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We would like to optimize expensive-to-evaluate functions.

e We would like to optimize a function [ :A =R

e The feasible set A is either a box or polyhedron, and compact.
e The unknown function f is smooth.

e \We have no information about the derivative of f.

e fistypically expensive to evaluate.
e Training and testing machine learning algorithms
e Calibrating parameters of some complex simulators

* Labor intensive experimental design

f(x)




Application: tuning machine learning algorithms

* Number of hidden units each layer
« Learning rate in SGD
* Number of iterations in training




Batch Bayesian Optimization

e Common BayesOpt algorithms look like:

Update the posterior of the surface
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Start from a prior on the surface » Select the next batch of points to evaluate

e We typically use a Gaussian Process prior.

* Posterior after evaluating n points:

f(x) ~ N ("™ (x), K (x))



The Parallel Knowledge Gradient (qKG)

e |f we were to stop after n points, gleijglﬂ(”) (z) is the minimum of the mean
function.

- : : : min g (z) . -
e |f we take one additional iteration (g more points), .ca is the minimum of

the mean. It depends on where these q points are and their function values.

e The quality of the q points selected is quantified by
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The Parallel Knowledge Gradient (qKG)

e The g-KG criterion is defined as:

¢-KG(z"), A) = min p" (2) — B, |min p"9 (2)]y ()
xre re

e The g-KG algorithm is to try maximize the criterion above.

max ¢-KG(z1'?, A)
~(1:q) CA
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Maximization of g-KG

¢-KG(z'"), A) = min p™ (z) — E, {mig pl" Y (z)|y(219)

€A xre

Estimate v¢-kKG(z'"?,A)

4

Multi-start Stochastic Gradient Ascent



Estimate the Derivative of g-KG when A is finite

e By Gaussian process properties
p"TD(A) = p(™(A) + CM (A, z(lzq))Zq

where C( ) is some function related to posterior covariance function. Z is g-
dimensional standard normal.

* g-KG can be rewritten as

g-KG(z(F9 A) = Ez, [min p™(A) — min (u,('"') (A) + C™ (A, z(l’Q))Zq)]

 When the prior mean and kernel function is continuously differentiable and A is
bounded

Vg-KG(29), A) = Ez, |V (minu™(4) — min (u™(A) + C™(A,209)Z, ) )



We discretize A when A is a continuous domain

e \We approximate A as

A, =AMy M) y z2(1:9)

e The A,ﬁ/‘[ is the samples of the global optima based on the current posterior
surface: random feature approximation.

e We then can use the multi-start gradient based optimizer.



q-KG Outperforms Other Algorithms on Noisy Synthetic Functions
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q-KG Outperforms State-of-Art when Tuning Logistic Regression

Logistic Regression on MNIST
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q-KG Outperforms State-of-Art when Tuning CNN

- C.NN.On ICIF(-\R1IO
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The code is made public, you can use it

e The paper is published at NIPS 2016 with the same title as this talk.
e We build the algorithm into the open-source package: MOE.

e The code is completely in C++, with a Python interface.

e [tis available at [i:

wujian16 / gKG @ Unwatch~ 1 % Star 0 YFork 0O
<> Code Issues O Pull requests 0 Projects 0 Wiki Pulse Graphs Settings
The Parallel Knowledge Gradient Method for Batch Bayesian Optimization http://papers.nips.cc/paper/6307-the-... Edit
bayesopt moe knowledge-gradient Manage topics
{p 973 commits I’ 145 branches 4 releases A2 9 contributors

Branch: master v New pull request Create new file Upload files Find file

n wujian16 committed on GitHub Update README.md Latest commit dbb1d83 on Dec 8, 2016
#m conda-recipe pre-tagging version bumping 2 years ago
il docs Update install.rst 10 months ago
|} moe Merge pull request #1 from wujian16/jianwu_8_cpp_KG_test 3 months ago
B moe_examples -fixing scoping issues in fixtures: previously T.class_setup style se... 2 years ago
& .gitignore cpp codes compiled 11 months ago
E) .mailmap Added .mailmap to clean up authors 3 years ago
B .travis.yml fixing cmake bug (EXISTS vs DFEINED), fixing travis to use virtualenv... 3 years ago
E) AUTHORS.md Update AUTHORS.md 3 years ago
E) CHANGELOG.md Fixing UCB1 and UCB1-tuned algorithm calculation of upper confidence ... 2 years ago
E Dockerfile fixed pip url 11 months ago
E) LICENSE Update LICENSE 3 years ago
E MANIFEST.in One line install 3 years ago
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Thanks! Any Question?



