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Sufficient Statistics for ¢~
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Sufficient Statistics for ¢~
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Sufficient Statistics for ¢~
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Sufficient Statistics for p and o?
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Sufficient Statistics for p and o?
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Maximum Likelihood estimation
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Maximum Likelihood estimation
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Maximum Likelihood estimation
for u and (6% known)




Maximum Likelihood estimation
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Maximum Likelihood estimation
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u(u,o?) score function
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Second Derivative
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Second Derivative
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l(u,6%) Fisher Information
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Second Derivative
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Maximum Likelihood estimation
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Maximum Likelihood estimation
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Second Derivative
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Asymptotic distribution mle
(40, 0,° ) real value of parameters
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