gooOooOooooDoooooooo 2009
Technical Report on Information-Based Induc-
tion Sciences 2009 (IBIS2009)

Hannan-QuinnO OO0 0000000000 DOO0O BaysianO O O
Jo0o0oooooooooad

The Hannan-Quinn proposition is true for learning linear regression

and Bayesian network structures

ggoex
Joe Suzuki

Abstract: This paper proves d,, = 2loglogn is the smallest {d,}°2; such that the in-

formation criterion H + (k/2)d,,, where H is the empirical entropy of n examples and k

is the number of parameters that express the probability distribution, satisfies consistency

for the problem of learning linear regression. Thus far, the problem was solved only for the

problems of learning ARMA (autoregressive moving average, Hanann-Quinn, 1979) and

conditional probabilities (Suzuki, 2006). The new result is good for learning the structure

of Gaussian Bayesian networks as well.
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