


Figure 6.3 shows Bootstrap filtering methods are performing better than LSTM
in non-stationary scenarios. With stationarity, on the other hand, LSTM performs
quite well compared to Bootstrap.

Figure 6.3: LSTM predictions plotted against Bootstrap model estimatios.
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6.2 Conclusion

The main conclusion is that LSTM performs well in stationary scenarios, but not
very well in non-stationary scenarios. Compared to the custom-tailored SSM mod-
els the results proved the LSTM model got worse with time. Further work will be
to tune the hyperparameters from Section 4.3.2 in the direction it showed improve-
ment. LSTM might benefit from tuning the parameters upwards in non-stationary
scenarios in order to improve te prediction results where they evidently got worse
with time.

33



34



Bibliography

Abadi, M., Agarwal, A., Barham, P., Brevdo, E., Chen, Z., Citro, C., Corrado,
G. S., Davis, A., Dean, J., Devin, M., Ghemawat, S., Goodfellow, I., Harp, A.,
Irving, G., Isard, M., Jia, Y., Jozefowicz, R., Kaiser, L., Kudlur, M., Levenberg,
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