Groupe de lecture :

Multiplicative Filter Networks

Buonomo Camille,
4/12/2024,



1. Implicit neural representations

Représentation discrete
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2.Initial limitations
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[Rahaman et al, On the Spectral Bias of Neural Networks, 2019]

---Ground Truth
---Model

— Achitectures usuelles biaisées vers les basses fréquences
— Reste a apprendre : les hautes fréequences



3. Positional encoding

Y(v) = [a1 cos(27bi v), a1 sin(27b{ v), . .., @y, cos(27b., V), am, sin(27b,, V)| B
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(x) = 1 | cos(2'7x;) sin(2%7x;) cos(2tmx;) sin(2bmx;)
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3. Positional encoding - limitations

Ground Truth ReLLU Tanh ReL.U P.E. RBF-ReLLU

[Sitzmann et al, Implicit Neural Representations with Periodic Activation Functions,2020]



4. Periodic Activation Functions - SIREN

a(X) = sin(w)

Ground Truth RelLU Tanh RelLU PE.

RBF-RelLU
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5. Multiplicative Filter Network - Architecture

Traditional NN : »(1) — o
LD — 4 (W“)z“) + b“)) =1, k—1
fz) = Wk 2R 1 plk)

MFN : D=y (x; 9<1>)
2D — (W(”z(i) + b(i)) og (:E; 9(i+1)> L i=1...,8—1

F(z) = WE 58) L ph)



5. Multiplicative Filter Network — Choix de g

g(ac; 9(@) = Sin(w(i);{: + gﬁ(i)) —» FourrierNet

(0@ — T I 1) (3)
9;(2;0'") = exp 5 ||T M|, | s (w; T+ ;7 )] —— GaborNet

Pourquoi ?



5. Multiplicative Filter Network — Choix de g

Propriété voulu : Somme multiplicative
N
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sinus: sin(a)sin(b)=

Gabor : sin(a)ecsin(b)ed:

a(x—b)-c(x—d)=ac 2




5. Multiplicative Filter Network — Representation

Hypothese : 2\ " = Z od gz )

Récurence : =" =
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5. Multiplicative Filter Network — Representation

T
filz) = Z o g(x; ’Tj(t)) + c.
t=1

— Approximation de la décomposition de
Fourier/en ondeletttes de la fonction.

Intérét: T = O(21)
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5. Multiplicative Filter Network — Benchmark

Ground Truth FourierNet Siren GaborNet

Gradient

Laplacian
71

Image reconstruction
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5. Multiplicative Filter Network — Benchmark

Ground Truth FourierNet Siren GaborNet

Magnitude

Angle
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5. Multiplicative Filter Network — Benchmark

SDF Fitting Loss Over Time
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5. Multiplicative Filter Network — Benchmark

Video Representation, MSE Loss Over Time
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