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Transformer Feature Fusion Network for Time Series Classification

DUAN Mengmeng' and JIN Cheng’

1 School of Software, Fudan University,Shanghai 200438, China

2 School of Computer Science,Fudan University,Shanghai 200438, China
Abstract Model ensemble methods train multiple basic models and use a certain rule to aggregate the output of the basic models
for time series classification. However, they mainly focus on two aspects. The first one is which model is chose as the basic mo-
del. And the Second one is how to increase the difference and the diversity of the basic models. They all ignore the exploration of
aggregation rules. Aiming at this problem, Transformer feature fusion network for time series classification(TFFN) is proposed.
TFFEN have two key components, dual Transformer encoder decoder (Dual TED) and Transformer encoder head (TEH). Dual
TED leverage attention module to fuse the basic feature into more discriminative fusion features. Transformer encoder head,a
sample-distribution-aware classifier,is adopted to classify time series more accurately. Experiments show that TFFN achieves
state-of-the-art results on multiple mainstream time series classification datasets.

Keywords Time series classification, Model ensemble, Transformer.Feature fusion, Deep learning
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DTW-1NND13] 5 21 6.13
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MiniRocketA [15] 8 17 3.31
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Table 3 Ablation study of fusion methods
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& ; -
Lose Win R Lose Win R
P 51 53 1.77 12 14 2.00
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Table 4 Ablation study of loss function

K UCRI128 UEA
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Lose Win R Lose Win R
LB 42 51 1.90 10 10 1. 80
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Table 5 Ablation study of module structure
b UCR128 UEA
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