Text and 3D Representation
Learning



Overview

Learning text and image representations
Extending to text and 3D

Efficient text and 3D

Applications
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Preliminary (CLIP)
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Circular glass coffee table with two @
sets of wooden legs that clasp over
the round glass edge.

A brown wooden moon shaped
table with three decorative legs

with a wooden vine shaped
decoration base connecting the legs.

Wooden half round table.

Dark brown wooden chair with
adjustable back rest and gold
printed upholestry.

Wooden recliner chair with
patterned fabric.

Have a bunch of images as
well as captions from the
Internet

How to learn a model to align
embeddings for images and
text?



Preliminary (CLIP)
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CLIP (Radford et al. 2021) ViT (Dosovitskiy et al. 2021)



Preliminary (CLIP)
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CLIP (Radford et al. 2021)
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Preliminary (CLIP

Can perform zero-shot inference using text.

P o A photo of |
y

a {object}.

(3) Use for zero-shot prediction

Image
Encoder

Text
Encoder
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Y
A photo of
a dog.

CLIP (Radford et al. 2021)
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Extend to 3D and Text?

Point Cloud Voxel Primitives




Extend to 3D and text?

A mental cradle chair ...
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Text
Encoder

OpenShape / Uni3D

- Contrastive Loss -

Pretrained CLIP Models
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(a) Ensemble Datasets (b) Text Filtering & Enrichment

OpenShape (Liu et al. 2023)



More Efficient Training?

1. Point clouds are harder to acquire for real world objects
2. Domain gap between images and point clouds

Use multi-view images instead!

1~*M Frames



DuoduoCLIP
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DuoduoCLIP

Better generalization on unseen shapes!

Ensembled (no LVIS)
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Applications (Digital Twin)

i Synthetic Image (a) [ Real-world Image (b)

\

i Text2Scene (c)

Gaming room setup: L-
shaped gaming desk with
triple monitors, racing-style
chair, entertainment unit
with console collection, bean
bag lounger, floating shelves
displaying collectibles

Diorama (Wu et al. 2025)



Applications (Digital Twin)

RGB Image

~ Open-world Perception :

LMM-powered Scene

oS .
83%3 Open-world Segmentation Graph Generation

. Captions: {
chair: ...
desk: ...
computer: ... ==
keyboard: ...

}

Depth & Normal Estimation T

Planar Architecture
Reconstruction

qCAD-based Scene Modeling }
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Multimodal 3D Shape Retrieval

Text query:
Ergonomic office chair
with a curved backrest

4

Image query:

Zero-shot Object
Pose Estimation

cg’“‘, Scene
&8” Optimization

Orientation
Placement
Space

Refinement

Diorama (Wu et al. 2025)

Output

Scene Arrangements



Applications (Dataset Filtering)
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NuiScene (Lee et al. 2025)



Applications (Dataset Filtering)

NuiScene (Lee et al. 2025)



Check out the projects!
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DuoduoCLIP Diorama = NuiScene
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