e MIT
g MIT STATISTICS |
B€EECS osmamenes piglh

EEEEEEEEEEEEEEEEEEEEEEEEEE

Part [I: Automated,

Scalable Bayesian

Inference via Data
Summarization

http://www.tamarabroderick.com/tutorial_2018_icml.htm|



Recap‘t‘iﬁ\

N\
@il TfWoodard
' etal 2017]

\"‘

[mc-stan.org]

0.020 - :
_[Gillon et al 2017]
z 001> F  Grimm et al 2018]
£ 0.010 | il
3 0.005 [Chan BalakrishnanBKuikka et al 2014]
PO .o [Julian Hertzog 2016] 201 7]f2allic Salmon Fund
0.0 0.5 1.0 ]



Recap i\

X

(”]’TfWoodard g S | BRI _

el Bl 207 | NS SICEERENEORM  [mc-stan.org]
0.020 — ' - LT

[Gillon et al 2017]

z 00151 Grimm et al 2018]
§ 0.003 [Chati, BalakrishnanfjKuikka et'al 2014] -
0.000 [Julian Hertzog2016] ~2017)f2altic Salmon Fund
0.0 0.5 1.0 ]



Recap‘t‘iﬁ\

N\
@il TfWoodard
' etal 2017]

\"‘

[mc-stan.org]

0.020 - :
_[Gillon et al 2017]
z 001> F  Grimm et al 2018]
2 0.010 |-
3 0.005 [Chan BalakrishnanBKuikka et al 2014]
PO .o [Julian Hertzog 2016] 201 7]f2allic Salmon Fund
0.0 0.5 1.0 ]



Recap i\

X
T ']’TfWoodard Ry e
el Bl 207 | NS SICEERENEORM  [mc-stan.org]
0.020 . : - ' AR
_[Gillon et al 2017] | '
z 001> F  Grimm et al 2018]
£ 0.010 |l » |
@ 0.005 ; [Chati, BalakrishnanfjKuikka et'al 2014]
000 [Julian Hertzog 2016] 2017 fBalc Salmon Funa
0.0 0.5 1.0 ]



Recap N

.i}fﬁNoodami R R L T T
i 3 = Stone et al 201 4] ERpTEriete)
0.020 - - ) . ' oY A V41
[Gillon et al 2017] | '
z 0015 Grimm et al 2018]
E 0.010 | | |
3 o e . . ' | b
S 0.005 ' [Chati, BalakrishnanfiKuikka etal 2014] .
0.000 EEREE [Julian Hertzog 2016] 201 7]fg2allc salmon Fund
0.0 0.5 1.0 ]

°
o.o
® o
...00‘0 ®
osp 27 o
.: f@‘.' °
° ’0’023
o ° ®



Recap

| T'j*”'.fWoodard 8 oNR L T
| - etal 2017] _ »5.:\‘\:\.[38.’[0@ 'etig‘;}[\2'~014] [mc—stan.o?g]
o [Gillon et al 2017] [ g 5
> 0.015 |- ",-#_Qrimm et al 2018] ) £1~
g 0.010 |- S O g @ [
8 0.005 3

[Chati, BalakrishnanfjKuikka etal 2014]
[Julian Hertzog 2016]2017)f2allic Salmon Funa




Recap

| r’j?”'.fWoodard 2R L S T
' . etal 2017] _ m\[Sth\}e 'etic";\l|:\2'~014] [mc-stan_o?g]
o [Gillon et al 2017] [ T | ~
> 0.015 |- ",-#_Qrimm et al 2018] ) fz |
g 0010 - L b N
8 0.005 ¢

[Chati, BalakrishnanfjKuikka etal 2014]
[Julian Hertzog 2016]2017)f2allic Salmon Funa




Recap

s '}”TfWoodard

" etal 2017] SNSRI OBV [mc-stan.org]
0.020

[Gillon et al 2017]

.:; i ' ‘G l( ‘-‘: 3
{Grimm et al 2018] B O < ] . f
" NN ' 17 3 5 = 5 & f;” i
AN A'\ : 7 :
.~'.‘~_ 2% \ % : aal
. J'q _ \\Il' !. A _“v) 4 o
; q‘ tlt Yy

0.015 |-

0.010 ‘;;{“;7' k. ; ) 2 7!( )

TN R
[Chati, BalakrishnanfKuikka etal 2014] -
[Julian Hertzog 2016] 2017 f2altlic Salmon Fund

eccentricity

0.005




Recap

\ > MR TR N stxeownposivon
X 3 g, T (2.98°N, 30.59°W)
8] .fWoodard S ol LY are I
etal 2017] [mc-stan.org]
0.020 r : i
_[Gillon et al 2017] |

> 0015 HGrimm et al 2018] -
S o '--*-1‘,———
£ 0.010 |- TS
(6]
8 0.005

[Chatl BalakrishnanBKuikka et al 2014]
[Julian Hertzog2016] ~2017)f2altic Salmon Fund

| Exact
posterior

[Bishop 2006] 9
1



! . > ‘ \ E A
%\ .' ~“ : A
) 1
: : ﬁl : .
W }".w s \\ \ Y AR
) ’ \ ~ ~
: ) W44 Y \
TR (8 Intended Flight Path
- :
) \
. LAY b W
\

Recapt S

e *’ [Woodard i, i i

et al 2017]

0.020 . : i
[Gillon et al 2017] |
z 0015 Grimm et al 2018]
£ 0.010 | e |
8 0.005 e [Chat| BalakrishnanjjKuikka 6t al 2014]
o000 R ! ~“Jioutian Hertzog 2016] - 2017)§53C Salmon Fund
0.0 0.5 1.0 ]

| Exact
posterior

[Bishop 2006] 0
1

* Proposal: efficient data summaries for fast, automated,
1 approximations with error bounds for finite data
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e Uniform data subsampling isn’'t enough
* Importance sampling for “coresets”

e Optimization for “coresets”

* Approximate sufficient statistics
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* [heoretical guarantees on quality
* Previous heuristics: data squashing, big data GPs
* Cft. subsampling

* How to develop coresets for Bayes”

Badoiu, Har-Peled, Indyk 2002; Agarwal et al 2005; Feldman & Langberg 2011; DuMouchel et al 1999; Madigan
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Bayesian coresets

» Posterior p(0]y) o<y p(y|0)p(6)
e Log likelihood £, () := logp(yn|9 Zc

» Coreset log likelihood L(w, 6) an
IIwHo <N
o g-coreset: ||[L(w) — L|| < e

 Bound on Wasserstein distance to exact posterior =
b\ound on posterior mean/uncertainty estimate quality
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[Huggins, Campbell, Broderick 2016; Campbell, Broderick 2017, 2018; Huggins, Kasprzak, Campbell,
Broderick, in preparation]
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Hilbert coresets

» Want a good coreset: min [|L(w) — L|]

weERN

s.t. w >0, ||w|lo <M

1L

* need to consider (residual) error direction
e sparse optimization
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Convex optimization on a polytope D
* Repeat:
1. Find gradient
2. Find argmin point on plane in D
3. Do line search between current = 7
point and argmin point Jaggi 2013]

 Convex combination of M vertices after M -1 steps
e Our problem: min [|[£(w) — L||?
c

weRN N
AN=L.— {wERN : Zanwna,wZO}

n=1

g(x)

Thm (Campbell, B). After M iterations,

o
L — L] <
I£w) — £ < =t —
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Gaussian model (simulated)

10K pts; norms, inference: closed-form
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|_ogistic regression (simulated)

10K pts; general inference

Uniform
subsampling

Importance
sampling

Frank-Woltfe

M = 1000
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Poisson regression (simulated)

10K pts; general inference

Uniform
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Importance
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e

e —®

M=10 M =100 M = 1000
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Real data experiments
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< « Chemical reactivity
less total time * Bicycle trips

e Airport delays

14 [Campbell, Broderick 2017]
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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
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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
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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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* Challenge: fast (compute, user), reliable inference
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Challenge: fast (compute, user), reliable inference
Fundamental questions
 What is achievable in speed and accuracy?
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