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Spatiotemporal (ST) Forecasting

Challenge

Multidimensional data: time, location,
features

Approach

Enhance ST Network with xLSTM

Goal
Accurate forecasting of future frames (grids, video-frames, etc).
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Data and Setup: Milan Dataset

▶ Training Data:Milan dataset (70% of data)
▶ 1 million samples with a stride of 6
▶ 40 epochs of training

▶ Testing Data:
▶ 7 million samples from 15% of the data with a

stride of 1
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Data Pre-Processing
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Baseline: Spatiotemporal Network (STN)
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Modernizing the STN

▶ Attention-based fusion layer:
Cross-attention

▶ A better LSTM: the extended LSTM
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A Better LSTM: xLSTM
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xLSTM: Performance on PALOMA
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Evaluation: STN-sLSTM v. STN

Model MAE RMSE R2 Score SSIM

STN 7.3917 16.8849 0.9546 0.9853
STN + Cross-att. 7.2104 15.5359 0.9616 0.9858
STN-sLSTM-AverageFusion 5.6704 12.3191 0.9758 0.9912

trained for 40 epochs on 1 million data-points with stride=6,
tested on 7 million unseen points (6, 11x11)
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Evaluation on Autoregression: Visualization

Setup: 6 kernel frames in, 6 kernel frames out. I.e., first predicted frame becomes
"new"last frame for the next step.
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Evaluation on Autoregression: Results

Setup: 6 kernel frames in, 6 kernel frames out. I.e., first predicted frame becomes
"new"last frame for the next step.

STN (original paper)

Step MAE RMSE SSIM

1.0 8.92385 33.0079 0.940624
2.0 11.1397 37.4584 0.902465
3.0 12.9716 40.4277 0.878164
4.0 14.4332 44.2043 0.844633
5.0 16.2411 45.4263 0.806056
6.0 17.6542 47.3949 0.765161

STN-sLSTM-AverageFusion

Step MAE RMSE SSIM

1.0 6.44511 23.4955 0.963972
2.0 7.70051 24.6218 0.942716
3.0 8.86864 26.0003 0.937315
4.0 9.79182 29.6569 0.92417
5.0 10.866 32.0609 0.907771
6.0 11.7697 34.5118 0.891746
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Dealing with Unseen Data: Trentino Dataset
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Dealing with Unseen Data: Trentino Dataset

Model (6x11x11 in, 1 out) MAE RMSE R2 Score SSIM

STN 2.6344 7.6370 0.9116 0.9744
STN-sLSTM-AverageFusion 1.6915 5.2119 0.9588 0.9895

STN (Autoregression)

Step MAE RMSE SSIM

1 2.65936 22.9203 0.98781
3 3.63895 28.0328 0.974009
5 4.56257 31.135 0.956859
6 4.89946 32.0503 0.949903

STN-sLSTM-AvgFusion (Autoregression)

Step MAE RMSE SSIM

1 1.79022 18.4738 0.99405
3 2.35933 20.288 0.990245
5 3.00794 21.6852 0.984203
6 3.27395 22.2906 0.981255
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Conclusion

Summary

▶ Improved Performance: STN-sLSTM-AverageFusion achieved better metrics across
all evaluations

▶ Better Long-term Forecasting: In autoregression tasks, the STN-sLSTM showed
lower error accumulation over time

Outlook

▶ More modern (attention-based/SS-based) baselines (e.g., STTRE and Mamba).
▶ Ablation studies.
▶ Integrating the xLSTM into PredRNN++ architecture.
▶ Video-based Forecasting (baselines: ViT, ViM...)
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Now For Your Questions
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