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Abstract 

Hydration numbers of metal complexes in low-density aqueous solutions are required for 

developing geochemical models for ore-forming metals and for designing supercritical 

desalination processes. In this study, we investigate the temperature and density dependence of the 

hydration numbers of silver chloride at 623 K, 673 K, and 713 K and densities of 10-100 kg/m3. 

Experimental estimates of the hydration number in the literature for AgCl at these conditions are 

inconclusive and possibly contradictory as to the temperature and density dependence. 

First-principles molecular simulation presents an attractive alternative to experimental 

measurements. Specifically, recent work shows that machine-learning-accelerated nested Monte 

Carlo simulations provide reliable estimates for the hydration numbers of CuCl at 623 K from 
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10-100 kg/m3. Using the same technique, we find a monotonic temperature dependence, with the 

hydration number decreasing slightly with increasing temperature. In addition, the 

simulation-predicted hydration numbers steadily increase with increasing density. These 

temperature and density trends are in agreement with certain experimental data sets. Therefore, 

this work demonstrates how first-principles Monte Carlo simulations assist in resolving 

discrepancies between experimental data sets. Our simulation results also correctly predict that the 

hydration number, and thus also the solubility, of AgCl is lower than that of CuCl under the same 

conditions. Furthermore, the bond length and angle formed between the water complex and AgCl 

differ from those for CuCl, consistent with the lower solubility of AgCl. 

 

Keywords: hydrothermal fluids, hydration structure, density functional theory, Monte 

Carlo, machine learning potentials 

 

1 Introduction  

The group 1B elements, including copper, silver, and gold are important ore-forming metals that 

are often transported within the earth as chloride complexes. Low-density hydrothermal fluids, 

typically < 300�U  kg/m3, play an important role in the geological transport of several types of 

magmatic-hydrothermal ore deposits, including porphyry and epithermal deposits.1,2 The 

solubility (and transport properties) of metals in aqueous vapors and low-density supercritical 

water is primarily controlled by the hydration of neutral molecular salts; for instance, NaCl:(H2O)n 

determines the solubility of sodium chloride rather than NaCl.3�±6. Furthermore, increasing interest 

in supercritical desalination suggests that the ability to process salt-containing fluids under a 

variety of conditions, including low-density and high-temperature water (steam), will be 
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required.7,8 Understanding the solubility (and the closely-related hydration number9,10) of metals in 

such fluids is therefore essential for both the development of geochemical models of ore formation 

and for the optimization of supercritical desalination processes. Increased understanding of the 

magnitude and trends associated with successive addition of water molecules to a hydrated salt 

cluster can help refine thermodynamic models, e.g., quasi-chemical models6,11 that treat clusters of 

a given size as thermodynamic components. 

Hydration numbers (n ) are extracted from experimental vapor-phase solubilities 

according to the analysis proposed by Migdisov and Williams-Jones9 (see also Section 2.2.2). 

Recent measurements for AgCl at 623 K, 673 K, 713 K, and 753 K (temperatures are rounded for 

brevity) show inconclusive and possibly contradictory trends for n  with respect to 

temperature.9,10 However, these previous experimental studies lack a rigorous assessment of the 

uncertainties assigned to the extracted n  values. As shown in Figure 1, when considering the 

uncertainties in n  (see Section 2.2.4), it is difficult to determine the actual temperature 

dependence of n  for AgCl. In particular, whether there is temperature dependence for the data at 

623 K and 673 K is unclear, with the data of Migdisov and Williams-Jones9 showing a significant 

increase in n  at 673 K (especially at higher density) and the data of Akinfiev and Zotov10 

showing essentially no temperature dependence for these same temperatures (or even possibly a 

small decrease in n). At even higher temperatures, the hydration numbers from Migdisov and 

Williams-Jones are slightly lower at 713 K relative to 673 K, whereas the Akinfiev and Zotov 

estimates are substantially lower at 753 K. Thus, the experimental estimates from Migdisov and 

Williams-Jones suggest a non-monotonic temperature trend in n  with a possible maximum 

around 673 K, while the Akinfiev and Zotov data follow a more monotonic trend of decreasing n  

with increasing temperature. 
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Figure 1: Experimental hydration numbers. (a) Experimental estimates from Migdisov and 

Williams-Jones9 data show an increase in hydration number with respect to temperature (from 623 

K to 673 K) followed by a decrease for 713 K. (b) Experimental estimates from Akinfiev and 

Zotov10 data show a slight downward trend with respect to temperature between 623 K to 673 K 

followed by a significant decrease at 753 K. Uncertainties increase significantly at higher densities 

for Migdisov and Williams-Jones9. 

 

Figure 1 shows that the density dependence of the hydration number is also unclear at the 

highest densities, partially due to the larger uncertainties at these conditions. An increasing 

hydration number with respect to density corresponds approximately to an exponential 

relationship between the logarithm of solubility and the logarithm of pressure (more precisely, the 

fugacity), whereas a constant hydration number corresponds to a linear dependence. In earlier 

work, Migdisov et al. assume a linear relationship when fitting experimental solubility data over a 

very narrow range of densities.12 However, more recent and extensive measurements of Migdisov 

and Williams-Jones9 present contradictory density trends. Specifically, the experimental estimates 

show a plateau at 7n �|  for high densities at 623 K but demonstrate a steady increase in n , 

approaching a value of 13, at 673 K. Unfortunately, experimental data at 713 K are not available 

beyond 70 kg/m3, where the apparent plateau occurs at 623 K. The density dependence for the 

Akinfiev and Zotov10 data is even less clear. The experimental estimates shows a small increase in 

n  at 623 K and 673 K (from 5 to 7), and an approximately constant hydration number of 2 at 753 

K. However, these conclusions are extremely tentative considering the large uncertainties in n  

and the small number of data points at 673 K and 753 K from Akinfiev and Zotov.10 The origin(s) 
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of the discrepancies between the different data sets (and possibly within a single data set) remains 

unclear. An alternative (and self-consistent) approach to elucidate the temperature and density 

dependence of n  for AgCl is first-principles molecular simulation. 

First-principles methods, such as Kohn-Sham density functional theory (KS-DFT, or 

simply DFT, for brevity)13,14, are playing an increasingly important role in describing 

hydrothermal systems.15 First-principles molecular dynamics (MD) and Monte Carlo (MC) 

simulations have been performed for aqueous solutions of Ag,16,17 Au,18,19 Cu,18,20�±22 and Zn.23,24. 

While most of these first-principles simulations were at liquid-like densities, a few examined the 

vapor phase.16,18,19,22,25 For example, DFT-MD simulations at saturated vapor densities predict 

hydration numbers for Ag+ that decrease from 4 to 3 between temperatures of 300 K and 573 K, 

respectively.16 A well-known challenge of simulating the vapor phase for these systems using MD 

is the poor sampling of water cluster sizes. Previous work by Maerzke et al.+ demonstrates that 

MC simulations overcome this problem and, thus, MC should be preferred over MD for 

vapor-phase simulations of AgCl-H2O systems. The key remaining challenge for DFT simulations 

(for both MD or MC) is the prohibitively-high computational cost required to evaluate the energies 

and forces with DFT. 

Over the past few decades, machine learning (ML) has become an important tool within 

computational chemistry and molecular modeling. For example, several studies utilize a ML 

�D�W�R�P�L�V�W�L�F���P�R�G�H�O�����F�R�P�P�R�Q�O�\���U�H�I�H�U�U�H�G���W�R���D�V���D���³�S�R�W�H�Q�W�L�D�O�´���R�U���³�I�R�U�F�H���I�L�H�O�G�´�����W�R���D�F�W���D�V���D�Q���L�Q�H�[�S�H�Q�V�L�Y�H��

surrogate for the extremely expensive DFT energy and force calculations.26�±29 Recent work by 

Maerzke et al.22 demonstrates how leveraging an ML potential significantly accelerates DFT 

simulations for a CuCl-H2O system in the vapor phase. Specifically, these simulations utilize the 

approach developed by Jadrich and Leiding30 and Jadrich et al.31 where an ML potential is 
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employed within the context of nested Monte Carlo (NMC) simulations. Thus, the 

machine-learning-accelerated nested Monte Carlo (NMC-ML) method enables DFT-level 

predictions of hydration numbers in high-temperature water vapor over a range of densities. 

The NMC-ML simulation results of Maerzke et al.22 demonstrate reasonable agreement 

with experimental data for the hydration number of CuCl at 623 K from 10-100 kg/m3. However, 

this previous work is limited to a single temperature and the density dependence is inconclusive. 

Moreover, some important chemical differences exist between CuCl and AgCl. For example, at 

623 K and 673 K the solubility of CuCl in water vapor is higher than the solubility of AgCl.9,32 

Spectroscopic measurements and high-level first-principles calculations indicate that, although 

AgCl forms a similar linear H2O-AgCl structure as H2O-CuCl, the O-Ag bond is longer17,33,34 and 

weaker.34 Moreover, the linear H2O-AgCl structure does not necessarily persist in large 

AgCl:(H2O)n clusters,16,17,35,36 unlike in CuCl:(H2O)n clusters.6,22 Our hypothesis is that DFT-level 

calculations and ML potentials are capable of capturing these subtle differences. 

In this work, we perform NMC-ML simulations to obtain DFT-quality hydration numbers 

for AgCl at 623 K, 673 K, and 713 K for water densities of 10-100 kg/m3. As Maerzke et al. 

performed similar simulations for CuCl at 623 K, one objective of this study is to demonstrate that 

the NMC-ML approach extends to AgCl at multiple temperatures. The primary objective, 

however, is to compare our simulation results with existing experimental estimates to elucidate the 

correct temperature and density dependence for the hydration number of AgCl in water vapor. 

 

2 Methodology 

2.1 Simulation Details 

2.1.1 Nested Monte Carlo - Machine Learning 

Jo
ur

na
l P

re
-p

ro
of

Journal Pre-proof



Maerzke et al.22 demonstrates that molecular dynamics (MD) is ill-suited for simulating water 

cluster formation around CuCl. Based on this previous work, we implement Monte Carlo (MC) 

simulations that utilize non-physical moves that are capable of overcoming the large energetic 

barriers associated with the formation and destruction of water clusters. Consistent with Maerzke 

et al.,22 we utilize machine-learning-accelerated nested Monte Carlo (NMC-ML) simulations to 

estimate cluster sizes of water molecules in proximity to AgCl. In general, nested Monte Carlo 

(NMC) is a powerful technique that enables simulations based on first principles at a lower 

computational cost. NMC relies on two separate Markov chains: an exterior MC loop where 

calculations are performed using the more expensive first-principles method and an interior MC 

loop where calculations are performed using a cheaper reference protential. 

In this study, the more-expensive energy calculations are performed with Kohn-Sham 

density functional theory (KS-DFT, or simply DFT, for brevity)13,14 with the software package 

CP2K.37,38 All DFT calculations utilize the BLYP functional39,40 with double- �]  polarization basis 

set (MOLOPT)41 and GTH pseudopotentials,42,43 along with the Grimme D3 dispersion 

correction.44 For improved convergence, cutoffs for the plane-wave and Gaussian contributions 

were set to the relatively high values of 600 and 60 Ry respectively. The computational cost for a 

single DFT calculation is approximately 20-40 minutes on 6-8 nodes (216-288 cores) using Intel 

Xeon Broadwell processors with OmniPath interconnects. 

The less-expensive energy calculations are performed with a machine-learned (ML) 

potential that is orders of magnitudes faster than the DFT calculations. However, the quality of our 

simulation estimates is not affected by the accuracy of the ML reference potential. For example, 

CP2K also provides built-in Lennard-Jones (LJ) reference potentials that would, in principle, yield 

the same ensemble averages as our ML reference potential. However, the performance (i.e., 
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speed-up) of the nesting Monte Carlo procedure is greatly enhanced by having a reliable reference 

potential. Thus, while the specific architecture of the ML potential trained in this work is not 

critical to the success of the NMC-ML approach, the interested reader may benefit from the details 

provided in Jadrich and Leiding30 and Jadrich et al.31 As suggested by Maerzke et al.,22 our ML 

potential includes infinite-body mean field terms to approximately include effects beyond two and 

three body (which are included exactly). 

We implement NMC-ML through a CP2K python wrapper that exhibits remarkable 

speed-up of up to 500� | � u for nested chain lengths of 800 for a nonreactive mixture of He and 

Ar.30 For our significantly more complex system, we utilize a considerably shorter chain length of 

40, consistent with the value used in similar CuCl-H2O simulations.22 Without the computational 

speed-up afforded us by the NMC-ML approach, the human time required to perform these 

simulations over multiple densities and temperatures would have been prohibitively long using the 

native CP2K code. 

 

2.1.2 Simulation set-up 

Previous work for CuCl demonstrates that Monte Carlo (MC) simulation results are nearly 

indistinguishable when comparing systems consisting of 55 and 110 water molecules.22 Based on 

these results, we assume that finite-size effects are negligible in this range of system size for AgCl 

as well. To avoid excessive computational costs while also not introducing finite-size effects, we 

chose a system size that is marginally larger than the lower value used in Reference CuCl. 

Specifically, we perform simulations with a system of 64 water molecules surrounding a single 

AgCl salt compound. While charged species (e.g., 1
2AgCl�� ) exist (or even dominate) in AgCl-H2O 

systems at liquid-like densities at elevated temperatures,16,17,45,46 our simulations do not examine 
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these additional species since neutral AgCl is known to be the dominant species at the low-density 

(vapor) conditions of interest in this study.9,47 

Monte Carlo simulations are performed using the constant number of atoms, volume, and 

temperature (NVT ) ensemble. To allow for direct comparison with experimental data of Migdisov 

and Williams-Jones,9 NVT  simulations are performed at the same three temperatures as their 

experimental measurements, namely, at 623 K, 673 K, and 713 K. Due to limited computational 

resources, no simulations are performed at 753 K and, thereby, comparison with the Akinfiev and 

Zotov10 data is limited to 623 K and 673 K. For each temperature, a set of ten NVT  simulations 

are performed at water densities ranging from 10-100 kg/m3, with 10 kg/m3 increments. This is 

generally the same density range as the experimental measurements, although some experimental 

data sets span a more limited range. 

In this study, we implement the same MC moves as those used previously for similar 

CuCl-H2O simulations.22 Specifically, MC moves are split 50:50 between cluster moves48 and 

force bias moves49�±51 Additional details regarding these MC moves are provided in Section S.II of 

Supplementary Material. 

Each simulation is run for between 10k and 12k MC steps, where a MC step is defined as 

every time a DFT calculation is performed. Simulation specifications are provided in Table S.I of 

Supplementary Material. Because the nested MC moves are performed with an extremely 

inexpensive ML potential, their computational cost is negligible compared to that of a DFT energy 

or force calculation. Therefore, these nested MC moves with the ML potential are not included in 

the counting of MC steps. The first 1k MC steps are considered equilibration and are, therefore, 

excluded from the analysis. Previous work demonstrates that simulations of similar CuCl-H2O 

systems reach equilibration within 1k-4k MC moves.22 The production period of each simulation 
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is divided into 3-4 blocks of 3k MC steps each. 

 

2.1.3 Training of machine-learned potential 

The data set used to train the ML potential consists of 200 molecular configurations with 

single-point DFT energy and force calculations for each configuration. To avoid performing 

expensive full-DFT simulations to generate these configurations, we instead reuse the NMC-ML 

simulation trajectories from previous CuCl-H2O simulations.22 Specifically, we randomly extract 

20 snapshots from each of the 10 densities simulated by Maerzke et al. for CuCl (which 

correspond to the same densities as this study) and simply replace the Cu atom with an Ag atom. 

While this sampling approach clearly reduces upfront computational costs, there is no 

guarantee that the configurations from the CuCl-H2O system are necessarily representative of the 

AgCl-H2O system. Thus, validation of the resulting ML potential is accomplished by checking that 

the NMC-ML simulations have a reasonably high MC acceptance rate (�|  0.4). Seeing that this is 

the case, we do not perform any additional retraining of the ML potential based on 

directly-sampled AgCl-H2O snapshots from our NMC simulations. 

We postulate that the CuCl configurations work well to train an AgCl ML potential for at 

least four reasons: 1) the identical 1:1 ratio between cation and anion (Cu+:Cl�í and Ag+:Cl�í, as 

opposed to a di- or trichloride salt), 2) the similar ionic bond lengths between Cu-Cl and Ag-Cl, 3) 

the range of hydration numbers for CuCl (< 30n ) encompasses the range for AgCl (< 20n ), and 

4) the ML potential has enough built-in physics that it can learn the potential energy surface even 

from slighlty non-physical configurations. 

 

2.2 Data Analysis 
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2.2.1 Cluster-size algorithm 

The hydration number, n , is defined as the average number of water molecules in a cluster with 

AgCl. Previous work compared four different methods for quantifying cluster sizes from 

molecular simulation configurations.22 Based on the results from this previous work, we select the 

hydrogen bonding (HB) analysis method to identify clusters. The HB method yields estimates that 

are quantitatively similar to the significantly more complex Voronoi tessallation procedure. 

The HB method is based on linkages through nearest neighbor associations, where a 

nearest neighbor is defined as two atoms within a given cutoff distance, cr .52 As in previous work, 

a hydrogen bond is defined when the following cutoff criteria are satisifed: O-H 2.7�d  Å, Cl-H 

3.5�d  Å, and Ag-O 5.0�d  Å. Plots of the radial distribution function confirmed that these values 

correspond with the first coordination shell for each atomic pair. 

For comparison purposes, we also calculate the cluster sizes using the oxygen 

nearest-neighbor cutoff approach.22 This less-stringent cluster criterion predicts somewhat larger 

hydration numbers, in agreement with previous work for CuCl (see Figure S.1 in Supplementary 

Material). Therefore, we do not recommend this cluster-size analysis approach. 

 

2.2.2 Fitting experimental data 

The hydration number is not a property that is readily available from experimental measurements. 

Instead, the experimental hydration numbers presented in Figure 1 are obtained indirectly by 

following the fitting procedure proposed by Migdisov and Williams-Jones.9 This approach 

assumes that the clustering phenomenon can be expressed as the following chemical equilibrium 

 2 2AgCl H O AgCl:(H O)nn� � � o  (1) 

The hydration number is then expressed as the partial derivative of the logarithmic ratio of 
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fugacities between the AgCl:(H2O)n cluster complex (denoted as AgCllog( )f  for simplicity) and 

H2O ( H O2
log( )f ). 

 AgCl

H O2

log( )

log( )
T

f
n

f

� § � ·�w
� ¨ � ¸�{
� ¨ � ¸�w� © � ¹

 (2) 

As recommended by Migdisov and Williams-Jones,9 the fugacity of water (H O2
f ) is 

calculated according to 

 H O H O H O2 2 2
=f P�I �u  (3) 

where H O2
P  is the partial pressure of water and H O2

�I  is the fugacity coefficient of water, which is 

computed using the IAPWS IF-97 equation-of-state for water and steam.53 For comparison with 

simulation results and for plotting purposes, we also utilize this equation-of-state to estimate the 

experimental density ( )�U  based on the experimental temperature ( )T  and the experimental 

pressure ( )P . 

The experimental solubility measurements AgCl( )x  are converted to fugacities according 

to 

 AgCl AgCl AgClf P x P� | � { (4) 

where AgClP  is the partial pressure of AgCl and P  is the total pressure. 

Migdisov and Williams-Jones9 propose fitting the experimental fugacity data to the 

empirical relationship 

 2
AgCl 0 1 H O2

log( ) = log( )af a a f� � � u  (5) 

where ia  are the fitting parameters. Note that 2 =1a  �F�R�U�U�H�V�S�R�Q�G�V�� �W�R�� �W�K�H�� �³�O�L�Q�H�D�U�´�� �P�R�G�H�O�� �R�I��

Migdisov et al.12 while 2 >1a  �L�V�� �F�R�Q�V�L�V�W�H�Q�W�� �Z�L�W�K�� �W�K�H�� �³�H�[�S�R�Q�H�Q�W�L�D�O�´�� �P�R�G�H�O�� �R�I�� �0�L�J�G�L�V�R�Y�� �D�Q�G��
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Williams-Jones.9 

By taking the analytical derivative of Equation 5 with respect to H O2
log( )f , the hydration 

number is computed as 

 12
1 2 H O2

= log( )an a a f ��� u � u  (6) 

According to Equation 6, 2 =1a  results in a constant hydration number equal to 1a . 

Figure 2 helps to visualize the fitting procedure and to understand the reason for the large 

experimental uncertainties plotted in Figure 1. For example, even though the raw fugacity data 

from Migdisov and Williams-Jones9 (panel (a)) are relatively smooth, the uncertainties in n  are 

largest at the highest densities due to the rapidly increasing slope with increasing H O2
log( )f  and 

the difficulty of precisely controlling the water pressure. The uncertainty in the fitting parameters (

ia ) propogates when differentiating Equation 5 to obtain n  (Equation 6). Figure 2 panel (b) 

shows that the uncertainties in n  for Akinfiev and Zotov10 are even larger due to several 

additional factors. First, there are fewer data points. Second, the data cover a more limited range of 

H O2
log( )f  (compared to panel (a)). Third, most of the data are in the high H O2

log( )f  range (where 

the slope is changing most rapidly). Fourth, the raw data are considerably noisier. For brevity, we 

do not plot or analyze the only two relevant data points at 623 K from the earlier work of Migdisov 

et al.,12 though they are consistent with the more recent data of Migdisov and Williams-Jones.9 

 

Figure 2: Fitting of raw experimental data from (a) Migdisov and Williams-Jones9 and (b) 

Akinfiev and Zotov.10 Hydration number is computed as the slope of the fit with respect to 

H O2
log( )f . As recommended by Migdisov and Williams-Jones,9 we assume that AgCl AgClf P�| . 
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2.2.3 Fitting simulation results 

Simulation provides direct access to the hydration number at every MC step (based on the chosen 

cluster-size definition). Thus, in contrast with experiment, it is not essential to fit simulation results 

with an empirical model to obtain hydration numbers. However, to allow for a more equitable 

comparison with experiment, we fit simulation results to the same empirical model. This fitting 

procedure effectively serves as a way to obtain more self-�F�R�Q�V�L�V�W�H�Q�W�����³�V�P�R�R�W�K�´�����V�L�P�X�O�D�W�L�R�Q���U�H�V�X�O�W�V��

and more meaningful estimates of uncertainty by pooling information contained in neighboring 

data points. 

The main advantage of applying this fitting approach to simulation results is that hydration 

numbers ( )n  are fit directly to Equation 6. By contrast, the analysis of experimental data is more 

indirect as it requires differentiation of Equation 5, which introduces a significant amount of 

uncertainty. 

Another reason this fitting approach is well-suited for simulation data is that Equation 6 

has one fewer parameter than Equation 5 (although one could imagine introducing an intercept 

term in Equation 6, if desired). This helps avoid overfitting and reduces the model uncertainty. 

Essentially, the regression is constrained to ensure that the y-intercept is zero, i.e., in the limit of 

infinitesimal water content the hydration number converges to zero. While the experimental 

hydration numbers will also converge to zero, the fit itself has a greater degree of uncertainty 

because of the superfluous 0a  parameter in Equation 5. 

One challenge of applying this fitting procedure to simulation data is that H O2
f  is not 

readily available from the simulations themselves. For this purpose, we adopt the same method for 

approximating H O2
f  as used in the analysis of the experimental data (see Equation 3). 
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Specifically, we utilize the same equation-of-state to compute H O2
P  and H O2

�I  based on the 

simulation temperature ( )T  and simulation water density H O2
( )�U . 

Fortunately, the resulting hydration numbers obtained from this fitting procedure are rather 

insensitive to how H O2
f  is computed. For example, our results are essentially identical when 

assuming an ideal gas (H O2
=1�I  and H O2

=1Z , where H O2
Z  is the compressibility factor), which 

is an extremely poor assumption at the highest densities and lowest temperatures (see Figures S.2 

and S.3 in Supplementary Material). We postulate a few reasons why the simulation results are 

fairly insensitive to the exact values of H O2
f . First, the actual ranges of non-ideality are still 

relatively modest, e.g., both H O2
�I  and H O2

Z  are between 0.5-1 (see Figure S.4 in Supplementary 

Material). Second, a poor value of H O2
f  will only stretch or compress the range of the 

independent variable in Equation 6 ( H O2
f ), while the actual property of interest ( )n  is unchanged. 

This may cause the fit to the simulation data to be slightly worse, but it will not dramatically 

change the values of n . Third, we are ultimately interested in the dependence of n  on H O2
�U , not 

the dependence of n  on H O2
f . Because we use the same conversion process (be that steam tables 

or the ideal gas assumption) to revert H O2
f  back to H O2

�U , any inaccuracies in this conversion 

essentially cancel out. 

 

2.2.4 Uncertainty quantification  

Ideally, simulation uncertainties could be rigorously estimated by performing numerous (�|  20) 

independent simulations. However, due to the significant computational cost of the DFT 

calculations (despite the ML speed-up), we are limited to performing only a single simulation at 
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each state point (T , �U). 

Block averaging is a common approach to compute uncertainties from a single simulation. 

However, again due to the high computational cost of DFT, our NMC-ML simulations are too 

short (�|  12k MC steps) to obtain enough decorrelated blocks to compute a reliable uncertainty. 

Specifically, each simulation only has between 3-4 decorrelated blocks. 

For these reasons, both experimental and simulation uncertainties are estimated using 

bootstrap resampling applied to the fitting approaches outlined in Sections 2.2.2 and 2.2.3, 

respectively. Bootstrap resampling is accomplished by randomly selecting (with replacement) a 

subset of data points from the entire data set. The experimental data sets consist of values for 

AgCllog( )f  with respect to H O2
log( )f , while the simulation data sets consist of values for n  with 

respect to H O2
log( )f . The data subset is then fit to either Equation 5 (for experiment) or Equation 

6 (for simulation). These two steps are then repeated hundreds of times with different 

randomly-selected subsets. The uncertainty in n  is then estimated based on the distribution of 

predicted n  values from the different fits. All uncertainties are reported at the 95% confidence 

level by excluding the lowest and highest 2.5% of the n  values. 

 

2.3 Structural Analysis 

To better understand the structural nature of AgCl-H2O interactions, we report the radial 

distribution functions (RDFs) for Ag-O and Cl-O pairs. RDFs are extremely noisy for our 

relatively short Monte Carlo simulations with a single AgCl compound. For this reason, we 

smooth the Ag-O and Cl-O RDFs by modeling the radial probability density as a sum of the 

skew-normal distributions, following the procedure by Sukhomlinov and Müser54 (see Section 

S.VI in Supplementary Material for details). 
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In addition, we generate 2-dimensional histograms for the Ag-O distance and the O-Ag-Cl 

angle, where the oxygen atom is that of the complexed water molecule. For this analysis, we utilize 

the same Voronoi tessellation procedure as Maerzke et al.22 to determine the water molecule that 

forms a stable complex with AgCl55 (see Section S.VII in Supplementary Material for details). 

 

3 Results and Discussion 

Prior to a more quantitative analysis, we present some qualitative insights. One advantage of 

performing atomistic-level simulations is the ability to visualize the nature of water clusters 

surrouding AgCl. Figure 3 presents snapshots of different cluster sizes from the NMC-ML 

simulations of AgCl at 673 K across the range of densities studied. Several key observations can 

be made from these images. For example, the network of water molecules surrounding AgCl 

appears to be asymmetric, similar to CuCl:H2O clusters22 and simulations of AgCl:H2O clusters at 

0 K35 and 300 K.36 Additionally, panel (d) depicts a linear AgCl:H2O structure that is similar to the 

CuCl:H2O structure reported previously.6,22 However, this linear structure is far-less persistent for 

AgCl than for CuCl, as can be seen by the absence of such a structure in many of the other 

�V�Q�D�S�V�K�R�W�V���� �)�X�U�W�K�H�U�P�R�U�H���� �S�D�Q�H�O�� ���D���� �S�U�R�Y�L�G�H�V�� �H�Y�L�G�H�Q�F�H�� �I�R�U�� �D�� �³�Q�D�N�H�G�´�� �$�J�&�O�� �Fompound, whereas 

Maerzke et al.22 report that CuCl is always hydrated with at least a single H2O molecule. These 

observations are consistent with the lower solubility for AgCl than CuCl, suggesting that 

H2O-AgCl interactions are less favorable than H2O-CuCl. Panel (c) also shows a close interaction 

between H2O and Cl, which was not observed for CuCl.22 

 

Figure 3: Representative snapshots of varying cluster sizes at 673 K across the range of densities 

examined in this work. Colors correspond to different elements: chloride (yellow), silver (gray), 
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oxygen (red), hydrogen (white). 

 

The radial distribution functions (RDFs) for the simulations at 673 K plotted in Figure 4 

provide more quantitative insights into the water clusters. Panels (a) and (b) present representative 

RDFs for a low-density (20 kg/m3) and high-density (90 kg/m3) system, respectively. The distance 

from the oxygen atom of the nearest water molecule (e.g., the complexed water molecule) to Ag is 

2.4±0.2 Å which is longer than the approximately 2 Å distance seen for H2O-Cu.22 This interaction 

distance for the AgCl:H2O complex is slightly larger (although within the level of uncertainty) 

than the 2.31 Å distance obtained by DFT-MD17 at supercritical conditions (653.15 K and 600 bar) 

and the �|  2.2 Å distance found via electronic structure calculations at 0 K33�±35 and confirmed via 

rotational spectroscopy.33 However, we would expect that the H2O-Ag bond would be longer at the 

elevated temperatures of our simulations. Moreover, our simulations correctly predict that the 

Ag-O bond should be slightly longer than the Cu-O bond.33,34 

 

Figure 4: Radial distribution functions (RDFs) for Ag-O (solid red line) and Cl-O (dashed blue 

line) interactions at 673 K and (a) = 20�U  kg/m3 (b) = 90�U . For visual clarity, raw RDFs are 

smoothed, as described in text. 

 

Figure 4 panel (a) shows that at lower densities there is a strong second peak at 3.35 Å in 

the Ag-O RDF corresponding to additional water molecules hydrogen bonding with the 

complexed water. The Cl-O RDFs are more complicated than the corresponding RDFs for the 

CuCl-H2O complexes.22 At low density (panel (a)), there are two strong peaks at approximately 

3.5 Å and 4.5 Å rather than a single peak. Combined with the simulation snapshots, this indicates 
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that the water molecules are interacting directly with the Cl. Similar H2O-Cl interactions are not 

reported for CuCl:H2O complexes.22 As the density increases (panel (b)), these peaks shift to 

slightly shorter distances indicating a stronger interaction with the Cl. 

Figure 5 plots two-dimensional histograms of the O-Ag-Cl angle and Ag-O distance for (a) 

low (20 kg/m3) and (b) high (90 kg/m3) densities at 673 K (where the oxygen atom pertains to the 

complexed water molecule). At both densities, there is a very high probability for short distances 

(2.0-2.5 Å) and high angles (120-180°), indicating that the complexed water molecule is opposite 

the Cl atom. The O-Ag-Cl angle distribution is much broader and shifted towards smaller angles 

(typically 120 to 161°, see Table S.II in Supplementary Material) compared to the range reported 

for O-Cu-Cl (157 to 169°).22 This confirms what is observed visually from the simulation 

snapshots in Figure 3, namely, the less persistent AgCl:H2O structure is also more bent than the 

nearly linear CuCl:H2O structure reported previously.22 Figure 5 also shows regions of moderate 

probability in the 3-4 Å and 60-120°, corresponding to the second peak in the Ag-O RDF (see 

Figure 4). Beyond an Ag-O distance of 4 Å there is no strong angular preference. 

 

Figure 5: Two-dimensional histograms of the Ag-O distance and the O-Ag-Cl angle for (a) low 

density (20 kg/m3) and (b) high density (90 kg/m3). Oxygen atom pertains to the complexed water 

molecule. 

 

Recall that the hydration number ( )n  from a molecular simulation is the mean average of 

the instantaneous hydration numbers observed at thousands of snapshots (see Figure S.5 in 

Supplementary Material for plots of instantaneous hydration number with respect to MC step). To 

appreciate the variability in instantaneous hydration numbers from a single simulation, Figure 6 
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provides histograms that are representative of (a) low (10 kg/m3), (b) intermediate (50 kg/m3), and 

(c) high (100 kg/m3) densities. There are at least three key observations to be made from these 

figures. First, uncertainties are extremely large when based solely on the range of instantaneous 

hydration numbers in a single simulation. Second, the hydration numbers are not normally 

distributed. This is especially true for low densities, where the lower bound of zero skews the 

distribution. However, it is also true even at higher densities where, in some cases, we see bimodal 

and nearly-rectangular distributions. The non-normality is one reason why reporting a standard 

deviation from a single simulation is not advised. Third, Figure 6 panel (a) verifies that, although 

�X�Q�F�R�P�P�R�Q�����L�W���L�V���S�R�V�V�L�E�O�H���I�R�U���$�J�&�O���W�R���H�[�L�V�W���³�Q�D�N�H�G�´���Z�L�W�K�R�X�W���D�Q�\�� �Q�H�L�J�K�E�R�U�L�Q�J���Z�D�W�H�U���P�R�O�H�F�X�O�H�V����

= 0n ). Recall that this is in contrast with previous CuCl simulation results.22 

 

Figure 6: Histograms of instantaneous hydration numbers for simulations at three select densities 

(a) 10 kg/m3, (b) 50 kg/m3, and (c) 100 kg/m3. 

 

�:�H���Q�R�Z���D�S�S�U�R�D�F�K���W�K�H���V�L�P�X�O�D�W�L�R�Q���U�H�V�X�O�W�V���P�R�U�H���T�X�D�Q�W�L�W�D�W�L�Y�H�O�\�����)�L�J�X�U�H�������S�U�H�V�H�Q�W�V���W�K�H���³�U�D�Z�´��

simulation data, i.e., the hydration numbers from a single simulation without applying the fitting 

�S�U�R�F�H�G�X�U�H���G�L�V�F�X�V�V�H�G���L�Q���6�H�F�W�L�R�Q�����������������)�L�J�X�U�H�������G�H�P�R�Q�V�W�U�D�W�H�V���W�K�D�W�����D�O�W�K�R�X�J�K���W�K�H���³�U�D�Z�´���V�L�P�X�O�D�W�L�R�Q��

results are fairly smooth with respect to density and follow a clear monotonically-increasing 

density trend, there are some notable outliers (e.g., 623 K and 70 kg/m3). Due to the challenging 

nature of sampling from these systems, outliers are likely caused by a simulation being trapped in 

a metastable state for a prolonged number of MC steps. Furthermore, the random fluctuations from 

a single simulation are extremely large. To clarify, the uncertainties plotted in Figure 7 are not 

�I�U�R�P���E�R�R�W�V�W�U�D�S���U�H�V�D�P�S�O�L�Q�J���� �E�X�W�� �D�U�H���L�Q�V�W�H�D�G���W�K�H�� �³�U�D�Z�´�� �X�Q�F�H�U�W�D�L�Q�W�L�H�V���E�D�V�H�G���V�R�O�H�O�\�� �R�Q the standard 
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deviation of a single simulation (recall the histograms in Figure 6). However, we do not 

recommend this approach for uncertainty quantification for at least two reasons: 1) each NMC 

simulation only has around 3-4 (partially) decorrelated blocks 2) this approach completely 

neglects the information content available in simulations at neighboring densities and, thus, the 

�³�U�D�Z�´���X�Q�F�H�U�W�D�L�Q�W�L�H�V���V�L�J�Q�L�I�L�F�D�Q�W�O�\���R�Y�H�U�H�V�W�L�P�D�W�H���W�K�H���W�U�X�H���X�Q�F�H�U�W�D�L�Q�W�L�H�V�����7�K�H�U�H�I�R�U�H�����W�K�H���X�Q�F�H�U�W�D�L�Q�W�L�H�V��

plotted in Figure 7 are merely intended to illustrate why a smoothing routine is crucial to reduce 

�X�Q�F�H�U�W�D�L�Q�W�L�H�V�����6�S�H�F�L�I�L�F�D�O�O�\�����Z�L�W�K���W�K�H���³�U�D�Z�´���X�Q�F�H�U�W�D�L�Q�W�L�H�V�����L�W���L�V���L�P�S�R�V�V�L�E�O�H���W�R���P�D�N�H���D�Q�\���F�R�Q�F�O�X�V�L�R�Q�V��

regarding the temperature or density dependence of hydration number. 

 

Figure 7: Raw simulation results. Uncertainties correspond to the 95% confidence level based on 

the standard deviation of n  from a single simulation. 

 

In order to elucidate the temperature dependence of our DFT simulation results, it is 

imperative to obtain a self-consistent data set with manageable uncertainties. For this purpose, we 

�R�E�W�D�L�Q���³�V�P�R�R�W�K�´���V�L�P�X�O�D�W�L�R�Q���U�H�V�X�O�W�V���E�\���I�L�W�L�Q�J���(�T�X�D�W�L�R�Q��6 to the raw simulation data (see Table S.III 

�L�Q���6�X�S�S�O�H�P�H�Q�W�D�U�\���0�D�W�H�U�L�D�O���I�R�U���W�D�E�X�O�D�W�H�G���Y�D�O�X�H�V���R�I���³�U�D�Z�´���D�Q�G���³�V�P�R�R�W�K�´���V�L�P�X�O�D�W�L�R�Q���U�H�V�X�O�W�V���������)�L�J�X�U�H��

8 depicts the goodness of fit for all three temperatures. The somewhat lower quality of the fit at 

low values of H O2
log( )f , particularly for = 713T  K, is not concerning because we are primarily 

interested in the trend at higher densities, where differences in hydration number between the 

temperatures are more likely to be observed. Note that the vertical axis of Figure 8 is different from 

that of Figure 2 because simulation data provide direct access to the hydration number, i.e., we fit 

the empirical model directly to n  rather than to AgCllog( )f , as is the case for experimental data. 

Recall that this eliminates one layer of uncertainty from the propagation of error. The multiple 
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values of n  for a given value of H O2
f  in Figure 8 correspond to separate block averages from a 

single simulation. 

 

Figure 8: Simulation block averages and fits to Equation 6. 

 

�)�L�J�X�U�H�������V�K�R�Z�V���W�K�D�W���W�K�H���³�V�P�R�R�W�K�´���V�L�P�X�O�D�W�L�R�Q���U�H�V�X�O�W�V���D�U�H���Q�R�W���R�Q�O�\���P�R�U�H���L�Q�W�H�U�Q�D�O�O�\���F�R�Q�V�L�V�W�H�Q�W��

�W�K�D�Q���W�K�H���³�U�D�Z�´���V�L�P�X�O�D�W�L�R�Q���Y�D�O�X�H�V�����E�X�W���W�K�H�\���D�O�V�R���K�D�Y�H���P�X�F�K���O�R�Z�H�U��uncertainties. Therefore, it is now 

possible to make more definitive and quantitative statements regarding the temperature and 

density dependence of hydration number. 

 

Figure �������&�R�P�S�D�U�L�V�R�Q���E�H�W�Z�H�H�Q���³�V�P�R�R�W�K�´���V�L�P�X�O�D�W�L�Rn results and experimental data9,10 at (a) 623 K 

���E�������������.���D�Q�G�����F�������������.�����3�D�Q�H�O�����G�����S�U�R�Y�L�G�H�V���F�R�P�S�D�U�L�V�R�Q���R�I���³�V�P�R�R�W�K�´���V�L�P�X�O�D�W�L�R�Q���U�H�V�X�O�W�V���D�W���D�O�O���W�K�U�H�H��

temperatures. Smoothing simulation data reduces uncertainties and allows for a more 

self-consistent comparison. Panels (a) and (c) suggest simulation results tend to overpredict 

hydration number at the highest densities. Panel (d) shows a largely monotonic temperature 

dependence as the hydration number decreases slightly with increasing temperature at lower 

densities and are indistinguishable at higher densities. Experimental uncertainties not depicted for 

visual clarity (see Figure 1). 

 

First, panels (a) and (c) in Figure 9 demonstrate that the simulation results at 623 K and 713 

K, respectively, are in quantitative agreement with the experimental data9,10 at low densities, but 

�R�Y�H�U�S�U�H�G�L�F�W���K�\�G�U�D�W�L�R�Q���Q�X�P�E�H�U�V���D�W���K�L�J�K�H�U���G�H�Q�V�L�W�L�H�V�����³�6�P�R�R�W�K�´���V�L�P�Xlation results of CuCl at 623 K22 

demonstrate similar overprediction relative to experimental data32 (see Figure S.6 in 
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Supplementary Material). 

Figure 9 panel (b) �V�K�R�Z�V���D���G�L�I�I�H�U�H�Q�W���W�U�H�Q�G���I�R�U���W�K�H���³�V�P�R�R�W�K�´���V�L�P�X�O�D�W�L�R�Q���U�H�V�X�O�W�V���D�W���������� �.����

Specifically, the simulations slightly overpredict the experimental hydration numbers at low 

densities9,10 while they agree well at higher densities with the experimental values from Migdisov 

and Williams-Jones.9 However, the experimental estimates from Akinfiev and Zotov10 are 

considerably lower than the values from Migdisov and Williams-Jones.9 Furthermore, the 

experimental uncertainties are quite large, especially at the highest densities (see Figure 1; 

experimental uncertainties not depicted in Figure 9 for visual clarity). 

Figure 9 panel (d) demonstrates that the temperature dependence is marginal and fairly 

monotonic. Our simulation results do not display a maximum in hydration number at 673 K, as 

suggested by the experimental data of Migdisov and Williams-Jones.9 Instead, at lower densities 

the hydration number decreases slightly with increasing temperature, in agreement with the trend 

reported by Liu et al.16 This temperature dependence is not distinguishable at higher densities as 

the hydration numbers for all three temperatures are within their combined uncertainties. 

Therefore, any temperature dependence is extremely subtle, of similar magnitude to the simulation 

uncertainties themselves at the highest densities. 

Panel (d) also shows that the simulation-predicted hydration numbers consistently increase 

with respect to density at 623 K, 673 K, and 713 K, over the entire density range studied (10-100 

kg/m3). This implies an exponential - rather than linear - relationship between the logarithm of 

solubility and the logarithm of pressure, as postulated by Migdisov and Williams-Jones.9 In 

addition, Figure S.7 in Supplementary Material provides convincing evidence that the simulation 

results support an exponential model as the fitting parameter 2a  is significantly greater than 1 at 

the 95% confidence level. However, some caution should be exercised when drawing conclusions 
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from the simulation results at the highest densities since adequate MC sampling is more 

challenging for larger cluster sizes. 

When comparing the simulation results from this study for AgCl with previous results for 

CuCl,22 the hydration numbers at 623 K are approximately a factor of two smaller for AgCl than 

for CuCl at the highest densities (see Figure S.8 in Supplementary Material). The lower hydration 

number of AgCl is consistent with the measured solubility of AgCl being significantly less than 

the solubility of CuCl under the same conditions. In addition, the experimental hydration numbers 

are 2-3 times smaller for AgCl than CuCl at 623 K.9,32 

 

4 Conclusions 

The ability of high-temperature vapors to transport metals depends on the hydration number and, 

thus, the hydration number is an important quantity for understanding the efficiency of 

vapor-phase metal transport. Experimental estimates of the hydration number of AgCl in high 

temperature water vapors present conflicting trends for both the temperature and density 

dependence. Drawing conclusions from the experimental data alone is challenging, due to the 

large uncertainties associated with extracting these values from the measured solubilities, 

especially at the highest densities. 

In this study, we demonstrate how first-principles Monte Carlo simulations present an 

attractive alternative to experiment. One reason is that molecular simulations provide direct 

prediction of hydration numbers, which eliminates one layer of uncertainty from the fitting 

procedure. Another reason is that, in contrast with experiment, simulations do not suffer from the 

same difficulty of precisely controlling the water pressure. With smaller uncertainties, the 

�³�V�P�R�R�R�W�K�´�� �V�L�P�X�O�D�W�L�R�Q�� �U�H�V�X�O�W�V�� �S�U�H�G�L�F�W a subtle, but monotonic, temperature dependence. 

Jo
ur

na
l P

re
-p

ro
of

Journal Pre-proof



Specifically, the hydration number decreases slightly with increasing temperature, especially at 

low densities. The hydration number increases with increasing density at all temperatures, 

consistent with recent experimental work that suggests an exponential (rather than linear) 

relationship between solubility and pressure (on a logarithmic basis). Overall, molecular 

simulation is able to help discern between the differing temperature and density trends observed in 

the experimental data sets. Therefore, molecular simulation should be viewed as an invaluable tool 

when estimating properties (such as hydration number) that are essential to develop geochemical 

models for ore-forming metals and to design supercritical desalination processes. 

A complexed water molecule around AgCl typically forms a distorted linear O-Ag-Cl 

structure that is not as persistent as the nearly linear O-Cu-Cl structure observed in previous CuCl 

simulations. Moreover, the Ag-O bond is slightly longer and weaker than the corresponding Cu-O 

bond. These differences are consistent with lower solubility for AgCl than CuCl in 

high-temperature water vapors. Indeed, consistent with experiment, simulation results predict that 

the hydration numbers (and thus solubilities) for AgCl are lower than for CuCl by approximately a 

factor of two under the same conditions. 

Lastly, by integrating accurate machine-learned potentials into a nested Monte Carlo 

algorithm, we overcome the prohibitive computational costs of first-principles molecular 

simulations. This technique enables future simulations of other transition metals and rare earth 

complexes in low-density hydrothermal fluids. 

 

5 Supplementary Material 

Supplementary Material contains: Simulation specifications; Comparison of cluster-size analysis 

methods; Experimental compressibility factor; Fitting of simulation results assuming ideal gas; 
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RDF smoothing; Generation of 2-D histograms; Instantaneous hydration number with respect to 

MC step; Tabulated simulation results; Comparison with CuCl simulation results; Comparison 

between experiment and simulation for CuCl; Distribution of the exponential fitting parameter; 

Comparison between simulation results for CuCl and AgCl 

 

Acknowledgements 

The authors gratefully acknowledge informative conversations with Artas Migdisov. This work 

was supported by the Laboratory Directed Research and Development Program at Los Alamos 

National Laboratory under project number 20190057DR. This research also used resources 

provided by the Los Alamos National Laboratory Institutional Computing Program, supported by 

the U. S. Department of Energy National Nuclear Security Administration under Contract No. 

89233218CNA000001. TJY acknowledges support from the Directors Postdoctoral Fellow 

Program under award number 20190653PRD4. RBJ acknowledges funding from the Nicholas C. 

Metropolis Fellowship and support from the Center for Nonlinear Studies at Los Alamos National 

Lab. 

Declaration of interests 
 
��  The authors declare that they have no known competing financial interests or personal 
relationships that could have appeared to influence the work reported in this paper. 
 
�• The authors declare the following financial interests/personal relationships which may be considered 
as potential competing interests:  
 

References 

(1) Yin, Y.; Zajacz, Z. The Solubility of Silver in Magmatic Fluids: Implications for Silver 

Transfer to the Magmatic-Hydrothermal Ore-Forming Enviornment. Geochim. 

Jo
ur

na
l P

re
-p

ro
of

Journal Pre-proof



Cosmochim. Acta 2018, 238, 235�±251 

(2) Li, P.; Boudreau, A. E. Vapor Transport of Silver and Gold in Basaltic Lava Flows. 

Geology 2019, 47, 877�±880 

(3) Pitzer, K. S.; Pabalan, R. T. Thermodynamics of NaCl in Steam. Geochim. Cosmochim. 

Acta 1986, 50, 1445�±1454 

(4) Driesner, T.; Heinrich, C. A. The System H2ONaCl. Part I: Correlation Formulae for Phase 

Relations in Temperature Pressure Composition Space from 0 to 1000°C, 0 to 5000bar, and 

0 to 1 XNaCl. Geochim. Cosmochim. Acta 2007, 71, 4880�±4901 

(5) Driesner, T. The System H2ONaCl. Part II: Correlations for Molar Volume, Enthalpy, and 

Isobaric Heat Capacity from 0 to 1000°C, 1 to 5000 bar, and 0 to 1 XNaCl. Geochim. 

Cosmochim. Acta 2007, 71, 4902�±4919 

(6) Velizhanin, K. A.; Alcorn, C. D.; Migdisov, A. A.; Currier, R. P. Rigorous Analysis of 

Non-Ideal Solubility of Sodium and Copper Chlorides in Water Vapor Using 

Pitzer-Pabalan Model. Fluid Phase Equilib. 2020, 522, 112731 

(7) Murase, K.; Nishikawa, K.-i.; Machida, K.-i.; Adachi, G.-y. Recovery of Nickel and 

Vanadium from a Fly Ash of Bitumen-in-Water Emulsion by Chemical Vapor Transport. 

Chem. Lett. 1994, 23, 1845�±1848 

(8) Ozaki, T.; Machida, K.; Adachi, G. Extraction and mutual separation of rare earths from 

used polishes by chemical vapor transport. 1999, 30 

(9) Migdisov, A. A.; Williams-Jones, A. E. A Predictive Model for Metal Transport of Silver 

Chloride by Aqueous Vapor in Ore-Forming Magmatic-Hydrothermal Systems. Geochim. 

Cosmochim. Acta 2013, 104, 123�±135 

(10) Akinfiev, N. N.; Zotov, A. V. Solubility of Chlorargyrite (AgCl(cr./l.) in Water: New 

Jo
ur

na
l P

re
-p

ro
of

Journal Pre-proof



Experimental Data and a Predictive Model Valid for a Wide Range of Temperatures 

(273-873 K) and Water Densities (0.01-1 g cm�í3). Geochim. Cosmochim. Acta 2016, 178, 

178�±194 

(11) Beck, T. L.; Paulaitis, M. E.; Pratt, L. R. The Potential Distribution Theorem and Models 

of Molecular Solutions; Cambridge University Press: Cambridge, 2006 

(12) Migdisov, A. A.; Williams-Jones, A. E.; Suleimenov, O. M. Solubility of Chlorargyrite 

(AgCl) in Water Vapor at Elevated Temperatures and Pressures. Geochim. Cosmochim. 

Acta 1999, 63, 3817�±3827 

(13) Kohn, W.; Sham, L. J. Self-Consistent Equations Including Exchange and Correlation 

Effects. Phys. Rev. 1965, 140, A1133�±A1138 

(14) Kohanoff, J. Electronic Structure Calculations for Solids and Molecules: Theory and 

Computational Methods; Cambridge University Press: Cambridge, U.K., 2006 

(15) Sherman, D. M. Metal Complexation and Ion Association in Hydrothermal Fluids: Insights 

from Quantum Chemistry and Molecular Dynamics. Geofluids 2010, 10, 41�±57 

(16) Liu, X.; Lu, X.; Wang, R.; Zhou, H. Silver Speciation in Chloride-Containing 

Hydrothermal Solutions from First Principles Molecular Dynamics Simulations. Chem. 

Geol. 2012, 294�±295, 103�±112 

(17) Pokrovski, G. S.; Roux, J.; Ferlat, G.; Jonchiere, R.; Seitsonen, A. P.; Vuilleumier, R.; 

Hazemann, J.-L. Silver in geological fluids from in situ X-ray absorption spectroscopy and 

first-principles molecular dynamics. Geochim. Cosmochim. Acta 2013, 106, 501�±523 

(18) Mei, Y.; Liu, W.; Sherman, D. M.; Brugger, J. Metal Complexation and Ion Hydration in 

Low Density Hydrothermal Fluids: Ab Initio Molecular Dynamics Simulation of Cu(I) and 

Au(I) In Chloride Solutions (25 1000� � � qC, 1�±5000 bar). Geochim. Cosmochim. Acta 2014, 

Jo
ur

na
l P

re
-p

ro
of

Journal Pre-proof



131, 196�±212 

(19) Mei, Y.; Liu, W.; Brugger, J.; Migdisov, A. A.; Williams-Jones, A. E. Hydration Is the Key 

for Gold Transport in CO2-HCl-H2O Vapor. ACS Earth Space Chem. 2017, 1, 368�±375 

(20) Sherman, D. M. Complexation of Cu+ in Hydrothermal NaCl Brines: Ab Initio Molecular 

Dynamics and Energetics. Geochim. Cosmochim. Acta 2007, 71, 714�±722 

(21) Mei, Y.; Sherman, D. M.; Liu, W.; Brugger, J. Ab Initio Molecular Dynamics Simulation 

and Free Energy Exploration of Copper(I) Complexation by Chloride and Bisulfide in 

Hydrothermal Fluids. Geochim. Cosmochim. Acta 2013, 102, 45�±64 

(22) Maerzke, K. A.; Yoon, T. J.; Jadrich, R. B.; Leiding, J. A.; Currier, R. P. First-Principles 

Simulations of CuCl in High-Temperature Water Vapor. J. Phys. Chem. B 2021, 125, 

4794�±4807 

(23) Liu, X.; Lu, X.; Wang, R.; Meijer, E. J. Understanding Hydration of Zn2+ in Hydrothermal 

Fluids with Ab Initio Molecular Dynamics. Phys. Chem. Chem. Phys. 2011, 13, 

13305�±13309 

(24) Mei, Y.; Sherman, D. M.; Liu, W.; Etschmann, B.; Testemale, D.; Brugger, J. Zinc 

Complexation in Chloride-Rich Hydrothermal Fluids (25 600�� C): A Thermodynamic 

Model Derived from Ab Initio Molecular Dynamics. Geochim. Cosmochim. Acta 2015, 

150, 265�±284 

(25) Mei, Y.; Liu, W.; Migdiov, A. A.; Brugger, J.; Williams-Jones, A. E. CuCl Complexation 

in the Vapor Phase: Insights from Ab Initio Molecular Dynamics Simulations. Geofluids 

2018, 2018, 4279124 

(26) Smith, J. S.; Isayev, O.; Roitberg, A. E. ANI-1: an extensible neural network potential with 

DFT accuracy at force field computational cost. Chem. Sci. 2017, 8, 3192�±3203 

Jo
ur

na
l P

re
-p

ro
of

Journal Pre-proof



(27) Smith, J. S.; Nebgen, B.; Lubbers, N.; Isayev, O.; Roitberg, A. E. Less is more: Sampling 

chemical space with active learning. J. Chem. Phys. 2018, 148, 241733 

(28) Smith, J. S.; Nebgen, B. T.; Zubatyuk, R.; Lubbers, N.; Devereux, C.; Barros, K.; Tretiak, 

S.; Isayev, O.; Roitberg, A. E. Approaching coupled cluster accuracy with a 

general-purpose neural network potential through transfer learning. Nat. Commun. 2019, 

10, 1�±8 

(29) Sifain, A. E.; Lystrom, L.; Messerly, R. A.; Smith, J. S.; Nebgen, B.; Barros, K.; Tretiak, 

S.; Lubbers, N.; Gifford, B. J. Predicting phosphorescence energies and inferring 

wavefunction localization with machine learning. Chem. Sci. 2021, 12, 10207�±10217 

(30) Jadrich, R. B.; Leiding, J. A. Accelerating Ab Initio Simulation via Nested Monte Carlo 

and Machine Learned Reference Potentials. J. Phys. Chem. B 2020, 124, 5488�±5497 

(31) Jadrich, R. B.; Ticknor, C.; Leiding, J. A. First Principles Reactive Simulation For 

Equation of State Prediction. arXiv:2103.09849 [physics.chem-ph], 2021 

(32) Migdisov, A. A.; Bychokv, A. Y.; Williams-Jones, A. E.; van Hinsberg, V. J. A Predictive 

Model for the Transport of Copper by HCl-Bearing Water Vapour in Ore-Forming 

Magmatic-Hydrothermal Systems: Implications for Copper Porphyry Ore Formation. 

Geochim. Cosmochim. Acta 2014, 129, 33�±53 

(33) Mikhailov, V. A.; Roberts, F. J.; Stephens, S. L.; Harris, S. J.; Tew, D. P.; Harvey, J. N.; 

Walker, N. R.; Legon, A. C. Monohydrates of Cuprous Chloride and Argentous Chloride: 

H2O � ˜ �˜ �˜ CuCl and H2O � ˜ �˜ �˜ AgCl Characterized by Rotational Spectroscopy and Ab Initio 

Calculations. J. Chem. Phys. 2011, 134, 134305 

(34) Zhang, G.; Zhao, X.; Chen, D. Dual Bonding between H2O/H2S and AgCl/CuCl: Cu/Ag 

Bond, Sister Bond to Au Bond. J. Phys. Chem. A 2013, 117, 10944�±10950 

Jo
ur

na
l P

re
-p

ro
of

Journal Pre-proof



(35) Godinho, S. S. M. C.; do Couto, P. C.; Cabral, B. J. C. Polarization Effects and Charge 

Separation in AgCl-Water Clusters. J. Chem. Phys. 2005, 122, 044316 

(36) Siu, C.-K.; Fox-Beyer, B. S.; Beyer, M. K.; Bondybey, V. E. Ab Inito Molecular Dynamics 

Studies of Ionic Dissolution and Precipitation of Sodium Chloride and Silver Chloride in 

Water Clusters, NaCl(H2On) and AgCl(H2O)n, n  = 6, 10, and 14. Chem. Eur. J. 2006, 12, 

6382�±6392 

(37) Hutter, J.; Iannuzzi, M.; Schiffmann, F.; VandeVondele, J. CP2K: Atomistic Simulations 

of Condensed Matter Systems. WIREs Comput. Mol. Sci. 2014, 4, 15�±25 

(38) VandeVondele, J.; Krack, M.; Mohamed, F.; Parrinello, M.; Chassaing, T.; Hutter, J. 

Quickstep: Fast and Accurate Density Functional Calculations using a Mixed Gaussian and 

Plane Waves Approach. Comput. Phys. Commun. 2005, 167, 103�±128 

(39) Becke, A. D. Density-Functional Exchange-Energy Approximation with Correct 

Asymptotic Behavior. Phys. Rev. A 1988, 38, 3098�±3100 

(40) Lee, C.; Yang, W.; Parr, R. G. Development of the Colle-Salvetti Correlation-Energy 

Formula into a Functional of the Electron Density. Phys. Rev. B 1988, 37, 785�±789 

(41) VandeVondele, J.; Hutter, J. Gaussian Basis Sets for Accurate Calculations on Molecular 

Systems in Gas and Condensed Phases. J. Chem. Phys. 2007, 127, 114105 

(42) Goedecker, S.; Teter, M.; Hutter, J. Separable Dual-Space Gaussian Pseudopotentials. 

Phys. Rev. B 1996, 54, 1703�±1710 

(43) Hartwigsen, C.; Goedecker, S.; Hutter, J. Relativistic Separable Dual-Space Gaussian 

Pseudopotentials from H to Rn. Phys. Rev. B 1998, 58, 3641�±3662 

(44) Grimme, S.; Antony, J.; Ehrlich, S.; Krieg, H. A Consistent and Accurate Ab Initio 

Parametrization of Density Functional Dispersion Correction (DFT-D) for the 94 Elements 

Jo
ur

na
l P

re
-p

ro
of

Journal Pre-proof



H-Pu. J. Chem. Phys. 2010, 132, 154104 

(45) Seward, T. The stability of chloride complexes of Silver in hydrothermal solutions up to 

350°C. Geochim. Cosmochim. Acta 1976, 40, 1329�±1341 

(46) Zotov, A. V.; Diagileva, D. R.; Koroleva, L. A. Silver Solubility in Supercritical Fluids in a 

Wide Range of NaCl Concentration (0.650 wt %) Experimental and Thermodynamic 

Description. ACS Earth Space Chem. 2020, 4, 2403�±2413 

(47) Pokrovski, G. S.; Borisova, A. Y.; Bychkov, A. Y. Speciation and Transport of Metals and 

Metalloids in Geological Vapors. Rev. Mineral. Geochem. 2013, 76, 165�±218 

(48) Luijten, E. In Computer Simulations in Condensed Matter Systems: From Materials to 

Chemical Biology Volume 1; Ferrario, M., Ciccotti, G., Binder, K., Eds.; Springer Berlin 

Heidelberg: Berlin, Heidelberg, 2006; pp 13�±38 

(49) Rao, M.; Berne, B. J. On the Force Bias Monte Carlo Simulation of Simple Liquids. J. 

Chem. Phys. 1979, 71, 129�±132 

(50) Mees, M. J.; Pourtois, G.; Neyts, E. C.; Thijsse, B. J.; Stesmans, A. Uniform-Acceptance 

Force-Bias Monte Carlo Method with Time Scale to Study Solid-State Diffusion. Phys. 

Rev. B 2012, 85, 134301 

(51) Neyts, E. C.; Thijsse, B. J.; Mees, M. J.; Bal, K. M.; Pourtois, G. Establishing Uniform 

Acceptance in Force Biased Monte Carlo Simulations. J. Chem. Theory Comput. 2012, 8, 

1865�±1869 

(52) Stillinger, F. H. Rigorous Basis of the Frenkel-Band Theory of Association Equilibrium. J. 

Chem. Phys. 1963, 38, 1486�±1494 

(53) Kestin, J.; Sengers, J. V.; Kamgar Parsi, B.; Sengers, J. M. H. L. Thermophysical 

Properties of Fluid H2O. J. Phys. Chem. Ref. 1984, 13, 175�±183 

Jo
ur

na
l P

re
-p

ro
of

Journal Pre-proof



(54) Sukhomlinov, S. V.; Müser, M. H. Determination of accurate, mean bond lengths from 

radial distribution functions. J. Chem. Phys. 2017, 146, 024506 

(55) Rycroft, C. H. Voro++: A Three-Dimensional Voronoi Cell Library in C++. Chaos 2009, 

19, 041111 

Jo
ur

na
l P

re
-p

ro
of

Journal Pre-proof



�'�Œ���‰�Z�]���•�������•�š�Œ�����š



�&�]�P�µ�Œ�����í



�&�]�P�µ�Œ�����î



�&�]�P�µ�Œ�����ï



�&�]�P�µ�Œ�����ð



�&�]�P�µ�Œ�����ñ



�&�]�P�µ�Œ�����ò



�&�]�P�µ�Œ�����ó



�&�]�P�µ�Œ�����ô



�&�]�P�µ�Œ�����õ


