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Figure 6.5 Gradient descent vs. stochastic gradient descent. a) Gradient descent
with line search. As long as the gradient descent algorithm is initialized in the
right “valley” of the loss function (e.g., points 1 and 3), the parameter estimate
will move steadily toward the global minimum. However, if it is initialized outside
this valley (e.g., point 2), it will descend toward one of the local minima. b)
Stochastic gradient descent adds noise to the optimization process, so it is possible
to escape from the wrong valley (e.g., point 2) and still reach the global minimum.
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