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Microcredit

e Challenge: existing methods slow (and/or tedious, unreliable)

* QOur proposal: use efficient summaries of data

* Approximate sufficient statistics for simple, scalable
Bayesian inference with error bounds for finite data
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2. Arbitrary accuracy: d(7T, Tapprox) — 0
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Modern Bayesian inference

1. Scalability Markov chain Monte Carlo

subsampling MCMC

2. Arbitrary accuracy variational Bayes

3. Validation of approximation quality

consensus methods

this talk: we get all three!
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Monte Carlo E[f(6) | Y]~ T~ 30, f(6:) 0 "~ m(0]Y)

Markov chain Monte Carlo (MCMC) 6; not independent
Y = {y17y27'°°7yN}

.‘917 02 Problem: log p(Y|6) is expensive
o8 QN x T)
o/ to evaluate if N is large

Solution:

1. replace log p(Y|6) with a fast-to-
o 0T 0 compute proxy Z(6, g(Y))

.. \. 0. 2. choose 7(0, g(Y)) so approximate
°°°° A/ posterior is accurate
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Approximate Bayes review
Likelihood approximation and dataset compression
Approximate sufficient statistics
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* Question: how do we measure closeness of the exact and approximate
posteriors?

* Recall: want to compute means, variances, tail probabilities, etc.
 Good choice of measure: 1- and 2-Wasserstein distances dw
* Why? dw(p, q) small implies

* means and variances close

e (smoothed) tail probabilities close
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e(0) = [[Vglogp(Y]0) — Vel(6,9(Y))]2

(o) = PV gy - € mo(®)

Theorem (H. & Zou 2017, H. 2018). Assume

- gt is “well-behaved” and
. ¢(0) < e.

Then dw (7, 7) < cre.
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Tar = order M PASS-LR approximate posterior

Theorem (H., Adams, Broderick 2017).
Assume prior and data are “well-behaved”.

Then there existc>0and 0 < r < 1 such
that

dw(ﬂ', ﬁM) S Cd?“M

e Similar results for other GLMs
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Non-parametric models:
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Wasserstein distance bounds
from diffusions

Theorem (H. & Zou 2017, H. 2018).

Assume the diffusion converges at rate r(t).

Let I(r) = [r(t) dt.

Then dy (m,7) < I(r) Ez[[|b — b]2].
%% A/ - 2] b(@) — VQ og 7'('(9 Y)

b(0) = Vglog7(6|Y)

* Proof techniques:
- Stein’s method (for 1-Wasserstein version)

20



Wasserstein distance bounds
from diffusions

Theorem (H. & Zou 2017, H. 2018).

Assume the diffusion converges at rate r(t).

Let I(r) = [r(t) dt.

Then dy (m,7) < I(r)Ez[||b — EHQ]
SN~ =

\

TV
Cr €

* Proof techniques:
- Stein’s method (for 1-Wasserstein version)
A coupling argument + Ito’s lemma (for 2-Wasserstein version)
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