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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
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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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• Variational Bayes 

!

• Mean-field variational Bayes (MFVB) 

!

• Underestimates variance (sometimes 
severely) 

• No covariance estimates

What about uncertainty?

[Bishop 2006]

q(✓) =
JY

j=1

q(✓j)

KL(q||p(·|x)) =
Z

✓
q(✓) log

q(✓)

p(✓|x)d✓

✓1

✓2
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1. Derive Linear Response Variational Bayes (LRVB) 
variance/covariance correction 

2. Accuracy experiments 

3. Scalability experiments

4



• Cumulant-generating function 

!

• True posterior covariance vs MFVB covariance 

!

• “Linear response” 
!

• The LRVB approximation

V :=
d2

dtT dt
Cq⇤(t)
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t=0

Linear response

mean =
d

dt
C(t)
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t=0
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dtT dt
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Scaling the matrix inverse
• LRVB estimate 

• Decomposition of parameter vector 

!

• Schur complement 

!

• Sparsity patterns
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V H I � V H
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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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• Gaussian mixture model 

!
!

• MFVB assumption:  
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1. Derive Linear Response Variational Bayes (LRVB) 
variance/covariance correction 

2. Accuracy experiments 

3. Scalability experiments
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Conclusions, etc
• LRVB covariance correction: in many cases, accurate 

covariance estimates for VB 

• Next steps: 
• Scaling in parameter cardinality 
• Mean correction 
• Bayesian nonparametrics 
• MFVB q not in exponential family 
• Targeting other posterior statistics besides point 

estimates and covariance
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