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TL;DR. Applying neural compression to datasets of Implicit Neural Representations
results in modality-agnostic compression methods.

Data- as Model-Compression VC-INR: Variational Compression of INRs

INR (mplicit Neural Representation) represents each data as a neural
network approximating a coordinate-to-signal mapping function

Step 1: Conditioning INRs via subnetwork selection
« Key idea: low-rank soft-gating for sparse network selection
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a) Conventional neural compression

b) Conventional modality-agnostic compression with INRs
c) VC-INR (ours): Combine both strengths
 suggest improved conditioning for INRs

 suggest improved compression for INRs
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Modality-Agnostic Variational Compression of Implicit Neural Representations
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Experimental Results

Effectiveness of the advanced conditioning
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Data compression results: VC-INR outperforms
 a) prior INR-based compression schemes
« b) modality specific-codecs, e.qg., JPEG 2000, HEVC/AVC, MP3
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