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n = 10, train = 0.02, test = 0.23 n = 18, train = 0.05, test = 0.08 n = 32, train = 0.04, test = 0.08
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n = 178, train = 0.07, test = 0.07

n = 316, train = 0.06, test = 0.06 n = 562, train = 0.06, test = 0.06  n = 1000, train = 0.06, test = 9.06

Figure 3.1. Polynomial regression in one dimension with a varying number of observations
(from n = 10 to n = 1,000 with training and testing errors. Blue: Optimal prediction,
red: estimated prediction by OLS with degree-5 polynomials.
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Polynomial regression (d = 5) - Ridge
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