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Everyone heard of Bayesian/model-based optimization before?
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LMU | Bayesian Optimization
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LMU| Bayesian Optimization
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Bayesian Optimization
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Bayesian Optimization
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Bayesian Optimization
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LMU| Bayesian Optimization i)

Iter = 7, Gap = 3.8848e-01
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LMU | Gaussian Processes - Intuition
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Functional GP regression: Three functions drawn from prior (a) and
posterior (b) GP. Image credits: [Rasmussen, 2003].
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LMU

Gaussian Processes — Prior Components

(GP(mo(x), ko(x, X))

How to specify m(-), 8, 0% and k(-,-)
in absence of prior knowledge?
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LIMU|| Prior near-ignorance models

® |dea: Use set of 6, instead of precise 6,,. Fully specify the other
components.

e [Mangili, 2015] proposes imprecise Gaussian processes
{QP (Mh, ko(x,x") + #) ch=+1.M> 0}, given a base
kernel kgo(x, x") and a degree of imprecision ¢ > 0.
— set of posteriors with upper and lower mean estimates u(x)c,

fi(x)e

Note: See [Benavoli and Zaffalon, 2015] for background of imprecise GPs and
prior near-ignorance. 11 /35
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LMU| GLCB (Generalized Lower Confidence Bound)

* LCB(x) = —fi(x) + 7 -/ Var(u(x))

© GLCB(x) = —fi(x) +7 - \/Var(u(x)) +p - (A(x)c — p(x)c)
| : 4

~
“classical” uncertainty prior-induced imprecision

® 7 is the degree of risk-aversion

® / is the degree of ambiguity aversion

13/35
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LMU| GLCB — Results
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BO with GLCB on Graphene function. GLCB-1-50 means GLCB with
p =1, c =50. Data source: [Wahab et al., 2020].

Note: If not otherwise stated, all figures are based on own computations using 16 / 35
ggplot2 [Wickham, 2016], smoof [Bossek, 2017] and m1r(3)MBO [Bischl et al., 2017] /
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LMU

Recall: Gaussian Processes — Prior Components -

(GP(mo(x), ko(x, X))

How to specify m(-), 8, 0% and k(-,-)
in absence of prior knowledge?
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LMU | Recall: Gaussian Processes — Prior Components /=

(GP(mo(x), ko(x, X))

How to specify m(-), 0,,, 04 and k(-,-)
in absence of prior knowledge?
Answer': “Empirical Bayes”, i.e. §,, = arg maxg, L(0m|X¢), where
X is the incumbent design of iteration t.

lgiven by most software libraries 20 / 35




LMU| Weighted ML Estimation of 8, i)

® 0, =arg maxgy L(0,|X¢) requires an iid. sample

ind. . iden. .
£(01X.) "= [ tOmlx:) =" T F(Omlx:).
i—1 i=1

® jid. assumption is fulfilled for initial sample
7 in the course of the optimization, however, X; becomes biased

# can slow down BO performance
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Image credits: Pixabay (cc license)
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LMU| Example: Mexican Hat Function i)

Iter = 1, Gap = 3.2720e-04
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Example: Mexican Hat Function

Iter = 2, Gap = 3.2720e-04
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Example: Mexican Hat Function

Iter = 3, Gap = 3.2720e-04
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Example: Mexican Hat Function

Iter = 4, Gap = 3.2720e-04
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LMU| Example: Mexican Hat Function

Iter = 5, Gap = 3.2720e-04
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LMU| Example: Mexican Hat Function

Iter = 6, Gap = 3.2720e-04
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Example: Mexican Hat Function
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LMU | Example: Mexican Hat Function

Iter = 8, Gap = 2.6961e-04

0.5-
0.0- type
< —_y
-0.5- == yhat
= cb
_1_0 -
type
0.0-
@ init
=3 prop
-0.5-
B seq
-1.0- i
-5.0 -2.5 0.0 25 5.0
X
Iteration 8

23 /35



LMU | Example: Mexican Hat Function
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LMU | Example: Mexican Hat Function
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LMU | Example: Mexican Hat Function

Iter = 11, Gap = 4.6463e-06

0.5-
0.0- type
< —_y
—0.51 - = yhat
= cb
-1.0-
type
0.0-
@ init
=3 prop
-0.5-
B seq
-1.0- 1 T . t f
-5.0 -2.5 0.0 25 5.0
X
[teration 11

23 /35



LMU | Example: Mexican Hat Function
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LMU | Example: Mexican Hat Function
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LMU | Example: Mexican Hat Function
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LMU | Example: Mexican Hat Function

Iter = 15, Gap = 1.7741e-07
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LMU | Example: Mexican Hat Function
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LMU | Example: Mexican Hat Function

Iter = 17, Gap = 1.7741e-07
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LMU | Example: Mexican Hat Function
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LMU

Weighted ML Estimation

® |dea: Weight by potential gain of information at time of proposal
® Weights:

® Use variance (standard error) estimation at proposed point
® Compare to variances at n randomly sampled points
® Use empirical distribution function F(e)

) i F(x;
The weight w; of x; then is w; = Z,"(Fé))(,-)'

e Estimation:

® Draw x; (with replacement) with probability w;
* 0,(X;) =arg maxg L(0m|X), where X is the design matrix
of the so-generated sample

25 / 35
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LMU

Weighted ML Estimation — Preliminary Results
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Benchmarking of BO with weighted ML (blue) against classic unweighted
ML (magenta) on Mexican hat function with varying 7 in LCB. 200 BO
runs with initial sample size 4. Error bars depict 95-%-Cls.
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Do you have any questions?
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LMU | Questions!

® On what type of problems is weighted ML superior to standard
ML?

® Distance from local to global optima
® Edges?
® Why inferior to standard ML on wiggly functions?
e Benchmark GLCB (and weighted ML?) against “integrated

acquisition function” [Snoek et al., 2012], i.e. against (improper)
uniform hyperpriors?

2This is the native bayesian way to represent uncertainty over the prior. 31 /35
However, note that such a uniform prior reflects indifference rather than ignorance. /
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