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Perceptron model :

How big this sum needs to be before the
Bias —  Nnode becomes active ?
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Which x;is important here ?



Multi perceptron model or Neural Network:
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Multi perceptron model or Neural Network:
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y = f(Bo+ Bix1 + Paza... + BnTy) v
B; ~ N(0,1%)

output:

weights:
(with distribution)

hidden layer:

weights:
(with distribution)

input:
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All energy range

Comparison of True and Predicted Energy Distributions

Cut energy range
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Heatmaps of Statistical Metrics for Energy Predictions
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Resolution [%]

Scatter plot of Predicted Energy vs Uncertainty
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Resolution at 68% for:

- onthe position norm: 446.74 cm

- onthe direction projection: 242.53 cm
- orthogonal to the direction projection: 334.34 cm
- ontime: 11.14 ns

Credible interval on time at 68%: -9.99 nsto 12.01 ns

Histogram of the vertex position reconstruction resolution
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Resolution at 68% for position resolution in function of the batch size
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300k events

|

euclidean norm

PMTs hits [ time ]

time
position (
charge

Configuration

Model : same than before
Epochs : 40

Batchsize: 516

Loss : MSE

Dropout: 0

v

Best results so far

Resolution at 68% for:

- onthe position norm: 428.81 cm

- onthe direction projection: 252.55 cm

- orthogonal to the direction projection: 324.52 cm

- ontime:11.77ns

Credible interval on time at 68%: -12.63 ns to 10.86 ns
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use
DynamicEdgeConv

v

v

v

investigate different models and hyperparameters to
improve upon traditional algorithm

implement Bayesian neural network

merge Anthi’s work with mine to have a fully
reconstructed vertex
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