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Weak limit approximations use high probability upper bounds on the number of states
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® Models each scale and orientation independently

Wavelet-based Image Denoising
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® In a truncated HDP-HMT, each state-specific transition distribution is then sampled from a finite Dirichlet:

T = (M1, ..., i) ~ Dir(afq,...,afk)

Dirichlet Process Mixtures
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