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Task

Approximating Low-dimensional-but-complex Functions

» Learn a neural representation of low-dimensional-but-complex functions

» Example: Image Representation

Input:

Pixel coordinate (R?) .
(X, y) ‘

Output: .

RGB values (R3) .

(r, g, b)

» Other Examples:

Image Generalization

Poisson Image Reconstruction
from Gradients and Laplacian
Solving Wave Function

Shape Representation

3D Inverse Rendering
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Previous Works
Sinusoidal Activation & Fourier Features

» Standard ReLU networks performs miserably on the task (Sitzmann et.al., 2020)

SIREN (Sitzmann, et.al, 2020) Fourier features network
(Tancik, et.al, 2020)

Random Fourier features transformation

RelLU Sinusoidal
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Previous Works
Sinusoidal Activation & Fourier Features

» Standard ReLU networks performs miserably on the task (Sitzmann et.al., 2020)

SIREN (Sitzmann, et.al, 2020) Fourier features network
(Tancik, et.al, 2020)
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Problem: What is the intuition behind this architecture?

Periodic activations = something akin to a Fourier transform,
Network’s compositional structure = difficult to analyze theoretically
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Our Model
Multiplicative Filter Networks

» Standard Compositional Networks

Recurrence Formulation:

2D =g
L) = 4 (W@z("') + b(i)) i=1,... k-1
Fla) = W L) 4 p(0)

o : non-linear activation function

» Multiplicative Filter Networks (MFNs)

Recurrence Formulation:

2 =g (IB; 9(1))
(+1) _ (W(i)z(i) + b(i)) " (x;g(H—l)) vi=1,...,k—1
f(z) = Wk z(k) 4 pk)

O : elementwise multiplication, g : non-linear function

1) FourierNet: sinusoidal filter
g(z;0") = sin(wWz + 1)

2) GaborNet: Gabor filter
Q) .
N

2 . .
. (2) (4)
2) sin (wj T+ ¢ )
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Theoretical Benefit
Characterization of the entire function of the networks

» Simple characterization of the entire function of a MFN:

a linear combination of (an exponential number of) Fourier or Gabor basis functions on the input.

» Two instantiations of MFNs:

» FourierNet:

fi(x) = Zat sin(wyz + ¢¢) +

» GaborNet:

T
1 . _ — —
- Z Q¢ €Xp (—5%|I$ — ﬁtHQ) sin(wgx + ¢p¢) + b

t=1

for coefficients &y, scales 4.7, means fiy.1, frequencies wy.T, phase offsets ¢1.1, and bias term b.
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Empirical Benefits
Experiments (1)

> Image & V|deo Representation

»_Image Representation, First 1000 Training Iterations

= s /’ Method PSNR (in dB)
| e Image Video
. FF Basic 20.13 24.09 +1.03
£ FF Positional 40.09 27.90+0.99
SIREN 56.54  30.58 + 0.93
. FOURIERNET 43.32 27.93+0.91
---..- —
» Image Generalization
= 3 Method Natural Text
il i“’ i 34“' = FF Basic 2161 £2.62 20.50 +2.13
FF Positional ~ 25.13 +4.01 26.49 + 3.11
FF Gaussian ~ 25.57 +4.18 30.46 + 1.97
ngJgXJUi:Ig Cg vUJgXJU] vUJgXJUi ngJgXJU gVUJgXJU FOURIERNET 26.03 +2.77 31.02 + 2.04
- - GABORNET  26.18 +2.95 31.19 + 2.00
IR IR RSBy IR rIEWER IR
jaRfEoPms o= ] &Rt ahfioms 26
— | I—
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Empirical Benefits
Experiments (2)

» Poisson Image Reconstruction from Gradients » Shape Representation via SDF
SIREN RelLU MLP
I

‘Ground Truth FourierNet Siren GaborNet RelLU

e L

Image

— L‘*‘\\7’
ey

FourierNet GaborNet

Gradient

» 3D Inverse Rendering

FF Basic ‘ FF Positional FF Gaussian FourierNet GaborNet

Ground Truth

Method PSNR

FF Basic 23.37 £0.96
FF Positional  25.76 &= 0.79
FF Gaussian 25.76 +£0.92
FOURIERNET 25.20 +£0.72
GABORNET 25.81 +0.76
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Conclusion

» We introduced the Multiplicative Filter Networks (MFNs)

» Two instantiations:
1) FourierNet : Sinusoidal Filter
2) GaborNet : Gabor Filter

» Avoid composing non-linear function on top of other non-linear functions
» The entire function of the networks

» Simple

» Easy to characterize
» Empirical Performance

» The MFNs perform as well or better than the previous approach

» A standard benchmark for future works

on modeling low-dimensional-but-complex functions
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Thank You



