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AI4Science Needs UQ

Scaling to Large Networks

BARNN in a Nutshell

Experiments

Perspectives and References 

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 AI 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.

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
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BARNN: A Bayesian Autoregressive and Recurrent Neural Network
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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

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.

Ablation Study on tVAMP
On synthetic time series, BARNN + tVAMP prior
outperforms log-uniform, dropout, and
deterministic baselines in prediction (lower
RMSE), and uncertainty quantification (lower
ECE and NLL)

Accurately Solving PDEs with Uncertainty
BARNN outperforms existing neural PDE
solvers on NLL and ECE, offering better
uncertainty quantification even when RMSE is
similar. It dynamically adjusts confidence
intervals based on local uncertainty,
demonstrating robust, interpretable, and
adaptive UQ across PDEs.

Enhancing Molecular Generation
BARNN generates molecules with higher validity,
novelty, and uniqueness than baselines. It
effectively captures long-range dependencies,
improving ring closure accuracy by up to 50%. It
better preserves molecular property distributions,
achieving broader and more accurate chemical
space coverage.

BARNN is a scalable, calibrated Bayesian extension for autoregressive and
recurrent models. BARNN is flexible and widely applicable, paving the way for
Bayesian deep learning in language, audio, and beyond.


