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!

• True posterior covariance vs MFVB covariance 

!
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!
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�↵ =: Ŝ LRVB estimator

• When       in exponential familyq⇤↵

10



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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the expected 
microcredit 
effect (τ) 
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Conclusion
• 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 data perturbations
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