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Neural	Fields
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p Continuous data	representation

Geometry State

Neural Field 𝑓!! Neural Field 𝑓!"
(𝑥, 𝑦) (𝑥, 𝑦)

How	to	represent	multiple	samples?

[1]	Serrano	et	al.,	NeurIPS 2023.	Operator	learning	with	neural	fields.



Neural	Fields
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Geometry State

Neural Field 𝑓!! Neural Field 𝑓!!
(𝑥, 𝑦) (𝑥, 𝑦)

Operator 𝒢

Latent	mapping

p Continuous data	representation

pMulti-sample	representation	via	modulation	latent	codes



How	to	obtain	modulations?
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p Feature-wise	Linear	Modulation	(FiLM)

p Auto-Decoding:	optimize	latent	code	to	minimize	the	reconstruction	loss

[2]	Perez	el al.,	AAAI	2018.	Film:	Visual	reasoning	with	a	general	conditioning	layer.	
[3]	Park	et	al.,	CVPR	2019.	Deepsdf:	Learning	continuous	signed	distance	functions	for	shape	representation.
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Advantages	of	Neural	Fields
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Training:

Testing:

p Reconstruct	data	from	sparse observation

reconstruct	𝑎& at	𝒳*+,,

p Generalize	to	unseen spatial	locations	



𝜂&'( 𝑥 = sin(𝜔)(𝑊&𝜂& 𝑥 + 𝑏& + 𝜑&(𝑥)))𝜂&'( 𝑥 = sin(𝜔)(𝑊&𝜂& 𝑥 + 𝑏& + 𝜑&))

Enhancing	Neural	Fields	with	Spatial	Modulation

p GlobalModulation p SpatialModulation

• All	locations	𝑥 share	the	same	𝜑& • Each	location	𝑥 learns	an	independent	𝜑&(𝑥)

[4]	Lee	el al.,	ICLR	2024.	Coordinate-aware	modulation	for	neural	fields.
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Enhancing	Neural	Fields	with	Spatial	Modulation

p GlobalModulation p SpatialModulation

• Limited	in	capturing	fine	local	details • Struggles	to	reconstruct	global	structure

due	to	overfitting	to	the	training	grids



Represent	Spatial	Modulation	as	Mixtures	of	Grids

p GridMix
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Represent	Spatial	Modulation	as	Mixtures	of	Grids

p GridMix

• Accurately	captures	fine-grained	local	features

p GlobalModulation

p SpatialModulation

• Effectively	reconstructs	global	structure



Key	Insights	Behind	GridMix

p GridMix
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• Preserves	fine-grained	spatial	locality

p SpatialModulation

⊕
𝑁 𝐶



Key	Insights	Behind	GridMix

p GridMix

⊕
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p SpatialModulation

⊕
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• Captures	global	structural	patterns	via	shared	

basis	functions



Key	Insights	Behind	GridMix

p GridMix
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p SpatialModulation
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• Regularizes	the	modulation	space
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p Two-stage	training	strategy

Training

Input Space !

"!

Modulated 
INR !!!
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Output Space .
③ Decoding

② Processing

① Encoding

• Representation:	Encode	data	as	latent	codes
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• Transformation:	Learn	mapping	in	latent	space



p Alternatively	update	neural	fields	parameters	𝜃) and	latent	code	𝑎%

Meta-learning	for	Neural	Fields	and	Modulations

• The	encoding	process	(the	inner	loop)	can	be	done	in	𝐾 = 3 steps	
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Outer	loopInput: 𝑎& ∈ 𝒜, 𝜃*
Inner	loopInit: 𝑧*#

()) = 0

end
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for	𝑘 = 1…𝐾 do



p Simulate	domain	variations in	training	to	improve	generalization		

Spatial	Domain	Augmentation

!!!Modulation "!!
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Outer	loopInput: 𝑎& ∈ 𝒜, 𝜃* ,	𝓧𝒐𝒖𝒕 ⊃ 𝓧𝒕𝒓
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for	𝑘 = 1…𝐾 do



Experiments
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p Dynamics	Modeling	
• Sparse	grid • Temporal	exploration

13× lower



Experiments

21

p Visualization	results	on	Shallow-Water	with 𝜋 = 20% irregular	grid	

!" − $ %&$ − $

Re
fe
re
nc
e

CO
RA
L

O
ur
s



Experiments
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p Geometric	Prediction	

Reference CORAL Ours Reference CORAL Ours

Absolute 
Error

Absolute 
Error

p Visualization	results	on	Elasticity
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Thank	for	your	attention!
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