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Abstract: Classification of sequential data is one of the important problems in machine learning, with a wide
range of applications such as time series, sensor stream and image classification. However, due to its ordered
structure, sequential data are not appropriate as the direct input of the general classifiers. Generate features
for learning from time series and sequential data with a general classifier is therefore a critical task. One of
the promising approaches is to find and exploit the characteristic subsequence patterns in the sequential data,
such as Shapelets. The subsequences provide the discriminative features for learning classifiers as well as the
primitives for graphical analysis. However, the conventional method has problematic issues when utilizing
large number of sequence patterns. In this study, we propose a framework for feature selection and classifi-
cation for sequential data that combines the clustering method for extracting subsequence patterns unique
to the class and the distance-based feature based on the concept of multiple-instance learning. The feature
selection method embedded in max-margin learning algorithm is employed to select important patterns and
learn a linear classifier simultaneously. In our empirical study, we evaluated the performance of the proposed
method using the time series data and the silhouette data and compared them with existing methods. The
result showed that the proposed method can maintain high classification accuracies while extracting visually
identifiable class-specific patterns in sequential shapes and time series.
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