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Hyperpriors exploit spatial redundancy in scalar-quantized
latents, but extending them to unordered VQ indices is
non-trivial. Static frequency tables miss content-dependent
redundancy; rate optimization also requires differentiable
index probabilities.

HyperVQ shifts probability modeling into the continuous
embedding space. Codebook entries act as anchors: a
predicted Gaussian is converted into categorical index
probabilities, enabling spatially adaptive entropy coding
and joint rate–distortion optimization.

Spatial bit usage

Spatial bit-cost maps on Kodim21 at 4× downsampling. The
displayed mean decreases from 0.584 to 0.459 bpp in this
example.

The base VQ codec produces indices. HyperVQ predicts embedding-space distributions; the Probability Estimation Engine
converts them into frequencies for arithmetic coding.

Insight: Codebook geometry turns a continuous hyperprior into content-adaptive probabilities for unordered indices, making the
index-rate objective differentiable.

SQ: scalar-bin integration
Zero-mean scale prior

HyperVQ: anchor normalization
Isotropic model

Generality across VQ codecs

Across 15 configurations, HyperVQ saves 18.5% bitrate on
average relative to theoretical fixed-length coding. Huffman saves
2.54% on the same basis.

Rate–distortion on Kodak

CLIC2020 and DIV2K

Perceptual rate–distortion performance of HVQ-CGIC.
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(µ, σ) = Hs(ẑ); ek is codeword k.


