Memoized Online Variational Inference for Dirichlet Process Mixture Models

BROWN Michael C. Hughes and Erik B. Sudderth Python code: bitbucket.org/michaelchughes/bnpy/
Dirichlet Process Mixture Model Summary Birth Moves MNIST Handwritten Digits

Assigns data to discrete clusters Memoized online (MO) variational inference Escape poor solutions by adding useful clusters. Cluster 60000 images of digits 0-9. PCA projected to 50 dimensions.
= No pesky learning rates, insensitive to batch size * Each move adds many clusters via fresh analysis of one cluster’s data. 10 runs of each algorithm, from 10 fixed sets of initial parameters.
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Algorithms generalize | Multivariate Gaussian likelihood F make updates simple ' Before (K=2) - o Wy Effoctive num. components K Learning rate schedules
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not iust Gaussian Expansion possible via nested truncation many-to-one alignment to true digits 0-9 learning rate, # batches, & initialization
: mean, precision matrix sufficient statistics Sensitive to learning rate schedule and batch size. Careful tuning required. '
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Variational Bayes Inference (VB) Memoized Online (MO) Merge Moves SUN Scene Categories

Algorithm that finds approximate posterior ¢ New variational algorithm, inspired by [Neal & Hinton ‘99] Merge two clusters into one. Simpler models & faster learning. | Cluster 108,754 tiny images (32x32 pixels). PCA projected to 50 dims.
 Coordinate ascent 0Pt|mizati0n, minimizes KL divergence ° Analyze huge datasets b)/ d|v|d|ng into Sma"’ fixed batches * Online PFOPOSGI, requires no batch PFOCGSSing. * Run many PFOPOSGIS aﬁer each pass. EXGmPIeS from 10/28 MO-BM clusters

* Like EM, but learns distributions not just point estimates * Modest memory required, but still scales to millions of examples . J550X New cluster takes over all responsibility | 25 e & ﬁi;gn?ﬁ:-u@
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Global factors 0 5x5 image patches, with strong edges worst MO-BM run  _worst MO run Cluster 1.88 million 8x8 patches from Berkeley Segmentation.
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Process entire dataset between global updates. § Global factors updated at every batch. , MOK=25 Full K=25 - i .
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Evidence lower bound (ELBO) objective log p(z) > L(q) ELBO objective: | r Only use current batch E EEE E : ey om0

. A S 425 ‘ ‘
. . . 99+ ELBO to accept/reject. o d 00 10 20 30 40 50 60 70 80 90 100 10 20 30 40 50 60 70 80 90 100
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k=1 linear function of sufficient statistics n=1q(z) entropy| global factors q(z) entropy allows runtime independent of dataset size N Exact ELBO essential to successful merges. Covariances of estimated clusters MO-BM final PSNR within 0.05 dB of best published GMM.
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