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Problem Method

Recently, 2D Gaussian-based image representations
have been posed as a promising alternative for
compact image representation [8, 9], enabling flexible, | v
resolution-independent rendering and ultra-fast, GPU- ._ T

friendly inference [2, 3, 8]. p Qj
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Gaussian primitive consists of multiple unconstrained
floating-point parameters, e.g., positions, covariance,
and color. Capturing high-frequency textures requires
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Traditional codecs like JPEG and PNG provide robust

baselines, while deep learning architectures [5] have v
been proposed to further improve the boundary- Results PSNR: 34.04
es of rate-distortion performance. More recently, 1.00 Bpp: 5.97
Gaussian-based image representations have been Y 2 et Sl m r37.5 Primitives: 32K Ours
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To address the storage cost of 2D Gaussian-based 0.95 - ;' ,/' = -
image representations, Gl [8] proposed to use S o / A - 32.9 )
Uniform Quantization (UQ), Vector Quantization (VQ) 0 / A % < A
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For a fixed codebook capacity, narrower parameter Bpp

distributions are likely to achieve better quantization
[1]. Following this principle, we introduce Cluster
Guided Vector Quantization for Gaussian-based
Image Compression(CGVQ). CGVQ applies K-Means
guided clustering to 2D Gaussian primitives before
codebook quantization, followed by codebook-based
encoding and decoding of Gaussian parameters.
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