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What is the implicit neural representation?
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ReLLU Networks




What is the problem with ReLU networks?

Spectral bias
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How to Solve this problem?

e Positional encoding
¥(p) = (Sin(ZUﬂ'p), cos(?”n‘p), SO Sill(QL_lﬂ"p), 005(2[‘_171'])) )

e Fourier Features

(V) = [al cos(2rb]v),ay sin(27b{ v),. .., @y cos(2rbl v), a,, sin(2rbl v)

e Sine activation function

v(v) = sin(WTv + b)
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Our approach

Localization
& (2(r), y(c) = Tlr, (Eq. 1
p={ () 1)} (Eq. 2 Whole Input Space Head Input Space Joint Input Space

Lilrd =T -1)+7N,(k-1)+d (Eq.3

o1k (2(7),9(6)) = Lx[7, ] (Eq. 4




Challenge in our approach

High number of small networks
Difficulty in training the whole structure
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How to solve this Challenge?

e Share network body between small networks
e Consider all heads as a single layer
e Use a sparse layer instead of a dense layer for the heads

O1e(2,9) = Tk(V(Z, 7)) (Eq. 1
1\}11 f\A/,w Hz Hy 2
i D305 (na(060)66)tulvdl)  (Eq. 2
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Results
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Results

Generalization ability

Train with down-sampled image: 256*256
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Results

Comparison

#Parameters :
0.464 million,
o= 64

#Parameters :
1.250 million,
o=256

Groupd Truth

Fourier Feature

#FLOPs : 764.2 Giga

#FLOPs : 242.7 Giga

#FLOPs : 654.0 Giga

Our(Multi-Head)

#FLOPs : 159.7 Mega
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Conclusions

e We proposed a novel structure that tackle spectral bias.

e The proposed structure has a much lower computational cost, as compared to other
methods.

e Due to the shrinking input space with the increasing number of heads, training of the
proposed structure takes less time than the time needed in existing methods.

e Experimental results show that the performance of our model is comparable to that of
state-of-the-art methods.
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