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Topology optimization (TO)
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Eliminatingu u = K~ '(x) f

SOTA of TO : lack of feasibility & generalizability
But in multi-material design
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Neural TO with principled constrained optimization

ming ,, c¢(x) = u'K(x)u
st. K(x)u=f; V(e)<Vy; z0(1—2)=0

+ Spatial smoothing via reparametrization & = gg(Z)
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Finally: Solved by principled solvers for deep learning with constraints



Result: TO with no-design region
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Deep learning with nontrivial hard constraints

Material Science Robustness evaluation

£, max ((y, fo(z'))

Polymorph

stability s;it. ® e Ale) ={a € [0,1]" : d(z, ') = ¢}
g min  d(z,z') s.t. max f5(z') > 2 (x’

,,,,,,, T i dwa) st f3(a) > fY(a)
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NCVX: A principled solver for constrained DL

OPYGRANSO  Home https://ncvx.org/

NCVX PyGRANSO

Documentation
Search the docs ... \ N ‘ VX

Introduction
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xXER™

- First general-purpose solver for hard-constrained deep learning problems
- Recently updated to be compatible with PyTorch 2.8



https://ncvx.org/

Generative models for inverse modeling

(inverse problems, reconstruction, data assimilation, inverse design/control, conditional generation, )

Giveny = f(x), recover @

ming £(y, f(x)) + Q(x)

MRI reconstruction

x-ray pinhole
source aperture

Challenges:
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- Linear vs. nonlinear f

- Unconstrained vs. constrained
(eg.PDE(x,y)=0)

- Explicit vs. implicit f
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Coherent diffraction imaging Inverse shape control



A plug-in principle for leveraging pretrained deep generative models to solve IM

object-only datasets {@; };=1 ... N DMPIug: A Plug-in Method for Solving Inverse Problems with
Diffusion Models

Distribution learning Via Hengkang Wang, Xu Zhang, Taihui Li, Yuxiang Wan, Tiancong Chen, Ju Sun

deep generative models , _ ] ] _
NeurlPS24; with domain-specific priors

Fixed forward diffusion process

Saving Foundation Flow-Matching Priors for
“*= Inverse Problems

ConeraliveTEvereeR nplsiTprocrs Yuxiang Wan, Ryan Devera, Wenjie Zhang, Ju Sun

Go ICML26; with foundation priors (e.g., stable

Plug in pretrained deep diffusion models)

generative priors _ _
Challenge: Foundation generative models are

powerful because they're not specific

minz E(Z) = é(y* Ao go(Z)) +Qo ge(Z)




