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Roman is expected to find thousands of brown dwarfs (Street et al. 2023). We 
want to use brown dwarfs to study the Milky Way, because they are abundant, live 
forever, and evolve with time.

Artist’s rendering of Roman Telescope Credit: NASA



Standard MCMC approaches for spectral modeling are too slow for 
large spectral datasets

Generate 10,000 models = 27 min
MCMC fit with 10,000 steps = 70 min



Variational autoencoders are a generative neural network that can be 
used to compress information, and generate new data. The encoder 
maps the data to a lower dimensional latent space, and the decoder 
recreates the original data from the latent variables.

Latent variables (z): Parameters not directly observed in the data that 
represents/ describes the data. 

(Kim et al. 2024)



Conditional variational autoencoders (CVAEs) take in parameter values 
along with training data, allowing the parameter range of generated data 
to be controlled. 

Similar Astrophysical use case: Gebran and Bentley in 2025 used CVAEs 
to generate stellar spectra. 



We trained a CVAE on the Sonora Diamondback model grids

Training time: 5 minutes





Generated 10,000 spectra in 1.6s: 1000 times faster than linear interpolation

Sonora Diamondback Models Generated for JWST



Sonora Diamondback Models Generated for Roman Prism 



MCMC fit VAE grid fit 

The MCMC fit took 70 minutes while the VAE grid fit took 6 minutes, a speed up of over 
10x!



Next Steps

● Train the model on all brown dwarf atmospheric model grids, including 
a framework that allows anyone to train a CVAE on any model grid

● Explore incorporating VAEs into the MCMC framework 
● Explore applying this to random forest retrieval frameworks
● Explore applying this framework to atmospheric retrievals 



Key takeaways

● Variational Autoencoders accelerated the model generation 
process for the brown dwarf atmospheric model Sonora 
Diamondback by over 1000 times. 

● After training for 5 minutes, performing a fit with the VAE grid 
showed evidence of being faster than running an MCMC fit.

● We will explore applying this to retrieval frameworks as well as 
MCMC.

● Applying to other models for Roman Prism and Grism modes, 
as well as other fitting frameworks beyond MCMC.
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