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* Joday: can use state machines with supervised learning
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Recall: familiar pattern

1. Choose how to predict label (given teatures &
parameters)

2. Choose a loss (between guess & actual label)
3. Choose parameters by trying to minimize the training loss

In our example application:

1. Use an RNN: p(® = RNN(z®: W, W)
St — fl (Wsa:.flft -+ WSSSt_l -+ WOSS)
Pt = fo(WPst + Wy)
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Recurrent Neural Networks

Recall: familiar pattern

1. Choose how to predict label (given teatures &
parameters)

2. Choose a loss (between guess & actual label)
3. Choose parameters by trying to minimize the training loss

In our example application:

1. Use an RNN: p(® = RNN(z®: W, W)
St — fl (Wsa:.flft -+ WSSSt_l -+ WOSS)
Pt = fo(WPst + Wy)

2. Loss: for g sequences, where the fth has length n" _
BeaUBn0e] ...(r". o) — 1) Lo 5".o/”) [SlemE]
J(W, Wo) = 3211 Leeq (P17, 4)
3. Stochastic gradient descent
3
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. What iIs ML? A set of methods for making decisions
from data. (See the rest of the course!)

 Why study ML? To apply; to understand; to evaluate
* Notes: ML is a tool with pros & cons. ML is built on math
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