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“Arts” Budget “Children” “Education”

NEW MILLION CHILDREN  SCHOOL [B|e| et al

FILM TAX WOMEN STUDENTS

SHOW PROGRAM PEOPLE SCHOOLS 2003]

MUSIC BUDGET CHILD EDUCATION

MOVIE BILLION YEARS TEACHERS

PLAY FEDERAL FAMILIES HIGH

MUSICAL  YEAR WORK PUBLIC

BEST SPENDING PARENTS ITEACHER

ACTOR NEW SAYS BENNETT

FIRSI STATE FAMILY MANIGAT

YORK PLAN WELFARE NAMPHY

OPERA MONEY MEN STATE

ITHEATER PROGRAMS PERCEN'] PRESIDEN']

ACTRESS GOVERNMENT CARE ELEMENTARY

LOVE CONGRESS LIFE HAITI
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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Modern problems: often large data, large dimensions
e Variational Bayes can be very fast

Standard eQTL mapping with covariates and hidden 1aclors

Standard ¢QTL mapping with covariates
Standard eQTL mapping

[Stegle et al 2010]
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type factors
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will housc young artists and provide new public facilitics. The Metropolitan Opera Co. and
New York Philharmonic will receive $400,000 each. The Juilliard School, where music and
the performing arts are taught, will get $250,000. The Hearst oundation, alcading supporter
of the Lincoln Center Consolidated Corporate Fund, will make its usual annual 10000
donation, too.

H
i

[Airoldi et al 2008]

[Gershman et al 2014]

-

)]
v

[Blei et al 2018]



Variational Bayes

Modern problems: often large data, large dimensions
e Variational Bayes can be very fast

“Arts” “Budgets” “Children” “Education” Standard eQTL mapping with covariates and hidden 1aclors
. ) Standard ¢QTL mapping with covariates [Stegle et al 201 O]

NEW MILLION CHILDREN  SCHOOL [Ble| et al (Standard eQTL mapping

FILM TAX WOMEN STUDENTS ’ Age Environment Interactions

SHOW PROGRAM PEOPLE SCHOOLS 2003] (So"i':;ase state Gender Temperature Do eI

MUSIC BUDGET CHILD EDUCATION Tissue) Environment Concentration NomBnesr effects

MOVIE BILLION YEARS TEACHERS

PLAY FEDERAL FAMILIES HIGH

MUSICAL  YEAR WORK PUBLIC Genos Hidden + || others | +

BEST SPENDING PARENTS TEACHER type factors

ACTOR NEW SAYS BENNETT

FIRST STATE FAMILY MANIGAT

YORK  PLAN WELFARE  NAMPHY Y(1)(8S) YOF) YO®X v

OPERA MONEY MEN STATE . ’

THEATER PROGRAMS PERCENT PRESIDENT

ACTRESS GOVERNMENT CARE ELEMENTARY

LOVE CONGRESS LIFE HAITI
The William Randolph Hearst Foundation will give S1.2 n to Lincoln Center, Metropoli-
tan Opera Co., New York Philharmonic and Juilliard School. *Our board felt that we had a GERS Fguistony soquances -
real opportunity to make a mark on the future of the performing arts with these [s an acl " il N 4 s -
cvery bit as important as our traditional arcas of support in health, medical rescarch, education o on uly -
and the social Hearst Foundation President Randolph A. Hearst said Monday in & -

Lincoln Center’s share will be 5200000 for its new which
new public facilities. The Metropolitan Opera Co. and
New York Philharmonic will receive each, The Juilliard School, where music and
the performing arts are taught, will get $250,000. The Hearst oundation, alcading supporter
of the Lincoln Center Consolidated Corporate Fund, will make its usual annual 10000
donation, too.

=l I
He

ncing the gran
will house young artists and provide

N4 XN

[Airoldi et al 2008]

i

/3 ‘.—

gone regulstory

factors
’ mw’"’”’
proteins
TATA box C—
—

start of
upstream transcription

general trasacription

@‘@

@

[Gershman et al 2014]

promoter

[Xing et al 2004]
[Xing 2003]

[Blei et al 2018]



Roadmap

 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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Approximate Bayesian Inference
» Gold standard: Markov Chain Monte Carlo (MCMC) Douest. |

Holmes

e Eventually accurate but can be slow 20171
Instead: an optimization
0
p(0]y) approach
CLOSE e Approximate posterior
with g*

q" = argmin . f(q(-), p(-|y))

* Variational Bayes (VB): fis Kullback-Leibler divergence

KL(q()|lp(-ly))

* VB practical success: point estimates and prediction, fast,
streaming, distributed (3.6M Wikipedia, 350K Nature)

[Broderick, Boyd, Wibisono, Wilson, Jordan 2013]
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KL (q(-)[|p(-]y))
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Why KL?

+ Variational Bayes p(0]y)
q" = argmin oKL (¢(-)[|p(-|y)) CLOSE
KL (¢()[p(-y))
= [ atoy1os s
— [ a(@y105 S5 W a0 togpty) ~ [ a(6)1og” 2 ap

"Evidence lower
» Exercise: Show KL > 0 @ishop2006,sec 1611 pound” (ELBO)

« KL > 0= logp(y) > ELBO
e ¢ = argmax, oELBO(q)

 Why KL (in this direction)?
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Variational Bayes ¢ = argmin, oKL (q()|p(-]y))

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

CLOSE (MFVB)

QMFVB = {q 1 q(0) = H (Jj(ej)}

* 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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» Catalogued midge wing lengths (mm) y = (y1,...,yn)
 Parameters of interest: population mean and variance ,
. Model: ,, 0= (p,07)
p(yl0) 1 yn Y N(u,0%), n=1,...,N
p(0): (0°)"' ~ Gammal(ag, bo)
plo® ~ N (po, o)
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* MFVB approximation:
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Microcredit Experiment

 Simplified from Meager (2018a)

e K 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
Ukn  ~ N(uk + TenTe, o)
* Priors and hyperpriors:

() ((£)) (2)=e(()

0.2 % T(a,b) C ~ Sep&LKJ(n, ¢, d)
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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

|Giordano, Broderick, Meager, Huggins, Jordan 2016; Giordano, Broderick, Jordan 2017]
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How to optimize: MFVB

» Conditionally conjt
e Coordinate asce

gate model

Nt N di,...,{J [MacKay 2003, Bishop 2006]

e ELLBO in closed for

il

e E.g. p(-]y) nice enough (e.g. exponential family
components) and familiar g (e.g. exp fam)

* Optimize over variational params (method of choice)
e Continuous parameters

 Assume Gaussian g (possibly in transtormed space)

o Automatic differentiation variational inference (ADVI)

[Kucukelbir et al 2015, 2017]
Baydin et al 2018]
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