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Background

🌐 3DGS represents 3D scenes with many :ny 
Gaussian primi:ves, enabling fast, photorealis:c 
rendering of complex environments.

⚠ However, 3DGS oEen contains millions of 
redundant Gaussians, which increase memory usage 
and slow down rendering.

✂One way to address this is through compac:on—
reducing the number of Gaussians while preserving 
visual quality.
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Exis/ng compac/on work

• Pruning based methods: 

• End-to-end compac:on

Compac'ng by removing low-score Gaussian elements o&en leads to 
geometric distor4on.
Examples: Light-GS (Fan et al. 2024), PUP-3DGS (Hanson et al. 2024), 
Tramming-the-fat (Ali et al. 2024)

Directly training a lighter-weight 3DGS model; however, the number of 
Gaussians is typically uncontrollable and coupled to the training pipeline, 
limi4ng generaliza4on.
Examples: 3DGS-MCMC (Kheradmand et al. 2024), LocoGS (Shin et al. 2025)

🛠Pruning may break geometric consistency, 
so we propose a global approach that 
preserves both shape and appearance.



Gaussian Mixture Reduc/on method

Example of GMR. The right one 
has same overall shape as le4, but 

with fewer Gaussians

• We interpret the 3DGS model as a Gaussian Mixture Model:
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The compacted 3DGS model is also a Gaussian mixture:

• Find             such that                       as small as possible 

• Why composite transporta:on divergence?
- Efficient algorithm. By Zhang et al. the op:miza:on procedure mimics a k-means
- New cost func:on.
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GHAP Pipeline
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2. Appearance Optimization. 
After running GMR, fine-tune all features except the Gaussian shape parameters to adapt    
to the updated geometry and enhance visual quality

1. GMR within blocks partitioned by KD-tree.
As global GMR is 1) sensitive to outliers 2) computationally expensive 3) lose fine-grained      
geometric details, we turn to use blockwise GMR



Comparison
3DGSPUP-3DGS GHAP-3DGS (ours)

PSNR: 25.374, SSIM: 0.886, LPIPS: 0.198 PSNR: 27.217, SSIM 0.898, LPIPS 0.211PSNR: 27.614, SSIM: 0.920, LPIPS: 0.155

Visual comparison

GHAP consistently matches or 
surpasses pruning-based and end-
to-end baselines, at a low reten;on 
rate (10%)

GHAP outperforms pruning-based 
approaches across different reten;on 
levels, with faster compac;on and a 
slight increase in memory usage.

GHAP preserves more geometric details.



Conclusion

• We are the first to reinterpret Gaussian primi;ves in 3DGS as components 
of a Gaussian mixture and reformulated 3DGS compac;on as
Gaussian Mixture Reduc;on

• We also develop a block-wise GMR algorithm guided by a KD-tree, 
enabling efficient large-scale scene compac1on.

• Our method is post-hoc and compa1ble with any exis;ng 3DGS pipeline
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