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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 VB approximation
* Approximation ¢ (6)for
posterior p(0|x)
* Minimize Kullback-Leibler
(KL) divergence:

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

* VB practical success
* point estimates and prediction
e fast, streaming, distributed
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[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 .
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* Non-conjugate normal-Poisson generalized linear mixed
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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
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Microcredit Experiment

* Priors and hyperpriors:
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Microcredit Experiment

Normalized sensitivity

e Sensitivity of the 10-
expected N N
microcredit effect (1) .-
e Normalized to be on -
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Microcredit Experiment

Normalized sensitivity

e Sensitivity of the 10-
expected N N
microcredit effect (1) .-
e Normalized to be on -
scale of Tstd devs 30-
« Tmean (MFVB):
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Normalized sensitivity
e 7std dev (LRVB):
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* Mean is 1.68 std 001 -
dev from O 0.00 -
e Aut 4= 0.04 !
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Conclusions

 We provide linear response variational Bayes: supplements
MFVB for fast & accurate covariance estimate

 More from LRVB: fast & accurate robustness guantification

* |nterested in your data and models:
e Sensitivity to prior perturbations
e Sensitivity to likelihood, data perturbations

 Computational statistical trade-offs
* New data summaries: coresets, approx. sufficient stats

e Criteo data set: 40 million data points, 3 million features,
our runtime: ~20 seconds on 24 cores

e Theoretical guarantees on finite-sample quality

[Huggins, Campbell, Broderick 2016; Huggins, Adams, Broderick, submitted]
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