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ABSTRACT

Recent works have shown that neural networks optimized by gradient-based meth-
ods can adapt to sparse or low-dimensional target functions through feature learn-
ing; an often studied target is the sparse parity function on the unit hypercube.
However, such isotropic data setting does not capture the anisotropy and low in-
trinsic dimensionality exhibited in realistic datasets. In this work, we address this
shortcoming by studying how gradient-based feature learning interacts with struc-
tured (anisotropic) input data: we consider the classification of k-sparse parity on
high-dimensional orthotope where the feature coordinates have varying magnitudes,
and analyze the learning complexity of the mean-field Langevin dynamics (MFLD),
which describes the noisy gradient descent update on two-layer neural network. We
show that the statistical complexity (i.e. sample size) and computational complexity
(i.e. network width) of MFLD can both be improved when prominent directions of
the anisotropic input data align with the support of the target function. Moreover,
by employing a coordinate transform determined by the gradient covariance, the
width can be made independent of the target degree k. Lastly, we demonstrate the
benefit of feature learning by establishing a kernel lower bound on the classification
error, which applies to neural networks in the lazy regime.

1 INTRODUCTION

We consider the learning of a two-layer nonlinear neural network (NN) with /N neurons:
F2) = 25N hyw(2), z€RY hyo(z) : R =R, (1

where h:) (2) is one neuron with trainable parameter 2(*), e.g., we may set () € R% and h, (2) =
o((z,z()) with some nonlinearity o : R — R. One crucial benefit of the model (1) is the ability
to learn representation that adapts to the learning problem, such as sparsity and low-dimensional
structures. Indeed, it has been shown that this feature learning ability enables NNs trained with
gradient-based algorithms to avoid the curse of dimensionality and outperform non-adaptive methods
such as kernel models in learning various low-dimensional target functions (Abbe et al., 2022; Ba
et al., 2022; Damian et al., 2022; Bietti et al., 2022; Mousavi-Hosseini et al., 2022; Abbe et al., 2023).

A noticeable example of low-dimensional problem is the classification of k-sparse parity, where the

target label is defined as the sign of the product of k¥ < d coordinates: f.(z;) = sign( Hle zl)
where z; denotes the ¢-th coordinate of vector z. The classical XOR problem corresponds to the
case where k£ = 2 and input on the unit hypercube. Efficiently learning this target function requires
the first-layer parameters of the NN to identify the relevant k-dimensional subspace, which can be
achieved via gradient-based feature learning (Daniely and Malach, 2020; Refinetti et al., 2021; Frei
et al., 2022; Barak et al., 2022; Ben Arous et al., 2022).
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One particularly relevant feature learning paradigm for the parity problem is the mean-field analysis,
which lifts the optimization problem into the space of measures (Nitanda and Suzuki, 2017; Chizat
and Bach, 2018; Mei et al., 2018; Rotskoff and Vanden-Eijnden, 2018). For isotropic input (z; €
{—1,+1}), mean-field NN can learn the parity function with linear sample complexity. Specifically,
Wei et al. (2019); Chizat and Bach (2020); Telgarsky (2023) proved a O(d/n) classification error for
2-parity (XOR), when the NN is optimized by (modified) gradient flow. Very recently, Suzuki et al.
(2023b) considered a noisy variant of gradient descent termed the mean-field Langevin dynamics
(MFLD), and showed that the O(d/n) rate remains valid for the isotropic k-parity problem with
dimension-free k. While the computational complexity is demanding due to the exponential width
required in the mean-field analysis, one remarkable feature is the statistical complexity decouples the
degree k from the exponent in the dimension dependence; this contrasts the NTK analysis where a
sample size of n = Q(d¥) is typically needed to learn a degree-k polynomial on isotropic input data
(Ghorbani et al., 2019; Mei et al., 2022), and thus demonstrates the benefit of feature learning.

Feature learning under structured data. Noticeably, most existing analyses on the parity problem
are restricted to the isotropic setting, where the input features do not provide any information of the
support of the target function. On the other hand, realistic datasets are often structured, and different
feature directions may have different magnitudes that guide the algorithm towards efficient learning.
For example, real-world data often has low intrinsic dimensionality (Fodor, 2002; Pope et al., 2021),
and the observation that input directions with larger variation tend to have good predictive power has
motivated various data preprocessing procedures such as PCA (Hastie et al., 2009).

Recent works have indeed illustrated that in certain regression settings with low-dimensional target,
anisotropic input data can improve the performance of both kernel methods and NNs. However, these
results either did not take into account the optimization dynamics of NN (Suzuki and Nitanda, 2019;
Ghorbani et al., 2020), or characterized the feature learning dynamics in a “narrow-width” setting
(Ba et al., 2023; Mousavi-Hosseini et al., 2023) which differs from the mean-field regime. Moreover,
classification and regression problems have fundamentally different structures, and thus existing
regression analyses do not directly translate to the k-parity classification problem. Therefore, our
goal is to investigate the interplay between structured data and feature learning in the problem setting
of classifying k-sparse parity function on anisotropic input data with mean-field NN.

1.1 OUR CONTRIBUTIONS

We study the statistical and computational complexity of the mean-field Langevin dynamics in
learning a k-sparse parity target function on anisotropic input data. Specifically, we consider the
following generating process of the data-label pairs (z, y),

z=AzZ, y= sign(Hielk %), where Z; Ss Unif({—l/\/g, 1/Vd}),

for some matrix A € R%*? which controls the anisotropy. Extending the convergence analysis of
MFLD in Suzuki et al. (2023a;b), we prove discrete-time and finite-width learning guarantees for
two-layer neural network optimized with noisy gradient descent for this general data setting. We then
specialize our general learnability result to specific examples where MFLD benefits from structured
data through an improvement of the constant in the logarithmic Sobolev inequality of a proximal
Gibbs measure associated with the training dynamics, and demonstrate that both the statistical and
computational complexity improves upon that in the isotropic setting. In particular, we show that

* When the feature directions of z with large magnitude align with the support of the target function
Iy, then MFLD can achieve better statistical complexity (required sample size) and computational
complexity (required network width) compared to the isotropic setting in Suzuki et al. (2023b).

* If we apply a coordinate transformation based on the gradient covariance matrix, then the required
width for MFLD can be made independent of the degree k. This is equivalent to an anisotropic /o
regularization, and we prove that the weighting matrix can be estimated from the first gradient step.

* We also provide a classification error lower bound for kernel methods in the anisotropic parity
setting, which highlights the advantage of gradient-based feature learning via MFLD.

In Table 1 we summarize and compare our results against prior works on learning sparse parity
functions. To clearly illustrate the improved dimension dependence, we state our rates for a simple
spiked covariance model analogous to the setting in Ghorbani et al. (2020); Ba et al. (2023) (see
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data result type regime/method sample size width iterations authors
NTK/SGD d*/e @ d*/e Ji and Telgarsky (2019)
two-phase SGD dF+T/e? 0(1) d/e? Barak et al. (2022)
I . upper bound mean-field/GF d/e 00 00 Wei et al. (2019)
sotropic -
mean-field/GF d/e d/? 00 Telgarsky (2023)
MFLD d/e exp(d) exp(d) Suzuki et al. (2023b)

lower bound random features - dF - Barak et al. (2022)
MFLD defr/ € exp(derr)  exp(defr) Theorem 1
Anisotropic upper bound MFLD (transformed) df;d + 1/e a3 O(1) Theorem 2
lower bound kernel dFs — — Theorem 3

Table 1: Statistical and computational complexity for the k-sparse parity classification, omitting polylogarithmic
terms. d is the dimensionality, and n is the sample size. We set y = sign( H’;l Zi), A = diag(si, $2, ..., Sd),

where 81 = ... = s, = d®’? for o > 0, and Sg+1 = ... = sq = 1; following Ghorbani et al. (2020) we define
the effective dimension as degr := d*~* < d when a: > 0. We note that results from Wei et al. (2019); Telgarsky
(2023) do not cover the general k-parity setting, so we state the complexity for 2-parity (XOR). For the lower
bound, we restate (Barak et al., 2022, Theorem 5) for bounded norm random features predictor. Finally, for the
kernel lower bound in Theorem 3 we only track the dimension dependence.

(10) in Section 4.1): the data-label pairs (z, y) are generated as y = sign Hle z;) for k = 0q4(1),
where the informative directions are given as z; € {£d(®~1/2} (i =1,.-- k) for a € [0, 1], and
the uninformative directions z; € {£d~/?} (i = k+ 1,--- ,d). In this example, larger o (hence
smaller degr = d'~) corresponds to stronger anisotropy, which facilities feature learning due to the
alignment between the low-dimensional structure and the target function. As shown in Table 1, this
benefit is evident in both the original MFLD and the coordinate-transformed version.

2 PROBLEM SETTING

k-sparse parity classification. We consider the following binary classification problem.
Definition 1 (k-sparse parity problem under linear transformation). Given invertible matrix A, the
input random variable Z and the corresponding label Y are generated as

Z=AZ, Y:sign(H Z,»),

i€l
where Z is distributed from the uniform distribution on {£1/Vd}?, and || Z|| < 1 almost surely.

This definition includes the well-studied XOR (Wei et al., 2019; Telgarsky, 2023) as a special case.
Example 1 (Isotropic XOR). We take A = Iy and Y = sign(Z,Z,) (k = 2).

Similarly, we can also cover k-parity on isotropic data (Barak et al., 2022; Suzuki et al., 2023b).

As for anisotropic data, an example that we will consider in the subsequent sections is the following
axis-aligned setting, where the coordinates are independent but may have different magnitudes.
Example 2 (Axis-aligned anisotropic k parity). There exist positive reals s; > 0 (i = 1,...,d) such
that the support of Py (the distribution of Z) is given by S := {£s1} x {£s2} x - -+ x {£s4} where
ijl 53 =1, and (z;)}_, are mutually independent and P(z; = s;) = P(z; = —s;) = 1/2. The
k-sparse parity label corresponds to the sign of the product of k-indices I, C {1,...,d}.

Mean-field two-layer network. Let i, (-) : R? — R be one neuron associated with parameter
r = (21,22, r3) € R¥H1 in a two-layer neural network: given an input z € R,

h.(2) = Rltanh(z " 21 + ) + 2tanh(z3)]/3, )
where R € R is an output scale of the network and an extra tanh activation for the bias term z3 € R

is placed to make the function bounded following Suzuki et al. (2023b). Let P be the set of Borel

probability measures on R where d = d + 2 and Pp be the subset of P with finite p-th moment:
E.[| X[[?] < co (u € P). The mean-field neural network is defined by integrating infinitely many

neurons h, over R? with the distribution p € P: f,(-) = [ hy(-)p(dz).

Let((-,-) : RxR — R>( be a smooth and convex loss function for the binary classification. Typically,
we consider the logistic loss function ¢(f,y) = log(1 + exp(—yf)) where f € R, y € {£1}. We
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also denote £(y f) = £(f,y) Then, the empirical risk and the population risk of f, are defined as

L(p) = 5 50 Uyifu (1)), L(p) = E[U(Y fu(2))]-

To avoid overfitting, we consider a regularized empirical risk F'(11) := L(p) + AEx~,[A\1] X ||?]
with the regularization parameters A, A\; > 0. In addition, we introduce the entropy regularized risk:

L(p) = F(p) + AEnt(x). 3)
We can immediately see that £ is equivalent to L(u) + AKL (v, i) up to constant, where KL(v, 1) =
[ log(p/v)du is the KL divergence between v and 11, and v is the Gaussian distribution with mean
0 and variance I/(2)1). A remarkable advantage of mean-field parameterization is that the above
objectives become convex functional with respect to the distribution p, since p linearly acts on f,.

3 MEAN-FIELD LANGEVIN DYNAMICS

The mean-field Langevin dynamics is defined by the following stochastic differential equation:
dX; = =V (x)dt + V2AAW;, e = Law(Xy), @)

starting at X ~ po, where (W3 );>0 is the d-dimensional standard Brownian motion, and 2 (u is the

first variation of F, which, in our setting, is written as F(”) (2) = 2570 O (yifu(29))yiha(2:) +
A(A1]|z]|?). The Fokker-Planck equation of SDE (4) is glven by!
Oupte = My + V[V L] =9 [0V (Mog(pu) + 252 )] 5)
Several studies (Mei et al., 2018; Hu et al., 2019) showed that MFLD (4) globally optimizes the
objective (3), that is, when t — oo we have L(u;) — L(py)), where piy) := argmin,,cp L£(p).
For a practical algorithm, we need to consider a space- and time- discretized version of the MFLD,

that is, we approximate the solution p; by an empirical measure 2 = N ZZ 1 9x, corresponding

to a set of finite particles 2 = (X*)N, c R?. Let 2 = (X;)ZZ1 C R? be N particles at the 7-th
update (7 € {0,1,2,...}), and define 11, = 19, as a finite particle approximation of the population
counterpart. Then, the discretized MFLD is defined as follows: X ~ po, and 27 is updated as

Xiyy =X — v (xi) + 2xnel, ©)
where 1 > 0 is the step size, ﬁ ~i.i.d. N(0,T). Note that in the context of mean-field neural network

(1), the discretized update (6) simply corresponds to the noisy gradient descent algorithm, where a
Gaussian perturbation is added at each gradient step. We write fg := f,,, for simplicity of notation.

3.1 LOGARITHMIC SOBOLEV INEQUALITY

Nitanda et al. (2022); Chizat (2022) have established the exponential convergence of MFLD by
exploiting the proximal Gibbs distribution p,, associated with ;1 € P. The density of p,, is given by

pu(X) o< exp (—3 2512 (x))

The smoothness of the loss function and the tanh activation guarantee the existence of the unique
minimizer p* of £, which also solves the equation: 1 = p,, (see Proposition 2.5 of Hu et al. (2019)).
The key in their proofs is to show a logarithmic Sobolev inequality (LSI) on the Gibbs measure p,,.

Definition 2 (Logarithmic Sobolev inequality). Let j be a Borel probability measure on R%. We say
W satisfies the LSI with a constant o > 0 if for any smooth function ¢ : R* — R with E, [$?] < oo,

E,.[¢? log(¢°)] — Eu[¢?] log(E,[¢%]) < 2E.[|[Vel3]-
We can apply the classical Bakry-Emery and Holley-Stroock arguments (Bakry and Emery, 1985;
Holley and Stroock, 1987) to derive the LSI constant on the Gibbs distribution whose potential is the
sum of the strongly convex function and bounded function. In particular, if || LEL“) lo < B, we can

establish the LSI for the proximal Gibbs distribution with &« > A1 exp (—4B/\) . In our case, since
the logistic loss is employed and each neuron h,, is bounded by R, we have B = R and therefore

o > A\ exp (—4R//\) . @)
!This should be interpreted in a weak sense, that is, for any continuously differentiable function ¢ with a
compact support, [ ¢due — [ pdus = —f V- (Viog(u) — V%)dufdr

4
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3.2 QUANTITATIVE ANALYSIS OF MFLD

Convergence guarantee. As shown in Chen et al. (2022); Suzuki et al. (2022), the LSI constant
determines not only the convergence rate of the continuous dynamics, but also the number of particles
(i.e., width of the neural network) to approximate the mean-field limit. Let us consider the linear

functional of a distribution p(™) of N particles 2" = (X%)Y |  R? defined by

LN (™)) = NE gy [F(p2)] + AEnt (™).
Let u(TN) be the distribution of particles 2, = (X)X, at the 7-th iteration, and define A, =
LN (M(TN) ) — L(41[n))- Suzuki et al. (2023a) established the convergence rate of MFLD as follows.
PI’OpOSitiOll 1. Let B2 = E[HX(SHQ]—&-%)\I [(i —+ %)\1) R2+)\d:| and 577 = 01[_42("72 + )\77)7 where

L=2R+ M\ and C; = 8(R?> + A\1B% +d) = O(d + A\71). Then, if \an < 1/4 and n < 1/4,
then the neural network trained by MFLD converges to the optimal network f[\) as

— _
E%TNM-(:—N) {Supzesupp(PZ)(f%T (Z) - fup\] (Z))2:| < %AT + %R27

where A, is further bounded by A, < exp (—AanTt/2) Ao+ %I?C’l ()\77 + 772) + ;Lgﬁ[

In particular, for a given €* > 0, the right hand side can be bounded by €* + % after T' =
0 (Tin log(l/e*)) iterations with the step size n = O(Aa?e*/Cy + Aay/e*/Cy). In terms of
generalization error (Proposition 2), the optimization error can be set as €* = O(1/(n\)?). Then, the
required total number of iteration 7" and the number of particles N can be bounded by

T <O ((d+ A ")n®exp(16R/A)log(n))), N < O((e"Aa)™?) = O (n*exp(8R/A)). (8)

From this evaluation, we see that it is crucial to select the regularization strength A so that the loss is
sufficiently small. In the following section, we investigate how structured data affects the choice of \.

Generalization error bound. Now we state the classification error bound of the neural network
optimized by MFLD. For this purpose, we introduce the following assumption which will be verified
later on for the anisotropic parity setting.

Assumption 1. There exists co > 0 and R > 0 such that the following conditions are satisfied:
o There exists u* € P such that KL(v||u*) < Rand L(p*) < £(0) — ¢o.
* Forany A < co/R, the risk minimizer pi(x) of L(p) satisfies Y f,,, (X) > co almost surely.

Here cg characterizes the margin of a solution p1* and R controls “difficulty” of the problem. Indeed,
if larger R is required, the Bayes optimal solution should be far away from the prior v. Hence, we
expect that obtaining a good classifier is more difficult. Let i be an approximately optimal solution of
L with €* accuracy: £(j1) < min,ep L£(u) + €*; we have the following generalization error bounds.

Proposition 2 (Suzuki et al. (2023b)). Let My = (¢* 4+ 2(R + 1))/ and suppose that A < co/R.

(i) If the sample size n satisfies

n>CHS MR+

R2n

) + R*(1 + loglogy (n* MoR)) 4+ nAe*| =: S,

with an absolute constant C, then f;, satisfies P (Y f;(Z) < 0) = 0 (the Bayes optimal classifier)

with probability 1 — exp(— 37;)]‘; (2 — S/n)).

(ii) When the sample size does not satisfy the condition n > S, we still have an alternative error
bound: there exists an absolute constant C > 0 such that

PY f3(2) < 0) < CB(co) [55 (14 + loglogy(n2MoB)) + 1 (R + 27) + €]

with probability 1 — exp(—t), where ((cg) := 1/[€(0) — ({(co) — col/(co))]-
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This result states that if we take the regularization parameter A sufficiently small as A < O(1/R), then
for sufficiently large sample size such that n > S = Q(1/)?), we have an exponential convergence
of the expected classification error as Ep» [P(Y fz(Z) < 0)] < exp(—Q(nA?)); otherwise, we sill
have a linear decay Ep» [P(Y fi(Z) < 0)] = O(1/(nX)). Hence, the classification error and its
convergence rate is almost completely characterized by R through the choice of A = O(1/R): for a
problem with large R, we need to pay greater sample complexity.

It is also worth noting that the value of R affects not only the statistical complexity but also the compu-
tational complexity. Remember that the number of iterations 7" and the network width IV also depend
on A through Eq. (8). Indeed, by taking A = ¢o/R, we arrive at T = O(exp(16RR/co) log(n)) and
N = O(exp(8RR/cy)), which has exponential dependence on R.

Therefore, the goal of the subsequent sections is to answer the following question in the affirmative:

Can we utilize the anisotropy of input data to reduce the value of R,
hence improving the statistical and computational complexity of MFLD?

4 MAIN RESULT: LEARNING UNDER STRUCTURED DATA

4.1 STATISTICAL AND COMPUTATIONAL COMPLEXITY FOR ANISOTROPIC DATA

Now we analyze how the anisotropic property of the input affects the generalization error and the
computational complexity through the aforementioned measure of problem difficulty R. We first

present a framework for the general problem setting in Definition 1. Let g?) = (g?)l, e ggd)T € R? as
b = Vd (i€}, ©)
0 (i € I).

Then, we have the following proposition that controls R in terms of the transformation matrix A.

Proposition 3. Define ¢ := A~1¢ where ¢ is defined by Eq. (9). For R = k, there exists i* € P
and R such that
KL(v||p) < R = cr(|l¢]* + &) log(k)?,

and L(p*) < £(0) — cq, where c1, ca > 0 are absolute constants.
Under the conditions in this proposition, we can show that the minimizer of the MFLD objective
achieves the Bayes optimal classifier with a positive margin as follows.

Proposition 4. Assume that there exists i* € P such that the conditions in Proposition 3 is satisfied
with R and R in the statement. Then, if we choose the regulaization parameter X as A < cz/(2R),
then the minimizer () of the MFLD objective satisfies

max{L(ppy), L(pp)} < €0) — 2,

and f,,, is a perfect classifier with margin cs, i.e., Y fy, (Z) > % almost surely.

The proofs of both propositions can be found in Appendix A in the appendix. These general results
state that Assumption 1 is satisfied for the general problem setting in Definition 1. Now we consider
special cases where concrete sample complexity and computational complexity can be derived. For
example, we have the following evaluation for the k-sparse parity with anisotropic covariance.

Example: Anisotropic k-sparse parity. In the k-parity setting (Example 2), Assumption 1 is
satisfied with constants specified in the following propositions, which follow from Proposition 4.

Corollary 1 (Anisotropic k-sparse parity). Suppose that (Z,Y') is generated from the anisotropic k
parity problem (Example 2). Then, for R = k, there exists pu* € P satisfying KL(v||u*) < R where

R=¢ ( Z 31'2) log(k)?,
i€y

and L(p*) < £(0) — ¢o, where ¢1, co > 0 are absolute constants.
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This result highlights the benefit of structured data. Observe that isotropic covariance corresponds to

s;=1/vd (i =1,...,d), where R needs to be O(kd), which then leads to exponential dimension
dependency in the computational complexity, and also dimension-dependent sample complexity, as
shown in Suzuki et al. (2023b). On the other hand, if the input covariance is anisotropic so that
s? > Q(1/k) for j € I, (i.e., the input Z; is large for the informative coordinates j € Ij, and other

coordinates are small), then the value of R becomes dimension-free: R = O(k? log(k)?).
Substituting the values of R and R to the generalization error and computational complexity bounds,
we obtain the following corollary.

Theorem 1 (k-sparse parity setting). Define S?k = Z er, Sj - Under the same setup as Corollary
1, we may take R = O(S log(k)?), R = k and \ = (1/R) = O(1/(S7, log(k)?)) so that the
classification error is bounded by

Pammpa»<0<“;i@)<mgua+my%m»>,

with probability 1 — §. Moreover, if n = Q(k4S4 log(k)*), then P(Y fuy, < 0) = 0with probability
1 — exp[—Q(n/(k*S7, log(k)*"))]-

For the computational cost, it suffices to take the number of iterations T' and network width N as
T= O(S%c log(k)*nlog(nd) exp[O(kS?k log(k)?)]), N =0O(n? exp(O(kS?k log(k)?)))),

respectively, to achieve the same statistical complexity as described above.

As mentioned above, for sufficiently anisotropic data such that S? = k2, the computational complex-
ity becomes completely polynomial order with respect to the d1mens1on d; this is in stark contrast to
the isotropic setting, where the complexity has exponential order with respect to d.

Now we provide two examples of the k-parity problem in Example 2 (i.e., I, = {1, ..., k}) where
covariance structure allows us to smoothly interpolate between the isotropic and anisotropic setting.

* Power-law decay. We set
s2=cqi"% cqg=O(d"™*), where a €[0,1).
We have that S7 = O(d'~) leading to R = O(k'+t*d'~*log(k)?). This interpolates between
the isotropic and the completely anisotropic setting S7, 2 = k? by adjusting o between (0, 1).
* Spiked covariance. Similar to Ghorbani et al. (2020); Ba et al. (2023), we set
52 =0(d* 1) fori € Iy, s; =0O(d"") otherwise, where a € [0, 1]. (10)

In this case we have R = kd'~%log(k)?, which becomes dimension-free when « approaches 1.

Remark 1. For the spiked covariance setting above, the computational and statistical complexity of
MFLD is governed by the effective dimensions dqy = d' = defined in Ghorbani et al. (2020). As the
input becomes more anisotropic, d.y decreases and hence the learning problem becomes easier.

4.2 ENHANCING ANISOTROPY VIA COORDINATE TRANSFORM

From the previous analysis, we see that anisotropic data can indeed improve both the statistical and
computational complexity. This being said, it is worth noting that unless the problem is sufficiently
anisotropic such that R becomes cost, the computational cost would still be super-polynomial in
terms of dimension dependence. The goal of this section is to show that the computational complexity
can be further improved by exploiting the anisotropy of the learning problem. Specifically, we utilize
the gradient covariance matrix to estimate the informative subspace, similar to the one-step gradient
feature learning procedure studied in Ba et al. (2022); Damian et al. (2022); Barak et al. (2022).

Let o(w'2) = hy(z ) for (z1,22,23) = (w, by, by) for fixed by and by. We initialize the particles

Zo = {(wy, by, bg)}l U {(—wy, —b1, —bz)};i/f by generating w; from the uniform distribution
U(B,,) on the ball Wlth sufficiently small radius ¢y > 0. The gradient for each neuron is given as

}:Fyﬁm) 0))y;zo’ (w] 2D).
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Note that we have f2,(Z) = 0 almost surely. We then calculate the covariance as

G =LY gtw)glw)T,

to estimate the informative subspace. Define the “regularized covariance" G = G + A\ol. For this
choice of GG, we apply the following coordinate transform to the input Z:

7+ caGV?Z,

where ¢4 is a scaling parameter so that ||Z|| < 1 almost surely. We denote by 2; = c4GY/2z;
accordingly. After the transformation, we train the neural network via MFLD; that is, we optimize the
objective pu — = 3" 0( £ (2)yi)+A(ME,[| X|[?]+Ent(x)). Intuitively, this coordinate transform
amplifies the informative coordinates (j € Ix) and suppress the non-informative coordinates (j & I).
Hence the covariance of the input features becomes more well-specified to the target signal Y leading
to a better LSI constant. We remark that such coordinate transformation is equivalent to employing
an anisotropic weight decay regularization on the weight parameters r(z) = H:c||éf1

Taken into account the sample complexity to estimate the gradient covariance, we obtain the following
evaluation of the KL divergence between the prior distribution v and a Bayes optimal solution p*.
Theorem 2. Assume that dmax; e e s?, = O(1). Suppose that c is taken sufficiently small such
that 2?21 w?s? < 1 almost surely for w ~ U(Be,) and E[|w;|] = ©(1)*, and the regularization
parameter 5\0 is set to be 5\0 =11 Jel s?, -MaX;rgr, s?/. We assume that the sample size n and the
number of particles N satisfies

kdR?log(2N/65)? k2d?log(d /s
RO NJGP o B on(d))
Hj'elk i manlgjk I

for given § € (0,1), where C, is a constant depending on k. Then, for R = k and sufficiently small
Ch, there exists pu* € P such that L(p*) < £(0) — ca and KL(v||p*) < R where

max; 52-/
R=c1k? (Je[d“ + 1) log(k)2,

B 2
ming ey, Sj’

n > Cy

(1)

for a constant ¢y independent of the dimensionality d, with probability 1 — §. Here, the probability is
with respect to the randomness of training data and generating the initial parameters (wl)f\il.

We make the following remarks on the theorem.

* This theorem implies a significant improvement on the LSI constant since R is independent of d as

2
w = O(1), which is satisfied even for the isotropic setting. The dimension-free R
i

then implies that no exponential dependence is present in the computational complexity. Moreover,
the runtime and the network width both “decouples” k from the exponent in dimension dependence.

long as —
mmjfelk S

* In order to accurately estimate the gradient matrix, there is an additional cost in the statistical
complexity. For the isotropic setting, (11) implies a sample complexity of n = Q(d**!), which
matches the total sample size in the stochastic gradient descent procedure as in Barak et al. (2022).

* If the input is anisotropic so that || Jely s?, > d~*, then the sample complexity to estimate
the informative direction is also improved. For instance, in the spiked setting (10), the sample
complexity is improved to n < d(!~*%d = d¥.d, and in the most extreme case, when the signal is
well-specified by the principle components (i.e., denominator is §2(1)), the complexity becomes
linear in d. This observation also demonstrates the benefit of structured data in feature learning.

Tradeoff between statistical and computational complexity. By comparing the complexity
derived in Theorem 1 and Theorem 2, we observe a tradeoff between the statistical and computational
complexity: estimating the gradient covariance matrix requires additional samples, but consequently
the required width and iterations of MFLD significantly decrease. An interesting question is whether
such tradeoff naturally occurs in more general data settings and feature learning procedures.

J

max; s7d, which can be bounded by O(1) only when max; s; = O(1/d).

This condition implicitly assumes s? = O(1/d) (Vj); we observe that > w3s] < max; s; > w? =
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5 KERNEL LOWER BOUND FOR ANISOTROPIC PARITY

To complement our feature learning results, in this section we prove a classification lower bound
for kernel methods on the (axis-aligned) anisotropic k-parity problem in Example 2 in a spiked

covariance setting. We assume y = y(z) = sign(]_[f:1 2;), and for k* < k, the input features satisfy
|zi| =d*/? fori=1,--- k*. |z =1fori=k*+1,--- d. (12)

This is to say, the first £* coordinates of the k-parity target function are aligned with the prominent
directions of the input, but the target can also depend on an additional £ — k* coordinates that are not
amplified. It is clear that the following two settings are special cases of the above definition:

(i) a = 0: isotropic data. (i) k = k™ : the (well-specified) spiked covariance model in (10).

We emphasize that most existing kernel lower bounds are tailored for regression with the squared
error (Ghorbani et al., 2020; Hsu, 2021; Abbe et al., 2022). Even for the simplest isotropic setting
(1), to our knowledge the only classification lower bound for the parity problem is given in Wei et al.
(2019) which only handles the £ = 2 case (XOR).

Our lower bound applies to rotationally invariant kernels: K (z, z") = h(||z]|, ||2’||, (2, #’)) as consid-
ered in El Karoui (2010); Donhauser et al. (2021). In the hypercube setting, ||z|| is fixed, and hence
we may restrict ourselves to a positive semidefinite inner-product kernel which can be written as

Nl
K(z,2") =Y 120m (<%>) , {m}2,: non-negative and bounded.

Note that this covers the a wide range of NTK of fully-connected NNs (Liang et al., 2020; Donhauser
et al., 2021). Given n i.i.d. samples, we construct the kernel estimator fz(z) with 5§ € R™ chosen

arbitrarily: f5(2) = i, BiK(z,2(). We have the following classification error lower bound.
Theorem 3. Consider the spiked covariance setting in (12). Given any fixed § > 0, if the sample size

n < dl-e)k" [ +h—k" =5

then for sufficiently large d, with probability at least 0.99 over the samples, for all choices of 8 € R",
fa(z) = >0, BiK (2, 2) will misclassify the sign of y at Q(1) fraction of the time, that is,

P.~p, [f(z)y < 0] = Q(1).

The proof can be found in Appendix C. First, we lower bound the failure probability by the probability
that |f3(2)] is large, by extending Wei et al. (2019) based on finer evaluation on the correlation

yK(z, z(i)). Then we reduce the problem to controlling the lowest eigenvalue of some kernel matrix.
We make the following remarks on the kernel lower bound.

* Recall that « € (0, 1) controls the anisotropy of input features. When « — 0, the input becomes
isotropic, and we obtain a n < d*~° lower bound on the sample complexity for the classification
error, which matches the regression lower bound in Ghorbani et al. (2019).

* In the “well-specified” setting where k = k* as in (10), the kernel sample complexity simplifies to
n < d1=*k = d¥. which is strictly worse than that of MFLD given in Theorem 1 for k¥ > 1. On
the other hand, the required sample size is d times better than the covariance estimation procedure in
Theorem 2 (although we believe the factor d stems from a technical artifact of the proof); however,
in terms of computational complexity at test time, the kernel estimator needs to store n training
points which scales with d*, whereas for the NN we only need to store poly(d, k) neurons, which
decouples the degree k in the exponent of the dimension dependence.

6 EXPERIMENT

We validate our theoretical analysis by numerical experiments. We consider the anisotropic 3-sparse
parity problem: y = 212223, §1 = 3 = 83 = m/\/ﬁ, and sy =--- = 1/\/& We fixed d = 300 and
varied n and « to train the neural network (2) with the logistic loss. More details are in Appendix D.
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In Figure 1 we plot the test accuracy as a func- 10125 -1.0
tion of the sample size n and k, which con- — a*=n

trols the level of anisotropy. As clearly seen, Lot -0.9
increasing x enables smaller the model to learn
the problem with smaller sample complexity n, -0.8

. . 0.75 o
which demonstrates how anisotropy helps learn- 5 107> 8
ing. Moreover, let us focus on the “phase transi- 0.7%
tion” boundary between yellow and blue regions. 1005, .
According to Theorem 1, the classification error 0.6
: —2, _ -2
is bounded by .Zjelk 55 /n = Kk~ %d/n up to 10025
a constant, which predicts that there would be 0.5

a boundary around x? = ©(n), as indicated by R s
the red line in the figure. We therefore conclude sample size n
that the empirical findings match the theoretical

result in Theorem 1. Figure 1: Test accuracy of NN trained by MFLD to

learn an anisotropic d-dimensional 3-parity problem.
7 CONCLUSION

We studied the interplay between structured data (in the form of input anisotropy) and the efficiency
of feature learning in the context of classifying k-sparse parity using two-layer neural network
optimized by noisy gradient descent (mean-field Langevin dynamics). We showed that anisotropy
can improve both the statistical and computational complexity of MFLD, leading to a separation
from kernel methods (including neural networks in the NTK regime). Interesting future directions
include (%) extending this observation to a more general class of target functions, (i7) improving the
sample complexity to obtain the covariance estimator in Theorem 2, and (4i¢) deriving a more precise
description on the tradeoff between statistical and computational complexity in NN training.
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Appendix

A PROOFS OF PROPOSITIONS 3 AND 4 AND COROLLARY 1

Proof of Proposition 3. We follow the proof strategy from Suzuki et al. (2023b). Remember that
he(z) = R[tanh(z "1 4 25) + 2 tanh(x3)]/3.

Letb; = 2i—kfori =0,...,k,let¢ > 0 be the positive real such that E,, y(0,1)[2 tanh(¢ +u)] = 1
(note that, this also yields E,,. n(o,1)[2 tanh(—¢ + u)] = —1 by the symmetric property of tanh and
the Gaussian distribution). Let

I/(2\) 0 0
Y= < 0 1/(2\) 0) € RUEFIFX(d+1+1)
0 0 1

and p > 1 be a constant which will be adjusted later on. Then, for & := [log(pk)o ", — log(pk)(b; —

1),¢]T € R4 and &2, 1 := —[log(pk) T, —log(pk)(b; +1),¢]T € Ré for j = 0,..., k, we define
fizj = N (&5, %), foj41 = N(&2j+1,%).
By noticing that for z € supp(Py) there exists Z € {4-1/+/d}? such that = = AZ, we can see that

Earfin; [P (2)] = REyon(0,1/0,) {tanh[log(pk)((¢, 2) — (b — 1)) + u] + 1}/3
because we have
d

(w1,2) + w2 = log(pk) (¢, 2) — (b; — 1)) + > wizi + tass
i=1
d

= log(pk)((A™'6, A2) = (b = 1)) + > wizi + var,
i=1
forz ~ N([¢p7,(b; — 1)]7,I/(2A\1)) where u; ~ N(0,1/(2)\;1)) (i.i.d.) and 2?21 Ui % + Ud41
obeys the Gaussian distribution with mean 0 and variance 53-|121* + 53= = 53 (1+ [[2]?) < &
for all z € supp(Pz), where we used the assumption on A. In the same vein, we also have

Ew~ﬂ2j+1 [hx(z)] = _REuwN(O,(1+|\Z|\2)/2)\1){tanh[log(pk)(<§£a 2> - (b] + 1)) + u] + 1}/3

Here, define |Z|o := [{i € I}, | Z; > 0}| for Z € supp(P;) which is the number of positive elements
of z in the informative index set Ij;,. For a fixed number j € {0, ..., k}, we let

fi(z;u) = {tanh[log(pk)((¢, 2) — (b; — 1)) +u] + 1}/3,
fa(z;u) = {tanh[log(pk)((¢, 2) — (b; + 1)) +ul + 1}/3,
then we can see that (1/(ok) (4 )
O/ (pk Zlo < 4),
=T G (s
and
oy _ JO@/(pk)) (I2lo <Jj+1),
R0 =00 (s i)

because (¢, Z) — bj = Zf,zl sign(Z;:) —b; = 2|Z]o — k — b; = 2(|Z]o — j). Hence, we have that

Q(1) (120 = ),

f(ziu) == fi(zu) = fo(zsu) = {O(l/(pk)) (otherwise),

u

and f(z;u) > 0 for |Z|g = j. Then, since tanh(u) + 1 = £=¢

cifew T1= 14’,6%%’ if |Z[o = j and
] < /A,

f(zu) 2 Q(1),

13
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and if |Z|g # j and |u| < log(pk)/2,
f(zu) < O(1/(pk)).

Therefore, when |Z|g = 7,

1/)\1
Eoo 0.4 o) 20 [ (25 0)] > / | JEugtidu > o)
—1/\

where g is the density function of N (0, (1 + ||z||?)/2A1), and when |Z|o # j,

log(pk)/2

£z w)g(u)du + / £(z; u)g(w)dz

|u|>log(pk)/2
exp(—A1 1og<pk>2/2>)
log(pk)

BN (0,4 11202) /200 [f (25 1)) S/
—log(pk)/2

< O(1/(pk)) + 0 (
— O(1/(pk).

where we used the upper-tail inequality of the Gaussian distribution in the second inequality. Hence,
it holds that

) = B )] 4 B lal] = { 1) (0 =0

because R = k. Therefore, by taking p > 1 sufficiently large, we also have
k
A 1 2 Q1)  (|Z|o is even)
= —— —1 g P = - . ’
1@ =505 ;( V' iz) {—9(1) (I3]0 is odd),
where the constant hidden in €(+) is uniform over any |Z|o. Hence, there exists ¢, > 0 such that

Y f(Z) > ¢, almost surely. Now if we let ey (B) := p(aB) for a € R, a probability measure j
and a measurable set B, we can see that f is represented as

f() = EwNM* [hﬁ()],

where

, 1 g

TS ;(ﬂm,«—w) + f2it1,(~1)1))-
Then, by letting co = £(0) — ¢(c}), we have
L(p*) < £(0) — co.
Next, we bound the KL divergence between v and p*. The convexity of KL divergence yields that

k

KL(v, p*) (KL(v, fi2i) + KL(v, fi2i+1))

—

~2(k+1) P

< A Tog(ph)2 {0112 + (max oy + )2 + log(1/(2A0) + M (1 + ¢%)

= O (log(k)* (llo]* + &%) -

This gives the assertion. O

Next, we prove Proposition 4.

Proof of Proposition 4. The proof of this statement resembles Proposition 4 of Suzuki et al. (2023b).
The key step in their proof is to show that the optimal solution satisfies

|fﬂ[>\] (Z)| = |fu[)\] (Z/)|
for any z, 2’ € supp(Pz). We prove that this still holds in our general setting. Let T'4 : RY — R be

Tyx = (Az1, 2, 3),

14
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where & = (1, 2o, 73) for ; € R%, 25 € R and 23 € R. Then, we can see that

fu(2) = frayn(2)

for i € P and T4 is the push-forward with respect to T4, and z = AZ. Based on this coordinate
transform, we can reduce the problem to the standard parity setting where the input obeys the

uniform distribution on {#1/v/d}?. According to this coordinate transform, the prior distribution
v is transformed to v4 := T'4xv, which is again a normal distribution with mean 0 and variance
AAT /(2)1). We also let T} be the map which flips the sign of the i-th coordinate. Then, the key
argument in the proof of Suzuki et al. (2023b) is to show that

KL(vallp) = K(val|Tjzn)

for a measure 11 € P (which is supposed to be T4 [ for a population risk minimizer [t). This equality
is true because the normal distribution is point symmetric. Indeed, we have

KL(valln) = KL(Tjpval|lTjzp) = KL(val|[Tjzp),

where the first equality is by the invariance of the KL divergence against any bijective coordinate
transform and the second equality is by the point symmetry of the normal distribution. Then, following
the same argument to Suzuki et al. (2023b), we obtain the assertion. O

Finally, Proposition 1 can be obtained as a corollary of Proposition 3 where we set A =
diag (31 Vd, soV/d, ..., sd\/8>. For this setting, we can easily see that

2 _ -2
o> =" s
FISE
Combining with this evaluation and the fact that

kzleZsisi_lg Zsf 25_2 Zs

1€1, 1€1y, i€l 1€l i€l

we obtain the assertion.

B ESTIMATING THE INFORMATION MATRIX

Without loss of generality, we may take I, = {1,...,k}. Leto(w' 2) = h,(z) for (z1, 2o, 73) =
(w, by, bs) for a fixed by and by. Then,

=N |
ZZ cO0)(w " 2)".
=0

—:C@

Note that the gradient of the loss with respect to w; can be written as

Zzl ylfuo ylzlj (wTZi)'

Suppose that f,,(z;) = 0, then since Y = [ 1Zj), its expectation can be expressed as

]Elk(

gi(w):=E | [] (55" 2;)Z0' (w" 2)

Jj' €l

(1) If 5 € I}, then we have that

II 5| 1T Zo'w™2)

J el \j J'€l\j
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Then, by the Taylor expansion of o, it holds that

k—1
_ _ 1 ~
giw) =s; [ s §jﬁag’>E I 2o (6w 2)

J'€lk\J £=0 J'€IR\j =0
¢
+Z€, ok | TI 2po'(Gw)" 2| |
J'e€l\j =0
=38; H 5;1 E H Z Z)kfl
J'€le\j J'€Ie\j
B3N e
=k J'el\j
=35 H s /1 H 5% k - H wjs + (higher order term)
J'€Ie\j J €D \j 3 €I \J =(a)
=Ck - H Sjr H w;+ + (higher order term).
J' €l J'e€l\j

The higher order term (a) in the above expression can be evaluated as

in«: [ 2z =@ 2)

=k 3 €IL\J

&~

£y
IE{ H Z,.%[ Z Z Z wWar Zir wa. 7
j' 44 1451
J'€l\j {1, dk—1}=Ik\j 0l <l < <Llp_1<l \j'€(K\j)°
lo—01—1 l3—lo—1
Z wjr Zjr wj, Zj, - wjr Zje Wy Ly
J'€Ie\{4.d1})° J'€(Ix\{4,31.52})°
Lr—1—Lp_2—1

Z wj Zjr W1 Zjpu_y (wTZ)Z_Ekl_ll }

M8

14

Jk—1
7' €Ik \{7:31,525+2k—2}1)¢

M

£y
e M 2| % Yoz e
L= k

{J1ede—1 =T \J 0L <lo <o <Lp—1 <€ \j'€(I1\j)°

lo—01—1 l3—0a—1
. Z wj/Zj/ . Z wj/Zj/ e
J'eTe\{d.g1 e j j

J'€Te\{J,d1,92})°
ly—1—Lp_2—1

> wj Zjr : (wTZ)el“1] }

5 €Ik \{J:91,525 sk —21)¢

Then, applying Holder’s inequality, we can bound the right hand side as

£y
L—k+1T ¢=&+1
Z G

H ,w] + . E E E E wj/Zj/

L=k j' €l \j

g —13=I\j 0l <lp <o <L 1 <L J'e(I\jg)°
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Lo —0141 Lp—1—Clp—2+1
L—k+1 —k+1 (—k+1 T—k+1

E Z wj/Zj/ E Z ’LUj/Zj/
3 eI \{Jg.g1})° J' €T \{F,d15esdk—2})¢
L= 141

E “wTZ‘E—kH] T

Now, we use the moment bound of sub-Gaussian random variables to bound each term
_1+1
(—hp1y Lo ta1tl :
Bl 3 e\ ronrju e Wit Zj'| |7 71 . Indeed, we can see that, for any index set J C I,

w Z is a sub-Gaussian random variable with parameter ||w; ® s,||* where a sub-Gaussian random

variable X with a parameter u satisfied E[| X |] < (cu)®¢*/? (V¢ > 1) with an absolute constant c (see
Proposition 2. 5 2 of Vershynin (2020), for example). Hence, by noticing that [Jw;®ss||? < ||w® s||?

and ¢ + Zb 5 (éb b1+ 1)+ € —4Lx_1+1=1{¢—k+ 1, the right hand side can be bounded by

2 C£+1 4 £—k+1 (L—k+1)/2
. _ o 1
II <5 11 wr Z F sy Ty (G I DR G R

' E€IL\J €I\
B (f —k+ 1)(£—k+1)/2
H s - H wjr - Zce+1(c||w © s||)f k! — ' .
) ) . . (¢ —k+1)!
J'€IL\J J'€IL\J t=Fk

Then, by the Stirling’s formula, the right hand side can be bounded by

oo B (k4 )R/
2, | . L—k+1 (
IT 5 I el D cenllwos| (—kt1+1/2—((—k+1
AV DI AY Pt Var(l—k+1) [2em(E=k4)

(o) (—k+1
1 e 1
2 . O—k+1
H Sy H |w] | ZC@+1H’U)@SH /9% <(£_k+]_)1/2) (g_k+1)1/2

J'€lx\j J'€Ix\j =k
2
IT 55 11 twsl,
J €I\ J'€li\j

where we used the assumption [|w ®@ s| is sufficiently small such that >,2, co1(cllw ©

I—k+1
l—k+1_1 1 Cr
s|) 7= (7“ k+1)1/2) (s yve <3 Therefore, we can see that

=C - H S - H w;s + (higher order term),

Jj'€lx j'elx\j
Ck
| )| = 9 H Sj - H |wj’|7
j €l j'€lx\j
_ 3
OIS | T | (13)
Jj'el, ' el\j

(2) In the same vein, we also have that, for j & I, it holds that

gj(w) = Cry2 - H Sjr H w; + (higher order term),

Jj'elUy J'€lxUy
g (w)| < 2cxp2- [ s T Iwirl- (14)
J'elikUjg J' €Uy

Next, we show the concentration of the empirical gradient g;(w) around its expectation. Observe that

sup |[0'(Y fo,(2))Y Zjo' (w' Z)| < Rs;,
Y,Z

*Here, 2 © y := (2;95) =1
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Vary z[0'(Y fu,(Z))Y Zjo' (w" Z)] < R?s2.
Therefore, by Bernstein’s inequality, we obtain that
P (19s(w) - ()] >
for any 0 € (0,1). Hence, if we let n
S 16k R*log(2N/8)%d
- 2
(COCk Aljer 3j’>
for a sufficiently small constant Cj, then we have that

|9 (wi) = gj(wi)| < Cocy H sj - 53/ Vkd,

J' €1k

uniformly over [ = 1,..., N with probability 9.
For that purpose we evaluate the expectations of g;, (w)g,, (w) carefully. Let H(w)

15)

S By [0 2] = dw o]+ 35y SRR, [(w” 2)4]. We evaluate

k:+1
for each COIldlthIl on j1 and jo.

a+20)!

(a) If j; = jo € I}, then it holds that

Ewl(g;,(W)g;, W) =c [] s5Bw | [ Wia+HW))?
J'€lk J'€li\j1
= Q H S?/
J €l

(b) If j1 # j2 and j1, j2 € I, then it holds that

Ew (g5, (W), (W)] = ¢; [1jier, s3E [Hj’elk\{jl,jg} W3- Wy, Wy, (1 + H(W))Q} =0,
where we used that the distribution of W is symmetric and H (W) satisfies H(W) = H(—W).
(¢) If j1 # jo and jy € Iy and jo & I, then

Ewl(g, (V)3 (W) = crerse [ shsnBE | ] W3- Wi+ HW))?| =o0.
J' €l J' €L \j1

(d) If j; & Ij and jo & Ii, then

Ew (35, (V)35 (W)] = ciyo [ s3sinsinB | [ W5 - Wi, Wy, (1+ H(W))?

j' el jrel
_ )0 (J1 # J2)s
Ol eroug 53) G =J2).

Summarizing these evaluations, we can see that G' = (G, ;,)$2, i | € R%* defined by

Gy = Bw g5, W)gz, (W)

is a diagonal matrix where G, ;, for j; € I, has larger values than that for j; & I;;. We define its

empirical average version G = (G, j,) 7%, ;) € R%*d as

J1 J2 = E :gﬂl wy gj2 wl)

18
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Now, we show the concentration of G' around its population version G. Note that

1 N

% > g5, (wi)gj, (w) =N > (g5 (wi) = g5, (we) + G5, (wn)) (g5 (wi) = G (W) + G (w1))
=1 1

I
2|~
] =

(95, (wi) — g, (wi)) (g5, (wi) — G, (wr))

g]l U}l) 9 (wl))gjz (wl)

2\ T
M= an

+
==

(95> (wi) = gj, (w1))gj, (wi)

N
Il
—

g 1 (wl)gjz (’LU[).

_|_
=
Mz

-~
Il
—

. = A N _ _ :
Therejffore’ if we let AGjqu G Ji.d2 Gjl-,j2’ Gjlij = % Zl:l i1 (wl)gj'z (wl) and Gjlij =
% Zl:l (gjl (’Ujl) - gjl (wl))(gjz( ) g]é (wl))’ then fOI' any u € Rd’ it hOldS that

N N
lu" AGu| <2u’ (i, ;(g(wl) = g(wi))(g(wr) = §(wl))T> w+2u’ (i, ;E(wz)ﬁ(wz)T> u
<2u' Gu + 2uT(C§’ — G)u+ 2u' Gu. (16)

Here, the term ¢ — G can be bounded by the matrix Bernstein’s inequality as

16— Gl > K ( Q*(t +log(d)) , <t+1og<d>>@>1 < exp(—t)

N N

where K is an absolute constant and @ = d [] rer] s , because [|g(w;)g " (wr)|lop < O(Q). There-
fore, taking N = Q(d?k?log(d/d)/(Co max;r¢r, s W )) for sufficiently small Cj yields that

|G = Gllop =0 | Co H s%-maxs k],

Jel, J' €1k
with probability 1 — 4. In the same manner, we also have that
1. A .
Gi*G‘F(G*G)*G. (17)
In the following, we let Q1 := [ <, 5%, and Qg 1= [Lier, 53, - maxjigr, 5%

Then, by modifying the objective as

L) + MEL X Ty 505y -1]

with a regularization parameter Mo = Q. This is equivalent to the alternative objective
L(pt) + ME,[|| X ||?] where the input is transformed as Z < AZ where A = c4V/G + Aol B with
B = diag (51\/37 ce sd\/g) and a constant ¢4 = O((kQ1 max;: s%,)” 1/2) such that ||AZ]|| < 1.
Indeed, we can take such c4 because

H\/G + XOIBZH2 <77B(2G+ (G- G)+3G) BZ

< Z 3]1 h 1/ (kd) —i—Qg(dmaxs )—&—rrbaxs H(kQ1 + (d—k)Q2)

J1,J2=1
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2
< kQq mﬁx 851

where we used the assumption of Z;l:l s? = 1 and the fact that dQ> = dQ) - max; ¢, 2, <

Jj o~

due to the assumption d max; gy, 5?, = O(1). Then, we can see that
IATI0I? = c4*¢TB~HG + XD) ' BT1o = ¢, %¢] (G + Ao])T'G,
for (s = (sfl, e 521,0, ...,0)T. Now, let
3 G G
G )\ — [171] [1,2] .
T (G[z,l] Gl2,2)

Then, we can see that
-1 _
(G +RoD) ! = <<Gu,u — G yGplyGrn) ™ ) |
*

*

We know that G5y llop < [13aD) ™ [lop = Q3" and [[Gpy,zillop S Co/E(d — F)Q1Qa/(kd) by
the same argument as Eq. (16) and the assumption d max;:¢r, si, = O(1). Hence, we can see that
Gy — G 2iGply G £ Qi — O(CH(k(d — k)Q1Q2/(kd)/Q2)I = [Q1 — O(CFQ1)]L,

by Eq. (17). Therefore, by taking C sufficiently small, we have that
(G — G[1,2]G[_2712]G[2,1})71 3Q7'I
Therefore, we finally arrive at

1A7101? < I IPI(G ) = G oGy Gra) ™ llop

-1
S kQr (maxsi,) -k <min 5?,) . Ql_l = k2
Jl

J €1k

2
man/e[d] Sj/

minj/ el ?,

C KERNEL LOWER BOUND

In this section, we derive the kernel lower bound for the k-parity classification problem (Example 2)
in the spiked covariance setting. Our proof is divided into two steps. First, we translate the event when
prediction fails into when the value of | fz(z)| is away from zero. We combine the proof for 2-parity

(Wei et al., 2019) and an additional observation that K (z, z*) have d~(1=a)k”=(k=k") ¢orrelation to
1y, to get the tighter bound for general higher order parities than that in Wei et al. (2019). Then, we
show that the probability of that event is evaluated by the the smallest eigenvalue of some kernel
matrix defined in Lemma 3. Finally, we apply the lower bound of the smallest eigenvalue using the
technique of Misiakiewicz (2022).

Note that, we do not need to prove Theorem 3 for 1 — & < a < 1, because [ (1 — a)k*] = 0 holds
for such a. Thus in the following we assume 1 — k% <a<1,hencel —a > 0.

Lemma 1. Forn < d=F +FE=k") with probability 1 — exp(—Q(d)) over the random draws of
the training sample, we have

i=1

c n
Ponp, [f(2)y <0] 2 Ponp, [|f/3(2)| Z T k) Z |ﬁi|] —1/d,

where c is a constant depending on k and {~, };.

Proof. Consider randomly drawn zj 1.4, which we fix in the following. Suppose f5(z)y(z) > 0 for
all choices of z1. and | f3(2)| 2 gaa% D1y |Bi] for some 2., for the sake of contradiction (with

high probability). Then, consider the average of K (z, z%)y over the choices of z1. as follows:

) oo ZTZi l
Euyo [K(5209()| 2101d] = B [Zaz( 2 v

=0

Zk+1:d‘|
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oo ZTZi l k
=> Wk, (d> Hz] et 1 (18)
1=k j'=1

Let us evaluate ]Ezljk[(ZTZi)l H?,:l zjr|zks1:a). Fork <1 < [2((17Q)k*+(k7k*))], we expand

d -«
(2E) = (DL, 22! to obtain
E <ZTZi>lﬁZ,, . § zl: o kl’(d_k)l—l’ <d°‘>k* <1>k—k* (1>l—l/
21:k d 11 J k+1l:d| > - e d d d
j'= U=k
terms containing each z1, - - - , zj, at least once

< g (=e)k" —(k=k"),

For | > [2((170‘)];:2%7’6*))] + 1, we have |ZTTZ| < d~(=9/2/logd with prqbability 1-

1/d( =R+ (=kD+1 over the choice of zj41.4, and therefore 7%, ]EZMHZTTZ

d—(1—)k"=(k=k") By using them for (18), we have

oo T . !
2Tz

S (7)) wto

=0

l|2k+1:d] S

< - (-e)k" —(k=k")

Ezl:k [K(zv Zl)y(2)| Zk+1:d} = Ezl:k Zk41:d

for randomly drawn 2y, 1.4, with probability more than 1 — 1/d(*=®* +(k=k")+1 Therefore,

Bz [f@(z)y(z)| zk+12d] =E;. Z BiK(zv Zl)y(z) Zk+1:d] (19)
< ! . 20
S Jo-a kTR 2—31 |Bil (20)

with probability more than 1 — 1/d.

On the other hand, if f3(2)y(z) > 0 for all 21,1, and |f5(2)| 2 Fa—mrm=r 211 |Bi] for some
21k, We have
1 1 ¢ -
E.o [f8(2)y(2)] 2ht1d] = of Zf,g(z)y(z) Z oF " g ak (k) Z |Bil. 2D
Z1:k =1

By comparing (20) and (21), we have the contradiction for more than 1 — 1/d probability of the
choice of z;,11.4 by taking c sufficiently large. Therefore, if | f5(2)| 2 Sa=awro=r 2oi1 |6i] for
some z1.;, there exists some 21, that yields fz(z)y < 0, for zj41.4 that is drawn with probability
more than 1 — 1/d, which yields the conclusion. O

Now we evaluate the probability P..p, [| f5(2)| > o= rm=r 21— |Bill- Since fz(z) can have
very high order terms, make the following approximation.

Lemma 2. Let us define g1: [—1,1] — Ras
rﬂ(l—a)l;*_ﬁ(icfk*))]
g1(t) = it
1=0
Suppose n < dA—k +(k=k") Tphep,
T.,i

K(z,zl) — 0 (Z dz )‘ < d—(l—oz)k*—(k—k*):| >1-1/d.

IPZNPZ |:E|Z S [n],

Proof. First, we note

[2((1*0)710*7:;(70*’“*)) 1

=0
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(22)

[2((1—W)’1€it(k—k*))]+1

T %

. . _a)k* _E* 2Tz
With probability 1 — 1/d(1=)k +(k=k)+1 ‘T

logq \ ([P R=E =ty 2 ,
bounded by < (déa) < d= ()R ) for a sufficiently large d. By

taking the uniform bound over all ¢, we get the assertion. O

< d~(1=)/2, /logd. This means that (22) is

Owing to this lemma, it suffices to bound P, p, [| >, ﬁzg1( =) > TRy 2 |Bil]
by Q(1), because

c n
P.ap, [|fﬂ(2) 2 P o ) Z |Bil

- 212 c+1
Zﬁlgl ( d )’ 2 d(l a)k*+(k—k*) Z ‘61
i=1

For this, we lower bound the second moment, which captures the variation of fg.

Z ]P)ZNPZ [

Lemma 3. Suppose a; are all positive and define Ko € R™*™ as
1

k T
Z <Zk+1 d Zk+1 d>

=0

Then, for sufficiently large d, we have

(Z: Big1 (Z

i\ 2
o )) > g~ L=k |+ (k=k") gT i) 3.
d <

The proof requires several auxiliary lemmas as follows. We defer the proofs of them after the proof
of Lemma 3.

Lemma 4. For any integers p,g > 0,

(me’)*’) (Zﬁiwzi)q)]

> Bz l(Z Bi( Zk+1 dzk+1 a) ) <Z Bi( Zk+1 d2k+1 )" )1 >0

i=1 i=1

Lemma 5. Let 2,27 € {—1,1}4, z € {—1,1}4 be a vector sampled uniformly from the hypercube,
and let | be any integer. Then, we can expand the expectation as

l/
ZTZi ! ZTZj : ! 1 ZiTZj
Ez [( d ) < d ) = l/%:()d Cd,l,l’ d .

Furthermore, for sufficiently large d, cq,;» > 0 and especially cq;, = (1)

Proof of Lemma 3. Let us first expand the target:

(& (7))

—a)k* k—k*
(2((1 )17::( ))“

n T.i\!
e[S Y %(Z;)
=1

2
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—a)k™ k—k*
(2((1 )1_4;( >)W

:Ez Z 7l251

=0

= Z Vi 7. E

0y 1y <[ 2=kt LUk

(E@ ()) G ()] =

From Lemma 4 and ;, ,y;, > 0, each term is non-negative and (23) is lower bounded by

[2(Q =)k +(k=k™) N\ 27
1—a n T 7
°R Pl+1:d7k+1:d
Vi Lzpiaa Bi d
=0 =1
|'2((1*0<)11€*_jry(k*1»‘*))‘| AN
- z Z
2 z : k+1:d k+1 d
2 ’Yl ]Ezk+1:d 61 ( ) . (24)
=0

Let us define a matrix Ky € R™*" so that (24) is equal to ,BTKlﬂ. For that, we define

’-2((1 a)k +(k—k* ))"

«— a1 l 2 1d2i d l
. 2 +1:d”k+1: +1:d7k+41:
(Kl)iJ - Z 7l Ezk+1:d ( d _ k} > ( d _ ]f )

=0

According to Lemma 5,

2((1—a)k* +(k—k*
r « )1 -Z( ))]

- l i T j
_ Zk+1:d “k+1:d
(K1)ij = > WY (d=k) " ea g (d - )

=0 I'=0

4

2((1—a)k* +(k—k* 2(1—a)k* +(k—k*
[(( )17-:( ))] ((( k™ +( ))-‘

11—« l

Zli+1 dTZi 1:d
_ 2 A . : +1:
- Z Z Vi (d — k)™ ca—par — g% |-
1=0 1=l
Because ¢y, > 0and cqg—p 1, = (l!)Q, (d — k)_lcl = (Zl%]’c:l ’VZQ//(CZ — k)_l/lcd—kJ”J) P d!

holds. Thus, we have (d — k)~l¢; > d=LA=F I+ (k=F) ¢ forall | < [(1 — a)k* | + (k — k*) for
sufficiently small ¢, and by defining K5, K3 € R"*™ as

lA—a)k* |+(k=k") / ; T _i\!
(K2)ij= > (zk“:d ZJ)
,] T

d—Fk
=0
L(1—a)k* |+h—k* T !
L o=l = (lA—a)k* |+k—k*) k+1:d “k+1:d
(FKay= 3 (@=ka=d ) (d_k )

2(A—a)k*+(k—k*)) . . l
[ s 1 i TZ]
_ —1 k+1:d k+1:d
+ E (d k’) Cy (d Iy ) 5
I=|(1—a)k* |+k—k*+1

we have K; = ed— A=)k I +k=k" [, 1 K. Moreover, K3 is positive semi-definite because K is
written as a sum of polynomial kernels with positive coefficients. Thus, we can lower bound 3" K 3
by d— A=)k I=(k=k") 3T K, 3 (up to a constant factor). O

Proof of Lemma 4. The proof idea comes from Lemma B.9 of Wei et al. (2019). For aset S C [k],
we let 25 = [[¥_, 2, and for aset T C [d] \ [k], we let 27 = []*_, z;. Expand (27 2%)P as
P

d
>z =D Cspmer®2 (25 (),
j=1 S, T
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where ¢s|,r),p = 0 depends only on |S], T, and p due to symmetry. Also, we let
S S i T
(Zk+1 dzk+1 a)” Z C\T\ DPRkH1: dzk+1 d(zk-i-l @) (Zigra)

T

Note that Cy |7, > C’|T|7p > 0, because Cj |7, considers the case where z;(i € [k]) is multiplied
for even number of times.

As a basic fact in Boolean analysis, we have E[252725 27'] = O unless S = &’ and T = T".

Therefore,

(Z 51(ZTZi)p> (Z 5i(ZTZi)q> 1
i=1 i=1

=E. ZIBZZC\S\ 172”2 ()5 ()T Zlﬁzzcm ir1.q2° 2 ()5 ()T

>_E. KZ ’B’iCIS,Tl,p(Zi)S(Zi)T> (Z ﬁiCS|,|T|,qZSzT(zi)S(zi)T>]

S, T i=1

n 2
=Y &51Cig) 111 ,Cls) 719 (Z 51‘)
S

N

2
Z 0,171,pC0,|T,q (Z @) (25)

T 1=1
Where we used C\ g |7|,p> C|s],|7],¢ = 0. On the other hand,

n 2
Zk+1 d [(Z Bi( Zk+1 deJrld ) (Z Bi( Zk+1 d2k+1 2)! )] = ZC\T\,pé|T|,q (Z ﬂi) > 0.
T

i=1 i=1 i=1
(26)
Because ¢|s|,7|,p = Cr,p and ¢|s),|7).,q = Cr,q, comparing (25) and (26) yields
. |(Saeer) (Saemr)]
i=1 =
2Bz [(Z Bi(2 s 1:a%ht1.4) ) (Z Bi(Z 4 1:a%hs1:0)" )1 =0,
which concludes the proof. O

Proof of Lemma 5. LHS is determined by how many coordinates are different between z* and 27,

which is captured by 2% ' 27 Thus, LHS is_the polynomial of 2¢ ' 27. Moreover, its degree is at
most [ because the degrees of 272" and 2" 27 are at most [ in LHS. Thus the LHS can be written as

7,T
Zz/ Cd,l, l/( d2 ) Note that, when [ is even, LHS is invariant to the replacement 20— —27, and
therefore ¢q,,v = 0 for odd I’. On the other hand, when [ is odd, ¢g,;» = 0 for even I’

Let us evaluate ¢4 ;. By multiplying d' on both sides, we have

l/
ZTZi ! ZTZj ! ! ZiTZj
- [(5) ()]-F
[\/3 Vd = d

T
z' 27
d

By taking d — oo (while fixing the angle

), LHS will converge into
N 1
E <9TZZ> <9TZJ) @7)
g \/671 \/a )
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here g follows S?~(v/d). Now consider the Hermite expansion of t' = 3,_ ¢ l/Hel/( ). If Lis

even, ¢,y = ———+—— > Oforeven!’ and ¢;y = Oforodd I’. If lis odd, ¢; ) = —+—— >0
2

l
= (5w (l Cyur
for odd I’ and ¢; ;» = 0 for even I’. By using these Hermite coefficients, (27) is equal to

v T o\
IR e
C !’ - . .
1,1 d
1’'=0
i J

i T
Note that, as a function of the angle 2 dz

€ [—1, 1], the convergence is uniform. Therefore, we get

dilCdJyl/ — 6127[/ (d — OO)

for all [ and I”. When 612,1' =0, ¢q,,» = 0 for all d as we saw above. When CZZ’Z, > 0, there exists d
such that cgq ; ;- > 0 for all d’ > d. Therefore, for sufficiently large d, we have c4,;,;» > 0. Moreover,
by direct calculation, cq; = (I!)2. O

After obtained Lemma 3 we would like to bound d~L(=®)*! 3T K, 3. For this, we use the lower
bound the smallest eigenvalue of K.

Let K4 (d = 1,2,---) be a sequence of inner-product kernels with K4)(z,2") = h(d)(ZTdZ/).
Consider the case when each K4 is associated with the same kernel function %: [-1,1] — R,

so that h¢g) = h holds for all 2,2’ € {—1, 1}?. The following Lemma requires h is a degree-k
polynomial and its coefficients are positive for all degrees. Note that K> satisfies these conditions.

Lemma 6 (Misiakiewicz (2022)). Assume the following conditions hold:
@ h¥)(0) > 0fork' =0,---  k—1.
() h*)(0) > 0.
(c) h(:) is k-times differentiable.

Now fix § > 0 arbitrarily, and assume that d > land n < dPe Ve d for some {aq} with
aq — oo(d — 00). Given n i.i.d. sample {z'}"_, from Pz, we “construct a kernel matrix K € Rnxm

as (K@)ij = h(zld‘z] ). Then, the kernel matrix K4 can be decomposed into two positive
semi-definite kernel K~ ,_1 and K<j,_1, and the spectrum of K+, is bounded by

Egiyn [”K>k—1 — h(k)(O)IHip} —0 (d— o0).
Proof. See Section 3.2 of Misiakiewicz (2022), where we take k = k — 4. O

Therefore, for any fixed § > 0 and d > 1 and n < dl(—®*"J+(E=k")=4 3]] the assumptions are
satisfied for Ko with k = [(1 — a)k*| + (k — k*) (if we regard K as a kernel in R9=% x R4=F),
Note that we can take ag = (log d)% so that and dFe—2eViosd > d*=9_ Then, the smallest eigenvalue
of K1 is lower bounded by §2(1) with probability at least 0.99 over the randomly drawn sample,
for sufficiently large d. This immediately implies that the smallest eigenvalue of K is bounded by
(1) with probability at least 0.99.

Now we finalize the proof of Theorem 3.

Proof of Theorem 3. According to Lemmas 3 and 6, for all choices of 3, with probability at least
0.99 over the randomly drawn sample, we have

o\ 2 n
- 22 —[(1—a)k" | = (k—k") 2
> Bigr Zd > 8 (28)
=1

i=1

> dld—a)k~ J+k n (Z |5z> (29)
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2
1 n
R 2la—c)k* [+2(k—k*)=0o <Z|Bi|> : 30)

i=1

Because g; is a degree-2k polynomial, Bonami’s Lemma (e.g., Theorem 9.21 of (O’Donnell, 2014))

yields
4 2
= ZTZi 1 n szi
) z z NS |
- (;ﬁle( d )) Z GE oy (;ﬁ291< y >>

As a result, the Paley—Zygmund inequality (see Theorem 9.4 of (O’Donnell, 2014)) yields
n n T .0 2 5 (1 2)2
z' 2 —t
> Bi >R, | Y8 > 1
i_lﬂ'gl( > - <i_1ﬂgl( d )) e—p# OV

forall0 <t¢ <1.
Combining (28) and (31), with probability 0.99 over the sample, we have

" 21 2
;Bigl (d)

with probability €2(1) over the choice of z. By taking sufficiently large d, dm,u)kﬂi(k,k*),s/z is
larger than W (cis a constant from Lemma 1). Thus, using Lemma 2, we get

2T

Zi
P,
d

1 n
~ dl(A—a) k= J+(k—k*)—5/2 Z |Bil-
=1

n
Cc

P.p, llfﬂ(z) > Ald—a)k* |+ (k—k*) Z ‘/61| 21— 1/d

i=1

Now we apply Lemma 1 and finally obtain
Ponp, [fp(2)y <01 2 1—2/d,

which concludes the proof. O

D DETAILS OF THE EXPERIMENT

We describe the experiment settings for Figure 1. We considered an anisotropic d-dimensional
3-sparse parity problem (Example 2): y = 212923, §1 = S3 = 83 = a/\/a, and sy = -+ = 1/\/&
Here a controls the alignment of the distribution to the feature, or the signal-to-noise ratio. We
fixed the dimension d to 300, and varied n and «. We trained the neural network (2) with R = 15.
Specifically, we employed the width N = 2000 as a finite neuron approximation, and initialized
neurons so that each of them followed the standard normal distribution (and thus the network was
rotation invariant at the initialization). By using the logistic loss, we updated the network by the
discretized MLFD (6) by setting n = 0.25, A\; = 0.1, and A\ = 0.1a?/d (fixed during the training)
by following Corollary 1, until 7' = 10000. We ran the experiment 5 times with different seeds and
plotted the mean for each n and «a.
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