
Optimizing Computationally Expensive Large-scale 
Black-box Problems

We develop optimization algorithms for large-scale expensive-to-compute black-box objective functions. We exploit tools from sensitivity analysis, surrogate 
modeling, and stochastic search to find near-optimal solutions efficiently. Near-term applications include high energy physics simulations.

More Information: http://www.fastmath-scidac.org or contact Juliane Mueller, LBNL, JulianeMueller@lbl.gov
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Preliminary results

Future plans and impact on applications

Many scientists use simulation models to study complex physical phenomena (e.g.,
in high energy physics or materials science). These simulation models are often
computationally expensive to run even on modern supercomputers and they
contain parameters whose values determine how well a simulation agrees with
real-world observations. The goal is to find the optimal parameters that lead to the
most accurate simulations. Due to the computational expense associated with the
simulations, we want to find the optimal solution using as few expensive
simulation evaluations as possible. If the number of parameters is high,
optimization methods suffer from the curse of dimensionality and a large number
of expensive simulation evaluations is needed to find the optimum. We are
developing a derivative-free optimization algorithm that exploits sensitivity
analysis, stepwise radial basis functions, and weighted coordinate perturbations to
find (near-) optimal solutions of large-dimensional expensive black-box problems
efficiently.

Consider the following optimization problem:
min
$
𝑓(𝑥) s.t. 𝑥 ∈ Ω ⊂ ℝ- and 𝑓: Ω ↦ ℝ

where 𝑓(𝑥) is the objective function that requires the evaluation of the simulation
for each parameter vector 𝑥 and the dimension 𝑑 is large (hundreds). Evaluating
𝑓(𝑥) is computationally expensive; we do not have an analytic description of 𝑓(𝑥)
(black-box) and no derivative information; and 𝑓(𝑥) is usually multimodal.

Goal: develop adaptive derivative-free global optimization algorithms that query
the expensive simulation as few times as possible.
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2-dimensional illustrative problem: influence of the “unimportant” parameter 

(a) On the optimal value of the important parameter; and
(b) On the value of the objective function 

• Optimizing only over the important parameters -> solution deteriorates
• What should the default values of unimportant parameters be?
• Tradeoff between optimization time and solution quality

Approach
Building a stepwise radial basis function
• Sobol’ sensitivity analysis to sort parameters from most to least important
• Iteratively build a radial basis function (RBF) surrogate by including the next

most important parameter that improves Residual Sum of Squares (RSS)
• Create next candidate sample point by preferentially perturbing parameters

that appear in final RBF model

Generate new sample point by preferentially 
perturbing 1𝑑 most important parameters
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Preliminary results
100-dimensional synthetic test problem
• Stepwise RBF approach (optimization in reduced dimension) vs. full space

optimization

• Preliminary results show that using the stepwise RBF approach is beneficial in
particular for larger dimensional problems (𝑑 ≥ 50)

• For smaller-dimensional problems (𝑑 ≤ 20), optimizing over all parameters
leads to better results

• Improve methods to determine parameter importance: different sensitivity
analysis methods give different results

• Exploit active subspaces for dimension reduction

• Application of the algorithm to high ebergy
physics: tuning of event generator parameters 
(SciDAC-HEP partnership)
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The algorithms developed in this research are general enough to be applicable to
a wide range of science problems that have expensive-to-compute black-box
objective functions and large-dimensional parameter spaces. In many science
domains, some model parameters and their impact on the simulation output are
not well understood, limiting tuning tasks to only a subset of “well-known”
parameters and potentially preventing the simulation from achieving its
potential performance.
Our work will provide the algorithms to solve these difficult optimization
problems efficiently by using statistical tools to automatically focus the iterative
search only on the important parameters. This will also provide insights for the
domain scientist into the importance of each parameter.
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