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Abstract. Correlation clustering is the problem of finding a crisp partition of the vertices of a correlation graph in such a way as to minimize
the disagreements in the cluster assignments. In this paper, we discuss
a relaxation to the original problem setting which allows probabilistic
assignments of vertices to labels. By so doing, overlapping clusters can
be captured. We also show that a known optimization heuristic can be
applied to the problem formulation, but with the automatic selection of
the number of classes. Additionally, we propose a simple way of building
an ensemble of agreement functions sampled from a reproducing kernel
Hilbert space, which allows to apply correlation clustering without the
empirical estimation of pairwise correlation values.
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Introduction

Correlation Clustering is a recent clustering formulation, introduced in [4], which
consists in partitioning vertices of a graph, whose edges are labelled as positive
(similar) or negative (dissimilar). The goal is to find a partition in such a way
as to minimize the number of negative intra-cluster edges and positive intercluster edges. Such a setting can be found, e.g., in document clustering, where
the number of clusters (topics) is not known in advance and a classifier is given
which outputs whether two documents are similar or not. Unlike traditional
partitional clustering approaches, this formulation does not need the number of
clusters as a user parameter, but it is able to automatically perform a model
selection.
Due to the difficulty of the problem, which is NP-complete [4], much work has
been done in the direction of finding bounds and approximate solutions. In [4],
the authors provide a constant time approximation for minimizing the disagreement and a polynomial time approximation scheme for maximizing the agreements. Later theoretical and practical improvements were made by [1][11][26]

with insightful approximation algorithms that exploit linear programming or
semidefinite programming. A spectral approach to solve correlation clustering
with 2 clusters has been proposed in [10]. A learning theoretical analysis of correlation clustering is presented in [17]. Practical considerations, comparison and
experimentation with different algorithms, also heuristical ones, can be found in
[18][12].
An important application of correlation clustering is consensus clustering
[25,21,14], i.e. a methodology for summarizing an ensemble of different partitions
of the same dataset into a single partition. The partitions are typically obtained
by applying different clustering algorithms with possibly different parametrizations on the dataset. Correlation clustering can be used for the consensus clustering algorithm, by noting that each partition in the ensemble provides observations of graph vertices to co-occur in a cluster. Indeed, these observations can
be combined to estimate the similarity or dissimilarity among vertices in the
graph.
Motivation and Contribution. The classic correlation clustering formulation leads
to a hard partition of the graph vertices. This inhibits the possibility of capturing overlapping clusters, which is useful in many applications. To overcome this
limitation, we discuss in this paper two alternative formulations of correlation
clustering, where the requirement of having a crisp partition of the graph vertices
is relaxed by allowing probabilistic assignments of vertices to clusters, which are
regarded to as stochastic labellings. By so doing, vertices can be potentially
assigned to multiple clusters. However, we show that the first formulation is essentially equivalent to classic correlation clustering, whereas the second one is
different as it is able to capture overlapping clusters, preserving nevertheless the
important property of automatic selection of the number of clusters. For each
formulation an iterative scheme, based on the work of [24,23], allows to find a
locally minimizing solution. In addition, we introduce a simple way of building
an ensemble of agreement functions sampled from a reproducing kernel Hilbert
space, without resorting on empirical estimations of the probability that two
vertices will co-occur in the same class.
Previous work Our reference scheme is an adaptation of [22] to correlation clustering. In [22] they use stochastic assignments for finding overlapping communities in a social network. See also [3] for a rather different approach to the
problem of finding groups from similarity matrices. However both [3,22] fix the
number of classes K. By modifying the approach of [24] we have a different algorithm which automatically selects the number of classes K. In [8] they attack
the problem of finding overlapping groups in correlation clustering by extending
the Correlation Clustering functional with multi-labelling functions, instead of
relaxing the ownership assignments.
Outline. The paper is organized as follows. Section 2 formally introduces the
problem of correlation clustering within a more general setting, where we might

have missing edges in the graph and noisy labels on the edges. Section 3 introduces two relaxed formulations of correlation clustering, which allow for stochastic assignments of vertices to clusters, and show some theoretical properties
among which the ability of capturing overlapping clusters. We address the optimization problems related to the two proposed formulations in Section 4, where
we make use of a result due to Baum and Eagon. In section 5 we introduce our
ensemble of agreement functions sampled from kernel space and in Section 6
we show experiments on real and synthetic datasets. In section 7 we draw the
conclusions.

2

Correlation Clustering

A correlation graph G = (V, E, w) is an edge-weighted graph without self-loops,
where V = {1, . . . , n} is a set of vertices, E ⊆ V × V is a set of edges and
w : E → {0, 1} is a function mapping edges (i, j) ∈ E to 1 or 0 according to
whether i and j are correlated or not. Hereafter, we write wij for w(i, j).
Let Lk = {1, . . . , k} be a set of k labels. A (stochastic) k-labelling, or simply
labelling if k is understood by the context, for a correlation graph G = (V, E, w)
is a matrix Y = (y1 , . . . , yn ) ∈ ∆nk , where yi ∈ ∆k is a probabilistic assignment
of a label in Lk to a vertex i ∈ V , where
(
)
X
∆ k = z ∈ Rk :
z` = 1 and z` ≥ 0 for all ` ∈ Lk
`∈Lk

is the (k − 1)-dimensional simplex. We denote by Λk = ∆k ∩ {0, 1}k the set
of deterministic assignments of labels to vertices, i.e. the set of distributions
with full mass on a specific label in Lk . A labelling X ∈ Λnk is regarded as a
deterministic labelling. Note that for stochastic as well as deterministic labellings,
parameter k should be intended as the maximum number of labels assignable to
vertices. This implies that some labels in Lk may not be used. Moreover, for all
k 0 > k, Λk and ∆k can be naturally embedded in Λk0 and ∆k0 , respectively.
Given a deterministic labelling X ∈ Λnk for a correlation graph G = (V, E, w),
we say that two vertices connected by an edge (i, j) ∈ E agree if x>
i xj = wij .
We say that they disagree, in all other cases. The total disagreement φG (X) of
a labelling X ∈ Λnk for a correlation graph G = (V, E, w) is the number of edges
in G consisting of disagreeing vertices, i.e.
X
>
φG (X) =
wij (1 − x>
(1)
i xj ) + (1 − wij ) xi xj .
(i,j)∈E

Similarly, the total agreement of a labelling X ∈ Λnk for G is the number of edges
in E consisting of agreeing vertices.
A correlation k-clustering of a correlation graph G = (V, E, w) is a k-labelling
X∗ ∈ Λnk minimizing the total disagreement, i.e.
φ∗G,Λk = φG (X∗ ) = min {φG (X) : X ∈ Λnk } .

(2)

A correlation n-clustering for a correlation graph G with n vertices is called
simply a correlation clustering for G. As argued by [4], we can state the following
remark.
Remark 1 (Model selection property). There is an optimal parameter value k ∗
such that φ∗G,Λk ≥ φ∗G,Λk∗ holds for all k. Furthermore, if k 0 > k it holds that
φ∗G,Λk0 ≤ φ∗G,Λk . Hence, by selecting k = n, where n is the number of vertices of
G, we are guaranteed that X∗ is a k-labelling achieving minimum disagreement
over all possible choices of k.
2.1

Clustering with Noisy Correlation Graphs

We depart from the standard correlation clustering problem, by assuming input
graphs to be noisy with respect to the edge correlation values. Specifically, we
are not given wij explicitly, but probabilities pij are provided of observing i
and j correlated. Let G = (V, E, p) be a random variable generating correlation
graphs (random correlation graph variable) with vertex set V and edge set E,
where for each edge (i, j) ∈ E the value of wij is independently drawn according
to a Bernoulli distribution with parameter pij . The expected total disagreement
of a labelling X ∈ Λnk with respect to G is given by:
X
φG (X) = EG [φG (X)] =
pij + x>
(3)
i xj (1 − 2pij ) .
(i,j)∈E

For notational convenience, we express total disagreement in equation (1)
and expected total disagreement in equation (3) with the same symbol φ, but
they differ in the subscript being a correlation graph in the former case and a
random correlation graph variable in the latter.
In order to cope with random correlation graphs, we consider a correlation
clustering formulation, where we aim at finding a labelling in such a way as to
minimize the expected total disagreement with respect to a random correlation
graph variable G. This yields the following minimization problem
φ∗G,Λk = φG (X∗ ) = min {φG (X) : X ∈ Λnk } ,

(P)

where X∗ ∈ Λnk denotes a labelling achieving minimum expected disagreement.
The model selection property stated in Remark 1 holds straightforwardly also
for this formulation. Note that weighted versions of correlation clustering has
been addressed also in [17].

3

Relaxed Formulations with Stochastic Labellings

In this section we will relax the assumption on the labelling by allowing for
stochastic assignments of vertices to labels. There is a two-fold reason why we
introduce stochastic labellings. In first place it allows us to move from a discrete
optimization problem to a continuous one and make use of a result known as

Baum-Eagon inequality in probability domain for finding a local solution (see
Section 4). Secondly, having stochastic label assignments allows to capture overlapping clusters, by letting graph vertices to be assigned to more labels with
non-zero probability.
We move from deterministic labellings to stochastic ones by replacing the
variables X ∈ Λnk with variables Y ∈ ∆nk in (3):
φG (Y) =

X

pij + yi> yj (1 − 2pij ) .

(4)

(i,j)∈E

Here, yi> yj represents the probability of vertices i and j to occur in the same
class, under independence assumption. The relaxed version of correlation kclustering can thus be formulated as
φ∗G,∆k = φG (Y∗ ) = min {φG (Y) : Y ∈ ∆nk } ,

(Q1)

where Y∗ ∈ ∆nk denotes an optimal stochastic k-labelling achieving minimum
expected disagreement.
The relaxed formulation of correlation clustering in (Q1) is a continuous
optimization problem, which turns out to be substantially equivalent to (P).
Consequently, despite the stochastic label assignments, overlapping clusters are
not captured. The following proposition shows that, for all choices of k, (P) and
(Q1) yield the same value.
Proposition 1. Let G = (V, E, p) be a random correlation graph variable. Then
φ∗G,Λk = φ∗G,∆k for all choices of k > 0.
Proof. Note that any variable X ∈ Λnk ⊂ ∆nk . Hence, the domain of program (P)
is a strict subset of the one of (Q1), which implies φ∗G,Λk ≥ φ∗G,∆k . On the other
hand, let Y ∗ = (y1∗ , . . . , yn∗ ) be a solution of (Q1), let Xi ∈ Λk , 1 ≤ i ≤ n, be
multinomial random vectors with parameters n = 1 and probabilities yi∗ , and
let X = (X1 , . . . Xn ) ∈ Λnk be a random (deterministic) labelling generator. Then
EX [φG (X )] ≥ φ∗G,Λk , but since EX [φG (X )] = φ∗G,∆k we have that φ∗G,∆k ≥ φ∗G,Λk .
We show in Figure 1 an example of correlation clustering, where we have
3 clear overlapping clusters. In 1(a) we show the values of pij and in 1(b) we
can clearly see that the solution obtained by (Q1) is a deterministic labelling
Y∗ ∈ Λnk as the matrix of probabilities of co-occurrence (Y∗ )> Y∗ contains 0s
and 1s. This confirms the intuition coming from Proposition 1 and shows a clear
inability of this formulation to capture overlapping clusters.
In order to overcome the limitations of (Q1) we consider a different way of
computing the total disagreement of a labelling X ∈ Λk for a correlation graph
G = (V, E, w), which is given by
ϕG (X) =

X
(i,j)∈E

x>
i xj − wij

2

.

(5)

In the presence of random correlation graphs generated according to G = (V, E, p),
the corresponding expected total disagreement of a labelling X for G gives
X
>
ϕG (X) = EG [ϕG (X)] =
pij + x>
(6)
i xj (xi xj − 2pij ) .
(i,j)∈E

Note that ϕG (X) = φG (X) and ϕG (X) = φG (X). The relaxed version of (6),
which uses a stochastic labelling Y, is
X
ϕG (Y) =
pij + yi> yj (yi> yj − 2pij ) .
(7)
(i,j)∈E

Finally, the relaxed correlation k-clustering formulation related to (7) is given
by
ϕ∗G,∆k = ϕG (Y∗ ) = min {ϕG (Y) : Y ∈ ∆nk } ,
(Q2)
where Y∗ ∈ ∆nk denotes an optimal stochastic k-labelling for the minimization.
Let dG (Y) be the following function
X
dG (Y) =
yi> yj (1 − yi> yj )
(i,j)∈E

which measures the uncertainty of the stochastic labelling Y. Indeed, dG (X) = 0
for all X ∈ Λnk , while it is strictly positive in general.
The next result, which is close in spirit to Proposition 1, relates the correlation clustering formulations (Q2) and (P). Specifically it provides a lower and
upper bound for (P) in terms of (Q2) and dG (·) for all choices of k.
Proposition 2. Let G = (V, E, p) be a random correlation graph variable.Then
ϕ∗G,∆k ≤ φ∗G,Λk ≤ ϕ∗G,∆k + dG (Y∗ )
for all choices of k > 0, where Y∗ ∈ ∆nk is a solution of (Q2).
Proof. The first inequality ϕ∗G,∆k ≤ φ∗G,Λk trivially holds because Λk ⊂ ∆k . The
second inequality follows by noting that φG (Y) = ϕG (Y) + dG (Y), which implies
φ∗G,∆k ≤ ϕ∗G,∆k + dG (Y∗ ). By Proposition 1 the result derives.
From Proposition (2) we can see that if the solution of (Q2) is deterministic,
then it is also a solution of (P). Otherwise, the higher the distance from a
deterministic labelling, the larger the gap between ϕ∗G,∆k and φ∗G,Λk might be.
In Figure 1(c) we show the behaviour of formulation (Q2) with the toy example with 3 overlapping clusters, which has been previously introduced. We
note that as opposed to (Q1), this formulation is indeed able to assign vertices
to multiple classes, obtaining thereby a solution which reflects to the desired
clustering.
Also for formulations (Q1) and (Q2) the model selection property of Remark
1 holds, clearly on the respective objective functions. It is worth mentioning that
a formulation, which is equivalent to (Q2), has been used in [22] for communities
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Fig. 1. Example of correlation clustering with 3 clear overlapping clusters. Left to
right: Original correlation graph; (Y∗ )> Y∗ with Y∗ solution of (Q1); (Y∗ )> Y∗ with
Y∗ solution of (Q2).

detection. However, the authors were not aware of the relation with correlation
clustering and, thus, the automatic selection of the number of clusters.
Formulation (Q2) is, unfortunately, an highly non-convex minimization problem which is very difficult to attack with an exact algorithm working in a reasonable computational time. In the next section we propose to use non-exact
algorithms based on two iterative formulations, for both (Q1) and (Q2), which
ensure to return a locally minimizing solution.

4

Optimization using the Baum-Eagon Inequality

In order to solve our optimization problem we shall use the following important
result which is generally known as the Baum-Eagon inequality [5].
Theorem 1 (Baum-Eagon). Let Y ∈ ∆nk and Q(Y) be a homogeneous polynomial in the variables yi` with nonnegative coefficients. Define the mapping
Z = M(Y) ∈ ∆nk as follows:
 X
∂Q(Y)
∂Q(Y)
zi` = yi`
,
(8)
yi`0
∂yi`
∂yi`0
0
` ∈Lk

for all i = 1 . . . n and ` ∈ Lk . Then Q(M(Y)) > Q(Y), unless M(Y) = Y. In
other words M is a growth transformation for the polynomial Q.
Although the original theorem applies to homogeneous polynomials only, the
result has been generalized later by Baum and Sell [7] who proved that Theorem
1 still holds in the case of arbitrary polynomials with nonnegative coefficients,
and further extended the result by proving that M increases Q homotopically,
which means that for all 0 ≤ η ≤ 1, Q(ηM(Y)+(1−η)Y) ≥ Q(Y) with equality
if and only if M(Y) = Y.
The Baum-Eagon inequality provides an effective iterative means for maximizing polynomial functions in probability domains, and in fact it has served
as the basis for various statistical estimation techniques developed within the
theory of probabilistic functions of Markov chains [6]. As pointed out in [7], we
remark that the mapping M defined in Theorem 1 makes use of the first derivative only and yet is able to take finite steps while increasing Q. This contrasts
sharply with classical gradient methods, for which an increase in the objective
function is guaranteed only when infinitesimal steps are taken, and determining
the optimal step size entails computing higher-order derivatives.
It is not difficult to show that, by starting from the interior of the simplex, the
fixed points of the Baum-Eagon dynamics satisfy the first-order Karush-KuhnTucker necessary conditions for local maxima and that strict local solutions are
in correspondence to asymptotically stable points.

4.1

Algorithms for Correlation Clustering with Stochastic
Labellings

We show now how the Baum-Eagon inequality can be used in order to optimize
the relaxed formulations of correlation k-clustering introduced in Section 3. The
theorem, however, cannot be applied directly as its hypothesis are not fulfilled.
Indeed, the polynomials with variables in probability domain of (Q1) and (Q2)
need to be minimized and not maximized, and they do not have in general
nonnegative coefficients. Nevertheless, by exploiting the simplex constraints, we
can transform the aforementioned formulations into equivalent ones, which can
then be tackled by using the Baum-Eagon theorem. Hereafter, we denote with
E a k × k matrix of all 1’s, and with I the k × k identity matrix.
As for (Q1), by observing that yi> Eyj = 1 for all (i, j) ∈ E and Y ∈ ∆nk , it
is straightforward to rewrite −φG (Y) as
−φG (Y) = −|E| +

X

yi> [E + (2pij − 1)I]yj − pij

(i,j)∈E

which is a homogeneous polynomial with nonnegative coefficients (constant
terms can be dropped), in probability domain ∆nk . This equivalence allows us
to find a local solution of (Q1) by maximizing −φG . Hence, we can apply the
Baum-Eagon theorem by using (8) with Q = −φG . This yields the following

update rule for Y = (yi` ):
hP

(t+1)

yi`

i
(t)
1
−
(1
−
2p
)y
ij
j∈Ei
j`
(t)
h
i,
= yi` P
(t) P
(t)
y
1
−
(1
−
2p
)y
ij j`
`∈Lk i`
j∈Ei

(Alg-Q1)

where Ei = {j | (i, j) ∈ E} and the starting labelling Y(0) might be any point in
the interior of ∆nk .
Similarly for (Q2), we can rewrite −ϕG (Y) as the following homogeneous
polynomial with nonnegative coefficients:
X 
2
−ϕG (Y) = −|E| +
yi> (E − I)yj − pij
(i,j)∈E

which can be locally maximized by means of the Baum-Eagon result obtaining
a local solution of (Q2). This yields the following update rule:
X
(t+1)

yi`

(t)

= yi` X

(t)

1 − yj`



(t)

(1 − yi> yj ) + 2pij yj`

j∈Ei
(t)

yi`

`∈Lk

X

(t)

1 − yj`



(t)

(1 − yi> yj ) + 2pij yj`

,

(Alg-Q2)

j∈Ei

where the starting labelling Y(0) might be any point in the interior of ∆nk .
Both update rules (Alg-Q1) and (Alg-Q2) satisfy the invariant property
Y(t) ∈ ∆nk for all t > 0 if Y(0) ∈ ∆nk and lead to a local solution of the respective correlation clustering formulations.

5

Ensemble of Random Functions Sampled from Kernel
Space

In this section we show how to construct a simple ensemble of agreement functions sampled from a reproducing kernel Hilbert space, which allows to obtain a
random correlation graph variable for our algorithm from an arbitrary clustering
dataset, without resorting on empirical estimations of the probability that two
vertices will co-occur in the same class. This is an alternative approach to in
[13].
A kernel is a symmetric function K : X × X → R such that for any dataset
(x1 , . . . , xn ) ∈ Xn the comparison matrix K with entries kij = K(xi , xj ), regarded to as Gram matrix, is positive semidefinite, i.e. all its eigenvalues are
nonnegative. A kernel uniquely determines a reproducing kernel Hilbert space
[2]. This is a vector space H of functions f : X → R with the following properties:
– f (x) = hf, K(x, ·)iH
– ∀x ∈ X. K(x, ·) ∈ H

where H = span{K(x, ·) : x ∈ H}.
A feature map is a function Φ : X → H associated to a kernel K such that
kij = hΦi , Φj iH , where Φi = Φ(xi ). By the reproducing kernel property, we can
associate each function f ∈ H with an evaluating hyperplane wf , such that
f (x) = hwf , Φ(x)iH . At the same time, a function f ∈ H, can be regarded as a
2-class classifier mapping x ∈ X to a label according to the sign of f (x).
The probability pij that a randomly drawn function from f ∈ H with uniform distribution will put two data points xi , xj ∈ X in the same class can be
computed as a function of the angle θij between Φi and Φj [16]:
θij
.
π
p
The angle here is given by θij = arccos(kij / kii kjj ). The matrix P = (pij ) of
the probabilities can thus be computed as the following function of the kernel
matrix K:
1
−1
−1
P = E − arccos(DK 2 KDK 2 ) ,
π
where DK is the diagonal of K. Note that for the Gaussian kernel the formula
is simpler because the features have norm 1 as K(x, x) = 1. In this case indeed
we obtain
1
Prbf = E − arccos(Krbf ) .
π
Matrix P can be used to obtain a random correlation graph variable G representing the data to cluster by means of one of the correlation clustering approaches, previously described.
In order to account for classifiers with a larger number of classes, we consider
the possibility of specifying the number of functions f that should be drawn
from H for the classification. Under independence assumption the probability
that two sample points xi and xj will be given the same class by each of the
sampled functions, say d, is simply pdij .
pij = 1 −

6

Experiments

In this section we assess the effectiveness of the relaxed formulations introduced
in section 3 on both real and synthetic datasets.
For the experiments we considered the heuristics we introduced in Section 4,
namely Alg-Q1 and Alg-Q2, which provide solutions to (Q1) and (Q2), respectively. We compared our algorithms against two heuristics for (P). The first is a
randomized heuristic, called CC-Pivot, yielding a 11/7 approximation, which
has been introduced in [1]. The second one is a local search heuristic, called Best
One Element Move (BOEM), introduced in [15]. All four heuristics are repeated
with 25 different random initializations and best results are returned.
We evaluated the algorithms on two real datasets from the UCI Machine
Learning Repository: Iris and House-Votes. Iris consists of 150 data points in 4dimensional space divided uniformly into 3 classes. House-Votes consists of 435

data points in 17-dimensional space divided into 2 classes (267/168). We also
considered a synthetic dataset “4NG” composed by four overlapping gaussians
with 50 points each and 50 points uniformly sampled in the hyperbox containing
the data as outliers.
For each dataset we created a random correlation graph variable according
to the method described in Section 5 in conjunction with a RBF kernel with
manually tuned scale parameter, and with d = 3 sampled functions.
Note that as for our algorithms, we run them with a maximum number
of classes k = 20, which was larger than the number of classes found in the
datasets. By so doing, the algorithms were able to automatically find the number
of clusters. The running time of Alg-Q1 and Alg-Q2 is comparable to other
methods and take few minutes (< 15) with Matlab 7.8.0 [19] for Windows 7
c Intel R Core TM Duo CPU T6600 2.20GHz, 4GB RAM.
We assessed the quality of the clusterings obtained from the algorithms by
computing the confusion error [20]. Since confusion error does not penalize the
selection of a number of clusters larger than the ground truth we report also the
associated number of clusters.
In Table 1 we report best results obtained by all the methods on all datasets.
Beside the name of each dataset, we show the optimal number of classes. For each
combination of dataset and algorithm we provide the number of classes obtained
and the associated confusion error. As we can see among the four approaches,
Alg-Q2 is the one achieving the best compromise between the automatic selection
of the number of classes, and the confusion error, while the other approaches
tend to overestimate the number of actual clusters in the data. Note that an
advantage of having stochastic labelling is that we can measure the uncertainty
in a label assignment. Since our algorithm is the only one which is able to capture
such information, we report in Figure 2 the effect on the confusion error of the
removal of points with the most uncertain label assignments obtained by it. As
we can see, the error nicely decreases to zero. This indicates that the points
where the algorithm exhibits uncertain label assignments are those leading to
misclassification.

σ BOEM CC-Pivot Alg-Q1 Alg-Q2
Dataset (K)
Iris (3)
0.4 (31, 0.08) (10, 0.10) (11, 0.13) (3, 0.10)
House-Votes (2) 0.8 (8, 0.11) (5, 0.14) (20, 0.37) (2, 0.12)
*
*
(20, 0.21) (15, 0.17)
Ten-Digits (10) 0.05
4NG (4)
0.1 (42, 0.13) (56, 0.10) (19, 0.13) (7, 0.16)
Table 1. Results obtained on the datasets. We report for each combination of dataset
and algorithm the number of clusters found by the algorithm and the confusion error
of the solution found. We also report the optimal value of σ used for the experiment.
For the Ten-Digits dataset both BOEM and CC-Pivot returned an high number of
classes and their result are not significant.
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Fig. 2. Plot of the confusion error obtained by (Alg-Q2) by iteratively removing vertices
with uncertain labels. On the x-axis we report the number of vertices removed from
the dataset.

We also compared our method with the algorithm Left-Stochastic Decomposition (LSD) of [3] on datasets from [9] using the Misclassification Error [20]. As
we can see from Table 2, both approaches perform comparably well, although
our method achieves the best scores on most of the datasets that have been
taken into account.

7

Conclusions

The aim of this work is showing the relationship between classical Correlation
clustering and a relaxed version which allows for stochastic labellings instead of
hard ones. In proposition 1 we show that this relaxation is necessary, because
Correlation clustering by itself cannot capture stochastic labellings. In proposition 2 the two functionals are put in relation. Moreover, we argue that the
relaxation still preserves the property of model selection peculiar of Correlation

Dataset (K)
Alg-Q2 LSD
Amazon Binary (2) .354 .390
Aural Sonar (2)
.120 .140
Patrol (8)
.253 .440
Protein (4)
.347 .200
Voting (2)
.094 .100
Yeast Pfam 7-12 (2) .380 .360
Yeast SW 5-7 (2)
.295 .28
Yeast SW 5-12 (2)
.090 .090
Yeast SW 7-12 (2)
.095 .100
Table 2. A comparison with [3] on datasets of [9]. Number of used clusters in parenthesis.

Clustering. For both formulations we provide how to apply the Baum-Eagon
inequality in order to obtain converging algorithms. As a further contribution,
we show how we can practically build a simple ensemble of agreement functions
sampled from a reproducing kernel Hilbert space of functions. In the experiments
we obtain promising results compared to other, state-of-the-art, methods.
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