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Problem Results

. Most industrial or complex processes present » ID-LSTM Prediction on OHE codes during fraining and * We have transformed nominal codes to other

temporal dependencies which stretch over a long testing phases (left plot) and index predictions (right plot)  vectorial representations with the objective of
over a duration of 10K fime-counts.
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Table 1: Prediction accuracies for the different approaches for 10K

c The ID-LSTM on OHE codes vyield the best result
amples

on a small sample dataset.

Methods
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and a proposed integrated

dimensionality reduction LSTM predictive systems  |ID-LSTM-I-OHE-Codes 0.9957 0.9920 |« The use of ID-LSTM also obtains good results on
for  predicting message logs from industrial ID-LSTM-I-20-DIM-PCA-Codes 0.9763 0.9843 reduced dimensional PCA vector codes (20-DIM-
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» ID-LSTM Prediction on OHE codes during training and
] . testing phases (left plot) and index predictions (right plot)
\ over a duration of ~1.54M time-counts for subset 9.
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is; the plot of the output predictions against their target
values for both training and testing phases respectively
for subset 9.
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Table 2: Prediction accuracy of the ID-LSTM trained on OHE codes

that presents the reproduced data in a sequential
series.
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