What 1s a Neural Network?
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Pros and cons of activation functions
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Gradient Descent
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What 1s a deep neural network? i
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Neural Network examples
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Supervised Learning

Structured Data v Unstructured Data
\ v =
Size #bedrooms |- | Price (10008$s)
Q10% 3) 400
1600 3 330
2400 3 369
3000 4 540
Audio
\ \Y, v
User Age Ad Id Click
_ Four scores and seven
93242 1
18 87312 1
27 71244 1
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[LeCun et al., 1998. Gradient-based learning applied to document recognition]
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AlexNet Y ;/
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ResNet
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[He et al., 2015. Deep residual networks for image recognition]



Transtormer Details
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[Vaswani et al. 2017, Attention Is All You Need]
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Intuition about deep representation
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Scale drives deep learning progress
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Scale drives deep learning progress
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Train/dev/test sets
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Bias and Variance
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How does regularization prevent overfitting?
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Dropout regularization
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Data augmentation
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Early stopping Ot
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Why normalize inputs? I NOING
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Reducing (avoidable) bias and variance
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