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Abstract: In recent years there has been an increased interest in statis-
tical analysis of data with multiple types of relations among a set of en-
tities. Such multi-relational data can be represented as multi-layer graphs
where the set of vertices represents the entities and multiple types of edges
represent the different relations among them. For community detection in
multi-layer graphs, we consider two random graph models, the multi-layer
stochastic blockmodel (MLSBM) and a model with a restricted parame-
ter space, the restricted multi-layer stochastic blockmodel (RMLSBM). We
derive consistency results for community assignments from the maximum
likelihood estimators (MLEs) in both models where MLSBM is assumed
to be the true model, and either the number of nodes or the number of
types of edges or both grow. We compare MLEs in the two models with
other baseline approaches, such as separate modeling of layers, aggregating
the layers and majority voting. In simulations RMLSBM is shown to have
advantage over MLSBM when either the growth rate of the number of com-
munities is high or the growth rate of the average degree of the component
graphs in the multi-graph is low. We also derive minimax rates of error and
thresholds for achieving consistency of community detection in both mod-
els, which are then used to compare the multi-layer models with a baseline
model, the aggregate stochastic block model. The simulation studies and
real data applications confirm the superior performance of the multi-layer
approaches in comparison to the baseline procedures.
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1. Introduction

Over the last decade, relational data has become ubiquitous in all forms of
human activities. In many applications of statistics and machine learning, one
encounters relational data where the entities are represented as nodes or vertices
and the relations or interactions between the entities as edges of a graph. Ap-
plications of such graphs or networks include many information systems such as
social networks, World Wide Web, user information databases in e-commerce,
metabolic networks, gene regulatory networks, protein-protein interaction net-
works and food web.

In majority of the cases dealt with in the literature, the relations are assumed
to be of the same type such as web page linkage, friendship, co-authorship and
protein-protein interaction. However in modern complex relational databases
and networks, we often have information regarding relationships of multiple
types among the nodes. For example, in the context of internet services a set
of users may be connected through email, messaging, social media, etc., each
one of them creating one layer or type of the user-user interaction network [35].
Similarly, users in a social network can have “friendship”, “mentions”, “follow-
ing”, etc. [15] or researchers in academia may have co-authorship, citations,
title/abstract similarity, etc., as different types of relations among themselves.
In genomics data, cellular components can have different aspects of interactions
among them, e.g., protein-protein physical interactions and gene co-expressions
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[31]. Such multi-relational data can be represented as multi-layer graphs where
multiple types of edges represent the relations and the set of vertices/nodes
represents the entities [21].

One of the most important and widely investigated learning goals in an in-
formation network is clustering the entities on the basis of the relationships
between them into densely connected subsets called “communities”. From a
probabilistic point of view, communities can be thought of as groups of vertices
which are more likely to be connected to each other compared to the rest of the
graph, i.e., the probability of having an edge between two vertices belonging to
the same group is higher than that of having an edge between vertices belonging
to different communities. Consequently we would observe the number of intra
community edges to be higher than inter community edges.

Many researchers have proposed methods and algorithms for community de-
tection in networks. Such methods can broadly be divided into three categories:
methods based on probabilistic models, methods based on the maximization
of a global objective function and those based on spectral or matrix factoriza-
tion of the adjacency matrix or the Laplacian matrix. The stochastic blockmodel
[20, 34] is a statistical model for random graphs with a natural community struc-
ture. It is one of a large class of statistical models described in the literature for
community detection in complex networks, which includes the latent variable
[18] and latent space models [19], the degree corrected blockmodel [22, 44] and
the mixed membership blockmodel [2]. Various likelihood maximization based
inference strategies have been proposed in the literature to simultaneously infer
the block assignments and the parameters in the stochastic blockmodel, e.g.,
profile likelihood maximization [3], maximizing the conditional likelihood [8],
and variational EM under mixture model settings [10]. Other strategies involve
Bayesian inference using Gibbs sampling or variational methods [24] and opti-
mizing a modularity function over all possible partitions of the graph [32]. See
Goldenberg et al. [14] for a detailed review of statistical inference in networks.

Several authors have also studied the conditions required on the growth of
the number of communities and the degree density of networks for the estima-
tion strategies to be consistent. Bickel and Chen [3] and Zhao, Levina and Zhu
[44] studied the conditions for community detection through modularity max-
imization under the stochastic blockmodel and the degree corrected stochas-
tic blockmodel respectively. Choi, Wolfe and Airoldi [8] laid down the condi-
tions necessary for the consistency of maximum likelihood estimation under the
stochastic blockmodel. This work was extended by Rohe, Qin and Fan [37] with
a regularized estimator to high dimensional settings where the number of com-
munities grows roughly as fast as the number of nodes. Celisse, Daudin and
Pierre [7] derived consistency and Bickel et al. [4] derived asymptotic normality
of the maximum likelihood estimators and their variational approximations in
the mixture model settings.

In this paper our primary focus is on the problem of detecting an underlying
community structure in multi-layer networks. We assume that such networks
have an implicit community structure and different observed layers manifest
that underlying structure with varying amount of information and noise. As
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(a) Mention (b) Follows (c) Re-tweets

Fic 1. A 3-layer twitter network of British MPs. The nodes are colored according to an
underlying community structure: the party memberships.

an example of a network where such an assumption is reasonable, we analyze
a twitter network of British Members of Parliament (see Figure 1) where the
underlying communities are based on their party memberships and the three
observed layers, “mentions”, “follows” and “re-tweets” manifest that structure
in varying proportions. In such cases the multi-layer graph is a more accurate
representation of the underlying similarity of the objects and each layer can
provide only “partial” information about the data [36]. The goal in such cases
would be to correctly identify the underlying set of communities combining
information from all three layers.

Earlier approaches towards multi-relational data or multi-layer graph cluster-
ing suffer from the deficiency that they either cluster each graph independently
and combine the results, or aggregate the graphs and cluster the aggregated
graph. These approaches fail to take into account the dependency among the
different layers, in particular the correlation among different types of edges that
share the same pair of nodes. Moreover, the multiple network layers can have
different characteristics in terms of sparsity and noise. Some layers may be dense
but may carry little worthwhile information, whereas some layers may be ex-
tremely sparse but may carry valuable information. The aggregation process
of graphs could lose the intrinsic heterogeneity of the network layers. Here we
attempt to address the problem of how to efficiently cluster the nodes or en-
tities in a network taking into account all types of layers or relations among
them. Several approaches have been recently proposed in the literature for this
purpose. Among them are approaches based on collective or joint matrix factor-
ization [33, 40, 36], non-parametric Bayesian models and latent factor models
[21], extensions of spectral clustering [11] and modularity [30] to multi-layer
graphs. However there is a lack of statistical analysis of the properties of those
methods.

For community detection in multi-layer networks, we consider a natural ex-
tension of the standard stochastic blockmodel to multi-layer settings that we
will call “multi-layer stochastic blockmodel” (MLSBM). This model, also con-
sidered in Han, Xu and Airoldi [17] as “multi-graph SBM”, is in the spirit of
multi-relational models described in Holland, Laskey and Leinhardt [20], Taskar,
Segal and Koller [41] and Kemp et al. [23]. Han, Xu and Airoldi [17] proved the
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consistency of the maximum likelihood estimates (MLEs) in this model when the
number of relations grows. They keep the number of nodes (and hence the num-
ber of communities) fixed. However, as we will see later in both the asymptotic
analysis and simulation studies that MLE in this model does not perform very
well when either the number of communities grows fast or the network layers are
sparse on average. Hence, we propose a restricted version of this model through
restrictions on the parameter space which is capable of handling networks with a
large number of communities. We call this model “restricted multi-layer stochas-
tic blockmodel” (RMLSBM). We derive conditions on the growth of the number
of communities and the average edge density of the networks under which the
MLE of the class assignment vector is consistent (in the sense that the pro-
portion of misclassified nodes tends to 0 as the number of nodes, and possibly
the number of relations as well, grows). We further derive the minimax rates of
error for community detection in MLSBM and obtain thresholds for consistent
community detection. To compute the unknown class assignments and block
model parameters simultaneously, we follow Daudin, Picard and Robin [10] and
propose a variational estimation strategy.

The rest of the paper is organized as follows. Section 2 extends the stochas-
tic blockmodel to multi-layer settings and defines the two models, MLSBM
and RMLSBM. Section 3 settles the consistency of the community assignments
through maximum likelihood estimation in the two models when the true data
generating model is MLSBM. Section 4 describes a few baseline procedures and
Section 5 compares the multi-layer models with the baseline models in terms of
minimax error rate and threshold results. Section 6 describes estimation strate-
gies for the MLEs in the two models. Section 7 develops a hypothesis testing
procedure to test between independent community structure and commonality
in community structure. Section 8 describes the results of a simulation study to
validate the theoretical results. Section 9 presents the application of the methods
to the Twitter UK politics data set. Section 10 gives concluding remarks.

2. Extension of blockmodels to multi-layer settings

We consider an undirected multi-layer graph G = {V, E'}, where the vertex set
V' consists of N vertices and the edge set E consists of edges of M different
types representing different relations. We can view the multi-graph as a graph

with vector valued edge information, i.e., the adjacency matrix A consists of
M 4@

13 Ty 0
,Afjw)} An alternative way to approach the problem is to view the multi-
graph as a collection of M, N x N adjacency matrices {AM), A2 . AGDY
each corresponding to one particular type of relation. The rest of the set up
is similar to the regular stochastic block model (SBM) for one-layer case with
K blocks [34]. We assume the number of communities K is known. Let z =
{#z1,22,...,2n} be the community indicator vector for the N nodes, such that
each z; takes exactly one value from the set {1,..., K} and z; = ¢ if and only
if node i belongs to community g. Conditional on the community indicator

elements A;;, who are themselves M dimensional vectors: A;; = {A
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vector z, the edges are formed independently as Bernoulli random variables
with probabilities depending only on the community assignments and the type
of edges. In what follows we describe the two extensions of the standard SBM
to multi-layer settings.

Except for the estimation algorithm, the model is always represented as a
conditional block model and z is assumed to be a fixed unknown parameter of
the model and needs to be estimated from data. Conditioned on the community
assignments of the nodes z; and z;, the edges are formed independently following
Bernoulli distribution

Al(;n)|(zi =q,z;=1)~ Bernoulli(Pq(lm)).

The first model assigns a separate probability for the mth type of edge be-
tween nodes belonging to the gth and the [th community independent of all other
edges. We call this model the “multi-layer stochastic blockmodel” (MLSBM).
The probability of an mth type of edge between nodes i and j belonging to
communities ¢ and [ respectively can be written as

PUY =alm =l i jefl,... N}, me{l,... .M}, qle{l,...,K}.
The set of parameters for the model, 7 = {wé;n); g<l, qle{l,....K}, me
{1,...,M}} has K(K +1)M/2 elements. This model is “saturated” in the sense
that we have a different parameter for each of the different types of edges be-
tween nodes belonging to different communities. Denote the range of this pa-
rameter set or array as II = {r € [0, 1]K(K+1)M/2}1

In our asymptotic settings, where both N and M grow and K grows with
N, the number of parameters to be estimated in the MLSBM grows as K2M
and quickly becomes large. Hence the MLE performs poorly especially when
the individual network layers are sparse. This problem does not arise in the
asymptotic settings of Han, Xu and Airoldi [17] where only M grows and N, K
remain fixed. However, it has been empirically shown that in most real world
networks the average cluster size does not grow with the size of the network
[25, 37, 5] and consequently, K grows with N. Hence in our asymptotic settings
where N grows, keeping K fixed would be rather unrealistic. This motivates us
to propose the second related model whose number of parameters grows much
slowly compared to MLSBM.

The second model assumes the probability of the mth type of edge appear-
ing between nodes 7 and j is governed by two factors: the first one being the
community assignment of the two nodes and the second one being the type of
edge. Hence the model has two sets of parameters: a K x K parameter matrix
Trx i corresponding to the community structure, and an M x 1 vector Byrx1
which contains the parameters for different types of edges. We call this model
the restricted multi-layer stochastic blockmodel (RMLSBM).

Notice that in the second model, if the edges were all of the same type, we
would just have 3, = 5 for all m € {1,..., M} and then we will recover the
standard stochastic blockmodel, with probabilities of edges determined solely by
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the community assignments. On the other hand, if we did not have a community
structure, but M types of edges, then 7, would be identical for all communities
¢, and the probability of an edge between nodes i and j will solely be determined
by the type of edge. This model can retrieve information from sparse but highly
informative edge types as the sparsity of the network layers will be captured in
the B,, parameters. Hence, although we assume the edges to be conditionally
independent, this model induces two types of correlations unconditionally —
among the edges of the same type and among the edges that share nodes of the
same community.

The probability Pi(Jm) in RMLSBM, which denotes the probability of an mth
type of edge between nodes 7 and j belonging to communities ¢ and [ respectively,
can be modeled in the following way with the logit link function

logit(PU™) = gt + By 4,5 € {L,..., N}, me {1,...,M}, ¢l {1,...,K}.

This model has K(K + 1)/2 + M parameters for an undirected graph. Hence,
when both K and M grow, the growth rate in the number of parameters for
this model is the same as the maximum of the growth rates in K2 and M. In
comparison, the number of parameters in MLSBM would grow as K2M. This
makes the maximum likelihood estimator in RMLSBM a regularized estimator.

For the RMLSBM to be identifiable, we require the parameters (3, to satisfy
the condition ), B, = 0. Hence we have one less free parameter. Denote the set
of parameters for RMLSBM as 7% = {(7g1, 8m) : ¢<1, ¢,l €{1,...,K}, m€
{1,...,M}} and its range as I = {7ft ¢ REEFD/24M S~ 3 = (0}. To
prove the consistency of maximum likelihood estimation under MLSBM, we
assume 7y, Bm € (—Clog(MN?), C'log(MN?)) for some constant C' > 0. This
condition ensures that 7, and (3, are bounded away from +oo.

3. Consistency

In this section, we discuss the consistency of maximum likelihood estimation of
the proposed models under three asymptotic regimes with varying conditions
imposed on the growth of the number of communities (K) and the expected
total number of edges of the multi-layer graph (L). We first define a one to one
transformation of the parameters of RMLSBM as

(m) —1 .t—l _ eXp(’/qu + ﬂm) 3.1
d)ql 0g1 (ﬂ'ql + Bm) 1 +eXp(7qu +Bm) (3.1)

Now we assume that the data are generated from the more general model
MLSBM and view RMLSBM as a MLSBM with the following restrictions on
the parameters:

® = {¢p e [0, 1FEFIM2 . 600 — Jogit™ (g + Bim), (3.2)

Tty B € (—C'log(MN?), Clog(MN?))}.



3814 S. Paul and Y. Chen

This way the MLE in RMLSBM can be thought of as a restricted MLE (RMLE)
of MLSBM.

Our aim is to investigate the consistency of both the MLE and the RMLE
under three asymptotic regimes where we let either the number of nodes (V)
or the number of types of edges (M) or both to grow. This setup is quite
appropriate for modern day multi-layer networks, where data collection increases
both in terms of new entities as well as new features or layers getting added to
the database. Consequently methods are being sought which would be consistent
in such situations. Some consistency results for the MLE were obtained in Han,
Xu and Airoldi [17] under the settings when M grows, but N and consequently
K remain fixed. Here we prove consistency results for the MLE in the more
general asymptotic setting where N can also grow (and K grows with N). We
then compare the MLE with the restricted estimator in terms of the sufficient
asymptotic conditions for consistency.

The different asymptotic setups we consider under the three regimes of growth
in N and M are described below.

1. As both M and N grow, let K = O(N'/?) and L = w(MN (log N)3*?)
for some § > 0 for the MLE, while K = O((MN)'/27¢) and L =
w(MN (log N)3+9) with €,5 > 0 for the RMLE. For the RMLE, we further
require that M = O(N) so that K does not exceed N.

2. As N grows, M either is fixed or grows slower than N, i.e., either M is
O(1), or M — oo and M = O(N). In this regime, let K = O(N'/?),
L = w(N(log N)3*?) for some & > 0 for the RMLE.

3. As both N — oo and M — oo with M growing faster than N, i.e., M =

w(N), for RMLE we consider two related setups: (a) K = O(m),

L = w(MN(log N)'*9) for some § > 0; and (b) K = O(N'Y?), L is
either w(M (log M)?*9(log N)'*+%) for some & > 0 if (log M)?T% = O(N),
or w(M N (log N)'*9) for some & > 0 otherwise. In setting (a), we further
require log M to grow slower than N for the growth of K to be meaningful.
Also, in that setup if log M grows at the same rate as (log N)? for some
B > 0, the number of communities grows almost as fast as the number of
nodes except for the log terms and is “highest dimensional” in the sense
of Rohe, Qin and Fan [37].

Note that the first regime assumes no relation between the growth rates of
N and M, while the next two regimes assume certain relations between the
two growth rates. So the last two regimes can be thought of as special cases
of the first one in terms of the growth rates of N and M. Naturally we expect
some relaxation in the required growth conditions on K and L in the last two
regimes. The asymptotic setups described above reflect this relaxation for the
RMLE. However no such relaxation is possible for the MLE. Hence we will prove
that MLE in MLSBM is consistent under the first asymptotic regime, whereas
MLE in RMLSBM (i.e., the RMLE of MLSBM under the restrictions defined by
Equation (3.2) is consistent under all three asymptotic regimes. We point out
that the MLSBM, despite being intuitively the simplest extension, does not per-
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form well for community detection in multi-relational networks if the networks
are sparse at an average or contain a large number of communities. While the
sufficient asymptotic conditions are not enough for a theoretical comparison be-
tween the methods, this observation is corroborated by an extensive simulation
study comparing the two methods that mimics the asymptotic setup.

3.1. Preliminaries

Since in this paper our primary interest is in modeling multi-layer networks
where layers are sparse on an average, we require the true MLSBM model prob-
abilities 7r(l ™) to satisfy certain sparsity conditions. As Zhao, Levina and Zhu
[44] pomted out, if the block model probabilities remain fixed as N increases,
then the network will be unrealistically dense. In this connection it is worth
noting that Snijders and Nowicki [39] let the probabilities remain fixed and as
a result the networks considered there have linearly increasing average degree,
while both Bickel and Chen [3] and Choi, Wolfe and Airoldi [8] considered net-
works with poly-logarithmically increasing average degree and hence gradually
decaying probabilities. Here to keep the network sparse, we scale down the block
model probabilities accordingly as N increases.

We introduce a new notation L’ to denote the quantity inside the asymp-
totic notation w in the growth rate of L under different asymptotic setups.
As an example, consider the case when L = w(MN(log N)3*9), then L' =
M N (log N)3*9. Hence L' can be viewed as the minimum rate at which L is
required to grow under a particular asymptotic setup. The blockmodel param-
eters are restricted to have an upper bound that decreases with increasing N
except for a small finite set indexed by the triplet @ = {q,!,m} such that the

expected number of edges in the set |Eg| = o ) For the set @) we

L/
log(M NZ2)

can have M%\ﬂ < ﬂ((;ln) <1- M%VZ' For all {q,l,m} ¢ @Q, the parameters are
restricted in the following way

(m) ]. L/
o < (MN?’ CMN2(1ogM10gN)2+6>’ (3:3)

for some § > 0 and some constant C', so that the upper bound is determined
by the expected density of the network. The exact upper bound is determined
by L’ and consequently, by the growth rate of L and varies under the different
asymptotic assumptions.

For any arbitrary partition z of the entities in the graph, the log likelihood
of the set of M adjacency matrices A = {AM) ... AM)} under the MLSBM

with parameters T = {77(;”)} is

1(A; z,7) Z S Al log 7l + (1 - AU )og (1 —7T2)y. (3.4)

m=1i<j

Note that for an undirected graph with no self-loops, both A(™) and 7(™),
m =1,..., M, are symmetric matrices in {0, 1} >V and [0, 1)5*¥ respectively.
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The Bernoulli parameters WS’Z depend both on the class assignment z and the
type of relation m. For a fixed class assignment z, let N, denote the number
of nodes assigned to class ¢, and n, denote the maximum number of possible
edges between classes ¢ and [. So we have ng = NyN; and ngg = (ng) For an
arbitrary partition z, the MLE of (. is

(z)ql ZA 1{zi:q7zj =}, m=1,....M, ¢l=1,...,K, (3.5)

z<]

where 1{-} is the indicator function. Note that for a fixed partition z, the de-

nominator ny in the MLE wg ))

, is the same for all edge types m.
Now we define the expectation of #(,) as 7(,) and that of [(4; z,7) as Ip(z, )

under the independent Bcrnoulli(Pi(Jm)) model. Then we have

Fm P s =g 2 =1 —1,...M, ql=1,....K. (36
nlz 17 {Zl qu] }am 9ty y 4, ety 9 ()

z)ql
1<)
Ip( Z S {PSM10g 78 + (1 - PT)log (1 - 7)), (3.7)
m=1 i<j

Clearly for a given z, ;) and 7.y are the maximizers of the functions [(4; 2, )
and Ip(z,) respectlvely, and we let I(A; z) and [p(2) denote the corresponding
maximum values.

We extend Lemma 1 of Choi, Wolfe and Airoldi [8] to multi-layer settings as
follows:

, oy, [ F ) )
I(A;2) —lp(2) = Z Z Aij log T’rn,; + (1= Aij )log 1 —(;n;
= _

m i<j 2i 25 T2z
+X — B(X)

=33 " naDEDLIED)) + X - B(X), (3.8)
m  q<lI

where

- wi?Q
m=1 i<j 225

Here D(a||b) is the Kullback-Liebler divergence between two Bernoulli random
variables with parameters a and b respectively. This equation decomposes the
difference between the maximized likelihood and its expected value in terms of
Ti(z) and 7, for a given class assignment vector 2.

Next we turn our attention to RMLSBM. As mentioned before, we consider
RMLSBM as a restricted version of MLSBM, and the MLE of RMLSBM can be
viewed as a RMLE of MLSBM under the restrictions. Given a class assignment

z, the RMLE ﬁ(zmz = {T)q> B(Z)m} is the maximizer of I%(A4;z,7%), the
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multi-layer block model log likelihood within the restricted parameter space.
Substituting the estimated parameters in the likelihood function gives I1%(4; 2),
the maximum of the likelihood function within the restricted parameter space.
However, no closed form solution exists for the RMLE. Instead we have the
following M + K (K + 1)/2 estimating equations:

2 _ 3o (al - XP(Fess; + Fin) : (3.10)
OBm i<j N 1+ exp(fz,2; + Bm)

87r =) ( agr Oz, + ) ) : (3.11)

i<j m 1+ exp(ﬂzizj + 5m)

One of the equations is redundant since if we add the equations in (3.10), the
resulting equation is identical to the sum of the equations in (3.11).

Now we use the transformation defined by ¢ in Equation (3.1). The likelihood
with respect to the new parameters can be represented as

1R(4;2,¢) = ZZ{A“” log 6{7%) + (1 — Al )log (1 - ¢Y%)},  (3.12)

m=1 i<y

and the estimating equations in (3.10) and (3.11) can be written as

1 2 (m)
NN +1)/2 ; P )q = N NN T2 2 S ATz =,z =1}

q<l i<j

1 (m) _
N(N+1)/QZA" m=1,...,M, (3.13)

MZ (Z)ql Mn ZZA "Wei=q2z =1}, g<le{l,...,K}. (3.14)

m 1<j
Together the right hand sides of these equations are the complete and suffi-
cient statistics for the model. Hence we have K (K +1)/2+ M — 1 independent
equations which will together determine the MLE of K(K + 1)/2 + M — 1 free
parameters in the set wlz . Here it is understood that the estimation procedure
ensures that the finiteness condition of 7, and 3, are respected possibly by re-
stricting mg;, Bm € (— C’log(MNQ) Clog(M N?)). By the functional invariance

property of the MLE, qb(z)ql = % is the MLE of ¢En;3ﬂ~ Note that the

minimum value any ¢(z)ql can take due to the imposed boundedness constraint

is 1/M N2. This value is sufficiently small so that none of the partial sums in
the left hand side of Equations (3.13) and (3.14) exceeds 1.
As before we define expectations of ¢, as ¢, and that of IR(A;2,0) as 1E(z, ¢)

under the independent Bernoulh(Pi(;n)) model. Then,

M
Bzo0) =Y S 1P 10g(60) + (1 - P log(1 — 60)}. (3.15)

m=1i<j
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For a given class assignment z, ¢, and ¢, are the maximizers of the functions
IR(A; 2,¢) and [E(z, ¢) respectively, and we let [(A; 2) and [E(z) denote the
corresponding maximum values. The difference between the maximized values
of the observed and expected likelihood can be decomposed in two parts similar
to Equation (3.8) as follows

P(As2) —T8(z) = 3 ngD (¢§g;>ql o) ) X - BEX),  (3.16)

m q<l

where as before,

X = 3 Al o 3.17
=D A log |- (3.17)

m=11i<j 1- ¢Zizj

A proof of this result can be found in Appendix B. Since the maximum of
unrestricted likelihood would be at least as large as the maximum of restricted
likelihood, we have I(A;2) > 1(A; 2) and Ip(z) > IE(2) for all 2.

Now let z denote the true partition. Further let 2 and 2% denote the MLEs
of z under the two models MLSBM and RMLSBM respectively, i.e.,

Z =argmaxl|(4,z). (3.18)

2R — argmax1®(4, 2). (3.19)

3.2. Main results

We give several theorems in this section as we develop towards our main result.
These theorems provide insights into the conditions required under the three
asymptotic regimes discussed in the beginning of Section 3, which in turn pro-
vide comparison between the asymptotic behavior of MLEs in the two models
MLSBM and RMLSBM. All the proofs are given in Appendix B.

The first three theorems bound the difference in the maximized log likelihood
and its expected value for both MLSBM and RMLSBM as defined in Equations
(3.8) and (3.16).

Theorem 1. Suppose a MLSBM and a RMLSBM, both with K classes and
M layers, are fitted to the graph with ad]acency matriz {Ai;}ic; = {AS), e

zj )}i<j, i,j = 1,...,N, where Aij are independent Bemoullz(Pi(;n)) tri-
als. For any class assignment z, suppose the estimate 7,y = {ﬁ'ggt)ﬂ; q,l €
{1,...,K}, me {l,..., M}} mazimizes the multi-layer block model likelihood
1(A;z,m) and the estimate ﬁ'g) = {(ﬁ'(z)ql,ﬁ(z)m) g<l, q,le{l,....K}, me
{1,..., M}} mazimizes the likelihood from the model with the restmcted parame-
ter space defined by 117, Let (ﬁ(z) = {qggg)ql; qg,le{l,....,K}, me{l,....M}}

be defined from 7%(12) according to Equation (3.1). Then for any € > 0,
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P [ max > ng > (wg";fﬂ I ﬁgg;l) > e (3.20)

q<l m

N
< exp (NlogK+M(K2+K)log <+1) e),

K
7 (m) 2(m)
nad,, ng@,
P max ZN(N+1)D 2 <t MalP () H 2g<1 M0l (g > ¢
T 2 NN+1)/2 || NN+1)/2
(3.21)
1/2
§exp<N10gK+(K2+K)log<N]\I/I( +1>+M10g<w+1)6>,
LS~gm || L gm
P(mzax{ S~ MngD (M >ooa || DR T (3.22)
q<l m m
1/2
§exp<NlogK+(K2+K)log<N]\I/I( +1>+M10g<w+1)6>.

The first result (3.20) provides a bound for the first part of the right hand side
of Equation (3.8) for MLSBM. The results (3.21) and (3.22) provide a bound
that will be used in Theorem 3 to bound the first part of the corresponding
likelihood decomposition for RMLSBM in Equation (3.16). In the proofs of the
next two theorems, we first bound the second part of Equations (3.8) and (3.16),
and then combine the results to provide a bound for the difference between the
log likelihood and its expected value under any arbitrary partition z for MLSBM
and RMLSBM respectively.

Theorem 2. Suppose a MLSBM with K classes and M layers is fitted to the
graph whose edges Ag;n) are independent Bemoulli(Pi(;n)) trials. If we further
assume that (i) /5= < Pi(;n) < 1— g7 foralli < j, (i) K = O(N'Y/?),
and (i) the total expected number of edges of the entire multi-layer graph L =
ZZE(AEM) is w(M N (log N)3*9) for some 6 > 0 as both M and N grow, then

: J
m1<j

m;’ix\l(A§Z) —Ip(2)| = op(L).

The result of this theorem holds under the given conditions irrespective of the
relationship between the growth rates of M and N. We state the result under
the first asymptotic regime mentioned at the beginning of Section 3 since we do
not get any relaxation in the assumption regarding the total expected number
of edges if we assume certain relations between the growth rates of M and N.

The next theorem states that the restricted likelihood in RMLSBM is also
asymptotically well behaved under five independent sets of conditions corre-
sponding to the three asymptotic regimes discussed at the beginning of Section
3. The first two sets of conditions correspond to regime 1, the third set of con-
ditions corresponds to regime 2, and the last two sets of conditions correspond
to regime 3.
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Theorem 3. Assume that a RMLSBM with K classes and M layers is fitted
to the graph whose edges Ag;n) are independent Bemoulli(Pi(Jm)) trials. If we
further assume any of the following five sets of conditions with respect to the
growth of the properties of the model under different asymptotic settings:

(i) both M and N grow, K = O(N'/?), vz < Pi(;n) < C’% for
all i < j, where C is a constant, and the total expected number of edges of the
entire multi-layer graph L = w(M N (log N)3T9) for some § > 0;

(ii) both M and N grow but M = O(N), K = O((MN)'/?=¢) for some € > 0,

M:}\ﬂ < Pi(jm) < C’% for all i < j, where C is a constant, and the total

expected number of edges of the entire multi-layer graph L = w(M N (log N)31?)
for some § > 0;
(i1i) M is either a constant or grows slower than N, i.e., M = o(N), K =

O(NY?), 4= < Pi(jm) < C’iMN(ﬁgg%)Ha for all i < j, where C' is a con-
stant, and the total expected number of edges of the entire multi-layer graph L
is w(N(log N)3*) for some § > 0;

(iv) M grows and N s either a constant or grows slower than M, i.e., M =

w(N), K = O(m), T < Pi(jm) < C’W foralli < j, where
C' is a constant, and the total expected number of edges of the entire multi-layer
graph L = w(M N (log N)'*) for some § > 0;

(v) M grows and N is either a constant or grows slower than M, i.e., M =
w(N), K = O(N'?), 1A= < Pi(jm) < min (C’N2 11)gN7CN10gN(110gM)2+5> for
alli < j, where C' is a constant, and the total expected number of edges of the en-
tire multi-layer graph L is larger than the the smaller of M (log M)%*+°(log N)'*?
and M N (log N)'*° for some 6 > 0;
then,

maxI™(4; 2) ~ IB(2)| = op(L).

It is clear from Theorem 2 and Theorem 3 that in RMLSBM, the bound on
the likelihood can be established both for relatively milder conditions on the
expected total number of edges and relatively faster growth conditions on the
number of communities. As we will see in Theorem 5 and the discussion following
it, this enables RMLSBM to be a more attractive model for community detection
either when the number of communities is large or when we have relatively
sparser graphs.

Now we are ready to state our main results which show that when the true
data generating process is a K-class MLSBM, the fraction of nodes misclus-
tered by the MLEs and the RMLESs converge to zero under different asymptotic
regimes. We define the number of “misclustered” nodes N.(2) as the number
of incorrect class assignments under 2, counted for every node whose true class
under Z is not in the majority within its estimated class under 2 [8].

The previous results (Theorems 1, 2, 3) hold for any Pgn) whenever they
are bounded as described in the theorems. Now we assume further structure on
the probabilities, namely a MLSBM. Denote the true partition as z, and under
the true partition, let the true block model parameter array be 7. Hence, under
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MLSBM we have

(m) _ z(m)
pP" ij = Tzzye
Consequently, [p(Z,7) from Equation (3.7) is maximized by the true model
parameter 7, and we have the maximized expected likelihood as

M
p(2) =3 > ng{a log i + (1 - 7ljV)log(1 — 7))} (3.23)

m=1 ¢<l

On the other hand, the expected restricted likelihood is maximized by the
parameter array 7% under the restricted parameter space of RMLSBM. Note
that this is different from the true model parameter array @ due to the restric-
tions imposed on the parameter space. Using the transformation introduced in
Equation (3.1), the maximized expected restricted likelihood is

M
B(z) = >3 {PI10g 7% + (1 - P™)log(1 - 602}

m=11i<j
= 3 S rLon ) + (1 - ostt - )
m=11i<j

= Z > nalmy Nog d” + (1= i) log(1 = o)} (3.24)

m=1 ¢<l

The next theorem relates the difference between observed and true likelihood
with the fraction of misclustered nodes N.(2) and the expected total number of
edges L to establish a bound for the misclustering rate.

Theorem 4. Suppose the data are generated according to a K-class MLSBM
with membership vector Z and parameter array 7, the conclusion of Theorem
2 holds, and the following conditions hold with respect to the model sequence:
for all blockmodel classes ¢ = 1,..., K, class size Ng grows as s = mqin{Nq} =

Q(N/K), and over all distinct class pairs (q,1) and all classes ¢ # {q, 1},

m) (m) —(m) | —(m)
min minmax { D ﬁ‘(?) H 77“16 +r + D ﬁ'l(m) H Tae e
q,l m c 4 2 ¢ 2

_ 0 (%) , (3.25)

N.(2) = op(N). (3.26)

then

Note that condition (3.25) is very similar to condition (ii) of Theorem 3
in Choi, Wolfe and Airoldi [8] with the total number of edges for the single
layer case being replaced by the average number of edges L/M in each layer
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for the multi-graph. This ensures that any two rows in any of the layer ma-
trices 7™ of 7 differ in at least one entry by at least a constant times ]VLHIV(Z
Also, when we take into account the asymptotic conditions required on the
growth of K and L for the result of Theorem 2 to hold, i.e., K = O(N'/?) and
L = w(MN(log N)*9) with M and N both growing, then we have £, =

(log N)3+9 . . . . . . .
W(W) As argued in Choi, Wolfe and Airoldi [8], if L is close to its
LK

least possible rate of growth, /5= goes to 0 for large N and the condition
is not too prohibitive. For example, if L = MN(log N)? with 8 > 4, then
(log N)? = o(N'/?), so ]\5}{?2 goes to 0 and the condition is not overly restric-
tive.

We state the corresponding conclusion for the restricted likelihood estima-
tion (for RMLSBM) in the next theorem, i.e., the class membership assignment
vector estimated through the maximum likelihood estimation in the restricted
model RMLSBM is consistent under data generated from the MLSBM.

Theorem 5. Suppose the data are generated according to a K-class MLSBM
with membership vector Z and parameter array 7, the conclusion of Lemma 3
holds, and the following conditions hold with respect to the model sequence: for
all blockmodel classes ¢ = 1,..., K, class size Ny grows as s = mqin{Nq} =

Q(N/K), and over all distinct class pairs (q,1) and all classes ¢ # {q,l},

—(m) | —(m) —(m) | —(m)
minminmaX{D (71'((170”) H w> +D <7Tl(zn) H w>} = Q(g),

ql m c
(3.27)
then under any of the five sets of growth conditions in Theorem 3, we have

N.(2%) = op(h). (3.28)

Here g in condition (3.27) and the growth rate h depend on the asymptotic
conditions imposed on K and L. The growth rate h can be determined from
g by the relationship h = MK—J\%. In particular, (i) when K = O(N'/?), L =
w(MN (log N)3*9) with M and N both growing arbitrarily, then we have g =

LK w(%) and h = N; (i) when K = O(MN)/>~), L =
w(MN (log N)3*9) with M and N both growing so that M = O(N), then we

have g = =55 = w((%)lﬂ) and h = N; (iii)) when K = O(N'/?), L =

w(N(log N)3+9) and M = o(N), then we have g = LE = W(M) nd

N2 T N1/
h = N/M; (iv) when K = O(N'=¢/log M), L = w(MN(log N)'*° and M =
w(N), then we have g = 745> = w(log#M) and h = N; (v) when K = O(N'/?),
L is w(MN(log N)'*%) if N < (log M)**° or w(M (log M)?*9(log N)'*9) if
N > (log M)?*° and M = w(N), then we have g = &, = w((logN)HS) or

N1/2
LK log M)?19 (log N)* 19 -
g—MNz—w(( N3(/2 ) and h = N.
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Note that in Theorem 5, we have used generic notations g and h to denote
functions of the network properties such as N, K and L. The functions g and
h vary across asymptotic setups. This is so because the regularity condition
(3.27) on the difference among the elements of block model probability matrices
should be as less prohibitive as possible. Note that in our results, we have
chosen ¢ in such a way that if L is close to its least possible rate of growth,
then g asymptotically decays to 0 under the assumed asymptotic setup. This
ensures that our condition (3.27) is not overly restrictive. It also enables us to
understand and contrast the asymptotic behavior of the RMLE from a unified
point of view.

3.3. Sparse networks

The results of all previous theorems imply that for sparse multi-layer networks,
consistency can be achieved with a large number of relatively sparser graphs
as long as they together satisfy the edge density requirement. In the case when
M grows slower than N, in MLSBM we do not get any relaxation in the re-
quired growth condition on the total expected number of edges from all the
graph layers combined, and it remains w(MN (log N)3*+%) for K = O(N'/?).
However in RMLSBM we only require the total expected number of edges from
all layers to be w(N(log N)3+%) for K = O(N'/?) (Condition (iii) of Theorem
3). This implies that we only require the expected number of edges per layer
to be w(N(log N)3+9 /M) on average. For perspective, if M grows faster than
(log N)3*9, then the average number of edges per layer needs to grow only
at O(NNV), which is the sparse bounded degree regime. This case is extremely
challenging for single layer networks. However, the sufficient condition for con-
sistency of the MLE in MLSBM requires the average expected number of edges
per layer to be w(N (log N)3*?) [8] and hence the average degree per layer must
grow at least as (log N)3+9. Thus consistency in RMLSBM can be achieved with
a large number of relatively sparse layers. This is particularly important as most
modern applications of community detection in multi-layer graph fall under this
asymptotic scenario.

3.4. A Large number of communities

Under MLSBM, consistent community detection is possible when the num-
ber of communities grows as K = O(N'/2) and the total expected number
of edges is w(M N (log N)3+9) as both M and N grow. However, if we assume
K = O((MN)'27¢) for some ¢ > 0, then we require the total expected num-
ber of edges to be w(M?N(log N)*+°) which is unrealistically dense. On the
other hand, under RMLSBM consistent estimation is possible with compara-
ble edge density even when the number of communities grows faster, either
as K = O((MN)Y?7¢) when both M and N grow but M = O(N), or as
K = O(m) when N grows slower than M (Conditions (ii) and (iv) of
Theorem 3).
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4. Baseline procedures

We define three intuitively simple baseline procedures for community detection
in multi-layer networks. The first two are based on aggregating the layers of the
graph and the third one is an ensemble of results from single layer community
detection through majority voting.

The first aggregate procedure, which we call “agg-mean” creates a binary
network on the nodes by adding an edge between two nodes if they are connected
in more than half of the layers. Hence an edge between two nodes, A;79~"“*"
is a Bernoulli random variable with probability

nggfmean _ ZA('HL) S M/Q) (41)

However, this method of collapsing a multi-layer graph into a single layer graph
is not very useful for the sparse graph regimes we are interested in, because
the probability that )" Ag-n) > 1 asymptotically vanishes. This can be seen as

follows: the random variable ) AZ(-;n) is a sum of M Bernoulli random variables

with different probabilities Pi(;n)

distribution and

ZA(’”)>1 =1-—{P( ZA(m)—O +P ZA(’”)
=1—{H<1—P§"’ pr - P} =0,

k';ﬁm

. Hence Y, AE;W) follows a Poisson-binomial

if Pi(;") — 0 as N — oo with M remaining fixed. Hence the new graph created
by this procedure will have asymptotically few edges.

A more appropriate aggregate measure is to create a network by adding
edges if >~ A(-m) > 0. We call this procedure “agg-sparse”. Note that in this
case the edge between two nodes A7#/7°P*"*" is a Bernoulli random variable
with probability

PggTeparse — P(Z AT > 0)=1- P(Z A =0)=1-TJa-P5)

m

=1 —exp(— Z PM) = Z P(m) (4.2)

since Pi(jm) — 0 as N — oo. Clearly this network is also generated by a SBM
with the same community assignment vector as the original multi-layer network.
The probability of an edge, given the block assignments, can also be written in
terms of those of the original network as

PRI (5 = .y = 1) 0 Y

m
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Hence from known results on single layer SBM, a maximum likelihood procedure
will be able to recover the node assignments consistently [8]. From now on
“aggregate SBM” will refer to this sparse model. We compare this baseline
aggregate SBM with the multi-layer models, MLSBM and RMLSBM in terms
of minimax rates [43, 13] and consistency thresholds [29, 1, 16] in the next
section.

The third baseline procedure is performing community assignment through
a scheme by which a node is assigned to a cluster if it belongs to that cluster in
majority of the cluster assignments through MLEs in the individual layers. The
cluster labels obtained from different single layer MLEs are aligned with each
other by solving the linear sum assignment problem.

5. Minimax rates and consistency thresholds

In this section we derive the minimax rates of misclassification error and thresh-
olds for consistency of community detection in MLSBM and the aggregate SBM.
Note that in this section we will concern ourselves only with the problem of com-
munity detection and not with the problem of estimating the entire MLSBM
graphon [12], since we want to compare MLSBM with its collapsed version, the
aggregate SBM in terms of estimating the underlying common community struc-
ture. In particular we assume certain information about the block parameters
of MLSBM are known, while the community labels are fully unknown.

For this analysis, we further assume that all the layers are informative of the
underlying community assignments even though the quality of that information
in terms of “signal to noise ratio” can vary, i.e., either all layers have more intra-
community edges compared to inter-community edges or vice-versa. Formally,
wé’,}“) > 77(571) for all ¢,1,m, or 77((12”) < 77(5?1) for all ¢, 1, m. To align notations and
settings with Zhang and Zhou [43], we slightly modify the growth condition on

N sN

class sizes of Theorems 4 and 5 as N, € [, %] with s > 1 and redefine the

parameter space of our undirected symmetric MLSBM with no self loops as

alm

N sN (m)
] ,Vq7Pij > N

_ (m)vy .
OVE(N, K, M,a,b, §) —{(z7 (PIM}): N, € L_K -

m pm)

with P, z, Ny, s, N, K, M as defined previously. Note that the parameters al™
and b("™) represent the lowest intra-community probability and the highest inter-
community probability for layer m respectively. As per assumption, a(”™) > (")
within a layer m, however there is no assumption among the relationships of the
parameters across layers. We define 1™ as the Renyi divergence [42] of order

1/2 between two Bernoulli distributions Bern(“(;)) and Bern(%)7 ie.,

) pm) (m) b(m)
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Let Z denote the true community labels of the MLSBM and Z be an estimate of it.
Then we define the mis-clustering rate of Z with respect to z up to permutations
as

r(z,2) = i%f di(z,0(2))/N,

where §(-) is a permutation of the community labels and dg(-) is the Hamming
distance. Then we have the following result for MLSBM (proved in Appendix
B).

sz I(rn,

)
Theorem 6. Under the assumption that Khgk~ — 09 then

NY 7(m)
—( NEn ™y K =2
inf sup E[r(z,2)] = § “PC TN T K2
Z oML exp(—(1+eny)—=2—), K >3,
NZ’HL I(Tn)

for any s € [1,1/5/3] and some sequence ex = o(1). Moreover, if —=%— =
O(1), then inf; supgur E[r(Z,2)] > ¢ for some constant c, i.e., at least a con-
stant fraction of nodes are mis-clustered.

The above theorem implies that for MLSBM, minimax risk of error decays

(m)
exponentially and if % — 00, the rate goes to 0 asymptotically, i.e., exact

recovery of community labels is possible. Moreover from the proof of Theorem 6
in Appendix B, there exists a procedure which achieves this rate. On the other
hand if %j(m) = O(1), then the minimax risk of error is lower bounded by
a constant (see the part on lower bound in the proof in Appendix B) implying
that consistent recovery is not possible in such situations.

Since the model “agg-sparse” is itself a single layer SBM and ), pm >

ij
Yom “x,n) if zg =z;and ) Pgn) <> b(NM) if z; # z;, then defining 1*99 as

1999 — _210g ( \/ ij\?(m) Yom A?(m) N \/ . ij,\?m) 1 _ Zm b(m)

N )
(5.4)
we have the following result using Theorem 1.1 of Zhang and Zhou [43].
Theorem 7. If IJ(VIIO:;( — 00, then
—(1 NIYIY 9
inf sup E[r(z,2)] = exp(=(1+ EN)NIQagg)7 ’ (5.5)
2 @agg exp(—(1 +en)™55), K >3,

for any s € [1,4/5/3] and some sequence ex = o(1). In addition, if Nﬁgg =
O(1), then inf; supgaes E[r(Z,2)] > ¢ for some constant c, i.e., at least a con-
stant fraction of nodes are mis-clustered.

The previous two theorems state results about the fundamental properties of
the two models which allow us to compare the models without going into the
specifics of the method used to compute the class assignments in practice.
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Since the Renyi divergence I™ > 0 for all m, we have Y 1™ > (™) for
all m. Hence the minimax rate for MLSBM is lower than all individual single
layer SBMs. Moreover, since Renyi divergence is convex, we have % Yomd (m) >
ﬁ[ 299 asymptotically. This can be shown using Jensen’s inequality with the con-

p(m)
a('m)

cave functions log(z) and \/z = (see Theorem 11 of Van Erven and Har-

(m) _p(m)
remoés [42] for a proof), and then noting that asymptotically I(™) < %

[43]. Hence the minimax rate of MLSBM is at most that of the aggregate graph.
Note that equality in the above inequality is achieved if and only if all the I(™)s
are equal and % is equal for all m. We recognize the quantities % and 1(™)
as signal to noise ratios in the mth layer. Hence the MLSBM has lower minimax
rate compared to the aggregate SBM as long as the signal quality in different
layers varies.

This result will be intuitively apparent if we note from the proof of the above
theorems that, given the parameters are known or accurately estimated, the
penalized maximum likelihood (ML) decision rule, which attains the minimax
rate of error in MLSBM, weights the edges from different layers by ¢(™ before
adding. The penalty terms also get weighted by k(™) before being added. The
a™ (1™ /N)
b0 (1—alm /N)
to noise ratio. Hence, layers with high signal to noise ratio, i.e., high quality in-
formation for the purpose of community detection, get more weight. In contrast,
the penalized ML decision rule in aggregate graph SBM by construction adds
layers without weighting. Hence intuitively the result on minimax rates makes
sense, since if all layers contain the same amount of information, then it is im-
material if the decision rule weights the graphs by information content or not,
but in all other cases giving more weight to the more informative layer pays off.

quantity ¢(™ = log can be thought of as a measure of the signal

Moreover, while it is clear that MLSBM has lower minimax rate than indi-
vidual layer SBMs, it is not true trivially for the aggregate graph. Since I(") can

. . . . . (m) _p(m)y2
be written in terms of signal to noise ratio as I(™ = %, consequently

for 1#99 to be large, the sum of the probabilities a(™ and Dom b(™) must
be well separated. This is not always guaranteed as large a(™)’s and b(™)’s with
relatively low difference can overshadow a large difference in smaller a("™)’s and
b(m)’s while adding. We will take this point up again in the next section where
we discuss thresholds for consistency.

We note that the model RMLSBM is a MLSBM with a restricted parameter
space II7. Hence Theorem 6 will give the minimax rate under the restricted pa-
(¢((Lm)_¢£m>)2

¢L(1m)N bl
where ¢ is the transformation of the parameters in RMLSBM as defined before.
In particular, we have logit( ,Sm)) = a + By,. The rate for the aggregate SBM
under RMLSBM can similarly be obtained using Theorem 7 with %99 being

(m) _ (m)\2
1999 = om0 2w ") Thig implies that (a) if RMLSBM is the true data

¥ 08N
generating model then it has lower minimax rate compared to each of the indi-

vidual layers, and (b) by the earlier discussion it also has lower minimax rate

rameter space with the divergence in the mth layer being (™) =
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compared to the aggregate SBM constructed from a RMLSBM graph, since

¢'£Lm) =14+ exp(a—b)—1

im) 1+exp(a+LBm)

neither 70™ nor the ratio is equal for all m.

5.1. Consistency thresholds

We derive thresholds for strong and weak consistency for community detection
[29, 1] in MLSBM and the aggregate SBM under two scenarios: sparse graph
with average degree per layer o(log n) and ultra-sparse graph with average degree
per layer o(1).
In the first case, let a(™) = agm) log N and b(™ = aém) log N with agm) >
g"” > 0 for all m. Then Corollary 4.1 of Zhang and Zhou [43] gives that
assuming K = N°U) | the threshold for the existence of a strongly consistent

m) | (m)
estimator for the mth layer SBM is M > 1. Hence for the aggregate
Yo

(m
SBM this threshold is \/ K\/Z”‘ > 1. Clearly, if the threshold is met

in each of the layers, then it Wlﬁ/b_e met in the aggregate SBM as well. However
in a more realistic case where this threshold is not met in all the layers, whether
the aggregate SBM will have a strongly consistent estimator or not will depend
on whether the sum of probabilities meets the threshold of well separation or
not, which in turn will depend on the relatively denser layers. To see this, note

m) m

that this threshold can be written as —2m > v/ K. For aggregate
JZ m>+¢2m af™

graph, the denominator of this quantity is dominated by the dense layers, and

hence the difference in a and b must be large in dense layers for the aggregate
to be consistent. In other words, strong signals in sparse layers will get ignored
if the signal in dense layers are not strong.

On the other hand, for MLSBM, strong consistency is achieved if any of
NIU™
K

— o0 or their sum goes to infinity. This implies that the threshold is

(my_ [ )
Yom % > 1, which is achieved if at least one of the layers achieves
consistency threshold or the layers together achieve the threshold. By the ar-
gument before, this threshold consists of sum of normalized signal to noise

ratios, hence all layers, dense or sparse, get equal weightage in determining
the threshold. The consistency threshold for RMLSBM using Theorem 6 is

T falm
\/ 222 5 1, where ¢\™ = ozg”(;) log N and gb,()m) = (m) » log N with

agw(;) > ozé ¢) > 0 for all m. The corresponding threshold for aggregate SBM
\/Z (m) \/Z (m)

generated from a RMLSBM is > 1. Here we note that the
threshold for RMLSBM is also the sum of normalized signal to noise ratios.
However since the parameter space is restricted, the difference between inter
and intra community parameters are uniform across layers, and variations in
the aforementioned sum only come from the normalizing factor due to the layer
specific sparsity parameter.
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Qualitatively, the minimax rate and consequently the threshold in MLSBM
take into account variations in both signal quality and sparsity while adding
contributions from different layers. RMLSBM tries to estimate the signal to noise
ratio in each layer by two parameters, one global parameter which signifies the
aggregate signal quality, and the other layer specific parameter which signifies
sparsity. Hence although RMLSBM ignores the variation in signal quality, it
attempts to reduce the undue influence of dense layers by taking into account
the variation in sparsity. The aggregate SBM, on the other hand, does not
take into account either the signal quality or the sparsity, and hence is heavily
influence by dense layers irrespective of signal quality. Hence both RMLSBM
and aggregate SBM would perform well if all the layers have similar signal
strength and similar density. If the layers do not have similar density but the
signal strength across layers can somewhat be well approximated by an average
signal strength, RMLSBM will still be able to detect it through the noise and
perform well. Clearly, RMLSBM and aggregate graph will not perform well if
both signal strength and sparsity of layers vary widely, and we need to resort
to MLSBM in such cases.

In the bounded degree case, while consistent recovery is not possible in each
of the layers since the graph is not fully connected (only detection is possi-
ble), a consistent recovery is still possible in the multi-layer models. The con-
dition for consistent recovery in MLSBM with a(™ = o(1) and (™ = o(1) is

Yom % — 00. Note that the condition for detection or weak recov-
ery defined as finding a partition correlated with the true community structure

e s a—b
for two communities is =% > 2 (27, 28].

6. Estimation using mixture model approach

Simultaneous maximum likelihood estimation of parameters and class assign-
ments in the stochastic blockmodel is a difficult problem [34, 8, 37]. The same
difficulties remain in the MLSBM and its restricted version. The MLE and
RMLE obtained in Section 3 by maximizing the profile likelihood is not com-
putationally feasible. Consequently, to obtain an estimation algorithm here, we
view the MLSBM as a mixture model with discrete latent variables Z. In this
case, Z; is a latent random variable that follows a multinomial distribution with
K parameters: Z; ~ Mult(l,a = (o, 9, ...,ak)). We follow the framework
laid out by Daudin, Picard and Robin [10] to simultaneously estimate the block
parameters and the class assignments with variational EM technique. We de-
scribe the technique briefly here. See Matias and Robin [26] for a comprehensive
review of the technique. Note that the data log likelihood can be written as

(A a,m) =l1(A, Z,a, ) — I(Z|A, o, ),

where (A, Z,a, ) is the complete data log-likelihood. The likelihood of the
observed data can be obtained by summing the complete data likelihood over
all possible values of the unobserved missing class assignment labels Z. However,
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note that the number of all possible assignments grows exponentially as KV,
and the sum quickly becomes computationally intractable even for moderate
N. Hence instead we use the EM algorithm for mixture models. However one
needs to compute the conditional distribution P(Z|A). Unfortunately, as argued
by Daudin, Picard and Robin [10], P(Z|A) is itself intractable and can not
be factorized since the probability of the latent class assignments of a node
depends not only on the observed edges connected to that node, but also on the
connectivity pattern of the whole network.

The variational approximation solves this problem by approximating this
conditional distribution with a distribution from a suitable class of distributions
that can be factorized easily. In particular, we concentrate our search to the
class of multinomial distributions R(-). Taking expectation with respect to the
variational approximating distribution for Z gives

(A, a,m) = ERll(A, Z,a,m)] + H(R) + KL(R||P(Z|A))
> ERrll(A, Z,a, )] + H(R) = Jg, (6.1)

where H(R) is the entropy of R [26] and K L(R||P(Z|A)) is the Kullback-Liebler
(KL) divergence between the distributions R and P(Z||A). The inequality fol-
lows since the KL divergence is always non-negative. The data likelihood is
approximated in the variational inference framework by maximizing Jp with
respect to the approximating family of distributions R. If the approximation
to the distribution coincides with the distribution, then the KL divergence is
zero and the variational approximation is the same as the regular EM. Here we
constraint R to have the following form of the product of multinomial densities

rz) =111 T,

where the parameters 7;, are known as variational parameters.

The derivation of update rules for MLSBM are straightforward extensions of
the corresponding formula in Daudin, Picard and Robin [10] and are omitted in
this paper, while the update rules for RMLSBM have been derived in Appendix
A. The update steps for MLSBM and RMLSBM are also provided in Appendix
A under Algorithm 1 and Algorithm 2 respectively.

7. Hypothesis testing for multi-layer network modeling

The discussions in this paper have so far assumed the existence of an underlying
community structure and different layers of a multi-layer network are different
manifestation of the structure. Hence all the layers share some commonality
in community structure giving justification to multi-layer network modeling.
However, one question that still remains is how one determines in practice if a
multi-layer network has enough commonality in community structure so that it
should be modeled with a multi-layer model as opposed to modeling each of the
network layers independently. To answer this question we develop a hypothesis
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testing framework with a likelihood ratio based test statistic. Let us consider
independent modeling through SBM in each layer, where each layer has a latent
random variable Z(™) m =1,..., M, associated with it that indicates the com-
munity structure prevalent in that layer. Then the hypotheses we are testing
are

Hy : Z(l), e ZM) are independent, versus
Hy:7ZW =... = z(M),

From the previous section, the data log likelihood is approximated in the vari-
ational inference framework by the function Jg. Maximizing Jg within the class
of distributions R then approximately maximizes the data log likelihood. Hence,
in this framework the log-likelihood ratio test statistic can also be approximated
as

A= Z sup l(A(m),oz(m),ﬂ'(m)) - supl(A(l)7 o AMD g ,7T(M))

z

)

m Zm)
!
~ E sup Jp(m) — sup Jg,
< R(m) R

where Jg is defined in (6.1) and J5,,, has the same expression as (6.1) for single
layer SBM. We circumvent the difficulty of deriving asymptotic distribution of
the statistic through parametric bootstrap. For this purpose we fit Hy to the
multi-layer network, which under the null hypothesis implies that we fit a SBM
to each layer independently through variational EM. Then we use the fitted
SBMs to generate the M layers of a multi-layer network and calculate the test
statistic A. By generating a large number of such multi-layer networks, we have
multiple values of the test statistic which give us an empirical estimate of the
distribution of A under the null hypothesis. Comparing our observed value of
the test statistic against this empirical distribution gives us a p-value for the
test.

8. Simulation results

In this section we numerically test the asymptotic results and compare the per-
formance of the methods through a simulation study. We generate data from
the more general model, MLSBM. We then compare the relative performance
of the two multi-layer methods described here (MLE and RMLE) with single
layer methods, a competing method called spectral clustering on the mean ad-
jacency matrix (Spectral.mean) due to Han, Xu and Airoldi [17], and baseline
methods such as majority voting and MLE in aggregate SBM. Note that the
Spectral_mean algorithm applies spectral clustering to the weighted adjacency
matrix obtained by taking the mean of the adjacency matrices from all layers
and there is no binarization involved. The comparison is done under various set-
tings on the number of nodes N, the number of communities K, the number of
types of relations M, and the expected total number of edges L. Note that in the
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theoretical analysis we could prove that the MLEs in MLSBM and RMLSBM
are consistent under varying sufficient conditions. Therefore we conjectured that
it is of some advantage to use RMLSBM over MLSBM in situations where K is
large or the average degree of nodes across the layers is low. Here we validate the
conjecture by designing simulation studies that closely resemble the asymptotic
conditions.

Since the true class labels of the nodes are known in simulated data, we
compare the class assignments from different methods with the true labels. We
use correct clustering rate (CCR) and normalized mutual information (NMI)
as measures of similarity between partitions. The CCR counts the fraction of
nodes whose cluster assignment matches the true class label (as determined
by the true class label of the majority of nodes in that cluster). The higher
the CCR, the better the performance of the clustering method. The NMI is
an information theoretic measure of the mutual dependence or similarity of two
random variables. The NMI takes values in the range of 0 to 1, with 0 indicating
random cluster assignment with respect to the true class labels, and 1 indicating
perfect match between the true and assigned clusters. If NMI is 0, it means even
though the cluster assignment was not completely random and done according
to some algorithm, the solution presents no information regarding the true class
labels. Since the results in terms of CCR are very similar to that of NMI, we
omit those results here to save space.

In all the simulation studies we repeat the experiments 40 times and take the
average of our measures across them. We first generate the node labels inde-
pendently from a multinomial distribution with probabilities P(Z; = k) = «y.
Then we generate the data using the node labels and M different connectivity
matrices, all of which give larger probability to connections within groups in
comparison to the connections between groups. However, we vary the “signal to
noise ratio” (SNR) from layer to layer by varying the ratio of the diagonal and
off diagonal elements of the parameter matrix.

We consider two scenarios: (i) all layers are sparse and have strong SNR, (ii)
the layers are mixed in terms of sparsity and signal strength in the following
way: two layers are sparse and have strong signal, two layers are dense and have
weak signal, and one layer is dense with strong signal. While the first scenario is
a rather idealistic scenario where all layers are “similar” in the sense that they
are sparse and strongly informative about the underlying community structure,
the second scenario (also considered in Papalexakis, Akoglu and Ience [35]) is
more realistic in applications. For the first scenario, the SNR is kept at 3—4 and
sparsity is varied slightly from layer to layer in such a way that variational EM
algorithm for community detection on each of the layer individually gives very
similar performance. The connectivity matrix parameters are then sampled from
a uniform distribution within a small range so as to maintain SNR requirement
while having different values for each of the entries of the matrix. For the second
scenario, the informative strong signal layers have a SNR of 3 while the non-
informative weak signal layers have a SNR only marginally greater than 1. We
again sample the actual values of the parameters from a uniform distribution
within a small range.
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The initial guess for the variational algorithm in both MLE and RMLE is
obtained by a two step procedure. On a randomly selected layer we first run
spectral clustering to generate an initial guess and then we use this to run a
variational EM algorithm on that layer. We use the class assignment and fitted
SBM parameters from that layer as our initial guess for the MLSBM parameters.
In our simulation results described below, the final solution of class assignments
for both the MLE and the RMLE mostly turns out to be an improved estimate
of the true class assignments irrespective of which layer we choose to initialize
the method.

8.1. Fixzed K and M while N increases

In this simulation, we take M = 5 types of edges or network layers, each with
a separate connectivity matrix inducing a different network according to the
schemes described above. We keep the number of communities K fixed at 10
and vary the number of nodes N from 100 to 600. The aim of this study is to
compare the methods in terms of the number of nodes required to achieve a
consistent estimation of community assignment with moderately low number of
communities. Figures 2(a) and (b) display the results from this study for the
two scenarios respectively. Clearly the MLE in MLSBM and RMLSBM reach
NMI of close to 1 faster than the single layer ones as well as majority voting
as the number of nodes increases. The MLE in RMLSBM performs better than
the MLE in MLSBM in both scenarios, when the number of nodes is small and
consequently the graph is sparse. The MLE in aggregate SBM performs simi-
larly to that in MLSBM and RMLSBM for the first (all strong signal) scenario
(Figure 2(a)), however it performs poorly for the second (mixed signals) scenario
(Figure 2(b)). This shows that aggregating edges across layers works fine if the
information quality is similar across layers, but it is not robust if the information
content changes across layers. The performance of spectral clustering on mean
adjacency matrix also corroborates that. While its small sample performance
is generally better than MLSBM or RMLSBM, its performance with increasing
number of nodes becomes unsatisfactory, especially in the mixed signal quality
case. Also note that spectral clustering on mean adjacency matrix is expected to
perform better in general than the MLE of aggregate SBM as some information
has been lost due to the conversion of the mean adjacency matrix into a binary
graph as discussed earlier. The accuracy of majority voting behaves similarly to
the single layer ones.

8.2. Fixed N and M while K increases

In this simulation, we test the performance of the multi-layer methods against
the single layer and baseline methods with increasing number of communities.
We fix the number of nodes N and the number of layers M at 400 and 5
respectively, while we let K increase from 3 to 18 in steps of 3. The results
from this simulation study are displayed in Figures 2(c) and (d). Whereas the
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F1c 2. Comparison of the performance of various methods for three simulation settings under
two scenarios: all layers are sparse and have strong SNR (left column: (a)(c)(e)), and the
layers are mized in terms of sparsity and SNR (right column: (b)(d)(f)). (a, b) fized K = 10
and M = 5 while N increases from 100 to 600; (c, d) fivred N = 400 and M = 5 while K
increases from 8 to 18; (e, f) fixted N = 300 and K = 15 while M increases from 3 to 12.
The legend in Figure (b) is common to all figures. SBM_best indicates the result from the best
performing MLE in the single layer SBMs.

accuracy of community detection in all the single layer methods and the majority
voting decreases rapidly with increasing number of communities, the multi-layer
methods explored here, especially the RMLSBM, perform well even with a large
number of communities. Between RMLSBM and MLSBM, RMLSBM clearly
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outperforms MLSBM in Figure 2(c) as the number of communities grows. This
simulation also serves as a test of robustness of RMLSBM for small number of
communities. We notice that in both scenarios, RMLSBM behaves similarly to
MLSBM and does not break down for small number of communities. Although
the Spectral_mean algorithm also appears to perform quite well with increasing
number of communities in both scenarios, we notice that its performance with
small number of communities is not satisfactory and worse than even the MLE
in single layer SBM. This observation can also be expected from our theoretical
comparison of MLSBM with an aggregate model in terms of minimax rates.
With small number of communities there is enough data to estimate the MLE
in both MLSBM and RMLSBM quite well, and the two proposed multi-layer
methods outperform methods based on aggregating, especially when the density
and signal quality in the layers are heterogeneous. The MLE in aggregate SBM
does not have the same flaws as Spectral_mean in the case of small number
of communities perhaps due to the sparse binarization, but its accuracy also
quickly drops as K increases (Figure 2(c)). In the mixed signal scenario, the
MLE in aggregate SBM performs much worse compared not only to MLSBM
and RMLSBM, but also to majority voting and the best performing MLE among
the individual layers.

8.3. Fixed N and K while M increases

In this simulation, we keep the number of nodes N and the number of communi-
ties K fixed at 300 and 15 respectively, while we increase the number of layers M
gradually from 3 to 12. For this simulation, each layer of the multi-layer network
was generated from a K-class SBM with a simple connectivity matrix given by
Prwx = Mg +el gy —eli. In the first scenario, where all layers are sparse and
have strong signals, the parameters are ¢ = 0.10 + U(—0.02, 0.02) and A = 3e.
In the second scenario we let both sparsity and signal strength vary across the
layers, and consequently have two types of layers. For the strong sparse layers
the parameters are e = 0.08 + U(—0.03, 0.03) and A\ = U(3, 4)e, while for the
dense weak signal layers we have the parameters as ¢ = 0.22 + U(—0.03, 0.03)
and A = U(1.3, 1.8)e. Here U(a,b) is a random number generated from the
uniform distribution between a and b. Note that this second scenario would be
a good test of the robustness of different multi-layer methods.

We compare the performance of MLE in MLSBM and RMLSBM with ma-
jority voting, aggregate SBM, and spectral clustering on the mean adjacency
matrix in terms of the accuracy of community detection in Figures 2(e) and
(f). The curves for majority votes in both figures remain almost flat with in-
creasing number of layers, indicating that the accuracy of community detection
does not improve with more layers. The MLE of aggregate SBM performs well
initially, but its accuracy quickly falls with increasing number of layers as the
model assumption that ) AZ(»;") > 1 with vanishing probability breaks down.
However the Spectral_ mean algorithm does not have any such assumption and
its accuracy continues to rise. While in the first scenario of all strong signal
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layers Spectral_mean performs the best among the competing procedures, its
relatively weaker performance in the second scenario shows it is not very ro-
bust against the presence of noisy layers. For MLSBM, the accuracy increases
initially, however the improvement slows down and both curves in Figures 2(e)
and (f) flatten with increasing layers. This is because the number of parameters
to be estimated also keeps on increasing fast with increasing number of layers,
which contributes to less efficiency. For RMLSBM the accuracy of community
detection in the all strong scenario generally increases with increasing number
of layers and it outperforms MLSBM. However, in the mixed signals case the
performance of the two methods are comparable.

The three studies clearly point out the advantages of the multi-layer methods
over the single layer ones and the baseline ones, as well as the relative advantage
of RMLSBM over MLSBM within the scope of the simulations.

8.4. Computing time

We have also compared the computing time of each of the algorithms in one of
our simulations, namely the scenario where all the layers are sparse and have
strong signals, with fixed K = 10 and M = 5, while N increases from 100 to
600. A box plot of the computing times in seconds from several repetitions of
the simulation is displayed in Figure 3. This experiment was performed in the
software R with repetitions computed in parallel using 8 cores of a 2.5 GHz,
16-core, x-86_64 linux machine. The average computing time for variational
MLE of individual layer SBMs fluctuates but most of the time increases with
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increasing N as expected. Surprisingly, the computing time of MLSBM some-
times decreases with the number of nodes while that of RMLSBM and spectral
clustering generally increases. This is probably due to two reasons. First, most
of the computational complexity of variational MLE in MLSBM stems from
the iterations in the EM step, which converge faster with increasing number of
nodes, even though each of those steps takes more time to compute. Another
factor contributing to faster convergence is improved initial guesses supplied by
the variational MLEs in the individual layer SBMs. While the improved initial
guesses and faster convergence are also true for RMLSBM, another significant
source of complexity for RMLSBM is the gradient descent algorithm in the M
step, whose complexity increases with increasing number of nodes. The Spec-
tral_mean algorithm is the fastest in small samples, however its computing time
steadily grows with increasing N as expected. The computing time for aggregate
SBM behaves similarly to the average computing time in individual layers, but
with even larger fluctuations. We also note that all the computing times are
under a minute in our experiment.

9. Twitter UK politics dataset

In this section we test our methods on a real dataset on interactions between
British Members of Parliament (MPs) in the social networking site Twitter cu-
rated by Greene and Cunningham [15]. Although the original dataset consists
of 419 nodes, we only considered the largest subset that is connected across
all layers for our analysis. Hence our multi-layer network consists of 381 nodes.
The different layers of network we have correspond to three direct relations:
“mentions”, “follows” and “retweets”, and three derived relations: “mentioned
by the same person (co-mentions)”, “followed by the same person (co-follows)”,
and “retweeted by the same person (co-retweets)”. All relations are assumed
to be binary by assigning one if the relation is true for at least one case (e.g.,
if at least one person follows both MP i and MP j, then the relation “co-
follows” between the two MPs is true). All the relations individually can be
represented as graphs. For the graphs with direct relations, “mentions”, “fol-
lows” and “retweets”, a directed edge from node ¢ to node j implies that MP
¢ mentioned, followed or retweeted respectively MP j at least once in his/her
tweets. We converted all directed edges into undirected edges for this analysis.
Average degrees of nodes in different network layers are presented in Table 1.
Note that among the direct layers, “follows” is relatively dense compared to
“mentions” and “retweets”, while the derived networks are overall much denser
compared to the direct ones.

The goal here is to cluster the MPs into communities based on the information
about their twitter activities. The ground truth communities are known to be

TABLE 1
Average degrees of nodes in different network layers for Twitter UK politics data

Mentions  Follows Retweets Co-Mentions Co-Follows Co-Retweets
58.48 98.34 31.88 361.51 297.21 147.56
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F1G 4. The parametric bootstrap distribution (based on 800 samples) of the log likelihood ratio
test statistic. The observed value of the statistic is marked.

consisting of five communities corresponding to the political affiliations of the
MPs: 152 Conservative, 178 Labour, 39 Liberal Democrat, 5 SNP and 7 Other
MPs. The clustering quality is assessed through NMI and CCR as before.

Although we have argued earlier in the introduction justifying the use of
multi-layer model with common community structure for modeling this net-
work, here we augment the argument quantitatively by applying the parametric
bootstrap based hypothesis testing procedure developed in Section 7 to this
dataset. The value of the log likelihood ratio test statistics is —12201.12. The
distribution of the test statistic obtained through parametric bootstrap is pre-
sented in Figure 4. The observed value of the statistic clearly falls outside the
range of the simulated values from the parametric bootstrap. Hence the empir-
ical p-value is 0 and we reject the null hypothesis of independent community
assignments in each layer. Consequently we conclude that the network needs to
be modeled with multi-layer models.

Part (a) of Table 2 reports the performance of the algorithm for the six
individual layers considered. Note that the performance of the derived networks
is worse compared to the direct ones despite being denser. Clearly the signal
in favor of the ground truth is stronger in the “direct networks” compared to
the “derived networks”. The performance of majority vote, MLEs in aggregate
SBM, MLSBM and RMLSBM on multi-layer networks constructed from the
three direct layers and all layers together are given in part (b) of Table 2. In both
cases the multi-layer methods outperform the baseline methods, and between
the two multi-layer methods, RMLE outperforms MLE. From the results for
direct networks, we note that the performance of multi-layer methods is not
affected by inclusion of relatively sparse layers (“mentions”, “retweets”) and
multi-layer methods perform better than the densest layer (“follows”), as long as
all the signal strength is high. However the performance deteriorates as the signal
quality becomes bad with the inclusion of poor performing derived networks.
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TABLE 2
The NMI and CCR for Twitter UK politics data

Measure | Mentions Follows Retweets Co-Mentions Co-Follows Co-Retweets
NMI 0.4522 0.5992 0.4610 0.3449 0.2520 0.4009
CCR 0.8182 0.9022 0.7926 0.7565 0.7053 0.8136

(a) Individual network layers

NMI CCR
Majority Aggregate MLSBM RMLSBM | Majority Aggregate MLSBM RMLSBM
SBM SBM
Direct | 0.5213 0.5819 0.6764 0.6821 0.8477 0.8871 0.9527 0.9553
All 0.3825 0.3326 0.5428 0.6250 0.7217 0.7506 0.8393 0.9107

(b) Combined network layers
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F1c 5. The adjacency matrices of the three layers: (a) mentions, (b) follows and (c) retweets,
sorted according to the common community labels obtained from maximum likelihood estima-
tion in RMLSBM. The colored grid lines indicate community partitions.

RMLSBM is more robust towards such layers with poor signal compared to
MLSBM. The MLE in aggregate SBM performs poorly in the full network due
to the number of layers in that network being too large.

A sparsity pattern plot of the adjacency matrices of each of the three lay-
ers from the network, sorted according to the common community assignment
obtained from the MLE in RMLSBM, is presented in Figure 5. The red grid
lines indicate the community partitions for the five communities. It can be easily
seen from the figure that the intra-community connections represented in the
diagonal (from bottom left corner to top right corner) are denser as compared
to inter-community connections in each of the three layers.

10. Discussions

In this paper we extended the stochastic block model to the multi-layer set-
tings with two related models, MLSBM and its restricted version RMLSBM.
The community assignments through maximum likelihood estimation in both
models are shown to be consistent under data generated from the more general
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model MLSBM with suitable conditions on the growth rate of the number of
communities, the number of types of layers, and the total number of edges of
the multi-layer graph. We also derived minimax rates of error and thresholds
for consistency of community detection in MLSBM, RMLSBM and a baseline
model, the SBM obtained by aggregating the layers. We compared the pro-
posed methods with the MLEs in single layer networks, spectral clustering on
the mean adjacency matrix, as well as two baseline methods, MLE in the aggre-
gate SBM and majority voting, through results on asymptotic consistency and
simulation.

We demonstrate advantages of the MLE in RMLSBM over the MLEs from
single-layer SBMs as well as the majority voting and the MLE in MLSBM,
through a combination of asymptotic consistency analysis and simulation stud-
ies, when either the number of communities is large or the graph layers are rel-
atively sparse. This includes the case when the individual layers have bounded
average degree, which is an extremely challenging case for single layer networks.
We would like to emphasize that handling the bounded degree case would not
be possible with the usual MLSBM extension. Both the baseline methods suf-
fer from deficiencies that limit their abilities to detect communities in multi-
layer networks effectively. While the aggregation of graphs performs poorly
if the community structure information contained in different layers are het-
erogeneous, the majority voting fails to infer community structure correctly
from a large number of layers with weak signals. The observations of this pa-
per are in line with previous work in regression settings where a parsimonious
model with similar accuracy is preferred over a model with a large number of
parameters. The RMLSBM approximates the MLSBM quite well with fewer
parameters for most multi-layer networks which are sparse or have a large
number of communities. Hence in such cases the RMLSBM outperforms the
MLSBM.

Appendix A
A.1. Derivation of variational inference for RMLSBM

We derive the update rules for RMLSBM. Note that for the restricted model,
the complete data log likelihood is given by

I(A, Z)

I(A1Z2)+1(2)

S Zuta + 5 30503 ZuZi A G + )
i q

i#j gl m

—log(1 + exp(7q + Bm)}

In the E step of the following variational EM algorithm, we compute the
variational approximation estimates of the probabilities of class assignments for
each node. Given the model parameters «a, m, 3, the variational parameters 7
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Algorithm 1: Variational EM algorithm for MLSBM

while either convergence criterion on parameters not met or t < tymas do
// E-step: Compute variational estimates 7 = {74}
while either convergence criteria on T are not met or s < Smagz do
for i + {1,2,...,N} do
for ¢ < {1,2,...,K} do

AZ(qurl _ exp[oc(t) § zlzz (5){A(m) qlm +(1- Az(;n))(l _ frc(;zn)}]
i<jl m

s=s5+1
end
end

end

t+1 t+1 A (t+1
Tl(q ) _ )/ Z ( )
// M-step: Estlmate the parameters
for g < 1 to K do

N
(41 1 (D)
Gy =5 eriq

=

for m <+ 1 to M do
for [ + 1 to K do
DD 40
A(H—l) Tiq
l ~(t4+1) . (t+1
Tqim iE:jTi(q )T](l )
end
end

end
t=t+1

end

can be computed by maximizing the function

Jr=2_ Tigloglay) + % SN ZiZif ALY g + Bw) - (A)

i#j gl m
— log(1 + exp(7rg + Bm)} - Z Z Tiq10g(Tiq)
ioq

with the constraint that > 7, =1 for all i. The solution for the (¢ + 1)th EM
step can be readily obtained as

) =exp fa “)ZZZ FLAGY )+ B log(1 -+ exp(#() + BW))}].

i<j

In the M step we estimate the parameters of the model by maximizing the
conditional expectation of the complete likelihood with respect to the parame-
ters. Since we do not have a closed form solution for the parameters m and /3,
we use a gradient descent algorithm (BFGS optimization algorithm) to simulta-
neously optimize the objective function with respect to all the parameters. The
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Algorithm 2: Variational EM algorithm for RMLSBM

while either convergence criteria on parameters are not met or t < tmas do
// E-Step: Compute variational estimates 7 = {74}
while either convergence criteria on T are not met or s < Smaez do
for i < {1,2,...,N} do

for ¢ < {1,2,...,K} do

T<s+1> _
exp[a“) S YA @ + B —1og(1 + exp(7() + B
1<jl m
s=s+1
end
end
end

// Normalize the variational estimates so that they sum to 1 for each ¢

K
,f_i(;‘i’l) — ,f_z(;"’l)/ Z 721(;+1)
q=

// M-step: Estimate the parameters
for g+ 1 to K do
L (t41 1 t+1
( ) _ L 21 4 (t+1)
end
// Use BFGS optimization method to find the parameters
(,ﬁ.(i+1)7 3(t+1)) = arg IHaXJ(TK', 6)

B

t=t+1
end

gradients of the objective function with respect to w and 5 are

SONN (O
o — Y Y0 ( m) __XP(Ty + ) > (A.2)
aﬁ'r(rtz — o ij 1 +eXp( (t) ﬁ(t))
(t) A(t)
9 #0540  4m) exp(fg + Bm’)
- - (A.3)
awf;; ; zm: A5 1+exp(7f) + B%)

The two algorithms corresponding to the two models are described in Algorithm
1 and Algorithm 2 respectively.

Appendix B

B.1. Proof of Equation (3.16)

(45 2) - 15(2)

A(fz)v 1— Ag@)
-y {A§;”> log <W> +(1—- A7) log (W) } +X - E(X)

m i<j ZiZj — Pziz;
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=22 {AE;”)ﬁqum—wa —Bm) — log < Lt exp(fy + >}+X—E(X)

m i< 1+ exp(q + Bm)

= Z(ﬁ'ql — Tq1) Z Z AE?)I{Zi =q,z; =1} + Z(Bm - Bm) Z Az(';'n)

q<li moi<j m i<j

—Zanllog < 1+eXp(ﬁ'ql + Bm ) —|—X—E(X)

m <l 1+ exp(ﬁ-ql + Bm)

= (g — g Y S0+ > (B = Bn) D naidl),

q<l m q<l

B 1+ exp(7tg + Bim) _
22 marloe (1 Fexp(gt Bm)> X B

3 (m) OB ; L- ¢
:Zznql{¢(ng log (g(mgl +(1_¢Eg)qz) log — 2 }-i—X—E(X)

(m)
m q<l (2)ql 1-— ¢(z)ql
=33 naD (650, 11 650 + X — B(X), (B.1)
m  gq<l

B.2. Proofs of consistency results

Before we describe the proves of Theorems 1 and 2, we need the following lemma.

Lemma 1. For a fived z, let 7.y = {frggél; qg,lef{l,....K}, me{l,...,M}}
denote the MLE of the parameters of MLSBM, and let frg) = {(ﬁ-(z)qhB(z)nz);

g <l qgle{l,.... K}, me{l,...,M}} be the MLE of the parameters of
RMLSBM. Then for any z, we have the size of the set of all possible values that
Ti(z) can take as

)

MK (K+1)
A N

II < | =441
| < (K + )

and that ﬁg) can take as

K?+K M
R N N(N +1
e < (M1/2 <§+1)> <%+1) :

where ﬁ(z) and ﬂg) denote the range of 7(.y and fr(lz) respectively for a fixed z.

Proof. We first determine the size of the set of all possible values that the MLE
of the parameter array m can take in the MLSBM. Notice that from Equation
(3.5) the estimate 7#(m) of the parameter matrix for any layer m can take any
of the Hqgl(”ql + 1) values, since its K (K + 1)/2 upper diagonal components

(fr((z;”), g <l qle{l,...,K}) can take any of the ny + 1 values in the set
{0,1/ng,...,1} independently. However this is subject to the constraint that



3844 S. Paul and Y. Chen

S ng = (). This implies that ITI] is a product of (*J1) positive terms whose
q<l

sum is fixed. So \f[| is maximized when the terms are all equal, i.e., ng =
(N

N ) / (K; 1) uniformly across all m. Hence we have the following inequality

R N K41 MK (K+1)/2
I < 1
= ()" ) )
N2 MK(K+1)/2 N MK (K+1)
— +1 —+1 .
() (&)

Now we turn our attention to the set of values the MLE of the parameter
array in RMLSBM can take. Note that Equations (3.13) and (3.14) together
represent K (K + 1)/24 M equations involving partial sums of the MLEs of the
K(K + 1)/2+M elements in the parameter array 7 (although the equations are
written in terms of the transformation ¢ for convenience, they actually represent
the same equations as Equations (3.10) and (3.11). The right hand side of the
equations together are the sufficient statistics under the RMLSBM. Note that
due to the identifiablility constraint, we have only K(K +1)/2 + M — 1 free
parameters. On the other hand, one of the equations in the set of equations is also
redundant, since adding together the first M equations represented by Equation
(3.13) and adding the remaining K (K +1)/2 equations represented by Equation
(3.14) yield the same equation and hence there is one linear dependence. This set
of equations determines the MLE of 7. Hence the size of the set of all distinct
solutions 7' is at most the number of possible sets of system of equations. To
determine the later, we notice that the right hand side of each of the first set of M
equations can take N(N + 1)/2+1 values from the set {0,2/[N(N+1)],...,1},
while the right hand side of each of the next set of K (K + 1)/2 equations can
take Mng + 1 values from the set {0,1/(Mng),...,1}. So the size of the set of
possible values the estimated parameter array #% can take is

7 < [[(Mng +1) T (W + 1) .

q<l m=1

The first term is maximized as before when all the ng’s are equal, i.e., ngy =

(1;7)/(1(;-1) The second term is a fixed quantity. So we have

7] < (M(ZD/(K; 1) + 1)K(KH)/2 (N(N; b, 1>M

2 K(K+1)/2 M

K2 2
K(K+1) M
< <M1/2%+1> (W“) )

Lastly notice that the transformation defined by Equation (3.1) is an onto func-
tion but not necessarily one-to-one, so one or more parameter arrays ol map to
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one ¢. Hence for every estimate ¢ there exists a corresponding estimate array
7. Therefore we have

K(K+1) M
3] < [T17] < (MWN +1> <w+1> , 0

For brevity of notation henceforth we remove the subscript (z) from .y,
Wg) and ¢(;), denoting the set of parameters of MLSBM, RMLSBM and the
transformation of the set of parameters of RMLSBM respectively for a fixed z.
We also remove the subscript (z) from ﬁ(z) and ﬂg).

Proof of Theorem 1

The proof for the unrestricted case follows the structure of the proof of Theorem
1 in Choi, Wolfe and Airoldi [8]. Following the arguments in the aforementioned
paper, we first notice that for a fixed z, each estimate 7?((1;”) is a sum of ny

—(m

independent Bernoulli random variables with mean 7 ql ). Hence the probability

that 75(11 m) — v, where v € {0,1/ng,...,1} can be bounded as

P = v) < exp (—na D || 77"))

and by the independence of A(m) the bound on the probability of any realization
s

P(#) < exp Z”ZZD ~ (m )||7r(m))

q<l
Recall II denotes the set of values the estimate array # can take for a fixed
class assignment z. In Lemma 1, we have bounded the size of this set as |II| <

(% + 1)MK(K+1) Now we consider the event that 3 ;nq >, D(7, (m) I W(m))
is at least as large as some € > 0, and derive an upper bound for its probablhty
of occurrence:

P(l.) =P | # eTI; anlZD w7y > e| = Y P(a)

q<l #ell,
< 3 o [~ S na S0 1175 < X el
#ell. q<l m #ell.

R N MEK(K+1)
~ Ml exp(-) < Mexp(— < (7 +1) exp(~e)

Hence for all € > 0, we have over all KV possible class assignments z,

maxZn lZD (m) [l 7r )) >¢

q<l
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P ZMZD ™) > e

z q<l
< KN exp (MK(K +1)log (g + 1> - e>

N
< exp (NlogK + M(K?*+ K)log (E + 1> - e> .

The proof for the restricted case, although follows the same structure as
before, is more involved as we need to deal with estimating equations instead
of closed form solutions. Note that for a fixed z, the left hand side of each of

the M estimating equations in (3.13) is m dog<l nqléfﬁl), which is a sum
of N(N +1)/2 independent Bernoulli random variables with mean N(++DN

> < nnggt(f) respectively. Hence the probability that m PO nqléf;l") -
Vm, where v, € {0,2/[N(N +1)],...,1} can be bounded as

p [ Lo nady” < _N(V+D H Yyt nady”
NN +1)/2 _"m) =P 2 mil NN+2 ) )

forme {1,...,M}.
Similarly the left hand side of each of the K(K + 1)/2 estimating equations

in (3.14) is ﬁ Yom qgg;n), which is a sum of Mng independent Bernoulli random

variables with mean - 3 @;}n). Hence the probability that - > qgg:n) = Vgi,
where vy € {0,1/(Mngy),...,1} can be bounded as
LS~ gm
)

1 7(m
F (M > o = V«ﬂ) < exp (‘anlD (Vql
Now since these K (K + 1)/2 + M estimating equations together determine

forg<l,qle{l,...,K}.

the MLE #f of RMLSBM, the probability of any realization of 4% is bounded
by the joint probability of the occurrence of the estimating equations. Note that
although the equations within the two sets (3.13) and (3.14) are independent of
each other, the two sets of equations are not independent of each other. Hence
because of the inequalities that P(AN B) < P(A) and P(AN B) < P(B), we
have

I A

1 2(m)
I1r > naidy
p N(N+1)/2 o q

N(N +1 NDIIRTOVCITED T,
o (-3 MO (Tt ];;1);2)),(B.Q>
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and

e (%)

a<l
< exp ZanlD <M 3 gl H = ng)(m)) . (B3)

For brevity, we call the right hand sides of Equations (B.2) and (B.3) as
exp(—FE1) and exp(—FE2) respectively. From Lemma 1, we have the size of set
of all possible values 7% can take

A N K(K+1) /AN 41 M
7| < (M1/2E+1> (%ﬂﬂ) .

Now we consider the event that F; is at least as large as some € > 0 for i = 1,2
respectively.

P = PR eI™E; > )= Y PEF)< Y exp(—Ey)
#FRelR wReﬁf
R N K(K+1) N(N 1 M
< T exp(—¢) < (Ml/zg + 1) <(T+) + 1) exp(—e).

Hence for all € > 0, we have over all KV possible class assignments z,

N(N +1) Zqﬁl”qléy) Zqél”qld_’gn)
P(“f‘"{z 2 D(N(N+1)/2 H N(N +1)/2 =

m

N N(N +1
< exp <NlogK+(K2+K)log <M1/2?+1> + M log (g—kl) —e>,

2

and

e e (a2 ) )=

N N(N+1
< exp (NlogK+(K2+K)log <M1/2?+1) + M log (%—i—l) —e) :

Proof of Theorem 2

First we note that X, as defined in Equation (3.9), is a sum of bounded inde-
pendent random variables, because each element Xi(jm) in the sum is bounded by

C = 2log(vVMN) in absolute value. So we can use a Bernstein type inequality
for sums of bounded independent random variables [9] to obtain
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62

- (m)2
25 Y B[X;V7] + 2eC

mi<j

P(|X — E(X)[ >¢€) <exp

62

= oxp <_8L10g2(\/MN) + gelog(\/MN)> 7
since YW E[X™] = S PI log?(@lY /(1 — 7)) < 4Llog?(VMN).

mi<j mi<j
Combining this inequality with the result in Theorem 1, we have over all possible

KV class assignments z,

mzaxP(|l(A; z) — Ip(2)| > 2¢L)

< max anlZD Hﬂ'm))>€L +P(|X — E(X)| > eL)
q<l

N
< exp (NlogK + M(K? + K)log (? + 1) - eL)
2L
+exp | Nlog K — ,
p( & 810g2(\/MN)+§elog(\/MN)>

which goes to zero asymptotically as N grows under the growth conditions
mentioned on K and L. So we have

m;ax\l(A; 2) —1p(2)| = op(L).

Proof of Theorem 3

The proof for the RMLSBM will be a slight modification of the earlier proof for
MLSBM. As before we need to bound the two terms in the decomposition of
the difference between maximized likelihood and its expected value defined in
Equation (3.16). For that we write the first part in the right hand side of (3.16),
which we call E3 here for brevity, in terms of the quantities we have already
bounded in Theorem 1. We begin by noticing that, since the Kullback-Liebler
divergence D(a||b) is convex, we can use a reverse of Jensen’s inequality [38, 6]
to write
> naD ((b((;ln) I ¢§T))

q<l

<

N(N + 1)D (qul nqlﬁgg;n) H qu nql¢(7n)

3 NNE1)2Z | NNE1)2 ) + log(MN?),

and

anlD( 1657) < MngD (%Z H0m) H - qs‘m)) +log(MN?).
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To derive the inequality, we used — log(gi)(m)/ qi)(m)) as our convex function of

(m)/qﬁ(m) on the interval [1/(MN?),1 — 1/(MN?)] to obtain a reverse of the
“1og-sum inequality”. Summing the two inequalities over m and g, [ respectively,
we have

N(N+1)/2 Il N(N+1)/2
+o(M (10g(\/_N))”5),

B < 22 N+ 1 <2q<lnql¢ql H Zq<lnql¢ql >

and

By <23 MngD (MZW”H% ¢<m>> + oK (log(VIIN)) ).

q<l

Hence FE35 is bounded by the minimum of the above two upper bounds. Since
the first part in the right hand side of the above two inequalities is bounded
by the same quantity, we will take the inequality for which the second part is
smaller. Under the conditions on the growth of L in the theorem, the minimum
of the two second parts is o(L). Consequently,

maxP(|I%(A;z) — 1E(2)] > 2¢L)

z

N N(N+1
< exp (NlogK+(K2+K)log <M1/2?+1> + M log (%Jrl) eL)

2L
+exp | Nlog K — ,
p< 5 810g2(\/MN)+%610gN>

so under the growth conditions mentioned under different asymptotic settings,

m3X|lR(A; 2) —1B(2)| = op(L).

Proof of Theorem 4

For MLSBM, if the conclusion max|l(4; z) —Ip(2)| = op(L) of Theorem 2 holds,

the data are generated according to a K-class blockmodel with membership vec-
tor Z and probability matrix 7, and the maximum-likelihood K-class blockmodel
class assignment estimator is Z, then it is easy to see

Ip(2) — Ip(2) < Ip(2) — Ip(2) + 1(A, 2) — I(A, %) (B.4)

< [Ip(2) — 1(A, 2)] +|Ip(2) — UA, 2)| = op(L).

Note that the terms [p(2) —Ip(2) and (A, 2) — (A, Z) are positive quantities as
mentioned earlier.

The rest of the proof requires the concepts of partition and refinement as
laid out in Choi, Wolfe and Airoldi [8]. We briefly review the concepts here and
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apply them to MLSBM and its regularized version RMLSBM. Let [N] denote
the set of integers {1,2,..., N}. Any multi-layer blockmodel induces a partition
of the M upper triangular probability matrices. Formally we define a partition

of {Pi(;n)}Kj into U subsets {S1,..., Sy} by the following mapping
© : (i, 4)ie(ny, jelny, i< — [U]-

Note that the partitions induced on all M probability matrices are the same,
since the partition is a function only of the indices and not of the type of edges.
There exists a bijection between the set [U] and the upper triangular part of
the parameter matrices of MLSBM, so we can write mg; jy = 7z, ; -

In MLSBM, for a general partition, we define S,, = {(i,5) : O(i,j) = u, i <
jtand 7, = |S,7> > P@(j ™) 50 that we can define the log likelihood

m O (i,j)=u,i<j

under this partition as

(0 Z Z{PU log W@”ggj) +(1- <m>)1og (1— ngz)]))}.

m=1 i<j

It is easy to see that [(©%) = Ip(z), where © is the partition corresponding
to block model assignment z. A refinement ©' of partition © further subdivides
the partitions in © into subgroups or sub-partitions so that @,(il,jl)ilql =
O (i2, j2)in<in = O(i1, J1)ir<ji = Olia, j2)ir<j,- From Lemma A2 of Choi, Wolfe
and Airoldi [8], it can be easily obtained

Ip(©) < Ip(9).

One such refinement is constructed in the following way [8]. We consider a
K class MLSBM with membership vector z and let ©* denote a partition of
{Pi(jm)}Kj for any z. Now, for a given membership class under z, partition the
corresponding set of nodes into subclasses according to the true class assignment
z of each node. Then remove one node from each of the two largest subclasses
so obtained, and group them together as a pair; continue this pairing process
until no more than one nonempty subclass remains. If pair (7, j) is chosen from
the above procedure, then z; = z; and z; # Z;. Define C as the number of (i, j)
pairs selected by the above method. Since at least one of i or j is misclustered,
we have N.(z)/2 < Cy < N.(2).

Next, for each C; pairs find all other distinct indices k for which condition
(3.26) of the theorem is satisfied. Let Cy denote the total number of distinct
triples that can be formed in this manner. For each of the Cy such triples
(4,7, k), we remove Py, and P}, from their previous subset assignment under ©*
and place them in a new distinct two element subset. This partition so created
is a refinement of the original partition ©7%, and we call this refined partition
©'#. The condition (3.26) of the theorem implies that for each pair of classes
(g,1), there exists at least one class ¢ that satisfies,

(m) | ~(m) ~(m) | ~(m)
D( (m) H Tae + e >+D<w§c> H Moo+ M ) > LK s

2 2 ~ MN?
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Consequently for any of the C; pairs of nodes under the true partition, we
obtain triples at least as large as the cardinality of the smallest class. Hence Cs
is at least as large as C1s, where s the size of the smallest class. Now as per
assumption, s = Q(N/K). Hence we can bound the difference in the likelihood:

Ip(2) = p(©) =SS D (PG 175 ) = CQMQ(J\%?)

m 1<j

— O,MO (N LK > _ Ne(2) MNKL  N.(z)

K MN?2 s Y%t = N -

Since the above procedure is valid for any class assignment vector z, we
can apply it for the maximum likelihood estimate Z as well. Note that Z in-
duces partition ©% of the probability matrices {Pi(jm)}iq, m={1,...,m} and its
refinement ©'% increases the likelihood, i.c., I5(0%) < I5(0'). Also we have
15(0%) = Ip(2). Consequently we have

Ip(2) ~ Ip(2) 2 Ip(2) ~ Tp(0%) = Yo,

Combining this with the result from Equation (3.25), we have

N.(2) = op(N).

Proof of Theorem 5

Before we proceed with the proof we need two lemmas. The first lemma bounds
the difference between the maximized expected likelihoods from the unrestricted
and the restricted models under the true partition. The second lemma uses this
result along with the result of Theorem 3 to bound the difference between the
maximized expected likelihood for the restricted model under the RMLE and
the maximized expected likelihood for the unrestricted model under the true
partition.

Lemma 2. Under the true partition Z, if any of the five sets of conditions
in Theorem 3 on the growth of multi-layer blockmodel parameters holds, then
Ip(2) — I1B(2) = op(L), where L is the expected number of edges in the multi-
layer graph under the corresponding set of conditions.

Proof. For large N, subtracting Equation (3.24) from Equation (3.23) we have

Ip(2) = 13(2)

=", lZD @GNl

q<l

MN(N+1)_‘E Ve 7,
2 @) Y1 MNZ(log M)+ (log N )2+

) C1L' /(M N?(log M)'*9(log N)?+9)
8 1/MN?

<|Eo| log(MN?) + (
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— (L/)+ ClLI Io ClL/
—OP T log M) (log N)2F0 % \ (log M)+ (log N)2+0

e L
— ! ! 146 146
=op(L') + op(L') log < o M s N>2+5> /110g M)+ (10g N)**7]
:OP(L/) + OP(L/)R
:OP(L)’
where C} is a constant and R = log ((log M)lféﬁ;g N)2+6) /[(longog N)H.

The inequality in step 2 comes from the upper bound on D(p||q) which can be
derived as follows. Without loss of generality, we can assume that p > ¢ and
D(pllq) < plog % < Pmax log ’;‘;ﬁ. Next we replace ppax and ¢uin by the assump-
tion on the lower and upper bounds of the restricted block model probabilities
given in Equation (3.3).

Now to complete the proof, we only need to verify that under the five sets of
conditions in Theorem 3, the term R in the right hand side of the above deriva-

tion is o(1). Under the first two sets of conditions, L' = M N (log N)3*? and con-

146
log(]v([ggl?\f ﬁg(}\?)gl%) ) — o(1). Under the third set of conditions,

L' = N(log N)3*?% and hence R = log(é\{olg?%\ié Scﬁ)ﬁ);M) = o(1). Finally under the

last two sets of conditions, if L' = M N(log N)'*? then R = IO%KJ)VgUA\iI/I(é(;gNA;ﬂ);s) =

o(1), and if L' = M (log M)**°(log N)'*? then R = % =o(l). O

sequently R =

Lemma 3. Under the true partition z and the RMLE of the partition 2R (ie.,
the MLE in the restricted model RMLSBM), we have Ip(z) — IE(2%) = op(L)
whenever the conclusion of Theorem & holds.

Proof. Note that [p(2F) > [E(2F) since the maximum of the unrestricted like-
lihood [p(z) is uniformly larger than or equal to the maximum of the restricted
likelihood [E(z) for all 2. Moreover, Z maximizes [p(+) and hence Ip(2)—IE(27) >
0. Notice that I8(A, 2%) — (A, ) is positive since the observed restricted like-
lihood is maximized at 2%. So we have

Ip(2) = IB(27) < Ip(2) — [E(27) +17(A, 27) - 17(4, 2)
< |Ip(2) = UF(A, 2)| + [IF(27) = 17(A, 27|
< |lp(2) = E(2) + 1B (2) — 17(A, 2)| + [IB(27) — 17 (A; 27|
= OP(L )
by Lemma 2 and Theorem 3. O

Now we are ready to show that the class membership assignment vector es-
timated through the maximum likelihood estimation in the restricted model

RMLSBM is consistent under data generated from the MLSBM. We define reg-

ularized partition ©F of the matrices of probabilities between nodes Pi(]m), com-

puted according to the restricted model RMLSBM and its refinement O'R in
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exactly the same way. We further define the corresponding restricted log likeli-
hood associated with this partition ©F as I%{(©%). For convenience we again
resort to the transformation defined by Equation (3.1)

IH(ef) = Z > AP 10g 657 ) + (1= PV log(1 = 6gi; ;).
m=1 i<j
For any membership assignment 2z from the RMLSBM, let [*(©%,) be the
corresponding partition of Pi(;”). It follows from this definition that l_};R(GfR) =
IE(2®). Hence we have

1) 1(0%) = X0 (P 165, ) = CaMte) = cuve (o)

m i<j

KLY~ " n

Now we specialize to éR._Since SR is a refinement of O©Ff, it increases the
restricted likelihood, i.e., IFF(05) > I37(0%;). Using this and the fact that
IR(OF;) =1£(2"), we have

Ip(2) — IR (2" > 1p(2) - [F7(04) = Q(L).

The left hand side is o(L) by Lemma 3, and hence,
N.(2%) = op(h).

B.3. Proofs of minimax and threshold results
Proof of Theorem 6

For brevity we mention here only the results and proofs that differ from the
proof contained in Zhang and Zhou [43] and refer the reader to the aforemen-
tioned paper for a complete description of the techniques involved. We define
the homogeneous/symmetric multi layer stochastic blockmodel as the MLSBM
with the parameter space ©}% that has all intra-block connection probabilities
equal to each other as well as all inter-block connection probabilities equal to
each other for each layer. As before, we assume no relation among the connec-
tion probabilities of one layer with that of another layer. The parameter space
can be written as

©5(2,N,K,M,a,b)
a(m
N

= {<z, {Ph et Pl = N

my b
if z; = z; and Pi(j U ART zi;ézj,Vm}.
)

(B.6
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Note that this model space is homogeneous and uniquely determined by z, i.e.,
given the community assignments z, the block model parameters are uniquely
determined. This model space is also closed under permutations, in the sense
that the model obtained through permuting the class labels also belong to ©3 L.
We further define a submodel of this where the block sizes are all (almost) the
same as

O (2, N,K, M,a,b)

= {(z, {PIM}) € OME(z, N, K, M,a,b) : Ny=(1+ m»%,vq}, (B.7)

and yet another submodel space of ©3L where the communities are of only 3
sizes, L%J, L%J —1and L%J + 1. This submodel space, denoted as ©¥L is the
least favorable case for community detection in terms of the size of communities
(See Section 5.1 of Zhang and Zhou [43]). The parameter space can be written
as

O}ME(z,N,K,M,a,b,S)

N
= {(Za{Pz(jm)}) € e(l)\/IL(zvaKaMaavb) : ‘q : Nq = \‘EJ ‘ = Slv

N
q;Nq:\‘EJ—l‘:S:J,, Sl+52+53=K}.

(B.8)

’q:Nq: {%J—Fl‘:Sg,

The submodel spaces ©)L and ©ML are also homogeneous and closed under
permutation. Let Z be the class assignment obtained from some procedure under
consideration. We break the proof up into two parts, the first one proves a lower
bound for the minimax risk and the second one shows that there exists an
algorithm which attains the lower bound.

Lower bound

It was argued in Section 5.1 of Zhang and Zhou [43] that ©ML is the least fa-
vorable subspace of @M% using the property of being closed under permutation.
Hence, a lower bound on the minimax rates established on ©M% will also be
a good lower bound for the larger parameter space ©M%. Since the supremum
over a larger space is always greater than the supremum over any of its sub-
spaces, the lower bound on O}~ is a lower bound for the larger space trivially,
but being a least favorable subspace makes it match the rate. Throughout this
section (proof of lower bound) we assume K > 3. The proof for the case K = 2
follows from Zhang and Zhou [43] with the same modifications described below
for the K > 3 case.

We start with a couple of lemmas. The next lemma, due to Zhang and Zhou
[43], shows that for any homogeneous parameter space which is closed under
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permutation (e.g., ©M and all its submodels defined above), the minimum
global Bayesian risk of Z under the uniform prior is the same as the minimum
of the local Bayesian risk for the first node. The local Bayesian risk for one
node needs to be computed under an appropriate local loss function. Zhang
and Zhou [43] defined such a local loss function as the average over all possible
permutations of Z that minimizes the distance from the true class assignment.
Let S.(2) = {& = 8(2) : dy(z, %) = infsdy(z,0(2))}. Then the local loss
function is defined as

. 1 o
(2, 2) = 5.0 Z dp(zi, 27). (B.9)

2€8.(2)

Lemma 4. (Lemma 2.1 of Zhang and Zhou [43]) Let A be any homogeneous
parameter space which is closed under permutation and T be a uniform prior over
the elements of A. Defining the global Bayesian risk as B.(3) =
ﬁ > .en Elr(2,2)] and local Bayesian risk for the first node (under the local

loss function) as B;(%1) = ﬁ Y .en Elr(z1, 21)], we have
inf B, (2) = inf B, (31).

Now we have the following lemma on the Bayesian local risk for the first node
in the parameter space 6% L under a uniform prior.

Lemma 5. Let Z be an estimated class assignment from some procedure in the
block model defined by (B.8). Let T be a uniform prior over all elements in ©ML.
For the first node, the local Bayesian risk B (21) = \92;“\ ZzeezLuL Elr(z,%1)]
is lower bounded as

| %] | %]
Br(a) 2 eP | 3 ™ 3T XM =y YTy (B.10)
m =1 m i=1

al™ (1- b(}:,n) )

b(m)(1,$)

), and XZ-(m) ~ Bern(m)

where € > 0 is a constant, ¢(™) = log ( N

and Yi(m) ~ Bern(a;:;)) are independent random variables for all i = {1,...,

| 21}, Moreover if %j(m) — 00, then the right hand side of FEquation (B.10)
s greater than or equal to

exp(—(1+o(1))N > I'™/K),

while if %ﬂm) = O(1), then the right hand side of Equation (B.10) is O(1).

Proof. We follow the proof of Lemma 5.1 in Section 6.2 of Zhang and Zhou
[43]. Define ©}'% as a subset of the parameter space of ©}'% such that the
class to which the first node belongs to is always of size L%J + 1, ie., 9%1’ =
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{(z,Pi(;")) € OML . N, = [&| +1}. Letting 2o = (|| +1)S,, it was shown
in Section 6.2 of Zhang and Zhou [43] that the ratio of the cardinality of the
set O} to that of ©}F is a constant, i.e., |©}'7]/|0} 1] = 25/N > € for some
€ > 0. Consequently,

B(3) > = S0 E[r(zl,gl)]z@TiL‘ S Elr(a, )

— ey L
ze0 " 1 zeo)t

For each 2’ € ©}'L, we define k'(2') = z{ as the class to which the first node
belongs to. Let k(2") be the set of indices of the communities of size | £ . Since
the first community is of size | %] + 1, &’(2’) does not belong to k(z'). Now we

define a new assignment z(z’) based on 2’ as follows

s {min{k k() k>K()) if maxk(z') > k(<) (B11)

min k(z') if maxk(z') < k'(2'),

and z(z); = 2 for all i > 2. Clearly z(z') € ©}'F differs from 2’ only in the first
node and by definition has a distance 1 from it. Moreover for any two distinct
class assignments 2’,z" € O}F, 2/ # 2", the new assignments based on them
z(2') and z(2") are also different [43]. This implies that ©}F = {2(2') : 2/ €
GJLVII LY. Consequently,

€
B.(3)> —
B = gep

Y (Bl 2] + Elr(2()1, 1)

’ ML
ze@Ll

Next we will derive a lower bound for the Bayes risk, inf; B, (21). Conditional
on 2 or z(z'), the distribution of A in MLSBM involves a collection of M
adjacency matrices. We define two sets Jy and J; as follows

Jo={ie{l,...,N}I\{1}: 2l = 21},
Ji={ie{l,...,NN\{1}: 2] = 2(z')1 }.

Hence,
(m) (m) (m)
(m)\ e (m)\ A plm)\ A
N a a
e -II(F) - (%) (%)
m i€Jy i€Jy
(m)
b(nL) 1-Ay
(1— N) 7(49), (B.12)
and
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1—A¢

<1 - Lz?) v }f(AC), (B.13)

where the function f(A%) is a function involving connections from node 1 to
nodes not in JyU.J; and all connections not involving node 1. Let 27 attains the
infimum of the local Bayes risk. Since dg(z’, z(2')) = 1, the loss with respect to
the local loss functlon defined in Equation (B.9) is r(zl, 2By = dy (2], 2P) which
is a 0-1 loss. Then 2 is the Bayes estimator with respect to the local 0-1 loss
function and consequently 2 would be the mode of the posterior distribution,
ie.,

21B _ Zi? if Zm ZiEJO C(m)AYZn) Z Zm ZiGJl C(m)AgT) <B14>
AN, Y, T, AT <30 Y, AT,

Hence we have

Ed L&)
inf B, (%) > eP de STxM >3 Ny (B.15)
i=1 m =1

To derive the probability in the above lower bound, let Z; = %" Zi(m) =

3, ctm (Xi(m) - E(m)). Hence the moment generating function (MGF) of Z;
is,

(m) x, ie(m)y,
:HMZi(m)(t):HE(etc )X")E(e tel )YL)

H £ b 1 p(m) -t a(™) e a(m
B N N N )

The MGF, My, (t) is minimized at t* = } and the minimum value is

2
. . alm) pim) \/ alm) p(m)
(t)_];[MZf'")(t)_l:n[< N T-ﬁ- (1—7)(1—T)>

This implies —log(Mz, (t*)) = 3, I(™). Denoting Sy» = ZZV:/I Yom Zi(m) for
N' = L |, we obtain for any § > 0,

N' M
PSv=0> Y T[] »"™)

N’6>S 5, >0i=1m=1

(Mg, ()N exp(t*z
s X

N’'6>Spnr>0i=1m=1

(m)) (m))

p(
Z(m) )
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exp(t*w)p(

Now denoting ¢, (w) = =57 ( )(tf)v) for all m, we have
(m

N M
P(Sy > 0) > exp(—N' S 1™)exp(-N"t"6) > [ I am(="™)

m N'6>8 51 >0i=1m=1

We note that ¢,,(w) is a probability mass function for all m € {1,...M}.

Let {Wi(m)}, i € {1,...,N’}, be i.i.d random variables with probability mass
function gy, (w). Then we have

P(Snr > 0) > exp(—=N'" > " I") exp(—N't*6)P(6 > —, Z ZW )

(B.17)
Clearly Wi(m) = c(m)(Xi(m) - Yi(m)) can take 3 values, +c("™ and 0. The first
two values correspond to the cases when Xi(m) =1, Yi(m) = 0 and Yi(m) =

1, X™ = 0 respectively. We compute the first probability as gn, (W™ =
cm) = exp(c(m)/Q)( W)) ( ﬂ)/ 70w (1/2). The second one follows

similarly. Hence we have

4™ wop \/aw m(

(L — B /M o (1/2)

Wi(m) =< _um) (m) b(rn) a(]:;))(l p(m) )/MZ(M 1/2>
0 wpl-— P(W}’") = c(m) — P(W(m) —clm),
Hence E(W,™) =0 and
. (m) p(m) (m) b(m)
Var(W™) = 2(c0m)? | = S (1= o) (1= )My (1/2).

Hence denoting " W(m) as W, we have E(% va,l W;) = 0. Also by inde-
pendence we the have variance of - ZZ Wias V=73 Var(W, )/N’
>, V) where V(M) = Var(Wi(m )/N'.

We now prove that >, 10" /\/V — oco. First we consider the case when
a™ = p(™). Then we have I(™) = %m(mlfﬂ [43]. On the other hand re-

(m) m) (m) _3(m
placing N’ by N/K we have V(™) < %/(N/K) % since

M = W and M m) (t*) = exp(—I"™) = O(1). Consequently, vV =

a(m) —p(m))2 m alm) —p(m))2
%\/Zm%. Clearly Zml( )/\/V = \/LE Zm(a(+) =
\/ w — 00. Next consider the other case (™) =o(a(™). Then 3 1™ =<

(‘"L m m 2
Zmi) and ¢(™ =< log(a(™ /b(™)). Consequently, V(™) = “(N) (log (“( ))>

D)
Z((Z))/ Hence V'V = o(41/Y.,, a™K/N). This implies Y, 1™ /J/V =
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w(y/>,, am/K). Since 3 a™/K =< NY 10™/K — oo, we have
S IV — .

Then we choose § = (3, 1™ /3" Vm)1/2 g0 that § = o(},, I™) and
VV =1/(32,, V(™) = o(8). Since the ratio of § to the square root of variance

goes to infinity as N goes to infinity, by the central limit theorem we have
P> w7 ZZ\LI Yom Wi(m) > 0) — 1/2. Consequently from Equation (B.17),

P(Sns > 0) > exp(—(1+ o(1))N" > 1™)

- %] - o L %] o Ny, Im
2 A DIGED PP S PP ¢ > exp(—(1 + o(1)) —=2—),
m =1 m =1

provided Ny T /K — oco. The last inequality is obtained by replacing N’
by | & ]. If however, N 3", 1™ /K = O(1), we can choose a § so that N§/K is

also a constant. Then considering the cases a(™ = (™) and b(™) = o(a(™) sep-
arately, from the earlier argument we have > . I /\/V =< /N >, I/ K =

O(1) in both cases. So we have % = NI\(W = szl("") = O(1). Hence all
the terms in the right hand side of Equation (B.17) are O(1) and consequently,

P(Sx+ > 0) is O(1). O

Now we combine the results of these two lemmas to prove a lower bound on
oL,

(m)
Lemma 6. Under the assumption that % — 00,
N J(m)
inf sup E[r(z,2)] > exp (—(1 + eN)%> (B.18)
z ze0ML K
(m)
or some sequence enx = o(1). Moreover, i Nen ™ _ o , then inf; supgmr
K Sh

E[r(z,2)] > ¢ for some constant ¢ > 0.

Proof. Since ©ML ¢ ©}F | the minimax risk of ©)!L is lower bounded by the
minimax risk of @M. Due to the fact that Bayes risk lower bounds the global
risk, we also have inf;sup.ceue E[r(z,2)] > infssup,cour B-(2). Hence we
have from Lemma 5,

inf sup E[r(z,2)] >inf sup E[r(z,32)]

Z zeedtt ? ze0ML
>inf sup B,(2) =inf sup B (%). O
© ze®ME ? zeeME

Now we need to obtain the minimax lower bound for the larger parameter
space ©ML in the next lemma which concludes the proof for lower bound.
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(m)
Lemma 7. (Lower bound) Under the assumption that % — 00,
(m)

exp (—(1+€N)% K=2
inf sup E[r(z, 2)] > Ny (B.19)

Z @ML exp (—(14—6]\7)#) K>3

7(m)

for some sequence ey = o(1) and some s > 0. Moreover, if L =0(1),

then infs supgue Elr(z, £)] = ¢ for some constant ¢ > 0.

Proof. By the argument of Zhang and Zhou [43], for K = 2, ©}F is the least
favorable case for ©M%, Hence we can keep the same lower bound for ©M%
(obviously the lower bound holds since ©)!Z is a subspace of ©M1). However
for K > 3, this is not the case and we can improve the lower bound. The

least favorable case consists of the case where at least a constant proportion

of communities are of the size éiK Define @%L to contain all z € OML guch

that a constant proportion of communities have size L%J, and another constant

proportion of communities have size [%1 and all other communities are much

larger in size. Then using identical arguments as Lemmas 4 and 5 we have

inf sup E[r(z, )]>1nf sup B, (%1)
% ze@ML zcOM

w\z

| &% [ %]
> eP( Zc(m) Zl X Z Z (m

)

N 7(m)
>exp(—(1+en) ZK ).
Combining these two cases we have the result for the entire parameter space
QML O

Upper bound

To prove the upper bound, we develop a penalized likelihood type algorithm
similar to Zhang and Zhou [43] and show that its risk is upper bounded by the
lower bound obtained in the previous step. We note that in the homogeneous
MLSBM case (©}'F and ©ML), i.e., when all the intra-community connection
probabilities are a(™) /N and all the inter-community connection probabilities
are (™) /N for layer m, the log likelihood function is

I(z;A) :Z{log ZA 1{z,~ =z}

a(m .
+log(1 - T>Z<1 — AF 1z = 2}

i<j

+log(r Z ATz # 25

1<j



Multi-layer stochastic blockmodel 3861

(m)
+ log(1 — bT) Z(l - AZ(';'W))l{Zi # Z]}}
i<j

ML

The maximum likelihood estimator 2™ *¥ is given by,

FMLE — arg max T'(2), (B.20)

where T'(2) is given by

a™ (1 =™ /N) m
T(z) :; { log <b(m)(1 — a(m)/N)) ZAz('j )1{zi =2z}

i<j
—lo ﬂ 1z =2}
S\1 _atm/N ) VT
=3 (M AT 2 = 25} — Kz = 25}, (B.21)

with ¢™) > 0 is defined in Lemma 5 and k(™) = log (%) However in

general the parameter space will not be homogeneous. Under the more general
parameter space ©ML we still define an identical form of the penalized likeli-
hood estimator as 2MLF. Let z be the true class assignment and 2 € ©}F be
an arbitrary class assignment satisfying r(z,2) = R/N, where 0 < R < N is a
positive integer. Then note that

T(2) = T(2) = (O ™A Iz = 2} = > ™Az = 7))
—TZ M1z = 2} — szh{zi =Z})
= (ZZT")AETH{(M) € v(n;,%)} =Y mMATVIG, ) € alz,2)})
—m;ww,zn ~ la(z,2))), : (B.22)

where Oz(?:‘,f) = {(Z,]) 1< g, % = Ej,éi # 2’]} and ")/(272) = {(l,j) 1< 4,z 7£
Zj, 2; = 2;}. Henceforth we will use shorthands a and +y respectively to denote
the sets.

Let Pr = P(2 € ©ME . p(2,2) = R/N,T(2) > T(2)). We want to bound P,,
which is the probability that an arbitrary class assignment Z which does not
agree with the truth z in exactly R places (after permutations) can maximize
T(z), i.e., P(T(2) > T(z)). We start with the following lemma.

Lemma 8. Let Z be an arbitrary class assignment satisfying r(z,%2) = R/N,
where 0 < R < N 1is a positive integer. Then there exists a sequence € — 0,
independent of Z, such that

. (m) .
exp (_ (1 )NRKZmI + R2 Zm I(m)) , ZfR <

P(T(2) 2T(2)) < . (m)
exp (——2(1 )NfKZ’" ! ) , if R >

e g
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Proof. Let U™ = (U™ ~ Bern(p(™)}, V™ = (™ ~ Bern(q/"™)},

x(m) — {Xl(m) ~ Bern(¢™)} and Y(™) = {Yl(m) ~ Bern(p™)} be sets of

independent Bernoulli random variables for arbitrary /. Further let min pl(m) >

pl

(A" ~ Bern(Z5)} and {B{™ ~ Bern(%)} independent of U and V. Now
l

™) and max ql(m) < ¢™). Then we can define two sets of random variables

we define i.i.d copies {X™)} of {X(™)} and {Y (™)'} of {Y(™)} as Yl(m)/ =
UM A and Vi = x ™ BM™. Clearly, v, = ™A™ < U™ and
V}(m) = Xl(m)/Bl(m) < Xl(m)/. Hence we have for any real number s and se-
quence of positive constants {c("™},

la| 7]
m =1 m =1
la| vl

then s + Z cm Z Yl(m) < Z ctm Z Xl(m). (B.23)
m =1 m =1

Now we replace U(m) and V(m) With A(m 1{(1 j) € a(é 2)} and AZ(-;-n)l{(i,j) €
v(%, 2)} respectively, pl ) and ql ) with 7Tzlz /N and 7Tzlz /N respectively (recall
7(™) was previously defined in the main article as the matrix of block connec-
tion probabilities in the MLSBM’s mth layer), p™) and ¢(™ with «(™ /N and
b(™) /N respectively and s with >, k(™) (|7| —|a|). Then we get using the result
in Equation (B.23) and Equation (B.22),

P(T(2) > T(2))

[kl |ex|

<P {3 emMSTXM oS elm STy > ST R (] — o)
m =1 m m

=1

&l ||

=Plexp|t Z c(m) Z Xi(m) —t Z c(m) Z Yi(m)
m =1 m =1

> exp <t2k<m><w - |a|>>>
m o) x(m) 1\ 1] _ Lm)y () ]
< oxp (—tzk< )(vl—lal)> (et ) (e 2 )

where the last inequality follows from Markov inequality. Now we choose t =
t* = 1/2. Then we have

Elet" Zm ™ X"

B 1—b /N (alm)p(m))1/2 alm) 12 p(m) 12



Multi-layer stochastic blockmodel 3863

= exp Zk(m)/2 exp(— Zl(m)/Q

and E[e—tzmc“”)Yfm)] = exp(— Y k(M /2) exp(— 3, 10 /2). Consequently,
we have

Iw\;r\a\ o I('rn).

P(T(2)>T(z) <e (B.24)

A lower bound on the size of the sets o and v was given in Lemma 5.3 of Zhang
and Zhou [43]. We use the results directly here: for an arbitrary assignment
2 € OME satisfying 7(2,2) = R/N, where 0 < R < N is a positive integer, we
have

U=9NR _ Rz jfr< ¥
min(la(2, 2)|, [v(,2)]) > {g(ﬁin B (B.25)
ok if B> 55

Using this lower bound for both |a| and || immediately yields the result. O

Let I'(z) denotes an equivalent class for z consisting of all permutations of z.
In order to use an union bound for Pg, we need to count the cardinality of the
set of I's which have distance R from z. Next we use Proposition 5.2 in Zhang
and Zhou [43] which states that

HI:32eT st r(z2) =R/N} < min{(¥)R,KN},

to conclude through a union bound that

Pr =Pz e}l r(z2) =R/N, T(2)>T(2)
<Hr':32elstr(z,2)=R/N} max P(T(2) >T(z)).

z,r(z,2)=R/N

The next result uses the above results to establish the upper bound.

(m)
Lemma 9. (Upper bound) Under the assumption that % — 00, for the

penalized mazimum likelihood estimator % defined in Equation (B.21), we have

NZ I(m)
o exp(—(1 + en)—=35—), K =2,
sup E[r(z,2)] < (= N)NZ I(m)) (B.26)
ZEOML exp(—(1 +eny)—=2—), K >3,

for some sequence ey = o(1) and s € [1,5//3].

Proof. The proof technique is similar to Zhang and Zhou [43]; we only modify
the proof in places to suit our objective while keeping the approach the same.

We first prove the result for the subspace ©3L and then extend it for ©ML.
(m)
We first consider the case K — oo, break the assumption % — oo into

3 parts and verify that in each case E[r(z, 2)] is bounded by a term of the form
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(m)
exp(—(1 + 0(1))%). Let n = o(1) be a universal sequence independent

of N that converges to 0. We note that
N
NE[r(2,2)] < Y RPs.
R=1

NY 7(m)

(1) If liminfy 00 —7f5— > 1, there exists a small constant € > 0 such

_ (m) (m)
that % > 1 + €. Let i decay slowly such that both HNKZiC:g;

and % go to infinity. Let B = Nexp(—(1 — 3n)N Y., I™/K). Clearly, P, =
eNK exp(—(% —1)3", I™) < B. This follows by replacing both log(eK)
and Y 1™ by a bigger term, nN Y. 1™ /K.

We will show that E[r(z, 2MEF)] is bounded by O(B/N). First let R €

2, %] Then,

R
1—n)N Itm)
P < <61\;K e (( 1) KZm n RZI(m)>>

(A ()

K
NK (1—pNY, Im R e
€ _ -1 m " v (m)
( 5 exp< e +(R+R—1);I ))

< Nexp <—(1 — n)NZI(m)/K + log(eK)>

R-1
1—n)NY, 1™ N
(N exp <— (1 =) sz + 2§—K ZI(m) + log(eK)))

< (Nexp (—(1 - Zn)NZI(m)/K>>

X (Nexp <—(1 +¢€)log N + 26(31(—1|—+)2107§]V>>R1

< BN(-(+e)(1-3¢/4)(R-1)

S BN*E(R*I)/G'

The penultimate step follows by replacing 1 —2n by 8/9 and the last step follows
since €/4 — 3e2/4 > ¢/6 for large N and small 7 and e respectively. Hence

eN/3K 0
NE[r(z,2)] =P + Z RPr < P, + Z RBN—<(B-1)/6
R=2 R=2
N¢e/6
=h+B O(B). (B.27)

(N</6 —1)2 -
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The infinite sum in the last step can be obtained by differentiation the infinite
series sum > p N—<()/6 with respect to N.

Next we show that the same conclusion holds for R € [£X, N]. First, note that

3K

for any 2K >R > ;%, we have 21— 77)12)/% o < (1_7])1\[% e —Rzm Im),
Hence,
R
eNK 20 —n)NY 1M
< _ m
Pr < (eN/BK exp( 9K
9
(1—2p)NY T NS 10 3eK?
< - m - m ]
< (exp( Yoo 0K + log( . )
3ek? AN, 7m0
P 0K

< exp (—(1 - ZT])NZI(m)/K)

R—9
201 —2n)NY, 1™ NS 10m) 3eK?
- m -2 m 1
eXp( 9K ok tles(——)
21— 2p) NS 1N 77
< Bexp < Yoo m )

2
< Bexp(fg(l + €)log N) Tt~
< BN72(1+6)(R79)/9 < BN*Z(R*S))/Q'

By the same reasoning as above, Zg:eN/:SK RPp <~ RPg is o(B). Hence
combining this result with Equation (B.27), we have NE[r(z, 2)] = O(B).

( (m)

For the remaining two cases, (2) lim sup %ligIN < 1 and (3) % =
1+ 0(1), the proof follows from the corresponding cases in Zhang and Zhou [43]
(Proof of Theorem 3.2). Hence we omit the details and only write the results.

(m)
(2) If limsupy_, o % < 1, then there exists a small constant € >
(m)

0 such that % > 1 —¢. Define Ry = Nexp(—(1 — K~/?)(1 —
NS, 1™ /K) and R = N/K'*¢. We have

(eNK (_w +R’ Zm I(m)))R < eXp(—wx

Ro exp oK 1+e/2
P < Ry<R<R,
R=9, . 2(1—n)N NR 10
(5 exp(~ 2= )R < exep(— M ),
R <R<N,

and hence from the proof in Zhang and Zhou [43] Er(z,2)] =

1—0(1))N I0m
exp(—( ( ))KZm ).
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(m)
(3) It Now I gy o(1), then there exists a positive sequence w = o(1)

Klog N
(m)
such that \% —1] < w and ﬁ < w. defining Ry = N exp(—(1 —

w)N Y., 1™ /K) and R’ = w?N/K we have

7(m)

_ (m) w(l—
(MK exp(— TN Zn I | RIS T0W))E < exp(WUDNELL T
Ry<R<R,

2(1—n)N m NR m
(e%/]( exp(— (1—m) 9%:7” NE < exp(— %}? ),

R < R<N,

Pr

IN

and hence from the proof in Zhang and Zhou [43] E[r(z,2)] =
exp( LI E

The proof for finite K is similar and hence omitted.

Now we prove the upper bound result for the entire parameter space ©M%.
The proof for the case K > 3 is similar to the proof for ©}F with the result
in (B.25) being replaced by Lemma A.1. of Zhang and Zhou [43]. However, for
K = 2, we proceed as in Section A.2. of Zhang and Zhou [43] and assume without
loss of generality that § = |5']. Let r(Z, 2) = R/N and define the sets o and v
as before. Note that R < N/2 since distance between the two class assignments
d(z,2) = min(dy(z,2), N — dg(z,2)). We also have |a| + |y| = R(N — R) if
r(z,2) = R/N [43]. Hence from Equation (B.24) we have

R(N-R)Y, 1™
=)

P(T(2) >T(z)) <exp <— (B.28)
The proof is similar to the one for ©}/F and we only specify the specific
results here omitting the technicalities. Let 0 < e < 1/8 and recall that our

(m)
assumption for K = 2 case is that NZ+I
cases in parallel to the 3 cases earlier,

(1) It % > (1+e€), defining B = N exp(—(N—1)3_, 1(™)/2) we have

P, < B. The for 1 < R < eN/2 we have

— 00. We have the following 3

_ (m)
ME=B 2 T < (e espl-

< (eNexp(—(1 — €/2)(1 + €) log N))® < BN—<F/4,

(N —eN/2)3 .., I(’"))R

Pr < (eN)" exp(— -

and for eN/2 < R < N/2 we have

e (m)
) ep( - MM e T
and hence E[r(z,2)] = (14 o(1))B/N.

(2) If % < (1 —¢), defining

N(R=4)Y,, 10"

Pr 3

IN

) < Bexp(—

).

Ry = Nexp(—(1— e~ NEn /2N 37 10m) j2)
m
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and
R = Nexp(—N Y _1™/8)
we have,
. _R (m) e (m) (m)
(QRf)\/')ReXp(_R(N R)QZmI ) < exp(—e NY .. 1 /2NR2+I)’
P < Ry<R< R,
R = (m) _ (m)
(25 exp(— M) < exp(— M),
R' < R< N/2,

and hence E[r(z,2)] = (1 +o(1))Ro/N.

(m)
(3) It NQZIC:”T;, = 1+ o(1), then there exists a positive sequence w = o(1)

(m)
such that |NQZI(;"T§V —1] < w and \/IO{W < w. Defining Ry = N exp(—(1 —

w)N >, 1M /2) and R’ = w?N we have,

B R(N—R/) Zm I(m)

w (m)
Pr < (QEJOV)ReXp( ——G=m——) < exp(—%), Ry<R<R,
< (m) _ (m)
(R exp(~Hpt—) S oxp(-HEEe ), RI< RSN,
and hence E[r(z, 2)] = (1 + o(1))Ro/N. O
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