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SUMMARY

We consider multi-layer network data where the relationships between pairs of elements are
reflected in multiple modalities and may be described by multivariate or even high-dimensional
vectors. Under the multi-layer stochastic block model framework, we derive consistency results
for a least squares estimation of memberships. Our theorems show that, as compared to single-
layer community detection, a multi-layer network provides much richer information that allows
for consistent community detection from a much sparser network, with required edge density
reduced by a factor of the square root of the number of layers. Moreover, the multi-layer frame-
work can detect cohesive community structure across layers, which might be hard to detect by
any single-layer or simple aggregation. Simulations and a data example are provided to support
the theoretical results.

Some key words: Community detection; Consistency; Sparse network; Tensor concentration bound.

1. INTRODUCTION

A single-layer network consists of a set of n elements and a measure of pairwise interaction
between them. The observed data is represented by an adjacency matrix or a more general re-
lationship matrix A € R™*", where Aj;, (j,k =1,...,n) is a measure of interaction between
element j and element k. Recently, many examples have shown that the relationships between
different elements are reflected in multiple modalities, and that the observations may contain
multivariate or even high-dimensional vectors that describe the relationship between each pair
of elements. For example, in multimodal or multi-task brain connectivity studies, among a set
of brain regions, one may have one source of linkage inferred from electroencephalography
measures during a working memory task, and a second source of linkage inferred from resting
state functional magnetic resonance imaging measures. Other examples include social networks,
where the interaction between two people could be inferred from Facebook, LinkedIn, and more
intimate connections such as cell phone contacts. Moreover, time-evolving networks can also be
considered multi-layer network data when the set of elements remains the same over time.

A multi-layer network can be represented by a tensor object Y € R™*™*™ where each layer
Y;. (1=1,...,m), represents a different aspect of the relationship between elements. In this
paper, we will focus on multi-layer relational data with community structures, and utilize a

© 2017 Biometrika Trust

20

25

30

35



40

45

50

55

60

65

70

75

80

2 JING LEI, KEHUI CHEN AND BRIAN LYNCH

multi-layer stochastic block model point of view. The stochastic block model and its variants are
powerful tools for modeling large networks with community structures. A single-layer stochas-
tic block model (Holland et al., 1983) can be parametrized by (g, B). The observed adjacency
matrix A satisfies A;;, ~ Bernoulli(By,4,) withg € {1,..., K}" and B € [0, 1]%*%_ A natural
extension to multi-layer stochastic block models allows the community-wise connectivity pa-
rameter B to depend on the layer. In this paper, we aim to find the overall clustering pattern
of the nodes that are characterized by multiple modalities in a network structure, not the indi-
vidual clustering pattern in each modality. Therefore, in our setting, the membership g is the
same across layers. Allowing memberships to change in different layers could also be of interest
in some applications. For example, there are works on dynamic stochastic block models where
the memberships are allowed to change smoothly or follow some parametric patterns over time
(Ghasemian et al., 2016; Pensky & Zhang, 2019).

In the last few years, a considerable amount of work has emerged on community detection for
multi-layer networks, including the weighted modularity approach, spectral methods based on
various versions of aggregation or tensor singular value decomposition, and probability model-
based approaches (Tang et al., 2009; Dong et al., 2012; Kiveli et al., 2014; Xu & Hero, 2014;
Han et al., 2015; Ghasemian et al., 2016; Paul & Chen, 2016, 2017; Chen & Hero, 2017; Zhang
& Cao, 2017; Matias & Miele, 2017; Liu et al., 2018; Bhattacharyya & Chatterjee, 2018). De-
spite an explosion of disparate terminology and algorithms, there is limited work on theoretical
analysis of detection limits and consistency results for the multi-layer network structure.

Han et al. (2015) studied the consistency of clustering for the same multi-layer stochastic block
model studied here, but under a different asymptotic regime where the number of nodes n is fixed
and the number of layers m grows to infinity. In the physics literature, Taylor et al. (2016) con-
sidered an identical edge probability matrix B across layers, in which case a signal boost can be
achieved by working on the average adjacency matrix of all layers. A recent manuscript by Bhat-
tacharyya & Chatterjee (2018) provided consistency results for spectral methods under sparse
multi-layer stochastic block models, but required each layer of the connectivity matrix B to be
positive definite, with the smallest singular values bounded away from zero uniformly. Paul &
Chen (2017) considered other estimation methods and achieved a similar signal boost under the
same positivity conditions. Pensky & Zhang (2019) considered estimating the membership for
each individual layer in a dynamic stochastic block model. In the special case that memberships
do not change, the method works on the average adjacency matrix and allows a similar signal
boost under the positivity assumption.

The main contribution of this paper is that we propose to work with the m-layer network
data directly without first averaging the adjacency matrices across layers, and the theoretical
results are for general structures of B in m layers. In the proposed research, we derive a least
squares estimation of memberships, and show that an m-layer network provides much richer
information, allowing consistent estimation to be achieved for a sparser network, roughly by
a factor of m'/2, in each layer. The multi-layer framework only requires a well-defined block
structure on the overall m layers, i.e., it is possible that none of the individual layers contain a full
block structure. The theoretical analysis involves the development of a new spectral bound for
tensor network data, which uses a tensor adaptation of the combinatorial approach developed in
Lei & Rinaldo (2015). This new tensor concentration bound is crucial to develop the consistency
result for multi-layer networks under weaker conditions on B.
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2. TENSOR STOCHASTIC BLOCK MODELS

We use the symbol o to denote the outer product of vectors. For example, if x, y, and z are
vectors, then T' = x o y o z is the three-way tensor with T}, = x;y; 2. For two tensors A and B,
both of dimension (m, ni,ns), the symbol A x B denotes the m x 1 vector obtained by taking
element-wise products of A and B, and then summing over the second and third dimensions.
Finally, || - ||? denotes the sum of squares for all entries of a vector, matrix, or tensor.

A traditional single-layer stochastic block model with n nodes and K communities is pa-
rameterized by (g, B), where g € {1,..., K'}" is a membership vector, and the K x K matrix
B determines the community-wise connectivity. We also define the n x K membership ma-
trix G such that the jth row of G is 1 in the gjth column and O otherwise. The observed data
Aji (J,k =1,...,n) has expectation P}, = By, g, The key feature of a stochastic block model
is that the expectation P can be reorganized as a block-wise constant matrix by grouping nodes
in the same community. In the most commonly seen Bernoulli model, A, only takes two values,
0 and 1. The edges form independently with pr(A;; = 1) = Pjj.

This generative model can be naturally extended to a multi-layer network. Let Y be an m X
n X n tensor, with each layer Y;.. being a random graph generated by a stochastic block model
parametrized by (g, B;..). The expectation P is am x n x n tensor with P,.. = GB;..G". In our
setting, the membership vector is assumed to be common to all layers, while the connectivity
parameter B;.. could be different across layers, reflecting different aspects of node interactions.
Here B, g, denotes the g;th row and gxth column of the connectivity matrix for the ith layer,
which equals P

For example, consider a three-layer network, where each layer is generated from a three-block
stochastic block model, with connectivity matrices

0-60-40-4 0-20-40-2 0-20-20-4
B;.=10-40-20-2],B.=(0-40-60-4)|,B3.=10-20-20-4). (1)
0-40-20-2 0-20-40-2 0-40-40-6

In this three-layer network, the ith community is more active in layer ¢, as reflected in the
community-wise connectivity matrix B;... From the ith layer, we can only separate the ¢th com-
munity from the rest. If we average the three layers to form a single-layer network, the commu-
nity structure cannot be detected at all, since the average (Bj.. + Ba.. + Bs..)/3 is a matrix with
the same value in all entries. By contrast, using the multi-layer network method developed in this
paper, we are able to obtain consistent community recovery based on the tensor observation Y
generated from this type of stochastic block model.

3. A LEAST SQUARES APPROACH AND ITS STATISTICAL PROPERTIES

A popular and accurate estimation method for stochastic block models is the maximum like-
lihood estimator, for which the consistency of membership estimation in single-layer networks
has been studied by many authors, under the condition that a global maximum can be achieved
(Bickel & Chen, 2009; Zhao et al., 2012; Choi et al., 2012; Amini et al., 2013; Abbe et al.,
2016). Here we focus on its variant, the least squares estimator (Gao et al., 2015; Borgs et al.,
2015; Chen & Lei, 2018). In practice, we have found that the least squares estimator performs at
least as well as the maximum likelihood estimator. Our proposed theoretical analysis based on
the least squares estimator will reveal unique features of multi-layer data.
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For multi-layer network data, given an observation Y € R"*™*" and the number of commu-
nities K, the least squares estimator is

m
(9,B) =argmin Y w; > (Yiji — Binyn)?, 2)
h,B ;=1

=1 1<j#l<n

)

where w = (w1, ...,wn,) are user-defined weights for each layer. The minimization is over all
possible h € {1,..., K}" and all possible B € R™*5*K At first sight, there are a large num-
ber of parameters to estimate, but some derivation reveals that the optimal Bis uniquely deter-
mined given a membership vector. This is analogous to the profile likelihood perspective used in
Stephens (2000); Bickel & Chen (2009).

In the following, we present consistency results for the optimal solution to problem (2). For a
fixed community vector A, the optimization problem (2) over B is a simple least squares fit, and
the optimal B is obtained by averaging the corresponding entries of ¥~ according to the mem-
bership given by h. After profiling out B in (2), the optimization problem essentially involves
finding a partition h such that the within-group residual sum of squares is minimized when the
entries of each layer of Y are partitioned into K (K + 1)/2 blocks according to h. Thus, the
well-known total variance decomposition implies that the profiled optimization problem over h
is equivalent to maximizing the between-group sum of squares,

£ =§ ("5")

+ Y ni()ni(h)

1<j<k<K

Y % (wo Hy o Hy)

ny,(h){rx(h) — 1}

HY*(onjon)
nj(h)ng(h)

‘ 2

2

; 3)

where H is the membership matrix corresponding to the membership vector h, i.e., the ith row
of H is 1 at the location h; and zero otherwise. We let Hy, be the kth column of H and ng(h) =
[ H|l1-

In the rest of the paper, we use w; = 1 (i = 1,...,m). The theory can be easily extended to
the more general case of unequal w;’s. To accurately describe the community recovery error in
terms of the network sparsity and community separation, we adopt the following settings, which
we state as assumptions:

Assumption 1. Network sparsity: B = p,, B°, where p,, controls the overall network sparsity
and the entries of B are of constant order with maximum entry equal to 1.

Assumption 2. Community separation: 6% = minj <z <x HB% — B,(;-IAHQ > 0.
Assumption 3. Assume m < cn for some constant c.

Assumption 1 is common in the literature of network community detection. Assumption 2 is
a minimum requirement for K -community structure. Assumption 3 is made merely for presen-
tational simplicity in the main theorem. The analysis covers the case of larger m as well; see
Remark 1 at the end of this section for further details.

Our theoretical analysis of the least squares estimator in (2) consists of three main steps, which
we outline next as Lemma 1 through Lemma 3. The key technical component is a new spectral
concentration bound for tensor data, which may be of independent interest. We state the tensor
concentration theorem at the end of this section. All proofs are given in the online supplementary
material.
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LEMMA 1. Under Assumption 2, f(h; P) is uniquely maximized by h = g, up to a label per-
mutation.

This lemma ensures parameter identification as the population optimum.

LEMMA 2. Under Assumptions 1 and 3, with probability tending to one as n — oo, we have,
for some universal constant ci,

sup  |f(hY) — f(h; P)| < c1kn,
he{l,.. ,K}n

where ki, = K (logn){(np,) Vlogn}'/2 [np,m'/? + K (log n){(np,) V logn}'/?].

This lemma gives a uniform upper bound for the sampling errors. This is a main technical con-
tribution of this paper. The proof of Lemma 2 relies on Theorem 2 stated at the end of this section,
which extends recent spectral bounds for single-layer network data (Lei & Rinaldo, 2015; Chin
et al., 2015; Le et al., 2017). The proof technique is a tensor adaptation of the combinatorial
approach developed in Feige & Ofek (2005) and Lei & Rinaldo (2015).

Next we need to analyze the population optimality gap for incorrect membership vectors.
Let g be the true membership and h be any membership vector. For £k =1, ..., K define C, =
{1 <j <n:gj =k} and for any other membership vector h define é’k ={1<j<n:h;=
k}. Define ey, (k, ) as the number of nodes labeled as k in h and [ in g:

en(k,1) = C; N Cyl .

For k =1, ..., K and membership vector h, let e}, (k) be the second largest value in {ej(k,1) :
1 <1< K}. Define

Th = Il’l]iiX 6h(k)/nmin s

where npy is the smallest community size in g.

Intuitively, the largest value in {ej(k,[) : 1 <1 < K} corresponds to the correctly clustered
nodes, so (K — 1)ep, (k) can be viewed as an upper bound on the number of incorrectly clustered
nodes in C,. When 7, is small, each of the true communities C; must assign a majority proportion
of its nodes to some ék(l)9 and the mapping from [ to k() must be one-to-one since otherwise
np, will be large. Therefore, our basic strategy of proving consistency of membership estimation

is to show that 5, = op(1) if h is an optimal solution to (3).
LEMMA 3. Under Assumption 2, there exists a universal constant co such that
f(g; P) — f(h; P) > compnZp2 62K .
Combining the above three lemmas, we have the following main result:

THEOREM 1 (MAIN THEOREM). Let h be a solution to the least squares problem. Then, un-
der Assumptions 1, 2, and 3, there exists a universal constant C' > 0 such that the following
statements hold with probability tending to one:

In the sparse case, where np,, <logn,

2
n m\ | K(logn)3/? K (logn)/?
< my g aoen) oo allogn) 77
< OR <nmin> (52) { nppmi/2 L+ nppmt/?
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In the moderately dense case, where np, > logn,

2
n m Klogn Klogn
<on () () { Koen 1 f,, Klosn
"= <nmm> 5 { (npam)' } { (npam) 72 }
A prototypical case in the study of stochastic block models is the balanced community case,
where K = O(1) and nin < n. Moreover, it is natural to assume that 52 =< m. This is the case if
a constant fraction of layers in the multi-layer stochastic block model exhibits the same scale of

between-community connectivity difference, or more precisely, if there is a constant fraction of
i’sin {1,...,m} such that max; ; ||B?J - B?j,, || > ¢ for some positive constant c. In particular,

if the layers of B are generated independently from a non-degenerate distribution, we have
62 =< m with high probability when m is large.

The state-of-the-art one-layer stochastic block model result requires p,,n — oo for consistent
community recovery. Under the standard assumptions made above, in the sparse case where
npn < logn, we only require np,m'/?/(logn)>? — oo to guarantee a vanishing proportion of
mis-clustered nodes. Roughly speaking, the m-layer least squares estimator combines the signal
from all layers and enhances the signal strength by a factor of m!/2.

Finally we introduce the key technical component in our proof: the tensor concentration re-
sult. Let A be an n x n X m tensor, with each layer A.; being an inhomogeneous Erd6s—Rényi
random graph with expectation P. The maximum entry of P is of order p,,. For presentational
simplicity we assume that m = n. The more general case can be treated by padding the tensor
with zeros when m < n. The case of m > n is discussed in Remark 1 below.

THEOREM 2. Forany (z,y,z) € S" x S" x §", let W = A — P. We have |(W,z oy o z)| <
c(logn){(npy) V logn}'/? for some universal constant ¢ with all but vanishing probability as
n — oo.

Remark 1. When m > n the tensor spectral concentration bound in Theorem 2 becomes
(logm){(mpy) Vlogm}'/2. When m > n but m = O(n?), using the same analysis as in the
proof of Theorem 1, the least squares estimator can achieve consistent community estimation
when np,, grows faster than (logn)3/2/m!/2, which is still an m!/? improvement over the den-
sity requirement for single-layer networks. A larger m beyond the order of n? can further reduce
the required sparsity level p,,, but the rate of signal boost is no longer m!/2. This regime is of
less practical interest, because p,, > n~2 is a minimum requirement for each layer to have at
least one edge.

4. NUMERICAL EXPERIMENTS
4.1. Algorithm

The theoretical results developed above pertain to a global optimum of problem (2). In prac-
tice, how to achieve or approximate the global optimum remains a challenging and interesting
algorithmic question. A full search over K" possible labelings takes exponential computing time.
Greedy search methods such as the label switching algorithm (Bickel & Chen, 2009) and the tabu
search (Zhao et al., 2012) have been used in network clustering. The algorithm that we used in
our numerical experiments can be viewed as a label-switching method with batch updates, and
can also be viewed as an adaptation of Lloyd’s algorithm for k-means clustering to network data.
The algorithm proceeds as follows:

(i) Initialize by k-means on 7 slices of the data, where the jth data point is a column slice Y. ;,
viewed as a vector of length mn.
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(ii) Assume that the current iteration starts with a membership vector ¢°¢. Find a new com-
munity vector g"**" where

m
g?ew = arg minkE{l,...,K} Zwl Z{}/Z]l — Bf]ﬁz?ld}2.
i=1 1)
(iii)) Compute B™¢":
Z]#l K]ll{g}l@ﬂf:k}l{gfeulzk/}
24 Lgrew=ry Ligpev =)

new __
ikk! —

(iv) Compute the least squares loss function with respect to ¢"“* and B"™*", and update with
g% < g™ and B < B"V if the loss function reduces.

(v) Repeat steps ii-iv until the objective function cannot be further reduced.

Lloyd’s algorithm is arguably the most popular approach for k-means clustering, due to its
simplicity and fast convergence. It is not guaranteed to converge to a local minimum though, if
the local minimum is defined as a partition of the data where moving any single point to a dif-
ferent cluster increases the objective function. Arthur & Vassilvitskii (2007) showed that Lloyd’s
algorithm combined with a good starting point instead of a purely random start can provide an
accurate approximate solution with small optimality gap. Here we initialize our algorithm by k-
means on slices of data, known as marginal clustering, which has been proved to be a very good
initial point in the co-clustering literature (Anagnostopoulos et al., 2008). In our numerical stud-
ies, we repeat the algorithm three times and retain the choice with the smallest objective value,
and use weights w; = 1. The algorithm performs very satisfactorily in our simulations shown in
Section 4-2.

4.2, Simulations

In this section, we illustrate the performance of our proposed method using simulations where
we generate multi-layer networks Y € R"*"™*™ gijven membership vector g and community
connectivity tensor 5. We compare our multi-layer clustering method to a single-layer method
based on the same least squares criterion as in (2), either applied to only the first layer of Y, or
to the average over all layers of Y. In addition, we compare our method with spectral clustering
applied to the average of the layers. In each simulation trial, given a membership matrix G and a
B with each layer symmetric, the upper triangular entries of Y;.. are independently generated as
Bernoulli random variables with probabilities given by P,.. = G'B;..G". The nodes are divided
into clusters such that the number of nodes in each of the first K — 1 communities is |n/K |, and
the A'th community contains the remaining nodes. When we instead used unequal community
sizes, our method performed similarly.

In Simulation I, the entries of B are randomly generated in each trial. To do this, we first
generate By € R™* K XK where the upper triangular and diagonal entries of each layer By ;.. are
generated independently from Uniform(0, 0 - 5), and the lower triangular entries are set equal to
their corresponding upper triangular entries. We then set B = r By, where r < 1 is a preselected
positive parameter that controls sparsity. If a layer of By has K'th singular value less than a preset
cutoff value, that layer is regenerated to ensure that we have well-formed K -block structures.

We consider n € {50, 100,200} as the number of nodes, m = 27 (j = 1,...,6) as the number
of layers, K € {2,3,4} as the number of communities, and » € {0-05,0-1,0-25,0-5,1} as
the level of sparsity. For each combination of values (n, m,r, K), we run 100 simulation trials.
The proportion of nodes correctly clustered by a given method is averaged over all trials. In
Figures 1 and 2 we plot the success rates against different values of r, and we only show the
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results for m = 2 and m = 8, respectively, as the success rates for relatively dense networks are
close to 1. The performance for m = 4 is in between these and we omit it to save space. In Figure
3 we show the success rate of our method against different values of m € {2, 4,8, 16, 32,64}, for
relatively sparse networks with € {0 - 05,0 1,0 - 25}. Here, we see that sufficiently large m
and n can allow for nearly 100% correct assignment, even for small . This supports the results of
Theorem 1 and the discussion following it. The performance of our multi-layer method is clearly
superior to that of the single-layer methods. All of the methods show improved performance
as r increases, n increases, or K decreases. The performance of our multi-layer method also
improves as m increases, while the performance of the single-layer methods remains relatively
static with m. We note that under the layer-wise positivity assumption, the spectral method on
the average of the layers has been proven to have superior performance in Taylor et al. (2016);
Paul & Chen (2017); Bhattacharyya & Chatterjee (2018). However, in our simulations, the B;..
are generated randomly without any imposed positivity, so there can be signal cancellation due
to averaging. Moreover, in our simulations, the spectral method on the average of the layers does
not work as well as the least squares method on the average of the layers. The reason for this
is that our B matrices are randomly generated and the kth singular value of the averaged layers
could be very small. Spectral methods do not work well in these scenarios.

In Simulation II, By is assigned a constant value over all trials by using m = K = 3 and defin-
ing each layer of By as in (1). In this case, the average over all layers of B = r By is a constant
matrix. Each individual layer can only identify 2 unique clusters, although there are 3 clusters
when all layers are considered. Figure 4 shows simulation results in this scenario for the three
least squares methods considered above, calculating the proportion of nodes correctly identified
over 100 simulation trials. As before, our multi-layer method performs the best, increasing to-
ward 100% correct clustering as r and n increase. As expected, the averaging method performs
poorly irrespective of r and n. Using only the first layer results in a performance that improves
slightly with 7 and n, but as expected never approaches 100% accuracy.

4.3.  Application to gene network study

In this section, we apply our method to a gene network dataset. The data have been described
and used by Liu et al. (2018), and include gene co-expression data in the medial prefrontal cortex
from studies of rhesus monkeys at different stages of development. For the prenatal period, they
consider a 6-layer network corresponding to 6 age categories, labeled E40 to E120 to indicate
the number of embryonic days of age. For the postnatal period, they consider a 5-layer network
corresponding to 5 layers within the medial prefrontal cortex, labeled L2 to L6. Studies of the
medial prefrontal cortex have been used to understand developmental brain disorders, and Liu
et al. (2018) make special note of sets of genes that are significantly enriched for neural projection
guidance, which has been shown to be related to autism spectrum disorder. These genes are
marked in red in their Figures 5 and S10. We focus on the set of neural projection guidance-
enriched genes, which results in n = 154 nodes for the prenatal network, and n = 117 nodes for
the postnatal network. The networks were constructed by soft thresholding the sample correlation
computed from 423 samples from several groups, and we refer to Liu et al. (2018) for details of
the calculation.

Our clustering results are visualized for the prenatal and postnatal data in Figures 5 and 6,
respectively, in which each layer’s connectivity matrix is ordered according to the results of the
multi-layer clustering. Here K = 4 clusters are used based on visual inspection of the commu-
nities of red genes in Figures 5 and S10 of Liu et al. (2018). In both the prenatal and postnatal
networks, the individual layers show the 4 clusters grouped in different ways, giving partial views
of the overall clustering and revealing the advantage of our method in finding a cohesive portrait
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K=2 K=3 K=4

n=100

n=200

0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00
r r r

Fig. 1. Simulation I: Proportion of nodes correctly assigned
for m =2 layers and r € {0-05,0-1,0-25,0-5,1}.
The blue solid line is for the multi-layer method, the red
dashed line is for the single-layer least squares method ap-
plied to the average of the layers, the green dotted line is
for the single-layer least squares method applied to the first
layer, and the orange dotted and dashed line is for the spec-
tral method on the average of the layers.

of the communities. In Figure 5, the connectivity matrix for the first layer E40 seems to differen-
tiate 2 groups of genes, including the first cluster and the combined next 3 clusters. The second
layer E50 shows 3 groups, including the first cluster, the second 2 clusters, and the fourth cluster.
In the third layer E70, clusters 1 and 3 appear distinct, while clusters 2 and 4 look like they could
be grouped. In E80, E90, and E120, the last 2 clusters seem to be grouped, the first cluster seems
to be either distinct or grouped with the last 2, and the second cluster is distinct. The postnatal
network analysis, shown in Figure 6, reveals similar phenomena. Each of the layers gives partial
or weak information about the overall clustering, and combining them gives a stronger signal
that captures the structure of the gene clustering over all layers.

5. DISCUSSION

The greedy algorithm works very well in numerical experiments, but the rigorous theoretical
analysis of the approximate solutions is still an open question, even in single-layer network data
analysis. The authors believe this would be an interesting and challenging topic for future study.
As pointed out in the introduction, there are also various other estimators for multi-layer network
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K=2 K=3 K=4

0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00
r r r

Fig. 2. Simulation I: Proportion of nodes correctly assigned
for m = 8 layers and r € {0-05,0-1,0-25,0-5,1}.
The blue solid line is for the multi-layer method, the red
dashed line is for the single-layer least squares method ap-
plied to the average of the layers, the green dotted line is
for the single-layer least squares method applied to the first
layer, and the orange dotted and dashed line is for the spec-
tral method on the average of the layers.

data proposed in the literature, especially tensor spectral methods. The theoretical analysis of
these methods, and subsequent comparisons, are also of interest.

Our model can also be considered through the perspective of modeling non-binary inter-
actions, extending the traditional single-layer network that records binary interactions among
nodes. There are other types of pairwise interactions considered in the literature, such as the
categorical interaction in Lelarge et al. (2015) and the continuous-valued interaction in Xu et al.
(2017). It would be interesting to investigate and understand these models in a unified framework.
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dashed line, and green dotted line correspond to n = 50,
100, and 200, respectively.
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line is for the single-layer method applied to the average of

the layers, and the green dotted line is for the single-layer
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natal data, with genes ordered by the clusters. Tick marks
denote the boundaries between the clusters.
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Supplementary Material for “Consistent community
detection in multi-layer network data”

In this supplementary material we prove technical results in the article “Consistent community detec-
tion in multi-layer network data” by Lei, Chen, and Lynch. All references, as well as theorem and equation
numbering, refer to the original paper.

PROOF OF LEMMAS AND MAIN THEOREM

Proof of Lemma 1. The discussion preceding (3) implies that maximizing f(h; P) over h is equivalent
to minimizing the profiled version of (2) over all possible h with Y replaced by P. By construction of P,
the objective function in (2) equals zero when h = g. When £, g correspond to different partitions, there
exist 1 < j <! < nsuchthat h; = hy but g; # ¢;. Then there exist 1 <4 <mand 1 < k < n such that
Piji, # Py, so that P, — Bihjhk and P, — Bihzhk cannot both be zero. So the objective function (2)
must be strictly positive. Therefore if h achieves the minimum of (2), then h; = h; implies g; = g;. Given
that A contains at most K groups, we conclude that h = g up to label permutation. (]

Proof of Lemma 2. A little rearranging gives

| 2

K
SNV o Hy o HIP | Y+ w0 Hy o Hy)
W)= 0 St -1yt A el

We only focus on w; =1 (i =1,...,m). For the diagonal blocks, if ny(h) < 1 for some k, then Y
(wo Hg o Hi) =0= P x* (wo Hy o Hy) so we can focus on the case ng(h) > 2. Then by the Cauchy-
Schwartz inequality,

|V % (wo Hy o Hy)|? B | P * (wo Hy o Hy)|?
ng(h){ni(h) — 1} ng(h){ni(h) — 1}
(2P x (wo Ho Hg) + (Y — P) % (wo Hy 0 Hy), (Y — P) % (wo Hy o Hy))
ng(h){nk(h) — 1}
ni(h)ml/zpmaxnk(h)log n{ (nPmax) V log n}1/2 + ni (h)(log n)2{(npma>c) Vlogn}
ni(h)
:nk(h)ml/meaxlog n{(NPmax) V log n}1/2 + (log n)?{(npmax) V logn},

<

where the third line uses ||P * (w o Hy o Hy)|| < n?(h)m'/?pmax and ||[(Y — P) * (wo Hy o Hy)|| <
nk(h)log n{(npmax) V log n}'/? with high probability by Theorem 2. To see the latter inequality, recall
thatw = (1,...,1)7,

(Y — P) % (wo Hi o Hg)|| = Rmﬁxu 1<(Y—P)*(onkon),x>
xeR™:||x||=

= max (Y — PuxoH,oHy)
zeR™:||z||=1

H H
=n max (Y —-Puz ko, Zk

o o
z€R™:||z||=1 ’ NN Y

<ng max (Y —Pxoyoz),
zER™:||z||=1;y,2€R",[ly[|=z[=1

and the rest follows from Theorem 2.
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For the off-diagonal blocks, similarly,

|V % (wo Hy o Hy)? B | P (wo Hy o Hy)||?

ni(h)ni(h) ni(h)ni(h)
(2P x(woHpoH))+ (Y — P)* (wo Hyo Hy), (A— P)* (wo Hyo Hyp))
n(h)ru(h)
§{nk(h)nl(h)}1/2pmaxlog n{m(npmax V log n)}1/2 + (log n)? (Npmax V logn).
Summing over k, [ we have 435
| (15 A) = f(h; P)| Spmaxlog n{m(npmax Viogn)}'/? >~ (ngm)/? + K*(log n)* (npmax V log n)
ki=1,..,K

X 2
=Pmaxlog n{m(npmax V logn)}/? <Z n,lc/2> + K?(logn)*(npmax V logn)
k=1

<K npmaxlog n{m(npmax V logn)}/2 + K2(log n)? (npmax V 10gn) = ky.
g

Proof of Lemma 3. Let h # g be another membership vector. Let C, = {1 <i<n:g; =k} be the o
set of nodes in the kth true cluster, and C’k = {1 <i < n:h; =k} be the set of nodes in the kth h-cluster.
Then by definition ey, (k,1) = |Cix N C;|. When h # g, there exists (k, 1,1’) such that [ # I’, ex(k,1) > 0,
and ey (k,1") > 0. Without loss of generality, assume k = 1,1 = 1,1’ = 2, and e}, (1,1) > e (1,2).

By assumption there exists k such that || B.1; — B.ok||2 > d. Given this k, there exists an [ such that
eh(lJ{:) >n/K. 415

Let m; be the number of distinct node pairs in (C’l X C‘l) N (C1 x Cy). Let my be the number of
unique node pairs in (Cy x ;) N (Cy x Cy). We have my = ep,(1, 1)ny, /K and mgy > ep(1,2)n; /K.

Then the within-cluster variance under A is at least {myms/(my + m2)}(p,d)? and we have the fol-
lowing optimality gap:

mimso 2 2
P)— f(h,P) > ———=—(p,0)° Z(pnd 1,2 K.
£(9.P) = 10, P) = (5,5 2(puden (L D/
The claim follows from e, (1,2) > npnmin and ng > M. O

Proof of Theorem 1. Combining Lemma 3 and Lemma 2, we have, with high probability,
Y < K{f(g; P) — f(s P)} < 2K c1kn

. S.1
02n12nin62 N C2n?ninp%62 ( )
In the sparse case, under the assumption np, <logn, we have Kk, =
K (logn)*/2 {np,m'/? + K(logn)*?}. Plugging &, in (S.1) we have 455
<2cK2n(logn)3/2pnm1/2 - K (logn)3/? _ K n?m [ K(logn)3/? - K (logn)/?
"= Tiin P 0° nppm?/? Ninind> | npnm!/2 nppm'/2 - f

Similarly, the claim in the moderately dense case follows by plugging in &k, =
Klogn(npn)'/? {np,m'/? + Klogn(np,)'/?} in (S.1). O

TENSOR CONCENTRATION BOUND

Proof of Theorem 2. Fix ¢ € (0, 1); for example, we can take 6 = 1/2. Let T be the intersection of the 0
n-dimensional unit ball and points whose coordinates are grid points of length ¢/ n'/2. For each u € R”
such that ||u|| < 1 — §, the cube of side length §/n'/? centered at u is contained in T'. It then follows that
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(1 —=6)S™ C convhull(T"). As a consequence, for (z,y,z) € S” x S” x §”,
[(Wzoyoz)|=(1-08)[(W,(1-8)zo(l-0d)yo(l-24))
<1-8)7F  sup  [(Waoyoz)|.
(z,y,2)ETXTXT

Therefore, we only need to deal with the vectorsin 7" x T" x T

Letd = (np) V logn (we use p for p,).

For each (z,y,2) € T x T x T, consider index sets L. = {(i,7,1) : |z;y;jz1| < d/?/n} . These
are what we call the light triplets of (4, 7, ).

For (z,y,2) €T x T x T, let wij = ziyjzl(|viy;z| < dY?/n) + zy21(zyiz) < dV?/n).

Again using Bernstein’s inequality and the fact that 3, _,, ufj ; < 2 we have
1:2q 2
1/2 3C cn
pr g Wijiuig1| > cd <2exp{ — < Qexp{
2 2d/? 4+ (4/3
(6,5, 1) €Ly, = PZKN Uy + ( 3n )Cdl/z +(4/3)ec

According to Proposition S1, we have |T'| x |T| x |T| < e™31°8(9/9) Thus one can pick a constant c large
enough so that union bound yields

pr| sup > wijuig| > cd? | <207
(@ y2) €T | (i DV eLuy -

Next we control the triplets in L7 , .. By symmetry, it suffices to control the triplets with positive
coordinates, £1 = {(i,4,1) : @; > 0,y; > 0,2 > 0}. The other cases can be controlled using the same
technique, and only differ in the constant factor of the bound. The required result is provided in Lemma 4

and the proof is complete. (]

LEMMA 4 (HEAVY TRIPLET BOUND). For any given ¢ > 0, there exists a constant C depending only
on c such that

sup Z T4y 21Wij1 §C’d1/210gn,
3 _
2u2€T0 (el

with probability at least 1 — 2n~°.

Proof of Lemma 4. We start with some notation:

Let [ ={i:0/n'?<az; <25/n'/?}, I,=1{i:2°"'6/n"/? < x; <2%§/n'/?} for s=
2, ..., [logy(n'/?/5)]. Define J;, L,, similarly.

Let e(I, J, L) be the number of distinct edges between I and J on layers indexed in L.

Let u(I,J, L) = E{e(I,J, L)}, p(I,J, L) = |I||J||L|d/n.

Let Asty = e(Isa Jt, Lu)/ﬁétu

Let ag = |14]22%/n, B = |Je|2% /1, Yo = |Lu|2%% /0, Oste = Aspud™/?nt/22 (5140,

Then

25§ 21§ 24§
2w <2 > s o L) o5 i i
(4,4, €Ls (s,t,u):28Ft+u>d1/2p1/2
=253d1/2 Z N

(5,t,u):25+"+“ 2d1/2n1/2

Now we split the triplets (s,t,u) under consideration into eighteen categories. Let C = {(s,t,u) :
2stttu > ql/2p1/2 |1,|, |Ly| < |J;|}, and define the following:
1= {(S,t, u) €C:o5u < 1}
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Co = {(s,t,u) € C\Cy : Astu, < €Ca}.

Cg = {(8 t u) S C\(Cl UCQ) : 25tu > d1/2n1/22t}.
Ci - {(s.t,u) € C\(C1 UCsUCs) : log Aera > (1/4){2¢log 2 + log(1/5:)}}.
5 = {(S t u) € C\(Cl UCs UC3 UC4) 2t10g2 > 10g(1/5t)}
Ce = {(S t U) EC\(Cl UCQUCgUC4UC5)}

The other twelve categories can be defined using a similar partition of
C' = {(s,t,u) : 25T > @202 | gy Ly | < |L],
"o _ {(s,t,u) . 2s+t+u Z d1/2n1/2, |Is|7 |Jt| S |Lu|}7

by rotating the roles of (I, s, «), (J, t, 8), (L, u, ). These sets are not disjoint. Our argument is still valid
as the overlap only makes the sum larger.

We now analyze separately each of the first six cases. Towards that end, we will repeatedly make use
of the following simple facts:

dac <D 2wi/0P <4677 Y B <467 Y <46
s i t u

Triplets in C;: In this case we get the bound

Z asﬁt’}/uo—stul{(satvu) € Cl} S Z asﬂt’}/ul{(sat) € Cl}

() ()
<D By = 4llx]364llyl55 4] 2136 < 646°.
()

Triplets in Cs: In this case
Tstu = Astud'/?nt/227(HFY <X\ < ecs.
Therefore,
D auBioand{(s,t) € C} < Y auBiyuecal{(s,t) € Ca}
(s,t) (s,t,0)

<ecsy Z Qs By < ece64676.
(s,t,u)

Triplets in Cs: In this case 2°~¢t% > d'/2n1/2. Also by the bounded degree lemma (Lemma 6), we
have

6([:37 Jt7Lu) =~

Z sﬁt’YuUstul{(S t U) € CS} - ZOZS’YM Zﬁto—stul{( t U) S CS}

(s,t,u) S,u

—Za€71LZ |Jt|7>\s‘t d1/2 1/22 s+t+u 1{(57tau) € C3}

S,u

stu < ¢1n/|J¢|. Thus,

ten
< Z AsYu Z |Jt |L1] |d1/2 1/22 (ett+u) 1{(Sat7u) € C3}

dl/2p1/2
<c ZO‘SWZ a—tu 1{(s,t,u) € C3} < 2¢q Zasfyu < 32¢1074,

S,u

where the first inequality uses Mg, < c1n/|J¢|, the second inequality follows from the definition of Cs,
and the third inequality follows from the fact that the nonzero summands over ¢ are all bounded by 1 and
form a geometric sequence.
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Multi-layer networks 5

In order to bound the triplets in Cy4, C5, and Cg, we will rely on the second case described in the bounded
discrepancy lemma (Lemma 5), which we can rewrite in an equivalent form as

22t
)\stu‘IsHJt||Lu| 10g>\stu <03‘Jt|10g |J|
Rearranging, this is in turn equivalent to
s—t+u
O stu s Yu 108 Astu < 3 /3,172 (2tlog2 +1log ;') . (5.2)

Triplets in C4: The inequality log Asz,, > (1/4){2t1log 2 + log(1/5;)} and (S.2) imply that cvsyy O sty <
4¢325~ 1 /(dY/2n1/?). Then

Z asﬁt’YuO—stul{(S t u € C4} - Zﬂtza87uostu1{(3 t) < C4}

(s,t,u) S,u

<des Y By 28U /(dPnt ) 1{(s, t,u) € C4} < Beslogn Y By < 32c30 logn,
t t

s,u

where the first inequality uses the property of C; which implies that a.sv, 04, < 4¢32571F%/(dY/?n1/?),
and the second inequality follows from the fact that for each u the nonzero summand over s is a geometric
sequence bounded by 1 because (s,t,u) ¢ Cs, and the number of distinct « values is bounded by log n
when n is large enough.

Triplets in Cs: In this case we have 2t log 2 > log 6;1. Also because (s, t,u) ¢ Cyq, we have log Agp,, <
4=1(2tlog2 +log B; ) < tlog2. Thus Ay, < 2°. On the other hand, because (s,t,u) ¢ C1,1 < 05y =
Astud1/2n1/22—(s+t+u) < d1/2n1/22—s—u' Thus 25+% < d1/2n1/2.

Because (s, t,u) ¢ Ca, we have log Agt,, > 1. Combining with 2¢log 2 > log ﬂt_l, (S.2) implies that

28—t+u
OstuOsYu < C3 W4t log 2,

Z asﬁt'yuo-stul{(&t; U) S CS} = Zﬁt ZQS’YuUstul{(Satau) € CS}
(s,t,u) t s,u
s t+u

<Zﬂtz ey 4t(log 2)1{(s,t,u) € C5}

s+u

_ 2
§46310g225tt2 tZW:l{(S,t,U;) 665}
t S, U
< 4eczlog2(logn) Z B < 16¢36 2logn,
t

where the third inequality holds for the same reason as the double sum over (s, u) in the case of Cy.

Triplets in Cg: We have 2tlog2 <logf;'. Because (s,t,u)¢ Cs, we have logs, <
(1/2)1log B;* <logB; ' where the last inequality comes from the fact that log s, > 1 because
(s,t,u) ¢ Cy. Thus,

Z sﬂt’yuastul{(s t ’LL) S CG} ZaslyuZBtAst d1/2 1/22 (S+t+u)1{(s t ’LL) S CG}

(s,t,u)

< Zas'yu Zd1/2n1/22*(8+t+“)1{(s,t,u) €Cs}

< 22%% <3261

S,U
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LEMMA 5. There exist universal constants co, cs such that with probability at least 1 — 4n~" for all
triplets (I, J, L) at least one of the following holds:

e(I,J,L) < ee
a(l, gLy =%
e(I,J,L)

I L)log ————=~
ol J.L)log 275 T)

n
< ezmax(|1],]J],|L]) log m~

Proof. Let dij. = 1y Aiji, dig =Y i1 A;ji. We confine the argument to the event
max; j; max(d;.;, d;;.) < cid, which has probability at least 1 — n~! for large enough constant
c1, by Bernstein’s inequality and union bound.

Consider the case |J| = max(|I],|J|, |L|). The other cases are similar.

If | J| > n/e, then by the bounded degree lemma (Lemma 6) we have e(1, J, L) < |I||L|c;d and hence
e(L,J,L)/i(I, J, L) < [I||L{erd/(|T||T]|L|d/n) < eqe.

Now assume |.J| < n/e. Let k > 8 be a number to be specified later. By a deviation bound for sums of
Bernoulli random variables we have

1
pri{e(I,J, L) > ki(I,J, L)} < exp {—Z(kzlog k)u}
For a given number c3 >0, define ¢(I,J,L) as the unique value of ¢ such that tlogt =
{es|J|/a(1,J, L)} log(n/|J|). Let k(I, J, L) = max{8,¢(I,J, L)}
Then,

pr{ell /. L) 2 I L)l 1 1)) < exp { ~ L1, LKL, L) log ML 1)}

< exp ( sc3lJ|log J|)

Therefore, the probability that there exists (IJ,L) such that |I],|L| < |J| <n/e,e(l,J L) >
k(I,J,L)a(I,J, L) is less than or equal to

Z exp( 03J|10g|J>

(I, J,L):|1],| LI<|J|<n/e

< > > exp (—2039 log Z)

(h,g,m):1<h,m<g<n/e (I,J,L):|I|=h,|J|=g,|L|=

n\ [n 1 n
: ALBLE >exp<—2cwwg>
(h,g,m):1<h m<g<n/e g g
() G e (g )
eXp ——c3glog —
9 2 9
1
2

n
3glogg+hlogh+h+glogg+g+mlog+m>

Tl(i’

< g
- h

M

(h,g,m):1<h,m<g<n/e

(]

< exp

exp (
(h.g;m):1<h,m<g<n/e

3glog + 3glog — —|—3g>

w\'—*

(]

(h,g,m):1<h,m<g<n/e

<

(]

exp (—2(03 —12)glog g> Z n=2(e=12) < p=s(ea—18)

(h,g,m):1<h,m<g<n/e (h,g,m):1<h,m<g<n/e

where the inequalities repeatedly use the assumption that h, m < g < n/e and the fact that ¢ log(n/t) is
increasing on [1,n/e].
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As a result, with probability at least 1 — n~(1/2)(¢s=18) ‘we have e(I, J, L) < k(I, J, L)i(I, J, L) for
all |I],]L| < |J| < n/e. As a final step, we further divide the set of triplets (I, J, L) satisfying |I],|L| <
|J| < n/einto two groups by the value of k(I, J, L). For the triplets for which k(I, J, L) = 8, we get

e(I,J,L) < k(I, J,L)a(I, J, L) = 8i(I, J, L).
For all the other triplets k(I, J, L) = t(I,J, L) > 8,and we have e(I, J, L) /fi(1, J, L) < t(I,J,L). Thus

e(l,J,L) e(l,J,L) es|J| n
— log — <t(I,J,L)logt(I,J, L) = ————1log —,
B(0.0.1) ' (1. L) EA ) = ) 1]
which implies that
e(l,J,L) n
I1,J,L)log ——————= < c3|J|log —.
6( 3¢y ) Ogﬂ(I7J,L) _C3| | Og|J|
The desired claim follows by letting ¢ = max(cy, 8), and ¢3 = 20. O
PROPOSITION S1. |T| < en108(9/9),
1/3

Proof. For each point in T', consider the £, ball of side length §/n
1/6

centering at that point. These
balls are disjoint, have volume d"n~"/3 and diameter dn'/®, and are hence inside the ball of radius
1 + 6nl/8. Therefore |T'| equals the number of all such £, balls, which is no more than, by argument of
volume and Stirling’s formula,

(1+5n1/6)nﬂ.n/2 - (1+5)nn6/nﬂ.n/2
(1 + n/2)(6"n—"/3) = (2m)1/2(1 + n/2)3/2+n/2e—1-n/2§np—n/3
<(1+671)n(2ﬂ_e)n/2 < enlog(Q/J).

O

LEMMA 6 (BOUNDED DEGREE). Under the assumption of Theorem 2, there exists a universal con-
stant c1 > 0 such that with probability at least 1 — n ™1

Slllp Z A1 < ad.
J

Proof. The proof follows from a standard application of Bernstein’s inequality and union bound, which

is identical to the corresponding lemma in Lei & Rinaldo (2015). (]
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