Physical Property Understanding from Language-Embedded Feature Fields

What is the problem? What has been done earlier?

The problem revolves around estimating the physical a) 3D Scene Reconstruction- Train a neural radiance field
properties of objects (such as mass, friction, and (NeRF) to capture the 3D geometry of the scene.
hardness) using visual information from images. This is b) Vision-Language Feature Fusion- Fuse CLIP

a challenging task because acquiring labeled ground- embeddings (from images) into a 3D point cloud to extract
truth data for physical properties, like the mass or semantic features.

density of an object, can be difficult. C) Language Model-based Material Proposal- Use a large
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What are the remaining challenges?

Lack of Ground-Truth Data- Obtaining labeled ground-truth data for physical properties, such as mass, friction, and density, is difficult.
For example, measuring the mass of a tree or the thermal conductivity of a complex object like a coffee machine is labor-intensive or
impractical.

Complexity of Material Properties- Estimating diverse material properties (e.g., friction, hardness, mass) is complex and often requires
dynamic interactions with the object, which is difficult to achieve using static images alone.

What novel solution proposed by the authors to solve the problem?

® | anguage-Embedded Feature Fields-The authors leverage large language models (LLMs) to reason about material properties from
visual data. They extract vision-language features from images using models like CLIP and fuse these features into a 3D point cloud.

This allows the model to associate visual information with materials and their properties in a zero-shot manner, without the need for
labeled training data.

® Scalable and Generalizable-The proposed method is designed to be generalizable to any object in the open world, as it doesn't

require object-specific training or annotations. It can predict diverse physical properties for objects in various scenes using only
images, making it applicable in real-world scenarios like robotics, urban planning, and agriculture.
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