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2 Abstract

3 Belitic cements are a greener alternative to Ordinary Portland Cements due to the
4 lower CO4 associated to their production. However, their low reactivity with water
5 is currently a drawback, resulting in longer setting times. In this study, we utilize a
6 combination of evolutionary algorithms and machine learning atomic potentials (MLPs)
7 to identify previously unreported belite polymorphs that may exhibit higher hydraulic
8 reactivity than the known phases. To address the high computational demand of this
9 methodology, we propose a novel transfer learning approach for generating MLPs. First,
10 the models are pre-trained on a large set of classical data (ReaxFF) and then re-
1 trained with Density Functional Theory (DFT) data. We demonstrate that the transfer
12 learning enhanced potentials exhibit higher accuracy, require less training data, and are
13 more transferable than those trained exclusively on DFT data. The generated machine
14 learning potential enables a fast, exhaustive, and reliable exploration of the dicalcium
15 silicate polymorphs. This includes studying their stability through phonon analysis and
16 calculating their structural and elastic properties. Overall, we identify ten new belite
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polymorphs within the energy range of the existing ones, including a layered phase with

potentially high reactivity.

1 Introduction

Cement is the most extensively manufactured product globally in terms of mass. In 2022,
its global production reached an astounding 4.2 billion tons, well over 500 kg per capita.?
Cement and concrete, characterized by their versatility, cost-effectiveness, abundance, and
local availability, are indispensable components in modern societies, playing a fundamental
role in various construction applications. However, despite their ubiquity, the prevalent
technologies associated with their production contribute significantly to carbon dioxide (COy)
emissions, accounting for 8% of total per capita emissions. Most of the emissions, up to 60%,
are intrinsic to the material.? The raw minerals, mainly clays and limestone, are melted at
high temperatures to form the clinker phases: calcium silicate and aluminate phases, which
mixed with other components such as gypsum and additives, form the cement. During
melting, the calcination of limestone (CaCOj3) releases a considerable amount of CO,, which
is unavoidable.® Therefore, the strategies for cement’s environmental impact reduction are
based on Carbon Capture and Utilization or a reduction of the clinker in cement through
the use of Supplementary Cementitious Materials. But there is a third alternative that
researchers have long pursued: the so-called belite cements.*

Belite cements (BCs) are, as the name indicates, cements in which the main component
is dicalcium silicate (also known as belite or C,S in cement chemistry notation), in contrast
to Ordinary Portland Cement (OPC) in which tricalcium silicate or alite predominates. Due
to its lower Ca content, BCs require less limestone, reducing by up to 1/3 the OPC CO,
emissions upon calcination. Furthermore, the sintering temperature is lower, also reducing
fuel consumption. The resulting cement paste after BC hydration is equal to or even out-

performs OPC pastes in terms of durability and mechanical properties.®% However, BCs are
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unpractical for most industrial applications due to the low dissolution rate of belite. There-
fore, a practical transition from OPC to BC requires an acceleration of belite dissolution,
often called activation.

Dicalcium silicate, CaySiO,4, can be found in nature as an orthosilicate called larnite, the
Ca end member of the olivine mineral group. In cement chemistry, this stable polymorph
is denoted as 7, and it is not desirable due to its low hydraulic activity. Four additional
polymorphs are found during clinker production, named 3, «, o, and o/y. The § form is
predominant in cement, stabilized by the presence of guest ions in the structure, mainly Mg.”
A partial activation of belite has been achieved by chemical and mechanical means, as well
as by the use of additives.®® Besides these strategies, a new polymorph denoted as X has
been recently obtained by thermal decomposition of a hydrated calcium silicate a-CySH.?
The X polymorph is obtained together with a considerable amount of amorphous phase, and
the mixture is reported to hydrate faster than the conventional 3 and o forms.!? Large-scale
production of amorphous and X-belite is currently impractical, although laboratory-scale
synthesis is feasible.

The discovery of the X polymorph motivates the current work: could other metastable
and highly reactive polymorphs of belite exist? To answer this question, we have used
Evolutionary Algorithms (EA) to explore the configurational space of dicalcium silicate and
search for unreported belite polymorphs. Performing an exhaustive search using EA requires
thousands of Density Functional Theory (DFT) simulations, which can be prohibitive due
to their high computational cost. The recent outburst of machine learning atomic poten-
tials'12 (MLPs) provides a new alternative, enabling simulations with DFT precision at a
significantly reduced computational cost. However, training a MLP demands, in turn, a sub-
stantial number of DFT calculations to build the database. To break the deadlock, we have

used the transfer learning (TL) methodology, 134

which involves pre-training the models on
low-quality data before training on the DFT data to enhance the performance of machine

learning potentials. In practice, the re-training on the smaller set of high-quality data can be
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accomplished by either fine-tuning all the parameters or keeping some of the layers frozen.
Transfer learning is a valuable tool in computational materials science for predicting var-
ious properties, where models pre-trained on different levels of computational data are used
to improve performance when only a few data points are available.® !5 In particular, in the
field of machine learning potentials, a common approach involves fine-tuning Density Func-

16,17

tional Theory models to achieve post-Hartree-Fock accuracy, mainly by training on the

difference between the two methods (commonly known as A-learning).'® Although transfer
learning models are typically used to achieve coupled cluster accuracy from DFT,' 2! some
research has been conducted to reduce the amount of DFT data required by pre-training on
more primitive DFT approximations.?? Nevertheless, to the best of our knowledge, none of
the published works demonstrate the feasibility of transferring the physical knowledge from
classical potentials to ab initio quantum methods. Even low-quality data based on empirical
potentials contains significant, even if not very accurate, physical information about the sys-
tems at the atomic scale that can be used to enhance the MLP while minimizing the required
amount of data. Thus, our approach involves exploiting the speed of empirical potentials
to thoroughly sample the phase space and pre-train the machine learning models. We then
select a small subset of those configurations to include in the DF'T training database. In this
work, we choose to pre-train the models using the ReaxFF reactive force field,?*?* which is

itself fitted to reproduce ab initio calculations. As for the high-level method, we consider

DFT under the PBE exchange-correlation functional® sufficient for our purpose.

2 Methods

Reference data generation

For each phase in the data set, the same sampling technique was followed, consisting of
different cell deformations and molecular dynamics simulations. First, several MD runs

were performed using the ReaxFF forcefield?® with the Ca/Si/O/H set of parameters from
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Refs. 262" in LAMMPS?® under the NVT ensemble. Various simulations were performed at
different combinations of temperatures (7" = 300K, 600K, 900K) and cell volumes (AV/V =
0.9,1,1.1). A time step of 0.2 fs was used, and snapshots of the trajectory were saved every
500 steps. Second, all the non-symmetric axes were deformed from 10% compression to 10%
expansion, including hydrostatic deformations with a maximum of 10% variation in volume,
and angles were varied from -10° to 10°. The DFT data set was generated by randomly

selecting structures from the ReaxFF data set, and evaluating their energy and forces.

Density Functional Theory

29,30

DFT calculations were performed using the quantum ESPRESSO software using ON-

2

CVPSP pseudopotentials®! from pseudodojo,?? under the PBE exchange-correlation func-

1,%° and with the empirical dispersion by Grimme.?? The plane wave energy cutoff was

tiona
set to 100 Ry, and calculations were converged to 1076 eV. Geometry optimizations were
converged to 107° eV and 10~4eVA™" for energy and forces, respectively. Taking into ac-
count that systems of very different sizes have been studied, the number of k points was

systematically selected such that the distance between points in the reciprocal space was

about 0.25A "

MLP architecture and training

The machine learning atomic potentials used in this work are based on artificial neural
networks. ''*2 All of them were trained using the senet-PyTorch software,?*3% using all the
energies and 50% of the atomic forces. Chebyshev polynomials were used as descriptors for
the atomic environments, 3¢ with a N,,q = 18 and Nang = 6 order expansion for the radial and
angular basis respectively. The radial cutoff distance was 6.5A, while the angular distance
was 4A. This leads to a fingerprint with 52 components for each atomic environment. The

MLP architecture for all models was 52 — 10 — 10 — 1, with hyperbolic tangent as activation

function. The only exception is the initial toy model of the calcium ion and the silicon
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dioxide molecule, where the architecture was reduced to 40 — 3 — 3 — 1. Transfer learning is
performed by fine-tuning all the parameters of the pre-trained models.

The Supplementary Information contains a detailed analysis of the transferring method-
ology by freezing all combinations of the layers, and a comparison between different network
architecture and descriptor sizes, showing that fine-tuning all layers is the optimal choice in
our case.

Note that for every training data set of each experiment presented throughout this work,
several MLPs have been trained, and the results shown correspond to the average of all

MLPs.

Evolutionary algorithms

The exploration of the dicalcium silicate polymorphs was done using evolutionary algorithms
as implemented in the USPEX code®”3? (version 10.5). For each system size, EA runs were
performed for enough generations until all experimentally known phases were found. Each
structure was relaxed using the senet-LAMMPS interface, 4 first minimizing the energy
using ReaxFF to avoid random structures far from the included in the training data, and

then using MLPs.

Phonon and elastic properties

Phonons were computed under the finite difference approximation to build the dynamical

4243 software was employed to generate the appropriate atomic dis-

matrix. The phonopy
placements for each crystal structure, to build the dynamical matrix, and to compute the
force constants and phonon dispersion along the high-symmetry path of the corresponding
space group. The atomic displacements were set to 0.1A, and supercells of at least 13A
(twice the cutoff distance of the descriptors) along each crystallographic axis were used in

order to guarantee convergence.

The elastic tensor of all the structures was computed fitting the stress-strain relationship
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o; = C,j¢;. Each crystal parameter (cell-vector lengths and angles) was deformed indepen-
dently 10 times, with a deformation in a range €y € (—0.01,0.01). The elastic properties are
computed under the Hill scheme. The forces and stress tensors for each of the structures

were evaluated using the LAMMPS interface of aenet.

Annealing and amorphous dicalcium silicate

All MLP-based molecular dynamics simulations were performed with the senet-LAMMPS
interface. 4! The annealing to refine the polymorphs was performed under the NPT ensem-
ble with a time step of 0.5 fs, both heating from 0 K to 400 K and cooling back at a rate of
2102 Ks™1.

The amorphous dicalcium silicate models were generated by heating a 4 x 2 x 4 supercell
of v-C5S up to 2000 K. The three different amorphous models were obtained by cooling the
heated structure at three rates: 2-10'2, 210, and 2 - 10 Ks™!. In all three cases, the
time step was lowered to 0.1 fs to ensure the stability of the high-temperature molecular

dynamics.

3 Results and discussion

Our results are organized as follows: first, the advantages of transfer learning are qualitatively
introduced with a simple toy model. Second, we consider a more complex and realistic
dataset to train a MLP for dicalcium silicates, while quantifying the benefits of the transfer
learning approach. Finally, we use the trained MLP to explore the polymorphism of dicalcium

silicates.

A simple transfer learning model

Let us first consider a simplified scenario to illustrate the capabilities of the transfer learning

methodology: a system formed by a calcium ion and a silicon dioxide molecule, with the Si
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and Ca atoms fixed at a distance of 5A. We will explore the potential energy surface (PES)
of the system as a function of the distance ds;. o from the silicon atom to a mobile oxygen,
which breaks its bond to move toward the calcium atom. Sampling that PES using ReaxFF
and DFT yields two similar landscapes, with two possible bound states for the oxygen and an
energy barrier for the oxygen transfer. According to DF'T, being bonded to the calcium ion
is the lowest-energy configuration, while ReaxFF predicts the Si-O bond to be more stable,

as shown in Figure 1 (a).

——. DFT data ReaxFF data MLP-direct = MLP-transfer e DFT training data
(a) ! (b) Direct: 141 meV (c) Direct: 67 meVv (d) Direct: 10meV
1 Transfer: 94 meV | Transfer: 43 meV 1| | Transfer: 6 meV |
1 1 _-164 41 ] g
1 > | 1 I
\ [ . J\ I 1 J
\ | 1814 11 11 14
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BTN I & i \ ‘ / } )4
| V4 \\ / =201 % T \) 1 8 4
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Figure 1: Simple transfer learning model. (a) Potential energy surface of the calcium
ion and the silicon dioxide molecule computed with ReaxFF (grey dashed lines) and DFT
(green dashed lines) as a function of the Si-O distance. The rest of the figure shows machine-
learned potential energy surface for both direct learning (orange lines) and transfer learning
(blue lines), for different distributions of DFT training data (green dots). The mean absolute
error of the energy of both transfer and direct learning is displayed in each case.

We evaluate the advantage of the TL strategy in three scenarios with different distribu-
tions of the DFT training data. Two independent models are trained for each of them: one
trained on all the ReaxFF data and subsequently re-trained on the selected DFT data points
(MLP-transfer), and the second trained exclusively on that DFT data (MLP-direct).

First, we focus on a scenario where one of the bound states is correctly sampled by DFT
(i.e. the Si-O bound state) while no DFT training data about the second state is included,
see Figure 1(b). In this case, the direct training leads to an incorrect representation of the
Ca-O region, even predicting an unphysical PES. On the contrary, the transferred model
does predict a bound state resembling that of the ReaxFF data. Second, we explore the case

where the DFT training points cover both regions of the PES but they are sparse (with only
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3 points-A_l). In this case, both the direct and transfer learning protocols give a reasonable
answer, but the transfer learning results are clearly smoother and the error with respect
to the DFT data is considerably lower, see Figure 1(c). By increasing the DFT training
configurations to 30 points-A ™" [Figure 1(d)], both direct and transfer models yield similar
results, but the error on the validation set is still lower for TL.

Overall, this simple model illustrates the ability of TL to reach accurate predictive capa-
bility with a reduced DFT dataset by employing empirical potentials to pre-train the MLP,

and even predict energies for unsampled areas of the phase-space.

Transfer Learning MLP for dicalcium silicates

We now focus on the construction of a large dataset to train the MLP for dicalcium silicates,
containing the 12 polymorphs available in Materials Project** as of December 2022, includ-
ing experimental and theoretical phases. To pre-train the model, we sample a total of 10000
configurations using ReaxFF, by performing molecular dynamics simulations for each poly-
morph under different conditions and deforming the equilibrium cell along all independent
crystallographic axes, as detailed in the Methods section. The DFT dataset is built from
this data, by randomly selecting structures to be evaluated by DFT.

First, we study the impact of the transfer learning protocol on a realistic system like this.
We consider several subsets of the database with an increasing amount of data and train
models within both MLP-direct and MLP-transfer approaches. Figures 2(a) and (c¢) show
the mean absolute error (MAE) of the energy and force as a function of the amount of DFT
training data. Very interestingly, the transferred model outperforms its direct counterpart
for any given amount of training data. The improvement (shown in the lower panels) is
most significant with only a few hundred DFT data available for training, reaching up to
a 40% reduction in both energy and force errors. With approximately 2000 DFT training
data (half the total available set), the transfer learning model already reaches the same level

of accuracy as the model trained directly on the full data set. Additionally, the model pre-
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Figure 2: Transfer learning results for dicalcium silicates. (a) Energy error of transfer
(blue) and direct learning (orange), as a function of the amount of DFT data used for training.
The bottom panel shows the decrease of the error due to transfer learning. (b) Energy of
a test set of 700 structures evaluated using transfer and direct learning and ReaxFF (grey),
compared to the DFT value. (c)-(d) Same as the previous figure, in the case for the error
of the forces. (e) Phonon dispersion of y-belite computed using DFT (black), MLP-direct
(orange) and MLP-transfer (blue). (f) Elastic tensor for the same polymorph. The color
indicates the deviation with respect to the DFT value.

trained on ReaxFF data and trained on the full DFT data set is about 10% more accurate
than the best-performing MLP-direct model.

Let us further characterize the performance of the transferred and direct MLPs trained
on all the DFT data. Figures 2 (b) and (d) display the correlation of energy and forces
with the actual DFT calculations, for both machine learning approaches and for the ReaxFF
potential used for pre-training. Both MLP models outperform the ReaxFF potential and
demonstrate high accuracy, resulting in a nearly perfect correlation with the DFT data.
However, the MLP-transfer is still more accurate than the MLP-direct, by approximately
1 meV/atom in energies and 0.05 VA" in forces, as quantified in Figure 2 (a) and (c).

This is a clear indication of the capabilities of the transfer learning enhanced MLPs and

10
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their suitability for the exploration of the C,S phase space at a similar computational cost
to empirical potentials. A simple efficiency check with a supercell of 4 x 2 x 4 of y-belite
containing 896 atoms shows that the MLP is as fast as ReaxFF for 4 cores, but it scales
better and is twice as fast for 32 cores, as shown in the Supplementary Information.

Finally, we explore the ability of our models to describe magnitudes related to higher-
order derivatives of the PES, in particular, phonons [Figure 2(e)] and elastic properties
[Figure 2(f)], which are of paramount importance for the discussion of our main results
in the subsequent sections. As an illustrative example, we compute those magnitudes for
the most stable belite polymorph, =, within both training approaches, and compare the
results to DF'T calculations. The phonon dispersion curves are closer to DF'T within the TL
approach (blue lower panel) than directly training (orange upper panel). This is particularly
noticeable for the optical modes, but it is also significant for acoustic modes. Moreover, the
TL model excels at describing the phonon dispersion near the selected high symmetry points.
Regarding the elastic tensor, direct MLPs are relatively accurate, within a 15% deviation
from the DFT reference values. Additionally, the TL model further reduces the error in all
the elastic constants, with a mean absolute error of 8.9 GPa on the elastic tensor, compared
to the original 13.4 GPa of the direct model.

Thus, the TL approach improves the prediction of the PES and its first and second-order
derivatives over directly training on all the available data. The Supplementary Information
includes results from a similar study where only some phases are undersampled in the train-
ing data, demonstrating that our transfer learning approach also improves the performance
in such scenarios. This is also interesting for the exploration of the phase space using evolu-
tionary algorithms, where many atomic arrangements not included in the database are likely
to be encountered. Hence, pre-training the MLPs in a ReaxFF dataset as diverse as possible
will enhance the predictive power of the resulting potentials.

Therefore, to further improve the flexibility of the MLP on those high-energy regions of

the energy landscape, we incorporated several new structures into the previous training set:
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several polymorphs of silicon dioxide (SiO,), calcium oxide (CaO), calcium silicates (CS),
and tricalcium silicates (C3S), as well as 1000 data points taken from a preliminary DFT-
EA run to account for pseudorandom and high-energy conformations. Finally, to prevent
the system from collapsing if the interatomic distances are too small, we included dimers for
each pair of chemical elements in the system. The distance was reduced until repulsive forces
exceeded 20 eVA ™' and expanded up to 4A. The final ReaxFF training database comprises
20000 structures, while the DFT database is a subset of 8000 data points, as detailed in the
S.I. Given the previous performance analysis, all the subsequent results are computed only

with the MLP generated by the TL approach.

Belite polymorph search and computational screening

Formula units

2 346 81012 .
(a)

1518

e IR ¥ 5 6.
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Structure number

Figure 3: Sketch-map of the generated structures. (a) Energy of the found structures
for all the considered numbers of formula units. (b) Sketch-map of the lowest-energy 5000
structures. Each point represents one of the structures, and the distance between them rep-
resents their structural similarity, i.e., the closer the points, the more similar the structures.
(c) - (f) Several structural and mechanical properties represented using the same sketch-
map: density (p), average coordination number of calcium (Cacy), percentage of oxygen
atoms bonded to more than one silicon atom (Si-O-Si), and bulk modulus (K).

To discover new metastable polymorphs of belite, we conducted several independent EA
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searches for different system sizes, ranging from 2 to 12 formula units per cell, at least until
the experimental phases are found. This led to about 18000 potential structures, as displayed
in Figure 3(a). Additional information regarding the number of structures for each size can
be found in the Supplementary Information.

As shown in Figure 3(a), most of the generated structures have an energy considerably
above the range of the experimental structures, delimited by the energy of the o polymorph,
indicated by a red line. Considering the large amount of structures generated, we focus on
the 5000 with the lowest energy, which are more likely to contain metastable phases. For
these phases, we calculated their structural dissimilarities as detailed in the Supplementary
Material. We then reduced their dimensionality using a sketch-map,?5%% leading to the
representation displayed in Figures 3(b)-(f). Each point of the figure represents one structure,
and the distance between points indicates the similarity between structures: the closer two
points are, the more similar the structures are. Over the maps in Figures 3(b)-(f), we
projected several structural properties and elastic properties obtained from the elastic tensor.
The low-energy structures generally exhibit high density and high bulk modulus values. In
particular, all the structures with a density above 2.86 gem ™3, the lowest experimental density
corresponding to X-C,S, have energies below the higher energy experimental polymorph a-
belite. The calcium coordination number (Cacy) distribution is centered at 6. Structures
with Cacn below 5.5 are generally high-energy phases, while higher Cacy are more favorable.
Finally, most of the low-energy polymorphs are orthosilicates, i.e. they have isolated silicate
monomers, like the already known experimental phases.

The number of structures found in our initial search is too large, so we devise a compu-

tational screening procedure to systematically filter the unique and most stable polymorphs.

e In the first step, we identified duplicate structures and superstructures, by examining
the structures with matching energies, densities, and space groups. Furthermore, the
dissimilarity analysis described in the previous section was used to discard phases with

a structural distance lower than 0.05. At this step, we identified 3000 unique structures.
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285 e A large number of structures were still considerably above the highest energy of the

286 known experimental polymorphs. To narrow down the searching space, we discarded all
287 the phases with cohesive energy 7.5% over the energy of the highest-energy experimen-
288 tal phase, i.e. «, reducing the number of polymorphs to 215. The phonon dispersion
289 was computed for each of them along the high-symmetry path corresponding to their
200 crystal symmetry, rejecting any phase displaying imaginary modes. Although these
201 phases may give rise to lower energy structures after undergoing phase transitions, we
202 did not explore such possibilities due to the complexity of the problem. Instead, we as-
203 sume that the initial set of 18000 structures already includes any of those lower-energy
204 structures. This leaves 70 dynamically stable phases.

205 e Finally, an annealing process was performed, which involved increasing the temperature
296 up to 400K and then cooling it down to 0K, followed by a geometry optimization.
207 Since MD simulations might break the crystal symmetry, a lousy symmetry check was
208 performed to identify the symmetry group using the ASE interface of Spglib.4"4® The
299 process concludes with one last structure optimization with fixed symmetry. After this
300 refinement, the structural dissimilarity analysis was performed again, removing similar
301 and identical structures.

302 After the computational screening, only 12 possible candidates remain from the initial

53 18000 structures. All the candidates are orthosilicates with IV-coordinated silicon, consistent
s0 with the experimental phases. It is worth noting that two structures (S and Sj) present
305 only translational symmetry (P1 space group) and have large unit cells; therefore, we argue
206 that they could be classified as glasses. These structures were generated in the EA stage and
57 survived the annealing stage and the stability checks. Furthermore, none of the candidate
w08 structures were included in the Materials Projects database and therefore were not part
w00 Of the training set. As a matter of fact, all non-experimental phases in the training set
s have energies above the o phase and all of the polymorphs found by EA, except for the Sio

su  phase. However, this phase has already been discarded. For instance, the energy of the next
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polymorph with the highest energy (S;;) predicted by the MLP is 0.64 eV /f.u. above 7,
while the remaining non-experimental phases in the database are approximately 0.7 eV /f.u.

above that reference.

Reactivity analysis of the C,S candidates
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Figure 4: Reactivity analysis of the candidates. (a) Several properties computed for
the known polymorphs and the three generated glassy structures: energy per formula unit
(E), density (p), averaged coordination number for calcium (Cacy), average Ca-O distance
to fulfill the Ca coordination shell (dca.o (vi)) , bulk modulus (K), shear modulus (G) and
Young’s modulus (Y). The color ranges from the minimum to the maximum value of each
magnitude, and the polymorphs are ordered from least to most reactive. (b) Energy, average
Ca-O distance of the Ca coordination shell and bulk modulus of all the candidates. (c)
Selected candidates with the potential to display high reactivity.

The final aim of this work is to find potential C,S polymorphs with high dissolution
rates, and for that, we need an atomic scale reactivity indicator. Unfortunately, a quantita-
tive prediction of mineral dissolution rates based on atomistic simulations is a complicated

task. Electronic structure calculations are suitable for surface chemisorption reactions, for
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example, to predict the catalytic properties of materials.**?° However, they are less appro-
priate to predict dissolution, as the individual water chemisorption at the mineral surface do
not correlate with the dissolution rates. For instance, it has been shown that the water dis-
sociation reaction in y-C,S can be barrier-less despite being the polymorph with the lowest
dissolution rate. In contrast, water dissociation at the fast-dissolving 3-Cs,S surface presents
energy barriers between 2.5 and 47.2 kJ mol™!. Furthermore, electronic properties are not
accessible to the MLP, so we need a structure or energy-based descriptor.®!

A key factor that determines mineral dissolution rates is the ligand-cation exchange abil-
ity.52% There is a clear correlation between the dissolution rates of oxides, orthosilicates,
and carbonates, with the water exchange rate of the forming cation in solution.®?%* We as-
sume that the ligand-cation exchange mechanism applies to phases with the same cation,
and the exchange tendency is related to how strongly bonded is the cation in the structure,
reflected in factors such as coordination and flexibility. To find correlations we plotted in
Figure 4 (a) the binding energy and several structural and elastic properties of the experi-
mental polymorphs in increasing order of hydraulic reactivity. Unfortunately, there are no
quantitative sample-independent values for the dissolution rate of these polymorphs, but it
is well-known that they follow the order (from least to most reactive) v < 8 < «.% More-
over, the high dissolution rate of X-C,S samples has been suggested to correspond actually
to an amorphous coexisting phase. Therefore, three amorphous dicalcium silicate models
have been constructed from MD simulations by heating a ~-C,S supercell to 700K and rapid
cooling at different cooling rates (see Methods for details). These models are denoted as G1,
G2 and G3, from lowest to highest cooling rate. The final expected order for the dissolution
rate is 7 < 0 < a < X < G3 < G2 < G1, with uncertainty about the actual ranking of the
X phase.

Figure 4 (a) shows that there is a correlation between the cohesive energy and the re-
activity: the more energetically stable the polymorph is, the less reactive they are. The X

phase is an exception to the trend, but it has already been discussed that its reactivity may
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not have been properly quantified. In fact, all three amorphous models have higher energy
than the rest of the polymorphs. Nevertheless, the X phase correlates with the remaining
properties, while the v phase, undoubtedly the least reactive phase, breaks the trends in
density. For all the other phases a lower density, higher Ca-O distance to fulfill the Ca
coordination shell dc,(vry, lower Cacy, and lower elastic properties correlate with a higher
reactivity. It is interesting to note that the amorphous structures ranked as a function of
the cooling rate follow the correlations, which suggests that amorphous C,S could be indeed
responsible for the high dissolution rate in samples with X-C,S.

Considering the previous trends, we propose three magnitudes as potential reactivity
descriptors of the dicalcium silicates: the cohesive energy, the Ca-O distance (dcaevr)), and
the bulk modulus (K). Figure 4 (b) ranks the 12 new polymorphs according to these three
reactivity indicators. In theory, the phases located at the right end (high energy, high dcaevr),
and low K) should be the most reactive polymorphs, and the objective of our search. Despite
being in the range of interest, we will not consider the S5 and S;5 because they are amorphous
systems as mentioned before, and therefore it is natural that they lie close to the amorphous
models. Out of the remaining candidates, the S; structure shows the most promise. It has
the lowest bulk modulus among the crystalline structures, half the value of y-C,S, and the
largest dca(vr). The S7 is a layered structure, with CaO forming a central sheet and silicate
groups at both sides with three of their four oxygen atoms coordinated to the CaO central
sheet. The interlayer space contains a Ca atom that links consecutive layers. The Sy is
a similar layered structure, without Ca in the interlayer space. Its energy is in the upper
range, only surpassed by the amorphous structures. However, its overall potential is limited
due to low values of other indicators. Other possible candidates that may display higher
reactivity than the known phases include Sy, a bulk phase with a monoclinic axis, which

also exhibits high energy and low bulk modulus.
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4 Conclusions

In this work, we have introduced a hitherto unexplored approach to efficiently generating
accurate MLPs based on transfer learning (TL) from the ReaxFF reactive force field to
DFT. Previous attempts to reuse a lower-quality training set to reduce the amount of high-
quality data were limited to using quantum methods as both low- and high-quality data.
The present study demonstrates that TL from a classical force fields to DFT is both feasible
and effective. In particular, we find that building the MLPs from models pre-trained on
ReaxFF data can boost their accuracy from 10% to 40% in both energy and forces. Very
importantly, the generation of the data for pre-training is virtually free of computational cost,
and the methodology has no drawback: the TL-enhanced MLPs outperform those trained
exclusively on DFT data in every tested scenario. In addition, MLPs pre-trained on large
datasets made by empirical potentials can cover larger regions of the configurational space,
providing flexibility and generality to the potential.

The TL methodology has been applied to build a MLP for calcium silicates. First,
the MLPs were pre-trained on a dataset of 20000 ReaxFF configurations, followed by a
refinement on 8000 DFT data points. The resulting MLP can successfully reproduce the
DFT energies and forces with a mean absolute error of 4.8 meV/atom and 0.25 VAT
respectively, as well as phonon spectra and elastic properties of calcium silicate crystals.
This potential has been used to search for new dicalcium silicate polymorphs, aiming to
find new (and hopefully highly reactive) belite phases. The combination of the DFT-like
accuracy with the efficiency of classical potentials permits to examine and sieve thousands
of polymorphs. In particular, we generated 18000 structures using EA, which were filtered
using a computational screening protocol to discard duplicates, supercells, and dynamically
unstable structures according to their phonon spectra and annealing at 400K. From the
initial 18000, we identified 10 new crystalline C,S polymorphs that are potentially stable.
Based on our mechanical and structural descriptors of reactivity, a layered structure, denoted

as 57 in this work, is particularly promising for displaying higher hydraulic activity than the
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currently known belite phases.

The next step will be to investigate the hydration of these structures by performing
molecular dynamics simulations at the crystal /water interfaces. If the proposed polymorphs
are indeed highly reactive phases, it will be essential to test their thermodynamic stabiliza-
tion by guest ions, in order to guide the synthesis and eventual production of highly reactive
belitic cements. To conduct these studies, the computational work should focus on exploiting

the presented TL methodology to include large and complex systems beyond the DFT ca-

5 56

pabilities. This could include belite/water interfaces,* complexes and clusters in solution,
an extension of the MLP to new chemical species etc., allowing quantitative studies of the

C,S reactivity and stability.
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