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Abstract

This paper introduces the notion of “Initial Align-
ment” (INAL) between a neural network at initial-
ization and a target function. It is proved that if a
network and a Boolean target function do not have
a noticeable INAL, then noisy gradient descent on
a fully connected network with normalized i.i.d.
initialization will not learn in polynomial time.
Thus a certain amount of knowledge about the
target (measured by the INAL) is needed in the
architecture design. This also provides an answer
to an open problem posed in (Abbe & Sandon,
2020a). The results are based on deriving lower-
bounds for descent algorithms on symmetric neu-
ral networks without explicit knowledge of the
target function beyond its INAL.

1. Introduction

Does one need an educated guess on the type of architecture
needed in order for gradient descent to learn certain target
functions? Convolutional neural networks (CNNs) have an
architecture that is natural for learning functions having to
do with image features: at initialization, a CNN is already
well posed to pick up correlations with the image content
due to its convolutional and pooling layers, and gradient
descent (GD) allows to locate and amplify such correlations.
However, a CNN may not be the right architecture for non-
image based target functions, or even certain image-based
functions that are non-classical (Liu et al., 2018). More
generally, we raise the following question:

Is a certain amount of ‘initial alignment’ needed
between a neural network at initialization and
a target function in order for GD to learn on a
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reasonable horizon? Or could a neural net that is
not properly designed but large enough find its
own path to correlate with the target?

In order to formalize the above question, one needs to de-
fine the notion of ‘alignment’ as well as to quantify the
‘certain amount’ and ‘reasonable horizon’ notions. This
paper focuses on the ‘polynomial-scaling’ regime and on
fully connected architectures, but we conjecture that a more
general quantitative picture can be derived. Before defining
the question formally, we stress a few connections to related
problems.

A different type of ‘gradual’ question has recently been
investigated for neural networks, namely, the ‘depth grad-
ual correlation” hypothesis. This postulates that if a neu-
ral network of low depth (e.g., depth 2) cannot learn to a
non-trivial accuracy after GD has converged, then an aug-
mentation of the depth to a larger constant will not help in
learning (Malach & Shalev-Shwartz, 2019; Allen-Zhu & Li,
2020). In contrast, the question studied here is more of a
‘time gradual correlation’ hypothesis, saying that if at time
zero GD cannot correlate non-trivially with a target function
(i.e., if the neural net at time zero does not have an initial
alignment), then a polynomial number of GD steps will not
help.

From a lower-bound point of view, the question we ask
is also slightly different than the traditional lower-bound
questions posed in the learning literature that have to do with
the difficulties of learning a class of functions irrespective of
a specific architecture. For instance, it is known from (Blum
et al.,, 1994; Kearns, 1998) that the larger the statistical
dimension of a function class is, the more challenging it is
for a statistical query (SQ) algorithm to learn, and similarly
for GD-like algorithms (Abbe et al., 2021); these bounds
hold irrespective of the type of neural network architectures
used.

A more architecture-dependent lower-bound is derived
in (Abbe & Sandon, 2020b), where the junk-flow is es-
sentially used as replacement of the number of queries, and
which depends on the type of architecture and initialization
albeit being implicit. In (Shalev-Shwartz & Malach, 2021),
a separation between fully connected and CNN architec-
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tures is obtained, showing that certain target functions have
a locality property and are better learned by the latter ar-
chitecture. In a different setting, (Tan et al., 2021) gives a
generalization lower bound for decision trees on additive
generative models, proving that decision trees are statisti-
cally inefficient at estimating additive regression functions.
However, none of the bounds in these works give an explicit
figure of merit to measure the suitability of a neural network
architecture for a target.

One can interpret such bounds, especially the one in (Abbe
& Sandon, 2020b), as follows. If the function class is such
that for two functions F, F’ sampled randomly from the
class, the typical correlation is not noticeable, i.e., if the
cross-predictability (CP) is given by

CP(F,F') := By p (F, F')? = n=n1), (1)

(where we denoted by (.) the L?-scalar product, namely, for
some input distribution Py, (f, g) = E.p, [f(2)g(z)] and
by w, (1) any sequence that is diverging to co as n — 00),
then GD with polynomial precision and on a polynomial
horizon will not be able to identify the target function with
an inverse polynomial accuracy (weak learning), because at
no time the algorithm will approach a good approximation
of the target function; i.e. the gradients stay essentially
agnostic to the target.

Instead, here we focus on a specific function — rather than
a function class — and on a specific architecture and initial-
ization. One can engineer a function class from a specific
function if the initial architecture has some distribution sym-
metry. In such case, if the original function is learnable, then
its orbit under the group of symmetry must also be learnable,
and thus lower bounds based on the cross-predictability or
statistical dimension of the orbit can be used. Such lower
bounds are no longer applying to any architecture but ex-
ploit the symmetry of the architecture, however they still
require knowledge of the target function in order to define
the orbit.

In this paper, we would like to depart from the setting where
we know the target function and thus can analyze the or-
bit directly. Instead, we would like to have a ‘proxy’ that
depends on the underlying target function and the initial-
ized neural net NNgo at hand, where the set of weights
at time zero ©° are drawn according to some distribution.
In (Abbe & Sandon, 2020a), the following proposal is made
(the precise statement will appear below): can we replace
the correlation among a function class by the correlation
between a target function and an initialized net in order to
have a necessary requirement for learning, i.e., if

Ego(f,NNgo)? = n=n(D), )

or in other words, if at initialization the neural net correlates
negligibly with the target function, is it still possible for GD

to learn' the function f if the number of epochs of GD is
polynomial? We next formalize the question further and
provide an answer to it.

Note the difference between (1) and (2): in (1) it is the
class of functions that is too poorly correlated for any SQ
algorithm to efficiently learn; in (2) it is the specific network
initialization that is too poorly correlated with the specific
target in order for GD to efficiently learn.

While previous works and our proof relies on creating the
orbit of a target function using the network symmetries and
then arguing from the complexity of the orbit (using cross-
predictability (Abbe & Sandon, 2020a)), we believe that
the INAL approach can be fruitful in additional contexts.
In fact, the orbit approaches have two drawbacks: (1) they
cannot give lower-bounds on functions like the full parity>
that have no complex orbit (in fact the orbit of the full parity
is itself under permutation symmetries), (2) to estimate
the complexity measure of the orbit class (e.g., the cross-
predictability) from a sample set without full access to the
target function, one needs labels of data points under the
group action that defines the orbit (e.g., permutations), and
these may not always be available from an arbitrary sample
set. In contrast, (i) the INAL can still be small for the
full parity function on certain symmetric neural networks,
suggesting that in such cases the full parity is not learnable
(we do not prove this here due to our specific proof technique
but conjecture that this result still holds), (ii) the INAL can
always be estimated from a random i.i.d. sample set, using
basic Monte Carlo simulations (as used in our experiments,
see Section 5).

While the notion of INAL makes sense for any input distri-
bution, our theoretical results are proved in a more limited
setting of Boolean functions with uniform inputs. This fol-
lows the approach that has been taken in (Abbe & Sandon,
2020b) and we made that choice for similar reasons. Further-
more, any computer-encoded function is eventually Boolean
and major part of the PAC learning theory has indeed fo-
cused on Boolean functions (we refer to (Shalev-Shwartz &
Ben-David, 2014) for more on this subject). We nonetheless
expect that the footprints of the proofs derived in this paper
will apply to inputs that are iid Gaussians or spherical, using
different basis than the Fourier-Walsh one.

Our general strategy in obtaining such a result is as follows:
we first show that for the type of architecture considered, a
low initial alignment (INAL) implies that the implicit target
function is essentially high-degree in its Fourier basis; this
part is specific to the architecture and the low INAL property.
We next use the symmetry of the initialization to conclude

"Even with just an inverse polynomial accuracy, a.k.a., weak
learning.

>we call full parity the function f : {£1}™ — {&} s.t.
fla) =TI, @i
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that learning under such high-degree Fourier requirement
implies learning a low CP class, and thus conclude by lever-
aging the results from (Abbe & Sandon, 2020b). Finally, we
do some experiments with the types of architecture used in
our formal results, but also with convolutional neural nets
to test the robustness of the original conjecture. We observe
that generally the INAL gives a decent proxy for the diffi-
culty to learn (lower INAL gives lower learning accuracy).
While this goes beyond the scope of our paper — which is
to obtain a first rigorous validation of the INAL conjecture
for standard fully connected neural nets — we believe that
the numerical simulations give some motivations to pursue
the study of the INAL in a more general setting.

2. Definitions and Theoretical Contributions

For the purposes of our definition, a neural network NN con-
sists of a set of neurons Vy, a random variable 0 € R*
which corresponds to the initialization and a collection of
functions NNgg : R” — R indexed with v € Wy, repre-
senting the outputs of neurons in the network. The Initial
Alignment (INAL) is defined as the average squared corre-
lation between the target function and any of the neurons at
initialization:

Definition 2.1 (Initial Alignment (INAL)). Let f : R™ —
R be a function and Py a distribution on R™. Let NN be a
neural network with neuron set Vyn and random initializa-
tion ©°. Then, the INAL is defined as

INAL(f,NN) := max Eeo(f,NNUD)2,  (3)
veEVNN

where we denoted by (.) the L2-scalar product, namely

(f,9) = Eonpy [f(2)g(2)]-

While the above definition makes sense for any neural net-
work architecture, in this paper we focus on fully connected
networks. Thus, in the following NN will denote a fully
connected neural network. Our main thesis is that in many
settings a small INAL is bad news: If at initialization there
is no noticeable correlation between any of the neurons
and the target function, the GD-trained neural network will
not be able to recover such correlation during training in
polynomial time.

Of particular interest to us is the notion of INAL for a
single neuron with activation o and normalized Gaussian
initialization.

Definition 2.2. Let f : R® — R, 0 : R — R and let Py be
a distribution on R”. Then, we abuse the notation and write

INAL(f, o) := By pn [(Ewwpx F@)o((w") T + bn)ﬂ :

“4)

where w™ is a vector of iid AV/(0, 1/n) Gaussians and b" is
another independent A/ (0, 1/n) Gaussian. In the following,

for readability, we will write w = w™ and b = 0™, omitting
the dependence on n.

In the following, we say that a function f : N — Ry
is noticeable if there exists ¢ € N such that f(n) =
Q(n=¢). On the other hand, we say that f is negligible
if lim,, 00 n°f(n) = 0 for every ¢ € N (which we also
write f(n) = n~“r(1),

Definition 2.3 (Weak learning). Let ( f,,)nen be a sequence
of functions such that f,, : R® — R and (P,) a sequence
of probability distributions on R™. Let (A,,) be a family
of randomized algorithms such that A,, outputs a function
NN,, : R® — R. Then, we say that A,, weakly learns f, if
the function

9(n) := |Egnp, a, [fn(x) - NNy (2)]| (5)
is noticeable.

In this paper, we follow the example of (Abbe & Sandon,
2020b) and focus on Boolean functions with inputs and
outputs in {£1}. We consider sequences of Boolean func-
tions f,, : {£1}™ — {£1}, with the uniform input distri-
bution U™, meaning that if z ~ U™, then for all i € [n],
z; Rad(1/2). We focus on fully connected neural net-
works with activation function o, and trained by noisy GD
— this means GD where the gradient’s magnitude per the
precision noise is polynomially bounded, as commonly con-
sidered in statistical query algorithms (Kearns, 1998; Blum
et al.,, 1994) and GD learning (Abbe & Sandon, 2020b;
Malach et al., 2021; Abbe et al., 2021); see Remark 3.5
for a remainder of the definition. We consider activation
functions that satisfy the following conditions.

Definition 2.4 (Expressive activation). We say that a func-
tion o : R — R is expressive if it satisfies the following
conditions:

a) o is measurable and polynomially bounded i.e. there
exists C, ¢ > 0 such that |o(x)| < Cz° + C for all
z eR.

b) Let the Gaussian smoothing of o be defined as ¥(¢) :=
Ey nonlo(Y + t)]. For each m € N either
»™)(0) # 0 or L™+ (0) # 0 (where X(™) denotes
the m-th derivative of X).

Remark 2.5. i) Note that we have the identities d,, =
E(m)(o)

——, and 0 = Y. dnH,, where H,, are
the probabilist’s Hermite polynomials. Therefore, an
equivalent statement of the second condition in Defi-
nition 2.4 is that there are no two or more consecutive
zeros in the Hermite expansion of o.

ii) Many functions are expressive, including ReL.U and
sign (see Appendix B for the proofs of those two cases).
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iii) On the other hand, it turns out that polynomials are
not expressive, as they do not satisfy point b). This
is necessary for our hardness results to hold, since
for an activation function P which is a polynomial of
degree k and M a monomial of degree k + 1 it can be
checked that INAL(M, P) = 0, but constant-degree
monomials are learnable by GD.

Let us give one more definition before stating our main
theorem.

Definition 2.6 (N-Extension). For a function f : R" — R
and for N > n, we define its N-extension f : RN 5 Ras

flxy,@o, ooy T, Ty 1, Tig2s s N ) = f(@1, T2, 00y ).

(6)

‘We can now state our main result which connects INAL and
weak learning.

Theorem 2.7 (Main theorem, informal). Let o be an
expressive activation function and (f,) a sequence of
Boolean functions with uniform distribution on {£1}". If
INAL(fn,0) is negligible, then, for every ¢ > 0, the n*¢-
extension of f, is not weakly learnable by poly(n)-sized
fully-connected neural networks with iid initialization and
poly(n)-number of steps of noisy gradient descent.

Remark 2.8. Theorem 2.7 says that Boolean functions that
have negligible correlation for some expressive activation
and Gaussian iid initialization, cannot be learned by neu-
ral networks utilizing any activation on a fully-connected
architecture and any iid initialization.

Remark 2.9. Consider a sequence of neural networks (NN,)
utilizing an expressive activation 0. We believe that the
notion of INAL( f,,, NN,,) is relevant to characterizing if
a family of Boolean functions (f,,) is weakly learnable by
noisy GD on those neural networks. On the one hand, if
INAL(f,,NN,) is noticeable, then at initialization there
exists a neuron from which a weak correlation with f, can
be extracted. Therefore, in a sense weak learning is achieved
at initialization.

On the other hand, assume additionally that the architecture
is such that there exists a neuron computing o (w”x + b),
where z is the input and (w,b) are initialized as iid
N(0,1/n) Gaussians. (In other words, there exists a fully-
connected neuron in the first hidden layer.) Then, by defi-
nition of INAL, if INAL( f,,, NN,,) is negligible, then also
INAL(f,, o) is negligible. Accordingly, by Theorem 2.7,
an extension of ( f,,) is not weakly learnable.

While we do not have a proof, we suspect that a similar
property might hold also for some other architectures and
initializations.

Note that we obtain hardness only for an extension of f;,,
rather than for the original function. Interestingly, in some

settings GD can learn the function, while the 2n-extension
of the same function is hard to learn®. However, we are not
sure if such examples can be constructed for the continuous
Gaussian initialization that we consider.

3. Formal Results

In this section, we write precise statements of our theorems.
For this, we need a couple of more definitions.
Definition 3.1 (Cross-Predictability). Let Pr be a distribu-

tion over functions from R” to R and Py a distribution over
R™. Then,

CP(Pr, Px) = Ep propy [Expy [F(X)F'(X))?] . (7)

Definition 3.2 (Orbit). For f : R™ — R and a permutation
T € Sy, welet (fom)(z) = f(@ra),. .., Tr(n)). Then,
we define the orbit of f as

orb(f):={fon:meS,}. (8)

Let us now give the full statement of our main theorem.
Theorem 3.3. Let (f,,) be a sequence of Boolean functions
with f, : {£1}" — {£1} and © ~ U™ and let o be an
expressive activation.

If INAL(f,, 0) is negligible, then, for every ¢ > 0, the
cross predictability CP(orb(f,,),U"N) is negligible, where
N = n'*€ and orb(f,,) denotes (uniform distribution on)
the orbit of the N -extension of f.

More precisely, if INAL(f,,0) =
CP(orb(fn),UN) = O(n~ T (),

O(n=°), then

Applying (Abbe & Sandon, 2020b)[Theorem 3] to Theo-
rem 3.3 implies the following corollary. We refer to Ap-
pendix E for additional clarifications on the notion of a fully
connected neural net.

Corollary 3.4. Let f,, and o be as in Theorem 3.3 with
negligible INAL(f,,, o) and let ¢ > 0 with N = n'*¢ and
fn denote the N -extension of f,.

Let NN = (NN,,) be any sequence of fully connected neural
nets of polynomial size. Then, for any iid initializaton, and
any polynomial bounds on the learning rate, learning time
T = (T,), noise level and overflow range, the noisy GD
algorithm after T steps of training outputs a neural net
NNT) such that the correlation

S—
9(n) := [Exyen (NN 7)) ©)

is negligible.
3For example, for the Boolean parity function M, (z) =
[17_, z: with both the input distribution and the weight initial-

ization iid uniform in {£1} and cosine activation (Boix-Adsera,
2021).
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More precisely, if INAL( fp,, 0) = O(n™¢), then for a noisy
GD run for T steps on a fully connected neural network
with E edges, with learning rate -y, overflow range A and
noise level T it holds that

g(n) =0 (f}T\:E‘A .nél(l:—e)(cl)> . (10)

Remark 3.5. In the result above, the neural net can have
any feed-forward architecture with layers of fully-connected
neurons and any activation such that the gradients are almost
surely well-defined. The initialization can be iid from any
distribution (which can depend on n). We remark that the
result of Corollary 3.4 can be strengthen to apply to any
initialization such that the distribution of the weights in the
first layer is invariant under permutations of input neurons.
We refer to Appendix E for more details.

The algorithm considered is noisy gradient descent* using
any differentiable loss function, meaning that at every step
an iid A/(0, 72) noise vector is added to all components of
the gradient, where 7 is called the noise level. Furthermore,
every component of the gradient during the execution of the
algorithm whose evaluation exceeds the overflow range A
in absolute value is clipped to A or — A, respectively. This
covers in particular the bounded ‘precision model’ of (Abbe
et al., 2021).

For the purposes of function g(n), it is assumed that the
neural network outputs a guess in {+1} using any form
of thresholding (eg., the sign function) on the value of the
output neuron. See (Abbe & Sandon, 2020b)[Section 2.3.1].

4. Proof of Main Theorem

In this section we sketch the proof of Theorem 3.3. We first
state basic definitions from Boolean function analysis, then
we give a short outline of the proof, and then we state main
propositions used in the proof. Finally, we show how the
propositions are combined to prove Theorem 3.3 and Corol-
lary 3.4. Further proofs and details are in the appendices.

We introduce some notions of Boolean analysis, mainly
taken from Chapters 1,2 of (O’Donnell, 2014). For every
f:{£1}™ — R we denote its Fourier expansion as

fl@)=>" f(S)Ms(x), (11)
SCin)

where Mg(x) = [],cqx; are the standard Fourier basis
elements and f (S) are the Fourier coefficients of f, defined

*In fact, it can be SGD with batch size m for large enough m.

as f(S) = (f, Ms). We denote by

WE) = > f(S)? (12)
S:|S|=k

Wk = Y f(9)?, (13)
S:|S|<k

the total weight of the Fourier coefficients of f at degree k
(respectively up to degree k).

Definition 4.1 (High-Degree). We say that a family of func-
tions f, : {+1}"™ — R is “high-degree” if for any fixed k,
W<F(f,) is negligible.

Proof Outline of Theorem 3.3.

1. We initially restrict our attention to the basis Fourier
elements, i.e. the monomials Mg(x) := ], g x; for
S € [n]. We consider the single-neuron alignments
INAL(Mg, o) for expressive activations. We prove
that these INALs are noticeable for constant degree
monomials (Proposition 4.3).

2. For a general f : {£1}" — R we show that the initial
alignment between f and a single-neuron architecture
can be computed from its Fourier expansion (Proposi-
tion 4.4). As a consequence, for any expressive o, if
INAL(f, o) is negligible, then f is high-degree (Corol-
lary 4.5).

3. We construct the extension of f and take its orbit
orb(f). Since the extension has a sparse structure of
its Fourier coefficients, that guarantees that the cross-

predictability of orb(f) is negligible (Proposition 4.6).

4. In order to prove Corollary 3.4, we invoke the lower
bound of (Abbe & Sandon, 2020b) (Theorem 4.7) ap-

plied to the class orb(f) .

A crucial property of the expressive activations is that they
correlate with constant-degree monomials. To emphasize
this, we introduce another definition.

Definition 4.2. An activation o is correlating if for every k,
the sequence INAL(Mj, o) is noticeable, where we think

of My(z) = Hle x; as a sequence of Boolean functions
for every input dimension n > k.

Furthermore, if there exists ¢ such that for every k it holds
INAL(M,0) = Q(n~(*+9), then we say that o is c-
strongly correlating.

Proposition 4.3. If o is expressive (according to Defini-
tion 2.4), then it is 1-strongly correlating.

The proof of Proposition 4.3 is our main technical contri-
bution. Since the magnitude of the correlations is quite
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small (in general, of the order n~" for monomials of degree
k), careful calculations are required to establish our lower
bounds.

In fact, we conjecture that any polynomially bounded func-
tion that is not a polynomial (almost everywhere) is corre-
lating.

Then, we show that INAL( f, o) decomposes into monomial
INALS according to its Fourier coefficients:

Proposition 4.4. For any f : {£1}"™ — R and any activa-

tion o,
= > f(T

Ten]

INAL(f, 0) 2INAL(Mr,0) . (14

As a corollary, functions with negligible INAL on correlat-
ing activations are high-degree:

Corollary 4.5. Let o be an
INAL(Mj,0) = Q(n=F) for k' =
W=F(f,) < INAL(f,, )0 (n*o).

activation  with
0,1,...,k. Then,

In particular, if o is correlating and INAL( f,,, o) is negli-
gible, then (f,,) is high degree.

Finally, the cross-predictability of orb(f,,) is negligible for
high degree functions.

Proposition 4.6. Let ¢ > 0 and ( fn) afamily of Boolean
functions. Let (f,,) denote the family of N-extensions of f,
for N = n'*¢, and consider the uniform distribution on its
orbit.

If (fn) is high degree, then CP(orb(f,),U") is negligible.
Furthermore, if for some universal c and every fixed k it
holds W=F(f,) = O(n*=°), then CP(orb(f,),U") =
O(n~T+°),

Theorem 4.7 ((Abbe & Sandon, 2020b), informal). If the
cross-predictability of a class of functions is negligible, then
noisy GD cannot learn it in poly-time.

We provide here an outline of the proof of Proposition 4.3,
and refer to Appendix A for a detailed proof. We further
prove Proposition 4.6 and Theorem 3.3. The proofs of the
remaining results are in appendices.

Proof of Proposition 4.3 (outline). The main goal of the
proof is to estimate the dominant term (as n approaches
infinity) of INAL(M}, o), and show that it is indeed notice-
able, for any fixed k. We initially use Jensen inequality to
lower bound the INAL with the following

INAL(My,0) > E [EIWI [My(z)o(wz +b) | sgn(&)]ﬂ ,
(15)

where for brevity we denoted § = (w,b), |0| and sgn(6)
are (n + 1)-dimensional vectors such that |0|; = |6;| and

sgn(f); = sgn(f;), for all i < n + 1. By denoting
|w|sk, x>k the coordinates of |w| and x respectively that do
not appear in My, and by G := E
that

_, wiT; + b we observe

Efuw|p oo [0 (w2 + D)) &y [0(G+Y)],

(16)

= EY~N(0,1—

since Y., .| w;w; is indeed distributed as A(0,1 — £).
We call the RHS the “n-Gaussian smoothing” of o and we
denote it by 3, (2) := By (01— %) [o(z 4+ Y)]. We will
compare it to the “ideal” Gaussian smoothing denoted by
E(2) =Eynnlo(z +Y)].

For polynomially bounded o, we can prove that X, has
some nice properties (see Lemma A.1), specifically it is
C*®° and polynomially bounded and it uniformly converges
to X as n — oo. These properties crucially allow to write
>, in terms of its Taylor expansion around 0, and bound
the coefficients of the series for large n. In fact, we show
that there exists a constant P > k, such that if we split the
Taylor series of ¥, at P as

P
Sn(G) =Y aynG” + Rpa(G),

v=0

a7

(where a, ,, are the Taylor coefficients and Rp,, is the re-
mainder in Lagrange form), and take the expectation over
|9 | <k as:

Ejo) <o [Mi(2)Xn(G)] (18)
P
= nBig ., ae, [Me(x)G"]  (19)
v=0
+Ejg ey aeh [RPn(G)] (20)
=: A+ B, (21)
then A is Q(n~"/2) (Proposition A.3), and B is

O(n=F/2=1/2) (Proposition A.4), uniformly for all val-
ues of sgn(f). For A we use the observation that
Ejg|opzep [Me(2)G"] = 0 for all v < k (Lemma A.5),
and the fact that |ap | > 0 for n large enough (due to hy-
pothesis b in Definition 2.4 and the continuity of X, in the
limit of n — oo, given by Lemma A.1). For B, we combine
the concentration of Gaussian moments and the polynomial
boundness of all derivatives of >.,,.

Taking the square of (21) and going back to (15), one can
immediately conclude that INAL(Mp, o) is indeed notice-
able.

4.1. Proof of Proposition 4.6

Let f = f, and let f be the Fourier coefficients of the
original function f, and let h be the coefficients of the aug-
mented function f. Recall that f : {£1}" — {£1} is such
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that f(z1, ...,xn,x7,,+1,_...,:z:N) = f(z1, ..., zp). Thus, the
Fourier coefficients of f are

W) = f(T) T < [n), 22
0 otherwise.

Let us proceed to bounding the cross-predictability. Below
we denote by 7 a random permutation of N elements:

CP(orb(f,),UN) (23)
~E, [E. [f(@)f(x(2))]’] 24
B 2
=E. [| Y A(D)h(=(T)) (25)
TC[N)
- 2
=E. [| Y ADAx(T))-1(x(T) C [n)
TC[n)
) (26)
C.S ~
< E, ( h(m(S))? 27)
SCln]
F(T)°1 (=(T) € [n]) (28)
TCln]
< F(T)? - Pr (x(T) C [n]). 29)
TC[n)
Now, for any k£ we have
CP(orb(f,),UN) (30)
< Y J(@)? Br(x(T) C [n]) 31)
T:|T|<k
+ > f(1)?Pr(n(T) C [n)) (32)
T:|T|>k
SWH(f)+ P (x(T) C ] | |IT|=k),  (33)

where the second term in (33) is further bounded by (recall
that N = nlte):

<2
>3
~—

P (w(T) € [n] | |T] = b) = (34
)k
()"

k
= ek% =cfnck. (36)

—~
3 =2
LI —

=

(35)

=z

Accordingly, for any k € Ny it holds that

CP(orb(f,),UN) < W<k(f) + eFn=<k | (37)

Now, if (f,,) is a high degree sequence of Boolean functions,
then W <F(f) is negligible for every k, and therefore the
cross-predictability in (34) is O(n~*) for every k, that is
the cross-predictability is negligible as we claimed.

On the other hand, if for some ¢ and every k it holds that
W=F(f,) = O(n*=¢), then we can choose kg := T and
apply (37) to get CP(orb(f,,),UN) = O(n~ 7+ °).

4.2. Proof of Theorem 3.3

Let o be an expressive activation and let (f,,) be a sequence
of Boolean functions with negligible INAL(f,,,0). By
Proposition 4.3, o is correlating, and by Corollary 4.5 (f,)
is high-degree. Therefore, by Proposition 4.6, the cross-
predictability CP(orb(f,),U") is negligible.

For the more precise statement, let (f,,) be a sequence
of Boolean functions with INAL(f,,,0) = O(n™°). By
Proposition 4.3, o is 1-strongly correlating. That means
that for every k we have INAL(Mj, o) = Q(n~(*+1),
By Corollary 4.5, for every k it holds W<F(f,) =
O(n**17¢). Finally, applying Proposition 4.6, we have
that CP(orb(f,,),UN) = O(n~ T (e~1)),

5. Experiments

In this section we present a few experiments to show how the
INAL can be estimated in practice. Our theoretical results
connect the performance of GD to the Fourier spectrum of
the target function. However, in applications we are usually
given a dataset with data points and labels, rather than an
explicit target function, and it may not be trivial to infer
the Fourier properties of the function associated to the data.
Conveniently, the INAL can be estimated with sufficient
datapoints and labels, and do not need an explicit target.

Experiments on Boolean functions. In our first
experiment, we consider three Boolean functions,
namely the majority-vote over the whole input
space (Maj,(z) := sgn(>_",2;)), a O-staircase
(So(x) := sgn(x1 + x1X2 + X1X2X3 + ... + X1X2X3...Xg)
and a 3-parity (Ms3(z) = H?:l x;), on an input space of
dimension 100. We take a 2-layer fully connected neural
network with ReLU activations and normalised Gaussian
iid initialization (according to the setting of our theoretical
results), and we train it with SGD with batch-size 1000
for 100 epochs, to learn each of the three functions. On
the other hand, we estimate the INAL between each
of the three targets and the neural network, through
Monte-Carlo. Our observations confirm our theoretical
claim, i.e. that low INAL is bad news. In fact, for the
3-parity and the 9-staircase, that have very low INAL
(~1/20 of the majority-vote case), GD does not achieve
good generalization accuracy after training (Figure 1).
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Figure 1: Comparison of INAL and generalization accuracy for three Boolean functions. On the left, we estimate the INAL between each
target function and a 2-layers ReLLU fully connected neural network with normalized gaussian initialization. On the right, we train the
network to learn each target function with SGD with batch 1000 for 100 epochs. We observe that low INAL is bad news.
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Figure 2: Comparison of INAL and generalization accuracy for binary classification in the CIFAR dataset. On the left, we estimate the
INAL between the neural network and the target function associated to each task. On the right we train a CNN with 1 VGG block with
SGD with batch size 64 for 100 epochs. We observe that a significant difference in the INAL corresponds to a significant difference in the

generalization accuracy achieved.

Experiments on real data. Given a dataset D =
(Tms Ym)me|m)» Where z,,, € R™, and y,,, € R, and given a
randomly initialized neural network NNgo with ©° drawn
from some distribution, we can estimate the initial align-
ment between the network and the target function associated
to the dataset as

2

M
1 v
max Ego i Tnz::l Y - NNé)g () . (3%)

vEVNN

where the outer expectation can be performed through
Monte-Carlo approximation.

We ran experiments on the CIFAR dataset. We split the
dataset into 3 different pairs of classes, corresponding to
3 different binary classification tasks (specifically cat/dog,

bird/deer, frog/truck). We take a CNN with 1 VGG block
and ReLU activation, and for each task, we train the net-
work with SGD with batch-size 64, and we estimate the
INAL according to (38). We notice that also in this setting
(not covered by our theoretical results), the INAL and the
generalization accuracy present some correlation, and a sig-
nificant difference in the INAL corresponds to a significant
difference in the accuracy achieved after training. This may
give some motivation to study the INAL beyond the fully
connected setting.

6. Conclusion and Future Work

There are several directions that can follow from this work.
The most relevant would be to extend the result beyond
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fully connected architectures. As mentioned before, we
suspect that our result can be generalized to all architec-
tures that contain a fully connected layer anywhere in the
network. Another direction would be to extend the present
work to other continuous distributions of intitial weights
(beyond gaussian). As a matter of fact, in the setting of
iid gaussian inputs (instead of Boolean inputs), our proof
technique extends to all weight initialization distributions
with zero mean and variance O(n~1). However, in the case
of Boolean inputs that we consider in this paper, this may
not be a trivial extension. Another extension on which we
do not touch here are non-uniform input distributions.
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A. Proof of Proposition 4.3

For an activation o : R — R, we denote its v-Gaussian smoothing as
Eu(t) == Eynr(o,0) [0 (Y +1)]. (39

We also write 3 := X for brevity. As mentioned, we will be working with functions that are polynomially bounded, ie.,
such that there exists a polynomial P with |o(x)| < P(z) holding for all z € R. We will use the fact that such polynomial
can be assumed wlog to be of the form |o(z)| < Cat + C for some C > 0 and ¢ € N> (since any polynomial can be
upper bounded by a polynomial of such form). Note that if o is a measurable, polynomially bounded function, then X, is
well defined for every v > 0.

We now state the intermediate step in the proof of Proposition 4.3:

Lemma A.1 (Conditions on X and 3.,)). If ¢ is a measurable, polynomially bounded function, then it satisfies the following
conditions:

i) ¥, € C®(R) foreveryv > 0;
ii) For every k € N>g and v > 0, Egk)(t) = %EU (t) is polynomially bounded. Furthermore, this bound is uniform,
that is, ng)(t)| < Ot* + C holds for every t € R and every 1/2 < v < 1, for some C, { that do not depend on v.

iii) For all k € Ny, it holds |S{*_(0) — %) (0)| = O(e).

Lemma A.1 is then used in the proof of

Lemma A.2. Let o be expressive (according to Definition 2.4). Then, for every k > 0 and P > k such that ©(F) (0) £ 0, it
holds that INAL(My, o) = Q(n=P).

In particular, from Lemma A.2 it follows that if o is expressive, then it is correlating. Furthermore, since by condition b) in
Definition 2.4 for every k we have £(%)(0) # 0 or X*+1)(0) # 0, by Lemma A.2 it holds INAL(M},, o) = Q(n~(F+1)
and o is 1-strongly correlating.

In the following subsections we prove Lemma A.1 and Lemma A.2.

A.l. Proof of Lemma A.1

In the following let ¢,, denote the density function of A(0,v), ie., ¢, (t) = \/lew exp (—%) Note the relation to the
standard Gaussian density ¢ = ¢ where ¢, (t) = ﬁcﬁ(t/ﬁ)

We recall some useful facts about the derivatives of ¢,. First, it is well known that for ¢ it holds ¢(*)(t) = Py (t)¢(t) for
some polynomial P}, of degree k. This formula extends to ¢, according to

k
o (t) = \%%aﬁ(t/ﬁ) = v RGO (1) o) = vTHETE (V) o(t/ Vo) (40)
= v 2Pt/ V0)gu (1) - @n

i) Let us write ¢, (t) = (¢u/2 * ¢y /2)(t) where * denotes the convolution in R, i.e. (g * h)(y) = [ 9(z)h(y — x)dz. Thus,

oy = 0%y = (0% dy2) * Guya. (42)

Now, o * ¢, /2 is in L1 (R), since o is measurable and polynomially bounded. Furthermore, ¢,, /5 is in L; (R) and C*°(RR).
Therefore, by formulas for derivatives of convolution, X, € C*°(R).

ii) Let us start with the claim that 278’“) is polynomially bounded for every v and k. For that, we recall some facts. First, it is
easy to establish by direct computation that if o is polynomially bounded, then 3, = o * ¢, is also polynomially bounded.
Furthermore, if P is any polynomial, then also o * (P¢, ) is polynomially bounded (this can be seen, eg., by observing that
for every P and every v' > v there exists C such that | P, | < C¢y).
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Accordingly, using (40) and (42) we have that

Z'E)k) = (U * ¢v/2) * 9251(}];)2 = (U * (bv/Q) * (Pk,v¢v/2) (43)

is polynomially bounded.

Let us move to the second claim with uniform bound. For that let k¥ > 0 and 1/2 < v < 1. Let v’ := v — 1/4 and note that
1/4 <o’ < 3/4. Then, we have the sequence of bounds on functions which hold pointwise:

23] = (05 d17a) 6| < C1 (1o 614l % | Pt/ VOl ) (44)
< C1 (Jo* ¢1ya] * (Co + Cala/v/0)*) ) (45)
< Cs (|0 ¢1ja] * (Cy + Caz®)g) (46)

which is now bounded by a polynomial which does not depend on v.

iii) Recall,

, e oF
SE0) = [ (Gugpx0)(0): ool + )] _do. @)
oo =
where we denoted by (bf}% the k-th derivative of ¢, /5. Firstly, note that
ok o (k)
ek Por2(T + t)‘t:O = W%m(w + t)’t:O = ¢y5(). (48)
Let us give a formula for the k-th derivative of the Gaussian density:
k N
O (@) = pu(@) - (=107 " Dy () : (49)
ZPu v
where D ;; is a constant that does not depend on v, specifically
1 F(HTI) I
Duii= By pyamicat 2% rg) <2> 0

where I'(.) denotes the Gamma function and B,, are the Bernoulli numbers. The exact values of the D; ;, will not be relevant
for this proof. Thus,

=00) = [ " (Guj2 * 0)(@) Payan ()0 o), 51)

— 00

k-1
where we denoted P, /5 () = (—1)v=2k . S Dy, (\%) . On the other hand,

= (0) = / (boy2 * ) (@) P1_yjo i ()10 2 () da, (52)
and

200 = 2P0 = | [ 6oz x o) (Popas@)b0ra@) = Pioayos@r-uyala) | (53)

— 00
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We note that

_ v\—2k v\ —
Py_yj21() :(1(0)2)% (5) " (—1)k (54)
k k-1 k-1 k-1
;m (Uﬂ) + Dy [(10/2> - (v/2> D (55)
_ v\—2k
:(1(”)2)% Pyja,(2) (56)

g () )

Recalling e = 1 — v, and expanding for such € we get

(1 + 12_66> - Pyop(x)+ (1 +¢) 2 (2__12): éDl’kxkl (1(1_;):;1 (1(142;),;1 (58)
_ ( 1t ofc )) Pyjop(@) (59)
(1 2kt o(e) o ZZ;DI — 'g—lef(o]ze))l()1e+’§:—)le ywnry (60)
— (1w ) Pujai(e) + O(PL(a), )
where Py (z) is a polynomial in = of degree < k. Moreover,
$1-vy2(w) = W — U/2 #(=52) (62)
= Gu/2(2) - (1 N 1+6>1/2_e$ S (63)
= ¢p/a() - (1—1++ ()> : <1+:c2(1+j§1_6)+o(e)x4) (64)
= 6u/2(0) - (14 (22 = 1O(E)) ©3)
Plugging these bounds in the previous expression, we get
[=09(0) - 5 (0)] (66)
| [ 01 @) (Popas@0nsa(a) = Prosya@lenya(o) (14 (0% - DO))| (67)
| [ s 0)@6020) - (Pupzsla) = Prosyaade) (14 2 = 1000) | (68)
[ G2 )@ Py s(@)na@) - (1~ (1 - 0(0) + (o ~ DO(E)) + O(Pu())| (69)
o(e)oo O (70)
A.2. Proof of Lemma A.2

Note that we only need to show that INAL(My, o) = Q(n~F) for the first index P such that P > k and ©(*)(0) # 0. By
Definition 2.4, we only need with two cases P = k and P = k + 1. From now on, let us consider a fixed pair of £ and P.
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We denote by = € {£1}™ the vector of all inputs, by w € R™ the vector of all weights and by b € R the bias. Additionally, we
denote 7; := sgn(w;), and by 7 € {£1}" the vector of all weight signs. Recall that we consider w;, b “ N(0, 1) and that
for g, h : {£1}™ — {£1} and U™ being the uniform distribution over the hypercube, we denote (g, h) = E .y [g(x)h(x)].

We have

INAL(My, 0) = Eyp [(My, 0)?] (71)
= Ejuw|,7, bl sn(5) [(Mk,0)?] (72)

<c.>s.> 5 5
= 7,5gn(b) |:E|w|,\b| [<Mk70> | 7, E’gn(b)] ] ) (73)

where (73) follows by Cauchy-Schwartz inequality. We will prove a lower bound on the inner expectation (E\w\ylb\ (M, a)) ?
which is independent of 7 and sgn(b). Accordingly, from now on consider 7 and sgn(b) to be fixed at arbitrary values.

Let T := {1,...,k} and denote by 2 the coordinates of x contained in T, and by x.1 := xpc the coordinates of x that
are not contained in 7" and hence do not appear in the monomial M. Similarly, we denote by |w|r, |w|r the coordinates
of |w| that appear (respectively do not appear) in set 7". We proceed,

E ) o) (M1, 0) = Eg jw)p | Mr(z) -0 | > wi; +b (74)
i€[n]
= E|w\T,:cT,|b\ MT(ZL‘) . Elw\NT,xNTU Z w;x; + b (75)
i€[n]

Observe that 3, wiz; ~ N(0, n=k) and denote ¥,(z) = ¥,_x(z) = By n(0,2=5)[0(2 + Y)]. Moreover, let
G =), crwiz; +b. Then,

Ejwl (b (M1, 0) = Ejy)p b 2r [MT(2)E0 (G)] .- (76)

Since, by condition i) in Lemma A.1, function %,, is C* and therefore C'*’, we apply Taylor’s theorem with Lagrange
remainder and write

P
Sn(2) =Y ayn?” + Rpa(2), (77)
v=0
where a,, , = ZS:!(O) and
E(P+1) ;
Rpn(2) = (nP’JrS!)ZPH for some |£,| < |z|. (78)
Plugging this in (76), we get
P
Ejul o (M7, 0) = Y avnEpuir jol,eor [Mr(2)G"] + Ejuly jol.or [Mr(2)Rpa (G) ] (79)
v=0

The following two propositions give the asymptotic characterization of the first and second term in (79).

Proposition A.3.

P
Zal’ynElwlT,‘bLfrT [MT(QT)GV} — C(P)(_1)0/(TT,sgn(b))n—P/2 + O(n—P/Q—l/Q) ) (80)
v=0

where C(P) # 0 and C'(rr,sgn(b)) € Z are constants that do not depend on n.
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Proposition A .4.

E |z ol.ar [Mr(2)Rppn (G) ] = O(n=F/271/2), (81)

Before proving Propositions A.3 and A.4, let us see how Lemma A.2 follows from them. But this is clear: substituting
into (79), we have

2 _ _p— _
(Ejup ol (M7, )" = C(P)*n~" + O(n™ P72 = 0(n™") , (82)
where the claimed bound does not depend on 7 nor on sgn(b).

A.2.1. PROOF OF PROPOSITION A.3

The main step for proving Proposition A.3 is the computation of (M, G¥), for v < P. This is summarized in the following
formula.
Lemma A.5. We have:

0 ifv <k

E o (o].00 M (2)GY = , (83)
|w]T,[bl .z C(V)(—l)c (r7,5gn(b)) gy —v/2 ifv>Fk,

where C(v) > 0.

= (0 )
Let us first see how to finish the proof once Lemma A.5 is established. Recall that a,, ,, = %"() and let a,, 1= = V,(O) .

We are considering a sum with P + 1 terms, so let s, := al,,nIE‘w|T7|b‘,wT [MT(:L')G”]. Accofdingly, our objective is to
show that

P
Zsu _ C(P)(_1)0'(7T7sgn(b))n7P/2 + O(an/Qfl/Q) ) (84)
v=0

We do that by considering the terms s, one by one. For v < k, from (83) we immediately have s, = 0.

For k < v < P, by Definition 2.4 recall that the only possible case is P = k + 1 and £(*) (0) = 0. Then, applying condition
iii) from Lemma A.1,

2/ (0) = 2@(0)

=0(n 1), (85)

|av.n| = v!

which together with (83) gives |s,| = O(n=F/2-1/2),

Finally, for v = P, by assumption we have ap # 0. Then, by condition iii), we have |ap,, — ap| = O(1/n) and (83) gives
us the correct form for sp and the whole expression.

All that is left is the proof of Lemma A.5.

Proof of Lemma A.5. The proof proceeds by using the linearity of expectation and independence and expanding the formula
for G”. Recall that we assumed wlog that T = {1,...,k} and let z; := w;x,; fori < k and 241 := b:

k k v
Ejulr ol or MT(2)G” = Ejwiz. bl,0r <H x) (Z wii b) (86)
i=1 i=1
k
- Z E\wIT,|b\,mT <H$Z> <H zi> . (87)
i=1

I=(i1,... i) E[k+1]¥ i€l
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Let us focus on a single term of the sum in (87) for I = (i1,...,4,) € [k + 1. Forj=1,...,k+ 1, 1let o = o;(I) :=
[{m : i, = j}|. Accordingly, we can rewrite a term from (87) as

k
Ejw|r, 1], 27 (H $z> <H Zi) (88)
i=1 el
k
= ElwIT,\blﬂcT (H w?ix?ﬂrl) pk+1 (89)

=1
k k

= (H Tiai> sgn(b) ¥+t (H Ewy, [ w
=1 1=1

Since E[z a'“} = 0if al is even, for a term in (90) to be non-zero it is necessary that «; is odd for every 1 < ¢ < k.

E., [z?i“]) Ejp [[b**+] (90)

Consequently, since Zz 1 @; = v, in any non-zero term the parity of x4 is equal to the parity of v — k. Therefore, every
non-zero term is of the form

k k

E\w|T,\b|,zT (H:L‘Z> (H%) (Hﬂ) Sgn( p)Llv—kodd] (HE|w wl >E|b [|b|ak+1] 91)
i=1 el i=1

_ (~1)C e ) (HEW )@HW%“L ©2)

‘We now establish the first case from (83). If v < k, then since v = Zkﬂl «; at least one of a;, 1 < 7 < k must be zero, and

therefore even. Consequently, each term in (87) is zero and it follows that Ey| . b],zr My (z)GY = 0.

On the other hand, for v > k, there exists a non-zero term, for example taking oy = = = 1land ag41 = v — k. Take
any such term arising from I € [k + 1]". Since w;, b ~ N(0,1/n), we have E|,,|, [\w1|3] By [10)7] = C; - n~7/2 for some

C; > 0 for every fixed j. Substituting in (92) and using v = Zfﬂ «;, we get

k
E|w|T,\b|,1:T <H J]z> (H zl> = C (71,8 gn(b))C n-v/2 (93)
i=1 icl

for some C; > 0. Therefore, C(v)(—1)C" (7r:s8n(8) =7/ with C(v) > 0 follows since it is a sum of at most (k + 1)
positive terms. O

A.2.2. PROOF OF PROPOSITION A .4

Let D be a positive constant. We apply the decomposition
E‘w|T7|b‘7ﬂfT [MT(I')RP,TL(G)} < E|'w\T,\b|,:cT |:|RP,n(G)| . ]l(|G| < D):| 94)
+ Euiy, pl.er || Ren(G)] - 1G] > D)] (95)

The proposition follows from Lemmas A.6 and A.7 applied to an arbitrary value of D, eg., D = 1.
Lemma A.6. Forany D > 0,

B uirer | Brn(@)]- 106G < D)] = 0 (n= ). %6)

Proof. Let us observe that for a fixed b, G ~ N (b, %), thus

Ejwir ar [[Rea(G)L(G] < D)) = E, np,2) [[Ren(y)I1(jyl < D)) ©7)
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(P+1)
Recall that Rp, (x) = w:ﬁjﬂ for some |{;| < |z|. Thus,

=0 ()

n

P+1
Pri)  uvesllT ©8

Eyono) [Rea@)[1(1y] < D)) < sup
ly|<D

On the one hand, assuming that n > 2k, we have 3,, = ,, for some 1/2 < v < 1, and thus using the common polynomial
bound in property ii) sup|,<p |E$LP+1) (y)| < Mp, where the constant Mp does not depend on n. On the other hand,

_Pt1
Eyonv syl =0T By |Va gy (99)
<n 2P (b P 4 B o |27 (100)
2k) " D(2F2
— 3 . oPHL. <|\/ﬁb|P+1_’_( ) 2\/%( 2) , (101)

where in the last equation we plugged the (P+1)-th central moment of the Gaussian distribution (see, eg., (Winkelbauer,
2012)). Since |y/nb| is also distributed like an absolute value of N'(0, 1), taking the expectation over |b|, we get that for
fixed P, k,

_ P41
Ejw|z,|b],27 URP,n(G)! (|Gl < D)} =0 (n 2 ) : (102)
O
Lemma A.7. For any constant D > 0, there exist Cy, Co > 0 such that

Ejwir ol,or [|RP,n(G)! -1(|G| > D)] < Cyexp(—Can). (103)

Proof. By Cauchy-Schwartz inequality,

(€.5)
E|w\T,|b\,zT [|RP,n(G)|]l(|G| > D)} < E|w\T,|b\,gcT [RP,n(G)2]1/2 . Pr\w|T,|b\,a:T[|G‘ > D]1/2 . (104)

For the first term, we use the universal polynomial bound from property ii):

B 2

(P+1)
2 suppy<ic) Zn (W) L pia
Ejulr plor [BPn(G)]) = Eulr jb)ar ( S (10
[ Sup| |<\G\ C’y2z+C’ 2
<E Y= G|F+! 106
< Ejwlr,b],2r ( P11 |G| (106)
el EYe; g
=F ——|G|P*t =0,(1 107
w7, 6],z 7 < P G| n(1), (107)
using a similar reasoning as in Lemma A.6.
On the other hand, writing G = G’ + |b|, we have
Priy|p jbl,ar (|Gl > D] < Pryy[[b] > D/2] + Prjy| 20 [|G'| > D/2] (108)
< 2Pryn0,1/mllyl > D/2] < 4exp(—Dn/8) . (109)

We get desired bound putting together (105) and (109). O
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B. Expressivity of Common Activation Functions

In this section we show that ReLU and sign are expressive. It is clear that both of these functions are polynomially bounded,
so we only need to analyze their Hermite expansions for condition b) in Definition 2.4. In both cases we do it by writing a
closed form for $(*)(0).

Proposition B.1. ReLU(z) := max{0, z} is expressive.

Proof. We will see that in the case 0 = ReLU we have X(z) = £ + Z erf(z) + ﬁ exp(—2?). Indeed,

(o) o0
e = [ 1e+rz 0G0 dy= [ (4ol dy = 20() + o(2) (10)
— 0o —z
f 2
23+M+¢(2)_ (111)
2 2
Using well-known Taylor expansions of erf and ¢, this results in
% ifk=1,
k _1)k/2+1 . .
2™ (0) = \/ﬂz(k/zgkfl)(k/m! if k is even, (112)
0 otherwise.
In particular, $(¥)(0) # 0 for every even k and ReLU is expressive. O
Proposition B.2. The sign function sgn(x) is expressive.
Proof. In this case, similarly, we have
Y(z)=— o(z)dz + P(z)dz = 20(2) — 1 = erf(z/V2) , (113)
which can be seen to have the expansion
2 (—1)k-D/2 . .
500y = { V7 (RIS 0dd: (114)
0 otherwise.
Again, the sign function is expressive since (%) = 0 for every odd k. O
C. Proof of Proposition 4.4
Using the definition of INAL and the Fourier expansion of f, we get
INAL(f,0) = Euws [(f,0)?] (115)
r 2
=Eus | | Y A(T)(Mr,0) (116)
Ten]
=Eup | Y F(T)*(Mr,0)” + Y f(S)f(T)(Mr,0)(Ms,0) | . (117)
| T S£T

We show that the second term of (117) is zero. Let S,T be two distinct sets. Without loss of generality, assume that
|S| > |T|, and let ¢ be such that i € S buti ¢ T (such i must exist since S # T). Fix w and b and decompose w into
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Wei, Wi, sgn(w;) where w..; denotes the vector of weights, excluding coordinate i. By applying the change of variable
sgn(w; )z; — y; and noticing that x; has the same distribution of y;, we then get

(Mg, 0) = Eo[Mg(z) - o(; sgn(w;)|wi| + > ajw; + b)] (118)
JFi
= sgn(w;) - Ba, g, [Ms_, () - yi - o (yilwil + Y xjw; +b)] (119)
J#i
:=sgn(w;) - Fg, (120)

where Fg does not depend on sgn(w;). On the other hand,

(Mr,0) = E[Mr(x) - o(z; sgn(w;)|w;| + ijwj +b)] (121)
i
=Eo_, .y [Mr(2) - o(yilwil + > zjw; +b)], (122)
i

which means that (M, o) does not depend on sgn(w;). Thus, we get

Ewp [(Mp,0)(Mg,0)] = Eyp [sgn(w;) - (Mp,0) - Eg] = 0. (123)
Hence,
INAL(f, 0) Z [(Mr,0)?] (124)
T
=Y A(1)*INAL(Mz, o). (125)
T

D. Proof of Corollary 4.5
Indeed, by Proposition 4.4 for any f : {+1}"™ — R and k it holds

INAL(f, o Zf 22 INAL (M7, o) > W*(f) INAL(M,, o) . (126)

Accordingly, if INAL(My, o) = Q(n~*°), we have

W¥(f,) < INAL(f,,0) - O(n*0) (127)
and then, under our assumptions, also

W=F(f,) < INAL(f,,0) - O(n*?) . (128)

For the “in particular” statement, let ( f,,) be a function family with negligible INAL( f,,, o) for a correlating o. Let k € N.
Since o is correlating, the assumption INAL(Mj, o) = Q(n~*) for k' = 0, ..., k holds. Therefore, (128) also holds and
W=F(f) is negligible. Since k was arbitrary, the function family (f,,) is high-degree.

E. Details and Proof of Corollary 3.4

Corollary 3.4 states a hardness results for learning on fully connected neural networks with iid initialization. This is a more
specific definition than the one we gave for a neural network in Section 2. Let us state it precisely, following the treatment
in (Abbe & Sandon, 2020b).

Definition E.1. For the purposes of Corollary 3.4, a neural network on n inputs consists of a differentiable activation
function o : R — R, a threshold function f : R — {41} and a weighted, directed graph with a vertex set labeled with
{1,21,...,Tpn, V1, .., Um, Uous }- The vertices labeled with z1, . ..,z are called the input vertices, the vertex labeled with
1 is the constant vertex and v,y i the output vertex.
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We assume that the graph does not contain loops, the constant and input vertices do not have any incoming edges, the output
vertex does not have outgoing edges and for the remaining vertices there are no edges (v;, v;) for i > j. Each vertex (a
neuron) has an associated function (the output of the neuron) from R" to R which is defined recursively as follows: The
output of the constant vertex is y; = 1 and the output of the input vertex is (abusing notation) y,,, = ;. The output of any
other vertex v; is given by y,, = o (>, (0,00)EE(G) Wy v, Yo ). Finally, the output of the whole network is given by f(ys,.,)-

We say that the neural network is fully connected if every vertex that has an incoming edge from an input vertex has incoming
edges from all input vertices.

Note that our definition of “fully connected network™ covers any feed-forward architecture that consists of a number of fully
connected hidden layers stacked on top of each other.

Let us restate Theorem 3 from (Abbe & Sandon, 2020b) with the bound® from their Corrolary 1 applied to the junk flow
term JEp:

Theorem E.2 ((Abbe & Sandon, 2020b)). Let Pr be a distribution on Boolean functions [ : {£1}"™ — {x1}. Consider
any neural network as defined in Definition E.1 with E edges. Assume that a function f is chosen from Pr and then T steps
of noisy GD with learning rate vy, overflow range A and noise level T are run on the initial network using function f and
uniform input distribution U".

Then, in expectation over the initial choice of f, the training noise, and a fresh sample x ~ U™, the trained neural network

NN(T) satisfies

Pr [NNT(2) = f(2)] < = + ——— - CP(Pr,u™)"/*. (129)

Finally, we need to discuss the fact that Corollary 3.4 applies for any fully connected neural network with iid initialization.
What we mean by this is that the initial neural network has a fixed activation o, threshold function f and graph (vertices and
edges), but the weights on edges are not fixed. Instead, they are chosen randomly iid from any fixed probability distribution.
More precisely, we can make a weaker assumption that the weights on all edges that are outgoing from the input vertices are
chosen® iid from a fixed distribution and all the other weights have arbitrary fixed values.

We can now proceed to prove Corollary 3.4.

E.1. Proof of Corollary 3.4

Let randomly initialized, fully connected neural network NN be trained in the following way. First, a function f,, o 7 is
chosen uniformly at random from the orbit of f,,. Then, a noisy GD algorithm is run with the parameters stated: T steps,
learning rate -y, overflow range A and noise level 7. Finally, a fresh sample 2z ~ U” is presented to the trained neural
network. Then, Theorem E.2 says that

Pr [NND(2) = (fu o7)(2)] < 5 + -——— - CP(orb(f),u™)"/*. (130)

Since we can apply Theorem E.2 to the class of all orbits of — fn» which has the same cross-predictability, the same upper
bound also holds for Pr[NNT)(z) # (f,, o )(x)]. Consequently, we have the expectation bound

cDIVEA
T

’E(NNm,ﬁo 77>’ (orb(F), UN) /4 | (131)

Recall that the neural network is fully connected and the weights on the edges outgoing from the input vertices are iid. The
expectation in (131) is an average of conditional expectations for different initial choices of permutation 7. Consider the
action induced by 7 on the weights outgoing from the input vertices. By properties of GD, it follows that each conditional
expectation over 7 contributes equally to the left-hand side of (131). It follows that the same bound holds also for the single

SSince we are discussing GD, we are applying their bound with infinite sample size m = oo.
Even more precisely, we can assume only that the distribution of these weights is symmetric under permutations of input vertices
Llye-+3Ln.
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function f,,:

Exner <NN(T) )| <

@ CP(orb(f,),UN)/* . (132)

Accordingly, if INAL(f,,, o) is negligible, then, by Theorem 3.3, CP(orb(f,), ") is negligible and the right-hand side
of (132) remains negligible for any polynomial bounds on ~, T', E/, A and 7, as claimed.

For the more precise statement, if INAL(f,,,0) = O(n~°), then again by Theorem 3.3 it holds CP(orb(f,,),U") =
O(n~ =1 and we get the bound of O (@ -p” A (C_l)) on the right-hand side of (132). O



