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Sampling Point Optimization and Coarse-to-fine for Neural Radiance Fields
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Algorithm 1 Training

Require: Training dataset 9, number of sampling points Ny
Ensure: Trained architecture G, F' (“'), and F)
1: Train sampling module G and coarse NeRF module F(¢) with
N, /2 sampling points.
2: Add fine NeRF module F) to the network.
3: Train G, F(¢), and F) with N sampling points.
4: return G, F© , and F).
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