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Contributions Masked Autoencoder Reconstruction Auxiliary Learning

»Designed an LSTM temporal projection layer to effectively capture (MARAL)
long-term sequential information in time-series datasets. Part (c) Masking and Tokenize
»Proposed a learning framework for RUL prediction that includes the B R Ve e (g

Masking and Tokenize

FEMM module, leveraging decomposed frequency-domain Pl P4 H™ = Mask(H) € R0
information to enhance feature extraction. . v Feature Projection
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Problem Formulation

Figure 2. Masking and Tokenize Strategy

Fully-supervised Learning Semi-supervised Learning (SSL) Reconstruction Loss Function: Cosine Similarity-based Loss Function
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4. Results: SSL on Low-data Settings Performance Comparisons

“ Both RMSE and Score are the lower the better

* The bold results mark the best results. (Unlabelled RUL dataset: FD002 (only take the first 50%), Cross-domain dataset: SleepEEG) Conclusion
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