BARNN: A Bayesian Autoregressive and Recurrent Neural Network
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Al4Science Needs UQ

Autoregressive and recurrent models power breakthroughs from weather to molecular design,

but lack principled uncertainty — a critical gap in scientific applications. The natural question
then arises: can we TRUST Al surrogates?

We introduce BARNN, a simple Bayesian approach that integrates seamlessly with SOTA architectures and
provides calibrated uncertainty while matching or improving non-Bayesian accuracy.

BARNN in a Nutshell
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Key Insights. BARNN is a joint Bayesian model where network weights evolve with observable states.
It enables structured uncertainty quantification for any recurrent or autoregressive model

Scaling to Large Networks

Key Insights. The posterior introduce variable in
time dropout rates combined with Variational
Dropout. We derive the tVAMP prior to make
inference calibrated and training stable & efficient
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Experiments

We validate BARNN on synthetic Time Series, showing the tVAMP prior outperforms standard choices;
Neural PDE Solvers, BARNN enables both accurate solutions and UQ; and Molecular Generation,
BARNN-powered RNNs outperform existing models using SMILES.
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Perspectives and References
o

BARNN is a scalable, calibrated Bayesian extension for autoregressive and 3

Bayesian deep learning in language, audio, and beyond. E&EEET [EEE
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