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1. Proof of Theorem 1

Theorem 1. Let [G(©) = 1(®) — P(m; \), where [(©) is
defined in (8). If we assume that { 6(”} is the sequence gen-
erated by Algorithm 1 and the sequence of likelihood values
{15(®®)} is bounded above, then there exits a constant I*
such that
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Proof. (1) First, we calculate that
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+ P(x®M;0) = P(m; \).

Let Q(@|©1) = 3=, P(Z|E; ©®) log = P(E|Z;©)P(Z;©)
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(ii) In the M step of Algorithm 1, it is obvious that
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Thus, we have
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Then, we can easily derive that
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Based on (5), the sequence {IG(©®))}2° is nondecreasing
and bounded above. Therefore, there exits a constant [*

such that
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2. Exponential Power Distribution

2.1. Three different forms of Exponential Power
Distribution

The Exponential Power Distribution (¢ = 0) has the fol-
lowing three equvalent forms:
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By making use of the property of T' function T'(1 4+ z) =
2I(z), we get
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2.2. Draw Samples from Exponential Power Distri-

bution
The second form of exponential power distribution is
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Sampling from the exponential power distribution contains
twocases: p>land 0 <p < 1.



221 casel:p>1

We adopt the method proposed in [2, 3, 4].

222 case2: 0<p<1

When 0 < p < 1, the method proposed in [5] is used. We
sample the distribution in two steps:
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where w is a intermediate variable. (12) can be sampled
directly but (13) is difficult. Therefore, we adopt the slice
sampling strategy in [1].
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