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Abstract & Contribution
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Minimal Bias Estimator Mg
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Problem Definition

* Frequency:

N(X™) = ) 1(X; = x)
=1

= chance of the same class picked n + 1 times

= Decays exponentially by n.

Example. Sample X" of size 10
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. Bias(Mg) is smaller by exponential factor than Bias(Mg).

. [Experiment 2] n ~ MSE
e Frequency of frequencies:
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[Experiment 3] Minimal MSE estimator
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“The average missing mass [E[M )| depends chiefly “The MSE of Mg is larger than Mg due to the

on the average frequencies of frequencies L[| D, | !" variance terms, Var(®,), Cov(®,, ©)).”
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