Two-Stage Framework for Seasonal Time Series Forecast
Qingyang Xu'?, Qingsong Wen?3, Liang Sun3

IMIT Operations Research Center, ?MIT Laboratory for Financial Engineering
3Machine Intelligence Technology, DAMO Academy, Alibaba Group

Alibaba DAMO Academy

Poster 2888 @ ICASSP 2021

Two-stage Improves Baseline Models
We enhance the best baseline (BL) model
with an additional Stage 1 model and
improve its performance across different
forecast horizon lengths h (Table 2).

1 Model | MAPE | MAPESS | RMSPE |RMISPE-S5 | RVISE | RMSE-95 |_MAE | MAESS.

Introduction
Forecasting univariate time series (TS)
with seasonality has important real-world 15
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applications, such as proactive auto-
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scaling of computing resources [1].
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univariate time series forecast: The M4 Competition Hourly dataset consists H BL 1511 0.405 11.833 0.651 0349 0.273  0.251 0.214
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* Modeling univariate TS is a “small
data” problem and the encoder
network in SSL is very likely to overfit.

* Random masking in pre-training does
not utilize seasonality property.

of 414 seasonal TS, each having between 700
to 960 points. We split each TS into two halves
and use the first half for training and second
for evaluation.

Table 2. Including Stage 1 improves baseline models.

Optimize Future Horizon Length H™
A larger H incorporates more long-range
TS structure but is also harder to predict.
For forecast horizon h = 12, the optimal
performance is achieved for H* = 12.

The two-stage model outperforms all baseline
models in predicting the forecast horizon of
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length h = 12 (Table 1). We use “MLP+MAR”
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