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How to create a generative model for PDE solving that 
keeps the advantages and consistency of 
autoregressive modeling while being continuous in 
space? 
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 We propose:

ENMA
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ENMA’s framework
Causal & continuous Encoder/decoder
+ Continuous at pixel level
+ arbitrary domain encoding



ENMA’s framework
Generative Model
+ Uncertainty quantification
+ Causality aligned generation 



Some results on the Advection PDE
★ Experiment on the encoder/decoder

★ Experiment on the generative process

More results in the paper! 



More about ENMA ! 

Paper CodeProject Page



ENMA’s generative training and inference


