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BAYESIAN NEURAL NETWORKS

CONCLUSION & PERSPECTIVE

BAYES’  THEOREM

Given inputs 𝑋 = {𝑥1, … , 𝑥𝑁} and outputs 𝑌 = {𝑦1, … , 𝑦𝑁}, we search 
parameters 𝜔 likely to generate 𝑌 = 𝑓𝜔(𝑋).
Priors 𝑝(𝜔) is modified according to the likehood 𝑝(𝑌|𝑋, 𝜔) to accustom 
parameter likeliness given observed data 𝑌.
Posteriors over 𝜔 then obtained as: 𝑝 𝜔 𝑋, 𝑌 = 

𝑝(𝑌|𝑋,𝜔)𝑝(𝜔)

𝑝(𝑌|𝑋)

STOCHASTIC VARIATIONAL INFERENCE (SVI)

True posterior approximated by variational dist. 𝑞𝜃(𝜔) parametrized by 𝜃.
Minimize Evidence Lower Bound (ELBO) loss = Variational Inference[3]:

ELBO 𝜃 = KL[𝑞𝜃(𝜔)| 𝑝 𝜔 − 𝑞𝜃(𝜔)log[𝑝(𝑌|𝑋,𝜔)]𝑑𝜔

Expected log likelihood:
Maximizing favors 𝒒𝜽(𝝎)
to explain data

Kullback–Leibler divergence:
Measure of dist. similarity[4]

Minimizing favors 𝒒𝜽(𝝎)
to be close to prior

ANN

Language: PyTorch

Pyro[1]: BNN library 
build on Pytorch

TyXe[2]: framework 
build on Pyro

Loss: depends on problem

BNN

IID priors N (0,1)

Loss: ELBOBNN predict distributions with uncertainties related 
to their confidence about their own outputs

Bayesian Neural Networks (BNN) generalize uncertainty in NN

Artificial Neural Networks (ANN) are deterministic
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• σ𝐸 ~ fully correlated between events → energy spec. corr. matrix
• Regression time decreased compared to traditional algorithm
• Non-Bayesian version of our GNN shows similar regression time
• Vertex regression @500 MeV with similar non-Bayesian GNN ~2 m
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Resolution at 
68% (all|cut) (@30 MeV)

ENERGY VERTEX (@10 MeV)
∆V= 𝒓 − 𝒗 ∆t
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Non-Bayesian version

• Identify key parameters impacting σ𝐸 in our models + apply GNN to energy reconstruction
• Optimization of models and hyperparameters (WatchMaL, W&B framework)

• Bayesian GNN-MLP works for low energy event multidimensional regression
• Relation between larger σ∆𝑉 and larger vertex difference → σ can be used as a discriminant

• σ𝐸 not yet representative of model uncertainty (σE ≫ ∆E, dense location below cut) 
• Vertex regression results too far from true vertex, but room for improvement

Nextgen Cherenkov experiments need improved algorithms to 
reduce statistical and systematic uncertainties → Machine Learning

• Epistemic uncertainty (parameter uncertainty, dataset size)
• Robust to over-fitting

• BNN not yet investigated in Cherenkov low energy regression

• Faster than traditional algorithms once trained

• Black box algorithms
• Optimization solution depends on starting point
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• Hyper-Kamiokande MC (WCSim)
• 500k 𝑒− events (50% train, 50% test)

• Flat kinetic energy 0-60 MeV or fixed at 10 MeV
• Uniform vertex distribution + isotropic direction
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