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« Structure information in the latent vectors can affect their usage for drag prediction.
 Alternative ways, such as 3DPG vectors Reviewed articles

Major Activity 3: A Predictive and Generative Design Approach for 3D Mesh Shapes
Using Target-Embedding Variational Autoencoder (TEVAE)

Stage 1 — Gk y B

y Predictive / ) m /—_5 i

720 Network _ | P :
€ENO.)  Dec g A

( ) 'ﬁ;redicted 3D @ @ @ > " é « B
Mesh Shape P e | = .

H2
o _ — -7\
FS ‘_f__:'_ ' =l ’ ||rjr
| Eﬂfz(') ‘Y
Target Shape Reconstruction /]

2D sketch N
Prototyping

of

-~
' Inference

(Authentic Ency () . .
Predicting the 3D model that can be printed from 2D sketches drawn by a user

Model) Euclidean Loss ’
i‘uz é _ Random generation ConCIUSIOn
2D Sketch

= Extrusion 3D . User preferences can be input through
Mesh Shape simple silhouette contour sketches

* The generated shapes are in mesh
suitable for downstream evaluation or
prototyping using 3D printing

—
Stage 2 Generative
Source Shape

, Newes
| eeN(0,I)
g
(Extrusion Model) I ®
Nolization [ (DPoolng Enc,() @ I Dec() Publications
B Graph " ‘Ianh W Reshape I

B Feature
Convolution B Fully Connected

« X.Li, C. Xie, Z. Sha, “A Predictive and Generative Design Approach for 3D Mesh Shapes Using Target-Embedding

o Variational Autoencoder®, Journal of Mechanical Design.

Training module: E2D network based on Application module:  X.Li, Y. Wang, Z. Sha, “Deep Learning of Cross-Modal Tasks for Conceptual Design of Engineered Products: A

prediction network and generative network Review,” ASME 2022 International Design Engineering Technical Conferences & Computers and Information in
Engineering Conference, St. Louis, Missouri, Aug. 14-17, 2022.

« X. Li, M. H. Goldstein, O. Demirel, Z. Sha “Exploring Generative Design Thinking for Engineering Design and Design

Education,” 2021 ASEE Midwest Section Conference, Virtually hosted in Fayetteville, AR, Sep. 13-15, 2021.
FUtu re WO rk « M. H. Goldstein, J. Sommer, N. T. Buswell, X. Li, Z. Sha, O. Demirel, “Uncovering Generative Design Rationale in the
Undergraduate Classroom,” 2021 IEEE Frontiers in Education Conference (FIE), Lincoln, Nebraska, Oct. 13-16, 2021.

: : : « J. Clay, X. Li, M. H. Rahman, D. Zabelina, C. Xie, Z. Sha, “Modeling and Profiling Student Designers’ Cognitive
* Develop an interactive user interface for sketch-to-3D Competencies in Computer-Aided Design,” The 23rd International Conference on Engineering Design, August 16-20,
generation by allowing simple sketch input

2021, Gothenburg, Sweden.
. Explore text-related cross-modal desig n methods using « X. Li, C. Xie, Z. Sha, “Part-Aware Product Design Agent Using Deep Generative Network and Local Linear Embedding”,
natural language processing techniques

The 54th Hawaii International Conference on System Science (HICSS), January 5-8, 2021, Kauai, HI.
« CAD data

« Conduct human subject experiments to better understand
human-Al interaction

* Build and disseminate cross-modal design datasets with
engineering performance and manufacturability

Hq

a TEVAE network architecture

Acknowledgment

curve based on FreeCAD Python AP We gratefully acknowledge the financial support from the NSF through the grants
NO. 2207408.

A preliminary user interface using Bezier



