
Reinforcement learning using 2D block copolymer PDE simulation 
learning environment. Scan QR code for video.

INVERSE PROBLEMS
• Definition: Use ML methods to solve the inverse problem of predicting material structures 

from X-ray or neutron scattering profiles.
• Methods Used: Non-negative Least Squares, Multi-label Regressor with Gradient Boosted 

Trees, SVM, Random Forests
• Initial Problem: Design a classifier to determine crystallographic symmetry and a 

regressor (using shallow models) to predict unit cell parameters of a known perovskite 
material from its neutron scattering (Bragg) profiles.

• Software: GSAS-II for generation of labeled examples, Keras; scikit-learn.
• Results: Multiple labelled data sets of modest sizes generated; initial design of a classifier 

for structural symmetry prediction tested; multiple shallow regressor models for parameter 
predictions trained; using best model, about 90% prediction accuracy demonstrated.

• Next Steps: Build labelled examples of Bragg profiles that sample complete parameter 
space of all seven crystallographic symmetry classes; improve classifier to classify all 
seven symmetry classes; build deep learning models with greater than 90% accuracy for 
cell parameter prediction. 

SURROGATES
• Definition: Create a surrogate model (or emulator) to replace computationally expensive 

simulations through ML, cheaply
• Method Used: Generative adversarial networks and hybrid autoencoders
• Initial Problem: Train on existing cosmological simulations from simple n-body to full-

physics hydrodynamical sims. (https://petreldata.net/exalearn)
• Software: CosmoGAN, CosmoFlow, LBANN, and Lya-demo
• Results: Reconstructed hydrodynamic quantities from much cheaper N-body sims that 

outperform an existing physics-based method
• Next Steps: Incorporate CosmoGAN into LBANN and apply the new autoencoder pipeline 

to other set of simulations: Combustion-Pele, ExaStar, etc. 
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CONTROL
• Definition: Efficient exploration of complex problem space
• Method Used: Reinforcement Learning
• Initial Problem: Guide temperature control during block copolymer (BCP) self-annealing 

process at light source experiment
• Software: ExaRL framework and BCP partial differential equation (PDE)-based simulations 
• Results: Functioning online learning small-scale solution for 2D and 3D BCP,  preliminary 

ExaRL framework, proxy application actors, and environments to test and measure 
distributed online learning

• Next Steps: Continued scaling of ExaRL and proxy application, take on new application 
from ECP portfolio (ExaAM, additive manufacturing)

DESIGN
• Definition: Solving optimization problems with simulations steered by machine learning and 

optimal experimental design methods
• Methods Used: Bayesian optimization, message passing neural networks, 

reinforcement learning
• Initial Problems: 

1) Generate clusters of water molecules for quantitative examination of the nature and 
magnitude of intermolecular interactions in liquid water

2) Designing molecules for performant and safe electrolytes in next-generation Li-ion batteries 
out of trillions of candidates

• Software: Library of ML methods for graph generation, Colmena – a HPC toolkit for 
steering ensemble simulations with machine learning

• Results: Early ExaRL implementation for water clusters, Bayesian optimization for 
oxidation-resistant electrolytes on 512 Theta nodes

• Next Steps: Surrogate models for NWChemEx, water cluster optimization with ExaRL

Reinforcement learning progress to learn policy that guides temperature 
control during BCP self-annealing. A 3D block copolymer PDE simulation 
learning environment was used.

Reinforcement learning with CartPole environment within ExaRL 
framework using DQN algorithm on one node of Summit.

Preliminary results from the ExaRL framework proxy agents and 
proxy learners. These results show weak scaling of one learner and 
multiple agents (processes) during online reinforcement learning on 
Broadwell nodes (2 sockets, 18 cores each). Number parent 
processes are shown; each parent spawned 2 children.
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where Ds  is the degree distribution at step s. As shown for the final step, the 
highest reward corresponds to the lowest energy structure.
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Schematic diagram of the full inference pipeline. The flux mapping 
network M takes the dark matter density field as input and produces 
a real-space Ly-alpha flux field, which is then concatenated with the 
baryon z-velocity field and fed into the warping network W to 
produce the redshift-space Ly-alpha  flux. M is a V-Net and uses 3D 
convolutions, while W is a U-Net, using 2D convolutions.

Visualization of the pipeline output. A 3D dark matter distribution 
(of which a 2D slice is shown in panel (a)) is the principal input to the 

workflow, which tries to produce the corresponding Ly-alpha flux 
field FR (b). The prediction FG is shown in panel (c). Generally, 

structures at both large and small scales, as well as the distortions 
that warp them in redshift space, are captured well.

Statistical comparisons between the validation set and the pipeline 
output. Left, we show the flux PDF Pr(F) , for the generated flux 
fields FG and the ground truth from the validation set FR, as well as 
the relative error Pr(FG)=Pr(FR). Right, we show the 1D power 
spectrum P(k) of the two fields FG and FR, along with the relative 
error PG(k)=PR(k). To demonstrate the improvement that the new 
method brings, ratio panels show the most standard physics-based 
method (FGPA), as well as the latest and much more complex model 
(IMS).

Initial prototype of a classifier trained on 
simulated data. To understand the 
relationship between crystallographic 
classes, multidimensional scaling (MDS) is 
applied to random subsets of 500 examples 
from each class.

Typical workflow in structure determination 
and refinement. The loop on the left shows 
the current workflow involving a domain 
expert creating a structural model (time-
consuming). The loop on the right is the 
proposed MK-driven workflow, where the 
structural model and parameter estimated 
are obtained from a trained network. Experimental vs. RFR-predicted Bragg 

profiles.
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