Formal Multinomial and Multiple-
Bernoulli Language Models



Overview
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Bayesian Framework
(MAP Estimation)
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How do we set a?
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Multiple-Bernoulli
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Multiple-Bernoulli
(Model A)




Multiple-Bernoulli
(Model A)




Problems with Model A
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Multiple-Bernoulli
(Model B)




Multiple-Bernoulli
(Model B)




How do we set a, (7?
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Another approach...



Multinomial / Multiple-Bernoulli
Connection




Bayesian Framework

(Ranking)
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Results
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