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Characterizations

* Exchangeable cluster
distributions are characterized

* What about exchangeable
feature distributions?
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Exchangeable probability functions

“Exchangeable feature probability function” (EFPF)?
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Exchangeable cluster distributions
= Cluster distributions with EPPFs Exchangeable feature distributions
= Kingman paintbox partitions = Feature paintbox allocations
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Exchangeable cluster distributions
= Cluster distributions with EPPFs Exchangeable feature distributions
= Kingman paintbox partitions = Feature paintbox allocations
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Feature distributions with EFPFs
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How do we learn latent structure?

K-means Nonparametric

m Fast Bayes

m Can parallelize = Modular (general

= Straightforward latent structure)

= Only works for K = Flexible (K can grow
clusters as data grows)

m Coherent treatment
of uncertainty

But...

m E.g., Silicon Valley: can have petabytes of data
® Practitioners turn to what runs
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MAD-Bayes Perspectives

= Bayesian nonparametrics assists the optimization-
based inference community

¢ New, modular, flexible, nonparametric
objectives & regularizers

¢ Alternative perspective: fast initialization

Inspiration

= Consider a finite Gaussian mixture model

m The steps of the EM algorithm limit to the
steps of the K-means algorithm as the Gaussian
variance is taken to 0
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Bayesian model

Nonparametric

® number of parameters can grow with the

number of data points
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MAD-Bayes

= Maximum a Posteriori (MAP) is an
optimization problem

argmax P(parameters|data)

parameters

= We take a limit of the objective
(posterior) and get one like K-means

< “Small-variance asymptotics”

12
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Bayesian posterior K-means-like objectives

Mixture of K Gaussians ﬁ K-means
Dirichlet process mixture ﬁ

Hierarchical Dirichlet process q Multiple data sets share
cluster centers

Unbounded number of
clusters

Beta process — Features
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MAD-Bayes

Griffiths & Ghahramani (2006) computer vision
problem “tabletop data”

Bayesian posterior

Gibbs sampler BP-means algorithm

8.5 * |03 sec 0.36 sec

e

Still faster by order of magnitude
if restart 1000 times

19
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MAD-Bayes

Parallelism and optimistic concurrency control

DP-means alg. BP-means alg.
# data points |34M 8M

time per iteration 5.5 min 4.3 min
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MAD-Bayes

Bayesian posterior K-means-like objectives

Mixture of K Gaussians ﬁ K-means
Dirichlet process mixture ﬁ

Hierarchical Dirichlet process q Multiple data sets share
cluster centers

Unbounded number of
clusters

Beta process — Features
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MAD-Bayes conclusions

= We provide new optimization objectives
and regularizers

¢ In fact, general means of obtaining
more

¢ Straightforward, fast algorithms
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