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Abstract

With the wide application of sensors and IoT, a large number of multidimensional time series are
collected. However, there are many missing values in the multidimensional time series due to dif-
ferent reasons such as sensor damage, environmental changes and machine failures, and these
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missing values bring further challenges to the downstream application and analysis of multidimen-
sional time series. To this end, in this paper, we propose a generative adversarial network-based
missing value interpolation algorithm for multidimensional time series. Specifically, we use a
self-encoder as the generator of the generative adversarial network and a recurrent neural net-
work as the discriminator of the generative adversarial network. The missing values in the multi-
dimensional time series data are repaired by using the powerful generative power of the genera-
tive adversarial network. In addition, the attention mechanism is introduced into the structure of
the self-encoder, so that the self-encoder can not only consider the influence of other dimensions
on the missing values, but also directly assign a larger proportion of weight to the important in-
formation, so that the self-encoder can pay more attention to the important information when re-
pairing the missing values, thus making the repaired missing values more accurate. Experiments
on the PhysioNet dataset demonstrate the superior performance of the proposed method in in-
terpolating missing values in multidimensional time series.
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Figure 1. Initially improved generative adversarial network
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Figure 2. Effectiveness of attentional mechanism
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Table 2. Mortality prediction AUC scores
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4.4. ETEVIESH MSE ¥4

YR ZE(MSE) [15]42 S Bl THE AN S BRAE 2 18] 22 5372 B GER/NBR G I AR & FEAR SR A, {8 MSE
RAVTAR JR A 22 2 1) 8] P 51 5 4N 1) 22 4k B TR) PP 5 2[RI 22 57 o QR Amad, | - SR A i 1) 3 0 i A7 R ik
1B, BATITCTE BT H R AR I 18] 51 5 4 B PR B 1R 271 2 TB) F) MSE o [RI, SRATTIIBR — s Ll Asil ) s
SR S SR SR 5 BB 2 TR] ) MSE w36 T 25 i st 7 WA 48 A TR AE A [ B O SR R L F Sz &5 S
K 3 Fiamo

A-AEGAN — E’GAN
0.42

0.39

0.36

0.33

0.3

MSE

0.27

0.24

0.21

0.18

10 20 30 40 50 60 70
Missing Rate (%)

Figure 3. Comparison of MSE with different missing rates
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