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Implicit Neural Representations 30 L/B
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Latent Variable Implicit Neural Representations 39 (B

Fx, 2o)
N _ I
R

input coordinate .

3
«
I g
Q
'0. *e Q Q
Z vy trunr o
REETTTT L)

latent variable > X
Data point of functional data




Criteria for Strong Performance 3CL/\B

VISION

|.  The network should accurately fit the data instances resulting in high-fidelity
reconstructions.

I. Latent space should be well-behaved, ensuring small changes in the latent space
lead to gradual and predictable changes in output.

=> We propose a balanced regularization method that produces well-
behaved latent space with accurate data fitting.
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Isometric Regularization 3CLAB

VISION

e Scaled Isometrylll: geometry-preserving mapping from latent space to data space
(relative distance, angle)
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[1] Lee et al., Regularized Autoencoders for Isometric Representation Learning, ICLR (2022)
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VISION

e We adopt isometric regularizationl' developed for finite-dimensional data and
extend it to “infinite-dimensional” functional data.
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[1] Lee et al., Regularized Autoencoders for Isometric Representation Learning, ICLR (2022)
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VISION

=» Requires too much computation




Efficient Approximation for Faster Computation 3 L</%B

VISION

e Approximate with Hutchinson trace estimator, no need to compute Jacobian

Algorithm 1: Efficient approximation of

Eq. (9)
Precondition: input concatenation (F : R™T™ — R')
Input: latent codes {zo, ..., ZznN } & input coordinate samples

(=, xOY, L 0 x (03
Output: Relaxed distortion measure G

1 G1,G2+0
2 Augment z with the modified mix-up data-augmentation
3 forall z; in z do
4 X; {xgo),...,ng)}
5 Sample vector v; ~ N (0, Inxm )
6 Expand v; by repeating K times
7 A ing-{Brrrrtir]
8 Compute G = J(x;, z;)v; with Jacobian-vector
product
9 A v A S PR A S S
10 Compute D = GTOF (x;,2;)/d(x, z) with
vector-Jacobian product
1 STICCTIC TUCX 01 1D DY TaKINg UIC 1ast T77-Ur
components
12 g2 — g2 + ]Ez []Ea: [D]T]Ea: [D]]
13 end
14 G+ Gi1/G2

15 return G




Experimental Results

Signed Distance Function (SDFs)



Neural SDFs
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VISION

e Toy example with five circles (r=0.1,...,0.5)
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Neural SDFs 3C LB

VISION

e ShapeNet dataset Lip.: Lipschitz Regularization
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[1] Park et al., DeepSDF: Learning Continuous Signed Distance Functions for Shape Representation, CVPR (2019)

[2] Liu et al., Learning smooth neural functions via lipschitz regularization, ACM SIGGRAPH 2022 Conference Proceedings (2022)




Diverse Application Scenarios 3CL/\B

VISION
e Neural Bidirectional Radiance e Neural Operators
Distribution Functions (BRDFs) Noise Level o
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[1] Liu et al., Learning smooth neural functions via lipschitz regularization, ACM SIGGRAPH 2022 Conference Proceedings (2022)

[2] Lu et al., Learning nonlinear operators via DeepONet based on the universal approximation theorem of operators, Nature machine intelligence (2021)
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