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This article studies the Gram random matrix model G = %ZTE,
Y = o(W X), classically found in the analysis of random feature maps
and random neural networks, where X = [z1,...,27] € RP*T is a
(data) matrix of bounded norm, W € R"*? is a matrix of indepen-
dent zero-mean unit variance entries, and ¢ : R — R is a Lipschitz
continuous (activation) function — o (W X) being understood entry-
wise. By means of a key concentration of measure lemma arising
from non-asymptotic random matrix arguments, we prove that, as
n,p, T grow large at the same rate, the resolvent Q = (G + 'yIT)_l,
for v > 0, has a similar behavior as that met in sample covariance
matrix models, involving notably the moment ® = ZE[G], which pro-
vides in passing a deterministic equivalent for the empirical spectral
measure of G. Application-wise, this result enables the estimation of
the asymptotic performance of single-layer random neural networks.
This in turn provides practical insights into the underlying mecha-
nisms into play in random neural networks, entailing several unex-
pected consequences, as well as a fast practical means to tune the
network hyperparameters.

1. Introduction. Artificial neural networks, developed in the late fifties
(Rosenblatt, 1958) in an attempt to develop machines capable of brain-like
behaviors, know today an unprecedented research interest, notably in its
applications to computer vision and machine learning at large (Krizhevsky,
Sutskever and Hinton, 2012; Schmidhuber, 2015) where superhuman perfor-
mances on specific tasks are now commonly achieved. Recent progress in neu-
ral network performances however find their source in the processing power
of modern computers as well as in the availability of large datasets rather
than in the development of new mathematics. In fact, for lack of appropriate
tools to understand the theoretical behavior of the non-linear activations and
deterministic data dependence underlying these networks, the discrepancy
between mathematical and practical (heuristic) studies of neural networks
has kept widening. A first salient problem in harnessing neural networks

*Couillet’s work is supported by the ANR Project RMT4GRAPH (ANR-14-CE28-
0006).

MSC 2010 subject classifications: Primary 60B20; secondary 62M45

Keywords and phrases: random matrix theory, random feature maps, neural networks

1


http://www.imstat.org/aap/

2 C. LOUART ET AL.

lies in their being completely designed upon a deterministic training dataset
X = [x1,...,27] € RPXT 50 that their resulting performances intricately
depend first and foremost on X. Recent works have nonetheless established
that, when smartly designed, mere randomly connected neural networks can
achieve performances close to those reached by entirely data-driven network
designs (Rahimi and Recht, 2007; Saxe et al., 2011). As a matter of fact,
to handle gigantic databases, the computationally expensive learning phase
(the so-called backpropagation of the error method) typical of deep neural
network structures becomes impractical, while it was recently shown that
smartly designed single-layer random networks (as studied presently) can al-
ready reach superhuman capabilities (Cambria et al., 2015) and beat expert
knowledge in specific fields (Jaeger and Haas, 2004). These various findings
have opened the road to the study of neural networks by means of statis-
tical and probabilistic tools (Choromanska et al., 2015; Giryes, Sapiro and
Bronstein, 2015). The second problem relates to the non-linear activation
functions present at each neuron, which have long been known (as opposed
to linear activations) to help design universal approximators for any input-
output target map (Hornik, Stinchcombe and White, 1989).

In this work, we propose an original random matrix-based approach to
understand the end-to-end regression performance of single-layer random
artificial neural networks, sometimes referred to as extreme learning ma-
chines (Huang, Zhu and Siew, 2006; Huang et al., 2012), when the number
T and size p of the input dataset are large and scale proportionally with
the number n of neurons in the network. These networks can also be seen,
from a more immediate statistical viewpoint, as a mere linear ridge-regressor
relating a random feature map o(WX) € R™7T of explanatory variables
X = [z1,...,27] € RP*T and target variables y = [y1,...,yr] € R¥*T, for
W € R"*P a randomly designed matrix and o(-) a non-linear R — R func-
tion (applied component-wise). Our approach has several interesting features
both for theoretical and practical considerations. It is first one of the few
known attempts to move the random matrix realm away from matrices with
independent or linearly dependent entries. Notable exceptions are the line
of works surrounding kernel random matrices (El Karoui, 2010; Couillet and
Benaych-Georges, 2016) as well as large dimensional robust statistics models
(Couillet, Pascal and Silverstein, 2015; El Karoui, 2013; Zhang, Cheng and
Singer, 2014). Here, to alleviate the non-linear difficulty, we exploit concen-
tration of measure arguments (Ledoux, 2005) for non-asymptotic random
matrices, thereby pushing further the original ideas of (El Karoui, 2009;
Vershynin, 2012) established for simpler random matrix models. While we
believe that more powerful, albeit more computational intensive, tools (such
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as an appropriate adaptation of the Gaussian tools advocated in (Pastur
and Serbina, 2011)) cannot be avoided to handle advanced considerations
in neural networks, we demonstrate here that the concentration of measure
phenomenon allows one to fully characterize the main quantities at the heart
of the single-layer regression problem at hand.

In terms of practical applications, our findings shed light on the already
incompletely understood extreme learning machines which have proved ex-
tremely efficient in handling machine learning problems involving large to
huge datasets (Huang et al., 2012; Cambria et al., 2015) at a computationally
affordable cost. But our objective is also to pave to path to the understand-
ing of more involved neural network structures, featuring notably multiple
layers and some steps of learning by means of backpropagation of the error.

Our main contribution is twofold. From a theoretical perspective, we first
obtain a key lemma, Lemma 1, on the concentration of quadratic forms of
the type o(w' X)Ao (X Tw) where w = ¢(), @ ~ N(0,I,), with p: R — R
and o : R — R Lipschitz functions, and X € RP*T A € R™*" are deter-
ministic matrices. This non-asymptotic result (valid for all n,p,T) is then
exploited under a simultaneous growth regime for n,p, T and boundedness
conditions on || X|| and ||A|| to obtain, in Theorem 1, a deterministic ap-
proximation @ of the resolvent E[Q], where Q = (%ZTZ +Ir)7 4 >0,
Y = o(WX), for some W = (W), W € R"*P having independent N(0, 1)
entries. As the resolvent of a matrix (or operator) is an important proxy
for the characterization of its spectrum (see e.g., (Pastur and gerbina, 2011;
Akhiezer and Glazman, 1993)), this result therefore allows for the character-
ization of the asymptotic spectral properties of %ETE, such as its limiting
spectral measure in Theorem 2.

Application-wise, the theoretical findings are an important preliminary
step for the understanding and improvement of various statistical meth-
ods based on random features in the large dimensional regime. Specifically,
here, we consider the question of linear ridge-regression from random feature
maps, which coincides with the aforementioned single hidden-layer random
neural network known as extreme learning machine. We show that, under
mild conditions, both the training Fi.im and testing Fiest mean-square er-
rors, respectively corresponding to the regression errors on known input-
output pairs (z1,v1), ..., (z7,yr) (with z; € RP, 3 € RY) and unknown
pairings (£1,91), ..., (Z4,J;), almost surely converge to deterministic limit-
ing values as n,p,T grow large at the same rate (while d is kept constant)
for every fixed ridge-regression parameter v > 0. Simulations on real image
datasets are provided that corroborate our results.
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These findings provide new insights into the roles played by the acti-
vation function o(-) and the random distribution of the entries of W in
random feature maps as well as by the ridge-regression parameter v in the
neural network performance. We notably exhibit and prove some peculiar
behaviors, such as the impossibility for the network to carry out elementary
Gaussian mixture classification tasks, when either the activation function or
the random weights distribution are ill chosen.

Besides, for the practitioner, the theoretical formulas retrieved in this
work allow for a fast offline tuning of the aforementioned hyperparameters
of the neural network, notably when T is not too large compared to p.
The graphical results provided in the course of the article were particularly
obtained within a 100- to 500-fold gain in computation time between theory
and simulations.

The remainder of the article is structured as follows: in Section 2, we
introduce the mathematical model of the system under investigation. Our
main results are then described and discussed in Section 3, the proofs of
which are deferred to Section 5. Section 4 discusses our main findings. The
article closes on concluding remarks on envisioned extensions of the present
work in Section 6. The appendix provides some intermediary lemmas of
constant use throughout the proof section.

Reproducibility: Python 3 codes used to produce the results of Section 4
are available at https://github.com/Zhenyu-LIAO/RMT4ELM

Notations: The norm || - || is understood as the Euclidean norm for vectors
and the operator norm for matrices, while the norm || - ||z is the Frobe-
nius norm for matrices. All vectors in the article are understood as column
vectors.

2. System Model. We consider a ridge-regression task on random fea-
ture maps defined as follows. Each input data x € RP is multiplied by a ma-
trix W € R™*P; a non-linear function o : R — R is then applied entry-wise
to the vector Wz, thereby providing a set of n random features o(Wz) € R"
for each datum z € RP. The output z € R? of the linear regression is the
inner product z = 8To(Wz) for some matrix 8 € R"*9 to be designed.

From a neural network viewpoint, the n neurons of the network are the
virtual units operating the mapping Wiz — o(W;.x) (W;. being the i-th
row of W), for 1 < ¢ < n. The neural network then operates in two phases:
a training phase where the regression matrix § is learned based on a known
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input-output dataset pair (X,Y’) and a testing phase where, for 8 now fixed,
the network operates on a new input dataset X with corresponding unknown
output Y.

During the training phase, based on a set of known input X = [z1,..., 27| €
RP*T and output Y = [y1,...,yr] € R¥*T datasets, the matrix 3 is chosen
so as to minimize the mean square error 7 Zszl 2i — yill? + 7]|8]|%, where
2 = BTo(Wx;) and v > 0 is some regularization factor. Solving for /3, this
leads to the explicit ridge-regressor

1.(1 !

where we defined ¥ = (W X). This follows from differentiating the mean
square error along 3 to obtain 0 = 3 + & ST o(Wa)(BTo(Wa) —ui)7,
so that (£XXT +~1,,)8 = £3Y T which, along with (£EXT +~1,,) 718 =
Z(%ETE + vI7)~1, gives the result.

In the remainder, we will also denote

1 -1
Q= <T2Tz + VIT)

the resolvent of %ETZ. The matrix @ naturally appears as a key quantity in
the performance analysis of the neural network. Notably, the mean-square
error Fl.in on the training dataset X is given by

2 2
(1> Etrain = HYT - ETBHF = 7? tr YTYQz.

1
T
Under the growth rate assumptions on n,p, T taken below, it shall appear
that the random variable Fi;.i, concentrates around its mean, letting then
appear E[Q?] as a central object in the asymptotic evaluation of Eiyain.

The testing phase of the neural network is more interesting in practice
as it unveils the actual performance of neural networks. For a test dataset
X e R*T of length T, with unknown output Y € R¥™>T | the test mean-
square error is defined by

11 - . 2
B = 7 [T =275,

where 3 = ¢(WX) and # is the same as used in (1) (and thus only depends
on (X,Y) and 7). One of the key questions in the analysis of such an ele-
mentary neural network lies in the determination of v which minimizes Fiegt
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(and is thus said to have good generalization performance). Notably, small
~ values are known to reduce Fiain but to induce the popular overfitting is-
sue which generally increases Fiest, while large v values engender both large
values for Fipam and Fieg.

From a mathematical standpoint though, the study of FEies brings for-
ward some technical difficulties that do not allow for as a simple treatment
through the present concentration of measure methodology as the study of
FElrain- Nonetheless, the analysis of Fian allows at least for heuristic ap-
proaches to become available, which we shall exploit to propose an asymp-
totic deterministic approximation for Fiegt.

From a technical standpoint, we shall make the following set of assump-
tions on the mapping = — o(Wx).

ASSUMPTION 1 (Subgaussian W).  The matriz W is defined by
W = (W)

(understood entry-wise), where W has independent and identically distributed
N(0,1) entries and ¢(-) is Ap-Lipschitz.

For a = ¢(b) € R, £ > 1, with b ~ N (0, I;), we shall subsequently denote
a~N,(0,1Ip).

Under the notations of Assumptlon 1, we have in particular W;; ~ N(0, 1)
if o(t) =t and Wij ~ U(-1,1) (the uniform distribution on [—1,1]) if

o(t)=—-14+2— foo —a? dx (¢ is here a \/2/7—Lipschitz map).

We further need the following regularity condition on the function o.

AssuMPTION 2 (Function o). The function o is Lipschitz continuous
with parameter \s.

This assumption holds for many of the activation functions traditionally
considered in neural networks, such as sigmoid functions, the rectified linear
unit o(t) = max(t,0), or the absolute value operator.

When considering the interesting case of simultaneously large data and
random features (or neurons), we shall then make the following growth rate
assumptions.
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AssuMPTION 3 (Growth Rate). Asn — oo,

0 < liminf min{p/n, T/n} < limsupmax{p/n,T/n} < oo
n n

while v, Aoy, Ap > 0 and d are kept constant. In addition,
limsup || X|| < o0
n

lim sup max |Yj;| < oo.
n v

3. Main Results.

3.1. Main technical results and training performance. As a standard pre-
liminary step in the asymptotic random matrix analysis of the expectation
E[Q] of the resolvent Q = (%ETE + 4I7)~!, a convergence of quadratic
forms based on the row vectors of ¥ is necessary (see e.g., (Marcenko and
Pastur, 1967; Silverstein and Bai, 1995)). Such results are usually obtained
by exploiting the independence (or linear dependence) in the vector entries.
This not being the case here, as the entries of the vector o(X Tw) are in gen-
eral not independent, we resort to a concentration of measure approach, as
advocated in (El Karoui, 2009). The following lemma, stated here in a non-
asymptotic random matrix regime (that is, without necessarily resorting to
Assumption 3), and thus of independent interest, provides this concentration
result. For this lemma, we need first to define the following key matrix

2) ®=FE a(wTX)Ta(wTX)]
of size T x T', where w ~ Ny, (0, I).

LEMMA 1 (Concentration of quadratic forms). Let Assumptions 1-2
hold. Let also A € R™T such that |A| < 1 and, for X € RP*T and
w ~ N,(0,1,), define the random vector o = o(w' X)T € RT. Then,

cT . t2
P <';10'TAO' — %tr CI)A’ > t> < Ce IXIP353 mm(%’t)

fortog = |o(0)]| + )\p)\aHXH\/% and C, ¢ > 0 independent of all other param-
eters. In particular, under the additional Assumption 3,

(

for some C,c > 0.

1 1 )
TO'TAO' —7 tr (IJA‘ > t) < Ce™ ™ min(t,¢%)
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Note that this lemma partially extends concentration of measure results
involving quadratic forms, see e.g., (Rudelson et al., 2013, Theorem 1.1), to
non-linear vectors.

With this result in place, the standard resolvent approaches of random
matrix theory apply, providing our main theoretical finding as follows.

THEOREM 1 (Asymptotic equivalent for E[Q]). Let Assumptions 1-3

hold and define Q as
= n ¢ -1
= =— 1
@ <T 11617 T>
where § is implicitly defined as the unique positive solution to § = % tr ®Q.
Then, for all € > 0, there exists ¢ > 0 such that

[E[Q) - @] < en™3*<.

As a corollary of Theorem 1 along with a concentration argument on
% tr @, we have the following result on the spectral measure of %ETE, which
may be seen as a non-linear extension of (Silverstein and Bai, 1995) for which
o(t) =t.

THEOREM 2 (Limiting spectral measure of %ETE). Let Assumptions 1—-
8 hold and, for 1, ..., Ar the eigenvalues of %ETE, define p, = % ZiT:1 0y, -
Then, for every bounded continuous function f, with probability one

/fd,u,n - /fdun 0.

where [in, is the measure defined through its Stieltjes transform my, (z) =
[(t —2)"Ydjin(t) given, for z € {w € C, J[w] > 0}, by

1 n ¢ -t
mﬁﬂ(z) = T tr <TH—(52 — ZIT)

with §, the unique solution in {w € C, I[w] > 0} of

Note that fi, has a well-known form, already met in early random ma-
trix works (e.g., (Silverstein and Bai, 1995)) on sample covariance matrix
models. Notably, [, is also the deterministic equivalent of the empirical
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spectral measure of %PTWTWP for any deterministic matrix P € RP*T
such that PTP = ®. As such, to some extent, the results above provide a
consistent asymptotic linearization of %ETE. From standard spiked model
arguments (see e.g., (Benaych-Georges and Nadakuditi, 2012)), the result
|IE[Q] — Q|| — 0 further suggests that also the eigenvectors associated to iso-
lated eigenvalues of XT3 (if any) behave similarly to those of =PTW W P,
a remark that has fundamental importance in the neural network perfor-
mance understanding.

However, as shall be shown in Section 3.3, and contrary to empirical
covariance matrix models of the type PTWTW P, & explicitly depends on
the distribution of Wj; (that is, beyond its first two moments). Thus, the
aforementioned linearization of %ETE, and subsequently the deterministic
equivalent for u,, are not universal with respect to the distribution of zero-
mean unit variance W;;. This is in striking contrast to the many linear
random matrix models studied to date which often exhibit such universal
behaviors. This property too will have deep consequences in the performance
of neural networks as shall be shown through Figure 3 in Section 4 for an
example where inappropriate choices for the law of W lead to network failure
to fulfill the regression task.

For convenience in the following, letting § and ® be defined as in Theo-
rem 1, we shall denote
)

(3) T

NS

Theorem 1 provides the central step in the evaluation of Fi;,i,, for which
not only E[Q] but also E[Q?] needs be estimated. This last ingredient is
provided in the following proposition.

PROPOSITION 1 (Asymptotic equivalent for E[QAQ)]). Let Assumptions 1-
3 hold and A € RT*T be a symmetric non-negative definite matric which is
either ® or a matriz with uniformly bounded operator norm (with respect to
T). Then, for all € > 0, there exists ¢ > 0 such that, for all n,

_ % tr (\IJQAQ)
E[QAQ] — (QAQ + W

1
<enT2tE,

Q\IIQ>

As an immediate consequence of Proposition 1, we have the following
result on the training mean-square error of single-layer random neural net-
works.
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THEOREN{ 3 (Asymptotic training mean-square error). Let Assumptions 1—
3 hold and @, ¥ be defined as in Theorem 1 and (3). Then, for all ¢ > 0,

l_ —
n2—°¢ (Etrain - Etrain) =0
almost surely, where

Etrain = ‘YT - ETBHZ = 12 tr YTYQ2
F T
%tr vQ?
1—1tr(0Q)?

r|
T

2
Etrain = 7? tr YTYQ [ U+ IT Q

Since @ and ® share the same orthogonal eigenvector basis, it appears
that Eian depends on the alignment between the right singular vectors of
Y and the eigenvectors of ®, with weighting coefficients

< ) )2(1“ B X A )

Xi 4+ — LT 242

where we denoted A\; = X\;(¥), 1 < i < T, the eigenvalues of ¥ (which
depend on ~ through \;(¥) = T(#ﬂs))\i(@)). If liminf,, n/T > 1, it is easily
seen that § — 0 as v — 0, in which case Eia — 0 almost surely. However,
in the more interesting case in practice where limsup, n/T < 1, § — oo as
v — 0 and FElyain consequently does not have a simple limit (see Section 4.3
for more discussion on this aspect).

Theorem 3 is also reminiscent of applied random matrix works on empiri-
cal covariance matrix models, such as (Bai and Silverstein, 2007; Kammoun

et al., 2009), then further emphasizing the strong connection between the

>,1§i§T

non-linear matrix o(WX) and its linear counterpart W3,

As a side note, observe that, to obtain Theorem 3, we could have used
the fact that tr Y'Y Q? = _a% tr Y TY' Q which, along with some analyticity
arguments (for instance when extending the definition of Q = Q(7v) to Q(z),
z € C), would have directly ensured that % is an asymptotic equivalent
for —E[Q?], without the need for the explicit derivation of Proposition 1.
Nonetheless, as shall appear subsequently, Proposition 1 is also a proxy to
the asymptotic analysis of El.s. Besides, the technical proof of Proposition 1
quite interestingly showcases the strength of the concentration of measure
tools under study here.
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3.2. Testing performance. As previously mentioned, harnessing the asymp-
totic testing performance Eiest seems, to the best of the authors’ knowledge,
out of current reach with the sole concentration of measure arguments used
for the proof of the previous main results. Nonetheless, if not fully effec-
tive, these arguments allow for an intuitive derivation of a deterministic
equivalent for FEiest, which is strongly supported by simulation results. We
provide this result below under the form of a yet unproven claim, a heuristic
derivation of which is provided at the end of Section 5.

To introduce this result, let X = [T1,...,25] € RPXT he a set of input
data with corresponding output ¥ = (1,5 07] € R>XT . We also define

> = g(WX) € RP*T, We assume that X and Y satisfy the same growth
rate conditions as X and Y in Assumption 3. To introduce our claim, we
need to extend the definition of ® in (2) and ¥ in (3) to the following
notations: for all pair of matrices (A, B) of appropriate dimensions,

Oup=E [J(wTA)Ta(wTB)]
_n%ap
S T1+496

where w ~ N (0,1,). In particular, ® = ®xx and ¥ = ¥xx.
With these notations in place, we are in position to state our claimed
result.

VB

CONJECTURE 1 (Deterministic equivalent for Eiest). Let Assumptions 1-
2 hold and X,Y satisfy the same conditions as X,Y in Assumption 3. Then,
for alle > 0,

n%—a (Etcst - Etcst) —0

almost surely, where

N ~ 2
Etest = ? YT - ETﬁHF
_ 1 _
Etest = ? YT - \P;X—QYTH

L yYTyQuQ

1 1 ~ _

— Ur
T
While not immediate at first sight, one can confirm (using notably the

relation \IJQ + FYQ = IT) that? for (Xaf/) = (Xa Y)a Etrain = Etesh as ex-
pected.
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In order to evaluate practically the results of Theorem 3 and Conjecture 1,
it is a first step to be capable of estimating the values of ®4p5 for various
o(-) activation functions of practical interest. Such results, which call for
completely different mathematical tools (mostly based on integration tricks),
are provided in the subsequent section.

3.3. Evaluation of ®ap. The evaluation of ®4p = E[oc(w' A)To(w' B)]
for arbitrary matrices A, B naturally boils down to the evaluation of its

individual entries and thus to the calculus, for arbitrary vectors a,b € RP,
of

(4) ®o =Elo(wTa)o(w'h)] = (27)7% / o (p(@)Ta)o (@) Tb)e™ 217" 4.

The evaluation of (4) can be obtained through various integration tricks
for a wide family of mappings () and activation functions o(-). The most
popular activation functions in neural networks are sigmoid functions, such
as o(t) = erf(t) = % fot e du, as well as the so-called rectified linear unit

(ReLU) defined by o(t) = max(t,0) which has been recently popularized
as a result of its robust behavior in deep neural networks. In physical ar-
tificial neural networks implemented using light projections, o(t) = |t| is
the preferred choice. Note that all aforementioned functions are Lipschitz
continuous and therefore in accordance with Assumption 2.

Despite their not abiding by the prescription of Assumptions 1 and 2, we
believe that the results of this article could be extended to more general
settings, as discussed in Section 4. In particular, since the key ingredient in
the proof of all our results is that the vector o(w' X) follows a concentration
of measure phenomenon, induced by the Gaussianity of w (if w = ¢(0)),
the Lipschitz character of ¢ and the norm boundedness of X, it is likely,
although not necessarily simple to prove, that o(w' X) may still concentrate
under relaxed assumptions. This is likely the case for more generic vectors
w than N,(0,I,) as well as for a larger class of activation functions, such as
polynomial or piece-wise Lipschitz continuous functions.

In anticipation of these likely generalizations, we provide in Table 1 the
values of @, for w ~ N(0,1,) (i.e., for ¢(t) =t) and for a set of functions
o(-) not necessarily satisfying Assumption 2. Denoting ® = ®(o(t)), it is
interesting to remark that, since arccos(x) = — arcsin(z)+ %, ®(max(t,0)) =
(5t) + ®(5[t]). Also, [®(cos(t)) + D(sin(t))]ap = exp(—2i|ja — b]|?), a result
reminiscent of (Rahimi and Recht, 2007).! Finally, note that ®(erf(xt)) —

1t is in particular not difficult to prove, based on our framework, that, as n/T — oo,
a random neural network composed of n/2 neurons with activation function o(t) = cos(t)
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O'(t) ¢u,b
t a'b
max(t, 0) %HaHHbH Z(a,b) acos(—Z(a, b)) + /1 — Z(a, b)2)
1t 2 ol o] (z<a, asin(Z(a,b)) + /1= Z(a,b)?)
f t 2 2aTb
erf() ™ (\/<1+2n BREIRE ))
1{t>01 %— acos(Z(a, b))
sign(¥) ;asm( (a,b))
cos(t) exp(—3([la]l® 4 [1b]|*)) cosh(a"b)
sin(?) exp(—3([lall® + [|b]|*)) sinh(ab).
TABLE 1

a'b

Values of ®ap for w ~N(0, 1), £(a,b) = qimsr-

®O(sign(t)) as k — oo, inducing that the extension by continuity of erf(xt)
to sign(t) propagates to their associated kernels.

In addition to these results for w ~ N(0,I,), we also evaluated ®q, =
Elo(wTa)o(w'b)] for o(t) = (ot? + (1t + (o and w € RP a vector of indepen-
dent and identically distributed entries of zero mean and moments of order
k equal to my, (so m; = 0); w is not restricted here to satisfy w ~ N, (0, I,).
In this case, we find

Dy = G [m3 (2aT0)? + lal6]2) + (ma — 3m3) ()T (42)] + ¢FmzaTd

() + GGims [(@)Tb+aT ()] + Glom [l + [b)%] + 3
where we defined (a?) = [a},...,a2] .

It is already interesting to remark that, while classical random matrix
models exhibit a well-known universality property — in the sense that their
limiting spectral distribution is independent of the moments (higher than
two) of the entries of the involved random matrix, here W —, for o(+) a poly-
nomial of order two, ® and thus pu, strongly depend on E[WZ;] for k = 3, 4.
We shall see in Section 4 that this remark has troubling consequences. We
will notably infer (and confirm via simulations) that the studied neural net-
work may provably fail to fulfill a specific task if the W;; are Bernoulli with
zero mean and unit variance but succeed with possibly high performance if
the W;; are standard Gaussian (which is explained by the disappearance or

not of the term (a"5)? and (a?)7(b?) in (5) if my = m3).

and n/2 neurons with activation function o(¢) = sin(¢) implements a Gaussian difference
kernel.



14 C. LOUART ET AL.

4. Practical Outcomes. We discuss in this section the outcomes of
our main results in terms of neural network application. The technical dis-
cussions on Theorem 1 and Proposition 1 will be made in the course of their
respective proofs in Section 5.

4.1. Simulation Results. We first provide in this section a simulation
corroborating the findings of Theorem 3 and suggesting the validity of Con-
jecture 1. To this end, we consider the task of classifying the popular MNIST
image database (LeCun, Cortes and Burges, 1998), composed of grayscale
handwritten digits of size 28 x 28, with a neural network composed of n = 512
units and standard Gaussian W. We represent here each image as a p = 784-
size vector; 1024 images of sevens and 1024 images of nines were extracted
from the database and were evenly split in 512 training and test images,
respectively. The database images were jointly centered and scaled so to fall
close to the setting of Assumption 3 on X and X (an admissible preprocess-
ing intervention). The columns of the output values Y and Y were taken
as unidimensional (d = 1) with Y1;,Y1; € {—1,1} depending on the image
class. Figure 1 displays the simulated (averaged over 100 realizations of W)
versus theoretical values of FEirn and Fiesy for three choices of Lipschitz
continuous functions o(+), as a function of ~.

Note that a perfect match between theory and practice is observed, for
both Fiain and Fiest, which is a strong indicator of both the validity of
Conjecture 1 and the adequacy of Assumption 3 to the MNIST dataset.

We subsequently provide in Figure 2 the comparison between theoretical
formulas and practical simulations for a set of functions o(-) which do not
satisfy Assumption 2, i.e., either discontinuous or non-Lipschitz maps. The
closeness between both sets of curves is again remarkably good, although
to a lesser extent than for the Lipschitz continuous functions of Figure 1.
Also, the achieved performances are generally worse than those observed in
Figure 1.

It should be noted that the performance estimates provided by Theorem 3
and Conjecture 1 can be efficiently implemented at low computational cost
in practice. Indeed, by diagonalizing ® (which is a marginal cost independent
of ), FElrain can be computed for all 4 through mere vector operations; simi-
larly Fleg is obtained by the marginal cost of a basis change of ® ¢y and the
matrix product @ ¢ @ ¢ ., all remaining operations being accessible through
vector operations. As a consequence, the simulation durations to generate

the aforementioned theoretical curves using the linked Python script were


https://github.com/Zhenyu-LIAO/RMT4ELM

A RANDOM MATRIX APPROACH TO NEURAL NETWORKS 15

100 T T \\\\H‘ T T \\HH‘ T T \\HH‘ T T \\HH‘ T T \\HH‘
S Etrain
|~~~ Etest
Fx

= (¢] Etrain X x )(/

T S8
[ x  FEtest ~x. x -
=% =% = X <
L *‘x\x XLy Ko ;o X |
- —X% —y _ SxUT%S

X RS X~

MSE

Lol Lol Lol Ll Lol L1l
1074 107° 1072 107! 10° 10" 10
v

FiG 1. Neural network performance for Lipschitz continuous o(-), Wi; ~ N(0,1), as a
function of 7, for 2-class MNIST data (sevens, nines), n =512, T =T = 1024, p = 784.

found to be 100 to 500 times faster than to generate the simulated net-
work performances. Beyond their theoretical interest, the provided formulas
therefore allow for an efficient offline tuning of the network hyperparameters,
notably the choice of an appropriate value for the ridge-regression parameter

Y-

4.2. The underlying kernel. Theorem 1 and the subsequent theoretical
findings importantly reveal that the neural network performances are di-
rectly related to the Gram matrix ®, which acts as a deterministic kernel on
the dataset X. This is in fact a well-known result found e.g., in (Williams,
1998) where it is shown that, as n — oo alone, the neural network behaves as
a mere kernel operator (this observation is retrieved here in the subsequent
Section 4.3). This remark was then put at an advantage in (Rahimi and
Recht, 2007) and subsequent works, where random feature maps of the type
x +— o(Wzx) are proposed as a computationally efficient proxy to evaluate
kernels (z,y) — ®(z,y).

As discussed previously, the formulas for Eipain and Eies; suggest that
good performances are achieved if the dominant eigenvectors of ® show a
good alignment to Y (and similarly for @, ¢ and }7) This naturally drives
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F1a 2. Neural network performance for o(-) either discontinuous or non Lipschitz, W;; ~
N(0,1), as a function of vy, for 2-class MNIST data (sevens, nines), n =512, T =T =
1024, p = 784.

us to finding a priori simple regression tasks where ill-choices of ® may
annihilate the neural network performance. Following recent works on the
asymptotic performance analysis of kernel methods for Gaussian mixture
models (Couillet and Benaych-Georges, 2016; Zhenyu Liao, 2017; Mai and
Couillet, 2017) and (Couillet and Kammoun, 2016), we describe here such
a task.

Let x1,...,27/5 ~ N(0, %Cl) and xpa11;-- -, 27 ~ N(0, %Cg) where C
and Cy are such that trC; = tr Cs, ||C1]], ||C2|| are bounded, and tr(Cy —
C5)? = O(p). Accordingly, v, ... yro41 = —Land yrjoqq,..yr = 1. It
is proved in the aforementioned articles that, under these conditions, it is
theoretically possible, in the large p,T limit, to classify the data using a
kernel least-square support vector machine (that is, with a training dataset)
or with a kernel spectral clustering method (that is, in a completely unsu-
pervised manner) with a non-trivial limiting error probability (i.e., neither
zero nor one). This scenario has the interesting feature that zz; — 0 al-
most surely for all i # j while ||2;]|? — %tr(%()’l + $C2) — 0, almost surely,
irrespective of the class of x;, thereby allowing for a Taylor expansion of the
non-linear kernels as early proposed in (El Karoui, 2010).
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Transposed to our present setting, the aforementioned Taylor expan-
sion allows for a consistent approximation ® of ® by an information-plus-
noise (spiked) random matrix model (see e.g., (Loubaton and Vallet, 2010;
Benaych-Georges and Nadakuditi, 2012)). In the present Gaussian mixture
context, it is shown in (Couillet and Benaych-Georges, 2016) that data
classification is (asymptotically at least) only possible if éij explicitly con-

tains the quadratic term (z]x;)? (or combinations of (z?)Tx;, (22)Tx;, and

J

(w?)T(xi)) In particular, letting a,b ~ N(0,C;) with ¢ = 1,2, it is easily
seen from Table 1 that only max(t,0), |t|, and cos(t) can realize the task.

Indeed, we have the following Taylor expansions around z = 0:

asin(z) = z + O(z?)
sinh(z) = 2 + O(2?)
acos(z) = g — x4 O(2%)

22
cosh(z) =1+ > + O(z%)

2

zacos(—z) +V1—2% = 1+7T2—x+%+0(333)

2
rasin(z) + V1 —-a22 =1+ % + O(x%)

where only the last three functions (only found in the expression of ®g
corresponding to o(t) = max(¢,0), |¢|, or cos(t)) exhibit a quadratic term.
More surprisingly maybe, recalling now Equation (5) which considers non-
necessarily Gaussian W;; with moments my, of order £, a more refined anal-
ysis shows that the aforementioned Gaussian mixture classification task will
fail if mg = 0 and mg = m3, so for instance for W;; € {—1,1} Bernoulli
with parameter % The performance comparison of this scenario is shown
in the top part of Figure 3 for o(t) = —%tQ + 1 and Oy = diag(l,/2,41,/2),
Cy = diag(41,/2, I,,/2), for Wij ~ N(0,1) and Wi; ~ Bern (that is, Bernoulli
{(-1,1),(1,$)}). The choice of o(t) = (ot? + (1t + (o with ¢ = 0 is mo-
tivated by (Couillet and Benaych-Georges, 2016; Couillet and Kammoun,
2016) where it is shown, in a somewhat different setting, that this choice is
optimal for class recovery. Note that, while the test performances are overall
rather weak in this setting, for Wi; ~ N(0,1), Eiest drops below one (the
amplitude of the Yij), thereby indicating that non-trivial classification is
performed. This is not so for the Bernoulli W;; ~ Bern case where Eieg is
systematically greater than \Yij]: 1. This is theoretically explained by the
fact that, from Equation (5), ®;; contains structural information about the

data classes through the term 2m3(z] ;)% + (my — 3m§)(x22)T(afj2) which in-
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duces an information-plus-noise model for ® as long as 2m3+(m4—3m3) # 0,
i.e., my # m3 (see (Couillet and Benaych-Georges, 2016) for details). This
is visually seen in the bottom part of Figure 3 where the Gaussian scenario
presents an isolated eigenvalue for ® with corresponding structured eigen-
vector, which is not the case of the Bernoulli scenario. To complete this
discussion, it appears relevant in the present setting to choose W;; in such a
way that m4—m3 is far from zero, thus suggesting the interest of heavy-tailed
distributions. To confirm this prediction, Figure 3 additionally displays the
performance achieved and the spectrum of ® observed for W;; ~ Stud, that
is, following a Student-t distribution with degree of freedom v = 7 normal-
ized to unit variance (in this case my = 1 and my4 = 5). Figure 3 confirms
the large superiority of this choice over the Gaussian case (note nonetheless
the slight inaccuracy of our theoretical formulas in this case, which is likely
due to too small values of p,n,T to accommodate W;; with higher order
moments, an observation which is confirmed in simulations when letting v
be even smaller).

4.3. Limiting cases. We have suggested that ® contains, in its dominant
eigenmodes, all the usable information describing X. In the Gaussian mix-
ture example above, it was notably shown that ® may completely fail to
contain this information, resulting in the impossibility to perform a classifi-
cation task, even if one were to take infinitely many neurons in the network.
For ® containing useful information about X, it is intuitive to expect that
both inf, Eirain and inf,, FEest become smaller as n/T and n/p become large.
It is in fact easy to see that, if ® is invertible (which is likely to occur in
most cases if liminf, T/p > 1), then

lim FEirain = 0
n—oo

2
T —1y T
VT -0 @ YT =0

. = 1
nlggo Elest — %
and we fall back on the performance of a classical kernel regression. It is
interesting in particular to note that, as the number of neurons n becomes
large, the effect of v on FEiest flattens out. Therefore, a smart choice of ~
is only relevant for small (and thus computationally more efficient) neuron
layers. This observation is depicted in Figure 4 where it is made clear that
a growth of n reduces E}ain to zero while Fieg saturates to a non-zero limit
which becomes increasingly irrespective of «v. Note additionally the interest-
ing phenomenon occurring for n < T where too small values of v induce
important performance losses, thereby suggesting a strong importance of
proper choices of  in this regime.
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Fic 3. (Top) Neural network performance for o(t) = —3t> + 1, with different Wi, for a
2-class Gaussian mizture model (see details in text), n = 512, T = T = 1024, p = 256.
(Bottom) Spectra and second eigenvector of ® for different Wi (first eigenvalues are of
order n and not shown; associated eigenvectors are provably non informative).

Of course, practical interest lies precisely in situations where n is not
too large. We may thus subsequently assume that limsup,n/T < 1. In
this case, as suggested by Figures 1-2, the mean-square error performances
achieved as 7 — 0 may predict the superiority of specific choices of o(-) for
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Fic 4. Neural network performance for growing n (256, 512, 1024, 2048, 4096) as a
function of v, o(t) = max(t,0); 2-class MNIST data (sevens, nines), T = T = 1024,
p = T84. Limiting (n = c0) Fest shown in thick black line.

optimally chosen ~. It is important for this study to differentiate between
cases where r = rank(®) is smaller or greater than n. Indeed, observe that,
with the spectral decomposition ® = UTATU;F for A, € R™*" diagonal and
U, € RTX?",

1 d o n A, -1
§=—trd Ir) =—teA (= I
T <T1+5+7T> T T(T1+5+7’“>

which satisfies, as v — 0,

o , T<n
v %Az%tr@(%%—i—hﬂ)_l , T >,

A phase transition therefore exists whereby ¢ assumes a finite positive value
in the small v limit if /n < 1, or scales like 1/ otherwise.

As a consequence, if 7 < n, asy = 0, ¥ — Z(1 — 7)® and Q ~
ST+ %VTV,,T, Wh_ere V, € RTx(n=7) is_any matrix such that [U, V;]
is orthogonal, so that ¥Q — U,U and ¥Q? — U,A;'UT; and thus,

ro
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Eirain — % tr YV VYT = %HYVTH%, which states that the residual train-
ing error corresponds to the energy of Y not captured by the space spanned
by ®. Since Firain is an increasing function of +, so is Eiain (at least for all
large n) and thus 4[|Y'V;[|% corresponds to the lowest achievable asymptotic
training error.

If instead r > n (which is the most likely outcome in practice), as v — 0,
Q~ (4% +Ir)~" and thus

1 2

S tr
ltrYQA n]_ - AQA 9
T 1-— Etr(\I/AQA)

— 0
Etrain ﬁ) \IIA + IT QAYT

where U = 22 and Qa = (2% + Ir) "L

These results suggest that neural networks should be designed both in
a way that reduces the rank of ® while maintaining a strong alignment
between the dominant eigenvectors of ® and the output matrix Y.

Interestingly, if X is assumed as above to be extracted from a Gaussian
mixture and that Y € RY™7T is a classification vector with Yi; € {—1,1},
then the tools proposed in (Couillet and Benaych-Georges, 2016) (related to
spike random matrix analysis) allow for an explicit evaluation of the afore-
mentioned limits as n, p, T' grow large. This analysis is however cumbersome
and outside the scope of the present work.

5. Proof of the Main Results. In the remainder, we shall use exten-
sively the following notations:

of w{
Y=o(WX)=1|:|, W=]":
of wl

n

ie., 0; = o(w] X)T. Also, we shall define ¥_; € R""D*T" the matrix ¥ with
i-th row removed, and correspondingly

1 1 -
Q_i= <T2Tz - Taia;r +71T> :
Finally, because of exchangeability, it shall often be convenient to work with
the generic random vector w ~ N, (0, I7), the random vector o distributed
as any of the o;’s, the random matrix ¥_ distributed as any of the ¥_;’s,
and with the random matrix Q_ distributed as any of the Q_;’s.
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5.1. Concentration Results on ¥X. Our first results provide concentra-
tion of measure properties on functionals of ¥. These results unfold from
the following concentration inequality for Lipschitz applications of a Gaus-
sian vector; see e.g., (Ledoux, 2005, Corollary 2.6, Propositions 1.3, 1.8) or
(Tao, 2012, Theorem 2.1.12). For d € N, consider p the canonical Gaus-
sian probability on R? defined through its density du(w) = (2%)_g6_%”“’”2
and f : R4 - R a A\ s-Lipschitz function. Then, we have the said normal
concentration

(6) o <{‘f - /fdu' > t}) < cefc%

where C, ¢ > 0 are independent of d and A¢. As a corollary (see e.g., (Ledoux,
2005, Proposition 1.10)), for every k > 1,

= ()

The main approach to the proof of our results, starting with that of the
key Lemma 1, is as follows: since Wi; = o(W;;) with W;; ~ N(0,1) and
¢ Lipschitz, the normal concentration of W transfers to W which further
induces a normal concentration of the random vector ¢ and the matrix X,
thereby implying that Lipschitz functionals of o or ¥ also concentrate. As
pointed out earlier, these concentration results are used in place for the
independence assumptions (and their multiple consequences on convergence

of random variables) classically exploited in random matrix theory.

E

Notations: In all subsequent lemmas and proofs, the letters ¢, ¢;, C,C; > 0
will be used interchangeably as positive constants independent of the key
equation parameters (notably n and ¢ below) and may be reused from line to
line. Additionally, the variable ¢ > 0 will denote any small positive number;
the variables ¢, ¢;, C, C; may depend on e¢.

We start by recalling the first part of the statement of Lemma 1 and
subsequently providing its proof.

LeEMMA 2 (Concentration of quadratic forms). Let Assumptions 1-2
hold. Let also A € R™T such that |A| < 1 and, for X € RP*T and
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w ~ N(0,1,), define the random vector o = o(w' X)" € RT. Then,

1 1 —Lmin(ﬁ t)

P <'TO'TAO' — Ttr @A‘ > t> < Ce IXIPAEXS i’

fortg = |o(0)] + Ao Ao || X4/ & and C,c > 0 independent of all other param-
® T

eters.

PROOF. The layout of the proof is as follows: since the application w
%O'TAO' is “quadratic” in w and thus not Lipschitz (therefore not allowing for
a natural transfer of the concentration of w to %O'TAO'), we first prove that
ﬁ ||o|| satisfies a concentration inequality, which provides a high probability

O(1) bound on %HO’H Conditioning on this event, the map w — ﬁUTAU

can then be shown to be Lipschitz (by isolating one of the o terms for
bounding and the other one for retrieving the Lipschitz character) and, up
to an appropriate control of concentration results under conditioning, the
result is obtained.

Following this plan, we first provide a concentration inequality for ||o]|.
To this end, note that the application ¢ : R? — RT @ + o(p(@)TX)T is
Lipschitz with parameter A, \,||X|| as the combination of the A -Lipschitz
function ¢ : @ + w, the || X|-Lipschitz map R® — RT, w + X Tw and the
Ao-Lipschitz map RT — RT| Y — o(Y). As a Gaussian vector, @ has a
normal concentration and so does (). Since the Euclidean norm R — R,
Y — ||Y|| is 1-Lipschitz, we thus have immediately by (6)

cTt?

(o] e ) < e

for some ¢, C > 0 independent of all parameters.
Finally, using again the Lipschitz character of o(w' X),

o] - oo

| < [|lotwT™) = oO1F| < Aol - 1]

so that, by Jensen’s inequality,
EH]l <TXﬁ}<@ﬂ+AE[1\|ﬂnxn
—o(w o B | — |lw
VT B VT

< o)+ 3oy [B | 2?11
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with E[]jo(@)[?] < A2E[[|@]|*] = pA% (since @ ~ N(0,1,)). Letting to =
|0(0)] + Ao Ao || X |4/, we then find

cTt2

1 T2 2 w2
Pll——=cw ™X)||>t+t > < Ce BN
([Fzewm] 1+
which, with the remark t > 4ty = (t — t9)?> > t?/2, may be equivalently
stated as

1 _ cTt?
o(wTX)H > t) < Ce PE¥IXI?

7

As a side (but important) remark, note that, since

*(l

(7) Vit > dtg, P (

zt\/T>=P

F

il = )

<P (max
1<i<n ||\/T

cor([- )

the result above implies that

)3 —%22
Yt > 4ty, P Nia > VT ) < Cne 231X
F
and thus, since || - || > || - ||, we have
v _r??
e

Thus, in particular, under the additional Assumption 3, with high probabil-
ity, the operator norm of % cannot exceed a rate v/T.

REMARK 1 (Loss of control of the structure of X). The aforementioned
control of ||X|| arises from the bound ||| < ||X||F which may be quite loose
(by as much as a factor \/T) Intuitively, under the supplementary Assump-
tion 3, if Elo] # 0, then % is “dominated” by the matriz ﬁE[a]l}:, the
operator norm of which is indeed of order \/n and the bound is tight. If
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o(t) =t and E[W;;] = 0, we however know that ||%H = O(1) (Bai and Sil-
verstein, 1998). One is tempted to believe that, more generally, if E[o] =0,
then H%H should remain of this order. And, if instead E[o] # 0, the contri-

bution of ﬁE[a]l} should merely engender a single large amplitude isolate

singular value in the spectrum of % and the other singular values remain
of order O(1). These intuitions are not captured by our concentration of
measure approach.

Since ¥ = o(WX) is an entry-wise operation, concentration results with
respect to the Frobenius norm are natural, where with respect to the operator
norm are hardly accessible.

Back to our present considerations, let us define the probability space
A = {w, ||o(wTX)|| < KvV/T}. Conditioning the random variable of inter-
est in Lemma 2 with respect to Ax and its complementary A%, for some
K > 4tg, gives

1 T Ty T L
P(’Ta(w X)Ao(w' X) Ttr@A‘ >t)

<p <{‘;a(wTX)AU(wTX)T - %tr (I)A‘ > t} ,AK> +PLAS).

We can already bound P(AY) thanks to (7). As for the first right-hand
side term, note that on the set {o(w' X),w € Ak}, the function f : RT —
R : o — o'Ao is Kv/T-Lipschitz. This is because, for all 0,0 + h €
{o(w"X),w € Ak},

I£(o+h) = F(@)| = ||[AT A0 + (o + W) T An| < KVT ]

Since conditioning does not allow for a straightforward application of (6),
we consider instead f . a K+/T-Lipschitz continuation to R of f Ay, the
restriction of f to Ag, such that all the radial derivative of f are constant
in the set {o,||o|| > K+v/T}. We may thus now apply (6) and our previous
results to obtain

cTt2
IXIZAZNE

P (|f(ewTX) = Elf(e(w™X)))| = KTt) < e
Therefore,

P ({|#ew™x) - Elfe(wx))]| 2 KTt} Ax)
_ p( ’f(a(wTX)) _ E[f(a(wTX))]‘ > KTt} ,AK>
(

cTt?

(g(wTX))]( > KTt> < e IXIPNEAE

IA
e
=
£
S

_|
s
!
=
.
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Our next step is then to bound the difference A = |E[f(o(wT X)]-E[f(c(w" X))]].
Since f and f are equal on {0, ||o|| < KT},

as [ (1)) dolo)

where 1, is the law of o (wT X). Since || A|| < 1, for ||o|| > KT, max(|f(o)|,|f(o)]) <
lo||? and thus

s2f o oldu=2f [ i,
llo||>KvVT llo||>KVT Jt=0 -

:2/ P({llo]2 > t}, A5) dt
t=0

K2T 00
<2 [ pusgdr [ PewTOI > far
t=0 t=K2T

00 et
< 2P(AG) KT +2 / Co PBRIRE gy

t=K?2T

TK? 22 2 K2

< scrize wbdixe | 2ONAIXIT i

6C
< 7)\3)\(2;”)(”2

Cc

where in last inequality we used the fact that for x € R, ze ™ < e < 1,
and K > 4ty > 4)\(,—)\WHXH\/% As a consequence,

cTt2

P ({‘f(o’(wTX)) - E[f(a(wTX))]‘ > KTt + A} ,AK) < Ce XIPAE5Z

4A

so that, with the same remark as before, for t > 7=,

cTt?

P ({|#e@TX) = Blf (e X)))| = KTt} Ax) < Ce P22,

To avoid the condition ¢ > %, we use the fact that, probabilities being
lower than one, it suffices to replace C' by AC' with A > 1 such that

T2

—e—— 4A
ACe Z2XIPAZAS > 1 fort < ——.
e pro > ort < KT

1

2
The above inequality holds if we take for instance A\ = ée% since then

AA 24CA2 N2 || X |2 6C A0 || X]| . . 6C 12 12 2
t< 44 < P < == o (using successively A > Z=AZAS || X]|
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and K > 4AUA¢||X||\/§) and thus

2
cTt 18C2 1802

ACe ZXIDBZ > \Ce o > ACe 25 > 1.

IQC
Therefore, setting A = max(1, %eCT), we get for every t > 0

cTt?

P ({‘f(”(wTX) - E[f(a(wTX)]\ > KTt} ’AK) < \Ce TIXIZBE

cTK2

which, together with the inequality P(A% ) < Ce 221X gives

Tct? cTK2

P (‘ FlowTX) — E| f(a(wTX)]‘ > KTt) < A\Ce FXIPBE | e PERIXTE
We then conclude
P <‘z{a(wTX)Aa(wTX)T - ;H(@A)’ > t>

— e i 2 2 2
< (A+1)Ce 2 X 12222 min(t?/K? K?)

and, with K = max(4tg, V1),

chin< t2 ,t>
1 1 o\t
P <‘TU(wTX)AJ(wTX)T -7 tr(@A)‘ > t) <A+ 1)Ce  AXTHEE

Indeed, if 4ty < +/t then min(t?/K? K?) = t, while if 4¢g > +/t then
min(t?/K?, K%) = min(t?/16t3, 16t3) = t2/16¢3. O

As a corollary of Lemma 2, we have the following control of the moments
of %JTAU.

COROLLARY 1 (Moments of quadratic forms). Let Assumptions 1-2
hold. For w ~ Ny(0,1,), 0 = o(wT X)T € RT, A € RT*T such that ||A]| <1,

and k € N,
k k o\ k
<C +Co | =
<ﬁ T

E

1 1
’TO'TAO' - ftr DA —

with to = |0 (0)] —l—)\g)\@HXH\/g, n = || X[ AsAp, and C1,Cy > 0 independent
of the other parameters. In particular, under the additional Assumption 3,
k

C

E S i

1 1
‘TUTAO' — Ttr(pA
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PROOF. We use the fact that, for a nonnegative random variable Y,
ElY] = [ P(Y > t)dt, so that

E 1TA 1t¢Ak
—0 o — — Uur
T T

—/OOP 1 TA —lt <I>Ak> d
= o TO' o TI‘ u u

o0 1 1
= /0 kokF—lp <’TO'TAU — Ttr(IJA‘ > U> dv

k 00 2 k [e'e)
t077> / k=1 v —2 (77 > / k1, —t
= kt" 7 Ce " dt + | — kt"" Ce™'dt
<\/CT 0 cr 0

which, along with the boundedness of the integrals, concludes the proof. [

Beyond concentration results on functions of the vector o, we also have
the following convenient property for functions of the matrix X.

LeEMMA 3 (Lipschitz functions of ¥). Let f : R™T — R be a M-
Lipschitz function with respect to the Froebnius norm. Then, under Assump-

tions 1-2,
2
D D ~ AR
P — | —E — | >t) <Ce 77777
(I (77) -2 (75| =1) <
for some C,c > 0. In particular, under the additional Assumption 3,
by by 2
P — ) -Ef(—=]|>t]) <Ce .
(I (77) -2 (7)) <

PRrOOF. Denoting W = @(W), since vec(W) = [Wiy, - - -, Wy,) is a Gaus-
sian vector, by the normal concentration of Gaussian vectors, for g a Ag-
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Lipschitz function of W with respect to the Frobenius norm (i.e., the Eu-
clidean norm of vec(W)), by (6),

ct
2,32
)

P (jg(W) = ElgW)]| > 1) = P (|g(e(W)) — Elg(e(W))]| > t) < Ce >

for some C,c > 0. Let’s consider in particular g : W — f(3/v/T) and
remark that

(W + H) — g(W)| = ‘f (U((WJFH)X)> iy (0(WX)>‘

VT VT
As
<—|lo((W+H)X)—cWX
—\/TH (( )X) —o(WX)||p
AfAs
HX

_ N S HXXTHT

VT

AfAs
< L 2WVIXXTIH
< e XX

concluding the proof. O

A first corollary of Lemma 3 is the concentration of the Stieltjes transform
%tr (%ETE — zIT)_l of (i, the empirical spectral measure of %ZTZ, for all
z € C\ R (so in particular, for z = —v, v > 0).

COROLLARY 2 (Concentration of the Stieltjes transform of p,). Under

Assumptions 1-2, for z € C\ RT,
1 1 !
7t (TZTZ — zIT> ] > t>

for some C,c > 0, where dist(z,R") is the Hausdorff set distance. In par-
ticular, for z = —v, v > 0, and under the additional Assumption 3

1 -1
7 tr (sz - zIT> -E

p<1
T

_cdist(z,]R+)2Tt2
< Ce AZIXIP

P (‘;trQ - ;trE[Q]‘ > t) < Cemont’,
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Proor. We can apply Lemma 3 for f : R — %tr(RTR — zI7)1, since
we have

[f(R+H) - f(R)]

- ‘;}tr«R +H)"(R+H) - zIr)" (R+H)"H+ H'R)(R"R — zIr) ™"

< ‘;tr((R +H)(R+H) —zI7)""(R+ H)"H(R'R — zI7)""

1
- ‘T tr(R+H)"(R+ H) — 2I7) *H'R(R"R — zI7)~"

A 2 H]
B dist(z,Rﬂg - dist(z,Rﬂg

where, for the second to last inequality, we successively used the relations
|tr AB| < Vtr AATVtr BBT, [trCD| < ||D||trC for nonnegative definite
C, and ||(RTR — zI7)7 Y| < dist(z,RT)~L, [(RTR — 2I7)"'RTR| < 1,
I(RTR — 2Ir) 'R = |(RTR — 2I) ' RTR(RTR — 2I7) !> < |[(RTR —
2Ir)\RTR||2|(RTR—zIr)~Y|2 < dist(z,R*)"2, for z € C\R*, and finally
- <[l O

Lemma 3 also allows for an important application of Lemma 2 as follows.

LeEMMA 4 (Concentration of 0'Q_o). Let Assumptions 1-3 hold and
write WT = [wy,...,wy]. Define 0 = o(w{ X)T € RT and, for WI =
[wa, ..., wy] and £ = o(W_X), let Q— = ($XIS_ + yIp)~'. Then, for
A, B € RT™*T such that ||All,||B| <1

P (‘;UTAQ_BU - %tr @AE[Q_]B‘ > t) < Cemenmin(t)

for some Cc > 0 independent of the other parameters.

PROOF. Let f : R~ %JTA(RTR + ~I7)"'Bo. Reproducing the proof
of Corollary 2, conditionally to %HUH2 < K for any arbitrary large enough
K > 0, it appears that f is Lipschitz with parameter of order O(1). Along
with (7) and Assumption 3, this thus ensures that

)

1 . 1 .
< - _Bo— =~ _
_P(’TO' AQ_Bo i AE[Q_]Bo

1 1
P (‘TO' AQ_Bo i AE[Q_|Bo

< C«efcnt2
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for some C,c > 0. We may then apply Lemma 1 on the bounded norm
matrix AE[Q_]B to further find that

P (';UTAQ_BJ — %tr CDAE[Q_]B' > t)

!
2

1 T 1 t
+P (‘TO' AE[Q_]|Bo — Ttr @AE[Q_}B‘ > 2>

1 1
< — I
<P (‘TO' AQ_Bo i AE[Q_]Bo

< Cle—c’n min(t2,t)
which concludes the proof. O

As a further corollary of Lemma 3, we have the following concentration
result on the training mean-square error of the neural network under study.

COROLLARY 3 (Concentration of the mean-square error). Under As-
sumptions 1-3,

LTS N L 2
P(’TtrY YQ TtrY YE [Q]

> t) < Ceent®

for some C,c > 0 independent of the other parameters.

PROOF. We apply Lemma 3 to the mapping f : R — %tr YTY(R'R +
vI7)~2. Denoting Q = (RTR+~I7) ' and Q7 = (R+H)"(R+H)+~I7)™ !,
remark indeed that

[f(R+H) - f(R)]

R Y TY Q)2 - @)

trYTV(Q7 — Q)Q"

<

+ ‘;trYTYQ(QH — Q)‘

trYTYQH(R+ H)"(R + H) — RTR)QQH‘

trYTYQQ(R+H)"(R+ H) — RTR)Q'

T e T T

< |=trYTYQ# (R + H)THQQH’ - ‘;u« YTYQHHTRQQH‘

+ % trYTYQQM (R + H)TRQ‘ + ‘; trYTYQQf HTRQ‘ .
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As |QT(R+H)T|| = VI|QH (R + H)T(R+ H)QH[| and | RQ| = /[ QRTRQ)
are bounded and %tr YTY is also bounded by Assumption 3, this implies

|f(R+H) - f(R)| <C|H| <C|H|F

for some C > 0. The function f is thus Lipschitz with parameter independent
of n, which allows us to conclude using Lemma 3. O

The aforementioned concentration results are the building blocks of the
proofs of Theorem 1-3 which, under all Assumptions 1-3, are established
using standard random matrix approaches.

5.2. Asymptotic Equivalents.

5.2.1. First Equivalent for E[Q]. This section is dedicated to a first char-
acterization of E[Q)], in the “simultaneously large” n,p, T regime. This pre-
liminary step is classical in studying resolvents in random matrix theory as
the direct comparison of E[Q] to Q with the implicit § may be cumbersome.
To this end, let us thus define the intermediary deterministic matrix

Q— n 0} + I -1
-\ T1l+a T

with o = %tr PE[Q_], where we recall that Q_ is a random matrix dis-
tributed as, say, (%ZTZ — %GIJIT +yIr) 7L

First note that, since +tr® = E[£|/o|*] and, from (7) and Assump-
tion 3, P(%|ol> > t) < Ce " for all large ¢, we find that Ftrd =
JoZ 2P (3 |o||> > t)dt < C' for some constant C’. Thus, o < ||E[Q_][| 7 tr @ <

%l is uniformly bounded.

We will show here that |E[Q] — Q|| — 0 as n — oo in the regime of
Assumption 3. As the proof steps are somewhat classical, we defer to the
appendix some classical intermediary lemmas (Lemmas 5-7). Using the re-
solvent identity, Lemma 5, we start by writing

Bl - Q=50 (1. - 757 |@
. n & - 1 ral ~
—E[Q]THQQ—E[QTE E]Q
n e - 1L
=~ ElQ 70— 7 > B[Qoo]| @
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which, from Lemma 6, gives, for Q_; = (+XT% — 2 O'iO'ZT +yI7)7 !

T T )
~ ~ 1 n O'ZO'T ~
ElQl—-Q=E —Z
Q- @ [Q]T1+a 2; [ UTQ_M] Q
n & -
-0y 5[o-mel]
[Q]T1+a 1+ TZ —i7i0
L1 1 zn: Q_io;0 T (TUi Q_io; — a) Q
i—1 1+Oé( +%U;I—Q7i0i)
Note now, from the independence of ()_; and o;0; , that the second right-
hand side expectation is simply E[Q_;]®. Also, exp101t1ng Lemma 6 in re-
verse on the rightmost term, this gives
- P ~
-Q= T Z 1 + « T ita @
1 1
(8) + ?T E |:QJZ TQ (T ag; —304 — Oé):| .

It is convenient at this point to note that, since E[Q] — Q is symmetric, we
may write

BQ)- G = 51— (; > (FlQ - @-19Q + QorIQ - Q1)

o Eellenarana) (e a-)])

We study the two right-hand side terms of (9) independently.
For the first term, since Q — Q_; = —Q%JiaiTQ,i,

I R e LI A LR

1+« 71+aT
Zaz TQ <1 + *O' Q—lU’L)] (I)Q

where we used again Lemma 6 in reverse. Denoting D = diag({l—&—%aiT Q—ioi}l )
this can be compactly written

N

1+T
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Note at this point that, from Lemma 7, ||®Q]| < (1 + @)L and

g et =

Besides, by Lemma 4 and the union bound,

P (max Di>1+a+ t) < Cne—cnmin(t?,t)
1<i<n

for some C, ¢ > 0, so in particular, recalling that o < C’ for some constant
C’ >0,

2(14+C") o
E[maxDii]:/ P<maxDii>t>dt—|—/ P(maXDii>t>dt
1<i<n 0 1<i<n 2(1+C7) 1<i<n
<2140+ /OO Cne~ermin((t=1+C)%1=(14+C) gy
2(1+C)
=2(1+C") + Cne~ " dt
1+C’

=2(14C") + e "I+ = O(1).

As a consequence of all the above (and of the boundedness of «), we have
that, for some ¢ > 0,

(10) ;HE [Q;ETDEQ] @QH < %

Let us now consider the second right-hand side term of (9). Using the
relation ab” + ba" < aa’ + bb" in the order of Hermitian matrices (which

unfolds from (a —b)(a—b)" = 0), we have, with a = T%QO'Z‘(%O'ZTQ_iO'i —a)
and b= T_%Qai,

% lz:; E |:<QO'Z'O';I—Q + QJZ'JTQ) <;UJ _i0i — a)]

1 & 1 2 1 <& . -
= Nii ;E Qo0 Q (TaiT o — a> + T ;E |:QUiU;FQ:|
— Lore no Xz A
= VTE [Q =3 DQEQ} + 7T\/TQ(I)Q
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where Dy = diag({F0, Q_;o; —a}). Of course, since we also have —aa —

bb" < ab" +ba’ (from (a+b)(a+0b)T = 0), we have symmetrically

% ZZ:;E [(QUiUiTQ + QUWTQ) (;UJ —i0i — aﬂ

=T E[ ETDQEQ]

n ~
TVT
But from Lemma 4,

1
P (HDQH > tna_%> =P <max fa;-rQ,icri -«

1<i<n

> tn5_5>

so that, with a similar reasoning as in the proof of Corollary 1,

1
< Cvnefcmin(nz‘ft2 n2TeL)

|75 [z pina | < VTR 1] < 00!

where we additionally used ||QX|| < /T in the first inequality.

Since in addition < Cn_%, this gives

1
< Cnf7a.

TZE[(QO'ZO‘ O + Qoo TQ) <T o] m—a)]

Together with (9), we thus conclude that

HE[Q] - QH < Cnfz.

Note in passing that we proved that

ZEQ Qi

where the first equality holds by exchangeability arguments.
In particular,

1 17 c
| = e lez=e=e]| <

n

IE[Q-@Q- H—*

1 1 1
= ZwBB[Q ] = . tr BB(Q] + - tr B(E[Q_] ~ B[Q)
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where |1 tr ®(E[Q_] — E[Q])| < £. And thus, by the previous result,

c
n

1 ~ 1
o — Ttr@Q‘ < C’TF%“T tr ®.

We have proved in the beginning of the section that % tr ® is bounded and
thus we finally conclude that

L a0 < on-3
a— ot < Cnf72.

5.2.2. Second Equivalent for E[Q]. In this section, we show that E[Q)]
can be approximated by the matrix @, which we recall is defined as

~ (n @ 7 -1
@= <T 115 7 T>

where § > 0 is the unique positive solution to § = %tr ®Q. The fact that
6 > 0 is well defined is quite standard and has already been proved several
times for more elaborate models. Following the ideas of (Hoydis, Couillet and
Debbah, 2013), we may for instance use the framework of so-called standard
interference functions (Yates, 1995) which claims that, if a map f : [0, 00) —
(0,00), z — f(x), satisfies x > 2’ = f(z) > f(2), YVa > 1,af(x) > f(ax)
and there exists z¢ such that xo > f(zo), then f has a unique fixed point
(Yates, 1995, Th 2). It is easily shown that § — %tr ®Q is such a map, so
that § exists and is unique.

To compare Q and Q, using the resolvent identity, Lemma 5, we start by
writing

- -n P =
Q_Q:(a_é)Qi(l—i-a)(l—l-&Q
from which
1 _
0= b= | e (B0~ Q)
< ‘;tré (Q — Q)’ LenT3te
PN TR L
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which implies that

1 @Q%@Q 1
— 1——tr——=~ | < +e,
law — 4 ( tr §l )i 6)) cn” 2

It thus remains to show that

1 PQLPQ
lim sup — tr Q7@
n

T Ot to) - °

to prove that |a — 0| < enf=3. To this end, note that, by Cauchy—Schwarz’s
inequality,

1 @QTQQ n 1 ~ n
T" 0+ o)1 +90) S\/:r(1+5)2T“”I’2Qz‘T( 2T

tr P2()2

so that it is sufficient to bound the limsup of both terms under the square
root strictly by one. Next, remark that

oo Lueprote MAHD 1 geme . 1 55
5_Ttr<I>Q—Ttr<I>QQ = T 10) TtrCIJQ +7Ttr<I>Q.

In particular,

471 ltr @2@2 o 5T(1+5 2711131' (I)2Q2 < 1)
T(1+0)*T _(1+5)WTtr@2Q2 VA reQ? T 144

But at the same time, since ||(F#® + )7 <47

1
0< —trd
~T

the limsup of which is bounded. We thus conclude that

. n 272

Similarly, «, which is known to be bounded, satisfies

a=(1+a) ltrc1>2Q2JrfyTth?JrO( 7)

_n
T(l1+«)2T
and we thus have also

hmm1—————~—t@22<1
SO a2 T Q
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which completes to prove that |a — | < en®s.
As a consequence of all this,

Q12Q
(14 a)(1+49)

1
2t

1Q —Qll =la— 0

<cn

and we have thus proved that ||E[Q] — Q| < en~27¢ for some ¢ > 0.

From this result, along with Corollary 2, we now have that

1 1 =

<p <';trc2— }uE[Q]\ St ‘;trE[Q] - ;tr@])

< C/e—c’n(t—cn_%+5) < Cle—%c’nt
for all large n. As a consequence, for all v > 0, %trQ — %tr@ — 0

almost surely. As such, the difference m,, — my, of Stieltjes transforms
my, : C\RT = C, 2 = Ltr(+XTE — 2I7)~! and my, : C\ Rt — C,

Z %tr(%% — zI7)~! (with 6, the unique Stieltjes transform solution
to &, = & tr @(%% — zI7)~!) converges to zero for each z in a subset of

C \ R" having at least one accumulation point (namely R™), almost surely
so (that is, on a probability set A, with P(A;) = 1). Thus, letting {2z},
be a converging sequence strictly included in R™, on the probability one
space A = N2 Ag, my, (2r) — mp, (zx) — 0 for all k. Now, my, is com-
plex analytic on C \ RT and bounded on all compact subsets of C \ RT.
Besides, it was shown in (Silverstein and Bai, 1995; Silverstein and Choi,
1995) that the function my, is well-defined, complex analytic and bounded
on all compact subsets of C\ R*. As a result, on A, m,,, —m, is complex
analytic, bounded on all compact subsets of C \ R and converges to zero
on a subset admitting at least one accumulation point. Thus, by Vitali’s
convergence theorem (Titchmarsh, 1939), with probability one, m,,, —mp,
converges to zero everywhere on C\ RT. This implies, by (Bai and Silver-
stein, 2009, Theorem B.9), that u, — i, — 0, vaguely as a signed finite
measure, with probability one, and, since fi,, is a probability measure (again
from the results of (Silverstein and Bai, 1995; Silverstein and Choi, 1995)),
we have thus proved Theorem 2.

5.2.3. Asymptotic Equivalent for E[QAQ)], where A is either ® or sym-
metric of bounded norm. The evaluation of the second order statistics of
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the neural network under study requires, beside E[Q], to evaluate the more
involved form E[QAQ)], where A is a symmetric matrix either equal to ®
or of bounded norm (so in particular ||QA| is bounded). To evaluate this
quantity, first write

E[QAQ] =E [QAQ] + E [(Q — Q)AQ)]
—E[QAQ] +E [Q <;S:5 - T2T2> QAQ]

B[QAQ] + 7+ <F [Q2QAQ] - —ZE |Qoi0] Q4Q)] .

Of course, since QAQ is symmetric, we may write
1 - ~ 1 _ ~
E[QAQ] = 5 (E [QAQ +QAQ) + 7B [Q2QAQ + QAQe(Q)]
= > E Q0107 QAQ + QAQoio] Q])

which will reveal more practical to handle.

First note that, since ||E[Q] — Q|| < Cn®"z and A is such that QA is
bounded, ||E[QAQ] — QAQ]|| < ||QA||E[Q] - Q| < C'n~3, which provides
an estimate for the first expectation. We next evaluate the last right-hand
side expectation above. With the same notations as previously, from ex-
changeability arguments and using QQ = Q_ — Q%O’O‘TQ_, observe that

1 - TA _ n TA
T;E {Qaiai QAQ} = ZE [QJU QAQ}
_np|@- UUTQAQ
T |1+407Q-0c
n 1 TA
= 71430 Q-0 QAQ]
n 1 T TUTQ o
+T17—|-5 @00 QAQ O’TQO']




40 C. LOUART ET AL.

which, reusing QQ = Q- — Q%JUTQ,, is further decomposed as

%Z E [Qgiaj QAQ}
T 1 Q- UUTQAQ oo Q_
TmE[Q o7 QAQ} T21—|—5 1+ L07Q o ]
n TA J— %UTQ,U
+ TE Q—UU QAQ— (1 + 5) (1 + %GTQ_U)]
_n Q_00"QAQ_oo"Q_ ((5 — %O‘TQ_O')
T (1+46) (14 lJTQ,U)2
n 1 5T F0TQAQ o
= i le0010 ) - L gBla o 701,70 .
n oot (0—%0'Q_0) _
Tl e (146) (1+ 707Q0) QAQ-
T 1T
B ﬁE o7 TO' QAQ_o (5— TO Q_U)
| (1+6) (14 20TQ-0)?

=721+ 2o+ Zs+ Zy

(where in the previous to last line, we have merely reorganized the terms
conveniently) and our interest is in handling Z; + ZlT + Zy + Z2T + Z3 +
Z;,r + Zy + Z4 Let us first treat term Zs. Since QAQ_ is bounded, by
Lemma 4, 10T QAQ_o concentrates around 7 tr PQAE[Q_]; but, as ||@Q)||

is bounded, we also have ]T tr PQAE[Q_] — T Ltr®QAQ| < en=3. We thus
deduce, with similar arguments as previously, that

1 T 1 N AN
_ T el ~ T TO' QAQ_U _ T tr @QAQ
Q00 Q-Cn"2 2 Q00 Q- 1+10TQ 0o 146

= Q_O'O'TQ_CHE_%

with probability exponentially close to one, in the order of symmetric ma-
trices. Taking expectation and norms on both sides, and conditioning on the
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aforementioned event and its complementary, we thus have that

%UTQAQ_O' % tr 8PQAQ

1+ L0TQ a| BlQ-2Q- 17—

E [Q_O'O'TQ_

’

< |B[Q-Q-]|| Cne~ + C'ne™
< |E[Q-9Q_]|| C"n° >

But, again by exchangeability arguments,

2
FlQ 9Q | =E[Q 00"Q | =F |Qoo"Q <1 + ;UTch) ]

Ty [Q;ETDQZQ]

n

with D = diag({1 + %JZTQ_O'i}), the operator norm of which is bounded as
O(1). So finally,

%UTQAQ_O'
1+ 707Q 0

LtrdQAQ
N
E|Q-c0o Q- *E[Q—‘I)Qf]TlT

1
H < (Cnf 2.

We now move to term Z3+ Z4 . Using the relation ab” +ba’ < aa™ +bbT,

Q_00"TQAQ_ +Q_AQoo"Q_
1+ 707Q-0)?

1

T
(6 — 70 Q-o)

(6 —+0TQ-0)?
1+ iUTQ_U)‘lQ_UUTQ_

= \/E%E [Ql

< vnE

1 _ _
+F [Q_AQJUTQAQ_}
1 o

—E |Q_AQPQAQ_

TP 10-4Q2Q4Q ]

and the symmetrical lower bound (equal to the opposite of the upper bound),
where D3 = diag((6 — %0;'— —i03) /(1 + %O’;FQ_Z'O'Z')). For the same reasons
as above, the first right-hand side term is bounded by Cnf=2. As for the
second term, for A = I, it is clearly bounded; for A = ®, using %% =
It — 7Q, E[Q_AQ®QAQ_] can be expressed in terms of E[Q_®Q_] and
E[Q_QF®Q_] for k = 1,2, all of which have been shown to be bounded (at
most by Cn®). We thus conclude that

1 4 Q_00"QAQ_+ Q_AQooTQ_
E [(5 — TU Q—O’) (1 n %O-TQio-)Z

Tszng} +

1
< (Cn® 2.
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Finally, term Z4 can be Pandled similarly as term Z and is shown to be

of norm bounded by Cn®~2.

As a consequence of all the above, we thus find that

__ nE[QeQA E[Q_#QAQ_
E[QAQ]:QAQ+;W; [Q1+Q5Q]

1446
n %tr@@AQ
T (1496)?

E[Q_®Q_]+ O(n°2).

It is attractive to feel that the sum of the second and third terms above
vanishes. This is indeed verified by observing that, for any matrix B,

EQBQ) - E[QBQ| = 7E [@ro"@ BQ)]
= %E [QJJTQBQ <1 + ;‘FUTQ_U)]
_lg [QlZTDEQBQ}

n T

and symmetrically

1

n

1
B[QBQ] - E[QBQ_| = -F [QBQTETDEQ}
with D = diag(1 + %aiT Q-_;0i), and a similar reasoning is performed to
control E[Q_BQ|—E[Q_-BQ-] and E[QBQ_]—E[Q_BQ_]. For B bounded,
|E[Q+EXTDEQBQ]|| is bounded as O(1), and thus | E[QBQ] — E[Q_BQ_]|
is of order O(n~!). So in particular, taking A of bounded norm, we find that

n % tr PQAQ

Ty Q-2+ 00T

E[QAQ] = QAQ +

Take now B = ®. Then, from the relation ABT + BAT < AA" + BBT in
the order of symmetric matrices,

HE (Q3Q] — %E (Q_®Q + Q<1>Q]H

E [Q;ETDE@I)Q + QCDQ;,ETDEQ} H

1
2n

1 1 1 1 1
<5 (HE [QTE DEQ Y DZQ] H + ]E[Q(I)Q@Q]H).
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The first norm in the parenthesis is bounded by Cn® and it thus remains
to control the second norm. To this end, similar to the control of E[Q®Q)],
by writing E[Q®Q®Q)] = E[Qo10] Qoa04 Q] for o1, 09 independent vectors
with the same law as o, and exploiting the exchangeability, we obtain after
some calculus that E[Q®Q)] can be expressed as the sum of terms of the form
E[Q 731, DY Q1) or E[Q4 1 731, DY 1 Qi 751 D%y Q4] for
D, D5 diagonal matrices of norm bounded as O(1), while ¥4 and Q4 are
similar as 3 and @, only for n replaced by n+2. All these terms are bounded
as O(1) and we finally obtain that E[Q®Q®Q)] is bounded and thus

[plesal - El0-0@+qoq.]| < €.

With the additional control on Q®Q_ — Q_PQ_ and Q_PQ — Q_PQ_,
together, this implies that E[Q®Q] = E[Q_®Q_]+0) (n~1). Hence, for A =
®, exploiting the fact that %ﬁ@@@ = & —~vQ®, we have the simplification

nE [Q2Q2Q] nE[Q-2Q2Q_]

BleeQl=0e@r 75— "7 145
1 292
n T tr(I) Q _1
tT v MO O
1 292
— — n T tr(b Q _1
= QPQ + TWE[Q(I)Q] + OH.”(n‘S 2).
or equivalently
1 292
n T tr ® Q - 1
E[Q2Q] (1 - TW) =QPQ + O (n""2).
L tr d2Q2
We have already shown in (11) that limsup,, %T(lT)Q < 1 and thus
QPQ
E[Q2Q] = o lueg T Oy (n°"2)
T T (149)2
So finally, for all A of bounded norm,
L o o
 AaA LTl PQAQ QIQ o1
E [QAQ] - QAQ + T (1 _|_ 5)2 n %trcI)QQQ + O(TL 2)
T (1496)2

which proves immediately Proposition 1 and Theorem 3.
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5.3. Derivation of ®gp.

5.3.1. Gaussian w. In this section, we evaluate the terms ®,;, provided
in Table 1. The proof for the term corresponding to o(t) = erf(t) can be
already be found in (Williams, 1998, Section 3.1) and is not recalled here.
For the other functions o(-), we follow a similar approach as in (Williams,
1998), as detailed next.

The evaluation of ®,, for w ~ N(0, I,) requires to estimate
7= (277)127/ o(wTa)a(wa)eféni"”de.
RP

Assume that a and b and not linearly dependent. It is convenient to ob-
serve that this integral can be reduced to a two-dimensional integration by

considering the basis ey, ..., e, defined (for instance) by
b _ab _a
e = a ey = ol Tladlloll Tall
llall’ | _ (aTb)
llalI>[I6]
and es, ..., e, any completion of the basis. By letting w = wie1 + ... +wpe,
and a = aje; (a1 = |af]), b = bier + boes (where by = % and by =
Ib][4/1 — %), this reduces Z to

1 B _ o
7- //a(wlal)a(wlbl+w2b2)e—5<w?+w5>dw1dwz.
2T RJR

Letting @ = [, W], @ = [a1,0]7 and b = [by,bo]T, this is conveniently
written as the two-dimensional integral
1 - ~
I=— [ o(@ a)o(@ be 21" .
2 R2

The case where a and b would be linearly dependent can then be obtained
by continuity arguments.

The function o(t) = max(t,0). For this function, we have
=L @ @Th- e TP g,
27 min(wTa,w7b)>0

Since a = ajeq, a simple geometric representation lets us observe that

{711 | min(@"a,d"b) > 0} = {r cos(f)er +rsin(f)ey | r >0, 0 € [0y — 37

}

b | 3
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where we defined 6y = arccos (ﬁ) = — arcsin (ﬁ) +%5. We may thus oper-

ate a polar coordinate change of variable (with inverse Jacobian determinant
equal to 7) to obtain

1 3 ) )
T =— /2 / (7’ COS(Q)dl) (7' COS(H)bl + TSin(@)bQ) T67%T2d0dr
2 6o—% JR+

1 (2 - -
=a;— ’ cos(0) (008(0)b1 + sin(@)b2> do rde 2" dr.
27T 0p—Z R+

With two integration by parts, we have that [, r3e~2™ dr = 2. Classical
trigonometric formulas also provide

2 ) 1 1,
cos(0)“df = = (m — 6p) + = sin(26y)
o x 2 2

)
1 b b1 b
== <7r — arccos <~1) + ~1~2>
2 1elf, /- liel 1ol

. N
B ) 1. L[ b
cos(f) sin(0)do = = sin?(6y) = = [ —

|7 cos(0)sin(0)a0 = 5 sin?60) 2<an>

us
0—3

where we used in particular sin(2arccos(z)) = 22v'1 — x2. Altogether, this
is after simplification and replacement of a1, b1 and bo,

I= %Ha””b” (\/ 1—Z(a,b)? + Z(a,b) arccos(—~4(a, b))) .

It is worth noticing that this may be more compactly written as
1 Z(a,b)
= —/al|lb arccos(—x)dx.
selalvl | (~)

which is minimum for Z(a,b) — —1 (since arccos(—z) > 0 on [—1,1]) and
takes there the limiting value zero. Hence Z > 0 for a and b not linearly
dependent.

For a and b linearly dependent, we simply have Z = 0 for Z(a,b) = —1
and Z = £||a|||||| for Z(a,b) = 1.

The function o(t) = |t|. Since |t| = max(t,0) + max(—t,0), we have

lwTa| - |wTb| = max(w'a,0) max(w'b,0) + max(w' (—a),0) max(w' (—=b),0)

+ max(w' (—a),0) max(w'b,0) + max(w' a,0) max(w' (—b),0).
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Hence, reusing the results above, we have here

7- ”a2| 161 (4v/1= Z(@.b)% + 2£(a.b) acos(~ £(a, b)) — 2(a,b) acos(Z(a, 1)) .
T

Using the identity acos(—z) — acos(z) = 2asin(x) provides the expected

result.

The function o(t) = 1;>0. With the same notations as in the case o(t) =
max(t,0), we have to evaluate

I_ 1/ o124
27 ) min(aTa,57h)>0

After a polar coordinate change of variable, this is

1 [z 1 0
T=_— ’ d9/ re” 3" dr = = — 2
27 fo— 2 R+ 2 2m

from which the result unfolds.

The function o(t) = sign(t). Here it suffices to note that sign(t) = li>0 —
1_¢>0 so that

U(wTa)U(wa) = LyTaz0luwTs>0 + LuT(—a)y>0lwT(—1)>0

- 1wT(—a)201wa20 - Lu)TazOle(—b)Zo

and to apply the result of the previous section, with either (a,b), (—a,b),

(@, —b) or (—a, —b). Since arccos(—z) = — arccos(z) + m, we conclude that
_p . T . T ,leHZ 290
Z=2m)" 2 sign(w' a)sign(w ' b)e 2" dw =1 — —.
RP T

The functions o(t) = cos(t) and o(t) = sin(t).. Let us first consider o(t) =
cos(t). We have here to evaluate

z cos (u?Td> cos (u}Ti)> ezl g

_277' R2

1 =To _aTa TP i TEN L2 5 ~
_ = (ezw @y ot a) (ezw b+€ X b) e 5 |lol| dip
8w R2

which boils down to evaluating, for d € {a + b,a —b,—a—+b,—a— lN)}, the
integral

o bl / e~ 31l gy — (9= ld?,
RQ
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Altogether, we find
7 — 1 (e—%llaerll2 +e 3 Ia—bll2> — e‘%(Ha”+”b”2)cosh(aTb).
2

For o(t) = sin(t), it suffices to appropriately adapt the signs in the ex-

pression of Z (using the relation sin(¢) = Q%(et + 7)) to obtain in the end

1
T = 3 (e—%llcﬂrbll2 + e—%lla—bIIQ) — e‘%(”“”H"’Hg)sinh(aTb)
as desired.

5.4. Polynomial o(-) and generic w. In this section, we prove Equation 5
for o(t) = (ot? + (1t + (o and w € RP a random vector with independent and
identically distributed entries of zero mean and moment of order k equal to
myg. The result is based on standard combinatorics. We are to evaluate

P =E [(CQ(WTG)2 +Guwa+ Co) (Cz(wa)2 +Guwb+ Co)} :

After development, it appears that one needs only assess, for say vectors
¢, d € RP that take values in {a,b}, the moments

E[(wTC)Q(wTd)Z] = Z Ci1 Ciy djl deE[wilwi2wjl w]2]

1112712
. 2 2 22 9 2. 7
—E myc d;, + E mac;, dj, + 2 g myCi, diy Cipdiy
1 117]1 11712

_§ 2 42 E E : 2.2 32
= m4Ci1d,L'1 + - mQCildjl
(51

151 1=j1

+ 2 Z — Z m%cil di1 Ciy dig

1112 11#12
= ma(c*)"(d?) +mi(llc]*lld]* - (¢*)T(d?))
+2m3 ((Td)? — ()T ()
= (my = 3m3) ()T (&) +m3 (Jlcl?dl? + 2(cTd)?)
E [(ch)z(wTd)} = Z Ci, Cip djElwg, wi,w;| = Zm30121di1 = mz(c?)d
t1i2] i1
B[(wTe)?] =3 eiycinBlws, wi,] = mollel]
1112
2

where we recall the definition (a?) = [a2,... ,a%]T. Gathering all the terms
for appropriate selections of ¢, d leads to (5).
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5.5. Heuristic deriwation of Conjecture 1. Conjecture 1 essentiz}lly fol-
lows as an aftermath of Remark 1. We believe that, similar to X, X is ex-
pected to be of the form ¥ = »° + 31;, where ¢ = E[o(w'X)]T, with

||%H < n° with high probability. Besides, if X, X were chosen as consti-
tuted of Gaussian mixture vectors, with non-trivial growth rate conditions
as introduced in (Couillet and Benaych-Georges, 2016), it is easily seen that
o =clp,+vand & = cl, + 9, for some constant ¢ and |[v|, ]3| = O(1).

This subsequently ensures that @ ¢ and ® ¢ ¢ would be of a similar form
(I)}X + 60" and (I)(;(X + 607 with (I)E(X and (I);)ZX of bounded norm. These
facts, that would require more advanced proof techniques, let envision the
following heuristic derivation for Conjecture 1.

Recall that our interest is on the test performance Fiost defined as

1

. . 2
Frosi = — ||[¥T = 5T H
test T BF

which may be rewritten as

1 T 2 Ty T ToaT T
B = 1r (YY )— ot (YQZ SV )+T2T tr (YQZ SETRQY )
(12)

=71 — 2o+ Zs.

IfY=3°+ 31; follows the aforementioned claimed operator norm control,
reproducing the steps of Corollary 3 leads to a similar concentration for
Eiest, which we shall then admit. We are therefore left to evaluating E[Z3]
and E[Z3].
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We start with the term E[Z5], which we expand as

E[Z,] = T2TE [tr(YQzTEYT)} - T2T Zn: [tr(YQo—ic};r YT)]
=1

o YQ_ioi6] YT
1 1+ %U;I—Q_iUi

= 2 S B [ (YQuoa YT
i=1

n

TT 146
2 1 & N o — lO'TQ_iO'Z'
=~ S Eltr (YQ_~U~6-TYT) 0T T% %%
TT1+5; e 1+ 10l Q_io;
an 1, (YE[Q |® f/T> c 2ty [t (YQETDiYT)]
= ———1tr _ o ~-——F |tr
TT1+6 XX TT 146

= Zo1+ Z22
with D = diag({d — %a;r _;0;}), the operator norm of which is bounded by
ns=3 ‘with high probability. Now, observe that, again with the assumption
that ¥ = X° + 61; with controlled 3°, Z92 may be decomposed as

T2T1j1u§E [tr (YQETDinH _ T2T141'5E [tr (YQETDEOY/T)]
+ T2f’1 le 11VTE [YQzTDa] .

In the display above, the first right-hand side term is now of order O(n“%).
As for the second right-hand side term, note that D& is a vector of inde-
pendent and identically distributed zero mean and variance O(n~!) entries;
while note formally independent of YQX.T, it is nonetheless expected that
this independence “weakens” asymptotically (a behavior several times ob-
served in linear random matrix models), so that one expects by central limit
arguments that the second right-hand side term be also of order O(n‘g_%).
This would thus result in

o 277/ ]. ~T E*l
BlZ)] = ~2 st (YE[Q_]CPXXY )+0(n )
_ 2n 1 3 VT e—1

L (YQ2 4 ¥T) + O(n= %)

2 = ST _ 1
-z (YQU Y T) +0(nH)
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where we used |[E[Q_] — Q|| < Cnf~3 and the definition Ui =715

We then move on to E[Z3] of Equation (12), which can be developed as

E[Z =E [tr (YQETEETEQYT)}
= tr (Y 0,63 6507 YT)}
T2T ”2221 [ (Qoi0i 0j0; ¢
1 - Q 10161— &jUTQ —Jj T
== E|tr|Y = Y
T =) 1+ 307 Q i0i 1+ 301 Q_jo;
1 < Q_ioi67 6;01Q-; 4
:TQTZZE tr <Yv1_|_1;.TZ ; .0-.1_|_LO.JTQ AO-.Y
i=1 j#i 79 %—i0i T &—j0j
1 & Q_i0i6] 650] Q_i 7
+ = E|tr|Y L L Y = Z31 + Z3o.
27 ; ( (1+ 0] Q-i0i)?
In the term Zso, reproducing the proof of Lemma 1 with the condition

| X || bounded, we obtain that ‘Ui concentrates around = tr<I> which

allows us to write
1 n o tr (D)o O
Zgy = ——=S B |t y @-i7i ﬁ( TXXMQ lyT
T2T . (1 + Tai Q_iO'i)Q

ir YQ,iO'i (5’T(3'Z —trd, )0’ Q 1
(1 + TQ—zUz)

XX

ZE

= 2321 + Z322

with D = diag({%a;r&i — %tr i} q) and thus Zsge can be rewritten as

Ty = A [m«( ?f;p\z/g )] = O(n°"2)

N
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while for Z3o1, following the same arguments as previously, we have

1 trd _ZUZUT —i
Zag) = XX ZE ( QQ - YT>

YQ_ioi0; To_ YT)}

(
L1 ) tY‘I’XX Z - 5 B [tr (YQaz TQYT) ((1 L6 - (14 ;UJQ—w?;)Q)]
(ve-

1 tr<I>XXZ 1+6 E[tr (YQETDEQyT)}

— E—5
- TQE[tr(YQ OyQ_Y )} 1+5 +O(nf3)
where D = diag({(1 +0)? — (1 + O'TQ_ZJZ)Q ).

Since E[Q-AQ_] = E[QAQ] + Oy (n* 2), we are free to plug in the

asymptotic equivalent of E[QAQ)] derived in Section 5.2.3, and we deduce
UxQ - Ltr (UxQPx(Q tr(P ¢ ¢

try [ Q0 + QUxQ n l 2"(9 xQ) ) yr| B(®xs)
1— 5 tr (95.Q?%) T(1+06)?

Z3g =

Lir (YQUXxQYT) 1 o1

The term Z3; of the double sum over ¢ and j (j # i) needs more efforts.
To handle this term, we need to remove the dependence of both ¢; and o;

in @ in sequence. We start with j as follows:

AT
6i0; Q_;
<YQai6J“YT>
&350

=1 j#i + T
AT
T 059;Q— vT
T2T ©-joi0; 1+ 70l Q_jo;
1= 1];&7, T ) =17
o 0]0 To_ ]O'ZO'T &ja;rQ,j vT
i
TgTz 1 j#i 0]Q-jo; 1+ 70/Q—;0;

= Z311 — Z312
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where in the previous to last inequality we used the relation

Q00 Q-;
Q=0Q-;— 121570 0
795 Q-j0;j

For Zs11, we replace 1 + %o;-r _joj by 146 and take expectation over w;

AT
T 09,Q- 1
(YQ‘]"’“’Z' 50700
j =377

( Q—; >3 E_]O']O' Q- j >
—j03j

Z [ (YQ T8 60TQ YTH

Q_jEijJ_j&jajTQ—j(fs - %U}Q—jaj)YT>
1+ 301Qjo;

311 -

= 1]751

T2T1+

n
T2T 146 z::
= Z3111 + Z3112-

The idea to handle Z3115 is to retrieve forms of the type Z?Zl dj&ja;r =

STDY for some D satisfying ID|| < nf=2 with high probability. To this
end, we use

Q,-Eiji_j _ Q,@ —Q,-Uj&jT
T I T
_QZTEA]_’_ QO']‘O';-I-Q ZTi_Q ‘Uja';»r
T 1-40Qo; T T

and thus Z3112 can be expanded as the sum of three terms that shall be
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studied in order:

V4 = E
3112 = T2T1+5Z

Q —j % —] *JUJO- JQ- ( l jTijUj)YT
1—|—TO' Q—;

= 1 L = AT T
+iLiE tr YQJJ"J‘TQETE&J'((:_ 19]@-97)9]Q 1
TT1+9 = T - TUTQJ].)
1 1 .
T2Tl+(523E|:tr <YQU]U G0} Q((s——a Q—jo;)(1+ 7% Q-jo;)Y >:|

= Z31121 + 231122 — Z31123-

where D = diag({6— = 70, TQ_jo;3" ). First, Z31121 is of order O(n“%) since

QET—E is of bounded operator norm. Subsequently, Z31190 can be rewritten

as
P 11 YQZTDZQYT O(ns—4)
= = = n
31122 Fl+ 5
with here
1T T2 1 1 "
((5 — 70 Q_jaj> ( tr (Q Py ) + 7 tr (Q_;®) 7 tr cI)XX)
D = diag

(1= 40]Qoj) (1 + 10]Q—j0;)

i=1
The same arguments apply for Z31123 but for

n

. tI‘(I)A % 1 T
D:dlag{TXX((S—TUj Q—jo;)(1+ TU]Q UJ)}

=1

which completes to show that |Z3112| < Cn=3 and thus
_1
Z311 = Z3111 + O(n°"2)

- T21T141r(5 ;E [tr <YQ—J’ZIJ'2—J‘5]‘UJ-TQ—]-YT)} +0(n"2).
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It remains to handle Z3111. Under the same claims as above, we have

P 1 1 & . (YQ Elji_jq) o YT>
3111 = — =7 ¢ E r 1T FXXwJ
TT 1490 = T

I o6} N

J=1 i#j
G
tr <Y Q—ngzUz q)XXQ_iij>

IR
=——— E
271+ ) Z Z 1+ %O’;I—Q_Z‘jai

=1 i#j
n - T

_ ;L ZZE tr |y Q;ijfi%T Dy Q*ijl'o-i_?:i Q—ij vT
3T 149 j=1 i#j L+ 707 @-ijoi 1+ 70, Q-ijoi

= Z31111 — Z£31112

where we introduced the notation Q_;; = (%ETE— %O'iO'iT— %ajcro+'yIT)_1.

For Z31111, we replace %UZTQ,UUZ- by &, and take the expectation over w;,
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as follows
7 — iz [t ( ”UZAT Q YT>
31111 = =7 ¢ r XX —ij
2
1 1 = T
= Wm ZZE [tr (Y —ij0i0; @XXQ_UY ﬂ

ZZE sziAT(‘S 797 ijUi)(I)A QT
T2T 1+52 — = 1+ 10l Q_jjo; XX

—"—Q#E [t (YQ T Ty YTH
= T2T(1+5)2 r ——PxxFxxY-——
1 5T L T
T2T 1 +5 2oy ZZE [tr (YQ JO'Z (5— TUZ ijai> q)XXQ*JY ):|
J=1i#j
5T M T L 10 0
T2T 1+6QZZE (YQ]W” T LT e <5 77 ”JZ>>]
=1 i#j T —j0i

n? 1

e el L LR LSRR )

1

+T2T<1+522E[“(m S50 QY]
kg SyEle Ao e ] o
n? 1

e e [ (YQ @@ @ YT)|+ 0@ )

with Q__ having the same law as Q—;;, D = diag({0 — %UiTQ_ijai}?zl)

/ST (5**‘7 Q- ’LJUZ)Ttr( XXQ*ij(I)XX) !
and D' = diag { 1= LoTQ o) (4 Lo Qo) i:1, both expected to be of

order O(ns_%). Using again the asymptotic equivalent of E[QAQ] devised
in Section 5.2.3, we then have

2 1 1
1 _ _ 1 YQUxQYT
— %tr (YQ\I/XX\I/XXQYT> ?tr (\IIXQ\PXX\IIXXQ) —(711’61"(\;%(@2))

+ O(nE*%).
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Following the same principle, we deduce for Z31112 that

o (Y Q_ijoio] o Q_ijoio] Qi YT)

1T XX 1T
1 + Tai —ijUi 1 + Tai Q_Z'jO'i

1 1 &

Z = —E § E

SH2 ™ rap 1 4 § £ £
J=1i#j

1 1 = - 1
= 7T3T7(1 T 5)3 Z ZE |:tI‘ (YQ,ijO'iO'i injy ) T tr ((I)XXQzJ(I)XX):|
j=1i#j

11 ¢ 1
g (1 ap 25 220 [ (Yool @) [ 0 )
2

1 1 _1
- %mE [tr (YQ,,@XQ,,YT) Tt ((I)XXQ(I)XX)] +O(n°"2)
1 . Lir(YQUXxQYT 1
— %tr (PxQ¥y ) 1 —(}Ltr(\l)f(%(QQ)> O(n°2).

with D; = % tr (q)XXQ—ij(I)XX) [(1 +0)?2—(1+ %U;I—Q_ij(fi)Q], also believed
to be of order O(n“%). Recalling the fact that Z3;1 = Z3111 + O(n‘f*%), we
can thus conclude for Z317 that

1 _ - 1 _ L 2tr (YQUXQYT)
2311 = ?tr (YQ‘I’XX‘I’XXQY ) + %tr (TxQU, 2 P44 Q) 1_ %tr(\I{QXQQ)

%tr (YQUxQYT) el
1_%&(\1]%(@2) +0(n°"2).

1 _
7 tr (\IJXXQ\I’XX)

As for Z312, we have

1 n
T3TZZE

i=1 j#i

1 n
37 ZE
J=1

2312 =

T T s T
o (YQ—jUjUj Q-joio; G0, Q- YT>

1 T o 1T p
1+ 70;Q—j0; 1—|—TU]-Q_]UJ

T T ¢ AT
. YQ_jajaj Q_jE_jE_j Gj0; Q- VT
g 14 L0T0 05 142070 00
70, &—505 T0; &30

Since Q_j%Eij]_j is expected to be of bounded norm, using the concen-
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tration inequality of the quadratic form Q _j UJ, we infer

T T
'UjU Q-;Y 1 T ¢ -
ZE ( il — )(TQtr(Q_jE_jZ_j‘I)XX)—I-O(nS

2312 =

—JUJ)2

Q,jO'jO'-Q,jYT 1 N
% J ¢ ( TS . )
r( 1+ 307 Q—jo;)? <T2 P\@mi PP ik

[SIE
~—
\_/
| I

We again replace %JJ-TQ,jUj by 0 and take expectation over w; to obtain

n

Zszl ZZE[U(YQ o501 Q YT) T2tr<Q >T z_jcbmﬂ
j=1

S E

J=1

tr YQ_&xQ_ YT>ﬁtr (Q—ETi—‘I’Xx)}

+
I~
S
T
[SIE

¢ ( P SLIB S )
O'T _]O'J)Q 72" @ TEXX

E
TT 1+<5 {

{tr YQZTDEQYT> —tr (Q_EIE_cDX X)} +O(n"2)

T2
with D; = (146)? — (1 + %UJ-TQ,]-JJ-)Q = O(nsf%), which eventually brings
the second term to vanish, and we thus get

n 1

Ly = o T o [tr (YQ OxQ- YT) ot (QEI‘Z?Q)XX)} +0(n""2),

For the term %tr (Q_Ezi_@ XX) we apply again the concentration
inequality to get

% tr (Q_thl—‘I)XX) - % Ztr (Q_jaﬁinI)XX)
i#]

T2 Q—Zjal XX

@#J

- 1 T 1 1 —szz (5 - T —ijUi)
_T21+5;tr(Qijgiai (I)XX)+7Q1+(5Ztr< 1+T : (I)XX

—3107
i i

n—1 1 1 1

= 7 155 T (CxxBlQ—-12x ) + o1

A Eil
S tr (QET, DS g ) + O H)
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with high probability, where D = diag({0 — %U;-r Q—ijoi}i—;), the norm of
which is of order O(na_%). This entails

1

1 Te n -1
ﬁtr (Q_Eiz_(bXX) = ﬁm tr (@XXE[Q__]QXX) +O(n€ 2)
with high probability. Once more plugging the asymptotic equivalent of

E[QAQ)] deduced in Section 5.2.3, we conclude for Z3;2 that

Lir (YQUxQYT) el
I~ Tumigy O

1 _
Z312 = 7 tr (\IJXXQ\I}XX)

and eventually for Zs;

1 _ _ 1 _ L (YQUxQYT)
Zn =zt (YQwy Wy QY >+?tr (TxQU (U Q) o)
Lir (YQUxQYT

L r(1Q xQ} )+O(n€*%).

Combining the estimates of E[Z5] as well as Z31 and Z33, we finally have
the estimates for the test error defined in (12) as

9 _
7 tr (\IJXXQ‘IIXX)

~ _ 2
VT 9T, YTH
xx@YV |,

1
Etest = ?

1 9 YT
Lir(YQUxQYT) [1 1 _ _ 2 _
n _%tr(QJQXQ2) ?tr\I/XX—F%tI‘ (\Ifo\IfXX\IJXXQ)—%tI‘ (\I/XXQ\IJXX)

+ O(ns’%).

Since by definition, Q = (¥x 4+ vI7) ', we may use
UxQ = (Vx +yIr —yIr) (Ux +yI7) "' = It —1Q
in the second term in brackets to finally retrieve the form of Conjecture 1.

6. Concluding Remarks. This article provides a possible direction of
exploration of random matrices involving entry-wise non-linear transforma-
tions (here through the function o(+)), as typically found in modelling neural
networks, by means of a concentration of measure approach. The main ad-
vantage of the method is that it leverages the concentration of an initial
random vector w (here a Lipschitz function of a Gaussian vector) to trans-
fer concentration to all vector o (or matrix ¥) being Lipschitz functions of
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w. This induces that Lipschitz functionals of o (or ) further satisfy con-
centration inequalities and thus, if the Lipschitz parameter scales with n,
convergence results as n — co. With this in mind, note that we could have
generalized our input-output model z = 3To (W) of Section 2 to

z=BTo(z; W)

for 0 : RP x P — R™ with P some probability space and W € P a ran-
dom variable such that o(z; W) and o(X; W) (where o(-) is here applied
column-wise) satisfy a concentration of measure phenomenon; it is not even
necessary that o(X;W) has a normal concentration so long that the corre-
sponding concentration function allows for appropriate convergence results.
This generalized setting however has the drawback of being less explicit and
less practical (as most neural networks involve linear maps Wz rather than
non-linear maps of W and ).

A much less demanding generalization though would consist in changing
the vector w ~ N, (0, I,) for a vector w still satisfying an exponential (not
necessarily normal) concentration. This is the case notably if w = p(w) with
©(+) a Lipschitz map with Lipschitz parameter bounded by, say, log(n) or
any small enough power of n. This would then allow for w with heavier than
Gaussian tails.

Despite its simplicity, the concentration method also has some strong
limitations that presently do not allow for a sufficiently profound analysis of
the testing mean square error. We believe that Conjecture 1 can be proved
by means of more elaborate methods. Notably, we believe that the powerful
Gaussian method advertised in (Pastur and Serbina, 2011) which relies on
Stein’s lemma and the Poincaré—Nash inequality could provide a refined
control of the residual terms involved in the derivation of Conjecture 1.
However, since Stein’s lemma (which states that E[z¢(z)] = E[¢/(z)] for
x ~ N(0,1) and differentiable polynomially bounded ¢) can only be used
on products z¢(x) involving the linear component x, the latter is not directly
accessible; we nonetheless believe that appropriate ansatzs of Stein’s lemma,
adapted to the non-linear setting and currently under investigation, could
be exploited.

As a striking example, one key advantage of such a tool would be the
possibility to evaluate expectations of the type Z = E[JJT(%UTQ_U —a)]
which, in our present analysis, was shown to be bounded in the order of
symmetric matrices by dCnE~2 with high probability. Thus, if no matrix
(such as Q) pre-multiplies Z, since ||®|| can grow as large as O(n), Z cannot
be shown to vanish. But such a bound does not account for the fact that
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® would in general be unbounded because of the term &' in the display
® = 66" + E[(0 —&)(0c —&)"], where & = E[o]. Intuitively, the “mean”
contribution 36 of ¢o ", being post-multiplied in Z by %UTQ,U—Q (which
averages to zero) disappears; and thus only smaller order terms remain.
We believe that the aforementioned ansatzs for the Gaussian tools would
be capable of subtly handling this self-averaging effect on Z to prove that
| Z|| vanishes (for o(t) = t, it is simple to show that ||Z|| < Cn~1). In
addition, Stein’s lemma-based methods only require the differentiability of
o(+), which need not be Lipschitz, thereby allowing for a larger class of
activation functions.

As suggested in the simulations of Figure 2, our results also seem to extend
to non continuous functions o(-). To date, we cannot envision a method
allowing to tackle this setting.

In terms of neural network applications, the present article is merely a
first step towards a better understanding of the “hardening” effect occurring
in large dimensional networks with numerous samples and large data points
(that is, simultaneously large n,p,T), which we exemplified here through
the convergence of mean-square errors. The mere fact that some standard
performance measure of these random networks would “freeze” as n,p,T
grow at the predicted regime and that the performance would heavily depend
on the distribution of the random entries is already in itself an interesting
result to neural network understanding and dimensioning. However, more
interesting questions remain open. Since neural networks are today dedicated
to classification rather than regression, a first question is the study of the
asymptotic statistics of the output z = BTo(Wz) itself; we believe that
z satisfies a central limit theorem with mean and covariance allowing for
assessing the asymptotic misclassification rate.

A further extension of the present work would be to go beyond the single-
layer network and include multiple layers (finitely many or possibly a number
scaling with n) in the network design. The interest here would be on the
key question of the best distribution of the number of neurons across the
successive layers.

It is also classical in neural networks to introduce different (possibly ran-
dom) biases at the neuron level, thereby turning o(t¢) into o(t 4+ b) for a
random variable b different for each neuron. This has the effect of mitigat-
ing the negative impact of the mean E[o(w] z;)], which is independent of
the neuron index 3.

Finally, neural networks, despite their having been recently shown to op-
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erate almost equally well when taken random in some very specific scenar-
ios, are usually only initiated as random networks before being subsequently
trained through backpropagation of the error on the training dataset (that is,
essentially through convex gradient descent). We believe that our framework
can allow for the understanding of at least finitely many steps of gradient de-
scent, which may then provide further insights into the overall performance
of deep learning networks.

APPENDIX A: INTERMEDIARY LEMMAS

This section recalls some elementary algebraic relations and identities
used throughout the proof section.

LEMMA 5 (Resolvent Identity). For invertible matrices A, B, A~1 —
B l=A"YB-A)B.

LEMMA 6 (A rank-1 perturbation identity). For A Hermitian, v a vector
andt € R, if A and A + tvv" are invertible, then

-1 ALy
dprt) o A
(A 0e™) o= i

LEMMA 7 (Operator Norm Control). For nonnegative definite A and
z€C\RT,

| (A= zIp)™ || < dist(z, RT) !
|A(A=zIp) M <1

where dist(x, A) is the Hausdorff distance of a point to a set. In particular,
for v >0, [(A+~I7)7Y <y~ ! and || A(A+~Ip) 7| < 1.
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