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Abstract

We consider the problem of reconstructing material nanostructures from
grazing-incidence small-angle X-ray scattering (GISAXS) data obtained through
experiments at synchrotron light-sources. This is an important tool for
characterization of macromolecules and nano-particle systems applicable to
applications such as design of energy-relevant nano-devices. Computational
analysis of experimentally collected scattering data has been the primary
bottleneck in this process. We exploit the availability of massive parallelism in
leadership-class supercomputers with multi-core and graphics processors to
realize the compute-intensive reconstruction process. To develop a solution,
we employ various optimization algorithms including gradient-based LMVM,
derivative-free trust region-based POUNDerS, and particle swarm optimization,
and apply these in a massively parallel fashion. We compare their performance
in terms of both quality of solution and computational speed. We demonstrate
the effective utilization of up to 8,000 GPU nodes of the Titan supercomputer
for inverse modeling of organic-photovoltaics (OPVs) in less than 15 minutes.

X-Ray Scattering

X-ray scattering comes in various flavors, and here we focus on data obtained
using methods from the class of grazing incidence X-ray scattering, such as
GISAXS (small-angle) and GIWAXS (wide-angle).
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Inverse Modeling

The process of recovering physical properties using experimentally measured
data is commonly known as inverse modeling and appears in numerous
applications. This generally involves minimization of an objective function value
iteratively until convergence w.r.t. a set of parameters to be "fitted", or
recovered. In our case, this function is a computationally intensive forward
simulation of the scattering
patterns. This forward
simulation is based on the
Distorted Wave Born
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Solutions

We exploit massive parallelism to develop solutions to the problem at hand. In
order to perform the inverse modeling we explore optimization algorithms
including the gradient-based Limited Memory Variable Metric (LMVM), derivative-
free trust-region-based POUNDerS, and stochastic Particle Swarm Optimization
(PSO). LMVM and POUNDerS implementations available in the TAO optimization
package are used, and we develop a parallel implementation of PSO.

In order to evaluate the convergence performance, we use two simulated models:
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Inverse Modeling with LMVM and POUNDerS

Shown below are the convergence maps for the two samples described above
obtained with LMVM and POUNDersS, respectively. LMVM is able to achieve a
high convergence rate for model 1, which has a single minimum as seen in the
objective function map above, but it fails to converge for model 2, which has
multiple minima. Comparatively, POUNDerS is more robust as it is able to
converge in both cases, although the conergence rate is less than 30% in the
latter case. This shows that it is highly sensitive to the initial conditions.
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Inverse Modeling with PSO

The results for convergence for the two models are shown below. These are
shown with respect to varying number of agents, and varying volume of the
search space. Black spots represent those configurations which failed to
converge in one trial.
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We also demonstrate the computational speed on the Titan supercomputer with
real data obtained through X-ray scattering experiments on Organic Photovoltaics
(OPVs). The fitting performance results with 20 iterations are shown below.

# GPU Nodes #Agents Total Time Time/agent/iteration Relative Speedup
500 20 3110.0 S 7.775 S 1
2000 50 2071.6 s 2.071S 3.754
8000 80 865.6 s 0.5415S 14.372
Conclusions

For the problem of recovering nanostructures from X-ray scattering patterns, the PSO
method has proven to be highly effective. Although requiring high number of function
evaluations, this method has a high convergence rate, reaching near perfect given enough
number of agents. This works to benefit with parallel computing since PSO is highly
concurrent in nature and massive parallelism can be easily exploited to bring down the
actual computational time. Although the LMVM and POUNDerS methods perform well
with small number of parameters, they, LMVM in particular, are less effective for higher
number. They are also highly sensitive to the intial parameter value guesses. Compared to
these two methods, PSO also has an additional advantage of not requiring an initial guess.
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