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We propose a unified framework for studying both latent and stochastic block models, which are used to
cluster simultaneously rows and columns of a data matrix. In this new framework, we study the behaviour
of the groups posterior distribution, given the data. We characterize whether it is possible to asymptotically
recover the actual groups on the rows and columns of the matrix, relying on a consistent estimate of the
parameter. In other words, we establish sufficient conditions for the groups posterior distribution to converge
(as the size of the data increases) to a Dirac mass located at the actual (random) groups configuration.
In particular, we highlight some cases where the model assumes symmetries in the matrix of connection
probabilities that prevents recovering the original groups. We also discuss the validity of these results when
the proportion of non-null entries in the data matrix converges to zero.
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1. Introduction

Cluster analysis is an important tool in a variety of scientific areas including pattern recognition,
microarrays analysis, document classification and more generally data mining. In these contexts,
one is interested in data recorded in a table or matrix, where for instance rows index objects
and columns index features or variables. While the majority of clustering procedures aim at
clustering either the objects or the variables, we focus here on procedures which consider the
two sets simultaneously and organize the data into homogeneous blocks. More precisely, we
are interested in probabilistic models called latent block models (LBMs), where both rows and
columns are partitioned into latent groups [14].

Stochastic block models (SBMs, [18]) may be viewed as a particular case of LBMs where data
consists in a random graph which is encoded in its adjacency matrix. An adjacency matrix is a
square matrix where rows and columns are indexed by the same set of objects and an entry in
the matrix describes the relation between two objects. For instance, binary random graphs are
described by a binary matrix where entry (i, j) equals 1 if and only if there is an edge between
nodes (i, j) in the graph. Similarly, weighted random graphs are encoded in square matrices
where the entries describe the edges weights (the weight being 0 in case of no edge between the
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two nodes). In this context the partitions on rows and columns of the square matrix are further
constrained to be identical.

To our knowledge and despite their similarities, LBMs and SBMs have never been explored
from the same point of view. We aim at presenting a unified framework for studying both LBMs
and SBMs. We are more precisely interested in the behaviour of the groups posterior distribu-
tion, given the data. Our goal is to characterize whether it is possible to asymptotically recover
the actual groups on the rows and columns of the matrix, relying on a consistent estimate of the
parameter. In other words, we establish sufficient conditions for the groups posterior distribution
to converge (as the size of the data increases) to a Dirac mass located at the actual (random)
groups configuration. In particular, we highlight some cases where the model assumes symme-
tries in the matrix of connection probabilities that prevents recovering the original groups (see
Theorem 1 and following corollaries). Note that the asymptotic framework is particularly suited
in this context as the datasets are often huge.

One of the first occurrences of LBMs appears in the pioneering work [17] under the name three
partitions. LBMs were later developed as an intuitive extension of the finite mixture model, to
allow for simultaneous clustering of objects and features. Many different names are used in the
literature for such procedures, among which we mention block clustering, block modelling, bi-
clustering, co-clustering and two-mode clustering. All of these procedures differ through the type
of clusters they consider. LBMs induce a specific clustering on the data matrix, namely we par-
tition the rows and columns of the data matrix and the data clusters are restricted to cartesian
products of a row cluster and a column cluster. Frequentist parameter estimation procedures for
LBMs have been proposed in [14,15] for binary data and in [16] for Poisson random variables.
A Bayesian version of the model has been introduced in [10] for random variables belonging to
the set [0, 1], combined with a Markov chain Monte Carlo (MCMC) procedure to estimate the
model parameters. Moreover, model selection in a Bayesian setting is performed at the same time
as parameter estimation in [28], that considers two different types of models: a Bernoulli LBM
for binary data and a Gaussian one for continuous observations. All of these parameter estimation
procedures also provide a clustering of the data, based on the groups posterior distribution com-
puted at the estimated parameter value. In the following, a posteriori estimation of the groups
refers to maximum a posteriori (MAP) procedure on the groups posterior distribution computed
at some estimated parameter value. To our knowledge, there is no result in the literature about the
quality of such clustering procedures nor about convergence of the groups posterior distribution
in LBMs.

SBMs were (re)-discovered many different times in the literature, and introduced at first in
social sciences to study relational data (see, for instance, [9,12,18,27]). In this context, the data
consists in a random graph over a set of nodes, or equivalently in a square matrix (the adjacency
matrix) whose entries characterize the relation between two nodes. The nodes are partitioned into
latent groups so that the clustering of the rows and columns of the matrix is now constrained to
be identical. Various parameter estimation procedures have been proposed in this context, from
Bayesian strategies [23,27], to variational approximations of expectation maximization (EM)
algorithm [9,21,24] or variational Bayes approaches [20], online procedures [29,30] and direct
methods [4,7]. Note that most of these works are concerned with binary data and only some of
the most recent of them deal with weighted random graphs [4,21].

In each of these procedures, a clustering of the graph nodes is performed according to the
groups posterior distribution (computed at the estimated parameter value). The behaviour of this
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posterior distribution for binary SBMs is studied in [6]. These authors establish two different
results. The first one (Theorem 3.1 in [6]) states that at the true parameter value, the groups
posterior distribution converges to a Dirac mass at the actual value of groups configuration (con-
trolling also the corresponding rate of convergence). This result is valid only at the true parameter
value, while the above mentioned procedures rely on the groups posterior distribution at an es-
timated value of the parameter instead of the true one. Note also that this result establishes a
convergence under the conditional distribution of the data, given the actual configuration on the
groups. However, as this convergence is uniform with respect to the actual configuration, the
result also holds under the unconditional distribution of the observations. The second result they
obtain on the convergence of the groups posterior distribution (Proposition 3.8 in [6]) is valid at
an estimated parameter value, provided this estimator converges at rate at least n~! to the true
value, where n is the number of nodes in the graph (number of rows and columns in the square
data matrix). Note that this latter assumption is not harmless as it is not established that such
an estimator exists, except in a particular setting [4]; see also [13] for empirical results. There
are thus many differences between our result (Theorem 1 and following corollaries) and theirs:
we provide a result for any parameter value in the neighborhood of the true value, we work
with non-necessarily binary data and our work encompasses both SBMs and LBMs. We however
mention that the main goal of these authors is different from ours and consists in establishing the
consistency of maximum likelihood and variational estimators in SBMs.

We stress here that our result relies on the existence of consistent parameter estimates (with-
out any constraint on the convergence rate). Such consistency results have been established for
instance, in [4] in the specific context of affiliation (namely only two connections types are con-
sidered: intra-group and inter-group connections) for binary or weighted SBMs; in [6] for binary
(possibly directed) SBMs and concerning the connectivity parameters (a result on the groups
proportions requires an additional assumption whose validity is not yet established) and also by
[5] for binary SBMs where the parameter estimates are derived from groups estimators that rely
on specific consistent modularities. As already stressed in the above paragraph, the behaviour of
the groups posterior distribution is not fully resolved in those contexts. Moreover, to our knowl-
edge, consistency results have not been (theoretically) established in LBMs but we believe that
our common framework enables to obtain results in LBMs similar as those obtained in SBMs.

Let us now discuss the articles [5,8] and [25] on the performance of clustering procedures for
random graphs, as well as the very recent works [11,26] on the performance of co-clustering
procedures. Those articles, which are of a different nature from ours, establish that under some
conditions, the fraction of misclassified nodes (resulting from different algorithmic procedures)
converges to zero as the number of nodes increases. These results, with the exception of [11],
apply to binary graphs only, while we shall deal both with binary and weighted graphs; as well as
real-valued array data. Moreover, they establish results on procedures that estimate parameters
while clustering the data, while we are rather interested in MAP based procedures relying on
any consistent parameter estimate. In [5], Bickel and Chen show that groups estimates based
on the use of different modularities are consistent in the sense that with probability tending to
one, these recover the original groups. Rohe and Yu [26] are concerned with a framework in
which nodes of a graph belong to two groups: a receiver group and a sender group. This is a
refinement of standard SBM, which assumes equal sender and receiver groups, and is motivated
by the study of directed graphs. The results of [26] are very similar to those of [25] that apply
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on symmetric binary graphs: they propose a classification algorithm based on spectral clustering
that achieves vanishing classification error rate. Flynn and Perry [11] share our framework with a
few exceptions: they replace the profile likelihood (used for instance, in [5]) with a rate function
allowing for model misspecification. Besides, they model sparsity with a scaling parameter acting
directly on the mean interaction value instead of inflating the number of zero-valued interactions
with a Bernoulli variable as we do (see Section 4.3). They essentially extend the results of [8] to
weighted graphs. The focus on the mean interaction value allows for model misspecification but
prevents the detection of groups that differ mostly in interaction variance. Indeed, the simulation
study from [11] considers only groups varying in their mean interaction value, while we can
detect groups varying through their variance for instance. We also mention that [8,25] and [26]
are concerned with an asymptotic setting where the number of groups is allowed to grow with
network size and the average network degree grows at least nearly linearly [25,26] or poly-
logarithmically [8] in this size. In Section 5 of the present work, we explore the validity of
our results in a similar framework, by assuming that the numbers of groups remain fixed while
the connections probabilities between groups converge to zero. Finally and most importantly,
note that all these works but [5] propose convergence results in a setup of independent random
observations (and Bernoulli distributed, except for [11] that consider more general distributions),
viewing the latent groups as parameters instead of random variables. On the contrary in our
context, the observed random variables are non-independent. This makes a tremendous difference
in the validity of the statements.

We also want to outline that many different generalization allowing for overlapping groups
exist, both for LBMs and SBMs. We refer the interested reader to the works [10] for LBMs and
[1,19] in the case of SBMs, as well as the references therein. However in this work, we restrict
our attention to non-overlapping groups.

This work is organized as follows. Section 2 describes LBMs and SBMs and introduces some
important concepts such as equivalent group configurations. Section 3 establishes general and
sufficient conditions for the groups posterior probability to converge (with large probability) to
a (mixture of) Dirac mass, located at (the set of configurations equivalent to) the actual ran-
dom configuration. In particular, we discuss the cases where it is likely that groups estimation
relying on maximum posterior probabilities might not converge. Section 4 illustrates our main
result, providing a large number of examples where the above mentioned conditions are satisfied.
Finally, in Section 5 we explore the validity of our results when the connections probabilities be-
tween groups converge to zero. This corresponds to datasets with an asymptotically decreasing
density of non-null entries. Some technical proofs are postponed to the Appendix.

2. Model and notation

2.1. Model and assumptions

We observe a matrix X, ;, := {X;j}1<i<n,1<j<m of random variables in some space set X', whose
distribution is specified through latent groups on the rows and columns of the matrix.

Let O > 1 and L > 1 denote the number of latent groups respectively on the rows and columns
of the matrix. Consider the probability distributions & = (a1, ...,@g) on @ ={1,..., Q} and
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B=(B1,...,B)on L={I1,..., L}, such that

0 L
VgeQVleLl, a.B>0 and Y ;=1 Y =L
g=1 I=1
Let Z, .= 7y, ..., Z, be independent and identically distributed (i.i.d.) random variables, with
distribution & on Q and W,, := Wy, ..., W, i.i.d. random variables with distribution 8 on L.

Two different cases will be considered in this work:

Latent block model (LBM). In this case, the random variables {Z;}1<i<;, and {W;}i<j<m
are independent. We let Z = {1,...,n} x {I,...,m} and u = a®" ® B the distribution of
(Zy, W) :=(Zy,...,Zy, Wy, ..., Wy) and set U;; = (Z;, W) for (i, j) in Z. The random vec-
tor (Z,, Wy,) takes values in the set U := Q" x L™ whereas the {U;; := (Z;, W})}, j)ez are
non-independent random variables taking values in the set (Q x £)"".

Stochastic block model (SBM). In this case, wehaven =m, Q=L,Z; =W; foralll1 <i <n
anda = B. Welet Z ={1,...,n}%, p = a®" the distribution of Z, and set Uij =(Z;,Z;) for
(i, j) € Z. The random variables {U;; := (Z;, Z;)}, j)ez are not independent and take values in
the set

U= {{(qi,q]-)}(i,j)ezg Vie{l,...,n},qi € Q}.

This case corresponds to the observation of a random graph whose adjacency matrix is given by
{Xij}1<i, j<n- As particular cases, we may also consider graphs with no self-loops in which case
r=A{1,..., n}2 \ {(i,i); 1 <i <n}. We may also consider undirected random graphs, possibly
with no self-loops, by imposing symmetric adjacency matrices X;; = X ;. In this latter case,
IT={l<i<j<n}

In the following, we refer to each of these two cases by indicating the symbols (LBM)
and (SBM). Whenever possible, we give general formulas valid for the two cases, and which
could be simplified appropriately in SBM. We introduce a matrix of connectivity parameters
T = (741)(4,))eOx £ belonging to some set of matrices [1g, whose coordinates 7, belong to
some set IT (note that ITg . may be different from the product set I QL) Now, conditional on the
latent variables {U;; = (Z;, W)}, j)ez, the observed random variables {X;;}; j)ez are assumed
to be independent, with a parametric distribution on each entry depending on the correspond-
ing rows and columns groups. More precisely, conditional on Z; = g and W; =/, the random
variable X;; follows a distribution parameterized by ;. We let f(-; my4;) denote its density with
respect to some underlying measure (either the counting or Lebesgue measure).

The model may be summarized as follows:

(Z,, W,,) latent random variables in ¢/ with distribution given by u,

Xou.m = {Xij}, j)ez observations in X, )
Pl Zn. Win) = ® s yer PXij1 Zi. W)),

V(@i,j)eZandV(q,l) € Q x L, wehave X;;[(Z;, W;) = (q,]) ~ f(-; ).
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We consider the following parameter set
©={0=u m);melgcand¥(g,1) € Qx L, ag > dmin >0, > fmin > 0},

and define ormax = max{ay; g € Q; 6 € ©} and similarly B = max{f;; € £; 6 € O}. We let
Kmin := %min A Bmin and Umax ‘= Imax V Pmax- Note that in SBM, iy (resp. tmax) reduces to
Omin (resp. ¢max ). We denote by Py and Ey the probability distribution and expectation under pa-
rameter value 6. In the following, we assume that the observations X, ,, are drawn under the true
parameter value 0* € ©. We let P, and E, respectively, denote probability and expectation under
parameter value 8*. We now introduce a necessary condition for the connectivity parameters to
be identifiable from Py.

Assumption 1.

(i) The parameter m € Il is identifiable from the distribution f(-; ), namely f(-;m) =
fGaYy=>m=mn

(ii) Forall g #q' € Q, there exists some | € L such that 7y; # 7y Similarly, for all | #1’ €
L, there exists some q € Q such that wy # TTgr-

Assumption 1 will be in force throughout this work. Note that it is a very natural assumption. In
particular, (i) will be satisfied by any reasonable family of distributions and if (ii) is not satisfied,
there exist for instance, two row groups g # g’ with the same behavior. These groups (and thus
the corresponding parameters) may then not be distinguished relying on the marginal distribution
of Py on the observation space X'N. Note also that Assumption 1 is in general not sufficient to
ensure identifiability of the parameters in LBM or SBM. Identifiability results for SBM have
first been given in a particular case in [2] and then later more thoroughly discussed in [3] for
undirected, binary or weighted random graphs. See also [6] for the case of directed and binary
random graphs.

In the following, for any subset A we denote by either 14 or 1{A} the indicator function of
event A, by |A] its cardinality and by A the complementary subset (in the ambient set).

2.2. Equivalent configurations

First of all, it is important to note that the classical label switching issue that arises in any latent
variable model also takes place in LBMs and SBMs. As such, any permutation on the labels of
the rows and columns groups will induce the same distribution on the data matrix. To be more
specific, we let G (resp. &) be the set of permutations of Q (resp. £). In the following, we
define S to be either the set S x & (LBM) or the set {(s, 5); s € S} (SBM). We consider
some o € Sg, and for any parameter value 6 = (u, m) we denote by o (@) the parameter in-
duced by permuting the labels of rows and columns groups according to o. Then label switching
corresponds to the fact that

Py =Py (9). ()

Now in LBM and SBM, there exists an additional phenomenon, that is specific to these models
and comes from the fact that the distribution of any random variable depends on two different
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latent ones. Let us explain this now. In a classical latent variable model where the distribution of
individuals belonging to group g is characterised by the parameter 7, identifiability conditions
will require that 7, # m; for any two different groups g # I. Now, when considering two groups
characterising the distribution of one random variable, it may happen that for instance 7, = 7y,
for two different groups g # ¢’. Indeed, the groups ¢, ¢’ may be differentiated through their
connectivity to other groups than the group / (see point (ii) in Assumption 1). As a consequence,
if the parameter matrix & has some symmetries (which is often the case for model parsimony
reasons), it may happen that some row and column groups can be permuted while the connectivity
matrix & remains unchanged. Note that in this case, the global parameter 6 = (u, &) remains
identifiable as soon as the groups proportions (characterised by u) are different. More precisely,
it may happen that for some 0 € G, we have m = o () (a case that can never occur for simple
latent variables models) and thus

Pu,n ZP[L,O'(J[)' 3)

Note the difference between (2) and (3). In particular, whenever u # o () we have Py 5 #
Ps(w),0(x) and we are not facing an instance of label switching.

We now formalize the concept of equivalent configurations that will enable us to deal with
possible symmetries in the parameter matrices x. Note that from a practical perspective, these
subtleties have little impact (in fact, the same kind of impact as the label switching). But these
are necessary for stating our results rigorously.

For any (s,t) € Sgr, we let

5.t s,t

= (”qz )(q,l)egxg = (Ty(q)t (1) (q,HeQx L

Fix a subgroup & of G, and a parameter set [1g,. Whenever for any pair of permutations
(s,7) € G and any parameter & € [1g, we have n*! = &, we say that the parameter set [1g,
is invariant under the action of &. In the following, we will consider parameter sets that are
invariant under some subgroup &. This includes the case where & is reduced to identity. We
will moreover exclude from the parameter set 1o, any point & admitting specific symmetries,
namely such that there exists

(s,1) €BGgor \ & satisfying #*' =m.

Note that this corresponds to excluding a subset of null Lebesgue measure from the parameter
set [To,.

Assumption 2. The parameter set Tlgp is invariant under the action of some (maximal) sub-
group & of Ggr. Moreover, for any pair of permutations (s,t) € Sgr \ & and any parameter
nt € g, we assume that w**' # 7.

Example 1. In SBM, we consider G = {(Id, Id)} where Id is the identity and let

Hor = {7[ € HQZ;VS € Sg,s #1d, we have *° ;ﬁn}.
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Example 2 (Affiliation SBM). In SBM, we consider & = {(s,5);s € Gg}andlet g, = {(A —
Wlg + vlTQIQ; r,ve(0,1),A#v}.

In the above notation, I is the identity matrix of size Q and 1y is the size-Q vector filled
with 1s. Affiliation SBM is a simple two-parameters submodel of SBM commonly used to detect
communities with higher intra- than inter-groups connectivities. It imposes as much symmetry
on elements of [1g as allowed by Assumption 1 and constitutes the only model where config-
uration equivalence (defined below) is confounded with label-switching.

In less constrained models and as soon as & is not reduced to identity, each permutation in
G induces many different equivalent configurations. More precisely, for any (s, t) € & and any
m € Ilgr, we have

Xn.ml{Zn, W} 4 Xo.ml {s(Zn), t(W,,) }, under parameter value

where =4

means equality in distribution.

Remark 1. In SBM with affiliation structure (see Example 2), the whole group of permutations
{(s,s); s € &} leaves the parameter set [1g invariant. For more general models, let us denote
by [¢,q’] the transposition of g and ¢’ in some set Q. We consider (s,7) = ([q,¢'], [[,I']) €
Sor. Then any m € I satisfies

VieQ\{q,q/}, i = Ty,
VieL\{L.I'},  mg=my;,

g =gy and ey =Ty,

In particular, for Assumption 1 to be satisfied while ([¢, ¢’], [[,1']) belongs to & that leaves
[Ty invariant, it is necessary that either my; # mgp or 7wy # wyp (and then both inequalities
are satisfied).

Note that the parameter sets 1o that we consider are then in a one-to-one correspondence
with the subgroups &. Note also that we have |G| < Q!L! (LBM) or |G| < Q! (SBM).
We now define equivalent configurations in U.

Definition 1. Consider a parameter set g, invariant under the action of some subgroup
S of Ggr and fix a parameter value w € Tlgr. Any two groups configurations (Zp, Wp,) :=
(1o Zns WL, ooy Wy) and (2, Wy,) i= (2}, ..., 2, w), ..., wy,) inU are called equivalent (a
relation denoted by (z,, W,,) ~ (z,,, W,,))) if and only if there exists (s, t) € & such that

(s(z;), t(w;n)) = (s(z’l), ey s(z;), t(w’l), e t(w;n)) = (Zn, Wp,).

We let U denote the quotient of U by this equivalence relation. Note in particular that if
(Zn, Wim) ~ (2, W,,)) then for any & € Tlgr, we have (T ;) (i, jyeT = (”zl’.w’/)(i,j)ef
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For any vector u = (uy,...,u,) € RP, welet |lullo := ip=1 1{u; # 0}. The distance between
two different configurations (z,, w,,,) € U and (z,,, w,,) € U is measured via the minimum | - [|o
distance between any two representatives of these classes. We thus let

d((z, W), (2, W,,)) = min{ |2, = 5(z,) [ + [ W —1(w,,)

pGnesl @
Note that this distance is well-defined on the space U. Note also that when & is reduced to

identity, the distance d (-, -) is an ordinary £ distance (up to a scale factor 2 in SBM).

2.3. Most likely configurations

Among the set of all (up to equivalence) configurations {, we shall distinguish some which are
well-behaved in the following sense. For any groups ¢ € Q and [ € L, consider the events

Aq = {0)6 Q;Nq(zn(w)) 2:21{21‘(&)):6]} <n,umin/2},

i=1

and
m
B;:{weQ Ni(Win (@) =Y 1{W;(w) =1} <m,umm/2}
j=1

Since Ny (Z,) and N;(W,,) are sums of i.i.d. Bernoulli random variables with respective param-
eters oy and B}, satisfying o A B > min, a standard Hoeffding’s Inequality gives

P.(Aq U By) < exp[—n(a)’/2] +exp[—m(B])’ /2] < 2exp[—(n Am)ud,/2].

Taking an union bound, we obtain

20L - 2. /2 LBM),
]P’*< U (Ag U B[)) < {zge:x[p_[no(; 'A/r;])u“mm/ ] ESBM;
(¢.eQxL PL= % min :

Now, consider the event ¢ defined by

Qo = {0 e 2 ¥(q,1) € Q x L, Ng(Z (@) = npimin/2 and Ny (W (@) = mpmin/2}

o (5)
[ (A NB,
(q,H)eQxL

which has P, -probability larger than 1 — 2Q L exp[—(n A m) 'urznin /2] (LBM) or larger than 1 —
20 exp[—na>. /2] (SBM) and its counterpart 2{° defined by

min

U’ = {(zm W) €U;V(q, 1) € Qx L, Ny (z,) = Nfimin/2 and Ny (Wy,) > mﬂmin/2}9 (6)



546 M. Mariadassou and C. Matias

where N, (z,) := >}, l{zi = ¢} and N;(w,,) is defined similarly. We extend this notation up
to equivalent configurations, by letting U be the set of configurations (z,, Wy,) € U such that
at least one (and then in fact all) representative in the class belongs to 2/°. Note that neither
Ny (z,) nor Ny(wy,) are properly defined on U , as these quantities may take different values
for equivalent configurations. However, as soon as one representative (z,, W,,) belongs to U°,
we both get N, (z;,) > nimin/2 and Nj(W,,) > mpumin/2 for any (z,,, w,,) ~ (z,, Wy,). In the
following, some properties will only be valid on the set of configurations uo.

3. Groups posterior distribution

3.1. The groups posterior distribution
We provide a preliminary lemma on the expression of the groups posterior distribution.

Lemma 1. For any n,m > 1 and any 0 € ©, the groups posterior distribution writes for any
(Zn, W) €U,

piez,m(zn’ W) 1= P@((Zna W) = (z,, Wm)|Xn,m)

(1_[ f(x,-,-;nzl-w,)><1"[az,-)(Hﬂwj> (LBM),
i=1 j=1

(i,j)eZ

( I1 f(x,-j;nzl-z,)) (]‘[az,«) (SBM),
i=1

(i,)el

)

where x means equality up to a normalizing constant.

The proof of this lemma is straightforward and therefore omitted.
. . . . . . 0
In the following, we will consider the main term in the log ratio log p; , (z;, W) —
log pg’m(zn, w,,) for two different configurations (z}, w},), (z,, W,,) € U. More precisely, we
introduce

J(Xiji o)
- ) (8)

V(@ Wh). @ W) €U 8T (2 Wi 2w W) = D m(m
L] Ziwj

(i,j)eT

Note that this quantity is well-defined on U x U. We also consider its expectation, under true
parameter value 6* and conditional on the event (Z,,, W) = (z};, w},); namely for any (z};, w},,)
and (z,, w,,) €U, we let

AJ[ * * ]E 1 f(Xl]; T[Zl"(w;) Z W * * 9
Eowimmn) = 2 B (e i I W= ). 0

(.)€l
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Probabilities and expectations conditional on (Z,, W,,) = (z};, w},) and under parameter value

0* will be denoted by Pf;w:” and Ef;w:" , respectively.

3.2. Assumptions on the model

The results of this section are valid as long as the family of distributions { f (-; w); w € I1} satisfies
some properties. We thus formulate these as assumptions in this general section, and establish
later that these assumptions are satisfied in each particular case to be considered.

The first of these assumptions is a (conditional on the configuration) concentration inequality
on the random variable 8* (Z,,, W,,, Z,, W;;) around its conditional expectation. We only require
it to be valid for configurations (Z,, W,,) = (z},, W},) € U°. Note that under conditional proba-

bility ]P’f’*lw’*" , the random variables {X;;; (i, j) € Z} are independent.

Assumption 3 (Concentration inequality). Fix (z,,w)) € U° and (z,,wn) € U such that
(Zn, W) = (Z,, W),). There exists some positive function ¥*:(0, +00) — (0, +00] such that
forany m € llgr and any € > 0, we have
]P)inwm (|67[ (Z;, W;’L’ Z,, Wm) — Einwm (87[ (Z;, W:n, Z,, Wm))| > 8(m}"1 + i’”"z)) (10)
<2exp[—y*(e)(mr1 +nr)],

where the distance d ((z);, W), (Z,, Wn,)) defined by (4) is attained for some permutations (s, t) €
G and we set r1 1= |z, — 5(2,) llo and 5 := ||W};, — t (W) lo.

Remark 2. Assumption 3 is reasonable and is often obtained by an exponential control of the
centered random variable

v /:log<f(X;ﬂ))_E [log(f(X;ﬂ)ﬂ
i fXsmy) T JCSEDVAN

uniformly in 7, 7’ € 1, where [E; is the expectation under f (-, 7). As shown in Section 4.1, as
soon as

Ymax(A) := sup En(exp()\Yn,n’))

m,m’ell

is finite for A in a small open interval I C R around 0, a Cramer—Chernoff bound shows that
Inequality (10) is satisfied with

1
Y7 (e) == =g sup(he — Ymax (1)
rel

The second assumption needed is a bound on the Kullback—Leibler divergences for elements
of the family { f (-; 7); = € I1}. We let

D(x || ) ::/Xlog(%)f(x;n)dx. (11)
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Assumption 4 (Bounds on Kullbak—Leibler divergences). We assume that
Kmax :=max{D(x || 7'); 7, 7" € I} < +o0.

Note that kmax < +00 is automatically satisfied when the distributions in the family { f(-; 7);
7 € I1} form an exponential family with natural parameter 7w belonging to a compact set I1. In
particular, this is not the case for Bernoulli distributions when we authorize some probabilities &
to be 0 or 1, as the corresponding natural parameter then takes the values —oo and +oo. In the
following, we thus exclude for the binary case the possibility that classes may be almost never or
almost surely connected. We also introduce

Kmin = Kmin (T*) = min{D(n;l I n(;,l,); (q.D.(q". 1) eQxL, T # n(;,l,} >0, (12)

where positivity is a consequence of Assumption 1. The parameter «p,i, measures how far apart
the non-identical entries of * are and is the main driver of the convergence rate of the posterior
distribution. Note that the Kullback-Leibler divergence captures the differences between the
distributions and not only their mean values. As we already mentioned in the Introduction, this
is in contrast to results as in [11] and we may for instance recover groups that differ only in their
variance.

The last assumption needed is a Lipschitz condition on an integrated version of the function
7w+ log f(x; ).

Assumption 5. There exists some positive constant L such that for any n,x' € Ilgr and any
(‘Za l)v (q/’ l/) € Q X E, we have

fOesmg) o o
‘/Xlog f(x;m;z)f(x’nql/)dx = Lojw =]

Remark 3. As illustrated in Section 4.2, many exponential families satisfy Assumptions 3 to 5 as
long as the natural parameter of that family (e.g., log(p) for Poisson distribution or log(p/(1 —
p)) for the binomial) is restricted to a compact set. This includes but is not limited to Gaussian
(location or scale model), Poisson, binary, binomial and multinomial distributions.

3.3. Convergence of the posterior distribution

We now establish some preliminary results. The first one gives the behavior of the conditional
expectation A" defined by (9) with respect to the distance between the two configurations
(Zy, W) and (2, Wpy).

Proposition 1 (Behavior of conditional expectation). Under Assumptions 1, 2 and 4, the con-

stant C = 2kmax > 0 is such that for any parameter value w € Ilg, and any configuration
(Zn, W) € U, we have P-almost surely

C
EX W (87 (Z, Win, 2, W) < = (mry +nr2), (13)
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where the distance d((Zy, Wp,), (Z,,, Wp,)) is attained for some (s,t) € G and we setr| := | Z,, —
s(zn)llo and ry 2= [[Wy, — (W) lo-

Furthermore, under additional Assumption 5, the constant ¢ =
the set Qq defined by (5) whose P.-probability satisfies

,uzmin/cmin/l6 is such that on

P.(Q0) = 1 =2QL x exp[—(n Am)pp, /2] (LBM),
P.(Q0) > 1 —20 x exp[—ne2. /2] (SBM),

for any parameter value t € I1gr and any sequence (Z,, Wy,) € U, we have
EZWn (8™ (Zo, Win 20, W) = 2(c — Lo||w — 7*|| ) (mry + nr). (14)
Proof. Note that
RZnWn (8" (Zp, Wi, 2, Wpr)) = Z Ef;w:" (8™ (zy. Wiy Zns Win)) X Lz, Wo)=(z2w2)
(W) el

so that we can work on the set {(Z,, YVm) = (z;,, w),)} for a fixed configuration (z};, w},) € U.
Moreover, we can choose (z,, W,,) € U that realizes the distance d((z},, W},,), (Z,, Wy,)), namely
such that d((z,, W},), (Zn, Wim)) = |2, — Znllo + [IW},, — Willo =r1 +r2.

If (z,, wp) = (z};, W),), namely r| = ro =0, then we have 6" (z};, W}, Z,, W;;) = 0 and the
lemma is proved. Otherwise, we may have r| or r, equal to zero but 7| 4+, > 1. Without loss of
generality, we can assume that z), and z,, (respectively w},, and w,,) differ at the first r| (resp. r2)
indexes.

First, let us note that

W), f(X; nz;w’f)
RN (Sﬂ(z wm,zn,wm)) = Z f 10g(.—1)f(x;n;¢w*_)dx, (15)
X i

X5 o,
o £ Top,)
Wherele'\ {@, j);i >ryand j > rp}. This leads to

* * C
Zz, W
B (87 (2, Wiy, 20, Win)) < (mry +nry — rir2)kmax < o (mry+nr),

with C = 2xmax, which establishes Inequality (13).
To prove Inequality (14), we write the decomposition

fx; Tt
Z / ( )>f(x”7;;w_;)dx

S xs Tziw;

= Z { D(n* *|| TTotw )+D(n;;w; I n;iwj) (16)

(i,))eT
flx;m
+/X10 7&w’f(x;n;w,)dx}.

f X mzm;) i
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According to Assumption 5, the third term in the right-hand side of the above equation is lower-
bounded by — Lo || — t*| oo (mry + nry — ryr2). The first term in this right-hand side is handled
similarly as we have

fx; n* *
0= Z n* wj ” ﬂz*w* - Z / f(x nz*wi)f( 'n;;w;)dx

(i,j)eT (i,j)eT

<Ly ||Jr — n*“oo(mrl +nry —rir),

where the second inequality is another application of Assumption 5.

The central term appearing in the right-hand side of decomposition (16) is handled relying
on the next lemma, whose proof is postponed to the Appendix. It is a generalization to LBM of
Proposition B.5 in [6] that considers SBM only. This lemma bounds from below the number of
pairs (i, j) such that

n, w* #”z,w,

and establishes that it is of order mr; + nrp. This is possible only for the configurations
(z;,wy) € U defined by (6). For the rest of the proof, we work on the set €2y, meaning that
we assume {(Z,, W,,) = (z;,, W};,) € Uy,

Lemma 2 (Bound on the number of differences). Under Assumptions 1 and 2, for any config-
urations (Z,, W) € U and (z),, W},)) € U°, we have

2
. * * .o * * M
diff(z,, W, 2, W) = |{(, ) € T; T, 7é”z;w;} > %(mrl +nr), (17)

where the distance d((z,, Wn,), (2, W},)) is attained for some permutations (s, t) € & and we
setry:= ||z, — s(z})llo and ry == [[Wp — 1 (W},)]l0-
. . U . . N . . )
According to Assumption 4, if Tw; #* rrzi*w; , the divergence D(”z;w; I ”z,-w_,-) is at least kmin.

We thus get

Mz' Kmin

* * min

Z~ D(”z;w; I TL’Ziwj) > e (mry +nr).
(A

Coming back to (16) and (15), we obtain

og( LT fcmt Vax
2 /X °g<f<x;nz,-w,)>f(x’”* 2

3 LWj
(i,))eZ

2 .
> (% — 2Ly ”71’ - zt*”OO) (mry + nry)
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and thus conclude
W Mz' Kmin
B (87 (2, Wiy, 20, Win)) = (% —2Lo|m — n*“oo> (mr1 + nr).

By letting ¢ = Mzmin’(min /16, we obtain exactly (14). (]

In the following, we will consider asymptotic results where both n and m increase to infinity.
The next assumption settles the relative rates of convergence of # and m in LBM. With no loss
of generality, we assume in the following that n > m, view m = m,, as a sequence depending on
n and state the convergence results with respect to n — +o00. Note that the assumption is trivial
for SBM.

Assumption 6 (Asymptotic setup). The sequence (my),>1 converges to infinity under the con-
straints m;, < n and (logn)/m, — 0.

We now state the main theorem.

Theorem 1. Under Assumptions 1 to 6, following the notation of Proposition 1, for any n €
(0, ¢/(2Ly)), there exists a family {€, m }n.m of positive real numbers with ), €, , < +00, such
that on a set Q21 whose P,-probability is at least 1 — e, m and for any 0 = (u, w) € © satisfying
lr — t*|lco <1, we have for any (z,, w,,) € U and any (s,t) € G,

PY (L), 1 (W)

log pz,m(zn, W)
(18)
(c = 2Lo [z — )y +n72) = K ([5(Z) =2} + 1 W) = i | )
(LBM),
(c—2Lo|m —m*||)2nr1 — K |s(Zn) — 2.,
(SBM),
and
Py (s(Zy), t (W)
log 7
pn m(zns Wm)
’ (19)

C(mri+nr) + K(|sZn) —za |y + [t (W) =W |,)  @BM),
~ | C2nry 4+ K ||s(Zn) — 24, (SBM),

where the distance d((s(Zy,),t(Wy)), (Zn, Wi)), which does not depend on (s, t), is attained for
some permutation (5,1) € & and we set ry := ||Z, — §(zy)|lo and ry == |W,, — t(W)llo and
K =log(a@max/min) V 10g(Bmax/Bmin)-

Let us comment this result. Inequalities (18) and (19) provide a control of the concentration
of the posterior Qistribution on the actual (random) configuration (Z,, W,,), viewed as an equiv-
alence class in U. The most important one is (18) that provides a lower bound on the posterior
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probability of any configuration equivalent to the actual configuration (Z,, W,,) compared to
any other configuration (z,, w,,). In this inequality, two different distances appear between these
configurations, namely the ¢ distance and the distance d(-, -) given by (4), on the set of actual
configurations (so that d(-, -) is linked with the parameter & and its symmetries). When the sub-
group & is reduced to identity (no symmetries allowed in 1), these two distances coincide and the
statement substantially simplifies. Another case where it simplifies is when K = 0, corresponding
t0 Omax = ¥min and Bmax = Bmin OF equivalently to uniform group proportions. These two par-
ticular cases are further expanded below in the first two corollaries. In general, the two different
distances appear and play a different role in this inequality. In particular, consider Inequality (18)
with for instance s = Id = ¢. It may be the case that a putative configuration (z,, w,,) is equiva-
lent to the actual random one (Z,, W,,) in the sense of relation ~, and thus their distance d(-, -)
is zero (r; = r = 0 above), but their £( distance is large. Then, the posterior distribution pg,m
will not concentrate on (z,, w,,) due to the existence of different group proportions u that help
distinguish between (Z,, W;,) and this equivalent configuration (z,, w,,). The extent to which
the group proportions g are different is measured by K = 10g(¢max/¥min) V 102(Bmax/Pmin)-
When this quantity is small compared to the term ¢ — 2Ly7n (depending on =, the connectivity
part of the parameter) appearing in (18), the term K (||Z, — z,|lo + |Wm — Wi |lo) is negligible
and the posterior distribution pg,m will not distinguish between the actual configuration and any
equivalent one.

Before giving the proof of the theorem, we provide some corollaries that will help understand
the importance of the previous result. The first two corollaries deal with special setups and the
third one is an attempt to give a general understanding of the behaviour of the groups posterior
distribution. All these results state that, under some appropriate assumptions, the posterior distri-
bution pz,m concentrates on the actual random configuration (Z,, W,,), with large probability.
We stress the fact that the results are valid for any parameter value 6 (satisfying some additional
assumption) and not only the true one 6*. More precisely, the results are valid at any 6 = (@, )
such that & is close enough to the true value *.

Corollary 1 (Case G = {(Id, Id)}). Under Assumptions 1 to 6 and when G = {(Id, Id)}, we
obtain that on the set Q21 whose P,-probability is at least 1 — &, ,, for any parameter 6 =
(pr, ™) € O satisfying ||r — x* || 0o < n for small enough n, we have

—1
pz,m(zn’ W) >1-— an.m eXp(an,m) and pz,m(zn’ W) < (1 + bn,mebn'm) ,

where
bpm = (ne_cm_K + me_C"_K) (LBM), (20)
app = ne—2n(c—2L077)+K; bn,n — ne—ZCn—K (SBM),

anm = (ne—(c—ZLon)m-i-K + me—(c—ZLon)n-i-K)

all converge to 0 as n — +00. As a consequence, relying on the maximum a posteriori (MAP)
procedure, at a parameter value 0 = (ji, &) such that T converges to the true parameter value
*, namely

(Zn, Wm) = arg max pﬁ,m (Zy, W), where 6 = (ju, &) and & — ©*
(2, W) €U
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the number of misclassified rows and/or columns on the set Q21

DMZiAZiy+ Y UW; W) BM) or Y UZi#Zi)  (SBM),
i=1 j=1 i=1

is exactly O for large enough n.

Corollary 2 (Case of uniform group proportions). Under Assumptions 1 to 6 and when K =0,
we obtain that on the set Q, for any parameter 6 = (L, &) € O satisfying ||t — x*||co < 1 for
small enough n, we have

Pg,m({(zn, W) €U (2n, W) ~ (Zy, Wm)}) > 1—|Slay, me™"
and
P8 ([ @y Win) €U @as W) ~ (Zs, W) }) < (1 + 161y melm) ™,

where ay ., and b, are defined through (20) with K = 0 and converge to 0 as n — +400.
Moreover,

0 1 (7
Pn,m(Zna W) = @Pn,m({(zna Wm) €U (Zn, W) ~ (Zn, Wm)})

Corollary 3 (General case). Under Assumptions 1 to 6, we obtain that on the set Q1, for any
parameter 0 = (., &) € O satisfying |x — x*||cc < 1 for small enough n, we have

Pﬁ,m({(ln, W) €U (2, Win) ~ (Zy, Wm)}) >1- |6|an,mean’m
and
Pﬁ,m({(zn, W) €U (Zn, W) ~ (Zn, Wm)}) =< (1 + |6|bn,mebn'm)_la

where an m and by, , are defined through (20) and converge to 0 as n — +00.

Remark 4. Theorem 1 and Corollaries 1 to 3 are expressed in full generality but their results
apply both to LBM and SBM with the notation adopted in Section 2. In particular, the expressions
given in these statements simplify for SBM asn =m,Z, =W,,, s =t and r| = r3.

Remark 5. Note that the convergence of the posterior distribution (to the set of configurations
equivalent to the actual random one) happens at a rate determined by the constant

c—2Lon > 0.

Typically, the rate of this convergence is fast when & is not too different from z* (namely || —
7T*||oo and thus Lon small) while the connectivity parameters are sufficiently distinct (namely
kmin and thus c large).
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When & = {(Id, Id)}, the actual configuration has no other equivalent one and the posterior
distribution converges to it. When K = 0, group proportions are equal and do not discriminate
between equivalent configurations. Therefore, all equivalent configurations (if any) are equally
likely. In all other cases, the support of the posterior distribution converges to the set of configu-
rations equivalent to the actual one, including the actual one. However, the latter may not be the
most likely among those. Provided » and m are large enough, the most likely configuration is the
configuration (z,, w,,) equivalent to (Z,, W,,) which maximizes the quantity

n m ] L
Y loga, + Y logBu, = Ny(@a)logag + > Ny(Wy)log .
L -

g=1 =1

Also note that we control the number of errors made by a maximum a posteriori clustering
procedure only in the case where G = {(Id, Id)}, namely when there are no symmetries in the set
of matrices [1g. In the other cases, this procedure is likely to select a configuration equivalent
to the true one, but not equal to it. We stress again the fact that the equivalence relation is different
from the label switching issue that can not be avoided in finite mixture models. Moreover, exactly
as for the label switching issue, this phenomenon will not affect clustering performance.

Proof of Theorem 1. We shall exhibit the set 21 on which Inequalities (18) and (19) are satisfied
using LBM notation, the case of SBM easily follows.
First, note that we have

o Zn s Wm . B
10g pn’m(S( ) t( )) ZSH(S(Zn)yt(Wm)aZrzg Wm)+ZlO ( (Z)>+Zl (ﬂt(W)>

I’Z,m(zmwm) i=1 w_

Thus, by letting K = log(¢max/¥min) V 102(Bmax/Pmin), Inequalities (18) and (19) are satisfied
as soon as we have

(c—2Lo|w —=*| ) mry 4+ nry) <87 (s(Zn), t (W), 2w, W) < C(mry +nr2). (21

Note that the latter inequality is defined on the set of equivalent configurations U and we can
thus replace (s(Zy), t(W,,)) by (Z,, Wy,). Let (z;, w},) be a fixed configuration in U , consider
(Z,,, W) € U. Whenever (Zn, W) ~ (2, W},), we have ri 4+ r, = 0 and the previous inequal-
ity is automatically satisfied. Thus, we consider (z,, wy,) € U such that (Zn, W) # (Z);, W)
and let ry := ||z} — 5(z,)llo and ry := ||W}, — 7(Wp)llo, where (5,7) € G realizes the distance
d((z,,wy,), (Z,, Wp)). We consider the event

Az, Wiy 2y, W) = {87 (2, W)y, 20, W) < (¢ — 2L0||n —n*Hoo)(mrl +nry)}
U {87 (25, Why. 20, Wi) > C(mry +nr)},

where the constants ¢, C > 0 have been previously introduced in Proposition 1. We also assume
that i satisfies ¢ — 2Lg||m — &*||oo > 0. According to this same proposition, as soon as the con-
figuration (z};, w},) is regular in the sense that it belongs to the set I/ 0 defined through Equation
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(6) and following lines, we obtain that on the set {(Z,, W,,) = (z};, w};,)}, we have
* ZoWhy (T [k ok C
2(c—2Lo|m —n ||oo)(mr1 +nry) B (87 (2, Wiy 20, Win)) < E(mrl +nr).
We now control the probability of this event. Conditionally on {(Z,, W,,) = (z};, w},)}, the

event A(zy;, W, Z,, Wy,) is included in the two-sided deviation of 6% (z};, W}, , Z,, W,,) from its
conditional expectation A" (zy, Wy, , Z,, Wy,) at a distance at least

min{ (c —2Lo|m — =*|| ) omry 4 nrp), %(mrl + nrz)}
= (¢ —2Lo|m — =*| ) mri + nr2) = (¢ — 2Lon) (mry + nr).
In other words,
A2y Wiy 2 Wn) O { (Lo, Won) = (2. W3,

< ({(3;: — A”)(z;,w:n,zn,wm) < —(c — 2L0||7r - 7r*||oo)(mr1 +nr2)}

U {(5” _ Aﬂ)(z;,w;,zn,wm) > %(mrl +nr2)})
C {| (8™ — A™) (2. W}y 20, Wan) | > (c — 2Lon)(mry +nr2)}.

where the last inclusion comes from (¢ — 2Lyn) < C/2.
Combining this sets’ inclusions with Assumption 3 yields

P.(A(z. Wiy 2o, W) N {(Zn, W) = (25, w3,) })
<Pu((Zn, Wi) = (2}, W;,))

- 22)
X ]P’f"w’”( (8” — A”)(z;, W, Zn, wm)| > (¢ —2Lon)(mry + nrg))
<2exp[—v¥*(c — 2Lon) (mry + nry) | (), w,).
We now consider the set 21 defined by
Q1 =QoN ( N A(Zn,wm,zn,ww)
(mem)ez;l
(23)

- U () (A(zy. Wi 20 Win) N {(Zn, W) = (25, w5,) }).

(z;,w;n)el;lo (2n, W)U
On the set 21, Inequality (21) and thus Inequalities (18) and (19) are both satisfied. We let

U =N\ [ (25, wh) ) =UN {(s(22), 1(w3,)); (s, 1) € &),
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be the set of all configurations but those which are equivalent to (z;, w,). Since for any (s, t) €
G, the event A(z);, w},, s(z};), t(w},)) has P,-probability zero, we may write

Q1 =QpU U U A(z;,w*m,zn,wm)ﬁ{(ln,wm)z(z;,w:n)})

~ ~ kK
(Z;,W,’%)e[,{o (Zn, Wi )€U Vm

We now partition the set of configurations (z,, w,,) € UZ¥n according to the distance of each
point (z,, Wy,) to (z);, wy,). We write the following disjoint union

n+m
LW LW
U Vm = I_l U m(rl’rz)
ri+r=1

n+m ~
I_l {(Zn’ W) € UM Ym; d((Z;, W:n),

ri+ry=1

(24)

@0, W) = |12 — 5 @) |y + | Wh — 1 (W), and

|25 —s@llo=r1. w5, — 1wy =r2}-

Note that the above decomposition is not unique. Indeed, we may have that the distance
d(z;, w),): (Zn, W) =11 +r2=r] +r) but ri % r{ and ry # r}. In such a case, we make an
arbitrary choice between the couples (r1, r2) and (r{ , ré) to represent the distance from (z,, w,)
to (z;, wy,). This decomposition leads to

P.QD)<P.Q0+2 Y u(z.w)

(z4,w2,)eld0

n+m
X Z |L{ZZW:" (r1,m2) | exp[—lﬁ*(c —2Lon)(mry + nrz)].
ri+r=1
Now, we use the bound
5% (11 r2) | < |6|(”) (’”) (25)
I r

which leads to

n+m
P.(Q) <P.Qo)+2 Y |6|(”)(,',”2) exp[—¥*(c = 2Lon) (mry + nr2)]

I
ri+r=1
< Pu(Q0) + 2I6|[{1 + exp[—my*(c — 2Lon) |} " {1 + exp[—ny*(c — 2Lom |} — 1].
We now rely on the following bound, valid for any u, v > 0,

(I+uw)" x (1+v)" — 1< (nu+ mv) exp(nu + mv). (26)
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Combining the latter with the control of the probability of Qg given in Proposition 1, we obtain
P.(Q1) < 2QLexp(—(n Am)ign/2) + 216 dym exp(dnm),
where d,, ,, = [nexp{—y*(c —2Lon)m} + mexp{—y*(c —2Lon)n}l.
Note that as soon as (m,),>1 is a sequence such that m,, — 400 and (logn)/m, — 0, we

obtain that for any constant a > 0, the sequence u,, = nexp(—am,,) is negligible with respect to
n~1=5 for any s > 0, and thus Zn u, < —+o0. In particular, the sequence

enm = 2QLexp[—(n Am) /2] + 216 |dnm exp(dnm)

satisfies ), €n.m, < +00. As for SBM, it is easy to see that this expression reduces to
enn 1= 2Q exp|[—napy, /2] + 2|6|d, exp(dy)

with d,, = nexp{—2y*(c —2Lon)n} and which also satisfies D _, &, , < +00. This concludes the
proof. O

Proof of Corollaries 1, 2 and 3. The proof of these three corollaries relies on the same scheme
that we shall now present in LBM notation. The proof is easily generalised to SBM. First, note
that Q| = U(Z*’w* yert0 (821 N{(Zn, Wi) = (zy,w;)}). Let us fix some configuration (z},, w},,) in
U°. On the set Q1 N {(Zy, W) = (z;, W’,)}, we have

1= pf  ((Zn, W)}
PE o (Z, W)}

( pﬁ,m«(z;,w;n}))
Z exp| —log ——— |,

0
(zn wm)eZ/{ pn,m(znv Wm)

(Zn,Wm)OO(Z;,W;'n)

l - pz,m({(zn’ Wm)}) S

where we abbreviate to {(Z,, W,,)} and {(z}, w},)} the whole sets of configurations {(z,, w,,) ~
(Z,,, Wy,)} and {(z,,wn) ~ (z,,w),)}, respectively. Let (z,,w,,) ~ (z,,w),). There exists
(s,t) € G such that ||z, — s(z})|lo =r1 and ||w, — t(W},)|lo = r2. Using Inequality (18) and
Iz — 7 [|oo < 7, we get

Prn (@ WodD P (52, 1 (W;)

log >
Pg,m(ln, W) Pz,m(ln, W)

> (¢ —2Lon)(mr; +nry) + K(r1 + 1)

and therefore

1= pf o ({(Zn. Wi }) < Z exp[—(c — 2Lon)(mry +nr)) + K (ri +r2)]. (27)
(2, W)l
(Zn, Wi ) (237, W)
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When & = {(Id, Id)}, the set {(z,, W) ~ (Z,, Wy,)} reduces to a singleton and the previous
bound becomes

L= Pon@u W)= ) exp[=(c=2Lom)mri+nr2) + K1 +12)].
(Zy, W) €U
(Zn s Wi ) (23, W},)

Using the decomposition (24) on the set U%™n and the bound (25) on the cardinality of each
U5 Yn (r1, rp), we get

n+m

1= Pl @ W) < Y (r”l) (Z) exp[—(c — 2Lon)(mry +nry) + K (r1 +12)]

ri+r=1

= {(1 + exp(—me; + K))" (1 + exp(—nc; + K))" — 1},
where ¢; = ¢ — 2Lon. Using again Inequality (26), we obtain
1 - Pz,m(Zn, W) < anmexplan,m),

where a, , = (ne= (¢ 2Lomm+K 4 pye—(c=2Lomn+Ky 1y SBM, this quantity becomes a,_, =
ne—2(c—2Lor/)n+K.

The case where K = 0 is handled similarly and gives

1l ({(Zn. Wi }) < 181an,mexp(an,m).

with the same definition of aj, ;,, replacing K with 0.
Moreover when K =0, we have o) =--- =0 and By =--- = B and it easy to check that

Pl @, W) = pll o (s(Z), 1 (W)

forall (s,t) € G.
_ Now, in the general case, we come back to (27). Using the decomposition (24) on the set
U%Wn and the bound (25) on the cardinality of each UsYn (ry, 1), we get

n—+m

1— Pz,m({(zn, Wm)}) < Z |G| <Z> <Z> exp[—(c —2Lon)(mry +nry) + K(r1 + rg)]

ri+r=1

<16{(1 +exp(—mcy + K))" (1 + exp(—nci + K))"™ — 1},
where ¢; = ¢ — 2Lon. Using again Inequality (26), we obtain
1- Pg,m({(zn’ W) ~ (Zy, Wm)}) < |6|an,m exp(an,m),

with same definition of a, ,, as previously.
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We now provide an upper bound for the posterior probability of the class {(z,, w,) ~
(Z,,, Wp,)}, valid on the set €. Let us fix some configuration (z};, w},) in U°. On the set
Q1 N{(Zy, Wn) = (z;,, W,,)}, we have

1 0 Z,. W
g =1+ Z exp(- log pn,n;({( n m)}))
P {(Zn, Wi} o e, W) P Zns W)

and relying on Inequality (19), we get

0 . oox 1
IR AT R TRUND S (L L |

9
Zn, W,
(2, Win) o (25, W) P > W)

-1
< {1 + Z exp(—C(mr1 +nry) — K(rp —i—rz))} .

(Zy,,Wm)O‘J(Z;‘,,W;n)

Following the same lines, we obtain the desired upper-bounds. (]

4. Examples of application

The goal of this section is to derive the results of Theorem 1 and following corollaries in many
different setups. The key ingredient for that lies in establishing the concentration of the ratio 5%
around its conditional expectation A™ (namely Assumption 3). As mentioned in Remarks 2 and
3, it is valid for many exponential families. We will first present the general proof for exponential
families and then state the results for common exponential families.

4.1. Scheme of proof of concentration inequalities

One of the main issues for Theorem 1 to be valid is the existence of a concentration of the ratio 5"
around its conditional expectation A™, namely Assumption 3. This section presents the general
methodology that will be employed.

The scheme of proof is as follows. Relying on the notation of Assumption 3 and using (9), we
write

8™ (2, Wiy Zn, Win) — AT (25, W)y, 2y, Win)

f(Xijs ) - S (X5 wry)
G ))eT J( lj’nZiU)j) S (Xijs ”ziwj) (. )eT

Conditional on (Z,, W,,) = (z},, w},), the random variables Y;; are independent and centered.
There are exactly D := diff(z}, w},, Z,, W;,) such non-null variables and since D < mr| +nr, —
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riry < mry + nry, we may write

W

]P)*n m(

(8” — A”)(zz, W, Zn, Wm)| > e(mry +nr2)) < PiZW&(

2. Yi

(i,j)eT

> 8D>. (28)

Thus, the problem boils down to establishing a concentration inequality for the sum ) Y;; com-
posed of D conditionally independent and centered random variables. As soon as we have the
existence of a positive function vy, such that for any € > 0,

anw:n ( Z Y
(i,))eT
we can combine Lemma 2 and bound (28) to obtain

]P’fz W ( Z Yij

(i,/))€T
with ¥*(-) = w&ax()urznin /8. Note that Inequality (29) is often obtained through a Cramer—

Chernoff bound in the following way. We let v;; (1) := log ]Ef’*’W;” (exp(1Y;j)), for any A > 0
such that this quantity is finite, let us say A € I C R. Using a Cramer—Chernoff bound, we get for
any x > 0,

ZED) <2exp{—Yp (&) D}, (29)

> e(mr; + nr2)> < 2exp{— Y (@)l (mri +nr2)/8)

= 2exp{—y*(e)(mr1 +nry)},

I (111 2 3) = 2exp{ = sup(hx — iy )|
€

As soon as we can uniformly bound this quantity (uniformly with respect to i, j and also under-
lying &), namely if we can write

Pf;w;‘” (|Yij| > x) < Zexp — Sll[])()»x - wmax(k)) }v
re

with Yrmax = SUP e o MAX( jeT ¥ij, the conditional independence of the Y;;’s gives that for
any € > 0, and any A > 0,

zZrWh
n''m
P’ (

)IRG

(i.)el

> gD) <2exp{—(reD — Dyrmax (1))},

leading to

Z W
n m
P’ (

where ¥, (€) :=sup; c; (Ae — ¥max(1)). Note that since 1 (0) = 0, we have ¥y (0) =0 and
Y ax 1S NON-negative.

2. Yi

(i,))eT

> 8D> < 2exp[—D iuI;(ke - wmax(k))} < 2exp{—Dya ()},
€
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4.2. Examples from exponential families

We state here the rate functions ¥* and validity assumptions of our main result under several
models for the observations X;;, all included in the exponential family framework.
Binary model

Let X;; € {0, 1} and f(-; w) a Bernoulli distribution with parameter 7. Assumptions 3 to 5 are
satisfied if the paramater set is bounded away from 0 and 1, namely IT C [a, | — a] for some
a € (0, 1/2). The corresponding rate function, given by Hoeffding’s inequality is

Y*(x) = x| 16[log(1 — a) —loga]’}. (30)

In the interesting special case where IT C £[a, 1 — a] with § > 0 small, Bernstein’s inequality
gives the sharper rate function

Yr(x) = x2 2 /{64€[log(1 — a) —loga]” + 32x[log(1 — a) — loga]/3)
which gives the following rate function for deviations of order &:

Y*(Ex) =EY*(x)  where

(31
¥ (x) = x2pud, /164[log(1 — a) — 1oga]2 +32x[log(1 — a) — loga]/3}.

This small deviation rate function is useful for sparse asymptotics, as studied in Section 5.

Binomial model

Let X;; € {0, ..., p}and f(-, w) abinomial distribution B(p, ). Assumptions 3 to 5 are satisfied
if the paramater set is bounded away from 0 and 1, namely IT C [a, 1 — a] for some a € (0, 1/2).
The corresponding rate function, given by Hoeffding’s inequality is

Y (x) :xz,ulznin/{mpz[log(l —a) — loga]2}.

Multinomial model

Let X;; be discrete with p levels labelled 1 to p, parameter 7 = (7 (1), ..., 7 (p)) and f(k,7) =
7 (k). Assumptions 3 to 5 are satisfied if the paramater set for (7 (k)) 1<k <) is bounded away from
0 and 1, namely IT C [a, 1 — a]? for some a € (0, 1/2). The corresponding rate function, given
by Hoeffding’s inequality is

¥*(x) = xu2i/{8p[log(1 — a) — logal’}.
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Poisson model

Let X;; € Nand f(-, ) is a Poisson distribution with parameter 7. Assumptions 3 to 5 are satis-
fied if the paramater set is bounded away from 0 and +o00, namely IT C [7min, Tmax] C (0, +00).
The corresponding rate function, given by a Cramer—Chernoff bound for Poisson variable (see,
for instance, [22]) is

1 X
I/f*(x) = g:“«rzninnmaxh< >,

Tmax 10g(7Tmax/Tmin)

where Yu > —1, h(u) = (1 + u)log(l + u) — u.

Gaussian location model

We are interested here in Gaussian observations in the homoscedastic case. We assume that
X;j € Rand f (-, ) is a Gaussian distribution with mean value 7 and fixed variance o2, namely
[, mij) =cexp{—(x— nij)z/(Zoz)} where c is a normalizing constant. Assumptions 3 to 5 are
satisfied if the paramater set is bounded away from —oo and +o00, namely IT C [Tmin, Tmax] C R.
The corresponding rate function, given by a Cramer—Chernoff bound for Gaussian variables is
16(7Tmax — nmin)z

Gaussian scale model

We are interested here in Gaussian observations with fixed mean and different variances. We
assume that X;; € R and f (-, r) is a Gaussian distribution with fixed mean value m and variance
7 € (0, +00), namely f(x,m;;) = c(mj)_l/2 exp{—(x — m)z/(an.zj)} where c¢ is a normalizing
constant. Assumptions 3 to 5 are satisfied if the paramater set is bounded away from O and
~+o00, namely IT C [ min, Tmax] C (0, +00). The corresponding rate function, given by a Cramer—
Chernoff bound for x?(1) random variables is

M?ninazx + /’ernin log{l + 2 minX }
8(Tmax — Tmin) 16

Yr(x) =

TTmax — TTmin

4.3. Zero-inflated distributions

Here, we assume that X;; follows a mixture of a Dirac mass at zero with another distribution (on
R for instance). This situation is particularly relevant for modeling sparse matrices [4]. In this
context, the former parameter = becomes now (77, ) € (0, 1) x I" and we let

fEmy)=afy)+ 0 —md),

where §g is the Dirac mass at 0. The set of parameter matrices (r, ¥) := ((7741), (V41))geQ.icL
is denoted by I1g, x I'g. For identifiability reasons, we also constrain the parametric family
{f(;v); ¥y € '} such that any distribution in this set admits a continuous cumulative distribution
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function (c.d.f.) at zero. Moreover, we shall assume that the distributions { f (-; )5 vy € T'} satisfy
Assumption 4.

For instance, f (-; ¥) may be absolutely continuous with respect to the Lebesgue measure. An-
other interesting case consists in considering the density (with respect to the counting measure)
of the Poisson distribution, with parameter y, but truncated at zero. Namely, for any k > 1, we
let f k;y) = yk J (kD) (e¥ — 1)~L. This leads to zero-inflated Poisson models and more generally,
one could consider other zero-inflated counts models.

In the following, we will assume that the parameter set IT is included in [a@, 1 —a] for some a €
(0, 1/2) and that the family { f (-; ¥); v € I'} satisfies a concentration property on its likelihood
ratio statistics as follows.

Assumption 7. Fix (z),,w},) € Uy and (2, W) in U with (zy, W) # (Zn, Wy). Let Yij =
log[ f(Xij; ]/Zlfw’]f)/];(xij; Yziw;)] + ¢, where c is a centering constant. There exists a posi-
tive function ‘};flax 1 (0, +00) — (0, +00] such that for any x > 0, for any (i, j) € Z, and any
yeloc,

FE (1731 = %1X #0) = 2exp] = sup(hx — Jinan (1)) | = 2exp(~Fin ().
€

where Ymax(h) = SUp,cr . Max, j)ezlogEi;W:” (exp(LY;;)|Xij # 0) exists for any A € I C
0, +00).

Under these assumptions, it is easy to see that Assumption 3 is satisfied, up to an extra factor
2, with

) = | Ve (0/2)/8} A i (x/2),

where ¥ is a rate function for binary observations, defined for instance in Equations (30) or
(31). Namely, using the same notation as in Assumption 3, we get

PV (| (87 — AT) (2, Why, 7, W) | = elmry +nra)) < dexp[—y* () mr1 +nra)].

In order to ensure Assumption 5 on f(-; 7, y), we need the same hypothesis to be satisfied on
the family {f(-; y); y € T'}.

Assumption 8. There exists some positive constant Lo such that for any y,y' € I'or and any
(q’ l)v (CI/, l/) S Q X E, we have

V ””) f(x; ver)dx| < Lolly —¥|
X3 q[

Note that we provided in the previous section many examples of families for which this as-
sumption is satisfied. Then, the results of Section 3 apply.
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5. Asymptotically decreasing connections density

In this section, we explore the limiting case where the numbers of groups Q and L remain con-
stant while the connections probabilities between groups converge to 0. This framework is inter-
esting as it models the case where groups sizes increase linearly with the number of row/column
objects, while the mean number of connections (i.e., non-null observations in the data matrix)
increases only sub-linearly, mimicking for example budget constraints in terms of global con-
sumptions. More precisely, we will consider two different setups, the first one being built on the
binary case developed in Section Binary model and the second one being built on the weighted
case (also called zero-inflated model) from Section 4.3. As in the previous sections, we assume
that m < n, view m := m,, as a sequence depending on n and state the results with respect to
n — +o00. We shall furthermore assume that the probability of connection (binary case) or the
sparsity parameter (weighted case) m,; , depends on n and writes 7y, = &, where (§,)n>1
converges to zero and 7, is a positive constant. The sequence (§,),en controls the overall den-
sity of the block model and acts as a scaling factor while the parameters (741) (4,1))e O  Teflect the
unscaled connection probabilities from the different groups. This parametrization is analogous
to the one studied in [5]. We shall now assume that the unscaled connection/sparsity probabilities
are well-behaved, and introduce the new parameter sets denoted by I, and I1g. , to account
for the dependence on the data size (i.e., number of rows/columns).

Assumption 9. The parameter sets 1, and T1gy , depend on the number of observations and
we have

I1Cla,1—a] for some a € (0,1/2),
[, == &Il = {&,m; w € 1T},
os C HQL,

Nogn =Moo ={&n;w €llgr},
where (§,)n>1 is a sequence of values in (0, 1] converging to 0 and such that

1
ogn 0.

%
my&, n—+oo

5.1. Binary block models with a vanishing density

We let X;; € {0, 1} and f(-; w) a Bernoulli distribution with parameter 7. Here, the connectivity
parameter &, = (41,n) (4, eQx £ depends on n and may be arbitrarily close to 0. Accordingly,
the constant kpin (7r;,) defined in (12) depends on n and is no longer bounded away from 0. We
thus reconsider Assumptions 3, 5 and the definition of ki (7,) to exhibit the scaling in n of
several key quantities in this setup. The proof of following lemma is postponed to the Appendix.
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Lemma 3. Fix two parameters w, = &, and 1, = E, 7" in the set Tlgg ,, where w, ' € lg.
Under Assumption 9, we have for all n and all (q,1), (¢',1") € @ x L

Kmin,n ‘= Kmin (7[ ) = %-ncmm(n*),

[ log ﬁx ”Z:)ﬂ ) dx| < M (32)
Y (x) 1= Y (Enx) = £ (1), (33)
where
Cmin *= Cmin(7*)
T () = X2 i

64aflog(l — a) —loga}? + 32x{log(l —a) —loga}/3"

Corollary 4. Under Assumption 1 on the unscaled parameter set I1gp and Assumption 9, the
conclusions of Theorem 1 and Corollaries 1 to 3 remain valid with the following modifications

1. c= Mrznincmin/16;
2. Ly :a‘l;
3. (c —2Lg|lmr — t*||leo) is replaced by &,(c — 2Lo||wt — %]l o0)-

Remark 6. Note that Assumption 9 replaces Assumption 6 in this statement. The quantity m,, is
replaced by m,&, which plays the role of average number of connections and must grow faster
than logn. The scaling is consistent with results from [5] and [11].

Proof of Corollary 4. The proof is essentially the same as the one of Theorem 1. We will only
highlight the differences and show how the scaling logn/(m,&,) — O is derived. First, Equation
(14) from Proposition 1 now depends on n and should be

EZWor (870 (Zyy, Wy, 2, W) = 260 (" — Lo — x*|| ) mry +nr2), (34)

where the original ¢ = M,%ﬁn/(min /16 has been changed to ¢’ = /«lemncmin /16. Next, the set
A(z}, w),,z,, Wy,) must be changed so that we consider two-sided deviations between 8" (Z,,,
W, Z,, Wy,) and its conditional expectation of order &, (¢’ — Lo||t — *||00) (mr| + nry) instead
of the previous (¢ — Lo||® — &*||00) (mr1 + nry). Equation (22) therefore turns to

P.(A(z, Wiy 2, Win) 0 { (Zn, W) = (2, W),) })
<2exp[—y; (" = 2Lon)(mri +nry)|n(z;, w},)
< 2exp[—* (¢’ — 2Lon) &, (mry + nry) | (2, W)
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The set 21 is still defined as in Equation (23) and on this seﬁnequality (21) and thus both (18)
and (19) are still satisfied. However, the upper bound on PP, (£21) is modified as follows for LBM

P,(Q1) < P.(Q)
+216|[{1+ exp[—msnaﬁ*(c/ —2Lon) ]} {1+ exp[—nsn¢*(c’ —2Lon)]}" —1].

Combining the latter with the control of the probability of Qg given in Proposition 1, we obtain
for LBM

Enm 1= P, (Q)) <20L exp[—(n A m)uiﬁn/Z] ~+ 2|8 |dp m exp(dn.m),

where d, , = [n exp{—ménlp*(c/ —2Lon)} + mexp{—né§, Y*(¢’ — 2Lon)}]. The condition re-
quired to make the ¢, ,, summable and conclude the proof is logn/(m&,) — 0. This condition
holds under Assumption 9. Note that for SBM, we get

enn 1= Pu(Q1) < 2Qexp[—nal;, /2] + 216|dy exp(dy),

with d,, = nexp{—2n&,¥* (¢’ — 2Lon)} and which also satisfies Y onEnn < +00. O

5.2. Weighted models with a vanishing density

We now consider the setup introduced in Section 4.3 as well as corresponding assumptions,
except that we shall now assume that the sparsity parameters 7y , := &, may be arbitrarily
close to zero (see Assumption 9). Note that the parameters (y41)(4,neox 2 € I'gr remain fixed.
Flynn and Perry [11] adopt a sparse setup where the average entry value goes to 0. Our setup
with inflated numbers of 0-valued entry is only a special instance of theirs but is in our opinion a
realistic way to model sparse matrices.

In the next lemma, we provide the scaling of xmin (5, ¥), or more accurately a lower bound
thereof, and show that Assumption 8 is sufficient to guarantee the adequate scaling of the Lips-
chitz condition. We however need a stronger condition that in Assumption 7 to control deviations
in this setup.

Assumption 10. Fix (z),,w}) € Z;{o and (z, W) in U with (zy, W) # (Zp, Wp). Let ?ij =
log[f(Xij; )/Zi*w7)/];(xij; Yziw; )1+ ¢, where c is a centering constant. There exists some interval

I C (0, +00) such that the function ¥* defined on (0, +00) as

Ur(x) = sup(kx — sup max Ef;w:" [exp(kﬁj)|X,-j #* O] + 1) 35)
rel yelgr (.)EL

exists and is positive on (0, +00).

Remark 7. Note that 1/7*(x) is not the rate from the usual Cramer—Chernoff bound, which is in
general sup, . o(Ax —logE[exp(AZ)]) for a centered random variable Z. The part log E[exp(AZ)]
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is replaced with the larger quantity exp(LZ) — 1 which induces a slower exponential decrease.
The formula arises from a Taylor expansion of rate function ¥* for deviations of order &,x to
obtain a linear scaling of ¥*(§,x) with respect to £,. Note also that the condition that U positive
in Assumption 10 is stronger than and implies corresponding Assumption 7.

The proof of following lemma is postponed to the Appendix.

Lemma 4. Fix two parameters w, = €, and w, = E,x’ in the set Tlgg ,, where m, ' €
or. Under Assumptions 8, 10 and using the notation of Section 4.3, we have for all n, all

(g.D,(@q" I"YeQx Landall y,y' €Tor,
Kmin,n ‘= Kmin (Enn*a }’*) > & (Cmin (]l'*) + akmin ()’*)), (36)

S5 g1, V1) |z — ' =
I e <o (7 holy 7). 67
f(x Jqu n’ yql) a

Yr(x) 1= Y (Epx) > E”’”gm‘“ (w <§) w(%)) (38)

semin := emin (¥*) =min{ D (v 1 v3); (0.1, (¢'.1') € @ x L,y # v} >0,

D(y Iv') = /Xl <JJ:(( )f(x;y)dx, Vy.y' €T,
Cmin ‘= Cmin(n*)

2 -
= %(1ia) min{(n‘ilnil) (q.D.,(¢'.I')e Qx L, nql;érr,l,} 0,
ql

——f Tg'l' ,n» Vq/l’)dx

where

x2

8a[log(1 — a) — logal? + 4x[log(1 — a) —logal/3’

w x) = sup(kx — max E 2 ’"[exp(kY,j)lX,, 750] + 1)
rel (i,))eT

r(x) =

Corollary 5. Under the assumptions from Section 4.3 and Assumption 10 replacing the weaker
Assumption 71, Theorem 1 and Corollaries 1 to 3 remain valid with the following modifications

Lo=a"'+ Ly;

Cc= /J,ilin(Cmin + aKmin)/16;

7 is replaced by (§,7,p);

(¢ = 2Lg|lm — m*||o0) is replaced by &,(c —2Lo||(7, y) — (*, ¥*) l0o)-

el NS S

Proof. This result is proved following the proof of Theorem 1, exactly in the same way as we
did for Corollary 4, with some changes in key quantities as listed in the corollary. (]
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Appendix: Technical proofs

Proof of Lemma 2. Let us recall that this proof is a generalization of the proof of Proposition
B.5 in [6].

Since (z;,w),) € U°, for any ¢ € Q and any [ € £, the number of entries in z,, (resp. in
w),,) which take value g (resp. [) is at least [nmin/2] (resp. [mumin/21). Up to a reordering
of the vectors z;, and w},, we may assume that the first Q [njimin/2] entries of z), and the first
L[mpmin/2] entries of w},, are fixed, with

z;:(1,2,...,Q,1,2,...,Q,...,1,2,...,Q,z*Q(Wmm/ZHI,...,z;),

(40)
W’n:(1,2,...,L,1,2,...,L,...,1,2,...,L,wLI'mMmm/z'I_,’_l,... w ).

’ m

Such ordering of the entries of (z};, w},) induces a specific ordering of the entries of (z,, Wy,).
Foreachk € {1,..., [numin/21} (resp. each j € {1, ..., [mumin/21}), we denote by si (resp. 7;)
the application from Q to Q (resp. from L to £) defined by

Vg €Q.  si(ehotygiq) =20-no+q and VIEL,  tj(wli_y ) =wi-nLa

In other words, we write z,, and w,, in the form

Z, = (Sl(l)v S1 (2)7 e S](Q),S2(1), ey SZ(Q), S s[numin/Z](l)s o ’S[”Mmin/Z](Q)’

Zanltmin/21+1""’Z") 1)
Wi = (1 (1), 11(Q), ..., 01 (L), 2D, ., 22(L), oy Empamin/21 (D) s Empin/21 (L),
WL jtin 21415 - -+ Win) -

There are several possible orderings of z; (resp. w},) in the form (40) and each one induces a
different ordering of z,, (resp. w,;) in the form (41). For example, for any 1 < k, k' < [numin/2]
and any g € Q, we can exchange z(*kfl)QJrq and z:k,_l)QJrq which are both equal to ¢ and this
induces a permutation between sy (¢) and s/ (q) in z,,. (Similarly for any 1 < j, j' < [mumin/2]
and any [ € £, we can exchange ¢;(/) and tjr(l) in wy,.) Also, for any i > Q[npmin/2], zl’.‘ is
equal to some g € Q and can be exchanged with z?kfl) 044 for any 1 < k < [nimin/2]. This
induces a permutation between s¢(z}) and z; in z,. (Similarly, we can exchange #;(w}) and w;
in wy, for any i > L[mumnin/2] and any 1 < j < [mpumin/2].) Note also that the orderings of
z;, and w}, are independent. As already said, each s (resp. ¢;) is a function from Q to Q (resp.
from £ to £). We can therefore choose orderings of z; and w}, which minimize the number
(ranging from O to [numin/27) of injective functions s as well as the number (ranging from O to
[mumin/2]) of injective functions ¢.
For 1 <k < [numin/2] and 1 < j < [mumin/2], let

Bij={(g.0) € Qx Limpy # 75 gy }-

We have of course diff(z,, Wy, 2, W) > Z,[":“]mi“/ 21 ZE";’I‘ min/21 g, i
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The simplest case is obtained when for any (k, j), we have By ; > 1 and then

| | 2
diff(z,, Wi 2, WS, ) > [”“ 2”““—‘ x [m“zm‘“—‘ > Mg‘“‘ (mri +nr2),

since both 1 <n and rp < m. In this case, the proof is finished.

Otherwise, there is at least one (k, j) such that By; = 0. In this case, we start by proving that
at least one application among the s and at least one application among the ;- are permutations.
Indeed, consider some (k, j) with By; = 0. Assume that s;(q) = sx(¢") for some ¢ # q’. Then
for all [, we have n;‘l = ns’; @50 = ns’; @) = n;,l which contradicts Assumption 1. The same
holds if 7;(I) = t;(I") for some [ # I'. Therefore if Bx; =0, both s; and #; are injections and
therefore permutations.

Now, we prove that all applications s which are permutations are in fact equal. Indeed,
consider k’ # k such that s and s; are injections. Assume there exists some g such that
sk(q) # s (q). Then exchanging si(¢q) and sy (g) in z, decreases the number of injective ap-
plications s; by 2, in contradiction with the minimality of the chosen ordering of coordinates in
z;. Therefore, sy = sx/. Thus, all injective sy are equal to the same permutation s € S¢. Sim-
ilarly, all injective ¢ are equal to the same permutation ¢ € &p. Since one of these pairs of
permutations (s, #;) is associated to the event By; = 0, this implies that (*)* ' = r*. Note also
that according to Assumption 2, we necessarily have (s, ) € G.

We now argue that as soon as there is at least one injective application s (which is thus equal
to s), we must have z; = s(z;.*) foralli > Q[numin/2] + 1. Otherwise, we could decrease by one
the total number of injective s;» by permuting z; and s(z}), which contradicts the minimality of
the number of injections. In the same way, if there is at least one injective application ¢; (thus
equal to ), we have w; =t (w}) for any i > L[mpumin/2] + 1.

Let d; (resp. d2) be the number (possibly equal to 0) of non-injective s (resp. t;). It comes
from the two previous points that we can in fact write

zy = (s1(1), .., 51(Q), - os5ay (1), 0,50, (Q)s (2, 0 41)s -+ 5(20))
Wy = (1D, ..., i (L), ... g, (D), ... 2y (L), t(wjlzLH),...,t(w,*n)),
where (s, t) € &. Thus, we obtain that
N = d(2.2}) = |t —s(@) |y =10,
2 = d (W W) = [ = (03) | < L.
Finally, for each (k, j) such that either s or ¢; is non-injective, we have By; > 1. Therefore,

[1pmin/27 [Mftmin /2]
diff(zn,wm,z;,w:n) > Z Z By
k=1 j=1
> di [mpmin/2] + da [nimin/2] — did>

 dilmptmin/2] + da[npmin/2]
- 2
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N [Mmin/2] 4+ r2[Rmin/2]
> 30

> —M‘f“ (mry +nry),

\

where the last inequality comes from pmin < 1/Q. This concludes the proof of the lemma. [J

Proof of Lemma 3. For any 7,7’ € T and any & € (0, 1), the Kullback-Leibler divergence
D || En') writes

Erm
D(er || §7') = Emlog = +(1 —snnog(l sn/)

_ —§n10g<1+ ”/_”) —a —Sn)log(l—}—s(n—_n/))
T 1—&m

Now, relying on the convexity inequality log(1 + x) < x valid for x > —1 and on a Taylor series
expansion of log(1 + x), there exists some 6 with |0| < |7’ — 7 |/7 such that

-7 1
2 (146)?

>$(7r—71/)2 a \?
- 27 l—a)

Coming back to the definition (12) of kmin(sr},) yields

D(gn | &n') = §(n —7') +& —&(n—n')

Kmin,n °= Kmin () = Kmin (En7*)
= mln{D(Enﬂ';l ” Enf[;/l/), (q, l), (q/, l/) € Q X L:, T[l;l # ﬂ;/l/}

> Eycmin (), for all n.

\Y

Note that kpin,, scales with &, only when IT is bounded away from O and 1. Otherwise a simple
bound based on the comparison between Kullback—Leibler divergence and the total variation
metric shows that kmin » scales with E,%.

A similar scaling can be found to replace Assumption 5. Indeed, for any 7,7/, 7" € IT and
& > 0, we have in the binary case

‘/ log Sfx;§m) f(xé //)dx
X

1 1—ém §|7T_7T/
fx;&m) e log_ (1—¢x )log<1—€ﬂ/>‘§ a

Therefore, for any (g,1), (¢',1") € Q x L,

'f f(x nqzn)f( ) d

(7 ql, n

_&lr =7l
s
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Finally, the scaling for v, (x) in Equation (33) results from Bernstein’s inequality as in (31).

O
Proof of Lemma 4. Forall 7,7/, 7" €1, y,y’,y” € T and £ > 0, we have
V6T, 1—
/ log S y) f(x:&x”,y")dx = £x" log Ty (1—&n")log
x S &y 7’ 1- 42)

" f( V) 1"
+ log —— ; dx.
o /X = Fryy )

When (7”7, y") = (7, y), Equation (42) turns to

D(Gm, y) |l (x',y)) = D(sm | ') +ExD(y Il y')

(=72 a
_<1_

2
o ) +&aD(y Ilv').

>&

from which we can deduce Inequality (36).
For general (z”, "), Equation (42) combined with Inequality (32) (that applies on the Dirac
part of the distribution) and Assumption 8 gives

‘[ fexiEmy) oy

|r — 7’|
f(x En’,y’) a

f(x; E”//v y//) dx

from which we can deduce Inequality (37).

Finally, in this setup, IZf* arises by using a Bernstein’s inequality instead of a Hoeffding’s one
to control deviations of the Dirac part in the distribution, see (31). Function &* arises from the
control of the deviations of the weighted part of the distribution. Indeed, recall that

- f(Xij; Verws)
Yij=log| =——— ) +¢,
FXijs vzw;)
where c is a centering constant and let
?ij = 1{X; #O}Yij.
We getfor x €1,

]Ezw [AY”]: ZW [1{X1/7é0}e ”+(1—1{X,'j750})]

= 1+ ES1X,; # 0} —1)]

= 1+ e [E5 (2P X, ;£ 0) — 1],
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from which we deduce

P (17,1 = ,x) < inf exp[log(EX " [*] — 2,x) ]
€
= ing exp[log(l + E"nz*fw*. (]Efzw’*" [e)‘f’if |X;,; # 0] — 1)) — Aénx]
€ L
< exp|inf & (72, (B [27]X, 0] — 1) = 2v)

< exp[én sup(Ax +1— max ]Eﬂf’*’wt" [en?"f |Xi ; # O])],
rel (i, ))eT

where we used that log(1 + x) < x. The last inequality gives us the rate function ¥*. Equation
(38) is constructed from * and ¥* as in Section 4.3. O
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