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Abstract; As the installed capacity and grid-integration ratio of wind power continue to rise, prediction
models must be updated frequently in dynamic environments. However, incremental learning suffers from
catastrophic forgetting, while batch retraining incurs prohibitive computational costs. In this paper, an in-
formation-enhanced memory aware synapses ( IE-MAS) collaborative continual learning framework, that
leverages three synergistic mechanisms including specificity scaling, task similarity regulation and knowl-
edge distillation, was proposed to suppress forgetting and balance new versus retained knowledge. Taking
a 200 MW wind farm in Xinjiang as experimental object, IE-MAS performance was evaluated across four
sequence-modeling architectures, such as long short term memory ( LSTM ), gated recurrent unit
(GRU) , Transformer, and temporal convolutional network (TCN). The result shows that under the con-
straint of introducing only 10% new data per update,, IE-MAS reduces the LSTM's root mean square error
(RMSE) and mean absolute error (MAE) by approximately 1.7% and 2.5% , respectively, while boos-
ting R* by about 1.9%. In cross-model comparisons, IE-MAS performs on par with—or slightly better
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than—Dbatch training that accumulates all historical data, and cuts per-round training time by roughly

70% on average. This real-time update strategy offers a compelling balance of efficiency and accuracy for

ultra-short-term wind power prediction and other sequential continual learning scenarios.

Key words: wind power generation, power prediction, continual learning, deep neural networks
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Tab. 2 Comparison of evaluation metrics across

iterations for different training strategies
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Fig.5 Curves of evaluation metrics across iterations

for different training strategies
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