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Challenges in Engineering Design

The society demands new products of better quality,
functionality, usability, etc.!

4 Engineering
"~ Design Process

Many choices at each step.

Complicated and high dimensional.

Difficult for individuals to reason about.

Prone to human bias.

Optimization is a challenging task in new products design!
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Example: Deep Neural Network for object recognition.

Prediction y
— It
error

input layer

hidden layer 1 hidden layer 2

Parameters to tune: Number of neurons, number of layers,
learning-rate, level of regularization, momentum, etc.
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Example: new plastic solar cells for transforming light into electricity.
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Explore millions of candidate molecule structures to identify the
compounds with the best properties.
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Example: control system for a robot that is able to grasp objects.

b

Grasp Quality
Evaluation
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Finger Joint Trajectories
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Parameters to tune: initial pose for the robot’s hand and finger joint

trajectories.
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Optimization Problems: Common Features

Xt Objective Y: X¢ —
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e Very expensive evaluations.

e The objective is a black-box.

e The evaluation can be noisy.

Bayesian optimization methods can be used to solve these
problems!
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Bayesian Optimization vs. Uniform Exploration
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Function evaluations

Tuning LDA on a collection of Wikepida articles (Snoek et al., 2012).
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Fitting a Model to the Data

hj(x) = tanh (Zle xiwﬁ)

Jx) =00 vihy(x)

Posterior Dist. p(W|Data) = p(W)p(Data|W)/p(Data)

Predictive Dist. p(y[Data, z) = [ p(y|W,z)p(W|Data)dW

Challenges: The model should be non-parametric (the world is
complicated) and computing p(Data) is intractable!

Solved by setting p(W) =[], N (w;i|0,02H~1) and letting H — oc!
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Gaussian Processes

Distribution over functions f(-) so that for any finite {x;} ,,

(f(x1),...,f(xn))T follows an N-dimensional Gaussian distribution.

When H — oo, (f(x1),...,f(xn))T follows an N-dimensional Gaussian
where E[f(x;)f(xk)] = 02E[h;j(x;)hj(xk)] by the central limit theorem.

Due to Gaussian form, there are closed-form solutions for many
useful questions about finite data.
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e The joint distribution for y* at test points {x’,}M_, and y:

o= ([a] [ i )

e These matrices are computed from the covariance C(,-; 0):
[KG]n,n’ = C(X,,, Xp's 9)
[koln,m = C(Xn, X}, 0), [K6]m,m = C(X5, X5y 0)

m»

e The predictive distribution for y* given y, p(y*|y), is:

y ~N(m, X)
m=k; Kyly, 2 = kg — kg Ky kg,

e The log of the marginal likelihood, p(y|0), is:

N 1 1 1o
log p(y) = — log 27 — - log|Ky| — Sy 'Ky
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Some Covariance Functions

Squared Exponential
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Some Covariance Functions

Squared Exponential Matérn

C(x,x') = o2 exp {% v, (zgl—Jaé)?} C(x,x') = %1(;; (@)VKV (@)

Neural Network

C(x,x') = 2sin~! pdh>.
’ T \/(1+2xT2x)(1+2x~T2x’)
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Some Covariance Functions

Squared Exponential Matérn
P 2 1-v vr v vr
C(x,x') = azexp{%zj (z’lj 7) } C(x,x') = %(V) (A%L) K, (@)
Neural Network Periodic

sin? (2l
C(x,x') = Zsin™! (\/( 2x” Six )) C(x,x') = exp {—2(1722)}

142xT¥x)(14+2x T Bx’
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From the Prior to the Posterior

GP regression provides a closed-form posterior distribution for f(-).

—— Ground Truth
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Using the GP Uncertainty in Optimization

Where to evaluate next?

e Exploration: seek places with high variance.
e Exploitation: seek places with low mean.

The acquisition function balances these two, to choose in an
intelligent way the next evaluation point!

Ot(X) = IE"p(y*|17,\,,x) [U(y*\x, DN)]
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Some Acquisition Functions

Let v = min{yl, . ,YN} and 7(x) = V;&()X)

¢ Probability of Improvement:

U(y*IDn,x) = I(y, < v), a(x) = & (y(x))

e Expected Improvement:
U(y*|Dn,x) = max(0, v — y), a(x) = a(x) (v(x)® (v(x)) + ¢(7(x)))
¢ Lower Confidence Bound:

o) = — (u(x) - ro(x))

e Entropy Search:

U(y*[Dn,x) = Hlp(Xmin|Dn)] = Hlp(xmin| D U {x, y*})]
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Some Acquisition Functions: Prob. Improvement
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Some Acquisition Functions: Exp. Improvement
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Some Acquisition Functions: Lower Conf. Bound
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Some Acquisition Functions: Entropy Search
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Bayesian Optimization and Model Selection
e Covariance function selection: critical to achieve good

performance. The default choice for regression (squared
exponential) is too smooth. Matérn v = 5/2 kernel works better.

17 /39



Bayesian Optimization and Model Selection

e Covariance function selection: critical to achieve good
performance. The default choice for regression (squared

exponential) is too smooth. Matérn v = 5/2 kernel works better.

0.28
— Matern 52 ARD
0.275} — SqExp
\ ——— SgExp ARD
3 027 J“ Matern 32 ARD
< 0.265F
s 0.26 i
g oo \ TNH H HH'HHH,
T 0285 ) R
= 0.25
0.245
0.24 1 1 1 1 1
0 20 40 60 80 100

Function evaluations

Structured SVM for protein motif finding (Snoek et al., 2012).
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Bayesian Optimization and Model Selection

e Hyper-parameter selection: with a small number of observations
maximizing p(y|6) can give too confident uncertainty estimates.

e Sampling the hyper-parameters: computing p(fly) is
intractable! Alternative: generate a few samples form p(é|y) using
MCMC.

Slice sampling means no additional hyper-parameters!

p(6)

9n_1in u Qn)ax

o(T) 0
(Neal, 2003) 18/39
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Integrated Acquisition Function

K

a(x) = / a(x; 0)p(6ly)d ~ — Z % 08 9k ~ p(oly),

Posterior samples
with three different
length-scales

Length-scale specific

expected improvement
N
\A —— ANN

Integrated expected
improvement

(Snoek et al., 2012)
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MCMC estimation
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Logistic regression on the MNIST (Snoek et al., 2012).
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Cost-sensitive Bayesian Optimization

e Different inputs may have different computational costs, e.g.,
training a neural network of increasing hidden layers and units.
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Cost-sensitive Bayesian Optimization

e Different inputs may have different computational costs, e.g.,
training a neural network of increasing hidden layers and units.

e Better to do cheap evaluations before expensive ones!
e The evaluation costs are unknown but they can be recorded and

then modeled with an additional Gaussian process.

Expected Improvement per-second:

a(x) (Y (x)® (v(x)) + ¢(+(x)))
exp {Mlog-time(x)}

a(x) =

(Snoek et al., 2012)
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Cost-sensitive Bayesian Optimization
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Deep neural network on the CIFAR dataset (Snoek et al., 2012)
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Several Objectives and Constraints

Optimal design of hardware accelerator for neural network predictions.
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Several Objectives and Constraints

Optimal design of hardware accelerator for neural network predictions.
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Constrained Multi-Objective Optimization
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Bayesian Optimization Methods
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The Pareto set X'* in the feasible space is a random variable!

Information is measured by the entropy of p(X*|Dy).
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x* X~

The acquisition function is
a(x) = Hx|Di] - By[HD: U x5} [Pex] (1)

Computing (1) is very
difficult in practice!
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collecting y at x.
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Parallel Bayesian Optimization

Traditional Bayesian optimization is sequential!

Black-box

: Xe =) Objective - Y
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Computing clusters let us do many things at once!
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Parallel experiments should be highly informative but different!
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Parallel Predictive Entropy Search

Choose a set @ points S; = {x Q  to minimize the entropy of x*.
p qJg=1 py

H[x*|D¢] — Ey [H[x*| D¢ Utxq v}

|

HYDex] — EL[HIDex, 3] [Dex] = MG y) (Parallel PES)

SN N

Multi-variate | (Approximated by

Gaussian | |sampling from p(x*|D;)
distribution

Dt,x} = MI(y, x*) (Parallel ES)

with expectation propagation
x* is better than any other point in X’

Multivariate Gaussian approximation ]

a(S;) =log|VFP(S,)| — 37 Yooy log [VEPP(Sy[xt, ) )|

It is possible to compute the gradient of a(-) w.r.t. each x; € S;!

(Shah and Ghahramani, 2015)
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Parallel Predictive Entropy Search: Level Curves
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Parallel Predictive Entropy Search: Results

—  PPES
4 ELMCMC
[\ —— SMUCB
” — BUCB
—— UCBPE
() 3
N
o= 5
a ¢
=
Q
+—
© 1
Q0
0(1 % 10 15 20
<t 4

batch_size
regret

5 10 15 20 0 10 20 30 40 10 20 30 40 0 10 20 30 40
t t t t

(a) boston (b) hydrogen (c) rocket (d) robot

(Shah and Ghahramani, 2015)

36/39



Software for Bayesian Optimization

Many of the methods described are implemented into
Spearmint using Python.
https://github.com/HIPS/Spearmint

37/39


https://github.com/HIPS/Spearmint

Software for Bayesian Optimization

Many of the methods described are implemented into
Spearmint using Python.
https://github.com/HIPS/Spearmint

Spearmint’s super-nice features:

@ Easy problem configuration (JSON file) and wrapper calling.

37/39


https://github.com/HIPS/Spearmint

Software for Bayesian Optimization

Many of the methods described are implemented into
Spearmint using Python.
https://github.com/HIPS/Spearmint

Spearmint’s super-nice features:

@ Easy problem configuration (JSON file) and wrapper calling.
® GP hyper-parameter sampling via slice sampling (MCMC).

37/39


https://github.com/HIPS/Spearmint

Software for Bayesian Optimization

Many of the methods described are implemented into
Spearmint using Python.
https://github.com/HIPS/Spearmint

Spearmint’s super-nice features:

@ Easy problem configuration (JSON file) and wrapper calling.
® GP hyper-parameter sampling via slice sampling (MCMC).

© Allows for non-stationary functions via betawarp.

37/39


https://github.com/HIPS/Spearmint

Software for Bayesian Optimization

Many of the methods described are implemented into
Spearmint using Python.
https://github.com/HIPS/Spearmint

Spearmint’s super-nice features:
@ Easy problem configuration (JSON file) and wrapper calling.
® GP hyper-parameter sampling via slice sampling (MCMC).
© Allows for non-stationary functions via betawarp.

O Supports ignoring variables in some objectives or constraints.

37/39


https://github.com/HIPS/Spearmint

Software for Bayesian Optimization

Many of the methods described are implemented into
Spearmint using Python.
https://github.com/HIPS/Spearmint

Spearmint’s super-nice features:

@ Easy problem configuration (JSON file) and wrapper calling.
® GP hyper-parameter sampling via slice sampling (MCMC).
© Allows for non-stationary functions via betawarp.

O Supports ignoring variables in some objectives or constraints.
© Supports different schedulers including SLURM.

37/39


https://github.com/HIPS/Spearmint

Software for Bayesian Optimization

Many of the methods described are implemented into
Spearmint using Python.
https://github.com/HIPS/Spearmint

Spearmint’s super-nice features:

@ Easy problem configuration (JSON file) and wrapper calling.
® GP hyper-parameter sampling via slice sampling (MCMC).
© Allows for non-stationary functions via betawarp.

O Supports ignoring variables in some objectives or constraints.
© Supports different schedulers including SLURM.

O Stores all results (observations and suggestions) in a database.

37/39


https://github.com/HIPS/Spearmint

Software for Bayesian Optimization

Many of the methods described are implemented into
Spearmint using Python.
https://github.com/HIPS/Spearmint

Spearmint’s super-nice features:

@ Easy problem configuration (JSON file) and wrapper calling.
® GP hyper-parameter sampling via slice sampling (MCMC).
© Allows for non-stationary functions via betawarp.

O Supports ignoring variables in some objectives or constraints.
© Supports different schedulers including SLURM.

O Stores all results (observations and suggestions) in a database.

Other tools: SMAC (Java), Hyperopt (Python), Bayesopt (C++),
PyBO (Python), MOE (Python / C++).
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@ High-dimensionality: BO is restricted to problems of moderate
dimension. However, many big problems have low effective
dimensionality which can be exploited (Wang et al., 2013).

® Consider dependencies among objectives / tasks (Swersky et al.,
2013) (Shah and Ghahramani, 2016). Most of the times the GPs are
simply assumed to be independent, which is suboptimal.

©® Most acquisition functions consider an evaluation horizon equal to
one. We can do better by considering a particular evaluation
budget and taking decisions accordingly (Gonzilez et al., 2016).

O Safe Bayesian Optimization: Sometimes we should avoid
evaluating the objective at particular input locations (system failure)
where it falls below some critical value (Berkenkamp et al., 2016).
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Conclusions

Bayesian optimization:

@ Is a powerful tool that can be used to optimize black-box
objectives that are very expensive to evaluate and noisy.

@® Provides significantly better results than a random / uniform
exploration of the input space.

© Can deal with complicated optimization problems with several
objectives and / or multiple constraints.

Thank you very much!
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