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How to Model Complex (Non-linear) Systems?
Mesh 
Piece-wise linear functions

Particle 
Pair-wise linear functions
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Neural Network 
Composite (mostly) linear functions

@f

@x
=

f2 � f1
�x

<latexit sha1_base64="yFiX2bp46xZIzvyuqwZbb0mYHSw="></latexit>

Ax = b

<latexit sha1_base64="2levXX58rP69P2STUbaQnOoU8Kg="></latexit>

l = � log p

PyTorch
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l = f(g(h(x)))

https://qstatix.co.in/molecular-dynamics-simulations/

https://www.comsol.jp/multiphysics/mesh-refinement

Basic linear algebra 
Clear cut API



Various Matrix Factorizations
<latexit sha1_base64="BXpteDSl1wJ0OMVqYzBRipden7w="></latexit>

Y = WXLinear Layer
Factorize
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Y = ABX

Hadamard Y A B X

Low-Rank Y A B X

Kronecker Y A B X

Monarch Y A B X

Tensor Train Y A B X

Block Tensor Train Y A B X

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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Various Products
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Various Matrix Factorizations
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Y = ABX

Hadamard Y A B X

Low-Rank Y A B X

Kronecker Y A B X

Monarch Y A B X

Y A B X

Block Tensor Train Y A B X

Potapczynski et al., Searching for Efficient Linear Layers over a Continuous Space of Structured Matrices, https://arxiv.org/abs/2410.02117

Tensor Train

https://arxiv.org/abs/2410.02117
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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

Tensor Train

https://arxiv.org/abs/2410.02117


Scaling Laws on CIFAR-100

Potapczynski et al., Searching for Efficient Linear Layers over a Continuous Space of Structured Matrices, https://arxiv.org/abs/2410.02117

・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

https://arxiv.org/abs/2410.02117


Backprop and Kronecker products

Forward propagation

Backward propagation
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Approximation of the Hessian/Fisher Matrix
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Shampoo (2020)
Soap (2023)
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Using the Matrix for things other than optimization
Quantization

Pruning



Summary
・Various matrix structures are used in AI 

・Matrix structures in HPC do not translate directly to AI 

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

・AI 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 AI


