A model-based approach to sequence clustering

Henri Binsztok and Thierry Artiéres and Patrick Gallinari'

Abstract. We present a Hidden Markov Model (HMM)
based approach to cluster sequences. This problem is ad-
dressed in term of learning Hidden Markov Model structure
from data. Using a top-down approach, we iteratively simplify
an initial HMM that is built to cover all training sequences.
Our approach allows to learn, in an unsupervised manner, the
cluster models that best represent training data. We provide
experimental results on two different application fields, on-line
handwriting signals and hypermedia navigation patterns.

1 Introduction

There are two categories of sequence clustering algorithms:
the first category is based upon a similarity measure between
sequences; the second is model-based and infers a model that
describes each cluster. Our approach belongs to the second
category, which seeks to build a descriptive model for the
data and goes beyond the clustering result. Among this cat-
egory, one common model class is the Hidden Markov Model
(HMM, [9]). HMMs were introduced for speech recognition to
deal with sequential information and have been used for many
sequence modeling and classification tasks (handwriting, biol-
ogy, etc.). There are many works for clustering sequences with
HMDMs. [14] provides a generic algorithm to cluster sequences
into a fixed number of clusters, along with a method to find
the numbers of clusters. This number is determined by cross-
validation using a Monte Carlo measure, which is controlled
by an hyper-parameter. This theoretical approach relies on
iterative reestimation of parameters via an instance of EM,
which requires careful initializations. Furthermore, the struc-
ture of the model is limited to a mixture model of fixed-length
left-right HMMs, which may not correctly model sequences of
varying lengths in the data.

We tackle the sequence clustering problem through the un-
supervised learning of a HMM model. The learning is con-
strained in such a way that the trained HMM may be used, at
the end, to cluster sequences. Generally, the training of HMM
models is carried out in two stages: First the prior choice of a
model structure (e.g. number of states, allowed transitions),
then a statistical training of the parameters from data. The
learning of the structure is thus performed manually through
successive trials. Some work has been done in order to learn
automatically the structure from the data, together with the
parameters. A generic approach to learn HMM structure may
be found for example in [16]. Our main contribution is to put a
constraint on the learned structure so that the HMM belongs
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to the class of mixtures of varied lengths left-right HMMs (i.e.
HMM with no cycle in transitions): comparing with [14] nor
the length of left-right HMMs nor the number of components
in the mixture are fixed. The main idea of such a constraint
is to learn a global HMM that covers training data and whose
topology consists of a few left-right HMMs, each one being
seen as a cluster model.

We first describe an overview of our approach (section 2).
It starts by building (topology and parameters) of an initial
HMM from the data. This HMM is a mixture of as much left-
right HMMs (we call these components in the following) as
there are training sequences. This HMM is then iteratively
simplified by removing components. We present the struc-
ture learning algorithm in section 3. In section 4, we describe
experimental studies on two kinds of data: (1) on-line hand-
written digit clustering and (2) determining user typologies
in hypermedia navigation patterns.

2 Overview of the approach

We present our approach to clustering in the scope of model
structure learning. Some studies in structure learning are spe-
cific to a given task: We focus here on generic methods. Ap-
proaches suggested in the literature use mainly a top-down
approach, and start by building a complex initial model and
simplifying it iteratively ([16, 7, 3]). In [3], the simplification
is based on entropic prior probabilities of transition between
states. One of the properties of this approach is that some
transition probabilities converge towards 0, thus simplifying
the structure of the model. In [16], states from the initial
HMM are merged iteratively as long as the loss of likelihood
is not too significant. The model structure learning problem
for sequential data is not limited to HMMs. Prediction Suffix
Trees (PST, [11]) are simpler models, quite close to HMMs.
They are probabilistic automata in which transitions are de-
terministic. Structure learning for PSTs includes two main
approaches: [11] uses a bottom-up approach while subsequent
work in [13] starts by building a huge model, which is it-
eratively simplified and can lead to better performance. For
more complex models (e.g. Bayesian Networks or Probabilistic
Context-Free Grammars), structure learning is a even more
difficult problem that does not provide good generic perfor-
mance.

‘We chose to keep the top-down approach and propose to
adapt the approach of [16] by restricting the HMM to belong
to a particular class MLR of models that are mixture of
left-right HMMs. Let M be a HMM that is a mixture of K
left-right HMMs, the probability to observe a sequence O is
P(OIM) = 327 P(A\x)P(O[\) where (A¢)1,..x are K left-



right HMMs. First, a global model M in MLTR is built from
the data, using one left-right HMM per training sequence.
Then, this global HMM is iteratively simplified by merging
or removing components. Doing so, the global HMM always
belong to MLR. In particular, the merging or removing is not
done state by state, but directly between left-right HMMs.
The main interest of this approach is that it naturally leads
to a number of left-right HMM models that correspond to
different clusters.

3 Learning algorithm

The learning algorithm proceeds in two steps: First, we
present our procedure to construct an initial HMM (section
3.1). Then, we describe the iterative simplification algorithm
applied to this initial model (section 3.2). The simplification
algorithm relies on a distance that is detailed in sections 3.3.

3.1 Building an initial HMM from data

This first stage consists of building a HMM M, € MLR
summarizing all training sequences. Let D = (s1...sn) be
this sequence set. Each sequence s; of length /; is a sequence
of symbols s; = (04,1 ...04,,;) where each symbol o; ; belongs
to an alphabet ¥ and let |¥| = card X. We start by building n
left-right HMMs, each one derived from a training sequence.
For sequence s;, we build a left-right HMM with [; states.
The initial HMM M is then a mixture of these n left-right
HMMs.

We then have to estimate one emission p.d.f. for each state
of each left-right HMM. The approach suggested by [14] that
consists of learning these p.d.f. with a standard algorithm for
HMDMs did not appear relevant to us. Indeed, this training
is delicate insofar as it requires finding a good initialization.
We rather chose to share the emission p.d.f. between states
corresponding to the same symbol of ¥ so that there is only
|X] p.d.f. to estimate, one for each symbol. For instance, if
the first and last symbols of a sequence are the same symbol
o, the two corresponding states in the left-right HMM built
from this sequence will share the same emission p.d.f.

For a given application, we could use prior knowledge to
define these emission p.d.f. The strategy we chose does not re-
quire prior knowledge and consists of directly estimating emis-
sion p.d.f. by counting. We consider as similar two symbols
which appear in the same context: Let s € " be a string over
alphabet ¥ and let Ps(c) be the probability of observing sym-

w(so)
w(s)
where the count w(s) represents the number of occurrence of

the subsequence s in D. One may define a profile for any sym-
bol o as the set {Ps(c)/s € sub(D)} for all subsequences s
in training data. Intuitively, two symbols with similar profiles
should be very close. Hence, we derive the similarity x be-
tween two symbols (01,02) € £? by the correlation between
the distributions P,, and P,,: k(01,02) = corr(Ps,, Py,). Fi-
nally, the emission p.d.f. b, built from symbol o is given by

bs =

bol o after prefix s. An estimate for Ps(o) is Ps(o) =

k(o,0’)

S o)
ollex
this estimate provides good results.

,o' € ¥ . We will see in section 5 that

3.2 Simplification algorithm

The general outline of the algorithm is to iteratively merge
the two closest components in the model using a distance §
between left-right HMMs. The distance is presented in next
subsection. The algorithm is as follows:

1. Build the initial HMM model M = My as detailed in pre-
vious section.
2. Repeat until the stopping criterion is satisfied:

(a) Select the couple of components (u,v) closest with re-
spect to d.

(b) Merge the two components to obtain new model M

In this preliminary work, merging is restricted to selection, i.e.
we preserve among the two new HMM candidates M\ {u} and
M \ {v} the model that optimizes the criterion C.

Several stopping criteria are possible. An interesting ap-
proach is to penalize the likelihood with the size of the model,
and thus to favor a compact model with Minimum Description
Length (MDL, [10]). In our model, the criterion expression is:
C = log P(D|M) — aflog N|X|] where P(D|M) is the likeli-
hood of the data by the HMM, N the total number of states
of all components of the HMM and « is a parameter allowing
tuning the importance of the two terms of the criterion: the
modeling accuracy and the model complexity. The stopping
criterion is satisfied when the criterion C' ceases growing.

3.3 Left-right HMM distance measure

Let My and M> be two left-right HMMs, of respective lengths
11 and l2. We use an easily computable distance § (M, Ms) be-
tween two discrete HMM that takes account of their left-right
topology: It is based on an alignment between the states of
M, and M using a Dynamic Time Warping algorithm where
local costs are distances between states (i.e. their emission
p.d.f.) [12, 2]. We use the symmetrized Kullback-Leibler di-
vergence dxr, as local cost. Hence the algorithm seeks to find
an optimal alignment between the states of M1 and the states
of M2, that minimizes the cost: J = ), _ dxr(ix, jx) where
dk1(ik,jx) is the symmetrized Kullback-Leibler distance be-
tween the p.d.f. of the state iy of M; and the state ji of
M> and where the sequence of the indices {(ix, jx), k € [1,p]}
corresponds to an authorized alignment (using classical D'TW
path constraints) of pair of states of the two models. As we are
interested in left-right HMMs, we impose the limiting condi-
tions (¢1,71) = (1,1) and (ip, jp) = (l1,12) so that § is defined
as:

5(M17M2):j2 min
pv{(ik7jk)7k € [1,[)]}
(ihjl) = (17 1); (iP7jP) = (llvl2)

p
ZdKL(ik7jk)
k=1

4 Experimental study

We show here the results of our approach with two kinds of
data. We first describe our evaluation method and then our
results.



4.1 Evaluation method

Evaluating unsupervised methods is an open problem. As
stated in [15], we use labeled data for the sole purpose of
evaluation. Evaluating the clustering as a classification task
allows us to use standard evaluation methods from supervised
learning. We use two complementary measures to evaluate
the relevance of a clustering: the entropy measure and the F'
measure which is extensively used in the information retrieval
community.

The result of the clustering algorithm is a set of sequences
grouped in clusters. We name clusters the result of cluster-
ing and classes the labeling of the data. The first measure-
ment, named total entropy, is related to the homogeneity of
the clusters compared to the class information. If all the se-
quences in a cluster correspond to the same class, the cluster
is perfectly homogeneous, and its entropy is null and mini-
mal. More formally, for a cluster j, the entropy is defined by
Ej = =3 pijlogpij, where p;; is the probability that an el-
ement of the cluster j belongs to class i. The total entropy is
computed with: Er = E%L, where n; is the number of
elements of the cluster j and n the total number of sequences
in the data. The second measurement is F' measure. If all the
clusters are homogeneous and non-redundant (there does not
exist two clusters corresponding to the same class), F' mea-
sure is worth 1 and is maximal. F' measure incorporates two
measurements: precision and recall. The precision captures
information similar to the entropy, while recall is high when

classes are not much scattered. By definition, P(i,j) = 2
J
and R(i,j) = 5. Then, F(i,j) = sooted. The total F

measure derives from the F' measure computed for each class
and cluster: F' =) = max F(i, ).

We compared our approach with a recent approach for se-
quences clustering proposed by [4], based on EM algorithm
and Markov chains. This algorithm strongly depends on ini-
tialization: Since a random initialization provides poor re-
sult, we initialized the Cadez clustering algorithm with our
method. Cadez approach is a suboptimal approach to maxi-
mize likelihood, which is one of the only criteria available for
unsupervised learning. Comparing our approach with reesti-
mations - that enhance likelihood - allows us to obtain an
insight of the clustering performance of our approach.

4.2 On-line Handwriting

4.2.1 The task

On-line handwritten signals are temporal sequence of pen
coordinates captured through an electronic pen or a digital
tablet. Recognizing handwriting signals is a key problem for
the development of mobile terminals using pen-based inter-
face such as personal digital assistants, electronic note taking
devices, electronic books. Building on-line handwriting recog-
nition systems is not an easy task since there exists an impor-
tant variability due to different writing styles (e.g. allographs).
Ideally, in a recognition system, there should be as many mod-
els for a character as there are writing styles for this character.
A few studies have focused on the automatic identification of
writing styles to determine from the data the number of mod-
els for a character, sometimes to learn partially the topology
of HMM for a character, or to recognise a writer based on his

writing style. Various techniques have been used. [6] chooses a
probabilistic approach to define clusters: For each character,
an approach similar to EM is used to learn the probabilities
that a character belongs to a given cluster. The association
of clustering and HMM was approached by [8], but it highly
depends on initialization which is supervised.

4.2.2 Database

We carry out our experiments on a database of digit signals,
extracted from the Unipen database [5]. The signals are la-
beled with the corresponding digits but there is not any label
information about allographs. Then, although our approach
can be used to learn the topology of a Markovian character
model and/or to identify its allographs, we chose to perform
our clustering experiments on databases including signals of
various and close digits (e.g. 0 and 9). This enables us to
easily evaluate the relevance of the discovered clusters, using
the total entropy and F' measure previously introduced. The
rough on-line signal is a temporal sequence of pen coordinates
and is first preprocessed. We chose to preprocess the signals
as in [1]. A handwritten signal is represented as a sequence
of strokes where each stroke is characterized by a direction
and a curvature. The strokes belong to a finite dictionary X
of 36 elementary strokes, including 12 straight lines in uni-
formly distributed directions between 0 and 360°, 12 convex
curves and 12 concave curves. Such a sequence of strokes rep-
resents the shape of the signal and may be efficiently used
for recognition. All handwriting signals are converted into se-
quences of elementary strokes. We provide in the following,
results related to the estimation of emission p.d.f. in the ini-
tial HMM, as described in section 2.2 and to the clustering of
handwritten digits.

4.2.8 Emission probability distribution functions

Figure 1. 36x36 matrixes representing p.d.f. for states
associated to each symbol of ¥, fixed manually using prior
knowledge (left) and learned from the data (right).

Figure 1 represents the estimation of emission p.d.f. for
states associated to each symbol of the alphabet . The di-
mension of both matrixes is 36x36: The square at the inter-
section of the i*" row and ;' column is the probability of
observing symbol o; emitted by state associated to o;. Gray
levels are proportional to probabilities (white = close to 1,
black = close to 0). The left matrix is fixed manually accord-
ing to prior knowledge [1] while the right matrix is estimated
with the method presented in section 2.2. We note a strong



correlation between these matrixes, which shows that our es-
timation method allows capturing efficiently the information
of similarity between symbols contained in the sequences D.

4.2.4 Clustering experiments

In a first experiment, (EXP1), we use 100 samples of digits ’0’
and ’9’ whose drawings are very similar. In the next two series
of experiments (EXP2 and EXP3) we use 150 samples of dig-
its ’0’, '1’ and ’2’, the only difference is the value of the MDL
parameter o (1.5 for EXP2, and 1 for EXP3). For each of
these three series of experiments, we carried out several tests
and averaged the results. The results of these experiments
are provided in table 1. One notes a significant improvement
of our approach compared to that of [4], regarding both ho-
mogeneity of clusters (low entropy) and limited number of
discovered clusters (F' measure closer to 1). By comparing
the results of the two last series of experiments, differing by
the value of «, one sees that the results are rather similar for
F measure, but the entropy is higher for experiment EXP2,
using a stronger value. That is natural since the penalization
term on system complexity is stronger for EXP2, resulting in
a lower number of clusters. Though we lack a generic method
to adjust values of o, we observed experimentally that good
results are obtained with similar values.

Entropy: BAG | Entropy: [4] | F: BAG | F: [4]
EXP1 0.00 0.24 0.85 0.70
EXP2 0.32 0.20 0.63 0.58
EXP3 0.13 0.18 0.62 0.52

Table 1. Performance (total entropy and F' measure) of our
approach (BAG) as compared to Cadez [4] for on-line handwriting
digits clustering.

To further study the effect of the MDL parameter a, we
measured the number of clusters and the performance as a
function of a. These results are presented in the figure 2 and
were carried out on the same database as experiment EXP1.
We note good performances, given the unsupervised nature of
our task, in particular for o = 2.5. The entropy is null and F-
measure is higher than 80%. The resulting clusters from this
experiment are presented in figure 3. One sees on this figure
that the discovered clusters are homogeneous (including either
’0’ or ’9’ samples). The two clusters for digit ’0’ include indeed
slightly different drawings since samples from the smaller set
are drawn the other way round.

4.3 TUser modeling
4.8.1 The task

The task we tackle here is to automatically learn user behav-
ior models from hypermedia navigation patterns. Discovering
user typologies is an important task in the context of hyper-
media. Knowing the typology of a user allows personalizing
the media for him. This is particularly interesting in hyper-
media (web sites) since these may be very complex and are
accessed by various users. We are interested here in discov-
ering typologies in navigation patterns. The goal is to guess,
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Figure 2. Number of clusters (left), total entropy, F' measure
and precision (right) as a function of the MDL parameter « for
digit samples clustering.
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Figure 3. Discovered clusters for a database of on-line
handwriting samples of digits ’0’ and ’9’.

from low-level log information (i.e. temporal sequence of ac-
tions such as clicks, scrolls, etc), what the user is doing and
to use this information to help and guide him.

4.3.2 Database

We performed experiments on a prototype of the future web-
site for the National Museum of Natural History. This com-
plex hypermedia includes thousands of pages organised in a
dense lattice. Log information is collected during a user ses-
sion and transformed into a temporal series of feature vectors:
There is one feature vector for each page accessed during the
session. Feature vectors include characteristics related to the
nature of the page (i.e. leaf in the hierarchy of pages of the hy-
permedia, table of contents, etc.), the user activity (number of
clicks, scrolls, etc.), the path followed by the user (proportion
of new pages accessed vs. already seen pages in last 2 min-
utes). The feature vectors of a session are quantized using a
codebook of 36 vectors (learned on the whole user sessions) so
that a user session is represented at the end as a sequence of
symbols, each one is a codebook number. In order to evaluate
our clustering using criteria defined in section 4.1, as we did
for on-line handwriting signals, we collected log information
of user sessions in a controlled way, by asking users to an-
swer specific questions by navigating the hypermedia. These
questions were formulated so as to induce a predefined behav-
ior such as searching, browsing etc. For example, to induce a
browsing behavior, users were asked to tell what the nicest
picture was, in a particular subpart of the web-site. We col-
lected this way a database of about 60 user sessions, labeled
with four predefined behaviors: exploring, browsing, searching
and scanning.



4.8.83 Clustering experiments

It must be noticed that supervised results on this task are
relatively poor: Data is noisy and classes are not well de-
fined (e.g. searching and browsing). Recognition rate is be-
low 80% for all four classes, hence unsupervised methods do
not exhibit relevant performance according to criteria defined
in section 4.1. However, a first experiment was conducted to
cluster user sessions corresponding to two behaviors (explor-
ing and browsing) that are not too similar, and performance
reaches 83% precision with 4 clusters (64% with 2 clusters).
In a second experiment, we investigated deeper the discov-
ered cluster models learned from the whole database including
sessions corresponding to the four behaviors. Although per-
formance is worse (about 55% precision with 4 clusters), the
information captured by the cluster models is interesting. Our
current method which relies on sequence model selection (i.e.
merging is restricted to selection) allows to exhibit a typical
session that is representative of a cluster. As an example, we
plot in Figure 4 typical sessions corresponding to 2 clusters.
We study two characteristics of the feature vectors: The first
is related to the level of the accessed page in the hierarchy
of the web-site (the core information is in the leaves) and the
second to the time spent on the accessed pages. One can see
that the first cluster corresponds to sessions where the user
navigates quickly on table of contents (with a long stay on
only one of these pages) and then goes down in the hierarchy
(leaves) spending more time reading pages. This behavior is
typical of searching for a given data. In the typical session of
the second cluster the user first spends much time on table of
contents pages then navigate quickly on leaves, which charac-
terizes a browsing behavior. This shows that our approach can
be used to identify clusters and help defining more precisely
the classes in the data.
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Figure 4. Typical navigation sessions of two clusters. For each
cluster, we display the evolution of two characteristics: The
hierarchical level of the page accessed along the session and the
time spent on the page.

5 Conclusion and future work

We presented a model-based approach to cluster sequences
that we tackled through unsupervised HMM structure learn-
ing. We propose to learn, from the data, the structure of a
global HMM within a subclass of HMMs that seems more
appropriate for sequence clustering. The subclass of HMMs
considered is the set of mixture of left-right HMMs (named
components). The learning is a top-down approach where we

build an initial model from data and then simplify it iter-
atively by merging components, until a MDL-like criterion
is reached. The merging is here restricted to selection which
allows for typical sequences identification. We provided ex-
perimental results for two different data: on-line handwritten
digits and hypermedia navigation patterns. These preliminary
results are promising and we look forward to validate them
on larger datasets.
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