfy sup;cio 1) ||9p1,po (0| < dar(p1, p2)?, vf is Lip; -Lipschitz, and o7,

resp. vy — v2, is uniformly bounded by ||vZ|| ., resp. ||vZ — v}, then

”ooi ||oo7

d
S0z (mbm?) <2 (| + Lind) W (ol ) +2 o — ot Wo (b m?).

The proof of Lemma 5.21 can be found in Appendix C.3.2.

123



5.4.3 Generalization bound: main result

Define, for a function f: S9! — R,
[fllc2 = sup [Defll, + Lippy, (5.31)
Eesdfl

where Lipp, is the Lipschitz constant of the derivative D.f. We now prove uniform

stability of the Wasserstein gradient flow.

Proposition 5.22. Under Assumption 5.17, ATgf has uniform stability Br, where
T T
By = exp ( / C’l(t)dt) Co(T) / Co(t)dt (5.32)
0 0

C1(t) = CrRemp(h(11e), 8:2) Y2 18]l 2 + o [V |2 + 1€l DS 2
Co(t) == Co|IDYllgar oo sup € (G, 10, y)"".

(z,y)€supp(D)

and

(5.33)

Proof. Fix a sample set 8, = {(z;,y;): 1 =1,...,n} and let u: Ry — Py(O) be the
Wasserstein gradient flow for the functional F,,(-,8,,), defined in (5.25). That means,
Aggf (8,) = pr. For i = 1,...,n, the objective functional when removing the "
sample (a:z-, y;) from the sample set §,, is denoted by p — F),(u, 8}12) = Remp (11, SX) +
Pn Jo V(0)du(6). Let u\i be the Wasserstein gradient flow for the functional F,( -, SX),
so that Aggf(S\Z) ,uT Denote as well 7(z, 1) = [g o(-, x)dp = [gur &(-,x)dh(p)
the output of the mean-field map for the input x € X and measure u € M, (O).

Step 1: We first derive an explicit formula for the tangent vector field vy of h(py). Re-
call that the loss functional Lg, : L*(X,Y) — Ris defined by L(f) = £ 3" 0(f(x), u:).

From Lemma 5.20, we have for £ € S4°1:
v (€) = —DeFy (h(pu), 8,)(€)

——Qm%( @MM) >—%QV@
Sd 1
= — Z (9y1 < Y\, ,Ut ) 57 xz an§V(£) (534)

Similarly, the tangent vector field vf’ \Eof h(u}i) is given by
i 1 _ i
) = =302 (5w 1), y) De b€, i) = puDeV (€). (5.3)
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Step 2: We now verify the conditions of the second part of Lemma 5.21. First,
geodesics 7, on S with initial position and speed (p,v) satisfy %,, = — HUH2 Yo,
80 [ Vprpe ()|l = dar(p1, p2)?, for each t € [0,1]. Next, Assumption 5.17 together with

(5.34) ensures that v is Lipy-Lipschitz continuous, with

ol . .
Lip; = o (7 (i, 11t), Yi)|| LiPpg, sd-1, 00 + PnliPpy, ga-1
< OgRemp(h(ut), 8,)"/*Lippy, ga-1. 00 + PuLiPpy, gai. (5.36)

We also note from (5.35) that v}’ V" is uniformly bounded by

‘ ZHayl xz7#’t

< CoRamp (1), 820" 1Dl g1 + pu IDV 5001 (5.37)

|D¢||Sd 1 +pn ||DV||Sd 1

Furthermore, for £ € S9!, we estimate the difference

0 @ (@i, ), i)

n
1 ol \i ol
+ ﬁ ,Z# Ha_yl <y(l‘i’7 oy )7 yz’) ay ( (I’L aMt ‘ ||D¢||Sd 1o
1
< = Cot( s ), )" D0llgu s o+ - S Nl [ 2 = )| DGl

’751
Therefore, by the dual formulation of the 1-Wasserstein distance, we deduce

1

. S ﬁCg E(g(x'L?Mt)? yz) |D¢“Sd*1,00

el ID0 31, oo Wi (B ("), hl)) (5.38)

S S\

Uy — U 2 |

Step 3: We combine (5.36), (5.37), and (5.38) together with Lemma 5.21 to get

thQ (h( 0, h(ulz)) < 20, (HW, (h(ut) h(uY))Jr%CQ(t)Wz (h( t); h(uil)),

where C] and C, are defined in (5.33). We can thus apply Lemma D.5, a variant of

Gronwall lemma, to deduce the following bound on the Wasserstein distance between

pr and ;L¥.
W (hyur). b)) < %exp ( /0 ' Cl(t)dt) /O e (5.39)
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Step 5: Finally, we get that for each (z,y) € supp(D),

e(ter).0) = (3o )0)| < | o), H [ )]
< Cot(@(e pr)9) " D0 gur e Wi (M), h(1Y))
< Co(T)Wa (h(ur). h(p¥) ).

The result follows by definition. [

We can now apply Proposition 5.19 to compute an exponential generalization bound

for the Wasserstein gradient flow alogrithm.

Theorem 5.23. Let § € (0,1). Under Assumption 5.17, with probability 1 — 6 over
the choice of the dataset S, we have

R (AL5(80)) < Remp (Abgs(Sn), 8n) + % + (467 + B)

log1/6

= (5.40)

where Br is defined in (5.32) and

2
B =2[{][¢2 (||¢|!?qdl,oo (/ HUHQdMo(U)> + sup \|y|!2> :
S} y~Dy

Proof. In order to apply Proposition 5.19, we need to compute the uniform bound B

on the loss function. We first have
ol
(09 < .y + 5 - D W —y)+ [l Y =yl

Assumption 5.17 (iii) states that £(y, y) = 0, as well as ||0¢/y1(y, y)|| < Cel(y, y)'/? =
0. Therefore, £(y",) < |l |/ — y]. Now.

o oAl s) = [ ol a)ah A5,

< éllgos / el dpo ()

The last step holds by Lemma 5.20. We conclude that

2
</ gb dﬂz;gf ) > < 2”6”02 <||¢||?gd1700 (/ “uHQdMO(U)> + sup ||y||2>
) y~Dy

O
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Figure 5.2: Final training loss against the number of particles m, with mg = 6. The light blue
points are 10 individual runs, the solid blue line is their median and the red curve is only optimizing
the last layer. Left: dg = 64, K = 2. Middle: dy =8, d,, =8, K = 3. Right: dy =4, d), =4, K = 4.

We observe from (5.32) that S depends exponentially on the horizon (or number of
iterations) 7. This is in contrast with convex losses, that show a linear dependence
on the number of iterations for gradient descent [69].

Now, in a sparse optimization setting, we have linear convergence of gradient flow [34]:
T does not depend on n or d, which means that our bound (5.40) does not suffer from
the curse of dimensionality, despite having weak assumptions on the data distribution.
However, this bound is not practical as approximating the Wasserstein gradient flow
with m particles induces an error that scales like m!/?. The results are in line with
[12]: when no assumption on the data manifold is made, the generalization bound

scales like n'/?.

5.5 Numerical experiments

In this section, we empirically study the previous abstract theory on specific examples
by simulating the particle gradient flow using discrete SGD steps with gradients for
each model computed with respect to the average prediction. We show on synthetic
experiments that the particle gradient flow converges to an optimal set of parameters.
The experiments on CIFAR-10 classification demonstrate favourable generalization

properties.
5.5.1 Particle complexity for convergence of multi-layer ReLU
networks

We numerically investigate the particle complexity required for the convergence of
the particle gradient flow to a global minimum. To do so, we generate synthetic

data and a true neural network that achieves zero loss on the data as follows. We
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Figure 5.3: Particle gradient flow on AlexNetSmall and VGG11 tested on CIFAR-10. Left:
AlexNetSmall on CIFAR-10. Right: VGG11 (11 layers)

generate the input data from the uniform distribution = € [—1, l]do, the parameters
(gj)?";“l are fixed weights and biases of a K-layer neural network, and the output labels
Yy = m%) ;n:ol gb(gj, x), where my is the true number of particles. We simulate the
gradient flow using a mixture of m particles with the mean squared loss ¢ using 10, 000
gradient updates with early stopping if the loss has not improved in the last 1,000
updates or if the loss dropped below 107%. We compare the particle gradient flow with

randomly initializing m particles (6,;)7

j=1
so that the input-output map = — Z;"Zl w;P(0;, x) is linear in w.

and only optimizing the last layer containing

m
=0

We see in Figure 5.2 that the effect of depth is two-fold. First, as the depth increases

the individual networks ¢ become more expressive and the gradient flow converges to

the weights (w;)

a lower loss even with less than m particles. On the other hand, the networks become
harder to train to global convergence, requiring more particles or longer training to

achieve the target loss of 1075,

5.5.2 Convergence of the particle gradient flow of deep convo-
lutional networks

We empirically explore the convergence of particle gradient flow on ensembles of two
different architectures, VGG11 [140] (11 layers) and a smaller modification of an
AlexNet [92] that we call AlexNetSmall (6 layers) on CIFAR-10.

Figure 5.3 shows the final loss of models after 250 epochs of training on CIFAR-10.
We see that the training loss of both models is improved with increasing the number
of particles until it converges to a maximum at m = 8 for AlexNetSmall and m =4

for VGG11, beyond which the training capabilities do not improve.
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Surprisingly, we do not observe overfitting behaviour after increasing the number
of particles beyond m. For AlexNetSmall the test loss stays roughly constant for
m > 5. For VGG11, we observe an improvement in test loss even in a regime where
the training loss has saturated. We believe that this suggests favorable generalization

properties of average ensembles trained with particle gradient flow.
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Appendix A

Hyperparameters

We provide in Table A.1 the training hyperparameters used in our numerical exper-
iments. In Table A.2, we give a short description of each hyperparameter. For the
convolutional architecture, we also use a momentum of 0.9, a weight decay of 0.0005

and a cosine annealing learning rate scheduler [103].

Table A.1: Training hyperparameters.

Dataset Layers N B N | Lmin | Lmax Tax | Nepochs €
Synthetic | Fully-connected | 1,024 | 32 | 0.01 3 10,321 160 5 0.01

MNIST | Fully-connected | 60,000 | 50 | 0.01 3 942 | 12,000 10 0.01
CIFAR-10 | Convolutional | 60,000 | 128 | 0.1 8 121 | 93,800 200 | None

Table A.2: Description of the values in Table A.1. Note that T, = {%] Nepochs-

Parameter | Description
N number of training samples
B minibatch size
n learning rate
Lin smallest network depth
Loox largest network depth

Nepochs

€

max number of SGD updates
max number of epochs

early stopping value
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Appendix B

Technical results of Chapter 4

B.1 Gradient of the loss function with respect to
parameters

Let 7,y € R? and o®) € REX4*4 We want to compute the gradient of £(y, 7(x, aP))
with respect to the network parameters {oc,(CL) ck=1,...,L}. Fix 1 <k < L and
1 <m,n < d. We first observe that

ov T o ontt
- 7 (L) — - - (L) L ~'
80[](52171 (yay(mva )) —Vyﬁ(y,y(x,a )) ahl(fl) aal(frzln

By induction, we obtain

MéL) =

L
= H (Id—i_(sL@h%Ud (OZEL)}éE)l))

=kt 1 -1
= li[l (Id + 0 diag (Vad (aﬁL)hg»f)l)) ozé»L)) . (B.1)
j=k+

We also have

ony” (L), (L) (L) d
W = 5LO'/ <<Olk hk—l) ) hk_l’nem € R°.

,mn

Denote é,(f% =0’ ((a,(fL)hECL,)J ) Regrouping everything, we get

o1 | A .
aa(L) - 6L hl(cli)l,n O‘]E}%TZL Vﬁg (y7 Y (Iv a(L))) M]E;L)errp (B2)
k.mn
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B.2 Boundedness of hidden states and Jacobians
This section contains two useful results for our analysis.

Lemma B.1. Let oY) € REX%d gnd ¢4 > 0 such that L > 5c4 and

a) — max ||a!P gcAL’l/Q.
Foo i rnll kg

Then, under Assumption 4.1 (i)-(ii), we have that for all x € R? and for every
k=1,... L

Jafly e < |

h?(L)HZ < HxHQel.ch and HM;:,(L)emuz < e,

Note that we did not try to optimize the constants in front of the bounds, and one

can easily sharpen them if needed.

Proof. We follow the same lines as [4]. Fix L > 5¢4. In the proof, we omit the explicit
dependence in L. First, note that we can write the logarithm of the norm of the

hidden state as follows:

Lo, Il
log |7 || = log ||| + 3 Zlog+2
= -l
I ¢ 20 lo (b0
=log ||z|| + 5 Zlog 1+ —L2<hj_1, a(ozjhj_l)> o2
j=1 thfln thle
We can bound Aj further:
A; <201 [lagll o + 03 a3
11
< 2Lt AL L ECAL_l. (B.3)

The first inequality holds by Cauchy-Schwartz and Assumption 4.1 (ii), the second by
hypothesis, and the third by Assumption 4.1 (). Thus, we conclude the proof of the
upper bound by noting that log(1 + z) < z for all z > —1.

For the lower bound, first observe that Cauchy-Schwartz yields

Aj Z _25L Haqu 2 —2CAL71.
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From (B.3), we also have |A;] < £ < 3, so we can use the fact that log(1+2) > z— 22
for all |z| < 3 to deduce that

k
1
log |l > log o]l +5 D (A, - A3)

j=1
121

> log ||z|| — ca — %CAL > log ||z|| — 2¢a,

which concludes the proof for the lower bound on the hidden states.

For the upper bound on the Jacobians, we apply Lemma D.1 repeatedly on M} to get

L
log || Myem|ly < log|lemll, + Z log || 14 + drdiag (Vog (ahj—1)) ajl|,
j=k+1

< Z or, ||diag (Voa (ajhj-1)) ojl, < Z or [leyll p < ca,
Jj=k+1 j=k+1

where we use [|-||, < ||| and Assumption 4.1 (i) in the third inequality. O

We deduce directly an upper bound on the loss function .J;, that does not depend on
L.

Corollary B.2. Under the same hypotheses as Lemma B.1, we have
Jr, (a(L)) <14 e,

Proof. By definition of the loss function and using Lemma B.1, we have

Jr (« vi — Ui, (,0P)]

z |

2\** Z‘H

2ly: | + 2|

xz L)H < 1+€22CA

]

B.3 Upper bounds on the gradient and Hessian of
the loss function

<

Lemma B.3. Let oY) € REX4%d gnd ¢4 > 0 such that L > 5c4 and ||04(L)HF<>O <

caL™V%. Then, under Assumption 4.1 (i)-(ii), for k =1,...L, it holds that
Vo Ju (@ @[}, < 2det >4 L7 7, (@)
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Proof. Fix L > 5c4. In the proof, we omit the explicit dependence in L. We first use
Cauchy-Schwartz and (B.2) to bound the Frobenius norm.

Vertstelli = 3 (52 ()’

m,n=1
d N 2
1 ov ~
< L . ‘
<L WL (G i)
d 52 N 9
< 30 LS (i) I8 (i Bl @) M el
m,n=1 =1
2L 1

ZHh?le oo §lir @) M|

§2de42CAL (),

where we use the fact that 20(y,3) = |[V3/(y,9)|> and Lemma B.1 in the last
inequality. O]

Finally, we derive an upper bound on the spectral norm of the Hessian of the loss

function.

Lemma B.4. Let oB) € RE%4Xd gnd ¢4 > 0 such that L > 5ca and ||a(L) <

caL™Y2. Then, under Assumption 4.1 (i)-(ii), we have

HF,oo

921 (0®)]], < e,

Proof. Fix L > 5c4. In the proof, we omit the explicit dependence in L. We use
first-order information (B.2) to compute the second-order derivatives. Straightforward

but lengthy computations show that
V2Jp (@) = Hya + H+ H +0 (L7

where Hpeq, H, H € RLXLd g0 given by the following formulae:

x 1 Z; 7 1 7
Hpsa = = ZHpsd = ZIH H:NZIH )
where
Ti Z; T : : T T x;
(Hpsd)(k mn) (K, m'n’) (%hk—l P 1 O ks m Ok s (M en) (My'enw)

T 7 T L
H(k mn) (k',m'n’) 5Lh‘k 1 nhk 1 n’ak xi,m (y(x“ Oé) - yl) Mk em Lim=ms Ly=k/

T 21T -~ T T
H(kl mn) (k',m/n’) = 6Lhkzl—1,nakvxi7mak7$i,m' (y(‘r“ Oé) - yl) Mk,lfk/emﬂ‘m/:”/]]‘k<k"
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Here, M, ., is defined as the same product of matrices as M;* in (B.1), but without the
term j = k’. By the same reasoning as in Lemma B.1, we still have ||M,ff_k,emH2 < e
We readily see that for each i there exists ); such that Hg;d = Q,; Qi, s0 Hpy is

positive semi-definite. The trace of Hq is straightforward to compute.

1 , 52 -
tr (Hpsa) = Nzt H;féd Z Z |hk ln kaz m)2 ||Mklem||§-

i=1 =1 k,m,n
1 al L 2
=2 LD lm I 1
=1 k=1

We deduce that by Lemma B.1 that tr (Hps) < d?e*?4.

The upper bound on the Frobenius norm of H and H is no harder.

1" % < Z Z 0% |||l s, Glai, @) | M ey < deba0(y;, §(x:, @),

k=1 m=1

<70k |hg | Uy G, a))dPeren < dPeteal(y;, lay, o).
k£k!

[,

Hence, || H||, < v2de?24 ] ()2 and || H||p < v2de*'4 Jp(a)'/2. Using Corollary
B.2 and wrapping both terms together, we get

[VaT (@) ||, < 1 Hpsally + 1H [l + [|H |2 + O(L7?)
< tr(Hpsa)? + | H p + | H|| p + O(LT?)

< 5d€43CA .

B.4 Lower bounds on loss gradients

This section contains a supporting result for the proof of Lemma 4.3.

Lemma B.5. Let o'F) € RE¥X Under Assumption 4.1 (i)-(ii), we have, for
k=1,...,L—1,

oJ oJ . .
- - 2 th 1n Uk:vzm_o'k-i-l,a:i,m)v E(yz, (xw ))TMkjrlem

aoZk,mn aO‘k—i—l,mn

2 N
NLZ ylv xlv )) Mxll&ﬁmn’

151



where fk (L) ¢ Rd satisfies

z, (L)

kmn

< 2 (he_y ) Nlowss — el + 2 ey |24, -

Proof. We use the gradient computation (B.2) and the definition (B.1) to get

oJ N .
L or, .
@&k,mn (a(L N z:: k 1 nak T;,m V l (yh (xz7 (L ))) Mk €y
oJ N ]
L L T . .
m N ; hk_l’n " 5L0k’zi’n) Ot 125,m Vg ¢ (yu (l’w (L))) Mk+1€m.

We use the identity M* = M;*, (Id+5Ldiag (Cri12:) ak+1> and we take the difference

of the two equations above to get

8JL 8JL 5L . T T;
aak,mn - aakJern th 1,n Uk JTim T Uk+1,zi,m) V g(yu (iL’Z, )) Mk+1em

~ x; T4, L
+NLZV§€(yi7y($za )) Mk+1 k:m(n)’

where
) 2 <2 (hi_1.0) " Nlosr — el + 2 (i)’ (0 (awhi_y), — (axhi_y),)’
g
<2 (HE10) lowsr = ol + 2 ol [l
We use the fact that |o(z) — 2| < 2% by Assumption 4.1 (i). O

B.5 Weight norms and loss function under gradient
descent

This section contains the proof of Lemmas 4.4 and 4.5.

Proof of Lemma 4.4 Fix L € N*. In the proof, we omit the explicit dependence in
L. We use the identity (A% — B?) = B(A — B) + (A — B)? and the gradient descent

update rule to first compute

Ak mn 2

[\ J/ [\ J/

@ = i) = ~Ln Y wmzi (@) + Y (G2 ) (o). (B

= §1r(a) =:55(a)
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Recall that the gradient of the loss ¢ with respect to the parameter ay ,,, at sample

(x,y) is given by (B.2), so that we can compute

aJr,

ao%,mn

Or o . N o
(@) = 2 DB, (0) G (@) Vi (3 (1,0)) T M (@) e
i=1

Recall also from (4.9) that

Gy¥(0) - e = “p (i) e = Vil (v, (. 0)) " M () e

We focus on the square of first order term S ,,,(a) defined above. We have

2
. _ L83 [ e : i
Si(a) = =55 | D E Pty (@) Ok agm (@) G (@) - e

n=1 i=1
d d LN 2
< L*int Z ai,mn Z (N Z hiil,n(a) Thm () Gy (a) - em>
n=1 n=1 =1
d 1 N
z; . T,y 2
2L fin(0) D D (B 10(0) B (@) GE(0) - )
n=1 =1
1 N
@ 2 T3,y
< 2nifk,m(a)ﬁ I @) IGE ()12, -
=1

We used twice the Cauchy-Schwarz inequality and Assumption 4.1 (7)- (7). Define now

| 1/2
i) = m, (N I [LRC] HG;Z‘%@H;) .
=1

By similar estimations, we also upper bound the second-order term: Sy(r) < 1rj ()2
Equation (B.4) then yields to

Fonl@ < fusala) +181(0)| + Sa(a)
< funl@) 4 VI fun(@)? 4 gru(@) = (fum(@)? + Trifa))

O

Proof of Lemma 4.5 Fix L € N*. In the proof, we omit the explicit dependence in

L. Define gg , (o) = %L2 |0kt 1m — ak,mH; so that g5, = Zizl Jk.m- We also omit the

dependence in o when it is clear. We use the identity 5(A*—B?) = B(A—B)+3(A—B)?
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and the gradient descent update rule to first compute

d
_ E)JL aJL )
m &) — Jem &) = L? a mn — Okmn o @
9k, ( ) Gk, ( ) ﬁL;( k+1, k, )(aak,mn 8Ozk+1,mn ( )
::S::,L(a)
2,2 d 2
2 —) aak,mn 8ak+1,mn .
— Spom (@)

Next, we use Lemma B.5 to estimate the difference of gradients with respect to weights
in neighbouring layers. We also use the fact that L > 5¢4 and ||a®||, < csL71/?
to apply Lemma B.1. Recall the definition of G in (4.9).

aJr, oJr, 5L Z i 5 ) GEiv
- k— ln kmhm - k+17mi7m k}+1 ’ m
aOék,mn aO‘kz—&-l,’rrm

5 -~ X Ty L
+ S (o) MELED.
=1
where §k ) ¢ RY satisfies

x, (L)

kmn

< 4cier* ALt (B.5)

We focus on the first order term S ,,(«) defined above. We have

nL(SLLQ a T4, Ys . . : x;
Sl,m(a) = N Gk+1 *Em (Ok,xi,m - O—k—i-l,xi,m) Z (ak+l,mn - ak,mn) hk—l,n
=1 n=1
N d
— Z Vgl (yi, y(a, )) My, Z (Wt 1,mn — Qkeymn) §lf,mn
=1 n=1

Now, as ¢’ is 1—Lipschitz, we can write

Oék+1 — o) hii_l}m laghy—1 — cgrhil,,

[Sum(a)] < 2L i ezl
l,m = k+1
=1

1/2

9 N
+77L52L2 sz yw Ilu HM
=1
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We now use the fact that L > 5¢c4 and Ha(L)

the second term and deduce that

S L2
[Sim(e)] < LD |Gy
=1

| .. <caL™? to apply Lemma B.1 on

o }(ak—&-l — o) hiil}i

oo (@ = @) I Jo (R = B2,

SLL? o
_'_nL]\L[ ZHGkﬁZ

1/2
+2en (ZH&W” ) G ()2 T ()2,

We apply Cauchy-Schwarz to the first and second term and equation (B.5) to the
third term to get

1< o
Sun(@)] < 208705 3 S G e n)
1/2
2
2

i,Ys 2 z; 2 2
+ 10y L? [ Z NGE I Nevwm — vl 15 15 Nevkaml3 67 ok,
+ 4CA€2'1CA77LL 1/29k,m<04)1/2JL(04>1/2-

We now use Lemma B.1 and the identity Gi0%' = M}, (§(xi, a) — y;) to estimate the

E+1
second term in the RHS:

Stn(a)] < 2277 ZHh et

+ 2CQAG&%AWLL gk,m(@)l/ZJL(a)l/Q + deae A L2 gy ()2 I ()2,

0o ()

Thus,
| X
- z |2 || iy
Sunle)] < 20125 S 2 6241 ghnl)
i=1
+ 2cqe*tn, (cAel‘lC“L_1 + 2L_1/2) gk,m(a)l/QJL(a)l/z.
Define

AR o
ru(@) = e 3 I e
=1
8k,m<L7 da Oé) = CA€2.1CA77L (CAel.chLi1 =+ 2L71/2) gk,m(a)l/ZJL(a)l/z'

We then have |S,,(a)| < 2L7Y2g; (a)ri() + 2E4m (L, d, o). We use similar tech-
niques to derive the upper bound Sy, () < L7 ggm(a)re(a)? + O(Exm (L, d, a)).
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Hence, we deduce the following recurrence relation.
G (@) < G (0)H]S1m(0) [+ 82, () < G (@) (1+ L7204(0)) +0 (Egn(L, d. ).
Summing over m = 1,...,d and using Cauchy-Schwarz on the & ,,, terms, we get
(@) < ge(@) (14 L7 2r(a))” + 0 (E4(L, d, @),
where
Er(L,d, o) = cac®'4ny (cae" L7 + 2L_1/2) gr(@)2 T ()2, (B.6)

O

B.6 Supporting lemma for Theorem 4.6

Lemma B.6. Let aX)(0) € RE*9? be any weight initialization. Define recursively
oD (t+1) = aB(t) = nL(t)Vadr (P (1)) fort =0,...,T — 1. Assume that for all
t=0,...,T =1, there exist ca(t),c(t),c(t) > 0 such that

(i) L > 5maxicrca(t),

(i1) Ha(L)(t)HF’OO < ca(t)L7Y?, and

(iii) ||V oo Jr (@D @) |5 > c(t)Tp (1)) —e(t) L.
Then, under Assumption 4.1 (i)-(ii), if the learning rates satisfy:

1 1
n(t) < min —cA(t)e*MCA(t)’ _Q<t)d*1€*8.5c,4(t) ,
2 10
we have, for eacht =0,...,T:

t—1

Jr (a(L)(t)) < exp (—% 2_:

t'=0

t

Q(t,)ﬁL(t/)> JL(OZ(L)(O)) +L7! Y c(t)nc(t).  (B.7)

t/

Proof. Fix L > bmax,<r ca(t). We omit the explicit dependence in L. Fix ¢t € [0, 7).
We first view a(t), VaJi(a(t)) € RE*94 a5 vectors in the Euclidean space RY® and

we get by hypothesis and by Lemma B.3 that
L 1/2
[vec(a(O)ll, = lle@) r = (Z ||Oék(t)|!fw> < ca(t),
k=1
e(t)J(a(t)) = ()L™ = [[Vadi(a®)) |7 < 2¢4240 T (1))
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We want to use Lemma D.3 with p = Ld?, R = ca, 9 = a(t) and z = a(t) —
NL(t)Vadr(a(t)). For this, we need to check two assumptions. The first is an upper

bound on the spectral norm of the Hessian of J;, which we get from Lemma B.4.

Ho(t)= sup [|V2JL(d)]], < Bde 34,
o'l p<ca(t)
The second is an upper bound on the norm of x — xy = —n(t)VaJr(a(t)), which we

get from Lemma B.3.

() [Vadr(@®)ly < Ve (t)e* 4O T (a(t)"?
< ﬁnL(t)GZ.ch(t) (1 + 62,2cA(t))1/2
< 2 (t)e>2ea® < ey (t),
where the second inequality comes from Corollary B.2 and the third inequality from

the fact that (1 + 2)1/2 < (22)Y/2 for > 1. Hence, we can apply Lemma D.3 and
deduce that

Ju(a(t+ 1)) = Jp (a(t) = nu()Vadr(a(t))) = Ju(a(t))

(1)) =1 (8) [ Vadr@(®) |7 + %Hoo(?f)m(t)2 IVadi(a(t))ll;
— c(t)ne(t) + 5dny ()24 V) Jp (a(t) +e(t)nr(t) L

IA

Jr
< (1

To finish the proof, we apply Lemma D.4 (i) with
ur(t) == c(t)n,(t) — 5d7]L(t)268'5CA(t) >

SeOm(0) >0,

and the fact that 1 — 2z < e . Hence,
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Appendix C

Technical results of Chapter 5

C.1 Properties of path-homogeneous functions

Lemma C.1. Let F(u) = L ([, ®(0)du(8)) + [o V(0)du(d). Assume that @ and V

are (a, k;)-homogeneous. Then

min F min F
pHeEM4(O) () = reP(O) (1)

Proof. Tt suffices to show that for every non-negative measure p € M, (0), there
exists a corresponding probability measure v € P(0) that has the same functional
value F(u) = F(v).

Let M = u(©) > 0 be the mass of the parameter set © and define a mapping
T:0 — 0 asT(0) = M* © 0. We define v := Ty (/M) to be the pushforward
measure of p by T. Then the following holds

@) = [ aryu/an =7 [ an=1.

Moreover, as ® is («, k)-homogeneous,

[ oo =5 [ (00" a0)aus) ()
(C]
- / (C.2)
_ / 0)du(0), (C.3)
S)

where in the first line we divide and multiply by M, in the second line we use the
(v, k)-homogeneity of ® with A := M'/* and in the last line we use the definition of a

pushforward measure by 7. The same analysis applies mutatis mutandis for V. [
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We continue by describing geometric properties of path-homogeneous functions that are
necessary to prove the convergence results. Let f: R? — U be an (a, k)—homogeneous

function for which we define the following ellipse
E={zeR: z||, =1}, (C.4)

where || -]|4 denotes the Mahalanobis norm ||z||4 = V2T Az and A is a diagonal matrix
whose entries are A;; = «;.
For a fixed z € RY\ {0}, we define the path p,: Rog — R? by p,()\) := A\* ® z so that

F(a(N) = FO* @ 2) = A f (). (C.5)

Along p,, f becomes a monomial of degree k in A, with scaling coefficient f(z).
Define a projection onto the ellipse 7¢ : R?\ {0} — &€ along the curves (py)zece. The
following lemma ensures that this is well-defined in the sense that for any » € R?\ {0},

there is a unique point £ € € on the ellipse such that x is on pe (Rso) = {pe (A) : A > 0}.

Lemma C.2. The paths {pe : £ € €} form a disjoint union of the space
| |pe (Ro0) = R™\ {0} (C.6)
¢ee

and each path intersects the ellipse exactly at one point

VEe e €npe(Rso) = €} (C.7)

Proof. Let &,& € € with & # &. We first show that pe, (Rog) N pe, (Rso) = 0.
Suppose that = € R? is in the intersection of the two paths, then there must exist
A1, A2 > 0 such that x = A © & = A\§ @ &.

Clearly, if Ay = Ay then & = & which is a contradiction. Therefore, consider the case
where \; # A9 and assume without loss of generality that A\; > A\s. We then have the
following relation & = (A;/A\2)® ® & and we deduce that

d

205 d
1—||52||A—Zaz (&) =Zaz( ) 672> m@ = lali =1 (C8)
=1

=1
which results into a contradiction. Hence, the paths for & # & do not intersect, i.e.

Pe (Rso) N Pe, (Rso) = 0.

We proceed to prove that the paths cover the whole of R%\ {0}. Let x € R\ {0} be
an arbitrary point for which we show that it lies on a path pg,. Define the following
function g : Ry — R

d
= Al (C.9)
=1
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Figure C.1: Illustration of the case a = (1,2). The ellipse is &, = {x €ER?: 2% + 223 = 1}. The
paths A € Ro¢ — pg, (A) € R? are displayed in red for two distinct points &;,& € €, on the ellipse.
The outer normal unit vector of the ellipse €, at &; is denoted by 7, . The tangential component of
the gradient at &; of an (o, k)—homogeneous f is denoted ¢¢, (V¢ f(&1)) and lies in the linear space
spanned by the tangent line of the ellipse &, at &;.

The function g¢ is continuous and has two limits, limy_, 1+ g(A) = 0 and limy o g(\) =
+00, therefore by the intermediate value theorem there must exist A\g > 0 such that
g(Xo) = 1. Let & = Ay ©® x which by the definition of g must be a point on the ellipse
& € & and x = pg, (o). This can be done for any x € R?\ {0} which proves that the
paths cover the whole set R?\ {0}.

Finally, let £ € €. We show that if there exists A > 0 such that pe(\) € €, then A = 1.
To that end, consider the function g : Reo — R defined by g(\) := 320 a;\24€2. We
have that p¢(\) € € <= §(A) = 1. But g is an increasing function, so A =1 is the
unique solution to g(\) = 1. O

For = € R\ {0}, we can thus uniquely write z = A\(z)® ® 7¢(z). We prove that A(+)

grows at a sublinear rate.

Corollary C.3. Let A\: R\ {0} — Ry such that v — \(x) is defined implicitly by
T = Pry(2)(A(2)), where me(x) € € is the unique point on & such that x € pr, () (Rso).

Then X\ is well-defined and continuous. Furthermore, we have
A(w) < max(L, |Jo]l,), Vo € R {0}

Proof. The first part is a direct consequence of the strict monotonicity of the function

g defined in the proof of Lemma C.2, using the inverse function theorem. For
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the second part, observe that if A(z) > 1, we have ||z} = |\ (z)* © me(z)]? >
IMN2)M O me ()] = Mx)? as oy > 1, Vi=1,...d. O

We now have an adaptation of Euler’s homogeneous function theorem [135] for path-

homogeneous functions.

Remark C.4. If a function f € C! (]Rd\ {O},R) is (a, k)—homogeneous, then
Vf(x)TAx = kf(z), for each x € R\ {0} and X\ > 0. Indeed, by differentiating
the identity f(A\* ® x) = A f(z) with respect to A and evaluating at A = 1 we get

d

)|>\=1 = a)‘kf(x)‘,\ﬂ = kf(x).

d
Vi) Az = —f(\* 0O

dA
As a consequence, the decomposition of the gradient of a (a, k)-homogenous function
at £ € € can be decomposed explicitly into its normal component orthogonal to € and

its tangential component belonging to T¢€.

Remark C.5. For £ € &, we denote ne the outer normal unit vector to €. As
€ is a level set of x — |x|,, we directly have ng = A&/ ||AL|,. Hence, if f is a

(v, k)—homogenous function, we have

_kf©
1 A€ll,

where we denote V,, the directional derivative along the normal vector ng, V, the

V(&) = Vaf ()ne + 1e(Vef [ (€))

ne + 1e(Vif|,(6)), (C.10)

gradient expressed in an orthonormal basis of T¢€ and 1 : T¢€ < span(ng)t C RY.
The second equality in (C.10) follows by Remark C.4.

C.2 Auxiliary results and proofs of Section 5.3

C.2.1 Bound on the variation of the subgradient

In the following section, let g, be the restriction of F'(x) to the ellipse €

9u = F'(W)], (C.11)

and g, : € — R be defined as

G = <dL (/@ @dﬂ) , <I>(§)> (C.12)

so that for all £ € &, g,(&) = §,(£) +V (§). We establish a bound on the variations of g.
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Lemma C.6 (|31, Lemma C.2.]). For all Cy > 0, there exists M > 0 such that for all
p,v € M(O) such that ||h(w)|gy, , [|R(V)]lgr, < Co, it holds

1Gs = Guller < M| [I70 - 17 () = 2y, (C.13)

where || - |1 denotes the C' norm of a function defined as

19l n = [0l + VY], fore: & —R.

Also, || - ||sL denotes the bounded Lipschitz norm of a measure on € defined as

V|5, = sup {/gwdy ’ Y: &€ =R, Lip(v) <1, ¥ < 1} forve My(€E),

where Lip() is the smallest Lipschitz constant of 1.

C.2.2 Proof of Proposition 5.11

Let n* := mingee g,(§) < 0 be the minimum that is attained on the compact set €
and must be lower bounded n* > —oo. By Morse-Sard lemma [1| and the fact that
¢ is smooth, there exists a regular value —n € |n*,n*/2] of g,, where n > 0. Let
K =g, (]—00, —7]) C & be the (—n)-sublevel set of the regular value, and construct
the subset P :=7; ' (K) C ©. As ||h(1) — k()| g < € pao (P) > 0 for € > 0 small
enough.

By the regular value theorem, the boundary 0K of K is a differentiable orientable
compact submanifold of € of codimension 1. By definition of K and the regular value

theorem, there exists 8 > 0 such that
VEe 0K 1 Vg,(§) -ne>p>0, (C.14)

where ng is the unit normal vector to 0K pointing outwards. Let t; € [to, 0o] the first
time such that ||A(p,) — h(p)|| g, = €. The triangle inequality implies that h(u,)(€)
is uniformly bounded from above for t < t;.

For the sake of contradiction, suppose that ¢; = co. Without loss of generality, we let

to = 0. Consider now the flow X : R, x © — O defined for all u € ©
Xo(u) =u and 9, Xi(u) = —=VF'(1y)(X¢(u)), (C.15)

which by |5, Lemma 8.1.4] is well-posed and unique. Notice also that p; can be thought
of as the pushforward measure of jg by X;, that is pu = (Xy)4p0-
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For ug € P, define (u;)1>0 := (X¢(u0));59 C ©. We first establish that if

0<e<min(8,7)- (2M}|c1>\8\\201>_1, (C.16)

then (u;)efo4,) C P. To do this it suffices to show that if u; € 9P = 7, ' (0K), the
gradient flow pushes u; back inside P. Formulated on K C &, it suffices to show
that if £ = me(uy) € OK, then the angle between the gradient field —Vg,,, (&) and the

unit normal vector to K pointing outwards ng¢ is bigger than 7. This is an easy

consequence of Lemma C.6:

V(&) e = =V gu(&) - 1 + (Vgu(€) = Vgu () - ne
< =Vgu(&) - ne + lgn — Guell ey
= =Vu(&) - ne + 119 = Guul e,
< —B+8/2=-p/2
where the first inequality holds by Cauchy-Schwarz and by the definition of || - || 1, the

second inequality holds by (C.14) and (C.16) with Lemma C.6. Hence (uy)scjo,t,) C P-
From (C.16) and by definition of K, we also deduce that for all £ € K,

Iu(€) = 9u(&) + (90, (&) — 9u(€)) < —n/2. (C.17)

We now look at the evolution of |lu|, in time ¢, where A is the diagonal matrix with

entries A;; = a;. As F'(;) is (o, k) —homogeneous we have that

< ulls = 2@, A
= 2(=VF" () (), Auy)
= 2k () ()
= 20\ ) g (e ()
> knA(u)", (C.18)

where the third equality follows from Remark C.4 and the inequality follows from
(C.17) as me(u;) € K. We readily see that ¢ — ||u,]| , is increasing. Now, choose ¢y > 0
such that for Uy :={u € P : ||u]|, > co},

to (Uo) > 1/2 - po(P).

As 0 € P, ¢y > 0 always exists and is finite. Note that for u € ©, if A(u) < 1, then, as
a; > 1 and 7e(u) € &,

d d
full® =" agu? =Y i (u)*ime (u)? < Mu)®. (C.19)
=1 i=1
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Case 1: If AM(ug) <1 and ug € Uy, we deduce that v, € Uy for all t > 0, and by (C.18)
and (C.19), we have for all ¢ > 0 such that \(u;) <1,

d 2 k
dr Jue|ly = K [luel[4 = k??C'S-
Hence, by integrating the above inequality with respect to ¢, we deduce that
inf {t > 0: |Ju||, > 1} =Tp < (k:nc’g)_l

Case 2: On the other hand, if A(ug) > 1 and ug € Uy, then |jugll, > 1 as well, so
|uel| 4 > 1 as t = ||| 4 is increasing, so A(u;) > 1 as well. Therefore, by (C.18),

d
E el > kn - Mup)® > kn.

Integrating with respect to t yields |ju||, > |luol’ + knt. Now, we deduce that
similarly to (C.19), we have

HutHA = Zaz Ut Zal Ut )ZQ < )\(ut)?maxz'ai‘

Hence, for p := - > 1, we get

p/
A = [l = (ol + kot)

Finally, we estimate the mass of K under the measure h(u;). First note that by

definition of h and by definition of u;,
B0 ) = [ M 1 (re(u) € K) ()
= /@)\(ut)k 1 (me(uy) € K) dpo(ug)
> [ A dpo(uo)

where the last inequality follows from P being stable under X;. Now, for t > Ty,

h(u)(K) > / Aue) dpo () + / Aus)*dpo (o)
ug€Uy 0€Up
Aug)>1 Mug)<1
2
/u (ol + )’ " djio (o) / (sl + Kt = )" djao (o)
A(uo u0)<1

(1 +kn(t = Tp))"? po(P),

l\DlH
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where the first inequality holds as Uy C P, the second one holds by Case 1 and Case 2,
and the third one holds as 119 (Uy) > 1/2- puo(P), |Juny|| 4 = 1 in Case 1, and ||ugl| , > 1
in Case 2.

As a consequence of the above lower bound, the mass of K under the measure
h(p:) blows up to infinity as ¢ — oo, as po(P) > 0. This is a contradiction to
|h(pe) — h(pe)|l g, < €. Thus, t; is finite, completing the proof.

C.2.3 Bound on the evolution of gradient flow functionals
Lemma C.7. Let ¢ € C'(©,R) such that there exists C > 0 satisfying |V (u)|® <
C(u) for allu € © and [, 1pduy < co. Then

[ vtdnt) <2 [ vt + $ Flw)

Proof. Define g(t) = [, ¢ (u)dj(u). From the (distributional) continuity equation
(5.8) (see |5, Equatlon 8.1.4]), we have

- / Vo (u) Tvg (w)dpe (u)
e

Further, Cauchy-Schwary inequality and the hypothesis yields

0 < ([ Ivot01* duta ) ([ Tl ae >)2
< Oyl (-5 F ) "

The last inequality is due to the conservation of energy for the Wasserstein gradient
flow |5, Theorem 11.2.1.]. Therefore,

d
—a(t)/? =
dtg( )

1

d 1 d 1/2
il -1/2 <oV =
29(75) g(t) < 20 ( th(ut))

By integrating and Jensen’s inequality, we deduce

)= (90 + [ $0(672) < 2900) + § (Flun) = Flu)) < 20000 + 5 Fin).

]
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C.3 Proofs of Section 5.4

We prove in the section some of the intermediary results needed to derive the general-

ization bound for the Wasserstein gradient flow.

C.3.1 Proof of Lemma 5.20

An equivalent formulation of (5.29) is

S| v©w= [ Deond©) - 2@ F Mop)@)dn(9). v e CX(s)
Sd—1 d—1

in the sense of distributions in (0,7"). It corresponds to the choice ¢(t,x) = n(t)y(x)
n (5.9), with n € C2°(0, 7). The equivalence comes from the integration part formula,
and the fact that the linear span of seperable functions ¢ is dense in C%°((0,7) x S%~1).
Fix any 1 € C*°(S971). We first compute the time-derivative of p, = My 'h(u;) using
the definition of ~ and the continuity equation (5.8).

i 0O = M g [ el o)

& Sd—1
= 35" [ (P () + o) V). o))
(C.20)
where v, = —VF'(1;) is the tangent vector field of g and 7(u) = |ul| ™" u is the

projection onto the d—dimensional sphere S9!, Its derivative is given by V(u) =
™" 1o — JJull ™ uu, so that

Therefore, we get

(Vo (m(u)), vi(u)) = Dy o Vr(u) o vy(u)
= Diruy¥ © gy (lull ™ ve(w) — [l wu vy (w))
= Dy © 1y (ve(m (W) + 2F () (m(w) )7 (u)) (C.21)
as v; is 1-homogeneous. Recall that ¢, ' : span(ng)t < TeS? ! is the embedding from

the set of vectors in R? orthogonal to the normal vector ng¢ to the sphere S9! at point

€ to the tangent space of S at £. Now, for any ¢ € S9!, we get

vS(€) = —DeFluy (Mypy) = —Dg <<dL (/@ @dh(pt)> Lo )+ V|Sd1)

= <dL (/@ (I)dh(ﬂt)) ) —D§®|Sd_1> - D€V|Sd—1
= i (= V' (u)(§) + 2F (1) ()¢
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The last equality holds by Remark C.5, and Fg,_,(h(i)) = F’(u)(£)|sd71. Therefore,
using (C.21), we get

(Vo (r(u), v(w)) = Dy 0 vy (m(u)).
Plugging the last equality into (C.20), we deduce

4 Y(€)dp(§) = My /@ [llll® Drayto o v ((w)) + 20 (w (u) yu vy () | dpae ()

dt Jgis
= olfeHUHz[Dﬂu)wovf(ﬂ(uw—2w(ﬂ(ﬂ))F’(ut)(7T<u))]dut(U)

= /Sd1 [Deth 0 v} (&) — 20(&) F'(Mopr) (€) ] dpi(6), (C.22)

which proves (5.29) and the fact that v} is the tangent vector field of p;. It remains
to prove that p, € Po(S91). First, po(S41) = Mi h(p)(S4) =1, and for ¢y = 1 in
(C.22), we get

dt

by definition of the linear functional derivative (5.5). Hence, p;(S4~1) = 1 for all ¢ > 0.
The finite second moment of p; comes from the fact that p; € P2(0).
As noticed in [101, 57], the solution of the distributional PDE (5.29) is the gradient

flow of the functional Fga—1 with respect to the Hellinger-Kantorovich metric (also

sty = 2 / F'(Mopo) (€)dpn(€) = 0
gd—1

called the Wasserstein-Fisher-Rao metric), i.e. 0,py = —VgprFga-1(Mop;). It can
be decomposed into two orthogonal components, —div(vyp;) € T, W2(S4™1), and
2F (Mopy)pr € T, M}pp(S41), where M1, (S?!) is the space of positive measures on
S=1 induced by the Fisher-Rao metric. Therefore, v is a tangent vector field to p;

with respect to W.

C.3.2 Proof of Lemma 5.21

By [5, Proposition 8.4.6] adapted to complete Riemannian manifolds, we have that for
L'-a.e. t > 0, the unique optimal transport map between m{ and m{ 4, 18 given, up to
first order in h > 0, by the exponential map along the tangent vector field v;. That
means,

Wy (m{%, exp;;h mi)

i 7] =0,
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where exp?”: M — M is defined by exp’"(p) = expp(hvf (p)). As a consequence, we

know that , Lho oh s 1
W5 (exp# my, eXpy mt) — W5 (mi, my)
lim .
h—0 h

(C.23)

exists and is equal to W2 (m}, m?). Let 7, € I'y(m}, m?) be any optimal transport

plan between m} and m?. We can thus construct the transport plan

Cep = (expl’h oy, exp®ho 7T2)# el <exp;;h mtl, exp;;h mf)

to find an upper bound to (C.23) as follows:

Wg(exp#hm%, expihm?) < / 2dM(p1,p2)2dCt,h(p1;p2)
M

_ /M s (ex0,, (o} (1)), expy, (E(02)))” A1, p2).

The inequality holds by definition of the Wasserstein distance. Now, for each v € T),M,

we have
dyr(exp, (hv), p')* = dy(p, P')* — 2h{%,, 7 (0), v) + O(h?)

Therefore, as we can take 7, ,(s) = 7, (1 — s), we deduce
W3 ( expi;h m;, expih mf)
< sz(mi> th) +2h /M2 (<;Yp1,p2(1)> U?(p2)> - <;Vp1,p2(0)> Uz}(pl)» dr(p1, p2) + O<h2)'

We finish the proof of (5.30) by rearranging the terms and using (C.23). To prove the
second part, notice first that

1

|Wp1,pz(1) — V1o (0)” = '.7131,132(3)(13 < dM(p17p2)2-
0

Hence, using ||y, p, (0)|| = dar(p1, p2) and the fact that 7 is an optimal transport plan

between m; and m?, we deduce

d

W (me,mi)

S 2/]\\42 [dM(plaPQ Hth +dM(p1,p2 H’Ut p2 ’U?(pl)H] th(pl,pQ)

<2 ”foooI/V22 (mi,m?) * 2/ 2 di(p1; p2) (Lipz}dM(p17p2> + Hvt — U H )th P1,D2)-
M

We conclude by Jensen inequality.
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Appendix D

Auxiliary results

Lemma D.1. For any A € R™" and B € R™™P, we have
|AB||p < [ Al [| Bl -
Proof. Let B = [by,...,b,] the columns of B. Then || B3 = 3>%_, ||bi]l2. We use the

fact that the spectral norm is compatible with the Euclidian norm to deduce

IAB|7 = Z 14bi]5 < Z 1AN; ill; = AN 1Bl

0
Lemma D.2. Let x € R? and {Ay : k= 1,...,L} C R™? such that maxy || Axll, < 1.
Then
L L
[H(Id + A | 2| =zl [T~ [14ll,)-
k=1 2 k=1

Proof. First observe that for A,B € R%? and z € R? we have |ABz|, >
Omin(A) || Bz||,, where opin(A) is the smallest singular value of A. This is easy to see,

as omin(A)? is the smallest eigenvalue of AT A, so
|ABz|5 = (Bz) AT A(Bx) > 0wmin(A)* || Bz|f; .

Observe also that for all A € R™¢ with || A, < 1, we have o (Ig+A) > 1—||A|, > 0.
Indeed, there exists v € R? such that ||v|l, = 1 and v"(I; + A)v = o (ls + A)>.
Hence,

Ouin(la+ A) = (1+0TAv) 7 > (1 | A]|,)"* > 1~ ||A],.

Combining these two facts, we deduce that

[H(Id + Ay)

k=1

L

L
> Jlly [ ] owin(La+ Ax) = elly [T1— 1l AxlL).

2 k=1 k=1

X
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Lemma D.3. Let f € C*(RP) satisfying supj, <g IV*f(2)|l, < Ho for some
Hy,R > 0. Then, for all x € RP such that ||z — ||, < R,

F(a) = Flao) — (V@) — o) < 722 o — ol

Proof. We apply the fundamental theorem of calculus for line integrals between

and z:
flz) — fxg) = /o (Vauf(mo+t(z — 39)), z — 20 )dt.

Hence, by Cauchy-Schwartz inequality and by hypothesis,
1
@) = flan) = (Vaf (o) = a0)| < [ I9af o0+ ta = 20)) = Vi zo)l o = ol ds
0

1
< / Hoo t(z — )l |22 — oll, dt
H

0 2
= BN |z — $0||2'

]

Lemma D.4 (Discrete Gronwall inequalities). Let (un)nen, (Vn)nens (Wn)nen C Rsg.
Then

(i) If eni1 < upe, + v, for each n >0, then

() £ (0T )

n/'=n'+1

1) If go >0 and 0 < g1 < UnGn + wng}lﬂ, then
(i) +

e (TLwe ) § S0 (T1 )

"=n/+4+1 n/

The first inequality is well-known, but we give proofs for both, for the sake of

completeness.

Proof. To prove (i), we start by defining ¢, = (HZ,;I 0 un/)_l en. Then,

1

n -1 n -
€nt1 — Ep = H Up! (€n+1 - unen) < H Up! Up,-
n/=0 n'=0
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Hence, summing over n, we get

n—1 n—1 -1
= (H un’) En < (H Un/> €+ Z (H un”) Upt
n’'=0 /= = "=0

(H@mz( i )

— n//_n +1
. 1/2 12wy, )’
To prove (ii), we simply complete the square: u,g, + wngn'~ < Uy <gn + ﬂ> )
Hence,
1/2 Wn
gn/+1 <u/?g)” + s
Un
We can thus apply part (i) to e, = g}/ % to deduce the result.
]

Lemma D.5 (Continuous Gronwall inequahty) Let u,v: Ry — R two integrable
functions satisfying v(t) > 0 and v(t ft r)dr >0 for eacht > 0. Letg : Ry —
R, be a differentiable function that satzsfy g(0) = O and $g(t)? < 2u(t)g(t)*+2v(t)g(t)

for each t > 0. Then
X u(s)ds v(s)ds.
g(t)fep(/o () )/0 ()

Proof. The condition is equivalent to

o(0) (900 - a0 - 1)) <. D.1)

Define U := {t : g(t) > 0}. As g is continuous, U is open with respect to the standard
topology on R,. Therefore, there exists a, < b,, n € N such that the intervals
I, = (an, b,) are disjoint, and U = |J,_, I,,. We deduce that if ¢ ¢ U, then g(t) = 0 by
positivity of g. If ¢ € U, then there exists n € N such that a,, <t < b,. Now, for each
s € I, g(s) > 0, so by (D.1), $g(s) < u(s)g(s) + v(s). Hence, G: I, — R defined by
G(s) = exp (— I u(r)dr) g(s) satisfy

(fSG( ) = exp (— /G: u(r)dr) (%g(s) — u(s)g(s)>

< oxp (— [ ur)ar ) o) < ()

Therefore, G(s) < G(a,) + f r)dr. By continuity of g and because g(0) = 0, we
have g(a,) = 0 and thus

g(s) < exp ( / u(r)dr) / o(r)dr = Ci(ay) (D.2)
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Finally, we prove that for each s > 0, the function C: [0, s] — R defined in (D.2) is

decreasing. Indeed,

%C’S(t) = —exp ( /t S u(r)dr) (v(t) +u(t) /t S v(r)dr) .

Now, if u(t) > 0, v(t) + u(t) [Jv(r)dr > 0. Otherwise, u(t) < 0 and v(t) +
u(t) [ v(r)dr > v(t) 4+ u(t) [ v(r)dr > 0 by hypothesis. Hence, $Cy(t) < 0 and C
is decreasing, for each s > 0. From (D.2), we deduce

4(s) < Cu(an) < Ca(0) = exp ( /0 su(r)dr) /0 Co(r)dr.
OJ

Lemma D.6. Let (Y3),c7 C R4 be a continuous semimartingale that can be
decomposed as dY; = Aydt + dM;, where A is a square-integrable adapted process, M
1$ a continuous square-integrable martingale with quadratic variation d[M, MTL =
Q¢ dt, and supy<i<p ||Qil|p < Qoo < 00, where Qo is a deterministic constant. Let
(Xt)te[o,T} C R4 be the unique solution to the linear matriz-valued SDE d X, = X,dY;,
with Xo being a deterministic non-zero matriz. Then, for each p > 1, there exists a
constant C = C(p,d, Qwo, Xo,T') such that

<o (2 [ i (A) )]

Proof. We apply the multidimensional Ito formula and linearity of the trace operator

1/2

E | sup [ X%

te[0,7)

to first get

A1 X7 = dtr(X[] X)) = tr (dX) X + X[ dX, +d [X T, X],)
=tr (X, X; (Y +4dY,") +d [XT, X]))

Now, by cyclic permutation invariance of the trace, we have

tr(d[XT,X],)=tr(d[X,X"],) =tr (X, d[V,Y ], X,])
tr (X, X, d[Y,Y'])

tr (X, X;Q; dt) .

Therefore,
A Xl = tr (XX (A + A + Q1)) dt + | X7 ANV, (D.3)

172



where

P X)X,
N, = tr s (dMS + dMJ)) (D.4)
o 1%l

is a martingale with quadratic variation given by

M= Y [ ()

11,J1,82,J2

1171

(X X),, A [(M + M) (M 4+ MT)iy],

By the Kunita-Watanabe inequality,

Mo S ([ e, alore )

11,J1,82,J2

(/Ot %I (XSTXS);’Q d[(M+ MT)izjz}S) :
i (ZZ </0t HXS||;4 (X‘;FXS)Z d[(M + MT)ij}S)W)z
< dZ/ Gl (T 4 [ + M),

t
<1 Qu [ I XX ds < 1@t (D.5)
0

The second inequality follows from Cauchy-Schwarz. Now, by conditioning on || X;|| » >
0 if necessary, we have by the Ito’s formula and (D.3)

_ 1 _
dlog || Xe5 = [1Xell " d 1 X[l — 3 X7 d [I1X 117,
_ 1
= || X2 tr (XX (A + A + Q) dt + AN, — Sd V],

Hence, by integrating and taking the exponential, we get
! _ 1
10 = 1ol exp ([ 107 e (X7 (4,4 AT + Q) s exp (3 5 [,
0
t
< Xl exp ([ fer (2, Qulas) e,
0

t
< 1% 2 exp (dQuT) exp (z [ ey ds) E(N)..

where &(N); := exp (N; — 5 [N],) denotes the stochastic exponential of N. The first

inequality follows from tr (AB) < |[tr(A)||tr(B)|. Therefore, for p > 1, by Cauchy-
Schwarz,

E | sup || X¢%

te[0,7

T 1/2 1/2
< ||X0||% exp <§dQOOT> E {exp <2p/ [tr (As)| ds)} E | sup |8(N)t|p] .
0

te[0,7

(D.6)
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Now, as E [exp (1/2[N];)] < exp (2d*°QT) < o0, Novikov condition implies that

(E(N )t)te[o,T} is a (continuous) martingale. Therefore, by Doob’s inequality, we get

E

te(0,7

sup |e<N>t|p] < (ﬁ) E[|&(N)7l"

Finally, we use the definition of the stochastic exponential and Cauchy-Schwarz to

obtain

2
<E {exp (pNr — p* [N];) exp (2p22_ PIv ]T):|
< E[E(2pN)7] /2 E [exp ((2p* — p) [N])] 2

We plug this last inequality into (D.6) to conclude the proof, with

/2
X2\
C(p,d,Qu, X0, T) = (%) exp (20°d*Qu.T) .
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