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Abstract

The study of chemical reactions in agueous media is very important for its implications in several
fields of science, from biology to industrial processes. However, modeling these reactions is difficult
when water directly participates in the reaction, since it requires a fully quantum mechanical
description of the system. Ab-initio molecular dynamics is the ideal candidate to shed light on these
processes. However, its scope is limited by a high computational cost. A popular alternative is to
perform molecular dynamics simulations powered by machine learning potentials, trained on an
extensive set of quantum mechanical calculations. Doing so reliably for reactive processes is difficult
because it requires including very many intermediate and transition state configurations. In this study
we used an active learning procedure accelerated by enhanced sampling to harvest such structures
and to build a neural-network potential to study the urea decomposition process in water. This
allowed us to obtain the free energy profiles of this important reaction in a wide range of temperatures,
to discover several novel metastable states, and improve the accuracy of the Kinetic rates calculations.
Furthermore, we found that the formation of the zwitterionic intermediate has the same probability
of occurring via an acidic or a basic pathway, which could be the cause of the insensitivity of reaction
rates to the solution pH.
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1. Introduction

Liquid phase reactions are routinely used in the laboratory practice and play an important role in
chemistry, biology and industrial processes. In order to study this important class of reactions several
theoretical tools have been developed. Since computing the properties of the whole system is rather
expensive, the solvent has been often approximated as a continuum dielectric[1-3] or treated in a
guantum-mechanics/molecular mechanics (QM/MM) scheme[4,5]. However, it is possible to remove
these approximations and treat the whole system at the quantum level in what is known as ab-initio
molecular dynamics (AIMD). This approach, although costly, has several advantages. It treats solvent
and reactants at the same level, and it allows any of the molecules of the solvent to be part of the
reaction and samples the solvent fluctuations.

These AIMD features are of particular relevance in the study of reactions in water, in which proton
transfers are often assisted by solvent molecules[6] and the fluctuations of the hydrogen bonded
network of water play a significant role. In a recent AIMD study of the decomposition of urea in
water, we have shown that these two features were highly relevant[7]. However, AIMD does not
come cheaply and this has limited the thoroughness of the sampling.

In this paper, we show that a properly designed strategy of active learning allows constructing a
reactive potential energy surface of ab-initio quality that can be used to improve considerably
sampling and to extend the scope of AIMD simulations.

We illustrate our strategy in the case of urea decomposition in water. We have chosen this example
for its relevance to biology[8], agriculture[9], medical technology[10], energy[11,12] and
environment[13,14]. Given its importance, it is not surprising that over the past century much
experimental[15-19] and theoretical effort[7,20-22] has been devoted to its study. Experiments
suggest that the reaction proceeds via the formation of a Zwitterionic intermediate ("NH3CONH") [17]
and a successive NHs elimination, following the kinetic scheme:

(1) (NH2)2CO — CNO" + NH4*; (2) CNO™ + NH4* + H20 — 2NH3s + COa.

However, there is some uncertainty as to the value of the free energy barrier that separates reactants
from products with estimates that range from 119 to 136 kJ/mol[15]. In addition, also some aspects
of the reaction are not clear like for instance the reaction insensitivity to pH[23,24].

Jorgensen and collaborators have performed a QM/MM calculation in which only one of the water
molecules has been treated at the QM level[21]. Their results are in agreement with the scheme
reported above. More recently our group has performed an AIMD simulation of the same system[7].
Our result confirmed once again the accepted mechanism, but a more complex picture did emerge in
which water and water fluctuations are an important and complex part of the reaction coordinate.
However computational cost prevented us from fully converging the free energy of the system and
explore the properties of the system at lower temperatures.



Here we removed these limitations, while at the same time retaining the AIMD accuracy. This
result has been obtained following the strategy pioneered by Behler and Parrinello [25] which made
use of a deep neural network (NN) to represent the potential energy surface of the system. Lately,
this approach has become very popular [26-35] and also new methods[36—-39] and codes have been
made available making the job of training a NN potential easier.

In order for this procedure to be successful, the NN has to be presented with a large number of
accurate DFT calculations, performed on an appropriate set of configurations. The choice of the
configurations is of the outmost importance, and it is particularly relevant here in a reactive
multicomponent system where the NN has to be able to predict the energy of configurations with very
different chemical structures. Besides, since reactions proceed via rarely visited transition states it is
imperative that such configurations are included in the training set. Given the height of the barriers
characteristic of this system, transition state configurations can be accessed only using enhanced
sampling techniques such as metadynamics[40,41]. Thus, we shall extensively use metadynamics
that will be an integral part of the construction of the NN potential, as done already in our recent
works on elemental systems[26,30]. In such a manner we could significantly extend our previous
AIMD calculations[7] exploring much lower temperatures, converging the free energies and
discovering a number of novel metastable states, and identifying that the zwitterionic intermediate
state could be formed either via an acidic or a basic reaction pathway. Furthermore, we were able to
significantly improve the accuracy with which the kinetic parameters are calculated.

2. Theoretical Methods

2.1 Enhancing configurational sampling with metadynamics

Metadynamics[40,41] is a well-established enhanced sampling method in which a history-
dependent bias potential V (s) is constructed as a function of atomic coordinates R via a restricted
number of collective variables (CVs), s=s(R) . By gradually enhancing the fluctuations on the CVs,

large energy barriers can be overcome so that rare events are accelerated and take place in an
affordable computational time. Eventually, the statistical properties of the system such as the free
energy surface (FES) can be computed via a reweighting procedure. In the present work, all enhanced
sampling simulations are performed with the Well-Tempered version[42] of metadynamics

(WTMetaD), in which a Gaussian G(s,s,) centered at the visited point s, is added periodically to
the potential as described by:

V. (s) = Zn:e_ﬁ/(y_l)vk—l(sk)G (s.5,) Q)

k=1

where g =1/k,T is the inverse temperature, the parameter y > 1 is called the bias factor, and

ls=sdl”

G(s,s,)=We 2°° is a Gaussian function centered at the instantaneous position s,, with W and o

being the height and width of the Gaussian, respectively.



Following Ref. [43] and our previous work[7] we resorted to path collective variables. These
measures the progression and the distance relative to a preassigned reaction path. The path is defined

on the space defined by a set of descriptors which we represent with a L-dimensional vector d. In
this space the path is discretized and is defined by M reference nodes d'Vi=1,2,---,M . In the

practice the path CVs are written as:
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In this work, we used as descriptors d the set of coordination numbers: Cg,, C., and Cy,, -Cy,y .

A detailed description of the CVs adopted in this work is given in the Supporting Information (SI).
2.2 Kinetic rates estimation via infrequent metadynamics

We adopted the infrequent metadynamics protocol[44] to calculate the Kinetic rates. Infrequent
metadynamics is a modified version of metadynamics specifically designed to estimate the kinetic
rates of rare events. This method assumes that if no bias is deposited on the transition region then the
rapid well-to-well dynamics remains unaffected. In the practice, this assumption can be satisfied by
using an infrequent deposition of small Gaussians. However, due to the high free energy barrier of
urea decomposition, this would require several long-time simulations to obtain accurate characteristic
times. To accelerate the calculations, we have added an external static potential that filled the
reactants basin. In order to compare our results with those obtained in Ref. [7], we adopted the same
strategy to build this static bias. A more detailed description is reported in the SI. This bias was then
used as an external potential, and on this biased energy surface, an infrequent metadynamics run was

performed. The physical transition times t* can be then recovered as:

t* = tMD <eﬂW(5)MetaD+V (S)static)> (4)
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where t,,, isthe MD simulation time and the average , 1s the acceleration factor

that measures how much the escape time is boosted because of the presence of the static bias V (s)

static

and the infrequent metadynamics one Vv (s)__., . The characteristic time can be inferred from a fit of

metad
the transition times to a Poisson distribution, and its accuracy assessed by a statistical analysis based
on the Kolmogorov-Smirnov (KS) test. We refer the interested reader to Ref.[45] for further details.



2.3 Neural network representation of the potential energy surface

Our machine learning-based potential has been constructed following the Deep Potential MD
(DPMD) scheme recently developed by Zhang et al.[38,46], which has been shown to accurately
reproduce the interatomic forces and energies predicted by ab initio calculations in several condensed
matter systems. Like in the Behler-Parrinello approach[25], a deep neural network architecture is
used to represent the PES, which is decomposed in the sum of atomic energies E,, depending on the

local environments, i.e., E=>E- In order to preserve the PES symmetries, a local embedding

network [47] is used to project the coordinates of the neighbors of each atom within a cutoff radius
R, into descriptors, which are then used as inputs for the fitting NN. This allows dealing more

efficiently with multiple chemical species, without the need of introducing ad-hoc symmetry
functions. Hereafter, DPMD-based molecular dynamics simulations and their variants accelerated by
metadynamics will be referred to as DPMD and DP-WTMetaD, respectively.

2.4 Active-learning optimization accelerated by enhanced sampling

The collection of the reference configurations used in the optimization of the NN is a crucial step
that directly affects the validity of the resulting potential. Although NNs are good at interpolating
between training points, they cannot predict the energies and forces of configurations that are distant
from those of the training set. For this reason, it is critical to include all the configurations relevant
to the process at the thermodynamic conditions of interest. This task is far from trivial, especially in
the case of activated processes. In fact, one needs to explore a vast chemical space that includes
reactants, products, and intermediate states along all the possible reaction pathways.

To address this issue, we take inspiration from our previous works in which we have used enhanced
sampling methods to collect training configurations in the study of silicon crystallization[26] and
gallium phase diagram[30]. We use the same strategy exploited in the study of gallium, as described
below. The NN training is done on configurations harvested at different temperatures using an active
learning procedure accelerated by metadynamics simulations. This procedure is schematically
illustrated in Fig. 1 and goes as follows.

First, a NN potential is trained on a small set of structures randomly extracted from an AIMD
WTMetaD reactive trajectory. This initial NN potential is regarded as the starting point of an iterative
training procedure consisting of the following steps:

(i) exploration of the configurational space via DP-WTMetaD simulations at multiple
temperatures,

(i1) selection of a small set of relevant configurations to be included in the training set,
(iii) calculation of energies and atomic forces at the DFT level,

(iv) training an ensemble of NN potentials with the updated training set.



The criterion used to label the new configurations in step (ii) is the standard deviation on atomic
forces over an ensemble of NN potentials, initialized with different weights[48,49]. Whenever the
maximum over the atoms exceeds a predefined threshold, the configuration is selected, and its energy
and forces are computed in step (iii). This iterative procedure continues until the number of newly
labeled configurations becomes smaller than a preassigned number N_, . Additional details on the

NN training can be found in the SI.
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Fig. 1. Flowchart of the active learning iterative procedure used to train the neural network potential.

However, labeling the configurations based on the the forces deviation did not provide a uniform
coverage of the whole reaction pathway. Indeed, we found that less than 5% of the structures did
belong to the transition state region (see Table S1), leading to higher errors on the energies of these
configurations (see Fig. S3(a)). This is related to the nature of well-tempered metadynamics, whose
aim is to lower the free energy barriers, not to cancel them, so as to prevent the system from exploring
unphysically high free energy regions. As a consequence, most of the simulation time is spent within
the metastable states, while the time in which the system passes through the transition state is very
short.

Since we aim at computing kinetic rates, which depend exponentially on transition state energies,
we need to model the transition state configurations as accurately as possible. To address the
imbalance between the number of reactants and products configurations versus the number of those
belonging to the transition state, we included extra structures generated by the final NN potential
from long DP-WTMetaD simulations. The samples are extracted along a CV which is correlated with
the reaction pathway. This can be seen as using a different criterion for the active learning procedure,
namely to select new configurations with a uniform coverage of the reaction process. Indeed, this
resulted in a uniform error along the reaction pathway, as reported in Fig. S3(b). The non-uniform
sampling problem could be addressed also by resorting to different enhanced sampling methods to



accelerate the active learning procedure. An interesting candidate for chemical reactions could be a
recently developed method which focuses the sampling into the transition state[50].

It is worth noticing that the combination of WTMetaD and an active learning procedure[48]
enables us to build a reliable NN potential with minimal human intervention and reduced
computational cost. In our final training set, only around 10% of the configurations came from the
initial AIMD trajectory at 490 K, while the others are collected automatically via inexpensive DP-
WTMetaD simulations at multiple temperatures (300, 390, and 490 K). Indeed, in our case DP-
WTMetaD calculations are about 500 times faster than AIMD for similar system sizes. For larger
systems the cubic scaling of AIMD would make this comparison even more favorable.

This extended strategy allowed us to incorporate all the thermodynamically accessible structures
in the training set, covering a wider portion of the configurational space when compared to AIMD
WTMetaD simulations (Fig. 2). Notably, we were able to locate some new intermediate states and
pathways, which could not be explored via AIMD simulations due to their infrequent character.
Including such a variety of relevant configurations in the training set is key to train an ab-initio quality
NN potential which enables us to study the mechanisms and dynamics of a complex reactive event
like urea decomposition in water.
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Fig. 2. Training set configurations in the path collective variables space. The s variable represents the
progress along the path between reactants and products, while z represents the distance from the reference
path. Both quantities are unitless. Grey points correspond to the training set configurations sampled at
multiple temperatures (300, 390, and 490 K). The orange points correspond to the configurations extracted
from the WTMetaD AIMD trajectory at 490 K. For comparison, structures of reactants and products from
the AIMD trajectory are also presented with blue and green points, respectively.



2.5 Validation of MetaD-based NN Potential

We first checked the ability of the MetaD-based NN potential to reproduce DFT results in the
temperature range from 300 to 500 K. The mean absolute errors (MAES) on the training set are equal
to 7.00 kd/mol for the energies and 3.71 kJ/mol/A for the forces. The MAES on a test set composed
by configurations generated by the final DPMD potential are equal to 6.05 kJ/mol for the energies
and 3.54 kd/mol/A for the forces (see also Fig. S1-S3 for the MAE as a function of a collective
variable). It is remarkable that, for each temperature (300, 390, and 490 K), the distribution of the
energy MAEs along the reaction pathway is uniform (see Fig. S3). That implies that our NN potential
can describe the configurations from the whole FES with uniform accuracy.

Furthermore, we compared the equilibrium properties of urea in aqueous solution sampled by
DPMD and AIMD at five different temperatures from 300 to 500 K. Both the conformational
distributions (Fig. S4) and the radial distribution functions (Figs. S5 to S9) computed via DPMD
agree with the AIMD results. These results suggest that the configurational space of urea in aqueous
media is well reproduced within the wide temperature range of 300 ~ 500 K.

3. Results and discussion

3.1 Free energy surface unveils urea decomposition mechanism

We used the DPMD potential determined as described above to obtain converged free energy
surfaces (FES) at T = 350, 390, 450, and 490 K. We checked the convergence of the calculations by
analyzing the time evolution of the free energy difference between reactants and products (AFag),
which is reported in Fig. S10. The standard deviation on AFas calculated from 4 independent
simulations is less than 2 kJ/mol. Here we describe in detail the T = 350 K surface that is
representative of the system behavior. The FES corresponding to higher temperatures are reported in
Fig. S11, while a short discussion of the FES temperature dependence is given below.

The FES landscape can be described as composed of two complex basins. The solvated urea
reactant state (A1) is at the bottom of basin A. In the same basin one finds two other metastable states
A2 and A3. In the metastable state A2 the neutral molecule isourea (HNCOHNH?>) is present while
in A3 one finds the zwitterionic state, ' HNCONHz3*. State A2 does not play a role, while for the
reaction to take place the system has first to go through the zwitterionic state and then pass via a high
energy transition state in which the C-NHs* bond is broken. This leads to basin B where one finds the
product state B1, NCO" + NHas*and the short lived intermediate B2, HNCO + NHs.
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Fig. 3. Free energy surface of urea decomposition in aqueous solution at 350 K as a function of path
collective variables s and z. The dashed lines correspond to the minimum free-energy pathways between
Al and A3, which have been computed using the nudged elastic band method.

Intra-basins transitions take place via water assisted proton transfers. We illustrate here two typical
examples that are relevant to the crucial Al to A3 transition, as shown in Fig. 4. Two different kinds
of reactive events are possible. In the first one, that we refer to as acidic, one water molecule donates
a proton to an aminic group, leaving behind a hydroxide OH" anion. If the OH" is properly placed, it
can take a proton out from the other aminic group, forming the urea zwitterion in a concerted
mechanism. Otherwise, the hydroxide can diffuse via a Grotthus mechanism and then eventually
reach the aminic residues completing the zwitterionic structure. In the second type of reaction
pathway, that we call basic, water acts as a base and accepts a proton from an aminic group leaving
behind an hydronium cation, that is transferred via the water network to the other amine using a
similar mechanism[51]. If we compare these two transition pathways, we can see from Fig. 5 that
they have approximately the same probability of taking place. As discussed in our previous work on
urea[7], there is not a unique way in which water ions can move from one amine to another since their
transfer can be mediated by different water arrangements. Thus, one cannot identify a single
transition state, but one must talk, as done in the path sampling literature[52] of an ensemble of
transition states. We also note that, besides being instrumental in allowing the proton transfer that
leads to the zwitterionic structure, water helps in stabilizing the structure by screening the two
zwitterionic charges.

10
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Fig. 4. Typical snapshots along the acidic (bottom red) and basic (top blue) pathways for the intra-basins
transition between reactant A1 and zwitterion intermediate A3. For simplicity, only the solute and few
water molecules that are directly involved in the reaction center are shown in ball-and-stick type.

While for intra-basins transitions it is not possible to identify a unique transition state, the transition
from A to B is clearly defined by the breaking of the C-NHs* bond. We have checked this to be the
case performing a committor analysis on the reactive trajectories [53-55]. The configurations for
which the systems can go with equal probability to reactants or to products are characterized by well-
defined C-NHs* and C-N- distance (see Table 1). We have also calculated the critical value at which
the C-NHs* breaks using a standard implicit solvent static calculation (see Sl for details). The fact
that the two estimates are close is a vindication of the quality of our NN potential in the TS region.
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Fig. 5. Comparison of the acid (solid line) and base (dashed line) catalyzed minimum free-energy pathways
for the intra-basins transition at different temperatures. Shaded areas indicate the standard errors
obtained from 4 independent DP-WTMeatD simulations.
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The breaking of the C-NHs* bond is accompanied by an internal electronic rearrangement and
leads first to the two neutral moieties HNCO and NH3 (B1). These are very short-lived and once
again a water mediated proton transfer takes place leading to the two oppositely charged moieties
NCO- and NH4* (B2) that, due to water screening, can quickly separate.

Table 1: Bond distances of C-NH3* and C-N" in the transition state ensemble between A3 and B2. For each
distance we reported the average value and its standard deviation.

T dC-NHs*[A] dC-NTA]
350 K 2.16 + 0.09 1.26 + 0.02
490K 2.18 + 0.07 1.25 + 0.03
PCM? 2.10 1.27

4PCM: Polarizable Continuum Model[2] at the PBE/cc-pVDZ level[56]

Increasing the temperature of the system (T > 350 K), the main features of the free energy surface
described above remain unaltered, however a few quantitative changes can be observed. The
difference in free energy AFas depends approximately linearly on the temperature (see Fig. 6). From
the dependence of AFas of T the change in entropy during the reaction ASas can be computed from

the relation As, =-(5?;AB ), » in this way we estimate ASas to be 28.3 + 2.1 J/mol/K.
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Fig. 6. Free energy difference 4Fag from reactant (Al) to product (B1) at different temperatures and the
linear fit of the AFag as the function of temperature. The error bars on AFag were calculated from the
standard deviation of four independent DP-WTMetaD simulations, and the final entropy error estimate (£
2.1 kJ/mol) is obtained from the uncertainty of the linear fit.

In closing this section, we note that the speed-up provided by the NN potential gave us the
possibility of exploring a larger portion of the configurational space along the reaction pathway, and
to observe all the thermodynamically accessible pathways and intermediates, measuring
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guantitatively their relative probability. Notably, in the AIMD study [7] only one pathway was
detected for the formation of the zwitterion (*NH3CONH"), while in the present work we observed
two reaction mechanisms which are equally possible. Therefore, even if acidic or basic conditions
would impede one of the two channels, the formation of the zwitterion could still be possible via the

other one. We make the hypothesis that this could be one of the reasons why reaction rates are
insensitive to the solution pH.

3.2 Kinetic rates calculations
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Fig. 7. Pseudo-first-order rate constants for urea decomposition in aqueous solution as a function of
temperature calculated with WTMetaD-based NN potential (blue circles), and comparison with AIMD (red

stars) as well as different experimental results (triangles). The least-squares Arrhenius fit is displayed as
the blue dotted line.

Using infrequent metadynamics as described earlier we were able to harvest for each of the 12
temperatures investigated hundreds of reactive trajectories (A1 — B2). At each temperature we
analyzed the distribution of exit times and observed that they are close to being Poisson-like (Fig.
S12 and Table S2). From this analysis we extracted the reaction rates which we reported in the
Arrhenius plot in Fig. 7. Whenever comparison was possible these results are close to our previous
ab-initio simulation estimates. They are also close to the experimental results. However some more
marked differences can be seen with a set of high temperature results[19]. The theoretical Arrhenius
plot is slightly bent but very close to being linear for temperatures below 400 K where a linear fit

gives an estimation of the barrier height of 127.9 +1.7 kJ - mol* close to the FES apparent barrier of
~108 kJ - mol™.
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4. Conclusions

We have demonstrated a viable strategy for the study of complex reactions. Our strategy relies on
the combination of physical insight, enhanced sampling and machine learning. Given the success of
this first approach we believe that complex chemical reactions are within the reach of ab-initio quality
MD simulations. Here we have explicitly treated the case of water driven homogeneous process, but
applications to homogeneous and heterogeneous catalytic processes are certainly possible.

5. Acknowledgements

The authors thank Prof. Han Wang and Dr. Linfeng Zhang for the helpful discussions, and
especially for the support in using and modifying the DP-GEN code and for the valuable help in
performing the DeePMD training; Michele Invernizzi, Emanuele Grifoni, Dr. GiovanniMaria Piccini,
Dr. Chang Woo Myung and Dr. Valerio Rizzi for useful discussions. M.Y. thanks in particular
Linfeng Zhang for support and encouragement. This research was supported by the NCCR MARVEL,
funded by the Swiss National Science Foundation and the European Union Grant No. ERC-2014-
AdG-670227/\VARMET. The calculations were carried out on the Euler cluster of ETH Zurich.

References

[1] J. Tomasi, M. Persico, Molecular Interactions in Solution: An Overview of Methods Based on Continuous
Distributions of the Solvent, Chem. Rev. 94 (1994) 2027-2094. https://doi.org/10.1021/cr00031a013.

[2]J. Tomasi, B. Mennucci, R. Cammi, Quantum mechanical continuum solvation models, Chem. Rev. 105 (2005) 2999—
3093. https://doi.org/10.1021/cr9904009.

[3] B. Mennucci, Polarizable continuum model, Wiley Interdiscip. Rev. Comput. Mol. Sci. 2 (2012) 386—404.
https://doi.org/10.1002/wcms.1086.

[4] A. Warshel, M. Levitt, Theoretical studies of enzymic reactions: Dielectric, electrostatic and steric stabilization of the
carbonium ion in the reaction of lysozyme, J. Mol. Biol. 103 (1976) 227-249. https://doi.org/10.1016/0022-
2836(76)90311-9.

[5] H.M. Senn, W. Thiel, QM/MM methods for biomolecular systems, Angew. Chemie - Int. Ed. 48 (2009) 1198-1229.
https://doi.org/10.1002/anie.200802019.

[6] M. Yang, L. Yang, G. Wang, Y. Zhou, D. Xie, S. Li, Combined Molecular Dynamics and Coordinate Driving Method
for Automatic Reaction Pathway Search of Reactions in Solution, J. Chem. Theory Comput. 14 (2018) 5787—
5796. https://doi.org/10.1021/acs.jctc.8b00799.

[7] D. Polino, M. Parrinello, Kinetics of Aqueous Media Reactions via Ab Initio Enhanced Molecular Dynamics: The
Case of Urea  Decomposition, J. Phys. Chem. B. 123 (2019) 6851-6856.
https://doi.org/10.1021/acs.jpch.9b05271.

[8] A.N. Rollinson, J. Jones, V. Dupont, M. V. Twigg, Urea as a hydrogen carrier: A perspective on its potential for safe,
sustainable and long-term energy supply, Energy Environ. Sci. 4 (2011) 1216-1224.
https://doi.org/10.1039/c0ee00705f.

[9] M.L. Cabrera, D.E. Kissel, B.R. Bock, Urea hydrolysis in soil: Effects of urea concentration and soil pH, Soil Biol.
Biochem. 23 (1991) 1121-1124. https://doi.org/10.1016/0038-0717(91)90023-D.

[10] D. El-Gamal, S.P. Rao, M. Holzer, S. Hallstrom, J. Haybaeck, M. Gauster, C. Wadsack, A. Kozina, S. Frank, R.
Schicho, R. Schuligoi, A. Heinemann, G. Marsche, The urea decomposition product cyanate promotes endothelial
dysfunction, Kidney Int. 86 (2014) 923-931. https://doi.org/10.1038/ki.2014.218.

[11] M. Koebel, M. Elsener, T. Marti, NOx-reduction in diesel exhaust gas with urea and selective catalytic reduction,
Combust. Sci. Technol. 121 (1996) 85-102. https://doi.org/10.1080/00102209608935588.

[12] M. Koebel, M. Elsener, M. Kleemann, Urea-SCR: A promising technique to reduce NOx emissions from automotive
diesel engines, Catal. Today. 59 (2000) 335-345. https://doi.org/10.1016/S0920-5861(00)00299-6.

[13] S. Shen, B. Li, M. Li, J. Fan, Z. Zhao, Removal of urea from wastewater by heterogeneous catalysis, Desalin. Water
Treat. 55 (2015) 70-76. https://doi.org/10.1080/19443994.2014.911116.

14



[14] M.R. Rahimpour, H.R. Mottaghi, Simultaneous removal of urea, ammonia, and carbon dioxide from industrial
wastewater using a thermal hydrolyzer-separator loop, Ind. Eng. Chem. Res. 48 (2009) 10037-10046.
https://doi.org/10.1021/ie900751g.

[15] W.H.R. Shaw, J.J. Bordeaux, The Decomposition of Urea in Aqueous Media, J. Am. Chem. Soc. 77 (1955) 4729—
4733. https://doi.org/10.1021/ja01623a011.

[16] K.R. Lynn, Kinetics of base-catalyzed hydrolysis of urea, J. Phys. Chem. 69 (1965) 687-689.
https://doi.org/10.1021/j1008862516.

[17] A. Mu, Urea Synthesis from Amines and Cyanic Acid: Kinetic Evidence for a Zwitterionic Intermediate, J. Chem.
Inf. Model. 53 (1974) 1689-1699. https://doi.org/10.1017/CB09781107415324.004.

[18] M.L. Kieke, J.W. Schoppelrei, T.B. Brill, Spectroscopy of hydrothermal reactions. 1. The CO2-H20 system and
kinetics of urea decomposition in an FTIR spectroscopy flow reactor cell operable to 725 K and 335 bar, J. Phys.
Chem. 100 (1996) 7455-7462. https://doi.org/10.1021/jp950964q.

[19] J.W. Schoppelrei, M.L. Kieke, X. Wang, M.T. Klein, T.B. Brill, Spectroscopy of hydrothermal reactions. 4. Kinetics
of urea and guanidinium nitrate at 200-300°C in a diamond cell, infrared spectroscopy flow reactor, J. Phys.
Chem. 100 (1996) 14343-14351. https://doi.org/10.1021/jp960396u.

[20] M. Yao, X. Chen, C.G. Zhan, Reaction pathway and free energy barrier for urea elimination in aqueous solution,
Chem. Phys. Lett. 625 (2015) 143-146. https://doi.org/10.1016/j.cplett.2015.02.048.

[21] A.N. Alexandrova, W.L. Jorgensen, Why urea eliminates ammonia rather than hydrolyzes in aqueous solution, J.
Phys. Chem. B. 111 (2007) 720-730. https://doi.org/10.1021/jp066478s.

[22] G. Estiu, K.M. Merz, Enzymatic catalysis of urea decomposition: Elimination or hydrolysis?, J. Am. Chem. Soc.
126 (2004) 11832-11842. https://doi.org/10.1021/ja047934y.

[23] R.C. Warner, R.K. Cannan, The formation of ammonia from proteins in alkaline solution, J. Biol. Chem. 142 (1942)
725-739. https://doi.org/https://doi.org/10.1016/S0021-9258(18)45073-9.

[24] K.J. Laidler, J.P. Hoare, The Molecular Kinetics of the Urea-Urease System. I. The Kinetic Laws, J. Am. Chem.
Soc. 71 (1949) 2699-2702. https://doi.org/10.1021/ja01176a029.

[25] J. Behler, M. Parrinello, Generalized neural-network representation of high-dimensional potential-energy surfaces,
Phys. Rev. Lett. 98 (2007) 1-4. https://doi.org/10.1103/PhysRevLett.98.146401.

[26] L. Bonati, M. Parrinello, Silicon Liquid Structure and Crystal Nucleation from Ab Initio Deep Metadynamics, Phys.
Rev. Lett. 121 (2018) 265701. https://doi.org/10.1103/PhysRevLett.121.265701.

[27] M.F.C. Andrade, H.Y. Ko, L. Zhang, R. Car, A. Selloni, Free energy of proton transfer at the water-TiO2 interface
from: ab initio deep potential molecular dynamics, Chem. Sci. 11 (2020) 2335-2341.
https://doi.org/10.1039/c9sc05116¢.

[28] H.Y. Ko, L. Zhang, B. Santra, H. Wang, E. Weinan, R.A. DiStasio, R. Car, Isotope effects in liquid water via deep
potential molecular dynamics, Mol. Phys. 117 (2019) 3269-3281.
https://doi.org/10.1080/00268976.2019.1652366.

[29] B. Cheng, E.A. Engel, J. Behler, C. Dellago, M. Ceriotti, Ab initio thermodynamics of liquid and solid water, Proc.
Natl. Acad. Sci. U. S. A. 116 (2019) 1110-1115. https://doi.org/10.1073/pnas.18151171186.

[30] H. Niu, L. Bonati, P.M. Piaggi, M. Parrinello, Ab initio phase diagram and nucleation of gallium, Nat. Commun. 11
(2020) 2654. https://doi.org/10.1038/s41467-020-16372-9.

[31] J.S. Smith, B.T. Nebgen, R. Zubatyuk, N. Lubbers, C. Devereux, K. Barros, S. Tretiak, O. Isayev, A.E. Roitberg,
Approaching coupled cluster accuracy with a general-purpose neural network potential through transfer learning,
Nat. Commun. 10 (2019) 1-8. https://doi.org/10.1038/s41467-019-10827-4.

[32] B. Cheng, G. Mazzola, M. Ceriotti, Evidence for supercritical behavior of high-pressure liquid hydrogen, Nature.
585 (2019). https://doi.org/10.1038/s41586-020-2677-y.

[33] L. Shen, W. Yang, Molecular Dynamics Simulations with Quantum Mechanics/Molecular Mechanics and Adaptive
Neural Networks, J. Chem. Theory Comput. 14 (2018) 1442-1455. https://doi.org/10.1021/acs.jctc.7b01195.

[34] L. Shen, X. Zeng, H. Hu, X. Hu, W. Yang, Accurate Quantum Mechanical/Molecular Mechanical Calculations of
Reduction Potentials in  Azurin Variants, J. Chem. Theory Comput. 14 (2018) 4948-4957.
https://doi.org/10.1021/acs.jctc.8b00403.

[35] J. Zeng, L. Cao, M. Xu, T. Zhu, J.Z.H. Zhang, Complex reaction processes in combustion unraveled by neural
network-based molecular dynamics simulation, Nat. Commun. 11 (2020) 1-9. https://doi.org/10.1038/s41467-
020-19497-z.

[36] J. Behler, Perspective: Machine learning potentials for atomistic simulations, J. Chem. Phys. 145 (2016).
https://doi.org/10.1063/1.4966192.

[37] V. Botu, R. Batra, J. Chapman, R. Ramprasad, Machine learning force fields: Construction, validation, and outlook,
J. Phys. Chem. C. 121 (2017) 511-522. https://doi.org/10.1021/acs.jpcc.6b10908.

[38] L. Zhang, J. Han, H. Wang, R. Car, E. Weinan, Deep Potential Molecular Dynamics: A Scalable Model with the
Accuracy of Quantum Mechanics, Phys. Rev. Lett. 120 (2018) 143001.
https://doi.org/10.1103/PhysRevLett.120.143001.

[39] Z. Li, J.R. Kermode, A. De Vita, Molecular dynamics with on-the-fly machine learning of quantum-mechanical
forces, Phys. Rev. Lett. 114 (2015) 1-5. https://doi.org/10.1103/PhysRevLett.114.096405.

15



[40] A. Laio, M. Parrinello, Escaping free-energy minima, Proc. Natl. Acad. Sci. 99 (2002) 12562 LP — 12566.
https://doi.org/10.1073/pnas.202427399.

[41] O. Valsson, P. Tiwary, M. Parrinello, Enhancing Important Fluctuations: Rare Events and Metadynamics from a
Conceptual Viewpoint, Annu. Rev. Phys. Chem. 67 (2016) 159-184. https://doi.org/10.1146/annurev-physchem-
040215-112229.

[42] A. Barducci, G. Bussi, M. Parrinello, Well-tempered metadynamics: A smoothly converging and tunable free-energy
method, Phys. Rev. Lett. 100 (2008) 1—4. https://doi.org/10.1103/PhysRevLett.100.020603.

[43] D. Branduardi, F.L. Gervasio, M. Parrinello, From A to B in free energy space, J. Chem. Phys. 126 (2007).
https://doi.org/10.1063/1.2432340.

[44] P. Tiwary, M. Parrinello, From metadynamics to dynamics, Phys. Rev. Lett. 111 (2013) 1-5.
https://doi.org/10.1103/PhysRevLett.111.230602.

[45] M. Salvalaglio, P. Tiwary, M. Parrinello, Assessing the Reliability of the Dynamics Reconstructed from
Metadynamics, J. Chem. Theory Comput. 10 (2014) 1420-1425. https://doi.org/10.1021/ct500040r.

[46] H. Wang, L. Zhang, J. Han, W. E, DeePMD-kit: A deep learning package for many-body potential energy
representation and molecular dynamics, Comput. Phys. Commun. 228 (2018) 178-184.
https://doi.org/10.1016/j.cpc.2018.03.016.

[47] L. Zhang, J. Han, H. Wang, W.A. Saidi, R. Car, E. Weinan, End-to-end symmetry preserving inter-atomic potential
energy model for finite and extended systems, Adv. Neural Inf. Process. Syst. 2018-Decem (2018) 4436-4446.

[48] L. Zhang, D.Y. Lin, H. Wang, R. Car, E. Weinan, Active learning of uniformly accurate interatomic potentials for
materials simulation, Phys. Rev. Mater. 3 (2019). https://doi.org/10.1103/PhysRevMaterials.3.023804.

[49] Y. Zhang, H. Wang, W. Chen, J. Zeng, L. Zhang, H. Wang, W. E, DP-GEN: A concurrent learning platform for the
generation of reliable deep learning based potential energy models, Comput. Phys. Commun. 253 (2020) 107206.
https://doi.org/10.1016/j.cpc.2020.107206.

[50] J. Debnath, M. Invernizzi, M. Parrinello, Enhanced Sampling of Transition States, J. Chem. Theory Comput. 15
(2019) 2454-2459. https://doi.org/10.1021/acs.jctc.8b01283.

[51] A. Hassanali, F. Giberti, J. Cuny, T.D. Kiihne, M. Parrinello, Proton transfer through the water gossamer, Proc. Natl.
Acad. Sci. U. S. A. 110 (2013) 13723-13728. https://doi.org/10.1073/pnas.1306642110.

[52] P.G. Bolhuis, D. Chandler, C. Dellago, P.L. Geissler, Transition path sampling: Throwing ropes over rough mountain
passes, in the dark, Annu. Rev. Phys. Chem. 53 (2002) 291-318.
https://doi.org/10.1146/annurev.physchem.53.082301.113146.

[53] P.L. Geissler, C. Dellago, D. Chandler, Kinetic pathways of ion pair dissociation in water, J. Phys. Chem. B. 103
(1999) 3706-3710. https://doi.org/10.1021/jp984837g.

[54] P.G. Bolhuis, C. Dellago, D. Chandler, Reaction coordinates of biomolecular isomerization, Proc. Natl. Acad. Sci.
U. S. A. 97 (2000) 5877-5882. https://doi.org/10.1073/pnas.100127697.

[55] P. Tiwary, V. Limongelli, M. Salvalaglio, M. Parrinello, Kinetics of protein-ligand unbinding: Predicting pathways,
rates, and rate-limiting steps, Proc. Natl. Acad. Sci. U. S. A. 112 (2015) E386-E391.
https://doi.org/10.1073/pnas.1424461112.

[56] J.P. Perdew, K. Burke, M. Ernzerhof, Generalized gradient approximation made simple, Phys. Rev. Lett. 77 (1996)
3865-3868. https://doi.org/10.1103/PhysRevLett.77.3865.

16



Supplementary material

S1 Computational setup
S1.1 Molecular dynamics setup

The system consists of one molecule of urea and 34 molecules of water within a box with 10 x 10
x 10 A. AIMD and DeepMD-based simulations were performed using CP2K[1] and LAMMPS|[2],
respectively. AIMD simulations were performed within the Born-Oppenheimer approximation. In
both cases, simulations were carried out at constant volume and temperature with periodic boundary
conditions. The temperature was controlled using the stochastic velocity rescaling thermostat[3] with
a relaxation time of 0.04 ps, and an integration time step of 0.5 fs was used. The starting
configurations of WTMetaD were first equilibrated at the chosen temperatures for at least 30 ps.

S1.2 DFT Calculations

DFT calculations were calculated using the same setup as Ref.[4]. Namely, PBE exchange-
correlation density functional[5] with m-DZVP (2s2p1d/2slp) Gaussian basis set. Core electrons
were treated using the Goedecker—Teter—Hutter (GTH) pseudopotentials[6,7]. These calculations
were performed using the Quickstep module of the CP2K program[1]. The single-point energies and
forces calculations for the training set used an energy cutoff of 300 Ry. The threshold for energy
convergence was set to 102 Hartree and the one related to SCF cycles was set to 10 Hartree.

S1.3 DeepMD potential

We trained our MetaD-based NN potential using the DeePMD-kit package[8]. In this work, the
smooth version of the deep potential model is adopted[9], with a cut-off radius of 6.0 A. To remove
the discontinuity introduced by the cut-off, the 1/r term in the network construction is smoothly
switched-off by a cosine shape function from 1.0 A to 6.0 A. The filter (embedding) network has
three layers with (25, 50, 100) nodes/layer and the fitting net is composed of three layers, with 240
nodes each. The network is trained with the ADAM optimizer, with an exponentially decaying
learning rate from 1.0 x 103 to 5.0x 108 The batch size was chosen as 4. The pre-factors of the
energy and the force terms in the loss function change during the optimization process from 1 to 10
and from 1000 to 1, respectively. The final model used for the production run was trained for 6.0 x
10 steps (1600 epochs).

S1.4 Training procedure with DP-GEN

The iterative procedure of the construction of the training set was performed using the DP-GEN
package[10]. The criterion used to select new configurations is based on the agreement on the forces
predictions made by an ensemble of 4 DPMD potentials, which have been trained on the same
reference dataset but with different initial weights. In the following we call model deviation the
maximum (over the force components) of the standard deviation on the forces predicted by such an
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ensemble of models. Whenever the model deviation for one configuration was in the range of [0.2,
0.4] eV/A the corresponding structure was selected for labeling.

To choose the range for the model deviation, we proceeded in the following way. First, we
evaluated the average model deviation on the training set of NNO, and we have set the lower bound
to be slightly higher than this value. Choosing a lower bound that is too small, would indeed lead to
the selection of structures that are already well-represented based on the ensemble criterion. For the
upper bound, we followed the rule of thumb presented in Ref. [10] which suggests using an upper
bound for the model deviation that is 0.15 ~ 0.30 eV/A higher than the lower bound. The purpose of
this upper limit is to exclude unphysical configurations from the labeling.

These NN potentials were trained with 1.0 x 108 training steps. The maximum and the minimum
number of configurations to be collected at each iteration (and for each temperature) were chosen to
be 200 and 30, respectively. DP-GEN simulations were performed at multiple temperatures (490, 390
and 300K). The active-learning procedure was concluded after 16 iterations.

S1.5 Metadynamics calculations

The calculation of the collective variables and the metadynamics biased is done with
PLUMED[11]. In the following, we describe the collective variable used and the metadynamics setup.
First, we define the coordination numbers which we use below to define the path collective variables.
They are calculated as follows:

CcvV Definition Parameters
- h)m rC,i : distance between atoms C and i-th
I
CCN CCN = Z ro N,' ro=2.0 A;m:6;n: 12
ieN;,N2 (l_L,i)n
fy
I .
(1--co)Hm loo : distance between atoms C and O;
I
CCO Ceo = ro ro=18A:m=6.n=12
(1--co)n
r-O
(LM)"‘ rN 1,i : distance between atoms N1 and i-
-
CN1H Cymn = Zr—o thHa ;ro=15A;m=8,n=16
ieHy, (l_ﬂ)n
rO
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I’
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1- @)m ro,i : distance between atoms O and the i-

r
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Note: If it's not specified, the H and O atoms mentioned here those of the solute molecule.

The definitions of the path CVs s(d) and z(d) are described in the main text. For the construction
of such variables, one needs to define two things: the configurational space where to draw the path
and the reference configurations. Here we draw inspiration from the urea decomposition pathway
used in our previous work [4] and generalize it to include 4 atomic configurations (A1, A3, B1, and
B2 in Fig. 3) to define the path in the space of coordination numbers C,, C., and C,,, -C The

parameter A is chosen to be 0.25. In the metadynamics simulations, the Gaussians adopted have an
initial height of 15 kJ/mol and width of 0.1 and 0.2 for the CV s(d) and z(d), respectively. A Gaussian
was deposited every 100 fs with a bias factor equal to 20. Once the simulations were performed, we
defined new path CVs to distinguish all the pathways and metastable states located by our WTMetaD
simulations. In this case, the reference path consisted of six configurations (Al, A3, B1, B2 and the
transition states of acid and basic paths (Al to A3)), adding the C,,, +C,,, Variable to the

N2H *

descriptors set.
S1.6 Kinetic Rates Calculation

For infrequent metadynamics simulations, bias was added on the two CVSs Iy, — Iy, and
Cyun -Cy,n Using Gaussian widths of 0.05 and 0.05, respectively. The combination of these two CVs

was able to distinguish the reactant state A and product state B. To build the static bias we carried out
a metadynamics run to fill the reactant basin (state A) up to a preassigned free energy threshold. The
threshold was fixed at 90 kJ/mol since the first reactive event during the metadynamics run was
detected after depositing 120 kJ/mol. We verified that this value ensured that no bias was deposited
on the transition state. This bias was then used as an external potential, and on this biased energy
surface, an infrequent metadynamics run was performed.

We calculated the kinetic rates at 12 different temperatures in the range from 300 ~ 510 K (see
Table S1). For each temperature, about 100 independent trajectories initiated after thermalization in
the Al basin were performed, where Gaussians were deposited every 5 ps, with an initial height of
0.4 and 0.6 kJ/mol for T > 370 K and T<<370 K, respectively.

S1.7 Static calculations

All static geometries were optimized at the PBE/cc-pVDZ level[5] using the same level of the
theory of the ab-initio molecular dynamics simulation. The Polarizable Continuum Model (PCM)
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using the integral equation formalism variant (IEFPCM)[12] was used as an implicit solvation model
with water as the solvent. For the TS, intrinsic reaction coordinate (IRC)[13] analysis was performed
to verify whether the TS connects the correct minimum structures. All calculations were performed

with the Gaussian16 software package[14].
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S2 Additional results
S2.1 Composition of the training set and accuracy

Our training set was upgraded progressively. The reference configurations are collected from three
different sources, which are the initial AIMD simulation (AIMD), the active learning procedure
(ACTIVE) and the selection along a collective variable (CV-BASED). Their corresponding
composition is reported in Table S1. In this process, we generated 3 main NN potentials that for
simplicity will be called NNO (AIMD), NN1 (AIMD+ACTIVE), and NN2 (AIMD+ACTIVE+CV-
BASED).

Table S1. Composition of the training set. Structures are classified into reactant (A), transition
state (TS), and product (B) regions using the coordination number between C and N (Fig. S1).

Configuration sets A TS B Total
AIMD 684 179 687 1550
ACTIVE LEARNING 2991 225 2581 5797
CV-BASED SELECTION 2064 3176 1949 7189
Cumulative training set (NN2) 5739 3580 5217 14536

More in detail, NNO was trained including a set of configurations from the available AIMD
trajectory of Ref. [4]. This set consisted of 1550 uncorrelated structures that were extracted every 400
steps (0.4 ps) for reactants and products and every 150 steps in the TS region. Including more
structures from this AIMD trajectory would mean adding redundant information to the training set
with no improvement to the performance of the NN model in terms of stability and accuracy.

NN1 was trained by adding a set of structures collected with an active learning procedure as
implemented in DP-GEN where the exploration of the configurational space was enhanced by the use
of metadynamics performed at different temperatures. In this step, the configurations are selected
only by looking at the deviations of the prediction of the forces of different NN models. This iterative
procedure is repeated until no more configurations are selected for labelling.

NNZ2 contains additional structures extracted from long DP-WTMetaD simulations performed with
the final NN1 model at different temperatures, to have a uniform coverage of the reaction pathway.
This has been achieved by dividing the configurations into three regions: reactants, products and
transition state, according to the value of the coordination number between C and N (as done in Figs.
S1 ~ S3). The configurations have been selected from these datasets at even intervals with a shorter
stride for the ones in the TS regions to obtain a uniform distribution of configuration between
reactants, products and TS regions. We note that to perform this step one needs a reliable model over
all the thermodynamically accessible regions, which we achieved with the iterative procedure that led
to NN1.
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In the following, we report the accuracy tests we performed with the different models. Fig. S1
shows the mean absolute error (MAE) as a function of the C-N coordination number on the training
sets of different NN potentials. All the models have been trained with the same parameters for 400
epochs in order to compare them. This allows us to monitor how the error is distributed between
reactant (A), products (B) and transition state (TS). From Fig. S1 we observe that by adding new
configurations to NN1 we were able to significantly reduce the training error along all the reaction
pathway. Note that region A contains the states Al, A2 and A3 and their corresponding transition
pathways, B includes the states B1 and B2 (Fig. 3) while TS covers only a limited configurational
space related to the highest free energy barrier region. Therefore, it is easier for the NN to model this
region when enough configurations are provided in the training set. On the other hand, training the
models with a larger number of steps only increases the accuracy uniformly along the reaction
pathway (Fig. S2).
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Fig. S1. MAEs of the energies on the training set for the potentials NNO, NN1, NN2-a, NN2-b
and NN2, as a function of the C-N coordination number. The higher the value of the
coordination number, the more product-like a configuration is. NN2-a and NN2-b potentials
are trained by adding to NN1 only 1000 and 3000 configurations selected from the TS region
(without adding structures also from A and B as done in the final potential NN2). All models
have been trained for 400 epochs.

Since the purpose of the DPMD potential is to run MD simulations, a more stringent test is to assess
the accuracy of the potential on the generated configurations. In order to do so, we consider for both
NN1 and NN2 a test set composed by configurations extracted from DP-WTMetaD simulations
performed at multiple temperatures by NN1 and NN2, whose energies and forces were computed at
the ab-initio level. In Fig. S3 we report the MAE on the test sets for NN1 (panel a) and NN2 (panel
b) from which we observe that the addition of the new structures allowed us to obtain a uniform (and
lower) error along all the reaction pathway for the structures generated in the DP-WTMetaD
simulations. As shown in panel (d) of Fig. S3 the test sets cover all the configurational space of
interest.
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S2.2 Validation of the NN potential
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Fig. S4. Comparison of the conformational distribution of urea in agueous media at five different
temperatures (300, 350, 400,450 and 500 K) given from DPMD (orange points) and AIMD (green
squares). For AIMD calculations, all simulations were initially equilibrated for at least 30 ps
after which the data were collected from runs of 380, 300, 100, 100 and 100 ps at 300, 350, 400,
450 and 500 K. The error bars indicate the standard error obtained from AIMD simulations. The
standard error from DPMD is within the point markers. Dco and Dcy are the (average) distances
of bond C-O and C-N in Urea, respectively, Conw is the coordination number of water hydrogen
atoms around the Urea oxygen and Crow iS the coordination number of Urea hydrogen atoms
around the water oxygen. In this paper, the standard errors in all figures are calculated from
n=4 independent simulations, as o/(n)*?, where o is the standard deviation.

In Fig. S5 ~ S9 we report the comparison of the radial distribution functions for urea at multiple
temperatures, between DPMD (solid lines) and AIMD (dashed lines). Shaded areas indicate the
standard error obtained from AIMD simulations. Due to the much longer simulation time of DPMD

the standard error is negligible.
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S2.3 Convergence of the metadynamics simulations

In Fig. S10 we monitor the convergence of the free energy difference between reactants and
products. For all temperatures the standard deviation is lower than 0.5 keT. We note that a possible
improvement could be the usage of a recently developed evolution of metadynamics, called on-the-
fly probability enhanced sampling[15] which has shown to significantly improve the convergence
speed and the accuracy of free energy estimates.
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Fig. S10. Time evolution of the free energy difference between the reactants (A) to products (B),
divided by the C-N bond breaking. Shaded areas indicate the standard deviation obtained from
4 independent DP-WTMetaD simulations. AIMD results at 490 K are also illustrated.
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S2.4 Free energy profiles
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Fig. S11. Free energy surface of urea decomposition in aqueous solution at multiple temperatures
as a function of path collective variables. The dashed lines correspond to the minimum free-
energy pathways between Al and A3. For each temperature, four independent runs of at least 10
ns have been performed.
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Fig. S12. Cumulative transition probability (CDF) and relative fit to a Poisson distribution
function of the transition times for urea decomposition (from states Al to B2) at multiple
temperatures.



Table S2. Average transition time from simulations (u), theoretical Poisson process (z), and p-

value associated with the KS statistic test (see Ref. [16]) calculated at multiple temperatures.

[Kir U [s] T [s] K[s?] Erfct: p-value N
300 8.02E+08 6.37E+08 1.57E-09 21'1125 0.88 97
330 5.53E+06 5.04E+06 1.98E-07 %':ZE' 0.92 102
350 3.76E+05 3.96E+05 2.52E-06 20.595- 0.80 102
370 3.80E+04 3.68E+04 2.72E-05 3(;'?0'5' 0.71 102
390 5.02E+03 4.47E+03 2.24E-04 s;.ng- 0.38 102
410 9.97E+02 9.85E+02 1.02E-03 t;OE' 0.86 104
430 2.14E+02 1.88E+02 5.32E-03 %:7'5' 0.67 105
450 5.23E+01 5.32E+01 1.88E-02 EZOE' 0.96 103
470 1.02E+01 1.08E+01 9.24E-02 %ESE' 0.84 99
490 4.04E+00 4.01E+00 2.49E-01 %;75 0.65 97
500 2.56E+00 2.45E+00 4.09E-01 ‘8575 071 105
510 1.37E+00 1.56E+00 6.39E-01 %;7'5' 0.50 105
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