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Maximize w.r.t. ¢(z)
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VB-Estep:
() o< exp (U Z ) (85)
(A;j) ox exp (P ( (855) — ¥( Zﬁij (86)
<CZ]> X eXp %g Z %j (87)

VB-Mstep:

00000 o,8,OOOOO af, 8*%,~* 0O
Forward-Backward 0 0 O [ .

000 Beal, M.J. (2003) Variational Algorithms for
Approximate Bayesian Inference. PhD thesis, Gatsby UCL.
http://www.cse.buffalo.edu/faculty/mbeal/thesis/ Chapter.3.
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EP (Expectation Propagation) (Minka 2001),

Power EP (Minka 2004)
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PowerEP ...o-00 Q0 OO0O000OOO

Variational Bayesian methods for Natural Language Processing — p.29/30



Readings

Hagal Attias. A Variational Bayesian Framework for
Graphical Models. In NIPS 1999, 1999.

Thomas Minka. Expectation-Maximization as lower bound
maximization, 1998.
http://research.microsoft.com/"minka/papers/em.html.

Radford M. Neal and Geoffrey E. Hinton. A View of the EM
Algorithm that Justifies Incremental, Sparse, and other
Variants. in Learning in Graphical Models, pages 355—-368.
Dordrecht: Kluwer Academic Publishers, 1998.

Zoubin Ghahramani. Unsupervised Learning. in Advanced
Lectures on Machine Learning LNAI 3176. Springer-Verlag,
Berlin, 2004.
http://www.gatsby.ucl.ac.uk/"zoubin/course04/ul.pdf.
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