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Time series forecasting

• Energy load forecasting
• Stock price forecasting
• Macroeconomics
• Load decomposition
• Human speech
• …… 

Different applications of time series forecasting
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Benchmarking  models and our models
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● Simple baselines: Support vector machine, gradient boosting machine
● Deep net baselines: N-BEATS
● AutoML baselines: Auto-Keras, vanilla auto-sklearn
● Our newly proposed methods: auto-sklearn with automated window size selection, 

auto-sklearn with tsfresh features, auto-sklearn with automated window size 
selection and tsfresh features
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Recursive VS direct forecasting
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● Recursive forecasting

● Direct forecasting
Multiple models can be used to
forecast the different time steps 
or use one multi-output model.
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Auto-Keras, N-BEATS, and auto-sklearn
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● Auto-Keras

● N-BEATS

● auto-sklearn
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Our methods
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Datasets
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10 Synthetic datasets: 
Flow (Driven pendulum with dissipation, Duffing-van der Pol Oscillator, Driven van 
der Pol oscillator, Duffing two-well oscillator, Diffusionless Lorenz Attractor)
Stochastic Process (Autoregressive with noise, Correlated noise,  Moving average 
process, Nonstationary autoregressive, Random walk)

 10 Real world datasets: 
 Audio (animal sounds, human speech, music)
 Ecology (Zooplankton growth)
 Economics (Macroeconomics, Microeconomics)
 Finance (Crude oil prices, Exchange rate, Gas prices)
 Medical (Electrocardiography ECG)
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Datasets
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Research questions

● How do recursive and multi-output techniques compare in terms of accuracy?
● To what extent can AutoML techniques (Auto-Keras, auto-sklearn, and our variants) 

beat the traditional baselines (GBM, SVM)?
● To what extent can AutoML techniques beat N-BEATS?
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Results
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Recursive VS multi-output forecasting
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How do recursive and multi-output techniques compare in terms of accuracy?

we generally observe that GBM-multioutput performs better than GBM-recursive on 12 
out of 20 data sets, while SVM-multioutput outperforms SVM-recursive on 17 out of 20 
data sets in terms of RMSE. 
As we have observed that multi-output models tend to perform better.
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AutoML techniques VS traditional baselines
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To what extent can AutoML techniques (Auto-Keras, auto-sklearn, and our variants) 
beat the traditional baselines (GBM, SVM)?

Auto-Keras beats all the traditional ML baseline models (GBM-recursive, 
GBM-multioutput, SVM-recursive, and SVM-multioutput) on 4 out of 20 data sets. 
Vanilla auto-sklearn outperforms all the traditional ML baselines on 8 out of 20 data 
sets. 
Our three variants show lower error than all the traditional ML baselines on 10, 5, and 5  
out of 20 data sets, respectively. 
The best AutoML (W) outperfoms the best traditional ML baseline (SVM-multioutput) 
on 14 out of 20 data sets.
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AutoML VS N-BEATS
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To what extent can AutoML techniques beat N-BEATS?

The best AutoML (W) outperforms N-BEATS on 14 out of 20 data sets.
Auto-Keras, VA, T, and WT beat N-BEATS on 5, 12, 11, and 10 out of 20 data sets, 
respectively. 
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Conclusions

AutoML can achieve significantly higher accuracy than the traditional ML baselines on 
14 out of 20 data sets in terms of RMSE.
AutoML TS variants beat N-BEATS on 14 out of 20 data sets. 
The multi-output technique tends to perform better with the same budget than the 
recursive technique in the multi-step TS forecasting tasks.

Other tasks involving time-series data, such as time-series classification.
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