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Abstract

Hydration numbers o; mctal caiexes in lowdensity aqueous solutions are required for
developing geochemicil m>dels for doeming metals and for designing supercritical
desalination processes. in this study, we investigate the temperature and density dependence of the
hydration numbrs of silver chloride at 623 K, 673 K, and 713 K and densities-aD0kg/n{.
Experimental estimates of the hydration number in the literature for AgCl at these conditions are
inconclusive and possibly contradictory as to the temperature and densihddepe.
First-principles molecular simulation presents an attractive alternative to experimental
measurements. Specifically, recent work shows that matdameingaccelerated nested Monte

Carlo simulations provide reliable estimates for the hydratiombaus of CuCl at 623 K from



10-100 kg/nt. Using the same technique, we find a monotonic temperature dependence, with the
hydration number decreasing slightly with increasing temperature. In addition, the
simulationpredicted hydration numbers steadily e@se with increasing density. These

temperature and density trends are in agreement with certain experimental data sets. Therefore,
this work demonstrates how firgtinciples Monte Carlo simulations assist in resolving
discrepancies between experimenttbosets. Our simulation results also correctly predict that the
hydration number, and thus also the solubility, of AgCl is lowe. than that of CuCl under the same
conditions. Furthermore, the bond length and angle fornrz1 -<ween the water complex and AgCI

differ from those for CuCl, consistent with the lower sc'ubinty of AgCl.

Keywords: hydrothermal fluids, hydratic’ s.ructure, density functional theory, Monte

Carlo, machine learning potentials

1 Introduction

The group 1B elements, inclu..ing copper, silver, and gold are importafdrorimg metals that
are often transportr.J! wthia the earth as chloride complexes.demsity hydrothermal fluids,
typically (k300 kg/ni’, play an importantole in the geological transport of several types of
magmatiehydrothermal ore deposits, including porphyry and epithermal depdsithe
solubility (and transport properties) of metals in aqueous vapors andelosity supercritical
water is primarily ontrolled by the hydration of neutral molecular salts; for instance, NaCl){H
determines the solubility of sodium chloride rather than N&CFEurthermore, increasing interest
in supercritical desalination suggests that the ability to processostdining fluids under a

variety of conditions, including lowensity and highemperature water (steam), will be



required’® Understanding the solubility (and the closetyated hydration numbet®) of metals in

such fluids is therefore essential forbthe development of geochemical models of ore formation

and for the optimization of supercritical desalination processeszased understanding of the
magnitude and trends associated with successive addition of water molecules to a hydrated salt
clustercan help refine thermodynamic mdsiee.qg., quasthemical modefs‘*that treat clusters of

a given size as thermodynamic components.

Hydration numbers () are extracted from experin.”ntal vaypbrase solubilities
according to thenalysis proposetly Migdisov and Williz:msci1e8 (see also Section 2.2.2).
Recent measurements for AgCl at 623 K, 673 K, 713 . and 753 K (temperatures are rounded for
brevity) show inconclusive and possibly contra sctory trends for with respect to
temperaturé® However, these previous exre.’ne.ntal studies lack a rigorous assessment of the
uncertainties assigned to the extractt valies. As shown in Figure 1, when considering the
uncertainties inn (see Section 2.z.1), it is difficult to determine the actual temperature
dependence of for AgCI. In par.-u.~., whether there is temperature dependence for the data at
623 K and 673 K is unclear w'*hemlata of Migdsov and WilliamsJone8 showing a significant
increase inn at 673 K (os.ccially at higher density) atié data of Akinfiev and Zotd?
showing essentially no *emperature dependence for these same temperatwes fossibly a
small decrease im). 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 lomet 753 K. Thus, the experimental estimates from Migdisov and
Williams-Jones suggest a nomonotonic temperature trend in with a possible maximum
around 673 K, while the Akinfiev and Zotov data follow a more monotonic treneloogédsingn

with increasing temperature.



Figurel: Experimental hydration numbers. (a) Experimental estimates from Migdisov and
Williams-Jone8 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
Zotov'® 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 sigtifiaihigher densities

for Migdisov and WilliamsJores.

Figure 1 shows that the density dependence o: the hydration number is also unclear at the
highest densities, partially due to the larger unce.*ainties at these conditions. An increasing
hydration mumber with respect to densit -.or.esponds approximately to an exponential
relationship between the logarithm of < lukility and the logarithm of pressure (more precisely, the
fugacity), whereas a constant hydra.on number corresponds to a linear depehdeacker
work, Migdisov et al. assume a linec v .elationship when fitting experimental solubility data over a
very narrow range of densiti€-However, more recent and extensive measurements of Migdisov
and WilliamsJone& present c~atradictory density trends. Specifically, the experimental estimates
show a plateau anh | + for high densities at 623 K but demonstrate a steady increase in
approaching a value of 13, at 673 Knfortunately, experimental data at 713 K are not available
beyond 70 kg/ry where the apparent plateau occurs at 623 K. The density demenfbr the
Akinfiev and Zotov° 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

and the small numbef data points at 673 K and 753from Akinfiev and Zotov*° The origin(s)



of the discrepancies between the different data sets (and possibly within a single data set) remains
unclear. An alternative (and s@bnsistent) approach to elucidate the tempesatind density
dependence of for AgCl is firstprinciples molecular simulation.

Firstprinciples methods, such as KeBham density functional theory (KI3FT, or
simply DFT, for brevity}*'* are playing an increasingly importamole in describing
hydrothermal systents. Firstprinciples molecular dynamics (MD) and Monte Carlo (MC)

simulations have been perfoed for aqueous solutions of AY'' A1 1319Cu 82922 and zn

2324

While most of these firgbrinciples simulationsvere at liquiz!'kc uensitiesa few examined the
vapor phasé®819223gr example, DFIMD simulatio:.s at saturated vapor densities predict
hydration numbers for Agthat decrease from 4 to 2 . =(ween temperatur88®K and 573 K,
respectively® A well-known challenge of sim'i.:invy the vapor phase for these systems using MD
is the poor sampling of water cluster <:ze<.. Previous work by Maerzke- efeatonstrates that

MC simulations overcome this proclem and, thus, MC should be preferred overoMD f
vaporphase simulations of Ageg? O cvstems. The key remaining challenge for DFT simulations
(for both MD or MC) is the pro.ribiuvelpigh computational cost required to evaluate the energies
and forces with DFT.

Over the past 1v'v decades, macHe®rning (ML) has become an important tool within
computational chemistry and molecular modeling. For example, several studies utilize a ML
DWRPLVWLF PRGHO FRPPRQO\ UHIHUUHG WR DV D 3SRWHQWL
surrogate for th@xtremely expensive DFenergy and force calculatiaf$?® Recent work by

Maerzkeet al??

demonstrates how leveraging an ML potential significantly accelerates DFT
simulations for a CuGH,0 system in the vapor phase. Specifically, these simulatiomnzeLitie

approach dveloped by Jadrich and Leidifigand Jadrich et & where an ML potential is



employed within the context of nested Monte Carlo (NMC) simulations. Thus, the
machinelearningaccelerated nested Monte Carlo (NNWL) method enables DFlevel
predictions of hydration numbers in hitggmperature water vapor over a range of densities.

The NMGML simulation results of Maerzke et & demonstrate reasonable agreement
with experimental data for the hydration number of CuCl at 623 K frorh0D0kg/m®. However,
this previous work is limited to a single temperature and the density dependence is inconclusive.
Moreover, some important chemical differences exist betwec.> CuCl and AgCl. For example, at
623 K and 673 K the solubility of CuCl in water vaps hiz= *an the solubility of AgCl®
Spectroscopic measurements and Heyrel firstprincipics calculations indicate that, although
AgCl forms a similar linear bD-AgCl structure as bO-C:Cl, the GAg bond is longef ***%and
weaker’* Moreover, the linear HO-AgCl st tu.e does not necessarily persist in large
AgCl:(H20), clusterst®t3>3*nlike in C: Cl:'H0), clusters>?*Our hypothesis is that DFIEvel
calculations and ML potentials are ca,able of capturing these subtle differences.

In this work, we perform MMM simulations to obtain DFfuality hydration numbers
for AgCl at 623 K, 673 K, a4 7.3 K for water densities ofl00 kg/nf. As Maerzke et al.
performed similar simula*a,.~ for CuCl at 623 K, one objective of this study emomistrate that
the NMGML approac.> 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 thatigrlnumber of AgCl in water vapor.

2  Methodology

2.1 Simulation Details

2.1.1 Nested Monte Carlo- Machine Learning



Maerzke et af? demonstrates that molecular dynamics (MD) issilited for simulating water
cluster formation around CuCl. Based on this previous work, we implement Monte Carlo (MC)
simulations that utilize nephysical moves that are capable of overcoming the larggeie
barriers associated with the formation and destruction of water clusters. Consistent with Maerzke
et al.?? we utilize machindearningaccelerated nested Monte Carlo (NNWL) simulations to
estimate cluster sizes of water molecules in proximithg€l. In general, nested Monte Carlo
(NMC) is a powerful technique that enables simulations baced on first principles at a lower
computational cost. NMC relies on two separate Markz/ chains: an exterior MC loop where
calculations are performed using thermexpensive firs,rinciples method and an interior MC
loop where calculations are performed using a chea, =r reference protential.

In this study, the morexpensive enery'. calculations are performed with K8ham
density functional theory (K®FT, or s’ mlh DFT, for brevity}*!* with the software package

CP2K3"*8 All DFT calculations utilize ue BLYP function&t*°with double / polarization lasis

set (MOLOPT§! and GTH ps.acpotentidfs®® along with the Grimme D3 dispersio
correction™ For improved coi. ‘ergence, cutoffs for the plaveee and Gaussian contributions
were set to the relativel), ~ig.. values6@0and60 Ry respectively. The computational cost for a
single DFT calculation .5 approximately-20 minutes on @ nodes (21688 cores) using Intel
Xeon Broadwell processors with OmniPath interconnects.

The lessexpensive energy calculations are performed with a madbameed (ML)
potential that is orders of magnitudes faster than the DFT calculations. Howegraliheof our
simulation estimates is not affected by the accuracy of the ML reference potential. For example,
CP2K also provides buiih LennardJones (LJ) reference potentials that would, in principle, yield

the same ensemble averages as our ML reter@otential. However, the performance (i.e.,



speedup) 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 thesuccess of the NM®IL approach, the interested reader may benefit from the details
provided in Jadrich and Leidifand Jadch et al** As suggested by Maerzke et &lour ML
potential includes infinitdbody mean field terms to approximately incluffeets beyond two and

three body (which are included exactly).

We implement NMGML through a CP2K python wieaoer that exhibits remarkable
speedup of up to 50( for nested chain lengths 800 fr: a ~onreactive mixture of He and
Ar.*° For our significantly more complex system, we uu'ize a considerably shorter chain length of
40, consistent with the value used in similar GH#@D s; “1ulations? Without the computational
speedup afforded us by the NM®IL approac’«. ‘ne human time recedr to perform these
simulations over multiple densities and ‘er.peratures would have been prohibitively long using the

native CP2K code.

2.1.2 Simulation setup

Previous work for CuC! ac+=ionstrates that Monte Carlo (MC) simulation results are nearly
indistinguishable wher, ~omparing systems consistfrp and 110 water molecul&Based on

these results, we assume that fusitee effects are negligible in this range of system size for AgCI

as well. To avoid excessive computational costs whileradsantroducing finitesize 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 compoundwhile chargd species (e.gAgCl,") exist (or even dominate) in Ag&i,0

systems at liquidike densties at elevated temperatur&s; *>*®our simulations do not examine



these additional species since neutral AgCl is known to be the dorapeans at the lowdensity
(vapor) condibns of interest in this study?’

Monte Carlo simulations are performed using the constant number of atoms, volume, and
temperature NVT) ensemble. To allow for direct comparison vattperimental dataf Migdisov
and WilliamsJones' 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 simulans are performed at 753 K and, therebv, «"n3parwith the Akinfiev and
Zotov'® data is limited to 623 K and 673 K. For each tem, ~tuidre, a set ®\@h simulations
are performed at water densities ranging frorl@0 kas *. with 10 kg/ni increments. This is
generally the same density range as the experimenic.: measurements, although some experimental
data sets span a more limited range.

In this study, we implement th: szme MC moves as those used previously for similar
CuCHkH,O smulations?*? Specifically, ."C moves are splf0:50 between cluster mov&sand
force bias movéd®! Additional d~:il. :egarding these MC moves are provided in Section S.II of
Supplementary Material.

Each simulation ‘c “u.: ror between 10k and 12k M@stevhere a MC step is defined as
every time a DFT calcu'ation 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 computatal 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 similaHgDCI

systems reach edilration within 1k4k MC moves?® The production period of each simulation



is divided into 34 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
singlepoint DFT energy and force calculations for each configuration. To avoid performing
expensive fulDFT simulations to generate these confajions, we instead reuse the NNWL
simulation trajectories from previous CuB}O simulations? Spevifically, we randomly extract

20 snapshots from each of the 10 densities simulatc2 .y Maerzke et al. for CuCl (which
correspond to the same densitieshés study) and simpiy replace the Cu atom with an Ag atom.

While this sampling approach clearly reduce < upfront computational costs, there is no
guarantee that the configurations from the Ch~0 < ystem are necessarily representative of the
AgCI-H,0 system. Thus, validation of t  re sulting ML potential is accomplished by checking that
the NMGML simulations have a reascnably high MC acceptance fat@.4). Seeing that this is
the case,we do not perform an‘’ additional remmaig of the ML potential based on
directly-sampled AgGH,0O sncnshots from our NMC simulations.

We postulate that the ZuCl configurations work well to train an AgCl ML potential for at
least four reasons: 1) e identical 1:1 ratio between cation and @uaicl’ and Ad:Cl', as
opposed to a dor trichloride salt), 2) the similar ionic bond lengths betweesCCand AgCl, 3)
the range of hydration numbers for Cu@Ig 30) encompasses the range for AgGK(20), and
4) the ML potential has enough biitt physics that it can learn the potential energy surface even

from slighlty nonphysical configurations.

2.2 Data Analysis



2.2.1 Cluster-size algorithm

The hydration numbern, is definedas the average number of water molecules in a cluster with
AgCl. Previous work compared four different methods for quantifying cluster sizes from
molecular simulation configuratioféBased on the results from this previous work, we select the
hydrogen bnding (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 nearect neighbor associatiores,awhe

nearest neighbor is defined as two atoms within a given £..*217 JistandeAs in previous work,

a hydrogen bond is defined when the following cut~f -iteria are satisifédl: @2.7 A, CI-H
d3.5 A, and AgO d5.0 A. Plots of the radial distr:ou..on function confirmed that these values
correspond with the first coordination shell for «2.ch atomic pair.

For comparison purposes, wWe ulso calculate the cluster sigieg the oxygen
nearestneighbor cutoff approact. This \2ssstringent cluster criterion predicts somewhat larger
hydration numbers, in agreeme v previous work for CuCl (see Figure S.1 in Supplementary

Material). Therefore, we do no. recommend thisstersize analysis approach.

2.2.2 Fitting experimer tal 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 proposebly Migdisov and Williamslones: This approach

assumes that the clustering phenomenon can be expressed as the following chemical equilibrium
AgCl nH,O AgCIl:(H,Q), (2)

The hydration number is then expressed as the partial derivative of the logarithmic ratio of



fugacitiesbetween the AgCI:(ED), cluster complex (denoted dsg(f,,;,) for simplicity) and
H,0 (log(f, o))-

wog(fyq)3

. 2
Wog(fy,0) @

As recommendedy Migdisov and Williamslones, the fugacity of water szo) is

calculated according to

szo = /HZO UPHZO 3)
where R, ,, is the partial pressure of water anfl , is the “ugacity coefficient of water, which is
computed using the IAPW$H97 equatio-of-state for water and steathFor comparison with

simulation results and for plotting purposes we also utilize this equaitistate to estimate the

experimental density { based on the --xperimental temperat({f@ and the experimental
pressure(P) .
The experimental solub. ity 1neasuremerfts, ;) are converted to fugacities according
to
fager Pagall %agar P (4)

where B, ., is the partial pressure of AgCl arfél is the total pressure.

Migdisov and WilliamsJone$ propose fitting the experimental fugacity data to the

empirical relationship
l0g(fpge) =2 & log(di0)* (®)
where g are the fitting parameters. Note thaj=1 FRUUHV SR Q G.\Q HDRJ "WKRIG HID R

Migdisov et al** while a,>1 LV FRQVLVWHQW ZLWK WKH 3H[SRQHQWLD



Williams-Jones’

By taking the analytical derivative of Equatibnwvith respect toIog(szo), the hydration

number is computed as
n=a aulog(fi,)?" (6)
According to Equatio®, a, =1 results in a constant hydration numberada a, .
Figure 2 helps to visualize the fitting procedure and tc -inderstand the reason for the large
experimental uncertainties plotted in Figure 1. For examp'e, ¢.ven though the raw fugacity data

from Migdisov and WilliamsJone$& (panel (a)) are rela*ive:,” smooth, the uncertainties imre

largest at the highest densities due to the rapidly n.~reasing slope with incrlﬂgﬂn%o) and

the difficulty of precisely controlling the wate” |.*essure. The uncertainty in the fitting parameters (

a ) propogates when differentiating E~u7.ibrto obtain n (Equation6). Figure 2 panel (b)

shows hat the uncertainties im for rXinfiev and Zotov® are even larger due to several
additional factors. First, there are .~wer data points. Second, the data cover a more limited range of

Iog(fHZO) (compared to par. %), Third, most of the data are in the higig(szo) range (where

the slope is changina ri:ost rapidly). Fourth, the raw data are considerably noisier. For brevity, we
do not plot or analyze th2 only two relevant data points at 623Ktfieearlier work of Migdisov

|712

et al,*?though they are consistent with the more recent data of Migdisov and Williames’

Figure2: Fitting of raw experimental data frog@) Migdisov and WilliamsJone& and (b)
Akinfiev and Zotov'® Hydration number is computed as the slope of the fit with respect to

Iog(szo). As recommended by Migdisov and Williardenes® we assume thatf, .o, | Payar-



2.2.3 Fitting simulation results
Simulation provides direct accessthe hydration number at every MC step (based on the chosen
clustersize 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 moraldqui
comparison with experiment, we fit simulation results to the same empirical model. This fitting
procedure effectively serves as a way to obtain moreS&8 QVLVWHQW 3VPRRWK”™ VLP?
and more meaningful estimates of uncertainty by poohfgrma.on contained in neighboring
data points.

The main advantage of applying this fitting app: ~ach to simulation results is that hydration

numbers(n) are fit directly to EquatioB. By contrast, :*ie analysis of experimental data is more

indirect as it requires differentiation of Egua.4r which introduces a significant amount of
uncertainty.

Another reason this fitting app.nach is waliited for simulation data is that Equati®n
has one fewer parameter than Zru>b@lthough one could imagine introducing an intercept
term in Equatiors, if desired). This helps avoid overfitting and reduces the model uncertainty.
Essentially, the regressic: 1. constrained to ensure thatittiergept is zero, i.e., in the limit of
infinitesimal water cornent 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 superfluowg parameter in Equatioh

One challenge of applying this fitting procedure to simulation data is ﬂ',bzgt IS not

readily available from the simulations themselves. For this purpose, we adopt the sameanethod f

approximating szo as used in the analysis of the experimental data (see Equation 3).



Specifically, we utilize the same equatiofistate to computer;, , and b0 based on the
simulation temperaturgT) andsimulation water density /).

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

insensitive to hOWszo is computed. For example, our results are essentially identical when
assuming an ideal gas/kgo =1 and ZH20 =1, where ZHZO Is the compressibility factor), which

is an extremely poor assumptiat the highest densities and low>st temperatures (see Figures S.2
and S.3 in Supplementary Material). We postulate a fe': re2s0ns why the simulation results are

fairly insensitive to the exact values dLZO. First, the =ctual rangesf nonideality are still
relatively modest, e.g., botHHZO and ZHZO are betw cen 9% (see Figure S.4 in Supplementary
Material). Second, a poor value oifH?r ‘v, only stretch or compress the range of the
independent variable in Equatiér szb), whne the actual property of interegt) is unchanged.

This may cause the fit to the s'mu'a‘ion data to be slightlyseydout it will not dramatically

change the values afi. Third, . ‘e are ultimately interested in the dependence @i qzo, not
the dependence afi on frc - Because we use the same conversion process (be that steam tables
or the ideal gas assu~.ption) to rever, back to o any inaccuracies in this conversion

essentially cancel out.

2.2.4 Uncertainty quantification
Ideally, simulation uncertainties could be rigorously estimated by performing numefo2@) (
independent simulations. However, due to the significant computational cost of the DFT

calculations (despitene ML speeelp), we are limited to performing only a single simulation at



each state poinfl(, ().

Block averaging is a common approach to compute uncertainties from a single simulation.
However, again du#® the high computational cost of DFT, our NM@. simulations are too
short (| 12k MC steps) to obtain enough decorrelated blocks to compute a reliable uncertainty.
Specifically, each simulation only has betweef @=correlated bcks.

For these reasons, both experimental and simulation uncertainties are estimated using
bootstrap resampling applied to the fitting approaches ouw.ed in Sections 2.2.2 and 2.2.3,
respectively. Bootstrap resampling is accomplished by .« uumly selectimgréplacement) a
subset of data points from the entire data set. The e.-nerimental data sets consist of values for

log(faye) With respect toIog(szo), while the simulzticn data sets consist of valuesrfowith
respect toIog(szo). The data subset is ther, fit tu either Equali¢for experiment) or Equation

6 (for simulation). These two steps a ~ then repeated hundreds of times with different
randomlyselected subsets. The uice *ain n is then estimated based on the distribution of
predicted n values from the c'in,~rent fits. All uncertainties are reported at the 95% confidence

level by excluding the low=st «.d highest 2.5% ef th values.

2.3  Structural Analysis

To better understand the structural nature of A&D interactions, we report the radial
distribution functions (RDFs) for A@Q and CIO pairs. RDFs are extremely noisy for our
relatively shortMonte Carlo simulations with a single AgCl compound. For this reason, we
smooth the AgD and CIO RDFs by modeling the radial probability density as a sum of the
skewnormal distributions, following the peedure by Sukhomlinov and Miisé(see Section

SVIin Supplementary Material for details).



In addition, we generatedmensional histograms for the Ag distance and the-@g-Cl
angle, where the oxygen atom is that of the complexed water molecule. For this analysis, we utilize
the same Voronoi tesseiilan procedure as Maerzke et’ato determine the water molecule that

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

3 Results and Discussion

Prior to a more quantitative analysis, we present some 1uaa tatsights. One advantage of
performing atomistidevel simulations is the ability tc vi<ralize the nature of water clusters
surrouding AgCI. Figure 3 presents snapshots (f diferent cluster sizes from theMiIMC
simulations of AgCl at 673 K across thexge of dr¢.nsities studied. Several key observations can
be made from these images. For exarp.2, the network of water molecules surrounding AgCI
appears to be asymmetric, similar t~ CuGL: tlusteré”* and simulations of AgCl:bD clusters at

0 K*and 300 K® Additionally, pan .l (&) depicts a linear AgCh® structure that is similar to the
CuCl:H,0 structure reported rre iousiy?? However, this linear structure is flrss persistent for

AgCl than for CuCl, as can 1.2 seen by the absence of such a stricctmany of the other
VQDSVKRWV [ XJWKHUPRUH SDQHO D S WRpoutiHvhei¢dsL GHQFt
Maerzke et af? report uiat CuCl is always hydrated with at least a sing(® Molecule. These
observations are consistent with the lower siditybfor AgCl than CuCl, suggesting that
H,0O-AgCl interactions are less favorable thagOHCuCl. Panel (c) also shows a close interaction

between HO and CI, vinich was not observed for cué.

Figure3: Representative snapshots of varying cluster siz&€83K across the range of densities

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



oxygen (red), hydrogen (white).

The radial distribution functions (RDFs) for the simulations at 673 K plotted in Fgure
provide more quantitative insights into the water clusters. Panels (a) and (b) present representative
RDFs for a lowdensity (20 kg/rf) and highdensity (90 kg/rf) system, respectively. The distance
from the oxygen atom of the nearest water molecuig, e complexed water molecule) to Ag is
2.4+0.2 Awhich is longer than the approximately 2 A distance s>end0¢El ?* This interaction
distance for the AgCIl:ED complex is slightly largefalthor:2h ~ithin the level of uncertainty)
than the 2.31 Alistance obtained by DFWID*’ at superc: .tical conditions (653.15 K and 600 bar)
and the | 2.2 A distance found via electrorstructure =uculations at 0*%%> and confirned via
rotational spectroscopy However, we would ex-ett.at the HO-Ag bond would be longer at the
elevated temperatures of our simulati \ns. Moreover, our simulations correctly predict that the

Ag-O bond should be slily longer thc.n the GO bond®33*

Figure4: Radial distribution fu rctiuns (RDFs) for AQ (solid red line) and @D (dashed blue

line) interactions at 673  a. < (a)l£ 20 kg/m® (b) (£ 90. For visual clarity, raw RDFs are

smoothed, as described' in text.

Figure 4 panel (a) shows that at lower densitiese is a strong second peak at 3.35 A in
the AgO RDF corresponding to additional water molecules hydrogen bonding with the
complexed water. The @ RDFs are more complicated than the corresponding RDFs for the
CuCHkH,O complexe$? At low density (pael (a)), there are two strong peaks at approximately

3.5 A and 4.5 Aather than a single peak. Combined with the simulation snapshots, this indicates



that the water molecules are interacting directly with the Cl. Simi@r-&l interactions are not
repored for CuCl:HO complexe$? As the density increases (panel (b)), these peaks shift to
slightly shorter distances indicating a stronger interaction with the CI.

Figure 5 plots twalimensional histograms of the &3-Cl angle and Ag¢O distance for (a)
low (20 kg/nT) and (b) high (90 kg/f 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
(2.02.5 A) and high angles (120BC), indicating that the comexd water molecule is opposite
the Cl atom. The é\g-Cl angle distribution is much broas~r on.d 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).?? This confirms what is <bserved visually from the simulation
snapshots in Figure 3, namely, the less persic’er ¢ AgGldttucture is also more bent than the
nearly linear CuCl:KO structure reporte 1 previoust§Figure 5 also shows regions of moderate
probalility in the 3-4 A and 6012C, corresponding to the second peak in theQAGDF (see

Figure 4). Beyond an A@ distan~= ¢f } A there is no strong angular preference.

Figure5: Two-dimensior-! 1..~>ograms of the Ag distance and the-@g-Cl angle for (ajow
density (20 kg/m) and ) nigh density (90 kgfn Oxygen atom pertains to the complexed water

molecule.

Recall that the hydration numbén) 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 vebility in instantaneous hydration numbers from a single simulation, Figure 6



provides histograms that are representative of (a) low (10°kgim) intermediate (50 kg/fh and

(c) high (100 kg/m) densities. There are at least three key observatiobe thade 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 ddies, 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 nearlyrectangular distributions. The noormality is one recson why reporting a standard
deviation froma single simulation is not advised. Third, Fiz'u 2 o panel (a) verifies that, although
XQFRPPRQ LW LV SRVVLEOH IRU $J&0 WR H[LVW 2QDNHG" ZL

n=0). Recall that this is in contrast withgwious C(€! *-nulation result§

Figure6: Histograms of instantaneous 'vd’ ation numbers for simulations at three select densities

(a) 10 kg/mi, (b) 50 kg/nd, and (c) 100 a/fh

‘H QRZ DSSURDFK WKH VLPXODWLRQ UHVXOWY PRUH TXD
simulation data, i.e., the hvi=uation numbers from a single simulation without applying the fitting
SURFHGXUH GLULVFXVVHG LQ 6HFWLRQ J)LIXUH GHPRQVW
results are fairly smoothvith respect to density and folv a clearmonotonicallyincreasing
density trend, there are some notable outfierg., 623 K and 70 kgfin Due to the challenging
nature of sampling from these systems, outliers are likely caused by a simulation being trapped in
a metastable state famprolonged 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

IURP ERRWVWUDS UHVDPSOLQJ EXW DUH LQVWeasba@aww KH 3UD



deviation of a single simulation (recall the histograms in FigureH@wever, we do not
recommend this approach for uncertainty quantification for at least two reasons: 1) each NMC
simulation only has around-8 (partially) decorrelated bl&s 2) this approach completely

neglects the information content available in simulations at neighboring densities and, thus, the
sUbz” XQFHUWDLQWLHYV VLIJQLILFDQWO\ RYHUHVWLPDWH WKH
plotted in Figure 7 are mely intended to illustrate why a smoothing routine is crucial to reduce
XQFHUWDLQWLHYV 6SHFLILFDOO\ ZLwWK WKH 3UDZ"™ XQFHUWDL

regarding the temperature or density dependence of hyc:~ucw number.

Figure7: Rawsimulation results. Uncertainties corres,~ond to the 95% confidence level based on

the standard deviation afi from a single simule.*.or..

In order to elucidate the temperature dependence of our DFT simulation results, it is
imperative to obtain a setfonsistrnt \'~.a set with manageable uncertainties. For this purpose, we
REWDLQ 3VPRRWK’® VLPXODW L&QthY tdw s{rmatovi data (Sed\ValideS (T X D W L R
LQ 6XSSOHPHOCW2>J\ ODWHULDO IRU WDEXODWHG YDOXHV RI 31
8 depicts the goodnesc of fit for all three temperatures. The somewhat lower quality of the fit at

low values of Iog(szo), particularly for T = 713 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 thaethieal 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 tan rather than tolog(f,,,), as is tle case for experimental data.

Recall that this eliminates one layer of uncertainty from the propagation of error. The multiple



values of n for a given value o1‘fHZO in Figure 8 correspond to separate blockrages from a

single simulation.

Figure8: Simulation block averages and fits to Equation

J)LIXUH VKRZV WKDW WKH 3VPRRWK”™ VLPXODWLRQ UHVXC
WKDQ WKH 3UDZ” VLPXODWLRQ YD O MldevairEiesW hevefdre\ iDshidR KD Y H
possible to make more definitive and quantitative st.teinents regarding the temperature and

density dependence of hydration number.

Figure &RPSDULVRQ EHWZF H VIR B BkperinvenIxiaana) 623 K

E . DQG F . 3b¢¥0O0 G SURYLGHV FRPSDULVRQ RI 3VP
temperatures. Smoothing simulatio~ ac.ta reduces uncertainties and allows for a more
self-consistent comparison. Par.eic (a) and (¢) suggest siarufagults tend to overpredict
hydration number at the higres* densities. Panel (d) shows a largely monotonic temperature
dependence as the hyc'ra.on number decreases slightly with increasing temperature at lower
densities and are indisti \guishable at eigtiensities. 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 experimert&l*8iat low densities, but
RYHUSUHGLFW K\GUDWLRQ QXPEH U \atii\tesults)df BUCI & PR LW L H V

demonstrate similar overprediatiorelative to experimental ddfa (see Figure S.6 in



Supplementary Material).

Figure 9 panel (bVWKRZV D GLIIHUHQW WUHQG IRU WKH 3VPRRWK
Specifically, the simulations slightly overpredict the experimental hydration numbers at low
densitie§*°while they agree well at higher densities with the experimental values frgaiddi
and WilliamsJones. However, the experimental tésates from Akinfiev and ZotdV are
considerably lower than the valuesorfr Migdisov and Williamslones. Furthermore, the
experimental uncertainties are quite large, especially at tiic highestiegeigsee Figure 1,
experimental uncertainties not depicted in Figure 9 for vic'ta; iarity).

Figure 9 panel (d) demonstrates that the tem2rature dependence is marginal and fairly
monotonic. Our simulation results do not display A , zaximum in hydration euatl673 K, as
suggested by the experimental datMigdisov « *.d NiliamsJones’ Instead, at lower densities
the hydration number decreases slight'v w.th increasing temperature, in agreement with the trend
reported by Liu et a° This temperatu. = depéence is not distinguishable at higher densities as
the hydration numbers for all thi~¢ temperatures are within their combined uncertainties.
Therefore, any temperature u.oonerndence is extremely subtle, of similar magnitude to the simulation
uncertainties ttmselves =t v >~ highest densities.

Panel (d) also s."aws that the simulatpredicted hydration numbers consistently increase
with respect to density at 623 K, 673 K, and 713 K, over the entire density range studié@® (10
kg/m®). This implies an exponet - rather than linear relationship between the logarithm of
solubility and the logarithm of pressure, as postulated by Migdisov and W&lllanes’ In
addition, Figure S.7 in Supplementary Material provides convincing evidence that the simulation

results support an exponential model as the fitting paramates significantly greater than 1 at

the 95% confidence level. However, some caution should be exercised when drawing conclusions



from the simulation results at the highestnsities since adequate MC sampling is more
challenging for larger cluster sizes.

When comparing the simulation results from this study for Agi@i previous results for
CuCl? 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 AgCldsignificantly less than
the solubility of CuCl under the same conditions. In addition, u.» experimental hydration numbers

are 23 times smaér for AgCl than CuCl at 623 K32

4 Conclusions

The ability of hightemperature vapors tc uanshort metalsetels on the hydration number and,
thus, the hydration number is an impcrtant quantity for understanding the efficiency of
vaporphase metal transport. Exp 2rin cntal estimates of the hydration number of AgCl in high
temperature water vapors rrecent confiigtitrends for both the temperature and density
dependence. Drawing ccnclu..ions from the experimental data alone is challenging, due to the
large uncertainties ~s.nciated with extracting these values from the measured solubilities,
especially at the higheuensities.

In this study, we demonstrate how figinciples 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 mfertainty 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

SVPRRRWK”™ VLPXODWLR QubtleH Yut Onandgtong U téi@Bderatdre dependence.



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 reent 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 trendsdoipser

the experimental data sets. Therefore, molecular simulation should be viewed as an invaluable tool
when estimating properties (such as hydration number) that a2 essential to develop geochemical
models for ordorming metals and to design supercatides2'n.240n processes.

A complexed water molecule around AgCI tyyically forms a distorted lineAg-Ql
structure that is not as persistent as the nearly lingaw. 7l structure observed in previous CuCl
simulations. Moreover, the AQ bond is sligtly [ 1072r and weaker than the correspondingCCu
bond. These differences are consistert with lower solubility for AgCIl than CuCl in
high-temperature water vapors. Indec . consistent with experiment, simulation results predict that
the hydration numberstd thus s~'uL liries) for AgClI are lower than for CuCl by approximately a
factor of two under the same ~onuitions.

Lastly, by integr=*ing accurate machilearned potentials into a nested Monte Carlo
algorithm, we overcome the prohibitive computational tgosf firstprinciples molecular
simulations. This technique enables future simulations of other transition metals and rare earth

complexes in lowdensity hydrothermal fluids.

5  Supplementary Material

Supplementary Material contains: Simulation specificet; Comparison of clustaize analysis

methods; Experimental compressibility factor; Fitting of simulation results assuming ideal gas;



RDF smoothing; Generation of2 histograms; Instantaneous hydration number with respect to
MC step; Tabulated simulan 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
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