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Abstract—In this paper, we consider the problem of distributed
spectral clustering, wherein the data to be clustered is (horizontally) partitioned over a set of interconnected agents with limited
connectivity. In order to solve it, we consider the equivalent
problem of reconstructing the Euclidean distance matrix of
pairwise distances among the joint set of datapoints. This is
obtained in a fully decentralized fashion, making use of an
innovative distributed gradient-based procedure, where at every
agent we interleave gradient steps on a low-rank factorization
of the distance matrix, with local averaging steps considering all
its neighbors’ current estimates. The procedure can be applied
to any spectral clustering algorithm, including normalized and
unnormalized variations, for multiple choices of the underlying
Laplacian matrix. Experimental evaluations demonstrate that the
solution is competitive with a fully centralized solver, where data
is collected beforehand on a (virtual) coordinating agent.
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I. I NTRODUCTION
Performing inference on data which is partitioned over
geographically distinct locations is now considered as a fundamental problem in many scientiﬁc endeavors [1], [2], including
peer-to-peer networks [3], sensor networks [4], [5], power
grids [6], and many others [7]. Separate domains of application
may impose largely different constraints on the solution, including (but not limited to) low computational power at every
location, limited underlying connectivity (e.g. no broadcasting
capability), impossibility of having a single coordinating agent,
privacy concerns on the exchange of sensible information [8],
and so on.
Over the last years, different authors have proposed distributed variants for many of the standard supervised and
unsupervised algorithms available in the machine learning
community. Examples of the former include distributed algorithms for training support vector machines [3], [9], randomweights networks [10], [11], multilayer perceptrons [12], and
others. Examples of the latter, instead, comprise distributed
versions of the k-means procedure [13], principal component
analysis [14], generative models for clustering [15], etc. The
availability of distributed clustering procedures, in particular,
has a wide range of possible applications, ranging from
collaborative document clustering [16], sensors aggregation
in ad-hoc networks [17] and grouping of medical patients
across diverse clinical databases. A schematic example of a
distributed clustering setting, comprising two separate clusters
partitioned over three distinct agents, is shown in Fig. 1.
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Fig. 1. Example of distributed clustering over a network, involving two
clusters (denoted by circles and squares, respectively), and three agents. Every
agent has a varying number of points, and it may not have representatives from
each of the clusters.

To date, however, many fundamental clustering algorithms
cannot be applied straightforwardly in a distributed context,
due to a lack of available fully decentralized training protocols.
Particularly, in this paper we are interested in performing
spectral clustering (SC) [18], [19], whenever data is partitioned
over a network as in Fig. 1. SC is a popular class of clustering
algorithms, which has been shown to outperform alternative
mechanisms in many real-world applications. Basically, it
works by performing clustering in a suitably transformed
space, whose mapping is constructed starting from a similarity graph corresponding to the data. Different ways of
constructing the graph (and extracting its eigenstructure) give
rise to alternative SC formulations, which have been applied
(among others) to speech recognition [20], 3D segmentation
[21], and so on. Since SC depends on the pairwise distances
among all points, to the best of our knowledge no distributed
protocol for its solution has been proposed, and most of the
research has focused in parallelizing its computation with a
single coordinating agent [22], [23].
In order to solve this problem, in this paper we consider the
equivalent task of reconstructing (in a decentralized fashion)
the matrix of Euclidean distances (EDM) among all points.
Indeed, perfect knowledge of this matrix would allow each
agent to solve independently the original SC problem, for a
wide range of different choices of the underlying data graph
[19]. Recasting the problem in this way, however, allows
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II. S PECTRAL C LUSTERING
In this section we describe the basic concepts pertaining to
the SC framework. We refer to any introductory publication
for a fuller treatment, e.g. [19], [32]. Suppose we are given
N
a set of N points S = {xi }i=1 , where each xi ∈ Rd . Our
aim is to partition the set S into k disjoint clusters, where k
is given beforehand, such that a predeﬁned measure of quality
is optimized (e.g. the Davies-Bouldin index [33]).
The ﬁrst step of any SC algorithm
is to construct a data
adjacency graph G D = V D , E D ,1 where each vertex in V D
1 We use a superscript D to differentiate it from the agents’ graph introduced
in the next section.
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us to leverage over a large number of works on matrix
completion [24], [25] and EDM completion [26], especially
in the distributed setting [27], [28]. Particularly, we consider a
distributed gradient-descent algorithm to this end, originally
proposed for semi-supervised learning over networks [28].
This is an iterative procedure, where at each step every agent
performs a single gradient descent step on its own estimate,
followed by an averaging step with respect to its neighbors’
estimates. This kind of techniques have a long history in the
optimization ﬁeld [29], and they have recently gained a wide
popularity under the name of ‘diffusion’ strategies [2], [30].
Our proposed algorithm reduces the computational complexity
by exploiting the speciﬁc structure of the EDM matrices,
which allows it to operate on a suitable factorization of the
original matrix in order to reduce the number of parameters
to be estimated.
In the initial phase of the algorithm, we allow a small
exchange of data patterns between agents. This is required
since, in the beginning, each agent has only access to a limited
block of the full EDM, making the problem of its estimation
rather hard. However, our experimental results show that the
process becomes feasible with only a limited exchange of
patterns, which can be customized in a large variety of ways. If
privacy is required, sensible information can also be protected
by the inclusion of well-known privacy preservation strategies
for distributed computation of Euclidean distances [31]. As
we said, the proposed algorithm is the ﬁrst truly decentralized
procedure for performing SC, which respects the constraints
put forward before, particularly: (i) it only considers local
communication among neighbors; (ii) update steps can be
performed easily even on low-power devices; and (iii) no
coordinating entity is required, such that every node has the
same importance in the overall network. Our experimental
results show that the obtained solution is comparable with the
optimal scenario in which data is collected beforehand on a
centralized processor, to solve the global SC problem.
The rest of the paper is organized as follows. In Section
II we provide a basic introduction to SC techniques. Next, in
Section III we formulate the distributed SC problem, and detail
our proposed algorithm for its solution. Section IV presents
our experimental results, while Section V concludes the paper
with some ﬁnal remarks and possible future lines of research.
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Fig. 2. An example of eigen-transformation on a 2D dataset. (a) 40 points
from the original data. (b) First 2 eigenvectors of Laplacian matrix computed
from a similarity graph with Euclidean distance on edges. All patterns
belonging to a cluster are mapped to the same point.

corresponds to a point in S, and each edge in E D weights
the similarity among two points. We deﬁne an adjacency
D
is the similarity among
matrix WD ∈ RN ×N , where wij
points xi and xj . There are many ways of constructing WD ,
corresponding to different variants of the framework. As an
example, a simple choice is a fully connected graph with a
Gaussian weighting with bandwidth γ > 0:


2
D
= exp −γ xi − xj 2 .
(1)
wij
Although there are multiple choices for WD , we stress
here that practically every choice depends on the Euclidean
distance between points, an aspect which is fundamental in
our design of a distributed strategy in the next section. Once
the weighting matrix WD is speciﬁed, we can compute the
so-called Laplacian adjacency matrix, which is deﬁned as:
LD = D D − W D ,

(2)

where 
the degree matrix DD is a diagonal matrix with
N
D
D
. Similarly to what happens with WD , there
Dii = j=1 wij
are many variants for constructing LD , such as normalizing
it by the degree matrix, or using an iterated version [19].
The third step of the SC procedure is to extract the leading
k eigenvectors (where k is the number of desired clusters)
from LD , an operation which can be implemented efﬁciently,
particularly if the elements of WD are symmetric [34].
Suppose that the eigenvectors are stacked column-wise in
a matrix U. The ith row of U can be interpreted as the
transformation of xi in the space induced by the eigenstructure
of LD . Based on this consideration, the last step of SC
algorithms is to cluster in k groups the rows of LD , typically
by using the standard k-means procedure. The rationale for
this is that clustering in this new space is generally simpler,
since it exploits a priori the similarity information contained in
the adjacency graph (similar ideas can be found in other areas
of machine learning, such as semi-supervised learning with
manifold regularization [35]). As an extreme case, consider the
toy problem presented in Fig. 2. The original 2-dimensional
points in Fig. 2a are organized in two optimal clusters, one of
which is non-trivial to capture with a standard k-means, which
assumes hypersphericity of the clusters. However, in the new
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domain induced by U (see Fig. 2b), all the patterns belonging
to a cluster are mapped to a single point.
III. D ISTRIBUTED S PECTRAL C LUSTERING OVER
N ETWORKS
A. Formulation of the problem
For the rest of this paper, we assume that the dataset S to be
clustered is not available on a centralized location. Instead, it is
partitioned over Lagents, such that the kth agent has access to
L
a dataset Sk and k=1 Sk = S (see Fig. 1). The connectivity
among agents can be represented
as a second graph, that we

call the agents’ graph, G A = V A , E A , such that each vertex
v ∈ V A is an agent, and two agents i and j can communicate
(i.e. exchange information) between them only if the edge
(i, j) is in the set E A . For simplicity, we assume that the
agents’ graph is time-invariant, connected (i.e., two agents are
always reachable by traversing a ﬁnite amount of edges), and
undirected, such that if (i, j) ∈ E A , then (j, i) ∈ E A . Additionally, we suppose that the agents have available a mechanism
of synchronization for performing iterative computations. We
note that this is a standard assumption in most of the literature
on distributed learning [4], [11], [36].
From what we said in the previous section, it is clear that
the distributed SC problem is equivalent to the distributed
computation of the matrix LD , which in turn is equivalent
to the computation of the EDM E, where Eij = xi − xj 2 .
In the following section we propose an efﬁcient distributed
gradient algorithm to this end.
B. Distributed computation of the EDM
To begin with, we note that with a proper rearrangement of
patterns, the global EDM E can always be expressed as:
⎤
⎡
?
E1 ?
⎥
⎢
(3)
E = ⎣ ? ... ? ⎦ ,
?

?

EL

where Ek denotes the EDM computed only from the patterns
in Sk . This particular structure implies that the sampling set is
not random, and makes non-trivial the problem of completing
E solely from the knowledge of the local matrices. At the
opposite, the idea of exchanging the entire local datasets
between nodes is unfeasible because of the amount of data
which would need to be shared. Based on these considerations,
we propose a framework for the distributed estimation of Ek ,
which consists of four steps:
1) Patterns exchange: every agent exchanges a fraction
p of the available Sk with its neighbors. This step is
necessary so that the agents can increase the number
of known entries in their local matrices. In order to
maximize the diffusion of the data within the network,
(1)
this step is iterated nmax times; at every iteration an
increasing percentage of shared data is constituted by
pattern received by the neighbors in previous iterations.
A simple strategy to do this consists, at the iteration n,
n(1) −n+1
to choose max (1) p patterns from the local dataset, and
nmax

patterns received in the previous n − 1 iterations.
In order to preserve privacy, this step can include one of
the privacy-preserving strategies known in the literature
[31].
2) Local EDM computation: each agent computes, using
its original dataset and the data received from its neighbors, an incomplete approximation Êk ∈ RN ×N of the
real EDM matrix E.
3) Entries exchange: the agents exchange a sample of their
local EDMs Êk with their neighbors. Again, this step is
(2)
iterated nmax times using the rule of step 1. In this case,
(2)
we denote as nmax the maximum number of iterations.
4) Distributed EDM completion: the agents complete the
estimate Ẽ of the global EDM using the strategy detailed
next.
To formalize this last step, deﬁne a local matrix Ωk as:

1 if Êij = 0
Ωk =
.
(4)
0 otherwise
n−1
(1) p
nmax

We aim at ﬁnding a matrix Ẽ such that the following (joint)
cost function is minimized:
L 
L

2




min
Jk (Ẽ) =
Ωk ◦ Êk − Ẽ  , (5)
Ẽ∈EDM(N )

k=1

F

k=1

where ◦ denotes the Hadamard product, and EDM(N ) is the
set of EDMs of size N × N . To solve problem (5) in a
fully decentralized fashion, we use the algorithm introduced
in [28], which in turn derives from the framework of diffusion
adaptation (DA) for optimization [36] and on previous works
on EDM completion [26]. In particular, we approximate the
objective function in Eq. (5) by:





2
Jk (V) = Ωk ◦ Êk − κ VVT  k = 1, . . . , L , (6)
F

where κ(·) is the Schoenberg mapping, which maps every
positive semideﬁnite (PSD) matrix to an EDM, given by:
κ(E) = diag(E)1T + 1diag(E)T − 2E ,

(7)

such that diag(E) extracts the main diagonal of E as a column
vector, and we also exploits the known fact that any PSD
matrix D with rank r admits a factorization {D = VVT },
×r
= {V ∈ RN ×r : det (VT V) = 0}.
where V ∈ RN
∗
This allows to strongly reduce the computational cost of our
algorithm, as the objective function is now formulated only in
terms of the low-rank factor V.
The diffusion gradient descent for the distributed completion
of the EDM is then deﬁned by an alternation of updating and
diffusion equations in the form of [28]:
1) Initialization: All the agents initialize the local matrices
Vk as random N × r matrices.
2) Update of V: At time n, the kth agent updates the local
matrix Vk using a gradient descent step with respect to
its local cost function:
Ṽk [n + 1] = Vk [n] − ηk [n]∇Vk Jk (V) .
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(8)
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A LGORITHM I
P SEUDOCODE OF THE PROPOSED DISTRIBUTED SPECTRAL CLUSTERING
ALGORITHM , AT THE k TH AGENT.
Input: Local dataset Sk , number of nodes L (global), maximum number of iterations T .
(1)
1: for n = 1 to nmax do
2:
Select a set of input patterns and share them with the
neighbors Nk .
3:
Receive patterns from the neighbors.
4: end for
5: Compute the incomplete EDM matrix Êk .
(2)
6: for n = 1 to nmax do
7:
Select a set of entries from Êk and share them with
the neighbors.
8:
Receive entries from the neighbors.
9:
Update Êk with the entries received.
10: end for
11: Initialize Vk [0].
12: for n = 1 to T do
13:
Compute Vk [n] using Eq. (8).
14:
Diffuse local information using Eq. (10).
15: end for
16: Compute the Laplacian matrix L̃ from Ẽ.
17: Perform SC using L̃.

where ηk [n] is a positive step-size. It is straightforward
to show that the gradient of the cost function is given
by:

∇Vk Jk (V) = κ∗ Ωk ◦
 


◦ κ Vk [n] VkT [n] − Êk Vk [n] , (9)
where κ∗ (A) = 2 [diag (A1] − A) is the adjoint operator of κ(·).
3) Diffusion: In order to propagate information over the
network, the updated matrices are combined according
to some mixing weights C ∈ RL×L :
Vk [n + 1] =

L


Cki Ṽi [n + 1] .

(10)

i=1

where Cki > 0 if and only if agents k and i are
connected, in order to send information only through
neighbors. The mixing weights are generally chosen to
provide a convex combination at every agent. A simple choice, which is used throughout our experimental
results, are the so-called ‘max-degree’ weights:
⎧
1
⎪
if k ∈ Nj
⎨ d+1
dk
(11)
Ckj = 1 − d+1 if k = j .
⎪
⎩
0
otherwise
where Nk is the set of neighbors of node k, and d is
the degree of the graph [37].
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For a rationale of this approach, and an analysis of its convergence behavior in the case of convex cost functions, we refer
to any introductory publication on DA [2], [36]. Convergence
of a similar family of algorithms in the case of non-convex cost
functions is instead derived in [38]. The proposed algorithm
for distributed SC over networks is summarized in Algorithm
I.
IV. E XPERIMENTAL E VALUATION
A. Experimental Setup
In this section, we evaluate the performance of the proposed
algorithm when compared with a fully centralized approach,
where local data is sent beforehand to a (virtual) centralized
processor. We consider six different public datasets available
on the UCI repository,2 a schematic description of which is
given in Table II. Except for the TwoMoons dataset, no graphical visualization of them is possible. In all cases, the optimal
clustering is known beforehand for testing purposes, either in
the case of classiﬁcation datasets (where clusters correspond
to classes), or because the dataset is artiﬁcially generated. In
the following we present some additional information on each
of them.
• Australian credit approval: It is composed by 690 instances and 14 attributes. It is a binary classiﬁcation
dataset, which concerns credit card applications. It is interesting because it contains a good mixture of attributes,
both continuous and nominal.
• Hill-Valley: It is a classiﬁcation dataset composed by
100 features on a two-dimensional graph. The task is to
identify whenever the plotted points will create a Hill (a
“bump” in the terrain) or a Valley (a “dip” in the terrain).
There are 606 instances in the complete dataset.
• Ionosphere: The Ionosphere dataset consists of 16 highfrequency antennas and 17 pulse number for the Goose
Bay system. Instances are described by 2 attributes per
pulse number. 351 datapoints composed by 34 attributes
each are used to classify radar returns in “good” returns
or “bad” returns depending on the evidence of some type
of structure in the ionosphere.
• LSVT Voice Rehabilitation: It is a classiﬁcation dataset
composed by 126 samples and 309 features. The aim
is to assess whether voice rehabilitation treatment leads
to phonations considered ’acceptable’ or ’unacceptable’.
Each feature corresponds to the application of a speech
signal processing algorithm which has to characterize
objectively the signal.
• Twomoons: It is a binary cluster dataset of 400 instances
composed by two attributes. The dataset contains two
clusters, whose shape is similar to a waxing and waning
crescent moon.
• Vehicle Silhouettes: It contains four classes of 752 vehicles to classify with a set of 18 features extracted from
their silhouette. The vehicles may be viewed from one
of many different angles. Four ”Corgie” model vehicles
2 https://archive.ics.uci.edu/ml/datasets.html
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TABLE II
D ETAILED DESCRIPTION OF EACH DATASET. A DDITIONAL INFORMATION ON THEM IS PROVIDED IN S ECTION IV-A.
Dataset

Features

Instances

Classes

Original Task

Australian credit approval
Hill-Valley
Ionosphere
LSVT Voice Rehabilitation
Twomoons
Vehicle Silhouettes

14
100
34
309
2
18

690
606
351
126
400
752

2
2
2
2
2
4

Classiﬁcation
Classiﬁcation
Classiﬁcation
Classiﬁcation
Clustering
Classiﬁcation

must be recognized: a decker bus, Cheverolet van, Saab
9000 and an Opel Manta 400. This particular combination
of vehicles is such that the bus, van and either one of
the cars would be distinguishable, but it would be more
difﬁcult to distinguish between cars.
In all cases input features were normalized between -1 and
1 before the experiments. All experiments are then averaged
over 5 different runs of simulations. In each run we consider a
random topology of 7 nodes according to the so-called “ErdosRènyi model” [37] such that every pair of nodes is connected
with a ﬁxed probability p = 0.5. The only global requirement
is that the overall topology is connected.
At each round the overall dataset is randomly partitioned
among the agents (as in Fig. 1). We compare the following
two algorithms:
• Distributed Spectral Clustering: this is the previously
described approach where the Laplacian Matrix is evaluated in a distributed fashion using the distributed EDM
completion algorithm presented in Section III-B. For
the initial exchange phase, we set a small value of
(1)
(2)
nmax = nmax = 150. The EDM estimation algorithm is
run for T = 1000 iterations. For the step-size, we used a
ﬁxed step-size strategy. In particular, the optimal values
of η is chosen searching it in the exponential interval 10j
with j ∈ {−10, −9, ..., 2, 3}.
• Centralized approach: this is equivalent to having a
centralized agent, where the traditional spectral clustering
algorithm is performed on the global dataset. It is used
as an optimal benchmark to evaluate our approach.
We use a standard SC procedure, where the Laplacian matrix
is constructed using Eq. (1) with γ = 1, which was found to
work relatively well on all datasets. All experiments are carried
out using MATLAB R2013b on a machine with Intel Core i5
processor with a CPU @ 3.00 GHz with 16 GB of RAM. The
employed k-means is the one included in the Statistics and
Machine Learning Toolbox of MATLAB.
B. Results
The goal of the experiment was to evaluate how the
proposed distributed EDM algorithm can inﬂuence the performance of several quality indexes when compared with a
centralized algorithm. We start our discussion of the results

by analyzing the performance of four quality indexes that
are computed for both the centralized and the distributed
approach:
•
•
•
•

Rand Index [39]
Falks-Mallows [40]
F-measure [40]
K-Index [41]

Precisely all of the indexes range in [0, 1], with 1 indicating
a perfect correlation between the true label of the cluster
and the output of the clustering algorithm, and 0 the perfect
negative correlation. The results are summarized in Table III
where they have been averaged over 10 k-means evaluations
and over the different agents in the distributed case. For each
dataset the mean and the standard deviation of each quality
index is computed. The best result for each dataset and for
each index is highlighted in bold.
As we can see, the results of the two approaches are
reasonably aligned. Whereas the centralized approach can
signiﬁcantly boost performance for almost all the quality
indexes in the Ionosphere dataset, in the other example results are more comparable. In particular in the Australian
credit approval, Hill-Valley, LSVT Voice Rehabilitation and
Twomoons datasets the values of the quality indexes are very
similar, while in the Vehicle Silhouettes dataset our approach
outperforms the centralized one with respect to the F-measure
and the F-M Index. The most important result suggested from
Table III is that the distributed EDM computation can indeed
be an effective approach to be applied in a distributed scenario,
since it is able to match very closely the performance of the
centralized spectral clustering algorithm.
To further strengthen the results, a visual representation of
the Rand-Index is given in Fig 3. As it has been noted the
two approaches present a similar behavior in the majority of
datasets. A slightly worse trend is reported for the Ionosphere
dataset, but it is offset by the behavior of the Vehicle Silhouettes dataset that presents an increase of nearly 20% of the
Rand Index.
To reinforce our conclusion, we also report the completion
error during the iterations of the distributed EDM estimation
algorithm. The error is evaluated at each iteration in the
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TABLE III
E XPERIMENTAL RESULTS ON THE DIFFERENT DATASET. W E SHOW THE AVERAGE AND THE STANDARD DEVIATION OF THE F-I NDEX , R AND I NDEX ,
K APPA I NDEX , FM-I NDEX FOR BOTH THE CENTRALIZED (C) AND THE DISTRIBUTED (D) APPROACHES . B EST RESULTS FOR EACH ALGORITHM ARE
HIGHLIGHTED IN BOLD .
Dataset

Algorithm

F-Measure

Rand-Index

K-Index

F-M Index

Australian credit approval

C

0.445 ± 0.198

0.499 ± 0.004

0.028 ± 0.014

0.564 ± 0.041

D

0.473 ± 0.000

0.500 ± 0.000

0.032 ± 0.000

0.504 ± 0.000

HIll-Valley
Ionosphere
LSVT Voice Rehabilitation
Twomoons
Vehicle Silhouettes

C

0.488 ± 0.178

0.501 ± 0.001

0.042 ± 0.019

0.596 ±0.059

D

0.506 ± 0.024

0.500 ± 0.000

0.029 ± 0.000

0.499 ± 0.000

C

0.944 ± 0.000

0.811 ± 0.000

0.046 ± 0.000

0.655 ± 0.000

D

0.641 ± 0.035

0.504 ± 0.000

0.119 ± 0.000

0.638 ± 0.000

C

0.418 ± 0.000

0.509 ± 0.000

0.091 ± 0.000

0.542 ± 0.000

D

0.434 ± 0.113

0.499 ± 0.000

0.139 ± 0.000

0.532 ± 0.000

C

0.723 ± 0.361

0.813 ± 0.000

0.792 ± 0.000

0.817 ± 0.000

D

0.788 ± 0.254

0.751 ± 0.000

0.711 ± 0.000

0.752 ± 0.000

C

0.222 ± 0.139

0.448 ± 0.036

0.026 ± 0.007

0.386 ± 0.023

D

0.170 ± 0.080

0.650 ± 0.000

0.187 ± 0.000

0.312 ± 0.000

Valley dataset, the LSVT voice or Vehicle Silhouettes, where
in a few number of iterations it obtains very low errors. The
error is independent from the size of the dataset, although a
low number of steps are necessary to reach convergence to a
reasonable accuracy.

0.9
Centralized
Distributed

0.8
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0.6
0.5

V. C ONCLUSIONS

0.4

In this paper, we have introduced a fully distributed procedure for performing spectral clustering over networks of
computing agents. In particular, we considered the equivalent
problem of completing the matrix containing the pairwise distances among all datapoints. This is obtained via a distributed
gradient procedure, interleaving gradient descent steps with
point-to-point diffusion of information. Overall, our experimental results suggest that the procedure is able to efﬁciently
match a fully centralized implementation, without however
requiring the presence of a coordinating node, and using only
in-network communication.
In the near future, we intend to test the resulting algorithm
on multiple real-world distributed clustering applications, including distributed text mining and medical diagnosing. We
also plan to consider more elaborate SC procedures based on
the distributed computation of the Laplacian (e.g. using normalized versions of it), and to remove some of the assumptions
made on this paper, particularly in relation to asynchronous
message passing and time-varying connectivity of the agents’
network.
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Fig. 3. The Rand Index for all of the described datasets for both the
Centralized Spectral Clustering algorithm and the Distributed approach.

following way:




L 
−
Ẽ
E


k
1
.
Err =
L
E

(12)

k=1

The convergence of the proposed approach, averaged over the
different runs, is summarized in Fig. 4, where on the x-axis
is reported the iteration number and on the y-axis the EDM
completion error. The reported trend proves that our approach
is able to rapidly converge to the real EDM. We see that, with
the solely exception of the Twomoons, the algorithm is able to
obtain very similar results in all of the datasets, like the Hill-
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