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Overview

Our framework:
• Performs tasks on NeRFs parameterized by diverse architectures by processing their weights
• Leverages a contrastive learning objective to create a latent space where NeRFs with similar   
   content are close to each other, regardless of their architecture
• Is the first to tackle downstream tasks on NeRFs parameterized by multi-resolution hash tables
• Can process unseen NeRF architectures and generalize to NeRFs trained on unseen data
• Achieves comparable or superior results to previous methods operating on single                         
  architectures

NeRFs Graphs

Code & Data

Classification

Latent Space

Retrieval

Training

Language Tasks
Brief captioning Detailed captioning Single-round Q&A

[1] Lim et al., Graph Metanetworks for Processing Diverse Neural Architectures, ICLR 2024    [2] Zama Ramirez et al., Deep Learning on Object-centric 3D Neural Fields, TPAMI 2024    [3] Cardace et al., Neural Processing of Tri-Plane Hybrid Neural Fields, ICLR 2024    [4] Amaduzzi et al., LLaNA: Large Language and NeRF Assistant, NeurIPS 2024

[1] [1]

[2] [2]

[2]

[2]

[2]

[2]

[2]

[2]

[2] [2]

[3] [3]

[3]

[3]

[3]

[3]

[3]

[3]

[3] [3]

[4] [4]

[4] [4] [4]

[4]


