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Concerning the minimum description length (MDL) principle, we performed the
studies on evaluation of the stochastic complexity (SC) and the data compression and sequential
prediction strategies which achieves the SC for various target models. Those algorithms performs as the
minimax strategies with respect to logarithmic or coding regret. We obtained the minimax strategies when
the target model is the i.i.d. general smooth families of probability distributions. Our strategy is a
combination of the mixture of the target class with Jeffreys prior and a mixture of the local exponential
family bundle of the target class. In particular, we succeeded to remove the restriction on the set of
data sequences for the mixture family case and tree model case. We also studied sparse superposition code
(Barron et al. 2011-), which is one of capacity achieving codes.
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