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Background: Spatiotemporal Modeling

• Spatiotemporal modeling
• Simultaneously model spatial correlations and temporal dependencies

Weather ForecastingPDE Simulation
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Background: Convolutional State Space Models

• Convolutional State Space Model (ConvSSM)
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Background: The 1×1 Bottleneck in ConvS5

• ConvS5 (Efficient Implementation)

➔ Parallel scan

[1] Jimmy Smith, Shalini De Mello, Jan Kautz, Scott Linderman, and Wonmin Byeon. Convolutional state space models for long-range spatiotemporal 
modeling. NeurIPS 2023.
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Can we use larger state kernels without breaking 
efficiency?
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Key Idea: Diagonalizable Structuring

Convolution with 3×3 kernels can be expressed as contraction with tridiagonal Toeplitz (TT) tensors.
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Key Idea: Diagonalizable Structuring

A TT matrix has a closed-form eigendecomposition, determined by the lower, diagonal, and upper entities.

For ith eigenvalue/eigenvector:
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Key Idea: Diagonalizable Structuring

Convolution Form Tensor Contraction Form

A ConvSSM with a 3×3 state kernel has a TT state tensor.
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Key Idea: Diagonalizable Structuring

Convolution Form Tensor Contraction Form

We construct the TT state tensor with a diagonalizable matrix R and a proportionality-constrained TT 

(PTT) tensor S.

9



Key Idea: Diagonalizable Structuring

Convolution Form Tensor Contraction Form Diagonalized Form

✓ Parallel scans

Then, the original form can be transformed in to a diagonalized form using eigenvector matrices.
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Algorithmic Flow of ConvT3

The overall computation including the transformation is efficient since the eigenvector matrices are fixed.
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Training Stability of ConvT3

The training stability is ensured by conditioning the state tensor.
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Results (Video Prediction) 
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Results (PDE Simulation)
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Conclusion 

1. We extends the 1×1 state kernel limit by enabling 3×3 state kernels.

2. We preserve both efficiency and stability of ConvSSMs.

3. ConvT3 achieves superior performance in video and PDE tasks.
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