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Neural Implicit Functions
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Neural Implicit Functions
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Our Setting
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ReLU MLPs



ReLU MLPs
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On the Spectral Bias of Neural Networks, Rahman et al. 2019



Positional Encodings
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NeRF: Representing Scenes as Neural Radiance Fields for View Synthesis, Mildenhall et al. 2020
Implicit Neural Representations with Periodic Activation Functions, Sitzmann et al. 2020
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Positional Encoding
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Positional Encoding
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Fourier Features Let Networks Learn High Frequency Functions in Low Dimensional Domains, Tancik et al. 2020



Positional Encodings
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What’s the problem here




ReLU MLP vs. Positional Encoding
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SAPE: The Best of Both Worlds
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SAPE

OIOXOJORE

////z,///x@, NN\ 2/
WNWIRKN X/ |




Progressive Encoding
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Progressive Encoding
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Progressive Encoding
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Progressive Encoding
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Spatially Adaptive

fmax

Maximal Frequency fmin
Used Per Spatial
Location (t)

SAPE Output (t)



Spatially Adaptive
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Spatially Adaptive
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Spatially Adaptive

Figure 10: Non-spatial (left) vs. spatial encoding
(middle). SAPE fit high frequencies while main-

taining a smooth background using a different spa-
tial encoding (right).



Adaptive Grid




Adaptive Grid

a. forward masking
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Adaptive Grid
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Results



obustness to the Frequency Range
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Robustness to the Frequency Range

PSNR

34 -
|
12 | i |
i L 3
0 4 . T
4
I 4 f l
26
' SAPE + FF
24 FF
SAPE + PRBF
224 PRBF
0 10 20 a0 m 50

Standard deviation of the frequencies




Robustness to Sample Size
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Robustness to Sample Rate
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Results: 3D Occupancy
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Results: 3D Occupancy
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Results: 2D Silhouettes Deformation




Results: 2D Silhouettes Deformation
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Results: 2D Silhouettes Deformation
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Thank you! ©

Visit our project page: amirhertz.github.io/sape




