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,‘ run, as well as forward and reverse intrinsic reaction Train ANN within an
Eiqure 1: An illustration of a coordinates (IRC) are .also run. on small % ‘ acceptable
Degep Neural Network (ANN) . Once the IRC calculations are done, botf) the forward and of data Structures with error above range, accept
. reverse structures created using the IRC’s are run through _ ANN
the AENET generate program, which helps fit the ANN’s a determined thre_shold are
M _ _ , , appropriately. added to the Frammgl set
ixed quantum mechanical and molecular mechanical (QM/MM) simulations _ and the ANN is retrained
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ie;lhslglzlt}i/oiécliljcr)?/\ivrg?,t?hoedsz)rrnce(’zrr?o%ustIcr)]f%efrrmereeI?/nsrﬁgvsgorfllleevsefgrc szzgigﬁﬁ:oga values using a range from 3-9 A with increments of 0.2 and The next step is to further refine the generation of ANN training data. In the method
methods due to their associated high computational costs, which may introduce was then further refined from 4.4-4.8 A with increments of portrayed above, rather than using the bulk of the data generated to train the
error. Machine learning (ML) and the use of Artificial Neural Networks (ANN) for 0.1. The most accurate results were found using an angular network, only a small percentage of that data goes into training the ANN’s, and the
computing the energies of molecular structures provide the ability to retain high- cutoff of 4.8 Aand a radial cutoff of 4.6 A. o | rest are used to test them. A certain percentage of structures with error above a
level QM accuracy at or below the cost of semiempirical methods. ANNs require . Once that is done, a tralnlng IS Tun for 1000 |terat|.ons, using predetermined threshold are added to the training set, as these are structures that
training of large data sets of chemical reaction structures representing the path 80% of the structures for training and 20% for testing. Once greatly differ from anything the network has been already exposed to. The ANN is
along the free energy profile, e.g., reactants, transition states, and products. This that is done the quality of the ANN's is then verified by having then retrained and retested, and the process repeats until all test data fall below an
research effort developed a systematic method for deriving the structures, the machine predict on structures with energies known acceptable error range. The structures derive from QM/MM/MC/FEP calculations,
computing the energies at the desired QM theory level, and updating the BOSS- already so that the root-mean-squared-error(RMSE) can be which can be dramatically different from structures already in the existing training
Gaussian software package to incorporate AENET machine learning. As a test of found. | | set, and therefore high RMSE errors can be initially detected, signifying the need to
the methodology, the Henry reaction between nitromethane and formaldehyde was 6. QW/MM/MC/FEP calculations are then run using a custom add more unique structures. Another possible source of error is the overfitting of
computed in water using the enhanced ML-QM/MM methodology. The reaction was version of BOSS. The reaction IS run within 740 water the network to similar structures. If the ANN receives too many structures of similar
computed at the MP2/6-31+G(d) theory level for the solute and utilized the TIP4P Untrained ANN m.olecules _(T|F’4F’) for any C-C dlstqnge betweer? 1.50-3.50 A orientation, it will develop a bias towards that output and will become less accurate
water model for bulk solvent. Hundreds of thousands of structures were generated with small increments of 0.25 A. This is done using the for structures that differ drastically. The main goal is to be able to calculate a AG*
and trained in the ANN using our automated method. To compute the total free AENET machine learning. From this, 50,000 structures are of the Henry reaction to within 1 kcal/mol error as compared to full QM calculations.
energy profile for the making/breaking C-C bond of the Henry reaction spanning a . %Z?neg;a"c:]eed.newly qenerated structures, many different training
distance of 1.50-3.50 A required 6-7 million QM calculations. ‘0\?‘ , sets are run with by using 50,000 structures each time, letting
Trained ANN

the ANN compute energies, and if they are within an error of Conclusion
2 kcal/mol, the structures are then removed from the training.

What is the Henry Reaction?
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Discovered in 1895, the Henry reaction is an extremely useful reaction in the . | Figure 5: Graph of 2.00 49814 6.2
formation of carbon-carbon bonds. More specifically, the reaction is a combination %’;’ 30 most recent training 2.00 12545 pa ACkHOWIGdgements
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of a nitroalkane and either an aldehyde or ketone in the presence of a base to form - 20 RMSE values. Thi terial is based " ted by the National Sci Foundat
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reduce the environmental impact. One way to reduce the impact on the Number of Structures in Training Set this work.
environment is to perform the reaction in water, however a small set of data Figures 5 & 6 show the most up to date results on the training of the ANN’s for the Henry reaction. Figure 5 shows
supports the Henry reaction occurring in water. the results from the most recent training mixture, showing that with only 7 iterations, the ANN was able to reduce the
RMSE from almost 40.0 kcal/mol to slightly more than 2.0 kcal/mol. Figure 6 shows the results from 3 different training Citations
. . mixtures, detailing the differences in the cutoff criteria and training size. Figure 6 represents the results from three
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Figure 7: Activation Energy(4G*) Graph 5. Adapted from previous poster by T. Bestwick




