
Modeling the solvation and acidity of carboxylic

acids using an ab-initio deep neural network

potential

Abhinav S. Raman and Annabella Selloni∗

Department of Chemistry, Princeton University, Princeton, NJ 08544, USA

E-mail: aselloni@princeton.edu

1



Abstract

Formic and acetic acid constitute the simplest of carboxylic acids, yet they exhibit

fascinating chemistry in the condensed phase such as proton transfer and dimerization.

The go-to method of choice for modeling these rare events have been accurate but

expensive ab-initio molecular dynamics simulations. In this study, we present a deep

neural network potential trained using accurate ab-initio data that can be used in

tandem with enhanced-sampling methods to perform an efficient exploration of the

free-energy surface of aqueous solutions of weak carboxylic acids. In particular, we

show that our model captures proton dissociation and provides a good estimate of the

pKa, as well as the dimerization of formic and acetic acid. This provides a suitable

starting point for applications in different research areas where computational efficiency

coupled with the accuracy of ab-initio methods is required.
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Introduction

The computational description of the complex physical chemistry of molecules in the con-

densed phase has been a challenging problem for decades. This is especially true of aqueous

solutions of carboxylic acids, where hydrogen bonding, hydrophobic interactions and rare-

events such as proton dissociation and transfer, have necessitated the use of computationally

expensive ab-initio molecular dynamics (AIMD) simulations.1–4 However, with the increas-

ingly devastating effects of climate change, there is an urgent need to better understand the

complex chemical processes in the atmosphere to help control them and restore a healthier

environment. In this context, carboxylic acids, especially formic and acetic acid, the two

most abundant organic acids in the atmosphere, play a crucial role in the chemistry and

make-up of clouds and acid precipitations.5–7 It has also been reported that the relative

atmospheric abundance of these acids results in a high-affinity adsorption on the surface of

TiO2, a prominent photocatalyst, thus possibly impacting the activity of sustainable energy

production and conversion devices.8–11 To provide insights into these issues, computational

studies should be capable to efficiently model the complex systems of relevance, whilst re-

taining the accuracy of first-principles methods.

Over the last ∼ 15 years, machine-learning techniques, especially neural network (NN)

based methods, have been shown to be capable to give an accurate representation of the

potential energy surfaces of complex systems predicted by first principles calculations12–16

One such NN method is the deep potential (DP) scheme,16 which can provide accuracy

similar to that of AIMD simulations at a much lower computational cost, when trained

using data from Density Functional Theory (DFT).16–19 Here, we develop a deep potential

for aqueous solutions of the two most common carboxylic acids, formic and acetic acid. We

then use the trained DP to perform deep potential molecular dynamics (DPMD), coupled

with enhanced sampling techniques, enabling a fast and accurate exploration of the free-

energy surface of these complex mixtures.

We focus on the dissociation and transfer of the acid proton, and the dimerization of the
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acids in solution, two chemical processes of considerable interest in several fields, ranging

from atmospheric and inter-stellar chemistry to biophysics.5,6,20–22 The dissociation of the

acid proton and the resulting acid dissociation constant pKa serve as an important metric

in characterizing the reactivity of weak acids. While it can be estimated through a rather

straightforward application of the Henderson-Hasselbalch equation experimentally, theoret-

ical estimates have historically remained a challenge, owing to the difficulty of describing

chemistry in the aqueous phase accurately.2 Similarly, the dimerization of carboxylic acids

in water and other polar solvents has been used as a proxy to understand more complicated

biomolecules such as proteins, owing to their intrinsic similarities in terms of exhibiting

both hydrophobic interactions and hydrogen bonding.20–22 While significant understanding

has been achieved by empirical force field models, the large system sizes needed to obtain

the free-energy surface for dimerization have made the use of more accurate first-principles

methods difficult. DPMD therefore serves as a suitable approach that balances accuracy and

computational cost when probing the dimerization of carboxylic acids in solution.

The rest of this manuscript is organized as follows. First, we discuss the methods, namely

the training of the DP, including the DFT based first-principles calculations used for such

training, and the DPMD and enhanced sampling simulations used to compute the relevant

properties of interest. Next, we focus on the validation of the trained DP by considering the

solvation structure of the acids in aqueous solution. Finally, we use the DP to explore the

free-energy surface and obtain the acid-dissociation and dimerization equilibrium constants.

Methods

AIMD simulations

The initial configurations for the training set of the DP and validation of the DPMD results

were obtained from Born-Oppenheimer AIMD simulations of formic and acetic acid in wa-

ter, performed using the PBE functional within the generalized-gradient approximation.23
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Core electrons were modeled using norm-conserving pseudopotentials, specifically the ONCV

pseudopotential24 for Carbon (C), and Troullier-Martins pseudopotentials25 for Oxygen (O)

and Hydrogen (H). Kohn-Sham wave functions were expanded using a plane-wave basis set

with a kinetic energy cutoff of 100 Ry. Single molecules of formic and acetic acid with 31

water molecules were considered in a cubic simulation cell of 9.97 Å such that the water

density was ≈ 1 g/cm3. We note that fixed simulation cells were used, as established in

previous studies involving a single carboxylic acid molecule in water.1,26 Our choice for this

particular cell-size and configuration is based on the accurate demonstration of proton dis-

sociation in acetic acid in a recent study based on AIMD simulations.4 Only the Γ point

was used for sampling the Brillouin zone. Simulations were performed in the NVT ensem-

ble with the temperature fixed to 330 K using a velocity-rescale thermostat.27 An elevated

temperature of 30 K higher than room temperature was used to obtain liquid-like water

using the PBE functional, as well as to mimic nuclear quantum effects in water.17,28After an

initial 5 ps equilibration, an ≈ 17.5 ps long production run was performed to obtain better

statistics. A 0.5 fs time step was used with the hydrogen mass scaled to that of deuterium.

All simulations were performed using the Quantum Espresso software package.29,30

DP training

The DP was trained following the active learning approach of Zhang et al.31 We started the

training using ≈ 100 equally spaced snapshots from the PBE-AIMD simulations described

above. The atomic energy and forces for these 100 configurations were recomputed using

the SCAN exchange correlation functional,32 with a kinetic energy cut-off of 140 Ry for the

plane wave basis-set. This initial coarse DP was used to start an iterative active learning

procedure involving: a) short DPMD simulations (at most 100 ps) using three independently

trained DP’s that differ only in the initialization of their parameters, to explore the config-

urational space of the systems; b) evaluation of the maximum standard deviation of atomic

forces between the three DP’s; c) first-principles calculations of the atomic energy and forces
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of configurations that showed deviation larger than a predefined threshold in the atomic

forces (typically in the range 0.1-0.8 eV/Å ); d) re-training of the DP including the new set

of configurations. For all the first-principles calculations, the SCAN exchange correlation

functional was used owing to its known capability in describing liquid water and aqueous

systems accurately.4,33 In the exploration part of the active learning, we considered 1.675 M

solutions of formic and acetic acid (1 acid + 31 H2O) at the following thermodynamic con-

ditions: 300 K and 350 K at 1 bar pressure; 400 K at 10 bar; 450 K and 500 K at 50 bar.

These specific conditions were chosen so as to sample only the liquid phase. Bulk water (192

atoms) configurations were taken from Calegari Andrade et al.,17 with the atomic energy

and forces recomputed as per the kinetic energy cut-off specified above.

The DP was considered to be converged when the average deviations in the atomic forces

between the three independently trained DP’s fell below 0.05 eV/Å over the entire course of

a 100 ps long DPMD simulation in the NVT ensemble at 300 K. Once a converged potential

was obtained, it was further refined by the addition of configurations involving proton dis-

sociation and acid dimers. These configurations were obtained through enhanced sampling

simulations as described in the DPMD section. The inclusion of these configurations to

the training dataset are crucial to the performance of the trained DP’s. Our final training

dataset consisted of: 5758 configurations of formic acid monomer in water (98 atoms; 1 acid

+ 31 H2O), 1240 configurations of formic acid dimers in water (382 atoms; 2 acid + 124

H2O), 5845 configurations of acetic acid monomer in water (101 atoms; 1 acid + 31 H2O),

1740 configurations of acetic acid dimers in water (388 atoms; 2 acid + 124 H2O) and 1551

configurations of water (192 atoms). For a detailed explanation on the construction of the

DP including the definition of the local environment around an atom that accounts for the

many-body nature of atomic interactions, the reader is referred to Ref.16

Parity plots of the atomic energy and forces (DFT vs DP) averaged over three indepen-

dently trained DP’s for both formic and acetic acid solutions are shown in Figure 1. The root

mean-square errors (MSE) for the energies and forces are quite small, e.g. in comparison to
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those reported in a recent study,2 which is a promising indication of the good quality of the

present DPs.

Figure 1: Parity plot (true (DFT) vs predicted (DP)) of the energy (a: formic acid and
b: acetic acid) and forces(c: formic acid and d: acetic acid) averaged over 3 independently
trained DP’s and considering 600 random configurations taken from both the training and
validation datasets corresponding to the 1.675 M solution.

DPMD simulations and enhanced sampling

The converged DP was used to perform DPMD simulations, first to validate the model

and next to explore the free-energy surface for proton dissociation and dimerization. For the
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model validation, a 1 ns DPMD simulation in the NVT ensemble was performed on the same

system used for the training, i.e., a 1.675 M solution corresponding to 1 acid + 31 H2O in a

cubic box of 9.97 Å edge length. Subsequently, DPMD simulations of different acid dilutions

and system sizes were also performed in order to gauge the robustness of the DP. For all these

systems, the water density was maintained as ∼1 g/cm3 by subtracting the van der Waals

volume of the acid molecules from a simulation cell of fixed volume. All simulations were

run in the NVT ensemble with a time step of 0.5 fs (hydrogen scaled to deuterium mass),

and the temperature fixed to 300 K using a Nosé-Hoover thermostat.34 Unless otherwise

stated, a 100 ps equilibration was followed by a 1 ns production trajectory from which the

radial distribution function was obtained to characterize the solvation structure of the acids

in water.

Enhanced sampling was used to obtain atomistic insights into the dissociation mechanism

of the acid proton and the dimerization of the acid molecules in solution. To model the

proton dissociation and transfer we employed the collective variables recently proposed by

Grifoni et al.4 which capture acid-base equilibrium in a very general fashion without the

need to pre-assign reacting pairs as done by most theoretical studies in the past. For the

acidic systems considered here, we biased only sd, the collective variable that describes the

relative distances between the charge defects constituting the acid-base pair at any given

instant (see Figure S1a in the SI for illustration). Our choice for using only sd stems from

the fact that the protonation states of formic and acetic acid in water are known apriori.

This allows us to circumvent the use of the collective variable sp, constructed to explore the

possible protonation states of any arbitrary system. Well-tempered metadynamics35 with

the same parameters of Grifoni et al.4 were used to perform DPMD simulations of 1 ns in

the NVT ensemble at 300 K. The free-energy surface was obtained by reweighting the biased

simulation using the method developed in Ref.36

The dimerization of the acids was studied via umbrella sampling37 by introducing a

harmonic restraint on the distance between the carbonyl carbon atoms (rcc) of the individual
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monomers (Figure S1b in the SI) in a cubic simulation cell with an edge length of 20 Å .

We used a spring constant of 20.92 kJ/molÅ2, as suggested in a previous empirical force-

field study,38 with umbrella windows spaced 0.5 Å apart between 3.5 to 9.5 Å along the

reaction coordinate, and each window was sampled for at least 2 ns in the NVT ensemble at

300 K. No other restraint was added, allowing the acid monomers to rotate freely during the

course of the simulation. The unbiased free-energy surface was obtained using the Weighted

Histogram Analysis Method (WHAM).39,40

All DPMD simulations were performed using the LAMMPS software package41 patched

with DeepMD-kit,42 while the enhanced sampling simulations were supported by PLUMED.43

A complete description of all the systems studied is provided in Table S1 in the SI.

Results and Discussion

Validation

To validate the DP, we performed DPMD simulations on 1.675 M solutions of formic and

acetic acid (the same systems used in the training set), using three independent DP’s that

differed only in their initialization. Figure 2 compares the radial distribution functions

(RDFs) of acid-water pairs obtained from AIMD and DPMD simulations of 17.5 ps duration.

We can see a close agreement between the main features of the RDF’s predicted by DPMD

and AIMD. Interestingly, the first peak of the acid oxygen (Oc)-water oxygen (Ow) RDF

(gOc,Ow) is at ≈ 2.7 Å , which is almost the same position of the first peak of the Ow-Ow

RDF (gOw,Ow) in Figure S2 of the SI. This indicates that there are strong hydrogen bonds

of both the hydroxyl and carbonyl oxygen atoms of the acid with water. We considered an

averaged contribution of both the acid oxygen atoms when computing the RDF since proton

dissociation events in longer DPMD simulations, although rare, prevent the distinction of

the hydroxyl and carbonyl oxygen atoms during the course of the simulation (especially for

formic acid). Figure S2 further shows that the water structure is not perturbed by the
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Figure 2: Radial distribution functions for 1.675 M solutions (1 acid + 31 H2O) of: (a) formic
and (b) acetic acid. The dashed lines correspond to the average of three DPMD simulations
(17.5 ps) run with three independently trained DP’s, with the shaded areas showing the
standard deviation between the models, while the filled circles are the RDFs obtained from
a PBE-based AIMD simulation of the same duration.

presence of the acid, with it retaining its typical hydrogen bonded structure.33

To further validate the DP model, we computed the RDFs for additional acid solutions

of lower concentrations, corresponding to larger system sizes (Figure 3). The same features

of the RDFs in Figure 2 are observed here as well, with the second and third solvation

shells also captured effectively. This is especially evident for the carbon (Cc, CM)-Ow RDFs

in the case of acetic acid. For formic acid, instead, the Cc-Ow RDF shows only a single

peak at ≈ 3.5 Å, while the single hydrogen bonded to Cc shows a prominent second peak

at ≈ 4.2 Å. This is reminiscent of the known hydrophobic interactions of the hydrocarbon

head with water and is consistent with neutron diffraction data probing the hydration of

formic and acetic acid at different concentrations.44 The fact that the solvation structure is

unchanged over larger simulation cell-sizes (not included as part of the training set) suggests

that the DP models are robust and independent of the systems used in the training set.
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Figure 3: Radial distribution functions for aqueous solutions of formic (left) and acetic
(right) acid: (a,b) 0.85 M solutions (1 acid + 63 H2O); (c,d) 0.434 M solutions (1 acid + 126
H2O). The solid lines correspond to the average of three DPMD simulations run with three
independently trained DP’s, with the shaded areas showing the standard deviation between
the models.

We note that this is important, especially in areas such as atmospheric chemistry, where

concentrations can range from the extremely dilute8 (≈ 10 µM in ambient environment) to

highly concentrated6(≈ 40 wt% in freeze concentrated solutions), necessitating the use of

different system sizes for targeted applications.
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Free-energy of proton dissociation

Over the last several years, AIMD coupled with enhanced sampling techniques has been the

method of choice for studying acid-base reactions involving weak carboxylic acids .1,3,45,46

Being accurate but computationally expensive, simulations involving these methods are typ-

ically performed over short times (in the order of 10’s of ps or even shorter) using small

systems that can introduce finite-size effects. Additionally, the choice of the collective vari-

able used for biasing in enhanced sampling methods such as metadynamics usually involved

the coordination number of the carbonyl oxygen or the distance between the carbonyl oxy-

gen and the acid hydrogen. While this has indeed been shown to capture the deprotonation

of the acid, it generally does not provide a sufficiently accurate description of the resulting

hydronium ion and its propagation away from the acid.1,3,47,48It is now well established that

in hydrogen bonded solvents such as water, Grotthus type mechanisms can swiftly propa-

gate the hydronium ion along the H-bond network resulting in a highly fluxional product

state.4,49 Therefore, to provide a completely general description of both proton dissociation

and its transfer in the solvent, we used the collective variables recently proposed in Ref4

that describe acid-base equilibria accurately across different systems. Addition of configu-

rations obtained from well-tempered metadynamics (with both AIMD and DPMD) during

the iterative refinement of the DP was crucial to successfully capture the dissociation of the

acid proton.

Well-tempered metadynamics simulations with DPMD were performed on both formic

and acetic acid, over simulation times of 1 ns and considering different simulation cell sizes

as described in Table S1 of SI. The resulting free-energy profiles of proton dissociation and

transfer along sd are shown in Figure 4a and b for formic and acetic acid, respectively. A well

defined minimum is found at sd = 0, corresponding to the undissociated acid, followed by a

rapid rise in the free-energy and a transition state marking the onset of proton dissociation.

This is then followed by a shallow minimum corresponding to the formation of a contact ion

pair initiated by the release of the acid-proton into the solvent, before the eventual formation
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and diffusion of the hydronium ion away from the acid at large sd. The corresponding

configurations highlighting this sequence are shown in the inset of Figure 4. DPMD allows

for a sufficient sampling of these transitions (see Figure S3 in the SI) over simulation times

of ns, improving convergence compared to ps timescale AIMD simulations. We also found a

finite-size effect on the computed free-energy surface, especially for the case of formic acid

where there is an ≈ 1.85 kJ/mol difference in the deprotonation free-energy between the

1.675 M (9.97 Å cell) and the 0.85 M (12.5 Å cell). Further increase in the cell-size to

15.64 Å (0.434 M solution) results in a near complete overlap with the free-energy surface

of the 0.85 M solution suggesting that at least a 12.5 Å cell is needed to obtain sufficient

convergence of the free-energy of proton dissociation.

Figure 4: Free-energy surface for proton dissociation of a) formic and b) acetic acid ob-
tained from well-tempered metadynamics simulations with the trained DP. The solid lines
correspond to the average of three DPMD simulations run with three independently trained
DP’s, with the shaded areas showing the standard deviation between the models. The error
due to statistical sampling was tested by obtaining the average deprotonation free-energy
among the three DP’s over increasing block sizes (for the 0.85 M system), which results in
a standard deviation of ≈ 0.31 kJ/mol and ≈ 1.58 kJ/mol (< 1 kBT ) for formic and acetic
acid respectively. Insets show the typical structures observed during deprotonation. The
proton being transferred is highlighted in blue.

From the computed free-energy surface, quantitative estimates of the deprotonation free-

energy and the pKa can be obtained. The pKa is obtained directly from the deprotonation

13



free-energy ∆F (sd) as:

pKa =
∆F (sd)

2.303kBT
=

F (sd → ∞)− F (sd → 0)

2.303kBT
(1)

where kB is the Boltzmann constant, and T is the temperature fixed to 300 K. Considering

the finite size of the simulation systems, F (sd → ∞) in Eq. 1 is taken as F (sd → L/2) where

L is the simulation cell-size. The values of ∆F (sd) and pKa for the 12.5 Å simulation cell

are reported in Table 1 (see Table S2 in SI for the other system sizes). We can see that the

experimentally observed trend is well-captured with formic acid having a lower pKa (stronger

acid) compared to acetic acid. We also obtain quantitative estimates of the pKa that compare

well with the experimental values (especially for acetic acid), with only an ≈ 0.5-1.0 pKa

units under-prediction. In this regard, we note that nuclear quantum effects, not included in

our simulations, are expected to stabilize the deprotonated species and thus lead to a slight

decrease of the computed pKa.2 On the other hand, long-range electrostatics, which are also

not included in the present simulations (as well as in most current DNN potentials),50 are

expected to lead to an increase of the computed pKa. The fact that these two missing effects

tend to compensate each other may then be a reason why the obtained values of the pKa

provide a quite satisfactory estimate of the reactivity of formic and acetic acids in aqueous

solution, even better than previous estimates obtained using AIMD.26,46

Table 1: Deprotonation free-energy and computed pKa values of formic and acetic
acid. The values reported are for the 0.85 M solution (12.5 Å cell). Experimental
values of the pKa are taken from Ref.51,52 Calculated pKa from AIMD are taken
from aRef.26 ,bRef.1 and cRef.3 Refer also to the discussion in aRef.26 regarding
the suitability of the CV used in bRef.1

System ∆F (kJ/mol) Calc. pKa Exptl. pKa

DPMD (This study) AIMD
Formic acid 15.42 ± 2.21 2.68 ± 0.38 1.4 ± 0.8a 3.78
Acetic acid 24.64 ± 0.82 4.29 ± 0.14 4.80b, 4.88c 4.76
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Dimerization of carboxylic acids in aqueous solution

While experimental studies on the dimerization of carboxylic acids in the aqueous phase

are scarce, with disparate conclusions regarding the stability of the cyclic dimer,20,44 re-

cent simulations using both first-principles methods and empirical force-field models have

reported a low stability of the cyclic dimer in dilute solutions where water dominates the in-

teractions22,38,48,53 To confirm this conclusion, we performed unbiased DPMD simulations of

aqueous solutions of formic and acetic acid at two different concentrations, namely 0.87 M,

corresponding to 2 acids with 124 H2O, and 0.415 M, corresponding to 2 acids with 264

H2O. Over the 1 ns long DPMD simulations, we did not observe the spontaneous formation

of a cyclic dimer as shown by the radial distribution function in Figure S4 of SI. Here, the

same features seen for the monomers (Figures 2 and 3) are present, confirming that at

these low concentrations, the acid molecules interact almost exclusively with water. This is

also confirmed by the radial distribution function between the carbonyl oxygens (g(OC ,OC))

in Figure S6 of SI, where there is a noted absence of a peak at ≈ 2.7 Å attributed to the

formation of cyclic dimers.44,48 Taken together, this suggests the unlikely formation of cyclic

dimers at such low acid concentrations.

To compute the free-energy surface for dimerization, we combined DPMD with umbrella

sampling (see Figure S5 in the SI for the umbrella histograms) using a simple reaction

coordinate involving the distance between the carbonyl carbon atoms (rcc), as described in

the methods section. Our results are shown in Figure 5. It appears that dimer formation

is energetically uphill, with a small desolvation peak, followed by a shallow minimum for

both formic and acetic acid. The shallow-minimum corresponds to separations of ≈ 4 and

4.4 Å for formic and acetic acid respectively, suggesting the formation of stacked chain-

like structures rather than cyclic dimers.48 To test the convergence of the simulation, we

computed the free-energy surface considering all of the 2 ns of sampling, and only the last

1 ns. The average free-energy corresponding to three independent DPMD simulations for

each of these two cases is shown in Figure S7 in the SI, from which it appears that the free-
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Figure 5: Free-energy surface for dimerization of formic (black) and acetic acid (red) in
aqueous solution. The solid lines correspond to the average of three DPMD simulations
run with three independently trained DP’s, with the shaded areas showing the standard
deviation between the models. Inset shows the typical dimer structure formed for the case
of acetic acid. Solvent molecules have been removed for clarity.

energy surface is indeed well-converged for a 2 ns simulation time. The absolute dimerization

constant pKD was then computed from the reversible work theorem as:38,54

pKD = −log(KD);KD = c0

∫
r<rc

4πr2e−ω(r)/kBTdr (2)

where KD is the binding constant, ω(r) is the computed free-energy profile, kB is the Boltz-

mann constant and T is the temperature fixed to 300 K. The factor c0 in Eq. 2 is the standard

concentration c0 = 1 mol/l = 1 M = (1/1660) molecule/Å3. The integral in Eq. 2 requires

a cutoff radius (rc) to distinguish between the bound and free-states. We take rc = 6 Å,

which is the cutoff radius used to define the atomic environments when training the DP.31

The resulting pKd values are shown in Table 2.

It appears that the dimerization constant of formic acid predicted by our DP is well

within the experimental range, while that for acetic acid is over-estimated (meaning that
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Table 2: Comparison of the computed absolute dimerization constants (pKD)
with the experimental values for formic and acetic acid. Experimental values of
the pKD are taken from Ref.38

System Calc. pKD Exptl. pKD

Formic acid 1.489 ± 0.196 1.24 to 2.08
Acetic acid 1.522 ± 0.494 0.73 to 1.45

the solute-solvent interactions are over-estimated). However, there is a considerably larger

deviation (≈ 2 kBT ) in the free-energy for dimerization between the independently trained

DP’s for acetic acid, resulting in predicted pKD values in the range ≈ 1 to 2. Consider-

ing the wide range (0.73 to 1.45) of the experimental pKD values, this suggests that the

trained model still provides qualitatively reasonable results for the dimerization of acetic

acid. Previous computational studies involving empirical force-field models have been shown

to over-stabilize the interactions between the acids, resulting in an order of magnitude de-

crease in the computed pKD values.38 This is clearly not seen here, with the DP trained

using ab-initio data based on the SCAN exchange correlation functional providing a much

better description of the dimerization of carboxylic acids in aqueous solution.

Conclusion

In summary, we have developed a deep-potential model that accurately represents aqueous

solutions of both formic and acetic acid across different system sizes. Coupled with enhanced

sampling simulations, this model provides an efficient tool for exploring the free-energy sur-

face, and is capable of capturing both proton dissociation and acid dimerization. Satisfactory

estimates are obtained for both the pKa and pKD, two important physical constants that

are highly relevant to the reactivity of weak carboxylic acids. Combining accuracy, compu-

tational efficiency, and generality across different systems, this DP can serve as a starting

point for systematic extensions and applications providing insights into the complex chemi-

cal processes related to climate change.
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Supporting Information: Figures S1-S7:Illustration of the CV’s used, RDF of water oxy-

gen atoms, Evolution of sd during well-tempered metadynamics, RDF of water-acid dimers,

Umbrella histograms for dimerization, RDF of carbonyl oxygen, Convergence of FES for

dimerization; Tables S1-S2: System specifications of DPMD simulations, Deprotonation

free-energy and computed pKa values.
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