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1ÌÌÌooo���PLSA!!!���

PLSA�hð/Probabilitic Latent Sematic Analysic�(\IR�ö�_«ð:PLSI (Probabilistic

Latent Sematic Indexing)�[2]
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Figure 1: PLSAþ!�

2ÌÌÌooo���EM���ÕÕÕ[3]

EM�ú,�ó/��:	Ö†e�Ë��0¡�Âp< θ(0)�6�íã~ô�� θ(n+1)

��v likelihood� log-likelihood�( L(θ(n+1))eh:�Ô�e� L(θ(n))ô'�s�ì°(

òÏ�0� θ(n)�óB θ(n+1)���

θ(n+1) = max
θ
L(θ)− L(θ(n))
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l� complete data log-likelihood��õ�@�� complete data�/�þ!�-��ØÏ�latent
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Lc(θ) = log p(X,H|θ)
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Lc(θ) = log p(X,H|θ) = log p(X|θ) + log p(H|X, θ) = L(θ) + log p(H|X, θ)
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(a) E-step (expectation)�¡� Q(θ; θn)
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∑
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∑
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