g3D-LF: Generalizable 3D-Language Feature Fields
for Embodied Tasks

Zero-shot Object Navigation
Object Goal: Bed @

Vision-and-Language Navigation
Instruction: Exit the living room .and go straight into the bedroom'
pass the bed into the bathroom .and turn on the bathtub fauce

Situated Question Answering
Situation: Just looking for some food facing the TV in the living room.

Question: Where nearby.can | sit while watching TV? Oﬂ
Answer: Couch

Depth images

RGB images

\ Image Encoding /

\, Spatial Encoding /

Feature Fields

Ray-View-Panorama
Prediction

/~Rendering

Novel View
Representation

Ray-BEV |

Prediction| N‘ﬂ-

Panorama
Representation

BEV )\:ﬁap‘ Representation

tl'i PR

—

/1
p ¢

What 3D representation model is suitable for Embodied Al?

1) Generalizable to unseen scenes
2) Construct and update representations in real time

3) Open-vocabulary semantic space
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Generalizable Feature/Semantic Fields maybe a possible way,

but previous works...
1) Always supervised by 2D models (CLIP, DINOv2) lacks 3D spatial understanding

2) Have a substantial gap with open-vocabulary language

3) The large-scale representations, e.g., panorama and BEV map is particularly
challenging for long text understanding

o

In 3D-Language Feature Fields, we...
1) Organize a large-scale 3D-Language dataset for Feature Fields model pre-training

2) Propose a multi-level contrastive learning framework to align the multi-scale
representations with multi-granularity language.

3) Adapt the 3d-language feature fields model to various embodied tasks.



Pre-training data

Instance ID: 349
Object category: bed
Language description: A rustic wooden bed is
dressed with a white striped comforter, on both sides
of this bed are nightstands with lamps.

Instance ID: 132

Object category: dining table

Language description. The dining table is in
the kitchen, close to the refrigerator and sink.

Input should be 2D, simple, easily obtainable

: ‘1{‘- e.g., posed RGB and depth images
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JRELERIIE - e B SRy 4 Object category: potted plant
Language description: A white Sg5 : Language description: The potted
table 'a";lp Sl'ts ‘:‘" thefsude table<ggs plant is placed on the cabinet,
next to the leather sofa.

positioned in front of a painting,
and faces the table and chairs.

S
Supervision should be 3D, fine-grained, multi-level

Instance ID: 45

Object category: TV

Language description: The TV on the wall
is positioned above the fireplace, directly
facing the leather sofa, with windows on
both sides.

1,883 Object categories, 5K+ 3D scenes, 1M+ language descriptions



Framework
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Multi-scale Representation

Render the ray-level representation
Combine the rays into the view
representation

Encode the panorama with multi-views

Encode the top-down rays for large-scale
BEV map

Multi-level Supervision

For rendered rays, contrastive learning
across 1,883 indoor object categories

For novel view-panorama and BEV map,
distill knowledge from 2D model.

For 3D spatial reasoning and long text
understanding of panorama and BEV
map, use fine-grained contrastive
learning



Embodied Tasks

* Monocular Vision-Language Navigation
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* Zero-shot Object Navigation
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pass the bed into the bathroom
Sit Q i
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.and go straight into the bedroom.
.and turn on the bathtub fauce!
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Situation: Just looking for some food facing the TV in the living room.
Question: Where nearbysean, | sit while watching TV? O&Y
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Demo for Object Navigation---find the couch

Failure cause: did_not_fail
couch
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Demo for Object Navigation---find the chair

Failure cause: did_not_fail
chair
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Demo for Vision-and-Language Navigation

Monocular VLN

Go into the room on the left and wait next to

Panorama VLN

Exit the closet. Turn right. Go straight and then when you get to the double doors turn
right. Wait near the sink.




Limitations and future works

* Real-world robot

* Dynamic environments, where objects or people are moving in real time
* More fine-grained and dynamic tasks, e.g., mobile manipulation

e 3D representation model with LLM

* The scale and quality of 3D-language data

* More robust input, e.g., no camera pose



