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Introduction to Deep Neural Networks
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Convolutional Neural Network
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Limitations of Deep Neural
Networks

» Opverfitting especially when training data is
insufficient.

» Qverconfident predictions by assigning a high
SoftMax value, towards the wrong class for
things the network hasn’t seen before.

» Inability to a reliable measure uncertainty
measure of their prediction.
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Bayesian Neural Networks

Neural Network: find a model f (x, W) that best explains our data.
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W is deterministic

Bayesian Neural Network: assume the weights are random variables.
Distributions over the weights and network output.

Modeling the uncertainty which is basically the Var(Y).
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Uncertainty Propagation
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Experimental Results
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Experimental Results

Test Accuracy vs Level of Gaussian Noise
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Experimental Results
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Experimental Results

Dropout
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