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g Introduction h

Bayesian neural networks (BNNSs) provide a natural probabilistic representation of network

parameters and model predictions.

However, the relevant research on information and its applications 1s limited.

* We introduce Information Bound as a metric to measure the quantity of information in
Bayesian neural networks. It can be easily estimated without requiring any modifications to
the training process or network structure.

* We provide evidence for the existence of a “critical period” in BNNs and show that IB can be
used in OOD dataset detection.

*  We propose two regularization methods based on the model interpretation for better
robustness and generality.
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: Information Bound in BNNs

 The derivation of the Information Bound:

I(x,z) = // p(z | x)p(x) log p(z | x) drdz

q(z)
Input SLLJJ: // Z | X log ;EZ; dxrdz
= [ pOKLEo(a | %) @) dx — KL(p(@)4(2)

< / p(x)KL(p(z | x)[|q(z))
=ExKL(p(z | x)||q(z)).

Information Bound = KL(p(z,)|| q(2))

* The Information Bound 1s an upper bound of the mutual information between the input x
and the medium variable z.
* It can be used to estimate the amount of information in Bayesian neural networks

* The distribution of z can be easily calculated. e Information Bound calculation:
* Linear layer: IB(x,2) = KL(p(z|x)|l4(2))

p(zi|x) ~ N(Z M:jx;, ZA?'Xz)- =
: j i = Z 1—|—logz:AzJ X —

 (Convolutional layer: .
p(zlx) ~ N (conv(x, M), conv(x’, A?)). Z ’ Z ng)
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Figure 1. Trends of Information Bound and Accuracy during to Information Bounds. It verifies the effectiveness of Information
Bayesian neural networks training. Bound as a metric of model confidence.
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Regularization Methods * Information Bound Variance Regularization
* Information Bound Regularization L=Lp+Lr+ X Vari(IB(Xi, Zi))
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L="L,+Lr+ A1 - EZIB(Xi,Zi)

1=0

Table 1. Comparison of models trained with Information Bound
regularization and without Information Bound regularization.

Label flatfish crocodile squirrel snail table
Old pred, IB  ray, 2.52 lizard, 2.77 possum, 2.72 snail, 2.84 table, 2.86
Model Dataset Acc. w/o. IB Reg‘ Acc. w. IB Reg. New pred, IB flatfish, 7.32 crocodile, 8.12 squirrel, 5.30 porcupine, 8.12 table, 7.03
LeNet K,MNIST 95.49 = 0.26 95.73 + 0.39 Figure 5. The five images with the lowest Information Bounds in
LeNet  Fashion-MNIST 90.48 + 0.37 90.87 + 0.14 CIFAR-100, and their labels, predictions, and Information Bounds. The
VGG CIFAR-10 91.03 = 0.12 91.46 = 0.20 model trained with Information Bound variance regularization keeps
VGG CIFAR-100 61.06 & 0.86 62.13 + 0.50 more Information and predicts more accurately
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