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Why parameter space is the wrong learning space

A Gaussian primitive is parameterized as

This space is convenient for rendering, but poorly matched to neural learning:

non-unique: distinct  can induce the same rendered field;
heterogeneous: ;
unstable: small perturbations in parameter space can produce
disproportionate errors.

We formalize the rendered effect of one Gaussian as a single-Gaussian
radiance field

Key point: the map  is not injective.
So parameter regression is fundamentally ambiguous and not suitable for
neural learning. 

Motivation Method

Our representation
 
We represent each Gaussian by a field on its iso-probability surface:

The unified representation is 
This replaces parameter tuples with a geometric-photometric object. Unlike ,

 is constructed to be unique with respect to the underlying Gaussian field.

Encoding & decoding

We discretize  as a colored point cloud and encode it using a
Submanifold Field VAE (SF-VAE):

Encoder: PointNet maps sampled points to a 32-D latent code.
Decoder: reconstructs the field and recovers Gaussian parameters via PCA +
SH fitting.
Loss: Wasserstein-2 based Manifold Distance (M-Dist), aligning spatial and
color similarity, discretized as:

Results
We evaluate on ShapeSplat and Mip-NeRF 360, comparing submanifold fields
with parametric baselines under matched capacity. Key results:

Higher fidelity: SF-VAE achieves PSNR↑63.4 vs 44.7/37.5 for parametric
baselines (ShapeSplat).
Generalization: superior cross-domain transfer (object → scene PSNR↑19.2
vs 9.8 for parametric).
Robustness: embeddings resilient to noise; interpolations smooth and
semantically consistent.
Better latent structure: unsupervised clustering on SF embeddings shows
clearer semantic separation.
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