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Abstract

Gradient-based learning in multi-layer neural networks displays a number of striking
features. In particular, the decrease rate of empirical risk is non-monotone even after
averaging over large batches. Long plateaus in which one observes barely any progress
alternate with intervals of rapid decrease. These successive phases of learning often take
place on very different time scales. Finally, models learnt in an early phase are typically
‘simpler’ or ‘easier to learn’ although in a way that is difficult to formalize.

Although theoretical explanations of these phenomena have been put forward, each of them
captures at best certain specific regimes. In this paper, we study the gradient flow dynamics
of a wide two-layer neural network in high-dimension, when data are distributed according
to a single-index model (i.e., the target function depends on a one-dimensional projection
of the covariates). Based on a mixture of new rigorous results, non-rigorous mathematical
derivations, and numerical simulations, we propose a scenario for the learning dynamics
in this setting. In particular, the proposed evolution exhibits separation of timescales and
intermittency. These behaviors arise naturally because the population gradient flow can be
recast as a singularly perturbed dynamical system.
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1 Introduction

It is a recurring empirical observation that the training dynamics of neural networks exhibits a
whole range of surprising behaviors:

1. Plateaus. Plotting the training and test error as a function of SGD steps, using either
small stepsize or large batches to average out stochasticity, reveals striking patterns. These
error curves display long plateaus where barely anything seems to be happening, which
are followed by rapid drops [41, 48, 39].

2. Time-scales separation. The time window for this rapid descent is much shorter than the
time spent in the plateaus. Additionally, subsequent phases of learning take increasingly
longer times [18, §].

3. Incremental learning. Models learnt in the first phases of learning appear to be simpler
than in later phases. Among others, [5] demonstrated that easier examples in a dataset
are learned earlier; [28] showed that models learnt in the first phase of training correlate
well with linear models; [22] showed that, in many simplified models, the dynamics of
gradient descent explores the solution space in an incremental order of complexity; [39]
demonstrated that, in certain settings, a function that approximates well the target is only
learnt past the point of overfitting.

Understanding these phenomena is not a matter of intellectual curiosity. In particular, incremental
learning plays a key role in our understanding of generalization in deep learning. Indeed, in this
scenario, stopping the learning at a certain time ¢ amounts to controlling the complexity of the
model learnt. The notion of complexity corresponds to the order in which the space of models is
explored.

While a number of groups have developed models to explain these phenomena, it is fair to
say that a complete picture is still lacking. An exhaustive overview of these works is out of place
here. We will outline three possible explanations that have been developed in the past, and
provide more pointers in Section 3.

Theory #1: Dynamics near singular points. Several early works [41, 17, 44] pointed out
that the parametrization of multi-layer neural networks presents symmetries and degeneracies.
For instance, the function represented by a multi-layer perceptron is invariant under permutations
of the neurons in the same layer. As a consequence, the population risk has multiple local minima
connected through saddles or other singular sub-manifolds. Dynamics near these sub-manifolds
naturally exhibits plateaus. Further, random or agnostic initializations typically place the
network close to such submanifolds.

Theory #2: Linear networks. Following the pioneering work of [7], a number of authors,
most notably [43, 30], studied the behavior of deep neural networks with linear activations. While
such networks can only represent linear functions, the training dynamics is highly non-linear.
As demonstrated in [43], learning happens through stages that correspond to the singular value
decomposition of the input-output covariance. Time scales are determined by the singular values.

Theory #3: Kernel regime. Following an initial insight of [26], a number of groups proved
that, for certain initializations, the training dynamics and model learnt by overparametrized
neural networks is well approximated by certain linearly parametrized models. In the limit of very
wide networks, the training dynamics of these models converges in turn to the training dynamics
of kernel ridge(less) regression (KRR) with respect to a deterministic kernel (independent of the
random initialization.) We refer to [9] for an overview and pointers to this literature. Recently



[21] show that, in high dimension, the learning dynamics of KRR also exhibits plateaus and
waterfalls, and learns functions of increasing complexity over a diverging sequence of timescales.

While each of these theories offers useful insights, it is important to realize that they do not
agree on the basic mechanism that explains plateaus, time-scales separation, and incremental
learning. In theory #1, plateaus are associated to singular manifolds and high-dimensional
saddles, while in theories #2 and #3 they are related to a hierarchy of singular values of a
certain matrix. In #2, the relevant singular values are the ones of the input-output covariance,
and the fact that these singular values are well separated is postulated to be a property of the
data distribution. In contrast, in #3 the relevant singular values are the eigenvalues of the
kernel operator, and hence completely independent of the output (the target function). In this
case, eigenvalues which are very different are proved to exist under natural high-dimensional
distributions.

Not only these theories propose different explanations, but they are also motivated by very
different simplified models. Theory #1 has been developed only for networks with a small
number of hidden units. Theory #2 only applies to networks with multiple output units, because
otherwise the input-output covariance is a d x 1 matrix and hence has only one non-trivial
singular value. Finally, theory #3 applies under the conditions of the linear (a.k.a. lazy) regime,
namely large overparametrization and suitable initialization (see, e.g., [9]).

In order to better understand the origin of plateaus, time-scales separation, and incremental
learning, we attempt a detailed analysis of gradient flow for two-layer neural networks. We
consider a simple data-generation model, and propose a precise scenario for the behavior of
learning dynamics. We do not assume any of the simplifying features of the theories described
above: activations are non-linear; the number of hidden neurons is large; we place ourselves
outside the linear (lazy) regime.

Our analysis is based on methods from dynamical systems theory: singular perturbation
theory and matched asymptotic expansions. Unfortunately, we fall short of providing a general
rigorous proof of the proposed scenario, but we can nevertheless prove it in several special cases
and provide a heuristic argument supporting its generality.

The rest of the paper is organized as follows. Section 2 describes our data distribution,
learning model, and the proposed scenario for the learning dynamics. We review further related
work in Section 3. Section 4 describes the reduction of the gradient flow to a ‘mean field’
dynamics that will be the starting point of our analysis. Section 5 presents numerical evidence
of the proposed learning scenario. Finally, Sections 6 to 7 present our analysis of the learning
dynamics.

Notations. In this paper, we use the classical asymptotic notations. The notations f(g) =
o(g(e)) or g(e) = w(f(e)) as € — 0 both denote that |f(¢)|/|g(e)| — 0 in the limit £ — 0. The
notations f(g) = O(g(e)) or g(e) = Q(f(e)) both denote that the ratio |f(g)|/|g(¢)| remains upper
bounded in the limit. The notation f(¢) = ©(g(e)) or f(e) < g(e) denote that f(¢) = O(g(e))
and g(e) = O(f(¢)) both hold. Finally, f(g) ~ g(¢) denotes that f(¢)/g(¢) — 1 in the limit.

2 Setting and canonical learning order

We are given pairs {(z;,;)}i<n, where z; € R? is a feature vector and y; € R is a response
variable. We are interested in cases in which the feature vector is high-dimensional but does not
contain strong structure, but the response depends on a low-dimensional projection of the data.
We assume the simplest model of this type, the so-called single-index model:

Yi = o({ux, 7)), z; ~ N(0, Ip), us € ST, (1)

where ¢ : R — R is a link function, N(0, ;) denotes the standard multivariate Gaussian
distribution in dimension d, and S%! := {v € R? : |jv]s = 1}. We study the ability to learn



model (1) using a two-layers neural network with m hidden neurons:
1 m
f(x;aau)zizaia“uiax»: at, -+, am € R, ug, - )umESd_la (2)
mia

where (a,u) := (a1, -+ ,am,u1, - ,upy) collectively denotes all the model’s parameter and
o : R — R is the activation function of the neural network. The factor 1/m in the definition is
relevant for the initialization and learning rate. We anticipate that we will initialize the a;’s to
be of order one, which results in second layer coefficients a;/m = ©(1/m).

Remark 2.1. Standard initializations in deep learning frameworks yield second-layer coefficients
a;/m = 0O(1/y/m) [29, 23, 24]. However, it is increasingly clear that this initialization presents
fundamental limitations for large m. Notably, two-layers networks with this initialization
converges to kernel methods [37], and the latter cannot learn ridge functions from polynomially
many samples [20, 47].

It is well understood that, in order to drive the learning process outside the kernel regime
(for m — o0), it is necessary to set a;/m = ©(1/m). This is often referred to as the ‘mean-
field initialization’ [32, 13, 19, 1]. We notice that suitable generalizations of the mean-field
initialization are currently used in state-of-the-art implementations [45, 46].

The bulk of our work will be devoted to the analysis of projected gradient flow in (a;, u;)1<i<m
on the population risk

Fla,w) = SB{(y — f (0, ))°) )
= %E{ (go((u*,aU)) - ;gam«ui’x»f} ) (4)

In Section 7, we will bound the distance between stochastic gradient descent (SGD) and gradient
flow in population risk. As a consequence, we will establish finite sample generalization guarantees
for SGD learning.

Projected gradient flow with respect to the risk %Z(a,u) is defined by the following ordinary
differential equations (ODEs):

O(ea;) = —m0q, % (a,u), (5)
Ayu; = —m(Ig — uu) \Vu,Z(a,u). (6)

Here, £ can be viewed as the relative step size, namely the ratio between the first and second-layer
step sizes. It is useful to make a few remarks about the definition of gradient flow:

T

o The projection I; — u;u; ensures that u; remains on the unit sphere Se-1.

e The overall scaling of time is arbitrary, and the matching to SGD steps will be carried
out in Section 7. The factors m on the right-hand side are introduced for mathematical
convenience, since the partial derivatives are of order 1/m.

e As aforementioned, the factor £ introduced in the gradient flow of the a;’s plays the role of
the relative step size. Throughout the paper, we will keep ¢ as a free parameter independent
of m, and study the evolution of gradient flow for small . This corresponds to a setting
in which the second-layer coefficients are learned much faster than the first-layer weights.
We emphasize however that the small € limit is taken after the large m, d limits. Thus,
despite the second-layer weights are learnt faster, the evolution of first layer weights will
be crucial, and lead to true feature learning.



f%init

Figure 1: Cartoon illustration of the evolution of the population risk within the canonical
learning order of Definition 1.

We assume the initialization to be random with i.i.d. components (a; init, %i init):
(@4 init, Wi init) ~ P4 ® Unif (ST, (7)

where P4 is a probability measure on R. The unique solution of the gradient flow ODEs with
this initialization will be denoted by (a(t),u(t)). We will be interested in the case of large
networks (m — o0) in high dimension (d — oc). As shown below, the two limits commute (over
fixed time horizons).

Our main finding is that, in a number of cases, ¢ is learnt incrementally. Namely, the
function f(x;a(t),u(t)) evolves over time according to a sequence of polynomial approxima-
tions of ¢({u«,x)). These polynomial approximations are given by the decomposition of ¢
in L?(R, ¢(x)dx), where ¢(z) is the standard normal density: ¢(z) = exp(—22/2)/v/2r. (For
notational simplicity, we will use the shorthand L? instead of L?(R, ¢(z)dz) in the sequel.)

In order to describe the polynomial approximations learnt during the training more explicitly,
we decompose ¢ and ¢ into normalized Hermite polynomials:

p(z) =D erHer(2), o(z) =) oxHex(2). (8)
k=0 k=0

Here, Hey, denotes the k-th Hermite polynomial, normalized so that |[Heg|| 2k 4(z)dz) = 1-
As we will see, the incremental learning behavior arises for small €. By the law of large
numbers (see below), the following almost sure limit exists (provided P4 is square integrable)

1 2 1
%init = hm hm %(ainit,uimt) = — <§00 — 00 /CL PA(dCL)) + 5 Z QOz (9)

m—00
d—o0 2 k>1

We are now in position to describe the scenario that we will study in the rest of the paper.



Definition 1. We say that the canonical learning order holds up to level L for a certain target
function ¢, activation o, and distribution P 4, if the followings hold:

1. The limit below exists:

Roo(t,e) = lim lim Z(a(t),u(t)). (10)

m—o0 d—oo

2. There exist constants ca,...,cp+1 > 0 such that the following asymptotic holds as € — 0,
t—0:
PKinit ift=o(e),
3 k19 ift=w(e) andt = 4|011<p1|51/2 log% —w(e?),
1 . 1 1 1 1
Rooll:€) 5 2 2ke2 0k U= qpigelog s +w(e?) and 1= cpett —w(e),
F S smipr ift= 117D 4wV and t = et — w(e/HY
forall3<I<L+1.

Figure 1 provides a cartoon illustration of the canonical learning order.

At first sight, the setting of Eq. (2) is overly restrictive because we require ||u;||2 = 1 and we
do not have offsets in the activations. Therefore, it might seem that s = 1 and ¢ = ¢ is required
in order to approximate arbitrarily well the target function. In contrast, the next proposition
shows that the network (2) enjoys universal approximation properties.

Proposition 1. Assume that o is Lipschitz continuous and generic in the following sense: the
decomposition of o into Hermite polynomials does not have any coefficient equal to 0. For any
Lipschitz function ¢ : R — R, |lusll2 = 1, and 2 ~ N(0, 1) such that E{o((us, x))?} < oo, there

exists a sequence m — oo and a™, u(™ with ||ul(m)H2 =1 such that

lim lim E{(p((u.,2)) = f(z:a™,u™))*} = 0.

This result is not surprising in view of the arguments in the next sections, which suggest
that indeed gradient flow constructs such an approximation for a broad class of functions of the
form fi(z) = ¢((u«, x)). We nevertheless give an independent proof in Appendix A.

A specific realization of our general setup is determined by the triple (o, ¢, P 4), In the rest of
the paper, we will provide evidence showing that the canonical learning order holds in a number
of cases. Nevertheless, we can also construct examples in which it does not hold:

e If one or more of the Hermite coefficients of the activation vanish, then the canonical
learning order does not hold for general ¢. Specifically, if o = 0, then for any t the
function f(z;a(t),u(t)) remains orthogonal to Hey((us,z)). In particular, if ¢ # 0 then
the risk remains bounded away from zero for every t. We refer to Appendix E.1 for a
formal statement.

o If the first k + 1 Hermite coefficients of ¢ vanish, pg = --- = @ = 0, k > 1, then the
canonical learning order does not hold. (See Appendix E.2 for the proof.)

e In fact, we expect the canonical learning order might fail every time one or more of the
coefficients ¢ vanish, for k > 1. Appendix E.3 provides some heuristic justification for
this failure.

Remark 2.2. We can compare the canonical learning order described here to the ones in earlier
literature and described as theory #1, #2, #3 in the introduction. There appears points of
contact, but also important differences with both theory #1 and #3:



e As in theory #1, the plateaus and separation of time scales arise because the trajectory of
gradient flow is approximated by a sequence of motions along submanifolds in the space of
parameters (a,u). Along the I-th such submanifold f(zx;a,u) is well-approximated by a
degree-I polynomial. Escaping each submanifold takes an increasingly longer time.

This is reminiscent of the motion between saddles investigated in earlier work [41, 17, 44].
However, unlike in earlier work, we will see that this applies to networks with a large
(possibly diverging) number of hidden neurons. Also, we identify the subsequent phases of
learning with the polynomial decomposition of Eq. (8).

e As in theory #3, subsequent phases of learning correspond to increasingly accurate
polynomial approximations of the target function ¢((u.,z)). However, the underlying
mechanism and time scales are completely different. In the linear regime, the different
time scales emerge because of increasingly small eigenvalues of the neural tangent kernel.
In that case, the time required to learn degree-I polynomials is of order d' [21].

In contrast, in the canonical learning order, polynomials of degree [ are learnt on a time
scale of order one in d (and only depending on the learning rate €). This of course has
important implications when approximating gradient flow by SGD. Within the linear
regime, the sample size required to learn a polynomial of order I scales like d' [21], while
in the canonical learning order, it is only of order d (see Section 7).

3 Further related work

As we mentioned in the introduction, plateaus and time scales in the learning dynamics of kernel
models were analyzed by [21]. A sharp analysis for the related random features model was
developed by [12].

Our analysis builds upon the mean-field description of learning in two-layer neural networks,
which was developed in a sequence of works, see, e.g., [32, 40, 13, 33]. In particular, we leverage
the fact that, for the data distribution (1), the population risk function is invariant under
rotations around the axis us, and this allows for a dimensionality reduction in the mean field
description. Similar symmetry argument were used by [32] and, more recently, by [1].

The single-index model can be learnt using simpler methods than large two-layer networks.
Limiting ourselves to the case of gradient descent algorithms, [31] proved that gradient descent
with respect to the non-convex empirical risk Ry (u) :=n~ 17 (i — o(u' x;))? converges to a
near global optimum, provided ¢ is strictly increasing. [4] considered online SGD under more
challenging learning scenarios and characterized the time (sample size) for |(u, us)| to become
significantly larger than for a random unit vector wu.

Learning in overparametrized two-layer networks under model (1) (or its variations) has been
studied recently by several groups. In particular, [6] considers a training procedure which runs a
single step gradient descent followed by freezing the first layer and performing ridge regression
with respect to the second layer. This scheme is amenable to a precise characterization of the
generalization error. [11] consider a similar scheme in which a first phase of gradient descent is
run to achieve positive correlation with the unknown direction w,. [14] also consider a two-phases
scheme, and prove consistency and excess risk bounds for a more general class of target functions
whereby the first equation in (1) is replaced by

yi:gO(iji)—i-Ei, U*GRka,gO:Rk—)R, (11)

with k£ < d. In particular, near optimal error bounds are obtained under a non-degeneracy
condition on V2.

[1] consider a similar model whereby x ~ Unif({+1, —1}9), and y = ¢(zs) where S C [d],
and zs = (7;)ies (i.e., vg contains the coordinates of = indexed by entries of ). Under a



structural assumption on ¢ (the ‘merged staircase property’), and for |S| fixed, they prove the
two stages algorithm learns the target function with sample complexity of order d. This paper
is technically related to ours in that it uses mean-field theory to obtain a characterization of
learning in terms of a PDE in a reduced (k + 2)-dimensional space.

A similar model was studied by [8] that bounds the sample complexity by d9%) for learning
parities on k bits using gradient descent with large batches (if £ = O(1), [8] require O(1) steps
with batch size d°®*)).

Let us emphasize that our objective is quite different from these works. We implement a
simple online SGD algorithm with additional projection steps, and try to derive a precise picture
of the successive phases of learning (in particular, we do not consider two-stage schemes or
layer-by-layer learning). On the other hand, we focus on a relatively simple model.

To clarify the difference, it is perhaps useful to rephrase our claims in terms of sample
complexity. While previous works show that the target function can be learnt with O(d) samples,
we claim that it is learnt by online SGD with test error r from about C(r,e)d samples and
characterize the dependence of C(r,e) on r for small . (Falling short of a proof in the general
case.)

After posting an initial version of this paper, we became aware that [3] independently derived
equations similar to (15)-(19), (26), (130). There are technical differences, and hence we cannot
apply their results directly. However, Section 4.3 and Appendix B.4 are analogous to their work.

4 The large-network, high-dimensional limit

The first step of our analysis is a reduction of the system of ODEs (5), (6), with dimension
m(d+ 1) to a system of ODEs in 2m dimensions. We will achieve this reduction in two steps:

(1) First we reduce to a system in m(m+3)/2 dimensions for the variables a;, (u;, u;), (u;, us).
This reduction is exact and is quite standard. It is done in Section 4.1.

(i1) We then show that the products (u;, u;) can be eliminated, with an error O(1/m). This
is done in Section 4.2. As further discussed below, the resulting dynamics could also be
derived from the mean field theory of [32, 40, 13, 33] (with the required modifications for
the constraints ||u;|| = 1).

In order to define formally the reduced system, we define the functions U,V : [-1,1] — R via:

V(s) = B{e(G) o(Go)t = Y onons®,  (G,Gy) ~ N (o, [i 1]) , (12)

k>0

U(s) =E{co(G)o(Gs)} = Z opsk. (13)

k>0

Note that the above identities follow from [36, Proposition 11.31]. Throughout this section, we
will make the following assumptions.

A1. The distribution of weights at initialization, P 4 is supported on [—My, M].

A2. The activation function is bounded: ||o||,, < Ms. Additionally, the functions V' and U
are bounded and of class C?, with uniformly bounded first and second derivatives over
€ [—1,1]. A sufficient condition for this is
sup {[lo’l| 2, [lo”l| 2} < Mo, sup {{l@lle &'z €]l 12} < Mo

A3. Responses are bounded, i.e., ||¢]|oo < Ms.



Remark 4.1. We hereby briefly explain the sufficiency of L2-boundedness of derivatives of o
and ¢ as claimed in Assumption A2. Suppose for example that ||o||;> < M and ||¢'[|;2 < Mo,
then we have

a (®)
s [V(5)| 2 sup [B{G(G) o (G < 116 1ol 0 < ME, (14)

se[—1,1] se[—1,1]
where (a) follows from Gaussian integration by parts and (b) follows from Cauchy-Schwarz

inequality.

4.1 Reduction to d-independent flow

Our first statement establishes reduction (i) mentioned above. The proof of this fact is presented
in Appendix B.1.

Proposition 2 (Reduction to d-independent flow). Define s; = (uj, uy), rij = (usi, uj) for

i,j=1,...,m. Then, letting R = (ri;)i j<m, we have
K(a,u) = Reeala,s, R) 1= iungLQ - > aiVi(si) + Z U(rij) (15)
i=1 j=1

If (a(t),u(t)) solve the gradient flow ODEs (5)-(6) then (a(t),s(t), R(t)) are the unique solution
of the following set of ODEs (note that ri;; = 1 identically)

eda; = Z a;U(ri5) (16)

Ors; = aj (V (5)(1 — 57) — . Za]U’ (i) (84 rws,)) , (17)

7j=1

Orij =a; (V’(si)(sj SiTij) Zap (rip)(Tjp — T‘ipTij)) , (18)

+ a; (V (S])( 5]”] Z ap TJP Tlp - ijrij)) : (19)

The input dimension d does not appear in the reduced ODEs, Eqs. (16) to (19), and only
plays a role in the initialization of the s;’s and the r;;’s. Namely, since w; init ~ Unif (S1), we
can represent u; init = gi/||gil|2 with g; ~ N(0, I4/d). By concentration of | g;||2, this implies that,
for 1 <i < j <m, s;, r;; are approximately N(0,1/d).

This discussion immediately yields the following consequence.

Corollary 1. Let (a(t),u(t)) be the solution of the gradient flow ODEs (5), (6) with initializa-
tion (7), and let (a%(t), s°(t), R°(t)) be the unique solution of Egs. (16) to (19), with initialization
a?(0) = a;(0), s¥(0) = 0, 7’%(0) = 0 for i # j. Then, for any fized T (possibly dependent on

m but not on d), the followings holds with probability at least 1 — exp(—C'm) over the i.i.d.
indtialization (a;(0),ui(0))ig[m)-

CM
S [99(at) u(t)) — Healal (D) £°(0), B O)] < 77 exp (MT(+ 7)) (20)
X 1 2,2
max (tes[lcl]%] \FHQ( ) — (t)HQa T tes[l(l)%} l|ls(t) — ( )||2> 7 Cexp (MT(I +T)°/e ) ,

(21)

10



1 2
S LIR®) - Rk < 5 Cew (MT(1+T)2/e) . (22)

Here C,C" are absolute constants and M only depends on the M;’s in Assumptions A1-AS3.

The proof of Corollary 1 is deferred to Appendix B.2. From now on, we will assume the
initialization s?(0) = 0, 79 (0) = 0 for i # j, but drop the superscript 0 for notational simplicity.
We notice in passing that the right-hand sides of Eqs. (20) to (22) are independent of m: this
approximation step holds uniformly over m. (Note that the left hand sides are normalized by m
as to yield the root mean square error per entry.)

4.2 Elimination of the products (u;,u;)

In order to state the reduction (ii) outlined above, we define the mean field risk as

1 1 &
Rrni(a, 8) := Rrea(a, s, R = SST) — 5“@”?:2 - ZaiV(sl Z a;a;U(s;s;)) (23)
i=1 i,j=1

Further, we denote by {a(t), si*(t) ’-’;1 the solution to the following ODEs:

i)

eda; = Zaj (sisj)

Ors; = a; (17522) ( Za] (sisj)s ) .

Note that (24) would be identical to (16)-(17) if we had r;; = s;5;. A priori, this is not the case.
However, the two systems of equations are close to each other for large m as made precise by
our next proposition, which formalizes reduction (7).

The intuitive explanation for the approximation r;; =~ s;s; is quite interesting. For large m,
due to ‘propagation of chaos’, the neuron weights {(u;, a;) }i<m are approximately independent.
Further, because of the symmetry of the problem under rotations that keep u, fixed, weights
(u;)i<n are approximately uniformly distributed conditional on s; = (u;, us). As a consequence,
decomposing u; = sjus + uf-, we have r;; = s;5; + (uZJ-, u]L) with uf-, uj- approximately uniform
on span{u,}* and independent. Therefore, in high dimensions we have r;; ~ s;s;.

(24)

Proposition 3 (Reduction to flow in R?™). Let (a;(t), si(t), 7:;(t))1<i<j<m be the unique solution
of the ODEs (16)-(19) with initialization s;(0) = 0, r;(0) = 0 for all 1 < i # j < m.
Let (a(t), s(t))i<m be the unique solution of the ODEs (24) with initialization s (0) = 0,

ar*(0) = a;(0) for all i < m.

1

If assumptions A1-A3 hold, then for any T < oo there exists a constant
C(T) = M exp(MT(1 + T)?/?) (25)
(with M depending on the constants {M;}1<i<3 appearing in Assumptions A1-A3 only) such

that:
T
sup L3 (as(8),si(t)) — (ar*(0), s 2 < CEL

tefo,7) M ;5 m

Consequently,

e < €O
tes[%%]|%red(a(t)73(t)7R(t)) R (™ (1), 5™ (t))] Jm

The proof of this proposition is deferred to Appendix B.3. Now, combining the propositions
and corollaries in this section, we deduce that with high probability over the i.i.d. initialization,

| /\

mf 2/ 2
S VP (a(0) lt)) = Fae (0" (0,57 (0)] < (f+f) CMexp(MT(L+T)2/€2).  (26)
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4.3 Connection with mean field theory

Consider the empirical distributions of the neurons:

~ 1 &
Pri=— 3 Oait)si(t) (27)
i=1
1 m
pe= Z 5(agnf(t),sglf(t)) ’ (28)
i=1

with (a;(t), si(t))i<m, (@ (t), s (t))i<m as in the statement of Proposition 3, i.e., solving
(respectively) Eqs. (16)-(19) and Eq. (24) with initial conditions as given there.

Then, it is immediate to show that p; solves (in weak sense) the following continuity partial
differential equation (PDE) (we refer to [2, 42] for the definition of weak solutions and basic
properties, and Appendix B.4 for a short derivation.)

atpt(a7 3) = _v ' (pt\:[l (a’7 S3 ,Ot)) (29)
= = (0a (pe¥a (a; 5 p1)) + s (P Vs (a, 57 p1))) (30)

where ¥ = (V,, ¥,) is given by
U, (a,s;p) =1 (V(S) - /R2 alU(ssl)p(dal,dsl)> , (31)
U,(a,s;p) =a(l —s?) - (V’(s) - /]R2 alslU’(ssl)p(dal,d31)> . (32)
This equation can be extended to a flow in the whole space (Z?(R?), Ws) (all probability measures

on R? equipped with the second Wasserstein distance), and interpreted as gradient flow with
respect to this metric in the following risk:

1 1
Rmi s (p) = 5”90”%2 - /GV(S) p(da,ds) + 3 /alazU(Slsz) p(dai,dsy) p(dag,ds2) ,  (33)

which is the obvious extension of Z,(a,s) of Eq. (23) to general probability distributions.
Proposition 3 implies that for any 7' < oo, and under the above initial conditions,

M g2
sup W2 pt,pt \/ eXp ) / ) (34)
t€[0,T]

If we further denote by pf the empirical distribution of (a;(t),s;(t)), i < m, when s;(0) =
(u;(0), u4), u;(0) ~ Unif(S¥~1), a further application of Corollary 1 yields

M exp(MT(1+T)2/e?
sup Wa(p, pr) Y/ )-

35
t€[0,T] mAd (35)

Starting with [32, 13, 40], several authors used continuity PDEs of the form (29) to study
the learning dynamics of two-layer neural networks. Following the physics tradition, this is
referred to as the ‘mean-field theory’ of two-layer neural networks. Appendix B.5 sketches an
alternative approach to prove bounds of the form (26), (35) using the results of [32, 33]. The
present derivation has the advantages of yielding a sharper bound and of being self-contained.

4.4 A general formulation

As mentioned above, the system of ODEs in Eq. (24) is a special case of the Wasserstein gradient
flow of Eq. (29) whereby we set pg = m~! 31", S (ami(0),smf(0y)- 10 order to study the solutions of

12



Eq. (29) (hence Eq. (24)) we adopt the following framework. Let (€2, p) denote a probability
space. Let a = a(w,t) and s = s(w,t) (w € 2, t > 0) be two measurable functions satisfying
(dropping dependencies in ¢ below)

Ora(w) =V (s(@)) ~ [ a)U(s(w)s())dp(v)
rslie) =a(w) (1= 5()?) (V@) = [ al)U'(s)s))s()dp(v))

fw=ieQ=/{1,...,m} endowed with the uniform measure, we obtain the equations (24). In
general, the push-forward p; of the measure p through the map w € Q + (a(w,t), s(w,t)) € R?
satisfies the mean-field equation (29). As a consequence, the dynamics (36) can be viewed as a
gradient flow on the risk

Fais() = 501 = [ @)V (s dp(w) + 5 [ alwnaa)l (s(en)s(wa)dplendpen) . (37)

We next characterize the landscape of the risk function Z,.;«(p). In particular, we establish
that under certain conditions, the global infimum of %, «(p) is 0.

(36)

Proposition 4. The risk function X «(p) can be expressed as
1 o0

o) = 53" (- on [ o)) an(e) (38)

k=0
Assume that o, # 0 for all k > 0, and that

oo oo
Za,%<oo, Zcpi<oo.
k=0 k=0

Then, for any 6 > 0, there exists a triple (a,s,p) such that a € L*(p), s € [~1,1], and
i (p) < 2.

This proposition is proved in Appendix B.6.

Remark 4.2. Proposition 4 complements Proposition 1 which establishes approximability of
the target function f.(z) = ¢({(u«,x)) using the networks (2) (Proposition 4 can be seen as
an m = d = oo version of the latter). We note that the proofs of these propositions also
provides insight into the structure of approximators. Namely, we can take the weights u; to
be i.i.d. with distribution p(u)du that is symmetric under rotations around u., and a; = a(u;),
a(u) = a(u)p(u) is concentrated close to (u.,u) = 0 (on a scale that can rely on the desired
approximation error).

Indeed, the analysis of gradient flow in Section 6 reveals that the solutions found by gradient
flow are of this nature. Namely, neurons develop a small but strictly positive alignment with ..
The distribution and size of the alignment evolves over time.

Remark 4.3. The results in this section can be generalized to multi-index models: y = ¢(U, z)
where U, € O(d, k), the space of d x k orthogonal matrices. Further, the corresponding limiting
dynamics become

eda(w) =V (s(w)) — /a(u)U (s(w)Ts(u)) dp(v),
Ous(w) =a(w) (I - s()s()7) <VV(s(w)) - / AU’ () Ts(v)) s(u)dp(y)) .
Here, s(w) € R¥ represents U,/ u(w), and for s € R¥, ||s]|, < 1:
V(s) =E[p(G)o(Gs)], (G,Gs)~ N <07 l;’ﬂi f|> .

The definition of U is the same as before.
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Figure 2: Simulation of the simplified neuron dynamics of Eqgs. (24), with the target function of
Eq. (39) and ReLU activations. We use learning rate ratios ¢ = 10~3 (left) and £ = 107 (right)
and we use m = 10 neurons. First two rows: evolution of the risk %, of Eq. (23), in linear and
log-scales. Third row: evolution of the first three terms of the sum of (40).

5 Numerical solution

In Figure 2, we present the result of an Euler discretization of Eqs. (24) where ¢ is a degree-2
polynomial and o is the ReLU activation: o(s) = max(s,0),

o(s) = Heg(s) — He (s) — %Heg(s)
_{, 22 2,2 , (39)
il el I A o

These plots clearly display two of the features emphasized in the introduction: (i) plateaus
separated by periods of rapid improvement of the risk; (i7) increasingly long timescales (notice
the logarithmic time axis in the second and third row).

In order to examine the incremental learning structure, we rewrite the risk %, of Eq. (23)

14
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Figure 3: Same simulation as in Figure 2 (b). In these plots, we show the evolution of the a;
and the s; for i € {1,...,m} following a discretization of Eqgs. (24).

by decomposing ¢ and o in the basis of Hermite polynomials

2
1 m
Fi(a,8) = 5 > (cpk - % Zwﬁ) : (40)
=1

k>0

We observe that, for small ¢, the Hermite coefficients of ¢ are learned sequentially, in the order
of their degree. When ¢ is sufficiently small (right plots), this incremental learning happens in
well separated phases. The plateaus and waterfalls in the plots of Z.,¢ correspond to the network
learning increasingly higher degree polynomials.

In Figure 3 we plot the evolution of the values of the a; and s;, for i € {1,...,m}. We
observe that the overall order of magnitude of the a;’s and the s;’s increases when passing
through the different phases of the incremental learning process. In the mean time, some of the
a;’s and s;’s will undergo a sign change during the learning process, which is characterized by a
sudden decrease and subsequent rapid increase in its magnitude.

Altogether, the results of Figures 2 and 3 are consistent with the canonical learning order up
to level L = 2 as per Definition 1. While we conjecture that incremental learning also occurs for
higher-order polynomials, we found this hard to observe in numerical simulations: we would
need to take € much smaller than in Figure 2, resulting in prohibitively large simulation costs.

First, as predicted in Definition 1, the times at which the components are learned are closer
on a logarithmic scale as the degree increases. It is therefore increasingly difficult to observe
time scales corresponding to higher degrees.

Second, we expect there to be a choice of the initialization (a@init,ui,init)ie[m], activation
and target function, for which not all the components of ¢ are actually learnt. We observed
empirically that this happens easily for small m.

To conclude this section, in Figure 4 we compare the simplified neuron dynamics (MF) of
Eq. (24) and the evolution of projected gradient descent for the original two-layer neural network
(NN). From the plots we observe two remarkable phenomena: (1) the evolution of the risk for
NN and MF are close to each other during the entire learning process for both large learning
rate ratio (¢ = 1) and small (¢ = 1072), and their risk curves have the same qualitative behavior
even if m is small (m = 10); (2) as we increase the value of m from 10 to 50, the alignment
between the learning curves of NN and MF improves significantly. These observations justify
our argument in Section 4.2 that the inter-neuron correlations r;; are well approximated by s;s;
for wide networks.
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Figure 4: Comparison between the simplified neuron dynamics (24) (MF) and projected gradient
descent for the two-layer neural network (2) (NN), with the same target function and activation
as the simulations in Figure 2. We use four different combinations of (learning rare ratio, network
width): (e,m) = (1,10) (first row), (¢,m) = (1,50) (second row), (£,m) = (1073, 10) (third row),
and (g,m) = (1073,50) (fourth row). Left panel: evolution of the risk %, for NN and MF on a
logarithmic scale. Right panel: evolution of the first three components of %, (constant, linear,
and quadratic) for NN and MF.
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6 Timescales hierarchy in the gradient flow dynamics

We are interested in the behavior of the solution of the ODEs (36), initialized from s(w,0) = 0
for all w (as per Proposition 3). The canonical learning order of Definition 1 concerns the
behavior of solutions for € — 0. This type of questions can be addressed within the theory of
dynamical systems using singular perturbation theory [25]. Here, ‘singular’ refers to the fact
that e multiplies one of the highest-order derivatives. In Eq. (36), ¢ multiplies the differential
term Oia(w), so that the ODE system becomes singular in the limit ¢ — 0. In particular, it
degenerates to the following system of differential-algebraic equations:

Vis@) = [ a@)U(s)sw)dp(w),

(41)

0rs(0) =ale) (1= 0)?) (VV(st6)) = [ alo)U"(s()s(0))s()dp(w) )
Due to singularity, the qualitative behavior of the above system is dramatically different from
that of Eq. (36) with e small but non-zero. This is in stark contrast to regular perturbation
problems, for which the limiting dynamics will still be a system of differential equations with
the same order and similar qualitative behavior as the perturbed system.

As a side remark, we note that the system (36) can be seen as a slow-fast dynamical system,
where the a(w)’s are the fast variables and the s(w)’s are the slow variables [10]. Formally,
the time derivative of the a(w)’s is multiplied by a factor (1/¢). From a dynamical systems
perspective, the present case is made complicated because of a bifurcation when the s(w)’s
become non-zero.

The canonical learning order provides a detailed description of this bifurcation. We will
motivate this scenario using a classical, but non-rigorous, technique of singular perturbation
theory, called the matched asymptotic expansion [25, Chapter 2|. This technique decomposes
the approximation of the solution in several time scales on which a regular approximation
holds. These time scales are traditionally called layers in the literature; however, we avoid this
terminology due to the potential confusion with the layers of the neural network.

We will work mainly using the Hermite representation of the dynamical ODEs (36), which
we write down for the reader’s convenience:

edra(w) = liaks(w)k (‘Pk — Uk/@(V)S(V)de(V)> )

Os(w) = a(w) (1 - s(w)z) i kops(w)F! (gok — Uk/a(u)s(u)kdp(y)> .
k=1

The rest of this section is organized as follows. We first give a brief overview of the method
of matched asymptotic expansions and a summary of our main results regarding the learning
timescales in Section 6.1. Sections 6.2-6.4 respectively describe the first three time scales of
the matched asymptotic expansion of (42). This gives, for each time scale, an approximation
of the a(w), s(w). In Appendix C.2, we detail how these sections induce an evolution of the
risk alternating plateaus and rapid decreases, and support the standing learning scenario of
Definition 1. Finally, in Section 6.5, we conjecture the behavior on longer time scales.

Notations. We denote 1 the constant function 1 :w € Q2+ 1 € R. Denote (.,.)12(, the dot

product on L?(p) and [l z2(py the associated norm. For z € L?(p), we denote | the orthogonal
projection of 2 on the hyperplane 1+ of L?(p) of functions orthogonal to 1:

) (w) =x(w)— /:L‘(y)dp(u) .

We denote ainit(w) = a(w,0) and thus a i is the orthogonal projection of aj,i; on 1+
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6.1 Matched asymptotic expansions

The method of matched asymptotic expansions is a common approach to finding approximate
solutions of perturbed differential equations. In the present paper, we are mainly interested
in applying this technique to approximate the solution to the specific singularly perturbed
ODE system' of Eq. (42). Denoting by ¢ the independent variable and by ¢ the perturbation
parameter, the method of matched asymptotic expansions consists of the following three steps:
(1) Divide the domain of t (generally a subinterval of R) to several subdomains, which may
overlap each other and depend on the perturbation parameter ¢; (2) Within each subdomain,
find an accurate approximation to the perturbed system. This is usually achieved by expanding
the perturbed system in powers of €, and keeping only terms that are relevant to the current
domain; (3) The approximate solutions obtained in Step (2) might not be valid in the overlap of
two adjacent subdomains. To resolve this issue, these approximate solutions are then combined
together through a process called “matching” to produce an approximation that is valid on the
entire domain.
In our setting, the singularly perturbed system (42) takes the form of

Eata(w) = f(a(w), S(w))v
Oys(w) =g(a(w), s(w)).

We will carry out explicit calculations for the first three time scales in Sections 6.2-6.4, respectively.
Here is a summary of our main findings:

e In Section 6.2 we explore the learning of the constant component of the target function,
which happens at the timescale ¢ = O(g). At the end of this phase, the mean-field risk
(see (37)) evolves to

1
Pt = 5 2Pk +0(e). (43)
E>1
In other words, during this phase, gradient flow learns the constant term in ¢. At the end
of this time scale we have a(w) = O(1) and s(w) = O(¢).

o Then, in Section 6.3 we investigate the second time scale t = tye'/2, t5 < clog(1/e), during
which the a(w)’s and s(w)’s increase to a different order in . The result of this time scale
is mainly technical and needed to understand the transition to the time scale of Section
6.4. We also perform the matching procedure to combine the approximate solution within
this time scale to the one obtained in Section 6.2. At the end of this time scale we have
a(w) = O(e2) and s(w) = O(et2e1/2),

e To understand the evolution of the risk relevant to learning the linear component of ¢, we
introduce a new time scale ¢t = 4“;01'51/2 log % +©(e'/?) in Section 6.4, and show that the
linear component can be learned within this time scale. To be more accurate, at the end

of this time scale we have

1 1
Rty = 5 2k + O, (14)

k>2
and a(w) = O(e~*) and s(w) = O(/*).

Finally, in Section 6.5, we conjecture the behavior of the approximate solutions and induced
risks for longer time scales.

! Although we keep calling this an ODE system, it is important to keep in mind that it takes place in an
infinite-dimensional space.
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6.2 First time scale: constant component
We define a “fast” time variable ¢; = t/¢ and replace it in Eq. (42). We expand the solutions
a(w) and s(w) in powers of e:
a(w) = aOw) + eaM (W) + e2a@ (W) + ..., (45)
s(w) = sO(w) + sV (w) + 25D (w) + ..., (46)
where a(®(w), e (w), a@ (W), ..., 5O (w), sV (w), sP(w), ... are implicitly functions of t;. They
are initialized at
aO(w,t1 = 0) = ani (W), aM(w,t; =0)=0, aP(w,t; =0)=0, e (47)
sO(w,t; =0)=0, s (w,t; =0) =0, s (w,t; =0)=0, . (48)
to be consistent with the initial condition a(w,t; = 0) = a(w,t = 0) = ainit(w) and s(w,t; =

0) = s(w,t =0)=0.
We substitute the expansion in (42):

atl ( )—i—a@tl ( )+ ... )
:f: ( w) 4 esM(w )+‘__>k o

x (apk—ak/(a<0)(u)+ga(1>(y)+...) (sOw) + s )_'_“.)kdp(y)) .

1,5 (w) + edy, sV (w) + . .. o
= (W) +eaV(w) +...) (1 ~ (59w) + sV (w) +...)2> o

- Zk"’“( W) +esw) +...) o

« (cpkak/(a( W) +eaV(w) +...) (5(0)(1/)+5s(1)(1/)+...)kdp(1/)> o (55)

The basic assumption of matched asymptotic expansions is that terms of the same order in ¢
can be identified (with some limitations that we develop below). For now, let us identify terms

of order 1 = £9:
t "o Uow —on [a®0) (s90)) do)) |
) = Yo (40w) (1= a1 [ a0) (s00)" () (56)
91,5 (w) = 0. (57)

From (57) and (48), we have s (w) = 0: time t; = O(1) < t = O(e) is too short for the s(w)
to be of order 1.
Substituting s(%) (w) = 0 in (56), we obtain

9y,a0(w) = o (<p0 — 0y /a(o)(u)dp(y)> : (58)

Recall that (.,.)r2(,) is the dot product on L?(p), 1 denotes the constant function 1 : w € Q
1 € R and a; is the orthogonal projection of a on 1+. Equation (58) can be rewritten as

01, (a9, 1) 12,y = 00 (@0 - 00<a(0)7]1>L2(p)) ;
&glai) = 0,
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which gives after integration (using (47)):

0 —o2t —o2t ¥0
(@, 1) 2,y = €0 (ainie, 1) 12(,) + (1 _ 7% 1) 2. (59)

__
G| = a] init -

At this point, we have determined a(”) (w) and s (w), and thus a(w) = a®(w) + O(e) and
s(w) = 59 (w) + O(e) up to a O(e) precision, which is sufficient to obtain a o(1)-approximation
of the risk Z,.;« (see Section C.2). However, note that we could obtain more precise estimates by
identifying higher-order terms in (49)-(55). For instance, identifying the O(e) terms in (52)-(55),
we obtain 9y, s (w) = a(®)(w)o1¢;1. This shows that the s(w) become non-zero, though only of
order £ on the time scale t; =< 1; the inner-layer weights develop an infinitesimal correlation with
the true direction u, thanks to the linear component of ¢ and .

The approximation constructed above should be considered as valid on the time scale
t1 x1&t=<e. Ase — 0, we obtain the following approximation of the risk (see Eq. (37) for
definition, and Appendix C.2 for a detailed derivation):

%mf,* = 56 Ol (4,00 — 0g <amit, ]1>L2(p)> + 5 I;‘Pk + 0(5) .

This approximation breaks down when we reach a new time scale, at which the s(w) are large
enough for the a(w) to be affected (at leading order) by the linear part of the functions. We
detail the new time scale and its resolution in the next section.

6.3 Second time scale: linear component I

In this section, we seek a second, slower time scale, for which the behavior of the asymptotic
expansion is different.

Identification of the scale. Consider t3 = 6%, where 7 < 1 is to be determined. We rewrite
the system (42) using t2, and expand the solutions a(w) and s(w):

a(w) = a®(w) + ?aV (W) + e¥aP (w) + ..., (60)
sw) = sV (w) + e¥s@ (W) + ..., (61)

where the exponent ¢ is also to be determined. (Since within the previous time scale we obtained
s(w) = O(e), it is natural to assume 59 (w) = 0.)

Let us pause to comment on our method.

Similarly to what has been done in the previous time scale, we will substitute the expan-
sions (60)-(61) in the equations (42) in order to compute the different terms in the expansion.
However, this step also allows us to compute the exponents v and §, that give respectively the
new time scale and the size of the s(w)’s.

Note that we should have proceeded similarly for the first time scale, by introducing a first
time variable t; = E%, expanding a(w), s(w) in powers 1, g% 20" . and determining v and
0" a posteriori. This would have led, indeed, to v/ = 1 and §' = 1. However, for simplicity, we
preferred to fix these values that are natural a priori.

Finally, note that the expansions (45)-(46) and (60)-(61) are different, because they are valid
on different time scales. In fact, the only coherence conditions that we require below is that the
expansions match in a joint asymptotic where t; = é — o0 and ty = a% — 0. We thus build
different approximations for each one of the time scales, with some matching conditions; this
justifies the name of matched asymptotic expansion.

We now return to our computations and substitute (60)-(61) in (42):
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e89,a0 W) +... = Z o (565(1)(w) +... )k

k=0
X (cpk - ak/ (a(o)(u) +.. ) (553(1)@) +... )kdp(u)> ,
0,sV(w)+... =& (a(o) (W) + .. ) (1 - (555(1)(w) +... )2) i ko (565(1)((.0) +... )k_l

k=1

X <<pk - O'k/ (a(o)(u) +.. ) (555(1)@) +... )kdp(y)> ,

and thus
70,00 (W) + O = oy (wo — 09 / a“”(u)dp(v)) (62)
=003 [dD)apv) + LorpsDw) + 0E), (63)
98,5 (w) + 0(e%) = 701010 (w) + O(e719) . (64)

For the first time scale, we chose v = § = 1, so that the terms of order £° were negligible
compared to e~79;,a® (w) in (62). This means that the linear components oy, p; of the
functions had no effect on the a(w) at leading order. We are now interested in a new time scale
where £'770;,a(") (w) and %0115 (W) are of the same order, i.e., 1 —~ = §; then the linear
components play a role in the dynamics.

Further, for s (w) to be non-zero, we need both sides of (64) to be of the same order, thus
d = . Putting together, this gives v =0 = 1/2.

Derivation of the ODEs for this time scale. Let us summarize equations. For t5 = 51%
and

a(w) = V(W) +eaM W) +...,
s(w) =esM(w)+...,

we have from (62)-(64):

120,09(w) = o0 (0 — o0 [ a?()ap(0) ) (65)
i [ d00)p) + Hiorers(w) +0(). (66)
20,5 (w) = %0101 " (w) + O(e) . (67)

First, we identify the terms of order 1 = £Y:

0=a0 (000 [ ¥ ()dp(r)) (65)
This means that the trajectory remains in the affine hyperplane defined by g = g [ a(® (v)dp(v).
Intuitively, the constant component of ¢ remains fitted by the neural network in this second

time scale.
Second, we identify the terms of order "2 in (65)-(67):

91,00 (w) = —o? /a(l)(V)dP(V) + o115 (w) (69)
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Ay, sM (w) = o110V (W) . (70)

Note that, in Egs. (69)—(70), the time derivative of a® does not appear, and therefore the
evolution of aV) is not determined by these equations. In fact, a(!) is best interpreted as the
Lagrange multiplier associated to the constraint (68). Namely, this is a free term that can be
adjusted so that the solution of the system (69)—(70) satisfies the constraint (68). We can check
unknown term in (69) leaves the right degree of freedom such that this is the case: we have

0=0, (‘jg) = 0 ( [a® <w>dp<w>) = o [a0)d0) + o101 [ 50 @)do(e).

In this last expression, the first unknown term can always compensate the second term so that
the constraint is satisfied. The entire evolution of a(!) is determined by higher orders in the
expansion.

To eliminate this Lagrange multiplier, we use again the compact notations:

9,a? = —g2(aM, D2l + arprst) (71)
(?th(l) = Ulwla(o) , (72)
and thus
OtQa(f) = 01<,0185_1) , (73)
atQSS_) = algolai) . (74)

Matching. The initialization of the ODEs (71)-(72) for the second time scale is determined by
a classical procedure that matches with the previous time scale. In this paragraph, we denote
a, s the approximation obtained in the first time scale (Section 6.2), and @,s the approximation
in the second time scale, described above.
Consider an intermediate time scale ¢t = 6%, /2 < a < 1, and assume t =<1 so that
t t

t a—1/23
tlzgzel_a—)OCM tZZMZE t—0.

In this intermediate regime, we want the approximations provided on the first and the second
time scales to match: a(t) and @(t) (resp. s(t) and 5(#)) should match to leading order.
From the first time scale approximation,

a=a"+0() (75)
= (@, 1) 2y 1 +a'Y + O(e) (76)
= |e 7" (i, 1) L2(p) + (1 B e_agtl) (pﬂ 1+ aLm +0(e) (77
= {6_%%1 “(ainie, 1) 2(p) + (1 R a) 200+ alinit + O(e) (78)
00

— P09 4 aj it +0(1). (79)

0o

From the second time scale approximation,

a=a0(ts) + 0(c%) = a ("~ 49) + O(e") (50)
=a9(0) +o(1). (81)

By matching, Equations (79) and (81) should be coherent. Thus the ODE for the second
time scale should be initialized from a(®) (0) = “g—g]l + a1 init-

Similarly, the matching procedure gives that the ODE for the second time scale should be
initialized from 5% = 0.
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Solution. As we are done with the matching procedure, we now consider the solution in the
second time scale only, that we denote again by a, s as in (71), (72). The matching procedure

motivates us to consider the solution of (73)-(74) initialized at a(f)(O) = Q] inits sS_l) = 0. This
gives

0 1 i
ai) = cosh (¢101t2) a L init » SS_) = sinh (010112) @ L jnie

To conclude, we note that (a(¥, 1) 12(p) = £ is constrained by (68). Further, from (70),

o0
(1 )1 (0) — ¥o
O, (8 W) 2y = o101(a"™, L) 12() = 01901 o
thus <8( ) ]1>L2( ) = Uliplﬂtg
Putting together, these equations give:
al = %]1 + cosh (¢101t2) a i nit » s = 010, %tﬂl + sinh (¢101t2) @ nit - (82)

We observe that a(® and s(V) diverge as to — oo. This implies that our approximation on
the second time scale must break down at a certain point. Indeed, we analyzed this time scale
under the assumption that both a(®) and s(!) are of order 1. However, since a(?) and s() diverge
exponentially as to — 0o, as per Eq. (82), this assumption breaks down when t5 =< log(1/¢).

More precisely, in (65) (resp. (67)), the O(e) term includes a term of the form

—58(1)((4))0%/a(o)(u)s(l)(u)dp(u) (resp. —Ea(o)(w)a%/a(o)(y)s(l)(y)dp(y)) .

When a(® and s(!) become of order e/, this term becomes of order €74, which is then of the
same order as the term £"/%a1p;5()(w) in (65) (resp. the term £/%1p1a® (w) in (67)). At this
point, these terms can not be neglected anymore. From (82), we have

eleiotltz
2

eleroilta

©
“ 2

1 .
Q] init s ~ sign(p101) Q] init to — 00.

Therefore, a(® and s() become of order e~"/* at the time to ~ 4|01901\ log , at which the
approximation on the second time scale breaks down. We thus introduce a new time scale
centered at this critical point.

6.4 Third time scale: linear component 11

We now introduce the time t3 = t9 — log =. As t3 is only a translation from ¢y, the ODEs

4|s0101\
in terms of ¢3 are the same as the ones in term of to. However, in this time scale, a and /2s
have diverged. In coherence with the discussion above, we seek expansions of the form

a=¢eYaD 4 q@ 4 VigM) 4
s =M 4252 4 (84)

Similarly to the second time scale, we substitute (83)-(84) in (42) and obtain
010 w) =~ af [l D(w)dp(w) + o0 (o0~ o0 [ @ w)dp(w) )
~ 215} [ aD@)dpv) + Vo (1 = o [ @D )W o)) sV (w) +OE),
210,50 (w) =01 (1 - o1 [V 0)dp(r) ) o D(w) + OE).

23



First, we identify the terms of order e~ "/*:

0=—0p /a(_l)(u)dp(u) = <a(_1), ]1>L2(p) : (85)

This means that a has no component diverging in € in the direction of 1.
Second, we identify the terms of order 1 = &°:

0=a0 (0= a0 [ a®@)dp()) = v (0 - o0 (1), ). (86)

Put together with (85), this equation ensures that the constant component of ¢ remains learned
on this third time scale.
Third, we identify the terms of order £"*:
0,0V (w) = ~0f [ aD@)dp) +01 (91 - o1 [ D)V w)dp) ) sV (w)
(87)
Ay s (W) = oy (gpl — 0 /a(l)(v)s(l)(u)dp(l/)> o (w).

Again, the term —o? [ aM(v)dp(v) is best interpreted as the Lagrange multiplier associated to
the constraints (85), (86). Using the compact notations,

/a(_l)(y)s(l)(y)dp(u) _ <a(_1), 5(1)>L2(p) — <a(_1), ]1>L2(p) <]l, 8(1)>L2(p) + <CLS_71)’ 55-1)>L2(P)

)

where in the last equality we use (85). Thus we can rewrite (87) as

&tga(_l) = —0(2)<a(1), 11>L2(p)]1 + 01 (901 — 01 <a(_1), s(f)>L2(p)) s ,

(-1 @D (88)
-1 1 _
8t3$(1) =01 ((Pl — 01 <aL 78L >L2(p)> a( 1) ,
and thus
3t3@(_1) =01 <801 — 01 <a(jl), 3$)>L2(p)> 85_1) )
(89)

81:38&1) =0 <901 -0 <a(71), 5$)>L2(p)> a(lil) :

In Appendix C.1, we solve this system of ODEs and determine the initial condition by matching
with the previous layer. The result is that

(=1)

(-1 — — \a | i
a =a - a mit »
1 (1) o (90)
s = s\ = sign(o101) AL jnit »
where A\ = A(t3) is the function
1/2
A(t3) = 2l . (91)

1/2
(|01| ||aJ_,init”i2(p) + 4|g01|672“71%91|t3>

This solution finishes to describe how the linear part of the function ¢ is learned. Plugging it
into the equations for (=) and sV, we get

2
(Pl‘O'l‘ HaJ_,initHLQ(p)

L2(p) lo1] ‘|al7init‘|ig(p) + 4‘g01]e—2|01901\t37

o1 [ V)OI w)dp(w) = o (a5
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which converges to 1 as t3 — oco. Consequently, we obtain the following approximation for
s Within this time scale (again, see Appendix C.2 for details):

2

1, 1 1 9 1

e + = +0(E, 0.
5 2901 1 —I— 4|‘P1| - 672|0'1§01‘t3 2 '1;280]6 ( )

\Ul\HaJ_,initHLz(p)

6.5 Conjectured behavior for larger time scales

The analysis of the previous sections naturally suggests the existence of a sequence of cutoffs.
At each time scale, a new polynomial component of ¢ is learned within a window that is much
shorter than the time elapsed before that phase started. Along this sequence, we expect s and a
to grow to increasingly larger scales in € (but s remains o(1) while a diverges).

More precisely, we assume that during the [-th phase, the network learns the degree-l
component ;, and various quantities satisfy the following scaling behavior:

a=0@E"), s=0(E"), t=0(E"), (92)

where w; > 0 is an increasing sequence and [, y; > 0 are decreasing sequences. Further, while
learning of this component takes place when ¢t = O(g#!), the actual evolution of the risk (and of
the neural network) take place on much shorter scales, namely:

At = O("), (93)

where v is also decreasing, with v; > ;. The goal of this section is to provide heuristic arguments
to conjecture the values of wy, 5y, 1y and v;. We will base this conjecture on a rigorous analysis
of a simplified model.

The simplified model is motivated by the expectation (supported by the heuristics and
simulations in the previous sections) that learning each component happens independently from
the details of the evolution on previous time scales. In the simplified model, the activation
function o(x) is proportional to the [-th Hermite polynomial, namely o(x) = o;He;(x). This
is the component of o that we expect to be relevant on the [-th time scale. The gradient flow
equations (42) then read:

edha(w) = os(w)’ (gpl — 0y /a(u)s(u)ldp(u)) ,
Os(w) = a(w) (1 - s(w)Q) lops(w) 1 (gpl — o /a(u)s(u)ldp(u)> .

with corresponding risk component

KAy = % <<Pl - UZ/G(V)S(V)ldP(V)>2-

We capture the effect of learning dynamics on the previous time scales by the overall magnitude
of the a(w)’s and s(w)’s at initialization. Namely, we choose the scale of initialization of the
simplified model to be given by the end of the (I — 1)-th time scale, i.e., a(w) < e~“-1 and
s(w) =< eP-1. Further, in order for the (I — 1)-th component to be learned, namely

[ atw)s) " ap(v) ~ 2= (95)

O1—-1

we require w;_; = (I — 1)B;_1 so that [a(v)s(v)"'dp(v) = ©(1). Analogously, we assume
wp = lﬁl.
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Based on this consideration, we introduce the rescaled variables
a(w) = ea(w), 3(w) = s(w), where a(w,0) = e“-1 3(w,0) < eP-175,

Rewriting Eq. (94) in terms of a(w)’s and s(w)’s, and using w; = {3;, we get that
S209,5(00) = 73 (w)! (cpl o / Zi(u)§(u)ldp(y)>

(96)
e219,5(w) =loya(w)s(w)? (1 - EQﬁZE(w)Z) (gol — oy /6(V)'§(V)ldp(u)) .

In order for the a(w)’s and S(w)’s to be learned simultaneously, we need 1 — 2I5; = 24,
which implies 8, = 1/2(I + 1). Making a further change of the time variable ¢ = /7, where
vy =206 =1/(l+1), it follows that

0,3 (w) = o3(w)! (w o / a(u)g(u)ldp(y)>

(97)
9-3(w) =loya(w)s(w)? (1 — €2ﬂl'§(w)2) (cpl — oy /6(V)§(y)ldp(u)) .

Moreover, rewriting the risk in terms of the rescaled variables a, s, Z;(1) = Z;(a(7), (7)) satisfies
the ODE:

0, %) = =207, - /'sv(w)Z(l*l) <l26(w)2 (1 — 52’815((,0)2) + §(w)2) dp(w). (98)

Note that with our choice of 5; and w;, we have w; —w;_1 = ;1 — 8, = 1/2l(l + 1). This means
that the a(w)’s and s(w)’s are initialized at the same scale, namely

a(w,0),3(w,0) = O(/2+DY (99)

The theorem below describes quantitatively the dynamics of the simplified model for small e,
and determines the value of y; (recall that vy = 1/(1 + 1)):

Theorem 1 (Evolution of the simplified gradient flow). Assume > 2 and let (a(w, T),35(w, T))r>0
be the unique solution of the ODE system (97), initialized as per Eq. (99) (note in particular
that oypa(w, 0)3(w, 0) < €'/2'). Then the followings hold:

(a) Let us denote
A= {w s o lim i(I)lf e V2 (w,0)5(w, 0)! > 0} (100)
e—
and assume p(A) > 0. For A € (0,¢7/2), define
T(A) =inf{r > 0: Z(a(1),s5(1)) < A}. (101)

Then, for any fived A we have 7(A) = ©(e~=V/2UHDY 45 ¢ — 0. Further, if p is a
discrete probability measure, then there exists T.(e) = (=2 and, for any A > 0
a constant c.(A) > 0 independent of € such that

r <o)~ e(B) > limipf Z(a(r),5(r) > Lot~ A (102)
7> 7i(e) + cx(A) = limsup Z(a(r),s(7)) < A, (103)

e—0

namely the I-th component is learnt in an O(1) time window around 7. (¢) = ©(e~(=1/2+1)),
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(b) Similarly, we denote

B = {w - oy limsup e V%G (w, 0)3(w, 0)! < 0, and lirrg(l)af@(w, 0)?/a(w,0)?) > l} .
15
(

e—0
104)
If p(B) > 0, then the same claims as in (a) hold.

(¢) If neither of the conditions at points (a), (b) holds, and

oo limsup e /2 a(w, 0)5(w, 0)! < 0,  limsup(3(w, 0)%/a(w, 0)?) < I (105)

e—0 e—0

for almost every w € Q. Then, for such w € Q and each A > 0, there exists a constant

Ci(w,A) > 0 such that
7> Cu(w, A)e DD 50, 7)| < At/ (106)
meaning that s(w, T) converges to 0 eventually.

We further note that 7 = ©(e~(=D/2HD)Y 0 t = ©(et) with py = 1/21, and 7 = O(1) <=
t=0(") withy, =1/(1+1).

The proof of Theorem 1 is deferred to Appendix C.3.

Remark 6.1. Under the conditions of cases (a) and (b), we see that the degree-l component of
the target function is learnt within an O(e/(*1) time window around t,(I,¢) =< /2, which is
consistent with the timescales conjectured in Definition 1.

Remark 6.2. Case (c) corresponds to s(w)/s(w,0) becoming close to 0 in time ¢t = O(e*), and
staying at 0. In other words, the neurons become orthogonal to the target direction and play no
role in learning higher-degree components any longer.

Informally, case (¢) couples the learning of different polynomial components. It can happen
that the learning phase I — 1 induces an effective initialization (a(w,0), S(w,0)) within the
domain of case (c).

We expect this not to be the case for suitable choices of initialization (or equivalently P 4), ¢,
and o. Establishing this would amount to establishing that the canonical learning order holds.

7 Stochastic gradient descent and finite sample size

So far we focused on analyzing the projected gradient flow (GF) dynamics with respect to the
population risk, as defined in Eqgs. (5)-(6). In this section, we extract the implications of our
analysis of GF on online projected stochastic gradient descent, which is a projected version of
the SGD dynamics (162).

For simplicity of notation, we denote by z = (y,z) € R x R? a datapoint and by 6; =
(ai,u;) € R x S¥1 the parameters of neuron i. For z = (y,z) and p(™ = (1/m) ", &, =
(1/m) 3121 0(ay,u,), We define

Fi(p™; 2) = (y - % iaﬂ((%w))) o((ui, z)),
j=1

The projected SGD dynamics is specified as follows:

@ik +1) =a;(k) + e 'nE(p" (k); 211)
N (107)
ik + 1) = Projgas (wi(k) +nGi(p™ (k); 2611))
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where for u € R? and compact S C R? Projg(u) := argmingg|s —ul,, and p(™ :=
(1/m) 3232, &5, Note that the (a;,%;)’s here are different from the (a,s)’s in Section 6.

We prove that, for small 7, the projected SGD of Eq. (107) is close to the gradient flow
of Egs. (5)-(6). Throughout this section, we make the following assumptions similar to those
assumed in Section 4:

A1. pg is supported on [—Mj, Mi] x S*~1. Hence, |a;(0)| < My for all i € [m)].

A2. The activation function is bounded: ||o||, < Ms. Additionally, define for u,u’ € R%:
V(s w)s sl lully) =B p((us, 2))o ((u, 2))] (108)
U(u, u'); lully [[/]l,) =E [o((u, 2))o (v, 2))] - (109)

We then require the functions V and U to be bounded and differentiable, with uniformly
bounded and Lipschitz continuous gradients for all |ju], , ||u/|, < 2:

IVuVlly < Ma, [[VuV =V V], < Ma flu— /|y, (110)
|V U, < Me, |V U = ViU, < Ma (Ju = wally + o = i) . (111)

Similar to Remark 4.1, we can show that a sufficient condition for Eq.s (110) and (111) is

sup {[o”[| 2, 0”2} < M3, sup{llellzz, ]| 25 l9"]] 2} < Mo,
where the constant M/, depends uniquely on Ma.

A3. Assume (z,y) ~ P, then we require that y € [—Ms, M3] almost surely. Moreover, we assume
that for all |jul|, < 2, both o((u,z)) and o' ((u, z))(z — (u, x)u) are M3z-sub-Gaussian.

The following theorem upper bounds the distance between gradient flow and projected
stochastic gradient descent dynamics.

Theorem 2 (Difference between GF and Projected SGD). Let 6;(t) = (ai(t),ui(t)) be the
solution of the GF ordinary differential equations (5)-(6). There exists a constant M that only
depends on the M;’s from Assumptions A1-A38, such that for any T,z > 0 and

1

= (d+logm + 22)M exp((1 + 1/e)MT (1 4+ T/¢)?)’

the following holds with probability at least 1 — exp(—2?%):

sup  max |a;(k)| <M1 +T/e), (112)
ke[0,T/n]NN i€[m]

0 (k) —B:(k) |, < (Vi +Togm + ) (113)
x M exp <(1 + i) MT (1 + Z)2> VN,

(k) = Z(a(kn), u(kn))| < (Vd+logm + 2) (115)

X M exp <(1+i> MT (1—|—Z)2> V.

(116)

sup ~ max
ke[0,7/n]NN i€[m]

gl

sup  |%(a(k),
k€[0,T/n]NN

28



The proof is presented in Appendix D and follows the same scheme as in that of Theorem
1 part (B) in [33]. The main difference with respect to that theorem is here we are interested
in projected SGD (and GF) instead of plain SGD (and GF), hence an additional step of
approximation is required, and the a;’s and u;’s need to be treated separately. We next draw
implications of the last result on learning by online SGD within the canonical learning order.

Theorem 3. Fix any 6 > 0. Assume @, 0 and the initialization P 4 be such that the canonical
learning order of Definition 1 holds up to level L for some L > 2, and that

Y oer <= (117)

Then, there exist constants e, = £.(8), To = To(8), T = T(e,8) = Tp(6)e/ L) and M = M (e, )
that depend on e, (together with ¢, and P 4) such that the following happens. Assume e < £,(0)
and m,d, z are such that d > M, m > max(M, z), and the step size n and number of samples
(equivalently, number of steps) n satisfy

1
_ 118
7 M(d+logm+z)’ (118)
n=MT(d+logm+z). (119)

z

Then, with probability at least 1 — e™*, the projected gradient descent algorithm of Eq. (107)
achieves population risk smaller than §:

P (#(@(n),u(n)) <5) >1—e*. (120)
The proof of Theorem 3 is deferred to Appendix D.4.

Remark 7.1. Within the lazy or neural tangent regime, learning the projection of the target
function o((u,, z)) onto polynomials of degree £ requires n > d samples, and m > d*~! neurons
[20, 34, 35].

In contrast, Theorem 3 shows that, within the canonical learning order, O(d) samples and
O(1) neurons are sufficient. Further as per Theorem 2, the learning dynamics is accurately
described by the GF analyzed in the previous sections.

8 Discussion

We conclude by discussing some of our findings as well as potential extensions of our work.
As mentioned in the introduction, our initial motivation was to understand certain ubiquitous
phenomena in the learning dynamics of multi-layer neural networks. A particularly striking
phenomenon that we could reproduce in the present mathematical setting is the coexistence of
plateaus in which the risk barely changes and sudden drops.

In the next paragraphs, we will briefly emphasize results or future directions that were not
anticipated at the beginning of this work.

Implicit bias in function space. We provided evidence towards the canonical learning
order of Definition 1. According to this scenario, the target function ¢ is learnt according to
its decomposition into Hermite polynomials, with lower degree components learnt first. This
theory applies to online SGD via Theorem 2 and Theorem 3. In this setting, the number of SGD
steps correspond to the number of samples. Therefore, at a small sample size, SGD will fit a
low degree polynomial approximation of the target function, with the degree increasing with
samples.

A similar phenomenon is observed with (rotationally invariant) kernel methods [34], with one
important difference. Here the number of samples always scale linearly in the degree, while for
kernel methods, different polynomial degree correspond to different scalings with the dimension.
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Implicit bias in parameter space. Our analysis tracks the evolution of the weights as well.
As explained in Section 6, in order for the degree-k component of the target function to be well
approximated (in the d,m — oo limit), it is sufficient that oy, [ a(v)s(v)¥p(dv) = . Here v is
an abstract neuron index, a(v) is the second-layer weight and s(v) is the projection of the first
layer weight along the target direction ..

Naively, one would expect that, in order for learning to take place, first layer weights should
be well aligned with w,, i.e. s(v) should concentrate close to one. However this is not the
only way to satisfy the constraints oy, [ a(v)s(v)*dp(v) = ¢i. Indeed, our analysis in Section 6
indicates that gradient flow satisfies this constraint with s = (%) and a = ©(¢7*) with
Br =1/2(k+1), wy = k/2(k + 1) (so that o [ a(v)s(v)*p(dv) will be of order one) as € — 0. In
other words, the alignment is small, and second layer weights are large. (In general, weights on
multiple scales coexist.)

The role of the learning rate . The initialization of parameters and relative step-sizes
play a key role in modern (non-convex) machine learning. The combination of the two scalings
(initialization and relative stepsize) affects the learning dynamics. In order to clarify this point,
we can consider a general parametrization (we keep ||u;|j2 = 1)

Fa:a,u) = % S a0 ((us, 7)) = 3 eio({us, 2)),
=1 =1

and gradient flow dynamics

edra; = —mOy, % (a,u) ,
dyu; = —m(Ig — uu YV, Z(a,u).

(Note that the learning rate in the second equation can be set to 1 without loss of generality,
by rescaling the time axis.) Rewriting this in terms of the coefficients ¢;, so that the function
representation is kept fixed, we have

sOic; = —me, X (c,u), s=em?,

while the second equation remains unchanged. This parametrization allows us to compare various
scalings in a uniform fashion.

¢ Mean field scaling [31, 13]: s = ©(m?), |¢;(0)] = O(m™1).
o In this paper: s = em?, |¢;(0)| = O(m 1), e — 0 after m — oc.
« Classical scaling [29, 24]: s = (1), |¢;(0)| = ©(m~1/?).

As mentioned already, mean field scaling can exhibit better feature learning properties. In
particular, the class of functions studied in the present paper can require much larger sample
size to learn under the classical scaling [37, 20, 47]. The choice of initialization in this paper is
the same as in the mean field literature, with the difference that the relative learning rate s is
a factor € smaller, hence making it —in a sense— slightly closer to the the classical scaling. It
would be interesting to explore other scalings as well.

We also note that, while the limit of small ¢ is interesting, setting directly ¢ = 0 leads to a
singular behavior?. Formally, setting € = 0 corresponds to keeping second layer weights equal to
their optimal values: a correct analysis of this case requires to account for the role of stepsize
and not just use the gradient flow approximation.

2No matter how we rescale time, in this case learning takes place instantly, up to a certain critical degree.
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More complex network models. The choice of the neural network model in this paper was
mainly dictated by the desire to avoid inessential technicalities. It would be important to move
towards more realistic models.

First, we used projected gradient descent to constrain the weights’ norms ||u;|| = 1. While
this is a common theoretical device in studying single-index models [4, 11], we believe that
techniques developed here can be extended to the more general case. Analogously, we could add
biases to the network architecture and hence replace Eq. (2) by

1 m
f(:v;a,u,b):E2ai0(<ui,x)+bi), a1, b1, b €R, uy, - um € RE(121)
=1

With this change, the limiting mean-field dynamics will be an autonomous ODE system of
(ai(t),bi(t),si(t),ri(t))ix; where ri(t) = ||ui(t)]|,. We expect that its evolution will be qualita-
tively similar to that of the simplified dynamics considered in the paper.

Second, the single-index model studied here is a simple example of target function which
requires feature learning. An obvious generalization is to consider multi-index models, as already
discussed in Remark 4.3.

Finally, it would be interesting to generalize our analysis to classification losses.

Acknowledgments

This work was supported by the NSF through award DMS-2031883, the Simons Foundation
through Award 814639 for the Collaboration on the Theoretical Foundations of Deep Learning,
the NSF grant CCF-2006489 and the ONR grant N00014-18-1-2729, and a grant from Eric and
Wendy Schmidt at the Institute for Advanced Studies. Part of this work was carried out while
Andrea Montanari was on partial leave from Stanford and a Chief Scientist at Ndata Inc dba
Project N. The present research is unrelated to AM’s activity while on leave.

31



References

1]

[10]

[11]

[12]

[13]

Emmanuel Abbe, Enric Boix Adsera, and Theodor Misiakiewicz. The merged-staircase
property: a necessary and nearly sufficient condition for sgd learning of sparse functions on
two-layer neural networks. In Conference on Learning Theory, pages 4782-4887. PMLR,
2022.

Luigi Ambrosio, Nicola Gigli, and Giuseppe Savaré. Gradient flows: in metric spaces and
in the space of probability measures. Springer Science & Business Media, 2005.

Luca Arnaboldi, Ludovic Stephan, Florent Krzakala, and Bruno Loureiro. From high-
dimensional & mean-field dynamics to dimensionless odes: A unifying approach to sgd in
two-layers networks. arXiv preprint arXiv:2302.05882, 2023.

Gerard Ben Arous, Reza Gheissari, and Aukosh Jagannath. Online stochastic gradient
descent on non-convex losses from high-dimensional inference. The Journal of Machine
Learning Research, 22(1):4788-4838, 2021.

Devansh Arpit, Stanistaw Jastrzebski, Nicolas Ballas, David Krueger, Emmanuel Bengio,
Maxinder S Kanwal, Tegan Maharaj, Asja Fischer, Aaron Courville, Yoshua Bengio, et al.
A closer look at memorization in deep networks. In International conference on machine
learning, pages 233—242. PMLR, 2017.

Jimmy Ba, Murat A Erdogdu, Taiji Suzuki, Zhichao Wang, Denny Wu, and Greg Yang.
High-dimensional asymptotics of feature learning: How one gradient step improves the
representation. In Advances in Neural Information Processing Systems, 2022.

Pierre Baldi and Kurt Hornik. Neural networks and principal component analysis: Learning
from examples without local minima. Neural networks, 2(1):53-58, 1989.

Boaz Barak, Benjamin L Edelman, Surbhi Goel, Sham Kakade, Eran Malach, and Cyril
Zhang. Hidden progress in deep learning: Sgd learns parities near the computational limit.
arXiv:2207.08799, 2022.

Peter L Bartlett, Andrea Montanari, and Alexander Rakhlin. Deep learning: a statistical
viewpoint. Acta numerica, 30:87-201, 2021.

Nils Berglund. Perturbation theory of dynamical systems. arXiv preprint math/0111178,
2001.

Alberto Bietti, Joan Bruna, Clayton Sanford, and Min Jae Song. Learning single-index
models with shallow neural networks. Advances in Neural Information Processing Systems,
35:9768-9783, 2022.

Antoine Bodin and Nicolas Macris. Model, sample, and epoch-wise descents: exact solution
of gradient flow in the random feature model. Advances in Neural Information Processing
Systems, 34:21605-21617, 2021.

Lenaic Chizat and Francis Bach. On the global convergence of gradient descent for over-
parameterized models using optimal transport. Advances in neural information processing
systems, 31, 2018.

Alexandru Damian, Jason Lee, and Mahdi Soltanolkotabi. Neural networks can learn
representations with gradient descent. In Conference on Learning Theory, pages 5413-5452.
PMLR, 2022.

32



[15]

[16]

[17]

[18]

[19]

[20]

Encyclopedia of Mathematics. Bernoulli equation. http://encyclopediaofmath.org/
index.php?title=Bernoulli_equation&oldid=40764.

Christopher Frye and Costas J Efthimiou. Spherical harmonics in p dimensions. arXiv
preprint arXiv:1205.3548, 2012.

Kenji Fukumizu and Shun-ichi Amari. Local minima and plateaus in hierarchical structures
of multilayer perceptrons. Neural networks, 13(3):317-327, 2000.

Behrooz Ghorbani, Song Mei, Theodor Misiakiewicz, and Andrea Montanari. Discussion
of:“nonparametric regression using deep neural networks with relu activation function”. The

Annals of Statistics, 48(4), 2020.

Behrooz Ghorbani, Song Mei, Theodor Misiakiewicz, and Andrea Montanari. When do
neural networks outperform kernel methods? Advances in Neural Information Processing
Systems, 33:14820-14830, 2020.

Behrooz Ghorbani, Song Mei, Theodor Misiakiewicz, and Andrea Montanari. Linearized
two-layers neural networks in high dimension. The Annals of Statistics, 49(2):1029-1054,
2021.

Nikhil Ghosh, Song Mei, and Bin Yu. The three stages of learning dynamics in high-
dimensional kernel methods. In International Conference on Learning Representations,
2021.

Daniel Gissin, Shai Shalev-Shwartz, and Amit Daniely. The implicit bias of depth: How
incremental learning drives generalization. arXiv preprint arXiv:1909.12051, 2019.

Xavier Glorot and Yoshua Bengio. Understanding the difficulty of training deep feedforward
neural networks. In Proceedings of the thirteenth international conference on artificial
intelligence and statistics, pages 249-256. JMLR Workshop and Conference Proceedings,
2010.

Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. Delving deep into rectifiers:
Surpassing human-level performance on imagenet classification. In Proceedings of the IEEE
international conference on computer vision, pages 1026-1034, 2015.

Mark Holmes. Introduction to Perturbation Methods. Springer Texts in Applied Mathematics,
2013.

Arthur Jacot, Franck Gabriel, and Clément Hongler. Neural tangent kernel: Convergence
and generalization in neural networks. Advances in neural information processing systems,
31, 2018.

Chi Jin, Praneeth Netrapalli, Rong Ge, Sham M Kakade, and Michael I Jordan. A short
note on concentration inequalities for random vectors with subgaussian norm. arXiv preprint
arXiv:1902.03736, 2019.

Dimitris Kalimeris, Gal Kaplun, Preetum Nakkiran, Benjamin Edelman, Tristan Yang,
Boaz Barak, and Haofeng Zhang. Sgd on neural networks learns functions of increasing
complexity. Advances in neural information processing systems, 32, 2019.

Yann LeCun, Léon Bottou, Genevieve B Orr, and Klaus-Robert Miiller. Efficient backprop.
In Neural networks: Tricks of the trade, pages 9-50. Springer, 2002.

Zhiyuan Li, Yuping Luo, and Kaifeng Lyu. Towards resolving the implicit bias of gradient
descent for matrix factorization: Greedy low-rank learning. arXiv preprint arXiv:2012.09839,
2020.

33


 http://encyclopediaofmath.org/index.php?title=Bernoulli_equation&oldid=40764
 http://encyclopediaofmath.org/index.php?title=Bernoulli_equation&oldid=40764

31]

32]

[42]

[43]

[44]

Song Mei, Yu Bai, and Andrea Montanari. The landscape of empirical risk for nonconvex
losses. The Annals of Statistics, 46(6A):2747-2774, 2018.

Song Mei, Andrea Montanari, and Phan-Minh Nguyen. A mean field view of the landscape
of two-layer neural networks. Proceedings of the National Academy of Sciences, 115(33):
E7665-E7671, 2018.

Song Mei, Theodor Misiakiewicz, and Andrea Montanari. Mean-field theory of two-layers
neural networks: dimension-free bounds and kernel limit. In Conference on Learning Theory,
pages 2388-2464. PMLR, 2019.

Song Mei, Theodor Misiakiewicz, and Andrea Montanari. Generalization error of random
feature and kernel methods: hypercontractivity and kernel matrix concentration. Applied
and Computational Harmonic Analysis, 59:3-84, 2022.

Andrea Montanari and Yigiao Zhong. The interpolation phase transition in neural networks:
Memorization and generalization under lazy training. The Annals of Statistics, 50(5):
28162847, 2022.

Ryan O’Donnell. Analysis of boolean functions. Cambridge University Press, 2014.

Samet Oymak and Mahdi Soltanolkotabi. Toward moderate overparameterization: Global
convergence guarantees for training shallow neural networks. IEEE Journal on Selected
Areas in Information Theory, 1(1):84-105, 2020.

Allan Pinkus. Approximation theory of the mlp model in neural networks. Acta numerica,
8:143-195, 1999.

Alethea Power, Yuri Burda, Harri Edwards, Igor Babuschkin, and Vedant Misra. Grokking:
Generalization beyond overfitting on small algorithmic datasets. arXiv:2201.02177, 2022.

Grant Rotskoff and Eric Vanden-FEijnden. Parameters as interacting particles: long time
convergence and asymptotic error scaling of neural networks. Advances in neural information
processing systems, 31, 2018.

David Saad and Sara A Solla. On-line learning in soft committee machines. Physical Review
E, 52(4):4225, 1995.

Filippo Santambrogio. Optimal transport for applied mathematicians. Birkduser, NY, 55
(58-63):94, 2015.

Andrew M Saxe, James L McClelland, and Surya Ganguli. Exact solutions to the nonlinear
dynamics of learning in deep linear neural networks. arXiv preprint arXiv:1312.6120, 2013.

Haikun Wei, Jun Zhang, Florent Cousseau, Tomoko Ozeki, and Shun-ichi Amari. Dynamics
of learning near singularities in layered networks. Neural computation, 20(3):813-843, 2008.

Greg Yang and Edward J Hu. Feature learning in infinite-width neural networks.
arXiv:2011.14522, 2020.

Greg Yang and Edward J Hu. Tensor programs iv: Feature learning in infinite-width neural
networks. In International Conference on Machine Learning, pages 11727-11737. PMLR,
2021.

Gilad Yehudai and Ohad Shamir. On the power and limitations of random features for
understanding neural networks. Advances in Neural Information Processing Systems, 32,
2019.

34



[48] Yuki Yoshida and Masato Okada. Data-dependence of plateau phenomenon in learning with
neural network—statistical mechanical analysis. Advances in Neural Information Processing
Systems, 32, 2019.

35



A Proof of Proposition 1

By standard approximation theory arguments [38], it is sufficient to show that there exists an
integrable function ag € L*(S?!, o) such that

Jim B{( [ aa(w) o((a,)) po(du) = p((u, )’} = 0. (122)

(We denote by g the uniform probability measure over S?~1.)

Denote by P;, the Gegenbauer polynomial of order d and degree k (see, e.g., [34]). Namely,
(Pyp = k> 0) form an orthogonal system with respect to the measure with density oc (1 — t2)(d_3),
t € [-1,1]. Recall that for fixed v, w of norm 1, the polynomials Py ;((v,u)), Pyr((w,u)) are

spherical harmonics satisfying

/Pd,j(@, w)) Pa g ((w, u)) po(du) = 6k Par((v, w)) - (123)

Also, Py (1) = Bgy, is the dimension of the space of spherical harmonics of degree k, whence
(Pix(-)/ Bclh/ ,3 : k> 0) form an orthonormal set. We will denote by cq(c) the k-th coefficient

of the expansion of o(.+/d) in this basis, and similarly for ¢(.v/d), with coefficients cq (),
namely

mmzfﬁ@mm,

1/2
k=0 Pdk
s C
VD) =Y. ) p ).
k=0 DB

As shown for instance in [34], limg_,o0 ¢4 k(o) = cx(0) is the k-th Hermite coefficient of o and
similarly for cqx(¢). In particular, c¢q (o) # 0 for all d large enough. For N a large integer let

Denoting by z a uniform random vector on the sphere of radius v/d, and r = ||z2/V/d, we have

E{( [ oa(u) o((u,2)) po(du)—p((ue, )} = B{( [ aalw) olr{u, 2) po(du) = p(rus, )}

*) 2

2 B{( [ aa(w) o, 2)) poldu) — (e, )} + L
2

< E{ou(fu, 27} + 52,

where in (%) we used concentration of x-squared random variables, Lipschitzness of o and ¢,
and that o<y (tV/d) is the projection of ¢(tv/d) orthogonal to polynomials of degree at most N
(with respect to the measure with density proportional to (1 — #2)(¢=3)/2 on [~1,1]). Therefore

o0

timsup E{( [ auw) o((u,2)) poldw) = (s, a)’} £ 3 en()?.

d—+00 k=N+1
The claim (122) follows by taking N — oo.
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B Appendix to Section 4

B.1 Proof of Proposition 2
/
When z ~ N(0, I;) and u,u’ € ST, <<(u,,x>) ~ N (0, << 1 (u,lu >>> Thus

1 1 & ?
Z(a,u) = 51[*: <<P Us, T EZ ((ui, z >
=1
1 m
=5 Z

1 m
E [o((u., )] — (10, ) (i, ) 7—2 2 o ((ui, z))or({uj, 7))
z:l j=1
1, 1 ”
— Ll - Ezaiv«u*,uz > UG, ) (120
i=1 i,5=1
1, 18
= §H<PHL2 - Ezaiv(sz 2 Z aia;U(ri;)
i=1 4,j=1
This proves (15). Equation (16) follows directly:
edra; = —m0Oy, #(a,u) = Za] (ri5)

To obtain equations (17)-(19), we now take gradients in (124):
du; = —m(Ig — uu) YV, % (a, )

= a4 (Id - Uzu;r) (V’((u*, Ui) JUse — — Za] (ui, ug)) J)

1
= a; (V’(<u*7uz'))(u — g uy) — % Z ((ui, ug)) (uy — UiuiTuj))

= aq; (V’(si)(u* — Sju;) — Z a;U'(ri;)( rl]ul)) .

Thus
Osi = <U*7 atui>

=a; (V'(Sz')(<u*7u*> — 8i{us, us)) — % > a;U' (rig) (e, uj) — 7ij (s, uz‘>))

j=1
- (V’( )(1—8 — —ZaJU' i) (Sj rijsi)) .
m =
This gives (17). Finally, we perform a similar computation to compute 0;ri; = (Opu;, uj) +
(ui, Opuj). We compute only the first term, as the second term can be obtained by inverting 4
and j:

(Orui, uj) = a; (V’(si)(<uj,u*> — si(uj, ug)) — — Zap (rip) ({uj, up) — Tip<uj7ui>)>

(VI(SZ)( — SiTij) Z apU sz (rjp — Tiprij)) .
Adding the symmetric term (u;, d¢u;), we obtain (18)-(19).
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B.2 Proof of Corollary 1

First, note that in the proof of Lemma 1, we obtain the following a priori estimate on the
magnitude of the a{’s:

sup
1<i<m

a?(t)‘ <M (1 n z) , V>0, (125)

where M only depends on the M;’s in Assumptions A1-A3. Using a similar argument as that in
the proof of Proposition 3, we obtain that for any ¢ € [0,7] and i € [m],

‘Gt(ai — a?)‘ S % ( S; —

1 & M(l—i—t/s 1 &
o+m;]%_ag\)+ 25 -,
0 1 & 0
- +mz:1‘aj—aj‘
j=

and for 1 <1 # j <m,

+ ’aj—a?‘ +

ai—a?

Ou(rig = )| < M(1+t/e) (

+M(1+t/s)2' (rij Z-- Z (rlp ri ‘rjp T?pD) .
Therefore, we deduce that
Ui M & M(1 Ui 1 &
o> (ai— ad)? < M35 — o0y 4 MUHE) (Sh g0z LSy 402
i=1 €= € i=1 mi=1
m m m 1 m
Ot Z(s sNH2 <M1 +t/e) Z 24 M(14t/e)? (Z(sl — )% 4 - Z (rij — r?j)Q) ,
i=1 i=1 i=1 i,j=1
1 m m m 1 m
Ot ( Z (’I”ij — T%)Q) 14+ t/€ (Z Z(Sz — S?)2> + M(l +t/€)2 C— Z (’I“ij —
7,0=1 =1 =1 1,j=1
Defining
m m 1 m
G(t) = (ai(t) = a}(t))* + D _(si(t) — 7 E Z (riz(t (),
i=1 i=1 i j=1

then we know that G'(t) < (M(1 +t)?/£2)G(t). Applying Grénwall’s inequality yields
t
Gt) < G(0) exp ( / (M(1+ 3)2/52)ds) < G0y exp (M1 +1)2/22) , vt € [0,7].
0

Since {{ui(0), ux) }icim) ~iid. N(0,1/d) and for any i € [m], {(u;(0),u;(0))}jxi ~iia. N(0,1/d).
Using standard concentration inequalities, we know that

G(0) = > (;(0), us)® + — Zuz SC% (126)

i=1 z;é]
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with probability at least 1 — exp(C’m), where C and C’ are both absolute constants. Therefore,

t:[l[l)%] lla(t) — a®(t)]|2 < C\/?exp (MT(l + T)2/<€2) , (127)
s s) = 0l <0y esp (T4 TR2). (128)
S IR(t) — R°(#)||r < 0% exp (MT(1+T)%/e%). (129)

Next we upper bound the risk difference, by direct calculation,
% (a(t), u(t)) — Zreea(a”(t), (1), RO(1))]
= [Braa(a(t), s(8), R()) — Braa(a (1), $°(8), BO(1))
1
TV (s) = (a*)TV(s%)| + 53 |aTU(R)a — (a*)TU(R")a’|

< g (VY =+ o], 17 = ],

1
<=
m

+21mz<HU( ~UR) |a )+ 2 o @, |, H““ZOHJ
M € c
MU 1 o]y UL

< Md exp (Mt(1+1)2/2)

with probability at least 1 — exp(—C"m), where the constant M only depends on the M;’s from
Assumptions A1-A3. The conclusion now follows from taking the supremum over all ¢ € [0, T].
This completes the proof of Corollary 1.

B.3 Proof of Proposition 3

We consider TU Tij — 8i8j = (Wi, uj) — (Us, Us) (Us, uj), the dot product between wu; and u; that
is out of the relevant subspace spanned by u,. We show that these variables satisfy the ODEs

1 ! L
Ori; = — ai (V (si) szr” + — Z apU' (1) ( nprm))

(130)
1 m
— a; (VI(Sj)'Sj"’zﬁ + EZ%U'(%)(TJ{D Wnﬁ)) |
1

p=

By definition of 735, we readily see that

jo
1
&gij == aﬂ i SiatSj - sjf)tsi.

Plugging in Eq.s (17) to (19) gives that
&mt =aq; (V’(si)(sj 2 _ g, iTij) Z apU' (1ip) (1jp — 88p — TipTij + sisjrip))
+aj (V’(sj)(sis? 5Ti5) Z apU' (1p) (rip — 8i8p — TjpTij + szsjrjp))
= —a; (V (sz)sm] + — — Z apU rzp)(ri- rz-pn#))

p=1
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—aj (V (SJ)SJ% +— m Z apU 7“]1))(7“L - 7“]1”%)) .

p=1
This proves Eq. (130).
Lemma 1. If Assumptions A1-A8 hold, then we have for any fired T > 0:

m

sup Z Z](t) < mexp (MT(1+T) /82).
t€[0,T7 ; j=1

Proof. To begin with, using Eq. (130), we obtain that

O (Z ri#(t)Q) =2 Z 7“1# X &m-é

ij=1 ij=1
=4 Z a;r ZJ V'(s;) - sl ZapU’ (rip)( szrfj) .
i,7=1
Using the ODEs for the a;’s, we obtain that

**E:‘IJ (rij)

Elo((ue,2)) (v — f(o 0, )| < 1B [o((wi,2))’

25(a(0),u(0)) < L.

9

6

Where () follows from our assumptions and the fact that Z(a(t),u(t)) < Z(a(0),u(0)), since
X (a,u) <0 by gradient flow equations. Moreover, the constant M only depends on the M;’s.

Slnce \az( )| < M, for all i € [m], we know that |a;(t)] < M(1+t/e) for all ¢t > 0, thus leading

to the following estimate:
1+ 5 o LSt 7
)0 | 2 el +

|Oai| =

W\H

B lp({ue,a))o (v, Wzaj (o <<uj,x>>1‘
|8 - swsa ]

Ly
€
_1
€
()1

<M(1+§)2(ir$<t>2+; > [ \%(ﬂ\)
i,j=1 4.5,p=1

2 m m
<a(1+) (z O+ 5 PIRGV rﬁ(tf))

where the constant M only depends on the M;’s in our assumptions. At initialization, we know
that >3 rfj(O)Q = m. Applying Gronwall’s inequality yields that

m

Z r%(t)2 < mexp </0tM <1+ §>2ds> , Ytel0,T],

,j=1

which further implies that

m T ¢ 2
sup Z rfj(t)2 < mexp (/ M (1 + ) dt) < mexp (MT(l +T)2 /52) .
t€[0,T ij=1 0 g
This completes the proof. O
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‘We show that

sup 3 ((as(t) — a7 (£)* + (si(t) — 57(1))°) < C(T). (131)

te[0,7] ;=1
To this end, we define S(¢) = >i", ((ai(t) —a () + (si(t) — Smf(t))2). By our assumption,
S(0) = 0. Moreover, using the same technique as in the proof of Lemma 1, we know that
la(t)] < M(1+t/e) for all i € [m]. According to Eq.s (16)-(19) and Eq. (24), we deduce that

1 1 &

s = a2 = 2 V(s = VIsE) = 10 3 (w0~ ap Ut f>)|

1
Sg' (‘V@z) si + — Z‘ag (rij) — a;U(sis;)| + — Z‘GJ 8i8j) — me( o mf))

j 1

1 M(1+t/e n

< - (HVIHOO |s; — s + (m/) 10" > 7’1’# )
j=1

im _ mf / _ omf _ omf )
+m€jz:1<HU|| laj — a H—M( )||UHOO<|SZ s7] + [sj = s7])

1
Tij )) )
thus leading to the following estimate:

> (ai —af) - di(a; — af) < — <1+> — > lai - 'Z(|aj—a§‘f|+|5j —S?f!)

=1

3

M t 1 —
§<1+€) (’51_5f| Eg(\%—sﬂﬂw—%

INE
=
R
—
_l’_
| ~
N——
N
()=
B
|
S
N
o
+
NE
)
N—
_l’_
(e}
]
o)
/N
=
=N
—t
_l’_
=
~
O]
~—~7
N———

where in (i) we use the Cauchy-Schwarz inequality and the inequality of arithmetic and geometric
means, and (i7) follows from the conclusion of Lemma 1. Similarly, we obtain that

t
015 = 50 < IV o= a4 M (14 2) (V" 201V s = 52

1 m
+ — |ay ZajU/(rij)( —TijSi) — G Z a;U’ (si85)(1 — s?)sj

m|
1 mf mfyr/ mf mf mf)2) ,mf
+ - aZZa] (sisj)(1 — —aj Za U'( )1 = (55)7)s]

t 2
< - —a™ — s : - ' "
_M<1+ 6) (la; — @™ + |s; — si™]) + - M<1+ 5) (U + 11" o)

t\? 1 & it it
—i—M(l—i—E) EZ(’“J_C‘ |+ [s5 — 8] \)

Jj=1
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t)? 1 &
<M (1 + 5) : (|ai —aM| + [si — s + p- > (|sj — 87+ laj — aj
j=1

which further implies that

1
Tij )) >
m

> (sist)-On(sisp’) < 1 (14 t) (i( a3 (s — )2 + exp (ME(L+ t)%?)) .

i=1 i=1 i=1
Combining the above estimates, we finally deduce that
S'(t) =2 ((ai —af) - Bu(a; — af) + (si — s7) - (s — s}))

=1
S é‘).(i(ai_agmi@ 7Y + exp (M1 +t>2/62)>
=1
)

€ =1

:M(1—|—t (1+t/e) . (S(t)—i—eXP (Mt(1+t)2/€2)) :

e

Applying Gronwall’s inequality immediately implies

S(t) < exp <Mt(1 + t)2/€2 i /Ot M(l + 8)6(1 + 8/5> d8> < exp (Mt(l + t)2/€2> ’ (132)

which further leads to Eq. (131) and concludes the proof of Proposition 3. The “consequently”
part can be shown via direct calculation, but we include it here for the sake of completeness. By
definition, for any ¢ € [0, 7] we have

’t@red (a(t)7 S(t)7 R(t)) = Rt (amf(t)7 Smf(t))‘

1 m m
SE ;al Z(l V(s T Z a;a;U(r45) Z a; fa U(si's f)
1= 7] 1 ’-7 1
1 & 1 Ui
<— > IVl la; = af| + M1 +t/e) |[V]|  Isi — s3]) + WM(l +t/e)? U Do Iris
i=1 ij=1
1 m
e .Zl (M1 + /) U (o = | + |a; = a"]) + M1+ /) [U]l o (Isi = 57 + [s; = 57)))
)=
<M(1+t/s)%2|alfamf|+M(1+t/5 Z|szfsmf\+M(1+t/s) Z rl-JJf
i=1 i=1 i,j=1
1 m
<M1t/ 2 (@) - ar ) + (si(0) - s )) + | = 3 s
mai3 m= =1
1 2 2,2
< —
< =M1+ /) exp (Mt +1)2/e?)
Therefore,
2,2
SUp (o (a(t), (1), R(E)) — Bong (a™(1), 57 (1)) < LR MTUATVIE) )
t€[0,T7] \/m
as desired.
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B.4 Derivation of the mean field dynamics (29)
For any bounded continuous f € C,(R?), we have
1 m
/ H09)p(da,as) = 0, [ f(as)pldo.ds) =, (m > Flar o). s?f(t»)
i=1

(0af(ai (1), (1)) - Orai™ (1) + Os f (0" (1), 57 (1)) - Ousi (1))

||M3

=
—

—

i)

Ms

(Oaf(ai"(t), s7(1)) - Wa (ai (), s7(2); pr) + Osf (a7 (), s7(1)) - Ws (ai (1), 57(L); o))

Il
i

7

-
1
m
— [, 0ut(a.) - Walasi i) + D.f(@,5) - Wil 5: 1) (e, )

2 [ F(a,5) - @ (oWl 1)) + O (pr¥sa, 5 1) (da, ds)
where (i) follows from the ODE satisfied by the (a(t)
by parts. We thus obtain that

,s(t))’s, and in (i) we use integration

Orpt = — (0 (pt¥ala, 3 0t)) + 0s (pt¥s(a, s;pt))) = =V - (pe¥(a, 83 p1)) ,

which recovers Eq. (29).

B.5 Details of the alternative mean field approach
Let

Pr=— > Sa(t)ust)) (134)
=1

1

m
where (a;(t), u;(t))1<i<m is the solution of (5)—(6). 7, is a measure on R x S%~! solving the
continuity PDE

Op(a,u) = =V - (ﬁt@(a,%ﬁt))

135
= — ((% (pt@a (av U;pt)> + Ou (ﬁt@u (CL, u’pt))) ’ ( )

where U = (U,,¥,) is given by

U, (a,u;p) = (V((u,u*>) — /Rxgd—l a1U ((u, u1>)p(da1,du1)) ,

v, (a,u;0) =a (Id — uuT> (V’((u, Us) ) Us — /}RXSI#1 aﬂ]’((u,u1>)u1p(da1,du1)) .

A remarkable property of the equation (135) is that it preserves invariance to rotations orthogonal
to us. Indeed, assume that p is invariant to rotations orthogonal to u.. In this case, we show
that U, (a,u; ) and (u., ¥, (a,u; 7)) depend only on s := (u,u,) and s1 := (uy,u.). Let ut
(resp. ui) denote the component of u (resp. u1) orthogonal to u.. Let R denote a random
uniform rotation orthogonal to u.. By the rotation invariance of p,

T, (a,uip) = ! (V((u, w))= [ aEalU(u R p(dar dul))

=gt (V(s) - /Rxgd—l a1Er {U(ssl + (ut, Ruf‘>)} p(daq, du1)> :
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ut

1
The random variable B(® = T l’R||le||> is a one dimensional projection of a random
1

variable uniform on the unit sphere of the hyperplane orthogonal to u,; thus it has the density
pp@ () o< (1 —b?)¥272 (see, e.g., [16, Lemma 4.17]). Denote

U(d)(s,sl) =Egw [U (Ssl +(1— 52)1/2(1 B 3%)1/2B(d))} 7

then we have

T, (a,u:7) = &~ (V(s) _ /R . alU(d)(s,sl)p(dal,dul)) . (136)

Further, we compute

<u*,@u (a, u;ﬁ)> = <u*, a (Id - uuT)

(V’(S)u* - /R o @ER [0 (51 + (', Rut) (s10s + Ruf )| p(dal,du1)> >
—q [(1 — $)V'(s) — /Md_l a1Eg [U’(ssl + (ut, Rud)) (s, (Ig — wu ) (s1us + Ruf»] 7(da, dul)} :

In the equation above, we have (u., (I; — uu")s1us) = s1(1 — s%) and as (u., Rui’) = 0 a.s., we
have
<u*, (Ig — uuT)Rull> = —(u,uy)(u, Rui’) = —s(ut, Rui) .

Thus we obtain
<u*7ﬁu ((1, U; ﬁ)>

—a(1— ) [V’(s) - /R

a1Er {U'(ssl + (ut, Rui)) <51 — (ut, Ruf))] p(dal,dul)} .

xSd—1 1—s2
Note that
0. U (5, 1) = B [U” (s51+ (1 = 7)Y/2(1 = )/2B) (51 _ (1—%(1 - 55)1/23@1))]
and thus we have
(0T, (a,u7)) = a1 — 5%) [V’(s) _ /R o (0.U@) (s, s1)pdan, dul)] S as)

Of course, a discrete measure of the form (134) can not be invariant to rotations orthogonal
to u.. However, if the w; are initialized uniformly on the unit sphere, then the measure p,
converges to a measure with the rotation invariance as m — oo. One can then apply the results
of [33] to control the deviations from this limit. Let us thus assume that 7, satisfies the rotation
invariance. Define the map ¢(a,u) = (a, (u,uy)). Then, from (136), (137), the push-forward p;
of p, through the map ¢ satisfies the continuity equation

Opr(a, s) = =V - (Pt‘I’(d) (a,s; Pt))
=— (aa (pt\l/fld) (a, s; Pt)) + 0s (pt‘lfgd) (a, 5§pt))) :

where ¥(4) = (\I/gd), \Ilgd)) is given by
U (q, 5;p) =1 (V(s) - /2 alU(d)(s,sl)p(dal,d31)> )
R
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\Ifgd)(a,s;p) =a(l— 82) . (V’(s) — /2 alasU(d)(s,sl)p(dal,dsl)> )
R

When d — 00, pg (b)db o (1 — b*)#272db converges weakly to the Dirac mass do(db). As a
consequence,

U(d)(s,sl) —— U(ss1), 8SU(d)(s,51) —— U'(ss1)81 -
d—o0 d—o00

As a consequence, in the limit d — oo, we recover the equations (29)-(32). Moreover, if
7o = P4 ® Unif(S?1), then py converges weakly to P4 ® dg(ds) as d — oo.

B.6 Proof of Proposition 4

First, note that the potential functions U and V admit the following expansion:
o0 oo
U(s) = Z oisk V(s) = Z ORoRsE.
k=0 k=0

As a consequence, we deduce that

Busn(0) =3 2 02 =3 eron [ alw)s@)fdp() + 53 0F [[atralwa)sien)s(en) dpen)dpes
k=0 k=0 k=0
1 & 2
=3 kz:% Pk — 20} /a(w)s(w)kdp(w) +of (/ a(w)s(w)kdp(w)> )
1 & 2
=32 (v ot apte)

Now we show that the above risk can be arbitrarily small. We will choose p to be the Lebesgue
measure on [—1,1] and a € L*[—1,1] so that [ a(w)s(w)*dp(w) = [1, a(s)s*ds. Now, we define
the following set of sequences

W = {(O‘k /11 a(s)skds> o

Since a € L*[—1,1] and (0%)k>0 € €2, we know that W C ¢2, i.e., W is a linear subspace of /2.
Now it suffices to show that W is dense in ¢2, which is equivalent to W+ = {0}, namely

a € L1, 1]} :

velP, vl W = v=0.

Fix any such v and take y € W such that for all k, uy = oy, [*, a(s)s*ds for some a € L?[-1,1].
We then have

() 00 1 1 ()
0= (v,u) = Z Vg = Z vkak/ a(s)skds = / a(s) - (Z Uk0k8k> ds,
k=0 k=0 -1 -1 k=0

where the last step follows from dominated convergence theorem. Indeed, by Hoélder’s inequality,

Z lvgok| < (Z vi) <Z 0,%) < 0.
k=0 k=0 k=0

As a consequence, the function series Y ;_ o, U,s® uniformly absolutely converges to the contin-
uous function f(s) = 322 oxvs® on [~1,1]. The above argument then implies that for any
a € L?[-1,1], fil a(s)f(s)ds = 0, which further implies that f(s) = 0. Therefore, opvy = 0
for all kK > 0. Since o} # 0 for all k¥ > 0, we must have vy = 0 for all k£ > 0, i.e., v = 0. This
completes the proof of the density of W in ¢2, and thus the proof of the Proposition.
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C Calculations for the analysis of mean-field gradient flow

C.1 Solution of Eq. (89)
In order to solve the system (89), we start from an associated one-dimensional ODE.

Lemma 2. The solution A = A(t3) of the ODE
012 = Lo (leal = o] lla ame| 72 X%) A (138)

with initial condition A(0) is

A= 21k ot (139)
2 _ 2 9o
(lor s imitl32) + (Lot AO0) 72 = lo] s mitll7(,) ) e2rels)

Proof. For simplicity, denote o = |o1]|, f = |p1| and v = |o| Hal,inituig(p). Then

O\ = a (5 —W) A

This is Bernoulli differential equation (see, e.g., [15]). In this situation, the classical trick is to
reduce the problem to a linear inhomogeneous first-order equation by considering

Oy (M%) = =2 M) AP = =20 (B —422) A2
= 2a(y = BA7?).
Solving this linear inhomogeneous first-order equation gives
-2 _ 7 -2 7\ 208t
A 2—+()\() —) e~ 2Pt
B © B

and thus
B
(7 + (BA(0)~2 — ) e—208ta) />

which is the claimed result. O

A:

Let A = A(t3) be a solution of (138) and consider

a(_l) = CL(L_I) = )\aj_,init ) (140)
s — 55_1) = sign(o1p1)Aa L init -

Then a(~1), 5(1) are solutions of the constrained ODE system (85), (88). Indeed,
—1 _ _
<a( ),1>L2(p) = AaLnit; L) 2 =0,
thus the constraint (85) is satisfied. Further
atga(_l) = (atg,A) aJ_,init
= o1 (lerl = lorlllas mit32¢5)A%) AaL ini
= sign(o1¢1)01 (901 - Sign(alSol)UlHaJ_,initH%Q(p))‘Q) AaL init

o ), )

A similar computation shows that the differential equation for sV) is also satisfied. This concludes
that (140) is a valid candidate to solve the third time scale.
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Matching. To determine the value of the initialization A\(0) we perform a matching procedure
with the previous time scale. In this paragraph, we denote a, s the approximation obtained in the
second time scale (Section 6.3), and @,s the approximation in the third time scale (Section 6.4
and above).

Consider an intermediate time scale t = tp — clog% with 0 < ¢ < m. Assume ¢ =< 1.
Then

~ 1
to =t+clog— —— +o0,
g e—0

~ 1 1
tg =1 — (—c)log — —0.
4’0’1@1‘ g &0

From the approximation (82) on the second time scale,
a=a"+ 0"
= %]l + cosh (p101t2) a it + 0(51/2)
= cosh (gplal <t~+ clog i)) a it + O(1)
- %elwm\?e—clwﬂmmm +0(1). (141)
From the approximation on the third time scale,

a=c"a=Y 1 0(1)
= e " Nay i + O(1) .

Note that as t3 — —oo, from (139),

1
)\ ~ ‘()01‘ /2 e|o’1tp1‘t3
_92 2 1/2 ’
(1117 ©0)2 = | llaw niell32(, )

Thus

1/2 g 1 1
_ _1 1 \01901|(t—(7—c> log —)
an~ € /4 |SO | e 4oy 1] E aJ it

1/2
(Ie11A0)=2 = || o suiel1 7))

1/ .
’()01| / . 6\01901|t6—c\01301|al it - (142)
_92 2 /2 }
(1117 ©0)72 = o] o imie 32,

By matching, Equations (141) and (142) should be coherent. This gives

~

1 |01/
2 _ /27
(IerA0) 2 = ol llaml72,))
and thus
|p1| 2
Alts) = : (143)

1
(’Ul| ”(IL,initHiz(p) + 4|<p1|e—2\0’1901|t3>

One could check similarly that s(!) also satisfies the matching conditions under the same
constraint, and thus that (140) are indeed the solutions of the third time scale.
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C.2 Induced approximation of the risk

In this section, we show that the behavior of ¢ and s derived in Sections 6.2—6.4 leads to an
evolution of the risk alternating plateaus and rapid decreases, in agreement with the canonical
learning order of Definition 1. For the convenience of the reader, we recall the expression (37) of
the risk

Bt = 5017 = [ @V (s@)dp(e) + 5 [ alwna@)l(s(ew)s(wa)dpfen)dp(in)

1 2
=53 (0= o [al)s@)dpt))
k>0
First time scale t; = £ (Section 6.2). On this time scale, we have a = O(1) and s = O(e).
2
Thus for all k > 1, [ a(w)s(w)*dp(w) = O(e) whence (gok — o%, fa(w)s(w)kdp(w)) = 7 + O(e).
Further, using (59),

2

((,D[) - ao/a(w)dp(w)>2 _ (¢0 — 09 (a, 1)L2(p)) = (CPO — 0y <a(0), ]1>L2(p) + O(€)>2

942 2
—e 20’0tl (@O — 0g <ainjt,]l>L2(p)> =+ 0(6) .
Thus as € = 0,
1 720’2t1 2 1 2
f%mf,* = 56 0 (900 — 00 {@init ]l>L2(p)> + 5 Z vi +0(e).
k>1

This describes, in a more detailed form, the first transition in Definition 1.

Second time scale t; = 81% (Section 6.3). On this time scale, we have a = O(1) and

— 1/2 k 2 9 1/2
s =0(e/?). Thus for all & > 1, (gok — ok [a(w)s(w) dp(w)) =i+ 0(e7?).
Further, using (68),

2 2
(40 -0 [ alwidp@)) = (90— 00 [ a(@)dpw) + O ) = OE).
Thus as € — 0,
1
Rt =5 2 Pk +O(E").
E>1
This second time scale does not induce any transition of the risk %Z,.;« (but was necessary to

understand the divergence of a and £~"2s).

t 1
2 T doren] )
a=0(¢7"*) and s = O(¢"/*). Thus for all k > 2, (gak - kaa(w)s(w)kdp(w)) = 2 + O(e").

Further, using (85), (86),

Third time scale t3 = logl (Section 6.4). On this time scale, we have

2 2
(0 =00 [al)do@)) = (10— a0 [aDtp) — a0 [aOwhdpt) + O
= 0.
Finally, using (90), (91),

2

(¢1-01 [a@s@dp@)) = (01 = o1 (@shpagy) = (101 (D), 4 0(51/4)>2

p)
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—~

a

2
= (4,01 — 01 Sign(Ultpl))\QHGJ_JnitHQLz(p)) + 0(81/4)

~

—~
=

: 2
O (o, - a1sign(orer)|erlllamilZz, 4 o
(|Ul‘ Hal_,init‘|%2(p) + 4‘@1‘6_2|0'1<P1‘t3>

2
=t |1- : +0("),
1+ L%e—mmwﬂm
|01‘||al_,initHL2(p>
where in (a) we used (90) and in (b) (91). Thus as € — 0,
2
Fuie = 383 |1~ : +3 S+ OE).
’ 2 1+ L%e—ﬂmwllm k>2

‘UIIHGL,init ”LQ(p)

This describes, in a more detailed form, the second transition in Definition 1.

C.3 Proof of Theorem 1

Throughout the proof, we will use the shorthand Z;(7) to represent %;(a(r),s(r)). First, note
that according to the ODE satisfied by %; (Eq. (98)), we know that %; must be non-increasing,
thus for small enough ¢ > 0,

p1— o1 [ alv. 7507 dplv)| <

p1= o1 [ 5,0)5(.0)dp(v)
< lail + OEY™) < 2|, vr 0.
Hence, we obtain the estimates:
Or [a(w)| < [0-a(w)| < 2orlleil [Bw)I', 8- [3(w)] < 10-3(w)| < 2llallior] [a(w)] [3(w)I

According to the comparison theorem for system of ODEs, we know that |a(w,7)| < a(w,T),
|5(w, 7)| < §(w,T) for all 7 > 0 where

d(w,0) = max {[a(w, 0)], [3(w,0)[}, 5(w,0) = 1"d(w,0) = I"* max {[a(w,0)], [3(w,0)},

and

Ora(w) = 2lorl|erf3(w)’, 9;8(w) = 2lollerfa(w)s(w) (144)
The above system of ODEs can be solved analytically via integration. First, we note that

0:-(3(w)?) = dlloi|prfa(w)3(w)’ = 10-(a(w)?),
which implies that (further note 5(w,0)? = la(w,0)?)
S(w,7) = 1M%4(w, ), V7 > 0. (145)

The ODE system then reduces to d,a(w) = 21'/2|ay||¢i|a@(w)!, which admits the solution

—1/(1-1

(e, 7) = (a(w,0)7 = 2021 = Djarlrfr) (146)
Since a(w, 0) = O(e'/204D) we know that a(w,7),5(w,7) = o(1) until 7 = O(g~(¢-D/2(+1)) _
O(1) = ©(e~(=1/2U+D) " which means that a(w,7),3(w,7) = o(1) until 7 = Q(g=(¢-1/2+1)),
As a consequence,

2
() =5 (- o [av 5w 0'apw) ) = 3ot~ ol1)
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until 7 = Q(e~(=D/241D)) This means that the learning of the I-th component will not begin
until 7 = Q(e~E=D/2HD)Y pamely 7(A) = Q(e~ /20D for any fixed A > 0. Note that the
above argument applies to all of the settings in the theorem statement.

Next, we show that for any fixed A > 0, 7(A) = O(e~(=D/20+1) | which means that the
[-th component can be learnt in O(E_(l_l)/ 2l(l“)) time. To prove our claim by contradiction,
assume that there exists A > 0 and a sequence ¢, | 0, such that

lim ()

e CRICEY = oo (147)

By definition of 7(A), we know that V7 < 7(A),

©l —Ul/a(l/ﬂ')g(l/, Hdp(v)| > V2A.

Now, assume the condition of setting (a) holds and denote
Acyn = {w : ¥e < 0, min([a(w,0)], [5(w,0)]) > ne"/2 D, opa(w, 0)3(w,0)' > 0} (148)

Then by definition and our assumption that a(w, 0) is of the same order as 5(w,0), we know that
A = Ugp>0>04¢0,n- Since p(A) > 0, there exists €9, > 0 such that p(Ac,,) > 0. Note that
here we can choose g9 and 7 to be arbitrarily small since the set A, , is non-increasing in g
and n. For w € A, , and 7 < 7(A), we have

0,(@w)’) =20a(@)5() (1~ o1 [ A0)50)/dp(v) ) = 2V2A | oi(w)5(w)|
0, (5(w)?) = 21ora(w)s(w)! (1 - 275(w)?) (w o / a(u)g(u)ldp(u)>
> 21vV2A 'ala(w)g(w)l\ (1-e5(w)?) .

Moreover, we know that at initialization, |a(w,0)],|3(w,0)| > ne'/2(+1)  Using the ODE
comparison theorem and a similar argument as that in proving 7(A) = Q(e~(¢=D/20+D)  we
deduce that for sufficiently large k such that ¢ = e < g¢, there exist constants C,C’ > 0 that
does not depend on ¢ satisfying the following: For all w € A, and 7 > Ce—(=1)/2U+1)

min {|@(w, 7)|, |3(w, )|} > ', oaypra(w,)5(w, )t > 0.
This further implies that at time T,

/ $(w)2-1) (z2a(w)2 (1 - 5Qﬁz§(w)2) + ’5@)2) dp(w) = C"p(Azy.y) > 0. (149)

According to Eq. (98), we know that %, will decrease to 0 exponentially fast in an O(1) time
window after 7 = Ce~(=D/2U+1) "\which contradicts our assumption (147). This proves that
7(A) = O(e~(=D/2+1)) yunder setting (a). Next, we show that setting (b) can be reduced to
setting (a). Under setting (b), let us denote

Beoy = {w : Ve < g0, oypa(w,0)3(w,0)! < 0, and 3(w,0)% > (1 + n)Zi(w,O)2}.

Then similar to the previous argument, there exists 9,7 > 0 such that p(Bg, ;) > 0, and further
we can choose €y and 7 to be arbitrarily small. For w € B ;, we have

- (@(w)?) < 0, 9, (3(w)?) < 0 at 7 = 0.
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Hence, both a(w)? and 5(w)? will decrease at initialization. Moreover, Eq. (97) implies that

5(w)? —26,
Or(@(w)?) = 5 (18_7(62(5[ ,2(2})2) _— — 0, log (1-5(w)?).

Integrating both sides of the above equation, we obtain that

(w,0)% — G(w, )2 = —5; ! (1og (1~ £25(w,0?) ~log (1 - 23w, 7)?)).  (150)

which is close to (3(w,0)? — 3(w,7)?) /I as long as 5(w,7) = O(1). To be accurate, let us define
Taw = inf{r > 0:a(w,r) =0},

then we know that 3(w, 74.,) = QYD) and 7,,, = O(e~(=D/20+)) ynder the assump-
tion (147), where the latter claim can be proved through making the change of variable
@' (w) = e /2HDG(w) and 7 (w) = e~ V2UHDF(w). Note that after the time point 7,,,, the sign
of @(w) changes. Hence, p;07a(w)3(w)! > 0, and @(w,7)? and 3(w, 7)? will begin to increase for
T > T4, Similarly, we can show that in O(e~(=1D/2U+1D) time after 7,,,, both @(w) and 3(w)
become of order e%/2+1) | and we still have @;07a(w)3(w)! > 0. This reduces our case (b) to case
(a).
We have proven that under settings (a) and (b), 7(A) = ©(e~¢=D/2+D) for any fixed
€ (0,¢7/2). This means that some of the neurons (a(w), 5(w)) become of order (1) and the
I-th component of the target function is learnt at a timescale of order g~ (=D/20+1) " Next, we
show that if the probability measure p is discrete, then the evolution of %, actually happens in
an O(1) time window. It suffices to prove that, for any A > 0 a small constant (A < ¢?/4),

T(A) — T (SDZQ - A) =0(1) (151)

as € — 0. Note that by continuity and monotonicity of Z%;, we have

H(1(A)) = A, % (T (Soj —A>> = (Pj — A, and 7(A) > 71 (2’2 —A) .

By definition of %, we know that V7 > 7(7/2 — A),

1
> (|m| ~JeR - 2A) = r(A) > 0.

Denote by {(@i, 8;) }icjm] the realizations of {(a(w),3(w))}wen under the discrete measure p, and
by {pi}ie[m) the point masses of p. Then, we know that

‘/ v, 7)s(v, T dp

which implies that 35 € [m], s.t. ‘% (1)3; (T)l‘ > r;(A). Applying Lemma 3 yields

[ 5@ () (1 - 75(w)?) + 5(w)?) dplew) (153)

>pj§§(l 2 (ZQ&'? (1 e2h132 ) + 55 ) > [n}py c(l,r(A)) > 0. (154)

‘/ a(v,7)3(v, )l dp(v)

< ij ’aj

a’] ) (152)

It then follows from Eq. (98) that %) will decrease to 0 exponentially fast, and Eq. (151) holds
consequently. This completes the proof for settings (a) and (b).
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We then focus on the case (¢). By our assumption, for almost every w there exists n > 0
(may depend on w) such that

Ulgpla(w70)§(w7 O)Z < _n61/2l7 g(wa 0)2 < (l - 77)5(% 0)2

for sufficiently small €. Therefore, 5(w,7)? and @(w, 7)? will keep decreasing until one of them
reaches 0, which means that

|

> —.
-2

/ G()3) dp(v) = o(1) =

o — o) / a3 dp(v)

(155)

According to Eq. (150) and the inequality 5(w,0)? < (I — n)a(w,0)?, @(w,7)? will not reach 0
until 3(w, 7)? reaches 0. Furthermore, for any 7 > 0,

—28
a(w,7)? =a(w,0)? + c 7 (log (1 — 23w, 0)2) — log (1 — 23w, 7')2))
—28
>a(w,0)? + < log (1 — 3w, 0)2)
> 50,07 — 50,01 2 e, bw)e Y,

l—n w,0 _lfn/QS
thus leading to
0,(5w)) =2oaw)5(w)! (1 - 25)) (- o1 [ a5 dp))  (150)
< — e, 1,w)e /2D (5(w)2 )2, (157)
Using again the comparison theorem for ODE, we get that

—1/(1—-2
5,7 < (150, 0)[ 72 + e, 1, w)e/20+07) (158)

Since $(w,0) < g1/21041) it follows immediately that for any A > 0, there exists a constant
Cy(w,A) > 0 such that

T > Cy(w, A)e DD — 50w, 7)| < Aet/AEHD), (159)
This completes the discussion for case (c), thus concluding the proof of Theorem 1.

Lemma 3. Let v > 0 be a constant that does not depend on €. Then there exists a constant
¢ =c(l,r) > 0 that only depends on | and r such that the following holds: For any a >0, s > 0
satisfying as' > r and 27152 < 1, we have

5= <l2a2 (1 - 52'3152) + 82> > c. (160)
Proof. If s > 1, then we immediately get
$2(1=1) (l2a2 (1 _ 526152) + 52> > g2 > 1,
Otherwise, 1 — 2152 > 1/2, and consequently
s2(=1) (l2a2 (1 — 626182) + 52) > 201 ([2;2 + 82> > 201 (l;sv‘;l + 52>

l27“2

=92 + 5% > c(l,r),

where the last line follows from the AM-GM inequality. This completes the proof. O
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D Proofs of Theorem 2 and 3: learning with projected SGD

We will prove Theorem 2 which bounds the distance between GF and projected SGD in sub-
Sections D.1 through D.3, with sub-Section D.4 devoted to the proof of Theorem 3. Throughout
this section, we use M to refer to any constant that only depends on the M;’s from Assumptions
A1-A3, whereas the value of M can change from line to line. We start with an elementary lemma
that establishes the Lipschitz continuity of the gradient flow trajectory:

Lemma 4 (A priori estimate). There exists a constant M that only depends on the M;’s, such
that for allt > 0, p; is supported on [—M (1+t/e), M(1+t/)] xS, namely |a;(t)| < M(1+t/e)
for all i € [m]. Moreover, for any 0 < s < t, we have
sup |a;(s) — a;(t)] <e M (t—s),
j€lm]
sup () = 5 ()] < M1+ /)20 ),
J€[m]
Proof. First, notice that along the trajectory of gradient flow, the risk must be non-increasing.

In fact, we have

R = —mi (5_2(8(“%’)2 + (Vo 22) T (1a — uiu )(VW@)) <0.

i=1

Therefore, we obtain that

|8tal-| :«5_1

Elyo((ui,2))] - - iajE[a<<ui,x>>a<<uj7x>>1| — < [E|(y - §o(us, )]
j=1

<< B[y~ 97 "B olw,a)?] " < 2%0) ol 2 <70,

where the last line follows from our assumption. Since |a;(0)| < M, we know that |a;(t)| <
M(1+t/e), and |a;(t) — a;(s)| < e *M(t — s). Moreover, according to Eq. (6), we have

oy < el (VL +10) 500 ) < 01051/
Jjem

thus leading to
lui(s) = ui(t)lly < M(1+1t/e)*(t - s), Vi € [m].
This completes the proof. O

In what follows we define two discretized versions of Eq.s (5) and (6), namely the gradient
descent (GD) and stochastic gradient descent (SGD) dynamics. They will serve as important
intermediate objects for our proof.

o Gradient descent: Let n > 0 be the step size, and let the initialization be the same as
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gradient flow: (a;(0),@;(0)) = (a;(0),u;(0)) for all i € [m]. We have for k € N,

ai(k+1)—a;(k) = — mEilT]aai(k)%

_ 5_1n<V(<u*,&¢(k)>; ot s (R)1l)

S a0 Vi U (a0). 7, 00 [0 - [ ) >>

=1

J (161)
where we recall from Eq.s (108) and (109):

V(s @i(R)); lusllz s 10i(R) ) = E [o((us, 2))o ((@i(k), 2))] = B [yo ((@:(k), 2))],
Vi)V (s @i (B))3 luslly s 18 (R)]l5) =E [p((us, 2))o’ (@ (k), ))2] = E [yo' ((@(k), z))z]
U((ai(k), a;(k)); 1ai(k) o la; (R)[ly) =B [o((@ik), z))o ((@;(k), 2))],

Vi U(@(k), 45 (k)); @i (k) 135 (R)lly) =E [zo’((@i(k), z)o (@ (k), z))]

By convention, we have V(s) = V(s;1,1) and U(s) = U(s;1,1) for s € [-1,1].

e One-pass stochastic gradient descent: Under the same choice of the step size and initializa-
tion, and let {(xx,yx) }ren+ be i.i.d. samples from P € 2 (R? x R), where

P =Law(z,y), =~ N(0,1), y=p({us,x)).

The iteration equations for one-pass SGD read:
a;(k+1) —a;(k) = 'n (Z/kJrl ZQJ l’k+1>)) o((u;(k), zx+1))

w;(k + 1) = (k) =na; (k) (Ia — w;(k)u; (k) ") (ykﬂ -— ZQJ xk+1>>)

x o' ((w;(k), Tr41)) Tt
(162)

Note that Eq. (162) can also be written as:
a;(k+1) =a;(k) + e 'nE;(p"™ (k); 211)
wik + 1) =w;(k) + 1 (L = wi(k)u; (k) ") Gi(p™ (k); 2101)-

D.1 Difference between GF and GD

For notational simplicity, we denote 0;(t) = (a;(t),u;(t)) for i € [m] and ¢t > 0, and
Z Bo,(c Z 8(as(t)
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Similarly, él(k) = (ai(k),;(k)), and
prk) = — ;5@(@ =— ;5@(@

Moreover, for 6 = (a,u) and p € Z(R x R?), we define the following two functionals:
F(0,p) =V (s, w); [l s [l ) —/ a'U((u, o); [lully , [[u'[|,)p(da’, dur),
RxR?
G(0,p) =a (L= wa") (VY (uesa)s sl Jull) = [ @'Vl ool ).
RxRd

and H.(0,p) = (e~ 1F(0,p),G(0,p)). Then, Eq.s (5) and (6) and Eq. (161) can be rewritten as

d _ _ ~
SO(0) = Ho0:(0), o™ (1), Gil0 -+ 1) = G,(k) = nHL(Gi(k), 5™ (K)),
respectively. The lemma below will be used several times in the proof.

Lemma 5. Denoting o™ = (1/m) S, b, and g™ = (1/m) S 6. 1f Jlully < C and
luilly, < C for all i € [m] (C is any fized absolute constant, for example, here we can take
C =2), then we have

), (163)

(164)

’F(Qi,p(m)) - F(Gg,p’(m))‘ <M ((1 + sup ]aﬂ) - sup Huj —u;H2 + sup ‘aj — aj
jebm] jetml jetml

|G0:, 0™y = G}, )|, < M- (1 + sup |aj|>2- sup |lu; — |

J€[m] J€[m]

) . (165)

+ M - sup ‘aj —a; ‘ <1+ sup |a;| + sup ‘a] a,j
Jj€[m] Jj€[m] j€[m]

where the constant M only depends on the M;’s. As a consequence, we obtain that

| He(01, ™) = Ho (6, 0|, < 7 [B(6i, 0™ = F (8}, 9 ™) | + |G (60, 0™) = G681, ™)

2
<(e '+ 1)M- (1 + sup |aj]> - sup Huj — u;’ ) + sup |a; —a; ‘ <1 + sup |a;| + sup ’a] — aj
j€lm] j€lm] j€lm] j€lm] j€lm]

j€lm] j€[m] j€[m]

2
< t+1M- (<1+ sup |aj|> + sup Hﬁj —G;HZ) - sup HHj — 0} )
Proof. First, by triangle inequality, we have
\sz-,p(m)) = F (8 ™) < |V G sl (i) = V (G s el [

)

!/

+-— Z\aj (ot 055 Wil sl ) = 0 CQuty s [k [

< IV s = + 1 f:\ HVU”“’ZIJI (s =ty + s =)

<M <<1+ sup ]aﬂ) l|lui — uil, + sup ’a] —d. ‘—i— sup |a;| - sup Huj —u3H2>
J€[m] J€[m] J€[m] J€[m]

<M ((1—1— sup ]aﬂ) - sup Huj—u;‘ + sup |a; _a;'D'
jem] j€[m] 2 jem]

5}

)



Second, using again triangle inequality, we deduce that

|G(0i, ™) = G (8}, ™)

(2) vU VU
szmaanui—uﬂl?(vaum ” ”°°2|]|)+cz| ” ”°°Z|J| Juy

2>)

wz\

Iv? U||

e z a1 ([l — willy + || —

+Clai]- (HV2VHOO s — ], +

VUl 5 A
=) Mol | +C (jail + |a;

7j=1

VU]l

+Clai — aj (IIVVHOo

2
<5M - (1 + sup |aj|> - sup Hu] —u;H + M - sup ’a] —a; ’ <1 +2 sup |aj| + Sup ‘a] >
j€lm] j€lm] 2 j€lm] j€lm] j€lm)

- sup ‘aj —a; ‘ <1+ sup |a;| + sup ‘a] —a]D,
J€[m]

2
<M- <1+ sup ]aj> - sup Huj —u] P 2
JjEIM JjEmM

j€lm] j€lm]

uiu] — (uf) (uf) T

where (i) follows from the inequality < 2C' ||u; — uf||4, which is a result of

op
the following direct calculation:
wu, — (u)(u))T| = sup ‘(x,ui)z (x, ‘ <2C sup [(z,u;) — (z,uj)| = 2C [Ju; — uj|, .
P lzllp=1 [[x]l;=1

This completes the proof of Lemma 5, since the “as a consequence” part follows naturally from
the upper bounds obtained earlier. ]

Lemma 6. Following the notation and assumption of Lemma 5, we have

J€[m]

2
[ (p™) — (™) < M - <<1+ sup |ajy> +jngE]HGj —9}“2) .jsel[lngej -4,

Proof. By definition of the risk function and triangle inequality, we deduce that

2(p™) — (" \<*Z\az N 1 N IS A T [ P A ]
L S UGl g — et G - o)
1,7=1
<1V HVH
°°Z| il s =il + Z\
1V <
+ 1200 3 (Jai = all @] + laal [a; - 7))
ij_l
HVUH

VUl Z jaallag) - (llus =l + [Ju; — o)

sup Hu] —

2
<M - (1—1— sup |aj|> : y
Jjeml 2

J€m|

+ M - sup ‘a]—a ‘ <1+ sup |a;| + sup ‘a] a]-)
Jj€[m] Jj€[m] j€[m]
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<M - (<1+ sup |aj|>2+ sup HO — 0. H ) . sup HO 9’
je

JE[m]
This concludes the proof. ]

First, let us define the error function

A(t)= sup max
ke[0,t/n)NN 1€[m]

(k) = 0:(kn),

and the stopping time T = inf{t > 0: A(¢) > 1}. For k € N and ¢t = kn < Ta, we have the
following estimate:

i(t) — éi(k’)HQ < /Ot HHg (ai(s),pw)(s)) — H. (5i(L3/77J)aﬁ(m)(L8/nJ))Hst
S/tHH€ ei(s),p(m(s))_}[g (Gi(WLS/WJ),p(m)(an/nJ))Hst
[ (ol kb)) = H (8L 5L/ s

For any s € [0,¢], by Lemma 4 and 5 we have (denote [s] = n|s/n|, and notice that we can take
C =2sincet <Th)

| £ (0:(5), 0™ (5)) = H- (6:(15). /™ (15)) |
< (5_1 +1)M(1+ t/5)4(s —1[s]) < (6_1 +1)M(1+ t/5)4n

¥

Using again Lemma 4 and 5, we obtain that

HH (6:nls/n)), o™ (nls/n))) = He (Gi(Ls/nl) 5 (Ls/n)) )|,
<(ETHDMA+e15)?As) + (e +F 1D MA(s)?,

thus leading to

Ot (M(l +e715)2A(s) + MA(3)2> ds

At) < (e P+ 1D)Mt(1+t/e)n+ (e + 1)/
<(eTPF )ME(L+t/e)n+ (e +1) /Ot M(1+e715)? - max (A(s), A(s)?) ds.
For s <t < Ta, we have A(s)? < A(s). Hence,
A) < (TP DML+ t/e)'n+ (67 + 1) / M(1 5)2A(s)ds.
Applying Grénwall’s inequality yields
At) < (e P4+ 1)Mt(1+t/e)*n-exp ((s—l + 1)Mt(1 + t/£)2> < Mexp((e 7P+ 1) Mt(141t/e)*)n.

Therefore, for all T > 0 and n < 1/(M exp((e~t + 1)MT(1 +e71T)?)), we have

sup max

i) = 0;(kn)|, < Mexp((e™" + 1)MH(1 + /) <1, V¢ < min(T, Ta).
ke[0,t/n)NN i€[m] 2

This proves T' < Ta, and consequently

sup ~max

Ji(k) = 03 (k)| < M exp((e™" + 1)Me(1 + t/e))n, ¥t € [0,7],
ke[0,t/n)NN i€[m] 2
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which immediately implies that

sup max|a; (k)| < M1 +t/e)+1 < M(1+t/e).
ke[0,t/n]NN 1€[m]

Finally, with the aid of Lemma 6, we get the following upper bound on the difference between
the risk of gradient flow and gradient descent:

. (20" (k) — (5™ (k)| < M(M(1+ t/e)* + 1)M exp((e™" + 1)ME(1 + t/2)?)n
€10,t/n|N

< Mexp((e™t + 1) Mt(1 +t/e)*)n.
To summarize, we have the following:

Theorem 4 (Difference between GF and GD). There exists a constant M that only depends on
the M;’s, such that for any T > 0 and

1
<
= Mexp((e 1+ 1)MT (1 + e 1T)2)’

Ui

the following holds for all t € [0,T]:

sup  max|a; (k)] < M(1+t/e), (166)
ke[0,t/n)NN i€[m]

sup  max ||0;(k) — Qz(k‘n)H < Mexp((e P+ 1)Mt(1+e1T)?)n, (167)
ke[0,¢/n]NN 1€[m] 2

sup_ [ @(o (k) — (6 (R)| < Mexp((e™ + DML+ T (168)
k€[0,t/n)NN

D.2 Difference between GD and SGD

The proof for this section is almost identical to Appendix C.5 in [33]. The only difference is
that, here we need to verify that (I; — uu')o’((u,z))z is an Mz-sub-Gaussian random vector.
This follows from the identity (I; — uu')z = x — (u, z)u and Assumption A3. We thus obtain
the following interpolation bound between GD and SGD:

Theorem 5 (Difference between GD and SGD). There exists a constant M that only depends
on the M;’s, such that for any T,z > 0 and

1
d+logm+22)Mexp((e !+ 1)MT(1+e~1T)2)’

77§(

the following happens with probability at least 1 — exp(—z2): For allt € [0,T], we have

sup  max|a; (k)] < M(1+t/e), (169)
ke[0,t/n)NN i€[m]

0;(k) — Qi(k)Hz < Mexp((e™! + )Mt(1 +e7'T)?) /7 (v/d +logm + z)
(170)

. [Osu/p] . ‘%(B(m)(k)) - %(ﬁ(m)(k‘))’ < Mexp((e™t + 1)Mt(1 +e'T)) /7 (\/d + logm + 2) .
€10,t/n|N

sup  max
ke[0,t/n])NN 1€[m]

(171)
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D.3 Difference between SGD and projected SGD

The aim of this section is to prove a coupling bound between the trajectory of SGD and that of
projected SGD, thus finally leading to an upper bound on the difference between the risk of
projected gradient flow and projected SGD. To begin with, let us fix T, z > 0 and choose

1
<
T=Td+1logm+ 22)Mexp((e— + 1)MT(L + e 1T)2)

as in Theorem 2, where M is a large enough constant (to be determined later). Define

Ty=inf{t>0: (k)| > 2M (1 + t/e), ; >24,
b m{ > ke[&?ﬁmf&%'a()‘— (L+t/e), or ke[g?}f,ﬁw?é%”“(”b }

then for k¥ < min(T,Typ)/n and i € [m], we have (note that here t = kn)

|Gip ™ (ks 20|, < M Jas (k) (1 + max |ai<k>|> o (@ k), wag1))wpal
<M1+ t/e)? o' (k) wa)) T,

Denoting F, = o(A(0), 21, , z;), we know from Assumption A3 that, conditioning on Fy,
o' ((@;(k), Tg41))Tr+1 is an Ms-sub-Gaussian random vector. By well-known results on Euclidean
norm of sub-Gaussian random vectors (see, e.g., [27]), we know that there exists a constant M

satisfying
P (Ho'((ﬁi(k),a:k+1>)a:k+1||2 > M (\/&Jr \/log(l/é))> <.

Choosing § = nexp(—z2)/(mT) and applying a union bound gives

P (it (k <M (Vd+1 72) ) > 1—exp(—s2).
(k [Omlr?(lr?}%g)/n]ﬂN?el?XHU (wi(k), 2r41))Trs1lly < (\/erer )) > 1—exp(—2?)

Therefore, with probability at least 1 — exp(—22), for all k < min(T,Ty)/n and i € [m], we have
H@i(ﬁ(m)(l@); Z’“H)H < M(1+t/e)? (x/d +logm+ 2z + T2>

The above bound also holds for the trajectory of SGD, namely after replacing (™ (k) with
p'™ (k). Now, let us define the approximation error A;(k) = u;(k) — u;(k) for i € [m] and k € N,
then we get the following decomposition:

-1 -1
Ai(l) =D (Ai(k+1) = Ay(k) = Y (E[Ai(k +1) = Ai(k)|Fi] + Zi(k + 1)),
k=0 k=0

where Z;(k+1) = Aj(k+1) — Aij(k) —E [Ai(k + 1) — Aj(k)|Fk] has zero mean. With our choice
of n, one can verify that as long as max(d, m, z) — oo, Lemma 7 is applicable to

ur = w;(k), g1 = Gi(p"™ (k); zk41), vz = W(k), go = Gi(P"™ (k); 2k41)-
Hence, we deduce from the definition of A;(k) that
Ai(k+1) = Aj(k) = (wi(k+1) —u; (k) — (wi(k+1) —ui(k)) = (v1 — u1) — (v2 — u2)
=1 ((Id —uruy ) 91— (Id — U2y ) 92) +0 (77 192112 )

thus leading to the following estimate:

IE 1Ak + 1) = AiR)|Fullly < |[E[(Ta - uzug ) (91— 92)| Fel |, +n||E [(u2us —wral ) on| Al
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+ CnE (92113 | 7]
L0 IE (91— g2)IFdlly + Cn lur — w3 B (g1 Filll, + CoPE (92113 | 7]
_-h [(@<g<m><k>; 1) - @-<*<m><k>; a)) |7
+ Onllwth) = w )l - [ [Go™ 0 2| 7]
)

+ Cn’E U’G ( )5 Zht1 H ‘fk]

where (7) is due to the fact that u;, us € o(Fy), and HUWI - ’UQU;—H < C'||luy — uzlly. According
op

to the definition of éi, we obtain that

E K@i(ﬁ(m)(k)§ zip1) — Gi (™ (k); Zk+1)) ‘fk}

)V (s 5 (B)); [t g (B) )
> a;(B)Va, U ({atg (), 25 () [y ()l

s,

thus leading to (using the same argument as in the proof of Lemma 5)

HE K@z’(ﬁ(m)(k)§ Zpt1) — @i(ﬁ(m)(k); Zk+1)) ‘fk} H2 <M (1 + \s_lT)2 .jSGI?TIr)L] Hﬂg( - uj(k)H

+M (1 + e 1T 4 sup ‘dj(k) —aj(k;)D . sup a;(k) —a;(k)
jelm] jelm]

and

[B[Gio™ ®): znin)| 7l |, < M@+
Moreover, by (conditional) sub-Gaussianity of the G;’s, we know that
E [Héi(p(m)(k);zk+1)uz ]fk} < M2(1+e7 YR [0 (s(k), 2k 41)) i [l |Fi] < M(1+e7'T) .
Combining the above estimates, it then follows that

IG5 1) = i)y <nb (17 7) s [30) =y ()], + M1+ <717
j€lm

+nM (1 +e M + sup ‘dj(k) - aj(k)D . sup] ‘Ej(k) - Qj(k})‘ .

JE€m] JE[m

Using the same proof technique as in Appendix C.5 of [33], we conclude that

-1
P | max max Zik+ 1| >M Vd+logm +z+T?)\/Tn | < exp(—2?).
(ie[m] 1€[0,min(T. Ty) /)N 1§) ( ) ) (1+ ( & ) ) p(=2%)
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Similarly as in the proof of Theorem 4, we define

A(t)= max max Héf(l) —Qi(l)’ o Ta=inf{t=0:A0) =1},

1€[0,t/nNN i€[m)

Then, for | < min(7T,Ty,Ta)/n, we have

-1

Z Zi(k+1)

k=0

y

sup [[@i(l) = w; ()]l = sup |Ai()][y < sup {Z IE[Ai(k +1) = Ai(k) | Fll, +

i€[m] i€[m] i€[m]
-1
<M1+ 'T)? > Akn) + Ip*M(1+e7'T)*d

+ M1 +e'T)? (\/d +logm + 2z + T2) V1.
Proceeding with the same argument, it follows that

-1

sup [@;(1) — a;(1)| < e M (1 +e71T)2 Z A(kn) + e M1 +&71T)2 (\/d +logm + 2z + T2) V.

i€[m] k=0
Therefore, we finally conclude that

-1
Alln) < '+ 1M1+ 'T)2 Y A(kn) + 1> M(1+¢7'T)*d
=0

k
+ (e F )M+ T)? (\/d +logm+ 2z + T2) VT
-1
< ML+ D2 Y] Alkn) + (e + DM+ e 7Y (VdF logm + 2+ T2) /T,
k=0

Applying Gronwall’s inequality (discrete version) yields that

Alln) < (e + )M +e7'7)" (Vd+Togm + 2 +T2) /Tn
( + (e D)IM A+ e T exp (7! + DM (1 +7T)2))
<Mexp (7 + )MT(1+&7'T) )(m+z+T2) NG
<Mexp (67! + )MT(1+c7'T)?) (Vd+logm + 2) /i
as long as max(d,m,z) — oo with 7" = O(1). Note that the above inequality holds for all

1 € [0, min(T, Ty, Ta)/n] NN with probability at least 1 — exp(—2?2), which further implies that
Ty, Ta > T, and consequently

sup  max|a; (k)| < 2M(1+¢e1T).
k€[0,T/n)NN t€[m]

Applying again Lemma 6, we deduce that

sup |2(p"™ (k) — (5™ (k)| < (Vd+Togm + 2) M exp((e™" +1)MT(1+7'T)%) /i

k€[0,T/n]NN
Combining the above estimates gives the following:

Theorem 6 (Difference between SGD and projected SGD). There exists a constant M that
only depends on the M;’s, such that for any T,z > 0 and

1
(d+logm+ 22)Mexp((e~ P+ 1)MT (1 +e~1T)2)’

n<
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the following happens with probability at least 1 — exp(—z2): For all t € [0,T], we have

sup  max|a; (k)] < M(1+t/e), (172)
ke[0,t/n)NN 1€[m]

0;(k) — Ql-(k:)HQ < Mexp((e™" + )Mt(1+e7'T)?) /7 (vd + logm + z)
(173)

P N\gz(p“")(k)) —%(ﬁm)(l{))’ < Mexp((e™" + )MH(1 +e7'T)?) /7 (vd + logm + z)
€10,t/n|N

sup  max
ke[0,t/n)NN i€[m]

(174)
Theorem 2 then follows as a result of combining Theorem 4, Theorem 5, and Theorem 6.

Lemma 7. Let v; = up + n(Ig — uiu{ )g1, va = Projsa—i(ug + 1g2), where lusll, = 1 and
nllg2lls < 1/2. Then we have

(v1 —ur) — (v2 —u2) = 7 ((Id - U1U1T) g1 — (Id - U2U2T) 92) +0 (772 \\92”3) -

Proof. Using Taylor expansion, we know that

) -1/2
v = Projsa—1(ua + ng2) = (u2 + ng2) (1 + 2n(ua, g2) + n? ||92H§>
= (uz +1g2) (1 = n(uz, 92) + O’ | 92))

= (1 — n{uz, g2)) u2 + nga + O(n* | g2|I3)
=us + (g — usug )g2 + O(n* [|g2|3),

which implies
2
vy —ug = 1(Ig — uzug )g2 + O(11° | g2[[3).
The proof is completed by noting that

v —uy = n(Ig — urug )g1.

D.4 Proof of Theorem 3

By our assumption, we know that the canonical learning order holds up to level L, and that

1
§Z¢%S
k>L+1

=] >,

Then, according to Definition 1, there exists e, = 4(d), Tp = Tp(0) such that for all ¢ < e, and
T =T(g,8) = Ty(6)e'/?L, one has

Fo(T,e) = lim lim Z(a(T),uw(T)) <

m—0o0 d—oo

Wl >

Moreover, from Section 4 we know that with probability at least 1 — e~ over the i.i.d.

initialization,

sup |Z(a(t), u(t)) — Zoo(t, €)] <

U e T 4 T
te[0,7] © (\/g""\/m) CM'exp(M'T(1+1T)%/e7), (175)



where M’ only depends on (o, ¢, P4). Now we choose € < &, and T = T'(e, §) = Tp(0)e/?L. Tt
then follows that

1 1 ' 1
+ <\/a + \/TT’L) CM' exp(M'T?/<%). (176)

According to Theorem 2, we know that with probability at least 1 — exp(—z),

% (@(n),u(n)) — 2(a(T), u(T))| < \/n(d+logm + 2)M' exp (M'T*/c*) (177)

with n =T/n =T(e,0)/n. We now take

M = M(g,0) = ma

{ IM"2 exp(2M'T(e,8)3/e3)  36C2M"2 exp(2M'T (e, )3 /?) }
X .
52 ’ 52

Then, by our choice of m and d, we know that Z(a(T),u(T)) < 26/3. Further, taking

1
n_M(d—i—logm—i—z)’ n=MT(d+ logm + z), (178)
we obtain that 5
F(a(n), 7(n)) < A(a(T),u(T)) + 5 <6 (179)

The above happens with probability 1 — exp(—C’m) — exp(—z). Hence, our conclusion follows
naturally from the assumption m > z.

E Counterexamples to the canonical learning order

E.1 Case 1: 0, =0 for some k£ € N

For any fixed (a,u) = (a;, 4i)1<i<m, we have
E [f(z; a,u)Heg ((us, Zaz ((ui, 7)) Heg((us, x))]

=— Zl ;o (Ui, us)* = 0.
Moreover, the risk is always lower bounded by
(a,u) = 5E [(pl(ue, ) — f(sa,u))]
= S [(onHex (e, 1)) + (@ ({1, 7)) — ey (s, 7)) — f(r:0,u)]
- ng + 5B (o (e, 2)) — orHen((un,2)) — f(s0,u)?] = 56

where (i) follows from orthogonality between Hey({(u«, z)) and f(z;a,u).

E.2 Case 2: pg=---= ¢, =0 for some k£ > 1

We consider the reduced mean-field equations (24):

1 m
eda; = — Z (sis))
m

1
8tsz —az 1 — 8 ( E z:;ajU/(siSj)sj) .
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Note that if ¢9 = ¢1 = 0, then V'(s) = s - v(s) for some continuous function v. Denoting
a=(ai, - ,ap) and s = (s1,---,5n) ', the above equation regarding the evolution of the s;’s
can be written as

s'(t) = A(a(t), s(t))s(t),
where A(a, s) is a matrix-valued function satisfying
a; .
Ajj(a,s) =a;(1 — s?) (v(si)lizj — niU/(sisj)> , Vi,5 € [m].
Using the similar a priori estimate as in the proof of Lemma 1, we can show that

sup [|A(a(t), s(t))llop, < C(T) < 00
t€[0,T]

for any finite time 7', which immediately implies that s(t) = 0 for ¢ € [0, T]. Therefore, we won'’t
be able to learn any component of ¢ with degree > 1.

E.3 Case 3: ¢, =0 for some k£ > 1

We may assume oy, # 0, and analyze the simplified ODE system (97), which reduces to

Orilw) = — oFs(w) [ a(w)s(v)dp(v)
(180)
0:3(w) = — hofa(w)s(w)* ™ (1 - 2%3(w)?) / )30 dp(v).

We thus obtain the following equations:

o [ ) ap0) = 203 [ ap) <o,
0r [ 5 dp() = — 2k0f [a(@)sw)* (1 - eM5(w)?) dple) - [ a()3w) dp(w) (81
<2hotet™ [ aw)5() o) - [ alw)s) doew).
which means that for any 7 > 0,
[ apw) < [a(w.02dp(w) = 0 = of1). (182)
Therefore, most of the neurons cannot evolve to the magnitude of (1) in the process of learning

the k-th component, and therefore fails to provide an effective initialization for learning the next
component Qi41.
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