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Regression problem
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Why sinusoidal INRs?
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Sitzmann, Vincent, et al. "Implicit neural representations with periodic activation functions." Advances in neural information processing systems 33 (2020): 7462-7473.
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Sinusoidal INR’s structure
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Novello, Tiago. "Understanding sinusoidal neural networks." arXiv preprint arXiv:2212.01833 (2022).
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Generated frequencies
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