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1. Introduction
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2. The EM algorithm for mixtures of densities from exponential families

2.1. The mixture model
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2.2. The EM algorzthm and its asymptotic convergence rate
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3.2. Regular conditions and lemmas
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Lemma 1. Suppose that a mixture of K densities from the bell sheltered exponential
families of the parameter F* satisfies Conditions (1) (3). As Z(F*) tends to zero, we
have
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Lemma 2. Suppose that a mixture of K densities from the bell sheltered exponential
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where >0, p is any positive number and o(x) means that it is a higher order
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