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e FEHIZE (Random Error);
e @%E (Error due to Bias);
e /7% (Error due to Variance),




BHIRE SHRTIIGKBASNRE, R8BSR, RMSHOE, B € ~ N0, 000
RE ERFNESELHNEZRMWER, 124 Bias(X) = E[f(X)] — f(X).
HE WAEHESORREY, 26 Var(x) = £[(F(X) — E[fx))].
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Er(X) = £[(v - £(X))’]
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Bias? + Variance + Random Error.
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import numpy as np

np.random.seed(42) # the answer to life, the universe and everything
real = lambda x:x + x *x 0.1

x_train
y_train
y_noise
y_train

np.linspace(0, 15, 100)

map(real, x_train)

2 * np.random.normal(size = x_train.size)
y_train + y_noise

x_valid
y_valid
y_noise
y_valid

np.linspace(0, 15, 50)

map(real, x_valid)

2 * np.random.normal(size = x_valid.size)
y_valid + y_noise
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np.polyfit(x_train, y_train, 1)
np.polyld(prop)

np.polyfit(x_train, y_train, 15)
np.polyld(overf)
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import matplotlib.pyplot as plt

prop
prop_
overf
overf_

_ = plt.figure(figsize = (14, 6))

plt.subplot(1l, 2, 1)

prop_e = np.mean((y_train - np.polyval(prop, x_train)) *x 2)
overf_e = np.mean((y_train - np.polyval(overf, x_train)) ** 2)

Xp = np.linspace(-2, 17, 200)

plt.plot(x_train, y_train, ’.’°)

plt.plot(xp, prop_(xp), ’-’, label = ’proper, err:_ %.3f’ % (prop_e))
plt.plot(xp, overf_(xp), ’--’, label = ’overfit, err: %.3f’ 7 (overf_e))
plt.ylim(-5, 20)

plt.legend()

plt.title(’train set’)

plt.subplot(1l, 2, 2)

# .

plt.title(’validation set’)




validation set

train set

Linear Model, err: 3.222
—==- Polynomial Model, err: 2.813

Linear Model, err: 4.227
—=- Polynomial Model, err: 4.944
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Optimum Model Complexity

Model Complexity
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dBias N, dVariance
dComplexity  dComplexity
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4.4 [ ,-IEMI (Ridge Regularizer)
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