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Abstract

This paper proposes a new mean-field framework for over-parameterized deep neural networks
(DNNs), which can be used to analyze neural network training. In this framework, a DNN is
represented by probability measures and functions over its features (that is, the function values
of the hidden units over the training data) in the continuous limit, instead of the neural network
parameters as most existing studies have done. This new representation overcomes the degenerate
situation where all the hidden units essentially have only one meaningful hidden unit in each middle
layer, leading to a simpler representation of DNNs. Moreover, we construct a non-linear dynamics
called neural feature flow, which captures the evolution of an over-parameterized DNN trained by
Gradient Descent. We illustrate the framework via the Residual Network (Res-Net) architecture. It
is shown that when the neural feature flow process converges, it reaches a global minimal solution
under suitable conditions.

Keywords: deep residual network, mean-field theory, non-linear dynamics, global minimum.

1. Introduction

In recent years, deep neural networks (DNNs) have achieved great success empirically. However,
the theoretical understanding of the practical success is still limited. One main conceptual diffi-
culty is the non-convexity of DNN models. More recently, there has been remarkable progress in
understanding the over-parameterized neural networks (NNs), which are NNs with massive hidden
units. The over-parameterization is capable of circumventing the hurdles in analyzing non-convex
functions under specific settings:

(i) Under a specific scaling and initialization, it is sufficient to study the NN weights in a small
region around the initial values given sufficiently many hidden units - the aptly named “lazy
training” regime (Jacot et al., 2018; Li and Liang, 2018; Du et al., 2019a; Arora et al., 2019;
Du et al., 2019b; Allen-Zhu et al., 2018; Allen-Zhu and Li, 2019; Zou et al., 2018; Chizat
et al., 2019). The NN in this regime is nearly a linear model fitted with a random kernel in
the tangent space, and provably achieves minimum training error. However, this regime does
not explain why NNs can effectively learn representative features, and the expressive power
of random kernels is limited (Yehudai and Shamir, 2019).
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(i) Another line of research applies the mean-field analysis for NNs (Mei et al., 2018; Chizat
and Bach, 2018; Sirignano and Spiliopoulos, 2019a; Rotskoff and Vanden-Eijnden, 2018; Mei
et al., 2019; Dou and Liang, 2019; Wei et al., 2018; Sirignano and Spiliopoulos, 2019b; Fang
et al., 2019; Aratjo et al., 2019; Nguyen and Pham, 2020; Chen et al., 2020). Learning a
two-layer over-parameterized NN can be approximately described as optimizing a functional
over probability distributions of the NN weights. The evolution of NN weights trained by the
(noisy) Gradient Descent algorithm corresponds to a Wasserstein gradient flow called “distri-
butional dynamics”, solution to a non-linear partial differential equation (PDE) of McKean-
Vlasov type (Sznitman, 1991). In the mean-field limit, the Wasserstein gradient flow converges
to the globally optimal solution for two-layer NNs (Mei et al., 2018; Chizat and Bach, 2018;
Fang et al., 2019). Compared with lazy training, the mean-field view can characterize the
entire training process of NNs.

However, the mean-field analysis on DNNs is a challenging task. First of all, it is not easy
to formulate the mean-field limit of DNNs. As we will discuss in Section 2.1, extending existing
formulations to DNNs, hidden units in a middle layer essentially behave as a single unit along the
training. This degenerate situation arguably cannot fully characterize the training process of actual
DNNs. Moreover, understandings for the global convergence of Gradient Descent on DNNs are still
required in the mean-field regime.

In this paper, we propose a new mean-field framework for over-parameterized DNNs to analyze
NN training. In contrast to existing studies focusing on the NN weights, this framework represents
a DNN in the continuous limit by probability measures and functions over its features, that is, the
outputs of the hidden units over the training data. This new representation overcomes the degenerate
situation in previous studies (Aradjo et al., 2019; Nguyen and Pham, 2020).

We further describe a non-linear dynamic called neural feature flow that captures the evolution
of a DNN trained by Gradient Descent. We illustrate the framework by Res-Nets (He et al., 2016).
Neural feature flow involves the evolution of the features and does not require the boundedness
of the weights. Under the standard initialization method of discrete Res-Nets (Glorot and Bengio,
2010; He et al., 2015), the NN weights scale to infinity with the growth of the number of hidden
units. There are empirical studies, e.g. Zhang et al. (2019), which show that properly rescaling the
standard initialization stabilizes training. We introduce a simple /5-regression at initialization (see
Algorithm 2). We prove that Gradient Descent from the regularized initialization with a suitable
time scale on Res-Nets can be well-approximated by its limit, i.e., neural feature flow, when the
number of hidden units is sufficiently large.

Finally, we consider the global convergence of neural feature flow for Res-Nets. Surprisingly,
we show that when the neural feature flow process converges, it reaches a globally optimal solution
under suitable conditions. We summarize the contributions of the paper below:

(A) We propose a new mean-field framework of DNNs which characterizes DNNs via probabil-
ity measures and functions over the features and introduce neural feature flow to capture the
evolution of DNNS trained by the Gradient Descent algorithm.

(B) We illustrate our framework by Res-Net model. We show that neural feature flow can find a
global minimal solution of the learning task under certain conditions.
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Our mean-field description can also be used to study the standard DNNs, which is discussed in
Appendix E. However, it still remains open to achieve the global convergence of neural feature flow
for standard DNNs.

1.1. Notations

Let [my : ma] := {mi,m1 + 1,...,ma} for mi, me € N with m; < mg and [mg] := [1 : mg]
for mo > 1. Let P™ be the set of probability distributions over R™. For a matrix A € R™*™ let
IlA|l2s || AllF, and || A/~ denote its operator, Frobenius, max norms, respectively. If A is symmet-
ric, let Amin (A) be its smallest eigenvalue. Vectors are treated as columns. For a vector a € R”, let
|lal|2 and ||a||~ denote its ¢o and f, norms, respectively. The i-th coordinate is denoted by a(i).
For a,b € R", denote the entrywise product by a o b that [a o b] (i) := a(i) o b(i) for i € [n].
For ¢ > 0 and p € [1, 0], let B,(a, c) denote the £,-ball centered at a of radius c. For an unary
function f : R — R, define f : R” — R" as the entrywise operation that f(a)(i) = f(a(i)) for
i € [n] and @ € R™. Denote n-dimensional identity matrix by I". Denote m-by-n zero matrix
and n-dimensional zero vector by 0"*™ and 0", respectively. We say a univariate distribution p is
o-sub-gaussian if E,., exp(z?/0?) < e!; we say a d-dimensional distribution p is o-sub-gaussian
if the law of u " @ is o-sub-gaussian for « ~ p and any u € S%~!. For two positive sequences {p,, }
and {qn }, pn = O(qy) if p, < Cgq, for some positive constant C, and p,, = Q(q,) if g, = O(pn).

2. Related Deep Learning Theory

In recent years, there have been a number of significant developments to obtain better theoretical
understandings of NNs. One remarkable direction is to restrict the NN training in a small region.
In this lazy training regime, the analysis cannot explain how NNs learn discriminative features.
This is observed in real applications and argued to be one of the contributors to the success of deep
learning. Beyond lazy training, one promising direction is to conduct mean-field analysis. However,
in section 2.1, we show the challenges of analysis on DNNs. Specifically, if we still model from
the weights, the standard initialization,e.g., (Glorot and Bengio, 2010; He et al., 2015) scales the
weights to y/m, which diverges in the mean-field limit, where m is the number of hidden units.
On the other side, if we initialize the weights from a fixed distribution that is independent of m as
existing mean-field works (Aratjo et al., 2019; Nguyen and Pham, 2020) considered, DNNs would
be stuck in a degenerate situation where the middle layers essentially only have one single feature.
Both the issues motivate us to study DNN directly from the features. As a result, we propose a
mean-field framework from tracking the distributions of features to analyze the DNN training.

2.1. Challenges on Mean-field Theory for DNNs

We discuss related mean-field studies and point out the challenges in modeling DNNs. For two-
layer NNs, most of the existing works (Mei et al., 2018; Chizat and Bach, 2018; Sirignano and
Spiliopoulos, 2019a; Rotskoff and Vanden-Eijnden, 2018) formulate the continuous limit as

faip) = [weh (w] @) dp (s, wn).

1. Here the value e can be replaced by any number greater than one. See Vershynin (2010, Remark 5.6).
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where p is the probability distribution over the pair of weights (ws, w1 ). The weights of the second
layer ws can be viewed as functions of w;, which is a d-dimensional vector. However, follow-
ing the approach, the higher-layer weights, say ws, are functions over features of the hidden layer,
with a diverging dimensionality in the mean-field limit. For 3-layer NNs, w3 as the last hidden
layer is indexed by the connection to the output units in Nguyen and Pham (2020), which is not
generalizable when middle layers present. An alternative approach is to model DNNs with nested
measures (also known as multi-layer measures; see Dawson et al. (1982); Dawson (2018) and ref-
erences therein), which however suffers the closure problem to establish a well-defined limit (see
discussions in Sirignano and Spiliopoulos (2019b, Section 4.3)).

The continuous limit of DNNSs is investigated by Aratjo et al. (2019); Nguyen and Pham (2020)
under the initialization that all weights are i.i.d. realizations of a fixed distribution independent of
the number of hidden units. However, under that setting, all neurons in a middle layer essentially
behave as a single neuron. Consider the output B of a middle-layer neuron connecting to m hidden

neurons in the previous layer:
m

> " h(B) wi, 1)

=1

s L
m
where Bg is the output of ¢-th hidden neuron in the previous layer with bounded variance, w; is
the connecting weight, and h is the activation function. If w; is initialized independently from
N(0,1), it is clear that var[3] — 0 as m — oo, and thus the hidden neurons in middle layers are
indistinguishable at the initialization. Moreover, the phenomenon sustains along the entire training
process, as shown in Proposition 1. This phenomenon serves as the basis of Araujo et al. (2019);
Nguyen and Pham (2020) to characterize the mean-field limit using finite-dimensional probability
distributions. This degenerate situation arguably does not fully characterize the actual DNN training.
In fact, similar calculations to (1) are carried out by Glorot and Bengio (2010); He et al. (2015) and
motivate the popular initialization strategy with A/(0, O(m)) such that the variance of 3 is non-
vanishing.

Proposition 1 Consider fully-connected L-layer DNNs with m units in each hidden layer trained
by Gradient Descent. Suppose the activation and loss functions satisfy Assumption 1. Let the
weights be initialized from a distribution with O(1) variance. Let BZ@ denote the output of i-th
hidden neuron at {-th layer and k-th iteration, and define Ay, 1= max; 1y e (k] HBZ@ — BZ@" Il oo-
Then, for every ¢ € [2 : L — 1], almost surely,

lim Ay, =0.

m—00

To overcome this degenerate situation, we consider the popular initialization strategy with a simple
{5 regression (See Algorithm 2). The regression preserves all initial features, thus the variance of
the features is now non-vanishing. Moreover, to accurately characterize DNNs in the mean-field
regime, we introduce a probability measure over the features instead of the weights, which leads
to a new dynamic system called neural feature flow to describe the neural nets trained by Gradient
Descent. We achieve to describe a more realistic learning process.

2.2. Comparisons of Dynamics with Other Mean-field Works

It is known that the evolution of a two-level NN trained by Gradient Descent can be described as
a Mckean-Vlason process (Mei et al., 2018; Chizat and Bach, 2018). There are lots of works that
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studies the evolution of DNN trained by Gradient Descent. One important work from Aradjo et al.
(2019) shows that the evolution of DNNs can also be characterized by PDEs of Mckean-Vlason
type when weights of DNNSs in the first and the last layers are not updated. More recently, Nguyen
and Pham (2020); Pham and Nguyen (2020) proposed another very interesting attempt by directly
tracking the trajectories of the weights. In their description called neuronal embedding, the evolution
of Gradient Descent is characterized by systems of ODEs, avoiding the presence of the conditional
probabilities which is the main issue proposed by Aratjo et al. (2019). Our description follows
from the idea of Nguyen and Pham (2020). However, our dynamic further involves the evolution
of the features and does not require the boundedness of the weights. Moreover, we introduce the
conception of skip-connected paths to deal with the Res-Net architecture. Neural feature flow is
more meaningful training dynamics as it is no longer restricted in the degenerate situation as Section
2.1 described.

For the analysis to achieve a global minimum for the dynamics, the work from Lu et al. (2020)
considers the DNN as a relatively simple composition of multiple two-layer NNs. Their global con-
vergence result requires a very restricted assumption that the limiting distribution has full support.
The work form Nguyen and Pham (2020); Pham and Nguyen (2020) proved the global convergence
for DNNs by a very novel topology argument under the degenerate initialization. Pham and Nguyen
(2020) also mentioned the possibility of non-degenerate initialization leading to global convergence
guarantees. Our proof idea is similar to Nguyen and Pham (2020), whereas, we take our concentra-
tion on the features.

2.3. Beyond Lazy Training

In the “lazy training” regime, e.g. Jacot et al. (2018); Du et al. (2019a); Allen-Zhu and Li (2019);
Zou et al. (2018), the weights are restricted in an infinitely small region. The DNN in this regime
essentially corresponds to a linear model on random features associated with a kernel termed neural
tangent kernel. In the limit, the features are fixed. Encouragingly, we consider NNs beyond the lazy
training regime and further allow the feature to move in a constant region. To arrive the goal, we
study a special Res-Net architecture that bounds residuals by a bounded mapping hs (see Section
3.1). Note that in our analysis, the bound is not needed to be small enough but can be arbitrarily large
and less than infinity. Therefore, our setting allows the DNN to learn the targeted features. From
the technical aspect, we require a different treatment to show the full rank of the feature matrices;
this is achieved by Brouwer’s fixed-point theorem (see the Proof of Theorem 8 in Appendix B.2).

3. Formulation of Continuous Res-Nets

We consider the empirical minimization problem over N training samples {z’, yi}i\il, where x' €
R? and 3* € ). For regression problems, ) is typically R; for classification problems, ) is often
[K] for an integer /. We first present the formulation of L-layer Res-Nets.

3.1. Discrete Res-Nets

For discrete Res-Nets, let m; denote the number of units at layer ¢ for £ = [0 : L + 1]. Suppose
each hidden layer has m hidden units that m, = m for ¢ € [L]. Let my = d and node 7 outputs
the value of i-th coordinate of the training data for ¢ € [d]. Let my41 = 1 that is the unit of the
final network output. For ¢ € [L + 1], the output of node 7 for the N training samples in layer ¢
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is denoted by B@ﬂ' € RY; the weight that connects the node i at layer £ — 1 to node j at layer ¢ is
denoted by 1y ; ; € R.

(1) At the input layer, for i € [d], let Bo,i = [l (i), 22(i),..., mN(i)]T.

(2) At the first layer, for j € [m], let

mo

. 1 R )
Brj=—> b Bo 2

™m
0531

(3) We recursively define the upper layers for £ € [2 : L]. Let &y ; € RY be the residual term at
node j at layer £:

) L. 5 (A :
QLT > e <5571,i) , j€ml, 3)
=1

where i1 : R — R is the activation function and hi:RY — RV is the entrywise operation for
h1, which satisfies h1(a)(i) = hi(a(i)) fori € [N] and @ € R". Furthermore, we consider
the following coupling between the residual and the previous feature:

Boj = ha (6uj) + Berj, J € [ml. 4)
where ho : R — R.
(4) For the output,
. 1 e . ./
Brii1 = po~ ; Op41,4,1h1 <5L,i) . &)

We collect the weights from all layers into a single vector & € RPt with Dy := m?(L — 1) + (d + 1)m.
We also collect the residuals, and features from layers 2 to L into single vectors & € RP2, and
B € RP2, respectively, where Dy := Nm(L — 1). The learning problem for Res-Nets is given by

N

wmin £(0,6,8) = 1 5" 6 (Brara(n), o). ©

'[)7d7ﬁ n:l

where (v, &, ,3) satisfies (2) — (5), and ¢ : R x Y — R denotes the loss function. One noteworthy
feature in the architecture is (4), where we introduce a mapping ho on the residual & ; before fusing
it with ,ég,l’j. As have been mentioned, we assume that ho is bounded by a constant L1, and hence
||B£, i~ :éé—l,j lloc < Lj. Therefore, the high-layer features can be regarded as perturbations of the
low-layer ones. Similar ideas have also appeared in Du et al. (2019a); Hardt and Ma (2016), but
realized in a different way. For example, in the lazy training regime, Du et al. (2019a) achieved it
by scaling & ; with a vanishing (’)(ﬁ) factor.
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3.2. Continuous Res-Nets Formulation

We propose our formulation for the continuous Res-Nets. We consider the Res-Net with the ar-
chitecture described in Section 3.1 that is initialized by a combination of a standard initialization
and an additional regression procedure (See Algorithm 2). One can find that the regression proce-
dure preserves all initial features but reduces the redundancy of the weights, making us introduce
real-value functions to characterize the weights in the mean-field limit.

In fact, displayed in Appendix E.2, the continuous limit of a standard DNN can be described by
introducing probability measures over features for individual layers. This idea is much clear. Here,
we study Res-Net with the skip connections as in (4). In the continuous case, the discrete index j
no longer makes sense and the skip connections need to be properly parametrized by an infinite set.
To overcome the hurdle of infinite skip connections, we introduce ® = (vy, g, ..., ) € RP for
D = d+ (N —1)L to parametrize the skip connections that are described in (8) and (9) below. Each
©® consists of v1, g, . .., g, that can be regarded as an input-output path v; - as — --- — a,
and is called a skip-connected path. Our main technique is to characterize the overall state of the
continuous Res-Nets by the density p over skip-connected paths. Thus the joint distribution p can
be regarded as a description of the overall topological structure about the skip connections. We
represent the features (3, in the hidden layer ¢ € [L] as functions of @ that we introduce next:

(1) At the input layer, let X = [scl, x?, ... ,a:N]T e RVxd,
(2) At the first layer, let the features be

B1(0) = - (Xv1). (7

SHE

(3) Atlayer ¢ € [2: L], let vy : supp(p) x supp(p) — R denote the weights on the connections
from layer £ — 1 to £, then for all ® = (vi, a1, ,...,ar) € RP, we have the forward-
propagation constraint for v, and p:

ap = / 0 (©,0) hn (B,_1(©)) dp (©), ®)
B (®) = hy () + Be—1 (O). 9)

Here, © takes on values in R” and for each ©, ay is one part of ® and 3y is a function of ©.
oy represents the residual at layer ¢ on the skip connected path described by ®. And 3,(©)
represents the corresponding feature.

(4) At the output layer, let vz 41 : supp(p) — R be the weights in the layer L + 1, and we have
Bris = [ 011(©)in (51.(8)) dp(©). (10)

In our continuous formulation, a static Res-Net is characterized by p and vy . . . vr4+1. We will show

in the next section that the continuous Res-Net ( {vg}f;l , p) that satisfies the (7) — (10) will serve

as a feasible initialization for neural feature flow.
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Algorithm 1 Scaled Gradient Descent for Training a Res-Net.

1: Input the data {z?, y'} ¥ |, step size 7, and initial weights ©°.
2: fork=0,1,..., K —1do
3:  Perform forward-propagation (2) — (5) to compute Bf 11

L
o7,

4:  Perform backward-propagation to compute the gradient G }f i =
5

Perform Scaled Gradient Descent:

f)ff]l = ﬁZi,j — [nme_1my] QAEM, Ce[L+1], i€ [me-], j€E[my.

6: end for
7: Output the weights 97

4. Scaled Gradient Descent and Neural Feature Flow for Res-Nets

We focus on the dynamic of the Res-Net trained by Gradient Descent. We consider the scaled Gra-
dient Descent algorithm?. Given initial weights ©°, the meta-algorithm of scaled Gradient Descent
is presented in Algorithm 1. Note that Algorithm 1 differs from the standard Gradient Descent only
on the step sizes (time scales). Such scaling is also adopted in existing works (Aradjo et al., 2019;
Nguyen and Pham, 2020).

Now we describe the continuous limit of the Res-Net trained by Algorithm 1 by the continuous
trajectories of the Res-Nets. This idea follows from Nguyen and Pham (2020) for analyzing there-
layer DNNs. A trajectory is denoted by ® that maps the initial Res-Nets at ¢ = 0 to a Res-Net
process over [0, T']. Specifically, it consists of the following parts:

. @? : supp(p) — C([0, T], RY) is the trajectory of 3, for £ € [L];
« & : supp(p) — C([0,T],RY) is the trajectory of c, for £ € [2: LJ;

« &Y : supp(p) — C([0,T],R?) and ®7 .1 : supp(p) — C([0,T],R) are the trajectories of
vy and vy 41, respectively;

» ®F : supp(p) x supp(p) — C([0,T],R) is the trajectory of v, for £ € [2 : L].

The continuous gradient for the weight can be obtained from the backward-propagation algo-
rithm. For a given trajectory ®, the gradients of weights at time ¢ € [0, 7] can be obtained from
the backward-propagation algorithm. Similar to the usual backward-propagation, we first define
gradients with respect to the features and residuals. Specifically, for all @ = (vy, ag,...,ar) €

2. In practice, one often use stochastic gradient instead of the full counterpart for training. Under mild conditions, the
dynamic of scaled Stochastic Gradient Descent will also converge to the neural feature flow in the continuous limit.
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supp(p),t € [0,T],and £ € [2: L], let

Br+1(®,t) := / Y., (O)(t) Iy (q>§ (©) (t)) dp (©), (11a)

DL—}-l((I) t) [¢,1 (,6L+1 (CI’,t) (1)7y1) yee e 7¢/1 (BL-H ((P?t) (N)a yN)}T )

DY(©;0,1) = [07,1 (©) (1) Dy (0, )] o i (@F(©)(1)) (11b)

DY (O; ®,t) := DY (©;,1) o hly (BF(O)(1)), (11c)
D? (©;0,1):=DP(©;0,1)+ [/@; (©,0) (t) D& (©; ®,t)dp (@)} o I} (q»f_l (©) (t)).

For all ©, ©® € supp(p), the drift term for the weights is given by

G711 (0:9,1) := N [2L+1(‘I)7t)fhl ((P‘L’(@)(t)) ; (12a)
G (©,6;,1) ::N [D%(6;0,1)] " n ( s (@) (t)) . Le[2: 1, (12b)
GY (©;,1) ::%X D?(©;9,1). (12¢)

Moreover, the changes of the weights will induce a change of the residuals and features. By the chain
rule, we can obtain the drift term for the residuals and features: for ¢ € [L — 1] and ©® € supp(p),

of (@:0.1) = - [XG}(©:,1)]. (13
gz, (@:0,1) = [ 01, (0.0) (1) [if (2P(©)(1) 7 (®52.1)] dp () +

+ / i (22 (8) (1) 0 7., (©.0:0.1)dp (©) (13b)

GP 1 (0;0,1) = GF (©;0,1) + G, (©;0,1) 0 by (B, (©) (1)) . (13¢)

In all, the process of a continuous Res-Net trained by scaled Gradient Descent can be defined
below.

Definition 2 (Neural Feature Flow for Res-Net) Given an initial continuous Res-Net
({U[}£+21 ,p) that satisfies the (7) — (10) and T < 00, we say a trajectory . is a neural feature
flow iffor all ® = (v, aa,...,ar) € supp(p), © € supp(p), and t € [0, T,

o7, (0)(t) = [dXv1+Zh2 aZ] /g@’ (©;9,,s), (e]lL],
20 (©) (t)—ag—/ G (©;®,,s)ds, (e€[2:L]
0

t
v (©)(t) = v / o <®; B, s)ds,
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We call the process as neural feature flow because it characterizes the evolution of both weights and
features.

5. Main Results

5.1. Assumptions

We first present the assumptions that are needed in our analysis.

Assumption 1 (Activation Functions and Loss Function) For the activation functions, we as-
sume that there exist constants L1, Lo, Ls > 0 such that, for all x € R,

|hi(z)| < Ly, |ho(z)| < Ly, |hi(z)| < La,  |hiy(z)| < Lo.
Moreover, for all x,y € R,
Wy (x) = By ()| < Lslz —yl,  |hy(x) — hy(y)| < Lale —yl.

For the loss function, we assume that there exist constants Ly, Ls > 0 such that, for all y € ),
1 €R, and x5 € R,

|91 (21, )| < La, |9 (z1,y) — @) (z2,y)| < Ls|wy — 2.

Assumption 1 is easy to be satisfied. It only requires some boundedness, continuity, and smoothness
for the activation and loss functions. It is adopted in most mean-field analysis, such as Mei et al.
(2018); Aratjo et al. (2019).

Assumption 2 (Strong Universal Approximation Property) Assume that for any function fs :
R? — R that is bounded by Cp, i.e., for all vi € R%, || fa(v1)]|,, < Cp, we have

Amin [/ [hl (;le + f2 ('01))] [hl <;Xv1 + fo ('vl))]T dpy (vl)] >A>0. (14

where \ only depends on X, C, and hy, and py = N’ (Od, Id).

Assumption 2 is a technical assumption that we conjecture to hold under fairly general condi-
tions. Notably when C'z = 0, it is shown in Du et al. (2019a, Lemma F.1) that the assumption holds
for all analytic non-polynomial ;. Lemma 3 affords many examples that satisty the assumption for
constant C'pg.

Lemma 3 Suppose that the data is non-parallel, i.e., x; ¢ Span(x;) for all i # j.

(i) If g : R — R is a non-polynomial function that is bounded and has Lipschitz continuous
gradient, then hy(x) := g(cx) satisfies Assumption 2 when ¢ > 0 is sufficiently small.

(ii) The Relu-type function hy(x) = (x)% for o > 0 satisfies Assumption 2.

(iii) If hi(x) = clz|~* or hi(x) = c(x); for |x| > ¢, where ¢,d';oc > 0, then hy satisfies
Assumption 2.

10
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The condition in Lemma 3 is standard and widely used in the analysis of lazing training (see Du
et al. (2019a, Lemma F.1)). It only requires the data are not parallel: for every j # ¢, ©; # cx;
for any scalar c. In the following, we propose the conditions for the initial continuous Res-Net
({UZ}ZLJ; ,p). In the next section, we will show concrete examples that realize these assumptions.

Assumption 3 (Initialization for Continuous Res-Net) We first assume that the initial continuous
Res-Net ({W}gLin ,p) is a feasible continuous Res-Net that satisfies the forward propagation con-
straints, i.e., (7) — (10). Moreover, p is o-sub-gaussian distribution and has a full support’. For all
¢ € [2: L], v-,-) has sublinear growth on the second argument, that is, there is a constant Cy
such that

‘w (@,(:))| < (1 + H(:)HOO) , forall ®,© € supp(p), L €[2: L) (15)

Besides, vy(-, -) are locally Lipschitz continuous where the Lipschitz constant has sub-linear growth
on the second argument. In detail, there is a constant Cs, such that for ©1 € supp(p), ®1 €
supp(p) N Boo (©1,1), O2 € supp(p), and O2 € supp(p) N Boo (O2, 1), we have

0(©1,02) — v(01,02)| < Ca(1+02],) (€1 - ©1, + (|02~ ©n].,)-

Finally, for the last layer, there exist constants C3 and Cy, such that for all ®,0 € supp(p), we
have

‘UL_H(@)’SCg and }ULH(@)—ULH((:))’ < C4H®—(:)HOO.

5.2. Property and Approximation of Neural Feature Flow

We analyze the neural feature flow for the continuous Res-Net under the initial conditions in As-
sumption 3. The following theorem guarantees the existence and uniqueness.

Theorem 4 (Existence and Uniqueness of Neural Feature Flow on Res-Net) Under Assumptions
1 and 3, for any T < oo, there exists an unique neural feature flow ®,.

In fact, we also have that ®, is a continuous mapping on ® given time ¢ (see Theorem 13 in
Appendix C.1). A similar continuity argument has also been observed by Nguyen and Pham (2020).
The proofs of Theorems 4 and 13 can be obtained by the technique of Picard iterations (see, e.g.,
Hartman (1964)) with a special consideration on the search space to deal with the unboundedness
of parameters. The latter differs from the former by introducing a more restrictive space in which
all the candidates satisfy the desired property. We defer the proofs of this paper to Appendix.

Now we consider the approximation between a discrete DNN trained by scaled Gradient De-
scent and a continuous one evolving as neural feature flow. Based on the initial condition for the
continuous Res-Net, we introduce the initial condition for discrete Res-Net.

Definition 5 (¢, -independent Initial Discrete Res-Net) We say an initial discrete Res-Net (v, &, ,3)
is e1-independent if there exists a continuous initial Res-Net ({vg}szl , D) satisfying Assumption 3
and (v, &, (3) such that

3. The assumption that p has a full support will only be used in Theorem 8. It can be replaced by a slightly weaker as-
sumption that there exists a continuous function f : R* — R”~% such that supp(p) 2 {(v1, f1(v1)) : v1 € R?}.
When p; has a full support, f1 can be simply chosen as fi(v1) = 0P~

11
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(1) ©; = (D13, A4, ..., 0L;) ~p;
(2) For 3 and v,
 Bui= L (Xv1:) + Y20, o ho(u, ;) for € € [L] and i € [m);
* Upij = Vg (@i,@j)forﬁ €2:L)i,7€m]
* V414,10 = VL41 (@Z) fori € [m];
(3) e1-closeness:
. H'Dl,i — 'ﬁl,iHoo < (1 -+ Héluoo) €1f0ri S [m],
* |77£+1,i,j — @Z+1,i,j| < (1 + HC:)zHOO + HC:)JHOO) €1f0r€ S [L — 1], i,j S [m],
* 004101 = Or41a] < (1+ H@zHoo) g1 fori € [ml].

As an e1-independent initialization relates to a continuous Res-Net satisfying Assumption 3, which
yields an unique neural feature flow &, by Theorem 4, we show that scaled Gradient Descent from
an €1-independent initialization is well-approximated by the corresponding neural feature flow when
the number of hidden units is Q(el_Z), where ) hides poly-logarithmic factors. This resembles a
“propagation of chaos” argument from a Kac’s chaotic initial system (Sznitman, 1991). We compare
the scaled Gradient Descent with an ideal discrete process determined by @, as specified below:

« Actual process (0051 l0:K] 30:K]) py executing Algorithm 1 in K = % steps on the

discrete Res-Net from (9, é&, B);

* Ideal process (17[07T}, a1l B8 [O’T])that evolves as neural feature flow:

Bl = 9,(8)(1), telL]iem] teloT]

ag; = 0,(0;)(t), te€2:L],ie[m] tel0,T),

o = ®7,(0;)(t), ielm], tel0,T],

Tpi = 0Y,(0:,0;)(t), (e(2:L],ic[m]icm], tel0,T]
@tLH,i,l = ®Y;,,(0:) (), ie[m], tel0,T)

We also compare the discrete and the continuous losses denoted by £ := 1 25:1 d)(,é]]-j v11(n)y")
and L' := 4 SN 0 (Bri1 (P, t)(n), y™), respectively. We have the theorem below.

Theorem 6 Under Assumption 1, suppose ¢1 < O(1) and m > Q(e7?), and treat the parameters
in assumptions and T' as constants. Consider the actual process from an 1 -independent initializa-
tion in Definition 5 with step size n < O(e1). Then, the following holds with probability 1 — §:

(1) The two processes are close to each other:

~k _kn
y sup ’UZ,i,j — Uﬁ,i,j

anoo 0e[2:L], i,je[m]

sup { sup H'ﬁ’fz -y
kel[0:K] U ie[m] ’

sup {
k€[0:K], i€[m]

~k —kn
UL+1,i,1 — VL1141

~k _kn
, sup Ham —ay;
Le[2:L]

o pe[L]

12
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Algorithm 2 Initialize a Discrete Res-Net.

Input the data X, variance o1, and a constant Cf.
Independently draw 9y, ; ~ po = N (0,do?) fori € [d] and j € [m].
Set 31, = i Z?Zl 1,55 Bo.; where j € [m)]. © Standard Initialization for layer 1
for {=2,...,L do

Independently draw v ; j ~ N (0, ma%) fori,j € [m].

Set d&j = % 2111 ﬂg,iﬂ' hl(,ﬁg_Li) where j € [m]

Set Bg’j = Bg,l’j + ho (G ) for j € [ml. ¢ Standard Initialization for layer ¢
end for
Set 0r,41,1 = Cs where i € [m]. © Simply initialize {@L+1,i71}:’;1 by a constant
for(=2,...,Ldo

forj=1,...,mdo

Solve convex optimization problem: © Perform /5-regression to reduce redundancy

R e A O R ol S

—_— = =
N e

m

. 1 . .
min  — > (0r:,)7, stoGyy = ZW i (Be14). (16)
{oeashizy M —
13:  end for
14: end for .
15: Output the discrete Res-Net parameters (0, &, 3).

(2) The training losses are also close to each other:

sup ‘Ek Lk ‘ < O(ey).
ke[0:K]

Note in the discrete Res-Net, even though the connecting weights are independently initialized,
&y ; are not mutually independent since they all depend on a common set of random outputs from
the previous layer. Therefore, Definition 5 restricts the skip-connected paths of the discrete Res-
Net {013, &2, ..., Gp i }" are nearly independent, which makes it possible to construct an ideal
initialization with 1ndependent skip-connected paths to approximate the discrete one. Then, using a
“propagation of chaos” argument (Sznitman, 1991), we obtain Theorem 6.

Now we demonstrate real examples that can achieve our assumptions. We consider the Res-Net
initialized by Algorithm 2, which is composed of a standard initialization (Glorot and Bengio, 2010;
He et al., 2015) and an additional regression procedure while preserving all initial features.* The
standard initialization strategy scales the weights to \/m, which diverges in the mean-field limit. We
perform the simple ¢s-regression to reduce the redundancy of the weights. The result in Theorem 7
shows that Algorithm 2 can produce an e;-independent initialization when m is sufficiently large.

Theorem 7 Under Assumptions 1 and 2, treat the parameters in assumptions as constants. With
probability at least 1 — 6, Algorithm 2 produces an €1-independent initial discrete Res-Net with

~(_1
€1 S O(ﬁ)
4. In Algorithm 2, the weights in the last layer {vr41.4,1}i~; can also be initialized by the standard initialization
followed by an ¢2-regression. The ¢2-regression (16) can be replaced by a soft version

m

o, Z 005)°

m

'_727)[2] BZ 17,)
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5.3. Finding Global Minimum

We study the convergence of neural feature flow. We show in Theorem 8 that the neural feature flow
always finds a globally optimal solution when it converges.

Theorem 8 Under Assumptions 1 and 2, assume that the loss function ¢ is convex in the first
argument. Let ({W}EL:';, p) be the initial continuous Res-Net that satisfies Assumption 3 and P

and Lt be the solution and loss of the neural feature flow, respectively. If @fz 1.(©)(t) converges in
loo(p) and @7 1 1 (©)(t) converges in l1(p) as t — oo, where © ~ p, then we have

N

lim £! = Z |:II21JI/D¢ (y’,y”)] :

t—o00
n=1

Theorem 8 is an important application of our mean-field framework, which shows that neural
feature flow can find a global minimizer after it converges®. We prove that the distribution of the
weights in the first layer always have a full support in any finite time by Brouwer’s fixed-point
theorem. Then, using a similar argument to Chizat and Bach (2018); Nguyen and Pham (2020),
we show that all bad local minima are unstable. Our global convergence holds for Res-Nets with
arbitrary (finite) depth. Before us, the global optimality was proved for three-layer ones (Nguyen
and Pham, 2020) under a similar convergence assumption on the weights in the second layer.

6. Discussion

This paper proposed a new mean-field framework for DNNs where features in hidden layers have
non-vanishing variance. We constructed a continuous dynamic called neural feature flow that cap-
tures the evolution of sufficiently over-parametrized Res-Nets trained by Gradient Descent. Further-
more, the neural feature flow reaches a globally optimal solution after it converges. We hope our
new analytical tool pioneers better understandings for DNN training.

There are many interesting questions under our framework to be further investigated. First, the
current work only focuses on the training part of NNs, and it still remains to study generalization.
The generalization error in the mean-field regime has been studied for two-level NNs, e.g., Wei
et al. (2018). Using our modeling, there are two potential directions: we may incorporate suitable
regularizers on the DNNs to control the model complexity; implicit regularization is often observed
in practice, which is hopefully preserved in our neural feature flow. However, a full treatment is
left as a future study. Second, although our mean-field framework is applicable to standard DNNs
(see Appendix E), it is still not answered how to prove that Gradient Descent can achieve the global
minimum. Third, the implications of our theory in practice can be studied empirically as separate
works. For example, this paper proposes a new interesting initialization strategy for DNNs and
uses the scaled Gradient Descent to optimize DNNs. In Appendix F, we perform a toy simulation
to validate the feasibility of this new training strategy. It is interesting to design new practical
algorithms based on our learning strategy for large-scale data.

5. Remark: for £5 loss, i.e. ¢(y',y) = ||y’ — yl|?, as an example, Theorem 8 indicates converging to 0 loss.
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Appendix A. Overview

The appendix is sketched as follows. Appendix B provides the key proofs of this paper. Especially,
we will show how the initial condition (Theorem 7) and Assumption 2 (Lemma 3) can be realized.
Besides, we will prove Theorem 8. Appendix C presents the rest proofs. Especially, we will follow
the technique of Picard iterations to prove Theorem 4 and a continuity argument for neural feature
flow (Theorem 13). Note that the latter will be used in Theorem 8. Moreover, we will follow
a “propagation of chaos” argument (Sznitman, 1991) to prove Theorem 6. Appendix D presents
some basic properties for sub-gaussian distributions. Finally, Appendix E introduces the extension
of our mean-field framework to fully-connected DNNs.

In our proofs, we fix a set of training data and treat the parameters in the assumptions as con-
stants. We use C' to denote a generic constant; the value of C' may change from line to line.

Appendix B. Key Proofs
B.1. Proof of Theorem 7

In this subsection, we prove Theorem 7 which states that Algorithm 2 produces an €;-independent
initial discrete Res-Net with e; < O(1/y/m). By Definition 5, this entails the construction of
an initial distribution p, weight functions {vg}ZLIQl, and an ideal discrete Res-Net satisfying the
properties in Definition 5. We specify p, {vg}fj;, and the ideal discrete Res-Net below, and then

we verify the properties in Theorem 7.
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Initial distribution. We first define the distribution p:
(1) At the first layer, 31 ~ p’lg =N (0V,01Kj), where K := éXXT.

(2) Atthe layer £ € [L — 1], let KJ := [ hy (B¢) h1 (Be) " dpf (B¢). We define the distribution of
the residuals at layer £ + 1 as

P =N (0V,02K7). (17)

Defining the mapping fgﬂ (B, ggH) =G+ hg(ag+1), the features at layer £ + 1 is defined
as the pushforward measure by fy1:

pﬁrl = fem# (pgﬁ x p?+1) :
Finally, let p be a multivariate Gaussian distribution of the form

p(v1, a1, a9, ...,ar) = pi(v1) x p§(az) x pS(as) X -+ x pF(ar). (18)

Weight functions. Now we define the weight functions {vg}fizl. Note that those gram matrices
K f are all positive definite under Assumption 2 (see Lemma 9) and thus are invertible. For @ =
(v1,00,...,ar), © = (v],a),...,a}), we define the connecting weights between consecutive
layers by

0(0.0) = hn (B1(©)" KL, ] o re2: ), (19)

where 3,(©) = 1 X v, + 2522 ho(oy;) will satisfy (9). The weights at the output layer are initial-
ized as a constant c. The forward propagation constraint (8) will also be satisfied by (19) and the
definitions of K f . Therefore ({v¢}4, , p) constitutes a feasible continuous Res-Net.

Ideal discrete Res-Net. Finally we construct the initialization (o, &, 3) of the ideal discrete Res-
Net. Recall Algorithm 2 that the corresponding variables are initialized as (v, &, 3). Let 01 ; := 0;1
for i € [m]. For ¢ € [L — 1], define the empirical Gram matrix as

RP =03 (3u) i (Bu).

B\ /2 [ -\ ~1/2 -5
Let apq1, = (K v ) (K v ) Gy forall j € [m] when K is invertible, and otherwise

let ae+17]’i.’i\.9 P, We use Definition 5 (2) for the values of 3, for ¢ € [L] and v, forallin [2 : L+1].

Proof [Proof of Theorem 7] We first show that the continuous Res-Net satisfies Assumptions 3. By

5\ 1
(K7) || <Cfor
2
a constant C'. Since the activation function h; is bounded and Lipschitz continuous, the continuity

conditions in Assumption 3 are all satisfied.
Now we consider the ideal discrete Res-Net. We first verify the independence. By definition,
Q41,5 are determined by the outputs of previous layer 3y ; and the connecting weights 0y ; ;.

definition p is a multivariate Gaussian distribution. By Lemma 9, we have
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Thus they are conditionally independent of @1 ; and &, ..., &y, for i € [m] given {Bgﬂ'}ie[m].
Since ©¢41, ; are independent Gaussian, ¢y ; and thus @y ; are conditionally independent
Gaussian given {(3y,; };c|m). Furthermore, the conditional distribution of &1 ; given {Be,;}icm)
is N (ON ,oIK f ) = pg1- Therefore, marginally d“l,jl'rlifi Py, and they are independent of
_ _ _ , = iid. . . N

01, and &, ..., a0y, for i € [m]. So {(—)i}ie[m]lk p. Since p is a product distribution, all
V1,4, @24, . . ., r,; are all mutually independent.

Lastly we show the O(1/,/m)-closeness specified in Definition 5 (3). By Lemma 10 we have
the following events with probability 1 — §:

e, < O(1), (20)
Kf—KfHQ < e, Q1)
letes1s — aogrilly < e2]|Gil, (22)
HB@Jrl,i — Bes1,i ) < e ||, (23)

where g9 < @(1 /+/m). Under (21) the matrix K f is invertible, and it follows from Lemma 11 that

~ —1. ~
QA)@_;,_LI'J = dz-i—l,j [Kf} hl(ﬁg’i), ! e [L — 1], i,j c [m]

By the triangle inequality,

041,65 — Vo145
—1 . _ N -1 . ~
= HO‘LLJ‘ [Kﬂ hl(ﬁf,i) - d;—&-l,j [Kﬂ hl(ﬁ&i)
—1
3
&7

+ |1, — Qe gl

2

—1 N —1
< el 7| - [&7]

) th(/éé,i) — h1(Be,)

]

1 (Bea)

Gl | .

1 (Be)

gl
We upper bound three terms separately. By the Lipschitz continuity of /; and (23), the first term
is at most O(1/4/m)||®;]|2; the second term is also at most O(1/4/m)||®;||2 since ||aps1 ;|2 <
1612

-1 -1 -1 -1
B ‘3 B B -8 3
G e N I M W 1
2 2 2
and hy is bounded; the third term is at most O(1/y/m)||®;||2 by (22). [ |

B.1.1. PROOF OF ADDITIONAL LEMMAS

Lemma 9 min,c;_q /\min(Kf) >C >0
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Proof Fix ¢ € [L — 1]. For (v1, a2, ...,ar) € supp(p), given ag, ..., ar, we have © = O(vy)
and

' Bi(©) — val Z ha(ew,)| < LLy. (24)
l1=2 0o
Note that v; is independent of v, ..., ap, and v1 ~ N (0, dO‘%I d) which is equivalent to the

standard Gaussian distribution. By Assumption 2 with fa(v1) = 22:2 ho(c,) and the constant
Cp = LLq, we have

E i (B:(©))h] (8(©)) | e, .. ] = CIV.
Taking full expectation, we obtain Lemma 9. |

In the sequel, we set \; := Minge(z—1) Amin (K f ) that is strictly bounded away from zero.

Lemma 10 Letr ey < O(1/\/m). With probability 1 — 6, for all ¢ € [L — 1] and i € [m),

— KEHQ < &9, oy — Goyrilly <
le1,illy < o(1), HBHM - Bfﬂ,i ) < e H(:)zHQ
Proof In the proof of Lemma 7 we verified that v ;, @2 ir--ar forallt € [m] are independent.

Therefore, ,Bg i i p v by the definitions of ,Bg ; and pz Consider auxiliary random matrices
) A
= — > m(Bea)hi (Bra),
i=1

Since h; is bounded, by the matrix Bernstein inequality (Tropp, 2015), with probability 1 — g,

2y B2~ 17 = 2= 00/ @

Due to the sub-gaussianness of p, we have |[&;1lla < C+/log(m/3) = O(1) with probability
1—6/3 (see Lemma 27 (1)) We will also use the following upper bound that happens with probability
1 — 0/3 by the sub-gaussianness of p:

1 &~ N
=N 16ill2 < 1 = O(1), (26)
m =1

which can be obtained by the concentration inequality in Lemma 28).
Next we inductively prove that, for £ € [L — 1],

|&? - &P < cpies, @7)
Gpr1i — @ illy, < (CB1) " Ces|| O], (28)

)Bﬁ—kl,i — Bey1,i ) <

(CB)"Ces || - (29)
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‘ {R’ﬂ i — {Kﬂ s ) is achieved

by matrix calculus (Bhatia, 2013, Section V.3). Since HK lﬁ - K lﬂ H2 < % then the eigenvalues
of Kf' are at least 5‘2—1 Let f(x) := \/z. Then |f'(2)| > —*— when z is the eigenvalue of Kf

For ¢ = 1, by definition K P - K f . The upper bound of

V21
Applying (Bhatia, 2013, (V.20)) yields that
a71/2 1/2 N .
H (&P kP == |RP - KD <Cs, (30)
2 vV 2/\1 2
and
. - N N Ve ) ~
|G — a2, = [Kl} [Kl} —I" | ag,;|| < Cesllagll2 < Ces||®il2. (31
2
Then by the Lipschitz continuity of hy, we have
Bai — Bai , = H [hQ(dQ,i) - ]:LQ(dQ,i)} H2 < Ces|O]|2. (32)
For ¢ € [2: L — 1], suppose that
Bei — Bey , S (CB1)2Ces ||O©4]], - (33)

Then, by the boundedness of /1 and the triangle inequality, we have

HKf - f(fH2 < Zi HM(BM) — h1(Be,)
i=1

2

Applying the Lipschitz continuity of h; and (33) yields that

KP kP <GP "Ce
l l 9 =

> 1184|, < (CB1)" ' Ces. (34)
=1

m

where in the last inequality we used (26). Then we obtain (27) by triangle inequality from (25) and
(34). The upper bound in (28) for £ 4+ 1 follows from a similar argument of (30) and (31). Finally
(29) for £ + 1 follows from (28) and

041
B = Bera], = || 3 [Ra(ein) = ha(as)] | < 0(€8)es |4,
=2 )
We finish the induction. Since 5 = O(1) and e3 = O(1/1/m), we complete the proof. [

Lemma 11 [f K f is invertible, then
R AT 8171 4 .
Det1,ij = Qpyy [Kg} h1(Bei), Le€[L—1], 4,5 € [m]
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Proof For a given layer ¢ and j, the {2-regression problem in Algorithm 2 can be equivalently
written as

. 1
min ol G5)
v
1.
s.t. EH’U g+17j,
where ¥ = (Up41,1,5, - - - ,@g+1,m] and H [ ,84 1 ' 1(Bg7m)}. Decompose v as
vV=H 2+,

where z € R™ and H9' = 0. Then (35) is equivalent to

. 1T 112 1.2

o 2 sz+2 o'l
1o

s.t. EHH z = a£+17j.

o . -1
Since %H H' =K f is invertible, the optimal solution is z = [K f } a1 ; and =0V, m

B.2. Proof of Theorem 8

Proof [Proof of Theorem 8] In the proof we use the following abbreviated notations: for ¢ € [0, c0)
and © € supp(p), let

Bi©) = ¥ (O)1), lel(L),
af(@) = 3X(O)(1), le[2:L],
vi(©) = 3Y,(O)(t),

UtL+1(@) = *,L-‘,—l( )(@).

From the convergence assumptions, it is clear that 3% 41 converges as t — oo. Indeed, the conver-
gence assumptions imply that, for any 9 > 0, there exists T', forany ¢ > T,

18L(©) = BE(O)]| , <& (36)
holds p-almost surely and
/ [02.41(©) = 173.1(©)[ p(®) < &2, (37)
Then, since h; is bounded and Lipschitz continuous, we have
18,41 = B .
= | [ b (3110) - iz @) i (57 (@) dvio)|

oo

= /’UEOH(@)‘ th (BL(©)) — h (ﬂf(@))”oodp(@)
+/ V741(©) — 17541 (©)| th(ﬁtL(G))Hmdp(@)

IN

(38)
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The goal of the proof is to show that

|45 (8|, = 0. (39)
To this end, for any € > 0, we will construct a function
. T. /(1

fe(v1) == ¢ (BR) M <dXU1 + ge(”l)) ) (40)

where the functions g. is uniformly bounded, such that | f-(v1)| < €. Then it follows from (40) that
. 3 . /1 3
¢ (BT) = K l/fa(vl) h1 <dX'Ul + ga(’vl)> dp1(v1),

where 1 = N (09, I?) and K = [ hy (X1 + ge(v1)) hi (X v + gep(v1)) dpi1(v1) whose
minimum eigenvalue is at least A\; > 0 by Assumption 2. The boundedness of h; yields that

Since ) is independent of ¢, by letting ¢ — 0, we obtain (39).

Next we construct g. and f- in (40). Let 7" be the time such that (36) and (37) hold with g5 < ce
for a constant c to be specified. Note that 'vrf is surjective by Lemma 12. Let § : R? — supp(p) be
the inverse function such that v{ (§(v1)) = v1. Define

& (BT, < oxr'e.

L

ge(v1) = hy(af (G(v1)),  fe(vr) = (B) " (BT (G(w1)))

(=2

where ¢g. is uniformly bounded by the boundedness of hy. Suppose on the contrary that there exists
v} such that | f.(v})| > e. Let @ = §(v}). Since © — ¢ (Bfﬂ)—r hy (B(©)) is continuous by
Theorem 13 (see Appendix C.1), there exists a ball around ®’ denoted by S such that p(S) > 0 and
| (520+1)T h1 (BY(©)) | > /2 with the same sign for all © € S. However, for t > T,

[1oh1@) = of (@) ds@)
L
¥ / = (‘ /Tt 9 (B) I (BL(©)) dt‘ - /T t det) dp(®), (1)

where in the last step we used |35 (@) — B (©)|| < 22 from (36), (38), and the boundedness
and Lipschitz continuity of ¢} and h;. Let ¢ = %. The lower bound in (41) diverges with ¢, which
contradicts (37).

Finally from (39) we show the convergence statement. Since ¢ is convex on the first argument,
we obtain

v

[RACRACIC) dt] 0(©)

v

N N

56 (B a(0.0) = 3 fmins (1,07

n=1 n=1

23



FANG LEE YANG ZHANG

Since 3% 1 — B7 and ¢ is continuous, we obtain that

N
Jim L' = qu B4 (n :Z[mlnd) v,y )]

n=1

which completes the proof. |

Lemma 12 The function t < oo, v} : supp(p) — R% is a surjection.

Proof Recall that at the initialization let @ (v) = (v,0°~%) € RP = supp(p), where the equality
follows from Assumption 3 that p has a full support. Given t < oo, consider f; : R — R? as

It suffices to show that f; is surjective. Note that f; is continuous since @ — v}(@®) is continuous
by Theorem 13. Furthermore, for any v € R?, by Lemma 21 which states that the gradient of the
weights G is bounded (see Appendix C.1), we have

o) vl = [ gt (

For any € RY, consider g(v) := a — (f;(v) — v) which continuously maps By (x,Ct) to
itself. By the Brouwer’s fixed-point theorem (see, e.g. Granas and Dugundji (2013)), there exists
Vs € Boo(x, Ct) such that g(v,) = v,; equivalently, we have f;(vs) = x. [ |

Q” oD—d} ,QJ*,5> Hoods < Ct.

B.3. Proof of Lemma 3

Proof [Proof of Lemma 3] We first note the following results in Du et al. (2019a, Lemma F.1):
suppose that Cg = 0 and the support of a random vector V' € R? denoted by R has positive
Lebesgue measure. Moreover, h is an analytic non-polynomial function on R. Then

2

N
min E Zaih(wi oV)|| =A>0,
lall=1 " ||*= )
where @ = (a1,...,an). Lemma 3 shows that, for V! ~ p = N/ (Od, Id), the same result holds

with a constant perturbation of the functions h1; namely, by letting g;(v) = hi(x; o v + C;(v))

where ||Ci||o < Cg,
2

=\ >0, (42)
2

N

> aigi(V')

=1

min E
llallz=1

where )\’ is uniform over all perturbations ||C;|~c < Cp. It suffices to prove (42) for V' ~
= Uniform(R’) where R’ is determined by h and Cp, as the Radon-Nikodym derivative %
is bounded.
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We first prove (i). Consider a compact region R such that, for V' ~ Uniform(R) and any unit
vector a,

> Ag > 0.

N 2
E Z a;g(x;o V)
i=1

Then for 8 > 0, since g is bounded and Lipschitz continuous, we have

2

N
A
E|Y aig(@ioV +BCi(V/B))| = Ar—CCpB =T,
2

=1

when 3 < 20 Ao, Let hi(x) = g(Bx). Then EHZf\il aihy (x; oV /B + Cl(V/B))H > TR' We
achieve (42) by letting V! = V /3.

For (ii), consider R = {v : 1/2 < ||v||a < 1}. Then, for V' ~ Uniform(R) and any unit vector
a,

‘hl(:BZ'OV) > g > 0.

Since h1(fz) = B« for any 3 > 0, then we have E||S-N | a;hi(@; 0 BV)||3 > B2*Ar. Note that
|z; 0 BV | = ©(B). For z = ©(3), we have |hy(z)| < CB% and hy is C3*~!-Lipschitz continuous
for a constant C'. Therefore,

2

92 2a—1

> 520‘)\1% . C//BQaflCB > (C/CB)2a <)\> .
R

2

N
E Z a;ihy(x; o BV + C;(BV))

=1

for a constant C’ when 3 = 26:\/53 . We achieve (42) by letting V' = V..

For (iii), we only consider i (x) = c|x|~®. The case for hi(x) = c(x)“ can be obtained by a
similar argument. We first show that there exists a compact set R such that, for all v € R and z;,

|z; ov| > . (43)

This can be done by a simple probabilistic argument. Let v be drawn from the uniform distribution
on S%1, for any fixed x € R%, we have

d—1

27TT/T(M) ! =3
P{lv x| < t]z|2} = —2 (1—u?)7 du < tVd.
2 r(é) /.

By a union bound, we have |x; o v| > H;Z\H; with probability 0.5. Denote this set of v € S%~1 by

S’. Since min; ||x;||2 := Cpa > 0, we obtain (43) with R = {tv : v € 5, % <t< %f}
Then, for V' ~ Uniform(R) and any unit vector a,

> Ar > 0.

N 2
E Z aihl(wi @) V)
=1
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Then, for any 8 > 0, we have E||Y N | a;hy(z; 0 V)|3 > B2 \g. For z = O(8) we have
|hi(z)] < CB~ and hy is CB3~%!-Lipschitz continuous for a constant C'. Therefore,

2

92 2a—1

> /8720[)\1% o 0/572047103 > (C/CB)chx <)\> .
R

2

N
E Zaihl(.’m @) 5V + Cz(ﬁv))

i=1

for a constant C’ when 3 = 20/\/53 . We achieve (42) by letting V' = V.. [ |

Appendix C. Rest Proofs
C.1. Proofs of Theorems 4 and 13

We first demonstrate Theorem 13 which shows that the neural feature flow ®, is a continuous
mapping on ® given time ¢.

Theorem 13 (Property of ®.) Under Assumptions I and 3, let . be the neural feature flow, there
exist constants C,C" > 0 such that for all t € [0,T], ®1 € supp(p) and ©1 € supp(p) N
B (©,1), ®5 € supp(p), and Oy € supp(p) N B (O2, 1), we have

|#2.(@1) 1) - a2, (&) )| _ < ce (@il +1) |01 -6, ter],
H‘I’ffe((al)(t) — & (01)(1) H < Cet (||©1]|oo + 1) H@l ~&) ., cep:n,
|ez (@)@ - ei(0)1)] < e (181)n+1) |01 - 64| .
‘<I>1’7z(®1,®2)(75)* (81,05)(1) (<060/ (1©1]l0c + [©2]|c0 + 1) @1*@1\\007 rep )
(@1’,@(61,@2)@) — ¥, (©1,0,)(t ( < Ot (||©1 |00 + ||®2]|oc + 1) [|©2 _(:)2H007 tep2: I,
Y141 (©1)(1) = 82141 (01)(1)] < Ce” (@1 + 1) |1 64

In the proof, we fix the initial continuous Res-Net ({vs}+=5 , p), which is assumed to satisfy the
Assumption 3.

C.1.1. PROOF OF THEOREM 4

We first show that our neural feature flow in Definition 2 necessarily satisfies several continuity
properties in Lemma 15, which allows us to narrow down the search space for the solution. Then we
construct a contraction mapping (also known as Picard iteration) to show the existence of uniqueness
of solution in that search space. Recall that a trajectory ® consists of trajectories of weights ®7 for
¢ € [L + 1], features <I>é3 for ¢ € [L], and residuals ®% for ¢ € [2 : L]. For ©,© € supp(p), we
also abbreviate the notations for individual trajectories as

®F (o) (1) = vi(ue), P(O)(1) = BY(®), PF(O)(t) = ay(®),

where u, stands for @, (©,0),® for{ = 1,2 < ¢ < L,{ = L + 1, respectively.
Throughout the proof, we fix T" as a constant. We define the set of continuous restricted trajec-
tories below.
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Definition 14 (C-Continuous Restricted Trajectory) Given C := (C1,...,CL41) € Riﬂ, we
say ® is a C-continuous restricted trajectory if 7 (ug)(t) is Cy-Lipschitz continuous in t € [0,T]
for £ € [L+1], and O (u,)(t) and @? (uy)(t) are determined by the forward-propagation process,
e, BL(O) — 1X01(®), al.,(©) = [l,,(0,8)i (3/(6)) dp(®). BL,,() — B(O) +
ha (af, 1(©)) for € [L—1] and © € supp(p). The set of all C-continuous restricted trajectories
is denoted as ®€ .

We can find that given the trajectories of weights, the trajectories of residuals and features are
determined by the forward-propagation process. Lemma 15 below shows that it suffices to consider
a restricted search space.

Lemma 15 There exists a constant vector C € Ri"’l such that every solution ® of the neural
feature flow is a C-continuous restricted trajectory.

In the remaining of the proof we let C be the constant vector in Lemma 15, and let & := ®C,
which will serve as the search space. The solution can be equivalently characterized as the fixed-
point of a mapping from @ to itself that we introduce next:

Definition 16 Define F' : ® — ® as follows: for all t € [0,T],
(1) forall ¢ € [L + 1] and all uy,

F(B)? () (£) = voluug) — /0 G (ug: @, 5)ds,

(2) forall O,

(3) forall ¢ € [L — 1] and O,

F@2.0)0) = [ F(®)},(0.0)(t)in (2£(©)(1) dp(®)
F®)},(@)(t) = ha (F(2)71(©)(1)) + F(B)](®)(1).
Following the same argument as Lemma 15, we have that the image of ® under F' is indeed

contained in ®. We then show in Lemma 18 the contraction property of F' under an appropriate
metric defined below:

Definition 17 For a pair ®1, Py € ®, we define the normalized distance between each trajectories
over [0,t] as

DY (uy)(s) — PY ,(ur)(3)]|so
Doy e ap P06~ 8@
s€[0,4], C[L+1], ue 1+ [Juel oo

Lemma 18 There exists a constant C' such that

t
DI (@), F(22)) < C [ DPI(@y, @)
0
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Proof [Proof of Theorem 4] Firstly, ® contains the constant trajectory and thus is nonempty. Ap-
plying Lemma 18, the proof of existence and uniqueness follows from a similar argument of Pi-
card-Lindelof theorem. Specifically, iteratively applying Lemma 18 yields that

@™

DITIE™ (1), F™(@2)) <

DOT( @, dy).

Let ® be the constant trajectory, for any ® € ®, by the upper bounds of g7 in Lemma 21 and the
Definition of DI%Z] in Definition 17, there is a constant C' such that

DT F($),®) < OT < .
We first show the uniqueness. For two fixed points of F' denoted by ®; and ®,, we have

%D[&TMF@Q,F(%)),

By the triangle inequality DOT(F(®,), F(®,)) < DOTHF(®,), ®) + DOTHF (D), ®) < oo,
hence the right-hand side of the above inequality vanishes as m diverges. For the existence, we can
consider the sequence { F3(®) : i > 0} that satisfies

DOTI(@y, @) = DOTHE™(®1), F™(®3)) <

0,7 prm+1 m (CT)™ Jo1)
DOTI(Fp (@), (@) < = -DPT(F(®), 8),

Because DIOTI(F(®), ®) < oo, {F¥(®) : i > 0} is a Cauchy sequence. Since ® is complete under

D] by Lemma 22, the limit point ®, € &, which is a fixed-point of F'. Finally, by dominated

convergence theorem, we can directly verify that @, is the solution of neural feature flow. |

C.1.2. PROOF OF THEOREM 13

Theorem 13 is a Gronwall-type of result. However, it is not straightforward to directly derive a
simple differential inequality due to the involved relations among the parameters of deep neural
networks. Again we turn to the technique of Picard iterations used in the proof of Theorem 4. This
approach has also been used to prove the abstract Gronwall inequality in Turinici (1986).

Recall the set ® in the proof of Theorem 4, and the mapping F' : ® — ® in Definition 16. It
is shown that F' is a contraction mapping and thus there exists a unique solution ¢, € ®. We will
construct a closed nonemtpy subset & C P with the desired properties in Theorem 13 such that
F((i)) C &®. Then by the same argument as the proof of Theorem 4, the Picard iteration guarantees
the solution in ®, thereby proving ¢, € o,

We introduce the set of b-locally Lipschitz trajectories with the desired properties in Theorem
13. We use similar notations as in the proof of Theorem 4 by letting u, denote ®, (©,®), © for
£=1,2<{¢<L,¢ =L+ 1,respectively.

Definition 19 (b-Locally Lipschitz Trajectory) Recall the constants Co and Cy in Assumption 3
for the locally Lipschitz continuity at t = 0. We say ® is b-locally Lipschitz if for all t € [0,T), ©y,
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O € B(©1,1), Oy, and O3 € B, (©2, 1), we have

|27(©1)(t) — @Y(©1)(1)]| . < " ([|O1]loc + 1)|O1 — O1|oc, (442)
|©7,1(©1)(1) — ®71(01)(1)] < (1+ Ca)e”(|®1]cc + 1)[|O1 — O1fl o, (44b)
|DF (ue) (t) — D (©1,02) ()] < (1 + Co)eb(JJuelloo + 1)[|©1 — O s, (44c)
|©F (ug)(t) — BF (©1,0:)(1)| < (1+ Ca)e”(J|ur]loo +1)]|O2 — Oz oo, (44d)

for { € [2: L]. Denote the set of all b-locally Lipschitz trajectories as Py,
Lemma 20 There exists a constant by such that F(® N ®;,) C ®y,..

Proof [Proof of Theorem 13] Let b, be the constant in Lemma 20 and &' := ® N &, C P,
which clearly contains the constant trajectory and thus is nonempty. It follows from Lemma 20 that
F(®') C ®'. Since F is a contraction mapping by Lemma 18 and ®’ is a closed set by Lemma 23,
by the same argument as the proof of Theorem 4, there exists a unique solution in &', which is
necessarily @, by the uniqueness of the solution in Theorem 4.

|

C.1.3. PROOFS OF LEMMAS

Proof [Proof of Lemma 15] We first prove the Lipschitz continuity of ® for weight. It suffices to
show upper bounds of G for each layer £. We use the backward equations to inductively upper

bound Q? and Dy, which immediately yield upper bounds ||G7||cc < C for constants Cy.
For the top layer £ = L + 1, by Assumption 1 that |¢)| < Ly, we have

|Dps1(@,t)][oo < Ly = Cri1.

At layer ¢ = L, since |h}| < Lo,

i BL©)| _Pra@]., [vha(©)] <, (45)

<Ls <Cr41 SCs+TCrt1

[p2esen] <]

where C}, := (Cs + CLHT)LQC’LH and |vtL+1| < (5 + Cr41T by the upper bound of initial-
ization in Assumption 3 and the Cr; := LléL+1—Lipschitz continuity of v} 41 in t. For each

¢{=1L-1,...,1, suppose Qf 11 is uniformly bounded by ég+1. Then it follows from (11c) and
(12b) that

|p (@5 0.0)|, < |2y (0:0.0)|| |

iy (af1(©))]| < CrnLa = Cp,

and

(©,0;0,1) ‘ |IDg(©:9, )] th (ﬁE(@))HOO < LiCyyy = Cppy.
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We then similarly apply the upper bounds of initialization in Assumption 3 and the C-Lipschitz
continuity of vé 1 Int and obtain that

H/u§+1(®, ©) D%, ,(0;®,1) dp(C:))H (46)

o0

IN

éé+1 / ‘szrl(@? é)‘ dp(©

IN

Ciiy <Cé+1t+/|W+1(@z,@e+1)|dpz+1(@e+1)>

< Crp(Con T+ C),

for a constant C’, where in the last inequality we used the upper bound of vy, in (15), the sub-
gaussian property of p, and Corollary 31. Consequently,

[PACNI 7)
< [Rf@mn| it @@ [.u©.0) D800, wio)|
< Cr1 + (Coya(Con T+ C")) Ly := C.

Finally, denoting the infinity norm of the data X by C, (12c¢) gives the upper bound of ‘ G (©;0,1) ‘
by C,C; := C}.
Now we turn to the forward steps. We prove that there is a constant C' such that for ¢ € [L] and

o,

|g?@:a.0)|_ <c(ele+1), 48)
and forall £ € [2: L] and ©,

197 (©;2,1)]| , < C (8]0 +1). (49)

Once we obtain (48) and (49), because p has bounded finite moment (Corollary 31), the dominated
convergence theorem directly implies that ®* and ®? satisfy the forward equations in Definition
14, which is our desired result.

For the first layer ¢ = 1, since X is bounded, it follows from (13a) that

gl@e.n|| <ci<ci(l®l.+1).

Suppose that at layer ¢ € [L — 1], we have HQ?(@7 <I>,t)H < 7 (||®| | +1). By a similar
o0

argument to (47), we have

| 0.0 20500 anco)

o0

< o / (CeniT + [1141(©,8)]) (8]0 + 1)dp(6)

(15) _ _
2 CNCoT + Ci(|O]e + 1)) / (18] + 1)dp(©)

< GO +1),
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for some constant C’é’ﬂ. Therefore, applying (13b) yields that

oz @ 0] < raCliti@ln+ 1+ [ i (8D

< Cr1(|®] +1), (50)
for some constant Cy 1. We obtain
62010,

|5 (et @) 002 (@:0,0)|_+|gf@i0.0)|
(LaCria + CF) (@]l + 1),

IN

A

which suggests to pick C}, ; = (L2Cyy1 + CY). We achieve Lemma 15. [ |

Before proving Lemma 18, we first present in Lemma 21 properties of & € ® that will be used
to prove the contraction lemma. The proof is exactly the same as Lemma 15 and is omitted.

Lemma 21 (Property of ®) There exists a generic constant C such that, for any ® € ®, we have

* | DL41(@,)l|oe < C and | DY (©;®, 1) < C for £ € [L;

IDF(O; ®,t)||oc < Cforte[2: L]

1G7 (we; @, 1)l < C and [[vj(we)lloc < [[V7 (we)lloo + C t for £ € [L +1];

1G2(©;®, )00 < C (|®]|0 + 1) for € € [L);

1G%(0;®,1)||oo < C (||®]|oc + 1) for £ € [2: L),

Proof [Proof of Lemma 18] The proof entails upper bounds of the gradient differences ||G (ug; ®1,t)—
G7 (ug; P2, t)| oo in terms of the differences |v} , — vf | for £ € [L 4 1], which can be further upper

bounded in terms of d; := DI/t (®y, Py), that is by Definition 17:
[01,0(we) =5 p(ue) || < (lwelloo + 1y, £ € [L+1]. (51)

We will use the forward equations to inductively upper bound the differences between 3, and a.
Especially, for some constant C, we prove

1814(8) = B54(®)|| . <C(II®loc + 1) dy, £ €[L], (52)
|a1,(©) =)y (O)]| < C(1I®]c +1)dr, L€ [2: L] (53)

We then use the backward equations to upper bound the difference between Q? , Df, Q}’ . Namely,
we prove

|pP@:01.0) - DP(@:02)| < CO+IIOn)dr (e [LL (54)
|Df(©:@1,1) ~ D (©: @, 1)l < C(L+ [Oll)dss £ [2: L] (55)
1G7 (ue; @1, 1) — G (we; @2, 1) || o < C(L+ Juelloo)de, £ € [L+1], (56)
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Then the conclusion,i.e., Lemma 18 directly follows from (56), and the definitions of F' and DO
in Definitions 16 and 17, respectively.

We consider forward steps. When ¢ = 1, because X is bounded, by the Definition 16 (2)
and (51), we have H,@M@) - B5.,(© H < C(||®|loc + 1) d;. Consider at layer ¢ € [L — 1],
we obtain H,B’i (0) =3 €(®>H < C(]|®|lso + 1) dy. For layer £ + 1, by the boundedness and

) y o0

Lipschitz continuity of ~1, we have

Haié—i-l(@) - aé,ﬁ—i—l(@)Hoo

< |[isB4@)1t1(0.0) ~in(B.(©)) (0. )un(O)|
< [ |n(1©) ~ in(8,©)] _lvh(0.0)] dp(®)
<L2C([©]|+1)dy
/th B5.4(© H v 111(©,0) — v, ,(0,0)|dp(©)

<(1®llco+1©lloo+1)d:
< CO]loc + 1) di,

for a constant C’, where the last step is due to the sub-gaussianness of p, Corollary 31, and the upper
bound of v} 41 in Lemma 21. Consequently, the Lipschitz continuity of Lo gives that

181,641(©) = B5041(©)]|
sHmauﬂmn—mmad@ML+wm@wﬁa@ww
< (O]l + 1) dy

for a constant C"””. We achieve (52) and (53).
We turn to the backward steps. We focus on the upper bound of the difference between Dy

and Q? . Since both h; and X are bounded, h; is Lipschitz continuous, and D7* is bounded by
Lemma 21, the upper bound of the difference between Gj’ follows immediately. To begin with, we
introduce

QZ(@;@,t) = /ve(G) @) Dy (@ O, t)dp(© )oh’ (:Be 1(© )) te(2: L] 57)
Then we have
DY [(©;®,1) = DJ(©;®,t) + DY (©;®,1), (€ [2:L].

For the top layer £ = L + 1, the Lipschitz continuity of ¢} in Assumption 1 implies that,

IDp1(P1,t) = Dpyy (P2, 1) o (58)
= L5||/3§,L+1 - /BE,L-HHOO

< Ls [ In(810)0k01(8) — (B5.)th 11(8) (O,

N
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Since h; is bounded and Lipschitz continuous, vf’ 41 is bounded for ¢ < T' by Lemma 21, and (52),
we have
D1 41(®1,t) = Dpyy (P2, t)][oo < Cdy,

for a constant C. At layer £ = L, recall that
Dp(©;®,t) = v} 1 (©) Dpy (®,1) 0 1y (BY) -

Since the three terms in the product are all bounded, and A} is Ls-Lipschitz continuous, we have

|DE(©: ®1.1) ~ DY (O; B2, 1)||so < C'(1+ [©]|cc)el, (59)
for a constant C’. Foreach / = L — 1, ..., 1, suppose there is a constant C, such that
|Df (@501, t) ~ D, (©:92.8) | < C (1O + 1)

As hl, is L3-Lipschitz continuous, the boundednesses of hy and Q/; 1 in Lemma 21 and (53) give
that

|Df1(©: @1, 1) — DE (O B2, 1) ||, < O ([©|oo + 1) d,

for a constant C’. Moreover,
/||U§,e+1(@, ©) D71 (05 D1, 1) — v 11 (©, ) DY (O P2, 1)]|cdp(©)

[104:1(0.0) ~ ih,1(0,0)] 2,011, 1)
<(I1®lloo+O ]l +1)ds ) ) ) )
+ "05754,1(@7 6)‘ HQ?H(@S ®q,t) — Q?H(@S @2,15)“00 dp(©)

<C/(1]|oet1)ds
< OO0 + 1)ds, (60)

for a constant C”, where the last step is due to the sub-gaussianness of p, Corollary 31, and the
upper bounds of D7, ; and vé 41 in Lemma 21. Consequently,

HQZ—H(@;(I)M t) — DZ-H(@; (I)Qvt)Hoo <C ([®]loc + 1) dy,
for a constant C,, which further implies

|p?(©: 01,1 - DP(©:020)|

o0
< HDZ+1 6;(1)13 ) £+1(® (I>27 H + HD5+]_ @;q)ly ) f-}-l(@ (I)Qa )H
< (O]l +1)dy,
for a constant C’. We finish the proof. [ |

Lemma 22 & is complete under D171,
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Proof Let {®,, : n > 0} be a Cauchy sequence under D71 Then % converges uniformly
under the {o-norm. Let @7 ,(uy)(t) = limpo0 @3 ,(ur)(t) for £ € [L + 1]. Since the Lipschitz
continuity is preserved under the pointwise convergence, we have ¢/, is C-Lipschitz continuous
int. Let

1
“d

2a(@)(t) = [ 02,,(0.0)t) in (87,(0)1)) dn(®). < (1],

o2, (©)(t) = 82 (©)(1) + ha (B2, (©)(1) . L€ [L].

o7, (0)(t) = XY ,(0)(t),

By the dominated convergence theorem, we have @f{ (©)(t) = limy, 00 @57 ((©)(t) and @ ,(©)(t) =
limy, 00 ®,(®)(t). Then ®, is a limit point of {®,, : n > 0} under DI*] and ¥, € &. u

Next we prove lemmas for Theorem 13.
Proof [Proof of Lemma 20] Analogous to the notation of wy, for the convenience of presenting
continuity of ®}, we introduce notations « and u}, by letting

@17 él, { = 1,
=4 (01,0,), Uy =1 (01,0,), (c(2:1L),
(:)1 (:)1 {=1+1.

We also abbreviate the notations for the individual trajectories as:
O (ug)(t) = vi(ue), P (we)(t) = vi(a@e),  Pf(up)(t) = vi(ap),

o} (©1)(1) = B}, (©1), 2 (©1)(t) = B,(©1), BF(©1)(1) = 0}, (©1), BF(O1)(t) = e, (O1),
for¢ € [L +1],¢; € [L], and {5 € [2: L], respectively.

We first investigate the set F'(® N ®;) for a general b. We follow similar steps as the proof of
Lemma 18. We first consider forward steps and inductively show upper bound for the differences
between 3, and ay. Namely, we prove for any ® € & N &y,

186(©1) = Bi(©1)]| . < Ce” (|®1]loc +1)[|©1 = Oi|os, £ € [L], (61)
|ef(©1) — af(®1)|| . < Ce” (O] +1) |©1 = O], L€ [2: L], (62)

for a constant C'. Then we study the backward steps, and prove that there is a constant C independent
of b such that for any ® € & N Py,

ID7 (©1:@,) = DY (©1;2,)||oc < Ce” (|O1]|c + 1) |©1 — ©1]|cc telL], (63)
IDf (©1;®,t) = DF(O1; 2, 1) o0 < Ce” (|O1]loc + 1) [©1 — O1]|c, L€ [2: L], (64)
IG7 (ue; @, 1) — G7 (@; @, 1) |0 < Ce™ (14 Juelloo) [le — telloo, tellL+1], (65
G (ue; @, 1) — G (i @, 1) ]loo < Ce™ (1 + [luelloo) [l — oo, telL+1]. (66)

In forward steps, we prove (61) and (62). For the 1-st layer, because X is bounded, applying
(44a) with the formula of Bf as Definition 16 (2) yields (61) with ¢ = 1. Suppose at layer ¢ € [L—1],
we have

186(©1) = Bi(©1) |, < C'¢” (|O1]lc + 1) [©1 — ©1 ]|
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for a constant C’. It follows that

ot 1(@2) ~ aba(@)]l, = [ i (BH@)]  [oh1(©1.02) = vf;1(01.00)]  dp(®y)
<L

/

<L (14+C2)e? ([|©1]l oo+ O2l 0o +1) [|@2—O2| oo

< C"(||@2]|o + 1)]|©2 — B0,

for a constant C”, where we use sub-gaussianness of p and Corollary 31. We conclude that

1861(01) = B (@), < ||z (s (©1)) = hz (a1 (@) |+ [18Bi(©1) — Bi(OY)],
< C"M(|01] +1)[©1 — O

Therefore, (61) and (62) is achieved.

We turn to backward process. Again, we focus on the difference between Qeﬁ and DF, ie.,
(63) and (64). Then the upper bound for the difference between G7, i.e., (65) and (66) follows
immediately. For example, for the top layer £ = L + 1, because of the boundedness of h1, Dy 4,
applying (63) with the formula of G7 41 (122) gives that

G71(01:2,1) = G}, (013 ,1)| < C™(||O1]| +1)[|©1 — O1 e

Other layers can be analogously obtained. At layer ¢ = L, recall that
D(©;®,t) =0} 1(©) Dy (P,t) 0 If (BL) -

For, ® € ®, the upper bound for [0} ,(©1) — v} ,(O1)| is given in (44b). Then applying the
Lipschitz continuity of A}, (63), and the boundednesses of vt 41> Dy, in Lemma 21 and A yields

|pf©1:0.0) ~ DY (@10,1)| < (1010 +1)[©1 — O], ©7)

for a constant C’.
Foreach/ =L —1,L —2,---,1, suppose we have

|DZa(@10,6) - D2, (@1:0,0)|_ < e (1010 + 1) 01— O,
for a constant C'. Combining the Lipschitz continuity of &/, with the boundednesses of h’, Q? yp in
Lemma 21 gives that
D71 (0152, 1) — D (©150,8)]|
| (e 11(©1)) 0 D, (815 @,) — i (a1 (O1) 0 D, (O1:0.1)|
C'e"(||©1]loc +1)[[©1 — O,

IN

for a constant C’. Moreover,

/ [0},1(©1, ) —vf,1(©1,02)| || DF,1(©s; @, 1)]|_. dp(©2)
<Ce(||O1]lco+1O2]l00+1)[[©1—O1 || oo
< (O]l + 1)]|O1 — O1|e, (68)
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where in the last step we used the sub-gaussianness of p, Corollary 31, and upper bound of 5?+1
in Lemma 21. Then, by the upper bound in (46), boundedness and Lipschitz continuity of A}, we
obtain from (57) that

D7, (©159,1) = DY, (©1;9,1)]| _ < C"e"(||O1]|c + 1)[|©1 — O,
for a constant C”, which further yields
|pf©10.) -~ D@10, < (@1l + 101 — O]

We achieve (63) and (~64).
Finally, let b, = C'in (65) and (66). It remains to verify that F'(®) € ®;, forany ® € ®N P,
that is, to verify the conditions in Definition 19. For F'(®)Y, we have

[F(@)7(©1)(t) — F(@)F (011,

< or-@i + [ gt©10.5) - Gt (@n 2.9 ds
0
t~ —
< \\@1_@1\\w+/ C(|®1 e + 1) @1 — Oy _ds
0
< (@1 +1)[©1 — O1 . (69)

The verification of other cases are entirely analogous and is omitted. Thus we obtain Lemma 20. H

Lemma 23 ® N Py, is a closed set.

Proof Given a convergent sequence {®,, : n > 0} C & N Py, it follows from Lemma 22 that the
limit point ®, € ®. Since Lipschitz property is preserved under pointwise convergence, we also
have &, € Py, |

C.2. Proof of Theorem 6

In the proof, we fix @, and the initialization { ©;}™,. We first write down the exact formula for
the gradient of the actual discrete DNN, i.e. gé ' j- Especially, define intermediate variables in the
back-propagation as

. oLk . . . T
DE+1,1 = N 9Bt = [Cbﬁ (51’%+1(1)>91) 7¢/1 (ﬂ?+1(2)7y2> 7-"a¢,1 (51]§+1(N)ayN>} )
ﬁff = 38,;;1 = % [@lz+1,i,l TDIZ+1,1} o 71/1 (Bﬁ) , 1€ [m],
Pk = N a“f’“ Pk oy (ak,). iefm,
Dy = sg; % Z“‘*W D o it (68) + DR, telL—1),iem),
Pk Njcf; _DfFoin (ak), fefiL-1)icml

36



DEEP MEAN-FIELD

We have
QE+1,¢,1 = Nilm[f)EH}Thl <B§z>’ i & [ml,
iy = o [PE] P (BL), eciz—1)iem)
Gty = 5 [PPE] o icld) el

To compare the discrete and continuous trajectories on the same time scale, we normalize discrete
gradients by

= ,k A —_— ,k ~
NDgj = [m] D, te[2: L), NDZZ, _ ] PP, te (1)
and .
NGy j=lme-1mi Gy € [L+1].
Moreover, recalling the definition of D) in (57), we also introduce
vk 1 ——kal
NDy; = m Z Ww NDy, ] o hj (ﬂf_l,i) , Lel2: 1],
j=1
For the ideal process, similar to the notation u, in the proof of Theorem 4, we introduce the

notations i ; ; that stands for (:)j, (0;,0,),0;for{ =1,2</(¢<L,{ =L+ 1, respectively.
We also abbreviate the gradients of the ideal process as

7t Pp— - 7t Pyp— -
DY =D}, 0.,1), D :=DO;,o..1),
7t Pp— - — 27 .
QZZ = 22(62, (I)*a t), sz',j - gzj(uf,i,jv <I>*’ t)'
We use a common notation @y , ; to the weights at layer /; for £ = 1let of ; ; = o] ;.
When m is finite, the forward and backward propagation for the ideal process is no long ex-

act. Nevertheless, for sufficiently large m, those propagations relations approximately holds by the
following events that happen with high probability:

1 & - _ ,
> [0y (BE)] — alliy|| < (185l + 1) 21, £ [L=1] ke [0: K], j € [ml,
=1 00
(70)
1 - _kn a,kn 11 2kn ~,kn .
=D (b1, D3 o B (B7) — DI < b2 L) ke(0: K] iem], @D
J=1 0o
|84l < Cflog(5), i€ [m], (72)
L o= :
—> leill <c jep, (73)

=1

for a constant C'. In the proofs of this section, we condition on those events.
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Lemma 24 The events (70) — (73) happen with probability 1 — 6.

The proof consists of the deviation of the actual discrete trajectory from the ideal trajectory over
the iteration k£ € [0 : K. We will upper bound the deviation by induction on k. For k£ = 0, we have
the deviation of weights HT}EL i ﬁg,i, ;lloo from the initial conditions in Definition 5. The induction
proceeds as follows. In Lemma 25, we first upper bound the deviation of features using the forward
propagation, and then upper bound the deviation of gradients using the backward propagation. Note

that (k41)
+1)n
S(k+1)n _ ~k1 kn N
‘ Uiy~ Uil S 15 = Oiglloo + k
n

Combining with the Lipschitz continuity of gt 1n Lemma 26, we complete the inductive step.

—k
S
g@,l’,j o Nge’z’]

)OO ds. (74

Lemma 25 Givenk € [0: K|ande < 1. Suppose

kn ~k
Hvé i, UEJJ

‘Oo < ([wgi,lloo + 1)e, Vee[L+1], i€ [me], je[me. (75

Then there exists a constant C such that

By =Bl SC(e+a), (76)
B! — B = H®H +1) (e +e1), VEE[L], i€ [m], (77)
Em<%M§CO@MW+U@+wa6BuMiGWL (78)
g8, = NGia| < C Uil + 1) +21), VEE[L+1], i € ], j € [md. (19)

Lemma 26 There exists a constant C such that, for all ¢ € [L + 1], t1,t2 € [0, T, and wuy,

t1 t2
HQ aj ém

| < el + Dl — ol

Proof [Proof of Theorem 6] By Lemma 24, the events in (70) — (73) happen with probability 1 — 9.
Conditioned on those events, we prove by induction on k € [0 : K] that

for some constant C' to be specified. The base case k£ = 0 follows from Definition 5. Suppose that
(80) holds for k € [0 : K — 1]. By Lemmas 25 and 26, for s € [kn, (k + 1)n],

J i, Ngf NN
Applying (74) yields that

~kn N
Yeig — Ve

’ < (eijlloc +1)e“Fer, Ve [L+1), i€ [me], j€[md, (80)

| <O (laealloe +1) (¢Prer 1+ 5 k).

(k+1)n
’ + /

2
< (Hﬁf,i,jnoo +1) <€Ckn€1 + QC'eCk"é‘m + C’g)

S(k+1)n Ak kn N
‘ tig o Oigl|y S |[Peig T Vi

—k
- NGy,

’ds

< (|[tgi,jllo0 + 1) e“¥e1 (1 4+ C™),

for a constant C”'. By letting C' = C", we arrive at (80) for k + 1 using 1 + Cn < e“". Note that
kn < Tforke[0: K]|,e1 <O(1/y/m), and ||t ;|0 < O(log(m)) from (72). The conclusion
follows from Lemma 25 and the Lipschitz continuity of ¢.. |
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C.2.1. PROOFS OF LEMMAS

Proof [Proof of Lemma 24] We prove each of the four events happens with probability 1 — g
by standard concentration inequalities. Both (72) and (73) happen with probability 1 — g by the
concentration of sub-gaussian random variables; in particular, (72) follows from Lemma 27 and
(73) follows from Lemmas 28 and 29.

For (70) with a given k, ¢, j, n, consider random vectors

B @Z?,jhl <B§21,i(n)>

CZ' = = )
185, +1
which are bounded by a constant C” due to the upper bound of ¥, in Lemma 21. Conditioned on
_ _ ~FN
©;, when i # j, (; are independent and E[(;|®;] = HC?)LJ'H%' By Hoeffding’s inequality, we have
VAL
_ k;r]
1 “ a,'i(n)
- C 897 < 51/2’
with probability 1 — m. On the other hand, when ¢ = j, we also have
_ kn
1 . (1) A1 _2
il C'—f# < C'e? < e1/2,
m 9 eyl SO =R

where we use the upper bound of &y in Lemma 21. Therefore, applying the union bound over
kel0: K], ¢e[L], j€[m]andn € [N], we have (70) with probability 1 — %
For (71) with a given k, £, i, n, consider the random vectors

_k o,k k
G = [ D] 1 (BETm) ).

Conditioned on ©;, when i # j, (; are independent and E[(} 0] = QZfl”l(n) By the boundedness
of 1 and the upper bound of DY ; in Lemma 21, we have ]

—k
|CJI| < Cl‘”eiu,j’ < C(1+9lls),

and thus f} is sub-gaussian. Applying Lemma 28, we obtain that

1 Ui .
—— Y G-DIm)| <a/2,
J=1, j#i
with PrObabﬂity 1- m On the other hand, under event (72), we have

1 k ~
-] < o@) <12

Therefore, applying the union bound again over k € [0 : K], ¢ € [L], j € [m], and n € [N], we
have (71) with probability 1 — 2.
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Proof [Proof of Lemma 25] We first consider the forward propagation and prove (76), (77) and (78).
For ¢ = 1, since X is bounded,

2k Ak —k N o
|8t = Bt| = ciislt - ot iloe < CUIGIIo + Ve

For ¢ € [2 : L], by the triangle inequality,

=kn Ak
HO‘ZH,J' AN W - (81)
m m
kn 1 kn 1 kn i [ akn
< ae+1,y m Z [ Yet1,i, (5 )] m Z [Wﬂ,m ha (ﬁm — 04 Ji,J i ﬂh
i=1 o i=1 00

The first term is approximately the forward propagation that is at most (||® || + 1)e1 by (70).
For the second term, since A is bounded and Lipschitz continuous and the weights v, ; ; are upper
bounded by Lemma 21 and Assumption 3, we have a further upper bound

1o~ | Y C( ak 1 O~k ok
m > ‘”211,1;3' th (ﬂ&?) —M (ﬁ“) ‘oo T > )%71,@',]‘ UL
=1 W i=1
<C (18 oot ) &2
C([|©jlloo + 1)(g +£1),

| (8,)

where in the last step we used (73). We have

k

_k _
|, = abna]| < OO+ e

for a constant C”, which gives that

Ak
Hﬁulz By -
2k 1 _k 7 ~k
H'BZ,i —Ba|| + Hh2 (anu) = ho (ae+1,¢)
C"(1©|o0 + 1)e.

IN

N

The output layer £ = L + 1 is similar by applying the upper bound of vy, in Assumption 3.
Next we consider the backward propagation and prove (79). Since X is bounded, h; is bounded
and Lipschitz continuous, and Dg* is bounded by Lemma 21, it suffices to prove that

IA

HQL—H((I)*v kn) — ZA)JIE;HJHOO < Cg,
HD'B M /\/@f%kH <C@1+|6i)e (elL],ie[m], (82)

o ,kn ——a,k
Hﬂe,z‘ —NDy;

| =c+|ei)e cer:Llicml,
for a constant C'.
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At the output layer £ = L + 1, since ¢ is Lipschitz continuous on the first argument,

HDL-H Py, kn) — NDLJrl 1H < Ls HIBLH 1 BEHJHOO <C'(e+e1),

for a constant C’. At layer £ = L, since h} is bounded and Lipschitz continuous and Dy, is
bounded by Lemma 21, applying (77) yields that

*k /\kJ Ly —
HDL+1 LM ( Lnl) —NDp 1 W ( an) HOO <C (H@zHOO +1)(e+e1).
Moreover, applying (75) and the upper bound of vy, ; in Lemma 21, we obtain that
/\/ka —~
[p2i - WL <carfeil)e
o0

for a constant C.
For each layer ¢ from L — 1 to 1, suppose we have

Bhn _ ik
HD£+1nz NDyiq,

SO CHE

Since hf is bounded and Lipschitz continuous and Q? 1 1s bounded by Lemma 21, by (78), we
further have

k ——a,k
| et - D (83)
k _ RPE i (ak
< Hpg-i-lnz o I ( Xy 7,) — NDyi10hy <a£+1,i) ‘OO
< O'(1+]8i)e
for a constant C’. By the triangle inequality,
k TRV
D/ = NDrpi|| (84)
1 m
Ny _k k 1 gk
< DZ+1nz i~ ZW—ZLM D?—f—lnj © h (18611 z)
j=1

00
1 U o,k
k TRY i Ak
= ZU€+1 1,7 [ Zrln] h, ( >:| E ZUE-H i, |:ND€+1,j © hll (165,7>]

The first term is approximately backward propagation and is at most €1 by (71). For the second
term, note that h} is bounded and Lipschitz continuous, vy ; and QZJ. are upper bounded by
Lemma 21. Applying (75), (77), and (83) at layer ¢ + 1 yields that

k — . g
HD?-FIWJ © {UZ—H i W’ (/3 ﬂ —NDpyq 50 [Uf—&—l,i,j hy (ﬁe;‘])} H
< C19jllos + 1) (©jllc + [1@illo +1) (¢ +e1).
Therefore, by (73), we have

o0

[e.e]

—~.k
v:kn 2%
HDE—H i = NDei

<c'(1+]e,)e
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for a constant C"”. We conclude

— Bk
|2t - A7l

& =k 8.k =Bk
< HDZHZ NDgpra| + HDeHn@ NDppa|
< ¢"(1+]ei,)e
for a constant C”" and obtain (82). [ ]

Proof [Proof of Lemma 26] It suffices to prove QE’ (ug; D, t) is continuous on ¢ for all wy. The proof

is similar to the backward steps in Lemma 25. Recalling boundedness of Qf and G;* in Lemma 21,
for any fix ®, we have

< C(H®|’OO+1)|t1_t2‘> KE[LL (85)
Ha?—a?l\ < C®]los+1)[t1 —ta], €€ [2:L],

where 3} = 7, (©) (t) and o = 2, (©) (1).

By the boundedness of h; and X, it suffices to prove the Lipschitz continuity for Q? for/ =1
and Df* for £ € [2 : L]. We prove

| D11 (Pust1) = Dp iy (Pus b)) < C 11 — ta], (86)
|pf©:0. ) - D@0 t)|_<C+IOn) I —tal CelL], @)
ID(O5 ., t1) — DHO: ., 1)l < C'(1+ @) [t —ta], LE[2:L)  (88)

At the output layer £ = L + 1, by the Lipschitz continuity of ¢’, we have

|Dpi1 (@, t1) — Dpyy (D, )| (89)
< L5H/8L+l L+1H
< s [k b (82) b in (8) dvlO)|

[e.e]

By the upper bound and Lipschitz continuity of vy, in Lemma 21, we obtain (86). Atlayer ¢/ = L
using (11b), we obtain (87) from the upper bounds and the Lipschitz continuity of D; (O, ®,,1),

v} ,1(®), and Ry (BL).
For each layer £ from L — 1 to 1, suppose we have (87) at layer £ + 1. From the upper bounds
and the Lipschitz continuity of Q? 1 and hh(ag, ), we have

D2 1(©: ., t1) — D4 (€:Du 1)L < C” (141100 1 — tal, (90)
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for a constant C". Moreover,

[ 11(0.) D2, (@50..11) ~11,(0,0) DF,(8: 8., )] 4p(©)

< [ [o41(©.8) ~1f3,(0.8)| D5, (61 0.0 dp(©)
<Clt1—t2|
/‘UZ—H 676)’ HQ?—&—I(@;Q)*;“) _24+1(é§(p*7t2)uoodp(c:))

<C(|I®loo+1) [t1—ta]
< C'ty — tal, On

where in the last step we used the upper bounds of v, 1 and D7, | in Lemma 21, sub-gaussianness
of p, and Corollary 31. Combing the above results with

|in(8r) = hn(82)

<C(IOfloc +1) [t1 —t2f, €€ [L]
from (85), we obtain
1D}, 1(©; @ t1) = DY 1 (O; @us ta) || < C" (1+[©]loo) [t1 — L], 92)

for a constant C"”". Combining (90) and (92), we can achieve (87) at /. |

C.3. Proof of Proposition 1

Proof [Proof of Proposition 1] Explicitly shown in (Nguyen and Pham, 2020, Corollary 25), in the
mean-field limit that m — oo, the weights remain mutually independent and follow a common
distribution that only depends on time ¢ in the intermediate layers. Therefore, by the law of large
numbers, the features are the same. We have Proposition 1. |

Appendix D. Preliminary of Proofs

In this paper, we adopt the definition of sub-gaussian distributions in Vershynin (2010). Below we
present properties of sub-gaussian distributions. The equivalence among those properties are given
in (Vershynin, 2010, Lemma 5.5).

Lemma 27 Let £ be an univariate random variable that follows a o-sub-gaussian distribution.
Then there exists an absolute constant C' such that

(1) Tails P(|¢] > t) < exp(1 — t2/(Co)?) for all t > 0;
(2) Moments: (E|¢|7)Y/1 < Co./q forall ¢ > 1;

(3) IfE[¢] = 0, then E[exp(t£)] < exp(t?(Co)?) forall t € R.
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Lemma 28 (Concentration Inequality for Sub-gaussian Distributions (Vershynin, 2010, Proposition 5.10))
Let {&;}" | be independent centered o-sub-gaussian random variables. Then, for an absolute con-

stant C,
P11 el e ) <20 (-5
m =5 == 4(Co)? )"

We say a random variable £ is sub-exponential if

sup g~ (E[¢]) 9 < oo.
g1

A sub-exponential random variable is equivalent to the a squared sub-gaussian random variable
(Vershynin, 2010, Lemma 5.14). It satisfies the following concentration inequality:

Lemma 29 (Bernstein’s Inequality for Sub-Exponential Distributions (Vershynin, 2010, Corollary 5.17))

Let {&;}™, be independent centered sub-exponential random variables such that (E|£|9)Y/9 < Kq
forall ¢ > 1. Then, for an absolute constant c,

P liz >e| <2exp |—cmmin ii
m eS| =) =P KK

Lemma 30 For a d-dimensional random vector £ € R<, we have:

(1) ||€]|0o is o-sub-gaussian = € is (o+/d)-sub-gaussian;

(2) & is o-sub-gaussian = ||€||oo is O(o+/log d)-sub-gaussian.
Proof (1) For any u € S%!, we have |u"§| < Vd||€]|0o-

(2) Note that |[£lc = max;c(g) le] €|, where e; denotes the unit vector with i-th coordinate
being one. Applying Lemma 27 (1) and the union bound yields that

+2

(2 VLN
P[||¢]loc > t] < min {del(00)2 : 1} —e (@ee—tosted) <e  @ovimen?

where we used the fact that (ﬁ —b)y > Z—i — 1 when b > 1. Therefore, ||£]| is O(cv/logd)-

a
sub-gaussian by the equivalent definition of sub-gaussian distributions in (Vershynin, 2010, Lemma

5.5). |

Corollary 31 For a o-sub-gaussian random vector & € RY, we have

(E[|€]|%,)"7 < O(o+/qlogd), ¢ > 1.

Proof From Lemma 30, ||€||~ is O(o+/log d)-sub-gaussian. Applying Lemma 27 (2), we achieve
the desired result. |
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Appendix E. Extensions on Fully-connected DNNs
E.1. Discrete Fully-connected DNN

We first introduce the standard DNN. Let 1, denote the number of units at layer ¢ for ¢ € [0 : L+1].
Let mo = d and node 7 outputs the value of i-th coordinate of the training data for i € [d]. Let
mpr+1 = 1 that is the unit of the final network output. For ¢ € [L + 1], the output, i.e. features, of
node ¢ in layer / is denoted by BAM € RY; the weight that connects the node i for the N training
samples at layer / — 1 to node j at layer £ is denoted by 0y ; ; € R.

(1) At the input layer, for i € [d], let

0o == [2'(i), 2%(), ..., =N (i)] . 93)
(2) We recursively define the upper layers (¢ € [L]) as below.
. A S0 by 6o, j€ml, £=1,
af,j = 1 my_q . . (94)
e Zz 1 wéz,]h<0€ 12)) ] € [mg], /e [Q.L],
where h is the activation function.
(3) At the output layer,
. 1 2L .
Ory11:= — ZwL+1,i h <9L,i) . 95)
ML=

We collect the weights at the ¢-th layer (¢ € [L + 1]) into a single vector denoted by wy and all the
weights into a single vector denoted by w. Similarly, we aggregate features at {-th layer (£ € [L])
into a single vector denoted by 6, and all the features into a single vector denoted by 6.

E.2. Continuous Fully-connected DNN

We introduce our continuous DNN formulation using similar forward propagation of the the discrete
DNN in Section E. 1.

(1) At the input layer, let X = [m x?, . ,a:N] T e RVXd,

(2) At the first layer, each hidden node (before the activation function) is computed by a linear
mapping of the input data, so each node can be indexed by the weights connecting it to the
input. We introduce a probability measure p; (w;) € P (Rd) for the weights to describe the
states of first layer and let®

0, (wy) = é(X'wl). (96)

6. The state of the first layer can be equivalently characterized by either the output or the weight that are related by a
linear mapping.
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Algorithm 3 Scaled Gradient Descent for Training a DNN

N

1: Input the data {z%,y'} Y ,, step size 7, and initial weights @°.

2: fork=0,1,..., K —1do R
3:  Perform forward-propagation (94) and (95) to compute HE 1,10
4:  Perform backward-propagation to compute the gradient G é‘“ i = a?élj -
5:  Perform scaled Gradient Descent:
wyl; = wpy — [me-vme] Gy L€ [L+1], 0 € [mea], § € [my].
6: end for

7: Output the weights w’.

3)

“

)

At the second layer, recall that the output of each node, i.e., the feature, for the training samples
is a N-dimensional vector. We use the features 8 € RV to index those nodes. We introduce
a probability measure py(62) € P(RY) to describe the overall states of the second layer and
function ws : supp(p1) x supp(p2) — R to denote the weights on the connections from layer
1 to 2. We have for any 85 € supp(p2), we have the constraint for w9 and p; that

/w2 (wl, 92) h (91(’11)1)) dpl (wl) = 92. (97)

Similarly, for £ € [3 : L], let 8; € RY be the index of nodes according to the features.
We introduce a probability measure py(6;) € P(RY) to describe the states the ¢-th layer and
function wy : supp(pe—1) X supp(pe) — R to denote the weights on the connections from layer
¢ —1to ¢. We have any all 8y € supp(p¢), we have the constraint for w, and py, that:

/we (00—1,0¢) h(00—1) dpe—1(00—1) = 6. (98)

Finally, let w41 : supp(p) — R be the weights in the layer L + 1 and 67,4 be the final output,
and we have the constraint for wy41 and py, that

/wL+1 (1) h(61)dpr, (0r) = Or+1. 99)

Finally, a loss is imposed on the top layer and our target is to minimize the objective
+ SN ¢ (0r11(n),y™). We can find that a static continuous DNN in our formulation is charac-

terized by {wg}é—f; and {W}ﬁ:r

E.3. Scaled Gradient Descent for Training Fully-connected DNN

We still consider the scaled Gradient Descent algorithm to optimize the DNN. Given an initial

weights u??, the meta algorithm of the scaled Gradient Descent is shown in Algorithm 3, where the
gradients gf ;,; ¢an be obtained by the standard backward-propagation algorithm.
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E.4. Neural Feature Flow for Training Continuous Fully-connected DNN

We derive the evolution of the Gradient Descent algorithm on a continuous DNN ({wg} e {pg}£:1> .

We first introduce the notations for the trajectories of w1, {w¢}%_,, and {6,}L_,:
« U9 : supp(ps) = C ([0,T],RY) is the trajectory of @, for £ € [2 : L];

« U¥ : supp(p1) — C([0,T],R?) and ¥¥,; : supp(pr,) — C([0,T],R) are the trajectories
of w; and wy,1, respectively;

o WY supp(pr—1) % supp(pe) — C([0,T],R) is the trajectory of wy for £ € [2 : LJ;
* Let U be the collection of these trajectories.

The continuous gradient for the weight can be obtained from the backward-propagation algo-
rithm. Especially, we define

O (0.0) = [ WE,, (00) () (99(01) () dpr (60). (1002)
5L-i-l(\Ij7 t) = [(bll (02+1(1)7 yl) ; ¢/1 (etLJrl (2)7 y2) gy (Z)ll (02+1 (N)7 yN)]T ’
Dy (0;0,¢) = [U¥,, (0,)(t) Dpyr(¥,1)] o (\yg 1) (t)) , (100b)

5@ (9@; v, t) = [/\Ifﬁl (93, 9@+1)(t) §g+1 (Opy1; 0, t) dpg+1(9g+1):| oh/ (\I/? (9@) (t)), (100c¢)
Dy (w; ¥, 1) == [/ WY (wr,82)(t) Da(02;V, t) dpa (92)} o I (91(‘1’710(101)(75)))7 (100d)

where in (100b), 81, € supp(pr), in (100c), £ € [2 : L — 1] and 8, € supp(p;), and in (100d),
wp € supp(p1) and 61(-) is defined by (96). Then the gradient of the weights can be written as
below.

GY1 (00 W,1) :=  [Dra(w,0)] T h (99 (62) (1)) (101a)
G (001,000, 1) = % D0 w.1)) " (904 (00-) (1)) (101b)
Gy (w1, 05;0,1) == % D (62:9,1)] h(el(\lf%"(wl)@))), (101c)
Gy (wy; W, t) = %XT Dy (w3 9,1)] (101d)

where in (101a), O, € supp(pr),in (101b), ¢ € [3 : L], 8y_1 € supp(pe—1), and 8, € supp(py), in
(101c), wy € supp(p1) and B2 € supp(p2), and in (101d), w1 € supp(p1).
Moreover, we expect that the features satisfy the constraints:

/ U (B,_1,0,) (1) h (\yg’,l (0,_1) (t)) dpe_r (Bp—1) = W9 (8,) (1), (€ [3:L], O supp(pe).
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So the drift term for the features can be obtained by the chain rule:

— 1
G (wi; W, 1) =

G2 (0 0.0) == [ W (w1,02) (6) [ (61 (¥ w1)(0))) 0 TY (w13 0,1)] s (wr)

[X GY (w; xy,t)} , (102a)

b [ h(o (W wn)@)) o T (wr, 625 0.6)dpn (wr). (1020)

Gy (050,1) := /‘1’7 (0¢—1,60) (t) [h' (‘I’gfl (6¢-1) (t)> 0 Gy y (Br1; \I’,t)} dpe—1 (6¢-1)
+/h(‘1’4€—1 (94—1)(15)) 0 Gy (801,00 ,t) dpg—1 (6-1) (102c)
where in (102a), w1 € supp(p1), in (102b), B € supp(p2), and in (102c), £ € [3 : L] and

0, € supp(p¢). Now we define the process of a continuous DNN trained by Gradient Descent, i.e.,
neural feature flow. It characterizes the evolution of both weights and features.

Definition 32 (Neural Feature Flow for DNN) Given an initial continuous DNN
<{U)g}£:+21 , {pg}ZL:1> that satisfies (96) — (99) and T < oo, we say a trajectory V. is a neural
feature flow if for all t € [0, T,

(1) forall ¢ € [2: L] and 6, € supp(py),

t

—0
\I’f,e (00) (t) = 00 — / Gy (043, s)ds,
s=0

(2) forall wy € supp(p1),

t
Wi (wr) (t) = wy — / G\ (wy; W, s)ds,
s=0

(3) for all wy € supp(p1) and 62 € supp(p2),
t Sw
\1’1132 ('wl, 02) (t) = W2 ('wl, 02) - / g2 ('wl, 02; \I’*, S) dS,
s=0
(4) forallt € [2: L —1], 0y € supp(pe), and Oy+1 € supp(pe+1),

t
Uri1 (00, 0041) (t) = wei1 (O, 0p41) — / gfﬂ (0¢,0041; V., s)ds,
s=0

(5) forall 61, € supp(pr),

t
W1 (01) () = w1 (01) — /0 ?LUH (0r; V., s)ds.
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Algorithm 4 Initializing a Discrete DNN.

1: Input the data {6 ;}_, in (93), variance oy > 0, and a constant Cs.
2: Independently draw w1 ; j ~ po = N (0,do?) fori € [d] and j € [m)].
3: Set élyj = é Z;-i:l W14 j éO,i where j € [m)]. ¢ Standard Initialization for layer 1
4: for{=2,...,Ldo
5. Independently draw wy; ; ~ N (O, ma%) fori,j € [m].
6 Set@; = LS iy, h(6p—1 ;) where j € [m]. o Standard Initialization for layer ¢
7: end for
8: Setwr1,:1 = C wherei € [m). o Simply initialize {wr1,51};-, by a constant
9: for/=2,...,Ldo
10: forj=1,...,mdo
11: Solve convex optimization problem: © Perform ¢»-regression to reduce redundancy
' li(A )2 sté—liA W6y 1)
{w;zl;rin:l m v Weig) > LU m v Wei,j 0—1y)-

12:  end for
13: end for R
14: Output the discrete DNN parameters (w, 0).

E.S. Informal Result

We still consider the DNN initialized by a standard initialization with an additional regression pro-
cedure, shown in Algorithm 4. We show in Theorem 6 that there is a neural feature flow that can
capture the evolution of a DNN that is initialized by Algorithm 4 and trained by Gradient Descent,
i.e, Algorithm 3.

Theorem 33 (Informal) Under suitable conditions, there is an initialization ({wg} 5221 e} le)
such that the continuous DNN has the following properties.

(1) ForanyT' < oo, there exists an unique neural feature flow U, satisfying Definition 32.

(2) Suppose ¢ < O(1), § < 1, m > Q(e~2), the step size n < O(e). Let T be a constant
and K = |T/n]. Let L%, = 1 SN ¢(0§+171(n), y") be the loss of running scaled Gra-
dient Descent Algorithm 3 on a DNN initialized by Algorithm 4 at k-th step, and LY =
% Yon 10 (0r4+1(V.,t)(n),y™) be the loss of neural feature flow at time t. Then, with proba-
bility 1 — 6,

sup ’ﬁ?\; - Eﬁ? ‘ < O(e).
kel0:K)

Appendix F. Simulations

In this section, we perform a toy simulation to validate our theory. We consider a synthetic 1-D
regression task: f(x) = sin(x). We randomly generate N = 100 training samples uniformly from
[—7, 7] and experiment on a four-hidden-layer (L = 4) NN. We choose the activation function h;
and hy as tanh(x) and apply /5 loss, i.e., ¢(3/,y) = |y — y|*>. The weights are initialized by a
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Figure 1: The experimental results on the synthetic data. m denotes the number of hidden units.

standard strategy (Glorot and Bengio, 2010) with an additional ¢ regression in Algorithm 2. We
see that the scaled GD in Algorithm 3 from the initialization achieves the global optimal solution
for overparamterized DNNs.

The experimental result is shown Fig. 1. From the experiments, we can conclude that (1) the
initialization and scaled GD are workable; (2) with the growth of the number of hidden units m,
scaled GD achieves the global minimum.
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