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Abstract

Streaming data analysis presents numerous challenges: the unbound- ed

and sequential nature of the stream requires evolving models in order to

capture its intrinsic non-stationarity and related concept drift. Relatively

few methods for the detection of the drift are unsupervised and require no

labels during training. In this paper, a soft and dynamic metaclustering

approach is used for concept drift detection on streaming data. The pro-

posed method exploits possibilistic memberships for a natural quantifica-

tion of the drift and is able to effectively recognize both abrupt and recur-

ring drift. The effectiveness of the proposed method has been assessed

on synthetic data from a public benchmark, yielding notable results.

1 Introduction

Due to the explosion of low-cost sensors and the proliferation of continuous-
flow data sources in many domains, streaming data analysis is gaining a
growing popularity and relevance in the scientific community. Streaming data
play a big role in the big data era and proved to be challenging in many ways
(please see [1] for an up-to-date discussion), to the point that hundreds of
surveys have been published in the last decade.

One of the crucial issues in analyzing streaming data is the non stationarity
of the stream, that is the variation of the generating probability distribution
for the data over time. This phenomenon is known as concept drift and has
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been deeply investigated due to its relevance. Most of the approaches proposed
in the Literature are supervised, while very few are unsupervised (roughly
85% supervised, 12% semi-supervised, and 5% unsupervised according to [2]).
Supervised method require labeled data and this is a strong limitation to
their applicability, while unsupervised methods try to find the intrinsic struc-
ture of the data exploiting a similarity measure. It must be said that trading
labels for similarity measures generally does not produce a single optimal solu-
tion, and often many possible solutions exist with a slight difference in the
data fitting curve or in the terminal value of the objective function. This
is due both to real data being poisoned by noise and missing values, than
to ill-conditioned objective functions, uncertain convergence, or challenging
problems, producing sub-optimal clusterings and noisy centroids. Furthermore,
most partitional algorithms depend on initialization strategies or on one or
more free parameters, whose choice can have a dramatic effect on the final
result.

Given a population of clustering solutions, meta-clustering is the task of
finding groups of clustering solutions that are the most similar within each
group and the most dissimilar among groups. Its purpose is to identify the
main alternative solutions for a problem, harnessing algorithmic variations in
a more manageable way. From this point of view the diversity of clusterings is
rather an asset than an issue, as more diverse the clustering are, more can be
learnt from them.

In the following a novel dynamic metaclustering algorithm is proposed for
streaming data, so to build an unsupervised drift detector able to capture
effectively both concept shift and reoccurring shift. The proposed method uses
sliding windows and a Rough-Possibilistic relational metaclustering algorithm,
exploiting its robustness and natural capacity to reject noise and outliers
(please see [3] for further details).

The paper is organized as follows: in section 2 and 3, the preliminary
notions of metaclustering, streaming processing and concept drift are properly
formalized; in section 4 the proposed detector is described in detail; in section
5, performed tests on real data are reported; in section 6, main conclusion are
drawn and future work is outlined.

2 Metaclustering

A brief introduction of both hard and soft clustering and metaclustering is
presented hereafter, whereas in the former case (hard clustering) the belong-
ing of an instance into a cluster is mutually exclusive and expressed by a
binary value, while in the latter case (soft clustering) an instance can belong
to multiple clusters with a non-zero and continuous membership value. Many
declinations of softness have been hybridized in the Literature (please see [4]
for an overview).

Starting from a finite set X with elements xi ∈ R
r, such that | X |= n,

a clustering φj is a partition of X into cj subsets (j)S1,
(j) S2, . . . ,

(j) Scj such
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that X = ((j)S1 ∪
(j) S2 ∪ . . . ∪

(j) Scj ). Each subset (j)S. is called a cluster
relative to the clustering φj and contains in a non-strict sense one or more
observations xi. The exact criterium used to group observations may vary
depending on the chosen clustering algorithm, but the aim is to group together
the most similar observations and to separate the most dissimilar ones. The
objective function to be minimized depends on the chosen algorithm, that can
produce fuzzy, possibilistic, rough or hybrid membership functions. Called φj
a data partition, F the objective function to be minimized and j the number of
different partitions evaluated by the algorithm, the best partition is obtained
as:

φbest = argmin
j

F(φj) (1)

The membership function can be represented by a matrix (j)U[n×cj ], that con-
tains binary values in case of of hard clustering and that has continuous values
with different constraints in case of fuzzy or possibilistic clusterings. Please
see [5] for an overview of classic clustering algorithms.

Clustering is inherently unsupervised — blind — it requires no a priori
labels and uses a very limited a priori information, aiming to find the intrin-
sic structure of the data. For this reason it is very difficult to validate the
obtained partitions, and very often the adequacy of the solution depends on
the granularity level and the purpose of the study. For example a collection of
multilingual documents can be clustered according to language or topic, with
the two solutions being equally plausible.

The solution of an hard clustering algorithm can be finally represented in
terms of pairs (xi, yk), i ∈ {1, 2, . . . , n}, k ∈ {1, 2, . . . , cbest} where yk is the
label of the cluster to which xi belongs according to the chosen algorithm and
y1, y2, . . . , ycbest are the labels of the cbest clusters of the clustering φbest. Please
note that these are not like the true label for the classes in a classification
problem, but are predicted labels that only represent the predicted cluster of
belonging. If the clustering algorithm is soft, then instead of a single label for
each instance the membership matrix U is available. It is nonetheless possible
to obtain single labels for each instance even in this case, using any variation
of defuzzification, that reads the membership matrix U row-wise and assigns
each instance to the best candidate cluster according to a predefined criterium
(i.e. it belongs to the cluster where it has the maximum membership).

Meta-clustering is the clustering of different clustering solutions for a
dataset X, where the input data to be clustered are m different partitions
(b)φbest, b ∈ {1, 2, . . . ,m} of X. and the output is a partition of the set of par-
titions Φ = {(j)φbest, j ∈ {1, 2, . . . ,m}}. The purpose of metaclustering is to
group together the most similar partitions and to separate the most dissimi-
lar ones, so to obtain a reduced number (h << m) of plausible configurations
within a small range of variability.
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Called ψk a partition of the set Φ into h subsets, the best partition is
obtained in this case as:

ψbest = argmin
k

G(ψk) (2)

where G is the objective function of the meta-clustering algorithm and k

depends on the number of different partitions (of partitions) evaluated by the
algorithm. Each subset (ψk)Sr, r ∈ {1, 2, . . . , h} of a partition ψk is called a
meta-cluster, and contains one or more of the clustering solutions (j)φbest,
deemed as optimal by the previously run clustering algorithm (please see [6]
for further details).

3 Data Stream processing

A stream of data is by definition an unbounded sequence of data that arrives
continuously over time. The typical example is data acquired from a number
of different sensors, where the order in which the data are processed does
not necessarily match the strict temporal order in which they are generated,
sensors are not necessarily synchronized and the nature of the data (qualitative,
qualitative, ordinal, mixed, etc.) may be different.

The following is referred to multiple sources of numerical data, that can
be seen as the realization of a multivariate random variable dependent on
time X(t) or a collection of univariate random variables X(t), Y (t), . . . , Z(t)
with different distributions, each of which can be called dimension or feature.
Each single incoming data in the stream can be called sample, or object, or
instances. If the number of sources is fixed, then the stream itself can be seen
as a non-finite sequence of vectors of size r, where r is the number of features:

x0,x1,x2, . . . ,xi−1,xi,xi+1, . . . ,xn

n→ +∞, i, n ∈ N, x ∈ Rr
(3)

A data stream is by definition unbounded, hence the whole dataset will
never be available and only an infinitesimal portion of it can be temporarily
stored and processed. As a consequence, data do have an obsolescence and
only the relatively recent portion of them is normally relevant.

3.1 Windowing

Due to memory and time constraints, the stream need to be processed consid-
ering a limited time window. There are four common window models: sliding,
damped, landmark and tilted.

• The sliding window is the classic moving window where only the most recent
data are considered at each step and there is a partial overlap between any
two consecutive windows;
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• in the damped window model each sample receives a weight inversely related
to its age: older samples weight less than recent samples. A decay function
is necessary, the most common being exponentials;

• in the landmark window model some purposely chosen samples separate
a window from the next, without any overlap. Landmark samples may
be at fixed steps or may be defined in terms of time intervals, memory
requirements or other criteria;

• in the tilted (or pyramidal) window model older data use wider windows
while newer data use progressively narrower windows, without overlap. The
intuition is that more recent data need a finer level of detail, while older
data can be grossly summarized.

In the following a sliding window will be considered to process the stream,
with constant diameter and a very small overlap:

W(j) = (xi−d(j) ,xi−d(j)+1,xi−d(j)+2, . . . ,xi) (4)

W(j+1) = (xi+o(j+1)−d(j+1)+1,xi+o(j+1)−d(j+1)+2,xi+o(j+1)−d(j+1)+3, . . . ,xi+o(j+1)
)

W(j+2) = (xi+o(j+1)+o(j+2)−d(j+2)+1,xi+o(j+1)+o(j+2)−d(j+2)+2, . . . ,xi+o(j+1)+o(j+2)
)

. . . j, i, o, d ∈ N, oj ≤ dj ∀j

where the diameter of the window is di+1 and the number of non-overlapping
samples between a window and the next is oi. In case the window has a constant
width then dj = d, ∀j ∈ N and in case it has a fixed step then oj = o, ∀j ∈ N.
The most common case is constant diameter with step 1.

3.2 Concept drift

The concept drift reflects the non stationarity of the stream given a sufficiently
long period of observation and represents the evolution of the stream over
time. If at time t0 there is a concept Ct0 to be learned, at time t1 the concept
to be learned Ct1 is not necessarily the same. The Literature recognizes four
types of concept drift:

• concept shift, that is the sudden change of concept; it means that in a very
short period of time a new concept replaces the previous one;

• reoccurring drift/shift, that is when an old concept reoccurs after an
unknown period of time;

• gradual drift that is when the occurrences of the new concept contaminate
the old one, until they replace them completely;

• incremental drift (or morphing), that happens when there is a smooth,
gradual transition from the old concept to the new one;

Please see [7] for a comprehensive review.
A less studied but related aspect of the concept drift is feature drift, that

is the change of relevance of a feature over time. Comparatively, very few
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work have addressed the Feature drift or shift and it is a relatively recent
trend (please see [8] for a review). Feature drift falls under the feature selec-
tion umbrella and it should not be confused with Online Feature Selection or
Streaming Feature Selection methods, as these assume learning on a stream of
features, not instances.

4 Metaclustering for Drift Detection

The purpose of this work is to propose a detector based on metaclustering –
actually an unsupervised classifier – for concept shift and recurring concept
shift detection, using a soft metaclustering algorithm and sliding windows.
While the idea of soft transition and overlapping windows is not new (see for
example [9, 10], and see [11, 12] for a survey), this is the first time multiple solu-
tions are handled together and an hybrid approach (fuzzy-rough-possibilistic)
is exploited. While meta-models and fuzzy similarities have been proposed
(see for example [13]), these where targeted specifically to recurring drift using
HMM to create a repository of previously learned models, treating signals as
sequences under Markov assumptions and without a decay mechanism.

The concept to be learned is the intrinsic structure of the data according
to a freely chosen baseline clustering algorithm, and any remarkable deviation
from this structure over time is considered a concept drift.

A sliding window is used to process the data in batches and the baseline
clustering is executed on each batch Bj , keeping only the centroids for each
batch. Then a metaclustering is executed: if the clustering structure in batch
Bj+1 is sufficiently similar to the clustering structure in batch Bj , then the two
clusterings end up in the same metacluster and there is no concept drift; if the
clustering structure in batch Bj+1 is sufficiently dissimilar from the clustering
structure in batch Bj , then a new metacluster is created and there is a concept
shift.

In order to compute distances between clusterings, a modified version of
the centroid ratio validity index[14], based on the nearest pairing of two sets of
centroids (C1 and C2), is proposed. It is equivalent to the minimum matching
of a given bipartite graph in graph theory: in this context, the nodes correspond
to the centroids while the edges connect the centroids from different clusterings.
The weight of each edge is computed as the centroid distance. Specifically,
the distance between two set of centroids is computed as the mean nearest
pairing distance between any two centroids belonging to different clusterings.
Let C1 = c11, c12, . . . , c1M and C2 = c21, c22, . . . , c2M be the centroids of two
clusterings C1 and C2 with the same cardinality | C1 |=| C2 |. For 1 ≤ i, j ≤M

D(i, j) = minc1i∈C1,c2j∈C2
∥c1i − c2j∥

2 (5)

C1 = C1 \ c1i (6)

C2 = C2 \ c2j (7)
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The distance between C1 and C2 is computed as the mean value of the
distances in D.

Each Metacluster represents a concept. After a boot period, the clustering
obtained from a new batch can produce three different decisions:

• the clustering in batch j +1 is sufficiently similar to the clustering in batch
j. In this case there is stationarity, no drift;

• the clustering in batch j + 1 is different from the clustering in batch j, but
sufficiently similar to one of the metaclusters found previously. In this case
there is a reoccurring shift;

• the clustering in batch j + 1 is different from the clustering in batch j and
also different from all the metaclusters found previously (this is possible
thanks to the possibilistic memberships). In this case a new metacluster is
created and there is a concept shift;

In this paper the relational Rough-Graded-Possibilistic Metaclustering
algorithm has been chosen [3, 15, 16], due to its flexibility and its robustness
to noise and outliers: its memberships are unconstrained so that a clustering
can have a low membership to all the metaclusters if it represents a shift (dif-
ferently from fuzzy membership that would produce an artifact in consequence
of the to sum to one constraint).

As the stream is unbounded, an obsolescence policy is required to discard
older concepts/metaclusters, that cannot accumulate indefinitely. To this pur-
pose a voting strategy has been implemented: given a parameter e representing
the number of consecutive windows where obsolescence should be evaluated,
each time a clustering is assigned to a metacluster a vote is registered for that
metacluster. If in e consecutive windows a metacluster receives no votes, then
it is discarded.

The poposed method learns incrementally and dynamically one cluster per
time the concepts in the streams and is able to expand or shrink the set of
concepts according to their currency.

The pseudo-code for the proposed method, called MetaRGPCMDD, is
sketched in algorithm 1.

5 Experimental results

In this section experimental results are presented and discussed. In order to
verify the ability of MetaRGPCMdd to detect both concept shifts and recurring
shifts, two publicly available datasets have been used as benchmark. In all the
tests, the batch size has been fixed to 200 observations, with an overlap of 50
observations between adjacent batches, and the k-means baseline clustering
algorithm initialized with the centroids computed in the previous batch and 4
clusters has been chosen. Even if tests have been performed with the k-means
clustering as baseline, the proposed method works with any other baseline
clustering.
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Algorithm 1 MetaRGPCMdd

1: procedureMetaRGPCMdd(S,α,β,batch size,overlap,numVotes,th1,th2)
2: MetaM ← ∅ array of meta–centroids
3: repeat

4: D ← collect batch size with overlap points from S

5: [C,M ] = clustering(D)
6: U ← compute rough graded possibilistic memberships of C to each
MetaM

7: mv ← max(U)
8: mk ← argmax

i=1...length(MetaM)

(U)

9: if mv < th1 then

10: nmc← nmc+ 1 increment the number of metaclusters
11: MetaM ←MetaM ∪M
12: MC ←MC ∪ C
13: NewMetaM ← RGPM(MC,MetaM, nmc, α, β)
14: votes(nmc)← 1
15: else if mv > th2 then

16: votes(mk)← votes(mk) + 1
17: else

18: MC ←MC ∪ C
19: NewMetaM ← RGPM(MC,MetaM, nmc, α, β)
20: votes(mk)← votes(mk) + 1
21: end if

22: if sum(votes) == numV otes then

23: delete metaclusters with 0 votes
24: votes← ∅
25: end if

26: MetM ← NewMetaM

27: until ∞
28: end procedure

The first dataset is a synthetic dataset with four evolving two-dimensional
Gaussian distributions used in [17]. There are two events to be identified: the
first occurs abruptly from observation 3000 to 3020 when all coordinates are
set to 0 leading to the creation of a new cluster; the second event starts at
observation 5000 when centroids positions start to gradually change, leading
to a concept drift. The proposed algorithm is able to identify the first event
(Fig.1) characterized by an abrupt decrease of the membership of the clustering
to the metaclusters (Fig.2). The creation of the new cluster determine a new
configuration of the centroids, different from the previous one, which leads to
an abrupt decrease of the membership. This reduction is quite limited because
only one of the centroids suddenly change its position, while the others remain
unchanged. Nonetheless the membership is able to capture it.
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Fig. 1 First event: concept shift.
Fig. 2 Memberships up to the moment of the
first event.

For what concern the second event, two changes of the membership values
are detected on Fig.3-4 that denotes a gradual drift of the centroids until they
settle down in the final position Fig.5.

Fig. 3 Membership first decrease when the
second event (concept drift) occurs.

Fig. 4 Membership values after the end of
the concept drift.

Fig.6-7 shows the membership values in the final part of the dataset where
centroids do not modify their position.

The second dataset, used in [18], is composed by four squared uniform dis-
tributions, where each square is represented by a different cluster, moving back
and forth in horizontal direction with constant speed, leading to a costant con-
cept drift. Fig.8 shows the moment of the creation of the second metacluster.
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Fig. 5 Data points configuration after the
end of the concept drift.

Fig. 6 Final position of the centroids. Fig. 7 Final membership values.

From Fig.9 can be noted how, after a decrease of the membership values, there
is a sudden increase due to the newly created metacluster.

The same behaviour is repeated for the creation of the third (10-11) and
the fourth (12-13) clusters.

Fig.14-15 show the situation after 100 iterations (processed batches): a
repeating pattern of gradual decrease followed by gradual increase of the
memberships can be noted, indicating a gradual transitions between the
metaclusters.
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Fig. 8 Position of the second meta–cluster Fig. 9 Memberships values at the moment of
the second meta–cluster creation.

Fig. 10 Position of the third meta–cluster
Fig. 11 Memberships values at the moment
of the third meta–cluster creation.

6 Conclusions

A novel unsupervised concept drift detector exploiting soft metaclustering has
been proposed in this paper. The method is built on top of the Rough-Graded-
Possibilistic metaclustering so to exploit its robustness and flexibility and
allows to build an incremental set of metaclusters each representing a concept
expressed in the stream. Thanks to an obsolescence policy the learned concepts
remain current and manageable in terms of memory. Results on synthetic data,
commonly used as benchmark in this field, suggest that the detector is able
to capture even small drift with notable accuracy. In the future the proposed
method will be refined to classify effectively all four types of drift described in
the Literature.
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Fig. 12 Position of the fourth meta–cluster Fig. 13 Memberships values at the moment
of the fourth meta–cluster creation.

Fig. 14 Repeating patter after 100 processed
batches.

Fig. 15 Memberships values after 100 pro-
cessed batches.
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