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• Big idea: derivatives/perturbations are relatively easy in VB
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• LRVB estimate is exact when MFVB gives 
exact mean (e.g. multivariate normal)

[Bishop 2006]
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• Gaussian mixture model 
!

!

• 68 simulated data sets (2 components, 2 dimensions), 
10,000 data points each, R bayesm package (function 
rnmixGibbs; at least 500 effective samples) 

• MNIST digits: 12,665 0s and 1s; PCA for 25 dimensions

P (znk = 1) = ⇡k, p(x|⇡, µ,⇤, z) =
Y

n=1:N

Y

k=1:K

N (xn|µk,⇤
�1
k )znk

p(⇡) / 1, p(µ) / 1, p(⇤) / 1

Experiments

with conjugate priors on ⇡, µ,⇤
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Experiments
• Non-conjugate normal-Poisson generalized linear mixed 

model 

!

• 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(⌧ |↵⌧ ,�⌧ )
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Scaling the matrix inverse
• LRVB estimate 

• Decomposition of parameter vector 

!

• Schur complement 

!

• Sparsity patterns

✓ = (↵T , zT )T

⌃̂↵ = (I↵ � V↵H↵ � V↵H↵z

�
Iz � VzHz)

�1VzHz↵

��1
V↵

⌃̂ = (I � V H)�1V

H =
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Hz
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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)
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�↵ =: Ŝ LRVB estimator

• When       in exponential familyq⇤↵

14



C ⇠ Sep&LKJ(⌘, c, d)

Microcredit Experiment
• Simplified from Meager (2015) 
• K microcredit trials (Mexico, Mongolia, Bosnia, India, 

Morocco, Philippines, Ethiopia) 
• Nk businesses in kth site (~900 to ~17K) 
• Profit of nth business at kth site: 

!

!
• Priors and hyperpriors:

ykn
indep⇠ N (µk + Tkn⌧k,�

2
k)

✓
µk

⌧k

◆
iid⇠ N

✓✓
µ
⌧

◆
, C

◆ ✓
µ
⌧

◆
iid⇠ N

✓✓
µ0

⌧0

◆
,⇤�1

◆

��2
k

iid⇠ �(a, b)

profit
1 if microcredit
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• Sensitivity of the 
expected 
microcredit effect (τ) 

• Normalized to be on 
scale of τ std devs 

• τ mean (MFVB): 
3.08 USD PPP 

• τ std dev (LRVB): 
1.83 USD PPP 

• Mean is 1.68 std 
dev from 0 

• Λ11 += 0.04 
⇒ Mean > 2 std dev
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Conclusions
• We provide linear response variational Bayes: 

supplements MFVB for fast & accurate covariance 
estimate 

• More from LRVB: fast & accurate robustness 
quantification 

• Interested in your data and models: 
• Sensitivity to prior perturbations 
• Sensitivity to likelihood, data perturbations
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