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Abstract

In this summer research program, the project team researched on modelling time series
from the perspective of graphs, with a focus on accelerating shapelet extraction in the current
model of Time2Graph. Time2Graph is a model put forward by the Yang Yang Lab in Zhejiang
University in 2020. The core idea is to match the subsequences with shapelets and perform
classification on the constructed “transition graph,” yet the model is time-consuming.

The project team designed the AQOURSNet (Autoencoded Quantification of Unsuper-
vised Representative Shapelets) in response to this issue. For a given time series database, the
model sets all subsequences as shapelet candidates and calculates their embeddings using
TS2Vec. The K-Means or K-Medians cluster centers of these features are picked as Shapelets.
The DTW (Dynamic Time Warping) distances between subsequences and shapelets form an

adjacency matrix, which gives a graphical portrait for each time series. A GAT (Graph Attention

Network) is then trained to embed and classify these graphs and, therefore, the series.

Code, docs, dataset, and references are available from the team’s GitHub repository.
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