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[Straub 2014]

Manhattan World (MW) [Schindler 2004]
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Stiickler 2008, i
Holz 2011] P
Directional Segmentation relaxes orthogonality

constraints to describe complex man-made scenes.
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o Goals:
o manifold-aware (wrap-around)
o fast and adaptive inference
o temporal consistency for streaming data
P DD PP ARearans
o Approach:
o Dirichlet Process (DP) mixture model
o von-Mises-Fisher (vMF) distribution to model clusters on the sphere
o k-means-like algorithms via small-variance asymptotics
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concentration 7 > 0
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Gaussian mixture model (GMM) — k-means [Bishop 2006]
Dirichlet process GMM (DP-GMM) — DP-means [Kulis, Jordan 2012]
Dependent DP-GMM (DDP-GMM) — Dynamic Means [Campbell 2013]

von-Mises-Fisher MM (vMF-MM) — spherical k-means [Banerjee 2005]
DP-vMF-MM — DP-vMF-means (this work)
DDP-vMF-MM — DDP-vMF-means (this work)
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Gibbs sampling inference in DP-vMF-MM — DP-vMF-means
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optimistic iterated restarts (OIR) to parallelize the label assignment
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Dependent DP-vMF-MM = Markov chain of DP-vMF-MMs

DP-vMF-MM

Mt o death
DDP-yMF-MM  Smalvadance  pphp  MF-means

asymptotic analysis

o label updates augmented to allow revival of clusters
@ parameter updates account for unobserved motion of old clusters
@ temporally consistent clustering
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@ k-means-like algorithms for nonparametric directional clustering

@ principled derivation via small-variance asymptotics
o real-time operation via optimistic iterated restarts

@ applicable to other directional data sources
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@ k-means-like algorithms for nonparametric directional clustering

@ principled derivation via small-variance asymptotics
o real-time operation via optimistic iterated restarts

@ applicable to other directional data sources

more details in the paper and at poster 37
code is available at http://people.csail.mit.edu/jstraub/
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