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Blackbox Function Optimization

a.k.a derivative-free optimization, _
experimental design, Goal:
(continuous) multi-armed bandit

Ouf'pr

Challenges:

® fIs expensive to evaluate
e fis multi-peak

e no gradient information

e cvaluations can be noisy

(Kim et al
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x* = argmax f(x)
box L' cR?
or | |=M

., 2017; Snoek et al., 2012; Gonzalez et al., 2015)
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a.k.a derivative-free optimization,

experimental design, Goal: X* = argmax f(X)
(continuous) multi-armed bandit box I cR¢
or || =M

Challenges:

® fIs expensive to evaluate
e fis multi-peak

e no gradient information

e cvaluations can be noisy

Synthetic
Gene

(Kim et al., 2017; Snoek et al., 2012; Gonzalez et al., 2015)
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Blackbox Function Optimization

a.k.a derivative-free optimization,

experimental design, Goal: X* = dargmax f(X)
(continuous) multi-armed bandit box I cR¢
or || =M

Empirical Loss

— 78]
Hyper- 3

parameters\GfE

Challenges:

e fis expensive to evaluate
e fis multi-peak

e NO gradient information

e cvaluations can be noisy

(Kim et al., 2017; Snoek et al., 2012; Gonzalez et al., 2015)
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Bayesian Optimization

Idea: build a probabilistic model of the function f

‘LoOP B

e choose new guery point(s) to evaluate

e update mode| )
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Bayesian Optimization

Idea: build a probabilistic model of the function f

‘LoOP B

e choose new query point(s) to evaluate
decision criterion: acquisition function o (-)

o ¢ update model )
x* = argmax f(x)
a ) Ouf’pr L CcR?
! 7(_/“ x, = argmax a,(x)
npv Jf L CR?
t=1,---.T
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Gaussian Processes (GPs)

e probability distribution over functions
e any finite set of function values has a multivariate Gaussian distribution

Output f(x)

e W

Input
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Gaussian Processes (GPs)

e probability distribution over functions

e any finite set of function values has a multivariate Gaussian distribution

e kernel function k(-,-); mean function u(+)

f(z1)

:u(xl) k(xlvxl)v T k(xlawn)
|~ N | 3 f
f(xn) :u(wn) k(xnv $1)7 R k($n7 Zl?n)

e function f ~ GP(u,k); observe noisy output at L

yT:f(xT)_i_Ev ENN(0702)
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Gaussian Processes (GPs)

Samples from the prior Samples from the posterior
i Ot
& S i

1 t-1

Given observations D; = {(z-,y.)}._} , predict posterior

mean and variance in closed form via conditional Gaussian

pi—1(2) = ki1 () (Kim1 + 0°1) "y
or1(2)? = k(z,2) — ke1(2)' (K1 + 021 ey (2)
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Bayesian Optimization

Idea: build a probabilistic model of the function f

‘LoOP B

e choose new query point(s) to evaluate
decision criterion: acquisition function o (-)

o ¢ update model )
ST x* = argmax f(x)
2 b LR

S
::O v
X, = argmax a,(x)
L CR?
> t=1,---,T
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Gaussian process upper confidence bound

lteration 1
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Input x

Prior: f ~ GP(u,k)

At iteration t,

» predict the posterior pi—1(x) and o7 {(x)

* pick an input by optimizing the acquisition function
X, = argmax u,_,(x) + po,_;(x)

(Auer, 2002; Srinivas et al., 2010)
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Gaussian process upper confidence bound
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Gaussian process upper confidence bound

lteration 3
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Gaussian process upper confidence bound
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Gaussian process upper confidence bound

lteration 5
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Gaussian process upper confidence bound
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Gaussian process upper confidence bound

lteration 7

Output f(x)

Prior: f ~ GP(u,k)

At iteration t,

» predict the posterior pi—1(x) and o7 {(x)

* pick an input by optimizing the acquisition function
X, = argmax u,_,(x) + po,_;(x)

(Auer, 2002; Srinivas et al., 2010)

Zi Wang (MIT CSAIL) 14




Gaussian process upper confidence bound
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Gaussian process upper confidence bound
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Gaussian process upper confidence bound
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Gaussian process upper confidence bound
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Output f(x)

Prior: f ~ GP(u,k)

At iteration t,

» predict the posterior pi—1(x) and o7 {(x)

* pick an input by optimizing the acquisition function
X, = argmax u,_,(x) + po,_;(x)

(Auer, 2002; Srinivas et al., 2010)

Zi Wang (MIT CSAIL) 19




Gaussian process upper confidence bound
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Challenges in Bayesian optimization

* petter acquisition function
* high dimensional input space
* large scale observations

e patch selection of queries

* prior estimation
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Challenges in Bayesian optimization

check out ziw.tyi
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Challenges in Bayesian optimization

check out ziw.tyi

* large scale observations

&batch selection of queries

(better acquisition function \

* high dimensional input space

prior estimation

~
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Bayesian optimization with an unknown prior

Estimate “prior” from data
« maximum likelihood
* hierarchical Bayes
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Bayesian optimization with an unknown prior

Estimate “prior” from data Which comes first?
Data or prior? P

« maximum likelihood
* hierarchical Bayes

e Regret bounds exist only when prior is assumed given
e pbad settings of priors make BO perform badly and seem to

0e a bad approach

Ben Recht
@beenwrekt

Bayesian Optimization and other bad ideas for tuning
hyperparameters.
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Bayesian optimization with an unknown prior

* Our idea: learn the “prior” from past experience with
similar functions

* Assumption: we can collect data on functions
sampled from the same prior

[Wang*&Kim*&Kaelbling, NIPS 2018]
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BayeS|an optimization with an unknown prior

| meta / multi-task / transfer learning
* Our idea: learn the “prior” from past experience with
similar functions

* Assumption: we can collect data on functions
sampled from the same prior  fi.f5. =, fy ~ GP(u, k)
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Bayesian optimization with an unknown prior

@eric knowledge on func@

distribution over functions w fi15 s o f ~ GP(u, k)

new

function 1 function 2
e @ function

observations of
function values [Wang*&Kim*&Kaelbling, NIPS 2018]
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Meta Bayesian optimization with an unknown prior
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Meta Bayesian optimization with an unknown prior
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Meta Bayesian optimization with an unknown prior
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Regret bound for meta BO with unknown prior

Theorem (informal) simple regret: rp = maxf(x) — maxf{x,)

Important assumptions:
* meta-training functions come from the same prior
* enough number of meta-training functions N > O(max(T, M))

e kernel function is bounded

[Wang*&Kim*&Kaelbling, NIPS 2018]
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[Wang*&Kim*&Kaelbling, NIPS 2018]

Discrete input space |<4[=M

Prior estimation with meta training data {[(x, y)1%,}Y
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basis functions mean parameter  covariance parameter

/ N

f=0x)!'W~GP(u,k) W~ Nu,X)
u(x) = ) u  k(x,x) = Ox) TP
N N

L [T -

//

X)W, = ¥, = W, = @000 oY,

estimate its mean and covariance to construct GP prior
[Neal, 1996; Wang*&Kim*&Kaelbling, NIPS 2018]
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Empirical results on block picking and placing

meta-training data N = 1500, M = 1000 test function

Bayesian Optimization

Zi Wang (MIT CSAIL) 29



[Wang*&Kim*&Kaelbling, NIPS 2018]

Empirical results on block picking and placing

meta-training data N = 1500, M = 1000

| / _—

— Qur method
—UCB
— [ransLearn
— Rand

#evaluations on test function

=
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Zi Wang (MIT CSAIL)

30

29

test function

Bayesian Optimization



[Wang*&Kim*&Kaelbling, NIPS 2018]

Empirical results on block picking and placing

meta-training data N = 1500, M = 1000 test function
- / J— e —a N f —

= —Our method | S

S —UCB 5

- —TransLearn | — Our method
= —Rand -5 - —UCB
-6 #evaluations on test function _. | #proportion of total meta-training fupctions

0 5 10 15 20 25 30 0.00 001 002 0.03 004 005 0.06 0.07 0.08 0.09
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Summary

* aregret bound for meta Bayesian optimization with an
unknown prior but with assumptions on available data

e future directions
e what if basis functions are unknown?
e goodness-of-fit test for functions?
* how to reduce the dependency on large N?
N = O(max(7T,M))
e are there better estimators than unbiased ones?
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Bayesian Optimization



