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Early time series classification based on
masked time attention and confidence loss function

CHEN Huiling, ZHANG Ye, TIAN Aosheng, ZHAO Hanxin

(College of Electronic Science and Technology, National University of Defense Technology, Changsha 410073, China)

[ Abstract] Early time series classification (ETSC) is significant for time —sensitive applications. This task aims to classify a
continuous input time series as quickly as possible and meet the expected classification quality. Deep learning has been extensively
explored in ETSC. Existing deep learning methods usually leverage recurrent neural networks to adapt to the length variation of flow
data, and set the threshold for early quitting. However, these methods underestimate the continuous change of critical identification
regions of flow data. To solve this problem, this paper proposes a temporal convolutional network based on a masked time attention
mechanism. In this way, the model can dynamically focus on key recognition regions. Besides, considering that the classification
probability of the correct category should be monotonically non-decreasing as the model observes more data, this paper designs a
confidence loss function to penalize models that do not meet this condition, further prompting the model to extract more
discriminative features. Experimental results on 8 public datasets demonstrate the superior early classification performance of the
proposed method.
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Fig. 1 Dilated causal convolution
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Fig. 2 Masked time attention mechanism
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Fig. 3 The architecture of temporal convolutional network based on masked time attention mechanism
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Fig. 4 The classification probability curve of correct class regard to

time
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Fig. 5 Training and testing process
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Tab. 1 The comparative experimental results on 8 datasets

Irik:
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SyntheticControl 22.83 29.59 68.04 78.18
TwoPatterns 17.42 42.84 38.21 53.85
UWaveZ 41.03 27.87 44.85 60.23
Wafer 86.01 94.00 93.92 98.81
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Tab. 2 The ablation experimental results on 8 datasets

Hhidk Stk SEEHETSINRIEE) AL
ChlorineCon 83.57 84.57 86.24
CricketX 55.73 61.21 62.97
FaceAll 36.12 46.68 49.98
Medicallmages 75.48 79.05 82.15
SyntheticControl 75.54 76.05 78.18
TwoPatterns 46.85 49.13 53.85
UWaveZ 53.59 55.40 60.23
Wafer 98.40 98.42 98.81
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Fig. 6 The effect of the attention mechanism on the accuracy of

varied—length data on the Synthetic Control dataset
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