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What is the origin of these non-thermal fluctuations?
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What is the structure of HDL and LDL?



A proposal for the structure of LDL and HDL
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A proposal for the structure of LDL and HDL

LDL - Fused dodecahedra

HDL - Chains
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Librational motion

Maximize number of H-bonds

A competition between energy and entropy

Camisasca et al., J. Chem. Phys. 151, (2019)



How can we study these template structures?



lations and the FCM-GAP water model
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FCM-GAP water model
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Molecular dynamics simulations and the FCM-GAP water model

Newtonian equation of motion FCM-GAP water model
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High computational cost - Limited to system size ~100 molecules
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How can we extend the limits of the FCM-GAP water model?
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Polarizable atom interaction neural network (PAINN)
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Polarizable atom interaction neural network (PAINN)

Initialization Interaction Update Output
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PAINN uses both invariant and equivariant features
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Data set

Potential energy, force and stress

FCM-GAP
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Data set

Potential energy, force and stress
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Training

L= ClMSEForce + C2MSEEnergy + C3MSEStress
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Accuracy of ML potential
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Accuracy of ML potential

Predicted force (eV/A)

Pearson correlation coefficient = 0.9994

Pearson correlation coefficient = 0.9999

& ‘ /
-110 1 //
-6 -4 -2 0 2 a _11511’5 -110 -105 ~100 95
Target force (eV/A) Target energy (eV)

Metric Train Validation Test
Energy MAE (eV) 0.116 = 0.069 | 0.122 £ 0.066 | 0.121 £ 0.066
Energy ME (eV) 0.396 0.304 0.314
Force MAE (scalar) (eV/A) | 0.019 & 0.016 | 0.019 + 0.016 | 0.019 4 0.016
Force ME (scalar) (eV/A) 0.458 0.296 0.259
Force MAE (vector) (eV/A) | 0.038 & 0.020 | 0.038 + 0.020 | 0.038 =+ 0.020
Force ME (vector) (eV/A) 0.476 0.366 0.346




Are these errors small enough?



Force error analysis ~
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Force error analysis
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Force error analysis

F, = FfCM‘GAP + AR, ¢==m= Random unit vector
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MD simulations of LDL motifs

Life-time of LDL motifs in ambient liquid
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MD simulations of LDL motifs

Life-time of LDL motifs in ambient liquid

~ 10 picosecond time scale

Soft equilibration is needed
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Conclusions

The origin of water’s anomalies is a HDL-LDL transition and a liquid-liquid critical point

Ambient water is mainly HDL with LDL fluctuations - “supercritical’

We have trained PAINN models based on the FCM-GAP water model

The model allows us to perform accurate simulations of LDL motifs in bulk water

Fused dodecahedra have a life-time of ~10 ps

Future work will provide estimates for the abundance of different LDL motifs in ambient water
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“Water is not a complicated liquid.

It is two simple liquids with a<complicated relationship.”

R - Lars G. M. Pettersson



