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3D Materials Design forms the Foundation of Modern Technology

❏ Many of the problems 
we are facing today, 
are really 
bottlenecked by 
finding new materials.                    

Image: Tian Xie



Crystal Material

❏ Crystals are represented by a Minimal Unit Cell.                   
❏ Constituent atoms in different coordinates.                 
❏ Repeated infinite times in 3D space on a regular lattice.                
❏ Material structures are periodic in nature.               



Material Representation

=

M = (A,X,L)                A: Atom Types               X: Fractional Coordinates               L: Lattice Structure               

❏ Represent Infinite Periodic Structure as:                 



Material Property Prediction
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Neural Network
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Limitations of Existing Works 

❏ Scarcity of Labeled Data                  
❏ DFT Error Bias               
❏ Lack of Pre-trained Graph Model               
❏ Limited Capture of Global Structural Knowledge               



Diffusion based Pre Training Frameworks

CrysDiff (Song et al., 2024)1 DPF (Shen et al., 2025)2

1Song, Zixing, Ziqiao Meng, and Irwin King. "A diffusion-based pre-training framework for crystal property prediction." Proceedings of the AAAI 
conference on artificial intelligence. Vol. 38. No. 8. 2024.
2Shen, Shuaike, et al. "A denoising pre-training framework for accelerating novel material discovery." Proceedings of the AAAI Conference on Artificial 
Intelligence. Vol. 39. No. 27. 2025.



Diffusion based Pre Training Frameworks

❏ Operates directly on Heterogeneous, High-Dimensional Feature Space                
❏ Different components require Different Diffusion Formulations.            

❏ learned representations are often less expressive and suboptimal.

❏ Complex Denoising Architectures and large numbers of diffusion steps.              

➢ Atom types → Discrete Diffusion (D3PM)              
➢ Fractional coordinates → Score-based Diffusion

➢ Lattice parameters → DDPM



Latent Diffusion based Pre Training Frameworks
❏ Latent diffusion–based pretraining framework 

❏ learn robust and expressive crystal representations from large-scale unlabeled 
structural data 

❏ overcome the scarcity of labeled property data

❏ Perform diffusion in a smooth, lower-dimensional latent space — via a VAE 
encoder.

❏ Richer and more transferable representations than applying diffusion directly in the 
heterogeneous high-dimensional feature space of atom types, coordinates, 
and lattice parameters?

❏ Can the pretrained representations, when finetuned with limited experimental 
data, effectively correct DFT error bias and maintain strong performance across 
diverse downstream property prediction tasks in low-data regimes?



CrysLDNet: Latent Diffusion Pre Training



Results - Downstream Task Evaluation



Results - Limited Training Setup



Conclusion
❏ CrysLDNet pretrain crystal encoders via latent diffusion — no labels needed, 

state-of-the-art properties.
❏ CrysLDNet combines a VAE with latent diffusion pretraining to learn 

transferable crystal representations from unlabeled data
❏ CrysLDNet outperforms all baselines on Materials Project and JARVIS-DFT — 

especially with limited labeled data
Github Repo: 
https://github.com/shrimonmuke0202/CrysLDNet.git

https://github.com/shrimonmuke0202/CrysLDNet.git

