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- Introduce permutohedral lattice hash encoding suitable for smooth .
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- Tetrahedrons can better approximate non-planar surfaces compared to - Improved separation of diffuse + specular and surface geometry on
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p R Directional - == ' geometric representation while maintaining volumetric rendering
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LI IDE1 - Limitations: 2x steps through network, possible to ablate fine details which
Permutohedral Lattice Reflection [ are better represented volumetrically, slightly reduced rendering quality
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- Future work: we anticipate similar regularisation can be applied to 3DGS/
N Radiant Foam + other scene representations.
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