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Multi-shapelet : A Multivariate Time Series Classification Method Based on Shapelet

ZHAN Xi, LI Wei, PAN Zhisong

(College of Command and Control Engineering, The Army Engineering University of PLA, Nanjing 210007, China)

Abstract: Shapelet is the most identifiable subsequence in time series, which has been extensively studied
by researchers from various fields since it was proposed. In this process, many effective shapelet discovery
techniques have been proposed for time series classification. However, candidate shapelets of multivariate
time series may have different lengths and different sources of variables, making it difficult to directly
compare them, which presents a unique challenge to the classification method of multivariable time series
based on shapelet. we propose Multi-shapelet, a multivariate time series classification method based on
unsupervised representation learning and shapelets. Firstly, Multi-shapelet uses a hybrid model DC-GNN
(Dilated convolution neural network and graph neural network) as an encoder to embed candidate shapelets

of different lengths into a unified shapelet selection space for comparison between shapelets. Secondly, a
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new loss function is proposed to train the encoder in an unsupervised learning manner, so that after
DC-GNN encodes the shapelet to obtain the corresponding embedding, the topology and the original space
formed by the relative positions between the embeddings corresponding to the shapelet belonging to the
same class. The relationship between the topologies formed by the relative positions of the shapelet in the
middle is closer to a proportional reduction, which is very important for the subsequent similarity-based
pruning process. Finally, the K-means clustering and simulated annealing algorithm are proposed to prune
and select shapelets to select a set of shapelets with strong classification ability. Experimental results on 18
UEA multivariable time series datasets show that the overall accuracy of Multi-shapelet is significantly
better than other methods.

Key words: shapelet; unsupervised representation learning; K-means clustering; simulated annealing

algorithm; shapelet prune
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R2 AXAEFAEEFAEZEVEAFH I8N ST EMEFIBBENS XBE
Table 2 Classification accuracy of the proposed method and benchmark methods on 18 multivariate time se-

ries datasets in UEA

B EDI prwi ESTME pGONN TST  ShapeNet O
CNs method
ArticularyWordRecognition 0.965 0.987 0.967 0.974 0.974 0.987 0.991
AtrialFibrillation 0.167 0.200 0.267 0.333 0.167 0.167 0.500
BasicMotions 1.000 1.000 1.000 1.000 1.000 1.000 1.000
Cricket 0.917 1.000 0.986 1.000 1.000 0.986 1.000
DuckDuckGeese 0.450 0.400 0.650 0.650 0.550 0.650 0.700
Epilepsy 0.564 0.927 0.971 0.964 0.964 0.982 0.982
ERing 0.950 0.915 0.852 0.933 0.967 0.950 0.967
Handwriting 0.550 0.610 0.272 0.710 0.540 0.610 0.580
Heartbeat 0.683 0.678 0.741 0.756 0.585 0.756 0.781
JapaneseVowels 0.969 0.930 0.992 0.992 0.992 0.992 0.984
Libras 0.847 0.883 0.839 0.903 0.847 0.875 0.903
LSST 0.507 0.556 0.644 0.384 0.503 0.587 0.575
NATOPS 0.875 0.839 0.933 0.944 0.917 0.944 0.944
RacketSports 0.869 0.809 0.875 0.836 0.803 0.875 0.918
SelfRegulationSCP1 0.841 0.775 0.782 0.884 0.792 0.867 0.884
SelfRegulationSCP2 0.447 0.539 0.506 0.474 0.685 0.789 0.868
StandWalkJump 0.333 0.200 0.400 0.167 0.400 0.400 0.833
UWaveGestureLibrary 0.898 0.903 0.753 0.932 0.943 0.920 0.932
Total best acc 1.000 2.000 3.000 7.000 5.000 4.000 14.000
Ours 1-to-1-Wins 17.000 15.000 15.000 10.000 13.000 12.000 —
Ours 1-to-1-Draws 1.000 2.000 1.000 6.000 3.000 3.000 —
Ours 1-to-1-Losses 0.000 1.000 2.000 2.000 2.000 3.000 —
RankMean 5.220 4.670 4.060 2.940 3.830 2.440 1.560
Wilcoxon Test p-values 0.000 0.001 0.002 0.001 0.021 0.012 —
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Fig.7 Convergence of the proposed loss function on four different data sets
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