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Figure 2: Microsoft historical daily stock prices (close) segmented by the adaptive top-down (top), linear top-down (middle),
and constant top-down (bottom) heuristics. For clarity, only 150 data points out of 5,029 are shown.

As supporting evidence that mixed models are com-
petitive, we consistently improved the accuracy by 5% and
13% respectively without increasing the cross-validation er-
ror over white noise and random walk data. Moreover,
whether we consider stock market prices of ECG data, for
small model complexity, the adaptive top-down heuristic is
noticeably better than the commonly used top-down linear
heuristic. The adaptive segmentation heuristic is not signif-
icantly harder to implement nor slower than the top-down
linear heuristic.

Future work will investigate real-time processing for
online applications such as high frequency trading [24] and
live patient monitoring.
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