Homework

(1) Tom Mitchell, Machine learning, Exercise 5.4 (p152, En.)

(2) Evaluate your classifiers in Experiment 1

® Compare results on 5% & 50% training set respectively
1. Estimations of error;, and the C.I. respectively

II. What’s the confidence of algorithm A is better than B in general?

® Submit deadline: April 12 (Thursday 11:59pm).
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152 MACHINE LEARNING

Geman et al. (1992) discuss the tradeoff involved in attempting to minimize
bias and variance simultaneously. There is ongoing debate regarding the best way
to learn and compare hypotheses from limited data. For example, Dietterich (1996)
discusses the risks of applying the paired-difference ¢ test repeatedly to different
train-test splits of the data.

EXERCISES

5.1. Suppose you test a hypothesis # and find that it commits » = 300 errors on a sample
S of n = 1000 randomly drawn test examples. What is the standard deviation in
errors(h)? How does this compare to the standard deviation in the example at the
end of Section 5.3.4?

Consider a learned hypothesis, &, for some boolean concept. When # is tested on a
set of 100 examples, it classifies 83 correctly. What is the standard deviation and
the 95% confidence interval for the true error rate for Errorp(h)?

Suppose hypothesis # commits r = 10 errors over a sample of n = 65 independently
drawn examples. What is the 90% confidence interval (two-sided) for the true error
rate? What is the 95% one-sided interval (i.e., what is the upper bound U such that
errorp(h) < U with 95% confidence)? What is the 90% one-sided interval?

5.4. You are about to test a hypothesis » whose errorp (k) is known to be in the range
between 0.2 and 0.6. What is the minimum number of examples you must collect
to assure that the width of the two-sided 95% confidence interval will be smaller
than 0.1?

Give general expressions for the upper and lower one-sided N% confidence intervals
for the difference in errors between two hypotheses tested on different samples of
data. Hint: Modify the expression given in Section 5.5.

Explain why the confidence interval estimate given in Equation (5.17) applies to
estimating the quantity in Equation (5.16), and not the quantity in Equation (5.14).

5.2

5.3

5.5

5.6
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