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The William Randolph Hearst will give to Lincoln Center, Metropoli-
tan Opera Co.,, New York Philharmonic and Juilliard School. *Our felt that we had a
real opportunity to make a mark on the future of the performing arts with these an act
cvery bit as important as our traditional arcas of in health, medical cducation
and the social Hearst Randolph A. Hearst said Monday in

the Lincoln Center’s share will be ° for its new which
will young artists and new The Metropolitan Opera Co. and
New York Philharmonic will each, The Juilliard School, where music and
the performing arts arc taught, will get The Hearst a lcading supporter
of the Lincoln Center Consolidated Corporate will make its usual
donation, too.
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 Bayes & Approximate Bayes review
e What is:
e Variational Bayes (VB)
 Mean-field variational Bayes (MFVB)
 Why use MFVB?
 When can we trust MFVB?
 Where do we go from here?
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Variational Bayes ¢ = argmin, oKL (q()|p(-]y))

Choose “NICE” distributions
p(0ly)  Mean-field variational Bayes

CLOSE (MPVB) J
QMFVB = {q :q(0) = H (Jj(ej)}

» Often also exponential family

 Nota modeling assumption
~ MFVB appjrox

Now we have an optimization

problem; how to solve it? |
* One option: Coordinate
descentin qi1,...,4J

[Bishop 2006]
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Approximate Bayesian inference

se ¢" to approximate p(:|y

ptimization
q" = argmingcq f(q(-), p(-[y))

Variational Bayes
¢ = argmin, o KX L(q(-)||p(-|y))

Mean-tield variational Bayes
¢* = argmingeqg,,. s K L(GC)[|p(-[y))

Coordinate descent
o Stochastic variational inference (SVI) (Hoffman €t 812413)
e Automatic differentiation variatiopal
iInference (ADVI) [Kucukelbir et al 2
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» Catalogued midge wing lengths (mm) y = (y1,...,yn)
 Parameters of interest: population mean and variance

. 2
. Model: y 0 = (p,07)
p(yl®) : yn ~ N(u,0%), n=1,...,N
p(0): (0°)"' ~ Gammal(ag, bo)
plo® ~ N (po, Aoo®) 7N
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2 2
o ~ N (g, Aoo P S
i (10, Aoo”) 4 \\
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* MFVB approximation:
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* Coordinate descent [Exercise: derive this] [Bishop 2006, Sec 10.1.3]
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Microcredit Experiment

 Simplified from Meager (2018a)

K =7 microcredit trials (Mexico, Mongolia, Bosnia, India,

Morocco, Philippines, Ethiopia)

* Nk businesses in kth site (~900 to ~17K)
e Profit of nth business at kth site:

inde
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* Priors and hyperpriors:
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Means
 One setof 2500 .
MCMC draws: Parameter
45 minutes m o !
. MFVB - :
optimization: _12_ 09(c”)
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MCMC (ground truth)

Criteo Online Ads Experiment

» Click-through conversion prediction

o Q: Will a customer (e.qg.) buy a product after clicking?

* Q: How predictive of conversion are different features?

e Logistic GLMM; N = 61,895 subset to compare to MCMC

11 |Giordano, Broderick, Meager, Huggins, Jordan 2016; Giordano, Broderick, Jordan 2017]
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* No covariance estimates

* Conjugate linear regression
 Bayesian central limit theorem
.5 ¢ Exercise: derive exact (closed) form of g
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What about uncertainty”

e Microcredi
e Tmean:

3.08 USD PPP

e Tstd dev;

1.83 USD PPP -
e Mean is 1.68 std .

dev from O

e Criteo
online ads

experiment

14

I effect Standard deviations

MCMC (ground truth)

Standard deviations

MFVB

| n
- L]

" MCMC
|Giordano, Broderick, Meager, Huggins, Jordan 2016; Giordano, Broderick, Jordan 2017]



What about means?

e Model for relational data with covariates
1000+ nodes; MCMC > 1 day

[Fosdick 2013, Ch 4]

MFVB

—MCMC

Means
: o |
o
=
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o) !
S g o | | E
Op© = o :
B s34 |
m < _ § L (o :
z g (e
O _ | ;
1 0@ ©
© CUO
o2 -
Q
= -
o
| | | | | ? | | | |
-10 -0.5 0.0 0.5 1.0 Bo Bar Baz Br

MCMC

[Fosdick 2013, Ch 4, Fig 4.3]
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Posterior means: revisited

* \Want to predict college GPA Yn

e CO

» Collect: regional test scores 7,

9 1ndep

 Moadel: y,|8,z,0° '~

10

2kl 02~ N(0, p?)
B~ N(0,%)

 Data simulated
from model (100
data sets, 300
data points):

ect: standardized test scores (e.qg., SAT, ACT) =z,

(5Txn + “k(n) 'n; 0-2)

((72)_1 ~ Gamma(a,2, by2 )

(p*)~! ~ Gamma(a,z,b,2)

MCMC mean

[Giordano, Broderick, Jordan 2015]
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What can we do”?
e Reliable KL ELBO

17

diagnostics 18 0B 7 |reerererrmrererereranane,
« KL vs ELBO

[Gorham, Mackey 2015,
2017; Chwialkowski,
Strathmann, Gretton

2016: Jitkrittum et al 0 . . .
2017: Talts et al 2018 iteration iteration

Yaclet al 2018, etc.]
— “Yes, but did it work? Evaluating variational inference” ICML Wedn 5pm

Richer “nice” set;

alternative divergences
[Turner, Sahani 2011]

ariational Bayes

Viean-field
variational Bayes

Theoretical guarantees
on finite-data quality

e Data summarization




What to read next

e [extbooks and Reviews

Bishop. Pattern Recognition and Machine Learning, Ch 10. 2006.

Blei, Kucukelbir, McAuliffe. Variational inference: A review for statisticians, JASA
2016.

MacKay. Information Theory, Inference, and Learning Algorithms, Ch 33. 2003.
Murphy. Machine Learning: A Probabilistic Perspective, Ch 21. 2012.
Ormerod, Wand. Explaining Variational Approximations. Amer Stat 2010.

Turner, Sahani. Two problems with variational expectation maximisation for time-
series models. In Bayesian Time Series Models, 2011.

Wainwright, Jordan. Graphical models, exponential families, and variational
inference. Foundations and Trends in Machine Learning, 2008.

 More Experiments

RJ Giordano, T Broderick, and Ml Jordan. Linear response methods for accurate
covariance estimates from mean field variational Bayes. NIPS 2015.

RJ Giordano, T Broderick, R Meager, J Huggins, and M| Jordan. Fast robustness
quantification with variational Bayes. ICML Data4Good Workshop 2016.

RJ Giordano, T Broderick, and MI Jordan. Covariances, robustness, and
variational Bayes, 2017. Under review. ArXiv:1709.02536.
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