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ABSTRACT

This paper deals with empirical research on if scaling laws of language models are be able to be applied to
state-of-the-art deep learning-based time series forecasting algorithms. Two deep learning-based time series
forecasting algorithms have increased the size of the model by up to 24 times over those created in the
original papers, and empirical analysis shows up to 3.6% better than the state-of-the-art performance of one of
the algorithms. In addition, similar to the results of the scaling law paper on language models, the results of
this paper confirm that model size and data size have a meaningful relationship with the performance of time

series forecasting algorithms.
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64 10 | 320 | 1.00 0.3830.4350.636 |0.813|0.960
128 15 | 640 | 4.02 é 0.3780.431(0.6390.827(0.981
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