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Abstract—Affinity Propagation (AP) clustering has been successfully used in a lot of clustering problems. However, most of the
applications deal with static data. This paper considers how to apply AP in incremental clustering problems. Firstly, we point out the
difficulties in Incremental Affinity Propagation (IAP) clustering, and then propose two strategies to solve them. Correspondingly, two
IAP clustering algorithms are proposed. They are IAP clustering based on K -Medoids (IAPKM) and IAP clustering based on Nearest
Neighbor Assignment (IAPNA). Five popular labeled data sets, real world time series and a video are used to test the performance of
IAPKM and IAPNA. Traditional AP clustering is also implemented to provide benchmark performance. Experimental results show that
IAPKM and IAPNA can achieve comparable clustering performance with traditional AP clustering on all the data sets. Meanwhile, the
time cost is dramatically reduced in IAPKM and IAPNA. Both the effectiveness and the efficiency make IAPKM and IAPNA able to be
well used in incremental clustering tasks.

Index Terms—Affinity propagation, incremental clustering, K -Medoids, nearest neighbor assignment.
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1 INTRODUCTION

C LUSTERING, or cluster analysis, is an important
subject in data mining. It aims at partitioning a data

set into some groups, often referred to as clusters, such
that data points in the same cluster are more similar to
each other than to those in other clusters [1].

There are different types of clustering. However, most
of the clustering algorithms were designed for discov-
ering patterns in static data [2]. Nowadays, more and
more data e.g., blogs, Web pages, video surveillance,
etc., are appearing in dynamic manner, known as data
streams. Therefore, incremental clustering, evolutionary
clustering, and data stream clustering are becoming hot
topics in data mining societies [3]. Characteristics of the
dynamic data, or data streams, include their high vol-
ume and potentially unbounded size, sequential access,
and dynamically evolving nature. This imposes addi-
tional requirements to traditional clustering algorithms
to rapidly process and summarize the massive amount
of continuously arriving data. It also requires the ability
to adapt to changes in the data distribution, the ability
to detect emerging clusters and distinguish them from
outliers in the data, and the ability to merge old clusters
or discard expired ones [4]. All of these requirements
make dynamic data clustering a significant challenge.

Because of the high-speed processing requirements,
many of the dynamic data clustering methods are exten-
sions of simple algorithms such as K-means, K-medoids,
or density-based clustering, modified to work in a dy-
namic data environment setting [5], [6], [7]. In this paper,
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we extend a recently proposed clustering algorithm,
affinity propagation (AP) clustering, to handle dynamic
data. Several experiments have shown its consistent
superiority over the previous algorithms [8] in static
data. The goal of this paper is to propose a dynamic
variant of AP clustering, which can achieve comparable
clustering performance with traditional AP clustering by
just adjusting the current clustering results according
to new arriving objects, rather than re-implemented AP
clustering on the whole dataset. Therefore, a great deal of
time can be saved, which makes AP clustering efficient
enough to be used in dynamic environment.

AP clustering is an exemplar-based method that real-
ized by assigning each data point to its nearest exemplar,
where exemplars are identified by passing messages on
bipartite graph. There are two kinds of messages passing
on bipartite graph. They are responsibility and availabil-
ity, collectively called ’affinity’ by Frey and Dueck [9].
AP clustering can be seen as an application of belief
propagation, which was invented by Pearl to handle
inference problems on probability graph [10]. In Kschis-
chang et al.’s work, it is called sum-product algorithm,
or max-product algorithm, which is implemented on
factor graphs [11]. Such message-passing methods have
been shown to be remarkably efficient in many hard
problems that include error correction, learning in neural
networks, digital signal processing and Bayesian infer-
ence in artificial intelligence. In physics terms, it can be
seen as a mean-field method [12].

In fact, message-passing based methods go beyond
belief propagation (or max-product algorithm). Mezard
gave an anthropomorphic explanation about AP cluster-
ing from the perspective of maxing graph similarity with
constrains [13]. By simulating that how social groups
emerged via every person’s communication with each
other, Geng et al. proposed a new clustering algorithm,

IEEE TRANSACTIONS ON KNOWLEDGE AND DATA ENGINEERING VOL:PP NO:99 YEAR 2014



IEEE TRANSACTIONS ON KNOWLEDGE AND DATA ENGINEERING, VOL. X, NO. X, MM YYYY 2

which outperforms hierarchical clustering in some as-
pects [14]. Hwang et al. proposed a signal transduction
model for clustering and detecting functional modules in
protein-protein interaction networks [15]. Additionally,
some traditional clustering methods can also be well
explained in a message-passing manner.

Extensions of AP clustering in dynamic environment
have been discussed by many researchers. Zhang et
al. proposed a streaming AP clustering algorithm [16].
In their work, new object is assigned to an exemplar
if fit criterion is satisfied. Otherwise, it is put into a
reservoir. When the size of reservoir is big enough,
traditional AP is re-implemented to empty reservoir.
Ott et al. pointed out that, in Zhang et al.’s work,
AP clustering was recomputed nearly for every newly
observed data point. This obviously didn’t work when
real-time performance was required [17]. Therefore, they
improved the efficiency of streaming AP clustering by
limiting the numbers of recomputing. Shi et al. proposed
a semi-supervised based incremental AP clustering, and
applied it in text clustering [18]. In their work, IAP is
realized by adjusting similarity matrix. The similarities
between objects with same label are set much larger
than usual, and those with different label are set much
smaller. Recently, Yang et al. proposed Incremental and
Decremental AP (ID-AP) for semi-supervised clustering
in multispectral images. Clustering performance was
improved by both label-based similarity matrix adjusting
and ID learning principle [19].

In this paper, we point out that the difficulty of
extending AP in dynamic data clustering is that, the pre-
existing objects have established certain relationships (nonzero
responsibilities and nonzero availabilities) between each other
after affinity propagation, while new objects’ relationships
with other objects are still at the initial level (zero responsibili-
ties and zero availabilities). Objects added at different time are
at the different statuses, so it’s hard to find a proper exemplar
set by simply continuing affinity propagation in this case. This
problem will be discussed in a further step in this paper.
And then, two strategies will be proposed to overcome
this problem.

Compared with the previous works, another remark-
able feature of our work is that the IAP clustering
algorithms are proposed based on a message-passing
framework. That’s, each object is a node in a graph,
and weighted edges between nodes correspond to pair-
wise similarity between objects. When a new object
is observed, it will be added on the graph and then
message passing is implemented to find a new exemplar
set. Because that only one, or a few of nodes’ entering
will not change the structure of the whole graph a lot,
a local adjustment of availabilities and responsibilities
is enough. Therefore, messages passing on graphs will
reconverge quickly. Based on these features, the IAP
clustering algorithms proposed in this paper don’t need
to re-implemented AP clustering on the whole data set,
nor need to change the similarities between objects.
Additionally, the new observed objects can be added one

by one, or a batch by a batch, and the number of clusters
can be adjusted automatically.

The rest of the paper is organized as follows. In section
2, we present some basic concepts and formulas about
different types of dynamic clustering, and then give a
brief description of AP clustering. Two IAP clustering
algorithms are proposed in Section 3. Section 4 presents
experimental methodology and results on labeled data
sets, real world time series and a video. Section 5 dis-
cusses conclusions and future work.

2 RELATED WORKS

In this section, we provide the background for the dis-
cussion of the rest of the paper. We firstly introduce
different types of dynamic clustering, and then give a
brief description of AP clustering.

2.1 Problem Formulation
In order to get an overview of different types of clus-
tering, it’s assumed that {Xt}, t = 1, 2, . . . , T, is a
sequentially collected data set, where Xt is an mt × d
matrix, represents mt d-dimensional objects observed at
time stamp t.

In static data clustering, time stamp is not taken
into account, and all the objects are available at once.
Therefore, the data set can be represented as X0. It is
an m0 × d matrix, represents m0 d-dimensional objects.
The goal of traditional clustering algorithm is to partition
them into some groups (e.g. k) so that objects in the same
groups are more similar than that in different groups.

A data stream is defined as an ordered sequence of data
points that can be read only once or a small number of
times in [4], and data stream clustering is expected to be
a single-pass algorithm. It’s assumed that only one object
is observed at each time step, then the original data set
can be rewritten as {xt}, t = 1, 2, . . . , T . A data stream
clustering framework is proposed in [20], where micro-
cluster is a fundamental concept. A micro-class is defined
as a (2d+ 3) tuple vector, used to represent a cluster of
objects with time stamps. At the very beginning of data
streaming clustering, a certain number of micro-clusters
are created using an offline process. Whenever a new
object arrives, the micro-clusters are updated in order to
reflect the evolution of data stream.

Chakrabarti et al. define evolutionary clustering as the
problem of processing time-stamped data to produce
a sequence of clustering results; that is, a clustering
result for each timestep [21]. Each clustering result in
the sequence should be similar to the clustering result
at the previous timestep, and should accurately reflect
the data arriving during that timestep. At timestep
t, the set of all available objects is Ut = Ut−1

∪
Xt,

the clustering result is ct, and the similarity matrix is
St. The goal of evolutionary clustering is to maximize
z =

∑t
1 sq(ct,St) − cp

∑t
1 hc(ct−1, ct), where sq(, ) is

snapshot clustering quality, hc(, ) is history cost function,
and cp is an constant coefficient. Different from data
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stream clustering, evolutionary clustering focuses on the
smoothing of the clustering results.

According to Charikar et al. [22], incremental clustering
is defined as follows: for an orderly given data set, main-
tain a collection of k clusters such that when some new
objects Xt are arriving, either assign them into the cur-
rent k clusters, or create a new cluster. Bagirov et al. di-
vided the existing incremental clustering algorithms into
two classes: Single Pass Incremental Algorithms (SPIAs)
and Cluster Center Adding Algorithms (CCAAs)[23].
Most of the existing incremental clustering algorithms
are SPIAs, where new objects are added at each iteration
and cluster centers are redefined accordingly. In CCAAs,
the number of clusters is not fixed. It usually increases
as more and more objects pour in.

In this paper, we suppose such a scenario: the data we
observed and collected are dynamic, we have collected
some data initially and then the data we collected are
increasing as time passed. In order to save time and
computational resources, we hope that we can adjust the
clustering results obtained in the previous step according
to new arriving data, rather than re-implement cluster-
ing algorithm on the whole data set. Such a scenario
often happens in real world, so it’s an important problem
in data mining. That is, for a given data set Ut−1 and
the previous clustering result ct−1, how to compute ct
efficiently and effectively according to the new arriving
objects Xt.

2.2 Affinity Propagation Clustering
Exemplar-based clustering is one of the most important
clustering algorithms. It is realized by firstly picking
out some special objects that called exemplars, and then
associating each left object to its nearest exemplar. The
objective is to maximize

z =
n∑

i=1

s(i, ci), (1)

where s(i, ci) denotes similarity between xi and its
nearest exemplar xci . The most attracting advantage of
exemplar-based clustering is that the exemplar set itself
stores compressed information of the whole data set.
However, find an optimal set of exemplars is essentially
a hard combinational optimization problem.

By introducing a constraint function, the optimization
problem can be transformed into an unconstrained op-
timization problem

z =
n∑

i=1

s(i, ci) +
n∑

j=1

δj(c), (2)

where c = (c1, c2, . . . , cn). δj(c) is the constraint function
defined as

δj(c) =
{
−∞, ifcj ̸= j, but∃ci = j;
0, otherwise.

A value of ci = j for i ̸= j indicates that object i is
assigned to a cluster with object j as its exemplar. A

δ1 ……

cic1 c2 cn…… …… ci

……δ2 δj δn δj

s(1,·) s(2,·) s(i,·) s(n,·)

r(i,j) a (i,j)

Fig. 1. Factor graph of AP clustering. Triangle nodes
represent function nodes, circle nodes represent variable
nodes. Object function is the sum of all the triangle nodes.

value of cj = j indicates that object j is an exemplar.
The introduction of penalty term δj(c) is to avoid such
a situation that object i chooses object j as its exemplar,
but object j is not an exemplar at all.

The unconstrained optimization problem can be vi-
sualized by a bipartite graph in Fig. 1. Triangle nodes
represent function nodes, while circle nodes correspond
to variable nodes. Object function is the sum of all
the function nodes. Such bipartite graph was named
factor graph by Kschischang et al. [11]. Additionally,
they proposed a message-passing algorithm, called sum-
product algorithm, or max-product algorithm, which is
implemented on factor graph to find a feasible solution
of the original optimization problem.

In Fig. 1, there are two kinds of message passing
on graph. They are responsibilities and availabilities.
Responsibility r(i, j) is sent from variable node ci to
function node δj . It indicates how strongly object i
wants to choose candidate exemplar j as its exemplar.
According to [9], r(i, j) can be computed as follows:

r(i, j)← s(i, j)− max
j′,j′ ̸=j

{a(i, j′) + s(i, j′)}. (3)

Availability a(i, j), sent from function node δj to vari-
able node ci, reflects the accumulated evidence for how
well-suited it would be for point i to choose point j as
its exemplar. It can be computed as follows:

a(i, j)← min

{
0, r(j, j) +

∑
i′,i′ ̸∈{i,j}

max{0, r(i′, j)}
}
. (4)

Responsibilities and availabilities update as (3) and
(4) till convergence, then the clustering result ĉ =
(ĉ1, . . . , ĉn) can be obtained by

ĉi = argmax
j
{a(i, j) + r(i, j)}. (5)

3 INCREMENTAL AP CLUSTERING

AP clustering has been successfully used in a series of
problems, e.g., face recognition [24], fMRI data analysis
[25], and document clustering [26]. However, most of
the applications deal with static data. Incremental AP
clustering is still a difficult problem.
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(a) (b) (c) (d) (e)

(f) (g) (h) (i) (j)

A B A B

Fig. 2. The difficulty in incremental AP clustering. (a)∼(e) demonstrate how traditional AP clustering works. The
darkness of the arrow directed from point i to point j corresponds to the strength of transmitted message that point i
belongs to exemplar point j. Exemplars are marked out as solid points. Responsibilities and availabilities converge in
(d), and the clustering result is shown in (e). New objects, represented by red triangle nodes, arrive in (f ). Message
passing continues in (g)∼(h), and the process reconverges in (i). The final clustering result is shown in (j).

The difficulty in incremental AP clustering is that: after
affinity propagation, the first batch of objects have estab-
lished certain relationships (nonzero responsibilities and
nonzero availabilities) between each other, while new
objects’ relationships with other objects are still at the
initial level (zero responsibilities and zero availabilities).
Objects arriving at different timestep are at the different
statuses, so it is not likely to find the correct exemplar set
by simply continuing affinity propagation in this case.

Fig. 2 is a toy example to demonstrate such a problem,
where the data come from the computational experi-
ments in [9]. Traditional AP clustering is implemented on
the first batch of objects. Responsibilities and availabili-
ties converge in Fig. 2(d). The clustering result is shown
in Fig. 2(e). New objects, represented by triangle nodes,
arrive in Fig. 2(f ). In order to illustrate, the exemplar at
the upper left corner is denoted by point A, the triangle
point nearest to point A is denoted by point B. Among
the five new arriving objects, point B is a particularly
generated object, which is the center of the upper left
cluster. Therefore, interclass similarity can be increased
by choosing point B as the exemplar, instead of point A.
The left four are randomly generated.

It can be observed that, as an old object, point A
has accumulated a lot of supports (represented by ar-
row lines directing at point A) in Fig. 2(f ), which are
nonzero responsibilities and availabilities established in
the previous round of affinity propagation. Point B, as
a new object, has only zero responsibilities and zero
availabilities with other objects. If message-passing pro-
cedure continues without any modification, as illustrated
in Fig. 2(g) and Fig. 2(h), the difference in responsibilities

and availabilities makes point B hardly become the new
exemplar, as shown in Fig. 2(i) and (j), though it is a
more proper one as being particularly generated.

In this paper, we propose two strategies to overcome
such a problem: 1) Design new subsequent clustering
algorithm that is not sensitive to the previous responsi-
bilities and availabilities. That is, the first batch of objects
are clustered by traditional AP clustering, when new
objects arrive, new clustering algorithm is implemented
to adjust the current clustering result. 2) Put all the
data points at the same status by reasonable assignment.
That is, when new objects are coming, the relationships
between new objects and the other objects are assigned
the proper values. Then message-passing procedure con-
tinues till convergence. Correspondingly, two IAP clus-
teirng algorithms are proposed in the following paper.

3.1 Incremental AP Clustering Based on K -Medoids
In this section, we propose an incremental AP clustering
algorithm according to the first strategy. K-Medoids is
chosen to be used as the subsequent clustering algo-
rithm. K-Medoids is also an exemplar-based clustering
algorithm, and has been widely used. Due to its sim-
plicity, many dynamic clustering variants of K-Medoids
have been proposed, e.g., [27] and [28]. The algorithm
proposed in this section is named Incremental AP clus-
tering Based on K-Medoids (IAPKM).

The rationality of combining AP and K-Medoids in an
incremental clustering task is that: AP clustering is good
at finding an initial exemplar set, while K-Medoids is
good at modifying the clustering result according to new
arriving objects. It is well-known that a key problem of
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……

cic1 c2 cn…… …… ci

……δ1 δj δk δj

s(1,·) s(2,·) s(i,·) s(n,·)

rKM (i,j) aKM (i,j)

Fig. 3. K -Medoids in message-passing manner. The
message sent from circle node ci to triangle node δj
indicates which exemplar it belongs to, and message sent
from triangle node δj to circle node indicates which object
is the new exemplar of cluster j.

K-Medoids is how to choose an initial exemplar set. In K-
Medoids, the final exemplar set is usually found around
the initial exemplar set. Therefore, the final clustering
performance of K-Medoids largely depends on the initial
exemplar set. However, this problem can be overcome by
AP clustering. AP clustering can find a good exemplar
set automatically. IAPKM consists of two basic steps:
AP clustering is implemented on the initial batch of ob-
jects, and K-Medoids is employed to modify the current
clustering result according to the new arriving objects.
In order to combine K-Medoids with AP clustering, K-
Medoids is introduced in a message-passing manner in
the following.

Fig. 3 is the schematic graph of K-Medoids, where
triangle nodes represent exemplars and circle nodes
correspond to all the objects. Every node in Fig. 3 can
be seen as a processor, which computes according to
the message it received, and then sends message to the
relevant nodes. The computation of a circle node i is
defined as

rKM (i, j) = argmax
j∈E
{s(i, j)}, (6)

where E = {e1, e2, . . . , ek} is the current exemplar set.
Equation (6) indicates that circle node i decides which
exemplar it belongs to according to the message it re-
ceived, and then tells each exemplar node its choice.
The j-th triangle node decides which object is the new
exemplar of cluster j according to all the circle nodes’
choices. The calculate formula is

aKM = arg max
q,cq=ej

{
n∑

i=1

f(ci, q)s(i, ci)

}
, (7)

where f(i, j) = 1, if i = j; f(i, j) = 0, otherwise.∑n
i=1 f(ci, q)s(i, ci) is the sum of similarities of cluster

j. Equation (7) tries every member of cluster j to be
the exemplar of cluster j. When the sum of similarities
is maximized, the corresponding object is used as the
exemplar of cluster j.

Algorithm 1 IAPKM
Input: Ut−1, ct−1, Xt;
Output: ct ;
Steps:

1: Assign each new object to the current ex-
emplars, and the label vector of all the new
objects is indicated by c∗t−1;

2: Ut = Ut−1

∪
Xt, ct = [ct−1 c∗t ];

3: Message-passing continues according to equa-
tion (6) and equation (7);

4: Repeat Step 3 till convergence, ct is saved.

Algorithm 1 presents IAPKM. Traditional AP cluster-
ing is implemented on the first batch of objects Ut−1, and
the clustering result is ct−1. When a new batch of objects
Xt are arriving, assign each new object to the current
exemplars. Renew available data set to Ut, and renew
label vector ct−1 to ct. Then K-Medoids is implemented
to modify the clustering result till to the end.

Fig. 4 is a toy example to illustrate IAPKM. In Fig. 4
(f )∼(i), new message-passing algorithm is implemented
according to equation 6 and equation 7. Different from
message-passing algorithm described in equation 3 and
equation 4, the new message-passing algorithm is not
sensitive to the initial responsibilities and availabilities.
As a result, point B, the point has been marked in Fig.
2 (f ), becomes the exemplar of the upper left cluster in
Fig. 4 (j). Compared Fig. 4 (j) with Fig. 2 (j), IAPKM
achieves a better exemplar set by choosing point B as a
exemplar, instead of point A.

Additionally, K-Medoids can modify the clustering
result quickly, which makes IAPKM efficient enough to
be used in dynamic environment. A disadvantage of
IAPKM is that the number of clusters can not be adjusted
according to the new arriving objects. That’s because
that traditional K-Medoids can’t adjust the number of
clusters automatically. In next section, we will propose
an IAP clustering algorithm according to the second
strategy, where the number of clusters can be adjusted
automatically.

3.2 Incremental AP Clustering Based on Nearest
Neighbor Assignment

In this section, an incremental AP clustering algorithm is
proposed according to the second strategy. A technique
of Nearest-neighbor Assignment (NA) is employed to
construct the relationships (values of responsibilities and
availabilities) between the new arriving objects and the
previous objects. NA means that the responsibilities
and availabilities of the new arriving objects should
be assigned referring to their nearest neighbors. NA is
proposed based on such a fact that if two objects are
similar, they should not only be clustered into the same group,
but also have the same relationships (responsibilities and
availabilities). However, most of the current algorithms
utilize the former part only.
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Fig. 4. A toy example to illustrate IAPKM. Traditional AP clustering is implemented on the initial batch of objects, and
the clustering result is shown in (b). New objects arrive in (c). Each new object decides which exemplar it belongs to in
(d) and (e). New message-passing algorithm is implemented in (f )∼(i). The final clustering result is shown in (j).

Given Mt−1×Mt−1 dimensional similarity matrix St−1,
responsibility matrix Rt−1 and availability matrix At−1,
extension of responsibility matrix Rt is defined as

rt(i, j) =


rt−1(i, j), i ≤Mt−1, j ≤Mt−1

rt−1(i
′, j), i > Mt−1, j ≤Mt−1

rt−1(i, j
′), i ≤Mt−1, j > Mt−1

0, i > Mt−1, j > Mt−1

(8)

where Mt−1 is the amount of the previous objects, and

i′ = arg max
i′,i′≤Mn

{s(i, i′)}

Likewise, extension of availability matrix At−1 can be
described as

at(i, j) =


at−1(i, j), i ≤Mt−1, j ≤Mt−1

at−1(i
′, j), i > Mt−1, j ≤Mt−1

at−1(i, j
′), i ≤Mt−1, j > Mt−1

0, i > Mt−1, j > Mt−1

(9)

Algorithm 2 presents the procedures of Incremental
AP clustering based on NA (IAPNA). Ut−1, Rt−1, and
At−1 are available dataset, responsibility matrix, and
availability matrix in the previous timestep respectively.
When the new objects Xt are arriving, NA is used to ex-
tend the responsibility matrix and the availability matrix.
Then message-passing continues till convergence.

Algorithm 2 IAPNA
Input: Ut−1, Rt−1, At−1, Xt;
Output: Rt, At, ct ;
Steps:

1: Nearest neighbor assignment according to
equation (8) and equation (9);

2: Extend responsibilities matrix Rt−1 to Rt, and
availabilities At−1 to At;

3: Message-passing continues according to equa-
tion (3) and equation (4);

4: Repeat Step 3 till convergence, and ct is com-
puted as equation (5);

Fig. 5 is a toy example to illustrate IAPNA. From
Fig. 5(d), it can be observed that, after nearest neighbor
assignment, point B has established nonzero relation-
ships with other points by copying responsibilities and
availabilities from point A. Other new objects also estab-
lished nonzero relationships according to their nearest
neighbors. In Fig. 5(j), point B becomes the exemplar
of the upper left cluster, which indicates IAPNA also
achieves a better exemplar set.

Another toy example is given in Fig. 6. This example is
used to illustrate that IAPNA can discovery new cluster
automatically. In traditional AP clustering, the number
of clusters is determined by the value of preference
p. Larger p leads to larger number of clusters. In this
example, the value of preference p is set according to
the initial objects, and fixed in the following experiment.
In Fig. 6(j), it can be observed IAPNA construct a new
cluster to describe the new arriving objects. That’s to say,
IAPNA does not only belong to SPIAs, but also belong
to CCAAs.
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Message-passing continues in (e)∼(h), and reconverges in (i). The final clustering result is shown in (j).

(a) (b) (c) (d) (e)

(f) (g) (h) (i) (j)

-5 0 5

-4

-2

0

2

4

-5 0 5

-4

-2

0

2

4

-5 0 5

-4

-2

0

2

4

-5 0 5

-4

-2

0

2

4

-5 0 5

-4

-2

0

2

4

-5 0 5

-4

-2

0

2

4

-5 0 5

-4

-2

0

2

4

-5 0 5

-4

-2

0

2

4

-5 0 5

-4

-2

0

2

4

-5 0 5

-4

-2

0

2

4

Fig. 6. IAPNA can discovery new cluster automatically. New objects arrive in (c), they all come from a new cluster.
NA is implemented in (d), and message-passing continues in (e)∼(h). IAPNA reconverges in (i), and the final result is
shown in (j).

3.3 Memory Usage and Complexity Analysis

The inputs of IAPKM include Ut−1, ct−1, and Xt. Ut−1

is an Nt−1 × d matrix, ct−1 is an Nt−1 dimensional
vector, Xt is an nt×d matrix. Additionally, the similarity
matrix St is also used in this algorithm. It is an Nt ×Nt

matrix, where Nt is the number of all current available
objects, equal to (Nt−1 + nt). Usually, d is much less
than Nt. Therefore, the memory complexity of IAPKM is
O(N2

t ). In IAPNA, the message-passing process in step

3 involves 8 Nt × Nt matrices1. Nearly all the matrices
used in the first two steps, e.g., similarity matrix S,
responsibility matrix R, and availability matrix A, will be
used in step 3. Therefore, the first two steps could hardly
increase memory usage. That’s, the memory complexity
of IAPNA is also O(N2

t ). However, there are 8 Nt ×Nt

matrices used in AP and IAPNA, but only 1 Nt×Nt ma-
trix used in IAPKM. The real memory usage of AP and
IAPNA will be approximately 8 times of IAPKM, which

1. Implementation of message-passing can be seen in support online
material for [9].
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will be validated in the computational experiments.
Suppose there are Nt−1 objects and k exemplars in the

current model. At time t, nt new objects arrive, IAPKM
needs k · nt operations to find an exemplar for each
new object. Then, step 3 is implemented to determine
a new set of exemplars. Each iteration of step 3 has a
time complexity of O[k(Nt− k)2]. k is usually much less
than Nt. Therefore, the time complexity of IAPKM is
O[k(Nt − k)2T1], where T1 is the number of iterations.
When nt new objects are observed, nt ·Nt−1 operations
are needed to find a nearest neighbor for every new
object. Extending responsibility matrix and availability
matrix in step 2 needs nt · Nt−1 operations. The time
complexity of message-passing in step 3 is O(N2

t ), which
is similar to an iteration of AP clustering. nt is usually
much less than Nt. Therefore, the time complexity of
IAPNA is O(N2

t T2), where T2 is the number of imple-
mentations of step 3. The time complexity of clustering
Nt objects by traditional AP is O(N2

t T3). In the next
section, we will show that IAPKM and IAPNA can
achieve comparable clustering performance by only a
few number of iterations (T1 ≪ T3, T2 ≪ T3), which
will save a lot of time and makes AP able to be used
in dynamic environment.

4 COMPUTATIONAL EXPERIMENTS

This section presents evaluation results of IAPKM and
IAPNA on five popular labeled data sets, EEG signals
and a video streaming. The goal of this paper is to
propose an incremental variant of AP clustering, which
can achieve comparable clustering performance with
traditional AP by adjusting the current clustering results
according to new arriving objects. Therefore, traditional
AP clustering is implemented to provide benchmark
clustering performance.

4.1 Test by Labeled Data Sets

Generally, the clustering performance of an algorithm is
evaluated by external dispersity and internal dispersity.
The sum of similarities is one of the most widely used
criteria [29]. In some cases, different clustering result
can obtain comparable external dispersity and internal
dispersity. Therefore, we use labeled data sets to evaluate
the proposed algorithms in this section. An advantage is
that we can not only evaluate the clustering algorithms
by dispersity, but also by some other indicators, e.g.,
mutual information, clustering accuracy.

According to the object function of exemplar-based
clustering in (1), the Sum of Similarities (SS) is defined
as

SS =

n∑
i=1

s(i, ci). (10)

A larger SS indicates a better clustering performance.
Normalized Mutual Information (NMI) is an infor-

mation theoretic measure. It evaluates the effectiveness

TABLE 1
A brief description of the five data sets

Data set Number of Number of Number of Usage of
objects attributes categories data set

Iris 150 4 3 whole
Wine 178 13 3 whole
WDBC 569 30 2 whole
Car 1728 6 4 partly
Yeast 1484 8 10 partly

of clustering algorithms by computing the mutual in-
formation between real cluster labels and the clustering
results.

NMI =
I(ct, ĉt)√
H(ct)H(ĉt)

, (11)

where I(ct, ĉt) represents the mutual information be-
tween real cluster labels ct and clustering results ĉt. H(·)
represents information entropy of variable. More details
can be found in [30].

Accuracy is a more direct measure to reflect the effec-
tiveness of clustering algorithms, which is defined as

Accu =

∑n
i=1 δ(ci,map(ĉi))

n
, (12)

where ci is the real label of object i, and ĉi is the obtained
clustering label. δ(i, j) = 1, if i = j; δ(i, j) = 0, otherwise.
Function map(.) matches true class label and the ob-
tained cluster label. The matching is solved by estimating
the distribution of true class label in a specified obtained
cluster. The obtained cluster is labeled by the true class
label that corresponds to the max probability.

In order to evaluate the efficiency, three other mea-
sures are proposed. They are Number of Iterations
(NI), real Computation T ime, and real Momory Usage.
Comparison of NI can illustrate that, by adopting local
message-passing, fewer number of iterations are needed
to adjust the clustering results according to new arriving
objects. Then the computational efficiency can be im-
proved. However, NI is not strictly equal to the compu-
tational time of clustering algorithms, real Computation
T ime is also reported in this paper. Real Momory Usage
is recorded and reported to compare space complexity.

Five of the most popular Data Sets in [31] are used to
evaluate the clustering algorithms. A brief description is
given in Table 1. In data set Car and Yeast, the distribu-
tion of categories is seriously imbalance. However, it’s
not the focus of the paper, so only part of the two data
sets are used. In data set Car, four categories of objects
are used, and each category consists of 65 objects. Data
set Yeast contains 10 categories, where the most four
are used. Each category contains 163 objects. All of our
experiments are conducted on a PC with Intel 3.10GHz
Dual-Core processor and 4.00 GB memory.

Each data set is divided into six parts. The fist part
is used as initial objects, and the left objects are added
in five times. More details can be found in Table 2. e.g.
Iris, traditional AP clustering is implemented on the first
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TABLE 2
Experimental details

Dataset Number of Number of Preference
initial objects new arriving objects coefficient

Iris 100 10 0.015
Wine 128 10 0.015
WDBC 469 20 0.017
Car 210 10 0.015
Yeast 552 20 0.011

100 objects, and the left objects are added 10 by 10.
When new objects are arriving, IAPKM and IAPNA are
used to adjust the current clustering result according to
new arriving objects. Traditional AP clustering is also
implemented on the whole available objects to provide
benchmark clustering performance. Every experiment is
repeated 100 times, the order of objects is scrambled
every time, and the mean values of measures are saved.

All the algorithms in this paper are based on similarity
matrix S. The measure of similarity between two objects
is also an important problem in data mining. In this
paper, negative square root of Euclidean distance is
adopted. A problem of Euclidean distance is that some
features with large amplitude often cover the effect of
other features. Therefore, a preprocessing is used to
normalize the original data set

xj
i =

xj
i − xj

min

xj
max − xj

min

, (13)

where xj
i is the j-th feature of object i, xj

max =
max(xj

1, x
j
2, ..., x

j
Mt

), xj
min = min(xj

1, x
j
2, ..., x

j
Mt

). s(i, j)
indicates similarity between object i and object j. It is
defined as

s(i, j) = −
√
∥ xi − xj ∥2. (14)

A normalization of similarity matrix is also needed.
Then, if two objects are the same, the similarity between
them is equal to 1. The similarity between two most
dislike distant objects is zero.

Another parameter needs to be specified is the prefer-
ence p. Generally, larger preference p generates larger
number of clusters. Frey et al. suggests it should be
the median, or minimum value of similarities [9]. After
several experiments, we find that preference p should be
reduced as the number of objects increases. Therefore,
the following procedure is employed to determine the
value of p

p = min
i,j
{s(i, j)} − pc ·Mt. (15)

where Mt is the number of current available objects. pc,
short for preference coefficient, is a constant determined
by the initial batch of objects. Varying pc and running
traditional AP clustering on the first batch of objects,
when the number of exemplars is proper, the corre-
sponding value of pc is stored and used in the following
incremental clustering. The settings of preference pc and
other experimental details can be found in Table 2.

TABLE 3
Experimental results on five labeled data sets.

Comparison of SS.

Data set Method 1st 2nd 3rd 4th 5th

Iris
AP 95.75 104.5 113.3 121.7 130.9
IAPKM 96.73 105.5 114.3 123.2 132.0
IAPNA 95.88 104.6 113.3 122.0 130.7

Wine
AP 98.94 106.3 113.5 120.9 128.6
IAPKM 99.23 106.7 114.0 121.4 128.9
IAPNA 98.89 106.1 113.4 120.7 128.2

WDBC
AP 401.0 417.6 434.2 450.6 467.5
IAPKM 404.6 421.6 438.8 455.6 472.7
IAPNA 401.1 418.1 434.9 451.6 468.5

Car
AP 156.9 164.2 171.7 179.2 186.5
IAPKM 157.1 164.5 172.0 179.4 186.8
IAPNA 156.8 164.1 171.7 179.0 186.3

Yeast
AP 453.8 470.3 487.0 503.0 517.3
IAPKM 456.2 472.6 489.1 505.4 521.5
IAPNA 454.2 470.5 487.0 503.3 519.3

TABLE 4
Experimental results on five labeled data sets.

Comparison of NMI.

Data set Method 1st 2nd 3rd 4th 5th

Iris
AP 0.750 0.760 0.751 0.760 0.735
IAPKM 0.765 0.764 0.762 0.764 0.765
IAPNA 0.753 0.753 0.752 0.755 0.756

Wine
AP 0.770 0.748 0.775 0.793 0.861
IAPKM 0.776 0.770 0.768 0.763 0.763
IAPNA 0.758 0.749 0.733 0.730 0.718

WDBC
AP 0.554 0.554 0.545 0.527 0.545
IAPKM 0.626 0.626 0.625 0.625 0.622
IAPNA 0.557 0.558 0.556 0.554 0.554

Car
AP 0.659 0.661 0.662 0.661 0.667
IAPKM 0.658 0.658 0.661 0.662 0.664
IAPNA 0.655 0.657 0.660 0.661 0.664

Yeast
AP 0.271 0.269 0.272 0.268 0.314
IAPKM 0.279 0.279 0.279 0.279 0.280
IAPNA 0.274 0.274 0.274 0.275 0.275

TABLE 5
Experimental results on five labeled data sets.

Comparison of Accuracy.

Data set Method 1st 2nd 3rd 4th 5th

Iris
AP 88.05 88.55 88.14 88.56 88.67
IAPKM 89.64 89.64 89.68 89.91 90.04
IAPNA 88.41 88.34 88.16 88.40 88.54

Wine
AP 91.76 90.84 92.17 93.11 96.07
IAPKM 91.73 91.48 91.43 91.24 91.25
IAPNA 90.96 90.66 89.80 89.67 89.19

WDBC
AP 89.73 89.77 89.26 88.53 89.28
IAPKM 92.75 92.74 92.72 92.70 92.65
IAPNA 89.94 90.00 89.89 89.83 89.82

Car
AP 74.85 74.84 75.00 74.48 74.61
IAPKM 74.74 74.72 74.84 74.85 74.95
IAPNA 74.35 74.62 74.52 74.43 74.56

Yeast
AP 54.81 54.79 54.97 54.46 62.04
IAPKM 55.26 55.20 55.17 55.21 55.19
IAPNA 54.90 54.92 54.92 55.00 54.87
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TABLE 6
Experimental results on five labeled data sets.

Comparison of NI.

Data set Method 1st 2nd 3rd 4th 5th

Iris
AP 33.24 37.11 36.36 42.72 31.00
IAPKM 2.131 1.374 1.404 1.283 1.283
IAPNA 16.14 16.86 16.29 16.86 18.15

Wine
AP 28.58 30.22 29.19 34.50 38.00
IAPKM 1.674 1.204 1.184 1.163 1.112
IAPNA 14.43 15.57 15.72 14.36 14.80

WDBC
AP 73.68 92.80 93.91 103.6 79.00
IAPKM 2.293 1.040 1.051 1.040 1.101
IAPNA 16.40 16.07 16.34 14.35 15.56

Car
AP 51.57 51.05 66.84 75.61 115.7
IAPKM 1.750 1.115 1.219 1.146 1.125
IAPNA 15.22 14.37 14.95 14.30 14.22

Yeast
AP 218.2 297.7 223.7 280.5 235.5
IAPKM 2.200 1.158 1.053 1.084 1.032
IAPNA 56.44 51.00 38.55 24.70 41.83

TABLE 7
Experimental results on five labeled data sets.

Comparison of Computational T ime (in second).

Data set Method 1st 2nd 3rd 4th 5th

Iris
AP 0.015 0.019 0.022 0.029 0.025
IAPKM 0.002 0.001 0.002 0.002 0.002
IAPNA 0.008 0.010 0.011 0.013 0.015

Wine
AP 0.017 0.023 0.025 0.033 0.041
IAPKM 0.002 0.002 0.002 0.002 0.002
IAPNA 0.011 0.013 0.015 0.015 0.017

WDBC
AP 0.738 1.017 1.136 1.383 1.173
IAPKM 0.117 0.057 0.066 0.074 0.087
IAPNA 0.211 0.227 0.254 0.254 0.295

Car
AP 0.082 0.089 0.126 0.158 0.347
IAPKM 0.003 0.002 0.003 0.003 0.003
IAPNA 0.026 0.027 0.030 0.032 0.045

Yeast
AP 3.509 5.237 4.186 5.712 4.972
IAPKM 0.046 0.027 0.027 0.031 0.032
IAPNA 0.932 0.937 0.759 0.573 0.946

TABLE 8
Experimental results on five labeled data sets.

Comparison of Memory Usage (in MB).

Data set Method 1st 2nd 3rd 4th 5th

Iris
AP 0.623 0.753 0.895 1.049 1.215
IAPKM 0.089 0.106 0.125 0.146 0.167
IAPNA 0.624 0.753 0.895 1.049 1.215

Wine
AP 1.034 1.199 1.377 1.566 1.768
IAPKM 0.168 0.191 0.217 0.243 0.271
IAPNA 1.035 1.200 1.378 1.567 1.769

WDBC
AP 13.67 14.85 16.08 17.36 18.69
IAPKM 2.018 2.179 2.346 2.518 2.697
IAPNA 13.68 14.86 16.09 17.36 18.69

Car
AP 2.725 2.990 3.266 3.554 3.855
IAPKM 0.373 0.407 0.443 0.481 0.520
IAPNA 2.726 2.990 3.266 3.555 3.855

Yeast
AP 18.70 20.08 21.50 22.98 24.50
IAPKM 2.445 2.621 2.803 2.991 3.185
IAPNA 18.70 20.08 21.51 22.98 24.50

The final experimental results are shown in Table 3∼8.
The results of AP clustering are obtained by implement-
ing traditional AP clustering on all available objects at
corresponding timestep. They are used as benchmark
clustering performances. From Table 3, we can see that,
IAPKM achieves consistent highest SS on all the data
sets. The SS of IAPNA and that of AP clustering are
comparable.

Table 4 demonstrates that IAPKM achieves consistent
higher NMI than AP clustering on data set Iris and
WDBC. IAPNA achieves consistent higher NMI than
AP clustering on WDBC. The left results indicate that the
three methods are comparable in NMI . From Table 5, it
can be observed that, both IAPKM and IAPNA achieve
consistent higher Accuracy on data set WDBC, IAPKM
achieves consistent higher Accuray than AP clustering
on Iris either. The comparison of three algorithms in
NMI is in accordance with that in Accuracy.

Table 3∼5 demonstrate that, IAPKM and IAPNA can
achieve higher, or at least comparable, clustering perfor-
mances with traditional AP clustering, which validates
the effectiveness of IAPKM and IAPNA. The efficiencies
are compared in Table 6∼8. From Table 6, it can be ob-
served that NI has been dramatically reduced in IAPKM
and IAPNA. On data set Iris and Wine, NI of IAPNA is
less than 1/2 of that of traditional AP clustering. The
average NI of IAPNA is only approximately 1/5 on
data set WDBC and Car, about 1/6 on data set Yeast,
of that of AP clustering. As mentioned previously, the
time complexity of an iteration of IAPNA is the same
as that of AP clustering. Therefore, the reduction in NI
can reflect the reduction in real Computational T ime.
Nevertheless, real computation time is still recorded and
reported in Table 7. It can be observe that, traditional AP
clustering spends several times more time than IAPNA.

From Table 6, it can be observed that, IAPKM needs
only 1 or 2 number of iterations to adjust the current
clustering result when new objects arrive. As the time
complexity of an iteration of IAPKM is less than that
of AP clustering, even more computational time can be
saved by IAPKM. Real computational time of IAPKM
has been given in Table 7. Table 8 compares real memory
usage of the algorithms. The memory usage of IAPNA
is the same as that of AP clustering, the memory usage
of IAPKM is approximately 1/8 of that of traditional
AP clustering, which validates the theoretical analysis
of memory usage in section 3.

In summary, computational experiments on five la-
beled data set demonstrate that, IAPKM and IAPNA can
achieve higher, or at least comparable, clustering perfor-
mance than traditional AP clustering. At the same time,
the computational complexity is dramatically reduced,
which makes AP clustering able to be used in dynamic
environment.

4.2 Test by Real World Time Series
In this section, IAPKM and IAPNA are used to discovery
patterns in real world time series. The test problem is
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Fig. 7. Test by real world time series. (a) An EEG segment which contains an ictal. (b) Clustering result of IAPKM. (c)
Exemplars identified by IAPKM. (d) Clustering result of IAPNA. (e) Exemplars identified by IAPNA.

pattern recognition in epileptic EEG signals. The epilep-
tic EEG signals are provided by Epilepsy Center of
the University Hospital of Freiburg [32], which is very
popular in the research of epileptic seizure prediction.

Freiburg EEG database contains EEG recordings of 21
patients. These recordings include ictal EEG signals and
interictal EEG signals for every patient. In this paper,
only a segment of them is used, which is shown in Fig.
7(a). It can be observed that the EEG segment records an
ictal, which happens at time 819373, and stops at 857094.
The accurate time is identified by neurologist in epilepsy
center of the university hospital of freiburg.

The EEG signals were acquired using a Neurofile NT
digital video EEG system with 256Hz sampling rate.
Following Chisci’s work [33], the width of time window
is set to contain 512 data points, corresponding to a
window length of 2 second. In order to illustrate, a
window is shown in Fig. 7(a). Now the EEG segment
can be divided into 390 objects, each is an EEG time
series containing 512 data points.

Four features of each object are extracted. Two of them
are mean and standard deviation of EEG amplitudes.
The left two are extracted based on AR model. They
are The first and second coefficient of AR(6). Similarity
between objects is measured by Euclidean distance, and
the preference coefficient p is set 0.012. The first 100

TABLE 9
Experimental results on real world time series.

AP IAPKM IAPNA
SS [357.5,358.8] 359.0 358.9
NMI [0.487,0.768] 0.712 0.719
Accuracy [78.57,95.14] 92.57 92.00
NI [380,4553] 1 12
T ime (s) [2.375,28.18] 0.013 0.079
Memory (MB) 9.334 1.210 9.334

objects are used as the first batch of objects, and then
objects are added one by one as time passed. After the
390th object being added in, the clustering result ĉ390 is
obtained. Smoothing the clustering result ĉ390, the final
clustering result c390 can be obtained. The smoothing
procedure is as follows:

c̄i =

{
ĉi−1, if ĉi−1 = ĉi+1 ̸= ĉi;
ĉi, otherwise.

(16)

From Fig. 7(b), we can see that IAPKM can successfully
divide the whole EEG segment into three parts. They
correspond to interictal EEG signals, ictal EEG signals,
and postictal EEG signals respectively. It can also be
observed that in the last period of time, the EEG time
series is becoming to recover to the interictal state.
The clustering result is consistent with the neurologist’s
partition (the ictal happens at 819373, about 233rd object,
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Fig. 8. Test by video streaming. (a) Clustering result of IAPKM. (b) Clustering result of IAPNA. The video is divided
into 7 categories, represent frame of each cluster has been marked. Shift of clustering labels indicates shift of scenes.

and stops at 857094, about 306th object). The exemplars
are marked out in Fig. 7(b), and the corresponding
objects are zoomed in Fig. 7(c). The three exemplars,
especially the second exemplar, is very important for
neurologists to distinguish different types of seizures.

The clustering result of IAPNA is shown in Fig. 7(d).
We can see that IAPNA can also successfully divide
the whole EEG segment into three parts. The clustering
result is consistent with artificial partition too. The three
exemplar objects are shown in Fig. 7(e). This experiment
demonstrates that IAPKM and IAPNA can automatically
recognize different patterns in dynamic data.

In order to evaluate the performance of IAPKM and
IAPNA quantitatively, the three measures, Accuracy, SS,
and NI , are also computed in this section. Traditional AP
clustering is implemented on the 390 objects to provide
benchmark performance. In this experiment, traditional
AP is very sensitive to the random disturbance that is
added to remove degeneracies. So it is implemented 10
times with different random disturbance. In the last pe-
riod of time, the EEG time series is becoming to recover
to the interictal state. Therefore, only the previous 350
objects are used to compute Accuracy.

All the results are shown in Table 9. The Accuracy
of AP clustering varies from 78.57% to 94.57%, and the
SS varies from 357.5 to 358.9. IAPKM and IAPNA can
achieve comparable clustering accuracy and SS. When
a new object is arriving, the traditional AP clustering
needs at least 171 iterations to obtain the new clustering
results, while IAPKM needs only one iteration, and
IAPNA needs only 12 iterations to modify the current
clustering result.

4.3 Test by Video Streaming

In this section, IAPKM and IAPNA are used to clustering
video streaming. Similarly, traditional AP clustering is
implemented to provide benchmark clustering perfor-
mance.

The test video is cut from a BBC documentary The
Secret Life of Chaos, which is very popular and can be
found in many video websites. In this experiment, only
a segment of it, from 3’30” to 12’50”, is used. This
segment introduces the contribution of Alan Turing to
chaos theory.

The topic of this paper is to extend AP in incremental
clustering task. Therefore, the supposed scenario is that,
the first 6 minutes of the video segment has been clus-
tered by traditional AP clustering, then how to obtain the
real time clustering result as the video streaming pours
in gradually.

In this experiment, every 2 second a frame of the
video is sampled. That’s, the number of the first batch
of objects is 180 (6*60/2), then every 2 seconds, a new
frame pours in the model, the clustering result is re-
newed according to IAPKM and IAPNA. In this paper,
color histogram is used to extract features of frames,
and Euclidean distance is used to compute similarity
between frames.

200 seconds later, the clustering result has been re-
newed 100 times. The current clustering result is shown
in Fig. 8. From Fig. 8, we can see that, the video segment
can be divided into 7 categories. The clustering results
of IAPKM and IAPNA are almost the same. Exemplars
identified by IAPKM have been marked in Fig. 8(a),
corresponding frames are shown in the first column of
Fig. 9. Three other frames of each category are randomly
selected and also displayed in Fig. 9. Exemplars identi-
fied by IAPKM are marked in Fig. 8(b), corresponding
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Fig. 9. Represent exemplars identified by IAPKM. For
each category, three other frames are displayed.

TABLE 10
Experimental results on video streaming.

AP IAPKM IAPNA
SS 256.9 257.5 257.0
NI 55 2 15
Time (s) 0.179 0.008 0.057
Memory (MB) 8.040 5.508 8.046

frames are not given in this paper as the results of
IAPKM and IAPNA are nearly the same.

Combine Fig. 8(a) and Fig. 9, we can see that, after
the last sampled frame pours in, IAPKM divides the
video segment into 7 categories. They are statues of
Turing, speakers, two balls to illustrate morphogenesis,
manuscript and photo, self-organization experiment and
trees (both green backgrounds), cow pattern, and one
ball to illustrate morphogenesis. In the video segment,
different scenes appear alternately. Every shift of clus-
tering label corresponds to shift of scenes. The second
category (speakers) and the forth category (manuscript
and photo) are the most frequently appeared patterns.
IAPNA achieves the similar clustering result.

Traditional AP clustering is also implemented on the
280 sampled frames to provide benchmark clustering
pefromance, the comparisons of the three algorithms are
shown in Table 10. As the video segment is not labeled,
NMI and Accuracy can not be computed. From Table
10, it can be seen that, IAPKM and IAPNA can achieve
comparable clustering performance with traditional AP.
However, the Number of iterations and the computa-
tional time has been significantly reduced.

Computational time is a very important index of
dynamic clustering algorithms. In this paper, the clus-
tering result is renewed 100 times, every time the real
computational time is recorded. Fig. 10 illustrates how
computational time evolves as frames pour in gradually.
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Fig. 10. Comparison of computational time as new
frames pour in.

From Fig. 10, it can be observed that, for any of the three
algorithms, computational time increases as time past.
It’s because that, in incremental clustering, the number
of objects in the model increases gradually. However,
whenever a new frame pours in, IAPKM and IAPNA
needs much less time to obtain the new clustering result
compared with traditional AP clustering. The reduction
in computational time is significant.

In summary of this section, all the computational
experiments demonstrate that IAPKM and IAPNA can
achieve comparable clustering performance with tradi-
tional AP clustering, but the computational efficiency has
been improved a lot.

5 CONCLUSIONS

In this paper, we consider how to apply AP in incre-
mental clustering task. We firstly point out the difficulty
in IAP clustering, and then propose two strategies to
solve it. Correspondingly, two IAP clustering algorithms,
IAPKM and IAPNA, are proposed. Five popular labeled
data sets and real world time series are used to evaluate
the performance of IAPKM and IAPNA. Experimental
results validate the effectiveness of IAPKM and IAPNA.

The proposition of IAPKM is inspired by combining
K-Medoids and AP clustering, where AP clustering is
good at finding an initial exemplar set and K-Medoids is
good at modifying the current clustering result according
to new arriving objects. Experimental results show the
correctness of this idea. By combing K-Medoids and AP
clustering, we can not only extend AP to competent an
incremental clustering task, but also improve the clus-
tering performance of AP clustering. IAPNA is realized
by a technique called nearest neighbor assignment. The
proposition of NA is based on such an idea that ”if two
objects are similar, they should not only be clustered into
the same group, but also have the same statuses”. Both
the two ideas are significant, and will be very helpful in
dynamic clustering design.

Incremental clustering is only a branch of dynamic
data clustering. Some other dynamic clustering problems
are also of great importance. How to apply the two ideas
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to other dynamic data clustering tasks, such as streaming
data clustering, is a significant future work.

Additionally, some other problems such as how to
determine the value of preference p, how to measure
similarity between objects, and how to extract features
from time series are also of great importance. However,
they are not the focuses of the paper, and only brief
descriptions are given.
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