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» Despite the enormous advancements of previous research, most methods focus mainly on local data.

» When real-world data is polluted, the lack of global information weakens the robustness of predictions.
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» Attention-based Mapper
» Robust Denormalizer

» Adaptive Combiner
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» Attention-based Mapper
Captures the timestamp
dependencies via attention,
creating standard-distribution
initial history and future
mappings.

> Robust Denormalizer

» Adaptive Combiner
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» Attention-based Mapper

» Robust Denormalizer
Inverse normalizes the
initial mappings using
quantile deviation from
historical observations,
mitigating data drift.

» Adaptive Combiner
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» Attention-based Mapper
» Robust Denormalizer

» Adaptive Combiner
Adjusts weights of global
mapping and local
prediction based on the
differences between final
mapping and historical
observations, yielding
final prediction.
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Extensive experiments conducted on
nine real-world datasets demonstrate that
GLAFF significantly enhances the
average performance of widely used

mainstream forecasting models by

12.5%b, surpassing the previous state-

of-the-art method by 5.5%.
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Thanks for you listening!

For further questions welcome to discuss via E-mail
cswang@bupt.edu.cn
or GitHub issues

https://github.com/ForestsKing/GLAFF
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