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Abstract

Overparametrized neural networks trained by
gradient descent (GD) can provably overfit
any training data. However, the generaliza-
tion guarantee may not hold for noisy data.
From a nonparametric perspective, this paper
studies how well overparametrized neural net-
works can recover the true target function in
the presence of random noises. We establish a
lower bound on the L2 estimation error with
respect to the GD iterations, which is away
from zero without a delicate scheme of early
stopping. In turn, through a comprehensive
analysis of `2-regularized GD trajectories, we
prove that for overparametrized one-hidden-
layer ReLU neural network with the `2 reg-
ularization: (1) the output is close to that
of the kernel ridge regression with the corre-
sponding neural tangent kernel; (2) minimax
optimal rate of the L2 estimation error can
be achieved. Numerical experiments confirm
our theory and further demonstrate that the
`2 regularization approach improves the train-
ing robustness and works for a wider range of
neural networks.

1 INTRODUCTION

Deep learning has shown outstanding empirical suc-
cesses and demonstrates superior performance in many
standard machine learning tasks, such as image clas-
sification [Krizhevsky et al., 2012, LeCun et al., 2015,
He et al., 2016], generative modeling [Goodfellow et al.,
2014, Arjovsky et al., 2017], etc. Despite common
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accusations of being a black box with no theoretical
guarantee, deep neural network (DNN) tends to achieve
higher accuracy than other classical methods in various
prediction tasks, which attracts plenty of interests from
researchers. In contrast to the huge empirical success,
little is yet settled from the theoretical side why DNN
outperforms other methods. Without enough under-
standing, practical use of deep learning models could
be inefficient and unreliable.

Recently, many efforts have been devoted to provable
deep learning methods with algorithmic guarantees,
particularly training overparametrized neural networks
by gradient descent (GD) or other gradient-based op-
timization. It has been shown that with enough over-
parametrization, e.g., neural network width tends to
infinity, training DNN resembles a kernel method with
a specific kernel called as “neural tangent kernel” (NTK)
[Jacot et al., 2018]. In the NTK regime, GD can prov-
ably minimize the training error to zero in both re-
gression [Du et al., 2018, Li and Liang, 2018, Arora
et al., 2019, Zou and Gu, 2019] and classification [Ji
and Telgarsky, 2019a,b, Lyu and Li, 2019] settings.
Corresponding generalization error bounds are devel-
oped to ensure prediction performance on unseen data.
However, a closer inspection of these generalization
results reveals that they only hold under the noiseless
assumption, i.e., the response variable is deterministic
given the explanatory variables. For overparametrized
neural networks, the training loss can be minimized to
zero so that the generalization error equals the pop-
ulation loss, which cannot be zero in the presence of
noises. As random noises are ubiquitous in the real
world, theoretical guarantees and provable learning al-
gorithms that take into account of random noises are
much needed in practice.

In contrast, classic nonparametric statistics literature
demonstrate that in the presence of noises, the L2 esti-
mation error can still go to zero with possibly optimal
rates as established in Stone [1982]. To further investi-

* These authors contributed equally to this work.



Regularization Matters in Training Overparametrized Neural Networks

gate how overparametrized neural networks trained via
GD work and how well they can learn the underlying
true function with noisy data, we consider the classic
nonparametric regression setting. Suppose we observe
data {(xi, yi)}ni=1, given by

yi = f∗(xi) + εi, (1.1)

where f∗ is the ground truth, xi ∈ Rd, and εi’s are
i.i.d. random noises with mean 0 and finite variance σ2.
In this work, we consider neural network estimators f̂
produced by overparametrized one-hidden-layer ReLU
neural networks, where the number of neurons can be
much larger than the sample size, and investigate how
fast the L2 estimation error

∥∥∥f̂ − f∗∥∥∥
2
converges to

zero as sample size grows.

Note that the L2 convergence rate critically depends
on the assumptions of the true function, e.g., linearity,
smoothness, boundedness, etc., based on which mini-
max lower bounds are established [Siegel, 1957]. An
estimation method is said to be minimax-optimal if
its convergence rate achieves the lower bound, indi-
cating that it performs the best in the worst possible
scenario. The above nonparametric perspective pro-
vides a sharp characterization of the employed estima-
tion method and complements the existing optimiza-
tion/generalization framework.

The main contributions of this paper are:

• We prove that overparametrized one-hidden-layer
ReLU neural networks trained using GD do not
recover the true function in the classic nonparamet-
ric regression setting (1.1), i.e., the L2 estimation
error is bounded away from zero as sample size
goes to infinity. To predict well on unseen data, a
delicate early stopping rule has to be deployed.

• We analyze the `2-regularized GD trajectory and
show that the `2 penalty on network weights
amounts to penalizing the reproducing kernel
Hilbert space (induced by NTK) norm of the as-
sociated neural network. With `2 regularization,
overparametrized neural network trained by GD
resembles the solution of kernel ridge regression.

• We further prove that by adding proper `2 regular-
ization, overparametrized neural network trained
by GD achieves the minimax-optimal L2 conver-
gence rate n−d/(4d−2), in recovering the ground
truth in (1.1).

The correspondence between overparametrized neural
network trained by `2-regularized GD and kernel ridge
regression is nontrivial and technically challenging. In
spite of the well-established equivalence between NTK

and infinite-width DNN trained by GD, there is a
huge technical gap for finite-width overparametrized
neural networks, especially when the training objective
includes explicit regularization terms.

To sum up, this work broadens the current scope of
the NTK literature and connects the recent advances
in deep learning theory, e.g., analyzing the trajectory
of GD updates, implicit bias of overparametrization,
etc., to the classical results in nonparametric statistics.
More specifically, our findings not only contribute to
the theoretical (in particular, nonparametric) under-
standing of training overparametrized DNN on noisy
data but also promotes the use of `2 penalty or weight
decay in practice for better theoretical guarantees.

2 RELATED WORKS

Neural Tangent Kernel The seminal paper [Jacot
et al., 2018] proves that the evolution of DNNs dur-
ing training can be described by the so-called neural
tangent kernel (NTK), which is central to character-
ize the convergence and generalization behaviors. Du
et al. [2018], Arora et al. [2019], Li and Liang [2018]
investigate specifically for one-hidden-layer ReLU neu-
ral networks and show explicitly that with enough
overparametrization, the weight vectors and the corre-
sponding NTK do not change much during GD training.
Similar investigations have been done for other neu-
ral networks and other settings [Zou and Gu, 2019,
Ji and Telgarsky, 2019b]. Among others, Arora et al.
[2019], Cao and Gu [2019] provide generalization error
bounds and provable learning scenarios, but only hold
for noiseless data.

For noisy data, explicit regularizations have recently
been considered in the NTK literature. Wei et al.
[2019] promote the `2 penalty when using NTK by
showing that in a constructed classification example,
sample efficiency can benefit from the regularization.
Hu et al. [2020] consider classification with noisy la-
bels and propose to add `2 regularization to ensure
robustness. However, their analyses only apply to the
kernel estimator directly using NTK and only relate
to infinite width neural networks, which greatly re-
stricts the model class capacity. As pointed out before,
bridging the technical gap between NTK and finite-
width overparametrized neural networks is technically
challenging when the training objective includes an
`2 regularization term and we should not take it for
granted. Geifman et al. [2020] demonstrate the simi-
larity between the Laplace kernels and ReLU NTKs.
However, in order for NTK to be a good characteri-
zation of neural network training, how wide is wide
enough remains an active field of research [Nitanda
et al., 2019]. In comparison, we directly analyze GD
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trajectories of training finite-width neural networks
(with and without `2 regularization) and prove that the
corresponding NTK solutions can be well-approximated
after a polynomial number of GD iterations. To the
best of our knowledge, we are among the first to rig-
orously establish the L2 convergence rate for trained
neural networks under noisy data. Nitanda and Suzuki
[2020] recently provide similar convergence rate anal-
ysis by considering a particular penalized stochastic
gradient descent algorithm but they require the neural
network width to be exponential with n.

Nonparametric Regression In nonparametric
statistics, Stone [1982] shows that when f∗ is d-variate
and β-time differentiable, the optimal rate of conver-
gence for the L2 estimation error is n−β/(2β+d). Many
popular methods such as kernel methods, Gaussian
process, splines, etc., achieve this rate. It has been
recently shown that DNN (with certain structures) can
also achieve optimal convergence rates [Yarotsky, 2017,
Schmidt-Hieber, 2017, Bauer et al., 2019, Liu et al.,
2019] and even for non-smooth functions [Imaizumi and
Fukumizu, 2018]. However, this type of results has two
limitations. Firstly, they only apply to the empirical
risk minimizer or some specially constructed DNNs
without any algorithmic guarantee. Secondly, the theo-
retical analysis relies on delicate complexity control of
the DNN family and cannot handle overparametriza-
tion, which is very common in practice. Therefore, the
aforementioned results are less helpful in understanding
deep neural network models with overparametrization
and highly non-convex optimization properties.

Our algorithm-dependent statistical analysis bridges
the gap between these two types of research. Based
on the GD trajectories and the corresponding NTK,
we are able to analyze the trained overparametrized
neural networks within the nonparametric framework
and show they can also achieve the optimal convergence
rate with proper regularizations.

3 PRELIMINARIES

Notation For any function f(x) : X → R, denote
‖f‖∞ = supx∈X |f(x)| and ‖f‖p = (

∫
X |f(x)|pdx)1/p.

For any vector x, ‖x‖p denotes its p-norm, for 1 ≤ p ≤
∞. Lp and lp are used to distinguish function norms
and vector norms. For two given sequences {an}n∈N
and {bn}n∈N of real numbers, we write an . bn if there
exists a constant C > 0 such that an ≤ Cbn for all
sufficiently large n. Let Ω(·) be the counterpart of O(·)
that an = Ω(bn) means an & bn. Further, an = Õ(bn)

and an = Ω̃(bn) are used to indicate there are specific
requirements for the multiplicative constants. We write
an � bn if an . bn and an & bn. Let [N ] = {1, . . . , N}

for N ∈ N and let λmin(A) be the minimum eigenvalue
of a symmetric matrix A. We use I to denote the
indicator function and Id to denote the d× d identity
matrix. N(µ,Σ) represents Gaussian distribution with
mean µ and covariance Σ and poly(t1, t2, . . .) denotes
some polynomial function with arguments t1, t2, . . ..

Neural Network Setup Consider the one-hidden-
layer ReLU neural network family F with m nodes in
the hidden layer, expressed as

fW ,a(x) =
1√
m

m∑
r=1

arσ(w>r x),

where x ∈ Rd denotes the input,W = (w1, · · · ,wm) ∈
Rd×m is the weight matrix in the hidden layer, a =
(a1, · · · , am)> ∈ Rm is the weight vector in the out-
put layer, σ(z) = max{0, z} is the rectified linear unit
(ReLU). The initial values of the weights are indepen-
dently generated from

wr(0) ∼ N(0, τ2Im), ar ∼ unif{−1, 1}, ∀r ∈ [m].

When m � n, the neural network is highly over-
parametrized. As is usually assumed in the NTK lit-
erature [Arora et al., 2019, Hu et al., 2020, Bietti and
Mairal, 2019], we consider data on the unit sphere Sd−1,
i.e., ‖xi‖2 = 1 for any i ∈ [n]. Throughout this work,
we further assume that x1, . . . ,xn are uniformly dis-
tributed on Sd−1 so that Ex∼unif(Sd−1)(f̂(x)− f∗(x))2

and ‖f − f∗‖22 are equal up to a constant multiplier
and thus will be used interchangeably.

Gradient Descent Let y = (y1, · · · , yn)> and ε =
(ε1, · · · , εn)>. Denote ui = fW ,a(xi) to be the net-
work’s prediction on xi and let u = (u1, ..., un)>. With-
out loss of generality, we consider fixing the second layer
a after initialization and only training the first layer
W by GD. Fixing the last layer is not a strong re-
striction since a · σ(z) = sign(a) · σ(|a|z) and we can
always reparametrize the network to have all ai’s to be
either 1 or −1. Denote the empirical squared loss as
Φ(W ) = 1

2 ‖y − u‖
2
2 . The gradient of Φ(W ) w.r.t. wr

can be written as

∂Φ(W )

∂wr
=

1√
m
ar

n∑
i=1

(ui − yi)Ir,ixi, r ∈ [m],

where Ir,i = I{w>r xi ≥ 0}. Then the GD update rule
at the k-th iteration is given by

wr(k + 1) = wr(k)− η ∂Φ(W )

∂wr

∣∣∣∣
W=W (k)

,

where η > 0 is the step size (a.k.a. learning rate). In
the rest of this work, we use k to index variables at the
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k-th iteration, e.g., ui(k) = fW (k),a(xi), etc. Define
Ir,i(k) = I{wr(k)>xi ≥ 0}, Z(k) ∈ Rmd×n that

Z(k) =
1√
m

 a1I1,1(k)x1 . . . a1I1,n(k)xn
...

. . .
...

amIm,1(k)x1 . . . amIm,n(k)xn


and H(k) = Z(k)>Z(k). It is shown that matrices
Z(k) and H(k) are close to Z(0) and H(0), respec-
tively for any k, when m is sufficiently large [Arora
et al., 2019]. We can rewrite the GD update rule as

vec(W (k + 1)) = vec(W (k))− ηZ(k)(u(k)− y),
(3.1)

where vec(W ) = (w>1 , · · · ,w>m)> ∈ Rmd×1 is the vec-
torized weight matrix.

Kernel Ridge Regression with NTK The study
of one-hidden-layer ReLU neural networks is closely
related to the NTK defined as

h(s, t) =Ew∼N(0,Id)

(
s>t I{w>s ≥ 0,w>t ≥ 0}

)
=
s>t(π − arccos(s>t))

2π
, (3.2)

where s, t are d-dimensional vectors. It can be shown
that h is positive definite on the unit sphere Sd−1 [Bietti
and Mairal, 2019]. Let the Mercer decomposition of h
be h(s, t) =

∑∞
j=0 λjϕj(s)ϕj(t), where λ1 ≥ λ2 ≥ ... ≥

0 are the eigenvalues, and {ϕj}∞j=1 is an orthonormal
basis.

The following lemma states the decay rate of eigenval-
ues of the NTK associated with one-hidden-layer ReLU
neural networks, as a key technical contribution of this
work.

Lemma 3.1. Let λj be the eigenvalues of NTK h

defined above. Then we have λj � j−
d
d−1 .

Let N denote the reproducing kernel Hilbert space
(RKHS) generated by h on Sd−1, equipped with norm
‖·‖N . For an unknown function f∗ ∈ N , the kernel
ridge regression minimizes

min
f∈N

1

2

n∑
i=1

(yi − f(xi))
2 +

µ

2
‖f‖2N , (3.3)

where µ > 0 is a tuning parameter controlling the
regularization strength. The representer theorem says
that the solution to (3.3) can be written as

f̂(x) = h(x,X)(H∞ + µIn)−1y (3.4)

for any point x ∈ Rd, where h(x,X) =
(h(x,x1), ..., h(x,xn)) ∈ R1×n and H∞ =
(h(xi,xj))n×n (H∞ is usually called the NTK matrix).
In the following theorem, we show that the function f̂
is close to the true function f∗ under the L2 metric.

Theorem 3.2. Let f̂ be as in (3.4). By choosing
µ � n(d−1)/(2d−1), we have∥∥∥f̂ − f∗∥∥∥2

2
= OP

(
n−

d
2d−1

)
,
∥∥∥f̂∥∥∥2

N
= OP(1).

The proof of the convergence rate requires an accu-
rate characterization of the complexity of N , which is
determined by the eigenvalues and eigenfunction ex-
pansion of the NTK h. If the eigenvalues decay at rate
λj � j−2ν , the corresponding minimax optimal rate is
n−2ν/(2ν+1) [Yuan et al., 2016, Raskutti et al., 2014].
Building on the the eigenvalue decay rate established
in Lemma 3.1, it can be shown that the L2 estimation
rate in Theorem 3.2 is minimax-optimal.

In the rest of this work, we assume that f∗ ∈ N .

4 PROBLEMS OF GRADIENT
DESCENT FROM THE
NONPARAMETRIC
PERSPECTIVE

In this section, we consider training overparametrized
neural networks with the GD update rule (3.1). Among
others, Arora et al. [2019], Du et al. [2018] prove that
as iteration k →∞, the training data are interpolated,
achieving zero training loss. However, in the presence
of noises, i.e., εi in (1.1), such an overfitting to the
training data can be harmful for recovering the ground
truth. The following theorem shows that if k is too
small or too large, the L2 estimation error of the trained
neural network is bounded away from zero.

Theorem 4.1. Fix a failure probability δ ∈ (0, 1).
Let λ0 be the largest number that with probabil-
ity at least 1 − δ, λmin(H∞) ≥ λ0. Suppose m ≥
τ−2poly

(
n, 1

λ0
, 1
δ

)
, η = Õ

(
λ0

n2

)
, and τ = Õ

(
λ0δ
n

)
. For

sufficiently large n, if the iteration k = Ω̃
(

logn
ηλ0

)
or

k = Õ
(

1
nη

)
, then with probability at least 1− 2δ, we

have
Eε
∥∥fW (k),a − f∗

∥∥2

2
= Ω(1).

The conditions on m, η, and τ have the same rates as
those in Theorem 5.1 of Arora et al. [2019], but the
constants requirements are different. The probability
1− 2δ in Theorem 4.1 comes from the randomness of
λmin(H∞) and (W (0),a).

Theorem 4.1 states that the estimation error for
non-regularized one-hidden-layer neural networks is
bounded away from zero by some constant if trained
for too short or too long. The latter scenario indi-
cates that overfitting is harmful in terms of the L2

estimation error. Similar results have been shown in
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Kohler and Krzyzak [2019] for specifically designed
overparametrized DNNs that is a linear combination of
Ω(n10d2) smaller neural networks, which is much more
restrictive than ours.

In order to have low L2 estimation errors, Theorem
4.1 implies that the iteration number k must satisfy
(ηλ0)−1 log n . k . (nη)−1. However, deriving a pre-
cise order of k, which leads to the optimal rate of con-
vergence, could be extremely challenging. Alternatively,
we consider the infinite-width limit of one-hidden-layer
ReLU networks, i.e., directly using the NTK (3.2) in
kernel regression. This may shed some light on the
optimal stopping time for practical overparametrized
neural networks.

In kernel regression, the objective becomes

min
f∈N

1

2

n∑
i=1

(yi − f(xi))
2, (4.1)

whose solution can be explicitly expressed as
h(x,X)(H∞)−1y, by setting µ = 0 in (3.4). However,
inverting the kernel matrix can be computationally in-
tensive. In practice, gradient-based methods are often
applied to solve (4.1) [Raskutti et al., 2014]. The fol-
lowing theorem establishes estimation error results for
the NTK estimators trained by GD, complementary to
Theorem 4.1.

Theorem 4.2. Consider using GD to optimize (4.1)
with a sufficiently small step size η depending on n (but
not on k). There exists a stopping time k∗ depending
on data, such that

E
∥∥∥f̂k∗ − f∗∥∥∥2

2
= O

(
n−

d
2d−1

)
,

where f̂k is the predictor obtained at the k-th iteration.
Moreover, if k → ∞, the interpolated estimator f̂∞
satisfies

E
∥∥∥f̂∞ − f∗∥∥∥2

2
= Ω(1).

To specify the optimal stopping time k∗ in Theorem
4.2, we first introduce the local empirical Rademacher
complexity defined as

R̂H∞(ε) :=

(
1

n

n∑
i=1

min
{
λ̂i/n, ε

2
})1/2

,

which relies on the eigenvalues λ̂1 ≥ · · · ≥ λ̂n > 0 of
H∞. Then, the stopping time k∗ is defined to be

k∗ := argmin

{
k ∈ N | R̂H∞

( 1√
ηk

)
>

1

2eσηk

}
− 1.

(4.2)

In essence, the optimal stopping time decreases with the
noise level σ and increases with the model complexity,
measured by the eigenvalues of H∞.

Remark 1. (k∗ for neural networks) To derive the
order of k∗ for overparametrized neural network, a
sharp characterization of the eigen-distribution of H∞
is needed. To the best of the authors’ knowledge,
no such results are available yet. Even though as
m → ∞, neural network resembles its linearization
(NTK), it doesn’t necessarily mean such a stopping rule
can be easily derived for finite-width neural networks.
In general, theoretical guarantees of an early stopping
rule for training overparametrized neural networks is
challenging and left for future work.

Besides early stopping, explicit regularizations are usu-
ally employed in deep learning models to balance the
bias-variance trade-off and prevent overfitting, for ex-
ample, weight decay [Krogh and Hertz, 1992], batch
normalization [Ioffe and Szegedy, 2015], dropout [Sri-
vastava et al., 2014], etc., to prevent overfitting. In
the next section, we investigate the `2 regularization
[Bilgic et al., 2014, Van Laarhoven, 2017, Phaisangit-
tisagul, 2016] and demonstrate its effectiveness in the
nonparametric regression setting.

5 `2-REGULARIZED GRADIENT
DESCENT FOR NOISY DATA

Without any regularization, GD overfits the training
data and the estimation error is bounded away from
zero. Instead, we propose using the `2-regularized
gradient descent defined as

vec(WD(k + 1)) =vec(WD(k))− η1ZD(k)(uD(k)− y)

− η2µvec(WD(k)), (5.1)

where η1, η2 > 0 are step sizes, and µ > 0 is a tuning
parameter. It can be easily seen that (5.1) is the GD
update rule on the following loss function

Φ1(W ) =
1

2
‖y − u‖22 +

µ

2
‖vec(W )‖22 . (5.2)

The `2 regularization has long been used in prac-
tical training neural networks and is equivalent to
“weight decay” [Krogh and Hertz, 1992] when using
GD [Loshchilov and Hutter, 2017]. In the NTK liter-
ature, `2 regularization is also considered as a way to
improve generalization [Wei et al., 2019, Hu et al., 2020].
However, we are among the first to directly analyze
the `2-regularized GD trajectories of overparametrized
neural networks and show its connection to kernel ridge
regression using NTK. In the rest of this work, we use
subscript D to denote the variables under the regular-
ized GD (5.1), e.g., uD(k) for the predictions at the
k-th iteration.

Theorem 5.1. Let λ0 be the largest number such
that with probability at least 1− δn, λmin(H∞) ≥ λ0,
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and δn → 0 as n goes to infinity1. For sufficiently
large n, suppose µ � n

d−1
2d−1 , η1 � η2 = o(n−

3d−1
2d−1 ),

τ = O(1), m ≥ τ−2ploy(n, λ−1
0 ), and the iteration

number k satisfies log (ploy1(n, τ, 1/λ0)) . η2µk .
log (ploy2(τ, 1/n,

√
m)) . Then we have∥∥uD(k)−H∞(CµI +H∞)−1y

∥∥
2

= OP
(√
n(1− η2µ)k

)
,

(5.3)∥∥vec(WD(k))− (1− η2µ)kvec(WD(0))
∥∥

2
= OP(1),

(5.4)

for some constant C > 0. Moreover, during the training
process, the mean squared loss satisfies

Φ(WD(k))/n ≤ (1− η2µ)kΦ(WD(0))/n+OP(1).

(5.5)

In the above theorem, three upper bounds are provided.
In (5.3), we provide an upper bound on the difference
between the prediction using one-hidden-layer neural
networks and that obtained by (3.4), which converges to
zero as the sample size goes to infinity. This indicates
that the `2 penalty on neural network weights has
similar effects to penalizing the RKHS norm as in (3.3).
Combining (5.3) and Theorem 3.2, we can conclude
that the `2-regularized one-hidden-layer ReLU neural
network recovers the true function on the training data
points x1, . . . ,xn.

In (5.4), we provide an upper bound on the distance
between the weight matrix at the k-th iteration and the
“decayed” initialization WD(0). Under the conditions
in Theorem 5.1, their distance measured in Frobenius
norm is bounded by some constant depending on the
underlying true function. Unlike the results in Arora
et al. [2019], the upper bound presented in (5.4) does
not depend on data. Therefore, as long as the underly-
ing function is within the RKHS generated by NTK,
the total movement of all the weights is not large even
if the data observed are corrupted by noises.

In (5.5), we give a characterization of how the training
objective decreases over iterations, which is reminiscent
of Theorem 4.1 in Du et al. [2018]. Unlike the results
without regularization, our `2-regularized objective is
not expected to converge to zero, i.e., no data interpo-
lation, which is essential to ensure the best trade-off
between the bias and variance.

Remark 2. (More iterations) The required iteration
number k in Theorem 5.1 is approximately (η2µ)−1,
up to a logarithmic term. We believe the upper bound
on k is not necessary and may be relaxed. The stated
results are expected to hold if k →∞ and we conjecture

1Potential dependency of λ0 on n is suppressed for no-
tational simplicity.

that the output will converge to the optimal solution of
kernel ridge regression as in (3.4). Simulation results
in Section 6 support our conjecture and we leave the
technical proof for future work.

Next, we extend the results in Theorem 5.1 and es-
tablish the L2 convergence rate for neural networks
trained with `2-regularized GD.

Theorem 5.2. Suppose the assumptions of Theorem
5.1 hold. Then we have∥∥fWD(k),a − f∗

∥∥2

2
= OP(n−

d
2d−1 ).

The above theorem states that with probability tending
to one, the neural network estimator can still recover
the true function with the optimal convergence rate
of n−

d
2(2d−1) , demonstrating the effectiveness of the `2

regularization for noisy data. Unlike other optimality
results established for neural networks [Schmidt-Hieber,
2017, Bauer et al., 2019], our convergence rate result
applies to overparametrized networks and is obtainable
using the `2-regularized GD.

6 NUMERICAL STUDIES

In practice, regularization techniques are widely used
in training deep learning models. Among others,
Van Laarhoven [2017], Caruana et al. [2001], Prechelt
[1998], Zhang et al. [2016], Lewkowycz and Gur-Ari
[2020] have investigated the effectiveness of `2 regu-
larization and early stopping in training DNNs, and
comprehensive comparisons have been made empirically
against other regularization techniques. Therefore, one
major goal of this section is not to show state-of-the-
art performance using `2 regularization, but to use
it as an example to illustrate, from a nonparametric
perspective, the necessity of regularization in training
overparametrized neural networks with GD. Another
goal is to demonstrate the robustness of our theory
when some underlying assumptions are violated, e.g.,
one hidden layer, ReLU activation function and data
on a sphere, etc.

Specifically, we consider NTK without regularization
(NTK), NTK with early stopping2 (NTK+ES), NTK
with `2 regularization (NTK+`2), overparametrized
neural network with and without `2 regularization,
denoted as ONN and ONN+`2, respectively. For ONN,
we use two-hidden-layer ReLU neural networks and
m = 500 for each layer. To train the neural networks,
instead of GD, we consider the more popular RMSProp

2As specified in Theorem 4.2, the optimal stopping time
k∗ in (4.2) depends on σ, which is to be estimated from
data. In our simulation, we directly use the true value. The
GD algorithm can found in Appendix G
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Figure 1: The L2 estimation errors are shown for all methods vs. σ, with their standard deviations plotted as
vertical bars. Similarly for both f∗1 and f∗2 , we observe that NTK and ONN do not recover the true function well.
Early stopping and `2 regularization perform similarly for NTK, especially for f∗2 . ONN+`2 performs the best in
both cases.

optimizer [Hinton et al.] with the default setting. For
ONN+`2 and NTK+`2, the tuning parameter µ is
selected by cross-validation.

6.1 Simulated Data

Consider the d = 2 case where the training data points
x1, . . . ,xn are i.i.d. sampled from unif([−1, 1]2). We
set n = 100 and let noises follow N(0, σ2). Two target
functions are considered: f∗1 (x) = 0 and f∗2 (x) =
x>x. The L2 estimation error is approximated using a
noiseless test dataset {(x̄i, f∗(x̄i))}1000

i=1 where x̄i’s are
new samples i.i.d. from unif([−1, 1]2). We choose σ =
0.1, 0.2, ..., 0.5 and for each σ value, 100 replications
are run to estimate the mean and standard deviation
of the L2 estimation error. Results are presented in
Figure 1. More details and results can be found in
Appendix G.

6.2 Real Data

To showcase our results on the L2 estimation, an ideal
dataset is one that can be well-fitted by neural net-
works so that we can treat it as noiseless and then
manually inject random noises. Inspired by the numer-
ical studies in Hu et al. [2020], we consider the MNIST
dataset (digits 5 vs. 8 relabeled as −1 and 1), where
the test accuracy can reach over 99% by shallow fully
connected neural networks [LeCun et al., 1998]. Even
though the dataset is for classification, we can treat
the labels as continuous and learn the true function
under the proposed regression setting. We use y∗ to
denote the true labels and manually add noises ε to the
training data, where each element of ε follows N(0, σ2)
independently. The perturbed labels are denoted by

y = y∗ + ε. By gradually increase σ, we investigate
how ONN and ONN+`2 perform under the additive
label noises setting.

Remark 3. (Additive label noises) To manually in-
ject noises to classification data, many works consider
replacing part of the labels by random labels [Zhang
et al., 2016, Arora et al., 2019]. However, such noises
are not i.i.d. and cannot be applied to the regression
setting. Similar additive label noises are also considered
in Hu et al. [2020].

The training dataset contains n = 11272 vectorized
images of dimension d = 784. The test dataset size is
1866. For ONN+`2, our training objective function is
Φ1 as in (5.2) and setting µ = 0 corresponds to the
objective function of training ONN. On test dataset,
which is not contaminated by noises, we use the sign of
the output for classification and calculate the misclas-
sification rate as a measure of estimation performance.
To be more specific, a test image x̄ is classified as label
8 if f̂(x̄) ≥ 0, and label 5 if f̂(x̄) < 0, where f̂ is the
neural network estimator. The misclassification rate is
the percentage of incorrect classifications on the test
images. We choose σ = 0, 0.25, ..., 1.5 and for each σ
value, 100 replications are run to estimate the mean
and standard deviation of the test misclassification
rate. How the training root mean square error (RMSE)
and test misclassification rate evolve during training
when σ = 1 for ONN and ONN+`2 is also investigated.
The results are reported in Figure 2. More details and
results can be found in Appendix G.

Remark 4. (NTK+ES) The performance of NTK+ES
is shown in Figure 2(a). Unlike in the simulated dataset
where NTK+ES and NTK+`2 perform almost iden-
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Figure 2: Figure (a) shows the test misclassification rates for all methods vs. σ with their standard deviations
plotted as vertical bars. NTK+ES for σ = 0 is omitted since k∗ is not well-defined when σ = 0 and NTK+ES
in this case should be the same as NTK, i.e. k∗ = ∞. As σ increases, all misclassification rates increase but
NTK+`2 and ONN+`2 perform significantly better than NTK and ONN with smaller misclassification rate and
better stability, i.e., the standard deviation is smaller. The NTK+ES is the green line and it performs the worst
when σ ≤ 0.5 but better than NTK and ONN when σ ≥ 1. Figure (b) shows how the training RMSE and
test misclassification rate evolve across iterations for ONN and ONN+`2 when σ = 1. For both methods, the
training RMSEs decrease fast in the first 1K iterations. However, as the ONN training RMSE flattens after 10K
iterations, its test misclassification rate goes up while that for ONN+`2 remains flat even after 50K iterations,
which supports our conjecture in Remark 2. Figure (b) also reveals the potential early stopping time for ONN
around iteration 10K, which has test misclassification rate comparable to that of ONN+`2.

tically, NTK+ES performs noticeably worst for the
MNIST dataset, especially when σ is small. One possi-
ble explanation lies in our additive label noise setting.
Even though we treat the labels as continuous dur-
ing training, the reported misclassification rate only
depends on the sign of the label. If σ is small, the
probability of changing signs is small. This may be
one of the reasons that NTK, ONN perform relatively
well for small σ’s, since if the signs remain the same,
it is not very harmful to overfit the labels. Note that
NTK+`2 and ONN+`2 choose small µ’s such that it is
not very different from NTK and ONN. The stopping
rule in NTK+ES, on the other hand, doesn’t take the
classification setting into consideration and tends to
underestimate the stopping time when the additive
label noises are small. Nonetheless, we don’t recom-
mend NTK+ES for handling large datasets. Firstly,
the noise level σ needs to be estimated, which brings
extra instability to the algorithm. Secondly, NTK+ES
is very computationally intensive, especially for the
eigenvalues of the NTK matrix.

7 CONCLUSION AND DISCUSSION

From a nonparametric perspective, this paper studies
overparametrized neural networks trained with GD and
establishes optimal L2 convergence rates for trained

neural network estimators under the `2 regularization.
On one hand, our result broadens the NTK literature
by incorporating an explicit penalty term in the train-
ing objective. On the other hand, our convergence
analysis extends the statistical theory of deep neural
networks by bringing algorithmic guarantees into the
network estimator and offsetting the extra complexity
from overparametrization through delicate GD analysis.
Our simulation results corroborate the theoretical anal-
ysis and imply that the assumptions of our theory may
be relaxed. More investigations along this direction
would advance our statistical understandings of deep
learning. For example, our work can be further im-
proved by relaxing the sphere assumption on the input
data and the iteration number k imposed in Theorems
5.1 and 5.2. Additionally, although our theoretical
analysis depends on the exact formula of the NTK
associated with one-hidden layer ReLU neural network,
it is possible to extend our theory to multi-layer DNNs
as empirically shown in numerical experiments. In fact,
it has been shown that the RKHS generated by the
multi-layer NTK is equivalent to the one-hidden NTK
[Chen and Xu, 2020]. Therefore, one possible approach
for generalizing our theory is based on this equivalence.

The nonparametric perspective is potentially helpful in
understanding other popular regularization techniques,
e.g., batch normalization [Ioffe and Szegedy, 2015], data
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augmentation [Dao et al., 2019], knowledge distillation
[Hinton et al., 2015], etc. On the other hand, novel
and problem-specific regularization approaches may be
motivated during the convergence analysis that inspires
better performance in practice.
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