











We compared to two well-known and highly referenced
techniques, Markov models [8] and ARIMA models
[10][22]. For each technique, we spent one hour searching
over parameter choice and reported only the best
performing result. To mitigate the problem of overfitting,
we set the parameters on a different, but similar dataset.
The results for the three approaches are given in Table 1.

Table 1. The quality of clustering obtained by
the three algorithms under consideration.

Algorithm Q
Thumbnails 0.93
Markov Model 0.46
ARMA models 0.40

6 Conclusions and Future Work.

In this work, we have introduced a new framework for
visualization of time series. Our approach is unique in that
it can be directly embedded into any standard GUI
operating system. We demonstrated the effectiveness of
our approach on a variety of tasks and domains. Future
work includes an extensive user study, and investigating
techniques to automatically set the system parameters.
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