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Curse of dimensionality — problem

GP-UCB simple regret (Srinivas et al., 2010):
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Achieving e-accuracy requires 1’ growing exponentially in D!




Curse of dimensionality — solutions

1. Structural assumptions:

trust regions

random embeddings

variable selection

2. Non-linear surrogate



Smoother surrogates (“Vanilla BO”)
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f(x)

[ — Surrogate
X  Observations




Smoother surrogates (“Vanilla BO”)

Cov[f(x), f(x)] o< exp (— ] )

f(x)

[ — Surrogate
X  Observations
X




Pushing smoothness to the extreme

What if we replace the non-linear surrogate...
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Pushing smoothness to the extreme

...by a (Bayesian) linear regression?
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Pushing smoothness to the extreme

We always obtain acquisitions on the boundary!
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Spherical projection prevents boundary acquisitions
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Spherical projection in high dimensions

In high D, |x| ~ 1= P(x) =~ [x;0] (projection is nearly a no-op)
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Empirical results

Rover (60D) MOPTAO08 (124D) Lasso-DNA (180D) Amlodipine MPO (256D)
2.5 1 —220 1 —0.29
e 0.0 1 —240 A —0.30 1 g 0.5 1
= —2.5 —260 —0.31 ; = 04 |
2 =501 —280 | —0.32 £
& —7.5 1 —~300 A —0.33 - 2 0.3 1
R 100 | —3920 | —0.34 & 0.2 ;
~12.5 —0.35 {1 I
0 250 500 750 1000 0 250 500 750 1000 0 250 500 750 1000 0 10000 20000
SVM (388D) Ant (888D) Humanoid (6392D) Perindopril MPO (256D)
—0.05 0] 700 | 0.5 |
—950 |
£ —0.10 - _5(5)8 ] 600 - ) 0.4 ;
=z 500 - I ]
> —750 1 £ 0.3
. —0.15 { ~1000 - 400 - Z 0.2
R —0.20 | —1250 1 300 - A 1
—1500 11 200 A :
. ! . | — —1750 L : . . . . . : : : 0.0 17 , ,
0 250 500 750 1000 0 250 500 750 1000 0 250 500 750 1000 0 10000 20000
Iteration Iteration Iteration Tteration
Random search BAxUS TuRBO === inear [standard] === Exact [ours]
BOCK SAASBO === RBF [Vanilla BO]  ==== Linear [ours] Approximate [EULBO]




Why are these results so surprising?

To achieve state-of-the-art in high-dimensional BO, we need:

o linear surrogate™ (this talk)



What’s next?

Less:
. inventing new (complicated) structural-assumption methods

More:
. understanding fundamental mechanisms driving HDBO



Thank you!
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