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e Variational Bayes (VB)
* Approximation ¢ (6)for
posterior p(0|z)
 Minimize Kullback-Liebler
(KL) divergence:

K L(q||p(-|z))

* VB practical success
* point estimates and prediction
e fast, streaming, distributed

3 |Broderick, Boyd, Wibisono, Wilson, Jordan 2013]
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K L(q||p(-|7)) = /qu) 108 p(ééi)?‘)

Mean-field variational Bayes (MFVB) 6,
J
qa(0) =] a(6;)
j=1

Underestimates variance (sometimes
severely)

do

" (9)

No covariance estimates 01

[MacKay 2003; Bishop 2006; Wang, Titterington 2004; Turner, Sahani 2011]
[Dunson 2014; Bardenet, Doucet, Holmes 2015]
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o Simplified from Meager (2015)
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measures: 58
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* Many other models
and data sets:
Mixture models,
generalized linear
mixed models, etc
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Variational Bayes as an alternative to MCMC
Challenges of VB

Accurate uncertainties from VB

Accurate robustness quantification from VB

Big idea: derivatives/perturbations are easy in VB
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Microcredit Experiment
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Microcredit Experiment
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e Sensitivity of Normalized sensitivity
the expected a I
microcredit 3"
effect (1) £

« Normalized to 37
be on scale of d

standard
deviations In T Normalized sensitivity
’ Eg 0.03 -
SthevqT = 1.8 o
g7 = 3.7

Sensitivity / sd
o
o

= 2.06 * StdDev,T

Az + = 0.03 «! [N

0,7 < 1.0 x StdDev, 7

o -
o
S




14

Conclusion

 We provide linear response variational Bayes:

supplements MFVB for fast & accurate covariance
estimate

e More from LRVB: fast & accurate robustness

quantification

* |nterested Iin your data and models:

* Sensitivity to prior perturbations
e Sensitivity to data perturbations
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