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This review deals with Restricted Boltzmann Machine (RBM) under the light of statistical physics. The RBM isia
classical family of Machine learning (ML) models which played a central role in the development of deep learning: Viewing
it as a Spin Glass model and exhibiting various links with other models of statistical physics, we gather recent results dealing
with mean-field theory in this context. First the functioning of the RBM can be analyzed via theé phase diagrams obtained
for various statistical ensembles of RBM leading in particular to identify a compositional phase where a small number of
features or modes are combined to form complex patterns. Then we discuss recent works either able to devise mean-field
based learning algorithms; either able to reproduce generic aspects of the learning process from some ensemble dynamics
equations or/and from linear stability arguments. ~
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1. Introduction

During the last decade, machine learning has experienced a rapid development, both in everyday life with the incredible suc-
cess of image recognition used in various applications, and in research!!-’} Wheregnany different communities are now involved.
This common effort involves fundamental aspects such as why it works or how to build new architectures and at the same time
a search for new applications of machine learning to otherfields, like forinstance improving biomedical images segmentation®!
or detecting automatically phase transitions in physical system.®#hMachine learning classical tasks are divided into at least two
big categories: supervised and unsupervised learning (putting aside reinforcement learning and the more recently introduced ap-
proach of self-supervised learning). Supervised learningconsists in learning a specific task — for instance recognizing an object
on an image or a word in a speech— by giving the machine a set of samples together with the correct answer and correcting the
prediction of the machine by minimizing a well-design and easy computable loss function. Unsupervised learning consists in
learning a representation of the data given an explicit or implicit probability distribution, hence adjusting a likelihood function
on the data. In this latter case, no label is assighed to the data and the result depends thus solely on the structure of the considered
model and of the dataset.

In this review, we are interested im"a particular’ model: the Restricted Boltzmann Machine (RBM). Originally called

51 or product of experts,'® RBMs were designed!”! to perform unsupervised tasks even though they can also be

Harmonium
used to accomplish supervised learning indsome sense. RBMs are part of what is called generative models which aim to learn a
latent representation of the data in order to later be used to generate statistically similar new data —but different from those of
the training set. There are Markov. Randem Fields (or Ising model for physicists), that were designed as a way to automatically
interpret an image using a parallel architecture including a direct encoding of the probability of each “hypothesis” (latent de-
scription of a small portion of an image). Later on, RBMs started to take an important role in the Machine Learning community,
when a simple learninglgorithmiintroduced by Hinton ez al.,!®! the contrastive divergence (CD), managed to learn a non trivial
dataset such as MNIST. ! I wasdn the.same period that RBMs became very popular in the ML community for its capability to
pre-train deep neural networks (for instance deep auto-encoder), in a layer wise style. And, it was then showed that RBMs are
universal approximator°! of discrete distributions, that is, an arbitrary large RBM can approximate arbitrarily well any discrete
distribution (which led to many rigorous results about the modelization mechanism of RBMs!'%!). In addition, RBMs offer the
possibility t0'bé stackedto form a multi-layer generative model known as a deep Boltzmann machine (DBM).[!!] In the more
recent years, RBMs(continued to attract scientific interest. Firstly because it can be used on continuous or discrete variable very
easily.!'>®hSecondly, because the possible interpretations of the hidden nodes can be very useful.!'®!”] Interestingly, in some
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cases, more elaborate methods such as GAN!"®! are not working better.!'”! Finally it can be used for other tasks as well such
as classification or representation learning.*’! Besides all these positive aspects, the learning process itself of the RBM remains
poorly understood. The reasons are twofold: firstly, the gradient can be computed only in an approximated way as we will see;
secondly, simple changes may have terrible impact on the learning or, messed up completely with the other{meta-parameters.

For instance making a naive change of variable in the MNIST dataset!?!2?]

can affect importantly the training performance.
Another example, when varying the number of hidden nodes, keeping the other mete-parameters fixed, will‘affect.not only the
representational power of the rbm but also the learning dynamics itself.

The statistical physics community, on its side, has a long tradition of studying inference anddearning process with its own
tools. Using idealized inference problems, it has managed in the past to shed light on the learning process of many-ML models.

23-26]

For instance, in the Hopfield model,! a retrieval phase was characterized where the maximum number of patternsthat can

be retrieved can be expressed as a function of the temperature. Another example is the computation of the storage capacity of

(28,291 I these approaches, the formalism of statisticalphysics explains the macroscopic

the Perceptron?”! on synthetic datasets.
behavior of the model in term of its position on a phase diagram in the large size limit.

From a purely technical point of view, the RBM can be seen for a physicist as a disordered:Ising model on a bipartite graph.
Yet, the difference with respect to the usual models that are studied in statistical physics is that'the phase diagram of a trained
RBM involves a highly non-trivial coupling matrix where the components are correlated as a result of the learning process.
These dependencies make it non-trivial to adapt classical tools from statistical mechanies, such<@s the replica theory.*"! We will
illustrate in this article how methods from statistical physics still have helped to characterize both the equilibrium phase of an
idealized RBM where the coupling matrix has a structured spectrum, and how the'learning dynamics can be analyzed in some
specific regimes, both results being obtained with traditional mean-field approaches.

The paper is organized as follows. We will first give the definition ofithe RBM and review the typical learning algorithm used
to train the model in Section 2. Then, in Section 3, we will review different types of RBMs by changing the prior on its variables
and show explicit links with other models. In Section 4, we will review ftwo approaches that characterize the phase diagram of
the RBM and in particular its compositional phase, based on two different hypothesis over the structure of the parameters of the
model. Finally, in Section 5. we will show some theoretical development-helping to understand the formation of patterns inside
the machine and how we can use the mean-field or TAP equations to learn the model.

2. Definition of the model and learning ‘equations
2.1. Definition of the RBM

The RBM is an Ising model (or equivalently, a Markov random field), defined on a bipartite graph structure over two layers
of variables: the visible nodes s;, for i = 1,.. 4NV, and:the hidden nodes 7, = 1,...,N;, denoting N, and N, the number of visible
and hidden nodes respectively. In the following, we will'use i, j,k, ... to enumerate the visible variables and a,b,c,... for the
hidden ones. No connection between any pairof visible or hidden nodes occurs . Hence, we will call w the coupling or weight
matrix and denote its elements as wj, Since N0 other interactions are present (such as w;; or wy). In addition to the pairwise
coupling matrix w, each visible and hiddefi node/can have a local magnetic field, or local bias (we will refer to it as bias in the
rest of the article), respectively named 6; and'1;. We can introduce the following Hamiltonian

Hls, 7] ==Y siwiaTa— Y, Oisi— Y NaTa, ey
ia i a
from which we define a Boltzmann distribution

p(s,T)= %exp(—’H[s,T]).

where Z is givendby
Z= Y exp(—Hls,T]).
{sh{r}
The structure of the RBM is represented on Figure 1 where the visible nodes are represented by black dots, the hidden nodes by
red dots and the weight matrix by blue dotted lines.
The benefitof having a bipartite structure is that, when keeping fixed an entire layer, in our case all the visible or all the
hidden:nodes, the variables of the other layer become statistically independent. In other words, the measure p(s|7) and p(7|s)

In MNIST, it is usual to consider binary variable {0, 1} to describe the dataset. Taking instead {1} naively will affect dramatically the learning of the
RBM.
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factorizes over the visible/hidden nodes respectively. This is an important property to keep in mind since it will be used in the
learning procedure of the model. We will see that this property is widely used during the learning in order to draw new samples
using a Monte-Carlo Markov Chain (MCMC) by Gibbs sampling.

Hidden layer

Tl. ‘ Ta TJ\TIL

‘'@ Visible layer
51 Si e

Fig. 1. Bipartite structure of the RBM.
~

Historically, the RBM was first defined with binary {0, 1} variables for both the visibledand the hidden nodes in line with the
sigmoid activation function of the perceptron, hence being directly intepretable as‘spin-glass model of statistical mechanics. A
more general definition is considered here by introducing a prior distribution function for both the visible and hidden variables,
allowing us to consider discrete or continuous variables. This generalization wilballow us to see the links between RBMs and
other well-known models of machine learning. From now on we will write all the equations for the generic case using the
notation ¢,(0) and ¢, (7) to indicate an arbitrary choice of “prior” distribution. Averaging over the RBM measure corresponding
to Hamiltonian (1) will then be denoted by

=Y pls,7)f(s,8)" @
{s,7}

where here X can represent both discrete sums or integrals and with the RBM distribution defined from now on as

pls, ) )anlr) exp(~Hls, 7). ®

It is worth mentioning that, the choice of the prior distribution can be rephrased in terms of an activation function on the condi-
tioned distribution over the visible or hidden variables. Therefore, when specifying a prior distribution, we will systematically
indicate the corresponding activation function for the hidden layer, that is p(7|s), which is obtained using the Bayes theorem

Plrls) p(s;T) _ an(T)exp(—H[s,T])
NEo 28 7T) Yy an(T)exp(—H[s, 7))

Before entering more into the technical details about the RBM, it is important to recall that it has been designed as a “learnable”
generative model in practice. If that sense, theaisual procedure is to feed the RBM with a dataset, tune its parameter w, 8 and
1 such that the equilibrium propertiesiof the learned RBM reproduce faithfully the correlations (or the patterns) present in the
dataset. In other words, it is@xpected that the learned model is able to produce new data statistically similar but distinct from
the training set. To do so, the classical procedure is to proceed with a stochastic gradient ascent (to be explained in Section 2.2.)
of the likelihood functionsthat can be easily expressed. Usually the learning of ML models involves the minimization of a loss
function which happens here to be minus the log likelihood, thus in the following we will refer to Stochastic Gradient Descent
(SGD) instead. First, consider a set of datapoints {sl(»d)}, where d = 1,...,M is the index of the data. The log-likelihood is given
by

£ o (Zp ) — L5 tog (ps)
M= {r} M =

[log (qu Yqn(T exp(—H[s(d)7TD>} —log(Z)
[Zes +1log (qv( )Jerog (th T,) €Xp Zs WlaTa+naTa)>] —log(Z)

EIH

Il
M™M= M=

&3\ -
i

Ta
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The gradient w.r.t. the different parameters will then take a simple form. Let us detail the computation of the gradient w.r.t. the
weight matrix. By deriving the log-likelihood w.r.t. the weight matrix we get

DL 1 By gyl T e
ow: Z . - <siTa>H
o M L an(m)ens
T (@)
M Y s Z’L‘ap 2|8 D) = (5iTa)
d=1
= (5iTa) data — <SiTa>H 4)
where we used the following notation
M
(F(8.7))aara = Z Y S m)p(r|s'D). &)
d=1{r}
The gradients for the biases (or magnetic fields) are ~
L
96 = (Si)data — (5i) (6)
aL
W = <Ta>data - <na>7-1 (7)

It is interesting to note that, in expression (4), the gradient is very similar to the one obtained in the traditional inverse Ising
problem with the difference that in the inverse Ising problem the first term (sometimes coined “positive term”) depends only on
the data, while for the RBM, we have a dependence on the model (yet simple to,compute). Once the gradient is computed, the
parameters of the model are updated in the following way y

1) _ 0 L

Wig +y3wm WD) g0 ) @
(t+1) _ ()

6 258 +739 ’ ) ) ) ®
(t+1) (2) oL

=M ‘WEQ-,O}’),n},’) (10

where 7 called the learning rate tunes the speed.at which the parameters are updated in a given direction, the superscript ¢ being
the index of iteration. A continuous limit of the learning process can be formally defined by considering 7 real and replacing ¢ + 1
by ¢t +dt, y by ydt and letting dt — 0.

The difficulty to train an RBM resides 1n\e difficulty to compute the second term of the gradient, the so-called “negative
term”, which represents , in the gradient over the weight matrix, the correlation between a visible node i and a hidden node a
under the RBM distribution. Similarly, the gradient over the biases is difficult to compute, where here the negative term is given
by the mean value over the visible/hidden nodes. Depending on the value of the parameters of the model (the couplings and the
biases), we can either be in aphase where it is easy to sample configurations from p(s, 7), (usually called paramagnetic phase);
either be (if unlucky) in a spin glass phase, where it is exponentially hard to escape from the spurious free energy minima; either
be (if lucky) in a “recall”’.phase:where/the dominant states correspond to data-like configurations. But even in the latter case, it
might be difficult to transit from onestate to another one with random jumps if these states are separated by large energy or free
energy barriers, as in the Hopfield model for instance.

2.2. Stochastic/GradientDescent

Considering the difficulty to use the Eq. (4) to learn the model (the computation of the negative term scales exponentially
with the system size, and Monte Caro Markov chains (MCMC) can be very slow to converge), an efficient approximative scheme
name contrastive divergence!®! (CD) has been developed in order to approximate this term. First of all, the dataset is partitioned
into small subsets-called minibatches, and the gradient ascent is performed sequentially over all these minibatches in a random
order:;As a result each gradient step is performed only over a small subset of the whole dataset at a time. In order to estimate
the negative term, the principle of CD is to start many Monte-Carlo chains in parallel, as many as the number of samples in
a minibatch, and to use each sample of the minibatch as an initial condition for the chain. The idea being that starting from
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desired equilibrium configurations and making k steps — the number of MC steps is coined in the method : CD-k—, we expect
to explore nearby configurations representative of the dataset when the machine is learned; if otherwise the chains flow away
they will “teach” the RBM how to adjust the parameters. The interpretation of CD is that it tends to create a basin of “attraction”
centered on the datapoints where nearby configurations will be attractive to these datapoint under the Gibbs dynamics. In practice,
starting from a datapoint s? a random configuration of the hidden layer is sampled; in turn given this a configuration of the visible
layer is sampled and so on for & steps. For this we take advantage of the bipartite structure of the model to draw-a whole visible
or hidden layer at once thanks to the factorization of the conditional distribution p(s|7) and p(7|s):

st =1~ p(T|Sd) — 81~ p(s|Ty) = -+ — g~ p(s|Tr—1) = T ~ p(T|sk) (11)

finally s; and 7 are used to estimate the negative term. It is clear that the CD-k is not directly minimizing the likelihood, or
equivalently the Kullback Leibler (KL) divergence between the data distribution pg(s) and thesBoltzmann one p(s). In reality
it minimizes the KL divergence Dy (po||px) between the data distribution pg and the distribution obtained after k MC steps py
that is defined as

Dg.(pollpr) = {%pO(S)log Z;EZ;

k
(s =Y, Y (Ie(silm0)pta—i1si1) | po(so)

{505--sSk—1} {70, Te—1} LI=1

In Ref. [31] it is argued that this procedure is roughly equivalent to minimizing the following KL difference

Lcpk = Dr(pol|p) #Dxr (Pl |P)‘

up to an extra term considered to be small without much theoretical guaranty. The major drawback of this method is that the
phase space of the learned RBM is never explored since we limit ourselvesto k MC steps around the data configurations, therefore
it can lead to estimate very poorly the probability distribution for configurations that lie “far away” from the dataset. A simple
modification has been proposed to deal with this issue.in Ref. [32]. The new algorithm is called persistent-CD (pCD) and consists
of having again a set of parallel MC chains, but instead of using the dataset as initial condition, they are first initialized from
random initial conditions and then the state of the chains‘isysaved from one update of the parameters to the next one. In other
words, the chains are initialized one time at the beginning of the learning and are then constantly updated a few MC steps further
at each update of the parameters. In that casegit is not longer needed to have as many chains as the number of samples in the
mini-batch even though in order to keep the statistical error comparable between the positive and the negative term it should
be of the same order. More details can be fm{nd in Ref. [32] about PCD and in Ref. [33] for a more general introduction to
the learning behavior using MC. In Section 5. we will intend to understand some theoretical and numerical aspect of the RBMs

learning process.

3. Overview of various RBM settings

Before investigating thelearning behavior of RBMs, let us have a glimpse at various RBM settings and their relation to other
models, by looking at common possible priors used for the visible and hidden nodes.

3.1. Gaussian-Gaussian RBM

The most elementary setting is the linear RBM, where both visible and hidden nodes have Gaussian priors:

S

l

1 2
q(s;)) = ——ex
)= 5 p(- o)
1 72
an(s) = ——exp (52 )
2o} 0},

with o,/and oy, the intrinsic variance of the visible and hidden variables respectively. After summing over hidden variables we

get a/multi-variate Gaussian distribution over the visible ones. If not very sophisticated, the model is yet interesting because
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it presents a non-trivial learning dynamics that can be written exactly.?*->71 When using Gaussian prior, the corresponding
activation function p(7|s) are Gaussian centered on 67 Y wigsi:

B CHESCRES )

Let us write the marginal distribution over the visible nodes p(s) (we omit the hidden bias since it can be canceled by a
redefinition of the visible one), starting from Eq. (3) and integrating over the hidden variables we get

p(s):éH<e 22+Sz z) l/draexp( o - )]
i Cn

_ *H ( oyt ) [Texp ( Zs,wmw,as,>

)

1 1 o} 1
= zexp <—3T [263 — Zhwa} s—|—sT9) =7 exp (—sTAs —I—\sTO) (12)
2
where we define the precision matrix A = 202 02” ww’. Now we can also idéntify the conditions for the existence of the

T remains strictly

measure p(s). We need the matrix A to be strictly positive definite, hence that the highestieigenvalue of ww
below 1/(c? Gh) More interestingly, the Gaussian prior let us write in closed formuthe stochastic gradients (in fact we solve the
deterministic equation, not the stochastic one), hence given us some hints/on the nature of the learning dynamics of non-linear
RBMs, since in any case we expect a linear regime to take place at the beginning of the learning process. In the present case, we

can rewrite Eq. (4) as

1

. 4
(d) 2 (d)
aw ZS Oj Zsj Wija = O <S,Z j>Wja
a d j j
( Cijwia— <StS/>W/a>

= o} <2Cijwja—ZAijlea> (13)

J J
where Cjj = (5iSj)data = 1): s 1s the correlation between the nodes i and j in the dataset, and A~! the inverse of the

precision matrix. At this point, followmg, [361'jt is convenient to use the singular value decomposition (SVD) of w. We note
Wia = Yq Uwevs the eigen-decomposition of the rectangular weight matrix w, where the matrix « and v correspond to the left
(resp. right) eigenvectors of w associated to théwisible (resp. hidden) variables and w, the eigenvalue associated to the mode .
As can be seen in Eq. (12), this transformation will diagonalize the interaction term of the Hamiltonian of the system. We can

now make the following change:of wvariables
Zu s;i and Ty = Zv T,
i a

under this change of variable, the Gaussian measure factorizes where }; jaSiWiaWjaSj = Y o Sa W%‘.ﬂx and therefore

25212
1—-oy0,wg .

v
—STAS = _§§sa Tsa

v

Writing the distfibution in this new basis we obtain
2 1— GZGZWZ
A h’o
p(8) I I exp ( 72 )
o Cv

Hence, we can obtain an exact equation for the gradient in the basis of the SVD of the weight matrix w. First, we project the
equation Eq. (13) on the modes a — 3 of the SVD of w

oL L
<au;>a aa B = Zu StTa data — <siTa>H]vg
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A A A

= (Satp)data — (S Tp)#

Now to simplify we discard the fluctuations associated to the stochastic gradient, by considering instead the full gradient and an

infinitesimal learning rate such that we can consider the iteration time to be continuous and identify ;Tﬁ ~ d:l”;“ . As a result we
a

obtain the time derivative of the matrix w decomposed over its eigenmodes

dw d
(dt)aﬁ =Y uf (Clt;ug/wyv;’> VP

ia

dw du’ vl
=V utyV =LyB —|—uq—’wyv7vﬁ —&—uqu?/wy—avﬁ
;}I 1 l dt a’a 1 dt a“a 1 1 dt a
dw duP dv?®
= aﬁ dz‘a +(1_5(Xﬁ) <uadtWa+WBdt’Uﬁ>

This equation shows that, the gradient update of w can be decomposed when projected onythe,SVD basis of w into a gradient
over the mode w¢, and a rotation of the matrices u% and v%. Noticing first that (§ote) = oZ2wal§5,), we therefore end up with
the following dynamics for the singular values wy:

dw d o 2 §o 7
a _ () = <S(xTa>data_ <S0‘TU‘>H
oo

dt dt
= 07 wo ((82)data — (52) )
> 2 o
Y § a6 14
WWa << (x>data 1—0‘,20',%W¢2x> (1

where in Eq. (14) <sA(2x)dm denotes the variance of the components of the‘data on t%e mode o:

A 1 &) (d
<S(2x>data = Z“zu (A_/I Zsf )SE' >> ”?
ia ij
This first result tells us that when keeping the matrices w'and. v fixed, the SGD on the mode w, will adjust the value of wq such
that the r.h.s matches the variance in the direction given by.u%, giving the following limit values:

2 2

S ata— O4 . A

2 220232?2) . T
Wa v Op \Sa/data

¢2x>data > GVZ (15)
0 if (§2)gara < 02

We remark that, if the empirical variance give&by the/data is smaller than the prior variance of the visible variables the corre-
sponding mode is filtered out. The evolutionof the matrices «* and v* can also be obtained®*”) from the following expression

in the present case

du® r wg —w wg+w
u L B—_(1— o R R PR 1
aB = ( dr ) 4 (1= 0) % <W(x +wg wa—wlg> (Sasp s (1o
) dv®\ T o (W —Wa  Wp+Wwg
ap = (717) o= ~(1=9ap)0 (Wa+Wﬁ + Wa —w[;) {sarSp an

of the infinitesimal rotations of the vectors u* and v®. In the particular case of the Gaussian-Gaussian RBM, we can note the
absence of term ayeraged over the model (.)4. This is due to the fact that the SVD corresponds to the eigendecomposition of the
RBM measure (that is, the, Gaussian measure factorizes over the singular modes) and that the Eqs. (16-17) involve correlation
between modes '@ # 8 which are zero here. From Eq. (16-17), we see that a steady state is found when a direction u? is found
that diagonalizes the empirical covariance matrix of the dataset.

In short, the Gaussian-Gaussian RBM learns the principal components of the dataset and for each principal axes the weight
matrix is adjusted until the strength of the corresponding modes w, reaches the value given by Eq. (15). Of course, modes above
threshold acquire a variance which matches the variance of the dataset in this direction (s2,)% = (5% )daa- We can somehow say
that the Gaussian-Gaussian RBM is performing a sort of SVD of the dataset, keeping only the modes above a given threshold. It

Actually these equations are given with a wrong sign in Refs. [37] which is corrected here.
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is worth noting that an analysis has been done in Ref. [35] where it is shown that updating the parameters of the model using the
kCD approximation converges toward the same solution as the one obtained by maximizing the likelihood of the model.

We can illustrate the learning mechanism in simple cases where it is possible to solve explicitly the dynamics. First assume
that the RBM has found the principal axes, i.e. consider the matrices u and v to be fixed. In this case thé quantity (52)qa

remains constant. Letting

<§(21>Data - sz

Xo = G2OFWS, and Oa = T
and rescaling time as tcv2 G}% — t, equation (14) then rewrites as
o = 2% (80— - fax&)
and we obtain a solution of the form
xa(t) = fo (8at), =
with
falx) =log xa)EO) 1 +l 5a 8 yayj x_jo)’ N 14(2706&1'
For 8, < 1 we get a sigmoid type behaviour
X (1) Oge Oact &

xa(0) 8y +x0(0) (Bl — 1)

To illustrate the rotation of the modes, consider now the situation where there are 2 modes uy, & = 1,2 which are a linear
combination of two dominant modes of the data {i;, >} with identical orientation taken in this order, all other modes considered
to be already properly aligned with the data. Let then 0 Tepresent the angle between u; and #; (and also between u; and i, see

Figure 2. Equation (16) for this pair of modes rewrites then as

20
do E 2 W(X+Wﬁ
T (W%X_W%) ($152)Data (),
with N

(81.52) Dafa(t) = cos 05in O ({53)Data — (57 )Data) -
(53)Data (t) = c0s? 0 (s7) pata + 8in* 0 (s3) pata

(53) Data(t) = sin® O(s7)pata + 08> 0 (s3) pata

so that finally we get a dynamical:system of the form

X1 = 2x (61 cos? 0 + &, sin”> 6 — ] al ) (18)
1
Xy = 2x2(61 sin? @ + &, cos” 0 — I xzx ) (19)
—X2
- 1 X1 +x2 .
0= 5 (8 82))61 Y sin(26) (20)

Note that at fixed x; and x, the dynamics of 6 corresponds to the motion of a pendulum w.r.t the variable 8’ = 46 shown on

Figure 2.
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Fig. 2. Angle between the reference basis given by the data and the moving one given by the RBM shown on the up left panel. Equivalence with
the motion of a pendulum is indicated on the left bottom panel. Solution of (18,19,20) of two coupledsmodes in the linear RBM (right panel).

3.2. Gaussian-Spherical

The Gaussian-Gaussian case is interesting as a solvable model of RBMrbut of limited scope, since p(s) reduces in the end
to a multivariate Gaussian. Next, a simple non-linear RBM which remains exactlysolvable is based on the so-called spherical

1.138.39

mode 1 For this model, it is possible to compute the phase diagram and the equilibrium states once the coupling matrix is

given —more precisely, when the spectral density of the coupling matrix is,given. Here we chose the following priors to impose

a spherical constraint on the hidden nodes: y

1 57
0= e (%55
an(t) =8 (Z 72— 6\/NhNV)

1.140] The interest ofisuch an RBM is first that the spherical constraint can be dealt with

where & is a parameter of the mode
analytically.[*04!] Secondly the model can exhibit a phase transition unlike the Gaussian-Gaussian case. Absorbing the parameter
o2 in the definition of the weight matrix, to follow. the computation of Ref. [40], a simple analysis in the thermodynamic limit
tells us that the phase transition takes place when the parameter & exceeds the value o,, where 6. depends on the value of the
highest mode wyax and of the form of the spectrum of w (typically, 62 o< 1 /w2, where the pre-factor depends on the form of
the spectrum). The condensation along this mode of the visible (resp. hidden) magnetization is then given by

1 - /- _
my = ﬁ Ei uf‘(s,%.t = Wmax O 62*002
1 /
=2 o — 52 _ &2
My = —= VAT, =14/0“— 0,
o ﬁ}a, a< 11>7'l c

where we defined L = \/NgNj,. This type of RBM is again of limited scope to represent data. In the thermodynamic limit a finite
number n = O(1) of modes canycondense. They necessarily accumulate at the top of the spectrum of the weight matrix and
represent a distribution concentrated on an n-dimensional sphere in absence of external fields while other non-condensed modes
are responsible for transverse Gaussian fluctuations. The dynamical aspect of this model will be discussed in Section 5.

To end up this section let'us also mention that the finite size regime is amenable to an exact analysis when restricting the
weight matrix spectrum to have the property of being doubly degenerated (see Ref. [40] for details).

3.3. Gaussian-Softmax

The case of the Gaussian mixture if rarely viewed like that, fits actually perfectly the RBM architecture. Consider here
the case of Gaussian visible nodes and a set of discrete {0, 1} hidden variables with a constraint corresponding to the softmax
activation function: (]

Si

1 2
0= a5z
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Qh(T) = H (5711-,0 + 57(111) 5Zb7bal '

a

With this formulation, we indeed see that the conditional probability of activating a hidden node is a softmax function

B ~exp(YiWiaSi + Na)
p(Ta = 1‘8) - Zbexp (Ziwihsi+nh) '

43.44] where the latent variable

It is easy from this expression to recognize the equations of the Gaussian mixture model (GMM),!
7, indicates if a sample belong or not to the center a. The position of the associated center is given by the vector. wy. It is even

clearer when writing the marginal over the visible nodes after summing over the hidden nodes in Eq. (3)

1 5?7
p(s) = Z;exp (ﬂa +Zi,—2(;v2 + 9i5i+SiWia>
1 ! 2 n2 1
:ZZa:eXP na—i—Zi:—vaz (si — 0} [wia + 61]°) +50; Wia + 6]

-
1 1
= 7 LPacxp (Z_ 52 (5= 0 wia+ 91'}2)2)

l
by identifying
2
exXp (na +Zi (G\?Wia + szei) )
Ypexp (nb +¥i (0w + 07 91‘)2)

Pa @n

the weight of the mode a in the Gaussian mixture centered in w,./Now we can See that the extra parameter 6; can be absorbed
in the definition of the weight matrix w}, = wj, + 6;. It turns out that the positive term of the gradient in equation (4) (ignoring
Pq) corresponds to the gradient that is obtained in the GMM. This can be reformulated into the Expectation Maximization (EM)
update by considering that p(7,|s) do not depend on wj,, hence doing the “expectation” step:

1
<SiTa>data ] M Z (S,(d) ~— O'VZW,‘a) p(Ta|3(d)) (22)
d

If we impose that the gradient is zero, doing now the “maximization” step, we obtain

(d)
(D Yas; p(Tu|3(d)) (23)

~ fa GVZde<Ta|S(d))

where the 1.h.s. is to be understood as the/new walues for the parameters w;, while the conditional distribution on the r.h.s.

()

depends on w; ;. For an RBM, one would:dlso compute the negative term of the gradient, involving the derivative of p, W.r.t. wi,.

We obtain the negative term

1
it = 33 L otwa [p(als®) - pd @4)

Again, we can recover with equation (24) the EM update for the density of the Gaussian mode a in the GMM, by first considering
that the conditioned distribution p(ra|s(d)) does not depend on w;, (expectation step) and by putting the Lh.s. to zero (maximiza-
tion step). The fact that when using the RBM formalism we do not obtain directly the same EM equations as in the GMM is due
to the different parametrizationof the parameters. In the GMM, the density of each Gaussian is defined right from the beginning
as an independent parameter while when using the RBM, the density of the Gaussian depends on other parameters such as the
weight matrix w.

Phase transition in the learning process — an interesting phenomena occurs in this model when learning position of

(431 First of all, starting

the centers of the Gaussian while submitting the variances o, of the Gaussian to an annealing process.
from a very high.variance (equivalently, very high temperature), we can convince ourselves that the learning will end up finding
the center of mass of the dataset. Let us therefore consider that we centered the dataset beforehand: Y, sgd) =0, Vi. Then,
reducing slowly the variance of each component of the mixture, we can look for the moment at which point the degenerate

solution corresponding to all the centers placed at the center of masses of the dataset becomes unstable. Linearizing the EM
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equations (23) around this point with 1, = 0 and w;, ~ 0+ g;,, where the € are small perturbations, we can derive the threshold
where the linear perturbations get amplified. The linear stability analysis leads to the following equations for the perturbation €:

oo Zasi (1455 ,a——z, ely)
) czzd(uz,, 0 — I, ely)

T o2 ZCU ( N Zb:g’('t’>

where c¢;; is the covariance matrix of the dataset. From this expression, one sees that when the variance is higher that the largest

eigenvalue Ac of ¢, i.e. sz > Ac, the solution w;, = 0 is stable. Then, when sz < Ac, the solution is unstable and the system
starts to learn something more about the dataset besides its center of mass. It is interesting to note.that this threshold is very
similar to the one obtained in equation (15) for the Gaussian-Gaussian RBM. In this model; it is then,possible to study the
cascade of phase transition, occurring in a hierarchical way on structured datasets.[*>471 We stress heré that, even if it is possible
to project the learning equations on the SVD of the weight matrix as in the two previous analysis; it does not provide much more
insight since this case cannot be solved exactly by this transformation. o

It is also interesting to investigate the behavior of the exact gradient (not using EM) in the presence of a learning rate 7.

When using the gradient, the update equations are given by w( = WEZ) ~+ YAw,. In that.case'we obtain the following equation

(t+1) _ 1 ®
€ 1-— = —) £ .
ia ( 3 z; ( N, - ﬂ>>

Interestingly, the threshold does not depend on the value of 7 in that case, meaning that the instability is a generic properties of

for the linear stability

the learning dynamics. The only change is the speed with which thefinstabilities g/ill develop.

3.4. Bernoulli-Gaussian RBM

The next case is the Bernoulli-Gaussian RBM where we consider the following prior

qv(sl) = (5‘10-"_5317 )

2
qn(t,) = exp <— “2> .
2mo; 20,

Again, a Gaussian prior implies that the activation function is Gaussian. It is interesting to consider this version of the RBM

| —

jH

through its relation with the Hopfield model!>’! realized in Ref. [48]. Since the hidden variables are Gaussian they can be
integrated out which leads to a simple analytieal.form for the marginals of the visible variables. In some recent works, the
opposite approach has been done, starting with an‘Hopfield model and expressing it as a RBM using the Hubbard-Stratonovitch
(HS) transformation (expressing the exponential’ of a square as Gaussian integral) to decouple the interactions between each
spin. 4991 After integrating over the.hidden nodes in Eq. (3), we end up with the following distribution

p(s) = *eXp ( ZSIS] {Zwmw,a])

We recognize a Hopfield model where the patterns are given by the weights w;, of the RBM and the effective coupling between
two variables 7 and j i8 J; ;&= Y., WiaW jo- We can also consider that the variances of the hidden nodes is related to the temperature
of the model.

Some experiments have been conducted in Ref. [51] in order to compare the learning process of the Hopfield model versus
the Bernoulli-Gaussian RBM on artificial data generated from an Hopfield model with dicrete patterns. It is interesting to note
that, when assuming discrete patterns, the inverse procedure can be formulated in terms of an approximated Hopfield model.
Thus, the inference of the pattern can be done directly using a set of TAP equations of the Hopfield model, and it has been shown
that the artificialypatterns were inferred exacltly. When using the RBM’s formulation, in the absence of information over the
patterns, only the subspace covered by the patterns were retrieved with a weak overlap with the true patterns. In fact, in that case
the marginal over the visible nodes is a function of ww”, which is invariant by rotation of the v matrix. It explains why the
learned weight matrix in the RBM context does not overlap with the true patterns.
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With this machine, it is also possible to impose a maximum rank in order to reduce the number of parameters needed to
describe the dataset giving the possibility of a trade-off between a good description of the dataset and the number of parameters.
This properties has been used in Ref. [50] to find global patterns in protein foldings, using the RBM version of the Hopfield
model with g discrete states.

3.5. Gaussian-Bernoulli RBM

At this point we now focus on models where the hidden layers will have a stronger impact. The integration of the hidden
layer will not end up in a simple analytical form and therefore will make it difficult to understand the effect of the features and to
characterize properly the learning dynamics. We first mention the Gaussian-Bernoulli case dealing with.the following priors:

1 s?
QV(si) = \/QTCTVZ eXp <_2o_vz> ) (25)
1
qn(Ta) = 3 (82,0 +6z,.1) - (26)

When using the discrete {0, 1} variables, we obtain the sigmoid activation function forhe hidden.nodes

1
"~ L4exp(— Xiwiasi+Ma)

p(t, = 1ls)

With this parameterization, it is natural to interpret a hidden node 7 as an active feature when T = 1 and an inactive one if
7 = 0. When responding to a given input through the conditional probability,p(7|8)sthe machine is turning on the hidden
nodes corresponding to overlapping features with the input. Therefore, the inputundergoes a non-linear decomposition on the

sP2! where a matrix X is

learned features. Saying it that way, it is somewhat reminiscent of the Independent Component Analysi
factorized on a set of independent sources or components y: * = Ay. The,sources here are independent in the sense that they
are independently distributed. In the context of ICA, the goal is to find/the inverse of the mixing matrix in order to recover the
sources from the received signal. Concerning this particulaf RBM, it is/proven!*>! that under some assumptions — (i) having the
same number of visible and hidden nodes, (ii) that the signal comes from a set of independent sources and (iii) that the variance
of the visible variables is much smaller than the mean of the signal— there exists a stable solution for the learning dynamics
where the learned weight matrix corresponds to the'un-mixing matrix of the signal. In this regime, the RBM acts as an ICA. In
other words, if the signal s? used as an input for the RBM can be written as a mixture of sources: s = Ay, a stable solution of
the learning process consists in recovering the inverse mixing matrix in the weight matrix: w = A~

To end up with this variant of the RBM, it.is interesting to note that the prior variance of the visible variables here is in
principle a fixed parameter. It has been noted that when using the prior (25-26) the mean of the conditional distribution over the
visible p(s;|7) is stretched by the variance g;. It might be useful to remove this effect by renormalizing the weight matrix and
the visible biases as in Ref. [14]: w — w/ szagd 0; — 6;/ 63. Using this parametrization, we obtain

plsilT) = N (6 + ) wiaTa, 0}),
a

where N represents the normal distribution. Note that it is possible to include the learning of these parameters in the likelihood
ascent as in Ref. [14]. It is howeverimportant to stress here that even if appealing, the possibility to tune the variance of each
visible node doesn’t solve the problem of learning individual variances of separated clusters in a dataset. Indeed, consider the
problem where the dataset.is formed of many well-separated clusters with distinct variances. For a given visible node i, its
variance computed over the whole dataset or instead over a given cluster have no reason to coincide. And the the prior variance if
properly learned will only/ccount for the global variance of this node. This should involve a more complex setting of the RBM
which we won’t discuss here.in‘order to account for individual variances of clusters in a complex dataset.

3.6. Bernoulli-Bernoulli RBM

The last model here is traditionally the one which is implied when speaking of RBM. In that case both the visible and hidden
nodes areiin {0, 1} with the following priors

QV(si) = (63,-’0—’_63,’,1)7

N = N =

qn(Ta) = 5 (8,0 + 6z,1) -

XXXx-12



Chin. Phys. B Vol. 30, No. x (2021) xxxx

The activation functions are sigmoid functions, for both the hidden and visible nodes

1

1 +exp(—2a WiaTq + 91') ’
1

~ 1texp(— Xiwiasi+Ma)

p(si=1]T) = (27)

p(ta=1]s) (28)
In that case, the prior distribution has the advantage of not having any free parameter to be determined. In practice this model is
used when dealing with a discrete dataset while the Gaussian-Benoulli is for continuous ones.

Rectified Linear Units (RELU) — Let us briefly mention how the Bernoulli prior on the hidden nodes can<be linked to
the RELU activation function'>*! for the RBM. In a work by Teh et al.,’* was highlighted one important shortcoming with
Bernoulli prior. With the hidden variable in {0, 1}, a given pattern can be expressed T = 1, or notst = 0. Therefore the influence
of a feature is binary, either O, either a fixed amount given by the value of w: it is not possible to.tune this amount as a function
of how strongly a hidden node responds to a visible configuration. Of course it is possible for the machine to learn many times
the same pattern, but this doesn’t seem very efficient. A simple idea to correct this problem is to duplicate many time a hidden
node, keeping the same features and bias values. Then, if the probability of turning on this hidden node is p, the average number
of activated hidden nodes for this feature will be Np giving the possibility to tune the intensity of the feature.

Generalizing this idea, it is possible to construct an infinite number of replica;®l adjusting the bias for each of them such
that in order to activate more and more neurons it is necessary that the signal ) ; w;s; is stronger and stronger. Let us focus for a
moment on a single hidden nodes with a feature w; and a bias 1 along with its replicas ' = 1,...,N,. We denote r = Y; w;s; + 1
the potential associated for this neuron given the signal s. The number of activated replica will be given by

| Mool

o7 L sie(r(l=d/VID)) e Tog(l +exp(r) (29)
" a=0
. 4

Ny
where we defined the sigmoid function sig(x) = (1 4 exp(—x))~!.. The r.h.s. of Eq. (29) is very close to the RELU activation

function RELU(x) = max(0,x), hence showing that having all these replicas gives a similar activation function as RELU. In
practice, it is not very efficient to have a large number of sigmoids for the training algorithm. An approximation is found by
using the truncated Gaussian distribution. The average number of activated replica is then given by

7, =max(0,74 N (0,0,)) (30)

where now 7, is a RELU hidden node and oy is the variance associated with the number of activated replicas for the hidden node
a. Eq. (30) can now be seen as an approximation of the Truncated-Gaussian prior for the hidden nodes

2
a

qn(%a) > 5,50 exp(—5 ) 31

N 20y
In the following section, we will focus mainly on the Bernoulli-Bernoulli setting, its equilibrium phase diagram and its
learning dynamics in the mean-field regime.

4. Phase diagram of the Bernoulli-Bernoulli RBM

In this section, we diseuss various aspects of the phase diagram of the Bernoulli-Bernoulli RBM. In the rest of the section
we will use {41} insteadsof the;usual/{0, 1} for commodity. There are (at least) two series of works dealing with the RBM in

the thermodynamic limit, each of them making different hypothesis on the statistical ensemble from which the RBM is taken.

36.57] ‘the aveight matrix is taken from a simple statistical ensemble with iid elements and possibly additional

36,37

In the first onel
sparse constraints’on the pattefns as will be explained in Section 4.1. In the second onel it is assumes that the weight
matrix contains a structuréd part of rank K = O(1) in addition to a random matrix corresponding to noise; the main results of
this approach-will be exposed in Section 4.2. Both approaches are based on the replica computation*”! of the free energy. For
systems with quenched disorder, this is a classical approach (the replicas or its equivalent formulation) to find the macroscopic

behavior. [26:58-611

4.1. Mean-field approach, the random-RBM

This MF approach to the macroscopic behavior of the RBM is based on statistical ensembles with iid elements of the weight
matrix. Here, a random ensemble for the weight matrix is defined as follows. The weight matrix will be constructed using binary
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pattern: w;, = \/}f,— Now, each pattern is selected to be

0 pr~1-p;
Gia=1< +1 pr~pi/2 (32)
-1 PrNPi/Z

Using this definition, the degree of sparsity of the system is p = Y, p;/N,. The term random-RBM was/Coined. by Tubiana
1571 but Agliari et al.[°>%3 worked on a similar model although with a different theoretical approach. In particular, they
computed the phase diagram in Ref. [56]. We start by reproducing here the argument of Agliari that was developed for the RBM

et al.

with a finite number of patterns before switching to the replica computation done in Tubiana’s thesis./3%

Parallel retrieving — the usual definition of the Hopfield model (which we recall here is analogous,to a Binary-Gauss
RBM, see Section 3.), consists in using extensive pattern ¢ = +1/+/N, for all i = 1,...,N,, where a = 1,..., P, P being the
number of patterns. The Hopfield model in the low storage regime, where the number of pattern’is fixed, ot scales logarithmically
with the system size, is characterized by a low temperature regime made of configurations with an extensive overlap with one of
the patterns. This model can be recovered from a binary-binary RBM where the numberof hidden nodes has the same scaling.
Hence, having N, ~ log(N, ), we can write exactly the partition function of the binary*binarysRBM in the limit of large system
size

Z= Y exp <[52Siwmfa>

{s}{r} ia
2
- {g}IaICOSh <\/ﬁ1\7‘/ ;Wms,) ~ {g}exp <2€Vv %;W[a“ﬁa&ﬂ)
N,B?
= %exp (213 Zma(s)Z) N

recovering the Hopfield model with a square inverse teniperature, and where we define the magnetization along the pattern a
as my,(s). In Ref. [62], the authors considered a weight dilution’as in Eq. (32) applied to the above binary-binary RBM, or
equivalently to a Hopfield model with a rescaled temperature. It is important to mention that it is a different procedure than
diluting the network itself, see Ref. [64] for more details onithe other case. Having sparse patterns allows the network to retrieve
more than one pattern at a time. In particular, global minima of the free energy can have an overlap with many patterns and
locally stable states can be composed of aemplex mixture of patterns. We reproduce below on Figure 3 the plot from the

article[62

showing the overlap over three and six patterns in the (almost) zero temperature limit. We observe on the left panel that
one pattern is fully retrieved when the dilution is low. Then, when increasing p;, more and more patterns are retrieved together

until the system enters a paramagnetic phase at high dilution.

N
1 ——0.16
—_—T —_—n
— 1100 e 1102
ms m3 10.14
my
0:8 ms
mg {0.12
0.6 0.1
(S 0.08 £
0.4 0.06
0.04
0.2
0.02
0 0
0 0.5 1 085 0.9 0.95 1
d d

Fig. 3.-From Ref. [62]. Overlap with different patterns when varying the dilution factor p (named d on the figure) at low temperature.
Left: a case with 3 patterns where we can observe how at small dilution, only one pattern is fully retrieved while the second and third
one appear for larger dilution. Right: a case with 6 patterns where the figure is zoomed in the high dilution region where the branching
phenomena is occurring and all the overlaps converge toward the same value.

Replica approach of the random-RBM — We will now follow the approach of Tubiana et al.!>°! and give more details on
the derivation. This approach is based on a Bernoulli-RELU architecture giving the possibility to have continuous positive value
for the hidden variables.
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The characterization of the phase diagram is based on the determination of the free energy in thermodynamic limits. Given
the weight ensemble (see Eq. (32)), the weight matrix is now made of independent and sparse elements. In this context, the
replica analysis can be used to perform the quenched average. The replicated interaction term can be first easily computed and

gives

Eop

32
exp </3 Zsf’w,ﬂf,’)] ~ exp (péfl Zsf’s?rfr[{)
P Iz

for the interaction term (ia). The interaction between the visible and hidden nodes can be decoupled using the HS transformation

232 =
piB dqpeddpq - Di !
exp (éN ;ﬁ%g’rgrg) ~ /lp_q[ g o —NB(gpgGpq — qpq;lsf’s? - Eﬁpfé”cg)
introducing the spin-glass order parameter over the replicas (we denoted by p, g, ..., the replica index):

Gpq ~Ew[(TdTh)] ~

where we note that the parameters over the visible nodes are weighted by the sparsity of the network. Using the replica symmetric
ansatz, the quenched free energy can be computed and from it a set of order parameters emerges. An new order parameter is
introduced in their derivation: the number L of hidden nodes that have a macroscopic activation ~ O(m\/ﬁ ), while the other ones
remain silents (of order 1). This parameter is reminiscent from the replicaapproach of the Hopfield model.?*-2%! In this approach,
the number of pattern that can be expressed is fixed, in order to investigate the stability of retrieving one or more patterns. The
important difference here is that the sparsity p imposes that the diluted weights.can let many patterns to be expressed at the same
time. Hence, the phase diagram will be characterized by, the value of the weight sparsity p and L the number of activated hidden
nodes. The phase diagram is computed numerically, by scanning the possible value for the order parameters (see Ref. [59] for

more details). It is found that when

» p=1and L= 1: no sparsity and only one‘hidden'node.is activated. At low temperature, it gives back the behavior of
the well-known Hopfield model having a recall phase of the patterns. An interesting additional result when using ReLu
activations is that the capacity of the network can be increased by playing with the bias on the hidden nodes, at the cost of
reducing the basin of attraction of the patterns.

* p < 1 a ferromagnetic transition is found when imposing L = 1, where one pattern is recalled at a time.

N
* p < 1, when all the hidden nodes are all weakly activated, a SG phase is found.

» p < 1andLissuchthat 1 <« L<< Ny,; acompositional phase is numerically identified. It is characterized by an intermediate
number of hidden nodessstrongly activated.

In this analysis, it is demonstrated that in the possible equilibrium behaviors of the random-RBM, an interesting phase mixing
many patterns is present that characterizes in some way the efficient working regime of a learned RBM. It is of course a simplified
case where the patterns aré {+1} with @ certain dilution factor. Now, the fact that there exists a family of weights where this
phase exists is quite'different from showing that the learning dynamics converges toward such a phase and how. In Tubiana’s
thesis, a stability analysisof the different phases is done showing that for a range of parameters of the RBM, the compositional
phase is indeed the.dominant one. Then, a certain number of numerical results are provided on the MNIST dataset which tends
to confirm/that the behavior of the learned RBM looks similar to a “compositional phase”. It would therefore be of great interest
to characterize the learning curve theoretically in order to understand how this phase is reached. It is also interesting to mention
a recent work investigating the role of the diluted weights'®>! during the learning in a RBM with one hidden node. In this article,
itisishown that the proportion of diluted weights tends to vanish during the learning procedure. This might be a signal that when
the number of hidden features is very low, the RBM automatically adjusts itself in the ferromagnetic phase described above,
learning a global pattern of the dataset.
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4.2. Mean-field approach using rank K weight matrix

The difficulty with the RBM is to be able to study the phase diagram of the model without discarding the fact that during the
learning, the weights w;, become correlated between each others: starting from independently distributed w;,, we can observe
how the spectrum of the weight matrix is modified during the learning (see Figure 11 for instance). Classical approaches in
statistical mechanics consider a set of independent weights, all identically distributed, before trying to compute the.quenched
free energy of the system by the replica trick. In the present case the hypothesis of independent weights cannot hold, as can be
seen by looking at the spectrum of the weight matrix at the beginning of the learning and a few iterationgylater. The ‘absorption
of information by the machine prompts the development of strong correlations. This phenomenads’illustrated in Section 5.3.on
Figure 11. In order to understand how these eigenvalues affect the phase diagram of the system, it 'is reasonable te assume a
particular statistical ensemble of the weight matrix of the form

K
Wia = Y ufwavy +ria (33)
a=1
where K < N,, assuming a low-rank decomposition of the weight matrix plus some random noise\rm, where r is a random matrix
with iid centered Gaussian elements with variance o. With this decomposition we assume that the eigenvalues w, correspond to
some intrinsic property of a learned dataset, while the matrix, , « and v can be treated as quenched disorder and averaged over.
The set of vectors u® and v* correspond approximately to the left and right eigenvectors,of the matrix w. We can thus start to
average Z" over all these variables. Starting with the average over the random matrix r, it introduces the following interaction
term Y, 2, 575175 Td, where p,q runs over the n replicas. In this term, itd§ipossible to’decouple the interaction between the
visible and the hidden nodes by introducing the overlap parameters

Opg ~Ervu[ (75 (34)
q II':‘:rv

Opq ~Erul (870 y 35)

Then, the form of the weight matrix, Eq. (33) leads to the following changeof variable
1 o
So = ﬁ ;S,‘Mi
1
Ta = ﬁ ; Tavg

where L = /N, Nj,. It corresponds to the projection.of the visible and hidden variables over the matrix « and v coming from the
SVD of w. With this projection we will be able to define the order parameters of the system as the condensation of the visible
and hidden nodes over the SVD modes of w. Using again the Hubbard-Stratanovitch (HS) transformation in order to define the
replicated magnetization N

dmb dim? _ _
exp (Zsf’w,-ar;i’) = €xp (Zwasg,’cg) o< /H # exp <—LZWa (mbymly, — mbyst, — mﬁ,‘cg))
ia (04 o

o

we obtain two additional ordet parameters

namely the condensation of the visible (resp. hidden) nodes along the SVD modes of w. After some computation, the replicated
free energy is obtained

dmbdim?) dQ,,d0
B, |Z"] = /H a aH QpqdQpq

P#q 2w

X exp{ (Z Wb b, + Z 0pg0pq — f Alm, Q] — VxB[m, Q]) } (36)

in few words, considering the quantity Z" for a given (integer) n, where Z is the partition function, for small n, we can develop Z" =~ 1 +nlog(Z). The key
pointhere is that it is generally possible to compute the quenched Z" and then making a small n expansion.
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where E indicates an average over the variables that are in subscripts and k¥ = N,,/N,. The quantities A and B are given by

K02 p 1 aqp
A[m7 Q] = log[ Z E, (e\fT YptqQpgSP ST +K4 ):p.a(WamgFﬂa)“ S )} , 37)
Sae{—1,1}
= VKo? ) P rq -1 7P o P
B[l’)_’l,Q] = 10g|: Z E, (eT Yp4q Opg P ti+K 4 Y, o(Watiq—0a )v* T >:| ] (38)
sPe{—1.1}

In order to avoid more cumbersome computations we will skip the details, the interested reader being referred to Ref. [36].
The phase diagram of the model is based on the behaviour of the order parameters Q, O, m and /. After taking the saddle point
of the free energy in the limit L — oo keeping k fixed, using the replica symmetric ansatz and letting the number of replica go
to zero, it is possible to distinguish different phases according to the values of the order parameters solutions to the saddle point
equations. The order parameters of the systems in the replica symmetric phase are the condensation over.the SVD modes (both
for the visible and hidden nodes) 11, and m¢, and the overlaps ¢ and g. The saddle point equations of the free energy leads to the

following self-consistent equations for the order parameters:

~
Mg = K%EM {v“ tanh (B(x, v))} g=E,, [tanh2 (i_z(x, v))} , (39)

g = K’%EM {uo‘ tanh (h(x, u))} G=E,, [tanh2 (h(x, u))} , (40)

where

h(x,u) = K (cr qx+Z(Wymy— ny)”y)a
Y

h(x,v) =K (ov/aqx+ Y (wymy = Gy)’vy).
Y

A first look at the equations for the magnetization over.the:mode ¢ tells us that they correspond to the usual mean-field

1661 projected on the’'SVD decomposition of the weight matrix. The same is

equations of the Sherrington-Kirkpatrick model
true for the overlap, with the difference that we haveran.overlap parameter for each layer. Analyzing these equations, we can

distinguish three phases.

* A Paramagnetic phase: it correponds to.the case where g = 0, § = 0, my = 0 and 72 = 0. In the high temperature phase
there exists only one minimum to the free energy.

* A Ferromagnetic phase: given by ¢,g,m,my 7 0. In this phase, the magnetization of the system is polarized toward
one or many modes . N

* A Spin Glass phase: where g, g # 0s but mg = i, = 0. In that phase, the system is trapped into one of the many minima
of the free energy that are completely uncorrelated with the SVD modes of the weight matrix.
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On left panel of Figure 4 is shown the phase diagram as a function of 1/c and of wyx /0, the ratio of strongest mode of w
to the variance ¢ of the noise.
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Fig. 4. Left: the phase diagram of the model. The y-axis corresponds to the variance of the noise matrix; the x-axis to the value of the strongest
mode of w. We see that the ferromagnetic phase is characterized by having strong mode eigenvalues. In thissphase, the system can behave
either by recalling one eigenmode of w or by composing many modes together (compositional [phase)« For the sake of completeness, we
indicate the AT region where the replica symmetric solution is unstable, but for practical purpose,we are not interested in this phase. Right: An
example of a learning trajectory on the MNIST dataset (in red) and on a synthetic dataset (in blue). It.shows that'starting from the paramagnetic
phase, the learning dynamics brings the system toward the ferromagnetic phase by learning a few strongymodes.

From the learning perspective, the interesting phase is the ferromagneticione. It seems also important that the learning avoid
entering into the spin glass (SG) phase. The SG phase, apart from being uncorrelated with the SVD of w, can affect very badly
the MCMC that is used to compute the gradient. By inspecting the phase diagram on the left panel of Figure 4, we understand
that at the beginning of the learning it is important to start with a weight matrix with a small variance ¢ in order to avoid starting
from the SG phase. Then, we expect during learning that one or many eigenvalu%s wq Will be expressed and that the trajectory
will drift toward the ferromagnetic phase.

The nature of the ferromagnetic phase — it is instructiveito look more in details at the ferromagnetic phase to understand
the behavior of the RBM. We can distinguish two cases: in the first one only one eigenvalue wy, is learned (wq > ©) and the other
ones are close to zero; in the second scenario, many,eigenvalues are expressed. In fact the first case is quite simple. Since only
one mode has been learned the system will condense along thissmode and it will be very similar to a ferromagnet. In the second
scenario, we may have many w that have been learned, i:e. which are above noise threshold. The question then is whether
the system will preferentially condense alonig one single mode taken out of the learned ones or whether it will be able to make
compositions by condensing on several modes.at the.same time. In order to analyze this second scenario, it is important to recall
that in order to derive the phase diagram one has to perform the quenched averaging over the matrices w and v. The results will
depend on the distribution that is used for the averaging: In Ref. [36], it is shown that depending on the kurtosis of the distribution
taken over v and v, the system can behave in different ways. Denoting with ¥ the relative kurtosis (w.r.t. the normal distribution)
three different behaviors are identified:

e ¥=0, e.g. the Gaussian distribution. In that case, only the strongest mode is stable, and the weaker ones are unstable w.r.t.
to the strongest one. Hefe, the:system will condense along the strongest mode only.

* ¥< 0 e.g. the uniform or the Bernoulli distribution. Here the weaker modes can be metastable if they are not “too far
away” from the strongest one="However the system will condense only toward one mode.

* v> 0e.g. asparseBernoulli, or the Laplace distribution. In that case, the strongest mode is unstable w.r.t. weaker ones,
leaving the'possibility to have condensation over many modes at the same time. This corresponds to a dual compositional
phase, by reference to the terminology introduced in Ref. [57] which corresponds to combination of features instead of

modess:

Hence depending on the form that will take the matrices w and v during the learning, different types of condensation may
appear. This give.us some insight on the way the statistical properties of the SVD of the weight matrix are reflected on the recall
phase:.In some cases the system might recall one macroscopic state, in another one an equilibrium state can be made of a mixture
of modes. We'illustrate on the right panel of Figure 4 the learning trajectory on the phase diagram obtained both on artificial and
MNIST data.
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5. Learning RBM

Let us now discuss possible mechanisms at work during the learning of a RBM, which as we expect should have something
to do with pattern formation mechanisms.!%”! We start by summarizing what is understood in exactly solvable models such as the

%81 showing how the learning dynamics

Gaussian-Gaussian and Gaussian-Spherical RBMs. Then we will review a recent work!
on a simple dataset for the Bernoulli-Bernoulli RBM with one hidden node can be cast into a spatial diffusion equation., Then we
will investigate numerically the behavior of the RBM on the MNIST dataset. In particular, how the learned features at short time
can be interpreted using the SVD of the weight matrix and how, at later time, they seem to change completely. Then leaving aside
the classical approach based on the Monte-Carlo computation of the gradient — contrastive divergence, ! persistentontrastive
divergence, ! parallel tempering>*%*-79— we will show how to use the MF self-consistent equationsin order to compute the
negative term to perform the learning. Finally, we will focus on the ensemble average equations for the learning, where ' we show
how the MF theory developed in Section 4.2. can be integrated numerically and lead to the learning curve of the weight matrix

w.

5.1. Learning dynamics for exactly solvable RBMs

Gaussian-Gaussian RBM — We have already seen, in Section 3.1. that the gradient of the Gaussian-Gaussian RBM can
be computed exactly and how to characterize the growth of the eigenmodes of the aveight matrix when freezing the rotation of
the matrices u® and v*. We put additional results here, operated on an artificial dataset!3’! containing 4 well-separated Gaussian
clusters. Recall that the modes of the SVD of the dataset that are higher than. the intrinsi¢,variance of the visible modes o7
will be expressed, and the vectors of rotation u® will aligned themselves with the principal directions of the dataset owing to
Eqgs. (14,16,17). We can observe on Figure 5 the learning curve obtained/for the first eigenmodes of the system coming out of
the bulk. We can also see that the first eigenvectors u%, associated to théexpressed eigenvalues of w, are aligning with the first
principal directions of the SVD of the dataset. In parallel, we see that'the likelihood — that can be computed exactly here— of
the system increases stepwise after each new mode is learned. &
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Fig. 5. On this artificial dataset, we observe that eigenvalues that follows (sq)> > 62 are learned and reach the threshold indicated by
Eq. (15). In the inset, the alignment of the first four principal directions of the matrix u® of the SVD of w and of the dataset. In red, we
observe that the likelihood function is increasing each time that a new mode emerges.

Gaussian-Spherical RBM — In the case of the Gaussian-Spherical case, it is again possible to obtain an exact analytical
expression for the response function of the RBM (safﬁ>[40] for both the positive and negative terms, where the average is
performed respectively over the dataset and the model distribution. The qualitative pictures is very similar to the previous one.
As for the linear model, linear correlations between different modes vanish and therefore the matrix w has to rotate until it is
properly aligned with the principal directions of the dataset. At the same time singular values get either amplified or damped. In
contrary to the linear case they do not evolve independently. Instead, as seen on the left panel of Figure 6 lower modes willing
to condense exert some pressure on higher modes and accumulate at the top of the spectrum, hence pushing the whole spectrum
upwards On the right panel of Figure 6, to illustrate the result of mode condensation, we show a scatter plot containing data from
the training dataset and data generated on the trained model when two modes condense.
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Fig. 6. Left: the learning curves for the modes wq, using an RBM with (N,,,N,) = (100, 100) learned on a synthetic dataset distributed in
the neighborhood of a 20d ellipsoid embedded into a 100d space. Here the modes interact together: the weaker modes push the stronger
ones higher, and they all accumulate at the top of the spectrum, as explained in Section 3.2. Right: a scatter plet projected on the first two
SVD modes of the training (blue) and sampled data from the learned RBM (red) for a problem in dimension N, = 50 with two condensed
modes. We can see that the learned matrix u captures relevant directions and that the RBM generates data perfectly similar to the one of
the training set.

5.2. Pattern formation in the 1D Ising chain

In a recent work, (8] the formation of features is studied analytically on'a RBM with‘one hidden node. The training dataset
is generated from a 1D Ising chain with a uniform coupling constant and periodic'boundary conditions. The model used for
generating the data has a translational symmetry which is exploited to solve the learning dynamics exactly. There is indeed
available a closed form expression for the correlation function. Thanks torthe tganslation invariance this depends only on the
relative distance between the variables. Numerically, it is found that:

* the weights w function of the visible node index have a peak valuefor one of the visible node and decay with distance to
this node. Since the position of the center breaks the translation symmetry it tends to diffuse over the system during the

learning.

» Using more hidden nodes (but still few), it is observed that'each feature is peaked at different places an repel each other to
encode the correlation patterns of the data. Again, the'position of the peaks diffuse with time even though some repulsive
interaction seems to forbid them to cross:See Figure 7 taken from!%®! illustrating this phenomena.
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Fig. 7. Left: figure from Ref. [68], the value of w; for each visible site of a RBM with 3 hidden nodes trained on the dataset of the 1D homogeneous
Ising model with periodic boundary eondition. We see three similarly peak shaped potentials with a decreasing magnitude of similar order for the three.
Each peak intends to reproduce the correlation pattern around a central node, and therefore cannot reproduce the translational symmetry of the problem.
Right: figure from Ref. [68],/the position of the three peaks as a function of the number of training epochs. We observe that the peaks diffuse while
repelling each others. The diffusion’aims at reproducing the correlation patterns of the translational symmetry, while the repelling interaction ensure
that two peaks willmot'overlap..

Now in Ref. [68], the author compute the gradient of a system with one hidden node

dlog L
8w,»

= ( s;tanh ﬁZSjo — tanh(w;)
J data

This expression can be developed up to the fourth order in w (and f3), giving in the case of the 1D Ising chain

dlogL
8w,~

~ Bwis1 +wio1) —wi Y wi +wi + O, Bw)
%
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It is easy to identify in the first two terms the 1D discrete spatial diffusion. This equation can be cast into a spatial diffusion
equation with additional term in the continuous time limit (see Ref. [68] for more details). From this small coupling expansion
it is also possible to study the stationary solution in the one hidden node case and show that it is consistent with experimental
results: it describes a peaked function decreasing rapidly as the distance from the center increases. An approXimated weak
coupling equations can also be derived in the case of two hidden units. In that case, an effective coupling between the two
features vectors wy and wy is present and responsible for a repulsive interaction between the two peaks.

This illustrates nicely how the features learned by the RBM tend to describe local correlations between, variables. Imaddition,
these features diffuse over the whole system during the learning to restore the translational symmetry without erossing thanks to
a repulsive interactions between them. In the next section, we will focus on the learning behavior on the, MNIST dataset and see
that in that case, the learned features similarly describe local correlations.

5.3. Pattern formation in MNIST: from SVD to ICA?

The pattern formation mechanism can be studied numerically on the MNIST dataset. MNIST!®! isione of the most used real
dataset in Machine Learning, it contains 60000 images of black and white handwritten digits of 28 x 28 pixels, ranging from 0
to 9. The digits are about all the same size and are at the center of the image. They are illustratedson Figure 8.
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Fig. 8. A subset of the MNIST dataset.

To investigate how the pattetns emerge.ffom the learning process, we inspect the features during the learning on the
Bernoulli-Bernoulli RBM. The first phase of the learning can be understood thanks to a standard linear stability analysis. %3]
For this let us recall the learning behavior of the Gaussian-Gaussian RBM analyzed in Section 3.1. In this simple case, the
learning was triggered by the SVD of the dataset, and the growth of the modes w was controlled by how strong was the mode
projected in the principaldirection of the matrix u. Consider now the Bernoulli-Bernoulli RBM with {£1} visible and hidden

variables (to simplify), and expand the log-likelihood gradient in the limit of small w (putting the local biases to zero):

oL 1
- = Mzsgd) tanh (ZS?”W/‘Q) —(8iTa) 1
ia d J

1
I M Zsl(d) ZS§d>Wja — Wiq
d J

=Y CijWja—Wia
J

If we project these equations on the SVD modes of w as in Section 3.1, we obtain the learning dynamics

o = Vel =11,
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identical at first order in wq to (14) in the Gaussian-Gaussian case, when ¢, = 6, = 1. Hence, at the beginning of the learning,
this RBM follows the same trajectory as the Gaussian-Gaussian one, where the mode w, are amplified by the principal modes of
the dataset. Similarly, it can be shown that the matrix u will start to align with the principal direction of the datasét. To see how
the features evolve in the non-linear regime, we train an RBM with a very low learning rate and 500 hidden nodes .on, MNIST.
On Figure 9 we observe as expected from the linear stability analysis, that at the beginning of the learning the first:modes of
the weight matrix are almost identical to the one of the SVD of the dataset. We see in particular'that the featuresthemselves

correspond to modes of the dataset, meaning that the RBM starts by learning global features.
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200

250

0 50 100 150 200 250

Fig. 9. Left: the first 10 modes of the MNIST dataset (top) and the RBM (bottom) at the beginning of the learning. The similarity between
most of them is clearly visible. Right: 100 random features of the RBM at the same moment of the learning. We can see that most features
correspond to a mode of the dataset when comparing with the left-top panel.

Additionally, at this stage of the learning the MC samples obtained from the RBM are typically prototypes: each sample is
almost identical (or'have a large overlap) with a learned feature. In fact, during the training, if we monitor samples at each epoch
(keeping a low learning rate), we can see that the samples have a high overlap with one mode at the beginning, then later on with
combinations ofimodes. To be more precise, we can distinguish different stages of the learning by inspecting the features, the
produced samples and the distance between the discretize features (taking the sign of each feature and computing the overlap).

We illustrate these different stages on Figure 10.
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Fig. 10. The column represents respectively (i) the first hundred learned features, (ii) the histogram of distances between the binarized
features: W = sign(W) and (iii) 100 samples generated from the learned RBM. The first row corresponds to the beginning of the learning
when only one feature is learned. Looking at the histogram, we see that most of the features have a high overlap. Also, the MC samples
are all similar to the learned features. On the second row, the RBM has learned many features, and therefore the histogram is wider but
still centered at zero. The MC sampling however is only capable of reproducing one of the learned features. On the last row the learning
is much more advanced. The features tend to be'ery:localized and the samples correspond now to digits.

Finally at the end of the learning we recover localized features as in the study-case of the previous section. It has been
noticed many times that these localized features are very similar to the ones given by an ICA. To which extent this aspect of
learning is affected by the dataset. that is considered is an open and interesting question. If we push further the learning, we
observe that the RBM keeps'learning more and more modes. It is not clear if the system enters in another phase (spin-glass or
something else) or if it just overfits the dataset. To end up with these numerical experiments, let us look at the spectrum of w, at
the beginning, at an intermediate stage and at the end of the learning. On Figure 11, we see that starting from a Marchenko-Pastur

law, coming from the spectrum of a Gaussian random matrix, quite quickly, many eigenvalues get out of the bulk as they are
learned by the machine.

To summarize we haye identified the following stages:

 Stage<l:vat initialization, the features are completely random and therefore the histogram of distances is Gaussian and

centered at zero. The spectrum of w follows the Marchenko-Pastur distribution. The RBM starts from the paramagnetic
phase:

o Stage 2: the RBM enters the ferromagnetic phase, the first strongest mode of the SVD is learned by all features, giving a

high positive or negative overlap in the inter-features distances while the generated samples have a high overlap with the
learned features.
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» Stage 3: where many modes have emerged, but the learned features remain global and close to the modes of the dataset.
The histogram of distances becomes much broader but the generated sample correspond basically to the learned features
with few variety. The RBM is in a pure Mattis phase analogous to the recall phase of the Hopfield model.

 Stage 4: finally, after a much longer period, we observed that the learned features are much alike an ICA decomposition
while the distances between features is still centered in zero but with a much smaller variance. Finally.the genetated
samples look very similar to the provided dataset. The RBM is in a compositional phase, both regarding the features and
the modes (the dual one).

 Stage 5: empirically, we observe that the learning of the modes of w never stops. Hence, a macroseopic number of modes
is expressed and it is not clear anymore what would be the behavior of the machine in this regime, whether this corresponds
to a standard spin-glass phase[®! or another unknown disordered phase.

In future works, it could be interesting to understand the mechanism leading to the localization ofsthe features, in particular
whether this is related to some specific tail distribution of the weight matrix spectrum. An-aspect of RBMs completely absent
from the previous description of the learning process is the behaviour of the biases'associated to hidden nodes. These are
very important since they determine the threshold above which the features are activated and their learning dynamics is quite
intertwined with the modes dynamics. This aspect of the learning could be worth studying especially to improve present learning

algorithms.
30 — 80 100
A~ — — MP
25 77 1 _\>\ 70
N 60 80 [ Bulk EVs
I Structured EVs
20 N 50 60
15 40 &
30 40 Linear Threshold
10 Linear Threshold
20 20
3 10
0 0 2 -1 0 0
0.02 0.04 006 0.08 010 012 01 10 10 10 10 0 5 10 15 2C

Fig. 11. (a) Singular values distribution of the initial random matrix compared to the Marchenko-Pastur law. (b) As the training proceeds we
observe singular values passing above the threshold set by the Marchenko-Pastur law. (c¢) Distribution of the singular values after a long training:
the Marchenko-Pastur distribution has disappearedrand been replaced by a fat tailed distribution of eigenvalues mainly spread above threshold and
a peak of below-threshold singular values near zero. The distribution of eigenvalues do not get close to any standard random matrix ensemble
spectrum.

5.4. Learning RBM using TAP equations

The difficulty of learning an RBM come}as already said from the negative term which requires to compute the thermal
average of correlations between a visible and hidden nodes. In particular, when the machine starts to learn many modes, it
becomes more and more difficult to estimate thiserm correctly using Monte-Carlo methods due to the eventually large relaxation
time. In addition, to get a precise measurement, it is necessary to get many statistically independent samples in order to reduce
the statistical error.

In this section we willederive the mean-field self-consistent equations that can be used to approximate the negative term by
using a high-temperature-expansion of the Boltzmann measure. We illustrate the method showing the result of Gabrié et. all’"!
where a RBM has been trained by using the TAP equations.

High-Temperature (Plefka) expansion — We review here a famous approach using a high-temperature expansion of the
system in order to compute the mean-field magnetization. This method is both very simple to implement and also provides a way

TL72] showed how it is

to approximate the free energy of the system in the weak couplings regime. Recent successful approaches!
possible to trair a RBM using these mean-field equations. For this subsection, we will use {4-1} binary variables for simplicity.

For the Ising model, it is well-known that the (na?ve) mean-field (nMF) approximation can be written as a set of self-
consistent equations on the magnetizations, and the associated approximation of the free energy can be computed as a function

of these magnetizations:

m; = tanh ZJ,-jmj—i—h,- , Vi
J
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o[ (7))

- ZJ,-jmimj — Zm,-h,-

i<j i

These equation can be translated directly to the case of the RBM, with the only need to specify clearly which variables are the
visible and hidden ones. One gets the following:

i — tanh (z Wiaa + 9,»)
=g (5) () () (5
L) () - (557 (G

=Y wiamima =Y min; =Y m,6,
ia i a

Here, we remind the reader that we use the indices i, j, k for the visible nodes,'and a, b, c for the hidden ones. We recognize
on the first two lines of the free energy the entropy terms S(m;) and S(im,) of the model for respectively the visible and the
hidden nodes. Note first that the nMF approximation corresponds to afirst order development in 8 (or in small w), but it can
be generalized to higher orders, recovering the so-called TAP!”3! equationsiat the second order. Second, we can generalize
this scheme to any order using the Pfleka expansion.!”#73] Let us demonstratesfirst how to obtain the first and second order
approximation in the case of £1 variables. To simplify the computation, we center all the terms around their mean value and
make the computation for a case without local bias

H=— Zsiwiafa
= Z(Si — Mi)Wia(Ta — Ma) — Z(Si —m;) Zwiama
i a
=Y (@a=ma) Y wiami =) miwiamy,
i ia

a

Using this expression, we can follow!”! and compute the magnetization in the infinite temperature limit of the following free
energy ~N

—BA =log l Z exp(—BH +Z/'Li(B)(S,‘ —m;)+ Zla(ﬁ)(ra - ma)]
{s.7} i a

The relation between the magnetization and the Lagrange multipliers A are obtained by imposing m; = (si)g—o = 4;(0) and

similar constraints for the hidden nodes. Then, we expand the free energy in a high temperature series

_pg9PA ﬁzazﬁf"

With our Hamiltonian, we'can compute the first and second order easily

«BABA‘ 4.

dBA B B .
~95 . =(H)= ;m,wmma

82ﬁA _ 1 2 2 2
- aﬁz 5=0_§§Wia(l_mi)(l_ma)

where we used the following identities for the second order computation

=—- Zwiama

B=0 a

9’BA
dBom;
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As show in Ref. [71], the expansion can be easily extended to the third order without a big computational cost dueito the particular
topology of the RBM. Deriving the free energy obtained at this order w.r.t. the magnetization, we obtain the self-consistent set

of equations defining the TAP equations for the RBM

m; = tanh (Zwiama — Zwl-zumi(l —mi)) 41)
a a

m, = tanh (Z Wialg — Zwizamu(l - m?)) 42)

Hence, a solution of the TAP equations should satisfied Egs. (41) and (42) and give us at'the same time the approximated free

energy associated to this solution: o

w2
Fim] =Y S(m;)+Y. S(ma) — Zwiamima +): % (1= m 2= m,)>? (43)

l

We can now use these mean-field equations to learn the RBM. First, we need to takesinto account the fact that many solutions to

Egs. (41) and (42) exist, each one with a given value of the free energy. Hence, the partition function can be approximated by

L 4
7 — Z g_F(m§7) ,méﬁ)
Y

where the sum runs over all the possible solution to the mean-field equations (41)—(42), weighted by the free energy given in

Eq. (43). Using this approximation in the computation of the likelihood we obtain the following gradient

aL

awm

= <SiTa>data - <mima +Wi2a(l - mzz)(l - m§)>MF

where

Zy Oye’Fy

(0]
< >MF ZV e fr

(44)

correspond to the model average over allithe solutions of the mean-field equations. We can see here a notable difference with
the approach developed in Ref. [71]. In their work, Gabrié et al. runs the sums over all obtained fixed point from the mean-field
equations divided by the number of fixed points only. The risk is that if the mean-field equations converge toward a fixed point
that is suboptimal (have a high free.energy) or even spurious (being a a maximum of the free energy) the estimation of the
negative term will be polluted by such fixed points. More details on the Plefka expansion on bipartite Ising model can be found
here.[7%1 As a final remark, letus insist on the fact that, even if the convergence of the TAP equations is not guaranteed, problems
of convergence \are practically not met in the ferromagnetic phase. On the contrary, such problems occur quite often in the spin
glass phase.which we.wish to avoid in the context of learning the RBM.

Experiment with TAP learning

We showshere some results obtained on MNIST using the same parameters as above but with the mean-field approximation
taken from.!”!! Here, the comparison is done using the persistent chain algorithm, where a set of MC chains is maintained all
along the learning whenever using CD, nMF or the TAP approximation (in the case of nMF or TAP, the chain is updated using

the corresponding self-consistent equations), see Figure 12.
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Fig. 12. Top: —figure taken from!’'!— Samples taken from the permanent chain at the end of the training of thé RBM. The first two
lines correspond to samples generated using PCD. The second two lines to samples obtained using the:P-nMF approximation and the last
two, using P-TAP. Bottom: A 100 features obtained after the training, we can see that they are qualitatively very similar to the ones obtain
when training the RBM with P-TAP.

First we see that the samples generated by all the three methods are qualitatively similar.«Second, the features learned are
also qualitatively similar to the PCD case. Therefore, on the MNIST dataset the two machines are hardly distinguished by just
looking at the generated samples and learned features indicating that the MF/TAP,approximation is working very well. It is
also important to point out here that, the advantage of the mean-field approximation in that case does not rely on any speed up
with regard to the learning procedure. But, more importantly, it providés:complementary tools such as the fixed points as local
maxima of the free energy and their associated free energy. For instance, in Ref. [77] a RBM is used as a prior distribution in the
context of compressed sensing where the mean-field equations are tsed to infer.equilibrium values of the variables. In Ref. [78],
the RBM is used to reconstruct images from partial observations, again/using the mean-field formulation to infer the states of the

missing information.

5.5. Mean-Field learning: ensemble average

The mean-field equations derived in Section 4.2.for the RBM, where the weight matrix is constructed as a low rank decom-
position, can be integrated numerically in order to learn the,parameters of the RBM. By contrast to the TAP equations described
in Section 5.4. which are solved on single instances, they correspond to the ensemble average (over the parameters u, v and the
noise), i.e. are meant to represent an average case of learning.

In the approach developed in Ref. [36], using the statistical ensemble defined in Section 4.2.it is possible to have a mean-field
estimate of the response functions involved.in the gradient of the log-likelihood. For the response term on the data we get

<saT[3>data = <Soc(513Wﬁ - 9/3)(1 —d4p [8])) data

where the parameter gg|[s] is a variant attachéd'to mode 3 of the spin-glass parameter taken as a function of /m in equation (39),
when the visible nodes are pinned.to the:dataset (see Ref. [36] for details). The negative term is more complicated to compute. It
depends on the fixed points obtained through equations (39) and (40) for a given set of model parameters. Once the fixed point
are obtained, the response terms of the RBM can be written

1 v oy
<sarﬁ>H - Znr eiLf(my’my’qy’qy)chm% = <mg¢n‘1g>MF
¥
Zyp =Y e L)
7

where ¥ runsiover the set.of fixed points; f is the mean-field free energy that can be derived from Eq. (36). These response terms

allows one also to compute the skew-symmetric rotation generators of the visible and hidden singular vectors of w through

u w w
o = o (i~ s+ (o= )
v w w
af — W,zxi—awé (<Safﬁ>data - <SaTﬁ>H) + W(Zx—ﬁwl% (<Sﬁfa>data - <5/370£>7-L)-
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With this at hand it is therefore possible to integrate numerically the learning process of the RBM random ensemble defined
by (33) hence given the typical learning trajectory. If doable in principle with any arbitrary data, this was actually tested in

Ref. [36] on a simple synthetic dataset made of separated clusters. The result is shown on Figure 13.

14 Silngular Vlalues Lc())g1 5Likelihoog Numlber of +ﬁ?<ed p%idlt
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Fig. 13. Top panel: Results for a RBM of size (N,,N;) = (1000, 500) learned on a/synthetic dataset of 10* samples having 20 clusters
randomly located on a sub-manifold of dimension d = 15. The learning curve for.the eigemodes wq, (left) and the associated likelihood
function (right-red) together with the number of obtained fixed point at.each epoch. We can see that, before the first eigenvalue is learned
there is one single fixed point, then as modes are learned, the number of fixed points increases. Bottom panel: Results for a RBM of
size (N,,N;,) = (100,50) learned on a synthetic dataset of 10* samples having)l 1 clusters randomly defined a sub-manifold of dimension
d =5. On the left, the scatter plot of the training data together with the position of the fixed points projected on the first two directions of
the SVD of w. On the right, the projection along the third and fourth axis. The results are shown after learning 5 modes and where 16
fixed points are found (in fact more than the number of hidden clusters.

We see again the different eigenvalues emetging one by one, and that each newly learned eigenvalue is triggering a jump of
the likelihood together with a jump in the number of fixed points. At the end of the learning, the obtained mean-field fixed points
are located at the center of each cluster of the dataset, as ¢an be seen on the scatter plots. In Ref. [36], it is also shown that the
behavior is qualitatively similar to what i§ routinely obtained when performing a standard learning based on PCD.

5.6. Other mean-field approach

Other approaches using for instance, message-passing technique such as BP have been developed in order to infer the
magnetization of RBM instancessThese approaches usually are correct in the limit of weak couplings, and can be used on single
instance by iteratively updating a set of messages, here O(N,,N, ) until convergence (see for instance!**71). In these works, it is
shown how BP can be used torinfer the magnetization or the free energy in few well-chosen cases. However, as far as practical
learning tasks are concerned, it is not clear that this can be used in general when dealing with the ferromagnetic phase, as can be
expected when considering structured data. In fact, it has been showed in many works that BP can have very bad convergence
properties in a ferromagnetic phase when the underlying factor-graph is not a tree!3! (particularly if the couplings are strong).
This would be most probably the case with RBMs. It is also worth mentioning that in the case of the inverse Ising model, BP
approaches never manage to succeed because of the convergence problems!®! and the TAP solution was preferred when inferring
the couplings.®!3”F However, some attempts[>®33] using BP and the replica theory on a RBM with one hidden unit were done.
In that setting, it is possible to compute the marginal over the weight matrix using BP and therefore to compute its maximum
likelihood given.some observed datapoints. The results tend to show that, as the number of data increases, the learned features
become more localized as is observed in many experiments. Managing to extend this result to the case of many hidden nodes

[84]

would open the possibility to study the pattern formation using message-passing techniques. An even more recent study,'**! using

a variational approach to approximate the posterior distribution of the patterns given the RBM and a dataset shows on artificial
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data that the patterns are recovered during the learning. Once again, the missing convincing piece in that case is the applicability

to real dataset and the ability to samples complex distribution.

6. Conclusion

With this review, we strive at showing that not only is RBM part of a hectic field of study, but it is.alse an intriguing

puzzle with pieces which are missing in order to be able to understand the way these models can/could assimilate complex

information/more complex information. While the black box nature of the learning process starts to fade away. very slowly, there

are still many key aspects that we do not understand or master for such simple models. We try to list interesting leads for the

future.

Learning quality: Despite the fact that we are maximizing a likelihood function (which can not be computed) it is very
hard to obtain a good indicator for comparing two learned RBM. Even if many methods exist to compute the likelihood
approximately!®3-86] the obtained scores are in general not commented in regard to robust statistical analysis. If for very
hard cases of image generation, it is easy to compare the results by eye inspectionythere arenorgeneral method that manage
to assess the quality of the samples in terms of how well the learned distribution reproduces the dataset distribution. Some
recent work 7 introduced the notion of “ressemblance” and “privacy” that testithe geométric repartition of the true data
against the generated samples. This could be a first step defining scores according to different criteria (actually, this

problem is not specific to the RBM but concerns actually most of the unsupervised learning models (GANs, VAEs, ...).

The number of hidden nodes: It is striking that we are still unable to have a principled manner of deciding how many
hidden nodes are necessary to learn datasets which are not too complex. For instance, on MNIST, it is possible to learn a
machine with only 50 hidden nodes and it somehow manages to produce decent samples. The understanding on how much
hidden nodes are necessary to reach a given sample quality is completely missing. In addition, the number of hidden nodes

influences a lot the learning behavior of the machine; again in a way that is not fully understood.

The landscape of free energy: When using statistical mechanics to understand RBMs, the natural question that comes in
mind is about the landscape of free energy of the learned machine. It is easy to observe the mean-field fixed point obtained
in the ferromagnetic phase and that they do correspond toprototypes of the dataset. Still, we do not know how these many
fixed points are organized: are there low free energy paths relating them one from each others? do these paths define a
network structure or instead separated clusters of low free energy?

The landscape of learned RBMs: This is a generic question in Machine Learning : what is the landscape of “good”
learned machines in parameter space (here the weight matrix). For supervised tasks, some consensus seems to describe a
space which is globally flat where all th&ood model are next to one another. However this is true for deep models, in the
case of RBM, apart from the permutation symmetry of the hidden nodes, we have no clue about what this landscape looks
like.

Link between the dataset-and the learned features: We have seen that in the Gaussian-Gaussian case there is a direct
link between the eigen-decomposition of the dataset and the learned features. However, for the non-linear model, we do

not understand how the modes of the weight matrix are linked to the dataset, nor to the associated rotation matrices.
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