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o Rapid Progress & Challenges in Generative Al
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* Generative Al is rapidly advancing in text, image, and 3D generation

Research 3D
group representation

Model name Release date Model architecture Data set

. . Transformer-based ShapeNet (3D) ,
Shap-E May 2023 OpenAl Implicit function diffusion model WeblmageText (2D)

. . Transformer-based ShapeNet (3D) ,
Point-E =~ December 2022 OpenAl 3D point cloud diffusion model WeblmageText (2D)

Magic3D November 2022 NVIDIA 3D mesh NeRF, diffusion model COCO (2D) ,
ImageNet (2D)

Gacc):gée, Implicit function NeRF, diffusion model COCO (2D) ,

DreamFusion September 2022 ImageNet (2D)

Number of
3D data

Several
millions

Several
millions

None

None

Magic3D
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@ryan_rossmango

* Neural CAD (Text-to-CAD) / Al-Agent- i A
Based CADAERE L, [CADDHR% %5 S, BSOS L.
< J : (\_’_ E 'fZIS cj: E Ej.]/ﬂ: T\\ % O 0 % %) . HRIZDHSBMN TS —9 5. BEECFEATCFDTIRND. 9T

CARLRABIROBRD [7—F« IT7 I R3S ] EBABMULLIRRD

A AaronLio @ s - RSB 7=,
O EFeR FTAUw MHXDw b EBIZEBD. Al CADIE GBEAFRDEIT—
claude fable 5 has solved CAD A ELUMDAHEF OB CEDIE,. HATIS—0FEEMNEINCENS

RUVIRD, RIS RVNETFETS) . TLWENEEEUED TR
WEULWL A D0 EZOAEDILE.

It came back to me with a fully working model in under 10 minutes COEERR=ZIHE: iy A

| asked it to make a model of a V8 engine

- adam &2 @adamdotnew - 985H
GPT-6 Astra is the new SOTA in agentic CAD.

A true step change in what Al can do in mechanical design

<& Pope = ADAM | AURORA TF-01 » Cutaway Turbofan ’
- ™ U

DO IR SRR Tl TR

https://x.com/aaronli/status/2064876123109089742
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 Limitations of current 3D Generative Al in Engineering
—Lack of Physics-Awareness

Primarily trained on 2D image datasets, ignoring physical laws
iIn 3D geometries.

—Shortage of Datasets

Extreme shortage of paired datasets containing both 3D
geometries and their physical properties.

—Ambiguity of "Text-to-3D*
Relying on natural language (text prompts) is inherently
ambiguous and unsuitable for rigorous engineering design.

Rapid Progress & Challenges in Generative Al
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» Concept

—Generating 3D geometries directly from mechanical
performance requirements.

Objective: A Novel "Parameter-to-3D" Approach

* Proposed Model

—Developing a 3D generative model capable of accurately
encoding physical quantities for structural design.
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 Memory-efficient

3D Data Representation Using Neural Fields

* Flexibility in 3D representation
—Capable of representing arbitrary resolutions and topologies
—The precision of representable 3D information « Representation
capacity of the neural network = Number of parameters

« Scaling laws may hold for 3D generative models as well as LLM

https://arxiv.org/pdf/1812.03828

Vr"q el
i

Voxel Pointclouds mesh Neural Field 8/25
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D S D F Jeong Joon Park, Peter Florence, Julian Straub, Richard Newcombe, Steven
NAC oA UNIVERSITY ee p Lovegrove; Proceedings of the IEEE/CVF Conference on Computer Vision and
p om Pattern Recognition (CVPR), 2019, pp. 165-174

e RCCS

* Deep learning-based implicit representation method for 3D

shapes using Signed Distance Functions (SDF).

—Represent a 3D shape as a vector using the coordinates of sample

points and SDF values.

Sampling Surface

..N:.'.. point No. SDF

W ® o\ SDF>0

A. oy - [1 +2.0

Py oD :‘° X -‘ - [2 10

| [3 +1.5
[4 +2.0

Coordinates of
sample point

x1
X2
x3
x4

yl z1]

z2]
y3 z3]
z4]
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* The core technologies of this generative model are currently protected by
multiple pending PCT applications by Nagoya University.

Improves 3D
representation
accuracy

Integrates
7 mechanical
parameters

Facilitates
3 generative
tasks

Enhances 3D

4 shape
consistency

Network
Architecture
Modification

Latent Vector

Regularization

Lipschitz
Regularization
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wonsr Parameter-to-3D Task (Aircraft Engine Mounting Bracket)

R cm

we RCCS * Generates 3D shapes instantly from target performance metrics and runs smoothly on a consumer-
grade RTX 4000-series GPU.

« Capable of learning from limited datasets of around 50 samples.

« Multi-fidelity Simulation-in-the loop process assisted by Al agent
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« How can we build shared & non-confidential benchmark
problems for physics-aware 3D generative Al?

Open Questions

* How should we define mechanical validity for generated
designs?

* How do we integrate foundation models (LLM), simulation,
and engineering workflows?
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