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Abstract

Existing time series forecasting studies have overlooked the use of categorical variables, failing
to leverage important patterns and information. As a result, they suffer from pattern bias and
overfitting issues. This paper proposes a novel approach to improve time series forecasting
performance by integrating the following two techniques. First, the Feature Tokenizer and Dozer
Attention are utilized to comprehensively process both categorical and continuous variables.
Second, a Variational Auto-Encoder (VAE)-based data augmentation technique is employed to
mitigate pattern bias and overfitting problems. Experimental results demonstrate that the proposed
method outperforms existing models in predictive performance. By incorporating the importance of
categorical variables in time series forecasting and leveraging VAE-augmented data, the proposed

method achieves significant improvements in predictive accuracy.

B keywords : Time Series Forecasting ; Deep Learning ; Transformer ; Time Series Augmentation
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