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e Desiderata:
e Point estimates, coherent uncertainties
* |nterpretable, complex, modular; prior information

* Challenge: existing methods can be slow, tedious, unreliable

* QOur proposal: use efficient data summaries tor scalable,
automated algorithms with error bounds for finite data
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* Automation: e.g. Stan, NUTS, ADVI

[http://mc-stan.org/ ; Hoffman, Gelman 2014; Kucukelbir, Tran, Ranganath, Gelman, Blei 2017]
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* [heoretical guarantees on quality
* Previous heuristics: data squashing, big data GPs
* Cft. subsampling

 How to develop coresets for Bayes?

[Agarwal et al 2005; Feldman & Langberg 2011; DuMouchel et al 1999; Madigan et al 2002;
Huggins, Campbell, Broderick 2016; Campbell, Broderick 2017; Campbell, Broderick 2018]
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« Posterior p(0|y)
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* need to consider (residual) error direction
e sparse optimization
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10K pts; norms, inference: closed-form
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|_ogistic regression (simulated)

10K pts; general inference
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Poisson regression (simulated)

10K pts; general inference
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Real data experiments
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p(y1.n|x1:N, 0)
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H exp - n(6),

} -1(0)

e Scalable, single-pass, streaming, distributed,
MCMC

complementary to
e But. Often no simp
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Data summarization

e Exponential family likelihood . . .
P y Ik€INO0A  gyfficient statistics

p(yi:n|T1:N,0) = H exp [L(Yn, Tn) - 1(0)]

{Z T'(yn, Cl’/'n)} -1(0)

e Scalable, single-pass, streaming, distributed,
complementary to MCMC

» But: Often no simple sufficient statistics

 E.g. Bayesian logistic regression; GL]\MS; "deeper’ models
1

(_ynxn ' 9)

* QOur proposal: (polynomial) approximate sufficient statistics
15

= exp

o Likelihood p(y1:n|T1:n,0) = H 1 + exp

n=1
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Data summarization

> Algorithms > Criteo Releases its New Dataset

Criteo Releases its New Dataset

By: Cri / 31 Mar 2015

oM data points, 1000
features

e Streaming, distributed;
minimal communication

e 22 cores, 10 sec

* Finite-data guarantees on
Wasserstein distance to
exact posterior

130.0

time (sec)
(@))]
D
o

32.0

16.0

1 2 4 8 16
cores

[Huggins, Adams, Broderick 2017]
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Conclusions

 Data summarization tor scalable, automated approx.
Bayes algorithms with error bounds on quality for
finite data

* (Get more accurate with more computation investment

I
—GIGA —FW =RN

* Coresets 10 k fi

o Approx. suff. stats g 19 L :
lowerf % N\ o

ot =

» A start error f 17 S~
| 910~ \\ |

* Lots of potential %0 :
improvements/ o \ |
directions B :

0.1 0.5 1

Relative Total CPU Time

17 [Campbell, Broderick 2018]
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Practicalities

* Choice of norm
* E.g. (weighted) Fisher information distance

|£(w) = L|IZ p =Bz [[VL(O) = VL(w,0) ]3]

* Associated inner product:
(L Lon)ar =Bz [VLL(0) VL, (0)]
 Random feature projection
J
D
(Lns L), p R — > (VL(05)a, (VLm(6;))d;
7=h g W Unit{1,..., D}, 0; TF

Thm sketch (CB). With high probability and large

enough J, a good coreset after random feat. proj.

is a good coreset for (L£,)n_,
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Full pipeline

random fgature Frank-Wolfe
projection

2 oo W o
.-‘ O(NJ) O(NJM)

+ COoSt T
N M J

dataset size coreset size projection dim  MCMC steps

e vs. O(NT)
e Can make streaming, distributed



