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 Bayes & Approximate Bayes setup
 What Is:
e Variational Bayes (VB)
 Mean-field variational Bayes (MFVB)
 Why use VB” Some VB successes (speed, accuracy)
 Some VB failure modes, and partial solutions
* Ease of use / automation

o Automatic differentiation variational inference (ADVI)
and beyond
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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
6
p(0]y) approach
FAR * 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)

4 [Broderick, Boyd, Wibisono, Wilson, Jordan 2013]
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+ Variational Bayes POly)
¢ = argmin,c oKL (¢(-)[[p(-[»)) FAR
KL (¢()[p(-y))
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"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
AR (MFVB)

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

» Often also exponential family

 Nota modeling assumption
_ MFVB applrox

Now we have an optimization

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

[Bishop 2006]
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Sensor readings of log PM2.5 vy = (y1,...,ynN)
Parameters of interest: PM2.5 mean and precision
Model (conjugate prior): [Exercise: find the posterior] 0= (1, 7)
p(ylo) : yu CN (),
p(@): 1~ Gamma(ag, bg)
plT ~ N (po, (po) ™)
Exercise: check

p(s Tly) # frlp,y) f2(7,y)
MEVB approximation:

¢ (1, 7) = q,, (1) g7 (1) = argming o  KL(g()|[p(-[y))
Coordinate descent [Exercise: derive this] isishop 2006, Sec 10.1.3]

q (1) = N(plpn, py') “variational
q¢;(7) = Gamma(7|ay,by) parameters”

[Krongut 2020]
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Microcredit Experiment

o Simplified from Meager (2019)

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
Ykn  ~ N (g + TinTr, or)

* Priors and hyperpriors:
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Microcredit

MFVB: How will we know it it's working??
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» Click-through conversion prediction

o Q: Will a customer (e.qg.) buy a product after clicking?
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Means
e One setof 2500 N
MCMC draws: Parameter
45 minutes m ®| #
o 10 “:
+ MFVB =" :
optimization: N tog(e?)
<1 min
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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 2018]
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* Jopic discovery

“Arts” “Budgets” “Children” “Education”
NEW MILLION CHILDREN SCHOOL

FILM TAX WOMEN STUDENTS
SHOW PROGRAM PEOPLE SCHOOLS
MUSIC BUDGET CHILD EDUCATION
MOVIE BILLION YEARS TEACHERS
PLAY FEDERAL FAMILIES HIGH
MUSICAL YEAR WORK PUBLIC

BEST SPENDING PARENTS TEACHER
ACTOR NEW SAYS BENNETT
FIRST STATE FAMILY MANIGAT
YORK PLAN WELFARE NAMPHY
OPERA MONEY MEN STATE
THEATER PROGRAMS PERCENT PRESIDENT
ACTRESS GOVERNMENT CARE ELEMENTARY
LOVE CONGRESS LIFE HAITI

The William Randolph Hearst Foundation will give $1.25 million to Lincoln Center, Metropoli-
tan Opera Co., New York Philharmonic and Juilliard School. “Our board felt that we had a
real opportunity to make a mark on the future of the performing arts with these grants an act
every bit as important as our traditional areas of support in health, medical research, education
and the social services,” Hearst Foundation President Randolph A. Hearst said Monday in
announcing the grants. Lincoln Center’s share will be $200,000 for its new building, which
will house young artists and provide new public facilities. 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 Foundation, a leading supporter
of the Lincoln Center Consolidated Corporate Fund, will make its usual annual $100,000
donation, too.

[Blei et al 2003]
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e Even with unimodal 1D distributions, can have small
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_ but arbitrarily large mean or variance differences
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Nt still provide accuracy improvements "most” of the

time In practice; see a systematic comparison shortly
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* But often too slow to run

 Dominant black-box variational method: “Automatic
differentiation variational inference” (ADVI)
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PyMC, Edward, etc.
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X No clear convergence criterion (unlike variational
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X Cannot apply linear response methods to correct the

posterior (co)variances [Giordano, Broderick, Jordan 2015, 2018]

« DADVI: | Code, but not yet in major prob prog langs
Can use more reliable optimization tools. We use trust-

region Newton conjugate gradient (trust-ncg in scipy)
&4 No tuning parameters thanks to second-order methods

&4 Clear convergence criterion: gradient norm near zero
&4 Can correct posterior variances with linear response
More functionality: e.qg. estimate of sampling variability
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Sometimes it takes too long to run MCMC

ADVI Is a great starting point for using variational Bayes
 No need for manual derivations; in major languages
 Mean-field is the computationally faster option

* |f you can run full-rank, can you run MCMC?

VB Is known to typically struggle with estimating posterior
variances. Sometimes it has trouble with posterior means

DADVI can help with: (1) More reliable optimization, (2)
No tuning, (3) Clear convergence. Specific to our work:
(4) Posterior (co)variance corrections via linear response,
(5) Estimates of sampling variability, (6) Small # of
samples, (7) Sensitivity

* |n any case, it's worth being aware of ADVI challenges




What to read/do next
Refs for Experiments Etc.

Textbooks and Reviews

* Murphy. Probabilistic Machine
Learning: Advanced Topics, Ch 10.
2023.

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

 Blei, Kucukelbir, McAuliffe. Variational
inference: A review for statisticians,
JASA 2017.

 MacKay. Information Theory,
Inference, and Learning Algorithms,
Ch 33. 2003.

 Ormerod, Wand. Explaining variational
approximations. Amer Stat 2010.

Do the exercises, and try it

out!
* ADVIis a great place to start

Example Languages

é5 PyMC, Stan, Edward

R Giordano, T Broderick, and MI Jordan.
Covariances, robustness, and variational
Bayes. JMLR 2018.

R Giordano*, M Ingram*, and T Broderick.
Black Box Variational Inference with a
Deterministic Objective: Faster, More
Accurate, and Even More Black Box. JMLR
2024. (ArXiv 2023. *equal contribution)

Burroni, Domke, Sheldon. Sample Average
Approximation for Black-Box VI. ArXiv 2023.

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

R Giordano, T Broderick, R Meager, JH
Huggins, and Ml Jordan. Fast robustness
quantification with variational Bayes. ICML

Data4Good Workshop 2016.

J Huggins, M Kasprzak, T Campbell, T
Broderick. Validated Variational Inference
via Practical Posterior Error Bounds.
AISTATS 2020.
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