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= Configurations sampled from molecular dynamics
= Smallest meaningful unit — base pair step

= Machine learning target is the electron density p(r)
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RESULTS
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Density prediction error: €,(%) = 100 X

J drpqm(™)
10.0 14
L EPML 192 + E.Otrue
¢ Eptrue . &
1.0] &+ *
—_ l:::l-—- - -
& 1.0 .--:‘“:‘::::_:::-"“1-—_. E\%O'B-
LUQ ‘."""".-.___-. LUQOG'
0.4
0.2;
0.1 , . 0.0 - - -
100 1000 2 3 4 5
Training set samples Test set base sequence length

= The trained machine learning model predicts 2-mer test set
densities with an error of €,,, . = 0.62%.

" €, does not significantly increase for longer DNA base sequences.
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Example: 4-mer model predicted densities

pPmL (€rue= 1.02%) Pisolated atoms (Etrue= 9.-68%)

Density difference with true density

Pisolated atoms — Ptrue



RESULTS

Machine-learned electrostatic potentials
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Machine-learned electrostatic potentials
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= Machine-learned electrostatic potentials are stable at short
ranges compared to classical potentials.

= Application: Electrostatic potentials to study site-specific DNA-
protein binding behavior



RESULTS

Extrapolating to DNA structural motifs beyond B-DNA

PDB code Description €pprme (Y0)
251d [84] B-DNA 1.15
1fzx [85] B-DNA w/ A-tract 1.24
440d [86] A-DNA 1.73
Afs5 [87] 7Z-DNA 1.77

B-DNA w/ A-tract




RESULTS

Examples of machine learning densities for large DNA structures

DNA origami structure
21658 atoms, 108654 electrons

Stacked 4-way junction
1260 atoms, 6280 electrons
(PDB code 1dcw)
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SUMMARY

* The machine learning model is based on an equivariant Euclidean
neural network framework (e3nn) and is trained on
representative B-DNA base pair steps.

* The model predicts DNA electron densities with a low error
(€p,,, =0.62%) that does not significantly increase for longer base
sequences.

= Applications: Electrostatic potentials, forces for ab initio
molecular dynamics, X-ray crystal structure refinement

= Paper on arXiv: XXXX.XXXXX
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