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Abstract

With the development of sensor technology, intelligent healthcare, and industrial monitoring, time
series data have been widely used in electroencephalogram analysis, equipment state recognition,
behavior detection, and other fields. Their dynamic variations and temporal misalignment bring
considerable challenges to classification tasks. Traditional deep learning methods usually rely on a
large number of labeled samples and are prone to overfitting in low-resource scenarios. Although
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dynamic time warping can handle temporal misalignment, it is difficult to continuously optimize
model representations through training. Therefore, this paper proposes a time series classification
method based on a prototype dynamic alignment network. The proposed method first uses a fea-
ture encoding module to extract latent representations of time series, then constructs learnable
class prototypes to describe typical temporal structures of different categories, and introduces a
soft dynamic time alignment mechanism to measure the matching relationship between samples
and class prototypes. Experiments are conducted on multiple public UCR time series datasets. The
results show that the proposed method achieves stable classification performance under low-re-
source training conditions and remains competitive when sufficient training samples are available,
which verifies the effectiveness of the model.
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Figure 1. Framework of PDAN for time series classification
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Figure 2. Computation flow in the neural model
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Figure 3. Accuracy comparison between PDAN and different baselines
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Table 1. Accuracy on six UCR datasets under different training ratios

1. 731 UCR BBREAT R B T B AR R

BE&E kLB  NN-DTW  Inception Time ROCKET LSTM  PDAN

1% 0.843 0.729 0.745 0.704 0.839

ECG5000 10% 0.911 0.853 0.829 0.836 0.918
100% 0.926 0.944 0.947 0.935 0.958

1% 0.826 0.720 0.752 0.703 0.834

HandOutlines 10% 0.840 0.857 0.878 0.823 0.865
100% 0.879 0.956 0.945 0.884 0.894

1% 0.625 0.696 0.706 0.689 0.665

MidPhalanxOutlineCorrect 10% 0.690 0.758 0.741 0.765 0.754
100% 0.714 0.820 0.844 0.806 0.823

1% 0.839 0.832 0.824 0.820 0.846

StarLightCurves 10% 0.885 0.883 0.848 0.853 0.892
100% 0.910 0.978 0.983 0.973 0.970

1% 0.829 0.733 0.771 0.752 0.814

Strawberry 10% 0.917 0.830 0.852 0.812 0.932
100% 0.943 0.982 0.979 0.960 0.988
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1% 0.885 0.760 0.721 0.709 0.897
Wafer 10% 0.924 0.801 0.813 0.807 0.964
100% 0.982 0.998 0.996 0.994 0.992
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