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Abstract

We examine a class of deep learning models with a tractable method to compute information-
theoretic quantities. Our contributions are three-fold: (i) We show how entropies and mutual
informations can be derived from heuristic statistical physics methods, under the assumption
that weight matrices are independent and orthogonally-invariant. (ii) We extend particular cases
in which this result is known to be rigorously exact by providing a proof for two-layers networks
with Gaussian random weights, using the recently introduced adaptive interpolation method.
(iiiy We propose an experiment framework with generative models of synthetic datasets, on which
we train deep neural networks with a weight constraint designed so that the assumption in (i) is
veri ed during learning. We study the behavior of entropies and mutual informations throughout
learning and conclude that, in the proposed setting, the relationship between compression and
generalization remains elusive.

The successes of deep learning methods have spurred e orts towards quantitative modeling of
the performance of deep neural networks. In particular, an information-theoretic approach linking
generalization capabilities to compression has been receiving increasing interest. The intuition behind
the study of mutual informations in latent variable models dates back to the information bottleneck
(IB) theory of [1]. Although recently reformulated in the context of deep learning R], verifying its
relevance in practice requires the computation of mutual informations for high-dimensional variables,
a notoriously hard problem. Thus, pioneering works in this direction focused either on small network
models with discrete (continuous, eventually binned) activations [3], or on linear networks [4, 5].

In the present paper we follow a di erent direction, and build on recent results from statistical
physics B, 7] and information theory [8, 9] to propose, in Sectiorf 1L, a formula to compute information-
theoretic quantities for a class of deep neural network models. The models we approach, described in
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Section[2, are non-linear feed-forward neural networks trained on synthetic datasets with constrained
weights. Such networks capture some of the key properties of the deep learning setting that are
usually di cult to include in tractable frameworks: non-linearities, arbitrary large width and depth,
and correlations in the input data. We demonstrate the proposed method in a series of numerical
experiments in Sectior| B. First observations suggest a rather complex picture, where the role of
compression in the generalization ability of deep neural networks is yet to be elucidated.

1 Multi-layer model and main theoretical results

A stochastic multi-layer model We consider a model of multi-layer stochastic feed-forward
neural network where each elemenk; of the input layer x 2 RN¢ is distributed independently
as Po(xi), while hidden units t-; at each successive layet- 2 RN' (vectors are column vectors)
come fromP- (t‘;ijWJ;i t- 1), with tg x and W-; denoting the i-th row of the matrix of weights

wW- 2 RN N1 In other words
i Xi Po(); tui  Pi(iWlix) oty PL(W/ it o) (1)

given a set of weight matrices fW-g', and distributions fP-g-_, which encode possible non-
linearities and stochastic noise applied to the hidden layer variables, an&®; that generates the
visible variables. In particular, for a non-linearity t-; =" -(h; -, where - P () is the stochastic
noise (independent for each), we have P‘(t\;ijWJ.it\ 1) = dP () ty ‘(WJ.it‘ 15 i) -
Model (T) thus describes a Markov chain which we denote b ! Ty! T,! !~ T_, with
T =" (WT 1; ), ~=1F giN:i, and the activation function ' - applied componentwise.

Replica formula We shall work in the asymptotic high-dimensional statistics regime where
all — N-=Ng are of order one whileNg!1 , and make the important assumption that all
matrices W- are orthogonally-invariant random matrices independent from each other; in other
words, each matrix W- 2 RN* N* 1 can be decomposed as a product of three matriceg/- = U-S:V+,
whereU- 2 O(N+) and V- 2 O(N- ;) are independently sampled from the Haar measure, an8: is a
diagonal matrix of singular values. The main technical tool we use is a formula for the entropies
of the hidden variables,H (T-) = Ey. InP1.(t+), and the mutual information between adjacent
layers I (T~; T 1) = H(T)+ Er.;1. ,InPr 7. [ (tjt- 1), based on the heuristic replica method
[10, 11, 6, 7, 8, 9

Claim 1 (Replica formula). Assume model [(1) withL layers in the high-dimensional limit with
componentwise activation functions and weight matrices generated from the ensemble described above,

of T- is given by the minimum among all stationary points of the replica potential:

. 1 .
lim —H(T)=min extr <(A;V:;A:;V); (2)
Nol1 Npg AV AN

which depends on -dimensional vectorsA;V ; A; ¥, and is written in terms of mutual information



I and conditional entropiesH of scalar variables as

1X
(AVGAIY) =T toitot P— 2 % 1 Akt kA Fw, (AkVk)
A 2
X1 h 1 i
+ ~ H(te] «; A1 Vi %) §|09(29Kk+1) +~H(tj %, ~); 3)
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R
where k= Nk=Nk 1, = = Nk=No, k= dPx 1(t)t?>, «=(E,,_ w,) =k, and x N (0;1)
for k =0;:::;". In the computation of the conditional entropies in [3), the scalarty-variables are
generated fromP (tg) = Po(tg) and

P(tkj AV )= Eo Prlt + =PA° TV PV k=1 4
P(t] Vi )= E-P(t] V4 V), )

where ~and z are independentN (0; 1) random variables. Finally, the function Fy, (x) depends on
the distribution of the eigenvalues . following

Fw00=min 2 +( « D@ )+ E, x w +@ )X )] (©

The computation of the entropy in the large dimensional limit, a computationally di cult task,
has thus been reduced to an extremization of a function of" variables, that requires evaluating
single or bidimensional integrals. This extremization can be done e ciently, as detailed in the
Supplementary Material; a user-friendly Python package is provided 12], which performs the
computation for di erent choices of prior Py, activations ' - and spectra .. Finally, the mutual
information between successive layers(T-; T- 1) can be obtained from the entropy following the
evaluation of an additional bidimensional integral, see Sectioph 1.6/1 of the Supplementary Material.

Our approach in the derivation of (3) builds on recent progresses in statistical estimation and
information theory for generalized linear models following the application of methods from statistical
physics of disordered systemslD, 11] in communication [13], statistics [14] and machine learning
problems [L5, 16]. In particular, we use advanced mean eld theory 17] and the heuristic replica
method [10, 6], along with its recent extension to multi-layer estimation [7, 8, 9], in order to derive
the above formula (3). This derivation is lengthy and thus given in the Supplementary Material.

Rigorous statement We recall the assumptions under which the replica formula of Clainj [1
is conjectured to be exact: (i) weight matrices are drawn from an ensemble of random orthogonally-
invariant matrices, (ii) matrices at di erent layers are statistically independent and (iii) layers have
a large dimension and respective sizes of adjacent layers are such that weight matrices have aspect
ratios f ; ~kg‘k=1 of order one. While we could not prove the replica prediction in full generality, we
stress that it comes with multiple credentials: (i) for Gaussian prior Pg and Gaussian distributionsP-,
it corresponds to the exact analytical solution when weight matrices are independent of each other
(see Secti02 of the Supplementary Material). (ii) In the single-layer case with a Gaussian weight
matrix, it reduces to formula (fL3) in the Supplementary Material, which has been recently rigorously
proven for (almost) all activation functions ' [18]. (iii) In the case of Gaussian distributions P, it
has also been proven for a large ensemble of random matricd®][and (iv) it is consistent with all
the results of the AMP [20, 21, 22] and VAMP [ 23] algorithms, known to perform well for these



estimation problems. An equivalent formula was proposed by Reeves i®][using di erent heuristic
arguments.

In order to go beyond results for the single-layer problem and heuristic arguments, we prove
Claim [I] for the more involved multi-layer case, assuming Gaussian i.i.d. matrices and two non-linear
layers:

Theorem 1 (Two-layer Gaussian replica formula) Suppose(H 1) the input units distribution Pg is
separable and has bounded suppoftd 2) the activations' ; and ' , corresponding toPl(tl;ijwll;ix)
and Pz(tz;ijwzl;itl) are boundedC? with bounded rst and second derivatives w.r.t their rst argument;
and (H 3) the weight matricesW;, W have Gaussian i.i.d. entries. Then for model(l) with two
layers L =2 the high-dimensional limit of the entropy veri es Claim[].

The theorem, that proves the conjecture presented in{], is proven using the adaptive interpolation
method of [24, 18] in a multi-layer setting, as rst developed in [25]. The lengthy proof, presented in
details in the Supplementary Material, is of independent interest and adds further credentials to
the replica formula, as well as o ers a clear direction to further developments. Note that, following
the same approximation arguments as in18 where the proof is given for the single-layer case, the
hypothesis (H 1) can be relaxed to the existence of the second moment of the priofH 2) can be
dropped and (H 3) extended to matrices with i.i.d. entries of zero meanO(1=Ng) variance and nite
third moment.

2 Tractable models for deep learning

The multi-layer model presented above can be leveraged to simulate two prototypical settings of
deep supervised learning on synthetic datasets amenable to the replica tractable computation of
entropies and mutual informations.

The rst scenario is the so-calledteacher- teacher-student generative-recognition
student (see Figure[1, left). Here, we assume(i.i.d. input data) (correlated input data)
that the input x is distributed acco@ing to a _ N
separableprior distribution Px (x) = ~; Po(x;), teacher  student generative  recognition
factorized in the components ofx, and the corre- z T
sponding labely is given by applying a mapping ’ \ Wy WLH / \ Wy
x ! 'y, called the teacher After generating a y t - s £ t
train and test set in this manner, we perform the p 2 L T W
training of a deep neural network,the student l : K ; :
on the synthetic dataset. In this case, the data t Wi, Wa t l 1473
themselves have a simple structure given by. l - W, T tr

In constrast, the second scenario allowgen- v L+l y l Wit
erative models(see Figure] 1, right) that create Y g

more structure, and that are reminiscent of the
generative-recognitionpair of models of a Vari-
ational Autoencoder (VAE). A code vector y
is sampleél from a separable prior distribution
Py(y)= "~ Po(yi) and a corresponding data pointx is generated by a possibly stochastic neural
network, the generative model This setting allows to create input data x featuring correlations,

Figure 1: Two models of synthetic data



di erently from the teacher-student scenario. The studied supervised learning task then consists in
training a deep neural net,the recognition modej to recover the codey from x.

In both cases, the chain going fromX to any later layer is a Markov chain in the form of . In
the rst scenario, model (I) directly maps to the student network. In the second scenario however,
model actually maps to the feed-forward combination of the generative model followed by the
recognition model. This shift is necessary to verify the assumption that the starting point (now
given by Y ) has a separable distribution. In particular, it generates correlated input dataX while
still allowing for the computation of the entropy of any T-.

At the start of a neural network training, weight matrices initialized as i.i.d. Gaussian random
matrices satisfy the necessary assumptions of the formula of Claim 1. In their singular value
decomposition

W= USWV @)

the matricesU- 2 O(N-) and V* 2 O(N- 3), are typical independent samples from the Haar measure
across all layers. To make sure weight matrices remain close enough to independent during learning,
we de ne a custom weight constraint which consists in keeping)- and V- xed while only the matrix

S+, constrained to be diagonal, is updated. The number of parameters is thus reduced frobt N- 1

to min(N-;N- ;). We refer to layers following this weight constraint as USV-layers. For the replica
formula of Claim 1 to be correct, the matricesS: from di erent layers should furthermore remain
uncorrelated during the learning. In Section[3, we consider the training of linear networks for which
information-theoretic quantities can be computed analytically, and con rm numerically that with
USV-layers the replica predicted entropy is correct at all times. In the following, we assume that is
also the case for non-linear networks.

In Section[3.2 of the Supplementary Material we train a neural network with USV-layers on
a simple real-world dataset (MNIST), showing that these layers can learn to represent complex
functions despite their restriction. We further note that such a product decompaosition is reminiscent
of a series of works on adaptative structured e cient linear layers (SELLs and ACDC) R6, 27
motivated this time by speed gains, where only diagonal matrices are learned (in these works the
matrices U- and V- are chosen instead as permutations of Fourier or Hadamard matrices, so that
the matrix multiplication can be replaced by fast transforms). In Section[3, we discuss learning
experiments with USV-layers on synthetic datasets.

While we have de ned model() as a stochastic model, traditional feed forward neural networks
are deterministic. In the numerical experiments of Sectiof |3, we train and test networks without
injecting noise, and only assume a noise model in the computation of information-theoretic quantities.
Indeed, for continuous variables the presence of noise is necessary for mutual informations to remain
nite (see discussion of Appendix C in p]). We assume at layer an additive white Gaussian noise of
small amplitude just before passing through its activation function to obtain H(T-) and I (T+; T+ 1),
while keeping the mappingX ! T- 3 deterministic. This choice attempts to stay as close as possible
to the deterministic neural network, but remains inevitably somewhat arbitrary (see again discussion
of Appendix C in [5]).

Other related works The strategy of studying neural networks models, with random weight
matrices and/or random data, using methods originated in statistical physics heuristics, such as the
replica and the cavity methods [LO] has a long history. Before the deep learning era, this approach
led to pioneering results in learning for the Hop eld model R8 and for the random perceptron
[29, 30, 15, 16].

Recently, the successes of deep learning along with the disqualifying complexity of studying real



world problems have sparked a revived interest in the direction of random weight matrices. Recent
results without exhaustivity were obtained on the spectrum of the Gram matrix at each layer
using random matrix theory [31, 32], on expressivity of deep neural networks33], on the dynamics
of propagation and learning B4, 35, 36, 37], on the high-dimensional non-convex landscape where
the learning takes place [38], or on the universal random Gaussian neural nets of [39].

The information bottleneck theory [1] applied to neural networks consists in computing the
mutual information between the data and the learned hidden representations on the one hand, and
between labels and again hidden learned representations on the other hang B]. A successful
training should maximize the information with respect to the labels and simultaneously minimize the
information with respect to the input data, preventing over tting and leading to a good generalization.
While this intuition suggests new learning algorithms and regularizers40, 41, 42, 43, 44, 45, 46|, we
can also hypothesize that this mechanism is already at play in a priori unrelated commonly used
optimization methods, such as the simple stochastic gradient descent (SGD). It was rst tested in
practice by [3] on very small neural networks, to allow the entropy to be estimated by binning of
the hidden neurons activities. Afterwards, the authors of §] reproduced the results of §] on small
networks using the continuous entropy estimator of 44], but found that the overall behavior of
mutual information during learning is greatly a ected when changing the nature of non-linearities.
Additionally, they investigate the training of larger linear networks on i.i.d. normally distributed
inputs where entropies at each hidden layer can be computed analytically for an additive Gaussian
noise. The strategy proposed in the present paper allows us to evaluate entropies and mutual
informations in non-linear networks larger than in [5, 3].

3 Numerical experiments

Estimators and activation comparisons Two non-parametric estimators have already been
considered by p] to compute entropies and/or mutual informations during learning. The kernel-
density approach of Kolchinsky et. al. B4] consists in tting a mixture of Gaussians (MoG) to samples
of the variable of interest and subsequently compute an upper bound on the entropy of the MoGl].
The method of Kraskov et al. 48] uses nearest neighbor distances between samples to directly build
an estimate of the entropy. Both methods require the computation of the matrix of distances between
samples. Recently, 45] proposed a new non-parametric estimator for mutual informations which
involves the optimization of a neural network to tighten a bound. It is unfortunately computationally
hard to test how these estimators behave in high dimension as even for a known distribution the
computation of the entropy is intractable (#P-complete) in most cases. However the replica method
proposed here is a valuable point of comparison for cases where it is rigorously exact.

In the rst numerical experiment we place ourselves in the setting of Theorem 1: a 2-layer
network with i.i.d weight matrices, where the formula of Claim 1 is thus rigorously exact in the limit
of large networks, and we compare the replica results with the non-parametric estimators of4]
and [48]. Note that the requirement for smooth activations (H 2) of Theorem 1 can be relaxed (see
discussion below the Theorem). Additionally, non-smooth functions can be approximated arbitrarily
closely by smooth functions with equal information-theoretic quantities, up to numerical precision.

We consider a neural network with layers of equal siz& = 1000 that we denote: X ! Ty ! To.
The input variable components are i.i.d. Gaussian with mean 0 and variance 1. The weight m%tﬂﬁes
entries are also i.i.d. Gaussian with mean 0. Their standard-deviation is rescaled by a factd= N
and then multiplied by a coe cient  varying between0:1 and 10, i.e. around the recommended value



for training initialization. To compute entropies, we consider noisy versions of the latent variables
where an additive white Gaussian noise of very small variance £, = 10 °) is added right before
the activation function, T1 = f (W1X + 1) and T = f (Waof (WX )+ 2) with 12 N (0; rz,oiselN),
which is also done in the remaining experiments to guarantee the mutual informations to remain
nite. The non-parametric estimators [44, 48] were evaluated using 1000 samples, as the cost of
computing pairwise distances is signi cant in such high dimension and we checked that the entropy
estimate is stable over independent draws of a sample of such a size (error bars smaller than marker
size). On Figure@, we compare the di erent estimates ofH (T;) and H(T>,) for di erent activation
functions: linear, hardtanh or ReLU. The hardtanh activation is a piecewise linear approximation of
the tanh, hardtanh(x)= 1for x< 1, x for 1<x< 1, and 1 for x> 1, for which the integrals in
the replica formula can be evaluated faster than for the tanh.

In the linear and hardtanh case, the non-parametric methods are following the tendency of
the replica estimate when is varied, but appear to systematically over-estimate the entropy. For
linear networks with Gaussian inputs and additive Gaussian noise, every layer is also a multivariate
Gaussian and therefore entropies can be directly computed in closed fornexact in the plot legend).
When using the Kolchinsky estimate in the linear case we also check the consistency of two strategies,
either tting the MoG to the noisy sample or tting the MoG to the deterministic part of the T- and
augment the resulting variance with 2_..., as done in §#4] (Kolchinsky et al. parametric in the plot
legend). In the network with hardtanh non-linearities, we check that for small weight values, the
entropies are the same as in a linear network with same weightsirfear approx in the plot legend,
computed using the exact analytical result for linear networks and therefore plotted in a similar color
to exact). Lastly, in the case of the ReLU-ReLU network, we note that non-parametric methods are
predicting an entropy increasing as the one of a linear network with identical weights, whereas the
replica computation re ects its knowledge of the cut-o and accurately features a slope equal to half
of the linear network entropy (1/2 linear approx in the plot legend). While non-parametric estimators
are invaluable tools able to approximate entropies from the mere knowledge of samples,they inevitably
introduce estimation errors. The replica method is taking the opposite view. While being restricted
to a class of models, it can leverage its knowledge of the neural network structure to provide a
reliable estimate. To our knowledge, there is no other entropy estimator able to incorporate such
information about the underlying multi-layer model.

Beyond informing about estimators accuracy, this experiment also unveils a simple but possibly
important distinction between activation functions. For the hardtanh activation, as the random
weights magnitude increases, the entropies decrease after reaching a maximum, whereas they only
increase for the unbounded activation functions we consider even for the single-side saturating
ReLU. This loss of information for bounded activations was also observed by], where entropies
were computed by discretizing the output as a single neuron with bins of equal size. In this setting,
as the tanh activation starts to saturate for large inputs, the extreme bins (at 1 and 1) concentrate
more and more probability mass, which explains the information loss. Here we con rm that the
phenomenon is also observed when computing the entropy of the hardtanh (without binning and
with small noise injected before the non-linearity). We check via the replica formula that the same
phenomenology arises for the mutual informationd (X ; T-) (see Sectiol).

Learning experiments with linear networks In the following, and in Section[3.3 of the the
Supplementary Material, we discuss training experiments of di erent instances of the deep learning
models de ned in Section 2. We seek to study the simplest possible training strategies achieving
good generalization. Hence for all experiments we use plain stochastic gradient descent (SGD) with
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Figure 2: Entropy of latent variables in stochastic networksX ! T; ! T,, with equally sized
layers N = 1000, inputs drawn from N (0; 1y ), weights from N (0; 2152=N), as a function of the
weight scaling parameter . An additive white Gaussian noiseN (0; 10 °ly) is added inside the
non-linearity. Left column: linear network. Center column: hardtanh-hardtanh network. Right
column: ReLU-RelLU network.

constant learning rates, without momentum and without any explicit form of regularization. The
sizes of the training and testing sets are taken equal and scale typically as a few hundreds times the
size of the input layer. Unless otherwise stated, plots correspond to single runs, yet we checked over
a few repetitions that outcomes of independent runs lead to identical qualitative behaviors. The
values of mutual informations| (X ; T-) are computed by considering a noisy versions of the latent
variables where an additive white Gaussian noise of very small variance %, = 10 °) is added
right before the activation function, as in the previous experiment. This noise is neither present
at training time, where it could act as a regularizer, nor at testing time. Given the noise is only
assumed at the last layer, the second to last layer is a deterministic mapping of the input variable;
hence the replica formula yielding mutual informations between adjacent layers gives us directly
I(T;T- )= H(T) H(TJT- )= H(T) H(TjX)=I1(T;X ). We provide a second Python
package #9] to implement in Keras learning experiments on synthetic datasets, using USV- layers
and interfacing the rst Python package [12] for replica computations.

To start with we consider the training of a linear network in the teacher-student scenario. The
teacher has also to be linear to be learnable: we consider a simple single-layer network with additive
white Gaussian noise,Y = WieachX + , with input x N (0;1ly) of size N, teacher matrix Wigach
i.i.d. normally distributed as N (0;1=N) , noise N (0;0:01ly), and output of size Ny = 4.
We train a student network of three USV-layers, plus one fully connected unconstrained layer
X 1 Ti! Tp! T3! Y on the regression task, using plain SGD for the MSE losé? Y )2. We
recall that in the USV-layers @ only the diagonal matrix is updated during learning. On the left
panel of Figure[3, we report the learning curve and the mutual informations between the hidden
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Figure 3: Training of a 4-layer linear student of varying size on a regression task generated by a
linear teacher of output sizeNy =4. Upper-left: MSE loss on the training and testing sets during
training by plain SGD for layers of sizeN = 1500. Best training loss is 0.004735, best testing loss is
0.004789. Lower-left: Corresponding mutual information evolution between hidden layers and input.
Center-left, center-right, right: maximum and squared error of the replica estimation of the mutual
information as a function of layers sizeN, over the course of 5 independent trainings for each value
of N for the rst, second and third hidden layer.

layers and the input in the case where all layers but outputs have siz8l = 1500. Again this linear
setting is analytically tractable and does not require the replica formula, a similar situation was
studied in [5]. In agreement with their observations, we nd that the mutual informations | (X ;T+)
keep on increasing throughout the learning, without compromising the generalization ability of the
student. Now, we also use this linear setting to demonstrate (i) that the replica formula remains
correct throughout the learning of the USV-layers and (ii) that the replica method gets closer and
closer to the exact result in the limit of large networks, as theoretically predicted(@). To this aim,
we repeat the experiment forN varying between 100 and 150Q and report the maximum and the
mean value of the squared error on the estimation of thé (X ; T-) over all epochs of 5 independent
training runs. We nd that even if errors tend to increase with the number of layers, they remain
objectively very small and decrease drastically as the size of the layers increases.

Learning experiments with deep non-linear networks Finally, we apply the replica
formula to estimate mutual informations during the training of non-linear networks on correlated
input data.

We consider a simple single layer generative mod& = WgenY +  with normally distributed
codeY N (0;ln,) of sizeNy =100, data of sizeNx = 500 generated with matrix Wgep i.i.d.
normally distributed as N (0; 1=Ny) and noise N (0;0:0ly, ). We then train a recognition
model to solve the binary classi cation problem of recovering the labely = sign(Y1), the sign of
the rst neuron in Y, using plain SGD but this time to minimize the cross-entropy loss. Note
that the rest of the initial code (Y2;::Yy, ) acts as noise/nuisance with respect to the learning task.
We compare two 5-layers recognition models with 4 USV- layers plus one unconstrained, of sizes
500-1000-500-250-100-2, and activations either linear-ReLU-linear-ReLU-softmax (top row of Figure
[) or linear-hardtanh-linear-hardtanh-softmax (bottom row). Because USV-layers only featureO(N)
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Figure 4. Training of two recognition models on a binary classi cation task with correlated input
data and either ReLU (top) or hardtanh (bottom) non-linearities. Left: training and generalization
cross-entropy loss (left axis) and accuracies (right axis) during learning. Best training-testing
accuracies are 0.995 - 0.991 for ReLU version (top row) and 0.998 - 0.996 for hardtanh version
(bottom row). Remaining colums: mutual information between the input and successive hidden
layers. Insets zoom on the rst epochs.

parameters instead ofO(N ?) we observe that they require more iterations to train in general. In
the case of the ReLU network, adding interleaved linear layers was key to successful training with 2
non-linearities, which explains the somewhat unusual architecture proposed. For the recognition
model using hardtanh, this was actually not an issue (see Supplementary Material for an experiment
using only hardtanh activations), however, we consider a similar architecture for fair comparison.
We discuss further the ability of learning of USV-layers in the Supplementary Material.

This experiment is reminiscent of the setting of B], yet now tractable for networks of larger sizes.
For both types of non-linearities we observe that the mutual information between the input and all
hidden layers decrease during the learning, except for the very beginning of training where we can
sometimes observe a short phase of increase (see zoom in insets). For the hardtanh layers this phase
is longer and the initial increase of noticeable amplitude.

In this particular experiment, the claim of [3] that compression can occur during training even
with non double-saturated activation seems corroborated (a phenomenon that was not observed
by [5]). Yet we do not observe that the compression is more pronounced in deeper layers and its
link to generalization remains elusive. For instance, we do not see a delay in the generalization
w.r.t. training accuracy/loss in the recognition model with hardtanh despite of an initial phase
without compression in two layers. Further learning experiments, including a second run of this last
experiment, are presented in the Supplementary Material.
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4 Conclusion and perspectives

We have presented a class of deep learning models together with a tractable method to compute
entropy and mutual information between layers. This, we believe, o ers a promising framework
for further investigations, and to this aim we provide Python packages that facilitate both the
computation of mutual informations and the training, for an arbitrary implementation of the model.
We observe in our high-dimensional experiments that compression does happen during learning,
even when using ReLU activations. While we did not observe a clear link between generalization
and compression in our setting, there are many directions to be further explored within the models
presented in Sectiorf P. Studying the entropic e ect of regularizers is a natural step to formulate
an entropic interpretation to generalization. Furthermore, while our experiments focused on the
supervised learning, the replica formula derived for multi-layer models is general and can be applied
in unsupervised contexts, for instance in the theory of VAEs. On the rigorous side, the greater
perspective remains proving the replica formula in the general case of multi-layer models, and further
con rm that the replica formula stays true after the learning of the USV-layers. Another question
worth of future investigation is whether the replica method can be used to describe not only entropies
and mutual informations for learned USV-layers, but also the optimal learning of the weights itself.

Acknowledgments

The authors would like to thank Léon Bottou, Antoine Maillard, Marc Mézard and Galen Reeves for
insightful discussions. This work has been supported by the ERC under the European Union's FP7
Grant Agreement 307087-SPARCS and the European Union's Horizon 2020 Research and Innovation
Program 714608-SMiLe, as well as by the French Agence Nationale de la Recherche under grant
ANR-17-CE23-0023-01 PAIL. Additional funding is acknowledged by MG from Chaire de recherche
sur les modeéles et sciences des données , Fondation CFM pour la Recherche-ENS; by AM from Labex
DigiCosme; and by CL from the Swiss National Science Foundation under grant 200021E-175541.
We gratefully acknowledge the support of NVIDIA Corporation with the donation of the Titan Xp
GPU used for this research.

References

[1] N. Tishby, F. C. Pereira, and W. Bialek. The Information Bottleneck Method. 37th Annual
Allerton Conference on Communication, Control, and Computing 1999.

[2] N. Tishby and N. Zaslavsky. Deep learning and the information bottleneck principle. InlEEE
Information Theory Workshop (ITW) , 2015.

[3] R. Shwartz-Ziv and N. Tishby. Opening the Black Box of Deep Neural Networks via Information.
arXiv:1703.0081Q 2017.

[4] G. Chechik, A. Globerson, N. Tishby, and Y. Weiss. Information bottleneck for Gaussian
variables. Journal of Machine Learning Research 6(Jan):165 188, 2005.

[5] A. M. Saxe, Y. Bansal, J. Dapello, M. Advani, A. Kolchinsky, B. D. Tracey, and D. D. Cox. On
the Information Bottleneck Theory of Deep Learning. In International Conference on Learning
Representations (ICLR), 2018.

11



[6] Y. Kabashima. Inference from correlated patterns: a uni ed theory for perceptron learning and
linear vector channels.Journal of Physics: Conference Serigs95(1):012001, 2008.

[7] A. Manoel, F. Krzakala, M. Mézard, and L. Zdeborova. Multi-layer generalized linear estimation.
In IEEE International Symposium on Information Theory (ISIT) , 2017.

[8] A. K. Fletcher and S. Rangan. Inference in Deep Networks in High DimensionsrXiv:1706.06549
2017.

[9] G. Reeves. Additivity of Information in Multilayer Networks via Additive Gaussian Noise
Transforms. In 55th Annual Allerton Conference on Communication, Control, and Computing
2017.

[10] M. Mézard, G. Parisi, and M. Virasoro. Spin Glass Theory and Beyond World Scienti c
Publishing Company, 1987.

[11] M. Mézard and A. Montanari. Information, Physics, and Computation. Oxford University
Press, 2009.

[12] dnner: Deep Neural Networks Entropy with Replicas, Python library. https://github.com/
sphinxteam/dnner .

[13] A. M. Tulino, G. Caire, S. Verdu, and S. Shamai (Shitz). Support Recovery With Sparsely
Sampled Free Random Matrices.|[EEE Transactions on Information Theory, 59(7):4243 4271,
2013.

[14] D. Donoho and A. Montanari. High dimensional robust M-estimation: asymptotic variance via
approximate message passingProbability Theory and Related Fields 166(3-4):935 969, 2016.

[15] H. S. Seung, H. Sompolinsky, and N. Tishby. Statistical mechanics of learning from examples.
Physical Review A 45(8):6056, 1992.

[16] A. Engel and C. Van den Broeck. Statistical Mechanics of Learning Cambridge University
Press, 2001.

[17] M. Opper and D. Saad.Advanced mean eld methods: Theory and practiceMIT press, 2001.

[18] J. Barbier, F. Krzakala, N. Macris, L. Miolane, and L. Zdeborova. Phase Transitions, Optimal
Errors and Optimality of Message-Passing in Generalized Linear ModelsarXiv:1708.03395
2017.

[19] J. Barbier, N. Macris, A. Maillard, and F. Krzakala. The Mutual Information in Random Linear
Estimation Beyond i.i.d. Matrices. In IEEE International Symposium on Information Theory
(ISIT) , 2018.

[20] D. Donoho, A. Maleki, and A. Montanari. Message-passing algorithms for compressed sensing.
Proceedings of the National Academy of Science406(45):18914 18919, 2009.

[21] L. Zdeborova and F. Krzakala. Statistical physics of inference: thresholds and algorithms.
Advances in Physics 65(5):453 552, 2016.

12


https://github.com/sphinxteam/dnner
https://github.com/sphinxteam/dnner

[22] S. Rangan. Generalized approximate message passing for estimation with random linear mixing.
In IEEE International Symposium on Information Theory (ISIT) , 2011.

[23] S. Rangan, P. Schniter, and A. K. Fletcher. Vector approximate message passing. IEEE
International Symposium on Information Theory (ISIT) , 2017.

[24] J. Barbier and N. Macris. The stochastic interpolation method: a simple scheme to prove replica
formulas in Bayesian inference.arXiv:1705.0278Q 2017.

[25] J. Barbier, N. Macris, and L. Miolane. The Layered Structure of Tensor Estimation and its
Mutual Information. In 55th Annual Allerton Conference on Communication, Control, and
Computing, 2017.

[26] M. Moczulski, M. Denil, J. Appleyard, and N. de Freitas. ACDC: A Structured E cient Linear
Layer. In International Conference on Learning Representations (ICLR) 2016.

[27] Z. Yang, M. Moczulski, M. Denil, N. de Freitas, A. Smola, L. Song, and Z. Wang. Deep fried
convnets. In IEEE International Conference on Computer Vision (ICCV), 2015.

[28] D. J. Amit, H. Gutfreund, and H. Sompolinsky. Storing in nite humbers of patterns in a
spin-glass model of neural networksPhysical Review Letters 55(14):1530, 1985.

[29] E. Gardner and B. Derrida. Three un nished works on the optimal storage capacity of networks.
Journal of Physics A 22(12):1983, 1989.

[30] M. Mézard. The space of interactions in neural networks: Gardner's computation with the
cavity method. Journal of Physics A 22(12):2181, 1989.

[31] C. Louart and R. Couillet. Harnessing neural networks: A random matrix approach. InIEEE
International Conference on Acoustics, Speech and Signal Processing (ICASSFR017.

[32] J. Pennington and P. Worah. Nonlinear random matrix theory for deep learning. InAdvances
in Neural Information Processing Systems (NIPS) 2017.

[33] M. Raghu, B. Poole, J. Kleinberg, S. Ganguli, and J. Sohl-Dickstein. On the Expressive Power
of Deep Neural Networks. Ininternational Conference on Machine Learning (ICML), 2017.

[34] A. Saxe, J. McClelland, and S. Ganguli. Exact solutions to the nonlinear dynamics of learning in
deep linear neural networks. Ininternational Conference on Learning Representations (ICLR)
2014.

[35] S.S. Schoenholz, J. Gilmer, S. Ganguli, and J. Sohl-Dickstein. Deep information propagation.
In International Conference on Learning Representations (ICLR) 2017.

[36] M. Advani and A. Saxe. High-dimensional dynamics of generalization error in neural networks.
arXiv:1710.03667 2017.

[37] C. Baldassi, A. Braunstein, N. Brunel, and R. Zecchina. E cient supervised learning in networks
with binary synapses. Proceedings of the National Academy of Science404:11079 11084, 2007.

13



[38] Y. Dauphin, R. Pascanu, C. Gulcehre, K. Cho, S. Ganguli, and Y. Bengio. Identifying and
attacking the saddle point problem in high-dimensional non-convex optimization. InAdvances
in Neural Information Processing Systems 2014.

[39] R. Giryes, G. Sapiro, and A. M. Bronstein. Deep neural networks with random Gaussian weights:
a universal classi cation strategy? IEEE Transactions on Signal Processing 64(13):3444 3457,
2016.

[40] M. Chalk, O. Marre, and G. Tkacik. Relevant sparse codes with variational information
bottleneck. In Advances in Neural Information Processing Systems2016.

[41] A. Achille and S. Soatto. Information Dropout: Learning Optimal Representations Through
Noisy Computation. IEEE Transactions on Pattern Analysis and Machine Inteligence 2018.

[42] A. Alemi, |. Fischer, J. Dillon, and K. Murphy. Deep variational information bottleneck. In
International Conference on Learning Representations (ICLR) 2017.

[43] A. Achille and S. Soatto. Emergence of Invariance and Disentangling in Deep Representations.
In ICML 2017 Workshop on Principled Approaches to Deep Learning2017.

[44] A. Kolchinsky, B. D. Tracey, and D. H. Wolpert. Nonlinear Information Bottleneck.
arXiv:1705.02436 2017.

[45] M.1. Belghazi, A. Baratin, S. Rajeswar, S. Ozair, Y. Bengio, A. Courville, and R.D. Hjelm.
MINE: Mutual Information Neural Estimation. arXiv:1801.04062 2017.

[46] S. Zhao, J. Song, and S. Ermon. InfoVAE: Information Maximizing Variational Autoencoders.
arXiv:1706.02262 2017.

[47] A. Kolchinsky and B. D. Tracey. Estimating mixture entropy with pairwise distances. Entropy,
19(7):361, 2017.

[48] A. Kraskov, H. Stdgbauer, and P. Grassberger. Estimating mutual information. Physical Review
E, 69(6):066138, 2004.

[49] Isd: Learning with Synthetic Data, Python library. https://github.com/marylou-gabrie/
learning-synthetic-data

14


https://github.com/marylou-gabrie/learning-synthetic-data
https://github.com/marylou-gabrie/learning-synthetic-data

Supplementary Material

15

Contents

1 Replica formula for the entropy 16 []
1.1 Background . . . . . . ... e e 16
1.2 Entropy in single/multi-layer generalized linearmodels . . . . .. .. ... ... ... 1
1.3 A simple heuristic derivation of the multi-layer formula . . . . . ... ... ... ... 18
1.4 Formulation in terms of tractable integrals . . . . . . .. .. ... ... ........ 19
1.5 Solving saddle-pointequations. . . . . . . . . . ... e 21
1.6 Further considerations . . . . . . . . . . . e
Proof of the replica formula by the adaptive interpolation method 25 1]
2.1 Two-layer generalized linear estimation: Problem statement . . .. .. .. ... ... [25
2.2 Important scalar inference channels . . . . . . . ... .. ... L o L. 26
2.3 Replica-symmetric formula and mutual information . . . . . ... ... ... .....
2.4 Interpolating estimation problem . . . . ... ... . L Lo o
2.5 Interpolating free entropy att=0andt=1 .. ... ... ... ... ... .......
2.6 Free entropy variation along the interpolation path . . . . . . ... ... ... .... 31
2.7 Overlap concentration . . . . . . . . . . . . . . e 31
2.8 Canceling theremainder . . . . . . . . . . . 33
2.9 Lower and upper matching bounds . . . . .. .. ... ... ... ... . . . . ... 34
Numerical experiments 361
3.1 Activations comparison in terms of mutual informations . . . .. ... ... ... ..
3.2 Learning ability of USV-layers . . . . . . . . . .. ...
3.3 Additional learning experiments on syntheticdata . .. ... ... .......... 38
Proofs of some technical propositions 42 []
A.1 The Nishimoriidentity . . . . . . . . . . . . . e 7]
A.2 Limit of the sequence( 1(No))ng 1 - « « « « v v v v v b e [43
A.3 Properties of the third scalar channel . . . .. .. ... ... ... ........... 44
Proof of Proposition 2 [] 45[]
B.1 Proofof (129) . . ... . . . . . .. . 45
B.2 Proof that An(t) vanishes uniformly asno!'1 . . . . . ... .. .. ... ... ... [48
Concentration of free entropy and overlaps 51 []
C.1 Concentration of the free entropy . . . . . . . . . . . . .. 51
C.2 Concentrationoftheoverlap. . . . . . . . . . . . .. . .. .. .. . [59



1 Replica formula for the entropy

1.1 Background

The replica method [1, 2] was rst developed in the context of disordered physical systems where
the strength of interactions J are randomly distributed, J P;(J). Given the distribution of
microstatesx at a xed temperature 1, P(xj;J )= Tl;”e H1(X) one is typically interested
in the average free energy

F()= Jim < ElogZ(;3): ®

from which typical macroscopic behavior is obtained. Computing [(B) is hard in general, but can be
done with the use of speci ¢ techniques. The replica method in particular employs the following
mathematical identity Egn 1
J :
P )
Evaluating the average on the r.h.s. leads, under theeplica-symmetry assumption, to an expression
of the form E;Z" = e Nn etrq (54) where (; q) is known as thereplica-symmetric free energy
and q are order parameters related to macroscopic quantities of the system. We then write
F( )= extrq (,; g),sothatcomputing F depends on solving the saddle-point equations q - 0.
Computing (B) is of interest in many problems outside of physics3, 4]. Early applications of the
replica method in machine learning include the evaluation of the optimal capacity and generalization
error of the perceptron b, 6, 7, 8, 9]. More recently it has also been used in the study of problems
in telecommunications and signal processing, such as channel divison multiple acce&§][and
compressed sensing [11, 12, 13, 14]. For a review of these developments see [15].
These particular examples all share the following common probabilistic structure

E;logZz = Ir“n0

Yy  Pyjz(YiWX);

X Px(x); (10)

for xed W and di erent choices of Pyj; and Py ; in other words, they are all speci c instances
of generalized linear modeldGLMs). Using Bayes theorem, one writes the posterior distribution
of x asP(xjW;y) = W Pyjz (YJWX) Px (x); the replica method is then employed to evaluate
the average log-marginal likelihoodEyw;y logP (W;y), which gives us typical properties of the model.
Note this quantity is nothing but the entropy of y given W, H(yjw).

The distribution P; (or Py in the notation above) is usually assumed to be i.i.d. on the elements
of the matrix J. However, one can also use the same techniques to approakibelonging to arbitrary
orthogonally-invariant ensembles. This approach was pioneered by.§, 17, 18, 19], and in the context
of generalized linear models by [20, 21, 22, 23, 24, 25, 26].

Generalizing the analysis of ) to multi-layer models has rst been considered by2[] in the
context of Gaussian i.i.d. matrices, and by 28, 29 for orthogonally-invariant ensembles. In particular,
[29] has an expression for the replica free energy which should be in principle equivalent to the one
we present, although its focus is in the derivation of this expression rather than applications or
explicit computations.

Finally, it is worth mentioning that even though the replica method is usually considered to be
non-rigorous, its results have been proven to be exact for di erent classes of models, including GLMs
[30, 31, 32, 33, 34, 35], and are widely conjectured to be exact in general. In fact, in sectioE]Z we
show how to proove the formula in the particular case of two-layer with Gaussian matrices.
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1.2 Entropy in single/multi-layer generalized linear models
1.2.1 Single-layer
For a single-layer generalized linear model
(
X Px(X);
x (X) | (11)
Yy  Pyjz(yjWx):

with Px and Py;z separable in the components ok 2 RN andy 2 RM, and W 2 RM N Gaussian
iid, Wi N (0;1=N),dene = M=N and = E,x2. Then the entropy ofy in the limit N !1
is given by [15, 35]

. l . _ . . .
NIllgn N H(yJW)—mlnng (A; V), (12)
where 1
(AV)= SAV +1(xix+ p%w H (yj 1V;); (13)

ith o, 1 tboth normaﬂ,lyidistributed with zero mean and unit variance, and P(yj ;V; ) =
DzPyjz (yj V + V2 (here Dz denotes integration over a standard Gaussian measure).
This can be adapted to orthogonally-invariant ensembles by using the techniques described in
[22]. Let W = USVT, where U is orthogonal, S diagonal and arbitrary and V is Haar distributed.
We denote by w( w) the distribution of eigenvalues of W™ W, and the second moment oz = Wx
by ~= Ew _ The entropy is then written as N 1H (yjW) = min extr aviay (AVIA V), where

AVIEV)= JAV+ AV Fw(AV) +1(xx+ P+ H O 5V

and
Fw(X)=min 2 +( L)logl )+ E , logx w +(1 )1 )] (15)

If the matrix is Gaussian i.i.d., w( w) is Marchenko-Pastur andFy (AV) = AV . Extremizing
over A givesV = V, so that is recovered. In this precise case, it has been proven rigorously in
[35].

1.2.2 Multi-layer

Consider the following multi-layer generalized linear model

8
to;  Xi  Po(Xi);
% tyi  Pa(tyijWax),
tai  Pa(tzijWata); (16)

Tty Pu(yjWity 1);
where theW- 2 R™ ™ 1 are xed, and the i index runs from 0 to n-. Using Bayes' theorem we can
write 7
1 by 1 v

P(tojtL; W)= W) dt-  P(tjW-t- 1)P(to): (17)
T =1 =1
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with W = fW-g-;...... Performing posterior inference requires one to evaluate the marginal
likelihood

Zy1 ¢
P(tL;W) = dt-  P(t:jW-t- 1) P(to); (18)
NI -
which is in general hard to do. Our analysis employs the framework introduced in27] to compute
the entropy of t_ in the limit ng!1 with ~ = n-=ng nite for ~=1;:::;L
lim ny*H(tLjW) =min extr  (A;V;A;V); (19)
o'l AN AN

with the replica potential  given by

X
AV AV = % ~ 1 AV-+ AV Fw.(AV) + I (to;to + pLi)+ (20)
“— A
=1 1
X1 . 1 .
+ ~ H(tj A4V ~) élog(ZeNﬂ) +~ H(t) V)

1
and the normally distributed with zero mean and unit variance. The t- in the expression above

are distributed as .

P(tj :A;V; )= DDzP(t+ P Ejp V o+ IOVz‘); (21)
z P p_
P(tij L;V; )=  DzP(t] Vi+ Var (22)

R R
where Dz ()= dzN(z;0;1)() denotes the integration over the standard Gaussian measure.

1.3 A simple heuristic derivation of the multi-layer formula

Formula (20) can be derived using a simple argument. Consider the case= 2, where the model

reads 8
2 to  Po(to);

S t1  Pa(t1jWito); (23)
Tty Pa(tojWoty);

with t- 2 R™ and W 2 R™ ™ 1. For the problem of estimating t; given the knowledge oft,, we
compute limn,11 Ny *H (t2jW1) using the replica free energy[(14)

1
(A2; Vo, Az, o) = > AoVo+ AL Fw,(AVo) + (24)
+ 1 (tg;ty + p%)+ oH (to] 2;V2; =): (25)
2

Note that

It + p==)=H t1+ p— H p
A> A5 A (26)

3 1
=H t1+ p=—  Zlog(2eAy):
A 2
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p
Moreover, H (t1 + 3= A3) can be obtained from the replica free energy of another problem: that of
estimating to given the knowledge of (noisy)t1, which can again be written using [14)

lim ny'H(ty+ p——)=min extr 1(A1; Vi, A1, V), (27)
No'l Ao ALVLALY
with
1
1(A1; Vi, A3 V)= > AVi+ 1AV Fw,(AVh) + (28)
+ 1 (to;to + B%)"‘ 1H (t1) 1; A1; V1 ~1); (29)
1

and the noise 77 being integrated in the computation of H (t;j 1), see ). Replacing)9)
in (25) gives our formula (20) for L = 2; further repeating this procedure allows one to write the
equations for arbitrary L.

1.4 Formulation in terms of tractable integrals

While expression [2) is more easily written in terms of conditional entropies and mutual informations,
evaluating it requires us to explicitely state it in terms of integrals, which we do below. We rst
consider the Gaussian i.i.d. In this case, the multi-layer formula was derived with the cavity and
replica method by [27], and we shall use their results here. Assuming thawv- 2 R™ ™ 1 such that
W-; N (0;1=n 1) and using the replica formalism, Claim 1 from the main text becomes, in this
case

n!i!rlr1 Ny *H (tLjW) = min eAx:[\r/ (A:V): (30)

with the replica potential  evaluated from

S
(AV)=5  — A V) KAV (31)
o
and
§( 1
K(A;V; )= KO(A1)+ ~‘K‘(A‘+1;V‘; ‘)+ ~LKL(VL; L): (32)
o1 o
The constants -, ~ and - are de ned as foIIowin@ = =M g, ~ = n=ng, s = dtPe q(b)t2
Moreover
K-(AV ) = Eptzwjayv; 109Z-(A;b;Viw); (33)
for1 °~ L 1, and
Ko(A) = Eb;xjA logZo(A; b); (34)
KL(Vv; )= Ey;z;ij; logZ (y;V,w):
!Note that due to the central limit theorem, - can be evaluated from - ; using - = Rdtdz P-(tjz)N (z;0; - 1)t2.
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where

R
Zo(A;B)= dxPo(x)e 2A%**BX;
R
Z(A;B;V;! )R= didz P (tjz)N (z;1: V )e 2AU’*Bt.
Z (y;V:1)= dzPL(Yjz)N(z;1;,V ). (35)

and the measures over which expectations are computed are

Po(b; x; A)= Po(x)N (b; Ax; A);
P (bt z;w, As V)= P-(tjz)N (b At AN (z; w; V)N (w; 0; m); (36)
pL(y;Z;w; Vi )= PL(YiZ)N (z;w; V)N (w; 0; - V):

We typically pick the likelihoods P- so that Z- can be computed in closed-form, which allows for
a number of activation functions linear, probit, ReLU etc. However, our analysis is quite general
and can be done for arbitrary likelihoods, as long as evaluatin3) an4) is computationally
feasible.
Finally, the replica potential above can be generalized to the orthogonally-invariant case using
the framework of [22], which we have described in the previous subsection
iR 0
(A;V;AV) = > ~ 1 AV + AV Fw. (AV) + D (to;to + pfl)+ (37)
=1
& 1 1
+ = H(E] SAwVE =) Slog(2eA ) +~LH(tj L)
=1

If the matrix W- is Gaussian i.i.d., the distribution of eigenvalues oW.TW- is Marchenko-Pastur
and one getsFw. (A-V) = AV, A= A,V =V, so that (]:’Zl]) is recovered. Moreover, for
L =1, one obtains the replica free energy proposed by [22, 23, 24].
1.4.1 Recovering the formulation in terms of conditional entropies

One can rewrite the formulas above in a simpler way. By manipulating the measure$ (36) one obtains

Ko(Ai )= 10GB)+ ZA; (38)

for x  Po(x) and b N (bjAx;A). Introducing a standard normal variable o and using the
invariance of mutual informations, this can be written as

Ko(A; )= I(x;x+pl:A0)+;A: (39)

Similarly
Ko(vs )= H(yiw;V); (40)

R
for P(yjw;V) = dzP_(yjz2)N (z;w;V) and P(w;V; ) = N (w;0; V). Introducing standard
normal
Ko(Vi )= H(yi Vs ): (41)
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where Z D 0
Plyj .;V; )= DzPL(yj V i+ V3, (42)

R R
and Dz()= dzN(z;0;1)() denotes integration over the standard Gaussian measure.
Finally, for the K-

K(AV: )= HEWAV: )+ SA + Slog2eA) (43)

R
for P(bw; A; V) = dtdzN (b; At; A)P-(tjz)N (z;w; V) and P(w;V; )= N(w;0; V). Introducing
standard normal -

K-(A;V; )= H(tj - AV)+ %A + %Iog(ZeA): (44)

where Z D p P
P(tj ;A)V; )= DDzP(t+ 1=A7 V .+ VaE): (45)

We can then rewrite (32) as

S

K(A;V; )= 5 T A I (to;to + F’%)
N 1
- (46)
X1 . 1 .
~ H(t] AV ) §|Og(2€A‘+1) ~LH(t) oV L):
=1
Replacing in (31) yields
1% 0
(A;V) = > ~ 1AV + I (to;to + pTH
N 1
= a7
X1 . 1 .
+ ~ H(tj ;A1 V5 ) éIog(2eA~+1) +~ H(t v L)
-
1.5 Solving saddle-point equations
In order to deal with the extremization problem in
lim ny*H(tLjW) =min extr  (A;V;A;V); (48)
o'l ANV AN

one needs to solve the saddle-point equations; ., .54 = 0. In what follows we propose two
di erent methods to do that: a xed-point iteration, and the state evolution of the ML-VAMP
algorithm [28].
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1.5.1 Method 1: xed-point iteration
We rst introduce the following function, which is related to the derivatives of Fy.

(; )=1 S @ e ) b (49)

whereS(z)= E . 1L > is the Stieltjes transform of WTW-, see e.g. 36]. In our experiments we have
evaluated S approximately by using the empirical distribution of eigenvalues.
The xed point iteration consist in looping through layers L to 1, rst computing the #- which

minimizes ), and v h

o
#Y = argmin (AOVy T (50)
v = OO,
then ALY , which for layers1 ~ L 1 comes from
t+1 ) e (D
ALY = Botzwj- i v @/ IOgZ*(KQl ’ b1\7‘( )'W)1 (51)
and for the L-th layer, from
1
A(Lt+ ) = Ey;z;wjj_ vl @I IOgZL (y, VL ; W): (52)
Finally, we recompute # using A" | and A
h [
1 2
#2) = arg min (GA D0y T 3

A = Doy,

and move on to the next layer. After these quantities are computed for all layers, we compute all
the V+; for2 =~ L

t+1 t t
(VAR Eptrwi- 15 v l@logZ‘(A{);b;V\( )1;W); (54)

and for the 1st layer
VT = B ir, @log Zy (ALY by: (55)

CINCIVC

This particular order has been chosen so that iWV- is Gaussian i.i.d., and one

recovers the state evolution equations in [27].
The set of initial conditions is picked so as to cover the basin of attraction of typical xed points.
In our experiments we have chosel(mAi(;(?);Vi;(\O)) 2f( - 9 % )g with =10 10

1.5.2 Method 2: ML-VAMP state evolution

While the xed-point iteration above works well in most cases, it is not provably convergent. In
particular, it relies on a solution for = -(;A gt)V\(t)) being found, which might not happen
throughout the iteration.
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Algorithm 1 Compute entropy H (y_jW)
Require: fAWM ;v Mghm ¢

for i=1"! nj; do (loop through initial conditions)

t O
while D< ort<t pa do (at each time step ...)
for “'=L! 1do (...loop through layers)

compute #, v using (50)

compute A using ) )

compute #** NG using )
end for 1)
. h i 4 (55
complgtey (t+1)8 uszltr;g ) or )
D NI\'A V)
t t+1
end while
H; (AW, v O, xO v ©)
end for
return min; H;

An alternative is to employ the state evolution (SE) of the ML-VAMP algorithm [ 28], which
leads to the same xed points as the scheme above under certain conditions. Let us rst look at the
single-layer case; the ML-VAMP SE equations read

1 1
Al = ——— A, A= ——— A 56
X VX+(AX) X z VZ+(A)4(-’1=AZ) z ( )
1 1
A, = ——— Al A, = ——_ Al 57
X VX (A)-i(-’lez) X z VZ (A;) z ( )
where
+ P
V" (A) = Ex, @ logZo(A;Ax +  Az); (58)
VP (A; 2= ZMIi'rln MiTr ( T+ AT = 127 A25 A 2%; (59)
V, (A; ?)= ZNIi'En NiTr (T+ A% = 25 A ?%; (60)
1 1
V, (A)= A + A2 Fy;w;z@log{él(y;w§ 1:A;1 (61)
g(A)
Combining (57) and (61) yields
1 1
1=A, = ——— (62)
a(Az) Az
At the xed points
+_ _ 1 +_ _ 1
Vi VX_X'A;+AX' Ve VZ_Z_AZ+AZ' (©3)
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as well as L AtV AV A A
VZ = x % = X % ) £ + = X + (64)
A 7z A Z AZ + Az AX + AX

One can show these conditions also hold for the above scheme, under the following mapping of
variables:

1
V=V A=A V=1=A]; A=A,A}V;=9gA}); =A,V,= N (65)
1+ Az
A

z

These equations are easily generalizable to the multi-layer case; the equations #} and A,
remain the same, while the equations foA} and A, become

1
Al = A, 66
X VX+ (AX\ ; l:A;— 1) X ( )

1
A, = AL 67
VAR VZ‘ l(Ax,]_:A; l) VAR ( )
where

Vil (A'V) = Epizw @ l0gZ- (A b; Vi w); (68)

1 1
Vo J(AV) = -+ Btz @ 109Z: (A b; Viw): (69)

Note that the quantities in (8), (61), (F8) and (E9) were already being evaluated in the scheme
described in the previous subsection.

1.6 Further considerations

1.6.1 Mutual information from entropy

While in our computations we focus on the entropyH (T-), the mutual information 1 (T-;T- 1) can
be easily obtained from the chain rule relation

H(T:T )= H(T)+ Bror logPrr, , (tit 1)
= H(T-)+ dzN(z;0;~) dhP-(hjz)logP-(hjz); (70)
where in order to go from the rst to the second line we have used the central limit theorem. In
particular if the mapping X | T- ;1 is deterministic, as typically enforced in the models we use in
the experiments, thenl (T-;T- 1) = I(T+;X).

1.6.2 Equivalence in linear case

In the linear case,Y = W . W_ 1 W31X + N(O; ) , our formula reduces to [22, 25, 37]
lim N Y1(Y;X)=minextr Lav }G( Va)+ (XX + P 1=A) ; (72)
Ny 1 AR AV 2 2 - ’ B ’

where
G(x)=extr f E logj j+ xg (logjxj+1); (72)
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is also known as the integrated B—trﬂsform, with the eigenvalues oWTW, W  W_W_ | Ws.
If Po is Gaussian, thenl (x;x+ 1=A )= %Iog(l + A); extremizing over A and V then gives

A=1=V 1 V= S(); (73)

where S(z) is the Stieltjes transform of WTW. The mutual information can then be rewritten as
lim N 1I(Y'X):}E log( + ) liog (74)
N 11 ' 2 g 2 9 -

This same result can be achieved analytically with much less e ort, since in this casBy (y) =
N(y;0; Iy +WWT).

2 Proof of the replica formula by the adaptive interpolation method

2.1 Two-layer generalized linear estimation: Problem statement

One gives here a generic description of the observation model, that is a two-layer generalized linear
model (GLM). Let ng;n1;n2 2 N and de ne the triplet n = (ng;n1;n2). Let Py be a probability
distribution over R and let (X io)i”:‘)l lid Py be the components of a signal vectoX °. One xes two
functions' 1 :R RKi! Rand',:R R ! R,kyq, ko 2 N. They act component-wise, i.e. if

x 2 RM and A 2 R™ ki then'i(x;A) 2 R™ is a vector with entries [ ;(x;A)] = "i(x ;A ),

A being the -th row of A. Fori 2f 1;2g, consider(A;. )".; "* Pa, wherePj, is a probability
distribution over RKi. One acquiresn, measurements through

h 0 i
1 WX p—
Y=tz p Wos ﬂaln—o;Al Ay + Z ;1 ny: (75)

Here (Z )"z, "* N (0;1) is an additive Gaussian noise, > 0, and Wy 2 R"™ Mo W, 2 R"2 M are
measurement matrices whose entries are i.i.d. with respect to (w.r.t. N (0; 1). Equivalently,

h 0 i
1 WX
Y Pout:2 19?1 Wy' 1 JﬁlnT;Al (76)

where the transition density, w.r.t. Lebesgue's measure, is
Z
1 Ly o (xea))2
POUt;Z y X = dPAZ(a)BZ:e 2 (y 2(X7a)) (77)

Our analysis uses both representationg75) and (76). The estimation problem is to recoverX © from
the knowledge ofY = (Y )"2,," 1, 2, W1, W2, , Po.

In the language of statistical mechanics, the random variable¥ , W1, W, X0 A1, A, Z are
called quenchedvariables because once the measurements are acquired they have a xed realization .
An expectation taken w.r.t. all quenched random variables appearing in an expression will simply be
denoted by E without subscript. Subscripts are only used when the expectation carries over a subset
of random variables appearing in an expression or when some confusion could arise.

After de nition of the Hamiltonian

)QZ 1 h W]_X |
H(x;a; Y ; W1, Wy) = N Pout:2 Y ﬁﬁ W' 1 %;al ; (78)

=1
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the joint posterior distribution of (x, a;) given the quenched variablesy , W1, W, reads (Bayes
formula)

1

dP(x;a1jY ;W1 W) = ZOY W1 W)

dPo(x)dPa, (ag)et (xian¥:WiWa) (79)
dP _ Qno . . . . in

o(X) = 2, dPo(X;) being the prior over the signal anddPa,(a1) = " dPa,(ag). The
partition function is de ned as

Z(Y;W1; W)
Z 2
Y2 1 Ly o, elowyy Yia
= dPo(x)dPs,(a)dPa,(a0)  p——e 2o T Pagt
=1

(80)

One introduces a standard statistical mechanics notation for the expectation w.r.t. the posterior
(79), the so calledGibbs bracketh i de ned for any continuous bounded functiong as
z

hg(x;ag)i .= dP(x;a1jY ;Wq; W2)g(x;as) (81)

One important quantity is the associated averagedree entropy (or minus the averagedfree energy

fni= niEInZ(Y;Wl;Wz): (82)
0

It is perhaps useful to stress thatZ (Y ; W1; W) is nothing else than the density ofY conditioned
on W1; W5; so we have the explicit representation (used later on)

Z
fn = n];)Ewl:qu dY Z(Y ; W1, W2)In Z(Y ; W1, W3)
1 Z 0. RVaS .
= g Ewawe dY dPg(X %)dPa, (A 1)eH XTALY W1W2)
Z #
In dPo(X)dPa, (ag)e™ (@Y iWuWz) (83)
wheredY = @ dy .

=1

This appendix presents the derivation, thanks to the adaptive interpolation method, of the
thermodynamic limit limp;;  f, in the high-dimensional regime , namely whenng;ng;n, ! +1
such that ne=n, ! 2> 0, n1=g | 1> 0. In this high-dimensional regime, the measurement rate
satis es na2=, ! = 1 o

2.2 Important scalar inference channels

The thermodynamic limit of the free entropy will be expressed in terms of the free entropy of
simple scalar inference channels. This decoupling property results from the mean- eld approach in
statistical physics, used through in the replica method to perform a formal calculation of the free
entropy of the model [2, 4]. This section presents these three scalar denoising models.
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The rst channel is an additive Gaussian one. Letr 0 play the role of a signal-to-noise
ratio. . Consider the inference problem consisting of retrievingX o Po from the observation
Yo= rXo+ Zg, whereZg N (0;1) independently of Xo. The associated posterior distribution is
ESjPO(X)ep rYox rx2=2 '
T dPo(x)e TYox mP=2
The free entropy associated to this channel is just the expectation of the logarithm of the normalization
factor ~

p—
po(r) = ElIn dPg(x)e "Yox ™?*=2. (85)

dP(xjYo) = (84)

The second scalar channel appearing naturally in the problem is linked t®qyt:2 through the
following inference model. Suppose tha¥;U "% N (0;1) whereV is known, while the inference
problem is to recover the unknownU from the observation

P _ p——
%  Pout2 Jp qVv+ qu ; (86)
where > 0, q2 [0; ]. The free entropy for this model, again related to the normalization factor of

the posterior dP (uj¥%o; V), is .

poxa(@ )= EIN DuPou %" qv+ " qu ; (87)

whereDu = du(2 ) e “*= is the standard Gaussian measure.
The third scalar channel to play a role is linked to the hidden layerX?® = ' ; Wix°® a5 A,

of the two-layer GLM. Suppose thatV;U "¢ N (0; 1), Whlgrev is known Consider the problem
of recoveringU from the observationYP= "1 (" qV + qU;A.)+ Z%wherer 0, > 0,

q2[0; 1,2° N (0;1)andA; Pa,. Equivalenty, YO P& (iPgv+ P —qu) with
£ :

out

. 1 P
Potalyix) = dPa,(@)pome 20 "7 ata”, (88)
From this last description, it is easy to see that the free entropy for this model is given by a formula
similar to (B7). Introducin% (" 1(x; @), the Dirac measure centred on 1(X; a), it reads

Sy = p_ pP——
o) ()= Eln DuP{)., Y§ gV + qu
out ; Z

p
= Eln DudPAl(a)dhp;—e 309 Pz Pave P qua)
_In@2 )+ E[(YDF
- =
p rh 2 _
+ EIn DudPa,(a)dhe mYg % h '1(pﬁv+ P qu;a) :

The second moment ofYQ is simply E[(Y)?] = rE[' 3(T;A1)]+1 with T N (0; ), Ay Pa,.
Hence

. 1+In2 )+ rE[ 4(T;A1)]
p (0 )= >
out ;1
z ; )
. (@;r; )= EIn DudPa,(a)dhe ™¢ % h ,Pgv+

+ o (air; ) (89)
where

p7c1u;a) : (90)
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2.3 Replica-symmetric formula and mutual information

Our goal is to prove Theoreny 1 that gives a single-lettereplica-symmetric formula for the asymptotic
free entropy of model [75), [76). The result holds under the following hypotheses:

(H1) The prior distribution Pg has a bounded support.

(H2) ' 1, "' » are boundedC? functions with bounded rst and second derivatives w.r.t. their rst
argument.

(H3) W1, W> have entries i.i.d. with respect toN (0; 1).

Let o:= E[(X9?] whereX® Pgand ;:= E[' 3(T;A;)]whereT N (0; o), A1 Pa,. The
replica-symmetric potential (or just potential) is

r r
frs(Ooiros@ira; 0 1) = pe(ro)+ 1 ' 1(Qir1 o)+ Pow.2(Qs 1) 0700 117(]11 (91)

Theorem 1 (Replica-symmetric formula). Suppose that hypotheses (HL), (H2), (H3) hold. Then,
the thermodynamic limit of the free entropy for the two-layer generalized linear estimation model

(@9, ([79) satis es

fi ;= lim f,= sup inf sup inf frs(0o:ro;Ch;r1; o 1): (92)
ni @2[0; 11" Qqo2[0; o]70 O

The limiting expression of the mutual information between the observations and the signal to
recover follows immediately of Theorenj [L.

Corollary 1 (Single-letter formula for the mutual information) . The thermodynamic limit of the
mutual information for model ([75), (76) between the observations and the signal to recover veri es

. 1 : :
in = —I(X%ALALY Wi W)) ! ip = f1 =@+In2 )) : (93)
No n!l 2
Proof. A simple calculation gives
X% ALALY Wi W)
0

1 _ 1 .
= —ERP(YjWy;Wz)+ —Eln P(YiX% AL AW W))
0 n 0

. #
1 X hw,xtl 2 np
= E Yy ‘A 2 1n(2
TR
N2 N2
= f — —ZIn(2
: 2Ng 2no n( )

2.4 Interpolating estimation problem

The proof of Theorem[] follows the same steps than the proof of the replica formula for a one-layer
GLM in [35].

One introduces aninterpolating estimation problemthat interpolates between the original problem
@) att=0,t 2 [0; 1] being the interpolation parameter, and two analytically tractable problems at
t=1. h p i h i

Dene 1(ng):= E & (X12 = E ' Wx?rgli;A1;1 . In Appendix A.2|one shows

1
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Proposition 1 (Convergence of 1(no) to 1). Under the hypotheses (H1), (H2)| (H3)

nO!IFQ , 1no)= q: (94)
Let g:[0;1]! [0; 1(ng)] be a continuousinterpolation function andr 0. De ne
r _ S S =
1 th o owyxo Z £
S = - W2' 1 W;Al + q(v)dvV + ( 2(no) q(v))dvu (95)
0 0

whereV ;U "% N(0;1). AssumeV = (V )"2, is knownand two kinds of observations are given:

8
<Y FF;out;Z( HSt );i 1 Nno; (96)
tYe =t W}% i;Al;i +2% 1 i ng

where (ZJ4 "¢ N (0;1). Y =(Yy )"2,, YP=(YJ), are our time-dependent observations.
De ne, with a slight abuse of notations, s;. (X;ai;u ) st as

r h . S5, S >
t . W]_X | t t
St = e Ws' 1 %;al + . q(v)dvVv + O( 1(no) q(v))dvu : 97)

One introduces theinterpolating Hamiltonian

X2

0 .
Hi(x;a;u; Y Y Wi Wo V) = In Pout:2(Yt, JSt )
=1
+ = Y2 ' 1 p— ;an : (98)
2i=1 ' Ng i '

w.r.t. the t-dependent joint posterior distribution of (x;as;u) given (Y; Y S W1; W5; V) is de ned
for every continuous bounded functiong on R" R"2 as:
Z
hg(x;as;w)ic:= 7= dPo(x)dPa, (a2)Du g(x; az; u) M xR BY EWLW2V) (99)

In @9), Du=(2 ) "*? Q”il du e “*= is the ny-dimensional standard Gaussian distribution and
Zi Z «(Yt;YE W1, Wo; V) is the appropriate normalization, i.e.
z
ZAY G YOEWLWo V) i= dPg(x)dPa, (a;)Du el t(anuiY oY EWawa:iv) (100)
Finally, the interpolating free entropy is

1
fo(t) = n—EInZt(Yt;Y?;Wl;Wz;V): (101)
0

29



2.5 Interpolating free entropy at t=0 and t=1

One veri es easily that

fa(0) = fn 37%;

- R 102
fn(l) = No,N1 + 275 Pout;2 Ol q(t)dt! 1(n0) + %Ing ( )
In the expression off (1), fr,:n, denotes the free entropy of theone-layer GLM
h ol
_ W X .
Y%= P 1 qslnj GA + 20 1 0 ng (103)
o |

W|th (XO)o, He Pg, (A i)y M Pa, and (297 ¢ N (0;1). Applying Theorem 1 of [35], then

, the free entropy f7,,:n, in the thermodynamic limit ng;n; ! +1 such that m=n,! ;is
. rotpo
fhoon, = SU inf ro) + ' ; —
no;ng! +1 No:N1 q02[0F;) o]l'o 0 PO( O) ! chut);l(cb 0) 2
1+In2 +r . r
= =TS T Ty sup inf ey (ro)* 1 (it o) SSPr (104)
2 ®2[0; o]0 O 2

From (fL0Z), by making use of [(104) and Lemm& |1 below, one obtains in the thermodynamic limit:

Z
1+ !
fr@= 155 *  Pwe  ADAG 1(no)
°n foQoo
+ sup inf po(fo)+ 1 ',(p;r; o) —— +on(): (105)
®2[0; o]0 © 2

Here o, (1) |saquantl%thatvan|shes uniformly in tt}é—:‘ limit no;ny;nz! +1 . Lemmal[] justies
the identity 22 p,,, o d0)dt 1(N0) = Py, o AMdL 2(No) + on(D).

Lemma 1 (Uniform upperbound on p,.,). Assuming' ; is bounded, one has for all 0 and
q2[0; ] ,
. 1+In(2 2supj’ 2j
Pout 2 (q’ )J (2 ) + pJ 21

Proof. The upperbound Pyyi-2 Y X P 2 ! directly implies

@) 5N )

By Jensen's inequality, one also has the lowerbound

Z
Do Py P
Pou (G ) E DudPa,(a)ln pzlie (% 2" qVv+" T qua)?
VA
1 o oP_.. P o pP-.. P
—E DudP,(a) "2 av+ " qUa) o(Cave’ T qua’
1+in2
s
Put together, these lower and upper bounds give the lemma. O]
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To conclude on that section, the interpolating model is such that:
at t=0 , it recovers the two-layer GLM,;

at t=1 , it reveals one scalar inference channel associated to the termp_, ., and a one-layer
GLM whose formula for the free entropyfh,.n, in the thermodynamic limit is already known
from [35].

2.6 Free entropy variation along the interpolation path

R
From the Fundamental Theorem of Analysisf,(1) f,(0) = 01 dgt(t)dt and ([102), (105), it follows

Zl Zl
r o n(t
fo, = 171+ Pout .» q(t)dt; 1(no) (”jt()dt
0 n fa©
+osup inf o po(ro)*t 1 .Gt o) 2P+ o0n(1): (108)
%2[0; o]T® O 2

Most of the terms that form the potential (91) can already be identi ed in the expression(106). For
the missing terms to appear, the t-derivative of the free entropy has to be computed rst.
De ne uy(X) := InPoyt:2(yjx). Let ug(x) be the derivative (w.r.t. x). In Appendix Eone shows

Proposition 2 (Free entropy variation). The derivative of the free entropy(101)) veri es, for all
t 2 (0;1),

X2
dn(t) - }nlE

e 1
dt 2ng ni

ud, (Se )y, (st ) r Q a)
=1 t
LN roa(no)
No 2 2

+on(1); (107)

whereo, (1) is a quantity that goes to0 in the limit ng;ns;n2! +1 , uniformly in t 2 [O; 1], and
the overlap is

1 X1 hyy, xol hwox
(33:*1 "1 ﬁlnfoi;Al;i ‘1 ﬁrl]joi;al;i : (108)

i=1

2.7 Overlap concentration

P : .
We already know from B5] that the overlap Q = % jr‘:ol X; Xj0 concentrates. This concentration

plays a key role in the proof of the thermodynamic limit of the free entropyft,:.n,, still in [ 35]. The
next lemma states that the overlap® concentrates around its mean.

As in the one-layer case, a small perturbation to the interpolating estimation problem is
introduced by adding to the Hamiltonian (P8) a term

él % f)lj s ar "1 Jﬁlj sani 1 Jﬁlj GA 1 "1 Jplj ag @i (109)
No i Ng i No i No i

i=1
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where (2){‘:11 'd N (0;1). It corresponds to having extra observations coming from a side-channel

h oi
=P %%_;Al;i + B fori=1;:n: (110)
0 |

It thus preserves the Nishimori identity (see Proposition[8). The new Hamiltonian de nes a new
Gibbs brackethi , and free entropyfn; (t). All the set up of Sec[2.4 and Propositior] P. trivially
extend. This perturbation induces only a small change in the free entropy, namely of the order of

Lemma 2 (Small free entropy variation under perturbation). Let sup' 2 be the supremum of %
(well-de ned under the hypothesi$ (HZ)). For all > 0 and all t 2 [0; 1],

. . ng sup'?
i (0 fa(0 o2 2P (111)
A
]
Proof. A simple computation gives% = ﬂ—éEhL it where
l)@l 1 2hwlxi thXI hW1X0|
L=— 31 $p=—= ai "1 Pp— sani 1 P— A1
nlizl 2 Npo i No i No i
h i
1 W X
fh' 1 P AL B
Ng i

In Appendix one proves Lemm, i.eEhL iy = %EI‘Qit; . The trivial bound jQj sup' 2
ends the proof. O]

Besides, this small perturbation forces the overlap to concentrate around its mean:

Lemma 3 (Overlap concentration). For any O<a< 1,
Z, Z,
im d dtE & EMdi. ?, =0: (112)
no!l a 0 ' t;
The proof of Lemma([3 is mostly the same as the one streamlined in Section V &f. One only
needs to make slight changes to t the proof to our problem. For this reason, Appendik Cl]2 sketches
the main steps of theadapted proof and refers to [38] for details.
Lemma@ implies that there exists a sequence (nNg))n, 1 2 (0; )N that converges to0 such that
Z,
. . 2 A
oolim ; dtE Q EMi (ng) oy =0 (113)
As ( (no))n, 1 converges to0, f,. (ny)(t) and fn(t) have the same limit (provided it exists) thanks to
Lemma@. In the next section, to lighten the notations, the perturbation subscript (ng) is abusively
removed since it makes no di erence for computing the limit of the free entropy.
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2.8 Canceling the remainder

Note from (L0€) and (91)) that the second term appearing in(L07) is precisely the missing one that
is required to obtain the expressi(,)_g of the potential on the r.h.s. o) (recall Proposition @ and
make the identi cations r $ ry, 01 g(t)dt $ o). Hence, to prove Theore , we would like to
cancel the Gibbs bracket in ), which is the so calledremainder (once integrated overt). This
is made possible thanks to the adaptive interpolating parametelg. One has to choosey(t) = ERQiy,
Whirg\,h is approximately equal to @ because it concentrates (see Lemn@ 3). HoweveEhQi; depends
on éq(v)'gv (and onr too). The equation q(t) = EnQi, is therefore a rst order di erential equation

overt 7! q(v)dv.

Proposition 3  (Existence of the optimal interpolation function). For all r 0 the di erential
equation

o(t) = ERQi (114)
admits a unique solutionqgro) (t) on [0; 1(ng)] and the mapping
z 1
r 07! i o) (v)dv (115)

is continuous.

R
Proof. Under |(H2)| one veri es easily that EnQi, is a boundedC! function of ( éq(v)dv; r). The
proposition then follows from an application of the parametric Cauchy-Lipschitz theorem. O

This optimal choice for the interpolating function allows to relate the free entropy to the potential.

Proposition 4. Letr 0. Forng2 N, q(qro) is the solution of (114). Then

Z,
fn= sup inf frs Goiro; A (V)dv;r; o; 1(No) + on(1): (116)
®2[0; o]0 © 0
Proof. By Cauchy-Schwarz inequality
dtE —  uf (Seud (se) ot Q al(®)
0 nq - ' ' t
Z, D 1 X2 E = Z, 5 1=
dE -y (Seuy (se) dtE Q 4t " =on(1):
0 0

=1

The last equality uses that the rst factor is bounded (independently oft) under assumptiong (H1)] (H2)
and (similar proof to the one in Appendix A.5 of [35]), and that the second factor goes td
whenng;ni;na ! +1 with = (no) thanks to (113), (L14). Making use of the latter result and
N ! 1, 1(ng) ! 1, the integral of ([107) reads

Z

YA 1
da® . 1t ra .
. at dt = 12 . Ohg (t)dt 1 5 + On(l), (117)
Replacing this identity in (L06) gives the desired result. O
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2.9 Lower and upper matching bounds

To end the proof of Theorem[] one has to go through the following two steps:

(i) Prove that under assumptions|(H1),|(H2) and|(H3)|

lim f, =su inf su inf f ro tuir1 o, :
im rlpoq12[0; 1]%2[0P01r0 JfrRs(@iToiGuiTes 0 1)

(ii) Invert the order of the optimizations on r; and .
To tackle one proves that liminf ,,,;  fn andlimsup,,; fn are respectively lowerbounded
and upperbounded by the same quantitysup inf sup inf frs(Qo;ro;h;r1; o, 1)
ri 02[0; 1] ge2[0; o]T0 O

Proposition 5 (Lower bound). The free entropy veri es

liminf f sup inf su inf f ro:q;r; o, : 118
iminf fn S ng[o; 1]q02[o;p0]fo o [Rs iToiGir; o) 1 (118)

Proof. By Proposition 4 we have that for anyr 0

fn inf sup inf frs Oo;ro;Q;r; o; 1(no) + on(1): (119)
a2[0; 1(no)] gy2[0; o]"0 O

By a continuity argument

lim inf su inf f rocq;r; o, 1(n
L 1(”0)]q02[0;p0]r0 o TRs @iroidir; o; 1(Mo)

= inf su inf f roid:r; o, : 120
o 1]q02[o;po]f0 o frRs @iroidir o; 1 (120)

This limit, combined with ({19), gives

liminf f inf su inf f rosq;r; o) : 121
imnf fa i 1]%2[0P0]r0 o [Rs GiToiGir o) 1 (121)
This is true for all r 0, thus we obtain Proposition[5. O

Proposition 6 (Upper bound). The free entropy @) veri es

limsupf, sup inf sup inf frs Qo;ro;Q;r; o 1 : (122)
no!l r 0200 1]go2[0; o]T0 O

Proof. Let Kn, =2 2 3 ( 1(no); 1(no)), g, ., being the derivative of p,, , w.rt. its rst

argument. The latter is continuous and bounded (see Appendix A.2.2. of3p]). Also, (115) is a
continuous mapping. It follows that

[0;Kno] ! » Kol

123
T 25 b ad(t)dt 1(no) (123)
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is continuous too. Therefore, it admits a xed point
Z,
r(no)=2 2 2., ot (M) (t)dt; 1(no)
' 0
We now remark that
Z,

sup inf frs oiro; o "D (t)dt;r (no); o; 1(no)
%2[0; o]T0 © 0

= inf su inf f ro;a:r (no): o; 1(n : 124
200 1(n0)]q02[0!00]r0 o TRs Girordir (No); o; 1(No) (124)

Indeed, the function

O (no) -d2[0; 1(no)] 7! sup inf frs o;ro;q;r (No); o; 1(No)
Q2[0; o]T0 O

is convex. To see it, rst remember that

r (no)

O n)(D = Po2 & 1(N0) 1 q+C; (125)
whereC := supy, infry pe(ro)+ 1 +,(do;r (No); o) Trotp=2 does not depend org. The convexity
of g (no) then follows of the convexity of p,,., ; 1(no) (see Proposition 11 in Appendix A.2.2.
of [35]). O (n,) derivative is easily obtained from [125):

. r (no) .
& 1)@= P & 2(N0) 1 (126)
it o Ri o oy - . .
By de nition of r (no), g (,,) o %o (t)dt =0 and the minimum of g (n, is necessarily

R
achieved at , ot (") (t)dt. Proposition H combined with (124), gives

fo= _inf  sup inf frs Go;Toid:r (No); o; 1(No) + on(1)
a2[0; 1(no)] go2[0; o] "0 O

sup _inf sup inf frs Go;ro;Q;r; o; 1(No) + on(l): (127)
r 002[0; 1(no)l go2[0; o]f0 O

Finally, by a continuity argument, we have

lim su inf su inf frs o;ro;q;r; o; 1(no
no'l r cFJ)QZ[O; 1(no)]q02[0;po]f0 0o " ® q 1no)

=sup inf sup inf frs Qo;ro;Q;r; o; 1 ;
r 002[0; 1] go2[0; o]T0 O

and taking the limit in the inequality (§27) ends the proof:

limsupf, sup inf sup inf frs Qo;ro;Q;r; o; 1
no'l r 0a2[0; 11gy2[0; o]T0 O
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It remains to prove (ii)] i.e.

Proposition 7  (Switch the optimization order). Under|(H2)| for any positive real numbers ¢ and
1 one has

sup inf sup inf frs(Qo;ro;qu;r1; o; 1)
ri 002[0; 1]gy2[0; o]f0 O

= sup inf sup inf frs(Qo;ro;Ch;r1; o) 1):
@2[0; 11" Qgo2[0; o]0 O

Proof. Letf :[0;+1 [! Randg:[0; 1]! R be the two functions

N quOO
f(r1) = sup inf  po(ro)+ 1 ', (00ire; 0) —— 9(0h) = pou(t; 1);
%2[0; o]T0 O 2

such that  (r1;0h) =SUPg(0; o]iNfro ofrs(dosroithira; o; 1) = f(ra)+ g(cw) S rich.

In Appendix [A.3]it is shown that, under f is convex, Lipschitz and non-decreasing on
[0;+1 [. Proposition 11 in Appendix A.2.2 of [35 states that, under, g is convex, Lipschitz and

non-decreasing orf0; ;1]. The desired result is then obtained by applying Corollary 5 in Appendix E

of [35]:

sup inf  (ri;qn)= sup  inf (ryan):
r 002[0; 1] @2[0; 1171 0

3 Numerical experiments

3.1 Activations comparison in terms of mutual informations

Here we assume the exact same setting as the one presented in the main text to compare activation
functions on a two-layer random weights network. We compare here the mutual information estimated
with the proposed replica formula instead of the entropy behaviors discussed in the main text. As
it was the case for entropies, we can see that the saturation of the double-side saturated hardtanh
leads to a loss of information for large weights, while the mutual informations are always increasing
for linear and ReLU activations.

3.2 Learning ability of USV-layers

To ensure weight matrices remain close enough to being independent during learning we instroduce
USV-layers, corresponding to a custom type of weight constraint. We recall that in such layers, weight
matrices are decomposed in the manner of a singular value decompositio, = U-S- V-, with by U-
and V- drawn from the corresponding Haar measures (i.e. uniformly among the orthogonal matrices
of given size), andS: contrained to be diagonal, being the only matrix being learned. In the main
text, we demonstrate on a linear network that the USV-layers ensure that the assumptions necessary
to our replica formula are met with learned matrices in the case of linear networks. Nevertheless,
a USV-layer of sizeN N has only N trainable parameters, which implies that they are harder
to train than usual fully connected layers. In practice, we notice that they tend to require more
parameter updates and that interleaving linear USV-layers to increase the number of parameters
between non-linearities can signi cantly improve the nal result of training.
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Figure 5. Replica mutual informations between latent and input variables in stochastic networks
X 1 Ty ! T, with equally sized layersN = 1000, inputs drawn from N (0; Iy ), weights from
N (0; 2In2=N), as a function of the weight scaling parameter . An additive white Gaussian
noiseN (0;10 °ly) is added inside the non-linearity. Left column: linear network. Center column:
hardtanh-hardtanh network. Right column: ReLU-ReLU network.

To convince ourselves that the training ability of USV-layers is still relevant to study learning
dynamics on real data we conduct an experiment on the MNIST dataset. We study the classi cation
problem of the classical MNIST data set 60 000training images and 10 000testing images) with
a simple fully-connected network featuring one non-linear (ReLU) hidden layer of 500 neurones.
On top of the ReLU-layer, we place a softmax output layer where theés00 10 parameters of the
weight matrix are all being learned in all the versions of the experiments. Conversely, before the
ReLU layer, we either (1) do not learn at all the 784 500 parameters which then de ne random
projections, (2) learn all of them as a traditional fully connected network, (3) use a combination of 2
(3a), 3 (3b) or 6 (3c) consecutive USV-layers (without any intermediate non-linearity). The best
train and test, losses and accuracies, for the di erent architectures are given in Tablg] 1 and some
learning curves are displayed on Figurg]6. As expected we observe that USV-layers are acheiving
better classi cation success than the random projections, yet worse than the unconstrained fully
connected layer. Interestingly, stacking USV-layers to increase the number of trainable parameters
allows to reach very good training accuracies, nevertheless, the testing accuracies do not bene t
to the same extent from these additional parameters. On Figur¢]|6, we can actually see that the
version of the experiment with 6 USV-layers over ts the training set (green curves with testing losses
growing towards the end of learning). Therefore, particularly in this case, adding regularizers might
allow to improve the generalization performances of models with USV-layers.
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Figure 6: Training and testing curves for the training of a two-layer neural net on the classi cation
of MNIST for di erent constraints on the rst layer (further details are given in Section. For
each version of the experiment the outcomes of two independent runs are plotted with the same
color, it is not always possible to distinguish the two runs as they overlap.

3.3 Additional learning experiments on synthetic data

Similarly to the experiments of the main text, we consider simple training schemes with constant
learning rates, no momentum, and no explicit regularization.

We rst include a second version of Figure 4 of the main text, corresponding to the exact same
experiment with a di erent random seed and check that results are qualitatively identical.

We consider then a regression task created by a 2-layer teacher network of sizes 500-3-3, activations
ReLU-linear, uncorrelated input data distribution N (0;In, ) and additive white Gaussian noise at
the output of variance 0:01. The matrices of the teacher network are i.i.d. normally distributed with
a variance equal to the inverse of the layer input dimension. We train a student network with 2
ReLU layers of size2500and 100Q each featuring 5 stacked USV-layers of same size before the
non linear activation, and with one nal fully-connected linear layer. We use plain SGD with a
constant learning rate of 0.01 and a batchsize of 50. In Figure| 8 we plot the mutual informations
with the input at the e ective 10-hidden layers along the training. Except for the very rst layer
where we observe a slight initial increase, all mutual informations appear to only decrease during
the learning, at least at this resolution (i.e. after the rst epoch). We thus observe a compression
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First layer type # train Train loss Testloss  Train acc Test acc
params

Random (1) 0 0.1745 0.1860 95.05 (0.09) 94.61 (0.02)

Unconstrained (2) | 784 500 0.0012 0.0605 100. (0.00) 98.18 (0.06)

2-USV (3a) 2 500 0.0758 0.1326 97.80 (0.07) 96.10 (0.03)

3-USV (3b) 3 500 0.0501 0.1238 98.62 (0.05) 96.35 (0.04)

6-USV (3c) 6 500 0.0092 0.1211 99.93 (0.01) 96.54 (0.17)

Table 1: Training results for MNIST classi cation of a fully connected 784-500-10 neural net with a
ReLU non linearity. The di erent rows correspond to di erent speci cations of trainable parameters

in the rst layer (1, 2, 3a, 3b, 3c) describe in the paragraph. We use plain SGD to minimize the
cross-entropy loss. All experiments use the same learning rate 0.01 and batchsize of 100 samples.
Results are averaged over 5 independent runs, and standard deviations are reported in parentheses.

Figure 7: Independent run outcome for Figure 4 of the main text. Training of two recognition
models on a binary classi cation task with correlated input data and either ReLU (top) or hardtanh
(bottom) non-linearities. Left: training and generalization cross-entropy loss (left axis) and accuracies
(right axis) during learning. Best training-testing accuracies are 0.995 - 0.992 for ReLU version (top
row) and 0.998 - 0.997 for hardtanh version (bottom row). Remaining colums: mutual information
between the input and successive hidden layers. Insets zoom on the rst epochs.

even in the absence of double-saturated non-linearities. We further note that in this case we observe
an accuentuation of the amount of compression with layer depth as observed bg9 (see second
plot of rst row of Figure , but which we did not observe in the binary classi cation experiment
presented in the main text. On Figure[9, we reproduce the gure for a di erent seed.
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Figure 8: Example of regression with a 10 hidden-layer student network: 5 USV-layers - ReLU
activation - 5 USV-layers - ReLu activation - 1 unconstrained nal linear layer, on dataset generated
by a non-linear teacher network: ReLu-linear. Top row, rst plot: training and testing MSE loss
along learning. Best train loss is0:015 best test loss is0:018 Top row, second plot: mutual
informations curves of the 10 hidden layers showing the slight accentuation of compression in deeper
layers. Remaining: mutual information from each layer displayed separately.

In a last experiment, we even show that merely changing the weight initialization can drastically
change the behavior of mutual informations during training while resulting in identical training
and testing nal performances. We consider here a setting closely related to the classi cation on
correlated data presented in the main text. The generative model is a a simple single layer generative
model X = WgenY + with normally distributed code Y N (0;1y, ) of sizeNy =100, from ﬁvhich
data of sizeNx =500 are generated with matrix Wgep, i.i.d. normally distributed as N (0; 1= Ny)
and noise N (0;0:01ln, ). The recognition model attempts to solve the binary classi cation
problem of recovering the labely = sign(Y1), the sign of the rst neuron in Y . Again the training is
done with plain SGD to minimize the cross- entropy loss and the rest of the initial cod€Y>; ::Yn, )
acts as noise/nuisance with respect to the learning task. On Figure 10 we compare 3 identical 5-layers
recognition models with sizes 500-1000-500-250-100-2, and activations hardtanh-hardtanh-hardtanh-
hartanh-softmax. For the model presented at the top row, initial weights were sampled according to
Wi N (0;4=N- 1), for the model of the middle rowN (0; 1=N- ;) was used instead, and nally
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Figure 9: Independent run outcome for Figurel B of the Supplementary Material. Example of
regression with a 10 hidden-layer student network: 5 USV-layers - ReLU activation - 5 USV-layers -
RelLu activation - 1 unconstrained nal linear layer, on dataset generated by a non-linear teacher
network: ReLu-linear. Top row, rst plot: training and testing MSE loss along learning. Best train
loss is0:015 best test loss is0:019 Top row, second plot: mutual informations curves of the 10
hidden layers showing the slight accentuation of compression in deeper layers. Remaining: mutual
information from each layer displayed separately.

N (0; 1=4N- ,) for the bottom row. The rst column shows that training is delayed for the weight
initialized at smaller values, but eventually catches up and reaches accuracies superior @07 both
in training and testing. Meanwhile, mutual informations have di erent initial values for the di erent
weight initializations and follow very di erent paths. They either decrease during the entire learning,
or on the contrary are only increasing, or actually feature an hybrid path. We further note that it is
to some extent surprising that the mutual information would increase at all in the rst row if we
expect the hardtanh saturation to instead induce compression. Figurg 11 presents a second run of
the same experiment with a di erent random seed. Findings are identical.

These observed di erences and non-trivial observations raise numerous questions, and suggest
that within the examined setting, a simple information theory of deep learning remains out-of-reach.
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Figure 10: Learning and hidden-layers mutual information curves for a classi cation problem with
correlated input data, using a 4-USV hardtanh layers and 1 unconstrained softmax layer, from 3
di erent initializations. Top: Initial weights at layer ° of variance4=N- 1, best training accuracy
0.999, best test accuracy 0.994. Middle: Initial weights at layer of variance 1=N- 1, best train
accuracy 0.994, best test accuracy 0.9937. Bottom: Initial weights at layer of variance 0:25=N- 4,
best train accuracy 0.975, best test accuracy 0.974. The overall direction of evolution of the mutual
information can be ipped by a change in weight initialization without changing drastically nal
performance in the classi cation task.

A Proofs of some technical propositions

A.1 The Nishimori identity

Proposition 8 (Nishimori identity) . Let (X;Y) 2 R" R"2 be a couple of random variables.
Let k 1andletX®:::::X®& pek iid. samples (givenY) from the conditional distribution
P(X = jY), independently of every other random variables. Let us denotei the expectation
operator w.r.t. P(X = jY) and E the expectation w.r.t.(X;Y ). Then, for all continuous bounded
function g we have

Eng(Y ; X® ;X ®)i = Eng(y ;XD ;0 x K D x)i: (128)

Proof. This is a simple consequence of Bayes formula. It is equivalent to sample the cougl€;Y)
according to its joint distribution or to sample rst Y according to its marginal distribution and then
to sample X conditionally to Y from its conditional distribution P(X = jY). Thus the (k+1) -tuple
(Y : X®::::: XK s equal in law to (Y ; X ;0 x D X)), O
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Figure 11: Independent run outcome for Figurd T0 of the Supplementary Material. Learning and
hidden-layers mutual information curves for a classi cation problem with correlated input data, using
a 4-USV hardtanh layers and 1 unconstrained softmax layer, from 3 di erent initializations. Top:
Initial weights at layer ~ of variance4=N- 1, best training accuracy 0.999, best test accuracy 0.998.
Middle: Initial weights at layer ~ of variance 1=N- 1, best train accuracy 0.9935, best test accuracy
0.9933. Bottom: Initial weights at layer ~ of variance 0:25=N- 1, best train accuracy 0.974, best test
accuracy 0.973. The overall direction of evolution of the mutual information can be ipped by a
change in weight initialization without changing drastically nal performance in the classi cation
task.

A.2 Limit of the sequence  ( 1(No))n, 1

Here one proves Propositimﬂl, i.e. that the sequende 1(no))n, 1 converges to 1 := E[' (T;A )]
whereT N (0; o), A1 Pa, under the hypotheses (H1)| (H2)| (H3)

If o =0 then X% =0 almost surely (a.s.) and 1(no) = E' 2(0;A;) = 4 foreveryny 1,
making the result trivial.

From now on, assume o > 0. Given X©, one has L N O kxnok . Therefore
- z exp oz
. o hW1X0| ok = kX Ok?2
1(ng) =E "7 —-p— ;A1 =E dtdPa,(a)’ 2(t;a) ——=-=E h ;
Ngp 1 2 kX 0k2 Ng

No

R
whereh :v 7! dtdPa,(a)' 2(t; a)pz?:v exp( t?=v) is a function on]0; +1 [. It is easily shown to be
continuous under|(H2) thanks to the dominated convergence theorem
By the Strong Law of Large Numbers,kX °k*=n, converges a.s. to o. Combined with the continuity
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of h, one has
kX %2 ga.s.
LN )= 1

lim h
no! +1 No

Noticing that jh (kx°k*=,)j  sup' 2, the dominated convergence theorengives

02 02
kX "k | £ Iimthk

ng)= E h !
1( 0) no! +1 ng! +1 No

A.3 Properties of the third scalar channel

Proposition 9. Assume’ 1 is bounded (as it is the case unddr (H2)). Let/;U “* N (0;1) and
o 0, 20 o]. Foranyr O, Yoq') - P 1(pqv+ qU;A.)+ Z%whereZ® N (0;1),
A1 Pa,. The function
z
. (®; ; o):r 7' Eln DupP{)

out;1

Yoqr) p_ + p

qVv qu:

is twice-di erentiable, convex, non-decreasing and---Lipschitz on R.. Then the function

for7! sup inf py(ro)+ 1 ' (Go;r; o) fo%
w2[0; 0]70 © 2

is convex, non-decreasing and 31— -Lipschitz on R .

Proof. For xed o andq,let -, ,(%; ; o). Note that
Z

1 p
L(N=E  dypo—e 20

r 1(p@V+p

Z
In Du dPAl(a)eprg' (P av+’ o qua) . 2P v+ o goua)

0 UA1)?

With the properties imposed on' 1, all the domination hypotheses to prove the twice-di erentiability
of ., are reunited. Denotehi ; the expectation operator w.r.t. the joint posterior distribution
1 P o0 (P P r2P pP—
dP(u;:ajY2 V)= ——— _DudPa. (a)e Yo 1 ®V+" o douia) 5 I("HV+" o dua) .
(Y5 V) = Zrgy;DudPa (@)
where Z (Y& V) is a normalization factor. Using Gaussian integration by parts and the Nishimori
property (Proposition B), one veries that forall r 0

1 -
'Ol(r)=§EH1(p@V+p 0 Qu;a)if 0;

1 - -
P (r)= 5E Hi(p@vﬂo o auai h 1Pev+ qu;a)i? ® 0

Hence -, is non-decreasing and convex. The Lipschitzianity follows simply from

1 p : 1_, p 1

) SE a0 auwaie = SEC @V o @UiADl = o
The Nishimori identity was used once again to obtain the penultimate equality. Finally,f properties
are direct consequences of its de nition as thesupinf of convex, non-decreasing;; -lipschitzian
functions. O
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B Proof of Proposition 2 [ ]

Recall ud(x) is the x-derivative of uy(x) := In Poyt;2(yjx). Denote P{,.(yjx) and PG »(yjx) the
rst and second x-derivatives of Poyt:2(YjX), respectively. First one shows that for allt 2 (0; 1)

)02
d‘n(t) — EEE i ugt; (St, )uet; (St; ) r Q C](t)
t

dt 2ng ni -1
Ny rq(t) r a(no)  An(t)
+ — 7 (129
No 2 2 2 (129)
o ho i h i
where theoverlapis @ := 2 ', W&o Ay vy WX cap; and
i=1 | 1
" X2 pO0 (v S ) X1 h oi #
1 out;2UTt Jox; 1 5 WX InZ,
An(t) = E p— ' - p— ' —b— A1 n 130

Once this is done, one proves thai\ (t) goes to0 uniformly in t 2 [0;1] asng;ny;n2 ! +1 (while
Ni=hg ! 1, N2=n, ! 2), thus proving Proposition .

B.1 Proof of (129)

Recall de nition (101). Once written as a function of the interpolating Hamiltonian (98), it becomes
z
1 n A Y Y OV W -
fa()= —Ew,wzy  dY dY UPo(XO)dPa, (A)DU(2 ) 7 ef (XHARUYEWLWa)
0
4
N dPo(x)dPa, (a1)Du e tXiauuY YEWLWaV) (137

Here, and from now on, one drops the dependence @nwhen writing Y and Y © as they are now
dummy variables on which the integration is performed. We will need the Hamiltoniant-derivative
HY given by

HO 0. . . . 0 . . _ X2 dSt, 0
t(x lAliu!YlY 1W11W2,V)_ dt UY (S[, )
=1
r_ - :
1 X hyy xol p_  hw,xol
> 7 1 ﬂalnf,;Al;i YO Tt . e AL (132)
o | Ng i

i=1
The derivative of the interpolating free entropy for 0 <t < 1 thus reads

1
d&n® . 1p HAX AL U Y Y SWe W V) in Zg
dt |no

{z }
T1

1
ZE HAxanu; Y YSWE W V)
0 {Z }
T2

(133)
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whereZ; Z «(Y;Y%W1;W5; V) is de ned in (fL00).
In the remaining part of this subsection[B.1, to lighten notations, one will omit the second
argument of the function' ; except in a few occasions, i.e. one will write for =1 :::n;

o hwoxoi o hyy, xol Chwoxd Pk
1 P= 1 P— AL 1 P= 1 Pp= aui
No i Ng i No i Npo i

It does not hurt the understanding of the derivation of (129) as the latter relies on integration by
parts w.r.t. the Gaussian random variablesW,, W,, V, U, Z0

Let rst compute T;. For 1 n, one has from [(9%)
. h oi
e I ud (S )Inzy = }E 917 Wy' 1 %& ud (S )Inz,
dt ‘ . ni(l t) No ’I "
le eFR?(Lv + 4R (N0 9Oy W0 (s )z : (134)
0 a(s)ds o( 1(no) q(s))ds
By Gaussian integration by parts w.r.t (W2)i,1 i ng, the rst expectation becomes
h W Oi
Pm Wo' Jﬁi ug (S )Inz,
1
1 X1 z n 0 0
= p E dydy Q2 ) 7ZeMt ((XTAnUYYAWLW,:V) (135)
nl(l t) i=1
h oi
WX
(W2)i "1 e U9 (Sy)InZy
1 X hw,xol
== E'] p=— uP(S)+u(S;) Inz
ni i=1 No i
1 Xu h W Xoi h W Xi
t = E 1 p— 1 P U9 (S (s )
niq i-1 No i Ng i t
Ce 1R waxoh PRL(YIS)
n_, ° No i Pout:2(Y jSt )
D, x: h oi h i E
vE 20 e WX T 0 (s (s ) (136)
nip . Ng i Ng i ' ' t

P 2(Y ix)
In the last equality we used the identity u%° (x) + u9 (x)? = #(ij)

Now one looks to the second expectation in the right hand side ofL34). Using again Gaussian

46



integrations by parts, but this time w.r.t V ;U “* N (0;1), one similarly obtains
n ! #
e o v g My (s iz,
0 A(s)ds o( 1(no) q(s))ds
4
E deYO(Z ) n71eH t(XOUY Y SW i Woiv)

! #

an . G i(no) _a® u (St )InZ,

L g(s)ds ane)  q(s))ds
P38 .Y (St )
F’out;Z(Y JSt )

Combining equations [134), (135) and [(13]7) together gives us

= E 1(no) INZy +E q(t)ug (S Iy (st ) (137)

dS; o 1_ PRL(YiS; ) 17X, wyxO
E : - YInzZy = E ————- — ' — InZ
gt Uy (Se)InZe =3 Poua(Y 1S ) i, © L 1(no) InZ;
11X hyygxol gy
+5E Ty e 1 P ) uf(So)ud (sp) ¢ (138)
ng i=1 Ng i Ng i t
h h i o h_ i i
As seen from(32), (I33) it remains to compute E ' ; ¥ v0 Tt WX inz, .
| |
Recalling that Y;° P 1 Y\ﬁ%i = z%for 1 i nj, and then integrating by parts w.r.t.
Z% N (0;1), it comes
h h oi __h oi [
e, Xy P WX g,
No i Ng i
h h ol i
W X
=E', Jﬁlnj Z0nz,
0 i
hw,xol z o
=E ', Aplni ©Z%n  dPo(x)dPa, (a;)DueH (@Y Y SWiwev)
o i
h oi D h oi h i E
WX — WX W
= E'; -p— prt'1 ey ﬁljx + 29
Ng i Ng i No i t
D h oi h i E
P_— WX W 1X
= 1t 1(ng) E'; pE— 1 p— (139)
Ng i No i t
Thus, by taking the sum,
ri . .
x1 h ol _h ol
Lorg 17 VXD yo P WXz,
2t noi:l Ng i Ng i
h oi h [
np r 1(”0) r 1 X1 WX W X
= = =7 -E — ! Hb— ! P— : 140
No 2 2n1i:11 o i Ng i (140)
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Therefore, for allt 2 (0; 1),

1. 1 X PRL(Y S )N 1 X Py xol o,
T, = =-E — — — ' L2 N 7|nz
1 N1 _, Pouta(Y jSt ) P Ll P 1(no) noInze
n - | #
1n 1 X2 1 Xt hyy xol h .y
FSOE S W (S (s ) T T P 1 p— )
2o Mo 1., No i No i .
ny r 1(no)  rq(t)
o D141
No 2 2 (141)

To obtain ), it remains to show that T, is zero. According to the Nishimori identity (see
Proposition [§), one has

1 1
To= —E H{Xu;a5 Y YSW5Wo) = SEHIX% AU Y S W Wo): (142)
0 0

From (LL32) one obtains
EHAX%ALUY Y SW3Woi V)

X2 Ngs, NS h ool
= E ?’[ ug (St ) > 1 E'1 p— Ay Z{
=1 i=1 Mo i
= T E (s (143)

=1
Performing the same integration by parts than the ones leading to[(138), one gets

X2 dS,

E
o dt

u$ (St )

1 X2 PRL(Y S ) 1 X, P wyxOl
2 Pout:2(Y jSt ) n1 - 1 W SATL 1(no) (144)

The last equality follows from a computation in the next section, se€147). Combining (142), (143)
and (144), one obtainsT, = 0.
B.2 Proof that A,(t) vanishes uniformly as ng!1

To get Proposition Q the last step is to prove that A, (t) see de nition ) vanishes uniformly
int2[0;1]asng! +1 , under conditions|(H1){(H2){(H3)} First we show that

1 X2 PUL(YiS ) 1 X hw,xol

fr()E po= o0 p— ' 2 A n =0: 145
R PR PV s ) Prr,, P Pm A o -
Once this is done, we use the fact that% In Z; concentrates aroundf,(t) to prove that Ap(t)
vanishes uniformly.
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Start by noticing the simple fact that

out 0 .,(yjs)dy = 0 for all s 2 R. Consequently, for
2 f l ..... nzg’
Poua(¥ 1S ) X%ALW S = ’ dY Pog.o(Y jS; ) =0 (146)
I:>0ut,2(Y JSt; ) b T out:2 7 .
The tower property of the conditional expectation then gives
Xeo Py, xol Xz (Y iSt )
E ' A n out 2
- PP A ) _, Pout2(Y ISt )
X1 h Ol X2 Y
=E i % SATL 1(no) E Poua(Y I: ) X% AL WS
i=1 No i - Pout;2(Y jSt; )
=0:

(247)
This implies (145). Using successively| (145) and the Cauchy-Schwarz inequality, we have

A= E pl . Powa(YiS) 1 X Lo MO
) =

p— — " p—= H— ;A1 n
N1 _, Pour2(Y [S; ) " N1, ! no i - (o)
Inz
S fa(®)
" 1 X2 (YjS. ) 2 1 Xt h W Xoi 2#%
E p— M pP— % ﬂalf VA 1 1(no)
N1 _, Pout2(Y JSt ) ni._, o i ™

NI

1 2
E —Inzy f,(t) (148)
No

Making once more use of the tower property of conditional expectation, one obtains

e L U PRAYIS) 2 1 X “WBXE' An o)
PR PowaY 1S ) Phi, : Hene
1 X1 hwal 2
=E p— ‘2 ﬂalf SAL 1(No)
n1i=1 No i

1 Xe IDout Z(Y JSt ) 2 0
E p— —_— X5 AW S o (149
ni _; Pout;2(Y JSt; ) = (149)

00 Q.
Conditionally on S;, the random variables % are i.i.d. and centered. Therefore
' ' 1 n»
E X2 out Z(Y JSI ) 2 XO'Al'Wl'St E X2 out Z(Y Jst ) 2
-1 Pout;2(Y St ) ST I:’out 2(Y jSt; )

out 2(Y1] St1) 2
_— : 15
Pout:2(Y1jSt;1) St (150)

St

49



Under condition [(H2)| it is not di cult to show that there exists a constant C > 0 such that

P(?l?t;z(YljSt; 1) 2

—_— S C: 151
Pout;2(Y1)St; 1) t ( )
Combining now (153), {150) and [149) we obtain that
E %1 X2 Pota(Y St ) 2 I31 R .zhwlslxoi A (no) 2
ny -1 Pout;2(Y JSt; ) ng i1 ! ng i’ H o
n l )Ql h W XO| 2
—2C —E "2 Ay 1(No) 1 (152)
ni ni i=1 No i
P h oi 2 L
It remains to prove the boundedness of-E R 1(no) = s-Var(X 1), where
- . _
L P i=1 h i
X1:= " M X!is the sum of the random variablesX ! := ' 2 yg,% GAL L, 1 i n To
|
achieve that, one uses the identity
1 — 1 — 1 —
rTlVar(x 1) = rTlE Var(X1jX % + rTlVar E[X 1jX°] (153)

and show that both terms in the right hand side are bounded.
First, the term E Var(X1jX %) . Conditionally on X°, the random variables(X1); i n, are i.i.d.

and
X1

Var(X1jX% = var(X1jx% = nyvar(X1jx%): (154)
i=1
It follows that
1 o h hyy,xoi i
—E Var(X 1ix% = E var(X{jx% var(x}) E'?% P A (155)
1 0

h h i i
Under|(H2)} the expectation E ' 4 Yﬁ% 1;A1;1 is bounded because ; is bounded.

Second, the termVar E[X1jX°] . We have

- hyxol
EXLX%=n E' ] p (A X0 =np gXPinXg) (156)
0
h h [ [
whereg(x1;:::;Xn,) = E ' 2 Wnlj;‘ 1;A1;1 . The partial derivatives of g satisfy for1 j ngp
h [ h [
@g W x o Wix (W1)y
—(X1::1:%Xn) = E 2 — A1 — A7 —
@}(( 1 no) 1 PRs jAm 1 Pas Al =
h i h [
2Xi W X W X oo WiX
= ZlE -‘12 ﬁlj A+ Jﬁ)lj A1 g ﬁlj A1 (157)
No Ng 1 Np 1 Np 1

where (157) was obtained by integrating by parts w.r.t. (W1)1;. Under the hypothesis{ (H1) the prior
Po has bounded supportX [ S;S]. Then, for everyx 2 X "o, we have

2S 0. L ) C
— (X111 Xn) e (supj' %2 +supj' 1j supj' 1)) o (158)
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for some constantC > 0. Here the hypothesi§ (H2) was used to bound the expectation if157).

. . C . . 25 C
Sup  JO(X1; il Xt Xng) g(Xl'ZZZ;XJ-O;ZZZ;Xn)] — Sup jX; onj — (159)
x2X "oxP2X No x; xP2x No
Applying Proposition [L1] (see Appendix|C.1) it comes
11X 25 c 2 O
Var g(x% = == (160)
4j:1 No No
and 1 N
—Var E[XIjX =n; Var gx% -tc% (161)
ni No
h p h o )i
It ends the proof of ;-E A Yﬁ% GAL 1(no) boundedness in the limitng !
|
+1 . Combining (148), (152) and the latter, it comes
1 2 1=2
An®] KE  =InZg fa() (162)
0

for some constantK > 0 and ng large enough. The uniform convergence o, (t) then follows
from (162) and TheoremB in Appendlx, that statesE[(ny " InZy  fn(t))7] !no! 1 0 uniformly
int2 [0;1].

C Concentration of free entropy and overlaps

C.1 Concentration of the free entropy

In this section, one proves that the free entropy of the interpolation model studied in Sed. 2.4
concentrates around its expectation (uniformly int), i.e. one proves Theoren[]z stated below. To
lighten the notations, one usesC(' 1;' 2; 1; 2;S) to denote a generic positive constant depending
onlyon' 1, "2, 1, 2,S. Remember thatS is a bound on the signal absolute values. It is also
understood that the dimensionsng, ni, n, are large enough andhi=ng! 1, n>=ny ! 5.

Theorem 2. Under assumptiong (H1), (H2),[(H3)|one can nd a positive constantC(' 1;" 2; 1; 2;S)
such that " #

2 ! .t . . .
E iIn Zt E iIn Zt C( 1, 2, 1, 2,8):
No No o

(163)

One recalls some setups and notations for the reader's convenience. The interpolating Hamiltonian

@)@ is

X2 . X p hwoxi 2
IN Pout:2(Y jst. (X;az;u )+ > Yi0 rt' 1 prl1jo i;al;i : (164)
=1 i=1
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qg__h i
wheres; (x;aj;u )= 1L Wy ¥Eia  + k() V + ko(t)u with

Szt— S >

ka(t) = . qv)dv; ko(t) :=

t
0( 1(no)  q(v))dv :

This Hamiltonian follows from the interpolating model

8 g__h [ o
Y=o RUWe BEGAL sV rk®UiAz ¢ 251 ng
. Yt’(I) — p rt 1 \4/;61%0 i;A]_;i + ZO.

1 i nq;
where (A 1) "% Pag, (A2 )" Y% Pa,, (Z )" ;(Zio){‘:l1 ld N (0;1). Recall the de nition
xl:="3 y\6%%1 . The channel Poy;;2 de ned in (f7) can be written as

Z
. 1 1 . RN 2
Pout:2(Yy, St (X;ag;u)) = dPa,(ay; )F 2 _e 2z Vi (s (A )z
Z
p_—
= dPa,(az )pzle 2w (avag u et 2 )2 (165)
with
f1—h i
v (Ganag u)i="y S — WoX1t  + k() V + ka() U ;A
1
r .
h i
t W
T Wi par +k(D)V +ke(thuiay : (166)
ni No
From ([L64)), (165), (166) the free entropy of the interpolating model reads
1 1 1 X 1 X N,
—Inzy= —InZy, — z? — zB _ZinE 167
No N4t No N4t 2n0 2n0 i1 : 2n0 n( ) ( )
where Z
1 1 Hi(x;a1;a2;u)
n—ln Zi = n—ln dPo(x)dPa,(a1)dPa,(a2)Due "ti%erazs) (168)
0 0
and
Hi(x;agiaziu) = 5 ¢ (x;ayag ;u)?+2  Z ¢ (x;apag ju)
=1
+ 3 X ot Jp;j); au +220 Xt ot g p;j); sar o (169)
i=1
From (L66), (L69), ([I69), note that I Zi=n, has been written as a function ofzZ, Z% V, U, W,, Wy,
A, X1, Our goal is to show that the free energy({167) concentrates around its expectation. It is

enough to show that there exists a positive constanC(' 1;' 2; 1; 2;S) such that Var InZi=,
W This concentration property together with (L67) implies (163), i.e. Theorenﬁ.
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First, the concentration w.r.t. all Gaussian variablesZ;Z%V :U:;W,; W1 is shown thanks to the
classical Gaussian Poincaré inequality, then the concentration w.r.tA ;, X 1 using classical bounded
di erence arguments. The order in which the concentrations are proved matters. These two variance
bounds are recalled below. The reader can refer t@Q] (Chapter 3) for detailed proofs of these
statements.

Proposition 10 (Gaussian Poincaré inequality) Let U = (Uq;:::;UyN) be a vector ofN independent
standard normal random variables. Letg: RN | R be a continuously di erentiable function. Then

Var(g(U)) E kr g(U)K? : (170)
Proposition 11. Let U R. Let g: UN | R a function that satis es the bounded di erence
property, i.e., there exists some constants;;:::;cy 0 such that
sup  jo(ug;:iiuisiiiiun) g(ul;:::;uf’;""uN)J G,;foralll i N:
uz;nuy 2UN
uf2u
Let U = (Uq;:::;UN) be a vector ofN independent random variables that takes values id. Then
1 X
Var(g(V))  § e (171)

Finally, before starting the proof of Theorem@ we point out that under the hypothe5| | (H2)
all the supremasupj’ j, SUpj' j, supj' ,j for k 2 f 1;2g are well-de ned, and for alli 2 f 1;:::;n1g
jX j  supj' 1j almost surely.

C.1.1 Concentration with respect to Gaussian random variables Z,Z° V, U, Wy, Wy

In this subsection, as in[B.] and to lighten the notations, one will systemically omit the second
argument in the functions' 1, ' » and their rst and second derivatives w.r.t. to their rst argument.
Here one provesn Zi=, is close to its expectation w.r.t. the Gaussian random variableZ, Z% V, U,
Wy, W, i.e.

Lemma 4. Let Ego denotes the expectation w.r.tZ, Z% V, U, W, W1 only. There exists a positive
constant C(' 1;' 2; 1; 2;S) such that
" #

1 1 2 C( ' o 1 'S

(172)

Lemmal4 follows, by Pythagorean theorem, from the Lemmals|$,| 6] 7 proven below.

Lemma5. Let Ez.zodenotes the expectation w.r.tZ; ZOonly. There exists a constanC(' 1;' 2; 1; 2;S)>
0 such that " #

1 1 2 C(' 1" o . ‘S
E —In Z\t Ez;zo —In Z\t ( L 2 1 2 ) : (173)
No No No

53



Proof. Hereg = InZi=, is seen as a function oZ, Z° only and we work conditionally to all other
random variables. The norm of the gradient ofg reads

kr gk? = =
't ez @?

(174)
i=1

Each of these partial derivatives are of the form@g n, 1I‘@fiti M, where the Gibbs bracketh i M,
pertains to the e ective Hamiltonian (169). One nds

@ 1 , 2 o
29 - 5 _h, iy, —P—supj' o;
@g_ 1 P—, P— Mwy! 2°r ..
éﬁ? = e rex re 1 ffﬁg o ‘HE*SUPJ 1),

n

and, replacing in (I74), one getskr gk? 4n,* 02 lsupj' oj*+ rtsupj' 1j . Applying Propo-
sition [I0, one obtains

n #
1 1 2 C(1;'2; 15 23S
Ezzo —InZy Ezzo —InZ, (12 13 29) (175)
No No No
almost surely. Taking the expectation in ) gives the lemma. O

Lemma 6. Let Eg denote the expectation w.r.t.Z, Z% V, U, W, only. There exists a constant
C( 1" 25 17 2:S)> Osuch that
) #

1 l 2 C ' -t . . .S
E EZ;ZO 7|n Z\t EG 7|n Z\t ( 1, 2o 1, 2 ) :
No No No

(176)

Proof. Hereg = EzzollnZilm, is seen as a function o, U, W, and we work conditionally to all
other random variables.

gg:nlE.ohD ) +piz) 1@t;E !
@V 0 =zz 6 IO@v 1,
h —— i
I n 0.
Ng'Ez.zo (2supj' 2j+  jZ J)&ZSUF’J' 2]
r— p
= not 2supp o+ 2 — Mo g

The same inequality holds for % . To compute the derivative w.r.t. (W>); , rst remark that

r r h i
@y, 1t 0 1t 1
: = X — W)X + k(1) V + ky(t) U
@WZ)i ny i 2 n} 2 1() 2()
h i h i
W 1 t W
1 X . 3 — W3' 1 19717)( + k() V + ko(t) u
Ng i ni No
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Therefore

_Q@9 _, 1E-ohD( : +p72) 1 @ =
@Wo) | 0 =z ) b @wy); # |
1 P . o
ﬁEz;zo (2supj' 2f + iZ j)  “(2supj' 1jsupj' %)

r

= —p— 2supj' i+ —  “(2supi’ 1isupj’ 3))
o N

Putting these inequalities together one ends up with

kr gk? = — — —_—
., @V ., @U s i @W2);
> . o.! 2 r 5 2
nz o2 supj' 5j - 2
02 2|3{9_o;+sum y® ———=  2supj’ oj +
]
Then the lemma follows once again of Propositiofi 10. O

Lemma 7. Let Ego denote the expectation w.r.t.Z, Z0V, U, Wy W, only. There exists a positive
constant C(" 1;' 2; 1, 2;S) such that
n #

2 ! ot . . .
E Ec ilnz“t Eco imz«t C( ' 2 11 2iS).
No No No

a77)

Proof. Hereg = EclinZikm, is seen as a function ofV1 only and we work conditionally to the other
random variables. The partial derivatives ofg w.r.t. (W) reads

hD E i
@ 1 X2 p— @
g..:* Ec (¢ + z) *! t..
@W 1)jj No _; @W )i #:
P— h i h i
_ _ Wi W
+—r_tEG prtXil IOrt'1 pljx A pljx
ng—z Ng i Ng i By

In a similar fashion to what has be done previously, the absolute value of the second term in this
partial derivative can be upperbounded by

r !
Pr

— Zstupj' 1j+ 2 S supj’ 1j
ng

The rst term requires more work. First notice that

Qy,
@W 1)jj
1 t ohwaxd o T TEh
= X W2)i'1 = "2 Wy 1 p=— +ki(t)V + ko(t)u
NoNi No i np Ng
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It follows that

r e D E
p_ @ ¢ 1t P—_ _Gi)
E L+ Z) = = 1 Z EgW2i (¢ + 2z)U ;
G ( t; ) @Wl)IJ I_/rt nonl G ( 2)| ( t; ) t; |‘/|\t
where h i r h i
W= gy PE e B v+ ke
o i ny No
Integrating by parts w.r.t. (Wy); we get
. P— i)
Ec (W2)| (t; + Z)t; p
_ D @:¢ ~(ij)E D p_ @-E;IJ) E
= EG VYRR + EG ( t; + Z )
@Wz)liD M E@Wz)i M
P— i @
E o+ b 2~(.|J) 1 ;
G (t, 5 ) t; E@VI\DIZ)I] ﬁt -
P—_ i) P— 1 @y,
+E .+ V4 . .+ Z ’ :
c (¢ )"t 4, (¢ ) @wsz);
The rst two expectations satisfy
D E . ., 0.
@t i) 2supj’ 1jsupj’ 5 L0 L 0L
Ec aw,, b P s Ssupj’ 4jsupj’ 5 ;
D (i) E r— L0 . . .o
P— 6 L 2 Ssupj' 4jsupj’ 1jsupj’
E -+ Z : 2sup) 2j+ — B—— ;
e (¢ )@Wz)i 4, Pj' 2] P
while for the last two we have
Ec D( ¢+ IO7Z )? "'(.”)7@“ -
' b@wo)i H
h i L ., 0.
L. P—_ ., 0. ., 0. 2su su
E (@supj i+ JZ i)’ Ssupj’ jisupj' 5 p”nT e
r T 2 . . ., 0.
- - ., 0. ., 0. 2supj' 1jsupj’
= asupj o+ v2sup o T Ssupj fjsupji 5 S pth 2
D E D E
P— i) P— | @y
E -+ Z . -+ Z ’
G ( t; ) t; }qt ( t; : )@WZ)” }qt
L L. 2 ., 0. 0. 2supj' 1jsupj' 5
asupf o2+ +2sup [ o “—  Ssupf gisupj 5 —ptoti 2

ni

Putting all these inequalities together gives the existence of a positive constar€.(" 1;' 2; 1; 2;S)
such that

X2 D p @, FE 1 n
1 1 £ 2 oo . . .
n E S+ 4 — C oy 1 S
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Thus, it exists a positive constantC,(' 1;' 2; 1; 2;S) satisfying @vv@gij Ca(' i 2i 15 2:8)=n372 for

X1 Yo @g 2 1 ny

2 — _ - 2 1 o1 . . . .
kr gk - @Wl)” nO nO CZ( 1, 2, 1, 2» S) .
j=1
Applying Proposition [L0] ends the proof. O
C.1.2 Bounded di erence with respect to Ao

Next one applies the variance bound of Lemmal to show,, LEgo[In 2] concentrates w.r.t. A 5,
while keepingX ! xed for the moment.

Lemma 8. Let Egoa, denotes the expectation w.r.tZ, Z% VvV, U, Wy, W1, A, only. There exists
a positive constantC(' 1;' 2; 1; 2:S) such that
n #

1 1 2 C ' . S
E EGO 7In Z\t EGO,A2 7|n Z\t ( 1, 2> 1, 2y ) :
nO ' no no

(178)

Proof. Considerg = Egolin Ztkn, as a function of A only.
Let 2f1;:::;n,9. One wants to estimate the variation g(A ) g(A(2 )) for two con gurations A
and AS) with AS) = Ay for 6 . The notations M¥{’ and {’ will denote the quantities M and

t  WhereA; is replaced byA( ), respectively. By an application of Jensen's inequality one nds
1 : 1 .
fEGOH'/i‘t( ) Iqtll_/i( ) g(A) g(A( )) fEGOHqt( ) Iqtll—'h (179)
nO t nO
where the Gibbs brackets pertain to the e ective Hamiltonians {169). From [169) we obtain
RO B,

1 X 2 1 2
> rr2z () o) =5 (P B2z () )
=1

Notice that 5; 2 2 +27 ( g) t ) 8supj' 2j>+4jZ jsupj' 2j. From (L79) we conclude
that g satis es the bounded di erence property:
r !

. . 2supj' 9 - 2

oA oaf) TERE 2supig+ S (180)
Lemmal§ follows then by an application of Proposition[ IIL. O
C.1.3 Bounded di erence with respect to Xt

One now proves the last lemma needed to get Theorefy 2, i.e.
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Lemma 9. There exists a positive constantC(* 1;' 2; 1; 2;S) such that
n #

1 l 2 C' . . . .S
E EGO;AZ n—OInZ\t E n—olnz\t ( 1, 2, 1, 2, ):

- (181)

Proof. One sees than, *Egoa,[In Zy]is afunction of X  only. Considerg(x') = ny*E[In ZjX * = x].
Note that ny*Egoa,[In 21 = g(X1). We will show that g satis es a bounded di erence property,
then an application of Proposition[1] will end the proof.

For s2 [0;1]we dene (s)= g(sx}+(1 s)x(D). Hence (1) = g(x!) and (0)= g(x®). If we
can prove that

i %9); C( 1 2r.] 1, 2,5)

0

then the bounded di erence property follows, namely
sup jg(Xl) g(x(i))j C'1"2, 15 225) :

x1;x (i) No

8s 2 [0; 1]; (182)

Let E[ ]1:= E[ jX1=sxt+(@ s)x®]. The derivative of satis es

ixt  x®;
j o= Ml O
No @Xl ﬁt
Zsupj' lj X2 p* 1@'['
nbihe ¢ B AR = L+ Z ’
No -1 (t‘ ) @>I(1 I'Ir[
L h i
L 28UP Al P Pra P TWaX oo
No Ng i I‘,|\t
One has
h i
e P Pixr Py B ez e P itaswr i+ iz
o i K

r—
o 2rt
rt2supj’ 1j+ —;

p— Q¢
E (¢ + Z) 1==
@x g,
N f1¢h i
= E (¢ + Z) —(W2)i'% = WuX! +ki(t)V + ka(t) U ;A
ni na H

C( 13" 2; 15 2:5)
ni

for some positive constantC(' 1;' 2; 1; 2;S). Hence the condition(182) is satis ed, ending the
proof of the lemma. O]
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C.1.4 Proof of Theorem 2 []

From Lemmas[4, 8, [9 above, one obtains the bound

! 2 " #,3 2 " # " # ,3
In Z\t In Z\t In Z\t In Z\t In Z\t
\Y; = g4 S+E4 E : 5
A No No c? No c° No oAz No
2 n # mn #! 23
In 2, In 2
+ E4 EGO;AZ t E n t 5
0

Cl'1'2, 15 22S) .
No ’

where the equality of the rst line follows simply of the Pythagorean theorem. As mentioned before,
this implies Theorem|Z thanks to {167).

C.2 Concentration of the overlap

This section presents the main steps towards proving Lemmig 3. The interested reader can nd more
details in Section V of [38] where the proof method has been streamlined.
One denotes byhi . the Gibbs measure associated to the perturbed Hamiltonian

He(x;au;Y ;Y QWe Wo V) + 5 1 prl]j Saug
i=1 0!
. . . )
. hW1X°' ' hW1X| P hwlx' »
1 P=— AL "1 P= au 1 Pp=— aui &
No i No i No i

i.e., the sum of (98) and (L09). As already explained, the addition of the second term can be seen
as having an extra Gaussian side-channel, described ). Hence the Nishimori identity (Propo-
sition @) is preserved. The corresponding average free entropy is denotégl (t) and we callF,. (t) the
free entropy for a realization of the quenched variables, that i&n; (t) = ng MnZo(Y; YO Wi Wo V).
Let

IR WLV - hw xol ool
L = — =1 Pp=— s au 1 P— AL "1 P=— aui
nlizl 2 Npo i No i Npo i
1 hwgxd »
?k 1 P— a1 &
Ng i

Up to the prefactor n, ! this quantity 'ﬁ the iderivative r?f the Perturbation term in ([09). The

. P1
uctuations of the overlap & = % "4 W;j;( A "y Y\é% i;Al;i and those ofL are related

through the identity

E(L EhLig)?, = %EF(Q EMQing )2, + %E[I'int; h Qif ]

Y1 " h i #
1 W1X
+-— E "2 p=" :ap - (183
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P
To see it, rstnote that L = 1= 3(xH)2 Xixt A-x!® wherex! = '3 P& ap
h i i=1 i
Xl=" Yﬁ% ;A1 . Then the full derivation in Appendix IX of [ 3§ can be reproduced exactly
I

by doing the identi cations X! $ Sj, x!'$ X;, n; $ n. Indeed, the proof in Appendix IX of [3§]
only involves some algebra using the Nishimori identity (herex plays the role of a sample obtained
from the conditional distribution P(X!= jY;Y©¢ ‘{D;Wl;Wz;V)) and integration by parts w.r.t.
the GaussianZ; in the perturbation term. Besides, Appendix F.2 of B5] already remarked that
the precise form of the rst term H; does not matter as long as it is a Hamiltonian whose Gibbs
distribution satis es Nishimori identity. To illustrate this, we are going to prove the following lemma,
that is used to obtain (183) and is also useful to prove Lemm@]2.

Lemma 10 (Formula for EhL it ). For any > O,

EhL iy = %El‘Qit; : (184)
Proof. From L de nition we directly get
. 1 Xt Lo, 1 1. 1 .
EhL iy = e SEI)?i ] EX iy 1 p=Elndiy B1: (185)

i=1

The expectation E[X trxlit. ] in the sum easily simpli es to

H . H . #
. Twyxol o Twix!
E 1 P= _;Al;i 1 P—= au
Ng i Ng i t
h oi
WX
=E X!E '1 P ;A Y;YOP:wi W5V
Ng i . ..
h h h i ii
=E E X!E XPY;YeR:W;Wo vV Y YERW WV
h h i h i
=EE XY YO, Wi ;W vV E XPY;YSRiwgWa v
h i
= E x,lt2 ; (186)

These lines of computation just correspond to the Nishimori identity. We detailed them here to
make clear how Nishimory identity still applies to the random variablesx®, X 1.
The third expectation is dealt with an integration by parts w.r.t. 2;:

1 _

ey 21= £ UE = £ Pty nxdiz) (187)

@
Combining (185), (186), (187) gives the desired result:
X1 X1
EhL iy = 1 }E[hxilit’%]: 11 Elbxtiy X1 = }Erﬁit- :
' Ny ._ 2 ' 2ny ' 2 '

i=1 i=1

O

Lemmal3 is then a direct consequence of the following:
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Proposition 12  (Concentration of L on). Under assumptiong (H1),  (H2) and[(H3) we have for
anyO<ac< 1,

VA 1
. . 2 _ .
nOI!mJ]1 ) dE(L EhLit) ¢ =0 (188)
As for the one-layer case, the proof of this proposition is broken in two parts. Notice that
E(L EhLig)*, =E(L hL ig)*, +E(hLiy EhLig)*: (189)

Thus it su ces to prove the two following lemmas. The rst lemma expresses concentration w.r.t.
the posterior distribution (or thermal uctuations).

Lemma 11 (Concentration of L on hL i EhL i ). Under assumptiong (H1),  (H2) and|(H3), we
have for any0O<a< 1,

Z,
; L2 -0 -

noI!lrQ1 ) dE (L hL i) ¢ =0 (190)
Proof. The result is a consequence of the convexity properties of the free energy and the Nishimori
identity. The proof is similar to the one of Lemma 5.2 in Sec. V of 38]. Here we go quickly through
those steps just to illustrate the minor changes.
Let Fnt( )= nolln Z(Y ;YO,V’;Wl;Wz;V) and fnt( ) = EFnt( ). Note that in [38] the authors
work with free energies instead of free entropies, i.d=;; is de ned with a minus sign in front of the
logarithm. Here we have:

an;t( ) — mhl_l :
d No
1 d?Fn() nn %2 .2 1 Xt
S8 nl) o My ——— li®;
no d 2 No ( I ) 4n(2, 3=2 i1 e
. X1
d”dt( o Mgy - zi Efxti?] ;
Mo Mo,
2 2 X1
:()O'L”'g()z % E[L% hL %] ——  E[hx!)% h x{i?;
0 j=1

where we made use offL84), (187) and dropped the indices inhi ¢, to lighten the notations. From
the last equation we get

nodhaa(), 1

X1 No d*f () . sup' 2
). o 1\2; 1,27 NodTny P 1
E[hL% hL i?]= 2 d2 = E[h(x;{)% h x{i4] 2 d2 *

where the last line follows fromE[h(x})2i] sup' 3. An integration over 2 [a;1] gives
Z,
d E[hL? hL i?]

a
@dn;t() @dmt() + SupI %JI j 7o
nf d =1 ni d =a  4n n? d =1 4m




where to obtain the last inequality we used that the derivative % is non-negative. Finally

nodn() | 1N gy s
ni d =1 2n1 i=1 2
leads to Z, i jIn g
2. jp Suwp'i ,,ina
adE[hLl L

O

The second lemma expresses the concentration of the average overlap w.r.t. the realizations of
guenched disorder variables.

Lemma 12 (Concentration of hL i on EhL i ). Under assumptions (H1),[ (H2) and|(H3), we have
forany O<ac< 1,

Zl
lm ~ dE(hLig E[hL iy )2 =0 : (191)

ng! + a

Proof. It is a consequence of the concentration of the free energy (see Theorgi 2 in Appenfdix [C.1).
The proof is similar to the one of Lemma 5.3 in Sec. V 0fjg], the main change being in the de nition
of the functions F( ), f{ ):

p*)@l pf)Ql
FO) = Fe() = (supi' ) iZij; () = faa() he (supi’ ) Ej2j:
i=1 i=1

The addition of the second term makes=( ) convex, whilefT{ ) is convex too (note thatf,.:( ) was
already convex, as it can be shown by the same method than the one in Sec. V 88]). The proof

of Lemma 5.3 in [38] can then be reproduced and choosing= n, ** |eads to the bound

4 r !
! : 5 C Lo 2
d E (hLiy E[hLiy ))*  —z (supj’ 2)° 1+ ——
a Ny a
for some positive constantC and ng large enough. O
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