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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 dimension 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, deg can be significantly smaller than the ambient dimension. We prove
that the sample complexity grows almost linearly with des, bypassing the limitations of the information
and generative exponents that appeared in recent analyses of gradient-based feature learning. On the
other hand, the computational complexity may inevitably grow exponentially with deg 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
[BAGJ21] or generative exponent [DPVLB24] for single-index models, and the leap complexity [ABAM23]
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 [AAM22, BBSS22, DNGL23,
BES*23, MHWSE23, BBPV23, DKL'23] or the generative exponent [DTA'24, LOSW24, ADK 24, JMS24],
depending on the implementation of gradient descent. This sample complexity is also predicted by the
framework of statistical query lower bounds [DLS22, ABAM23, DPVLB24].

On the other hand, neural networks can efficiently approzrimate arbitrary multi-index models regardless
of the generative/leap exponent s [Bar93, EMW22]; 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 [Bac17, LDC24]. Intuitively speaking, a function depending on k = Oy4(1)
directions of the input data has kd = O(d) parameters to be estimated, and hence the information theoretically
optimal algorithm 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 obtain statistically optimal sample complexity is to consider training neural
networks in the mean-field regime [NS17, CB18, MMN18, RVE18, SS20], where overparameterization is utilized
to lift the gradient descent dynamics into the space of measures so that global convergence can be established.
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While most existing results in this regime focus on optimization instead of generalization/learnability
guarantees, recent works have shown that under restrictive data and target assumptions (such as XOR), mean-
field neural networks can achieve a sample complexity that does not depend on the leap complexity [WLLM19,
CB20, Tel23, SWON23]. Among these works, [SWON23] 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) [HRSS19, NWS22, Chi22b].
However, existing learnability guarantees in the mean-field regime fall short in the following aspects:

e 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 [BMZ23, MZD"23],
or k-sparse parity classification [WLLM19, Tel23, SWON23|. 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.

e Polynomial computational complexity. To achieve optimal sample complexity, the computational
complexity of the training algorithm in [Tel23, SWON23] 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 the k-parity
problem on anisotropic data [NOSW24].

1.1 Owur 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 as studied in prior works [GMMM20,
MHWSE23]. 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 [CB18,
MMN18, RVE18]. Unlike the neural tangent kernel (NTK) description [JGH18, COB19] that freezes the
parameters around the random initialization, the mean-field regime allows for 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 nature, in that they do not specify the rate of convergence or
finite-width discrepancy, the mean-field Langevin algorithm that we study is a noticeable exception, for
which the convergence rate [HRSS19, NWS22, Chi22b] as well as uniform-in-time propagation of chaos
[CRW22, SNW22, SWN23, KZC™"24] have been established.



To utilize the MFLD to learn general classes of targets, a recent work [TS24] considered a two-timescale
dynamics where the second layer is optimized infinitely faster than the first layer, and provided statistical
guarantees for learning Barron spaces with a bounded activation function. The concurrent work of [WMHC24]
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 [BAGJ21,
BES*22, BBSS22, MHPG 23, DNGL23, LOSW24] and multi-index models [DLS22, AAM22, ABAM23,
DKL*23, BBPV23, CWPPS23, VE24]. While the information-theoretic threshold for learning such functions
is n 2> d [MM18, BKM ™19, DPVLB24], 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 > d®) where s is the information exponent for one-pass SGD on the squared/correlation loss
[DH18, BAGJ21, BBSS22, DNGL23], and the generative exponent [DPVLB24] when the algorithm can reuse
samples or access a different loss [DTAT24, LOSW24, ADK'24, JMS24]. This presents a gap between the
information-theoretically achievable sample complexity and the performance of neural networks optimized by
gradient descent, which we aim to close by studying the statistical efficiency of mean-field neural networks.

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 ||-||p. Given a topological space W
endowed with an underlying metric and Lebesgue measure, we use P(W), Po(W), and P3°(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 wy, i.e. [ h(w)ddy,(w) = h(wy).

2 Preliminaries: Optimization in Measure Space

Statistical model. In 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=g(lye,. ) e (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 w1, ..., us
are orthonormal, and define U = (u1/Vk, ..., up/Vk)" € R¥*%; 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 x — ¢(a; W) with W denoting its model parameters, we consider loss functions of
the form £(g,y) = p(§ —y) where p : R — R is convex. In the classical regression setting where we observe n
i.i.d. samples {(x®, y#)}7 | from the data distribution, the regularized population risk and the regularized
empirical risk are defined respectively as

TA(W) = ElL( @ W),y)) + SROV) and Ja(W) = -3 3 W),y) + SROW),

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 Jy as the finite sample approximation of the population
risk J), 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,... 7wm)—'—, the student model and the /5-regularizer are given as

m

1 1 e
o (W) Ez (z;w;) and R(W) :=%||WH%:EZIIU’J‘|I2> (22)

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 Jy or Jy, we will consider a discretization of the following set
of SDEs, which essentially define an interacting particle system over m neurons:

7 .
dw} = —mVy, J(wi, ..., wh,)dt + \/;dBi for 1<j<m, (2.3)

where V,, is the Riemannian gradient and (Bg )7Ly is a set of independent Brownian motions on W. We
scale the learning rate (prefactor in front of the gradient) by m to compensate that the gradient will be of
order m~! with respect to each neuron. The case 8 = 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 (wq,...,w,,); thus, an equivalent integral representation of
these functions can be written using Dirac measures d,,; centered at w; as follows

) . 1 -
J(x; pw) ::/\I/(:c; Jdpw  and  R(pw) ::/|| NPdpw  with  pw = — Zéwj. (2.4)
j=1

Here, pw is the empirical measure supported on m atoms. Indeed, §(x; pw) = Gm(x; W) and R(pw ) =
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 u € P2(W). Thus, we
rewrite the population and the empirical risks in the space of measures as

Ta(pw) = JA(W) and  J(pw) = JA (W),

and allow their domain to be 1 € Pa(W). Let J : Po(W) — R be the population risk Jy or the empirical
risk Jx. We can equivalently state the interacting SDE system (2.3) as (see e.g. [Chi22b, Proposition 2.4])

dw} = =V I [uw] (w})dt + \/Zng for 1<j<m, (2.5)
where J'[u] € L2(W) denotes the first variation of J(u) defined via
/j — 1)(aw) = lim T = t V= IW e pyom), (2.6)

which is unique up to additive constants when it exists [San15, Definition 7.12].

As m — oo, the stochastic empirical measure py+ weakly converges to a deterministic measure i for all
fixed t, a phenomenon known as the propagation of chaos [Szn91]. Furthermore, p; can be characterized as
the law of the solution of the following SDE and non-linear Fokker-Planck equation

2
dw' = —V o J'[1¢] (w")dt + \/;dBt and Oy = V- (VT [pe]) + B A, (2.7)

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 u < v both in P(W), we define the relative entropy H(u|v) and the
relative Fisher information Z(u | v) respectively as

2d,u. (2.8)

du du
= In — A = In —
H(pw|v) /W n dydM and (u)v) /WHV n



It is well-known at this point that p; in (2.7) can be interpreted as the Wasserstein gradient flow of the
entropic regularized functional Fg(u) = J(u) + %H(,u | 7), where 7 is the uniform measure on compact W
or the Lebesgue measure on a Euclidean space [JKO98, AGS05, Vil09]. For this gradient flow to converge
exponentially fast towards the minimizer g = argmin,, Fg (1), we require a gradient domination condition
on 43 in the space of probability measures, given as

. C
H(HW{&)SE

5 Llus), VYpePOW), (2.9)

which is referred to as the log-Sobolev inequality (LSI). If the measure dv;,, oc exp(—BFj[u])dr satisfies LSI
with constant Cpgy for all t > 0, u; enjoys the following exponential convergence

Fpe) = Fplpp) < e77ust (Fa(po) — Fp(h)); (2.10)
see e.g. [Chi22b, Theorem 3.2] and [NWS22, Theorem 1].

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 — ¢ ,(2) for some k,¢ > 1, which is given by ¢,,.(2) =
k"M n(1 + exp(kz)) for z € (—o0,1/2] and extended on (¢/2,00) such that ¢, , is C? smooth, |¢,,| < ¢,
|¢;7L| <1, and | ;’L| < k. Note that ¢, , recovers ReLU as k,¢ — oo. Recall that we freeze the second-layer
weights as +1. Consequently, non-negative activations can only learn non-negative functions. To alleviate
this, we choose W = R?¥*+2 and use the notation w = (w{,w4 )" with wy,ws € R to denote the first
and the second half of weight coordinates, and use the activation function

V(@; w) = dr . (&, w1)) = .. (B, w2)), (3.1)

where & = (x,7,)" € R4 for a constant 7, corresponding to bias, to be specified later. The above can also
be seen as a 2-layer neural network with ¢, , as activation where the second-layer weights are frozen at +1.
We use the neural network and the regularizer in (2.2) with weights W = (w1, ..., w,,) € R?¥*2 and

minimize the resulting empirical risk jA(W) via the mean-field Langevin algorithm (MFLA), which is a
simple time discretization of (2.3) with the stepsize 7 and the number of iterations I > 0,

~ 2 )
Wit = wh — MV, Jy(W) + \/g”sé, 1<j<m, (3.2)

where ﬁé 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, propagation of chaos will
kick in and the dynamics will be an approximation to MFLD (2.7), ultimately minimizing the corresponding
entropic regularized objective Fs x (1) = J (1) + %”H(,u | 7).

We make the following assumption on the input distribution.

Assumption 1. The input & has zero mean and covariance 3. Further, ||z| and ||Uz| are subGaussian
with respective norms o, EY%||p and 0, ||EY2U T ||p for some absolute constants oy, 0.

Even though the above assumption covers a wide range of input distributions, it is mainly motivated by the
Gaussian case & ~ N(0, ) where || Az| is subGaussian with norm [|£'/2A|| for any matrix A. In settings
we consider, we can replace the operator norm with the Frobenius norm to obtain a weaker assumption, since
| Az| is roughly concentrated near its mean, scaling with || £*/2A7||p. Without loss of generality, we will
consider a scaling where ||3]| < 1.

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

Definition 1 (Effective dimension). Define deg := ¢2/r2 where ¢, = tr(2)/2, rp == |SY2U " ||p.



The effective dimension deg can be significantly smaller than the ambient dimension d, leading to
particularly favorable results in the following when dog = polylog(d). This concept has numerous applications
from learning theory to statistical estimation; see e.g. [Verl8, Wail9, GMMM?20, BES23]. In covariance
estimation, for example, the effective dimension is typically defined as tr(X)/||X| (e.g. [Wail9, Example
6.4]), which is equivalent to deg in Definition 1 provided that U lives in the top eigenspace of 3. However, in
general, dog might be larger than tr(X)/||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 the target
directions more difficult to be estimated. We make the following assumption on the link function in (2.1).

Assumption 2. The link function is locally Lipschitz: |g(z1) — g(z2)| < L||z1 — z2|| for z1, z2 € R¥ satisfying
21|V ||z2]| € 7o == r2(14 0ur/2(q + 1) In(n)) for some ¢ >0 and L = O(1/r;). We also assume E[y?] < 1.

We emphasize 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 O(1).

Recall from Section 2 that in order to prove convergence of the MFLD (and its time/particle discretization
MFLA), it is sufficient for the Gibbs potential v, o exp(—=8J;[uw,]) to satisfy LSI uniformly along its
trajectory. Here, it is straightforward to derive the first variation as

Tilul(w) = Tylu] (w) + gll'wll2 with  Jg (1] (w) :% Z (W 1) =y ) (W w). (3-3)

The following assumption introduces the uniform LSI constant for the trajectory of MFLA.

Assumption 3. Let W' = (wh,...,wl)) denote the trajectory of MFLA. Then, the measure Vgt X
exp(—BTL[uw)) satisfies the LST (2.9) with constant Crgy for alll > 0. For simplicity, assume Crsr > 3.

The above condition is stated to simplify the exposition and will be verified in our results by using the
boundedness of ¢ ,; J; ] can be considered as a bounded perturbation of a strongly convex potential,
thus satisfies LSI by the Holley-Stroock argument [HS86].

Proposition 2. Suppose p is C,-Lipschitz. Then for any u € Po(R24+2) | the probability measure v,
exp(—BTLK]) with T} given by (3.3) satisfies the LSI (2.9) with constant

Crst < % exp(4C,L5). (3.4)

For the squared loss, we can replace C, above with Jo(uw)/?. With this, as Jo(uw ) is uniformly
bounded along the trajectory, convergence of the infinite-width MFLD can be established. However, for the
finite-width MFLA, controlling jo(yw) 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
k; thus, by letting kK — 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.

Theorem 3. Under Assumptions 1, 2 and 3, consider MFLA (3.2) with parameters A = 5\7’3, 8= é(deg/j\),
- ~ 2
and n < O(m), where Ty = ||X|| V 7. Suppose A, k71 = 0,(1), 1 = O(5%), the loss satisfies

X2
Ar2

0’|V p" <1, and the algorithm is initialized with the weights sampled i.i.d. from some distribution 'wg ~ Lo

with E [Hw?”%] < 1. Then, with the number of samples n, the number of neurons m, and the number of
iterations | that can respectively be bounded by

A = CLSI'F;152 d 7:925 A Crsi8
n=0(de), m=0( 0 (5+A)), 1=0(=55), (3.5)
with probability at least 1 — O(n~9) for some q > 0, the excess risk satisfies
Ewt Eyo[o(y = Gm(@; W)] = Ee[p(€)] < 0n(1). (3.6)



‘Work Class of Targets Sample Complexity Input Covariance defi-adaptive

Compute
[Tel23] 2-parity d hypercube isotropic X
[SWON23| k-parity d hypercube isotropic X
[NOSW24] k-parity tr(Z) SoF_ | [|ZY%u;|| 7% parallelotope full-rank v/
[Bacl7] multi-index =N bounded general X
Theorem 3 multi-index tr(Z)/|=YV2U T |3 subGaussian general 4

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

The above theorem demonstrates that (i) the effective dimension of Definition 1 controls the sample
complexity, and (i) 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(deCn)) [ = (de ), (3.7)
MFLA can achieve the excess risk bound (3.6) with A=, k = 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 [Chi22a]
and references therein), in which the algorithm fixes the first-layer of a two-layer network’s representation
and only trains the second-layer, solving a convex problem similar to the random features regression [RRO7].
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. [Bacl7] requires as sample complexity for learning
general k-index models, which is worse than the complexity deg of Theorem 3 even in the worst case deg = d.
The improvement in our bound is due to a refined control over ||[Uz||; while [Bacl7] assumes this quantity
scales with v/d, it can be verified that for centered w, its expectation is independent of d. Further, [Bacl7]
does not provide a quantitative analysis of the optimization complexity, and it is not clear if their algorithm is
adaptive to the covariance structure. [NOSW24] 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 [NOSW24] 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 3 is nearly rank-deficient.

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

e Even though the complexity in Corollary 4 scales exponentially with deg, 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 deg is unavoidable in general in LSI-based analysis [MS14],
and is consequently present in the mean-field literature [Chi22b, SWN23, SWON23].

e 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 [DTA'24, LOSW24, ADK™"24], 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 [DPVLB24] and is SQ-learnable with
n= Od(d) samples [MM18, BKM™19, CM20]. In contrast, our assumption on the link function allows for
arbitrarily large generative exponent, and hence the computational lower bound in [DPVLB24] 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 [MHWSE23]. Namely, given a spike
direction @ € S, suppose the covariance and the target directions satisfy

I +a00"
B 1+«

> L axd?, |[UO|=d, wel0,1], mel0,1/2. (3.8)

Note that in high-dimensional settings, v1 = 1/2 corresponds to a regime where 6 is sampled uniformly over
S%1 whereas 1 = 0 corresponds to the case where 8 has a strong (perfect) correlation with U. We only
consider v, < 1 since 5 > 1 corresponds to a setting where the input is effectively one-dimensional. In this
setting, effective dimension depends on 7; and .

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

To get improvements over the isotropic effective dimension d, either the spike magnitude « or the spike-
target alignment ||[U || needs to be sufficiently large so that 5 > 2. Recall that the effective dimension
in the covariance estimation problem is tr(X)/||X|| =< d'=72. Therefore, dog in Corollary 5 only matches
its unsupervised counterpart when vy; = 0, i.e. 8 has a significant correlation with the target directions U.
As v — 1 and v; — 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 X = Z?Zl )\i0¢0;r is the spectral decomposition of 3, and

Ai U

AR Y

=i, =437, for 1<i<d, (3.9)
A1 U6, |*

for some absolute constants «,y > 0. Notice that Z?=1||U01||2 = ||UH% = 1. The following corollary

characterizes dog in terms of the parameters a and .

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

dh2-a=) a<l,y<l1
dcﬁx dl_a a<1,’)/21,
d-mVvo a>1

where =< above hides polylog(d) dependencies.

The scaling of deg (and therefore the sample complexity) is
illustrated in Figure 1. We remark that the power-law assumption
in (3.9) is parallel to the source condition and capacity condition in

the nonparametric regression literature [CS02, CDV07], where the E’l-
capacity condition measures the decay of feature eigenvalues, and 5.,
the source condition measures the alignment between the target 32
function and feature eigenvectors. 20.75
Also, based on the above result, the width and the number of io.so

iterations in Corollary 4 both become quasipolynomial in d when

a,~ > 1. This corresponds to the setting where X is approximately 025

low-rank with most of its eigenspectrum concentrated around the 0.0 0.5 1.0 15

first few eigenvalues, and the corresponding eigenvectors are well- o (eigenvalue decay)

aligned with the row space of U. Figure 1: deg according to Corollary 6.



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
B [MS14]. In this section, we provide 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 ¢o-regularization, and simply consider the objective Fa(u) = jo(,u) + B Y H (| 7T).

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; u) = [ U(a; w)dp(w) where, in this case,
we choose a C2-smooth activation ¥(zx;-) : YW — 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 @ 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 = odg for an absolute constant

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

For the unit sphere S?~1, we have Ricg = (d — 2)g; thus, the curvature-dimension condition is satisfied
for sufficiently large d. Moreover, if there exists some p with Jy(u) < & (e.g. the minimizer of Jy) for
which H(u|7) = 00, one can construct i such that Jo(i) < O(¢) and H(z|7) < O(d), by smoothing u via
convolution with box kernels (see [Chi22a, Theorem 4.1] and its proof). Therefore in the worst-case, we have
A = O(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. Let y = [ U(x;-)du* for some p* € P(W) such that dp* o efdr for f: W — R. Then,
Jo(p*) =0 and H(p*|7) < J f(dp* —dr) < 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 p* = 7
which implies f is constant. Interestingly, in the case of k-multi-index models, this condition implies that &
grows with dimension, ruling out the case k = O(1).

For MFLD to converge to a minimizer of jo, the parameter 3 needs to satisfy g > Q(A) to ensure the
entropic regularization is not the dominant term in the objective Fg. 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 [BE85] 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).

Proposition 9. Suppose Assumption 4 holds and the loss p is C,-Lipschitz. Then, for all p € P(W) and
B < od/C,K, the probability measure v, x exp(—BjO’ [u]) satisfies the LSI with constant

Crst < (od — BC,K) ™1, (4.1)

<v,V12U‘II(:B;w)'U>

where K = sup, —; ES[ ], and Eg, [] denotes the expectation under empirical data
g

distribution over n samples.



Remark. In the setting of Example 7 with n > Q(tr(2)/||Z|)), we have K < ||X|| with probability at least
1 —O(n~?) for some constant g > 0. Consequently, the LSI constant is independent of d.

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

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

. A (F
Jolur) SE+¢e, whenever T > — ln(ﬁ(uo)). (4.2)
eod €
Moreover, in the setting of Ezample 7 and for a 1-Lipschitz loss function, if we have d Z, A/oe and
n> QA +&/e)/e?) v Q»tr(2)/|Z]) v Q(1/e?), then

Jo(ur) SeE+¢e, whenever T > % ln(]:ﬁiﬂo)), (4.3)
o

with probability at least 1 — O(n~7) over the randomness of data, for some constant g > 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. [SWN23] for the Euclidean setting, and [LE23] 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 (1 |7), where v = N(0, (A\B3) "'I24.42); therefore, in the Euclidean setting, v plays the role of 7. Further
in the proof of Lemma 20, we show that in the Euclidean setting, A < A\3/r2 and & < ¢, /+/AB; thus, to learn
with any non-trivial accuracy, we have A < 2 /r2 = d.g. As discussed above, controlling the effect of entropic
regularization necessitates g > Q(A) Unlike its Riemannian counterpart, the Euclidean LSI estimate of
Proposition 2 scales with exp(f), 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 & = 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.

e 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.
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e While we focused on k = O(1), the versatility of the MFLD analysis may allow us to let k grow with
dimension as in [GMMM19, MBB23, OSSW24], or g to exhibit a more complex hierarchical structure
[AZ120, NDL23]. Learning these functions with the MFLD is an interesting direction for future research.

e 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 Fg x ().
Recall that

Foli) = Jalin) + 5RO + 5H(w)

Let v o exp (%WHwHQ) be the centered Gaussian measure on R24+2 with variance 1/(A3). Then, we can
rewrite the above as

A 1 d A
Fan(1) = o) + 5l ) + 55150,
As a result, we can define
~ - 1
Foalp) = TJo(p) + ZH(w]7), (A1)

B

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

,ug = argmin Fg »(¢) = arg min fﬁ,A(M)'
n H

This reformulation, which was also used in [SWON23]|, allows us to combine the effect of weight decay and
entropic regularization into a single non-negative term H(u |~y). Furthermore, the simple density expression
for the Gaussian measure 7 allows us to achieve useful estimates for H(u|v). In particular, as we will show
below, it is possible to control H(yuj |v) with effective dimension rather than ambient dimension, which leads
to dependence on deg 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 p* € Po(R24+2) where (-; u*) can approximate g
on the training set with bounds on R(x*). This construction provides upper bounds on Jo () and

H(ws )

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

3. Finally, in Section A.4, we estimate the LSI constant and constants related to smoothness/discretization
along the trajectory, which imply that 3"\ (") converges to Fz(uj), where Fz', is an adjusted

objective over P(R(24+2)™) defined in (A.6). This bound implies the convergence of Ew e [Jo(W)]
to Jo(ps), 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 Jo(u) == E[£(§(2; 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) := 2 V 0 to denote the ReLU activation.

A.1 Concentration Bounds

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

Definition 11. [Wail9] A random variable x is o-subGaussian ifE[e)‘(m’E[z])} < o)z for all N € R, and
is (v, &)-subezponential if E[eMe~ElD] < A2 for all A < 1/a. If x is o-subGaussian, then

—¢2

Ble ~ Elx] > 1) < exp (). (A.2)
If x is (v, a)-subexponential, then
Pz —E[z] > t) <ex (—lmin(ﬁ E)) (A.3)
=0 =9PLTy 2« '
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Moreover, for centered random variables, let ||, and || 4, denote the subGaussian and subexponential
norm respectively [Ver18, Definitions 2.5.6 and 2.7.5]. Then z 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 < i < n, with probability at least 1 —n~1,
<rs(14+0,v2(g+1)Inn) = 7,. (A.4)

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

HUwu‘)

Wm@ <E[|Uz] + 0urs/2(q + D 1nn
=71y +0ourzv/2(q+ 1) Inn.
The statement of lemma follows from a union bound over 1 < i < n. O

Lemma 13. Under Assumption 1, we have Eg, {HwHQ} < c2 with probability at least 1 — exp(—(n)).
Proof. By the triangle inequality,

Hlly, <zl —Ellzl]l,, + Ellz]]l,, < on

=2 ()2 S ()2
F
Recall ¢2 := tr(X). Furthermore, by [Ver18, Lemma 2.7.6] we have

2 2
lzl?] =l < e
1

We arrive at a similar result for the centered random variable ||| — E[[|z|]? — 2. We conclude the

proof by the subexponential tail inequality,

P@&Nmﬂfﬁzm@gﬁmﬂmwﬁmm»

O
Lemma 14. Under Assumption 1, we have Eg, [yQ] < 1 with probability at least 1 — 2exp(—Q(n)).
Proof. We have
lyl* < 39(0)° +30(1/73)|[Uz|* + 3¢>.
By a similar argument to Lemma 13 we have
Uz|®’| =|Uz|?, <2/|Uz| - E[|Uz|]?, + 2E[|Uz|]* < (1 + o2)r2
lw=("| ==y, <2A|U=z] -E[jU=z|]l, + 2E[U=|]" < (0 +03)rz,
since E [||U93H2} =r2. As a result, by the subexponential tail bound,
Es, ||Ue|?] - E[|U=]*] $ (1 +02)2 S 72,
with probability at least 1 — exp(—(n)). Similarly, §2|w1 < |§|3b2 < <2, therefore,
Es,[] ~E[®] S S 1,
with probability at least 1 — exp(—$2(n)). The statement of the lemma follows by a union bound. O
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Lemma 15. Under Assumption 1, for any ¢ >0 and n 2 Hc—gn(l +02(q+1)In(n))In(dn?), with probability
at least 1 — O(n~9) we have |Es, [z ]| < ||S|. Further, if ¢ > 1, then E[HESn B2 Hl/Q} < ||E||1/2.

Proof. First, note that by subGaussianity of ||z||, for every fixed i, we have with probability at least 1—n=971,

Hm“) _E[||z|] < crnHEl/QHF\/Q(q T 1)Inn.

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

Hw(o

<ep+onca/2(q+ 1) Inn = ¢,.

Ca_

Define the clipped version of x via x. = (1 A Tl ). Then, on the above event,

Es, [zz'] = Eg, [z.2/ ].

Moreover,

|E[zcz. ]| = ”illllrg)lE[@c,v)Q} < HilﬂlglE[@,w?] = |E[zz"]].

Finally, by the covariance estimation bound of [Wail9, Corollary 6.20] for centered subGaussian random
vectors and the condition on n given in the statement of the lemma,

[Es, [zez: ]| - [|E[zez. || S [[E[z2"]|

with probability at least 1 — O(n~9). Consequently, we have ||Eg, [zz]|| < |3 with probability at least
1-0(n"1).

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

E[|[Es, [oa"]||"’] = E[1(B)|Es, [22"]|"*] + E[1(EV)[Es, [227] | "’]

S + B(E) P E[|Es, [ex )]
SI=N? + 0 Y?)e,.

Suppose ¢ > 1. Then for n > c2/||X||, we have E {HESW, EXN ||1/2] < H2||1/2, which completes the proof. [

We summarize the above results into a single event.

M

C,

I\E\(l + 02(q + 1)In(n)) In(dn?). There exists an event € such that P(E) >

&)

Lemma 16. Suppose n 2
1-0(n=17), and on &:

1. U <7y forall1 <i<n.
2 Es, |ll2)®] 5 ¢2.

5. ||Es, [exT]]| S 12

4. E|[Bs, [22T] "] < 120

5. Es, [v?] S 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.
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Lemma 17 (Donsker-Varadhan Variational Formula for KL Divergence [DV83]). Let u and v be probability

measures on W. Then,
H(p|v) = sup /fdp—ln(/efdl/)
fW-R

Finally, we state the following lemma which will be useful in estimating smoothness constants in the
convergence analysis.

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

|Ep[zz]|| < \/]ED[ZQ]H]ED[MTHI-
Proof. We have

[Ep[z2]|| = l\Slﬂlgl(vJED[zwb = \|SI\T£)1ED[Z<’U,$>]

< sup \/Ep[z2]ED [<U,:I:>2:| (Cauchy-Schwartz)

lvl<1

lvll<1

< \/]ED[ZQ} sup (v,Ep[zzT]v)

= \/Ep[z2H\ED[$mTH|-

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 [Bacl7, Proposition 6] adapted
to our setting.

Proposition 19. Suppose g : R¥ — R is L-Lipschitz and |g(0)| = O(L7,). On the event of Lemma 16, there
exists a measure pu € Po(R24H2) with R(u) < A%/72 such that

)

O (AN AN Ind
mg(Ue) —itas)] < O () T in () + 5

K

for all A > Cy, where Cy, is a constant depending only on k, provided that the hyperparameter v satisfies
2k/(k+1)
V> O L7y (LA) .

Proof. Throughout the proof, we will use C}, to denote a constant that only depends on k, whose value may
change across instantiations. Let z := Uz € R¥ and z = (27,7,)" € R¥*!. Recall that on the event of
Lemma 12 we have ||z < 7, and |g(2?)| < L7, for all 1 <i < n. Let 7 denote the uniform probability
measure on S¥. By [Bac17, Proposition 6], for all A > Cy, there exists p € L?(7) with [Pl z2¢r) < A such that

o29) = [ 2@ (5 (0.2 ar(w)

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

p(v) =Y AT hy(v),

Jj=1

A
i)

< OLr (S5) ™ n

max
i

where r € (0,1),A;, h; : S* — R are introduced by [Bacl7, Appendix D]. In particular,

hw) = g(

fx'vlzk

Vi+1,
Vi+1 )
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with the spheircal harmonics decomposition h(v) = 37,5 hj(v). It is shown in [Bacl7, Appendix D.2] that

Aj < Cy jF+1/2 and one can prove through spherical harmonics calculations (omitted here for brevity) that
|hj(v)| < Ok supyesk h(v)jFD/2 < Cy Lir, j*~1/2. As a result,

. Ly
)] <> AT hy(v)] <Ay (v)| < CpLi, Z]kuckir.

(1—r)k
Jj=0 j>1 j>1

2/(k+1)
Using 1 —r = (C’kLF,;/A>

as in [Bacl7, Appendix D.4] yields

A\ 2k/(k+1)
Ip(v)| < Cklﬂ”w<ﬁ) .

Define p (v) :=p(v) V 0 and p_(v) := (—p(v)) V 0. Then, by positive 1-homogeneity of ReLU,

[ @) (5 0.2))ar(w) = [ @i (50.2)r(0) = [ p-@)0 (5 (0.2))ar(o)
= /S ¢Oo(p+fi”) (v, 2})(17’(’0) - /S oo (p%i”)@, E(i)>)d7'(’u)

= Poo((v, 2))dfir (v) — Do (v, 2))dfi2(v)
Rk+1 RE+1
= Poo((w, &))dps (w) — Poo((w, T))d iz (w),
Rd+1 Rd+1
where [11 = G )p +( )#T and fig == =L )p )#T are the corresponding pushforward measures, p; = Ty#/i1 and

= Ty #iis, Where Ty (v) = (U vk,vk+1) € R for v = (v],vp41) " € RFFL In other words, w ~ yy

is generated by sampling v ~ [i; and letting w = (UT'Uk,ka)T, with a similar procedure for w ~ pus.
Furthermore,

R = [ lolPdm) + [ folPan) = [ oldae+ [ olPdue
:/Sk p(f;) dr(v) < 2.

2
T: T

The last step is to replace ¢ with ¢, ,. Note that for all 4, and almost surely over w ~ p;, we have
. 2k / (k+1)
‘<w,53(1)>’ < pi(v) < CpL7, (ﬁ , with a similar bound holding for w ~ pus. As a result, by

2k /(k+1) . .
choosing ¢ > Ckaw(ﬁ) , we have ¢%,L(<w,9~c(z)>) = ¢%(<w7:i(z)>) for all 4 and almost surely
over w ~ p1 and w ~ po. By the triangle inequality, we have

o)~ it <|{ [ o, ((10.89)) = o ((0.3)) s w)

H/¢> w &) - ¢oo(< &)") faatu)

9U0) = [ 6 ((10.8)) (s (w0) - dua(w))|
A

= A
+Cker(Lr ) k1 ln([i ),

21n2

which completes the proof. O

Next, we control the effect of entropic regularization on the minimum of ]}57 » via the following lemma.
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Lemma 20. Suppose p is C, Lipschitz. For every p* € P(R24+2) we have

~ 5 A 2V/2C
i <o) + SR LEs, [|1Z]]-
M@ﬁ@maxm_%wuﬁ WH\RWSMM]

Proof. We will smooth p* by Convohvmg it with ~, i.e. we consider p = p* * . Let u ~ v independent of
w ~ p* and denote u = (u] ,uq )" with u, us € R We first bound jo(u * 7). Using the Lipschitzness
of the loss and of ¢, ,, we have

9ot +2) = o) =B, [o( [ Wit <) — ) o [ Wi wian ) - y)|
o ot -]

~0,5s, || [ Eul¥(@iw + ) - \I’(w;w))du*(w)u

<O, | [ Bullbns(r-+ ) - b (1,3 00" w0)]

T CEs, [ [ Eullbna(wn 102, )) = b (02,8 " (oo >]

<CpBs, | [ (Bunllfn, @)1 + Bz, @) 11 <w>}

2V2C, _
=g o [l12]

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

W +y]y) = H ( [ = whau w) w) < [HOC—w) 20 ).

Furthermore,
AB A8
HOC ) 1300 = [ 22 (oo =+ ol — ) = P
Consequently,
* A8 .
H(p" xv[7) < 5 R,
which finishes the proof. -

Combining above results, we have the following statement.
Corollary 21. Suppose the event of Lemma 16 holds, p is C, Lipschitz, and X S 1. Then,
—2
- Ty [T A FFT VAN C, AMA?  Cy(cy +7z)
uEP‘“gl(l]R%dJr2) 5’/\(1“) Sn [P(f)] ~ Prx ( faf > n( ’F:C ) + K + ’F% + m
for all A > Cy, provided that v > C, AR/ B+ (p /7, ) =1/ (k+1)
Proof. We will use Lemma 20 with p* € P(R?¥*2) constructed in Proposition 19. Then, for all A > C,
Jo(u*) = Elp(j(w; 1) = y)]
= Es, [p(§(z; 1*) — g(Um) - )]
< Es, [p(&)] + CpEs, [[§(z; 1) — g(Uz)]]

2

< Es, [0(&)] + G0, (“’A> " 1n(rfA) L Cplnd

Ty Ty K

Furthermore, Proposition 19 guarantees R(u*) < A?/72. Combining these bounds with Lemma 20 completes
the proof. O
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A.3 Generalization Analysis

Let
ps = argmin Fga(p) = argmin Fp (@)
#epgc(deJrz) ﬂepSC(RZzHZ)

Corollary 21 gives an upper bound on Jo(x*). In this section, we transfer the bound to Jo(p*) via a
Rademacher complexity analysis. Since Corollary 21 implies a bound on H(u | 7), we will control the following
quantity, R

sup  Jo(p) — Jo(p)-

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 «70%(,“) - jo”(#),

pH(p|v)<A2

where .
JI5 (1) = Elp(9(z;: 1) = 9)],  I5* (1) = Es, [px(9(2; 1) = v)],
and p,.(+) == p(-) A 3. We will later specify the choice of s.

We are now ready to present the Rademacher complexity bound.

Lemma 22 ([CCGZ20, Lemma 5.5], [SWON23, 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, I‘j\gl ).
Then,

2M
e

E

sup T5(w) — jo%(#)] <40

{pePac(R24+2):H (1| v) <M}

Proof. We repeat the proof here for the reader’s convenience. Let (§;)_; denote i.i.d. Rademacher random
variables. Notice that for the squared error loss, p,. is v/2s¢ Lipschitz. Then, by a standard symmetrization
argument and Talagrand’s contraction lemma, we have

E[ (SUP Jo(n) = Jo(p)| < 2E

Hplv)<M

sup Zsz GICARE y)]

wH(p|y)<M T T

§219E[ sup Zgz , ]

pwH(p|y)<M i

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

S [ ¥ w)duw >] Bely sw  [© Za <w>]

wHply)<M i O yH(p|v)<M

M 1

— + —E¢ |1 i d

- T3 g[ﬂ/@m( Eé )7( )]
M 1 o )

— In [E =3 U d

o + - n/ e exp<ni_1§, (z ,w))] ~y(w),

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

exp( Z{ U(z'"; w) )] < exp(frﬁZ\I!(:n(i);wf)
i=1
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<2a2L2 >
< exp
n

Plugging this back into our original bound, we obtain

n

1 M 2«
Eg| sup =) &Gilmp)| < —+ -
piHp| <M T ; o n
Choosing «a = %, we obtain
1< 2M
Eg| sup = &ilwip)| <20/ —,
L:H(HI’Y)SM n Zzzl n
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 6 > 0, we have

. M In(1/4
) = i) S o[ e[
REPe(R2H2):H (1| y) <M " "

with probability at least 1 — §.

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 (1) via Jg5*(u), which is achieved by the following
lemma.

Lemma 24. Suppose H(p|v) < M. Then,
Jo(pn) — T5* (1) S (L + E[yQ]l/Q) (679(%2) + n,q,l)'

Proof. Notice that since the loss is C,-Lipschitz and p(0) = 0, we have |p(y — y)| < C,|y — y|. Recall that
we use L for the Lipschitz constant of g, and |§(x; p)| < 2¢. Then,

Jo(p) — T5* (1) < E[L(p(g(2; 1) — ) = 20)p(9(x; 1) — y)]
< CP(p(i(m; 1) — y) > 2) P E[(9(x; 1) — v)?]
< CpP(2u+ [yl = 5¢/C,) " (Efo(a )] + E[y2]?).

1/2

Additionally, by local Lipschitzness of g,
P2+ |yl > »/C,) <P({{2+ |yl = 5/Co} n{|Uz| < 7} } U{[[U] > 7 })
< P20+ [g(0)| + LIU| + ] > #/C,) + B(IUa|| > 7.)
< P2+ [g(0)] + LUz | + [¢] > 5/Cp) +n~ 1+

Furthermore, Let 5¢/C, > 414 2|g(0)| +2Lr, + 2 E[|{|], and recall that L = O(1/r;). Then, by a subGaussian
concentration bound, we have

—Q 52
B2+ g(0) + LIT] +€ 2 /02 < o FeE).
We conclude the proof by remarking that by our assumptions, o, and C, are absolute constants. O

Finally, we combine the steps above to give an upper bound on JO(;LE), stated in the following lemma.
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~ ~2 2 ~ ~ o~
Lemma 25. Suppose A = X\r} and 3 = % for e, A S 1.0 Let € = O(Ak%r?) +e+ KL Suppose
nz 7(%““‘?34/%”2 and v 2, 5\71%2(7%/7“1) nzcal Then,

Ae
Jo(us) —Elp(€)] S & and B7'H(ujs|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

—2
r AN BT A A2 F 1
rw(rm ) ln<rm )—I-)\ (CJC—H“Z)_’_,.
e

72 + VB K

Jo(p) + B H (g |7) — Elp(€)] S

Tz

Tz

By choosing

2 1.k+1 ~ _ 1 3k+5
A— (&)2 k+2 (&)2 k+2
- )
A Ty
and assuming c, 2 7,
1 k+1

AN\ P2\ R Tor c 1
—1 * < E N Tz 1 'z x .
Note that the above choice on A translates to a lower bound on ¢ in Corollary 21, given by
L > \ "R T\ 2
3

33> we have the simpification,
E

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

B M (s 1) S Elp()] + OGF=) 4o+ - S1,

and, 1
Jolp) ~ Elp(©)] S OGF) 4 + - = &.

Note that jo%(MZ) < jo(u};). Using the generalization bound of Lemma 23 with the choice of § = n~1? for
some constant ¢ > 0, we have with probability 1 — O(n™9),

Inn

Jo () — jo”(ﬂ%) S L\/E‘F “\

YL (A.5)
nAe2 n

2
To(ph) — Tg*(np) S e 207,

Furthermore, by Lemma 24 we have

Combining the above with (A.5) and choosing on » =< vInn, we have

" - de Inn
o)~ Elp(€) S &+ 1y 22+ \/7 ,

which holds with probability at least 1 — O(n~9) over the randomness of S,,. O
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A.4 Convergence Analysis

So far, our analysis has only proved properties of - In this section, we relate these properties to " via
propagation of chaos. In particular, [SWN23] showed that for W ~ uj™, g(x; ui"*) converges to g(z; ) in a
suitable sense characterized shortly, as long as the objective over p;* converges to Fg, ,\(,ug). Notice that p}’
is a measure on P(R(24+2)m) instead of P(R?¥+2). Thus, we need to adjust the definition of objective by
defining the following

f%ﬂum%:Ewwm{%UV)+;Rovﬂ-+£5Hmmy (A.6)

We can use the same reformulation introduced earlier in (A.1) to define

FEAW") = B [Jo (W) + (™ |957), (A7)

which is equivalent to Fg', up to an additive constant. With these definitions, we can now control
Ew~pp [Jo(p™)] via Jo(ps). The following lemma is based on [SWN23, Lemma 4], with a more care-
ful analysis to obtain sharper constants.

Lemma 26. Let 7, := ||§]||1/2 V 7y, and suppose p is C, S 1-Lipschitz. Then,

2TV 2 , * @m 2
Ew ~pp [Jo(W)] — To(1s) S \/rm 20 57") : (A.8)

m

In particular, combined with [SWN23, Lemma 3], the above implies

F2BCLST {20 v B o .2
S (Fa ) — Faaup) + (A.9)

Ew ~pup [Jo(W)] — To(ps) S \/

Proof. Notice that

Ew oy [Jo(W)] = Ew [Ex [p(9(; pw ) — §(; 15) + 95 1) — )]
< Eo[p(9(x; 1) — 9)] + Cp Ew [Ea[|9(2; pwr) — i(: 13)[]]

< Jo(ms) +Cp\/IEm [Ew [( (@ pw) — H

Suppose W = (w1, ..., wy,) ~ pi and W' = (wh,...,w) ) ~ ,u[3®m Let T" denote the optimal W5 coupling
between W and W', and assume W, W’ ~ T". Then,

Ew [(§(a; pw) — §(2; 1))*] = Bw w [(§(a; pw) — §(2; pw) + 025 pw) — §(; 15))?]
<2Ew w [0z pw) — 9z pw)?] + 2Ew [(9(; pwrr) — 95 15))?]

Moreover, by Jensen’s inequality,
A X RS
Evw w (0@ pw) — 95 pw)*] < — > B e [((; wi) — ¥(a w)’)]

2 — 2
_ E ,[ i1 — W;1, L :| E /|: i s .
m; wow | (Wil — wiy Z wow | (Wis — Wis, &)

IN

Hence,




A=l e
m 2 (Ht y g )
For the second term, notice that §(z;uj3) = Ew[J(z; pw)] = Eu [¥(z;w;)] for all 1 < i < m. By

independence of (w}) and Jensen’s inequality, we have '

Ew [(9(@; pw) — §(@; 115))*] = %Euﬂ [(O(a;w") - §(a; 17))?]
2
= %Ew’ (/(‘I’(w;w') - ‘I’(w;w))dME(W)> ]
N £

O

Thus, the rest of this section deals with establishing convergence rates for Fz*, (u") — Fg (). To use
the one-step decay of optimality gap provided by [SWN23], we depend on the following assumption.

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

1. (Lipschitz gradients of the Gibbs potential) For all u, ' € Po(R?4+2) and w,w’ € R24+2

|V Filulw) = VI 1) < LW ) + 1w = '], (A.10)

where Wy is the 2-Wasserstein distance.
2. (Bounded gradients of the Gibbs potential) For all u € P2(R?*+2) and w € R?*¥*2, we have
|V Tilmlw)|| < k.

3. (Bounded second variation) Denote the second variation of Jo(u) at w via JJ'[)(w, w'), which is
defined as the first variation of pn — J§[u](w) (see (2.6) for the definition of first variation). Then, for
all i € P2(R?+2) and w, w' € R24+2,

[Tl (w0, w')| < L1+ o] + ). (A1)

We can now state the one-step bound.

Theorem 27. [SWN23, Theorem 2] Suppose Jo satisfies Assumption 5. Assume A <1, 8, L, R 2 1, and the
initialization satisfies IE[Hw(’)Hz} < R? for all 1 <i <m. Then, for alln < 1/4,

-n

Faa(uia) — Foa(pg) < exp (260Ls1 ) (FEA™) = Faa(up)) + nAmsamn (A.12)
where
R? n L/ 1 R d.,0, L
. 2 2 A -
Am.pam .C’(L (d+—A ) + ﬂ) +7mB<CLs1 + (AZ + Aﬁ)(CLSI + 6))> (A.13)

for some absolute constant C' > 0.

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

Lemma 28 (Lipschitzness of Vjo’). 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
W, v € Pa(R24+2) and w,w’ € R?+2 we have

|V itk (w) = 9T (w)

S #Cy||Bs, [837] |lw - w'll + €

Es, [827]||Wa(u. ).
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for the Lipschitz loss, and

| Islu)aw) = V. Tl

< wy/ o) [Bs, [85] [, 10 — '] + ||Bs, [257 ] [Wa(u, ),
for the squared error loss, where HESn [:?:®4] H2~>2 = SUP|y||<1 HESH [<§3’ v)zc?;fcq H

Proof. Recall that J3[u](w) = Eg, [0/ (§(x; 1) — )P (x; w)], where U(x;w) = ¢, ((w1, ) — b ((wa, T)).
We start with the triangle inequality,

|V Tkl (w) = VTl

< ||Vl w) - Vgl (w’ w) = VIl (w).

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

valj(;[u](m — Ve, T 1) (w’

[0 s ) = 9) (6, (w1, 8)) = o (wh, @) |

< C,Es, [(0), ({01, 8)) - 1, (@}, 2))%] ' ||Bs, |83 ] Hm
< Opns, [(r —,8)"] s, [227] |

< Cot s, [22 7] | leor = 41

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

valjé[u](w) — Vo, Jglu)(w')

(s 1) — ) (8, ((w, &) — ¢, (', &))Z] |
= sup Eg, [(§(z; 1) — ) (¢, (w1, @) — ¢, ((w], Z)) (v, Z)]

< sup ﬁsyl[(y(m;u)—y)%sn (0%, (w1, 3)) = @), (@), 2)))(v, 2)°]

< n\/jo(u) sup <’U,ES” [(wl — w’1,53>253:i-r}v>

BN e P o=y

< wy/To)|[Es, [3%] w1 - i

Similar bounds apply to the gradient with respect to ws, 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.

vajé[u] (W) = Ve, Tolul (@)

= [ (" (s 1) — ) = ' (G5 1) — ) ¥, (W', 2)) 2
<Es, [(0ates) — ) — Gt )] s, 227
< Oy, [(9(a: ) — (s )] HEsn [fcfc 1" (A19

where the first inequality follows from Lemma 18. Let v € Py (R24+2 x R24+2) be a coupling of p and g’ (i.e.
the first and second marginals of v are equal to pu and p' respectively). Recall that,

§(a; p) = §la; pf) = / (0 ((w1,2)) = b, (w2, &) = Gru (W1, Z)) + b (W, &) ) dy(w, w').
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Therefore by the triangle inequality for the Ly norm Eg [()2] 1/2 and Jensen’s inequality,

E&M@w—mamﬂm§MJ/%¢WMM—%M%im%ﬂW
1/2
+E&L/wm«w%>><mxw%>»dﬂ
§/E5n [(wl — w’h.’fc)ﬂ 1/2d7 + /Esn [(wg — wh, 53>2} 1/2d7
< Jes. 527 | " [ thor -l + oz — w12

VHM aa7]| [l - wd w0, w),

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

Es, [(5(@i 1) — gl 1)?)"* < \[2|[Es, [837] [ Wau. ).

Plugging the above result into (A.14), we have

wm%wwwvw%mwv

27| Wt ).

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. O

Lemma 29 (Boundedness of V.J)). In the same setting as Lemma 28, for all p € Po(R2+2) and w € R24+2,
we have

. 1/2
v i) < vac, s, aT]|
where C'p = C), when p is Lipschitz and C, = Zjo(,u) when p is the squared error loss.

Proof. Notice that ’¢;7L| < 1. Therefore,

| Ve Tilul(w)| = |[Bs, [0/ — )., (wr. @) |
< \/Esn 10/(5 - )?)||Es, [827] |

. 1/2
< GylBs. [a27]]

where the first inequality follows from Lemma 18. O

Lemma 30 (Boundedness of JJ). In the same setting as Lemma, 28, for all i € Po(R?¥2) and w, w’ € R24+2,
we have

T[] (w, w')

< Cp|[Bs, |22 || (Il + ")),
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

T W) (w,w') = Es, [0 (9@ 1) — y) ¥ (2;w) ¥ (2;0")].
Then, by the Cauchy-Schwartz inequality,

T ) (w, w') < ChBs, [0 (s w)?] s, [@(@;w)?] %,
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Moreover, by the Lipschitzness of ¢, ,,

172 }1/2

Eg, [¥(z;w)?] '~ < Eg, {(wh @)’ +Es, {<W2» @2} v

< va|s, [a5] [l
We can similarly bound the expression for w’, and arrive at the statement of the lemma via Young’s inequality,
T lw, w') < 2|[Bs, [327] |Chllwl o) < |[Es, [327 ]| (lwll® + w')?).
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}, < 1. Recall that

S :=E[zxz]. On the event of Lemma 16, we have HES" [i:iT] H S|IZ| V72, and consequently, T} satisfies

Assumption 5 with constants L < w(||X] vV 72), R < H2||1/2 V 7y, and Cp, = kL.

Using the estimates above, we can present the following convergence bound Fg'\ (,u:,_‘;) — Fp, ,\(,u*ﬂ).

Proposition 32. Let 7, == ||| V 7, and for simplcity assume Crsy > . For any € < 1, suppose the step

size satisfies
€

ns ;
~ Crsik?ma(d +72/))

the width of the network satisfies,

(i G ) (3 )
e )

~

and the number of iterations satisfies

BCrst . FEA(1g") — F3
2 In ( 6 ).

Then, we have Fi'\ (u"*) — Fa(up) < €.

Proof. Throughout the proof, we will assume the event of Lemma 16 holds. Let Fj , := Fp x(uj). Notice
that by iterating the bound of Theorem 27, we have

nAmﬁ,/\m
1—exp (ZB_TZSI)

Fia(io') — Fia) +4BCLs1Am g ams

—lIn
m my _ Tt < ex — T \(Fm my _ % +
ﬂ,)\(:ul ) B.x > €Xp (25CLSI)( ﬁ,,\(ﬂo ) ﬁ,A)

—lIn
<exp(———
= (QﬁCLSI)(
where the second inequality holds for n < 28Chgr since 1 —e™® > x/2 for € [0,1]. We now bound A, g x5
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? 7 L 1 R*> d.,C, L
Ampan = L*(d+—=) (0" + = +—(—+ =tz —+—).
B,Am ( A )(77 ﬁ) mB\ Crsr ()\2 )\ﬁ)(CLSI ﬁ)
From Corollary 31, L < (| Z|| V 72), R = H2||1/2 V 7., and Cp = k~1. To avoid notational clutter, let
72 := ||| V 72. Then, to control the terms containing 7, it suffices to choose

g g
< N
'~ \/ﬂCLSIHQT_’;l (d + f%/)\) CLSIKZZf% (d + f%/)\) ’
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for which we can simply choose
€

UBS .
~ Crsik?mi(d +72/N)

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

w72 (14 (G + ) (3 + )

m >

~

™

To drive the suboptimality bound below e, we also need to let the number of iterations [ satisfy

l>BCLSI1 (-7:,3,\( o) — ‘7:6/\)

With the above conditions, we can guarantee
E{,’A(u?’) - ]'—E,,\ Se
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

Hlpw)(w) = Tl w) + 5 o]

Thus we have v, (w) o< v(w) exp(—BJ3 1w ] (w)). Since 7 satisfies the LSI with constant 1/(8)), by the
Holley-Stroock perturbation argument [HS86], v/ satifies the LSI with constant

Kyt

(o, < EP(Fosc(Fluyi]))

Additionally,

~70 pow ]( ‘ =

which completes the proof. O

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

A.5 Proof of Theorem 3 and Corollary 4

Recall that A = Ar2, and let 3 = %/T* and n > W for some e < 1, where € := (’j(;\#? +e+r71h).
(1) — E[p(§)] < €. Note that while Lemma 25 only

7:1
~ 5\ za
~ . 2(k+1)
asks for ¢ 2 A~ kiZ( 2 /Tx) N , we simplify this expression in the statement of Theorem 3 so that the choice

of ¢ does not depend on k.

On the other hand, given the step size 7, width m, and number of iterations I by Proposition 32, we have
FE (i) — Fpa(up) < e. Therefore,

728Crs1e . 2

Ew oy [Jo(W)] = To(pp) S - o

Additionally, from Lemma 25, we have

B7YH(us |) SEp)] + OAFT) +e+ xS L
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o (dess+73 /73) Crst

Consequently, for m > 5

the bounds above, we have

V &, we have Ew ,m [Jo(W)] — Jo(uj;) < e. Therefore, combining

Ew ~p [To(W)] = Elp(€)] S OOF2) + & + 17,

Consequently, we can take A = on(1), € = 0,(1), k=1 = 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 T2 5 A(Tades , d T2\ 5 e
< lz lz (defr) | « ( geft ¢ ® , Tx O(deff)) < O(detr)
m_o(cé(dcﬁJrT%)e )<o i (e < O(deCm),
and o
1 < @(%eé(deﬁv < @(de@(de“)),
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 Jy(u*) = 0 by definition. Moreover, the bound on H(u* | 7) is a
simple application of Jensen’s inequality, namely,

* ef * * *
H(p" |7) = lnifeded'u :/fdu fln/efdrg/f(d,u —dr).
O]

Next, using the Bakry—Emery curvature-dimension condition [BE85], we prove the following dimension-free
LSI bound.

Proof. [Proof of Proposition 9] By the curvature-dimension condition [BGL14, Section 5.7], the Gibbs
measure v, x exp(—BJ4[u]) satisfies the LSI with constant Crsi < a~! as long as

Ricg + SV J5[n)(w) > ag,

for all w € W and some « > 0. By the bound on the Ricci curvature from Assumption 4, it suffices to show
odg + BV 5 [n)(w) = ag.

Recall that

ot = B, o [ wierw)dutw) -y )|

Therefore,

Tslpl(w) = Es, [0 (§(@; ) — ) ¥ (a; w)],
and
Vadolul(w) = Es, [0 (§(z; 1) = y) Vo, ¥ (a;w)].
Consider the case where p is C, Lipschitz. Then,

Amin (Voo Jglul(w)) = inf s, [0 (33 1) = y)(v, Vi, ¥ (s whw)]
>—C, sup Eg, [|(v, VeV (z;w)v)|]
o]l <1
- K.
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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 J5*(u) = E[p(§(x; 1) — y) A 5] and
Ji& () = Eg, [p(4(x; ) — y) A »]. Then, we have the following uniform convergence bound.

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

<o 5(ool])

where 3 == %Z:—;l a:(i)a:(i)T. Combined with McDiarmid’s inequality, the above bound implies

. M . (1172 In(1/6
w300 = 35 5 o[ (14 E[[2] ] ) 2L
H(p|T)<M n

n
with probability at least 1 — 6.

E sup T () — JTg* (w) by
HEP(W):H (| 7)<M

)

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

sup Z &g ]

Hp|T)<M T i—1

E sup jox(/l) - joﬂ(ﬂ)

H(p|T)<M

<2C,E

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

M 1 2 & .
sup Zfz D 1 < s o E ln/exp (20:12 Z Uz, w)2>d7(w)] :
i=1
Furthermore,

Hip| <M T i
/GXP<;;§‘I’($(i)§w)2)dT(w) Sexp<a2igo)2> /exp< QHSD [P Z<w 20 )> ) T (w)
< exp<a2g;(0)2> /exp<042”i°°<w,2w>>d'r(w)

o (0 + 1 I%||5] ]

n

Ee

Therefore,
w0 + 1¢I1% ]| 5

E
¢ n

+ «

IS

sup Zﬁyw“ ] <

H(p|r)<m T

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

. NN
H(us|lil))<MnZ& yiE ]N\/i(lJr z )

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 p € P(W), we have

20(0)2 + 2[|¢’ |12, | =] + E[y?]

V4

To(w) — T5* () < 2C5 -
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Proof. Similarly to the arguments in Lemma 24, by using the Cauchy-Schwartz and Markov inequalities, we
have

> x2)p(g(x; 1 —y))]

)
(1) —y) = 02 E [p(i(a; 1) — y)°]
< C,P(J5i(a; ) — y| > 2/Cp) 2 E[(§(m; 1) — 9)2]

Moreover, we have

Elitein)?] < E| [ wlewiuw)] <2007 + 20012 E| [ 0.0 dute)]|
2
< 20(0) + 2[|¢" IS 11,
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,KA/(pz), Proposition 9 guarantees that
Crst < 2/(pd) along the trajectory. Consequently, by the convergence guarantee of (2.10), we have

odT

Folpr) < Folup) + e 7 (Fpluo) — Fowp)) < Fplup) +e

Further, by i of Assumption 4, we have

Falpp) < Fp(p) <&+ B7A

I /\

As a result, Jo(ur) < Fs(ur) < &+ 2¢, and similarly H(ur | 7) < B(E + 2¢).

Note that Jg*(ur) < Jo(ur). Using the fact that C,, |32, [ ] < 1, and combining the bounds of

Lemma 33 and Lemma 34, with a porbability of failure 6 = O(n~9) for some constant ¢ > 0, we have

1
Jolur) — Jo(pr) \/ +%\/ nn

6(54-6) . (lnn>1/4
n

Optimizing over ¢ implies

n
A - 1/4
5 E4e+ M + (hln> .
n n
Choosing n according to the statement of the theorem completes the proof. O

C Comparisons with the Formulation of [NOSW24]

Here, we provide a number of comparisons with results of [NOSW24]. 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.
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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 [NOSW24], even for learning k-sparse parities. Recall that in their setting, they consider inputs of
the type = £/22 for some positive definite X, where z ~ Unif({£1}%) (their original formulation uses
z ~ Unif({#1/vd}?), but we rescale the input to be consistent with the notation of this paper). The labels

are given by
k

y =sien ([Tt ) = sien ([1(3 #a02)), €

i=1 i=1
where {@;}¥_; are orthonormal vectors. Then, we can define an orthonormal set of vectors {u;}¥_, such that

span(uy, ..., ux) = span(X~ Y24q,,...,%7?4,), and define ¢ such that

(uy,x) (ug, ) <21/2U1,Z> <El/2uk,z> . L

for all z € {£1}?. 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

y:g<<u\1/’;>,..., <u\k/’;>> :sign(ﬁ(ui,:c)). (C.2)

Counsider the case where k = 2, then y = sign (<21/2u1,z><21/2u2, z>) To be able to reformulate this
o (C.1), we need to be find orthonromal @1, @y € RY such that

sign <<21/2u1,z><21/2u2,z>> = sign((@y, 2) (@2, 2)), V2 € {£1}7.

If 3 has rank less than d such that X'/2u; = £/?u,, then the above implies sign((@1, 2) (@, z)) > 0 for all
z € {£1}4. In particular, we must have some z where sign((@1, 2)(@2, z)) > 0, which implies that

2¢ 24
Z(ﬁl,zi>(ﬁ2,zi> = <1~I/1,ZZZ‘Z;F{L2> = 2d<’l),17'l]2> > 0, (03)

i=1 i=1

which is in contradiction with (@7, @2) = 0. Therefore, for such ¥, 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 full-rank.

2
Specifically, suppose »/2y, = Y24, + 6. Notice that we can choose X/?u; such that <21/2u1, z> #0

for all z € {£1}?, e.g. by choosing =24 x ey, i.e. the first standard basis vector. It is straightforward to
construct full-rank 3, uq, and uy such that ||d]| is arbitrarily small, in which case

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

Following (C.3), once again the above would be in contradiction with (@, @s) = 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 [NOSW24]

A close inspection of the proofs in [NOSW24] demonstrates that one can define their effective dimension

2
. From the previous section, we observed that

. . . 7 k — ~
in a scale invariant manner as deg = tr(E)HZ:i:1 »-12q,
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to reduce their setting to ours, we need to choose a set {u;}%_; of normalized vectors that spans the set of

_ me12g, . L w12y,
= V/QZI_H, or equivalently write u; = W

While {ui}le are not orthogonal, our proofs do not strictly rely on the orthogonality assumption and it is
only made for simplicity. Hence, we have

—1/2~ .
vectors {X 12q, k_,. In particular, we can choose u;

u; —2

2
k k
(ieff = tr(E) Z T S ktr(E) ZHEl/Quz
=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.
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