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Introduction

Cross-domain generalization 1s very important in Time Series Forecasting because

Aurora Architecture
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Experiments
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Modality-Guided Self-Attention Mechanism
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(a) Mean MASE results. (b) Mean msMAPE results.

Figure 4 MASE and msMAPE results on TFB-univariate datasets.

probabilistic, thus demonstrating a strong out-of-the-box tool of decision intelligence. which provides an intuitive guidance in generation process.



