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• Bayesian inference 

• modular, complex models 

• all information about the parameter in the posterior 

• Approximating the posterior can be computationally 
expensive 

• Computational/statistical gains for trading off some 
posterior knowledge 

• point estimates: e.g., MAD-Bayes: K-means-like 
optimization objectives and regularizers from BNP 

• covariances, coherent estimates of uncertainty
[Broderick, Kulis, Jordan 2013]1
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How do we learn latent structure?

K-means 
■ Fast	
■ Can parallelize	
■ Straightforward	
■ Only works for K 
clusters
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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	
■ 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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MAD-Bayes

The MAD-Bayes idea	
■ Start with nonparametric Bayes model	
■ Take a similar limit to get a K-means-like 
objective
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K-means

K-means objective
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Lloyd’s algorithm
Iterate until no changes:	
1. For n = 1, ..., N	
■ Assign point n to a 
cluster	

2. Update cluster means
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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	
!

!
!

■ We take a limit of the objective 
(posterior) and get one like K-means	
◊ “Small-variance asymptotics”

argmaxparametersP(parameters|data)
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BP-means objective

BP-means algorithm
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1. For n = 1, ..., N	
■ Assign point n to features	
■ Create a new feature if it lowers the objective	

2. Update feature means A� (Z ⇥Z)�1Z ⇥X
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MAD-Bayes

[Griffiths, Ghahramani 2006]

BP-means features: table and four objects
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MAD-Bayes

Bayesian posterior	
Gibbs sampler BP-means algorithm

8.5 * 103 sec 0.36 sec

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

Still faster by order of magnitude 
if restart 1000 times
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Face data

Samples

[Thomaz, Giraldi 2010]

Pre-aligned faces
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Samples

4 clusters
(K-means, K=4)
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Samples

4 clusters
(K-means, K=4)

Pre-aligned faces
Face data
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MAD-Bayes

Parallelism and optimistic concurrency control

DP-means alg.

# data points

BP-means alg.

time per iteration

134M 8M

5.5 min 4.3 min
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MAD-Bayes
Bayesian posterior K-means-like objectives

Mixture of K Gaussians

Dirichlet process mixture

Hierarchical Dirichlet process

Beta process

K-means

Unbounded number of 
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Features
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Multiple data sets share 
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■ Can the promise of nonparametric Bayes 
be fulfilled?
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What about uncertainty?

• Variational Bayes (VB) 
• Approximation         for 

posterior 
• Minimize Kullback-Liebler 

(KL) divergence:               

p(✓|x)

KL(qkp(·|x))

• VB practical success 
• point estimates and prediction 
• fast

p(✓|x)
q(✓)

q⇤(✓)
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• LRVB covariance estimate  

• Suppose     exponential family with mean parametrization  

• KL optimization: fixed point equation in the mean params

⌃̂ :=
d

dtT
Eq⇤t ✓
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t=0
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@mt
KLt

����
mt=m⇤

t

qt mt
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• Symmetric and positive definite at local min of KL 

• The LRVB assumption: Ept✓ ⇡ Eq⇤t ✓
p(✓|x)

q⇤(✓)

• LRVB estimate is exact when VB gives 
exact mean (e.g. multivariate normal)

[Bishop 2006]
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1. Derive Linear Response Variational Bayes (LRVB) 
variance/covariance correction 

2. Accuracy experiments 

3. Scalability experiments
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Experiments
• Non-conjugate normal-Poisson generalized linear mixed 

model 

!

• MFVB assumption:  

• 100 simulated data sets, 500 data points each, R 
MCMCglmm package (20,000 samples)

zn|�, ⌧
indep⇠ N

�
zn|�xn, ⌧

�1
�
, yn|zn

indep⇠ Poisson (yn| exp(zn)) ,
� ⇠ N (�|0,�2

�), ⌧ ⇠ Gamma(⌧ |↵⌧ ,�⌧ )

q(�, ⌧, z) = q(�)q(⌧)
NY

n=1

q(zn) q(zn) = N (zn),

LRVB, MFVB
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• Linear model with random effects 

!
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• 100 simulated data sets, 300 data points each, R 
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Experiments

q(�, ⌫, ⌧, z) = q(�)q(⌧)q(⌫)
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• MFVB assumption:  

• 100 simulated data sets, 300 data points each, R 
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• Gaussian mixture model 
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1. Derive Linear Response Variational Bayes (LRVB) 
variance/covariance correction 

2. Accuracy experiments 

3. Scalability experiments
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Scaling the matrix inverse
• LRVB estimate 

• Decomposition of parameter vector 

!

• Schur complement 

!

• Sparsity patterns
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• Scaling: Gaussian mixture model (K components, P 
dimensions, N data points) 

• The number of parameters in             grows as  
• The number of parameters in     grows as  
• Worst case scaling: 

µ,⇡,⇤ O(KP 2)

z O(KN)

O(K3), O(P 6), O(N)

Experiments

LRVB, 
Gibbs
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Conclusions, etc
• MAD-Bayes: fast point estimates 

• LRVB covariance correction: in many cases, accurate 
covariance estimates for VB 

• Open questions: 
• Mean correction 
• Global parameter scaling 
• Targeting other posterior statistics besides point 

estimates and covariance 
• More LRVB: Bayesian robustness (work in progress)
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