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Model Data-Driven Birth/Death Split-Merge Split Proposal Details

Beta Process HMM [Fox et al. NIPS ‘09] Add or delete unigue feature to one sequence Yields exact posterior samples with big changes to feature assignments Inspired by sequential allocation [Dahl ‘05]
Generates collections of sequential data Reversible jump proposal for 7 & (zmarginalized out) via reversible Metropolis-Hastings proposal moves. builds good proposals in one scan of data
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Problem Toy Experiments Motion Capture Kitchen Video

Example toy sequences Starting at poor initialization of one feature, 6 subjects performing 12 exercises 126 subjects prepare 5 recipes in common kitchen. Model: Multinomial.

Existing MCMC inference slow to mix > dim. Gaussian obs. (1% & 3" shown) . -3 MCMC recover all 8 true features? Data: 12 joint angle sensors. Model: 15t-order auto-regressive. Data: Bag of visual words (motion + appearance), at 1 second intervals.
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