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Problem

Hankel matrices appear often in signal processing problems

• Addresses limitations of the discrete Fourier transform

• Hankelized signals can be decomposed to learn underlying
frequencies

We aim to advance the state of the art in Hankel recovery
algorithms

• Learnability

• Scalability
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Progress Update

Figure: Runtime of HSNLD with PyTorch

Given an algorithmic complexity of O((r2n + rn log n) log(1/ε))
tested with r = 10 and ε = 1× 10−14, this graph scales nicely but
shows a high runtime
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Learning: Current Algorithm

Figure: HSNLD Algorithm (Cai et al., 2025)



Learning: Learned RPCA

Figure: LRPCA Algorithm (Cai et al., 2021)



Next Steps & Contributions

Figure: The forward pass in LRPCA’s FRMNN model

Next, I will reimplement the FRMNN model on HSNLD
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Thank You!
Questions?


