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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 computa-
tional complexity by utilizing the adaptivity of neural networks to latent low-dimensional struc-
tures. When the data exhibit such a structure, d.g can be significantly smaller than the ambient
dimension. We prove that the sample complexity grows linearly with d.g, bypassing the lim-
itations of the information exponent or the leap complexity 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.

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
efficiently learn functions of low-dimensional projections (i.e., multi-index models) with a sample
complexity that depends on the properties of the nonlinear link function known as the information
exponent [9] or the leap complexity [2]. Specifically, to learn a target function with information
exponent or leap complexity k& € N, on isotropic Gaussian data, a sample size of n 2 d®) is
typically required in these analyses [1, 11, 12, 21, 35]. This sample complexity is also predicted by
the framework of correlational statistical query (CSQ) lower bounds [2, 23].

On the other hand, if the (polynomial) optimization budget is not taken into consideration, [7]
showed that neural networks can learn multi-index models with a sample complexity that does not
depend on the information or leap exponent. However, thus far it has been relatively unclear whether
standard first-order optimization algorithms inherit this optimality.

A promising approach to obtain statistically optimal sample complexity is to consider training
neural networks in the mean-field regime [17, 34, 37, 41, 43], where overparameterization lifts the
gradient descent dynamics into the space of measures with global convergence guarantees. While
most existing results in this regime focus on optimization instead of generalization/learnability guar-
antees, recent works have shown that in certain settings, neural networks in the mean-field regime
can achieve a sample complexity that does not depend on the leap complexity [18, 45, 47, 51].
However, these guarantees rely on stringent assumptions on data (isotropic Gaussian, hypercube,
etc.) as well as single-index models with specific link functions [10, 33], or k-sparse partiy classifi-
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cation [45, 47, 51]. Moreover, the computational complexity of the training algorithm in [45, 47] is
exponential in the ambient (input) dimension, without adapting to the potential structure in the in-
puts. An exception in this direction is the recent work of [39], which considers the k-parity problem
on anisotropic data.

Our contributions. Motivated by the above discussion, we address two key questions. First,
Can we train two-layer neural networks using the MFLA to learn arbitrary multi-index
models with an 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 achieve the optimal
sample complexity 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
by adapting to data structure?

We provide a positive answer by showing that the computational 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 in prior works [28, 36].

Related works. 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 [17, 34, 41]. Un-
like the NTK description [19, 30] 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 qual-
itative 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 [16, 29, 38] as well as uniform-in-time propagation of chaos [13, 44] have been established.
The benefit of feature learning has also been studied in a “narrow-width” setting for learning
low-dimensional target functions. Examples of low-dimensional targets include single-index mod-
els [5,9, 11, 21, 35] and multi-index models [1, 2, 12, 20, 23, 24]. While the information-theoretic
threshold for learning such functions is n 2 d [8, 22], 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 k is the information exponent [9, 11, 21] or
the generative exponent [4, 22, 25, 32]. This presents a gap between the information-theoretically
achievable sample complexity and the performance of neural networks optimized by gradient de-
scent, which we aim to close by studying the statistical efficiency of mean-field neural networks.

2. Preliminaries: Statistical Model and Training Algorithm

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 multi-index model

y:g(<u\1/};m>’_..7<“\7};m>>+§_ 2.1

Here, g : R¥ — R is the unknown link function, ¢ is a zero-mean ¢-subGaussian noise independent
from x; for simplicity, we assume that ¢> < 1. Without loss of generality, we assume w1, . . ., uy,



LEARNING MULTI-INDEX MODELS WITH MEAN-FIELD NEURAL NETWORKS

are orthonormal and form the matrix U = (u1/Vk, ..., u/VE)T € 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 our predictor, we use a two-layer neural network coupled with ¢5 regularization to learn the
statistical model (2.1). Denoting the m neurons with a matrix W := (w1, ..., w,,) ', the student
model and the /5-regularizer are given as

. 1 & 1 1 &
Jm (s W) = . Z\I/(a:;wj) and R(W):= %HWH% = Z Jw;||?, (2.2)
j=1 j=1

where ¥ : R? x WW — R is the activation function, and w; € VW with WV denoting the weight
space. In this formulation, the second layer weights are all fixed to be +1. In the classical regression
setting where we observe 7 i.i.d. samples { (), y(?)}?_, from the data distribution, the regularized
population and empirical risks are defined respectively as

BW) = Bl W) )|+ 3 ROW) and (W) = = 3" (@ W), y0)+ 5 ROW),
=1

where (7, y) = p(y — y) with p : R — R, being a convex loss.

Training Algorithm. We minimize the regularized empirical risk J}(W) via the mean-field
Langevin algorithm (MFLA) with stepsize 7, which updates the weights at iteration [ by

A 2

where 52 are independent standard Gaussian random vectors. In Appendix A, we will introduce
the necessary background on the mean-field Langevin dynamics (MFLD) and optimization on the
space of measures, where we observe that (2.3) is a simple time-discretization of the MFLD.

3. Learning Multi-index Models

In this section, we will provide the learning guarantees. For technical reasons, we use an ap-
proximation of ReLU denoted by z — ¢, () for some x,¢ > 1, which is given by ¢, ,(2) =
k~1In(1 + exp(kz)) for z € (—00,:/2] and extended on (i,00) such that ¢, , is C? smooth,
bl < b0 |@k,| < 1,and |¢],| < k. Note that ¢y, recovers ReLU as x,¢ — oc. To be able
to learn functions with positive and negative parts, we choose W = R2¥+2 and use the notation

w = (w],wg )" withw;,ws € R4, and ultimately use

U(z; w) = ¢ (2, w1)) — ox((®, w2)), 3.1

where & = (x,7,)' € R%! for a constant 7, corresponding to bias, to be specified later. The
above can also be viewed as a 2-layer neural network with second-layer weights frozen at 1. We
make the following assumption on the input distribution.

Assumption 1 The input x has zero mean and covariance . Further, ||x|| and ||Ux|| are sub-

Gaussian with respective norms oy, || H%?/ *and o, |=Y2U T ||p for some absolute constants o, 0.
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Even though the above assumption covers a wide range of input distributions, it is mainly motivated
by the Gaussian case which satisfies the above assumption. Without loss of generality, we will
consider a scaling where | X|| < 1. A key quantity in our analysis is the effective dimension which
governs the algorithmic guarantees.

Definition 1 (Effective dimension) Define deg := ¢2 /12 where ¢, = tr(£)V/2, rp = | ZV2U " ||p.

The effective dimension deg can be significantly smaller than the ambient dimension d, leading to
particularly favorable results in the following when deg = polylog(d). This concept has numerous
applications from learning theory to statistical estimation; see e.g. [6, 27, 48, 50]. We make the
following assumption on the link function in (2.1).

Assumption 2 g is locally Lipschitz, i.e. |g(z1) — g(z2)| < L||z1 — 22| for z1, z2 € R satisfy-
ing ||z1]| V ||z2]| < 7y = 12(1 4+ our/2In(n)9) for some ¢ > 0 and L = O(1/ry).

We emphasize that the above Lipshitz condition is only local; allowing e.g. polynomially grow-
ing link functions. We scale the Lipschitz constant with 1/r, to make sure |y| =< 1 with high
probability. The main result of this section is stated in the following theorem.

Theorem 2 For an appropriate choice of hyperparameters 1, k, v, A\, and (3, with a sufficient num-
ber of samples, number of neurons, and number of iterations that can be bounded by

n < Odeg), m<O(d2eOWen)) | < O(dBeOen)), (3.2)
with probability at least 1 — O(n™9) for some ¢ > 0, MFLA can achieve the excess risk bound
Eyyi By lp(y — gm(a: W)] = Eelp(€)] < on(1). (3.3)

We refer to Theorem 28 in Appendix B for a more precise statement with the choice of hyper-
parameters. The theorem above demonstrates a certain adaptivity to the effective low-dimensional
structure, both in terms of statistical and computational complexity, which occurs without explicitly
encoding any information about the covariance structure in the algorithm. In contrast, “fixed-grid”
methods (see [15] and references therein), that fix the first-layer of a two-layer network’s representa-
tion similar to random features regression [40], and then train the second-layer by solving a convex
problem, do not show this type of adaptivity to low dimensions. 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.

Comparison with prior bounds. Here, we compare the guarantee of Theorem 2 with two prior

works that are particularly relevent. First, [7] requires 43" sample complexity for learning general
multi-index models with & indices, which is worse than the complexity deg of Theorem 2 even in
the worst case deg = d. The improvement in our bound is due to a refined control over |Ux]||.
Further, [7] does not provide a quantitative analysis of the optimization complexity, and it is not
clear if their algorithm is adaptive to the covariance structure. Moreover, [39] studies learning k-
sparse parities, a subclass of multi-index models we considered, for which it is considerably simpler
to construct optimal neural networks with a bounded activation. While the effective dimension (and
the resulting sample complexity) of [39] 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.
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4. Interpreting the Effective Dimension

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

Spiked covariance. We consider the spiked covariance model of [36]. Namely, given a spike
direction @ € S?1, suppose the covariance and the target directions satisfy

2::1d4-a00T
1+«

Note that in high-dimensional settings, 1 = 1/2 corresponds to a regime where 6 is sampled
uniformly over S¢~!, whereas 7; = 0 corresponds to the case where 6 has a strong correlation with
U. We only consider 72 < 1 since 2 > 1 corresponds to a setting where the input is effectively
one-dimensional. In this setting, effective dimension depends on ~y; and ~s.

Corollary 3 Under the spiked covariance model (4.1), we have deg =< dt—{(2=2m)Vv0},

L axd?, |UO|=d™, wel01], mel01/2. @D

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 vo > 27;. As yp — 1
and y; — 0, the effective dimension will be smaller than polylog(d), leading to a computational
complexity that is quasipolynomial in d.

Covariance with decaying eigenvalues. Next, we consider a more general power-law decay for
the eigenspectrum. Suppose X = Zle )\Z-GZ-BZT is the spectral decomposition of 3, and

i Ue,|’
== % =77, for 1<17<d, 4.2)
Al 1U6.]]

for some absolute constants a,y > 0. Notice that ZleHUHiHZ — |U||% = 1. The following

corollary characterizes deg in terms of the parameters « and ~.

Corollary 4 Under the power-law eigenspectrum for the covariance matrix (4.2), we have

d\N2-a=) a<l,y<1
dog = 4 di—e a<ly>1,
d(1=")Vv0 a>1

where < above hides polylog(d) dependencies.

Thus, the computational complexity becomes quasipolynomial in d when «,y > 1. This happens
when X is approximately low-rank with most of its eigenspectrum concentrated around the first few
eigenvalues, and the corresponding eigenvectors are well-aligned with the row space of U.

5. Conclusion

In this paper, we investigated the mean-field Langevin algorithm 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 al-
most linearly with the effective dimension, while without additional assumptions, the computational
complexity may scale exponentially with this quantity. We leave open the question of under which
assumptions the computaitonal complexity will be polynomial even in the effective dimension as an
interesting direction for future research.
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Appendix A. Background on Optimization in Measure Space and MFLD

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 |- || . We use P(W), P2(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 on the weight space WV, respectively. Finally, d,,, denotes the Dirac measure at wy.

Optimization in measure space. To minimize the regularized empirical risk Jy defined in Sec-
tion 2, we will consider a discretization of the following set of SDEs, which essentially define an
interacting particle system over m neurons:

2 .
dwh = —mVy, J(wh, ... w},)dt + \/;ng for 1<j<m, (A.1)
where (Bi )7L, is a set of independent Brownian motions on the weight space W.

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 is given by

X . 1 ¢
9(x; pw) :—/\Il(x; Jdpw and R(pw) :—/H Pdpw  with pw = - Z(Swj. (A.2)
j=1

Indeed, §(x; pw) = Gm(x; W) and R(uw ) = R(W), and this formulation allows extension to
infinite-width networks by letting ;1 € Po(W). Thus, we rewrite the population and the empirical
risks in the space of measures as

Dlpw) = JA\(W) and  Jy(uw) = JA(W),

and allow their domain to be all u € P(WW). We can equivalently state the interacting SDE sys-
tem (A.1) as (see e.g. [16, Proposition 2.4])

R 2 .
dfwz» = _ij)’\[,uwt]('wé) + \/;dB{ for 1<j<m, (A.3)

where 7{[u] € L*(W) denotes the first variation [42, Definition 7.12] of Jy(1).

Asm — oo, the stochastic empirical measure piy3+ weakly converges to a deterministic measure
e for all fixed ¢, a phenomenon known as the propagation of chaos [46]. Furthermore, p; can be
characterized as the law of the solution of the following SDE and non-linear Fokker-Planck equation

A 2 N
dw' = =V I3 [pe] (w")dt + \/;dBt and Oy =V - (VI w]) + B Ay, (A4
where V- and A are the divergence and Laplacian operators, respectively. Due to the existence of
mean-field interactions, (A.4) is known as the mean-field Langevin dynamics (MFLD).

For a pair of probability measures ;1 < v both in P(W), we define the relative entropy H (x| v)
and the relative Fisher information Z(u | v) respectively as

2
du. (A.5)

— dp — dp
H(p|v) = /Wln dydu and Z(p|v) = /WHVIH =

10
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It is well-known at this point that p; in (A.4) can be interpreted as the Wasserstein gradient flow of
the entropic regularized functional Fj(u) = Ji(u) + %’H(u | 7), where 7 is the uniform measure
on compact WV or the Lebesgue measure on a Euclidean space [3, 31, 49]. For this gradient flow
to converge exponentially fast towards the minimizer ,uz ‘= argmin,, Fp (), we require a gradient
domination condition on “E in the space of probability measures, given as

* C *
H(plpp) < %SII(M |1p),  YuePW), (A.6)

which is referred to as the log-Sobolev inequality (LSI). If the measure dv,,, o< exp(—BF'[u¢])dr
satisfies LSI with constant Cr g1 for all ¢ > 0, u; enjoys the following exponential convergence

—2t

Fa(ue) — Fp(ps) < efCust(Fgpo) — Fpus)); (A7)

see e.g. [16, Theorem 3.2] and [38, Theorem 1].

Appendix B. Proofs of Section 3

Before presenting the layout of proofs, we introduce a useful reformulation of the objective F3 (u).

Recall that 3 1
Foalu) = Jo(w) + 5R(u) + FHW).

Let v o exp (52||w]|?) be the centered Gaussian measure on R>**2 with variance 1/(A3). Then,
we can rewrite the above as

Fpa(p) = jo(ﬂ) + ;H(,u |v) — ;lln<)\2ﬁ>

As a result, we can define

. . 1
Fax(p) = Jo(u) + BH(M 7)), (B.1)

which is non-negative and equivalent to 5 up to an additive constant. Notice that

ph = argumin Foalp) = arg;nin Faalw).
This reformulation, which was also used in [45], allows us to combine the effect of weight decay
and entropic regularization into a single non-negative term (x| ). Furthermore, the simple den-
sity expression for the Gaussian measure +y allows us to achieve useful estimates for H (x| ~). In
particular, as we will show below, it is possible to control H.( 1 | 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 2 into three steps:

1. In Section B.2 we show that there exists a measure p* € Po(R%*¥2) where §(-; u*) can
approximate g on the training set with bounds on R(p*). This construction provides upper
bounds on Jo(x5) and H(p5 | 7).

2. In Section B.3, we perform a generalization analysis via Rademacher complexity tools given
the bound on H(uj; | ), leading to a bound on Jo(p)-

11
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3. Finally, in Section B.4, we estimate the LSI constant and constants related to smoothness/discretization

along the trajectory, which imply that 73", (") converges to (), where F7y is an ad-
justed objective over P(R(2d+2)m) defined in (B.6). This bound implies the convergence of
Ew ~pup[Jo(W)] to Jo(p), which was bounded in the previous step.

Before laying out these steps, in Section B.1, we will introduce the required concentration results.
In the following, we will use the unregularized population Jo(u) = E[4(g(x; 1), y)] and empirical
jo(u) = Eg, [(g(2; 1), y)] risks, and also consider the finite-width versions Jo(W') = Jo(kw )
and Jo(W) = Jo(puw).

B.1. Concentration Bounds

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

Definition 5 [50] A random variable x is o-subGaussian if E[e/\(“*EM)] < eNo?/2 forall A € R,
and is (v, o)-subexponential ifE[e’\(x_E[x])] < N2 for all |\| < 1/a. If x is o-subGaussian,

then
2

P(z — E[z] > t) < exp (ﬁ)' (B.2)
If x is (v, a)-subexponential, then

1 2t
Pz —Elz] > t) < — —min (—, — B.3
(z [x] > )_exp( 2m1n(y2,a)) (B.3)
Moreover, for centered random variables, let ||, and |-[,, denote the subGaussian and subexpo-
nential norm respectively [48, 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 6 Under Assumption I, for any q > 0 and all 1 < i < n, with probability at least 1 —n"9,

jo=

<ry(1+0uy/2(g+1)Inn) =7, (B.4)

Proof By subGaussianity of ||Uz|| from Assumption 1 and the subGaussian tail bound, with prob-
ability at least 1 — n =971

HU:B@ <E[|Uz||] + ourey/2(q + D Inn
=71y + oyrz\/2(¢+ 1) Inn.
The statement of lemma follows from a union bound over 1 < 7 < n. |

Lemma 7 Under Assumption I, we have Eg, {HxHQ] < ¢ with probability at least 1—exp(—Q(n)).

12
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Proof By the triangle inequality,

Mzlly, <zl = Eflle]ly, + Ellzlll, < on

22| ()2 S e (E)
Recall ¢2 := tr(X). Furthermore, by [48, Lemma 2.7.6] we have
2| 2 2
[l2l?|, = N}, < <

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

P(Egn [Hmuﬂ 2> tci) < exp(— min(t, 2)Q(n)).

Lemma 8 Under Assumption 1, we have Eg, [y*| < 1 with probability at least 1 — 2 exp(—$(n)).

Proof We have
ly1* < 3g(0)2 + 30(1/r2)|U=|* + 3.

By a similar argument to Lemma 7 we have

‘HUG'BIIQLP1 = ([T, <2/|Uz| - E[|U=|[}, +2E[|U=[]* S (1 + o),
since E [HUmHﬂ = r2. As aresult, by the subexponential tail bound,
Es, |[U2|’] - E[|U2|?] S (14 02)r2 <72

T

with probability at least 1 — exp(—£(n)). Similarly,

52‘% < ’5\12/,2 < 2, therefore,

Es, [¢*] —E[¢?] £ <1,

with probability at least 1 — exp(—£2(n)). The statement of the lemma follows by a union bound. l

SN

C

(1 + o7(g + 1)In(n)) In(dn?),
|X||. Further, if ¢ > 1, then

Lemma9 Under Assumption 1, for any ¢ > 0 and n 2
with probability at least 1 — O(n™9) we have ||Eg, [zx']||
E[|[Es, [z=7]["*] < 121"

M

AN

Proof First, note that by subGaussianity of ||z

1—n—a1,
~Ellle|] < o5 _v2(g+ D Inn.

, for every fixed i, we have with probability at least

2

13
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Since E[||z||] < ¢z, via a union bound, with probability at least 1 — n ™9,
Hw(i) <y + once/2(qg+ 1) Inn = é,.

Define the clipped version of & via ., = (1 A H%H) Then, on the above event,

Es, [xa:—r} =Eg, [mcwﬂ .
Moreover,

HE[:UC:I:CT” = sup E[(wc,v)ﬂ < sup E[(az,v)z} = HE{wazT} H

[vl<1 [vl<1

Finally, by the covariance estimation bound of [50, Corollary 6.20] for centered subGaussian ran-
dom vectors and the condition on n given in the statement of the lemma,

[Es. 2w ]| - Lol | < [[2[=="]]
with probability at least 1 — O(n~?). Consequently, we have HESn [z ] H < ||3]| with probability
atleast 1 — O(n~9).

For the second part of the lemma, let £ denote the event on which the above HESn [me] H <
|2 holds. Then,

o o e A T B T

< I+ p(e) o, foaT] ]

SIZ2 + O™ ?)e,.

Suppose ¢ > 1. Then for n > c2/||2||, we have E[HE&, [a:a:T] Hl/Q] < HZ]||1/2, which completes
the proof. |

We summarize the above results into a single event.

Lemma 10 Suppose n 2, =T (1 + 02(q+ 1)In(n)) In(dn?). There exists an event £ such that
PE)>1—-0(n"9),andon &:

L | Uz9| <7y forall1 <i < n.
2. Es, [ll’] S &

3 |[Es, [zz ][] S 2]l

4. E||Es, [e="]||"?] S 12)M>.

5 Es,[v*] S 1.

~

14
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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 11 (Donsker-Varadhan Variational Formula for KL Divergence [26]) Let i and v be
probability measures on WW. Then,

_ _ f
H(p|v) —fjg_p)R/fd,u ln(/e dy).

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

Lemma 12 Suppose (z,z) € R x R? are drawn from a probability distribution D. Then,

[Ep[zz]|| < \/ED[Z2]|!ED[WT]II-
Proof We have

|IEp[zx]|| = sup (v,Ep[zz]) = sup Ep[z(v,x)]
vll<1 [vll<1

< sup \/ED[zQ] ED[@,w)ﬂ (Cauchy-Schwartz)

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

ol<1

— \/ED[ZQ]HED[QUCUT]H-
|

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

B.2. Approximating the Target Function

We begin by stating the following approximation lemma which is the result of [7, Proposition 6]
adapted to our setting.

Proposition 13 Suppose g : R¥ — R is L-Lipschitz and |g(0)| = O(L#,). On the event of
Lemma 10, there exists a measure ji € Po(R?*72) with R(u) < A2 /72 such that

m?x‘g(Uw(i)) - ?J(w(“;u)’ < (?;CL%(LA%)’;Q1 In (LA%) + h%l,

for all A > Cy, where Cy is a constant depending only on k, provided that the hyperparameter 1

2%/ (k+1)
satisfies L > Cy L7y (%) .

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 € R¥ and 2 := (27,7,)" € R**!. Recall
that on the event of Lemma 6 we have ||z()|| < 7, and |g(2®)| < L#, forall 1 < i < n. Let 7

15
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denote the uniform probability measure on Sk. By [7, Proposition 6], for all A > CY%, there exists
p € L*(r) with [|p]| 2,y < A such that

o) = [ pw)on (7 (0.29))dr(w)

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

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

Jj=1

< OuLre ()7 n

max
K3

where 7 € (0,1), A, hj : S¥ — R are introduced by [7, Appendix D]. In particular,

h(v) = g(

with the spheircal harmonics decomposition 2(v) = >~ hj(v). Itis shown in [7, Appendix D.2]

'Fx'vlzk

Vg+1,
Vk+1 )

that \; < Cpj (k+1)/2 " and one can prove through spherical harmonics calculations (omitted here
for brevity) that |h;(v)| < Cj, supyegt h(v)jF1/2 < Cp L, j*=D/2. As a result,

o) < XA Py @)] < XA Wby (0)] < Gyl Yt < SR
P < j j = j j S Gz p )T S (1—r)k

>0 i1 i>1

. ~ 2/(k+1) . ) )
Usingl —r = (C’ker / A) as in [7, Appendix D.4] yields

B A\ 2k/(k+1)
p) < Celia(7=-)

T

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

[ p@)0s (5 t0.2))dr(0) = [ @10 (0.2)dr(w) = [ 5 (010 (5 0.2))dr(o)

B (v), ~(v)/ i
= /SIc . (p‘;r <’v,z>>d7'('v) - /Sk Do (%<v,z( )>>d7’(’v)

= [ ol 2Nain() = [ ol 2)ain(v)

RE+1

= Poo((w, 2))dpi (w) — Poo((w, &) )dpia(w),

RCH'I Rd+1

where [1; = %#T and fig == %#7‘ are the corresponding pushforward measures, p1; =
Ty#ji1 and py = Ty#fia, where Ty (v) = (U vg,vp41)" € R for v = (v;,ka)T €
R**1 In other words, w ~ fi; is generated by sampling v ~ fi; and letting w = (UTvk, Vkg1) s

with a similar procedure for w ~ po. Furthermore,
R = [ lwlfdm(w)+ [ wlfde) = [ olfdne+ [ o)
Rd+1 Rd+1 Rk+1 Rk+1
2 A2
:/ PO 4 w) < 2
Sk 2

2
Tz Tz

16
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The last step is to replace ¢, with ¢, ,. Note that for all 7, and almost surely over w ~ pi1, we

have | (w.20)| < . (v) < oz ()

. A\ 2K/ kD) »
a result, by choosing ¢« > Cp L7, (W) , we have ¢, , (<w z! >> ¢%<<w, $(z)>> for
all < and almost surely over w ~ w7 and w ~ ps. By the triangle inequality, we have

o)~ 00| <|{ [ one((.89)) 6 ((w.8)) b o)
H/qﬁ w,a") ) - oo (. >“>)}duz<w>‘
(w2

, with a similar bound holding for w ~ pg. As

g(Uz" /(1500 >> (dpa (w) — dpg(w ))‘
2 In2 A =2 A
+
+ C’ker(fo) In (fo),
which completes the proof. |

Next, we control the effect of entropic regularization on the minimum of .7:"57 » via the following
lemma.

Lemma 14 Suppose p is C, Lipschitz. For every u* € P(R?3+2), we have

> ; A 2v2C
min  Fpa(u) < Jo(w*) + SR(u) + == Es,[II2]].
Lopmin L Foaln) < Jol) + SR(u) + =B, 2]
Proof We will smooth p* by convoliving it with ~, i.e. we consider ;1 = p* % . Let u ~ =

independent of w ~ * and denote w = (u] ,ug )" withuy, us € R4*+!. We first bound jo(u *7).

Using the Lipschitzness of the loss and of ¢y, we have
o 550 = o) =, o [ (e w)atu ) ) — o [ wiasw)ew) -v)
g@mnv 2 w)d (i * ) /meML)H
|| [ a0 - \I’(m;w))dﬂ*(w)H
<Oy, | [ Bullowa(w1-+ w1, 8) = (e, ) " (w)

+C)Es, [/ Eu[|¢n.({w2 + u2, ) — ¢ ((w2, i))]du*(w)]

<Cpks, —/{Eul[HUL@H + Eu, [[ (w2, i)l]}dﬂ*(W)]

2/2C N
= J#Esn[llwll].

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

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

17
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Furthermore,
A3 2 AB|lw'|®
HO( =) 10 = [ 22 (= o =]+ o)yl - w') = 2
Consequently,
. AB s
Hp"*v[7) = 5 R(W),
which finishes the proof. |

Combining above results, we have the following statement.

Corollary 15 Suppose the event of Lemma 10 holds, p is C,, Lipschitz, and X S 1. Then,

-2
: T Ty [Tz A FH reA C AA? Cyley + Ty
min ﬂMM4MMM§%<~> m(~>+;+f2+ppw )

peEPaC(R24+2) Tz \ Tz Ty

for all A > Cy, provided that v > Cj, A%/ E+1) (y /77, ) (k=1)/(k+1)

Proof We will use Lemma 14 with z* € P(R??+2) constructed in Proposition 13. Then, for all
A > Cy,

Jo(w*) = Elp(g(; 1*) — y)]
=Eg, [p(9(z; 1*) — g(Uz) — £)]
< Es, [p(§)] + CoEs, [|§(x; 1*) — g(Uz)]]
<Eg,[p(§)] + CkaE (TTA)M ln(rng> + o ln4'

Ty Ty Tx K

Furthermore, Proposition 13 guarantees R (1*) < A2 /72, Combining these bounds with Lemma 14
completes the proof. |

B.3. Generalization Analysis

Let

qu, = argmin Fg(pu) = argmin J%,B(,u)-
MGP;C(R2d+2) MEP;C(R2‘1+2)

Corollary 15 gives an upper bound on jo(u*). In this section, we transfer the bound to Jy(u*) viaa
Rademacher complexity analysis. Since Corollary 15 implies a bound on H (x| ), we will control
the following quantity, )
sup  Jo(p) — Jo().
wH(p]y)<A?
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 (1) — I5* (),
wH(p | v)<A?

18
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where X
Jo (1) = Elpx(9(z; 1) —y)l,  T5" (1) = Es, [px(9(x; 1) — y)],

and p,.(+) = p(-) A ». We will later specify the choice of .
We are now ready to present the Rademacher complexity bound.

Lemma 16 ([14, Lemma 5.5], [45, Lemma 1]) Suppose p is either a C,-Lipschitz loss or the
squared error loss. Let ¥ = /23« for the squared error loss and C|, for the Lipschitz loss. Re-

call v = N(0, ML), Then,

Y]
; - 2M
sup Jo () — jo%(/i)] < 4 [ ——.

{ePae(R242):H (| ) <M} "

E
(]~

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(p) — jo(ﬂ)] < 2E[ ~sup 1Z£zp(@(w(”;u) —y)]

wHp|v)<M

gzmla[ sup 12&@(93“)#)]

pH (p|y) <M T

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

Su i d = su i w
Be| o Z&/ w)dp(w) Ez #|5<M/ Zf du( )]
< %—I—aEg ln/exp< Z& ) '7( )]

M 1
§+ln/E5
« (07

exp< Zéz Sjw )]dv( ),

where the first inequality follows from the KL divergence lower bound of Lemma 11. Additionally,
by sub-Gaussianity and independence of (¢;) and Lipschitzness of ¢, ,, we have

eXp< Z& )] < exp (;;Z‘P(w(i);w)2>

Plugging this back into our original bound, we obtain

Ee

1 — R M 2a?
sup — Oy &ii(mip)| < —+ .
pH (| y) <M T « n

19
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Choosing o = % we obtain
n
. 2M
Ee| sup = & u)] </,
pH(p | y)<M n
which completes the proof. |

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

Lemma 17 In the setting of Lemma 16, for any § > 0, we have

A M In(1/6
sup T ) — T () S 9| L e/ L0,
pePae(R2442): (| v)<M n n

with probability at least 1 — .

Proof As the truncated loss is bounded by ¢, the result is an immediate consequence of McDi-
armid’s inequality. |

Next, we control the effect of truncation by bounding Jo(yt) via Jg*(4), which is achieved via
the following lemma.

Lemma 18 Suppose H(u|~) < M. Then,
> 172\ Q@
Tol) = T§(u) S (e + B[] /)26,

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

Jo(u) — T5* (1) < E[L(p(g(x; 1) — y) = 3)p(4(x; 1) — y)]
< CP(p((x; 1) — y) > 2) P E[(§(a; 1) — y)?]

( 1/2
< CoP(2u+ [yl 2 2/C) " (E[g(s 7] + E[y?]?)
< CP(20+ [g(0)]| + LU| +€ > 5/C,)" (B[ )?] 7 + B[] *).

Let »/C, > 41+ 2|g(0)| 4+ 2Lr,, and recall that L = O(1/r;). Then, by a subGaussian concen-
tration bound, we have

2
—0f—=
P2+ [g(0)] + LITz| + € > /0,2 < o "),
We conclude the proof by remarking that by our assumptions, o, and C), are absolute constants.

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

20
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Lemma 19 Suppose \ = :\7’326 and B = Mfors A < 1. Leté (’3(5\ )+ e+ KT
- _ 2
Suppose n 2 W and 12 N\~ (rm/rx)%. Then,
and B 'H(uj|v) SEpE)]+&S 1.

Jo(up) —E[p(§)] <€
Proof By Corollary 15 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:i TOWAN k;flln T A +)\A2+(CI+TI)+E
S ; 2 VAR R

Jo(us) + B~ H(us 1) — Elp(9)] = .
By choosing T,
_ Tz 2R (T2 kT2

a=(3)"E)TT

and assuming ¢, 2 7,
Cr 1

1 k+1
A B2 7y | B2 Tol
U y) SE = = In| =2 -
BT H(uglv) S [P(f)]Jr(r%) (m) n( h\ )erJ“,g
Note that the above choice on A translates to a lower bound on ¢ in Corollary 15, given by
L2

we have the simpification,

2)\ 27

By choosing A = Ar2 and using the fact that 7, < O(r,) and 8 =
~ ~_1

M5 1) S Elp(€)] + OGF=) 4o+~ S 1,

and, |
Blp(©)] S OCwe) +e+ -~

jo(ME) -
Note that 73 (1 5 < jo(u}) Using the generalization bound of Lemma 17 with the choice of
d = n~ ¢ for some constant ¢ > 0, we have with probability 1 — O(n™9),

T 03) = T 5) 5 1) Lt/

< l,\/ oy /BT (B.5)
n

nAe2

Furthermore, by Lemma 18 we have

Jo(ks) = 5" (ug) S e

= v/Inn, we have
e

=

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

79(%2)'

Combining the above with (B.5) and choosing on s

. f
Jo(up) — 2
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B.4. Convergence Analysis

So far, our analysis has only proved properties of '“E In this section, we relate these properties to
;" via propagation of chaos. In particular, [44] showed that for W ~ pj", 9(x; Mz ™) converges
to g(x; p 5) in a suitable sense characterized shortly, as long as the objective over y;"* converges to

Faa(pp). Notice that " is a measure on P(RZ4+2)m) instead of P(R?*¢*2). Thus, we need to
adjust the definition of objective by defining the following

A A 1
FEA") = By | W) + SROW) |+ "), (B.6)

We can use the same reformulation introduced earlier in (B.1) to define
~ - 1
FEA™) = By [Jo(W)] 4 1™ 257, B.7)

which is equivalent to ]-"é” up to an additive constant. With these definitions, we can now control
Ew g [Jo(p7™)] via Jo(p1;). The following lemma is based on [44, Lemma 4], with a more careful
analysis to obtain sharper constants.

Lemma 20 Let 7, == HEHI/ 2/ Ty, and suppose p is C, < 1-Lipschitz. Then,

T2WS (1, 5™ + 12
Ew i [Jo(W)] = o (i) s\/ L :

(B.8)
m
In particular, combined with [44, Lemma 3], the above implies
X 728CLS1 / 2 /v £ . 12
Ew g [Jo(W)] — To(pp) S \/m( ") = Faa(ug)) + o (B.9)
Proof Notice that
Ew i [Jo(W)] = Ew Bz [p(4(x; pw) — §(2; pf) + 9(; p15) — y)] ]
< Ee [p(9(; 1) — v)] + Cp B [Ba |65 pw) — §(ax; 5| ]]
< Fo05) + Co o B (9 ) — i)
Suppose W = (w1,...,wy,) ~ u and W' = (w,..., w),) ~ ,ujg®m. Let I' denote the optimal

W5 coupling between W and W, and assume W, W' ~ T'. Then,

Ew [(9(2; pw) — 9(x; 1%))?] = By [(0(; pw) — 9(; poyyrr) + 9(5 o) — (5 15))?
< 2Bw w [(0(2; pw) — 925 py)?] + 2By (5 oy ) — (3 15)) ]

Moreover, by Jensen’s inequality,

IA

By wr (005 i) — 00 pow)?] < > By [(0 (5 201) — W5 )P

IN

2 iE [< L ~>2} I 2 iE [< ) ~>2}
% W,W’ wll wi17$c E ‘1 W,W’ wZQ wi2,w .
1=

i=1
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Hence,
2|
Eo [Evw w [(0(@: piw) = §(@i iw)?]] <~ Eyy oo || W = W]
=],
= TW (Mt 7#73®m)-
For the second term, notice that (; p) = Eyy [J(2; pryy)] = Eqp [¥ (25 wy)] forall 1 < i < m.

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

Eyy [(9(2; pywrr) — 9 15))?] = %Ew’ (U (25 w') = (5 1%))?]
2
= %Ew’ (/(‘If(w;w’) - W(w;w))duZ(’LU)) ]
sZ

Thus, the rest of this section deals with establishing convergence rates for 75"\ (1) — F A (13)-
To use the one-step decay of optimality gap provided by [44], we depend on the following assump-
tion.

Assumption 3 Suppose there exist constants L, Ct, and R, such that

1. (Lipschitz gradients of the Gibbs potential) For all 1, ji/ € Po(R?*¥+2) and w,w' € R24+2,

|V Filklw) = V1) (w')|| < LWalps, ) . ®10)

where Wy is the 2-Wasserstein distance.
2. (Bounded gradients of the Gibbs potential) For all ;1 € P2(R?*+?) and w € R?**+2, we
have HVjé[,u]('w)H <R

3. (Bounded second variation) Denote the second variation of Jo(p) at w via Jg [u] (w, w'"),
which is defined as the first variation of 1 — J3[u)(w). Then, for all u € P2(R?**2) and
w, w' € R2d+2,

We can now state the one-step bound.

1+ Cp(lw]® + ||w’ H (B.11)

Theorem 21 ([44, Theorem 2]) Suppose Jo satisfies Assumption 3. Assume A S 1, 5, L, R 2> 1,
and the initialization satisfies E[Hwé‘ﬂ < R2 forall 1 <i < m. Then, foralln < 1/4,

m m -1 m *
]:ﬂ,/\(ﬂz+1) FB . (MB) exp (25CLSI) (FEA(M ) — fB,A(Nﬁ)) + ﬁAm,ﬁ,/\,m (B.12)
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where

R o L, 1 R d., C, L
_ 2 2 1 L
Ampn = C<L (d+ A )07+ ﬂ) * m,3<CLSI * (/\2 + AB)(C’LSI * ﬁ))> (B.13)

for some absolute constant C > 0.
We now focus on bounding the constants that appear in Assumption 3.

Lemma 22 (Lipschitzness of Vjé) Suppose p is either the squared error loss or is C), Lipschitz
and has a C’; Lipschitz derivative. Assume r 2 1. Notice that for the squared error loss, C' = 1.
Then, for all p, v € Po(R%*¥2) and w, w' € R*¥*2, we have

|V Tiulw) = 1w S wC||Es, [837] || - w']| + €,
for the Lipschitz loss, and

|V Filul(w) = T !

Es, [@3" ||| Wa(u. ),

Votw) [Bs, [, o '] + [, [ 7] [Watos ),
for the squared error loss, where HESn [:Ic®4] H2_>2 = Sup|y| <1 HES" [(:ﬁ, 0)2:&%—1 H

Proof Recall that Jg[u)(w) = Es, [0/ (4(x; 1) — y) ¥ (a; w)], where ¥(z;w) = ¢, ((w1,Z)) —
®r,((wa, &)). We start with the triangle inequality,

|V Tlu)w) = VI3[ (w')|| < ||V Tkl (w) — V Tilu) ('
We now focus on the first term. For the Lipschitz loss,

| Ver Tl (w) = Vo, Tolal ('

w') = Vg lu')(w")].

W0 @) = ) (S (w0, &) — 0((wh, &))E] |

< s, [(0h((wr. 8)) - (et &) B, [a27] |
< OykEg, [<w1 -~ w’h@ﬂ 1/2HES” [iiﬁ] Hl/z

<oz, 57 -

where the first inequality follows from Lemma 12, and the second inequality follows from the fact
that |¢!!| < k. For the squared error loss, we have

| Vs gl 0) = Voo, Tl | = [, [(3(a: ) — )60, ) — e (', )]
— sup Es, [(3(@ 1) 1) (¢l (w1, @) — di((w1,3)) (0. 3)]

ol<1

< sup ﬁ:sn[@(w; 1) = )2IEs, (6 (w1, 8) — dh((wh, #))2(0, 3)’]

ol <1

<k ) sup < Esn[ wﬁ,i)QiiT]v>
lvll<1
< /i\/j() HES" [ w) —wh, T 25 } H

<k Jo()||Es, [51] [, lwr — 4.
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Similar bounds apply to the gradient with respect to w9, 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.

= (#'( —y) = P (@) = ) (W), &)
<K, [(p’@(w; w) - )~ s i) - )] [Es, 22 7] |

< O, [((a: ) — w2 s, [227] |
(B.14)

|V Fil1) (@) = Vo, T

where the first inequality follows from Lemma 12. Let v € Py(R?¥+2 x R24+2) be a coupling of 1
and 1/ (i.e. the first and second marginals of 7 are equal to u and ' respectively). Recall that,

Q(z;ﬂ)_y('x;//):/(¢H,L(<w1’{v>)_¢n¢(<w27ij))_(z)mb«w/h:i:>)+¢fi,L(<w/2’i'>>d7(wvwl)‘

Therefore by the triangle inequality for the Ly norm Eg, [()2] 1/2 and Jensen’s inequality,

1/2

Es, [(i(x: ) — (@ 1))%]? <Es, [ / (D ({w1, 2)) — b (W, :f:>>)2dfy]
1/2
T Es, [ [ Guallwon.a)) - ¢K,L<<wg,:ﬁ>>)gdw}
< /Esn [<w1 — Wi, 53>2} 1/2d7 + /Egn [<w2 — w’2,§c>

< [lms. 22 ][ [ (s — et + ooz — whltrteon, )

\/2\\15:5 T [l w2y (w, w).

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

Es, [(9(x; 1) — s 1)?] " < \[2|[Bs, [22 7] | Wa s, 1),
Plugging the above result into (B.14), we have
| Ver Falial @) = Ve 111 () [#2 || ),

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. |

2} Wdy

Lemma 23 (Boundedness of Vjé) In the same setting as Lemma 22, for all pi € Po(R?*¥*2) and
w € R2442 e have

. ~ 1/2
[Vt < V26, es. [a27] |
where ép = C, when p is Lipschitz and C'p = Qjo(u) when p is the squared error loss.
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Proof Notice that |¢/.| < 1. Therefore,

|V Filulw)| = [Es, [0/ = 9)olu((wr @) |
< Vs, [0~ /][Es, [T
< e, {“T]HW
where the first inequality follows from Lemma 12. |

Lemma 24 (Boundedness of jé') In the same setting as Lemma 22, for all i1 € Po(R?**2) and
w,w’ € R2H2 we have

Ty ) (w, w")

< O, [#27] || (leol® + [']*).
where we recall that C;) = 1 for the squared error loss.
Proof It is straightforward to show that

Jo' ) (w, w') = Es, [p" (5(; 1) — y)¥(a; w) ¥ (z;w")].
Then, by the Cauchy-Schwartz inequality,

il (w, w') < C'Es, [U(w; w)?]*Bs, [¥(@; w')?] /2.

Moreover, by the Lipschitzness of ¢, ,,

1/2 }1/2

Es, [¥(e;w)’]" <Es, [(@1,8)°] " +Es, [(w2,2)”

< v o) o

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

3l (w, ') < 2||Es, [327]||Chllwl||w']| < ||Bs, [227]||(lwl? + [[w|).
|

In particular, the gradient bound of Lemma 23 implies the following LSI estimate, which follows
from [44, Theorem 1].

Proposition 25 ([44, Theorem 1]) Suppose HVjé[,u](w)H < Rforall p € Py and w € R?4+2,

Then, the family of probability measures v, o exp(—BG'[u]) for u € P2(R*+2) satisfy a uniform
LSI with constant

Crsr < 1exp<4ﬁR2 V2d/7r> /\{1+exp<ﬁR2><R2 . 1 ><d+ﬁR2>} (B.15)

~ BA A 2\ BA A
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We collect the smoothness estimates and simplify them under the event of Lemma 10 in the
following Corollary.

Corollary 26 Suppose p and p' are C, and C}, Lipschitz respectively, with C,, C}, < 1. Recall that
3 == E[zx]. On the event of Lemma 10, we have ||Esg, [zii:T] | S 1% v 72, and consequently,
T} satisfies Assumption 3 with constants L < k(||| V 72), R < 1|2V Fp and Cp = k7%

Using the estimates above, we can present the following convergence bound F7", (15) —F s (145)-

Proposition 27 Let 7, == ||X|| V 7y, and for simplcity assume Cyrs1 > (. For any € < 1, suppose

the step size satisfies
€

UBS ,
~ Crsis?ri(d +72/\)

the width of the network satisfies,

(1 G ) G )
~ e ’

and the number of iterations satisfies

l>ﬁCLSI1 Fiu(kg') — Fp
o By, FRUE) TS

Then, we have Fi*\ (uj") — Fpa(up) < e

Proof Throughout the proof, we will assume the event of Lemma 10 holds. Let F E \ = Fp, )\(ug).
Notice that by iterating the bound of Theorem 21, we have

—In 77Am,3)\
Fis(u™) — Fh 5 <exp (=—=—= ) (F55(ud") — F5 ) + ot
5,,\(Mz ) B\ p(%’CLSI)( B,A(/‘O) ﬁ,A) 1_eXp(260an1)
_ln
< — VW Fiu(udt) — Fh 4 A, ,
_eXP(QBCLSI)(}—B,A(Mo) Fan) +4BCLs1Am . an

where the second inequality holds for n < 28Crg; since 1 —e™* > x/2 for x € [0,1]. We now
bound A, g ., 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 3,

L 1 R? d.,C, L
ot et Get3)

R2
Aoy = L (d+ ) (72 + ) +

B
From Corollary 26, L < s(||2| Vv 72), R < HEH1/2 V 7, and Cf, = k1. To avoid notational
clutter, let 72 := ||X|| VV 72. Then, to control the terms containing 7, it suffices to choose

g €
< N
= \/,BClefisz%(d + 77920/)\) C'LSIFJQF%(CZ + 77920/)\) ’

for which we can simply choose

UBS - :
~ Crsie?ri(d +72/\)
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Further, to control the term containing the number of particles m, we need

w2 (14 (G + o) (& + 22at))

K

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

BCLsT }—gfx(ﬂgl) - ]:E,A
[z In ( 6 ).

With the above conditions, we can guarantee
-7:3,1,\(%”) - ]:E,A Se,
which finishes the proof. n

Finally, we are ready to present the proof of Theorem. Specifically, we will prove the following
theorem which is the more detailed version of Theorem 2. To do so, we introduce the following
assumption, which can be verified by Proposition 25.

Assumption 4 Let W' = (wh,...,wl)) denote the trajectory of MFLA. Then, the probability
measure vy, < exp(—BJ[uy]) satisfies the LSI (A.6) with constant Crg1 for all I > 0. For
simplicity, assume Crsr > f.

With the above assumption, we can state the detailed version of Theorem 2.

Them:em 28 UnderNAssumptions 1, 2 and 4, consider MFLA (2.3) with parameters 5 = é(deff),
A= )\rg andn < O(m). The al(?orithm is initialized with the weights sampled i.i.d. from
9 ~ po. Suppose \,k~t = 0,(1), and 1 is chosen via the lower bound of
Lemma 19. Then, with the number of samples n, the number of neurons m, and the number of

iterations | that can respectively be bounded by

some distribution w

~ ~  Opsik?d ~ C
n<Ode), m<0(CSD) < oGPy (B.16)
B2A n
with probability at least 1 — O(n~9) for some q > 0, the excess risk satisfies
Evyt By a[o(y — Gm (2 W)] = Eelp(€)] < on(1). (B.17)
For the statement of Theorem 2, we can choose 5\_1, k = polylog(n).
B.5. Proof of Theorem 2
Recall that A = 5\7%25’ and let § = e 473/ and n > (e t73/72)0 for some ¢ < 1, where

€2\ et
€ = @(5\’6%2 + ¢ 4+ k1), Then, from Lemma 19, we have JO(NE) — E[p(¢)] < & On the
other hand, given the step size 7, width m, and number of iterations [ by Proposition 27, we have
}-ETA(MZ”) - fﬁ,,\(ﬂfg) < ¢. Therefore,

r38CLs1E N 2
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Additionally, from Lemma 19, we have

B (s |v) SEPE)] + ONF2) +e+r " S 1.

Consequently, for m > HCE +§§3{ r2)Cust &5, we have Eyy v [Jo(W)] — Jo(p) < €. Therefore,

combining the bounds above, we have

Ew ey [Jo(W)] — E[p(6)] S ONF2) 4 e + 1L

Consequently, we can take A = 0,,(1), € = 0,(1), K~ ! = 0,(1) to finish the proof.

Appendix C. Comparisons with the Formulation of [39]

Here, we provide a number of comparisons with results of [39]. 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 [39], even for learning k-sparse parities. Recall that in their setting, they consider
inputs of the type & = 3'/22 for some positive definite 3, where z ~ Unif({£1}%) (their original
formulation uses z ~ Unif({41/+/d}%), but we rescale the input to be consistent with the notation
of this paper). The labels are given by

y = sign (ﬁ(u z>> — sign <ﬁ<2—1/2ai, a:>) (C.1)
=1 =1

where {@;}%_, are orthonormal vectors. Then, we can define an orthonormal set of vectors {u;}¥_,
such that span(uq,...,ux) = Span(Efl/Q'&l, e 271/2{%)’ and define g such that

(uy, ) (wp, ) <21/2u1,z> <21/2uk,z> . k )
g( \1/% e, \k/E )zg T,...,T 281gn(i131<ui,z>),

for all z € {il}d. 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.

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

k

y = g<<u\1/’g:> e (u\;,g:)) = sign (};{(uz, :B>) (C.2)
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Consider the case where k£ = 2, then y = sign (<21/2u1, z><21/2u2, z>) To be able to refor-

mulate this to (C.1), we need to be find orthonromal i1, @2 € R? such that
sign <<21/2u1,z><21/2u2,z>) = sign((d@1, 2) (@, 2)), Vz e {£1}%

If X has rank less than d such that £/2u; = /2w, then the above implies sign( (i1, z) (12, z)) >
0 for all z € {#+1}%. In particular, we must have some z where sign ({1, z) (@2, 2)) > 0, which
implies that

2d 24
> (i, zi) (g, zi) = <ﬁ17zzizjﬁ2> = 2%(ay, @) > 0,
i=1 i=1
which is in contradiction with (@, @) = 0. Therefore, for such 3, we cannot formulate (C.2) as a
special case of (C.1). This argument is robust with respect to small perturbations of 32 which make

it full-rank, implying that (C.2) is strictly more general than (C.1), even when only considering
full-rank covariance matrices.

C.2. Comparison with the Effective Dimension of [39]
A close inspection of the proofs in [39] demonstrates that one can define their effective dimension

- 2
in a scale invariant manner as deg = tr(E)HZle »~1/24,;|| . From the previous section, we

observed that to reduce their setting to ours, we need to choose a set {ui}le of normalized vectors

_ - . —1/24.
that spans the set of vectors {X 1/ 2ui}f:1. In particular, we can choose u; = HE_TZZ or
. . 1/24,. .
equivalently write u; = HgTZZH While {ui}le are not orthogonal, our proofs do not rely on the

orthogonality assumption and it is only made for simplicity. Hence, we have

2

k
-2
< ktr(X) ZHZI/QW
i=1

k .
defi = tr(X) ; W

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.
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