


Figure 3: The evolution of clusterings mined from a set of chaotically dynamic data points.

the M-step. The E-step invokes the Forward-Backward
algorithm (4.10) (4.11) to compute oy (j) and Bi(j).
This step consumes time complexity of O(S?T).

In addition, computing & (i, j) takes O(S?*T) and
computing ~(j,c) takes O(SCT). Because C, the
number of mixture components in the output pdf, is
usually much smaller than S, the number of hidden
states, the overall complexity of the E-step is O(S?T).

As the M-step computes the S x S transition prob-
abilities according to(4.16) and the S x C output pdfs
according to (4.17) and (4.18), it takes O(S?). Combin-
ing O(S?T) and O(S?), the overall complexity of the
learning algorithm is O(S?T'), which is much smaller
than the complexity of traditional HSMM learning al-
gorithm, O(S2C?T). A comparison is in following dis-
cussion.

The complexity of the Viterbi filtering algorithm
is O(S2T), which is independent with C because, as
discussed in Section 5, the Viterbi filtering is carried
out by considering each data set A; a single observable.

6.3 Comparisons with Other Models. An HMM
with Gaussian mixture output pdfs [16] could be learned
if we sequentialize each data set X; so that X is turned
into a sequence of data points, {@},, from a sequence
of data sets, {X;}:. This would also generate a set of
Gaussian mixtures. However, these Gaussian mixtures

do not represent clustering configurations of the X;’s,
because during learning the HMM, two independent
hidden variables, ¢;; and m;,; are introduced for each
x4, to indicate the state and component that generate
x¢;. This breaks the constraint that all x,; € X; are
generated by the same mixture model.

The de-HSMM model also differs from most existed
HSMM models, which usually fall into two categories:
the fixed duration HSMM and the variable duration
HSMM, where duration means the number of successive
data points that are generated from a hidden state at
a time. For the fixed duration HSMM, the duration of
each state is fixed. For example, the output pdf on state
1 always generates a fixed-size set of N; data points in
each time. But for our problem, a state should be able
to generate different sets of X; with variable sizes, so
the durations of de-HSMM states are not fixed.

However, the de-HSMM also differs from the vari-
able duration HSMM. Learning of a variable duration
HSMM needs to estimate all possible durations or the
expected duration of each state, whereas learning dc-
HSMM does not need to, because the clustering prob-
lem has an interesting property that we know explicitly
the size of each data set X; is IV;, thus we know that ev-
ery N; successive data points are generated by the same
state. Our algorithm uses this property by introducing
the hidden variable ¢; for each data set X;, and then
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Figure 4: An interactive viewer of the mined evolution
of Web communities.

introducing an additional m,; for each ¢;. So, different
with the E-step of traditional variable duration HSMM
learning algorithms, which infers two independent hid-
den variables, ¢;; and m;;, and reaches the complex-
ity of O(S?C?T), our algorithm infers ¢; by computing
7¢(q¢), and then for each g, infers my; by computing
(g, my,), which leads to a much less complexity of
O(S2T).

7 Experiments.

We first test the de-HSMM approach on synthetic
data to mine the evolution of clusters formed by a
set of chaotically moving data points, and then, we
demonstrate the de-HSMM by a real applications of
mining the evolution of user communities from a Web
forum.

Both of the experiments use an implementation
of the dc-HSMM learning algorithm in C++. In
order to ensure the precision for long training se-
quences, our implementation computes &:(4,7) and
v (4,¢), (4.9), in a very high precision level of 50
using the MAPL library (http://www.tc.umn.edu/
~ringx004/mapm-main.html).

7.1 Dynamically Clustering Chaotic Processes.
In this experiment, we consider a dynamic set of data
points, where each data point moves along a Lorenz
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chaotic process in 3D space:

dz/dt = a(y — )
dy/dt =x(b—2)—y
dz/dt = axy — cz

(7.22)

We generate the testing data set by updating the
positions of these data points every dt = 0.01 for 1000
steps.

Initially, the testing dynamic data set includes 500
points, whose positions are initialized at random. Dur-
ing the process, some data points die and disappear
whereas some others are born at random initial posi-
tions. The death and born of data points are at ran-
dom.

The positions of all living data points at time ¢ form
the set A;. The T = 1000 steps simulation results in an
X = {X;}151000, Denoting the size of X; by N;, during
the 1000 steps, the minimum N; is 329, the maximum
Ny is 578, and the average value, ;F::11000 N /T, is 497.

Figure 2 shows the trajectories of these data points
with the factors in (7.22) set as a = 10, b =28 and ¢ =
8/3. We also rendered an animation of the movement
of the dynamic data points. It can be seen from the
animation that as the data points move gradually, when
they are alive, they form clusters that change smoothly.

Learning the sequence of 1000 data sets with pa-
rameters S = 500 and C' = 10 on a Pentium IV
2.4GHz computer takes about 5 minutes. Using the
mining algorithm discussed in Section 5, we mined the
smooth evolution of the clusters and rendered the re-
sult together with the moving points into an animation.
We select a segment of the animation for fast down-
load: http://dbgroup.cs.tsinghua.edu.cn/wangyi/
dynacluster/example_1.mpg. This segment contains
some typical evolution behaviors, including the vanish-
ing, merging, and separation of existed clusters, as well
as the emergence of new clusters.

Figure 3 shows some frames selected from the
animation. The top row of three frames, from left to
right, shows a process that the data points are separated
into two clusters. In the left frame, the data points are
relatively closer and form three overlapping clusters; in
the middle frame, one of these clusters becomes smaller;
and in the right frame, it vanishes. The bottom row of
three frames shows a merging process of two separated
clusters.

7.2 Evolution of User Communities. To test our
method on real applications, we mine the evolution of
user communities of a Web forum, http://bbs.smth.
org. This forum has over 200 discussion boards, each
labeled by a title indicating the topic of this board. In
the past five years, this Web forum attracts over 33,000
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Figure 5: A sequence of frames showing the smooth change of sizes of several Web user communities.

of its totally 200,000 registered users everyday, mainly
university students, to login and participate discussions.
According to the number of new posts posted in the past
one year onto each of the over 200 discussion boards, we
selected 16 hottest boards and measure the interests of a
user by the numbers of his/her posts on these 16 boards.

Due to the huge number of users, it becomes
valuable to discover the user communities of the Web
forum and their evolution over time. For each day t, we
select a set of about 2,000 users, X;, who had posted
the most on the selected 16 boards. Each element,
i) € X}, is the interests of a user and is represented
by a 16-dimensional vector, where the value of the d-th
dimension, x¢; 4, is the number of posts of this user on
the d-th selected board during day ¢.

We traced the posts that were added during the
past 360 days by scanning the background relational
database. The authors of these posts, represented by
their interests vectors, form a sequence of data sets,
X = {X;}153%. Using the learning and mining method
discussed in this paper, we mined the naturally smooth
evolution of user interests clusters, or communities,
during these 360 days.

However, the mining result can not be visualized
as the previous experiment, because the dimensionality,
16, is too large to be represented comprehensively in
2D or 3D. We had tried to project the data points and
the mined clusters into lower-dimensional space, but too
often the resulted layout of clusters does not utilize the
screen space economically.

Therefore, alternative to visualizing the clusters in
the 16D interests space or its low-dimensional projec-
tions, we visualize only the relative sizes of the clusters
by a comprehensive dynamic pie chart, whose each sec-
tor corresponds to a cluster and with size changes over
time. Given any time ¢, the area of the c-th sector is
proportional to the importance of the c-th cluster of
the clustering configuration of X;: the wg, . in (3.1).
Using the visualization method of dynamic pie chart,
we developed an interactive visualization application in
MATLAB allowing the users to explore the evolution of
the user communities over time, as well as to view the
communities of any specified date.
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Figure 4 shows a snapshot of the program, which
visualizes the user communities in Oct. 10, 2005. This
program labels each sector by the names of the dis-
cussion boards that are accessed most frequently by
the users of the corresponding community. Figure 5
shows several successive frames animated by this pro-
gram, which presents the smooth evolution of the user
communities during several successive days.

8 Conclusions.

In this paper, we propose to solve a novel and interesting
clustering problem: mining the smooth evolution of
clusters that are formed by a dynamic data set. As
discussed in Section 2, this problem is different from
the dynamic clustering problems under studying.

We solve the problem by converting it into a
Bayesian learning problem. We design a hidden semi-
Markov model, the de-HSMM, to model the underly-
ing stochastic process that generates the dynamic set
of data points. Representing the dynamic data set by
a sequence of static snapshots, we develop an efficient
learning algorithm to estimate the model. Given the
learned model, the naturally smooth evolution of the
clusters can be mined by the Viterbi filtering technique.

We demonstrate the value and flexibility of this
method by two experiments. One mines a dynamic data
set synthesized from chaotic processes, the other mines
the evolution of user communities of a real Web forum.
We also propose accompanying visualization methods
to present the mined smooth evolution intuitively and
comprehensively.
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