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ABSTRACT

We study the problem of learning multi-index models in high-dimensions using a
two-layer neural network trained with the mean-field Langevin algorithm. Under
mild distributional assumptions on the data, we characterize the effective dimen-
sion deg that controls both sample and computational complexity by utilizing
the adaptivity of neural networks to latent low-dimensional structures. When the
data exhibit such a structure, d.g can be significantly smaller than the ambient
dimension. We prove that the sample complexity grows almost linearly with d.g,
bypassing the limitations of the information and generative exponents that appeared
in recent analyses of gradient-based feature learning. On the other hand, the compu-
tational complexity may inevitably grow exponentially with d.g in the worst-case
scenario. Motivated by improving computational complexity, we take the first
steps towards polynomial time convergence of the mean-field Langevin algorithm
by investigating a setting where the weights are constrained to be on a compact
manifold with positive Ricci curvature, such as the hypersphere. There, we study
assumptions under which polynomial time convergence is achievable, whereas
similar assumptions in the Euclidean setting lead to exponential time complexity.

1 INTRODUCTION

A key characteristic of neural networks is their adaptability to the underlying statistical model. Several
works have shown that shallow neural networks trained by (variants of) gradient descent can adapt to
inherent structures in the learning problem, and learn functions of low-dimensional projections with
a sample complexity that depends on properties of the nonlinear link function such as the information
exponent (Ben Arous et al., 2021) or generative exponent (Damian et al., 2024) for single-index
models, and the leap complexity (Abbe et al., 2023) for multi-index models. Specifically, prior works
typically established a sample complexity of n > d®(*) for gradient-based learning, where s can
be the information/leap exponent (Abbe et al., 2022; Bietti et al., 2022; Damian et al., 2023; Ba
et al., 2023; Mousavi-Hosseini et al., 2023b; Bietti et al., 2023; Dandi et al., 2023) or the generative
exponent (Dandi et al., 2024; Lee et al., 2024; Arnaboldi et al., 2024; Joshi et al., 2024), depending on
the implementation of gradient descent. This sample complexity is also predicted by the framework
of statistical query lower bounds (Damian et al., 2022; Abbe et al., 2023; Damian et al., 2024).

On the other hand, neural networks can efficiently approximate arbitrary multi-index models regard-
less of the generative/leap exponent s (Barron, 1993; E et al., 2022); moreover, if the (polynomial)
optimization budget is not taken into consideration, there exist computationally inefficient training
algorithms that can achieve sample complexity independent of s (Bach, 2017; Liu et al., 2024; Damian
et al., 2024). Intuitively speaking, a function depending on k = O4(1) directions of the input data has
kd = O(d) parameters to be estimated, and hence the information theoretically optimal algorithm on
isotropic data only requires n < d samples. However, thus far it has been relatively unclear whether
standard first-order optimization algorithms for neural networks inherit this optimality.

A promising approach to close the sample complexity gap is to consider neural networks in the
mean-field regime (Nitanda & Suzuki, 2017; Chizat & Bach, 2018; Mei et al., 2018; Rotskoff &
Vanden-Eijnden, 2018; Sirignano & Spiliopoulos, 2020), where overparameterization is utilized to lift
the gradient descent dynamics into the space of measures so that global convergence can be established.
While most existing results in this regime focus on optimization instead of generalization/learnability,
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recent works have shown that under restrictive data and target assumptions (such as XOR), mean-field
neural networks achieve a sample complexity that does not depend on the leap complexity (Wei et al.,
2019; Chizat & Bach, 2020; Telgarsky, 2023; Suzuki et al., 2023b). Among these works, Suzuki
et al. (2023b) proved quantitative convergence guarantees for learning k-parity with n < d samples,
despite the target function having leap index k. Key to this result is the convergence rate analysis of
the mean-field Langevin algorithm (MFLA) (Hu et al., 2019; Nitanda et al., 2022; Chizat, 2022b).
However, existing learnability guarantees in the mean-field regime fall short in the following aspects:

* Learning general multi-index models. Prior works established optimal sample complexity for
mean-field neural networks under stringent assumptions on the data distribution (isotropic Gaussian,
hypercube, etc.) as well as on the target function such as single-index models with specific link
functions (Berthier et al., 2023; Mahankali et al., 2023), or k-sparse parity classification (Wei
et al., 2019; Telgarsky, 2023; Suzuki et al., 2023b). Hence, the problem of universally learning
functions of low-dimensional projections with minimal data assumptions using neural networks
with a standard training procedure remains largely open.

Polynomial computational complexity. To achieve optimal sample complexity, the computational
complexity of the training algorithm in Telgarsky (2023); Suzuki et al. (2023b) is exponential in
the ambient (input) dimension. Although such exponential dependence may be unavoidable in
the most general setting, sufficient conditions under which the mean-field algorithm can achieve
statistical efficiency with polynomial compute is relatively under-explored, with the exception of a
recent work that studied the specific example of k-parity on anisotropic data (Nitanda et al., 2024).

1.1 OUR CONTRIBUTIONS

Motivated by the above discussion, in this work we address two key questions. First, we ask

Can we train two-layer neural networks using the MFLA to learn arbitrary multi-index models
with an (information theoretically) optimal sample complexity?

We answer this in the affirmative by showing that empirical risk minimization on a standard variant
of a two-layer neural network can be achieved by the MFLA. This result handles arbitrary multi-
index models on subGaussian data with general covariance, hence enabling us to obtain a sample
complexity with optimal dimension dependence up to polylogarithmic factors with standard gradient-
based training. However, such a universal guarantee will inevitably suffer from an exponential
computational complexity; thus, the second fundamental question we aim to answer is

Are there conditions under which the computational complexity of the MFLA can be improved
from exponential to (quasi)polynomial dimension dependence?

We provide a positive answer in two problem settings. In the Euclidean setting, we show that the
complexity of MFLA is governed by the effective dimension of the learning problem, instead of its
ambient dimension; this implies an improved efficiency of MFLA when the data is anisotropic. In the
Riemannian setting, we outline concrete conditions on the Ricci curvature of the compact manifold
defining the weight space under which MFLA converges in polynomial time.

1.2 RELATED WORKS

Mean-field Langevin dynamics. The training dynamics of neural networks in the mean-field
regime is described by a nonlinear partial differential equation in the space of parameter distributions
(Chizat & Bach, 2018; Mei et al., 2018; Rotskoff & Vanden-Eijnden, 2018). Unlike the neural
tangent kernel (NTK) description (Jacot et al., 2018; Chizat et al., 2019) that freezes the parameters
around random initialization, the mean-field regime allows the parameters to travel and learn useful
features, leading to improved statistical efficiency. While convergence analyses for mean-field neural
networks are typically qualitative, in that they do not specify the speed of convergence or finite-width
discrepancy, the mean-field Langevin algorithm that we study is a noticeable exception, for which the
quantitative convergence rate (Hu et al., 2019; Nitanda et al., 2022; Chizat, 2022b) and uniform-in-
time propagation of chaos (Chen et al., 2022; Suzuki et al., 2022; 2023a; Kook et al., 2024; Nitanda,
2024; Chewi et al., 2024) have been established.

A recent work (Takakura & Suzuki, 2024) considered a two-timescale MFLD where the second
layer is optimized infinitely faster than the first layer, and provided statistical guarantees for learning
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Barron spaces with a bounded activation function. The concurrent work of Wang et al. (2024) studied
this two-timescale approach to MFLD in a more general setting of optimization over signed measures
without considering the estimation aspect and statistical guarantees. Our formulation here bypasses
the need for two-timescale dynamics while learning a similarly large class of target functions.

Learning low-dimensional targets. The benefit of feature learning has also been studied in a
“narrow-width” setting, where parameters of the neural network align with the low-dimensional target
function during gradient-based training. Examples of low-dimensional targets include single-index
models (Ben Arous et al., 2021; Ba et al., 2022; Bietti et al., 2022; Mousavi-Hosseini et al., 2023a;
Damian et al., 2023; Lee et al., 2024) and multi-index models (Damian et al., 2022; Abbe et al., 2022;
2023; Dandi et al., 2023; Bietti et al., 2023; Collins-Woodfin et al., 2023; Vural & Erdogdu, 2024).
While the information-theoretic threshold for learning such functions is n 2 d (for isotropic data)
(Mondelli & Montanari, 2018; Barbier et al., 2019; Damian et al., 2024), the complexity of gradient-
based learning is governed by properties of the link function. For instance, in the single-index setting,
prior works established a sufficient sample size of n 2 d®) where s is the information exponent
for one-pass SGD on the squared/correlation loss (Dudeja & Hsu, 2018; Ben Arous et al., 2021;
Bietti et al., 2022; Damian et al., 2023), and the generative exponent (Damian et al., 2024) when the
algorithm can reuse samples or access a different loss (Dandi et al., 2024; Lee et al., 2024; Arnaboldi
et al., 2024; Joshi et al., 2024). This presents a gap between the information-theoretically achievable
sample complexity and the performance of neural networks optimized by gradient descent.

Notation. We denote the Euclidean inner product with (-, -), the Euclidean norm for vectors and
the operator norm for matrices with ||-||, and the Frobenius norm with |-||. Given a topological
space W endowed with an underlying metric and Lebesgue measure, we use P(W), P(W), and
P2 (W) to denote the set of (Borel) probability measures, the set of probability measures with finite
second moment, and the set of absolutely continuous probability measures with finite second moment,
respectively. Finally, we use d,,, to denote the Dirac measure at wo, i.e. [ h(w)ddy, (w) = h(wy).

2 PRELIMINARIES: OPTIMIZATION IN MEASURE SPACE

Statistical model. 1In this paper, we consider the regression setting where the input € R? is
generated from some distribution and the response y € R is given by the following multi-index model

y:9<<”\}’§>""’<u} )+§ @2.1)

Here, g : R¥ — R is the unknown link function, ¢ is a zero-mean ¢-subGaussian noise independent
from a; for simplicity, we assume ¢2 < 1. Without loss of generality, we assume that the unknown
directions wy, . . ., uy, are orthonormal, and define U = (w1 /VE, ..., u,/VE)T € RF*?; thus, we
can use the shorthand notation y = g(Ux) + £. Throughout the paper, we consider the setting k < d,
and treat k as an absolute constant independent from the ambient input dimension d.

For a student model  — ¢(a; W) with W denoting its model parameters, we consider loss functions
of the form ¢(§, y) = p(§ —y) where p : R — R is convex. In the classical regression setting where
we observe 7 i.i.d. samples {(z(?), y()}7_ from the data distribution, the regularized population
risk and the regularized empirical risk are defined respectively as

(W) :zE[Z(g)(w;W),y)}—i—%R(W) and J\(W ZE z, W), )+)\R(W)

where R is some regularizer on the model parameters and the expectation is over the joint distribution

of (z,y). In practice, we minimize the empirical risk J as the finite sample approximation of the
population risk .JJy, anticipating that both minimizers are close to each other.

We use a two-layer neural network coupled with ¢, regularization to learn the statistical model (2.1),
where learning constitutes recovering both unknowns U and g. Denoting the m neurons with a matrix
W = (wy,...,w,,)", the student model and the ¢»-regularizer are given as

m

1 1 1 —
m(x; W) = ooy Z‘I’(w;'wj) and R(W):= EIIWH% = Z |w;|?,  (22)
j=1 j=
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where ¥ : R? x W — R is the activation function, and w; € W with W denoting a Riemannian
manifold. In this formulation, the second layer weights are all fixed to be +1.

To minimize an objective J denoting either J) or Jx, we will consider a discretization of the following
set of SDEs, which essentially define an interacting particle system over m neurons:

dw} = —mVy, J(wi, ..., wl,)dt + v/ 28-1dBJ for 1<j<m, (2.3)

where V,, is the Riemannian gradient and (Bj )72 is a set of independent Brownian motions on W.
We scale the learning rate by m to compensate for the fact that the gradient will be of order m~! with
respect to each neuron. The case 3 = oo corresponds to the classical gradient flow over J, while the

Brownian noise can help escaping from spurious local minima and saddle points.

Optimization in measure space. Notice that the neural network and the regularizer in (2.2) are both
invariant under permutations of the weights (w1, . . ., w,, ); thus, an equivalent integral representation
of these functions can be written using Dirac measures d,,; centered at w;, namely

X . 1 —
i@ o) = [ )dow and Row) = [ Pduw  with pw = - 36,0 24
j=1

Here, pw is the empirical measure supported on m atoms. Indeed, §(x; pw) = §m (x; W) and
R(uw) = R(W), and this formulation allows extension to infinite-width networks by removing the
condition that measures are supported on m atoms, and by expanding the feasible set of measures to
i € Pa(W). Thus, we rewrite the population and the empirical risks in the space of measures as

Ta(pw) = JA(W) and  Ja(uw) = JA(W),

with domain 1 € Po(W). Let J : Po(W) — R be the population risk 7y or the empirical risk 7.
We can equivalently state the interacting SDE system (2.3) as (see e.g. (Chizat, 2022b, Prop. 2.4))

dw! = Vo J'[pw](wh)dt + /26-1dB] for 1<j<m, (2.5)
where J'[1] € L?(W) denotes the first variation of J () defined via
[ T (w)d(v — p)(w) = lim, o LO=Dte=T6 =, ¢ py(W), (2.6)

which is unique up to additive constants when it exists (Santambrogio, 2015, Definition 7.12).

As m — oo, the empirical measure pyy+ weakly converges to a deterministic measure p; for all
fixed ¢, a phenomenon known as the propagation of chaos (Sznitman, 1991). Furthermore, y; can be
characterized as the law of the solution of the following SDE and non-linear Fokker-Planck equation

dwt = —ijl[ut](wt)dt + v 2571dBt and 8”145 =V (Ntvjl[ﬂt]) + ﬁ_lA/jt, (27)

where V- and A are the Riemannian divergence and Laplacian operators, respectively. Due to the
existence of mean-field interactions, (2.7) is known as the mean-field Langevin dynamics (MFLD).

For a pair of probability measures p < v both in P(W), we define the relative entropy H (x| v) and
the relative Fisher information Z(p | v) respectively as
’Vln du. (2.8)

dp
= In — T =
)= [ wan and Zulv)= [ |omE

It is well-known at this point that y; in (2.7) can be interpreted as the Wasserstein gradient flow of
the entropic regularized functional Fg(p) = J (1) + %’H(u | 7), where 7 is the uniform measure
on compact WV or the Lebesgue measure on a Euclidean space (Jordan et al., 1998; Ambrosio et al.,
2005; Villani, 2009). For this gradient flow to converge exponentially fast towards the minimizer
ps = argmin,, Fg (), we require a gradient domination condition on w5 in the space of probability
measures, given as

du2

% C S *
H(p|pp) < %I(u |1g),  YuePW), 2.9)
which is referred to as the log-Sobolev inequality (LSI). If the measure dv,,, o< exp(—8J" [p])dT

satisfies LSI with constant C1,g7 for all ¢ > 0, u; enjoys the following exponential convergence

—2t %
Fa(pe) — Fa(pp) < ePoust (Fa(po) — Falup)); (2.10)
see e.g. (Chizat, 2022b, Theorem 3.2) and (Nitanda et al., 2022, Theorem 1).



Published as a conference paper at ICLR 2025

3 LEARNING MULTI-INDEX MODELS IN THE EUCLIDEAN SETTING

In this section, we consider learning multi-index models in the Euclidean setting. For technical
reasons, we use an approximation of ReLU denoted by z — ¢, (%) for some x, ¢ > 1, which is
givenby ¢, ,(z) = k! In(1 +exp(rz)) for z € (—oo, /2] and extended on (+/2, 00) such that ¢, ,
is C? smooth, |¢, ,| < ¢, |¢;,L’ < 1, and ’¢%’L| < k. Note that ¢, , recovers ReLU as k, 1t — o0.
Recall that we freeze the second-layer weights at +1. Consequently, non-negative activations can
only learn non-negative functions. To alleviate this, we choose W = R24+2 and use the notation
w = (w{,wj )" withwy,ws € R to denote the first and the second half of weight coordinates,
and use the activation function

U(z;w) = dr, (&, w1)) — b, (T, w2)), (3.1
where % := (x,7,) " € R for a constant 7, corresponding to a bias unit. The above can also be
seen as a 2-layer neural network with activation ¢, , and second-layer weights frozen at £1.

We use the neural network and the regularizer in (2.2) with weights W = (wy,...,w,,), and

minimize the resulting empirical risk J »(W) via the mean-field Langevin algorithm (MFLA), which
is a simple time discretization of (2.3) with the stepsize 1 and the number of iterations [ > 0,

w = wh — MV, (W) + W&éa 1<j<m, (3.2)

where flj are independent standard Gaussian random vectors. When the stepsize is sufficiently small,
MFLA approximately tracks the system of continuous-time SDEs (2.3) as well as their equivalent
formulation in the measure space (2.5). If, in addition, the network width m is sufficiently large, prop-
agation of chaos will kick in and the dynamics will be an approximation to MFLD (2.7), ultimately

minimizing the corresponding entropic regularized objective F3 (1) = J ) + %'H(u | 7).

We make the following assumption on the input distribution.
Assumption 1. The input x has zero mean and covariance X. Further,

z|| and |Uxz|| are subGaus-
sian with respective norms o,||="?||r and ,,||=Y2U T ||r for some absolute constants o, o.,.

One example for the above assumption is the Gaussian case & ~ N (0, X) where || Ax| is subGaus-

sian with norm HEl/ 2 A|| for any matrix A. In settings we consider, we can replace the operator norm
with the Frobenius norm to obtain a weaker assumption, since || Ax|| is roughly concentrated near its

mean, scaling with |2/ AT ||p. Assumption 1 can cover much broader settings than Gaussianity,

e.g. it is satisfied when @ = /22 and z has mean-zero i.i.d. subGaussian coordinates (Vershynin,
2018, Theorem 6.3.2.). Without loss of generality, we will consider a scaling where || 2| < 1.

A key quantity in our analysis is the effective dimension which governs the algorithmic guarantees.

Definition 1 (Effective dimension). Define deg = c2 /12 where ¢ = tr(£)Y/2, v, == | SY2U T ||.

The effective dimension deg can be significantly smaller than the ambient dimension d, leading to
particularly favorable results in the following when d.g¢ = polylog(d). This concept has numerous
applications from learning theory to statistical estimation; see e.g. Vershynin (2018); Wainwright
(2019); Ghorbani et al. (2020); Ba et al. (2023). In covariance estimation, for example, the effective
dimension is typically defined as tr(3)/||%|| (e.g. (Wainwright, 2019, Example 6.4)), which is
equivalent to d.g in Definition 1 provided that U lives in the top eigenspace of ¥. However, in
general, dogr might be larger than tr(3X)/||X||, which is expected as one can imagine a supervised
learning setup where the variations of & provide very little information about target directions U,
making estimation more difficult. We make the following assumption on the link function in (2.1).

Assumption 2. The link function is locally Lipschitz: |g(z1) — g(2z2)| < L||z1 — 2z2|| for z1, 22 €
R¥ satisfying ||z1|| V ||z2|| < 7z = 72(1 + 0u\/2(q + 1) In(n)) for some ¢ > 0 and L = O(1/r,).
We also assume E[y?] < 1.

Note that the above Lipschitz condition is only local, thus allowing polynomially growing link
functions g. We scale the Lipschitz constant with 1/r,, to make sure y has a variance of order ©(1).

Recall from Section 2 that in order to prove convergence of the MFLD (and its time/particle dis-
cretization MFLA), it is sufficient for the Gibbs potential v,,,, o< exp(—BJ5[pw,]) to satisfy LSI
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uniformly along its trajectory. Here, it is straightforward to derive the first variation as

n

Tilul(w) = Tglul (w) + gllwll2 with gyl (w) =+ > /@@ p) —y ) (@D w). (3.3)

n
i=1
The following assumption introduces the uniform LSI constant for the trajectory of MFLA.

Assumption 3. Let W' = (wh, ..., w')) denote the trajectory of MFLA. We assume the measure
Vit X exp(—BJT; [uw]) satisfies the LSI (2.9) with constant Cgy for all 1 > 0, and Crg1 > S.

The above condition is stated to simplify the exposition and will be verified in our results by using
the boundedness of ¢,, ,; J. {[ttyat] can be considered as a bounded perturbation of a strongly convex
potential, thus satisfies LSI by the Holley-Stroock argument (Holley & Stroock, 1986).
Proposition 2. Suppose p is C,-Lipschitz. Then for any p € P2(R?1+2), the probability measure
v, o exp(—BJT}u]) with T given by (3.3) satisfies the LSI (2.9) with constant

1
CLSI < ﬁ eXp(4CpLﬂ). (34)

For the squared loss, we can replace C,, above with Jo(pw)'/2. With this, as Jo (jw) is uniformly
bounded along the trajectory, convergence of the infinite-width MFLD can be established. However,

for the finite-width MFLA, controlling Jo (1w ) is challenging as there is non-trivial probability that
neurons incur a large loss, which is why we require Lipschitz p. Note that the right hand side of (3.4)
is independent of «; thus, by letting K — oo, the proposition implies the same LSI constant for a
bounded variant of ReLU. However, for MFLA (the time discretization of MFLD), we additionally
require smoothness of the activation.

3.1 STATISTICAL AND COMPUTATIONAL COMPLEXITY OF MFLA

The main result of this section is stated in the following theorem.

TheOIN’em 3. Under Assuryptions 1, 2 and 3, consider MFLA (3.2) with parameters A= 5\7‘3
B = 0O(degt/N), and n < O(m) where 7, == ||Z|| V 7. Suppose A\, k™ = 0,,(1),
=0 :\F}f ). the loss satisfies |p'| V p"" < 1, and the algorithm is initialized with the weights sampled
0

i.i.d. from some distribution w ~ jio with E [||wj 3] < 1. Then, with the number of samples n, the
number of neurons m, and the number of iterations | that can respectively be bounded by

iy _ A(CLsiTar? d | T2 ~ ~/CLsiB
n=0(der), m=0( 0 (5+A))7 1=0(=5), (3.5)
with probability at least 1 — O(n~1?) for some q > 0, the excess risk satisfies
Evwi Eyalp(y — gm(2; W)] = E¢[p(€)] < 0a(1). (3.6)

The above theorem demonstrates that (7) the effective dimension of Definition 1 controls the sample
complexity, and (4¢) the LSI constant of Assumption 3 controls the computational complexity. To
that end, we can employ the LSI estimate of Proposition 2 to arrive at the following corollary.

Corollary 4. In the setting of Theorem 3, using the LSI estimate of Proposition 2, with the number of
samples, the number of neurons, and the number of iterations, respectively bounded by

n=0(deg), m=0(deCr)) | =0 (deC ), 3.7)
MFLA can achieve the excess risk bound (3.6) with A=, . = polylog(n).

We observe that the above corollary demonstrates a certain adaptivity to the effective low-dimensional
structure, both in terms of statistical and computational complexity. Remarkably, this property of
MFLA emerges without explicitly encoding any information about the covariance structure in the
algorithm. In contrast, consider “fixed-grid” methods for optimization over the space of measures
P(R%4+2) (see Chizat (2022a) and references therein), in which the algorithm fixes the first-layer
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Work Class of Targets Sample Complexity Input Covariance d.i-adaptivity
Telgarsky (2023) 2-parity d hypercube isotropic X
Suzuki et al. (2023b) k-parity d hypercube isotropic X
Nitanda et al. (2024) k-parity tr(X) Zle [ Z1/2u;|| "2 parallelotope full-rank v
Bach (2017) multi-index H bounded general X
Theorem 3 multi-index tr(Z)/||ZV2UT |2 subGaussian general v

Table 1: Learning guarantees of neural networks with exponential compute (we state the dimension dependence).
Our Theorem 3 improves upon prior bounds, with a potentially significant gap depending on the problem setup.

of a two-layer network’s representation and only trains the second-layer, solving a convex problem
similar to the random features regression (Rahimi & Recht, 2007). However, fixed-grid methods do
not show any type of adaptivity to low-dimensions, and in particular their computational complexity
always scales exponentially with the ambient dimension d, unless information about the covariance
structure is explicitly used when specifying the fixed representation.

Table 1 compares recent works in various aspects. Bach (2017) requires s sample complexity for
learning general k-index models, which is worse than the complexity deg of Theorem 3 even in the
worst case degg = d. The improvement in our bound is due to a refined control over ||U z||; while Bach
(2017) assumes this quantity scales with v/d, it can be verified that for centered a, its expectation is
independent of d. Further, Bach (2017) does not provide a quantitative analysis of the optimization
complexity, and it is not clear if their algorithm is adaptive to the covariance structure. Nitanda et al.
(2024) studied learning k-sparse parities, a subclass of multi-index models we considered, for which
it is considerably simpler to construct optimal neural networks with bounded activation. While the
effective dimension (and the resulting sample complexity) of Nitanda et al. (2024) is not explicitly
scale-invariant, we derive a scale-invariant translation of their bound in Appendix C, and show that it
is always lower bounded by our effective dimension, especially when X is nearly rank-deficient.

Remark. We make the following remarks on the complexity of learning multi-index models.

* Even though the complexity in Corollary 4 scales exponentially with d.g, in Section 3.2 we outline
problem settings where dog = polylog(d), under which it is possible to achieve quasipolynomial
runtime for the MFLA. That said, the exponential dependence in d.g is unavoidable in general
in LSI-based analysis (Menz & Schlichting, 2014), and is consequently present in the mean-field
literature (Chizat, 2022b; Suzuki et al., 2023a;b).

* In the isotropic setting 3 = I, recent works have shown that certain variants of SGD can learn
single-index polynomials with almost linear sample complexity (Dandi et al., 2024; Lee et al., 2024;
Arnaboldi et al., 2024), which matches our sample complexity without needing exponential compute.
However, these analyses crucially relied on the polynomial link function, which has generative
exponent at most 2 (Damian et al., 2024) and is SQ-learnable with n = O4(d) samples (Mondelli
& Montanari, 2018; Barbier et al., 2019; Chen & Meka, 2020). In contrast, our assumption on the
link function allows for arbitrarily large generative exponent, and hence the computational lower
bound in Damian et al. (2024) implies that achieving learnability in the n < d scaling requires
exponential compute for statistical query learners.

3.2 UTILIZING THE EFFECTIVE DIMENSION

To better demonstrate the impact of effective dimension deg, we consider two covariance models.

Spiked covariance. We consider the spiked covariance model of Mousavi-Hosseini et al. (2023b).
Namely, given a spike direction @ € S?~!, suppose the covariance and the target directions satisfy

S=(14a) I +a08"), axd? |U|=d™, ycl0,1], v €l0,1/2]. (3.8)

Note that in high-dimensional settings, 7; = 1/2 corresponds to a regime where 0 is sampled
uniformly over S¢~!, whereas v; = 0 corresponds to the case where 6 has a strong (perfect)
correlation with U. We only consider v, < 1 since 2 > 1 corresponds to a setting where the input
is effectively one-dimensional. In this setting, effective dimension depends on v, and ~».
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Figure 1: (a) deg according to Corollary 6. (b) Test loss from MFLA, details in Appendix E.

Corollary 5. Under the spiked covariance model (3.8), we have deg =< dr—{(2=271)v0}

To get improvements over the isotropic effective dimension d, either the spike magnitude « or
the spike-target alignment ||U 6| needs to be sufficiently large so that 2 > 2v;. Recall that the
effective dimension in the covariance estimation problem is tr(X) /||| =< d'~72. Therefore, deg
in Corollary 5 only matches its unsupervised counterpart when v; = 0, i.e. € has a significant
correlation with the target directions U. As 75 — 1 and vy; — 0, the effective dimension will be
smaller than polylog(d), leading to a computational complexity that is quasipolynomial in d.

Scaling laws under power-law spectra. Next, we consider a more general power-law decay for
the eigenspectrum. Specifically, suppose ¥ = Z?Zl )\ZHZ-HZ-T is the spectral decomposition of X, and
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for some absolute constants «,y > 0. Notice that Z?:1||U0i|\2 = ||U||% = 1. The following
corollary characterizes deg in terms of the parameters « and .

Corollary 6. Under the power-law eigenspectrum for the covariance matrix (3.9), we have

dN2-a=) a<ly<l1
dogr < { A1 a<ly>1, (3.10)
d=7Vvo a>1

where =< above hides polylog(d) dependencies.

The scaling of d.g (hence the sample complexity) is illustrated in Figure la. We remark that
the power-law assumption (3.9) is parallel to the source condition and capacity condition in the
nonparametric regression literature (Cucker & Smale, 2002; Caponnetto & De Vito, 2007), where the
capacity condition measures the decay of feature eigenvalues, and the source condition measures the
alignment between the target and feature eigenvectors.

Also, based on (3.10), the width and number of iterations in Corollary 4 both become quasipolynomial
in d when o,y > 1. This corresponds to the setting where X is approximately low-rank with most
of its eigenspectrum concentrated in the first few principal components, and the corresponding
eigenvectors are aligned with the row space of U.

4 POLYNOMIAL TIME CONVERGENCE IN THE RIEMANNIAN SETTING

The strong statistical learning guarantees in the previous section come at a computational price;
MFLA may need exp(des) many iterations and neurons to converge. This complexity arises since
in the worst case, the LSI constant that governs the convergence of MFLD will be exponential
in the inverse temperature parameter 5 (Menz & Schlichting, 2014). In this section, we provide
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first steps towards achieving polynomial-time complexity for MFLD. In particular, we show that
if we constrain the weight space to be a compact Riemannian manifold with a uniformly lower
bounded Ricci curvature such as the hypersphere S¢~!, we can establish a uniform LSI constant with
polynomial dimension dependence, while the same set of assumptions in the Euclidean setting results
in exponential dimension dependence. Notice that due to the manifold constraint on the weights, we

no longer require ¢5-regularization, and simply consider the objective F (1) = Jo (1) 4B~ H (1| 7).

Let (W, g) be a (d — 1)-dimensional compact Riemannian manifold with metric tensor g. We denote
the Ricci curvature of W with Ricg. We recall the neural network §(z; 1) = [ U(2; w)dp(w)
where, in this case, we choose a C?-smooth activation U(x;-) : W — R defined on the manifold.
We consider the following model example to demonstrate our results.

Example 7. W is the hypersphere S~ equipped with its canonical metric tensor, and the activation
is U(x; w) = ¢((w, x)) for some smooth ¢ : R — R. Suppose |¢’|, |¢"”| < 1, and the distribution
of x satisfies the conditions of Assumption 1.

The following assumption plays an important role in the analysis.
Assumption 4. (W, g) satisfies the curvature-dimension condition Ricy > pdg for an absolute

constant ¢ > 0. Further, there exists some [i € P(W) such that Jo(fi) < & and H(ji| 7) < A for
some constants €, A, where T is the uniform distribution on W.

For the unit sphere S%-1  we have Ricy = (d — 2)g; thus, the curvature-dimension condition is
satisfied for sufficiently large d. Moreover, if there exists some p with jo(u) < € (e.g. the minimizer
of Jo) for which H (| 7) = oo, one can construct jz such that Jy(z) < O(¢) and H (i | 7) < O(d),
by smoothing p via convolution with box kernels (see (Chizat, 2022a, Theorem 4.1) and its proof).
Therefore in the worst-case, we have A= (:)(d). However, under a reasonable model assumption, we
can verify Assumption 4 with A = o(d), which is demonstrated in the below proposition.
Proposition 8. Lety = [ W¥(x;-)du* for some u* € P(W) such that dp* o efdr for f : W — R.
Then, Jo(u*) = 0 and H(p* | 7) < [ f(dp* — d7) < osc(f) where osc(f) := sup f — inf f.

In the above result, the constants in Assumption 4 can be identified as £ = 0 and A = osc(f) which
is the oscillation of the log-density of p*. Consequently, if the neurons in the teacher model are
sufficiently present in all directions of the weight space, we get osc(f) = o(d); consider e.g. the
extreme case ;* = 7 which implies f is constant. Interestingly, in the case of k-multi-index models,
this condition implies that k& grows with dimension, ruling out the case k = O(1). We include a
natural example of target functions of interest in the form of Proposition 8 in Appendix D.

For MFLD to converge to a minimizer of Jo, the parameter 3 needs to satisfy 5 > Q(A) to ensure
the entropic regularization is not the dominant term in the objective F3. In the Euclidean setting, this
implies an LSI constant of order exp(O(A)), resulting in a computational complexity exp(O(A)) as
shown in Theorem 3. In what follows, we demonstrate via the Bakry-Emery theory (Bakry & Emery,
1985) that in the Riemmanian setting, under a uniform lower bound on the Ricci curvature, the LSI
constant can be independent of A and d as long as we have A = o(d). We include a natural example
of target functions of interest in the form of Proposition 8§ in Appendix D.

Proposition 9. Suppose Assumption 4 holds and the loss p is C,-Lipschitz. Then, for all 1 € P(W)

and B < od/C,K, the probability measure v,, exp(—ﬂjé [u]) satisfies the LSI with constant

CLst < (ed = BC,K) 7, 4.1
where K = SUD| ||| =1 Es, H<v, VU (z; w)v)
ical data distribution over n samples.

|, and Eg,, [/] denotes the expectation under empir-

Remark. In the setting of Example 7 with n > Q(tr(2)/||2|), we have K < ||3|| with probability
atleast 1 — O(n~9) for some constant ¢ > 0. Consequently, the LSI constant is independent of d.

We can now present the following global convergence guarantee to the minimizer of J for large d.

Theorem 10. Suppose Assumption 4 holds, and let K be as in Proposition 9. Let (11t)1>0 denote the
law of the MFLD. For any € > 0, let § = A /e and d > 2C, KA/ pe. Then, we have

. A
Jo(ur) SE+e, whenever T > —od ln(}—ﬁiuo)). 4.2)
0
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Moreover, in the setting of Lgxample 7 and f0r~a 1-Lipschitz loss function, if we have d > A/ ge and
n> QAL +¢&/e)/e?) v Qtr(D) /|| Z]) v Q(1/e%), then

A
Jo(pr) SE+¢e, whenever T > od ln(}—ﬁiuo)), (4.3)
0

with probability at least 1 — O(n~7) over the randomness of data, for some constant ¢ > 0.

The sample complexity is controlled by the maximum of A and tr(X)/||X|| up to log factors. We
remark that dependence on ¢ is not our main focus, and it may be possible to improve 1/ with a
more refined analysis. Remarkably, the time complexity improves in high dimensions, thanks to the
effect of the Ricci curvature. While the above result is for the continuous-time infinite-width MFLD,
the uniform-in-time propagation of chaos for MFLD strongly suggests that the cost of time/width
discretizations will be polynomial, see e.g. Suzuki et al. (2023a) for the Euclidean setting, and Li &
Erdogdu (2023) for the time-discretization of the Langevin diffusion on the hypersphere under LSI.

To compare the setting of this section to that of Section 3, as explored in Appendix A, we remark that
the Euclidean {5 and entropic regularizations can be combined into a single effective regularizer of
the form B~ H (i | ), where v = N (0, (AB) ~'I2442); therefore, in the Euclidean setting, -y plays
the role of 7. Further in the proof of Lemma 20, we show that in the Euclidean setting, A < \(3/r2
and £ < c,/\/\B; thus, to learn with any non-trivial accuracy, we have A =< ¢2/r2 = deg. As
discussed above, controlling the effect of entropic regularization necessitates 3 > Q(A). Unlike its
Riemannian counterpart, the Euclidean LSI estimate of Proposition 2 scales with exp (), ultimately
resulting in a large computational gap between the two settings under the same A. This leaves open
the question of whether A =< d.g can be achievable in the Riemannian setting for k-multi-index
models with k& = O(1), which is an interesting direction for future exploration.

5 CONCLUSION

In this paper, we investigated the mean-field Langevin dynamics for learning multi-index models. We
proved that the statistical and computational complexity of this problem can be characterized by an
effective dimension which captures the low-dimensional structure in the input covariance, along with
its correlation with the target directions. In particular, the sample complexity scales almost linearly
with the effective dimension, while without additional assumptions, the computational complexity may
scale exponentially with this quantity. Through this effective dimension, we showed both statistical
and computational adaptivity of the MFLD to low-dimensions when training neural networks,
outperforming rotationally invariant kernels and statistical query learners in terms of statistical
complexity, and fixed-grid convex optimization methods in terms of computational complexity.
Further, we studied conditions under which achieving a polynomial LSI in the inverse temperature,
and subsequently a polynomial-in-d runtime guarantee for the MFLD is possible. Specifically,
we showed that under certain assumptions, which are verified for teacher models with diverse
neurons, constraining the weights to a Riemannian manifold with positive Ricci curvature such as
the hypersphere can lead to such polynomial dependence. In contrast, the same assumptions in the
Euclidean setting result in an LSI constant scaling exponentially with the inverse temperature.

We conclude with some limitations of our work, along with future directions.

* Further assumptions are required to go beyond the current exponential computational complexity
of the MFLD. We leave the study of such conditions as an important direction for future work.

» While we focused on k = O(1), the versatility of the MFLD analysis may allow us to let k grow
with dimension as in Ghorbani et al. (2019); Martin et al. (2023); Oko et al. (2024), or g to exhibit
a more complex hierarchical structure (Allen-Zhu & Li, 2020; Nichani et al., 2023). Learning
these functions with the MFLD is an interesting direction for future research.

* Another important future direction is developing lower bounds for learning multi-index models
with gradient-based methods, under more realistic assumptions (e.g., non-adversarial noise) than
the statistical query setup. These lower bounds can highlight when exponential computation is
inevitable for optimal sample complexity, and present rigorous information-computation tradeoffs.
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A PROOFS OF SECTION 3

Before presenting the layout of the proofs, we introduce a useful reformulation of the objective
F5.a(p). Recall that

A A 1

Foaln) = Jo(u) + 5R (k) + 3

Let v o< exp (=32||wl|?) be the centered Gaussian measure on R24+2 with variance 1/()\3). Then,
we can rewrite the above as

H(p).

A 1 d A
Faa(p) = To(p) + BH(” |v) + 25 ln<27€)~
As a result, we can define .
Fo(i) = Jo(p) + =H(u|7), (A

B

which is non-negative and equivalent to F3 up to an additive constant. Notice that

ps = argmin Fp x(p) = arg min ]:-B,/\(M)'
n I

This reformulation, which was also used in Suzuki et al. (2023b), allows us to combine the effect
of weight decay and entropic regularization into a single non-negative term H(u | ). Furthermore,
the simple density expression for the Gaussian measure ~y allows us to achieve useful estimates for
H(p|7). In particular, as we will show below, it is possible to control H (s |v) with effective
dimension rather than ambient dimension, which leads to dependence on d.g rather than d in our
bounds.

We break down the proof of Theorem 3 into three steps:

1. In Section A.2 we show that there exists a measure u* € Py (R242) where §(-; u*) can
approximate g on the training set with bounds on R (p*). This construction provides upper

bounds on jo(u}g) and H(wj [ 7).

2. In Section A.3, given the bound on H (x| v), we perform a generalization analysis via
Rademacher complexity tools which leads to a bound on Jo( u;;)

3. Finally, in Section A.4, we estimate the LSI constant and constants related to smooth-
ness/discretization along the trajectory, which imply that F7*, (1) converges to Fp(p3),
where F 5", is an adjusted objective over P(R(24+2)m) defined in (A.6). This bound implies
the convergence of Ey . [Jo(W)] to Jo(u5), which was bounded in the previous step.

Before laying out these steps, in Section A.1, we will introduce the required concentration results.

In the following, we will use the unregularized population Jy (1) := E[¢(4(x; 1), y)] and empirical
Jo(p) = Eg, [€(4(x; 1), y)] risks, and also consider the finite-width versions Jo(W) == Jo(uw)

and Jo(W) := Jo(uw ). Additionally, we will use ¢oo(2) := z V 0 to denote the ReL U activation.

A.1 CONCENTRATION BOUNDS

We begin by specifying the definition of subGaussian and subexponential random variables in our
setting.

Definition 11 (Wainwright (2019)). A random variable x is o-subGaussian if E[ek(m_E[z])] <

X'’ /2 for all X € R, and is (v, )-subexponential ifE[erM=—ElD] < N2 for all |N| < 1/ If

x is o-subGaussian, then
2

P(x — Elz] > t) < exp (ﬁ) (A2)
If x is (v, a)-subexponential, then
P(x —E[z] > t) <ex (—lmin(ﬁ E)) (A.3)
=0 =Py 2« '
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Moreover, for centered random variables, let |-|w2 and le denote the subGaussian and subexponen-
tial norm respectively (Vershynin, 2018, Definitions 2.5.6 and 2.7.5). Then x is o-subGaussian if and
only if o < |z — E[z]| ;. and is (v, v)-subexponential if and only if v < [z — E[z]],;, .

Next, we bound several quantities that appear in various parts of our proofs.
Lemma 12. Under Assumption 1, for any ¢ > 0 and all 1 < v < n, with probability at least 1 —n™9,

HU“’(O

<rg (1 +ouv2(g+1) lnn) = 7. (A4

Proof. By subGaussianity of ||[Uz|| from Assumption 1 and the subGaussian tail bound, with
probability at least 1 — n =971

HUM < E[|Uz|] + 0urev/2(q + 1) Inn
<7y 4 ourev/2(g+ 1) Inn.
The statement of lemma follows from a union bound over 1 < ¢ < n. O

Lemma 13. Under Assumption 1, we have Eg_ [||w||2] < c% with probability at least 1 —

exp(=$Q(n)).

Proof. By the triangle inequality,

zlll,, <I[lzl—Ellz|]l,, + Ellzl]l,, <o El/QHF +tr(Z)V? S tr(2)12
Recall ci := tr(X). Furthermore, by (Vershynin, 2018, Lemma 2.7.6) we have
2 2
=l =1l < <2

We arrive at a similar result for the centered random variable ||z||> — E[||z]* = |j=||*> — 2. We
conclude the proof by the subexponential tail inequality,

IP(IES“ {

\w\ﬂ —c2 > tci) < exp(—min(t, t2)Q(n)).

Lemma 14. Under Assumption 1, we have Eg, [92] < 1 with probability at least 1 — n™1.

Proof. By the local Lipschitzness of g, on the event of Lemma 12, we have
|y < 39(0)* + 30(1/72)||[U||* + 3¢>.

By a similar argument to Lemma 13 we have

‘I\le\z‘% =|U=|ll;, < 2/|U=| - E[|U=|l|l;, + 2E[|U=[l)* S (1 + o3)r,

since E {HU a:Hﬂ = r2. As aresult, by the subexponential tail bound,

Es, |[Ual’] - E[|Ual] S (1 +02)r2 S 72,
with probability at least 1 — exp(—€2(n)). Similarly, |¢? o < |€ |12/)2 < <2, therefore,
Es,[¢’] ~E[¢?] S <1,
with probability at least 1 — exp(—S2(n)). The statement of the lemma follows by a union bound. [

2
Cox

Lemma 15. Under Assumption 1, for any ¢ > 0 and n

with probability at least 1 — O(n~9) we have ||Es, [z
1/2 1/2

E[||Es, [z="]||"*] < 1=

(14 02(q + 1) In(n)) In(dnt),

B3
< ||| Further, if ¢ > 1, then

2
']
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Proof. First, note that by subGaussianity of ||z||, for every fixed ¢, we have with probability at least

1 —n-971
(@) 1/2
Hx b HF\/Q(q—Fl)lnn.

Since E[||z||] < ¢, via a union bound, with probability at least 1 — n~9,

me

— Efl|lz[l] < o

<y +opcv2(g+ 1) Inn = ¢,.
Define the clipped version of  via . = (1 A ﬁ) Then, on the above event,

Es, [:c:cT] =Eg, [wcw;r]
Moreover,

|E[z.z. ]| = ”illlug)lE[(acc’v)Q} < Hilﬂlgllfz[@,vf] = |E[zz"]].

Finally, by the covariance estimation bound of (Wainwright, 2019, Corollary 6.20) for centered
subGaussian random vectors and the condition on n given in the statement of the lemma,

|Es, [zca!]|| - |[E[zca ]| S |[E[zzT]|

with probability at least 1 — O(n~?). Consequently, we have | Es, [z2 "] || < ||| with probability
atleast 1 — O(n™?).

For the second part of the lemma, let E denote the event on which the above ||Eg, [zzT]|| < |2
holds. Then,

E[|[Es, [o2"]||"] = E[1(E)|Es, [22"]|"*] + E[1(E)[Es, [22] ||
S IS+ P(E) B[ |[Es, [227] ]2
SN+ 0= e,

Suppose ¢ > 1. Then for n 2> c2 /||X||, we have E MESn B2 H1/2] < ||2H1/2, which completes
the proof. [
We summarize the above results into a single event.

Lemma 16. Suppose n 2 ”CT?””(l +02(q+ 1)In(n)) In(dn?). There exists an event £ such that
PE)>1-0(n"1%,andon&:

1| Uz <7y forall 1 < i <n.
2. Es, [l=l’] 5 &

3. HESn [:BiBT] H < 1Z.

4. E[[[Bs, [02T][|?] S 1072

5. Esn [y2] 5 1.

We recall the variational lower bound for the KL divergence, which will be used at various stages of
different proofs to relate certain expectations to the KL divergence.

Lemma 17 (Donsker-Varadhan Variational Formula for KL Divergence (Donsker & Varadhan, 1983)).
Let 11 and v be probability measures on W. Then,

_ _ f
H(p|v) f:igER/fdu ln</e d1/>.
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Finally, we state the following lemma which will be useful in estimating smoothness constants in the
convergence analysis.

Lemma 18. Suppose (z,x) € R x R? are drawn from a probability distribution D. Then,

[Ep[zz]]| < \/ED[ZQ] [Ep [z ]

Proof. We have

|Eplez]|| = ”81”151<v,ED[z:v]> = HshlglED[zmwﬂ

loll<1

< \/ED[ZQ] ”il”lglw,ED[wa]w

< sup \/ED[ZQ]ED [(v,mf} (Cauchy-Schwartz)

_ \/ED[22]||ED[mT]H~

Notice that the distribution D can be both the empirical as well as the population distribution.

A.2 APPROXIMATING THE TARGET FUNCTION

We begin by stating the following approximation lemma which is the result of (Bach, 2017, Proposi-
tion 6) adapted to our setting.

Proposition 19. Suppose g : R* — R is L-Lipschitz and |g(0)| = O(L#,). On the event of
Lemma 16, there exists a measure p € Po(R24F2) with R() < A?/72 such that
A ) L In4
Lr, Kk’
for all A > Cy, where Cy, is a constant depending only on k, provided that the hyperparameter .
2k/(k+1)
satisfies v > Cp L1, (L%ﬁ) )

max|g(Ua) — g2 p)| < L (1) In
K2 7-,3:

Proof. Throughout the proof, we will use C; to denote a constant that only depends on &, whose
value may change across instantiations. Let z := Uz € RF and z := (27,7,) " € RF*! Recall
that on the event of Lemma 12 we have ||z(?)|| < 7, and |g(2())| < L#, forall 1 < i < n. Let T
denote the uniform probability measure on Sk. By (Bach, 2017, Proposition 6), for all A > CY,, there
exists p € L?(7) with ||| 2,y < A such that

o) = [ o) (7(0:20))ar(w)

In fact, we have a stronger guarantee on p. Specifically, p(v) is given by

p(v) => A 'rh;(v),

Jj=1

A =2 A
< L (7)™ I (7).

max
%

where r € (0,1), A;, h; : S* — R are introduced by (Bach, 2017, Appendix D). In particular,

h(w) = g(

with the spheircal harmonics decomposition h(v) = ;5 h;(v). It is shown in (Bach, 2017,

Fxlvlzk

V415
Vik+1 )

Appendix D.2) that \; < C}, j++1)/2 "and one can prove through spherical harmonics calculations
(omitted here for brevity) that |, (v)| < Cj, sup,egr h(v)jF~D/2 < Cp L, j*~1/2. As aresult,
, , , CpL7
1 -1 ~ -k k x
Ip(v)| < Z)\j r’|h;(v)] < Z)‘j 7 h;(v)] < Cp LTy Z] r’ < m

Jj=0 Jj=1 Jj=1
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2/(k+1)
Using 1 — r = (CkaI /A) as in (Bach, 2017, Appendix D.4) yields

A >2k/(k+1)

Ip(v)| < CuLis (1=

Define p (v) == p(v) V0 and p_(v) := (—p(v)) V 0. Then, by positive 1-homogeneity of ReL.U,
1 5 1 ~ 1 i
/Sk p(v)deo (;(v,z))dT(v) = /Sk P+(v)¢oo ( (v, z))dT(v) - /Sk p—(v)doo (F—w@, Z>>d7’(v)

_ ®) 1 3 ﬁ v, 20 T(v
_/Sk(poo(p';m <'u,z))d7'('v)—/ ¢°°(pfm < , ()>)d (v)

- oo (v, 2))dfiy (v / oo (v, 2))dfiz(v)

Rk+1
= Poo ((w, &))dpir (w) — Poo ((w, &))dpiz(w),
Rd+1 Rd+1
where [i; = =L )p +( )#7’ and [ig = =L )p ¢ )#T are the corresponding pushforward measures, p; =

Tu#p1 and py = Ty#iie, where TU( ) = (U Vi, Upy1) | € R for v = ('u,C Ukt1) |
R**1 In other words, w ~ p; is generated by sampling v ~ fi; and letting w = (UTvk, Vk+1)
with a similar procedure for w ~ po. Furthermore,

= wl? 1(w wl|? o(w) = 172~1v ’U2~2’U
R = [ JolPdm) + [ lPam) = [ ol + [ ol
/p(j;)sz(v)S%Q.

Sk

Tz

= m

>

The last step is to replace ¢ With ¢, ,. Note that for all 4, and almost surely over w ~ ji;, we
, 2k / (k+1)
have ‘<w, 5:(Z)>‘ < pi(v) < Cp L7y, (ﬁ , with a similar bound holding for w ~ ps. As

2k/(k+1)
a result, by choosing ¢ > C}, L7, (%) , we have ¢, , <<w, A >> ¢%(<w i z)>) for
all 7 and almost surely over w ~ 1 and w ~ us. By the triangle inequality, we have

o)~ ja:p ]{/qs (0.0)) = 6 (<w,w<>>)}dm< >\
+ H [ on((wa?)) - ¢oo(<w,5c>‘“)}du2(w)‘

+ |gUa) - /¢OO ((w,39)) (dp (w) - dug(w))’
2 In2 A | =2 A
E+1
+ O (1) T In (75),
which completes the proof. O

Next, we control the effect of entropic regularization on the minimum of F 3, via the following
lemma.

Lemma 20. Suppose p is C,, Lipschitz. For every p* € P(R24+2), we have

- 5 A 2¢/2C
i F < N+ ZR(u* PR 211,
Mepﬂlﬂgm) sa(p) < Jo(n*) + 5 (n*) + N ERIE

Proof. We will smooth p* by convoliving it with ~, i.e. we consider p = p* *~v. Letu ~
independent of w ~ p* and denote w = (], g )T with uy, uy € R¥L. We first bound Jo (1% ).
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Using the Lipschitzness of the loss and of ¢, ,, we have

Golu 520 = Fulut) =, |e( [ wlaswo)d w2 (w) - ) = o [ Wiz ) - )|
<C,Es, ‘/ x;w)d (" *y)( /\Ivawdu )H
~0,5s, || [ Eul¥(@iw ) - ‘I’(w;w))du*(w)u

<C,Es. / Eullw ({0 + w1, 8)) — g (w1, 2)Jdu* (2 >]

Oy, [ [ Eullon s+ s, &) — ()" (a0 >]

<Oy, | [ (B llun, )]+ Bl (. 3) " @)

_2V/2C, .
= WJESH[H%IH-

Next, we bound the KL divergence via its convexity in the first argument,

H(p *y|7y) = H(/ (- = w)dp* (w') |v> < /’H('y(- —w')[y()dp" (w').

Furthermore,
A8 2 AB|lw'|®
MO = w) [70) = [ 5 (= w = w4 ) (dw - w) = 2
Consequently,
" AB
Hp" *vly) < 5 R,
which finishes the proof. O

Combining above results, we have the following statement.
Corollary 21. Suppose the event of Lemma 16 holds, p is C, Lipschitz, and A S 1. Then,

2
~ re\ P re\ C AA? Cy(ey +72)
. _E <o = x 1 T p p\Cz T
pepil i) o (1)~ Es, [p(E)] S rx< e ) “( . >+ r TR T
for all A > Cy, provided that 1 > Cj, A2F/F+1) (p /5, )(k=1)/ (k+1),

Proof. We will use Lemma 20 with * € P(R?¥+2) constructed in Proposition 19. Then, for all
A > Cy,

Jo(p*) = Es, [p(§(z; 1) — y)]
= Es, [p(9(z; 1) — g(Uz) — §)]
<Es,[p(§)] + C,Es, [|y(~’D ©) —g(Uz)|]
< Eg. [p()] + CiC, r(riA> == ln(rfA) +Cphl4-

T Tx R

Furthermore, Proposition 19 guarantees R (1*) < A?/72. Combining these bounds with Lemma 20
completes the proof. O

A.3 GENERALIZATION ANALYSIS
Let

pg = argmin Fpgy(u) = argmin Faa(p).
MEP;C(RQ(H'2) #EPSC(R2d+2)
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Corollary 21 gives an upper bound on Jo(x*). In this section, we transfer the bound to Jo(*) via a
Rademacher complexity analysis. Since Corollary 21 implies a bound on H(p | ), we will control
the following quantity,

sup o) — Jo().

wH(p|v)<A2

To be able to provide guarantees with high probability, we will prove uniform convergence over a
truncated version of the risk instead, given by

sup Jo*(p) — joz(ﬂ),

wH(p | y)<A2

where A
T3 (1) = Elps(9(@; 1) = )], T (1) = B, [ps (925 1) — v)];
and p,.(-) == p(-) A 3. We will later specify the choice of .

We are now ready to present the Rademacher complexity bound.
Lemma 22 ((Chen et al., 2020, Lemma 5.5), (Suzuki et al., 2023b, Lemma 1)). Suppose p is either a
C\-Lipschitz loss or the squared error loss. Let ) == /2 for the squared error loss and C,, for the

Lipschitz loss. Recall v = N (0, 1%1 ). Then,

. 2M
sup T (k) — joﬂ(/i)l < Ay —.
{nePac(R24+2):H (u | v) <M} n

Proof. We repeat the proof here for the reader’s convenience. Let (£;)7_; denote i.i.d. Rademacher

random variables. Notice that for the squared error loss, p,. is v/ 22« Lipschitz. Then, by a standard
symmetrization argument and Talagrand’s contraction lemma, we have

E

n

1 .
sup = &) — y)
wiH(p|y)<M i

§219]E[ sup Zfl , ]

pwH(p 7)<

E[ sup Jo(n) = Jo(n)| < 2E

Hplv)<M

Next, we proceed to bound the Rademacher complexity. Specifically,

E ; z@:w)d =E U(zD;w)d
¢ itlngMn;&/ ;w)dp(w) | = Ee MH(illlg <M/ Zf 2@ w)dp(w )1
M .
< o + é]Es ln/exp <Z Zgiﬁ/(w(l);w)> dfy(w)]

IN

f—i—;ln/]Eglexp( Zfz Jjw )]dﬂ );

where the first inequality follows from the KL divergence lower bound of Lemma 17. Additionally,
by sub-Gaussianity and independence of (¢;) and Lipschitzness of ¢, ,, we have

exp( 25\11 @), ;W) )] <exp<2anQZ\I/(w(i);w)2>

i=1

<2a2L2 )
< exp
n

Plugging this back into our original bound, we obtain

M 2a?
sup Gy(msp)| < —+
H(p|y)<M T Z 1 n

Ee
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Choosing o = ]2”{ %, we obtain
2M
Ee sup Z& ;1) <2L\/
pH(p )<
which completes the proof. O

We can convert the above bound in expectation to a high-probability bound as follows.

Lemma 23. In the setting of Lemma 22, for any § > 0, we have

o M In(1/6
sup T ()~ 5(n) S ey 2L ey [R0L0)

REPe(R2H2):H (1| 1) <M "

with probability at least 1 — 0.

Proof. As the truncated loss is bounded by s, the result is an immediate consequence of McDiarmid’s
inequality. O

Next, we control the effect of truncation by bounding Jo(p) via Jg*(u), which is achieved by the
following lemma.

Lemma 24. Suppose H(p|~) < M. Then,
> 1/2 _Q (2 o
Tolw) = T () < (1+ B[] %) (00 4 nmart).

Proof. Notice that since the loss is C,-Lipschitz and p(0) = 0, we have |p(7 — y)| < C,|y — y|.
Recall that we use L for the Lipschitz constant of g, and |y(x; )| < 2¢. Then,
Jo(p) = Jo* (1) < E[L(p(§(; p) — ) 2)p(§(x; 1) = y)]
< CP(p(i(@in) —y) = ) °E [ )=
< CpP(20 + y] >%/C 1/2( 1/2+]E[y2]1/2).

Additionally, by local Lipschitzness of g,
P(2u+ly| > 2/Cp) <P({{2t + [y > 2/Cp} n{|[U| < 7} } U {IU=] > 7 })
< P2+ [9(0)] + LIUz|| + €] = »/C,) + B(|[U| > 7z)
< P2+ |g(0)] + L|Uzx|| + |¢] > »/C,) +n~ @D,

Furthermore, Let 5¢/C, > 4v + 2|¢g(0)| + 2Lr, + 2 E[|¢]], and recall that L = O(1/r;). Then, by a
subGaussian concentration bound, we have

—_o =%
P20+ 1g(0)] + LIUz| 1€ > /0y < ¢ ().

We conclude the proof by remarking that by our assumptions, o, and C), are absolute constants. [J

Finally, we combine the steps above to give an upper bound on jo(u}g), stated in the following
lemma.

Lemma 25. Suppose A = 5\7’3 and 8 = %;C/Tzfor g\ < 1. Leté := (9(/\ ) +e+ kT

Suppose n 2, W and 1 > N\~ w2 2 (T [T) e Then,
Jo(us) —Elp(©)] S & and B~'H(us|y) SEPE)]+& 51

Proof. By Corollary 21 and a standard concentration bound on Eg_ [p(&)] with sufficiently large n to
induce neglibile error in comaprison with the rest of the terms in the corollary, we have

7 e TaA 52} SWAN AAZ2 o+ T 1
Jous) + B~ H(ps | 7) — Elp(6)] S :r(rfz ) 1n<rfz )+ =t (C\/% ) o
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By choosing

2 T,

~

o ANFZ (7 \ B2 (For, 0 1
1) S B+ () (2) m( B )+ S

Note that the above choice on A translates to a lower bound on ¢ in Corollary 21, given by

and assuming ¢,

o e F 204
LZ A k+2(l k+2

Tx

By choosing A\ = Ar2 and using the fact that 7, < O(r,) and 8 = we have the simpification,

I
715 17) S Elp()] + 0GR 12+ <1,

and, 1
Toliup) — Elp(€)) S OGRT) 42 + - =

Note that jo" (ng) < jo(pg) Using the generalization bound of Lemma 23 with the choice of
d = n~? for some constant ¢ > 0, we have with probability 1 — O(n~9),

ln n
Jo (up) — \/ + ¥4
Inn
</ ot + a0y —. (A.5)
nle? n
Furthermore, by Lemma 24 we have

Tolws) — T5 () S ve™ 2,

Combining the above with (A.5) and choosing on s < v/Inn, we have

n/\52 V

which holds with probability at least 1 — O(n~7) over the randomness of .S,,. O

Jo(pp) —

A.4 CONVERGENCE ANALYSIS

So far, our analysis has only proved properties of 1. In this section, we relate these properties to 1"
via propagation of chaos. In particular, Suzuki et al. (2023a) showed that for W ~ p™, §(x; 1 )
converges to §(x; p ﬁ) in a suitable sense characterized shortly, as long as the objective over ;"
converges to F x(p13). Notice that pj* is a measure on P(R(Z4+2)m) instead of P(R?4+2). Thus,
we need to adjust the definition of objective by defining the following

- A
We can use the same reformulation introduced earlier in (A.1) to define
~m m 7 1 m m
FEA™) = B [Jo(W)] + (™ 727, (A7)

which is equivalent to FZ", up to an additive constant. With these definitions, we can now control
Ew~up [Jo(u™)] via jo(uﬁ) The following lemma is based on (Suzuki et al., 2023a, Lemma 4),
with a more careful analysis to obtain sharper constants.
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Lemma 26. Let 7, == H§)||1/2 V 74, and suppose p is C, S 1-Lipschitz. Then,

2W L *®m 2
Ew ~pup [Jo(W)] — To(ps) S \/T 2" 157" + o (A.8)

m

In particular, combined with (Suzuki et al., 2023a, Lemma 3), the above implies

B oW~ J0(13) 5 | B0 (B )~ Fon(u) + . (A9
Proof. Notice that
Ew ~pum [Jo(W)] = Ew [Eg [p(9(2; pw) — (25 pf) + 9(x; 1) — v)]]
< Ea [p(9(x; 1) — y)] + Cp B [Ea [|9(2; pw) — (25 1) |]]

< Jo(pp) +Op\/ [Ew [( (s pw) — 95 p5))? H

Suppose W = (w1, ..., Wy,) ~ p* and W' = (w),...,w),) ~ uz@". Let I' denote the optimal

W5 coupling between W and W', and assume W, W’ ~ I". Then,
Ew [(0(x; pw) — §(z; 1))?] = Ew,w [(0(@; pw) — §(2; pw) + 9(; pwr) — (5 15))?]

< 2Ew w [(§(x; pw) — §(; pw)?] + 2Bw [(§(2; pw) — 923 15))?]
Moreover, by Jensen’s inequality,

IN

Ew w [(9(z; pw) — G(; pw)?] % ZEW,W' [(U(z; w;) — V(s w)))?]

m

S*Z WW’[wzl wip, T) } +%ZEW,W'{<%2—W§2@>2]
Hence, -
2%
Ee [Ew w [(0(z; pw) — 9(x; pw))?]] < o Eww [ W - W’HH
2 ZN} 2 m * @M
= m W; (Mt y Mg )

For the second term, notice that §(z; 115) = Ew [§(x; pw)] = Eop [ (25 w))] forall 1 < i < m.
By independence of (w}) and Jensen’s inequality, we have

Ev [(§(2; pw) — §(@ 15))?] = LB, [(W(a; w") — g(a; 7))

B | ([ (010 - 90 w))duz<w>)2]

A

O

Thus, the rest of this section deals with establishing convergence rates for 75" (1) — Fp x (1)

To use the one-step decay of optimality gap provided by Suzuki et al. (2023a), we depend on the
following assumption.

Assumption 5. Suppose there exist constants L, Cy,, and R, such that

1. (Lipschitz gradients of the Gibbs potential) For all j1, ;' € Po(R?*+2) and w,w' €
R2d+2,

|V Tkl w) = VT )(w')

where Wy is the 2-Wasserstein distance.

< L(Wa(p, 1) + lw — w'l]), (A.10)
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2. (Bounded gradlents of the Gibbs potential) For all i1 € Po(R?%+2) and w € R?™+2, we
AN H <R

have

3. (Bounded second variation) Denote the second variation of Jo (1) at w via Jg' [11)(w, w'),

which is defined as the first variation of p — JO[ }( ) (see (2 6) for the definition of first
variation). Then, for all i € Po(R?*+2) and w,w’ € R*

J3/ ) (w,w')| < L1+ Cp(w]* + [[w'])). (A.1D)

We can now state the one-step bound.

Theorem 27. (Suzuki et al., 2023a, Theorem 2) Suppose jo satisfies Assumption 5. Assume \ < 1,
B8, L,R 2 1, and the initialization satisfies E[HwBHQ] S R%forall1 < i < m. Then, for all
n<1/4

m * -1 m m *
f,g,l)\(ul+1) - }_67/\(1%) < exp <25CLSI)(]:ﬂ7’\(M ) — ]:/3,/\(,“/3)) +nAm.gAms (A.12)

where

R? n L 1 R? Cr L
Apm =C|L*(d+ =)+ L)+ — + (= + += A.13
pn= (@ e e L e+ B) e
for some absolute constant C' > 0.

We now focus on bounding the constants that appear in Assumption 5.

Lemma 28 (Lipschitzness of Vj(;). Suppose p is either the squared error loss or is C,, Lipschitz
and has a C,') Lipschitz derivative. Assume k 2, 1. Notice that for the squared error loss, C,’) =1

Then, for all p, v € Po(R?42) and w, w' € R2¥+2, we have

INZAMICOER AT

S nCy|Es, 327 ||l - 'l + €,

Es, [wiq HWz(/h ),

for the Lipschitz loss, and

|Vl aw) ~ 55

< my/ Do) [Es, [1] [, gllw — w1+ Es, [227] [Wa s, ),
for the squared error loss, where HES [53®4] H2_>2 = SUP|jy| <1 HES" [(5:, v)zziﬁzq H

Proof. Recall that Jg[u](w) = Es, [p'(4(z; 1) — y) ¥ (x; w)], where ¥ (x; w) = ¢, (w1, &) —
®r.. ({wa, T)). We start with the triangle inequality,

w) = V[ (w’

|V Filul(w) ~ VT (w’ w') = VI [} (w')]|

We now focus on the first term. For the Lipschitz loss,

valjé [ (w) = Vo, T ] (w’

0 s ) — ) (0, (w1, &) — ¢l , (W, &)Z] |
< CEs, [(6h (w1,8)) — o) (.20 B, [227]|
< C,kEs, {(m _— :i:>2] 1/QHESn [mT} Hw

< Cyi|[Es, [#37]||llwr - will,
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where the first inequality follows from Lemma 18, and the second inequality follows from the fact
that |¢/!| < k. For the squared error loss, we have
| Veor T 111 (w) = Vo, ] () @@ 1) = )0 (w0, 2) = i, (!, 3))a] |

)

= sup Es, [(§(z; 1) — y)(d, (w1, 2)) — &1, , ((wh, 2)) (v, 2)]

)
lvll<1

< sup ﬁsn[@(w)—y)%sn (90 ((w1,)) = 6, (@), 2)))(v, 3)°]

lvll<1
< H\/jo(u) sup <'v,]ESn {(wl - w’l,ﬁc>2§:d}qv>
lvll<1

< H\/jO(u) ’Esn (w1 — “’/175’>2i5”q H

< my/ Jo()|[Es, [&] [, lwr — w1

Similar bounds apply to the gradient with respect to w2, which completes the bound on the first term
of the triangle inequality.

We now consider the second term of the triangle inequality. Here we consider Lipschitz losses and
the squared error loss at the same time since both have a Lipschitz derivative.

|V Til (@) = Ve, Tl )| = (7' @las 1) =) = o (Gls ) = ) (w0, @)
<Es, [(p’(z?(w;u) —p) =) -n)°] s [227] |

< oy, (ot ) — it i) s, [a27] |
(A.14)

where the first inequality follows from Lemma 18. Let v € Py (R?4+2 x R29+2) be a coupling of 4
and g’ (i.e. the first and second marginals of y are equal to p and ' respectively). Recall that,

(s ) —g(@s ') = /(¢R,L(<w1, ) = O ((Wa, &) = G, (W1, &) + e, (w5, &) ) dy (w, w').
1/2

Therefore by the triangle inequality for the Ly norm Eg,, [()2] and Jensen’s inequality,

1/2
Es, [(9(a: 1) — 9@ 1)) * <Es, [ [ Gralon. — . L<<wa,o~c>>)2dv}

+Es, {/ (¢R,L(<w2753>) ¢n L(<w2a >)) d’y} -
< [ [0 -t "o [Ba [ - wha] e

. 1/2
< s, [22 ]| [ lwr = il + oz - whltr(eon,wa)

< \/2H]ES {:iﬁ:q H /||w —w'|dy(w, w').

By choosing v whose transport cost attains (or converges to) the optimal cost, we have

" . 1/2 .
Es, [(i(z: 1) — gz 1))?] ' < 2H]Esn [mq ‘ Wa(p, 1)
Plugging the above result into (A.14), we have
|Veor T lH1(") = Vo T 1)) [z W),

Notice that the same bound holds for gradients with respect to ws. Thus the bound of the second
term in the triangle inequality and the proof is complete. [
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Lemma 29 (Boundedness of V7). In the same setting as Lemma 28, for all ji € Pa(R?**+2) and

w € R24+2 e have
1/2

v )] < vad, s, aa"]|
where C'p = C, when p is Lipschitz and C’p = 2j0(u) when p is the squared error loss.
Proof. Notice that |¢;7L‘ < 1. Therefore,

|V Tillw) | = s, [0/~ )6, (w1, @) |

< C*,JHESW {mﬁ}
where the first inequality follows from Lemma 18. O

Lemma 30 (Boundedness of 7). In the same setting as Lemma 28, for all ji € Py(R242) and
w,w’ € R?**2 we have

T[] (w, w')

< Oy |[ms, [827 ||| (1wl + o)),
where we recall that C’; = 1 for the squared error loss.
Proof. Via the definition given by (2.6), it is straightforward to show that
Tyl (w, w') = B, [0 (3 1) — ) (3 )0 (5 w')].
Then, by the Cauchy-Schwartz inequality,
T ) (w, w') < CEsg, [U(@; w)?]*Bs, [W(a;w')?] 2.

Moreover, by the Lipschitzness of ¢, ,,
1/2 1/2
Es, [¥(@;w)’]* <Es, [(@1,2)?] " +Es, [(w2,3)°]
1/2
< Ve[, a2 7] | el

We can similarly bound the expression for w’, and arrive at the statement of the lemma via Young’s
inequality,

I3 l(w, ') < 2|[Bs, [327]||Chllwl 'l < ||Bs, [327]||(lw]* + w'|1).
O

We collect the smoothness estimates and simplify them under the event of Lemma 16 in the following
Corollary.

Corollary 31. Suppose p and p" are C, and C|, Lipschitz respectively, with C,, C}, S 1. Recall that
Y :=E[zx]. On the event of Lemma 16, we have HES" {:ii:q H S |IZ| V72, and consequently,

T} satisfies Assumption 5 with constants L < k(|2 V 72), R < ||Z)||1/2 V 7y, and Cp, = k1

Using the estimates above, we can present the following convergence bound F*, (115) — F x(15)-

Proposition 32. Let 7, :== | X|| V 7y, and for simplcity assume Cys1 > 8. For any € < 1, suppose
the step size satisfies

ns = :
~ Crsik?ma(d +72/))
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the width of the network satisfies,

R (14 (5 + %) (L + g

K

m >

~ 3
and the number of iterations satisfies

BCrst . FEAN(1T) — F3
1z In ( E ).

Then, we have Fi*, (ui"*) — Fpa(uf) < e

Proof. Throughout the proof, we will assume the event of Lemma 16 holds. Let Fj  := Fg » (,u’/‘;)
Notice that by iterating the bound of Theorem 27, we have

NAm,5.2n
1 —exp (QﬁE'ZSI)

<e ——— N (Fia(ugt) — Fi5) +48CLs1Am. 820,
< Xp(25CLSI)( aa(1o) 52) +4BCLs1Am g A

m m k _l,r] m m 3k
Fean(u™) — Fja < exp (m)(}-ﬁ,x(ﬂo ) = Fia)+

where the second inequality holds for n < 28CLg; since 1 — e™® > x/2 for z € [0, 1]. We now
bound A,, 3 ), so that the RHS of the above is less than O(e) by choosing a sufficiently large m
and a sufficiently small 7. Recall that given constants L and R from Assumption 5,
R? ] L 1 R* d., C, L
Ampan =< L*(d+—) (0" + = +—( + (57 + 135 +—)
pan = L+ D)+ 5) + g\ e+ 5a P39 G T B

From Corollary 31, L = x(||S| V#2), R =< |2||*/? V., and CL, = x~1. To avoid notational clutter,
let 72 := ||X|| V #2. Then, to control the terms containing 7, it suffices to choose

& 13
< A
e~ \/ BCrLsir2ii(d + 72/N) " Crer2ii(d + 72/\)

for which we can simply choose

UBS - :
~ Crsik?r(d +72/X)

Further, to control the term containing the number of particles m, we need

w2 (14 (5 + o) (2 + 25t )

K

m -

To drive the suboptimality bound below ¢, we also need to let the number of iterations [ satisfy
C Fm my _ Tx
1> BCrs1 In ( Aaug?) ﬁ)\).
€

With the above conditions, we can guarantee
Fan(w") — Fa\ S e
which finishes the proof. O

Further, we now present the proof of the LSI estimate given by Proposition 2.
Proof. [Proof of Proposition 2] Recall that
R R A o
Iilpw)(w) = Tglpwl(w) + S [w].

Thus we have v, (w) o< y(w) exp(—BJ4 1w ] (w)). Since ~ satisfies the LSI with constant
1/(BA), by the Holley-Stroock perturbation argument (Holley & Stroock, 1986), v, , satifies the

LSI with constant R
exp(B ose(Jg[1w]))
BA

Crst <
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Additionally,

= (s pw) — y)T(2 D5 w)| < 20,

which completes the proof. O

Finally, we are ready to present the proof of Theorem.

A.5 PROOF OF THEOREM 3 AND COROLLARY 4

and let 8 = M and n > (def”/\r# for some ¢ < 1, where

(1) —E[p(§)] S €

Note that while Lemma 25 only asks for ¢ Z A ( =/ rz) Nty , we simplify this expression in the
statement of Theorem 3 so that the choice of ¢ does not depend on k.

Recall that A = \r2
£i= O\FZ e4r1),

T

On the other hand, given the step size 7, width m, and number of iterations [ by Proposition 32, we
have 73" (") — Fpa(pj) < €. Therefore,

’FQ.ﬁCLSI€ 12
By [Jo (W] — Jo(u) < 1) 2PELSIE &7
uy [Jo(W)] = To(up) m m

Additionally, from Lemma 25, we have

B H(ws |7) SElp(€)] + O F2) + e+ xS 1.

Consequently, for m > w V &, we have By [Jo(W)] = Jo (1) < €. Therefore,
combining the bounds above, we have

Ew -~y [Jo(W)] — E[p(€)] S ONTE) + e+ 1~

Consequently, we can take A = 0,(1), € = 0,(1), K~' = 0,(1), which finishes the proof of
Theorem 3.

We finally remark that under the LSI estimate of Proposition 2 and the choice of hyperparameters in
Theorem 3, the sufficient number of neurons and iterations can be bounded by

AT, d a5 Fade , d | T2\ Gldu A7 Odurs
0(04( + [2)eO0(der) ) <O( H(dQH +é)60(de )) < O(deOtder))

deg T2 ct
and
I < O(r 2d O m) < O(deOtem),
CI
which completes the proof of Corollary 4. O

B PROOFS OF SECTION 4

We begin with the proof of Proposition 8.

Proof. [Proof of Proposition 8] Note that jo(,u*) = 0 by definition. Moreover, the bound on
H(p* | 7) is a simple application of Jensen’s inequality, namely,

f
H(p™ |1) = lnf:%_d,u*:/fdu*—ln/edeg/f(d,u*—dT).

O

Next, using the Bakry—Emery curvature-dimension condition (Bakry & Emery, 1985), we prove the
following dimension-free LSI bound.
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Proof. [Proof of Proposition 9] By the curvature-dimension condition (Bakry et al., 2014, Section
5.7), the Gibbs measure v, o< exp(—SJ;[u]) satisfies the LSI with constant Crs < o~ ! as long as

Ricg + SV2J3 ) (w) > ag,

for all w € VW and some o > 0. By the bound on the Ricci curvature from Assumption 4, it suffices
to show

odg + BV2Jn](w) = ag.

Recall that

Jo(n) =Es, {p (/ U (; w)dp(w) — y)] :
Therefore, .

Tolul(w) =Es, [p'(9(z; 1) — y)¥(z; w)],
and

Vo, Tl (w) = Es, [0 (i(z; 1) — y) Ve, Uz w)].
Consider the case where p is C,, Lipschitz. Then,

Amin(Ve Jolu)(w)) = inf Es, [p/(5(; 1) — y)(v, Vi, U (@; w)w)]

llvllg<1

> —C, sup Eg, [|(v,V5,¥(z;w)v)|]

loll, <1
— —C,K.
O

Before stating the proof of Theorem 10, we adapt the generalization analysis of Appendix A.3
to the Riemannian setting of this section. Recall the truncated risk functions J§*(p) =

Elp(f(a; ) — y) A 5] and J§* (1) = Es, [p(§(2; 1) — y) A 2]. Then, we have the following uni-
form convergence bound.

Lemma 33. Under the setting of Example 7, where we recall |0(0)| < 1 and |¢'(2)| < 1 forall z,

we have
1/2
gcm/M<1+E[ ])
n

where 3 == Z . Combined with McDiarmid’s inequality, the above bound implies

> M o 11/2 In(1/6
sup  J5t(p) =I5 (w) S Cp\/7<1 +E[ D + n(1/9)
H(p|T)SM n

n
with probability at least 1 — 4.

E sup - T§ ) J5 (1) b>

HEP(W):H (Ml 7)<

b

Proof. Based on the same argument as Lemma 22, for any o > 0, we have

o 1]

n
Hp|m)<M T

E

sup g (p) = jo”(u)] <20,E

H(p|T)<SM

where (&;) are i.i.d. Rademacher random variables. Once again following Lemma 22, we have,

M 1 a? & )
sup &yl §—+7Eln/exp — V(2 w)? |dr(w)].
Hp|T)<M T ; ] a o« 2n2 ; ( ) (w)
Furthermore,
2 N 2 2 a?
o PYRY a”p(0) ||s0 o?l¢'lI2, i
/exp <2n2 ;\I/(:c( ;w) )dT(w) < exp(n2 ex Z< Lz > 7(w)

< exp<a2fl(0)2> /exp<042”i”00<w,ﬁ3w>> dr(w)

o2 (0 + ¢/ 12,

n

E¢
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Therefore,
w0 + 1¢/I1% |5

n

E¢

M
sup Zé §aDip)| < —+a
H(p|m)<Mm T o

Using |¢(0)], |||, < 1 and optimizing over « yield

M 1/2
s s <o (1 [27])

Taking expectation with respect to the training set concludes the proof. O

Ee

We can also control the effect of truncating similar to that of Lemma 24.

Lemma 34. Under the setting of Example 7, for any u € P(W), we have

2
20(0)% + 2/l [l 1= + E [y?]
V4

Jo(p) — Jg* () < 2C7 -

Proof. Similarly to the arguments in Lemma 24, by using the Cauchy-Schwartz and Markov inequali-
ties, we have

—y) > 2)p(y(x; 1 —y))]
> y) > >” E[p(i(a; 1) —y)*]
< CP(|(@; 1) — y| > /Cp) " *E (s 1) — 9)?]*

Moreover, we have

E[j(a: 1)?] < E[ / qf(w;wfdw)} < 20(0)2 + 2so’||ioE[ / <w,w>2du<w>]
< 20(0)% + 2|’ |2 IIZ I,

concluding the proof of the lemma. O

Finally, we can state the proof of the main theorem of this section.

Proof. [Proof of Theorem 10] Note that given 5 = % and d > 2C,K A /(0g), Proposition 9
guarantees that Cps; < 2/(od) along the trajectory. Consequently, by the convergence guarantee
of (2.10), we have
* _ edT * *
Folur) < Falup) +e= 7 (Folpo) — Falup)) < Falup) +e

Further, by i of Assumption 4, we have
Folps) < Fp(p) e+ p1A<e+e.
As aresult, Jo(ur) < Fs(ur) < &+ 2¢, and similarly H(ur | 7) < B(2 + 2¢).

Note that J§* () < Jo(pr). Using the fact that C,,, | 2|, E [|y\2] < 1, and combining the bounds
of Lemma 33 and Lemma 34, with a porbability of failure § = O(n~7) for some constant g > 0, we
have

BE+e) Inn

. 1
_ < J2&Te) an, -
Jo(pr) — Jolur) S - + - + o
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Optimizing over » implies

Jo(pr) SE+e+ —

BE+e) (lnn>1/4
n

n
Al+e Inn\'/*
5 E4+e+ w + <nn> .
n n
Choosing n according to the statement of the theorem completes the proof. [

C COMPARISONS WITH THE FORMULATION OF NITANDA ET AL. (2024)

Here, we provide a number of comparisons with results of Nitanda et al. (2024). In Section C.1, we
show that the statistical model (2.1) is more general than their formulation, even for parity learning
problems. In Section C.2, we provide an informal comparison of their effective dimension to our
setting, exhibiting the improvement in our definition of effective dimension.

C.1 GENERALITY OF THE FORMULATIONS

We begin by pointing out that the formulation of k-index model of (2.1) is strictly more general than
that of Nitanda et al. (2024), even for learning k-sparse parities. Recall that in their setting, they

consider inputs of the type = %*/?z for some positive definite 3, where z ~ Unif({£1}%) (their

original formulation uses z ~ Unif({1/v/d}%), but we rescale the input to be consistent with the
notation of this paper). The labels are given by

y:sign(ﬁ(&i,z>) :sign(ﬁ<2_1/2ﬁi,w>), (C.1)
1 i=1

1=

where {@;}¥_; are orthonormal vectors. Then, we can define an orthonormal set of vectors {u; }¥_;

such that span (w1, . .., uy) = span(X~ 2@y, ..., X7 2q,,), and define g such that
1/2 1/2
g<<’Uf1,$> <Uk,$>> . <E / u1,Z> <E / uk7z> S.gn<ﬁ<ﬁ Z>)
gee ey = gee ey = S1, iy ,
VE VE v VE 11

for all z € {#1}9. Therefore, the parity formulation of (C.1) can be seen as a special case of the
k-index model (2.1). Note that g is only defined on 2¢ points, and we can extend it to all of R¥ such
that g : R¥ — R is Lipschitz continuous.

In contrast, the k-index model can represent parity problems that cannot be represented by (C.1).
Starting from an orthonormal set of vectors {u;}¥_; in R%, let

yg<<u\1/’;>,..., <u\k/’;>> sign(ﬁ(ui,@). (C.2)

Consider the case where £k = 2, then y = sign (<21/2u1,z><21/2u2,z>>. To be able to

reformulate this to (C.1), we need to be find orthonromal @1, @2 € R such that
sign (<21/2u1,z><21/2uQ,z>) = sign((@1, 2) (g, 2)), Vz € {£1}%

If 3 has rank less than d such that /2w, = 5/24,, then the above implies sign( (@, z) (@, z)) >
0 for all z € {+1}%. In particular, we must have some z where sign((@,, 2) (12, z)) > 0, which
implies that

2¢ 2¢
> (, zi) (g, zi) = <a1,2ziz? a2> = 2@y, @z) > 0, (C3)
i=1 i=1

which is in contradiction with (@1, @2) = 0. Therefore, for such X, we cannot formulate (C.2) as a
special case of (C.1). This argument is robust with respect to small perturbations of 3 which make it
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full-rank. Specifically, suppose »/24, = B'/2u, + 6. Notice that we can choose 3'/?u; such

2
that <21/2u1, z> # 0 forall z € {119, e.g. by choosing 3'/2u; o ey, i.e. the first standard

basis vector. It is straightforward to construct full-rank 3, wq, and us such that ||| is arbitrarily
small, in which case

sign (<21/2u1, z><§]1/2uQ, z>) = sign <<21/2u1,z>2 + <El/2u1, z><6, z)) > 0.

Following (C.3), once again the above would be in contradiction with (@1, @#2) = 0. This implies
that the k-index model (2.1) is strictly more general than (C.1) when considering full-rank covariance
matrices.

C.2 COMPARISON WITH THE EFFECTIVE DIMENSION OF NITANDA ET AL. (2024)

A close inspection of the proofs in Nitanda et al. (2024) demonstrates that one can define their
- 2
effective dimension in a scale invariant manner as deg = tr(E)HEf:l »-Y QﬁiH . From the

previous section, we observed that to reduce their setting to ours we need to choose a set {u; }5_,
of normahzed vectors that spans the set of vectors {2 V24, . In particular, we can choose

=124, »1/2,,
W or equivalently write w; = =77 ”

proofs do not strictly rely on the orthogonality assumption and it is only made for simplicity. Hence,
we have

u; Whlle {u,} *_, are not orthogonal, our

2

k k
der = ()| || < k(D) > ||
i=1 HE qu i=1

Note that the above upper bound is sharp when k£ = 1, and is lower bounded by our definition of
effective dimension stated in Definition 1. Therefore, we use the above bound in Table 1.

D EXAMPLES OF TARGET FUNCTIONS IN PROPOSITION 8

In this section, we provide a natural example of a target function of the form given in Proposition

8. Suppose W = S%71, and ¥(x; w) = (w, az>2. Define p* = T#7, where T (v) = %, for

some PSD matrix A to be defined later. Let

A 2pT A2

~ * T
y=9(x;p") = (2, By [ww ' |x) = :v,IETM[i}

( ) < M [ } > < ||A1/2’U||2
1/2 1/2 2

By defining B = d - ., [%} we have y = 5“3”%” . Additionally, note that
J(x;7) = é||:c||2 Before proceeding further, we remark that the typical ||z|| should be of order v/d

to get ©(1) output, which is due to choosing the unit sphere as the weight space.

Next, we construct A. Suppose distribution of x is such that with probability 1/2 we have x = ey,
the first standard basis vector. Let A = diag(A1,1,...,1). Then,

/\1 dv%
14+ (A — 1)v?
where c is an absolute constant. On the other hand, §(e;;7) = 1. Choosing A\, = 7 we observe
that for sufficiently large d, with probability at least 1/2 the distance |g(x; u*) — g(z; 7)| > C for
some absolute constant C' > 0. This means that ;* and 7 are meaningfully different, and from an

initialization of 7 one needs to train the network (e.g. with MFLD) to recover p*. It remains to find
an estimate on H(u* | 7).

y_g(el§ﬂ*)_Ev~T|: :| < e,

Let T : RY — S% ! denote the normalization mapping, i.e. T(v) = HvH Then, note that 7 =
THN(0,1,), and u* = TH#N(0, A). Therefore, by the data processing inequality,

M | 7) < HN(0, A) | N(0,1,)) = —g + “(QA) ~ 5 Indet(A) < %,

33



Published as a conference paper at ICLR 2025

where \; = é. Therefore, A = % = o(d), and we can apply Theorem 10 to obtain polynomial
convergence time, as desired.

E NUMERICAL SIMULATION

In this section, we perform numerical simulations to verify the intuitions from Theorem 3. Specifically,
we train a two-layer neural network with width m = 50 and ReL.U activation, where the first layer
weights are initialized uniformly on the sphere, and fix the first half of the second layer coordinates
at +1/m, and the second half at —1/m. The input follows the distribution & ~ N(0, X) (with an
extra 1 appended for bias), where ¥ = diag(o?) with 07 = 1 and 07 = %=1 for input dimension

d = 50. The labels are generated by a single-index model of the following form

o _ <61,CE>2—1
y—g(<61,$>)— \/727

Therefore, the effective dimension from Definition 1 is exactly equal to deg. We train the neural
network using the squared loss with MFLA, with a stepsize of 0.1, weight decay parameter 0.01,
temperature 0.001.

Figure 1b shows the test loss at the end of 200 it- 121
erations of MFLA for different numbers of training
samples n and effective dimension d.g. For each
value of n and d.g, we average the test loss over 5
independent runs with different realizations of data
and initialization. In Figure 2 we measure the gener-
alization gap, i.e. the average loss difference on the
training set of n samples, and a test set of 100000 001
samples, at the end of 3000 iterations of training 10 2 n w0 50
with MFLA. For this experiment, we try n = 100,
n = 200, and n = 500. As seen from both figures,
deg controls the generalization gap and test loss, both ~ Figure 2: Generalization gap measured by variy-
of which decay with larger n. ing the effective dimension.

Generalization Gap
o
%
s

=
=

The code to reproduce the experimental results is
provided at: https://github.com/mousavih/MFLD-Learnability.
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