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Finding materials through inverse design
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Predicted 
functionality

Inorganic crystalline materials
Quantum chemistry 

(DFT)

Generative AI may help us solve the inverse problem

Given a desired functionality:
propose hypothetical materials



Many genAI models out there! We tested four
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CDVAE

FTCP

MatterGen

CrystaLLM

Park, Li, and Walsh, Matter, 2024.
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Many genAI models out there! We tested four

CDVAE

FTCP

MatterGen

CrystaLLM

Park, Li, and Walsh, Matter, 2024.

Can we actually make the materials 
proposed by these models?
Or does the AI hallucinate?



We can assess thermodynamic stability

Example:
Co2O3 → Co3O4 + CoO2

TiO2

∆𝑬𝐝 is the decomposition energy, which we can get 
from density functional theory (DFT) calculations
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Ground states 
from online 
datasets

Smaller ∆𝑬𝐝 → better chance of synthesis



MatGen-Baselines

Compare to ground statesGenerate new* materials Calculate energy with DFT

~200k compounds

A good model will 
produce a distribution 

like this

A bad model will 
produce a distribution 

like this

𝚫𝑬𝐝 provides “sanity check” for GenAI

500 per model, *not in MP
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GenAI-predicted materials have limited stability
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Is this a “good” success rate? 

Δ𝐸d
avg

= 442 meV

Δ𝐸d
avg

= 205 meV Δ𝐸d
avg

= 188 meV

Δ𝐸d
avg

= 207 meV

2%

2%

2%

3%

Stable

500 DFT calculations → 
10-15 new stable materials
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Ion substitution provides a baseline
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gab → 1

“DMSP”

New materials are often designed through analogy to known materials

e.g., MgTi2S4 → MgCr2S4

gab → 0

G. Hautier et al., Inorganic Chemistry, 2010.



The baseline outperforms genAI on stability 

Choose known materials that are stable

Then perform data-driven ion exchange

9%

3%

e.g., Cr3+ for Ti3+

New materials are often designed through analogy to known materials

e.g., MgTi2S4 → MgCr2S4

Δ𝐸d
avg

= 85 meV

Δ𝐸d
avg

= 188 meV
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But there is room for genAI optimism

45k training 
examples

600k training 
examples

3%

5%

(MP-20)

Δ𝐸d
avg

= 188 meV

Δ𝐸d
avg

= 97 meV

+
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GenAI can also “think outside the box”
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9%

5%
Δ𝐸d

avg
= 97 meV

Δ𝐸d
avg

= 85 meV

Ion exchange is a 
template-based method; 
it will only generate 
known structures

GenAI is not restricted to 
known templates; it can 
generate new prototypes



GenAI can also “think outside the box”
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5%
Δ𝐸d

avg
= 97 meV

GenAI is not restricted to 
known templates; it can 
generate new prototypes

36/500 
structures 
cannot be 
mapped to a 
known 
prototype

AlCr10P6C

Ba2Tm4TiO10Cl

Ba2Cd5As6

TiCrFeCo4CuCSeS5



GenAI can also “think outside the box”
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5%
Δ𝐸d

avg
= 97 meV

GenAI is not restricted to 
known templates; it can 
generate new prototypes

36/500 
structures 
cannot be 
mapped to a 
known 
prototype

Unfortunately, none of the new 
structures from GenAI are 
thermodynamically stable



These is a strict tradeoff: stability vs. novelty
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Thermodynamic stability Structural novelty

Template-based methods 
(ion substitution) yield 
more ground states

GenAI can generate 
entirely new structures 

but they lack stability



Can we reach a balance with MLIPs?
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Materials generation DFT calculations

Can take hours-to-days 
for each material

MLIPs

Once trained, models 
make predictions in a 
matter of seconds

Is it stable?

UMA



CHGNet filtering → higher stability rates
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DFT calculations were performed only on structures predicted stable by CHGNet

DFT-confirmed 
stability rates 
up to 22%

Yet still…
None of the 
new prototypes 
are stable

B. Deng et al., Nat. Mach. Intell. (2023).



Future directions:

1. Better universal MLIPs

2. Active learning

Need better predictions on out-of-distribution structures 

16/16

MLIP errors are largest on the 
models with higher novelty 
rates (CDVAE and MatterGen)

UMA

Generate new 
structures

Fine-tune 
MLIP

GRACE



Jiahan Xu and Shengze 
Wang at UCLA

Chris Bartel at the 
University of Minnesota

NRT-HDR-2345719

Paper: Szymanski & Bartel, 
Materials Horizons 12 (2025).
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