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Abstract

One of the most classical results in high-dimensional learning theory provides a closed-form
expression for the generalisation error of binary classification with a single-layer teacher—student
perceptron on i.i.d. Gaussian inputs. Both Bayes-optimal (BO) estimation and empirical risk
minimisation (ERM) were extensively analysed in this setting. At the same time, a considerable
part of modern machine learning practice concerns multi-class classification. Yet, an analogous
analysis for the multi-class teacher—student perceptron was missing. In this manuscript we fill this
gap by deriving and evaluating asymptotic expressions for the BO and ERM generalisation errors
in the high-dimensional regime. For Gaussian teacher, we investigate the performance of ERM
with both cross-entropy and square losses, and explore the role of ridge regularisation in
approaching Bayes-optimality. In particular, we observe that regularised cross-entropy
minimisation yields close-to-optimal accuracy. Instead, for Rademacher teacher we show that a
first-order phase transition arises in the BO performance.

1. Introduction

Starting with the seminal work of Gardner and Derrida [1] the teacher—student perceptron is a broadly
adopted and studied model for high-dimensional supervised binary (i.e. two classes) classification. In this
model the input data are Gaussian independent identically distributed (i.i.d.) and a single-layer teacher
neural network with randomly chosen i.i.d. weights from some distribution generates the labels. A student
neural network then uses the input data and labels to learn the teacher function. The corresponding
generalisation error as a function of the number of samples per dimension o = n/d was first derived using
the replica method from statistical physics in the limit #,d — oo for a range of teacher weights distributions
(Gaussian and Rademacher being the most commonly considered) and for a range of estimators, e.g.
Bayes-optimal (BO) or empirical risk minimisation (ERM) with common losses, see reviews [2—4] and
references therein. Notably, the phase transition in the optimal generalisation error of the teacher—student
perceptron with Rademacher teacher weights [5, 6] is possibly one of the earliest examples of the so-called
statistical-to-computational trade-offs that are currently broadly studied in high-dimensional statistics and
inference. More recently, these works on the teacher—student perceptron have been put on rigorous ground
in [7] for the BO estimation, and in [8] for ERM with convex losses.

© 2023 The Author(s). Published by IOP Publishing Ltd


https://doi.org/10.1088/2632-2153/acb428
https://crossmark.crossref.org/dialog/?doi=10.1088/2632-2153/acb428&domain=pdf&date_stamp=2023-2-14
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://orcid.org/0000-0001-9944-2498
https://orcid.org/0000-0002-6835-4871
mailto:fmignacco@princeton.edu

10P Publishing

Mach. Learn.: Sci. Technol. 4 (2023) 015019 E Cornacchia et al

Modern machine learning classification tasks most often involve more than two classes, e.g. 10 for
classification on MNIST or CIFAR10, or even 1000 in ImageNet. Multi-class classification is hence more
commonly considered in practice. To the best of our knowledge, the analysis of the high-dimensional
teacher—student perceptron has not been generalised to the multi-class setting yet. Closely related settings,
such as multi-task Gaussian process regression [9] and high-dimensional multi-class classification with
Gaussian mixture data [10—13] were recently reported, extending to the multi-class case previous works on
binary classification, see, e.g. [14—17]. However, as far as we know, the teacher—student setting is still missing.
In this paper we fill this gap. We define the multi-class teacher—student perceptron model and provide the
following main contributions'':

C1 We derive, prove and evaluate an asymptotic closed-form expression for the generalisation error of the
BO estimator in high-dimensions. In the case of Rademacher teacher weights we unveil a first-order phase
transition in the learning curve.

C2 Similarly, we derive, prove and evaluate an asymptotic closed-form expression for the generalisation per-
formance of ridge-regularised ERM with convex losses. In particular, we discuss and compare two widely
used loss functions: the square and cross-entropy losses.

C3 We compare optimally regularised cross-entropy classification to the Bayesian classifier, and conclude that
for three classes the two are extremely close, in analogy with what was observed for two classes [8].

The expressions in C1 and C2 depend on few scalar order parameters that can be efficiently obtained by
solving numerically a self-consistent system of equations. The main technical difficulty of analysing the
teacher—student perceptron with k > 2 classes is that the corresponding closed-form formulas are given in
terms of a set of coupled self-consistent equations on (k — 1) x (k — 1) dimensional matrix variables (a.k.a.
order parameters), involving (k — 1)-dimensional integrals. This poses some challenges in both the
mathematical proof and the numerical evaluation of their solution. In this work, we overcome these
difficulties by building on recent works with similar matrix structure, notably the committee machine [18,
19] and the supervised k-cluster Gaussian mixture classification [20]. The heuristic replica method allows to
derive a generic set of equations covering both the BO case and the ERM cases. The rigorous proof for the
BO case is given in [18, 19] based on an interpolation argument. The ERM case, proven in this paper, adds
the difficulty of non-Bayes optimality to the matrix valued problem. This prevents the use of both
interpolation methods as in [18] or convex Gaussian comparison inequalities, see e.g. [21]. Here we handle
those difficulties by employing a similar proof strategy as in [20, 22], which leverages on the rigorous analysis
of matrix-valued approximate message passing iterations. Although the planted model considered here is
more elaborate than in [20, 22], we show that this problem is also amenable to a matrix-valued AMP
iteration by decomposing the data matrix into two parts aligned and orthogonal to the subspace spanned by
the columns of the teacher weights.

In this work, we focus on the teacher—student model as a theoretical playground where important
practical questions can be quantitatively studied, e.g. the impact of regularisation on the quality of learning or
how to optimally tune hyper-parameters. However, the assumption of i.i.d. Gaussian data is too restrictive to
capture the structure of real datasets. Hence, it is relevant to study extensions of this synthetic model that can
capture the complexity of realistic settings. For instance, adapting the realistic data models presented in [20,
23-26] to multi-class classification beyond the square loss is a feasible future extension of the present work.

1.1. The data model

We consider a multi-class classification problem where the training data X = (x;,. .. 7xn)T € R4 are
composed of n d—dimensional i.i.d. standard Gaussian samples, where x,,; ~ N (x,]0,1), Vi € {1,...,d},
Vu € {1,...,n}. The corresponding labels are Y = (y,,...,y,) " € {0,1}"*, each representing the one-hot
encoding of one of k possible classes. In particular, we assume the labels are generated by a teacher matrix
W = (W;,..w}) e Rk as

1 if]=argmax (W*Txl)
Yul = he{1,..k} \Wn . Yupe{l,...n}. (1)

0 otherwise

In the following, we will denote the output channel as ¢out(V) := €argmas,({n},c ) € 10; 1}, where ey, is the
standard one-hot vector with hth site equal to 1 and all other entries equal to zero. The teacher matrix W™ is
drawn with i.i.d. entries either from a standard Gaussian w;; ~ N (w;|0,1) or a Rademacher distribution

1 Code repository: https://github.com/rodsveiga/mc_perceptron.
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wj = %1 with equal probability. Note that for k = 2 this problem corresponds to the well-studied perceptron
problem with binary labels [1, 4].

In what follows, we will be interested in the problem of learning the teacher target function in the
high-dimensional setting, where n,d — oo at a fixed rate, or sample complexity, « = n/d, under two
estimation procedures: empirical risk minimisation (ERM) and Bayes-optimal (BO) estimation.

1.2. Empirical risk minimisation (ERM)

In the first case, the statistician (or student) is given only the training data (X, Y), and has to learn the teacher
weights W* with a multi-class perceptron model (x) = ¢ou:(W T x) by minimising a regularised empirical
risk over the training set:

W= argminggepaxi [L (W3 X, Y) +1ra (W)] 2)

with £L(W;X,Y) = ZZ:1 {(W'x,, ¥,.)- The loss £ accounts for the performance of the weights W over a
single training point. Two widely-used loss functions for multi-class classification are the cross-entropy

lz,y)=— Zleyl In (ez’/ Z;(:l ez’) and the square loss £(z,y) = (z—y) " (z— y) /2. We focus on ridge

regularisation ry (W) = \||W||%/2, where || - | is the Frobenius norm.

1.3. Bayes-optimal estimator

In the second case, known as Bayes-optimal setting, the student has access not only to the training data but
also to prior knowledge on the teacher weights distribution P;; and on the model generating the inputs and
labels (1). In the teacher—student setting under consideration, where labels are generated by a noiseless
channel, the BO estimator for the label y, . of a previously unseen point x,.y can be computed directly from

. A . N AT 0 . .
the BO estimator Wy of the teacher weights as 7, ... = dout(Wpo Xnew). The matrix Wgo is the minimiser of
the mean-squared error with respect to the ground-truth W*, i.e

WBO = argminWIEw*KX’y) ||W* W>'< H%; = EW* [(X,Y) [W*] . (3)

Note that computing explicitly the Bayesian estimator requires computing the posterior distribution, which
in general is unfeasible in high-dimensions. However, as we shall see, its performance can be characterised
exactly in such limit. A key quantity in our derivation is the free entropy density:

b= hm IEXW*and, (4)

d— o0

where the partition function Z; is the normalisation of the posterior distribution over the weights

P(W[X,Y) = H (W) Hé( ~ Gou (WTx,) ). (5)

In the BO setting, the free entropy density is closely related to the mutual information density between the
labels and the weights, see [7] for an explicit discussion of this connection.

1.4. Generalisation error

The performance of different optimisation strategies is measured through the average generalisation error,
i.e. the expected error on a fresh sample, also referred to as ‘problem average error’ in the machine learning
literature [27, 28]. As it is commonly done for classification, in this work we will be interested in the
misclassification rate (a.k.a. 0/1 error):

Egen(O‘) = Exncw:X)W*]l [A (W(a)) # ynew] ) (6)

where x,, is a previously unseen data point and y, ., the corresponding label, generated by the teacher as in
equation (1). Similarly, the estimator 7 is generated by the weight matrix W, which in turn depends on the
training set. We compare the performance obtained via ERM to the one of the BO estimator from

equation (3). Note that equation (6) for the BO error can be written as

Bayes

€gen — EEX:&W* (bout(W*Tx) - ¢out(<WTx>)H%

" AT
=1 _EX,x,W* (bout(W Tx)T(bout(WBOx)] )

(7)
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where for brevity x = Xy and (-) = Eyy|(x, w~), and we have used that || ¢eu(-)||3 = 1. Since the distribution
. . . . . AT
of Xeyw is rotationally invariant, the averaged quantity Ex . . w- [d)out(W*Txnew)T~ Gout(Wpo Xnew) | only

depends on the correlation between W* and Wio, which as we will show later concentrates to the maximiser
of the free entropy (4) in the high-dimensional limit.

2. Main theoretical results

From the definition of the generalisation error in (6) and of the teacher model (1), it is easy to see that
crucially the generalisation error only depends on the statistics of the k-dimensional quantities

(W*Txnew, WTxnew) € RF x R (a.k.a. local fields) — both for BO estimation and ERM. Therefore,
characterising the sufficient statistics of the local fields is equivalent to characterising the generalisation error.
Our key theoretical result is that in the high-dimensional limit considered here the local fields are jointly
Gaussian, and therefore the generalisation error only depends on the correlation 7, between the teacher W*
and the estimator W, and the covariances Q; and g, of the teacher and the estimator respectively (a.k.a. the
overlaps): m, = (;li)WT W q,= (%)WTWand Q= (é)W*TW* Note that we keep the subscript d to
emphasise that these definitions are still in finite dimension and to distinguish them from the corresponding
overlaps in the high-dimensional limit. As we will show next, these low-dimensional sufficient statistics can
be computed explicitly by solving a set of coupled (k— 1) x (k — 1) self-consistent equations.

2.1. Performance of empirical risk minimization
Our result holds under the following assumptions, in addition to the Gaussian hypothesis on the design
matrix X. Assumptions:

(A1) the functions £, ry are proper, closed, lower-semicontinuous, convex functions. The loss £ is differenti-
able and pseudo-Lipschitz of order 2 in both its arguments. We assume additionally that the regularisation
ry is strongly convex, differentiable and pseudo-Lipschitz of order 2;

(A2) the dimensions n,d grow linearly according to the finite ratio « = n/d;

(A3) the lines of the ground truth matrix W* € R?*¥ are sampled i.i.d. from a sub-Gaussian probability dis-
tribution in R

Theorem 2.1. Let & ~ Nj(0,1;). Under (A1)—(A3), for anypmr ofpseudo szschztzfunctwns
¥ i R 5 R 4, : R™K — R of order 2, the estimator W and Z = S-XW satisfy:

o+

(W) 5 Be 2 (™ e q i (1,06 9))] ®)

(@) L8| [ 2z tma Q" = m T ms (v e1))] ©)
RK

P ) - .
where — denotes convergence in probability as n,d — oo and the parameters (m, q, V) are the solution (assumed
to be unique) of the following set of self-consistent equations (where we introduced the auxiliary parameters

(,4,V) :

m=Ee |2 (g€ in"q i)f (g€, (2. )T

a=Ee |2 (g ¢, mq i, (@€ VS, @ eV,

V=Ee|2; (g~ ¢, g iw)ouf, (@€, V)]

= aBe [ [pdy Z5,(y,mq ' ?€,Q" —mTq 'm)
fouwr,mq ™' 26,Q" —mTq ' m)f,, (y.4'°€, V)],

4= B¢ [ dy Zou(y,ma ™ €,Q7 —m g 'm) (10)
fou 0. 0€V) fou a2 V) T]

V=—aE¢ [ [y dy Zo(r,mq ™' 26,Q" —m" q ' m)df,, (v.4'°€. V)]
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We have made use of the following auxiliary functions:

Zvj (’77A): IEW»‘e_%w*TAw*+'yTW*7 ZOTH (y’w’V) =Ez+6 (}’_ ¢out (VI/ZZ* +w>) 7
fo (M) =0yIn 27 (v, A),  fo (0w, V) =0duIn Z (y,w, V), (11)
fW (’Y’A) :profolr,\ (A_]’y) ’ fout (wa’ V) :proxV£(~,y) ((“J)

where w* ~ P, that is the distribution (in R¥) of the teacher weights, Z* ~ N(0,I},). For brevity, in the
definitions we have indicated by v, A, w the generic arguments of the auxiliary functions. V is the covariance
matrix of the normally distributed local fields Z*, Z. For any function f

prox,(x) = argmin l(Z )" Z —x)+A2) (12)
ZcRk

is a proximal operator (here defined with matrix parameters, see appendix D.3 for more detail). The simplified
expressions of the auxiliary functions are provided in appendix C.1 and depend on the choices of the teacher
weights distribution, the regularisation and the loss function.

2.1.1. Proof outline

We now provide a short outline of the proof for the asymptotic performance of the estimator obtained with
convex ERM. The idea, pioneered in [29] for a vector valued LASSO problem, is to express the estimator W
as the limit of a carefully chosen sequence whose iterates have an exact, rigorous asymptotic characterisation.
Such a sequence can be built using an approximate message-passing algorithm, which offers the possibility of
treating low-rank matrix-valued iterates, with state evolution equations characterizing their
high-dimensional statistics. In order to determine the AMP sequence with the correct fixed point, we
decompose the optimisation problem defining the multi-class estimator, isolating components that are
aligned and orthogonal to the subspace spanned by the teacher weights in order to separate random
quantities correlated and independent with the labels Y. We then design the AMP sequence whose fixed
point matches the optimality condition of the ERM problem, and rigorously obtain its state evolution
equations using [30, 31]. Using the strong convexity of the problem, we show that converging trajectories of
the AMP sequence can be systematically found, ultimately characterising the unique minimiser of the ERM
problem with the fixed point of the state evolution equations which match those of the replica prediction.

2.2. Bayes-optimal performance

The sufficient statistics describing the performance of the BO estimator (3) can also be derived in the
high-dimensional limit, and are closely related to the free entropy density. Indeed, in appendix B we show
that the BO estimator can be fully characterised by only one overlap matrix g € R**¥ which is given by the
solution of following extremisation problem:

P = extry {—;Tr[qfﬂ +Ur(q) + a\I/:m(q)} : (13a)

(@) =B |2 (a%€.a)m 2 (4%¢€.4)] | (13b)

Uou(q) = Ee U dy Zou (y;ql/za Q" - q) InZ5, (y;q”zé, Q - q)] : (13¢)
Rk

where (2.5, Z *,) are the auxiliary functions defined in equations (11), and ® the free entropy density of

equation (4). Extremising the equation above leads to the following set of self-consistent equations:

{q:Eg Zr@ear @ @en]. "

q=0aB¢ [ dy 20 (7:0°€,Q" — )f 5 (:42€,Q" — @) [ (12 6,Q" —q)T

where (f),f. ) are defined in equations (11). Note the similarity between equations (14) above and
equations (10) for the sufficient statistics of ERM. Indeed, the equations above can be obtained from those of

ERM via the following mapping, known in the context of statistical physics as Nishimori conditions [32]:

fo = o fowe = fouts m— q, it — g; VoQ —q,V—=Q +4. (15)
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Intuitively, the student’s additional knowledge of the data generating process is translated by choosing the
same set of auxiliary functions as the teacher. These conditions imply, on average, no statistical difference
between the ground truth configuration and a configuration sampled uniformly at random from the
posterior distribution. Therefore, in the BO setting there is no distinction between the teacher—student
overlap and the student self-overlap. This connection is further discussed in appendix B, where we show that
both sets of equations can be derived from a common framework.

Despite the close similarity between the two sets of self-consistent equations, note one key difference: the
set of extrema in equations (14) is not necessarily a single point. This means that, differently from
equations (10), the fixed-point of the self-consistent equations (14) might not be unique. In this case, it is
important to stress that the overlap g corresponding to the BO estimator (3) is, by definition, the one with
highest free entropy density. Therefore, the BO generalisation error is evaluated by finding the fixed point of
equations (14) that maximises the free entropy (13).

A proof of this claim and of equations (14) and (13) for the BO case was done in ([ 18], Theorem 3.1, and
[19]) for the committee machine, by an interpolation method that shows the correctness of the replica
prediction for the free-entropy of the system. Their proof applies to teacher—student committee machines
with bounded output channel, prior distribution with finite second moment and Gaussian i.i.d. inputs.
Therefore, it applies to the multi-class perceptron of our setting, with both priors.

2.3. Generalisation error
The characterisation of the error in the high-dimensional limit is a direct consequence of Theorem 2.1.

Corollary 1. In the high-dimensional limit the asymptotic generalisation error associated to the ERM
estimator (2) can be expressed only as a function of the parameters (m, q) obtained by solving the self-consistent
equations (10):

Q" m
Egen = ]P(V,;L)NN(O,E) ((bout(p‘) 7é ¢out<y)) 5 where Y= |: m q} . (16)
The proof of Corollary 1 is straightforward and follows by noticing that for any v, the function
V(Z) = 1(Pout(Z) # dour(v)) is pseudo-Lipschitz.
As one can expect from the discussion in section 2.2, the BO error is obtained by a similar, but simpler
expression depending only on the overlap g, obtained by extremising (13):

Egen = Png(o,Ik) (¢out(q1/2£) 7& Qsout(Q* 1/26)) . (17)
3. Approximate message-passing algorithm

In order to illustrate our theoretical results for the performance of the Bayesian (3) and ERM (2) estimators,
we would like to compare our asymptotic expressions for the generalisation error with finite instance
simulations. On one hand, the regularised empirical risk defined in (2) is strongly convex, and therefore it
can be readily minimised with any descent-based algorithm such as gradient descent or stochastic gradient
descent. Indeed, in the ERM simulations that follow we employ out-of-the-box multi-class solvers from
Scikit learn [33] to assess our theoretical result from Theorem 2.1. On the other hand, explicitly computing
the Bayesian estimator (3) requires sampling from the posterior, an operation which is prohibitively costly in
high-dimensions. Instead, in this manuscript we employ an Approximate Message Passing (AMP) algorithm
to efficiently approximate the posterior marginals. AMP has several interesting properties which make it a
popular tool in the study of random problems. First, it is proven to be optimal among a class of random
estimation problems [34], and for this reason it is widely used as a benchmark to assess algorithmic
complexity. Second, it admits a set of scalar state evolution equations allowing to track its performance in
high-dimensions [30].

For the BO estimation problem considered here, AMP is summarised by the pseudo-code in Algorithm 1,
which can be found in appendix E. It follows the well-known AMP algorithm for generalised linear
estimation [35, 36], which takes advantage of the high-dimensional limit d — oo by approximating the
posterior distribution (5) by a multivariate Gaussian through a belief propagation procedure expanded in
powers of d~!. The difference is that the estimators w; are k-dimensional vectors and their variances Cj are
k x k dimensional matrices, j = 1,...,d. The update functions f, , and f,, are defined in appendix C.1. For a
detailed derivation of the algorithm, see [37].

Several versions of this k-fold AMP and the associated state evolution appeared in previous works, e.g.
[18]. It can be shown that the state evolution equations associated to Algorithm 1 for BO estimation coincide
exactly with the self-consistent equations (14) presented in section 2.2 starting from an uninformed

6
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initialisation q, ~ 0 [18]. This interesting property implies that when the extremisation problem in

equation (13) has only one extremiser, AMP provides an exact approximation to the BO estimator in the
high-dimensional limit. Instead, when there are more than one maxima in equation (13), AMP will converge
to an estimator with overlap q closest to the uninformed initial condition. If this is not the global maximum,
this corresponds to a situation where AMP differs from the BO estimator. Since AMP provides a bound on
the performance of first-order algorithms, this situation is an example of an algorithmic hard phase, where it
is conjectured that the statistical optimal performance cannot be achieved by algorithms running in time

~ O(d).

We have implemented Algorithm 1 for k = 3 classes using the mapping presented in appendix A, which
makes the estimators (k — 1)-dimensional vectors and their variances (k — 1) x (k— 1) dimensional
matrices. The detailed expressions for the computation of the denoising functions, as well as the integrals to
be numerically evaluated are presented in appendix F.

4, Results for k = 3 classes

In this section we apply our theoretical results to the case of k =3 classes and compare them with numerical
simulations. The prior reduction discussed in appendix A allows us to implement easily and efficiently the
numerical experiments in this case. Although our theory is valid for any finite k, the experiments at k larger
than 3 are computationally more demanding and we leave their implementation to future work.

We investigate the dependence of the learing curves on the sample complexity a. First, we consider the
case of Rademacher teacher prior and show that a first-order phase transition arises in the BO performance.
Then, we turn to Gaussian teacher prior and explore the role of the regularisation strength A in approaching
the BO performance with ERM. For an overview on the empirical and theoretical literature on learning
curves, see [28].

4.1. Bayes-optimal performance for Rademacher teacher

The main difference between Gaussian and Rademacher teacher is that in the second case perfect
generalisation is achievable at finite sample complexity, in line with the results known for the two-classes case
of [2, 5, 6]. To compute the optimal information-theoretical performance, we have evaluated the global
extremum of the replica free entropy. To this end, we have run the replica saddle point iterations

equations (14) with both uninformed and informed initialisations and computed the free entropy (13) of the
fixed points (if distinct) reached by the two initialisations. In figure 1 we report the generalisation error
corresponding to the fixed points reached by the two initialisations, along with their corresponding free
entropy in the inset. We found that indeed, for Rademacher teacher weights, the generalisation error
decreases continuously for o < al(l;:ﬂ ~ 2.45, and then jumps to zero for all o > aﬁ:ﬂ. From a statistical
physics perspective, this discontinuous transition in the error corresponds to a first-order phase transition
associated to the discontinuous appearance of a second extremum associated to perfect learning in the free
energy potential. As we have previously discussed, the state evolution of the AMP Algorithm 1 is equivalent
to gradient descent on the free energy potential (13) starting from an uninformed random initialisation.
Therefore, the appearance of a second extremum away from zero implies that AMP is not able to achieve the
BO statistical performance. Since AMP is conjectured to be optimal among first-order methods [34], this
result is an example of a fundamental statistical-to-algorithmic gap in this problem. For a > ailkg?) ~2.89,
we observe that the uninformed minimum disappears, and we can check that this coincides with the sample
complexity at which AMP is able to achieve zero generalisation error from random initialisation. This marks
the algorithmic threshold, i.e. the sample complexity beyond which perfect generalisation is reachable
algorithmically efficiently. Our findings thus suggest the existence of an algorithmic hard phase for

(k=3) (k=

app  <a<ay %) where the theoretically optimal performance is not reachable by efficient algorithms.

go
We note here the comparison with the canonical perceptron with Rademacher teacher weights and two
classes, where the same thresholds are well known to be aI(’;ZZ) =1.249, aif;z) = 1.493 [5-7]. Naturally,

these values are roughly twice smaller than the ones for k = 3 since for k classes the teacher has k — 1
independent d-dimensional binary elements that need to be recovered in order to reach perfect
generalisation. Comparing more precisely the values for k = 3 and also their difference, all are slightly smaller
than the double of the values for k= 2.

4.2. Bayes-optimal performance for Gaussian teacher

Figures 2—4 summarise our results for the case of Gaussian teacher weights. The BO error, computed from
equation (7), is depicted by the dashed black line in both figures and is a smooth, monotonically-decreasing
function of the sample complexity a. Interestingly, for Gaussian teacher weights, the Bayes-optimal AMP
algorithm—described in section 3 and marked by the green symbols in figure 2—achieves the BO

7
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Figure 1. AMP for Rademacher teacher prior with k = 3 classes. Left: Generalisation error £ge, as a function of « evaluated via
equations (17). The orange points mark the error asymptotically reached by the randomly initialised AMP. The blue points mark
the BO error. The inset depicts the corresponding free entropies, their crossing locating the information-theoretic transition to
perfect generalisation at o, & 2.45. AMP reaches perfect generalisation starting from 0121:3 =2 2.89. Right: Diagonal (qoo) and
anti-diagonal (qo1) entries of the self-overlap matrix as a function of @ in the BO setting. The full lines mark the fixed points of
equations (14), the symbols represent the result obtained by the AMP algorithm averaged over 20 runs.

.\ 2.0
0.67 15
) 5
\ ol FTLeveesy
yevev Ly
c \\ C>) x‘l“u‘ —— Goo, theory
30.4 R v
w - A qo, AMP
'\ 2 4 6
- ~ a
2
0 = = Bayes-optimal ‘ﬁ.._._.
& AP e £SO
0 2 4 6

Figure 2. AMP for Gaussian teacher prior: Generalisation error g, as a function of cv. The green symbols mark the performance
of AMP (averaged over 20 runs). The dashed black line marks the BO error. The inset displays the diagonal (qoo) and
anti-diagonal (go1) entries of the overlap matrix in the BO setting. The full lines mark the fixed points of equations (14), while the
symbols represent the result obtained from the AMP algorithm.
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Figure 3. Bayes-optimal and ERM performances for Gaussian teacher weights. Left: Generalisation error € as a function of the
sample complexity o. The dashed line marks the BO error. Full lines mark the performance of ERM with cross-entropy (blue)
and square loss (orange), both at optimised ridge regularisation (A =0.01 and A = 1 respectively, see figure 4) from the fixed
points of equation (10). The symbols mark the results from numerical simulations at d = 1000, averaged over 250 seeds. We also
plot the performance of simulations at zero regularisation and theory at A\ — 01, for both cross-entropy (teal) and square loss
(purple). Right: Large—ca behaviour of the error. The dashed line marks the BO error, the symbols mark ERM at fixed A = 1.

performance. This is highly non-trivial: computing the Bayesian estimator usually requires sampling from
the posterior distribution of the weights given the data, and therefore can be prohibitively costly in the
high-dimensional regime considered here. For Gaussian weights AMP provides an exact approximation of
the posterior marginals in quadratic time in the input dimension.

8



10P Publishing

Mach. Learn.: Sci. Technol. 4 (2023) 015019 E Cornacchia et al

0.4 a=1.1

0.1

1073 1072 1071 100 1073 1072 1071 10° 101
A A

Figure 4. Gaussian teacher prior: the role of regularisation in ERM. Generalisation error g, as a function of the regularisation
strength ), at fixed sample complexity c. Different values of « are depicted with different colours. The curves are the result of
numerical simulations performed at dimension d = 1000, averaged over 250 instances. For cross-entropy loss (left figure) we
conclude that for these values of a the optimal ) is close to 0.01. For square loss (right figure) we observe that for these values of
« the optimal A is close to 1.

4.3. Approaching Bayes-optimality with ERM

Instead, how does ERM compare to the Bayesian estimator? Note that the empirical risk in equation (2) is
convex, and therefore, at variance with the posterior estimation, this problem can be readily simulated using
descent-based algorithms such as stochastic gradient descent. The generalisation error obtained by ERM is
plotted in figure 3 as a function of the sample complexity. The full lines depict our theoretical predictions for
the learning curves while the symbols mark the results from numerical simulations performed at finite
dimension d = 1000 (more details on the numerics are provided in appendix G). We find excellent
agreement between the two. For both cross-entropy and square losses, we show the performance achieved
without regularisation (A = 0) and with optimal A, obtained by cross-validation on a fixed grid, in figure 4.
Interestingly, we find that the optimally-regularised cross-entropy loss achieves a close-to-optimal
performance, while the square loss maintains a finite gap with respect to the BO error even at fine-tuned
regularisation strength. Similar results were obtained for the two-classes teacher student perceptron [8]. The
fact that regularised cross-entropy minimisation is so close to optimal also in multi-class classification is
remarkable and the generality of this finding is worth further investigation.

4.4. Large—c behaviour

Figure 3 (right) considers again a Gaussian teacher prior and explores the behaviour of the generalisation
error at large sample complexity. The BO performance is depicted in black and decays as 1/« in the large—a
regime. On the other hand, the performance obtained by ERM at fixed A displays a slower decay o~ '/2. This
is again compatible with the behaviour observed in the two-classes case [8]. It remains to be analysed
whether for k > 2 the optimally regularised ERM achieves the 1/« rate as it does for the two classes.

4.5. The role of regularisation

Figure 4 further illustrates the role played by ridge regularisation. We plot the generalisation error as a
function of the regularisation strength X at fixed sample complexity « for the cross-entropy (left) and the
square loss (right). Different curves represent different values of sample complexity. We observe that the
optimal regularisation depends only very mildly on the sample complexity « for this range of values of .
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x € R? One-hot
Hidden output

Figure 5. Multi-class perceptron: Schematic representation of the multi-class classification problem defined in equation (1).

Appendix A. Prior reduction

In this section we explain the mapping from k to k — 1 dimensions that we apply to evaluate our theoretical
results from equation (10) as well as to implement Algorithm 1. Figure 5 displays schematically the
multi-class perceptron. The intuition for the prior reduction is exactly the same of the binary perceptron: the
knowledge of k — 1 components of the one-hot label representation y is enough to determine the remaining
component. Nevertheless for k > 2, shifting the weights in order to reproduce this structure introduces
additional correlations that must be taken into account.

We recall that W* is a d x k matrix, and denote by w}*, 1 <1<k, its columns, each corresponding to a
different class. Notice that the label y = e given by equation (1) of a data point x can be

argmax, ({w* " x}ic )

equivalently expressed by taking the kth-component, i.e. w*,;rx, as a reference for comparison and setting
wy <—w, —w; foralll <h<k, (A.1)

so that w; = 0, and the problem is reduced to k — 1 dimensions. We then replace W* by W' e RO (1),
Denoting 1; as the k-dimensional vector with all entries equal to 1, we present schematically in figure 6 the
prior reduction.

Note that this mapping introduces correlations along the columns of W, but not along the rows, i.e. the
d components of each vector w;" remain i.i.d. Therefore, the prior over the weights is still factorizable along
the extensive dimension d.

A.1. Gaussian prior
In the Gaussian prior setting,

1 1
P,(w*) = N(W*0,I;) = Wexp (—2W*TW*> , (A.2)

where w* € R¥ is a column of the matrix W*, the transformation imposes a new covariance matrix with
elements

3 = Cov (wj* —wi W — w,f) . (A.3)
By making use of the identity
Cov(aa+ fb,yc+ db) = ayCov(a,c) + adCov(a,d) + SyCov(b,c) + S5Cov (b,d), (A.4)
one can write
N(W*|wi,2) o« exp —% (w* —w) ST (W —w) | — N(WH0 L) (A.5)

10
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Figure 6. Prior reduction: Schematic representation of the prior reduction mapping over the multiclass classification problem
depicted in figure 5.

with

E:Ik—eke,;r—kekZelT—F Zel e,;r, (A.6)
I#k I#k

Thus, since all contributions related to the kth degree of freedom become zero, the transformation (A.1)
allows us to write the mapping

L <+ I, — eke,;r , (A.7a)
lk_ll,;r_1 ee,;rJrekZelTJr Zel e,;r; (A.7b)
Ik Ik

and finally for w* € R¥!:

N(w*[0,%) o exp (— W*Ti_lfv*) , (A.8a)

N =

with covariance 3 € R*=D*(=1) given by
Y=L +1L,1 . (A.8b)

Therefore each row of the reduced matrix W follows a Gaussian distribution with 0 mean and
covariance matrix given by equation (A.80).

A.2. Rademacher prior
In the Rademacher setting, w* € Rk,

k
* 1 * *
P,(W ):?H[‘S(Wz +1)+0(w —1)], (A9)
=1
we can write

k
1 * * * * * *
P, (W™) :?H[a(wl —wi w1 6w —wyl +wy — 1)
= (A.10)
k-1

=%[5(W§+1)+5(W§ = DT8O = wi) +wif 1)+ 6((wi" = wit) +wif = 1)]
I=1

11
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leading to the reduced prior for w* € Rf—1:

k—1

L 160w+ 1)+ 60w — DI T8 +wg + 1) + 807 +wp —1)]. (A.11)

P |wi)) = 5
=1

The dimensional reduction simplifies our analysis when it comes to the numerical evaluation both of the
Gaussian integrals in equation (10) and of the prior and channel updates of AMP, as discussed in appendix F.
The same reformulation applies straightforwardly to the parameters m and q.

Appendix B. Replica calculation

In this section, we carry out the (heuristic) replica computation leading to the system of equations (10) in the
main text. We consider a general setting where the student has access to a prior distribution P,, over the
teacher weights and a model distribution Py, which can be the true ones or not. This formulation
encompasses both the Bayes-optimal and non Bayes-optimal settings. As we shall see in the following, ERM
can be seen as a special case of the latter. The posterior distribution of the student weights is given by

1 k n
P ({Wl};czl X, Y) = 21 HPW(WI) H Pout(}’#Hh/LlH(:l) (B.1)
=1 pn=1

where we have defined h,; = ] x,,/v/d. The partition function is then

zd—/Rmdep W) Hpom(y {hu¥e ). (B.2)

I=1
By using the replica trick, we can compute the free entropy in the high-dimensional limit as

1
®:= lim &,:= hm Exw* InZ;~ lim lim d@apEX W*Zg (B.3)

d—o0 d—oo d d—r 00 p—0+

We can then rewrite the average in equation (B.3) as

k n p
Ex w2 = Ex w- l / d kdePW(Wl)HPout(yuHhM,}f‘_l)] (B.4)
Refx =1 u=1

= ]EX,W*

P k n
HAkadMHPW(W7>HPout (yul{hzl}f‘_l)] (B.5)
a=1 =1 u=l1

“ee o1 [ v TTronn T (i) ®9

where above we have renamed w* = w”. In order to account for both the Bayes-optimal and
non-Bayes-optimal cases, we keep the distinction between teacher and student distributions by adding an

index a to prior and model distributions. In what follows, P, = P} and P% , = P, refer to the teacher, while

Pi>0 =P, and P20 = P, to the student. Let us denote the covariance tensor of the hy, as
Elr] = S Qi (B.7)
Q= ¥ szlwzl” (B.8)

with Q¥ € R¥*k, We can rewrite the above as

Ex,w-Z, = Ex / dYH

RnXxk

/WCW [Trow) (yu|{hzl}5<_1)]
I=1 u=

=TI/ 40t Tr ({Q81}) T ( bl,})

(a,0);(b,])

(B.9)

12



10P Publishing

Mach. Learn.: Sci. Technol. 4 (2023) 015019 E Cornacchia et al

where we have denoted

p k
Lo ({Q1 1) =] /R L aw [HP%(W?)] 11 ( al, dZwllw,l,> (B.10)

(a,D);(b,1")

TIehannet ({Q31}) :/Rn dYH/RMdh“ [HH Py, I ] (B.11)

a=0p=1

X exp —glndetQ—M ZZZ}I“ —1yl, #l/ , (B.12)

,u Lab LI

and we have introduced both the definitions of the overlaps {Q¢,} and the local fields {h,}. We can
introduce the Fourier representation of the Dirac § —functions in the prior term I, and rewrite

dQy;, dQ“ -
o= ] [ e (an0.0). (B.13)
(a,D);(b)1")
where we have defined
Z Z Qi Qi — Z Z Qi Qi +In I({Q1. }) + aln J({ Q1. }) (B.14)
a= a;éb Ll
and the auxiliary functions:

QY H/ dw® P (W?) exp —fzz wiQU Wi, + = ZZ wi Qi wh |, (B.15)

a=0 [’ a;ébll/

PouUIh") o
({le’ :/ dyH/k 271’ k(p+1)/2 \/M Zzh bl/h . (B16)

ab LI

We observe that, upon exchanging the limits in d and p, the high-dimensional limit of the free entropy can be
computed via a saddle-point method:

= lim Exw~InZ; = lim extry {H(Q, Q)] ) (B.17)

d—o0 p—0+

B.1. Replica symmetric ansatz

In order to progress in the calculation, we restrict the extremisation in equation (B.17) to values of {Q, Q}
described by a replica symmetric (RS) ansatz [32]. The validity of this ansatz is proven rigorously in
appendix D. We distinguish between the Bayes-optimal and non Bayes-optimal cases. Note that in the
Bayes-optimal case we can drop the a—index from the prior and model distributions. In the non
Bayes-optimal case, we will denote the teacher distributions by P, P}, and the student ones simply by

P w Pou.

B.1.1. Bayes-optimal RS ansatz
In the Bayes-optimal setting we make the following ansatz:

Q4 =Qjp, Qt =Qyp, Ya=0,.p,VLI' <k (B.18)

Q= qu, Q= au, Va #b,VL1I" < k. (B.19)

The trace term is simplified as follows

5 ZZQal’ al’ — ZZQM' b = %(PJF I)ZQIT/QIT/ - %p(er 1) Z@ll’%’- (B.20)

a=0 11’ u;éb L L un

13
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The prior and output terms can be simplified by performing a Hubbard—Stratonovich transformation that
allows to decouple the replica indices a, b. By indicating the standard Gaussian measure with DE:
& ~ N(0,I;), we obtain

Ak 1 ~ % 1 Pl
1Q )= [ pe| [ awriwiew (57 (@ +awr€Tatw)| (B.21)

p+l1
i@ = [ & [ ve| [ ohen (i -athrae)| (8.2
Rk JRE Rk
Since we are interested in the p — 07 limit, it is useful to rewrite

i@ ) =p [ D€ [ awpi(Wies (5w (@ +aw € aiw)
Rk Rk

B.23
I p* ’ Logmoos Tal ( :
x In dew Pr(W')exp 5w (Q +q9w'+& q*w' | +o(p),
i@ ) =p [ d [ D& [ Dhs (@ -k g'e)
Rt JRE RK
xIn [ Dh' P}, (yI(Q* *Q)%h/Jrq%E) +o(p). (B.24)
Rk
B.1.2. Non-Bayes-optimal RS ansatz
In the non-Bayes-optimal setting we make the following ansatz:
QL =qQ), Q% =aqQ), Ya=1,.p,VL,I' <K (B.25)
QL =qu, QL =aqy, Na#bab=1,..pVl'<k (B.26)
QU =my, QY% =y, Va=1,...p,VLI' <k (B.27)
QX =qQp, Q¥ =Q;, VLI < k. (B.28)
The trace term is simplified as follows
1 - al Aal 1 al Aal 1 A0 0 1 ~
EZZQaZ'Qul’ ) ZZQbZ'QbI’ = EPZQU’QU’ - EP(P* I)ququ'
a=0 1,1’ atb LI’ LI i
1 Ak )k ~
+ E ZQZZ’QZZ’ —pZm”/m”/. (B29)
LI LI
The prior term is
N ok 1 Ak
I(Qo,q,Q ,ﬂl):/ DE | dw* Py (W™)exp (—W*TQ w*>
RE RK 2
1 A 1 r
X {/ dwP,(W)exp <2WT(QO + ?])erw*Trhwntﬁquwﬂ . (B.30)
Rk
In order to compute the output term we need to compute the inverse matrix
Q m i
- éo -
Q—l — m q e c IR]((AD-%-I)><]((P-‘1-1)7 (B.31)
cooqa - q
- - =0
m q9 Q

14
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which has a similar block structure as Q. The components of the inverse can be computed from the relation
Q 'Q=1I; and are given by

Q" =(Q —pm(@+(p-1)ag) 'm) .
Q=(Q -9 +(Q+(p—1)g)
<|m(@ —pm(@ -0 "m) m(@ 609 —a@ 0.
§i=Q' - (@ -9,
m=—(Q" —pm(@+(p-1)a) 'm) m(@+(p-1g " (8.32)

The determinant of Q is given by

IndetQ = (p— 1)Indet(Q° — q) +In det (Q° + (p — 1)q) +In det (Q* —pm(Q°+(p— l)q)_1 m) .
(B.33)

The above results allow us to rewrite
J(Q*,Q%,q,m) :/ dy [ DEexp (; 1ndet(27rQ)> / DZ*P; . (y|Z")exp (;Z*TQ*Z*>
Rk Rk Rk

I 1+ ~0 *T ~ T=1/2 ?
(Q —qz—2z" mz—€§ q'°z)| .

X [ DZ Py (y| 2) exp <—z
Rk 2

(B.34)

As in the Bayes-optimal case, in order to consider the p — 0T limit, we can rewrite

lnI(Qo,q,Q*,ﬁt) =p | DE| dw P, (W™)exp (—;W*TQ*W*)

Rk Rk

1 N 1
xIn [ dwP,(W)exp <—2wT(Q0 +qw+ w*Trhw—i—ﬁTipw) +o(p), (B.35)
Rk

ln](Q*,QO,q,m) :p/ dy/ DE exp (—Hndet(ZwQ))/ Dz* P} (y|z*) exp (—1Z*T(~'\)*z*)
R R 2 Rk 2

X ln/ Dz Py (y|2) exp (_;zT(QO —q)z—z" "z — ETQI/ZZ) +o(p). (B.36)
Rk

B.2. Computing the free entropy
At this point, it is straightforward to compute the free entropy from equation (B.17) by taking the limit
p — 0% of equations (B.20)—(B.23)—(B.24) and (B.29)—(B.35)—(B.36). In the Bayes-optimal case, we obtain:

Bnofc) = extyg { 5 Trlgd] + 93(@) + a¥i(a) . (837

@) =Ee |7 (a%.a) nZ; (3¢.4)]

(B.38)
Vo) =E,¢ [Zéfut (y,ql/zé, Q" - q) InZy, (yaql/zﬁ, Q" - q)} :
In the non Bayes-optimal case, we obtain:
R 1 0A0 1 R
Daon-10(0) = Xthp 1 0.5~ Tr ] + T Q]+ STrlqil (B.39)
A0 . . N
+¥,,(Q ,q,m) + aVou(Q aQOa‘Ia m)} ) (B.40)
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(Q ,q,1m) =Eg¢ [Z* (ﬁu] /qu m)an (ql/ZEQ +q>}

Tou(Q", Q" q,m) =y [Zé‘ut (y; mq~'/%¢, —mq”m) InZyy (y; 4E.Q0— q)} , (B.41)

where we remind that in both cases Q™ is fixed given the teacher prior. The above equations make use of a
series of auxiliary functions Z3%, Z,,, Z* . Z,, that simply come from a more compact way of writing

equations (B.23)—(B.24) and (B.35)—(B.36), i.e.

Z.,(v, ) :/ deW(w)e*%WTAWJr"TW, (B.42a)
RK

e~ % (sz)T v—! (z—w)
Zo(yyw, V)= [ dz Pout(y|2) , (B.42b)

RE \/det(27V)

and Z},Z7 . are defined in the exact same way provided that the student distributions P,,, Poy are replaced by
the teacher distributions P}, P,

wr+ out®

Appendix C. Update equations for the overlap parameters

We can now compute the update equations for the overlap parameters both in the Bayes and non
Bayes-optimal settings by taking the derlvatlves of equation (B.37) with respect to (g,q) and of

equation (B.39) with respect to (Q°,q, m, Q ,q,), and setting them to zero. In the Bayes-optimal setting the
update equations are therefore given by:

9= |z 60f, @6 0f,@ 67|, (C.1)
4= 0y [ Zou(:4%6,Q" — ) r:0%€,Q" — @) o0 ?6.Q" )| (C2)

In the non-Bayes optimal setting, we define for simplicity: V= Q° — q, V= QO + g, and we find

m=Eg [ 2 x f (a2, q i), (26, )T] (€3)
a=Ee|Zi(mq e mq ' m)f,a€ V@6 )T]. (C4)

V=g [Z;0h 2, )onf, @€, V)] (€5)

it = Ay | Zofo oma ™ 2€.Q" —m T q ' m)f,, (026, V)T | (C.6)

4= 0Bye [Zolymg ' PE,Q" —m g m) (.4 € V) fu .02, V) T (C7)
V= —aBy¢ | Zouly.ma ' PE,Q" —m g )OS, (.02, V)] (C38)

where in both settings we have made use of the following definitions.
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C.1. Definitions of the update functions
For w € RK, let

Qu(wiy,A) = meéw%wﬂ% 7 (C.9a)

with
fo(v, A) = 0ylog 2, (v, A) = Eq, [W] , (C.9b)

and for z € R¥, let
)TV (o

= ol

with
fou (9,0, V) = 0ulog Zou(y,w,V) =V 'Eq,, [z~ w], (C.9d)

where the definitions of £}, f;.  are identical, provided that P,,, Po are replaced by P}, P,.. The functions Z,,
and Z,, are given by equations (B.42).

The explicit expressions of the auxiliary functions depend on the choice of the teacher and student
distributions. We evaluate these expressions for the special cases under consideration in the following

sections.

C.2. Bayes-optimal update functions
In this section, we evaluate the Bayes-optimal update functions. We consider directly the expressions
obtained after performing the mapping described in appendix A.

C.2.1. Gaussian prior terms with the dimensional reduction A

In the case of Gaussian teacher prior, it is straightforward to notice that, after the application of the mapping
A, the prior over the weights is still Gaussian with covariance ¥ = Iy + 1;_; 1,;';1:

dw
Z(v,A) =
/]RH \/ (2m)k1 det(S)
1

1 -
exp [—ZWT (E_l +A) w—l—va]

- _ . exp [HT (2—1 +A)17} , (C.10a)
VdetE)de(S-1+4) L2
leading to
fo(vA) =y log 25 (7. A) = (87 +A) ., (C.10b)
- —1
O (v, A) = (2’1+A) . (C.100)

For k = 3, the reduced covariance matrix is given by

~ 2 1
5 L 2]. (C.11)

C.2.2. Rademacher prior terms with the dimensional reduction A
Considering k = 3, the reduced prior given by equation (A.11) becomes

Paliv} 95) = 55 (20 V05 ) + 8G9 63 +2) + 8 (3 +2)3(w3) +3( )3 —2) )
+o(wy —2)0(wy) +8(wy +2)8(w) +2) + 6(w; —2)6(w; —2)].

The denoising functions for this case are computed numerically, via Monte Carlo sampling of the
distribution given equation (C.12).
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C.2.3. Output terms with the dimensional reduction A
Considering directly the mapping to dimension k — 1, we can write the Bayes-optimal model distribution as

k— k—1 k—1
Pr.(ylz) = Z},,e, z)) H O(z1—zp) +(5},ekH@ —z). (C.13)

he#lh=1 I=1

Therefore, the auxiliary functions Z3,,, and so on, are composed by k — 1 contributions according to the
membership of the label y in the argument. For instance, in the case k = 3, we have

1

+oo e W) TV (z-w) +00 —z—w) TV (z—w)
Zo*ut(y’w V _5}’81/ / yez/ de/ le
\/det(27V) \/det(27V)

l

5 d g, Ve (C.14)
+ 0y, e, z z . .14
” / 1/ P Jdet(2rny)

Similarly, for f  we need to change the integration bounds in order to take into account all the possibilities
for the label. For each term, we can only compute analytically the inner integral, while we have to estimate
the outer ones via Monte Carlo sampling. Therefore, applying the mapping in A is useful in order to reduce
the number of integrals to be performed numerically and speed up the whole procedure.

C.3. ERM update functions

The update equations for ERM can be derived as a special case of the non Bayes-optimal equations (C.1) and
so on. In particular, this can be seen by rewriting the solution of the optimization problem as the ground state
of the following measure

1 57 (-3 (W) exp (~AL(W:X.Y))
1 k (C.15)

= 7.0) HeXP <_||Wl||2) HeXP( /BE(WT"WJ%))’

Ps(WIX,Y) =

N

&N

i.e. the solution in the limit 8 — co. Therefore, we can express the prior and model distributions of a student
learning via ERM as

P, (W) x exp (—/82)\ |w|§> , Pout(y|WTx) o exp ( — B@(WTx,y)). (C.16)

C.3.1. Prior terms with the dimensional reduction A
The ERM ridge-regularization prior can therefore be seen as i.i.d. Gaussian-distributed with variance 1/8\.
This means that, applying the mapping A, we have

Py (W) = ! —waclw) , (C.17)

(2m) (-1 det(c/(m)e’(p< 2

where again C is the prior covariance in the reduced setting, i.e. C=[2,1;1,2] for k= 3. Let we rescale
~ + B~ and A + BA. We will see that this would correspond to the rescaling: g < 3% and V < V. We
obtain

= A q e 5w AT+ M) wBy Tw
»(1A)= /kal v (2m)(k=1/2, /det(C/SN)
1 I5] T _ >
= ACT 4+ A .
/det(C/BN) det(BACT + BA) T (2 (ACT+A)T (C.18)
fu(v,A)=B(ACT +A) 7y, (C.19)
Onf, (v, A) = BACT + A) L (C.20)
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Substituting the expressions above in equations (10), we find

1

(C21)

\/det C)det(C—L + g~ 'rn) \/det q ' Pa(C 4 g i)y )

1

X (CV g ) g2 (1 P(C g ) g )

x g2\ + V) (C.22)
- (C.23)

\/det(C)det(C*1+ﬁ1£1_1m \/det q Pm(C 4 g )y )

—1 | {n—141/2 A—1/2 ~ 1o ~A—1/2 !
x(ACT 4+V)"g (I—q (C + g i) Vg )
x g PaCct 4+t (C.24)
—1 /-1

V= A+ V) . (C25)

\/det(C) det(C +ding~in)\/det(T— g~ (€ + ing~in) g ~/?)

where additionally we have rescaled: m < 3m, q < 3°q, V < 3V. The equations are now independent of the
parameter /3. We will see that the above rescaling is consistent and leads to a set of well-defined equations in
the 8 — oo limit.

C.3.2. Output terms with the dimensional reduction A
We remind that we have performed the rescaling V — 371 V. In the 8 — oo limit, the ERM output term Zyy

becomes
JF . e BlriEw) VT amw)+L (2] Bl o
Zowt(y;w, V) x - z — — vew) @) (C.26
N ) ’ /kal det(27V) B—roo det(27rV) , (C.26)
where M is a Moreau envelope associated with the loss £,
1
My (w) = iﬂrgkf E(Z —w) 'Vl z—w)+ Ly, z)] . (C.27)
zZERK-!
From equation (C.9d), we have
fout(y,w, V) = *ﬂaw./\/lvﬁ(%.)(w) , (C.28)
which can be obtained using the proximal operator
1
proxy,, ., (w) = argmin [(z W) Vi z—w)+ Eo',z)} . (C.29)
ZERK-!
The envelope theorem, M;;f(x) =3 (x - proxzf(x)) leads to
fru w0, V) = =BV (w = proxyz(, () | (C.30)
O out(yawa V) = _vil (I_ awprOXVﬁ(}’x')(w)) ’ (C3D)
DuProxy (.. (W) = Bz™(w) = (V1 +82L) ", (C.32)

consistently with the rescaling previously adopted, which leads to the final equations equations (10) in the
main text, holding in the limit 8 — oo.
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C.3.3. Special case: square loss
The proximal operator for the square loss can be computed analytically:

proxyz, (@) = (I+ V)~ (W + V), (C.33)

8Wprox§,LL-(y7‘)(w) =(I+V)"L (C.34)

Appendix D. Proof of the main theorem

In this section we prove the main theorem in a slightly more general setup than what is presented in the main
part of the paper. We start by reminding the learning problem defining the ensemble of estimators with a few
auxiliary notations, so that this part is self contained. The exact match with the replica prediction will be
given at the end of the proof.

D.1. The learning problem
We start by reminding the definition of the problem. Consider the following generative model

Vd

where Y € R™K X ~ N(0,1) € R™“ and W* € R***, The goal is to try to learn an estimator of W * using a
generalised linear model defined by the optimisation problem

Y = dou (1XW*) (D.1)

. , 1

Weargminl | Y, —=XW | +r(W) (D.2)
WeRdxk \/a

where £, r are convex functions, and we omit the dependence of the regularisation r on the parameter A for

simplicity. We wish to determine the asymptotic properties of the estimator W in the limit where n,d — co

with fixed ratios & = n/d. We now list the necessary assumptions for our main theorem to hold.

D.1.1. Assumptions

e the functions L, r are proper, closed, lower-semicontinuous, convex functions. The loss function £ is dif-
ferentiable and pseudo-Lipschitz of order 2 in both its arguments. We assume additionally that the regular-
isation r is strongly convex, differentiable and pseudo-Lipschitz of order 2.

o the dimensions n,d grow linearly with finite ratios &« = n/d, and the number of classes k is kept constant.

o the lines of the ground truth matrix W* € R¥** are sampled i.i.d. from a sub-Gaussian probability distri-
bution in R,

D.2. Reduction to an AMP iteration

We start by reformulating the optimisation problem (D.2) in order to be able to solve it with an AMP
iteration. In particular it is useful to separate the design matrix X in two contributions: one aligned with the
ground truth W™ and one independent on the teacher Y. To do so we condition X on the teacher input XW*
such that

X=E[X|Y] +X-E[X]Y] (D.3)
=E[X|XW*] + X - E[X|XW*] (D.4)
= XPy -~ + XPi: . (D.5)

where X is an independent copy of the design matrix X, Py« denotes the orthogonal projection on the
subspace spanned by the columns of W* and Pyy.. = I; — Py ~. Furthermore, since we assume that 7, d are
arbitrarily large and that k remains finite for each instance of the problem, the matrix W* has full column
rank and the projector Py« = W* (W *)TW*) - (W *) T is always well-defined with high probability. We
can then rewrite the original problem as

o 1 ~
W € argmin £ (Y, — (XPw- + XPy.) W) +r(W). (D.6)
WGRka \/3
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The quantity XW * is a R"*¥ Gaussian matrix with covariance (W *) TW *, and can be represented as
XW* = S((W*)TW*)!/2 where Sis an n x k random matrix with i.i.d. standard normal elements. We then
have

%XPW* - %W* (W5Tw*) " (w*)Tw (D.7)
= %s\/&plﬂép*dﬁ (D.8)
=$p~'?m" (D.9)

where we introduced the order parameter m = %WT W* € R** and the quantity p = (W *) TW * € R**k,
Note that Y = Sp'/2, and

~ 1 -~
W € argmin £ (Y, Sp~?m" + XPJW*W) +r(W). (D.10)
WeRdxk \/a

We may then rewrite the optimisation problem equation (D.26) as an equivalent problem under constraint
on the definition of m leading to the Lagrangian formulation

1 - .
inf sup £ (Y,Spl/zmT +—XPi. W) AW imT 4 PE W)+ Tr (fnT (dm - WTW*)) .
mW Vd
(D.11)
Letting U = Pl . Wsuch that W= W*p‘lm—r + U, the problem becomes
1 -
inf sup £ (Y, Sp~?m" + XU) +r(W*p 'm" +U) —Tr (ﬁﬁ UTW*> (D.12)
mU 4 Vd

where the initial constraint on m automatically enforces the orthogonality constraint on U w.r.t. W*. The
following lemma then characterises the feasibility sets of m, m, U.

Lemma 1. Consider the optimisation problem equation (D.12). Then there exist constants Cy, Cyy, Cy, such that
1
Vd

with high probability as n,d — oco.

IUllp < Cus lmllp < Cms [l < G (D.13)

Proof. Consider the optimisation problem defining W

W € argmin L(Y,XW) + r(W). (D.14)
WeRIxk

From the strong convexity assumption on r, there exists a strictly positive constant A, such that the function
W) =r(W) -2 ||W||12; is convex (and proper, closed, lower semi-continuous). We can then rewrite the
optimisation problem as

. A
W € argminL (Y, XW) + (W) + 22| W2 (D.15)
WeRdxk 2

which, owing to the convexity of the cost function, verifies

1

- . A2 1
- (E(Y,XW) +7(W) + 22||W||§> <

p (L(Y)+7(0)). (D.16)

d

The functions £ and 7 are proper, thus their sum is bounded below for any value of their arguments and we
may write

=7 Wl < 5 (£(Y) +7(0)). (D.17)
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The pseudo-Lipschitz assumption on £ and r then implies that there exist positive constants C, and G; such
that

1A

SR < S (ce (1Y) ) + (D.18)

where, on the right hand side, the term || Y||12D/d = a YHi/n is bounded since the labels are in {—1,+1} and
a is finite. Now using the definition of U

1,5 1 -
SN2 = SR Wi (D.19)
<[PL. 2 L (D20)

* opd F .

where the singular values of Pé{;* are bounded with probability one. Therefore there exists a constant Cy such
that ||U||/v/d < Cy. Then, by definition of m and the Cauchy-Schwarz inequality

2 L, 2l 2
i < Sl Wi 021

1 * 21 2712
< SIWHIL S IWE (D.22)

By assumption, the columns of W* are sampled from sub-Gaussian distributions, thus, using Bernstein’s
inequality for sub-exponential random variables there exists a positive constant Cy ~ such that, with high
probability as n,d — 40, | W*|? % < Cy . Combining this with the result on W, there exists a positive con-
stant C,, such that ||m||, < C,, with high probability as n,d — +o00. We finally turn to #iz. The optimality
condition for m in problem equation (D.10) gives

- LT < Sm’ 1/2 )
m=—— S' oL Yi—l— XC w D.23

The pseudo-Lipschtiz assumption on £ implies that we can find a constant Cy such that

. L, _ 1 1, Sm" .
I < 3™ I3 Coe (1 31015+ F1272 + 5w ). (021)
All quantities in the right hand side of the last inequality have bounded scaled norm with high probability,
except the operator norm of the random matrix X which has i.i.d. A(0,1/d) elements. Existing results in
random matrix theory [38] ensure this operator norm is bounded with high as n,d — 400, which concludes
the proof of this lemma. O

The optimisation problem equation (D.12) is convex and feasible. Furthermore, we may reduce the feasibility
sets of m, m to compact spaces, and the function of U is coercive and thus has bounded lower level sets.
Strong duality then implies we can invert the order of minimisation to obtain the equivalent problem

1 -
infsupinf L (Y, Sp~?m" + XU) +r(W*p 'm" +U) - Tr (mT UTW*) (D.25)
m o U \/a
and study the optimisation problem in U at fixed m, mn:
1 -
inf L(—=XU)+7#U D.26
pJof (\/a ) +7(U) (D.26)

where we defined the functions

L:R™ SR (D.27)
Ly (Y Sp~V’m’ + 1XU> (D.28)
Vd ’ Vd

PR SR (D.29)
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U (W~ 'm' +U)—Tr (fnTUTW*) (D.30)

and the random matrix X with i.i.d. A'(0,1) elements is independent from all other random quantities in the
problem. The asymptotic properties of the unique solution to this optimisation problem can now be studied
with a non-separable, matrix-valued approximate message passing iteration. The AMP iteration solving
problem equation (D.26) is given in the following lemma

Lemma 2. Consider the following AMP iteration

't = XTht(vt) —e,(u')(h))T (D.31)
v =Xe,(u') —h_ (V") (e])T (D.32)
where for any t € N
h(v') = (RE(Y“)’sl(Sp*l/zmT +v) — (Spfl/zmT + vt)) (sH~! (D.33)
e(u') = Rr(.)s’ (utét WS + W*p_lmT> —W* 'm" (D.34)
and S'=((e))T, §=—(m)HT)"". (D.35)

Then the fixed point (u>,v>°) of this iteration verifies

(.

R, 5= (u°°S°o + W' 8§ + W*p_lmT) —W*p 'm' =U* (D.36)

Re(y,)s=(Sp~'*m" +v°) —Sp~'’m" =XU* (D.37)

where U™ is the unique solution to the optimisation problem equation (D.26).

Proof. To find the correct form of the non-linearities in the AMP iteration, we match the optimality condition
of problem equation (D.26) with the generic form of the fixed point of the AMP iteration equation (D.101).
In the subsequent derivation, we absorb the scaling 1/ v/d in the matrix X, such that its elements are i.i.d.
N(0,1/d), and omit time indices for simplicity. Going back to problem equation (D.26), its optimality con-
dition reads :

X' 9L(XU) + 8¥(U) = 0. (D.38)

For any pair of k x k symmetric positive definite matrices S, S, this optimality condition is equivalent to

—1 1

x' (aE(XU)s +XU) st (8?(U)§ + U) §'=X'"Xus"' +US” (D.39)

where we added the same quantity on both sides of the equality. For the loss function, we can then introduce
the resolvent, formally D-resolvent:

¥ =0L(XU)S+ XU <= XU=R; (¥) (D.40)
such that
R; o(¥) = (1d+ OL(e)S) " (¥) = argmin {5(T) + %tr (T-»s(T-9)") } : (D.41)
TER"xK

Similarly for the regularisation, introduce
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i= (1+07(e)8) (U)  U=Ry (i) (D.42)

s

where § € Rk is a positive definite matrix, and

R (V)= (I+ 3?(0)3)71 (V)= aTrgﬂgxi? {7(T) + %tr ((T—G)S”(T—G)T) } (D.43)

where § € R¥*k is a positive definite matrix, and V € R4k, The optimality condition equation (D.39) may
then be rewritten as:

x' (RE,S(V) - V) §7= (@R 4(1))$ (D.44)

XR; 5(u) =R 4(V) (D.45)

where both equations should be satisfied. We can now define update functions based on the previously
obtained block decomposition. The fixed point of the matrix-valued AMP equation (D.101), omitting the
time indices for simplicity, reads:

utew)h')" =X h(v) (D.46)

v+h(v)(e')" = Xe(u). (D.47)

Matching this fixed point with the optimality condition equation (D.44) suggests the following mapping:

(D.48)

where we redefined # = S in (D.42). We are now left with the task of evaluating the resolvents of L7 as
expressions of the original functions £, r. Starting with the loss function, we get

R; ¢(v) = argmin {[I ((ﬁout (Vps),Sp~*m" +x> + %tr (x—v)S ' (x— v))T} (D.49)

xeRnXk

lettingx = Sp~'/?m" +x,
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Rz (v) = argmin £ (0 (7). 9

ZER7xK

+ %tr ((k —(Sp™Pm" +v)STHx— (Sp™Pm" +v))T> } ~Sp'm" (D.50)

=Ry s(Sp™PmT +v)—Sp~'m" (D.51)
and the corresponding non-linearity will then be
h(v) = (Rc(y,.),s(spfl/zmT +v)— (Spfl/zmT + v)) s (D.52)

Moving to the regularisation, the resolvent reads
1 -
R, (u) = argmin{r (W*p'm" +x) —Tr (meTW*) +5tr ((x —u)S Nx— u)T) } (D.53)
’ xERAIxk

1

letting x = W*p~ m" + x, we obtain

R (u) = argmin{r(fc) —m' X W*

(D.54)
1 .
+3u ((if (u+wW*p'm"))S ‘G- (u+ W*pflmT))T> } —W*p lm?’ (D.55)
= argmin{r(i) (D.56)
xERdIxk

1 . . ~
ot (G (wr W S+ w T )8 G (s WS W ))T) }

(D.57)
—W*p lm" (D.58)
Rys (ut Wi S+ wp™'m™ )~ w'p~im (D.59)
which gives the following non-linearity for the AMP iteration
e(u) = Rr(%s (uS‘—i— W*i ' S+ W*p_lmT) — W*p_lmT. (D.60)
O

The following lemma then gives the exact asymptotics at each time step of the AMP iteration solving
problem equation (D.26): its state evolution equations.

Lemma 3. Consider the AMP iteration equations (D.31)—(D.35). Assume it is initialised with u® such that
limy, o0 €0 (u®) Teo(u°) || exists, a positive definite matrix So, and h_, = 0. Then for any t € N, and any pair
of sequences of uniformly pseudo-Lipschitz functions ¢y , : R¥** and ¢, , : R"™X, the following holds

b1,0 (u) LE [¢1,n (G(Qt)l/Z)} (D.61)

ban (V) 2R [¢2,n (H(Qt)l/z)] (D.62)

where G € Rk gnd H € R™*K gre independent random matrices with i.i.d. standard normal elements, and
At N . .
Q',Q, V', V' are given by the equations

1 12 o1 L e s T e L e oo Ty
Q’Zd]E[(ch),(ml (G(Q)l/z(Vt) LW (V)T W ‘mT) A lmT)
x (Rr(%(»vt)_l (G(Qt)l/z(iﬂ)*l W (V) W*pflmT) —W*plmT)} (D.63)
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Ot:;E{(( ey () = 1d) (897 °mT +HQ)?) (VH)_I)T

% ( Lty vt () — Id) <Sp—1/2mT+H(Qt—l)1/2> (Vt—l)—l):l (D.64)
1 A A .\
Vt:a]E {(Qt)fl/ZGTRr(%(VI)_] (G(Q’)I/Z(V‘)*H—W*rﬁ ( ) —I—W* —1 T)} (D.65)

V= B [(@ ) HT ((Rege v ()~ 1) (3p72mT +HQT))) (v )] (Ds6)

Proof. Owing to the properties of Bregman proximity operators [39, 40], the update functions in the AMP
iteration equations (D.31)—(D.35) are Lipschitz continuous. Thus under the assumptions made on the initial-
isation, the assumptions of Theorem D.1 are verified, which gives the desired result. O

Lemma 4. Consider iteration equations (D.31)—(D.35), where the parameters Q, Q, V,V are initialised at any
fixed point of the state evolution equations of Lemma 3. For any sequence initialised with Vo = V and uy such
that

1
lim *e()(uo)—reo(uo) = Q (D67)
d—oo d
the following holds
lim fim — ' —u* ;=0 lim lim |/~ =0 (D.68)
ti)rgodlm\[u || = tirgodirgo\/av v =0. .
Proof. The proof of this lemma is identical to that of Lemma 7 from [20]. O

Combining these results, we obtain the following asymptotic characterisation of U™.

Lemma 5. For any fixed m and t in their feasibility sets, let U™ be the unique solution to the optimisation
problem equation (D.26). Then, for any sequences (in the problem dimension) of pseudo-Lipschitz functions of
order 2 ¢y  : Rk 5 R and Do R4k — R, the following holds

610 (U") ZE 61 (R 5 (6QV W VI 4 W imT ) =W imT )| (D69)

1. )
Grn (\/aXU ) LE [q&z,n (RL(Y7_)7V(Sp71/2mT +HQY?) - spflmT)] (D.70)

where G € R and H € R"*¥ are independent random matrices with i.i.d. standard normal elements, and
Q,Q,V,V are given by the fixed point of the following set of self consistent equations

szi]E[(R,(w_l (GQ/AV 4+ W m VW im ) —wp ! T)T
X (R,(.)ﬁ,,l (G()l/sz1 +W*m'v! +W*p*1mT) *plmT)} (D.71)
Q= %E { ((Rm Jw() = 1d) (8p7*mT + HQ') V—l)T
X ( Regy. () — 1d) (sp*/zmT +HQ‘/2) Vl>] (D.72)
V= %]E {Q’I/ZGTRr(_),V,I (GQVZV*1 +WrR V! +w*p*1mT)} (D.73)
V= fé]E QHT ((Rer,v() 1) (Sp™mT + HQ2) V7). (D.74)

Proof. Combining the results of the previous lemmas, this proof is close to that of Theorem 1.5in [29]. [
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Returning to the optimisation problem on m, m in equation (D.25), the solution U™, at any dimension,
verifies the zero gradient conditions on m, fin:

Om=0 < (U*)"TW*=0 (D.75)

1 -
Om=0 < mp '/2STOL (¢om (Vps),Sp~?m" + \/HXU>

+p W Tor(W*p 'm" +U)) =0. (D.76)

Using Lemma 5 with the assumption that the gradients of £, r are pseudo-Lipschitz, we obtain for m

1 “ " . T
E [(Rr(_wl (GQl/zV’l+W*mTV’1+W*p’1mT) fw*pflmT) w*] —0 (D.77)
1 R )
— m= QE |:(W *)TRr(.)y‘”/71 (GQ1/2V_1+W*ﬁ1Tv—l+W*p—lmT)j| (D78)
and for m

LE|mp=1257or (¢ ( R Sp~ ' 2m™ +HQ' (D.79)

d P out \/ﬁs)’ L(Y,.),V( P m + Q ) .
+o7 W) Tor (R (GQI/ZV_I S+ Wi v +w*p—1mT)))] —0. (D.80)

Using the definition of D-resolvents, this is equivalent to

1 .
d]E[mpl/st (1d— Ry, v () (sp*mmT +HQ1/2) v (D.81)
“wHT(1d=R,, GOV W VT AW m ) V| =0 D.82
+p(W7) o), () Q +W-m +Wipm = (D.82)
which simplifies to
1 .
P _dE[mpl/ZsT (Id— Ry, v () (spfl/zmT +HQ1/2) Vl} (D.83)

which brings us to the following set of six self consistent equations

.
Q= ;E|:(Rr()7f/1 (Gél/zvfl + W*mTV’l + W*pfl T) - W*pflm'l')
X (R,(_W,l (GQI”V—‘ S WV 4 w*p—lmT) - w*p—‘mT) } (D.84)
“ T
Q- éIE [ ((Reqr,v() —1d) (Sp~2mT + HQ2) v™!)
% ((Rer,,vl) = 1d) (Sp™2mT + HQ'?) V“‘)] (D.85)
V= %E (@ 6TR o (6Q7 VT W TV W) (D.86)
V= —éE Q7 HT ((Reqy, vl — 1d) (Sp~ 2™ + HQ'Z) v (D.87)
m= éE [(W TRy (G(;)I/ZV*1 W V4 w*pflmT)} (D.88)
m' = —;111[43 [mp_l/ZST (I-Reyyv(.) (s,o—l/ZmT +HQ1/2> Tl] : (D.89)

These equations then characterise the asymptotic properties of the quantities U and XU/+/d. The properties
of W and XW/+/d are then obtained by using the definition of U in terms of orthogonal decompositions.
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Note that To match these equations with the replica ones, we first need to assume the loss and cost functions
are separable. The proximal operators are then separable as well across lines of the input matrices. All
arguments then have i.i.d. lines (Gaussian matrices with k x k covariances, or lines of the teacher matrix,
which are i.i.d. multiplied with k x k matrices), and the 1/d averages simplify, leaving the aspect ratio in the
quantities defined over arguments in R"**. The rest of the matching then boils down to identifying the
proximal operators with the replica notations, done in appendix A, and standard Gaussian integration, as
done for instance in [8], appendix I11.3.

D.3. Toolbox
In this section, we reproduce part of the appendix of [20] for completeness, in order to give an overview of
the main concepts and tools on approximate message passing algorithms which will be required for the proof.

D.3.1. Notations
For a given function ¢: RIxk _y R"¥k e write:

¢'(X)
pX)=| : | eRF (D.90)
¢"(X)
where each ¢': R9*k — RK. We then write the k x k Jacobian
90 (X) | 99 (X)
o By Xy,
K= € R¥ K, (D.91)
! 00 (X) . 96X
9X;1 dXj,

For a given matrix Q € RF¥K we write Z € Rk ~ N(0,Q®1,) to denote that 'Ehe lines of Z are sampled
i.i.d. from A (0, Q). Note that this is equivalent to saying that Z = ZQ'/? where Z € R**¥ is an i.i.d. standard

normal random matrix. The notation ~ denotes convergence in probability. We start with some definitions
that commonly appear in the approximate message-passing literature, see e.g. [30, 41]. The main regularity
class of functions we will use is that of pseudo-Lipschitz functions, which roughly amounts to functions with
polynomially bounded first derivatives. We include the required scaling w.r.t. the dimensions in the
definition for convenience.

Definition 1 (Pseudo-Lipschitz function). For K,k € N* and any n,d € N*, a function ¢p: Rk — R"¥k jg
called a pseudo-Lipschitz of order K if there exists a constant L(K, k) such that for any X, Y € R4*k,

[#(X) — ¢(Y)||x IXI N IPIE ) X = Yl
\/ﬁgL(H(\/&) +<\/a> )\/3 (D.92)

where || o || denotes the Frobenius norm. Since k will be kept finite, it can be absorbed in any of the constants.

For example, the function f: R¥* — R, X+ ||X]|7/d is pseudo-Lipshitz of order 2.

D.3.2. Moreau envelopes and Bregman proximal operators

In our proof, we will also frequently use the notions of Moreau envelopes and proximal operators, see e.g.
[42, 43]. These elements of convex analysis are often encountered in recent works on high-dimensional
asymptotics of convex problems, and more detailed analysis of their properties can be found for example in
[20, 21]. For the sake of brevity, we will only sketch the main properties of such mathematical objects,
referring to the cited literature for further details. In this proof, we will mainly use proximal operators acting
on sets of real matrices endowed with their canonical scalar product. Furthermore, proximals will be defined
with matrix valued parameters in the following way: for a given convex function f: R¥<k — R, a given matrix
X € R* and a given symmetric positive definite matrix V € RF¥** with bounded spectral norm, we will
consider operators of the type

argmin {f(T)—i—;tr ((T—X)WI(T—X)T)}. (D.93)
TERIxk

This operator can either be written as a standard proximal operator by factoring the matrix V! in the
arguments of the trace:

ProXyayi/2) (XV~1/2)V1/2 € R (D.94)
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or as a Bregman proximal operator [39] defined with the Bregman distance induced by the strictly convex,
coercive function (for positive definite V)

1
X Etr(XV”XT) (D.95)

which justifies the use of the Bregman resolvent

argmin {f(T) + %tr (T-x)v(T-X)") } = (I4+9f(e)V) " (X). (D.96)
TeRka

Many of the usual or similar properties to that of standard proximal operators (i.e. firm non-expansiveness,

link with Moreau/Bregman envelopes,... ) hold for Bregman proximal operators defined with the

function (D.95), see e.g. [39, 40]. In particular, we will be using the equivalent notion to firmly nonexpansive

operators for Bregman proximity operators, called D — firm operators. Consider the Bregman proximal

defined with a differentiable, strictly convex, coercive function g: & — R, where &’ is a given input Hilbert

space. Let T be the associated Bregman proximal of a given convex function f: X = R, i.e. foranyx € X

T(x) = argmin {f(x) + Dy(x,y) } - (D.97)
yEX

Then T is D-firm, meaning it verifies
(Tx = Ty, Vg(Tx) = Vg(Ty)) < (Tx — Ty, Vg(x) = Vg(y)) (D.98)

for any x,yin X.

D.3.3. Approximate message-passing

Approximate message-passing algorithms are a statistical physics inspired family of iterations which can be
used to solve high dimensional inference problems [44]. One of the central objects in such algorithms are the
so called state evolution equations, a low-dimensional recursion equations which allow to exactly compute the
high dimensional distribution of the iterates of the sequence. In this proof we will use a specific form of
matrix-valued approximate message-passing iteration with non-separable non-linearities. In its full
generality, the validity of the state evolution equations in this case is an extension of the works of [30]
included in [31]. Consider a sequence Gaussian matrices A(n) € R"*“ with i.i.d. Gaussian entries,

Ajj(n) ~ N(0,1/d). For each n,d € N, consider two sequences of pseudo-Lipschitz functions

{ht . RnXk — RnXk}teN {et . Rka — Rka}tEN (D99)

initialised on #° € R?*¥ in such a way that the limit

lim = leo(4°) T eo ()], (D.100)
d—oo d
exists, and recursively define:
=A"h(V') —e,(u')(h])" (D.101)
v =Ae,(u') —h_ (V") (e])T (D.102)

where the dimension of the iterates are #' € R4** and v' € R"**, The terms in brackets are defined as:

8h’ el
t dz 8V kak et dzaut t kak (D.103)

We define now the state evolution recursion on two sequences of matrices {Q, s }s,r>0 and {Q, s }s,>1
initialised with Q) o = limy_, o Jeo(u”) " eo(u°):

~S

o1
Qi1s=Q 11 = lim -E [eS(Z

~t1
Jm )Te(Z )} € Rk (D.104)

N A . 1

Q1541 = Q141 = dlggo EE [hs(ZS)Tht(Zt)] € Rk (D.105)
where (ZO7 e ?Zt71> ~ N<07 {Qr,s}Ogr,Sgtfl ® In)a (Zlv cee >Z[> ~ N<07 {Qr,s}lgr,sgt ®Id) Then the
following holds
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Algorithm 1. Approximate message passing.

Input: data matrix X € R"*¢ and label matrix ¥ € R"**
Initialise W] € R¥ and é‘]o f gm,y € RFxk
forj=1,...,dandv=1,...,natt=0
repeat

Channel updates

Mean w,, € R¥ and variance V,, € R¥**
~t

vi=154 2

j=1%jv &
r 1 d At t\T gt—1
o= Sl W (V) S
. k kxk
Denoisers f,,, , € R" and duf, ., €R

fct'ut,u <_ﬁ)ut (}’vainvri)
8“’fzut,u «— 8‘ﬂ’fout (yvain Vtu)

Prior updates
Mean v; € R¥ and variance Aje RF<K

t 1 2
Atj ~ X;IZ:Iija‘“’f(iut,y "

7]' = Vi Zu:l xj"f;ut,u + Ajw] ~
Posterior estimators w; € R* and C e Rk*k
v —f (7]’.,A]‘-)

~f

tt+1

until Convergence on w; and Cj
Output:{ﬁ/]}flz1 and {C]}fl:1

Theorem D.1. In the setting of the previous paragraph, for any sequence of pseudo-Lipschitz functions
b+ (RK x RK) S R, for n,d — +o00:

Gu(u® V't Vv ) LR [d)n (uO,ZO,Zl,Zl,...,Zt_l,Zt)} (D.106)

1

where (ZO7 e 7Zt_1) NN(07 {Qr,s}OSnsgt—l ®In)7 (Z PRRE 7Zt) NN(07 {Qr,s}lénsgt@In)-

Appendix E. Approximate massage-passing algorithm: pseudo-code

In this appendix we present in Algorithm 1 a pseudo-code for the Approximate message Passing (AMP)
algorithm used in this work.

The update functions f, (v, A) and f, (v, w, V) are defined in appendix C.1. For a general and detailed
derivation of the algorithm see [37, 44].

Appendix F. AMP implementation: channel and prior updates for k =3

In this appendix we present the expression of the integrals numerically computed for the implementation of
Algorithm 1 in the present case.

Apart from the update functions f,, (v, A) and f, . (y,w, V) in appendix C.1, the approximate message
passing algorithm also requires the variance updates. Using the mapping from appendix A, the updates are
computed though (k— 1) x (k — 1) matrices constructed from the derivatives of the denoising functions:

6’7fw(’77A) = EQO [WWT] _fw(’77A)fV—Vr(’Y7A) ) (Ela)
Oufy(:w0,V) =V 'Eq,, [(—w)(z—w) "] = V' = £, (v, A)fy, (7, A). (E1b)

E.1. Channel updates

Under the mapping from appendix A, for k =3 we have two sets of integrals related to the channel: one when
y=1[0,0]" and other when y = [1,0] T or y =[0,1]". A simple flip on the variables distinguishes these two
latter cases.
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We introduce the notation,

Vi V12:|
vi= ,
|:V21 Vo
as well as the quantities

V= Vi + Vn ’

2

_ VYV
V=—=—".
V2

Additionally, the standard Gaussian measure is denoted as

iz

dz
Dz=——e 2* |
V2T

and the cumulative distribution function of the standard Gaussian distribution as
X
D(x) = / Dz.
— 00

E1.1. Casey = [0,0] "
The channel function f,  (y,w, V) is obtained through the numerical computation of the following

quantities:
™ Wi (00
z00 _ J T 1 7(00)
out V22 s 0 )

90 Vi ™ _o0)
—Zo = —V2r—————e 1*00(—ypp) + 4| — ,
awl t \/m ( 712) sz 1
a 27 _ 1.2
%Zég?) =4 VTle 2 Q(—72),
and its derivative 0,.f, (¥, w, V) by computing

0? (00) ]}3 1.2 67%%22 ]70.&
— Zout, =V27 e 2% 2v—1)— v—1)o(—
aw% t V11V222 \/ﬁ ( ) \/711( ) ( 712)

2 [ -2
72 5(00) T Q12 ,(00)
——=Z +1|——7 ",
% out sz . 2

0? 1% 1 67%7‘22 %
W*Zﬁﬁ?) =V 27776_5&%1 l + Haglq’(—%z)] ;

5 11 V2T wV
82

Owiw,

(00) _ —1(ad 442
Z —=e 2( 21 'le)’

out

with

—aq _ ZVU}] + szwz
j(oo) = / Dzderfe | —22 """ |
: 0 V2V

for!/=0,1,2 and

f;z
ap =wit| Vi — 722
_ V110J1 —H_sz

T2 = Tu
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E1.2. Casey = [1,0]T
The channel function f,  (y,w, V) is obtained through the numerical computation of the following

quantities:
m w
Zod =y 0 (F8a)

0 (10) D N o LR YA (10)
—zZW = Voar————e 1P (—B) + j ) (E.8D)
w ! SyVi, (=5) sz !

0 (10) 2 _1(92_62 ~
AN Sl )P(— E8
By out Sve ( ﬂ) ) (E.8¢)

and its derivative J,f, (¥, w, V) by computing
o? Z(lo) _ (alz)zz(l?) + (10) 4 /7 0'12677(92 8
aw% out W ou VZ VV222
e i S Vo =
+ S 14 = o O(— )
V2 < V(( VUlZ)wl V012w2)> =0

> o) _ V+Vn gy | €27 ( (Vw1+V2zw2)>
5 20ut = —V2T—(5—¢ : VSy [ =22 ) o(— E8
O3 ™ B I A (5

(E.84d)

X

0? (10) V—I—Vn 1002 e 8 V11V22_f}2 =
zU0) _ ol 5@ -8 , \/S P , F.8
8W1W2 out SV m SV(V + VH) V<W1 w2> ( ﬁ) ( f)
where
zwl(V+sz)
> o A Vn(w —wi)
j(lo) = Dz Zerfc X , (F9)
: —an V2V
for I =0,1,2 with «;; given by equation (E.7a) and
d(x)=1—3(x), (F.10a)
ﬂE wl(V11+V)+uJ2(V227+ V) 7 (F.l()b)
Qz = V]](,d] + sz(,dz + 29&)1(#2 5 (FIOC)
Sy =V +Vn+2V, (E.10d)
o1y = V22V Vo — V22V (E.10¢)

V2
If the label vector is y = [0,1] T
above for y = [1,0] T:

, one just needs to perform the following trivial changes in the equations

Vi — Vo, (Ella)
Vo = Vi1, (E11b)
Wy = Wy, (E1lc)
Wy = wy (F11d)

Observe that the mapping from appendix A has allowed us to reduce the number of integrals to be
numerically computed at each AMP iteration to three, given by equation (F.6) or equation (F.9), depending
on the one-hot output representation y. These integrals were solved through the integrate.quad module
from SciPy [45]. To speed up the integration, we have also used Numba [46] decorators.
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E.2. Prior updates
E2.1. Gaussian prior
Under the mapping of appendix A, the prior partition function is written as

Z,(v,A) = / dw — exp |:1WT (271 +A) w+'yTw] , (E12)
B )k det(S)) 2

and can be analytically computed,

. —1
Z,(v,A) = = ! = exp E’y—r (271 +A) 'y} , (E13a)
\/det(8) det(£1 + A)
as well as the denoising functions:
. -1
£.(1.A) =8 log 2, (v, A) = (2— +A) ~, (E13b)
. —1
O-f, (v, A) = (2— +A) . (E13¢)
For k = 3, the reduced covariance matrix is given by

= 2 1

s ] 1)

E.2.2. Rademacher prior
Considering k = 3, the reduced prior given by equation (A.11) becomes

Py (w1, w,) = 2% [25(w1)d (W) + 8 (W1)d (W2 +2) + 0(W1 +2)d(W2) + 6(w1)0 (W —2)
+0(wy —2)5(wa) +0(wy +2)0(wy +2) + 6 (wy —2)5(wy — 2)].

(E.15)

The denoising functions for this case are computed numerically, via Monte Carlo sampling of the
distribution given equation (F.15).
For more details, see the amp folder on Github'?.

Appendix G. Details on the numerical simulations

In this section we provide some more details on the numerical simulations implemented to test our theory
for the learning curves of ERM (figures 3 and 4). The solution of the convex optimisation problem defined in
equation (2) can be computed by a standard gradient descent algorithm. We ran simulations using the
squared loss and the cross-entropy loss. The simulations for the cross-entropy loss have been implemented
using the LogisticRegression module of the scikit-learn package [33]. The solution for the square
loss is analytical. The results from numerical simulations that we show in the figures of the main text are
averaged over 250 instances of the problem at dimension d = 1000.

In figure 7, we show the comparison between the generalisation error curves derived by our theory and
experiments at various system sizes (d = 100,200, 400) for both the cross-entropy and the square loss at fixed
regularisation A = 1. We find that our theoretical predictions—derived in the infinite-dimensional limit—are
still valid at moderately large system sizes. We notice that in our experiments we fix the dimension d and vary
n = ad accordingly. This choice is arbitrary and the opposite procedure would have led to similar results.

In figure 8, we explore the role of regularisation for ERM on labels generated by a Rademacher teacher
prior. Notice that we do not enforce any constraints on the weights other than ridge regularisation during the
optimisation. We notice a qualitatively similar behaviour with respect as for the Gaussian teacher prior,
reproduced in figure 4 of the main text. Also in this case, we observe a very mild dependence of the optimal
regularisation on the sample complexity . However, at variance with the Gaussian case, here we observe a
clear sub-optimality with respect to the Bayes-error. Indeed, the ERM error is bounded away from zero even
at large values of the sample complexity, where the Bayes-optimal AMP algorithm is able to achieve perfect
classification.

12 Code repository: https://github.com/rodsveiga/mc_perceptron.
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Figure 7. Gaussian teacher prior: theory VS experiments at different sizes. Generalisation error €, as a function of the sample
complexity c, at fixed regularisation A = 1, for the cross-entropy loss (left panel) and the square loss (right panel). The symbols
mark the results of numerical simulations performed at different dimensions d = 100, 200, 400, averaged over 250 instances. The
dashed black line marks our theoretical prediction in the infinite-dimensional limit.
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Figure 8. Rademacher teacher prior: the role of regularisation in ERM. Left: Cross-entropy loss: Generalisation error €ge, as a
function of the regularisation strength A, at fixed sample complexity . Different values of c are depicted with different colours.
The full lines are the result of numerical simulations performed at dimension d = 1000, averaged over 250 instances. The crosses
mark the theoretical predictions. Right: Square loss: Generalisation error €g, as a function of the regularisation strength \, at
fixed c. Different values of « are depicted with different colours. The full lines are the result of numerical simulations performed
at dimension d = 1000, averaged over 250 seeds. The crosses mark the theoretical predictions.
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