











On the other hand, the two clusters collapse in
Fig. 5 (b). Specifically, the closest pair is xs and
x4. This is very interesting because they have totally
different trends in the original sequences shown in Fig. 4
(a). This result is due to the synchronizations of
the change points in both data sets. In reality, the
variables x5 and x4 are the engaged gear and the engine
RPM, respectively. The close dependency of zo and x4
corresponds to “the value of engine RPM increased after
shifting to a lower gear.” It is worth noting that we could
discover a part of the causal relationships without using
any prior knowledge. This result demonstrates that SST
can reveal the signs of causality hidden deep inside of
the heterogeneous correlated systems.
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Figure 5: Two dimensional MDS plot for (a) raw data,
and (b) SST data.

5 Related work and our contribution

The problem of change detection has been studied for
a long time, and various methods such as CUSUM (cu-
mulated summation) [1], wavelet analysis [8], inflection
point search [5], and Gaussian mixtures [13] have been
proposed. These existing methods, however, are not ap-
plicable to our task without using ad hoc tuning for in-
dividual signals. Similarly, time-series correlation meth-
ods based on these techniques in a few application do-
mains [5, 4, 12] are inapplicable to our task.
Moskvina-Zhigljavsky [11] used the singular spec-
trum analysis technique [3] for change detection, based
on SVD of the Hankel matrix. Mathematically, SVD
can be performed for almost any kind of matrix. Thus,
the method can be applicable to various sorts of time
series without any ad hoc tuning. Our contribution is to
have defined the problem of knowledge discovery from
heterogeneous dynamic systems and to have proved that
their method is one of the most suitable solutions for
this problem. Theoretically, our contribution is to have
adopted a dimensionless definition of the score, and to
have given an algorithm that is pseudo-invariant with
respect to time inversion. In other words, our algorithm
is invariant with respect tot — —t for [ = 1 and m = n.
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