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e Variational Bayes as an alternative to MCMC
* Challenges of VB

* Accurate uncertainties from VB

* Accurate robustness quantification from VB

* Big idea: derivatives/perturbations are relatively easy in VB
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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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Variational Bayes

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]
[Fosdick 2013; Dunson 2014; Bardenet, Doucet, Holmes 2015]
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EXxperiments

* Non-conjugate normal-Poisson generalized linear mixed

model -
maep _ maep .
Zn‘ﬁvT ™~ N (Zn‘ﬁﬂfn,T 1) Y yn|zn ~ Poisson (yn| exp(zn)) ?

B~ N(Bl0,05), T~ Gamma(r|a;,5;)
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* Non-conjugate normal-Poisson generalized linear mixed
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indep
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* Non-conjugate normal-Poisson generalized linear mixed

model
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EXxperiments

* Non-conjugate normal-Poisson generalized linear mixed
model

Zn|B, T

indep

ind €p ~ Poisson (yn| eXp(zn)) )
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100 simulated data sets, 500 data points each, R
MCMCglmm package
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EXxperiments

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

The number of parameters in p, m, A grows as O(K P?)
ne number of parameters in z grows as O(K N)
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e Scaling: Gaussian mixture model (K components, P
dimensions, N data points)

e The number of parameters in u, 7, A grows as O(K P?)

* The number of parameters in z grows as O(KN)
 Worst case scaling: O(K*?), O(P°), O(N)
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Variational Bayes as an alternative to MCMC
Challenges of VB

Accurate uncertainties from VB

Accurate robustness quantification from VB
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* Priors and hyperpriors:
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Conclusions

 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 likelihood, data perturbations
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