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» 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 sketch (CB). After M iterations,

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

10K pts; norms, inference: closed-form

3
i —Rand —Unif
102. —I|S —FW
b
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O |
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0 200 400 600 800 1000
M
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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
subsampling %
Importance

sampling —

-—“.._—#/ - .- —
Frank-Wolfe . ____/ 7 . ____. |
e

e —®

M=10 M =100 M = 1000
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Real data experiments

— Uniform
g 10 X subsampling
° N : Frank Wolfe
lower ad N 4 coresets
error ::: :
E |
810 u
10- ' Data sets include:
Cresenwcrurme o Phishing
< « Chemical reactivity
less total time * Bicycle trips

e Airport delays

10 [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
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
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