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TL;DR. We propose an efficient meta-learning framework for scalable neural fields learning that involves online data pruning of the context set

We propose Gradient Norm-based Context Pruning

1. Online context pruning

→ This score can be calculated with only a single forward pass

2. Bootstrapped correction
• Generate bootstrapped target model with the full context set
• Minimize the parameter distance between two models

3. Gradient re-scaling
• For meta-testing, we can use first-order gradients for adaptation
• The gradient step size deviates a lot from meta-train and test

Neural Fields (NFs) represent each data as a neural network 
approximating a coordinate-to-signal mapping function.

NF has the potential to be a popular form of data representation
by showing versatile usage such as compression, generation, 
classification, and unseen view synthesis.

Challenges when learning NFs on large-scale datasets
• Training time inefficiency
• Memory inefficiency
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Meta-learning: Time efficiency

Meta-learning is a popular way to fasten the training of NFs
• Find 𝜃! such that few-step gradients can fit the signal 

(optimization-base meta-learning; used for versatile applications)
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x: coordinate
y: signal value
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memory scales linearly with the number of context set

Image with resolution 224 × 224? 
Context set size of 50,176
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𝜙 . : penultimate feature
𝑓 . : network output
𝑘: inner adaptation step
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Re-scale the step size

Scale-factor
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Efficiency of GradNCP

Effectiveness of Bootstrapped correction

GradNCP achieves the state-of-the-art performance
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Zoomed in
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