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Introduction

* Recent solutions for multivariate time series classification

v Model-based methods A tree classifier based on a new
symbolic representation to extract relationship;

v’ Neural network-based methods: An LSTM layer and
stacked CNN layer to extract features for a softmax layer;

 Problem statement

Given a multivariate time series dataset [, consisting of M
multivariate time series instances T;, To,--- , T, with V

e Challenges
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v/ multiple variables and different lengths,
heterogeneous and voluminous candidates

v’ hard to compare candidates of different lengths

v' original triplet loss, one positive (negative),
may not converge and not stable

v_ triplets selection (negative samples),
word2vec assumption not hold
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variables, this paper investigates a shapelet-based classifier. v’ black-box nature of most existing studies - o 7
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Mdc-CNN details

Output of Residual block 2°

Cluster-wise triplet loss - Learning time series representations
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Selection of final shapelets

* A clustering method (kmeans) to yield Y clusters of the shapelet candidates Performance of overall accuracy

A utility to rank the candidates that are nearest to the cluster centroids

) Accuracies on 30 UEA ARrRcHIVE datasets [1]
log 3 || f (@)= f(z))]3

U(f(x,)) = B - —elszelflwd) 4 (1 g) MLSTM WEASEL
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—the size of the candidate’s cluster E)Otal ll)etSt Ellcgv, 219 22 . 222 241 ﬁ 158 250 14
urs 1-to-1-wins -
—the candidate’s distance to other candidates in other classes oOurs 1-to-1-Draws 1 3 5 3 3 5 5 )
Ours 1-to-1-Losses 0 1 3 6 12 7 5 -
Rank Mean 6.2 543 4.77 4.6 3.47 3.67 3.23 2.23
Wilcoxon Test p-vlaue |0.000 0.000 0.000  0.001 0.183 0.819 0.002 -

An interpretability result
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