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Implicit neural representation
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Activation function choices: Wavelet implicit neural representation
SIREN sin(woa:) Gaussian e~ (502)° WIRE ejwoxe_’somlz
1 i 1
mVERuEEN
0.5 - 0.57 .
0.5 : 0.5
RIATAARNER :
-1 0 1 1 0 1
T r T




The numerous benefits of WIRE

Higher accuracy Robust image regularization
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Implicit neural representation (INR)
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Neural network function (e.g. | D):
Z%W/Q(T_(Wlu +b1) + ba) + b3

Nonlinear activation function



INR Activation Function
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Effect on Nonlinearity on Image Edges
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Effect of Wavelet Frequency and Width
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WIRE is robust tonoise




WIRE is accurate and trains quickly
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4x Super-Resolution

4x downsampled image




WIRE for Computed Tomographic (CT) Reconstruction

Ground truth image Sinogram with 100 projections



WIRE for Computed Tomographic (CT) Reconstruction

Sinogram with 100 projections Solution with image represented with WIRE



CT Comparison
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WIRE for Neural Radiance Fields

Trained with 25 out of 100 images
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WIRE represents neural radiance fields accurately with
significantly fewer images



WIRE Enables State-of-the-Art Performance
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nonlinearity

Robust to noise Regularizes Inverse problems




