










has also been studied by other researchers as Dirich-
let Mixture (DM) models [19]. While probabilistic la-
tent semantic indexing (PLSI) [9] was one of the first
models in the third category, latent Dirichlet allocation
(LDA) [5] as well as its full Bayesian variants [8] have
become significantly more popular over time.

Extensive research on analysis of data streams has
been done in the database, data mining and machine
learning communities. A large part of the research has
been motivated by specific problems and applications,
including novelty detection [10], frequent pattern min-
ing [12], and clustering [4]. One of the important earlier
ideas on clustering evolving data streams suggested us-
ing a hybrid online-offline strategy, rather than a one
pass algorithm, based on practical considerations [1].
The work on online spherical kmeans [4] is an exam-
ple of an online extension of the first category of text
models discussed earlier. Online extensions of the text
models of the second and third category have also been
proposed recently, e.g., online Dirichlet mixture model
using a multinomial particle filter [14], online extension
of the full Bayesian version of LDA [17].

6 Conclusion

This paper compares the performance of three popular
topic models – LDA, vMF, EDCM – and demonstrates,
via thorough experiments, that vMF provides the best
overall performance for batch document clustering, dis-
covering coherent underlying topics in the process. It
also presents a new online algorithm for vMF, which
outperforms corresponding online versions of LDA and
EDCM. Finally, it proposes a practical hybrid scheme
for topic modeling, which gives a good tradeoff of perfor-
mance and efficiency for processing streaming text. In
future work, we would like to investigate other hybrid
topic model schemes, which can do a load-based switch
between the online and batch algorithms depending on
the rate of incoming documents in the text stream.
We would also like to incorporate model-selection into
the hybrid algorithm – this would enable new topics
to be detected by the online algorithm in the Stream

phase, following which the batch algorithm can get bet-
ter statistics for the newly discovered topics in the Of-

fline phase.
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