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Recently, 2D Gaussian-based image representations 
have been posed as a promising alternative for 
compact image representation [8, 9], enabling flexible, 
resolution-independent rendering and ultra-fast, GPU-
friendly inference [2, 3, 8].
However, this flexibility incurs a storage cost. Each 2D 
Gaussian primitive consists of multiple unconstrained 
floating-point parameters, e.g., positions, covariance, 
and color. Capturing high-frequency textures requires 
dense splat allocations, bloating the parameter count 
and degrading compression efficiency compared to 
SOTA VAE-based codecs [4, 7]. This limitation 
demands a representation that preserves accurate 
Gaussian reconstruction while constraining parameter 
entropy to improve codebook efficiency.

Traditional codecs like JPEG and PNG provide robust 
baselines, while deep learning architectures [5] have 
been proposed to further improve the boundary-       
es of rate-distortion performance. More recently, 
Gaussian-based image representations have been 
posed as a promising alternative for compact image 
representation [8, 9].

To address the storage cost of 2D Gaussian-based 
image representations, GI [8] proposed to use 
Uniform Quantization (UQ), Vector Quantization (VQ) 
and Residual Vector Quantization (RQ) to compress 
these floating-point attributes into discrete codebooks. 
Yet, forcing a capacity-constrained global codebook to 
map the immense variance of natural image 
parameters inevitably leads to quantization errors and 
visual artifacts.

For a fixed codebook capacity, narrower parameter 
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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• (a) Pipeline Overview

• (b) Per-Cluster Encoding • (c) Per-Cluster Decoding

• (a) Rate-Distortion Performance, Image Source from © Kodak 

• (b) Qualitative comparison, CGVQ preserves finer details compared to GI. Image sourced from © DIV2K 
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