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Abstract

To characterize the functions spaces explored by
multi-layer neural networks (NNs), we introduce
Neural Hilbert Ladders (NHLs), a collection of
reproducing kernel Hilbert spaces (RKHSes) that
are defined iteratively and adaptive to training.
First, we prove a correspondence between func-
tions expressed by L-layer NNs and those belong-
ing to L-level NHLs. Second, we prove general-
ization guarantees for learning the NHL based on
a new complexity measure. Third, corresponding
to the training of multi-layer NNs in the infinite-
width mean-field limit, we derive an evolution of
the NHL characterized by the dynamics of mul-
tiple random fields. Finally, we examine linear
and shallow NNs from the new perspective and
complement the theory with numerical results.

1. Introduction

In recent years, there has been significant interests in under-
standing how neural networks (NNs) work in deep learning.
In the supervised setup, NNs can be seen as parameterizing
a particular family of functions on the input domain, within
which a suitable one is searched for by training. Thus, to
explain what is special about NN, it is crucial to investigate
the hypothesis class (i.e. space of functions) they represent.

As modern NNs often involve huge numbers of parame-
ters, it is especially interesting to understand the space of
functions that can be represented by NNs with unlimited
width. As a foundational result, the universal approximation
theorem (e.g.,|Cybenkol |1989; [Hornik et al., | 1989) shows
that, given enough width, NNs are capable of approximating
virtually all reasonable functions, suggesting the vastness of
this space. A deeper question, though, is to find a complexity
measure of functions that quantify their representation cost
in terms of the rate of approximation error, which would
yield insights on what kind of functions are more naturally
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represented by NNs. This question has been studied fruit-
fully in the literature for shallow (a.k.a. two-layer) NNs
(Barron, (1993} Bengio et al., 2005; Bachl [2017a; |E et al.,
2019)), but remains mostly open for multi-layer NNs.

Meanwhile, to study the sample complexity of learning
NNs, prior works have proved generalization guarantees
that are based on not the number of parameters but certain
norms of them (e.g., Bartlett, |1998} [Neyshabur et al.| [2015),
which could serve as a complexity measure of NNs from a
generalization point of view. Then, an important question
is whether there is a complexity measure associated with
width-limited multi-layer NNs that unifies the perspectives
of approximation and generalization.

Another critical aspect of deep learning is the training of
NN, which involves a non-convex optimization problem
but can often be solved sufficiently well by variants of gra-
dient descent (GD). Although remarkable progress has been
made to prove optimization guarantees for various settings,
it remains intriguing what kind of exploration in function
space is induced by the training of NNs. The Neural Tan-
gent Kernel (NTK) analysis provides a candidate theory
via a linearized approximation of NN training (Jacot et al.
2018)), which treats NNs as representing functions in a pre-
determined reproducing kernel Hilbert space (RKHS). How-
ever, the NTK theory is unable to model the feature learning
that occurs in the training of actual NNs (Chizat et al.||2019;
‘Woodworth et al., 2020), which is crucial to the success of
deep learning.

Hence, the present work is motivated by the following ques-
tions, which are central yet largely open:
* How to characterize the hypothesis space correspond-
ing to multi-layer NNs that undergo training?
e Can we associate with it a complexity measure that

governs both approximation and generalization?

To answer these questions, we propose to model an L-layer
NN as a ladder of RKHS with L-levels, leading to a function
space F() and a complexity measure %1 that satisfy:

i. Any L-layer NN represents a function in F(X);

ii. Any function f in F(*) can be approximated by an
L-layer NN at a cost that depends on €% ( f);
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iii. Generalization guarantees can be proved for learning
in 7 with (%) ( f) under control;

iv. Gradient descent training of L-layer NNs in a feature-
learning regime induces learning dynamics in F(%).

To our knowledge, this is the first proposal satisfying all
the properties above, thus opening up a new perspective in
understanding deep NNs.

The rest of the paper is organized as follows. In Section 3]
we introduce the Neural Hilbert Ladder (NHL) model and
the function space and complexity measures that it gives rise
to. In Section[d] we prove static correspondences between
multi-layer NNs and NHLs, verifying (i) and (ii). In Sec-
tion[5] we prove generalization bounds for learning NHLs,
verifying (fi). In Section [6] we show that the training of
multi-layer NNs translates to a learning dynamics of NHLs,
verifying (iv). In Section[7} we discuss specializations of
the NHL theory for the cases of shallow NN and linear NN.
In Section[8] we present numerical results on synthetic tasks
that support and complement the theory. Prior literature will
be discussed in Section [9]and Appendix [F}

2. Background
2.1. Basic Notations

We use bold lower-case letters (e.g. « and z) to denote
vectors and bold upper-case letters (e.g. U and H) to de-
note random variables or random fields. Vm € N,, we
write [m] := {1, ..., m}. When the indices , j, ¢ and s and
variables x and x’ appear without being specified, by de-
fault, they are considered as under the universal quantifiers
“Yi,7 € [m]”, “Vt,s > 0” and “Va,x’ € X

Suppose U is some measurable space. We let P (U/) denote
the the space of probability measures on U. Vu € P(U),
we let L?(U, i) denote the space of square-integrable func-
tions on I with respect to u, and V¢ € L2(U, i), we write
€Nl L2 = ([ 1€(u)[>u(du) /2. I U is al-valued ran-
dom variable, we let Law(U) € P(U) denote its law and
let Elp(U)] = [ ¢(u)[Law(U)](du) denote the expecta-
tion of any measurable function ¢ : &/ — R applied to U.
Additionally, if ¢/ is equipped with a norm (or quasi-norm)
I lles> we define B(U, M) .= {uv € U : ||u|ly < M} for
M > 0; we write B(U) := B(U, 1) for the unit ball in U;
we letU = {u € U : ||uljyy = 1} denote the unit sphere in
U; and Y € P(U), we define ||l = ([ ||h]|Z p(dh))/2.

For N € N, we let Lip(R™) denote the space of functions
on RY with Lipschitz constant at most 1. For a function o :
R — R, we call it non-expansive if Vu € R, |o(u)| < |ul;
we call it (non-negative) homogeneous if Vu € R, a > 0,
o(au) = ac(u).

2.2. Multi-Layer Neural Networks (NNs)

Let X be the input domain, which we assume to be a com-
pact subset of R?. We consider an L-layer (fully-connected)
NN with width m as expressing a function on X of the
following form:

1 & _
fm(x) = . Zaio(hEL 1)(33)) , (1
i=1
where hgl)(a:) =zl x= ijl zijxj,and VIl € [L —2],
)y L@ O
hy () = m leu U(hj (‘B)) ) 2
j:

where 0 : R — R is the activation function, and each
Zi s Wl(l]) and a; is a weight parameter of the input layer,
the [th middle layer and the output layer, respectively. For
simplicity, we will omit the bias term here but include it in
the more general framework presented in Appendix [B.1} We
refer to hl(-l) as the pre-activation function associated with

the 7th neuron in the /th hidden layer.

The 1/m factor in @) is often called the mean-field scal-
ing, which allows large m limits to be considered while
the parameters stay scale-free. Unlike the NTK scaling,
the mean-field scaling allows feature learning to occur, in-
cluding in the infinite-width limit (Yang & Hul 2021). The
comparison with NTK and other scaling choices are further
discussed in Appendix [F}

2.3. Reproducing Kernel Hilbert Space (RKHS)

A Hilbert space is a vector space equipped with an inner
product, (-, -), and a norm defined by ||-|| := (-, -) that makes
the space complete. Of particular interest to learning theory
is a type of Hilbert spaces whose elements are functions on
X. Vv € P(X), we write Egr { f(x)} = [, f(z)r(de).

Letx : X x X — R be a kernel function that is a symmetric
and positive semi-definite function. It is associated with a
particular Hilbert space on X', whose definition, existence
and uniqueness are given by the following fundamental
result (Aronszajn, [1950; |Cucker & Smalel |[2002):

Lemma 2.1 (Moore-Aronszajn). There exists a unique
Hilbert space, H, consisting of functions on X and equipped
with the inner product (-, -)3;, which satisfies the following:

1. Vx e X, k(x,-) € H;
2.VfeHVz e X, (f k(z, ))nu = f(z)

3. the span of the set {k(x, )} zex is dense in H.

The Hilbert space defined above is called the Reproduc-
ing Kernel Hilbert Space (RKHS) associated with (a.k.a.
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Figure 1: Illustration of an NHL, as defined in Defini-
tion Each H® is an RKHS; each (! is a probability
measure on H(!); each kernel function () is defined by z(!
and, in turn, defines H(+D),

reproducing) the kernel function . The RKHS plays an
important role in classical learning theory as well as math-
ematics and physics, and we refer the readers to|Cucker &
Smale] (2002); Mohri et al.| (2018) for further background.

3. Neural Hilbert Ladders

We begin by introducing a way to create an RKHS from a
distribution of functions on X. If ¢ is the activation function
of interest and yu is a probability measure on a space of
functions on X, we define 5, : X x X — R by

ky(z, x') = /U(h(m))o(h(:v’))u(dh) ,

which is symmetric and positive semi-definite. Hence, there
is an RKHS on X associated with the kernel function «,,
which we denote by H,.

By applying this recipe iteratively, we are able to construct
a hierarchy of RKHSes. At the ground level, we define
HD == {x > 27 -2 : z € R?} to be the space of linear
functions on R?. Through the canonical isomorphism with
R4, %Y inherits an inner product from the Euclidean inner
product on R?, which makes HD) the RKHS associated
with the kernel function () (x, &') := a7 - . Then, for
L > 2, we define an L-level Neural Hilbert Ladder (NHL)
as follows:

Definition 3.1. Suppose each of HP . HDL) is an RKHS
on X, and VI € [L — 1], there exists u() € P(H®)
such that HUHD = ¥ MOY which is the RKHS associated
with K1) := k,. Then, we say that (H")),¢(r) is an L-
level NHL induced by the sequence of probability measures,
(u(l))le[L_l]. In addition, we say that a function f on X
belongs to the NHL if f € H(1).

Put differently, to define an NHL, at each level [ we choose a
probability measure supported on (") — which is equivalent
to the law of a random field on X — to generate x(), which

then determines H (1), Thus, an NHL is a ladder of RKHS
constructed in an interleaved fashion by random fields and
kernel functions, as illustrated in Figure E}

3.1. Complexity Measures and Function Spaces

Given an RKHS H on X, we define

L—1
inf H 0]
W u<2>17n. o (1:1 [ [ )

HE L D

9D (H) =

m

with the infimum taken over all (M), ..., n&=1) and H3),
vy HE=Y such that: () VI € [L — 1], u® € P(HWY),
(i) VI € [L — 2], HFD = H s (i) H = H,u-.
Heuristically speaking, it quantifies a certain difficulty of
arriving at H as the Lth-level of an NHL. Then, we define
the L-level NHL complexity of a function f as:

cO ) =t (Il 2P (). )

with the infimum taken over all RKHS H. Finally, we define
the L-level NHL space, F (L) to contain all functions with
a finite L-level NHL complexity:

FR ={f: 6P (<= |J H. @&
2(L) (H)<oo

Unlike in the kernel theories of NNs (see Section [9), the
space F(L) is not one RKHS but an infinite union of them.

Some basic properties of F(%) and (%) are in order:

Proposition 3.2. (a) FL) is a vector space;

(b) If X C B(R?) and o is non-expansive, then || f||oo <
¢E(f);

(c) If o is homogeneous, then €Y) is a quasi-norm on
FI) and Vf € F), there is an NHL satisfying
CIf) = 1l and Vil € [L—1], uV is supported
within the unit-norm sphere of H®.

These results are proved in Appendix[A] When L = 2, as we
will show in Section F® coincides with the Barron
space (E et al.,[2022) for two-layer NNs, or equivalently, the
variation-norm function space (Bach,|[2017a). Thus, when
L > 2, the NHL space can be seen as a generalization of
the Barron space to deeper NNs.

3.2. Alternative Form via Coupled Random Fields

As noted above, for each I € [L — 1], u(!) can be interpreted
as the law of a random field on X, H (l), whose sample
paths belong to H") almost surely. In fact, the random
fields can be defined on a common probability space in a
useful way, which yields an alternative formulation of the
NHL that will become relevant later:
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Proposition 3.3. In Definition[3.1] there exist random fields,
(H® )ic[L)> that are defined on a common probability space
and satisfy the following properties:

« HM .. HY are mutually independent, and V1 €
[L— 1], u® = Law(HWY);

o There exist scalar random variables 2V, ..., 2(L—2)

such thatVl € [L — 2],

HD (g) :E{E(Z)U(H(l)(w))‘H(l“)] )

where E [ | ] denotes the conditional expectation, and
HH(HUH?_NH) = E[(EW)2|HV]. In particular,
we can choose each 2 to be measurable with respect

to HY and H+L) -

e There exists a scalar random variable A measurable
with respect to HE=Y) such that

f@) =E[A4c(H V@), ©
and |f2,s, = E[42].

The proof is given in Appendix[A.4]and builds on the next
observation:

Lemma 3.4. Let o be non-expansive, H be an RKHS, and
p € P(H) with [, k|13, p(dh) < co. A function f belongs
to H,, if and only if 3¢ € L*(H, p) such that

f@) = /f(h)a(h(a:))u(dh) R T

Moreover, ||fll%, = infe||£]|z2(2,), with the infimum
taken over all & € L*(H, u) that satisfies (7).

This lemma is akin to prior results on duality between RKHS
and random basis expansions (Rahimi & Recht, [2008a;
Bach, |20177ajb), though they only apply to basis functions
with a compact index set, whereas here, the basis functions
{o(h(-)) }nep are indexed by a (non-compact) RKHS. We
give our proof in Appendix[A.5] which extends the argument
in|Bach| (2017a).

4. Realization and Approximation by NN
4.1. NN as NHL

‘We shall define Mfr} ), e anL) > 0 associated with the NN
defined in Section [2.2]by

MO . 1 i 2|2 i ML) 1 icﬂ v
m m g 1112 ’ m m P 7 )
m m 1/2
mn m2 £ < ks ’ ’

Note that these quantities are the per-layer Frobenius norms
modulo the scaling and admit width-independent upper
bounds if each parameter is sampled i.i.d. Similar quan-
tities appear in |[Neyshabur et al.| (2015) for defining the
group norm of finite-width NNs.

We can show that any L-layer NN represents a function in
F), whose NHL complexity is controlled by the parameter
norms defined above, thus verifying property (i):

Theorem 4.1. f,, € F5) with € (f,,) < Hlel MY,
In particular, f,, belongs to the NHL of (’H”)le[L], where
we define H%’ =HD and VI € [L—1], ,(ffl) = Hu“)

with u;? = % Z:":l 5h§z) being the empirical measure
(on functional space) of the pre-activation functions of the

neurons in the lth hidden layer.

The proof is given in Appendix and we note that the
random fields can be constructed out of the pre-activation
functions in the respective hidden layers.

4.2. NHL can be Approximated by NN

Conversely, if X is bounded and ¢ is homogeneous, any
function in F(X) can be approximated by an L-layer NN:

Theorem 4.2. Suppose o is homogeneous and non-
expansive and X € B(R?). Given any f € F) and
v € P(X), there exists an L-layer NN with width m such

that &,{| fun(x) — f(2)[2} < L=L (4 D)(f))",

This result is proved in Appendix where we use an
inductive-in-L argument to show that a randomized approx-
imation strategy based on sampling each ;") independently
can already achieve low approximation error in expectation.

Theorem guarantees that the Lo approximation of a
function in F(X) can be achieved with error ¢ > 0 by an
L-layer NN with O(L5 /€*) number of parameters in total.
In comparison, functions in the neural tree space defined
by E & Wojtowytsch (2020) require O(1/e*2+6), which
depends exponentially on the depth. The contrast highlights
a crucial property of multi-layer NNs — that the neurons in
a hidden layer all share the same preceding layers — which
is correctly captured by the NHL by not by the neural tree
space, where the models have a branching structure that
incurs an exponential dependence on the depth.

In summary, when o is homogeneous (e.g. ReLU), we see
a two-way correspondence between L-layer NNs and the
space FI) with the approximation cost governed by (%),
and hence both (i) and (i) are satisfied.
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5. Generalization Guarantees
5.1. Supervised Learning

We consider a general task of fitting a target function f* on
X. Concretely, we search for a function f that minimizes the
population risk defined as R(f) = Exw {I(f(x), f*(x))},
where v € P(X) is an underlying data distribution on X
and [ is a differentiable loss function on R x R (e.g., in Lo re-
gression, I(§),y) == 3 (9 — y)?). However, instead of having
access to v directly, in supervised learning, we are typically
given a training set of size n, S = {x1,...,x,} C X, sam-
pled iid. from v. We will write v, := 237" | 6, €
P(X). The strategy will be to find a function within a pre-
determined function space — in our case, F(*) (assuming
that o is homogeneous) — that achieves a low empirical risk
defined as R, (f) = & {I(f(z), f*(x))}, where we write
&y for E4,,, for simplicity. Then, the question of gener-
alization is whether the discrepancy |R — R, | decreases
sufficiently fast as n increases.

Classical learning theory suggests that we prove uniform
upper bounds on the discrepancy through the Rademacher
complexity of F(I). While the Rademacher complexity of
RKHS is known (Mendelsonl 2003 Bartlett et al., [2005)),
F©) is not one RKHS but a union of infinitely many of
them, and hence a new approach is needed.

5.2. Rademacher Complexity of F (%)

Recall that the empirical Rademacher complexity of a
function space F with respect to the set S is defined
by Radg(F) = E; [Lsup;crd i i 7if(zr)], where
T = [71,..., Ty] is a vector of i.i.d. Rademacher random
variables. Our main result in this section is the following:

Theorem 5.1. If X C B(R?) and o is homogeneous, then

VM > 0, Rads(B(FL), M)) < M(\/21og(2)L+1)//n.

The proof is given in Appendix [C.I] where we carry out an
inductive argument inspired by both Neyshabur et al.|(2015))
for bounding the Rademacher complexity of multi-layer
NNs with finite group norms and |Golowich et al.| (2018) for
reducing its dependency on L from exponential to O(\/f)

Combining this result with Proposition [3.2}b) and classi-
cal generalization bounds via Rademacher complexity (e.g.
Mohri et al.| 2018)), we derive the following generalization
guarantee for learning in the space of NHLs, verifying (iii):

Corollary 5.2. Suppose that X C B(R?) and o is ho-
mogeneous. Yo > 0, with probability at least 1 — 0
over the i.i.d. sampling of a sample S of size n in X, it
holds for all functions f with € ) (f) < 1 that R(f) <
Rs(f) +2/vn + 3y/10g(2/0)/2n).

6. Training dynamics
6.1. Gradient Flow (GF)

Given the correspondence between NNs and NHLs shown in
Section we can regard the training of NNs as instantiat-
ing the strategy of empirical risk minimization within F (%)
described in Section [5.1} which we will further elucidate
in this section. In practice, typically, we first initialize an
NN by sampling its parameters randomly and then perform
variants of gradient descent (GD) on them with respect to
the empirical risk. We assume below that

Assumption 6.1. o is differentiable and its derivative o is
Lipschitz and bounded.

Assumption 6.2. Att = 0, each W, ; 0, a;0 and z; ¢ is
sampled independently from pw, p, € P(R) and p, €
P(RY), respectively. Moreover, py and p, have zero mean,
pw has a finite fourth-moment, p, has a finite covariance,
and p, is bounded.

Assumption [6.1]is standard in prior works on the mean-field
theory of shallow NNs (e.g. |Chizat & Bach| |2018)), which
is satisfied if o is e.g. tanh or sigmoid, though not ReL.U.

For simplicity, we consider GD dynamics in the continuous-
time limit — also called the gradient flow (GF) — where
the parameters evolve over time ¢ (added as a subscript)
according to a system of ordinary differential equations:

Hzi0 = = Ea{na(@)a) @0 (1) (@) }
= Ea{Gua(@ (h; V(@) } .
and Vi € [L — 2],

d _
at it =

1 +1
2w, = Gl
1 l
.U,(hlqurl)(m))g(h§,2(m))} ;
h = 9313, F* (@) b (@) =
where (m,t(sc) : (] (yvf (90))|y:fm,t(w)’ Qi (33) ’
a;,and Vi € [L — 2], qj(lz (@) = 5 X, Wi(7.ly')7tqz(7l:rl)(w)'

Note that GF causes not only the output function f,;, ; but
also the pre-activation functions in the hidden layers (which

O 1 xm
w Yot 6}&) to evolve, thus

is summarized by p,, ; =
.

leading to a movement of the NHL represented by the model.
The dynamics of (uf,lL)’t) le[z—1) is unfortunately not closed
but depends intricately on the weight matrices. Nonetheless,
we will show below that the dependencies the weight matri-
ces can be subsumed by a mean-field description once we
consider the infinite-width limit.

6.2. Mean-Field Limit

Several prior works have studied the infinite-width limits
of multi-layer NNs in the mean-field scaling (Araujo et al.,
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2019; Pham & Nguyen, [2021} |Sirignano & Spiliopoulos|
2022). Here, to uncover the learning dynamics of the NHL,
we will first show that a mean-field limit can be expressed
in the form introduced in Section

Fort > 0, let A, Egl), ..., and EgL_
let Z; be a d-dimensional random vector, and let H. t(l),
Ht(Lfl) and le), - QELil) be random fields on X', which
all depend on time and are defined below. At initial time,
Ay and Zj are distributed independently with laws p, and
Pz, respectively, and E(()l) =0,Vl € [L—2]. Fort >0, Ay,

= (1) =(L—2)
Zt7 =P/

2 .
) be random variables,

evolve via the following dynamics:

44, = 5m{<t(a;)a(H§L—”(m))} :
47 = - &{0(@)Q" @) (H (2))x} ,
and Vi € [L — 2],

48 = - &{e@Q" @)
o (Ht(lﬂ) (iL‘))O’(Ht(l) (x)) } :

The random fields are defined by Ht(l)(m) = Z] - =z,
LD (g) = Ay, and Vi € [L — 2],

E [={0(H]"(

l —(l l l
Q@) =E[="Q!" V@) H"| .

®)

H{" (@) = DIES] o

(10)

Finally, we set f;(z) = E[A;0(H, L 1)( ))] and ¢;(x) =
Al(G, 1 () lg= . (a)-

We can show that, by the law of large numbers (LLN), f; as
defined above is the infinite-width limit of the GF training
of NNs considered in Section [6.1]

Theorem 6.3. Suppose Assumptions|[6.1land[6.2|hold. Then
Yt >0, as m — oo,

]. fm’t(lE) &) ft(:c);
@

2. Vi € [L — 1], the probability measure ju,, , converges

weakly to ,ul(tl) = Law(Ht(l)) in all finite distributions,
thatis, VN € Ny, Vi, .., &’y € X,

sup

/ G(h(h), . b)), (dh)

gELip(RN)
l a.s.
= [ 9(h@), e @l @] 5 0
Remark 6.4. If L > 4, then for 2 < [ < L — 2, the random

field H. t(l) defined through the above is actually determinis-
tic, indicating a type of degeneracy in deep NNs under the
mean-field scaling (Araujo et al., 2019; Nguyen & Phaml
2020). Randomness can be restored if we add a bias term to
each layer that is randomly initialized (see Appendix [B.1.2).

The proof of Theorem [6.3]is given in Appendix[D.1] It incor-
porates the case where the bias terms are added and relies
on a propagation-of-chaos-type argument (Braun & Heppl
1977). While our result is not meant to be an improvement
in techniques compared to prior literature, it enables us to fit
the mean-field training dynamics into the NHL framework,
as we will show below.

6.3. Mean-Field NHL Dynamics

Integrating (8) and substituting it into (9) and (T0), we see
that VI € [L — 1],

1@ = 2 @) - [ efc@)nl @)
QU (@) (H (a) }ds

Q" (@) =Qy (x) - / 2 { G @) (@,
U(Hs(l)(:c’))}ds ,

where we define, VI € [L — 1],

wl(@,2') = E |o(H" (@) o (H ()] |
W@ 2') =E[Q@)Q" (')
o (B (@))o' (H ()] ,

and /ﬁg?s)(:c, x') = fyt(fg)(w, a’) = 1. Thus, having removed

the dependency on all E,El), we derive a dynamics that is

closed among the random fields. Moreover, the random
fields at different levels of the ladder are detached stochasti-
cally and interact only via the (deterministic) functions, /&
and 'y(l)

As a corollary of Lemma3.4]and Theorem|[6.3] we can show
that the equations above indeed define a dynamics in the
space of NHL, with each ni” = nl(tlz defining HEIH) as its
associated RKHS:

Proposition 6.5. Suppose Assumptions [6.1] and [6.2] hold.
Vt > 0, f; belongs to the NHL of(Htl))le[L], where /Hgl) =
HO and VI € [L = 1], M = H 0 is the RKHS

associated with ;. D Moreover, Vi € (L
0 0

Koy,¢ CONVErges 10 Ky

— 1], asm — oo,

almost surely.

We refer to the evolution of (Hgl) )ic[z) in time as the mean-
field NHL dynamics. A notable consequence of the uncou-
pling step is that, when L > 2, the dynamics of each H t(l)
is no longer Markovian but dependent on its history. This is
further illustrated in Section [/.2]in the case of linear NNs.
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6.4. Functional Gradient Flow with an Evolving Kernel

From the mean-field NHL dynamics defined above, we can
derive that the output function satisfies

dtft =&y {Ct )0¢(x, )} (11)

-1 l
St e @,
z') = xT - w,'y,g )(w,af;) = 1 and ~;

where 0;(x, ') =

set ng )(

%Slt) , Vl € [L — 1]. Hence, one can view f; as evolving
according to a functional gradient flow — also called the
residual dynamics in the mean-field theory of shallow NNs
(Rotskoff & Vanden-Eijnden, 2018) — with a time-varying
and data-dependent kernel function 6. It plays a similar
role as the Neural Tangent Kernel (NTK) in the NTK theory,
which governs the training dynamics of infinite-width NNs
under a difference choice of scaling (Jacot et al.| (2018)); see
also Appendix [F). However, a crucial difference is that the
NTK remains fixed during training — and hence the name
“lazy training” (Chizat & Bachl [2018)) for the NTK model
— whereas the current model exhibits feature learning as 6,
evolves during training, thus satisfying (iv)).

x’) and we
o _

7. Examples

We delve deeper into two special families of NN to better
illustrate the general theory and connect it to prior literature.

7.1. Shallow NN (L = 2)

Below, we show that prior works on the function space and
training dynamics of shallow NNs in the mean-field scaling
agree with the NHL perspective at L = 2.

7.1.1. FUNCTION NORM AND FUNCTION SPACE

The Barron norm has been proposed as a function norm that
corresponds to width-unlimited shallow NN (E et al., 2019
E & Wojtowytschl 2022). For a function f on X, it can be
defined as

s =t ( [1eciRaan)

where the infimum is taken over all p € P(S%!) and all
measurable functions & : S~ — R such that

/5 zTa:

Meanwhile, if o is homogeneous, Proposition [3.2f[c)) implies
that

)p(dz) . (12)

A (f) = inf [|fllne
()

with the infimum taken over all probability measures (")
supported within the unit sphere of 7£(*). The isomorphism

between (Y and R? means an equivalence in the roles
played by 11 and p. Thus, by Lemma we see that:

2(f).

In fact, when L = 2, @]) reduces to F?) = Up H,
with the union taken over all p € P(Rd), where we de-
fine H, as the RKHS associated with the kernel function
ko(x, ') = [o(2T - x)o(zT - «')p(dz). This agrees
with the decomposmon of the Barron space as a union of
RKHSes (E et al,[2019).

7.1.2. TRAINING DYNAMICS

When L = 2, the mean-field NHL dynamics reduces to the
following ODE:s of the random variables A; and Z;:

44 =&{o@o (2] =)
42 = A& (@) (2] -)e) .

Thus, the joint law of A; and Z; evolves in P(R**1) ac-
cording to a Wasserstein gradient flow (WGF), which re-
covers the mean-field theory of shallow NNs under training
(reviewed in Section[9). In particular, under similar assump-
tions, the global convergence guarantees of the WGF also
apply to the mean-field NHL dynamics at L = 2.

7.2. Deep Linear NN

When o is the identity function, the model becomes a linear
NN, whose output function can be expressed as fi(x) =

v] -@. Moreover, foralll € {2,..., L}, ”Hgl) always contains
the same set of functions, namely, the linear functions on
R?, except that their norms in 'Hgl), which are governed by
the kernel function K;,El* 1), differ with [ and evolve over time.
Below, we show the mean-field NHL dynamics reduces in

this case to a finite-dimensional system.

We consider the setting of fitting a linear target function
f*(x) = (v*)Tx with least-squares regression, and we
define ¥ == 13" ap-xf and § = T - (v, — v*).
Thanks to the linearity, each nglz (z, ') is bilinear in « and

x’ while 71(,? (x, ') does not depend on « or . In other

words, HK(l) € R%4 and c(l) € R such that /@(l) Wz, ') =

xT - Kt(ls) x’ and Ayt(l)(x, x') = cgll Then, (TT) reduces to

L
S, = (chlwv) S (v — ")

=1

where we set Kt(o) as the identity matrix, cEL) =1, and
each Kt(l_l) = Kt(ft_l), cgl) = cglz Moreover, the mean-

field NHL dynamics reduces to equations that are closed in
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0 0.5 1 15

Figure 2: Learning trajectories of linear 3-layer NN ver-
sus the NHL dynamics. Solid: 3-layer linear NNs trained
by GD with width 64 and 8192. Dashed: numerical inte-
gration of the NHL dynamics derived in Section[7.2] Dot-
dashed: linear regression (LR) under population loss.

Kt(lé) and CEZ For example, VI € [L —

)

2], it holds that

KD = //FWWK”C ¢ KW dpdr, (13)

1+1)
=[] drdie

The full system of equations is derived in Appendix [E.T]

KU ¢ dpdr, (14)

We see that although f; is always a linear function, its train-
ing dynamics is nonlinear and non-Markovian, which is in
contrast with the GF dynamics of plain linear regression:

Ly =3 (v, —v").

8. Numerical Illustrations
8.1. Experiment 1: Linear NN

To validate the NHL dynamics derived above for linear NN,
we compare its numerical solution with the GD training of
an actual 3-layer linear NN on an Ly regression task of
learning a linear target v*, as described in Section We
choose d = 10, n = 50 and v = N(0, I). In Figure 2]
we plot the learning trajectories in the linear model space
projected into the first two dimensions, i.e., v; 1 and v, 2. We
see that the NHL dynamics solved by numerical integration
closely predicts the actual GD dynamics when the width is
large. Moreover, the NHL dynamics presents a nonlinear
learning trajectory in the space of linear models, which is
in contrast with, for example, the linear learning trajectory
of performing linear regression under the population loss.

8.2. Experiment 2: ReLU NN

To gain insights into feature learning and the evolution of
the NHL through training, we perform GD on 3-layer NNs
with the ReLU activation on an Ly regression task. We
choose d = 1, n = 20, m = 512, the target function being

f*(x) = sin(2x), and v being the uniform distribution on
[0, 27]. All parameters in the model, including untrained
bias terms, are sampled i.i.d. from N(0, 1) at initialization.

We see from Figure[3[b) that the pre-activation values across
all neurons in the second hidden layer — which correspond

to ug?t and approximate NEQ) — move substantially through
training, demonstrating the occurrence of feature learning.
Furthermore, as shown in Figure c), the movement results
in a learned kernel function IQEQ) that bears the same period-
icity as the target function, showing that the kernel function
is adaptive through training. In particular, as measured by
the Centered Kernel Alignment (CKA) score (Cortes et al.,
2012), n§2) becomes more aligned with the target function
during training — an important notion in the literature of
learning kernels (Cristianini et al., 2001 ) —and more so than

( ) It suggests that the space H ) can move closer to the
target function via training, though a theoretical explanation
for the alignment phenomenon is lacking.

9. Related Works

Here, we further discuss the novelty and significance of our
work relative to the existing literature. Due to space limita-
tions, we defer to Appendix [Fthe discussions of additional
prior works on the topics of the NTK theory, NNs as random
fields, complexity measures of NNs and NNs beyond lazy
training, and deep linear NNs.

Function spaces of width-unlimited NNs As discussed
in Section prior works have proposed the function
space of shallow NNs based on a total-variation-type norm,
which is proved to control both the generalization error
(Bach, |2017a; [E et al.,[2019) and the dynamical approxima-
tion error (Chen et al.| [2020b). Other works have also estab-
lished the regularity properties (Savarese et al.;2019;|Ongie
et al., 2020) and representer theorems (Parhi & Nowakl
2021)) of this space. Hence, for shallow NN, a relatively
complete picture has been established that covers approxi-
mation, generalization and optimization.

For multi-layer NNs, however, a satisfactory theory for
the function space and the complexity measure is missing
for the lack of a suitable model. While the neural tree
space (E & Wojtowytschl [2020) is an interesting attempt,
it does not correspond directly with the training of NN,
and importantly, neurons in the same layer do not share
pre-synaptic neurons in this model, which leads to approxi-
mation error bounds that grow exponentially in the depth, as
discussed in Section4.2] Several studies including|Lee et al.
(20174); [Sonoda & Muratal (2017); Bartlett et al.| (2018);
Zou et al.| (2020a); [Lu et al.| (2020)); [Zou et al.| (2020b); E
et al| (2022); |[Ding et al| (2022); [Hayou| (2022)); [Parhi &
Nowak| (2022) focus on NNs with bottleneck layers with
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Figure 3: Results of GD training of 3-layer NN with ReLLU activation. (a): Target versus learned function. (b): Pre-
activation values across neurons in the second hidden layer on two training data points, ; and &, before and after training.

(c): The kernel function of the second hidden layer, m§2)

(1) (2)
t

test errors and the CKA scores of x, ’ and «

fixed widths, whose behavior is quite different from the
multi-layer fully-connected NNs we focus on, where all
hidden layers can have unlimited width.

Mean-field theory of NNs In the mean-field scaling, shal-
low NNs under training are analogous to an interacting
particles system (Rotskoff & Vanden-Eijnden, 2018 [2022).
Hence, as described in Section|7.1.2} its infinite-width limit
can be modeled as a probability measure on the parameter
space, which evolves according to a Wasserstein GF during
training (Mei et al., |2018}; |Chizat & Bachl 2018}, |Sirignano
& Spiliopoulos}, 2020). Notably, under suitable conditions,
the Wasserstein GF can be proved to converge to global
minimizers of the loss (Nitanda & Suzuki, 2017;|Me1 et al.,
2018}; \(Chizat & Bach, 2018} [Rotskoff & Vanden-Eijnden,
2018 'Wojtowytschi [2020; |Chen et al., 2022b)).

Several works have proposed mean-field-type models for
multi-layer NNs via probability measures defined in differ-
ent ways (Nguyen, 2019; |Aragjo et al., [2019; Nguyen &
Pham| [2020; |Pham & Nguyen, 2021; |Fang et al., 2021} Sirig4
nano & Spiliopoulos| 2022), where in particular, |Aradjo
et al.| (2019); [Pham & Nguyen| (2021) prove law-of-large-
numbers results similar to Theorem [6.3]for the convergence
of finite-width NNs to the mean-field limit. However, these
works do not address the function space associated with
these models, which is a main contribution of our work.

NNs as kernels Besides the NTK theory, a number of
prior works have also explored the connection between neu-
ral networks and kernels, by either proposing new kernels
methods inspired by NNs (Cho & Saull, [2009; Mairal et al.|
2014} Wilson et al., 2016; [Bietti & Mairal| 2017; [Shankar
et al.,|2020; Radhakrishnan et al.,[2022) or by modeling NNs
as kernels (Rahimi & Recht, 2008b; Montavon et al., 2011}
Hazan & Jaakkola, [2015; |Anselmi et al.l 2015} [Domin+{
gos), 2020; |Aitchison et al., 2021} |Amid et al., 2022), or
both. Of particular interest is the conjugate kernel model
of multi-layer NNs proposed by Daniely et al.| (2016)), to-

(x, '), after training (red means a higher value). (d): Training and
with respect to the target function over time, averaged over 10 runs.

gether with a random feature scheme for approximating the
kernel (Daniely et al.,[2017) and a theoretical guarantee that
stochastic gradient descent (SGD) can learn a good solution
in the conjugate kernel space in polynomial time (Daniely,
2017). Under the current framework, the conjugate kernel
space can be seen as a particular fixed NHL determined by
the random initialization of the weights. In contrast, the
function space F' (L) is not one RKHS, but an infinite collec-
tion of Hilbert spaces, in which learning can occur through
the NHL dynamics. In other words, the conjugate kernel
space does not satisfy desiderata (i) or (iv) from Section I]
as a theory for the function space of multi-layer NNs.

10. Conclusions

In this work, we propose to model multi-layer NNs as NHLs,
thereby deriving the function space of multi-layer NNs as a
union of hierarchically-generated RKHS. We prove that the
associated complexity measure governs both approximation
and generalization errors, and moreover, the training of
multi-layer NN in feature-learning regimes translate to a
dynamics of the NHL. Hence, our proposal emerges as a
candidate for the hypothesis space of deep NNs.

Limitations of our work include the assumptions in Section|[6]
that the activation function is differentiable (thus excluding
ReLU) and the GD step size is infinitesimal. Meanwhile,
our work opens up interesting directions for further research,
including various properties of the NHL space and the long-
time behaviors of the mean-field NHL dynamics at L > 2.
It also lays the groundwork for a quantitative investigation
into the influential idea that deep NNs perform hierarchical
learning (Poggio et al., 2003} |2020; |Allen-Zhu & Lil [2020;
Chen et al., [2020a).
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A. Supplementary Materials for Section [3|
A.1. Proof of Proposition [3.2][a)

Suppose f is a function in F(), By definition, 31, ..., u&=1) such that || f||5yz) < coand VI € [L —1], ||V |50y < 00
and H!+Y = H ). Given any ¢ > 0, the function cf € HX) with ||cf|l3w) = |c||| f[l), which implies that cf
belongs to the same NHL as f and €' (%) (cf) < |¢|€ ") (f) < oc. This shows that F(¥) is closed under scalar multiplication.
Meanwhile, ) (f) = €5 (¢~ (cf)) < |e| 1€ E) (cf). As aresult, €5 (cf) = |¢|€ ) (f). This proves the absolute
homogeneity of (%),

Let f' be another function in F(©). Similarly, by definition, 3", ..., (== such that || f|| 5z, < oo, HV = H) and
Vi€ [L—1], 430 < ooand HIHD = H,, - Then, to show that F(2) is a vector space, we need an upper bound
on €5 (f + f').

Forl € [L — 1], we define g = %,u(l) + %u(l)'. Thus, i) is supported within H (") U HD'. We define H(V) := H(1) and
Vi€ [L—1], H+Y ==, and we will show that f + f’ belongs to the NHL formed by (H ")) (z). To do so, we need
the following lemma:

Lemma A.l. Forl e [L—1],ifg € HY, then ||g|l 70 < V2 gllpw; similarly, if g € HO' | then lgllzam < V29l
This lemma is proved in Appendix and it allows us to bound ||fiV || ;) for each layer by
1A, = / IR0 20 (d)
— 5 [ Wbl Oa@ny + 5 [ Il @)
< [ bl an) + [ 1Al ()

and moreover, |1 + f'llzzr < I1fllcer + 17 llszr < V2(1F 3000 + 1 lpgcer ). Therefore,

(P +1)" < ( H 1AL ) IS + £

(H (1 By + 1 &m)) (1l + 17 Do)

<00 .

(15)

Hence, f + f/ € F(F), and this concludes the proof that F() is a vector space.

A.1.1. PROOF OF LEMMA[AT]
When [ = 1, the statement is trivial since, by definition, H(1) = (1) = 11",
Next, for | € [L — 2], consider any g € #(+1). By Lemma|[3.4} there exists a function & € H®) such that

2) = [ &o(b@)u dn).

llgllza+n = lI€ll L2 ). Note that 1D is absolutely continuous with respect to i) on #® U #®". In particular,

for any set A € HO UHD', D (A) < 2D (A). Therefore, there exists a function ) on HW U HW' that is the
Radon-Nikodym derivative of u( ) with respect to /i), which, in particular, satisfies 0 < n® < 2 on H® UH®', This
allows is to write

2) = [ ¢ (h(a))n® mi an)
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Hence, by Lemma 3.4] there is
2 2
9B < [ IO ) an)

— / l€(h) 20 (h)u ()
< 20€12 30 )
= 2”9”?-[(#1) .

Similarly, for g € %1, we can derive that ||g|| < 2[|g][3,(11) Via a similar argument.

2
H+1D) =

A.2. Proof of Proposition [3.2](b)
For each | € [L — 1], using the reproducing property of () as an RKHS, it holds for all f € H() and 2 € X that

|f (@) = [(f, s (@, )
£l (D (e, )1/

Thus, our strategy is to prove the following statement with an inductive argument, which is given in Appendix [A.2T}
Lemma A.2. [f X C B(R?) and o is non-expansive, then sup 4 y k9 (x, ) < Hlel (m ”?—L(U’ VL € N,.

(16)

IN

Suppose f € F) and let (H(1) 1e(r) be an NHL to which it belongs. Then, Lemma allows us to derive that
L—1
sup | /()] < [IFllee JT 16@ o 2 -
reX I—1
Hence, if we take the infimum of the right-hand side, it follows from (3)) that || f|| < %2@) (f). O

A.2.1. PROOF OF LEMMA [A2]

We can prove Lemma inductively in L. As we assume that X is a subset of the unit ball of R, there is
supgex £ (2, ) = sup,c y [|2[|? < 1. Next, suppose that the statements of Lemmahold for a certain L € N. Then,
for L + 1, (T6) implies that, V& € X,

0 w,2) < [ o)) )

< / () [+ (dn)

L

( / ||h||${mu<“<dh>) T 16 B
=1

L+1

IT 1150
=1

IN

which proves the statements for L + 1.

A.3. Proof of Proposition [3.2(c)
We introduce the following lemma, which is proved in Appendix [A.3.T}

Lemma A.3. Suppose that o is homogeneous. Let H be a Hilbert space of functions on X, and let H denote the unit-norm

sphere of H. Given any p € P(H) such that |||z = 1, there exists i € P(H) such that || - |3, < || - |24,
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If o is homogeneous, then Vf € F(F), we may assume without loss of generality that Hf”H(L) = ¢ (f) while VI € [L—1],
111914y = 1. Suppose that at some | € [L — 1], u) is not supported entirely within H® . Then, Lemmal|A.3|implies
that there exists an alternative probability measure ,u(l) supported within HO such that if we define H(+D = = Hyw,
then Vf' € HUHY || £l 7040 < | #/l30+0 . In particular, thls implies that ||V || 5000 < |00 Hence by
replacing HU+D) with HHD | we obtaln another NHL, (H(V), ..., 7O HI+D 34(+2)4(L)) which contains f and
realizes the minimization problem in (%) (f). Applymg this argument to each [, we see that ,u(l) ooy &= can be chosen
such that VI € [L — 1], u® is supported within H(®)

To show that (%) is a quasi-norm, we follow the construction in Appendix Given f and f' € F), since o is
homogeneous, we may assume without loss of generality that || f|| .2y = € (f), || fllyyey = €L ('), and Vi € [L —1],
D] 300 = |49 ||y = 1. Then, (T3) can be tightened to yield

CE(f+F) <25 (|l + 1 ) < 25 (605 + 6D (1)

which means that €% is a quasi-norm on F(%).

A.3.1. PROOF OF LEMMA [AJ]

Without loss of generality, we assume that ;1({0}) = 0 (since otherwise we can replace p with an ¢/ € P(H) such that
1 ({0}) =0, |1'][% < Land | - (], < |- [l2,)- Let H be any H-valued random variable with law ;.. Note that we can

define a bijection between Ry x H and H \ {0} via the map (c, h) — ch, and we let (C, H) denote the image of H under
the inverse of this map, which is a pair of random variables supported on R x H. We first see that E[C?] = E[| H||3,] = 1.

We choose a H-valued random variable, H, whose law has a Radon-Nikodym derivative of E[C?| H] with respect to the
law of H, i.e.,Vh € #, [Law(H)](dh) [C’2|H = h)[Law(H)](dh). We can verify that Law(H ) defined as such is
indeed a probability measure on # since E[C? |H h] > 0, and moreover,

[Law(H)|(H) = /H [02|H h} [Law(H)](dh) = [ [02|I§rH:E[C2]:1

Consider any function f € H,. By Lemma and the bijection between R X H and H \ {0}, there exists a function
¢ : Ry x # — R such that

f(@) =E [¢(C. H)o(H(@))| = E [C¢(C, H)o(H(@)) | |
and E [|£(C,f[)|2] = ||f||§_[H Then, defining a function € : H — R by Vh € H,

E [cg(c, H)|H = ﬁ}

) = E [C2|I—TI - ﬁ}

we see that
f(w) =E [E[Ct(C, F)o (B () |||
E [Cf(C, H) yﬂ]

e [CQW} o(H(2)E [C?|H]
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Thus, there is

11y, oy < E [JECDP]

Law(H) —

E[cec, H)H = h
- J,

E {C? H-= B}
E[cec, iy =i | o o
_ /H i ] L BC?|H = h[Law(HD)](dh)
’E ‘cec, m)|i =[] L
_ / - Law (ED)](dh)
# E [CQ‘H = h}
] -
’E [Cg(c, H) H] ‘
—E
| E [C2|1f1} |
By the Cauchy-Schwartz inequality, |E :C§(C,ﬁ) Iﬂ ‘2 <E :CQ|I:I] E {|§(C7I:I)|2|I:I}. Hence,

Law(H) —

11y, 0y <E [E |I6(C.EDP[HE]| = E [l6C. BDP] = I3, -

A.4. Proof of Proposition [3.3]

For each | € [L — 1], let H® be a H)-valued random variable with law p(", and let H™) | ..., H(X~1) be distributed
independently on a common probability space.

First, we define A as follows. By Lemma there exists ¢ € L2(HEY uE=D) such that f(x) =
J &) (h(x)) =1 (dh) and || fll3ge) = [[€]l2(20-1) z-1)). Then, we define A := ¢(H“~Y)), which is measurable
with respect to H(“~1). Hence, (6) as well as the equality || f[|7,., = E[A?] are implied.

Next, VI € [L — 2], we define = as follows. By Lemma Vh e #HUD, 3¢, € L2 (’H(l), u(l)) such that

W) = / (Yo (1 () O (dl') a7

and

[Allzaen = [1€nll L2 (e pory - (18)

We denote the map h — &, by 20, ie., [EW()](R) == & (B) for h € HUHD and b/ € HO®, and finally define
EO = [2O(HEH)(HWD), which is, by definition, measurable with respect to H") and H+1), Then, (§) and the
relation || H (+H1) 12,040 = E[(EW)?|H*D)] are implied by and (T8).

O

A.5. Proof of Lemma [3.4]
The main proof strategy is adopted from Appendix A of |Bach|(2017a)).
Let p € P(H) with ||p||3 < oo. For any function f in X', we define

9

. 1/2
171l = inf (€]l 22.)
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with the infimum taken over all £ € L?(H, p1) such that (7) holds. We define H A to be the space containing all functions

f such that || f||o < oco. Then, our strategy is to prove that #  must coincide with #,, by leveraging the uniqueness of
RKHS.

To start with, it can be verified that || - || o is a norm on H A and hence makes it a Banach space. Then, we define a map
T: L*H,p) — Ha
£ [€mo(h)ntan).

As a surjective linear map between Banach spaces, there exists an orthogonal decomposition of L?(#, ) into the null space
of T, denoted by /C, and its complement, denoted by K+ (see Theorem 2.12 in|Brézis| [2011, for example). We let U denote
the restriction of 7" onto -, which is bijective, and let U ~! denote its inverse. Then, for f, g € Ha, we define

(f,9)n = /[U”(f)](h)[Ufl(g)](h)u(dh)- (19)

It can then be verified that (T9) defines an inner product on H  and gives rise to the norm || - || o, thus making H » a Hilbert
space on X'. Thus, it remains to show that H A satisfies the three properties in Lemma with respect to the kernel function
Ky

First, since k,(z, x') = [ o(h(z))o(h(z"))n(dh), we see that

lEu(z, )| </|0 ’ w(dh) /’h ‘ w(dh) <supff T, T /Hh”Hu dh) <

where & is the kernel function associated with #, and sup,, x(x, ) < oo is a consequence of the compactness of X'. This
implies that x, (x, ) € Ha.

Second, given any f € H ., there exists £ € K- such that (7) holds. In particular, it means that V& € K, [ £(h)E(h)u(dh) =
0. Therefore,

F, (@, ) = / ¢(h 2, )] (h)u(dh)
/ ¢(h ) u(dh) (20)

Third, (20) implies that any function in H A that is orthogonal to ,,(z, -) for all z € X has to be the zero function. Hence,
{ru(@, ) }zecx spans Ha.

Therefore, by Lemma[2.1, Ha = H,,, which proves Lemma[3.4}

B. Supplementary Materials for Section 4]
B.1. Including the Bias Terms
B.1.1. MULTI-LAYER NN

By including the bias term, we mean replacing (2)) in the definition of the multi-layer NN by
P () = D 4 = Z wlo () (@) .
In the GF dynamics, the bias terms evolve according to the f0110w1ng ODE:

#0) = =80 {Gnaall(@)} |

where  denotes the learning rate of the bias parameters relative to the weight parameters. If 5 = 0, for example, it
corresponds to having untrained bias terms.

20



Multi-Layer NNs as Trainable Ladders of Hilbert Spaces

B.1.2. NHL

To incorporate the role played by the bias term, we replace Definition [3.1] by the following definition of the NHL:

Definition B.1. Suppose each of H(?), ..., H(F) is an RKHS on X, and VI € [L — 1], there exists uY) € P(H® x R) such
that H(*1) is the RKHS associated with the kernel function

O (x,x') = /U(h(w) +b)o(h(z') + b)u(dh,db) .

In other words, we can write (")) = 7{ ) , where P € P(H® 4+ R) is the push-forward of the measure 1() under the
+
map:

C(X)xR—=C(X)
(h,0) = h(-) +0,
and “H() 4 R” denotes the sum of (") and the space of constant functions on X’ as vector subspaces of C(X'), the space

of continuous functions on &X’. Then, we say that (H(l)) 1e[r) is an L-level NHL induced by the sequence of probability
measures, (u(l))le[L]; in addition, a function f on X belongs to the NHL if f € H (L),

If H is a Hilbert space and p € P(H x R), we define ||u|#,+ = ([ |hl|Z, + |b>1(dh, db))*/?. Given an RKHS H, we
can then define

gOGH) = int (H 1)

p M
7{(2) 'H(L 1)

where the infimum is taken under the constraint that () € P(H(®) x R) and H(+1) = H,w, VI € [L — 1]. Then, we can
+
define the L-level NHL complexity of a function in the same way as (3).

In addition, instead of Proposition [3.3] the coupled form of the NHL can be redefined in the following way.

Proposition B.2. In Deﬁnition there exist random fields, (H (") le[L—1], and random variables, (B O} le[L—1], that are
defined on a common probability space and satisfies the following properties:

* The pairs (H®, BW), .., (HE=Y B~V are mutually independent, and ¥l € [L — 1], p = Law(H®, BV),
s There exist scalar random variables WV, ..., X =2) such that V1 € [L — 2],
H"(z) =E[EYe(HY(z) + BY)|HTY] | (21)

where E[ - | - | denotes the conditional expectation, and | H (1) 13,0 =E [(BD)2|HHD). In particular, we can
choose each 21 to be measurable with respect to HO and H(Hl);
* There exists a scalar random variable A measurable with respect to H'X'=Y) such that

f(z) =E[Ac(H* Y (z) + BED)] | (22)
and | f|3,., = E[A?].

In the mean-field dynamics, the evolution of the bias term is governed by

d

=B = 58 {0Ql @0’ (H (@) }

B.2. Proof of Theorem 4.1]
First, by the definition of H(1), there is Hu,&?”wm = M. Forl e L - 2], LemmaimplieS ||hz('l+1)||§_t<z+1> <

m 1) (141 I+1) I+1 . . .
e |W( 12, and so ||piht )HH(,+1) = 3", |n{tD 13,00y < (MSTD)2. Finally, Lemma also implies
Il fllze) m < My(n ), Together, they prove the proposition.

O
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B.3. Proof of Theorem 4.2]

Let f € F). As explained in Sectionand Appendix there exist probability measures p(V), ..., £(E~1) and deter-
ministic functions (1), ..., 2“1 that satisfy the conditions in Appendix Since o is homogeneous, Propositions 3.2(c)
implies that we may assume without loss of generality that €X) (f) = || f||;z) and VI € [L — 1], u!) is supported on the
unit-norm sphere of H ).

Our strategy will be to consider a random approximation of f using a width-m NN that achieves low a approximation error
in expectation. For each ! € [L — 1], we let { H, fl)}ie[m] be m independent samples from (") on (the unit-norm sphere of)
1. We define H'" := H"). Then, for | € [L — 2], writing V_Vi(lj) ==OEH!"Y, H](l)), we iteratively define

= (1 L= 5 () el
@) = LS W (@)
j=1

and finally, writing A; = =(L-1) (Hi(L_l)), we define

F,(x) = %ZAO‘(}_IZ-(Lil)(w)) )

i=1

Lemma B.3. Vi € [L — 1], Vi € [m], Y& € X, almost surely,
= -1
E[(H(2) - H(2)"|H"] < .
(8O (@) - B @))*|H"] < —
The lemma is proved in Appendix Thus, Vx € X, we have

E [|[Fan(z) — f(2)]] < @)+ 1),

where

x| (LS Attt otap=re)
i=1

(23)

L—-2
STHfH?{(L) )

where on the third line we use the Cauchy-Schwartz inequality, on the fourth line we use that A; is measurable with respect
to H i(L_l), on the fifth line we use Lemma and on the other hand,

(1) =E (:n il Ao (H V(=) —f(fﬂ))2
_ %Zm:E [(E(L1)(H§L—1))O_(H§L—1)(x)) _E [E(L1)(Hi(L—1))O_(Hi(L—1)(x))})2}
< %E [(~(L1)(H(L1))>2 (J(H(Lfl)(a:))> } ,
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where on the second and third lines, we use the independence among H {L_l), ..., H, 7(nL - and their equivalence in law.

By Proposition l[ai there is sup,c y \Hl-(Lfl)(w)| < %(L_l)(Hi(l)) = ||HZ-(L71)||7_L(L—1) = 1. Therefore, it holds that
(O'(Hi(L_l)(w))) < (Hi(L_l)(a:))2 < 1. Thus,

[ (24)

I < %E l:(E(Ll)(H(Ll)))Q] < %

Together, and imply that, Ve € X,

E [|Fn(e) ~ f(@)P) < 22l = = (¢ ()

m
Hence, Vv € P(X),

E [ {|Fn(@) — f(@)P}] = & {E[[Bu(@)  f@)]} < 2 (¢9() .

m

Thus, as a consequence of Markov’s inequality, there exists a realization of (H i(l) )ic[L—1],ic[m] under which

o {|Fne) — f@)} < Z2 (4 0(p)

B.3.1. PROOF OF LEMMA [B.3]
Forl = 1, there is H") = H™" and hence H™" (z) — H" (x) = 0,Vz € X.

Suppose that the statement holds for some [ € [L — 2]. Then, for level [ + 1, we can write

E[(E @) - B @) H ] < )+ ),

where
[ L= i@ ® oy V2| D)
W =E (B @) - —> Wo(H @) |H
L J=l1
[ 1 m B B
& | (= L WOl @) —o(1 (@) ) [H*"
L j=l1
1 m B 2 1 m B 2
<B|( X ) (5 X (o @) - o(r (@) ) ar
L Jj=1 Jj=1
1 — 1 -, -
< | (Z ) ) | (2 (@) — 1 @)* ) [ e | 1
i j=1 j=1
=11 (L 072 | gy (D)
g

-1

<
m

I+1
IH 12,00

where on the fourth line, we use that 1) Wz(l]) is measurable with respect to HZ-(ZH) and H ](l), and 2) H ](l) and H ](l) are
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independent from H i(l'H); and on the fifth line we use the inductive hypothesis; and on the other hand,

2
m

1 _
= || LS W () - B @) | [
j=1

2

Zm: (E“)(H»(l“), H)o(H" (2)) ~E [EW(Hﬁ“), HO)o(HO (z)) |H§l+1)}) ‘H}””

= i j

1 — 2 2
<mEK5%mH%H®D(dHW@D\HWﬂ.

By Proposition l[ﬂb there is supw€X|Hj(-l)(ac)| < %(L)(H(l)) = ||HJ(Z)HH(L> = 1. Hence, it holds that
(e (HY(2)))* < (H"(2))* < 1. Thus,

1
I+1
IH 12,000 = —

1 —

2
(W) < ~E {(E(”(Hi(l“),H(”)) )H““)] <
m

1
m
Therefore, combining the bounds for (I) and (II), we get

E [(H.(H'l)(m) - H'"(@))

which proves the inductive hypothesis at level [ + 1.

C. Supplementary Materials for Section
C.1. Proof of Theorem [5.1]

When o is homogeneous, we see that || - || zo) can be alternatively expressed as

ey = okl

.....

s.t. ||,u(l)||7_[(z) =1,vlie[L-1]

In the following, for simplicity, we will write sup,,) and sup, for

sup and sup ,
pepn®) €eLP (M, uEmY)
P, 0 <1 €l L2 gz -1) 2 -1)) <1

respectively. Recall that the empirical Rademacher complexity is defined as

n

e sup Zka(xk)]

Rads(B(F (M), 1)) = E,
Pl ey <132

For any A > 0, we consider the function gy : R — R defined by g)(u) = exp(Au), which is positive, monotonically
increasing and convex. Thus, using Jensen’s inequality, we can write

lfli%z«,;”f(m“m

n Radg(B(FP), 1)) < ilog (gA (ET

1 n

< <log | Ex |gx sup ka(%))])
A ( i [ (lflf(ml;
1

< i IOSM&L) )

24
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where we define, VI € [L], Mf\l) =E, {gA (SUPHfo(Z)Sl Sy ka(wk)‘)}-

Lemma C.1. M"Y < 20-1E_[g, (|27, 7ea]])].

This lemma is proved in Appendix Then, if we choose \ = %, it is shown in|Golowich et al.|(2018]) that
( k=1

Xn:mwk )]) < (v2Llog(2) +1)

1 -
XIOg <2L 'E, gx

n
> llzel3
k=1

which yields the desired result.

C.2. Proof of Lemma [C.1]

We see that

n

sup g Tef(zr)| < sup Tk/§ (L—l)(dh)
I 2oy <1 | =1 PSS IC SIS e
)) .
< su h o E=V(dh
= o, ke / Z G |Hh||H< €0 [l )

By the Cauchy-Schwartz inequality and the homogeneity of o, there is

' [ 3o ) - an
k=1

su = £(h) U( (L—1)
<hew£’ o 2 Tl D/ It

IN

n 1/2 1/2
<| s (S nat@o)| ) ([lempatam) ([ i)
|‘H‘|H(L—1)Sl k=1
and hence
i n ~ supy; Zn: TLO il(:]]‘k) R if L > 3,
sup Zrkf(sck) <  sup Zrka(h(mk))| — 121l 2z -1) - k=1 A( ) .
Il 2oy <1 =7 Il -1y <1 k=1 SuPHfLHHm ‘ZklekUUL(in))‘ , ifL=2.

pD (=)
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Notice that, since g is positive, there is g(|u|) < gx(u) + gx(—u). Therefore, when L > 3,

)

n

Zka(-’Bk:)

ME\L) <E- [ga ( sup
k=1

Il 2y <1

<E, sup  gx (
_Hh”}—(L—l)Sl

IAll -1y <1 NAll 2 r—1y <1

n

+E, |ga sup Z(—Tk)o(ﬁ(mk))

H;L”}—(L—l)ﬁl k=1 Hi"H}—(L—l)Sl k=1

<E- sup  ga (i Tko(h(wk» ] +Er sup  ga (—iTW(M%)))
k=1

<E, |gx sup iTkU(E(wk)))

<2E; [gx| sup ZTka(ﬁ(:ﬂk))
Il 2(p—1) <1 k=1

n

<2E; [gx| sup ZTkh(CBk)
Il 2(p—1) <1 k=1

where for the fifth line we use the symmetry of the Rademacher distribution, and for the sixth line we use a version of the
Contraction Lemma given by equation 4.20 in [Ledoux & Talagrand| (1991)), leveraging the monotonicity and convexity of g.
Hence, we derive that

ME < oD

Thus, by induction, it holds that

M < 2B ipm(Y

= 211711}3‘1' gx sup
11,01 <1

T f (Tk)

k=1

)
)

n

E T;CZT N

D)

n
E TkTk
k=1

=2L1E, {ga [ sup
Izll2<1

S 2L_1ET gx (

which proves the lemma.

D. Supplementary Materials for Section [6]
D.1. Proof of Theorem [6.3]

If (tm)men, and (u,)men, are two sequences of non-negative random variables, we write u,, = op(u;,) if it holds
almost surely that Ve < 0, 3M > 0 such that Vm > M, u,, < eul .

Preliminaries and Definitions From the mean-field dynamics defined in Section[6.2]and Appendix[B.1.2] we see that for
t >0,

e forl e [L—1], H", Q" and B{" depend deterministically on B\", Z, (if | = 1) and A, (if | = L — 1);

« forl € [L — 2], B depends deterministically on B\, B{'™), Z, (if I = 1) and A, (if | = L — 2);

26



Multi-Layer NNs as Trainable Ladders of Hilbert Spaces

* Z; depends deterministically on B(()l) and Zj;

e A, depends deterministically on B(()L_l) and Ag;

In other words, we can express H. (l),

El), :,El), B(l) and Z; alternatively as:

Ht(l)(mv ZOaBél)) 5 =1
H(x) = { HY (2, B)), le{2,..,L—2}
HE V(@ A B Yy, 1=L-1
M(a, 2o, BYY) =1
Q" (z) = { Q" (x,B"), lef{2,..,L—2)
Q@ A By, 1=L-1
—(1 1 2
(2@ B B, =1 s
= = =BV, BT, le{2,...L—2}
EEL_Q)(Aa B[()L_2)7 B(()L_l)) ) l=L-2,
Bt(l)(ZoyBél)) , =1
B" = { BYB, le{2..,[—2)
BE VA By, i1=L-1
Z, = Zi(Zo, B{")
A; = A (A, BFY) .
by introducing the following (deterministic) functions:
XxRIxXR—-R, [=1,
HY QY {x xR>R, lef{2,. L2},
XXxRxR—=R, l=L-1,
REXRXxR R, =1,
=V {RxR>R, le{2,..,L -3},
RxRxR—=R, l=L-2,
R'xR >R, =1,
BY {RSR, le{2,..,L—2},
RxR—-R, I=L—1,
Z; :R*x R — R?,
A :RxR—R,

which are defined as follows: V¢ > 0,

e forl e [L—1], H,F” is defined by, Vo € X, Vz € R, Va, b € R,

)Tz + B (b),

S
—~
“N
VG*‘

(1

=L (a, B

27

—F { (Zo, BV, 0)o (HV (a, ZO,B(()U))] + B,
H”“( b :E[El (BY, b)o (B (x, B<l>))]+B§l+”(b), Vie{2,...L 3},
E |2

e (H Y @, B |+ BTV 0);
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o forl e [L —1], ()1sdeﬁnedby,Vw€X Vz € R, Va,b € R,

QgLil)(aza @, b) = At(a7 b) )

Q@) =B [5 (Al, Bé“”)@%“”( By Vo' (1" (w. A, BSL 1)))} 7
(w20 =E [2(2,0, Bé”)@i”(xﬁé”) (H“ (@, B 2)>>]

e forl € [L — 2], " is defined by, V= € RY, Va,b € R

420 (2,0.0) = - & {G@)Q (@, 0)o (B (@, 1)) o (1 (2,2,0) } |
4= ,0) = — & {gt(sc)le“)(m, v)o! (H (2,6)) o (H" (x, b))} . Vie{2,.,L—2},
HEW@ ) = - & {Q@Q V@, 1o’ (B (@, ) o (1 (@,0) |

dt

together with the initial conditions

=1 (z,b,0)
= (b,0)
=D b, 1)

0
0, vie{2,..,L—-2},
0

« forl € [L — 1], B{" is defined by, V= € R%, Va,b € R,

4B"(2,0) = - BE {G(=) <”<w,z,b)a’(Hf”(sc,z,b))} ,
4BD(b) = — B, {Ct(:c) )(z,b)o (Ht(l)(:mb))} . Vie{2,..,L—2},
iBt(L_l)(avb) = - Bgﬂ’ {Ct(w) t(tL_l)(wva’b)o—/(Ht(L_l)(a:a%b))} ’

dt

together with the initial conditions

BV (z,b) =0,
BY®)=b, vie{2,.,L-2},
B§"V(a,b) = b

« Z, is defined by, Vz € R%, Wb € R,

£7(2,0) = ~& {G@)Q" @, 2,0)0' (H (@, 2,0)) &} |

together with the initial condition
Zo(z,b) =z

o A is defined by, Va, b € R,
£Aa,b) = ~& {G@)o (" (@, a.0)) } |

together with the initial condition
Ap(a,b) =a
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One can verify that the expressions (23)) are consistent with the mean-field dynamics described in Section[6.2] Then, we
define

Ziy = Zi(2i0, 6510))

a;r = Ae(aio, bE,L(fl))

BV (2i0,b10) , =1
o) = < B M) le{2,...[—2)
B V(a ol y, 1=L -1
HV (@, 2i0,b00) , =1
W@ = { HO (2,00, {2, L—2)
H V(@ a0y, 1=L-1
(e, 2i0,b10) | I=1
i) (@) = Q" (b)), le{2,...L -2}
QiL 1)(:c a“b(‘Lfl))’ =1
:(1)(z30,b§13,b§20)) 1= 1
Wi, = <=V ), lef{2,...L—3)
=D (a, 05D B ED) =L -2,

By the property of Lipschitz ODEs, at any finite ¢ > 0, one can show that the maps H(l), §”, Egl), Bt(l), A; and Z; are all

Lipschitz, and moreover, Egl) is bounded.

Main proof Given a function g on R”, using the definition of each uffl)’t and ugl) as well as the triangle inequality, we

have

\ [ athia), it ~ [ gthial),... ia >>u§”<dh>\

gZ g(h)(@)), ... b} @] >>—E[g(Ht(”(wa),...,H,f”<w3v>>]’
i=1
<@O~+dn,

where
1 & sa =1l ! l
® = |— > (b)), - B (@) ~ E [g(H (@), .. H (@ ))]‘
i=1
1 & 1 ! ! !
()= | — 3" g(h) (@), ... ) (@ Zg (A (), ... B (] ))|
=1

For the first term, there is

e i 9 (4,200,000 HYY (2l 200, 110)
~E |g(H" (@}, Zo, B), ... H" @}y, Zo, B")] =1
0 )3 E g @b B (i )
E gt (@, BY), ... 0 (@, B | lef2,...L-2}
%z%mﬂ@ 1( fais b ), B (@l i b))
—E [g(t" (2t A, B, . 0 (2, A B D) | 1=
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Since each b% zo and a; are independent realizations of B(()l), Zy and A, and moreover, each H t(l) is a Lipschitz function
at any finite ¢ > 0 (due to the smooth dependence of solutions of ODEs to its initial condition), we know from the law of
large numbers that (IT) = op(1).

) 1/2

For the second term, if g € Lip(R™), then

1 & - -
) = ‘m Do), s hG (@) = — 3 gy (), o Bl ey
i=1

where we define, VI € [L — 1], V& € X,

N

2
Lemma D.1. Zk 1 ‘Ah(l) 2| =op(l).

This lemma is proved in Appendix [D.T.T]using a propagation-or-chaos argument (Braun & Hepp, [1977), and it implies that
(IT) = op(1). This concludes this proof of Theorem

O

D.1.1. PROOF OF LEMMA [D.1]

We additionally define
Al t(x) = [(m e (x) — (i ()]
1 & :
Azm’t = E Zl |Zj,t — 2j,t|2 5
=

Al ¢ =

B

S

S

|
j=}]

S
=

N——
[N

ALY —

m,t

1 & -
ESTH-Rr) . e

«
Il
-

[ME

AWY, =

m,t

Aq® () = (7711 i ") (@)o’ (h) (@) — ") (@)o" (R} (x)) \2 , Wle[L-1VzeX

v

and finally,

L1
Ap = sup AQp(x )—l—Azmt—i—Aamt—i—Z (sup Ah () + sup Aqﬁ) () +Ab ) —i—ZAWWf)t’
ke[n] 1—1 \k€[n] keln]

At initial time, we see that A, o = 0. For ¢t > 0, we will bound its growth by examining each term on the right-hand side.
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l
. AR,
When! =1,

ALY (@) = O(Azpm, + ALY,
Forl € {2,...,L — 3},

m
! =l ! =l 1 ! !
bl (@) = B (@) = O =B + S W o () (@)

j=1 j=1
J A ! I+1 I+1
=2 W e (A (@) — H Y (@, b5
J=1

By the Marchenko-Pastur law of the eigenvalues of sample covariance matrices (Marenko & Pastur] |1967} Bai &

Silverstein, [2010), under the assumption that py has finite fourth moment, | (Wél))TWél) || converges almost surely
to some finite number, and hence

2
1 |1 & 1 2 /1
a; m;Wz(,lJ{oa(h%(w)) =0 (m (1 +Ah$2t(m)> (mH(Wél))TWO(l))) _ Op(l + (Ah;lz),t(w))Q) .
In addition,
2

m 1 m

S S Wl - Wy W) o ()

=1 7j=1

1 ~ _ 1 m
< o v Wi Oy w0 L5 e (b))
= o((AWW )2 (ARl (x))?)

Moreover, since the deterministic maps Ht(l) and Egl) are Lipschitz at any finite ¢ > 0, we can deduce from the law of
large numbers that Vi € [m)],

1 “ l 1+1 +1
=S W o (W) () — B (2, b5

Jj=1
L)t 1 ! ! —() 1.1 1 1 !
= | ==l e (@600 ) — E 20 6D, B)e (1 (2. B)) |

j=1
=op(1)
Thus,
(AR (@))% = O((Ab T2 + (AW)? + (ARY)  (2))2) + o (1 + (ALY (2))?)
and so

ALY @) = (AW + AW, + AR (@) + op (1 + ARY, () .
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With a similar argument, we can obtain the same bound for Ah( )t and Ah(lﬁl).

So, by induction, VI € [L — 1],Vx € X,

l -1
ALY (@) =0 <Azm,t +3 808+ > aw! )> +op(1+ ARY (€)= O(Aps) + 0p(Apmy) . (26)
I'=1 I'=1

. Aq(l)
Fori=L -1,

gty P (@)o’ (B (@) — @5V (@)’ (S (@))] = Jaiee’ (b5 (@) — dieo’ (R ()]

and hence
Aq(L 1)(w) = O(Aam,t + Ah’%;l)) ’

Forl € {3,...,L — 2},
gy V@) (1Y (@) — ay V(@) (S ()

1 — _ _
- <m S wl Pl @) (n]) (90))) o' (W, (@)

i=1

1 « _ _
+(mz(w53;> Wi w0 Z,z<m>a'<h5fz<m>>)af(hgft V(a)

1 O = (-1 (1 1 -1 S (-1
+ (mZWEg, ' (@)o" <h£,2<m>>) (o (b5 V) = o (RSl V(@)
1 s s (1) - 7 (-1 (-1
+ ((mZWiﬁj,t >qi,2<as>a’(h§,2<w>)> o (hy V(@) - @), ><w>) .

Note that Vj € [m], by the Lipschitzness of the deterministic maps at finite ¢ and the law of large numbers,
1 N s (-1 <G Z( F(-1 _(1-1
\(Z WDl @) a(h£,2<a:>>> o (R V(@) — @) V()
IS =(-1) b(l BN oW (2 5O (D (2. WV NEED (g plt=D
EZ“ 1,00 25,0 )Qt (z, z‘,o)a( ¢ (z, i,O)) U( t (, 7,0 ))

—(l— l { ! l l l — —
~B [ B0 V)0l B (1w B o (1 (w0 )|
)

3

op(1

Thus, via similar techniques as above, we see that
Adgh V(@) = 0 (B4l (@) + M50 () + AWD, + (Mg (@) + AR @)+ AWLD)? + 0p(1 4 Agy ()

Using similar arguments, we can obtain the same bound for Aq,(f, ;2) (x) and Aq,(i?t(ac). Thus, by induction,

L

L
A, = O( me + (Am)? T] 1 +AW$72)> +op <Am,t +(An)® J] @ +AW,§§,2)>

I'=l U'=l+1
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A,
Forl € [L — 1],
200 -0 = = 8 (& {Gni@al @0 (@)} - & {G @i @)’ () @)) })
= — B {Gn(@) (¢ @)’ (h) (@) — (@)’ () () ) }
— Ba { (Gna(@) — (@)Y (@)’ (A (@) |

Thus,

1/2
4 ) W]) =0 (& {240, (@) + Al 1(@) + Aua(@)Ad)), (@) })

(32

which implies that

Sla
N
||

0 (& {al(@) + Al s(@) + A e(@)a(@) })
=0 ( myt (Am,t)2)

CAawd,
Forl € [L - 2],
2w, - W) = = & {Gni@a @)oo (1 @) o () () }
+ & {G@il @)’ (1 (@ >) (W) }
= = & {Gni@) (V@) (0 V(@) — 35V @)’ (15 @) ) o (1) () |
& {Gna@il V@)’ () (@)
{

) (o(h;
(Gna(@) = G@)aly ) @) (A (@) }

_e,
Thus,
i fjl (£, = WO)) =0 (6 {1+ A¢ma(@)(Ag (@) + AR (@) + Adus(a)})
and so
AW, =0 (& {1+ AG@)(Ad (@) + ARV (@) + A () })
=0 (At + (An)?)
Az
4 Az = 0 (€0 {Alm (@) + Mgy (@) + Al () Mgy (z) })
=0 (A + (Ar)?)
- Aap s

4 Aans = 0 (& { AGua(@) + AT (@) + A (@)ARL ) (@) })
= O (D + (Am)?) -
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7. ACm t

)

Al o(@) = O (Ex { Ay + AR (@) + Aayy ANV (@)} )
=0 (Am,t + (Am,t)Q) .

Therefore, we derive that

L

L
%Am,,t = O (Am7t(1 + Am,t) H(l + AWt(l ))> + op ((1 + Am,t)(l + Am,t

=l
_ O(2L+1Am,t) + OP(2L+1)
=O0(Am) +op(1) .

with the second inequality holding when A, ; < 1. Hence, with Gronwall’s inequality, it holds while A,,, ; < 1 that

U=l

(1+ Awt”’))))

Ay = 0p(1) 27)

Thus, for any finite ¢ > 0, when m is large enough, we can always ensure that A,, ; < 1. Thus, holds for all finite
t>0.

Finally, applying 26) to @ € {x{, ..., x/y} , we are able to derive LemmaD.1}

E. Supplementary Materials for Section
E.1. Derivation of the Training Dynamics of Deep Linear NNs

In the case of linear NN,
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we then have
t s
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Notice that n(()l,)p(w, ') =0,Vl>1,¥p > 0 while n(()%())(w, x') = /{é?;(w, x') =T - a’, Vp > 0. Thus, using the linearity,
we can derive (I3) for [ € [L — 2], and moreover,

t S
K =1+ / / ¢ ¢F dp dr
0 0
t r
1
7/0 /O D¢, ¢r - KL dp dr

<]kt g Gapar,
0 0

With a similar argument, we can derive for [ € [L — 2], and moreover,
t s
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0 0

F. Additional Related Works

NTK theory If we replace the 1/m factor by 1/+/m in (I}, we arrive at what is commonly called the NTK scaling of NNs.
As shown by |Jacot et al.|(2018), if we initialize the NN randomly and take m — oo under this scaling, then the pre-activation
functions in the hidden layers barely move throughout training, and thus, the GF dynamics can be well-approximated
by its linearization around the initialization, which is described by a kernel GF with a fixed kernel (that is the NTK). In
other words, the evolution of the output function can also be written as except that the kernel function 6; is now
independent of ¢. Thanks to this simplification, gradient descent is proved to converge to global minimum at a linear rate
for over-parameterized NNs in the NTK regime (Du et al.,[2019bja}; [Allen-Zhu et al., [2019b} |Zou et al., [2020a; Oymak &
Soltanolkotabi, |2020). Furthermore, generalization guarantees can be proved for such models through the learning theory of
RKHS (Arora et al.l[2019b; [Cao & Gu, 2019} E et al., 2020).

However, the fact that the hidden layer neurons and hence the kernel function remain fixed to their initialization indicates
a lack of feature learning. For this reason, the NTK limit is described as a regime of “lazy training” (Chizat et al., 2019;
‘Woodworth et al.,2020)), and the NTK theory does not satisfy desideratum . Several studies have shown the differences
between the NTK regime and feature-learning regimes, both theoretically (Ghorbani et al.l 2019;2020; [Wei et al., 2019
‘Woodworth et al., 20205 [Liu et al., [2020; |Luo et al.} 2021) and empirically (Geiger et al., [2020; Lee et al., 2020).

NNs as random fields In the NTK scaling, a randomly-initialized NN in the infinite-width limit can also be viewed
representing a function sampled from a Gaussian Process whose covariance function is connected to the NTK, thus leading
to a Bayesian interpretation (Neal,|1996; Williams| 1996 [Lee et al.,|2017bj Matthews et al., [2018}; (Garriga-Alonso et al.,
2019; Borovykh, 2018; Novak et al.,|2019)). In particular, |Lee et al.|(2019) shows that SGD training corresponds to a linear
dynamics of the Gaussian Process and mimics Bayesian inference. However, like the NTK theory (and in contrast with
ours), this analysis relies on a linear approximation of the training dynamics close to initialization and therefore does not
model feature learning in the training of actual NNs. Another basic difference in our regime is that, while the hidden layers
are modeled as random fields, the output function is always deterministic.

Complexity measures of NNs With large numbers of parameters, NNs in practice often have enough capacity to fit data
with even random labels (Zhang et al., |2017). Hence, to derive meaningful generalization bounds, researchers have looked
for complexity measures of NNs that do no depend on the network size. For example, several complexity measures based on
certain norms of their parameters have been proposed, both for shallow NNs (Bartlett, 1998} |Koltchinskii & Panchenko,
2002; |Bartlett & Mendelson, [2002; [Rosset et al., 2007} |(Cho & Saull, |2009) and for multi-layer ones (Neyshabur et al.,
2015} Bartlett et al.,l 2017)), which give rise to generalization bounds that are independent of the number of parameters. In
particular, the group norm in Neyshabur et al.|(2015)) is closely related to the NHL norm proposed in the current work, as the
NHL norm of the function represented by an NN can be bounded by the group norm of the NN. Thus, the NHL norm can be
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regarded as a generalization of the group norm to the continuous, width-unlimited setup under the NHL model. Empirically,
there is evidence that regularizing the parameter norms through weight decays improves the model performance (Lee et al.,
2020).

Beyond lazy training Several efforts extend the NTK analysis beyond the lazy training regime by considering higher-order
Taylor expansions of the GD dynamics or corrections to the NTK due to finite widths or large depths (Allen-Zhu et al., 2019a;
Huang & Yau, 2019; Bai & Lee,|2020; |Hanin & Nical [2020; | Yaidal |2020; Roberts et al.,[2022; Hanin, [2022), but the function
space implication of these proposals is not clear. Meanwhile, there have been efforts to understand the effect of different
scaling choices on the behavior of the infinite-width limit (Golikov} 2020} Luo et al., 2021} Zhou et al.| 2022). In particular,
Yang & Hu|(2021) propose a third scaling choice different from both mean-field and NTK, called the maximum-update
scaling, which exhibits feature learning while avoiding the degeneracy of the mean-field scaling mentioned in Remark[6.4]
With nontrivial mathematical techniques, several works have studied the training dynamics in the infinite-width limit under
this scaling (Yang & Hul 2021}; |Golikov & Yang, [2022} Hajjar et al.,[2021; Ba et al., [2022} [Bordelon & Pehlevan, 2022
Chizat et al.| [2022)), but the function space associated with this model is unaddressed except when only the penultimate layer
is trained (Chen et al.| [2022a)).

Training dynamics of deep linear NNs Many prior studies have examined the GD or GF dynamics of deep linear NN
Saxe et al.| (2014)); Jacot et al.| (2021), including deriving their global convergence guarantees (Kawaguchi, 2016; |Du &
Hu, 2019; |[Eftekharil 2020; [Bah et al.,|2022) and implicit bias Gunasekar et al.|(2017); Ji & Telgarsky|(2019)); |Arora et al.
(2019a); |Gidel et al.| (2019); |Li et al.|(2021)). The infinite-width limit of deep linear NNs under the maximum-update scaling
have been studied in Bordelon & Pehlevan|(2022)); Chizat et al.|(2022)). We are not aware of prior studies on deep linear
NN in the infinite-width mean-field limit, nor any discussions related to function space.
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