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* Force fields are sets of parameterized mathematical equations describing the
intra- and inter-molecular interactions; their use is very common in molecular
dynamics (MD). Generate - N

Force field optimization ensures a good fit to the loss function, but this does not
guarantee high fidelity simulations in practice. To validate the fitted cobalt, silica
and disulphide ReaxFF parameters, the optimized force fields were evaluated in

A mix of materials and molecules with different properties and various types of
items (single point energies, partial charges, geometry optimization, force
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and polarizability; it has a very complex functional form with tens to hundreds of - . Density 219 2 31 WE
parameters to be optimized depending on the target application. Geoy, : ot
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hundreds of ’Fhousandls tOfm”“OnS 01: err]rorlevaluatlons for complgxftasks. oo e iteration) experimental value for silica density is 2.2 g/cm3. Silicon and Oxygen coordination
* JAX-ReaxFF is .a r.10ve. software tool that leverages modern ML infrastructure to fs —— ~ Cobalt (Co) Amorphous Silica (Si0.) FeS, (Fool's Gold) [1] numbers are 4 and 2, respectively.
enable fast optimization of ReaxFF parameters. - ( Caloulate ) aeern‘ZterSetiXbe
« JAX-ReaxFF calculates gradients of the loss function using the auto- \m"‘ - ITrue Error J / gptimized ard
differentiation functionality in the JAX library, and utilizes highly effective local _Training data y Training  Num. Num. Num. Charge Geo Force Energy
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poor local minima. sevelhes Cobalt 12 146 130 0 0 0 144
» Leveraging the architectural portability of the JAX framework, JAX-ReaxFF can -
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execute efficiently on multi-core CPUs, graphics processing units (GPUs), or even Figure 2: JAX-ReaxFF execution flow graph.
tensor processing units (TPUs). Disulfide 87 231 10 0 255 4401 219

* QOverall, we are able to decrease ReaxFF parameter optimization time from days
to mere minutes.

Table 2: Training data sets

Figure 3: Final configurations of pure Co fcc crystals after annealing loop with
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function evalautions and average execution time. Only JAX-ReaxFF can benefit
from GPU acceleration, which is automatically enabled by JAX.

 To speedup the computation, we utilize just-in-time compilation via XLA to
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BeETiene create a static computational graph and map it to the desired computational

device. JAX-JIT requires array sizes to be known and arrays to be properly
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« These results show that the training errors of the force fields optimized using
Table 1: Commonly used training item types in ReaxFF training. Identifiers (e.g., * Some geometries might require energy minimization. JAX needs to trace the JAX-ReaxFF are on par with or better than those from the literature, while the This research was supported in part an NSF CDS&E grant (award number 1807622)
ID1, ID2 and ID3) denote geometries, i.e., atomic structures or molecules. energy minimization routine to calculate the gradients which is error-prone due training time decreases by one to three orders of magnitude. and an NIH grant (award number GM130641). This work used computational
to the complexity. resources provided by the Institute for Cyber-Enabled Research at Michigan State
N 2 * To remedy this problem, we separate the geometry optimization and use two * The relatively good median training errors obtained from multiple runs also University.
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: 0; minimization (surrogate error) and the second one calculates the true error with performance. [1] ‘Disulphide’ (2022) Wikipedia. Available at:
. energy minimization. https://en.wikipedia.org/wiki/Disulfide (Accessed: 19 July 2022).
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leferent.trammg |tgm§ are c.ombmed into a loss (ﬂt.ness). function, where mis the training. enables researchers to quickly iterate over ideas, try different weighting of the ReaxFF parameter optimization with Monte-Carlo and evolutionary algorithms:
model, x; is the prediction, y; is the ground truth as given in the reference dataset, training items, or use different data for their target applications. guidelines and insights. Journal of Chemical Theory and Computation, 15(12),

and o 7', is the weight assigned to each training item. pp.6799-6812.



