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How to Model Complex (Non-linear) Systems?
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Various Matrix Factorizations
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Potapczynski et al., Searching for Efficient Linear Layers over a Continuous Space of Structured Matrices, https://arxiv.org/abs/2410.02117
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Scaling Laws on CIFAR-100

- Block Tensor Train has the best scaling

- BTT > Monarch > Dense > Low-Rank > TT = Kron
- Works not only for MLPs, but also ViTs

- Ranking of methods is also similar
- Test / train gap

- Similar to existing studies
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Backprop and Kronecker products
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There have been hundreds of optimizer papers published. But the SOTA
has only improved a few times. Therefore we can conclude that almost
all optimizer papers are fake.

If you're gonna write another fake optimizer paper, please don't cite
Muon. | don't want your citation
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Using the Matrix for things other than optimization

Quantization
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Inverse Layer Hessian
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Published as a conference paper at ICLR 2023
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Summary

- Various matrix structures are used in Al

- Matrix structures in HPC do not translate directly to Al

- HPC Matrices
- Exploit structure in the underlying 3-D geometry
- Spatial decomposition

- Al Matrices
- Exploit structure between the billions of dimensions
- Backprop naturally contains a Kronecker structure

- Changing the model architecture is often the simplest way to improve Al



