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Abstract

Multivariate time-series data collected from power facilities play a critical role in equipment
condition diagnosis. However, existing Transformer-based models learn mixed temporal patterns
within a unified representation space, which may limit their ability to capture distinct trend and
seasonal characteristics.

This paper proposes a Transformer architecture that integrates series decomposition and a
variability—aware gating mechanism for multivariate time-series anomaly diagnosis in power
facilities. The proposed model separates trend and seasonal components, dynamically adjusts
variable importance based on temporal variability, and employs dual-path encoders to
independently learn distinct temporal patterns.

Experimental results on real-world power facility datasets demonstrate that the proposed model
achieves an accuracy of 95.196, outperforming the baseline iTransformer model, which achieves
92.5%. When either the decomposition module or the gating mechanism is removed, the accuracy
decreases to 85.2% and 84.6%, respectively, indicating that both components play a crucial role in
performance improvement.

B keywords : Multivariate Time Series ; Anomaly Diagnosis ; Transformer ; Series Decomposition ; Gating Mechanism
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