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Overview

* Learning text and image representations
* Extending to 3D

* Efficienttextand 3D

* Applications



Align text and image representation (CLIP)

Circular glass coffee table with two @
sets of wooden legs that clasp over
the round glass edge.

1. Have a bunch of images as
well as captions from the
A brown wooden moon shaped Internet

table with three decorative legs

with a wooden vine shaped 2. How to learn a model to
decoration base connecting the legs. 3 llgn embeddi ngs for images
Wooden half round table. and text?

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

Wooden recliner chair with
patterned fabric.




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

Can perform zero-shot inference using text.
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What about 3D?

Similar story

Learn a joint-embedding space
between text and 3D.

“a tall brown table” W
“a brown table with four legs” w

“a gray, cushioned chair” b‘ﬁ

Aligned text-3D embedding

“a brown “a gray,

“a tall Tyo wtab!e with  cushioned

brown oS e four legs” S3 chair”
o

table” n 52 Tyo gﬁ

DTZ




What about 3D?

But, how to represent a 3D object?

/Explicit Representations: \
Voxel Primitives /
/Implicit Representations: \
59 - !
e
Tri-plane NeRF 3DGS




Early workin 2018

“a tall brown table”

“a gray, cushioned

@ @ @

Trained in stages

Metric Learning to align text-
shape in latent space
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Early workin 2018

“a tall brown table” ~ @ @ @
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chair” Encoder
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Trained on 75K natural language descriptions for 15K chair and table shapes.
Data scale is a key limitation.

Text2Shape (Chen et al. 2018)



How to scale up data?

IW 2L oo e

g flltered

verse, ShapeNet onginal __ & GrT4 - ,
8k) 52. 5k) texts ~ texts 5:

, i mage : D !

—> captlons Q.

\ | Caption :

-FUTURE ‘\Eéo 5 | renderings™ ’ @
\ f%:i Image ___ retrleved |

?sem

Retrleval texts

(a) Ensemble Datasets (b) Text Filtering & Enrichment

OpenShape (Liu et al. 2023)



How to scale up data?
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OpenShape (Liu et al. 2023)



How to do better?

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

Use multi-view images instead!

1~*M Frames



DuoduoCLIP
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DuoduoCLIP
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Better generalization on unseen shapes!

DuoduoCLIP
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App!ications (Digital Twin)
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Diorama (Wu et al. 2025)



Applications (Digital Twin)
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Applications (Dataset Filtering)
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Summary

3D with Paired Text (3DPT) 3D with Unpaired Text (3DUT) No 3D data (No3D)
Large vision-
‘ language model
CLIP || DALLE-2
ALIGN || IMAGEN

3D shape corpus Large
text-image corpus

!
Pepper the
aussie pup

Prompt-based optimization of

“a tall brown table”

“a brown table with four
legs”

“a gray, cushioned chair”

W
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