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Abstract of represented as data prototypes in similarity-based-meth

ods. For the processing of sequences, a natural choice for
In this paper, we propose a model-based, competitivethe model is the hidden Markov model (HMM) [7]. This al-
learning procedure for the clustering of variable-lengdts  lows easy handling of variable-length sequences. Moreover
guences. Hidden Markov models (HMMs) are used as rep-the dynamics of sequence generationin HMM has also been
resentations for the cluster centers, and rival penalized proved to be areasonable approximation in many real-world
competitive learning (RPCL), originally developed for do- problems. Previous attempts on using HMMs for sequence
mains with static, fixed-dimensional features, is extended clustering [2, 6, 8] usually employ a mixture of HMMs, and
State merging operations are also incorporated to favor the then use EM algorithm to estimate the clusters.
discovery of smaller HMMs. Simulation results show that ~ However, an important problem in many clustering algo-
our extended version of RPCL can produce a more accu-rithms is on how to determine the number of clusters. In
rate cluster structure thak-means clustering. general, model selection criteria such as AIC, BIC or MDL
may be used. As an example, in using HMMs for sequence
clustering, Li and Biswas [3] run a number of trials with dif-
1. Introduction ferent numbers of HMMs, and then select the configuration
with the highest partition mutual information. The major

Clustering aims at dividing a set of observations into drawbackis that they can be very time-consuming.

different groups so that members of the same group are Another issue is the complexities of the cluster centers.
more alike than members of different groups. Knowledge As mentioned above, traditional clustering algorithms rep

of this cluster structure is usually very important in un- '€Sent the centers as data prototypes and so all are equally
derstanding data with unknown distributions. Traditional COMPlex. Here, however, HMMs are used and larger HMMs

clustering algorithms work only with data having static, €& in general, yield higher likelihoods than smaller ones
fixed-dimensional features. However, with the increasing| Hence, the resultant HMMs discovered in the cluster struc-

widespread use of information system technologies and thelUr€ may be larger than the generating models.
Internet, there is now an explosive growth of many dif- _ !N this paper, we propose the combination of HMMs and
ferent varieties of databases. One example is the Gen/lval penalized competitive learning (RPCL) [10] with stat

Bank DNA sequence database, which contains approxi_merging for sequence clustering. The rest of this paper is
mately 3,400,000,000 bases in 4,610,000 sequence recorddrganized as follows. Brief introductions to the HMM and

as of August 1999. These databases contain sequential dat&PCL are given in Sections 2 and 3 respectively. Section 4
and pose a challenge to existing clustering algorithms. discusses how these two can be integrated. Simulation re-

One approach to cater for these sequential data is toSults are presented in Section 5, and the last section gives

first define a similarity measure between sequences (suctF°mMe concluding remarks.

as those based on trigram statistics or dynamic time warp-

ing) and then apply standard similarity-based clusterlng a 2. Hidden Markov M odel

gorithms [4, 5]. However, this usually results in a loss of

information and is restricted to fixed-length sequences. Ex A discrete HMM has a set of statés, ... N} and an al-
perimental results also showed that only a rough clusteringphabet of output symbola, ... , vy }. Each state is char-
can be obtained. Another paradigm is to use model-basedcterized by a state-transition probability = P(g;+1 =
clustering. Here, clusters are represented as modelgamhst j|g; = i) and an emission probability;(s) = P(z; =



vs|gg = j) for the sequence: = {zy,z2,...,z1}. and can be computed by the forward algorithm or ap-
Define & (i, j|z, )\) = Pl¢g = i,qt41 = Jjlz,\) and proximated by the Viterbi algorithm [7].

v(ilz,\) = Z _1 &, jlz,A). Then, given a set of
sequencés{;v(’)}Z ., the re-estimation formulas far;;
andb; can be found from the Baum-Welch method [7]:

2. Update the HMM parameters for the winnerand its
rival \,., such that\. is moved closer to the sequence
z(®) whereas\, is moved further away.

T() 1 (1)
ay; = Yy T 1€t(Z ¥ika )‘), (1) To perform step 2 above, we first define, for each
Zl:l =1 iz, N) '
1 if Xis the winner oft(®),

T® 120 .
bi(s) = 2ot Zicagea—, WU A @) u) = ¢ —p if Ais the first runner-up for(®,
[ L : .
! S ST i Gilae®, A 0 otherwise,
3. Rival Penalized Competitive L earning where0 < n < 1. Fora particulaﬁ\, consider its associated
subset of sequences {x(? }£_, that\ has either been its

Rival-penalized competitive learning (RPCL) [10] is an winner or first runner-up. Con3|der maximizing the follow-
improvement over traditional competitive learning proce- N9 Weighted sum of log likelihoods:
dures by trying to determine the correct number of clusters .
during learning. The basic idea is that for each input pat- P= Y o u?log P(z'V|)), 4
tern, not only is its winner adapted towards this input, but 1<i<k
its rival (i.e., the first runner-up) is also moved away from
this patterndelearned. In the following, denote the weight
vector associated with the cluster unlty w;. RPCL then
consists of the following two steps:

with respect to the parameters bf Here,0 < a < 1is
a decaying factor which puts a stronger emphasize on the
more recent sequences (as is typical for online learning al-
gorithms). When\ is a winner, the contribution af(*) on
1. Randomly sample a pattetn from the data. Find  the learning of\ is positive, and\ will be moved closer to

the winnerc = argmin; v;||lz — w;||* and its rival  z(9, On the contrary, wheA is the first runner-up, the ef-

r = argminj.. vj|lz — w;||®. Here,v; is called the  fect ofz(Y) on A will be discounted and will subsequently
consciencéor unit j [10]. be moved away fromz(?). Moreover) < i < 1 means that
the delearning rate will be smaller than the learning rate,

which is in line with the original RPCL algorithm.
The standard Baum-Welch algorithm can be used to op-
timize (4), with the M-step in (1) and (2) modified to

2. Updatew. by Aw, = a.(z — w.) andw, by Aw, =
—a,(x — w,), wherea,, a, are the learning and de-
learning rates respectively (with< a, < a. < 1).

Experimentally, RPCL outperforms frequency sensitive

competitive learning [10]. Recently, it has also been suc- Zk N0 T() 1 &0, ]|m() N
cessfully used for financial time series forecasting [1]. afj = 1761 T( ) - 7
POHER L TIOD D A (EAOMPY
4. Combining RPCL and HMM e YF ably® Z“l&zm_ 2 (ile®, \)
S PE— .
4.1. The Basic Algorithm Sk tu® T 5 Glae®), )

In RPCL, as for other traditional clustering algorithms, These, in turn, can be rewritten ag = lh])/ PO ,Uzg
the cluster centers are of the same type as the patterns. Ilandbk( ) = vjs (k) /ZS‘L ,,js(k:), with ng) andv;, (k) de-
this paper, however, we represent each cluster center by arﬁned recursively as
HMM )\, and so the clusters are of a different type from the
patterns (which are sequences). The original RPCL algo- T* _1

rithm is thus modified as: p = a3 &l gl ), (5)

1. At the k-iteration, randomly sample a sequend® .

. . . . (k)
Find the winnelc = arg min; v;d(z®|);) and its ri- . 1 L .
valr = argminjz. v;d(z¥)|A;). Here, vis = a4+ YT (12, N). ()
t:l&zgk)_vs
d(zM|\) = —log P(z¥|X), 3)

Lin the sequel, variables corresponding to fHh sequence will be ~ HOWeVer, no.tice that calculation of bogh(i, j|z(¥), A) and
denoted using the superscrip). 7:(j]=®), A) in (5) and (6) are based on the saieThus,



in an online learning setting, we approximate (5) and (6) by another 5 are of 3-state, and so on. The experiment is re-
peated 10 times, each presenting the 1000 sequences in a
* (k1) (), (k1) different random_order. The resultant non-empty clusters
Him = O‘NU + Z & (i, gl ), for a representative run by the four methodlsnfeans, -
means with conscience, RPCL and RPCL with state merg-
ing) are shown in Figure 2 Here, the top row corresponds

Tk 1

(k)

Vjs(k) = ans(kfl) + Z %(J'|J?(k)7>\(k71))- to the 1-state HMMs, the second row corresponds to the 2-
t=1&u" =v, state HMMSs, and so on. The size of each pie is proportional

to the number of sequences won by the corresponding clus-

4.2. Encouraging a Smaller Number of Clusters ter, and the four colors correspond to sequences from the

four generating HMMs. The ideal results, obtained by using
To further encourage a smaller number of clusters in the only the four generating HMMs as possible cluster centers,
final cluster structure, we adopt the heuristic of favoring are also shown for comparison. As can seen, RPCL locates
clusters (which are HMMs) that have already been winning exactly four clusters. With the incorporation of state merg
frequently. In other words, instead of using (3), we have  ing, the clusters’ complexities can also be correctly deter
mined. On the other hand, bokhmeans procedures yield
d(z® ;) = —plog wﬁk) —log P(z® ),  (7) much larger numbers of clusters with varying complexities.

wherep is a user-defined parameter, anﬁ) approximates
the winning rate of\; in the past (i.e. before theth itera-

tion). It is online updated as:
) P (g -
~ ) R 2 W WA
H H . o —1'\ H o it \_'( ) 1'( Jott ok )
(k+1) %wék)-l-ﬁ if \; is the winner forz(®), m-j?ﬁ oo &:.{ ,:5 7{ ettt
w, = o . oo a0 oo «a/o Noto Nao Noto oo
J %w(’”) otherwise. ‘ h
J
. . L a) HMM 1 b) HMM 2
Here,M corresponds to a window size for the estimation of @ (®)
w®
i
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Larger HMMs can yield higher likelihoods than smaller
HMMs, and so are more likely to win. To alleviate this (c) HMM 3 (d) HMM 4
problem, we incorporate the idea of state merging [3, 9] into
RPCL. For each HMM in the clustering process, two adja-
cent stateg andi + 1 with closest emission probabilities Figure 1. The four generating HMMs.
(as measured by the symmetric divergence) are considered
for merging. The emission probabilities of the merged state
is the mean of those afandi + 1, while the self-looping Figure 3 shows the distances (as measured by symmetric
probability is set such that the expected time to stay in the divergence) between the HMMs obtained and the four gen-
merged state remains the same as before. This new canderating HMMs. Here, each row corresponds to one gener-
date HMM is then adapted for a certain period of time and, ating HMM, and each column corresponds to one HMM in
at the end, its likelihood compared to that of the original Figure 2. The top, leftmost HMM in Figure 2 corresponds
HMM. If the change is small, the original HMM will be  to the leftmost column in Figure 3. The remaining HMMs
replaced, and another round of state merging repeated.  are then shown in the order from left-to-right, up-to-down.
The whiter a particular square, the closer are the two corre-
sponding HMMs. As can be seen, both RPCL procedures
produce an unique white square in each row, indicating that
each generating HMM is close to one and only one clus-

Expenme_nts are performed on a syntheuc problem with ter. Thek-means procedures, on the other hand, yield much
four generating HMMs and 16 symbols (Figure 1). They are inferior results.

not well separated, and the Bayes error is about 15%. 250

variable-length sequences are generated from each HMM.

The clustering process starts with 35 HMMs as possible ™ 27raditional k-means clustering is modified for variable-length se-
cluster centers. Among these 35 HMMs, 5 are of 2-state, quence clustering in a way similar to RPCL as described itiGed.1.

5. Simulation




6. Conclusion

In this paper, we extend RPCL for the clustering of
variable-length sequences. As in traditional domains with

static, fixed-dimensional features, RPCL produces a more (2) k-means
accurate estimation of the number of clusters. Besides, the
incorporation of state merging further allows the complexi i o _l._||- n
ties of the HMMs to be correctly determined. More experi- Lol
ments on real world data will be performed in the future. (b) k-means + conscience
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