Time Series and Machine Learning Reading Group 2023

Spring/Summer

We will read following references on deep nerual networks theories and nonparamet-

ric/quantile regression:
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We will also read following non-techinical papers on state-of-the-art time series fore-

casting:

References

Grigsby, J., Wang, Z., and Qi, Y. (2021). Long-range transformers for dynamic spatiotem-
poral forecasting. arXiv preprint, arXiv:2109.12218.

Lim, B., Arik, S. O., Loeff, N., and Pfister, T. (2021). Temporal fusion transformers for
interpretable multi-horizon time series forecasting. International Journal of Forecasting,
37, 1748-1764.

Oreshkin, B. N., Carpov, D., Chapados, N., and Bengio, Y. (2019). N-BEATS: Neural basis
expansion analysis for interpretable time series forecasting. In International Conference

on Learning Representations.

Yu, H. F., Rao, N.; and Dhillon, I. S. (2016). Temporal regularized matrix factorization for
high-dimensional time series prediction. In Advances in Neural Information Processing

Systems.

Rangapuram, S. S., Seeger, M. W., Gasthaus, J., Stella, L., Wang, Y., and Januschowski,
T. (2018). Deep state space models for time series forecasting In Advances in Neural

Information Processing Systems.

Menchetti, F., Cipollini, F., and Mealli, F. (2023). Combining counterfactual outcomes and
ARIMA models for policy evaluation. The Econometrics Journal, 26, 1-24.

Hartford, J., Lewis, G., Leyton-Brown, K., and Taddy, M. (2017). Deep IV: A flexible ap-

proach for counterfactual prediction. In International Conference on Machine Learning.



