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Crystal nucleation is relevant across the domains of fundamental
and applied sciences. However, in many cases its mechanism re-
mains unclear due to a lack of temporal or spatial resolution. To gain
insights to the molecular details of nucleation, some form of molec-
ular dynamics simulations is typically performed; these simulations,
in turn, are limited by their ability to run long enough to sample the
nucleation event thoroughly. To overcome the timescale limits in typ-
ical molecular dynamics simulations in a manner free of prior human
bias, here we employ the machine learning augmented molecular
dynamics framework “Reweighted Autoencoded Variational Bayes
for enhanced sampling (RAVE)". We study two molecular systems,
urea and glycine in explicit all-atom water, due to their enrichment
in polymorphic structures and common utility in commercial appli-
cations. From our simulations, we observe multiple back-and-forth
liquid-solid transitions of different polymorphs and from these tra-
jectories calculate the polymorph stability relative to the dissolved
liquid state. We further observe that the obtained reaction coordi-
nates and transitions are highly non-classical.
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Introduction

Although traditionally viewed through the lens of classical
nucleation theory (CNT) (1), which postulates the only impor-
tant variable for describing nucleation and subsequent crystal
growth is the size of the nascent crystal (2), more recent stud-
ies of nucleation for a number of physical systems under a
variety of conditions via high-resolution experiments (3-6) and
molecular dynamics (MD) simulations (2, 7-17) have shown
that CNT alone is not sufficient for an accurate description
of the mechanism of crystal formation, which often involves
multiple, competing pathways (3, 18, 19). Thus it is of interest
to discover other important variables besides or in addition to
the size of the nucleus to accurately describe the nucleation
process. One can imagine this situation is especially relevant
for substances such as H2O or organic molecules possessing
multiple stable, crystalline structures or polymorphs, where
both the lattice structure as well as crystal size are important
in distinguishing the solid and the liquid states from each
other.

From an experimental perspective, nucleation is a ubiqui-
tous phenomenon, but the microscopic processes driving the
nucleation event typically occur over time- and lengthscales
that are, generally speaking, below the resolution of current
physical apparatuses (3, 4). Thus, applying a combination of
theory and simulation to describe the microscopic nature of
nucleation is required to gain a detailed understanding of the
molecular nature of the nucleation process and build a bridge
to the time- and lengthscales accessible by computational and
experimental approaches.

Even with supercomputers capable of simulating hundreds
of microseconds per day (20), the timescale for sampling most
nucleation processes, occurring on the timescale of seconds,
still remains out-of-reach. Since nucleation is a rare event from
the microscopic perspective, nucleation events can generally
only be observed in unbiased simulations under conditions
of heavy supersaturation or by applying an external driving
force. Thus, finding excellent reaction coordinates (RCs) along
which the system can be biased to accelerate the sampling is
still very much of importance through a variety of enhanced
sampling methods (21-26). In parallel to the development of
more powerful computing machines and sampling algorithms,
there has also been an explosion in the use of machine learning
(ML) techniques to sift and interpret the results of long simu-
lations (27-34). Neural networks and ML in general have been
implemented to discover good RCs for describing nucleation
in a more automatic manner. These neural network derived
RCs can then be used as the biasing coordinates in different
enhanced sampling methods. In fact, even traditionally RC-
free methods, such as path sampling methods (e.g. forward
flux sampling) have been shown to benefit from a judicious
choice of low-dimensional projections along which to calculate
the flux (35, 36).

In principle, the RC can be directly expressed as a func-
tion of simple variables such as high-dimensional atomic posi-
tions. But, for various computational reasons, generally the
RC is expressed as a linear or non-linear function of lower-
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dimensional order parameters (OPs), which are able to distin-
guish metastable states. These OPs themselves are generally
a priori designed functions of the atomic positions. Approx-
imating the true RC with smoothly differentiable functions
of the OPs has become one of the main aspects of studying
crystal nucleation using enhanced sampling approaches such
as well-tempered metadynamics (WTmetaD) (37), which is
our interest in this work, but also more generally for other
sampling approaches (13, 14, 34, 38-55).

In this manuscript, we utilize a neural network framework
termed the state predictive information bottleneck (SPIB)
(56, 57) to extract a two-dimensional RC for describing the
nucleation of different polymorphs of urea and glycine from
solution. SPIB is a variant of RAVE that discovers a set
of low-dimensional RCs capable of faithfully predicting the
metastable states given the input OPs, which can then be
biased in enhanced sampling simulations (57). The input OPs
originate from a library of candidate OPs and are system
specific (56, 57). For the nucleation processes studied here,
the OPs are derived from a set reporting on the global and
local molecular orientations and packing of the nucleating
species, e.g. coordination numbers (14, 58), radial distribu-
tion functions (59, 60) and Steinhardt bond OPs (61), inter
alia. We describe SPIB in more detail in State Predictive
Information Bottleneck.

We find that biasing MD simulations of urea and glycine in
water using the RCs discovered by SPIB allows for a sufficient
enhancement of the sampling such that multiple back-and-forth
liquid to solvated crystal polymorph transitions are observed
over practical compute times on high-performance resources.
Furthermore, through the use of a linear architecture during
the encoding of the RCs, we are able to directly interpret
the RCs discovered. Finally, by reweighting these biased
simulations (62) the relative stability among the solvated
crystalline phases sampled is ranked for both urea and glycine,
and these rankings are compared with previous, related studies.

Discovering and Biasing Reaction Coordinates for Nu-
cleation

Order parameters for nucleation. As mentioned in the Intro-
duction, in this work as well as in work by others (13, 14, 38—
51), it is common to build the reaction coordinate as a func-
tion of OPs that collectively distinguish among competing
metastable states, which has led to the development of several
rich OPs for the study of nucleation and phase transitions in
general:

1. Coordination numbers and associated moments: As intro-
duced above, CNT is based on the size of the nucleus, and
the formation of such crystal nuclei is closely related to the
formation of a denser phase. A continuous and differen-
tiable coordination number of any molecule ¢ can be defined
as:

where r. is a radial cutoff and r;; denotes the distance
between reference sites for two molecules 7 and j. When
averaged over all molecules in the system, the coordination
number can serve as an approximation to the true reaction
coordinate in the study of gas-liquid transitions (14, 63, 64).

Inspired by this definition, in this manuscript we specifically
consider two sets of populations of molecules, with coor-
dination numbers greater than 8 and 11, denoted as Ng+,
Nyq+, respectively. We also consider the second moment of
all coordination numbers as an OP, denoted p2 (14, 58, 63).
However, such coordination number based descriptors are
not sufficient to describe the reaction coordinate in events
like nucleation from the melt and polymorphism in molec-
ular systems because nucleation is accompanied with the
appearance of a space group. Therefore, in addition to the
OPs Ng+, Ny;+ and p2 derived from coordination number,
we include other OPs into the dictionary, as introduced
next.

. Steinhardt bond OPs: These OPs, originally introduced

in Ref. 61, have been used to distinguish Lennard-Jones
solids (65-71) and have been extended to the study of ice
polymorphs (72-76). They map a given local environment
onto specific degrees of spherical harmonics (61), defined
through :
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qum (1) =

where Yim is the 1" order of spherical harmonics and
m ranges from —[ to [. As these bond OPs refer to dis-
tributions as superpositions of perfect crystalline struc-
ture, reliable results have been acquired in classifying face-
centered-cubic (fcc), body-centered-cubic (bee), hexagonal-
close-packed (hcp) and liquid-like structures (65). Here, we
add qu, g from Ref. 61 corresponding to the average values
of the fourth and sixth orders of spherical harmonics to
our OP library. However, as pointed out by Dellago and
Lechner (77) thermal fluctuations may destroy the ability
in phase identification and, as such, the variants of original
bond OPs have been developed for better differentiating
ability at the expense of a higher computational cost; these
are omitted here.

. Interfacial water: The contribution of solvent molecules

can hardly be neglected when studying the nucleation of
solvated systems (15). Here we introduce a new OP mea-
suring approximately the population of interfacial waters
or more generally solvent molecules surrounding solid-like
solute molecules by using tunable distance cutoffs. This
variable is defined as

Ng = Z %g(i)csolvent (Z) [3}

where
E(Z) = tanh(csolute(i) - Co) + 1 [4}

Here 7 denotes a sum over solute molecules and ¢, is a
tunable parameter for the determination of solid-like ag-
gregates which is set to be 5.0 for all systems in this work
(58). Effectively, the OP in Eq. 3 is a product of two
smoothened Heaviside functions: £(i) only counts solute
clusters larger than the threshold co, and cseivent(2) is a
coordination number between such selected solute atoms
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Fig. 1. Visualization of the feature vectors and corresponding intermolecular angles
61 and 05 for (a) urea and (b) glycine molecules. The feature vectors shown here
are the vectors connecting C-O and N-N for urea, and C-N and C,-H,, for glycine.
Different atom types are indicated with different colors, specifically carbons in cyan,
oxygens in red, nitrogens in blue, and hydrogens in white. Snapshots are rendered
using Visual Molecular Dynamics (VMD) (79).

and the solvent, as given in Eq. 1. Thus, N is large when
two conditions are simultaneously satisfied: when the solute
cluster is sufficiently large and also well-coordinated with
solvent. If either one of these conditions is not satisfied, N,
is small. Thus, large values of N, indicate cluster formation
and low values indicate a liquid state or the presence of
small, solvent-separated clusters.

4. Awveraged intermolecular angles and associated moments:
The estimation of the size of solid-like aggregates and their
solvation states is useful and intuitive for the study of molec-
ular systems in different environments (14, 63, 64), but
nucleation mechanisms can easily consist of non-classical
behavior and polymorphs such that solely distance based
OPs fail in categorizing them. In the spirit of Steinhardt
bond OPs (61) and environment similarity OPs (78), we
introduce a set of OPs which account for the orientation of
molecular feature vectors of solutes to help better discrimi-
nate polymorphs. For any molecule i, we define:

o (ri;) 5 [(m — 20) tanh(50 — 9.25) +
e(i):ZJ( )all Z.)a(n]-)( )+ 7] 5]

where 6 is the angle formed between characteristic vector
on molecule 7 and molecule j as illustrated in Fig. 1, and
o is a switching function of intermolecular distance. The
hyperbolic tangent switching function is applied to remove
the mirror image symmetry (see SI for detailed explana-
tion). We then compute the mean of angular distribution
functions, denoted as 01 and 0y where 1 and 2 denote the
two intramolecular vectors specified for crystalline configu-
ration identification (see Fig. 1 (a) and (b) for definitions
of selected vectors for urea and glycine molecules, respec-
tively). In addition to these OPs, we also consider in our
OP dictionary the second moments ,ugl and ;LZQ of the
collection of 0 values defined through Eq. 5.

5. Pair entropy: In Ref. 59 Piaggi and co-workers introduced
an OP which approximates radial and orientational en-
tropies from radial different distribution functions. This
OP is formulated as:

S(r) = —ZWP’CB/ [g(r) Ing(r) — g(r) + 1rdr [6]

where g(r) is the radial distribution function, p is the
density, and kp is Boltzmann’s constant. This OP was
introduced in order to account for the possible entropy-
favored crystalline structures (60). An advanced version of
this OP is developed in Ref. 60. This pair orientational
entropy OP, denoted S(r,0), depends on both the inter-
molecular distance and the relative angle 6 between a given
intramolecular vector equivalently defined for each solute
molecule in the simulation:

S(r,0) = —ﬁpkB/ / [g(r,0)Ing(r,0) — g(r,0) + 1]
x 12 sin(6)drd6 [7]

It was found (60) that such an approximation to the entropy
is useful for distinguishing polymorphs in simulations of
urea and naphthalene, and a variant of Eq. 7 is used in (55)
to successfully discover and distinguish polymorphs of 1:1
mixtures of resorcinol and urea. Since Eq. 7 only accounts
for a single angle, and not the three angles necessary to
specify exactly the relative orientation between molecules,
this expansion of the entropy, though useful, is necessarily
approximate, as are the other OPs previously described in
this section.

While individually these different OPs might have limita-
tions, they can supplement each other and provide a palette
through which the complex molecular processes governing nu-
cleation can be described. It is by combining them through the
State Predictive Information Bottleneck (SPIB) (56) approach
that we construct low-dimensional projections that are much
closer to the true RC than any of the OPs on their own. We
next briefly summarize the SPIB approach, referring to Ref. 56
for further details.

State Predictive Information Bottleneck (SPIB). Given the evi-
dence that CNT is insufficient to accurately describe the nu-
cleation event for a number of chemical systems, for instance
because knowledge of more than just the solute coordination
number OP is required, we need an approach to combine the
different possible OPs to develop a lower-dimensional reaction
coordinate for describing nucleation in urea and glycine.
Here we utilize a machine learning method known as the
state predictive information bottleneck (SPIB) (56, 57, 81),
which takes the form of a variational autoencoder (VAE) (82,
83). SPIB differs from the traditional VAE because instead
of attempting to maximize the model’s ability to re-construct
the input from the low-dimensional latent space, it instead
maximizes the quality of reproducing the population of the
system’s metastable states after a given lagtime 7 in the future.
That is, the SPIB finds the latent space that best reproduces

Table 1. Parameters for WTmetaD

System | w(kJ/mol) o' o1 (RCunit) | o2 (RCunit) | T (K)
Urea 5.0 100 0.2 0.2 300
Glycine 5.0 100 1.15 1.15 300




the metastable state populations at time t 4 7 given the values
of the input OPs at time ¢ (56). This approach allows SPIB to
simultaneously perform dimensionality reduction and accurate
future state prediction by minimizing a loss function that is
inspired by the variational information bottleneck formalism
(56, 84, 85).

Conceptually, this approach is similar to performing a
Markov state model and clustering analysis (86, 87) with
a continuous basis set. In SPIB the number and neighbor-
hood of each metastable state is adjusted on-the-fly during the
training of the model. The final learned model is output once
the neighborhoods spanned by each metastable state have
converged to below a pre-defined threshold that is a tunable
hyperparameter of the model.

Finally, since biased simulations are input to the SPIB,
normally the WTmetaD weights would be used in the analysis
to account for the sampling from a biased distribution (57).
For urea and glycine, we find that the barriers to nucleation
from the liquid state are so large (~100 kJ/mol or more) that
using the metadynamics weights in the analysis effectively
destroys any polymorph minima on the surface, yielding a
single, global minimum corresponding to the liquid state (more
details in the SI). Since SPIB finds the RC describing transi-
tions between metastable minima, the metadynamics weights
must be neglected in this case to find an effective set of RCs
for nucleation.

Estimating free energies with Metadynamics. In order to learn
the SPIB, or the approximate RC, as a combination of different
OPs, we need access to a trajectory that has visited different
possible conformations. Such a trajectory is generated here
through the method Metadynamics, which helps the system
escape free energy minima by periodically depositing Gaussian
kernels as a function of the variable being biased. For the
initial metadynamics runs we bias orientationally informative
OPs such as intermolecular angles 6 and orientational entropies
Sp. After performing SPIB analysis on these runs, we then bias
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along the SPIB-learned RCs in future iterations. In particular,
here WTmetaD is used where kernels are decreased in height
for biasing regions being revisited, thus leading to better
convergence of the free energy surface (37). The WTmetaD
parameters are reported in Table 1. The height of Gaussian
deposition, w, is selected to 2 kT at 300 K and the bias
factor, =, is set to be 100, in order to overcome high energy
barrier associated with nucleation problems (88, 89). The
width of the Gaussian, o, is set to the thermal fluctuation
of corresponding approximate reaction coordinate estimated
from a short (~10 ns) unbiased MD run.

After classifying frames in the biased simulation into either
the liquid state or a particular crystal polymorph, the free
energy difference between two states a and b at temperature
T can be calculated as follows:

AGa%b = Gb — Ga = k:BTlog % [8}
b

where kp is Boltzmann’s constant and P,, P, denote the Boltz-
mann probabilities of states a, b obtained from reweighting
the WTmetaD simulations (62).

Results and Discussion

We performed classical all-atom MD simulations for all systems
using GROMACS version-2022.2 (90) patched with PLUMED
2.6.1 (91, 92) to perform the WTmetaD. Further simulation
details are provided in Materials and Methods. Below we
provide detailed results first for urea followed by glycine.

Urea.

Urea Nucleation. Urea is commonly used as fertilizer and as
nitrogen feedstock for organic synthesis. Due to its industrial
importance, urea has been studied extensively and several
crystalline structures have been synthesized and reported.
These include polymorphs named I (space group: P42;m),
III (P212121), IV (P212:2) and V(Pmen), where polymorph

107 ns 311 ns
Form A Amorphous
A I N
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Fig. 2. Sampling different urea polymorphs with WTmetaD simulations biasing the SPIB-learned 2-dimensional reaction coordinate. (a) shows a representative time series of
OPs (black) and reaction coordinates (red), clearly demonstrating multiple back-and-forth transitions between different phases. Vertical cyan dashed, green dash-dotted, grey
solid, and pink dotted lines indicate representative transitions to form A, amorphous, form I, and form B from initial liquid phase. (b) shows snapshots of structures sampled
during trajectory shown in (a), along with the time (vertical lines in (a)) at which they were observed. Ovito 3.3.5 (80) was the visualization tool used for snapshot generation.



I corresponds to the typical isoform stabilized at ambient
conditions and the rest are high-pressure, high-temperature
products (93-99). Moreover, an ever-enriched dictionary of
polymorphism in urea has been established with computational
methods using classical and quantum approaches (15, 60, 88,
89, 100-103). We adopt the same notations as in Ref. 60,
where two more polymorphs of urea A (Pnma) and B(P1) are
introduced. It remains unknown if these two crystal structures
A and B are artifacts due to use of the generalized Amber
force field (GAFF) (104) or simply experimentally yet to be
observed. Despite the orientational difference in the lattice
cell, hydrogen bonding pattern in both forms A and B (all in
type III) has been shown to be different from experimental
forms (type I and type II) (102, 103).

Chronologically, we start with a preliminary round of well-
tempered metadynamics to facilitate state-to-state transitions
along trial reaction coordinates. For this, we biased the two
averages of the two feature angles (Fig. 1 (a)), 61 and 6, as
they have been considered as OPs in distinguishing crystal
structures of urea from each other (46). Several transitions
to and from the solid states of interest are observed in the
WTmetaD simulations (data not shown) biasing this two-
dimensional coordinate (4 independent runs of 400 ns each,
totalling ~1.5 us) and trained as input data for SPIB along
with other candidate OPs.

Urea Polymorphism. From this preliminary WTmetaD simula-
tion, we performed SPIB to learn a 2-d latent representation
for the reaction coordinate (denoted as z1 and z2) as linear
combinations of OPs discussed in Materials and Methods.
We then perform a second round of WTmetaD biasing along
this SPIB learned 2-d RC consisting of 4 independent runs
of 500 ns each. The time series for different OPs and the
2-d RC components are shown in Fig. 2(a) in black and red,
respectively. This unequivocally shows the presence of nu-
merous back and forth state-to-state transitions (see SI for
detailed sampling efficiency comparison), a hallmark of good
enhanced sampling (105). In particular, three crystal struc-
tures, namely polymorphs I, A, and B, are visited during
simulations. The corresponding snapshots for these from one
are shown in Fig. 2(b) along with that of an amorphous bulk
phase. The evidence for the formation of these polymorphs
can be found in the time series of intermolecular angle OPs
(top left two rows in Fig. 2(a)), as either one or both of these
OPs drop, indicating formation of an ordered phase based on
their definitions. Comparing to the known polymorphs intro-
duced above, structures from experimental products III, IV,
V (97) and zero-temperature prediction C (103) are missing.
It is possible that the former high-pressure structures are less
stable as the existence of mediating solvent molecules, and the
latter isoform, could potentially be unstabilized by addition of
entropic effects under finite temperature. As these solid states
have not been found in previous studies using MD simulations
(88, 100) (except form IV being observed in nucleation from
the melt (59)), we therefore believe there is remaining scope
here for exploration of the configuration space in future studies
from other perspectives such as force-field refinement.

In Fig. 3(a), the reweighted free energy surface along the
two-dimensional latent representation z; and zs is plotted
(62). The states of interest, one liquid and three solid phases,
have been labeled on this surface. However, no minima are
observed corresponding to regions marked as polymorph states
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Fig. 3. (a) Reweighted free energy surface in kd/mol along SPIB-learned reaction
coordinates with landmarks for states of interest (solid states A, |, B, and liquid state
L). (b) Rescaled coefficients for each OP in construction of SPIB-learned RCs. The
coefficients are rescaled with respect to the corresponding fluctuations of components
in WTmetaD simulations (see Materials and Methods for details). The importance of
the urea molecules relative orientation can be seen from the first reaction coordinate
while the second coordinate shows the relevance of clustering. (c) z1-projection onto
(61, B2) space; and d) zo-projection onto (61, 82) space. The markers asterisks
(cyan), triangles (grey), circles (pink) and hexagons (orange) indicate crystalline
structures A, |, B and liquid phase L, respectively.
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of urea, which could be caused by multiple factors. One of the
main reasons suggested is the effect of finite size, which can be
corrected analytically using CNT or increasing the size of the
simulation box (88, 89). However, in this work, we emphasize
the construction of MLL RCs that explore the configuration
space reported in previous studies rather than conveying de-
tailed, more quantitative, investigations on thermodynamic
and kinetic properties, which are left for future studies.

In Fig. 3(b), we provide the coefficients for different OPs, in-
dicating how much they contribute to the RC (see Materials
and Methods for details on calculating these coefficients).
From these bar plots, it can be seen that several OPs are
weighted heavily in the RC, comprising attributes of inter-
molecular angle and coordination number. Referring to the
definition of these two categories of OPs, the coordination num-
ber is a simple but useful OP in the identification of phases,
suggestive of the CNT formalism where only size of the nu-
cleating cluster is sufficient. However Fig. 3(b) clearly shows
that the coordination number in such complicated molecular
systems is not enough for capturing the slow degrees of free-
dom for crystallization. In addition, our RC indicates that the
orientation of feature vectors needs to be taken into account
as these vectors are significant when classifying polymorphic
urea (102).

To support the above rationale, we project the SPIB-learned
RCs 21 and 22 used to bias onto orientational informative OP
space (1, 02) in Fig. 3(c) and (d) respectively. Here it can be
seen that the driving forces behind the two representations
are clearly different. z; specifically enforces the transitions
from initial liquid state (orange hexagon) to states with lower
02 values (which are form A (cyan star) and form B (pink
circle)) and it shows strong correlation to 2 OP itself. On
the other hand, z2 pushes the system away from liquid state
to all potential solid phases.



Comparison with previous studies. For the purpose of accurate
classification of crystal structures for further analyses, the
local crystallinity (SMAC) OPs are used (see SI for full ex-
pressions) (15, 88, 89, 100). In this way, polymorphs can
be screened precisely by properly positioning the centers of
various switching functions. The size of the nucleus can then
be computed using graph theoretic algorithms (106). After
this classification, the free energy corresponding to each phase
can be evaluated, giving the free energy difference between
two arbitrary states a and b at temperature T' as described
in Estimating free energies with Metadynamics. Fig. 4
shows the free energy differences of different forms of solvated,
crystalline urea with respect to the initial solvated liquid phase
obtained after reweighting the biased WTmetaD simulations
(62).

Under the consideration of the existing finite-size effect,
we draw only qualitative analyses on these visited metastable
states in terms of the relative stability of each crystalline
structure in aqueous solution. As can be seen from this figure
(Fig. 4), our simulations suggest that form A is the most
stable polymorph in the given water model, followed by form
I and finally form B. A similar relationship between forms A
and I in aqueous solution has been established and studied
in detail in previous work: whereas a small nucleus favors
crystal structure A, interconversions between A and I occur
when cluster grows larger. In particular, Ref. 88 suggests
a barrierless A-to-I transition occurs as clusters larger than
~50 molecules when applying corrections to leverage finite-
size effect, and Ref. 101 claims such a transition occur at
a cluster size of ~530 molecules associated to a ~125 kT
energy barrier when performing a seeding method by inserting
pre-built crystals into large simulation boxes.

To the best of our knowledge, metastable state B has never
been synthesized in aqueous solution of urea, and its very high
free energy relative to the other forms may explain why such
a structure is difficult to sample. We can explain why we were
able to sample this metastable polymorph in our simulations
and also in Ref. 60. Structurally, form B has a completely
different orientation among other polymorphs in which its
dipole moment in the direction of C-O vector is no longer
parallel or anti-parallel to its neighbors. This is likely a result
of entropic contributions (60). By having entropy-related OPs
in our dictionary of OPs that comprise the RC, we are able to
accelerate the substantial entropic degrees of freedom together
with other more energy dominated modes, and therefore both
enthalpic- and entropic-favored crystalline structures of urea
are formed with enhanced sampling method biasing along
machine learned RC. We then demonstrate the ability of the
SPIB approach on the nucleation of a more complex molecule,
glycine, in aqueous solution.

Glycine.

Glycine Nucleation. Glycine is the simplest amino acid, with its
R-group consisting of a single hydrogen atom (107). Glycine
has multiple physiological functions: it serves as a precursor
to more complex biomolecules such as heme, purines, creatine,
and more complex amino acids; glycine is also an inhibitory
neurotransmitter (108) and is involved in cytoprotection and
immune system function (109). Glycine forms three well-
known polymorphs from solution called the a (space group:
P2y /n), B (P21), and 7 (P31) polymorphs; thermodynamically,

L-A L-l L-»B
Transitions (Liquid — Solid)

Fig. 4. Free energy difference in kd/mol between different solvated polymorphs with
respect to liquid state as calculated from WTmetaD simulations. This indicates that
form A is more stable than form | and form B is the least stable among the three solid
phases under solvated condition, comparatively. The error bar is computed over four
independent product runs.

~v-glycine is the the most stable, but a-glycine tends to be the
form that crystallizes from solution at neutral pH and ambient
atmospheric pressure (110-113). Several other high-pressure
polymorphs have been discovered (113, 114), but they are not
typically observed at atmospheric pressures or temperatures.
For performing the WTmetaD (37) simulations of glycine, we
use a similar OP library as urea, with one major exception:
the pair entropy S(r) is swapped for the orientational pair
entropy S(r,6) (60). The angles used for calculating S(r, §) are
those given in Fig. 1(b). For glycine, the first intramolecular
vector is defined as that from the N-terminal nitrogen to the C-
terminal carbon atom; the second intramolecular vector starts
at the alpha-carbon C,, and ends at the R-group hydrogen
atom H,.

In contrast to urea, we find it necessary to include S(r, 6)
in the OP library because, without it, reversible nucleation
events are not observed (data not shown). We postulate that
this increased importance in the case of glycine is due simply
to S(r,0) being a two-body term and, hence, a first-order
correction to the excess entropy of a fluid (115, 116) compared
to the entropy of the equivalent ideal gas. Since glycine is
more massive and zwitterionic, as well as possessing a stronger
dipole moment, it is less ideal in the liquid phase compared to
urea and, therefore, it is to be expected that it will possess
more excess entropy compared to urea, making it necessary
to place S(r,0) and not just S(r) in the OP library.

For the preliminary round of WTmetaD, we bias along
S(r,01) and S(r,02) since these OPs were found to give the
best sampling from the OP library. This 400ns preliminary
simulation and its SPIB analysis is described in detail in the SI.
As with urea, the trajectories of the OPs from this preliminary
simulation are used as input data for training SPIB. Also
in the SI are projections of the metadynamics bias onto the
(61, 82) space, where it can be seen that using the SPIB RCs
greatly enhances the amount of bias deposited, and hence the
amount of sampling, of regions of (61, 62) space where the
glycine polymorphs of interest reside. This result provides
support for using the SPIB RCs as the biasing coordinates



over the hand-picked orientational entropies.

Glycine Polymorphism. Here we are interested in the a-, -, and
~v-glycine polymorphs observed at ambient temperature and
pressure (113). A necessary but not sufficient method (117)
to differentiate the three polymorphs is through the collective
orientation of the C-N vectors (Fig. 1(b)). For a-glycine, C-N
vectors alternative in layers of two in a ‘positive’ orientation
(C-N) followed by a ‘negative’ orientation (N-C) repeating.
For S-glycine, positive and negative layers alternate one at a
time. In ~-glycine, all layers of the crystal possess the same
orientation, either all positive or all negative. Using only
the C-N axis orientations to classify polymorphs, we find a
relative stability rank order of form-y > form-g > form-a,
which recovers form-vy as the most stable form in agreement
with experiments of bulk glycine (111, 113).

While this classification approach correctly accounts for the
large-scale orientation of the crystal, it ignores the local ori-
entation, such as hydrogen bond patterns and relative angles
and distances between layers of the crystal (113, 118). This
coarse procedure for identifying polymorphs is selected over
the more rigorous one given in Ref. 119, which has not be
tested for use in nucleation from solution or long timescale
simulations, where there can be significant perturbations to
the crystal structure. Based on these considerations, we have
chosen to characterize the polymorphs using the relative orien-
tation of monomers along the axis parallel to the C-N vector
only. Ignoring local structure, this protocol will introduce
some contamination of the polymorph classification. Further-
more, the crystal structures of glycine are much more similar
to each other compared to urea, making the SMAC protocol
used for urea ineffective for glycine, with details for why this
is the case given in the SI. Since this study is, to our knowl-
edge, the first to perform enhanced sampling simulations of
glycine to study nucleation without seeding in water alone at
or below the saturation concentration, our reported numbers
at the very least have qualitative significance in being able
to correctly rank order glycine polymorph stability in pure
aqueous solution.

Fig. 5a shows the trajectory of the OPs used in the SPIB
analysis for glycine, and, in the final panel, the trajectories
of the two SPIB RCs; all trajectories come from the final set
of simulations biased along the discovered linear SPIB RCs.
These trajectories clearly show many transitions between the
solvated, crystalline states and the liquid state of glycine; a
comparison of the sampling efficiency of this set of trajectories
biased along the SPIB RCs and the hand-picked orientational
entropy CVs is given in the SI for both glycine and urea.

Fig. 5 shows the a-glycine, -glycine and ~-glycine poly-
morphs extracted from the SPIB-biased trajectories. For all
three snapshots, the appropriate orientations for each poly-
morph along the monomer C-N axis should be apparent, al-
though, given the size of the system (72 glycine molecules),
finite volume and surface area effects are likely to be significant
due to the large surface area to volume ratio of the clusters.
We also expect solvent-induced perturbations compared to the
respective crystal structures (120, 121) from the melt.

An analysis of the SPIB RCs used to bias the nucleation
simulation of glycine is given in Fig. 6. In Fig. 6(a), the
reweighted free energy surface along the 2-d linear SPIB latent
space used as the biasing variables in metadynamics is shown
with the locations of the putative a—, -, and ~y-glycine poly-

morphs labeled with colored stars; for reference, the liquid
(isotropic) state is also labeled with a magenta star. Fig. 6(a)
shows that, while none of the glycine polymorphs are located
in free energy minima they are neither at free energy maxima,
which indicates that the SPIB RCs are doing a reasonable job
sampling the crystal polymorphs.

Fig. 6(b) shows the rescaled contribution of each input
variable to the final two-dimensional SPIB model. For both
RCs, the orientational entropies are weighted heavily in-line
with the physical intuition explained in Glycine nucleation
that higher-order corrections to the entropy of the zwitterionic
glycine will be more important than an uncharged molecule
such as urea. Also highly weighted are the two angular coor-
dinates, 0, and 02, which justifies performing the polymorph
labeling and analysis in that subspace.

The SPIB RCs are further interpreted by projecting them
onto the (01, 02) subspace in Figs. 6(c), (d). The first SPIB
RC, z1, corresponds to nucleation from the liquid to the three
common polymorphs labeled on the surface. Examining the
contours more closely, it specifically describes transformation
from the liquid and v-glycine states, which are the two most
populated states observed in our simulations, to the a- and
B-glycine polymorphs. There is also a strong correlation of 6
with z1, as expected from Fig. 6(b). The second SPIB RC, z»,
corresponds to transitions from the liquid state to y-glycine
via the a and g8 polymorphs. Interestingly, this mechanism
of transition from the liquid state to the most stable crystal
polymorph (form ) via the less stable crystal polymorphs
(forms « and B, Figure 7) is consistent with the Ostwald step
rule (122) and is evidence for two-step nucleation in aqueous
glycine, which already has been observed experimentally(123).
This RC also correlates strongly with transitions from low-
to-high values of S(r, #1) (data shown in the SI), again as
expected from Fig. 6(b).

In summary, we find the linear RCs discovered by SPIB
are able to 1) separate the common glycine polymorphs in the
two-dimensional RC space and 2) yield a reasonable and inter-
pretable set of reaction coordinates for describing nucleation
of glycine from aqueous solution.

Comparison with previous studies. While the SMAC OP is used
to classify urea polymorphs, we find that the g(r, 6) distri-
butions for the polymorphs of glycine to be too similar for
SMAC to be effective in distinguishing polymorphs and in-
stead using the classification method outlined in Glcyine
polymorphism.We also propose a second method based on
Voronoi tesselation of the (51, 52) space around the ‘landmark’
polymorph and liquid structures shown in Figure 6 in the SI.

To our knowledge, no explicit free energy differences be-
tween polymorphs for crystallization from aqueous solution for
glycine have been reported in the literature. Solubility experi-
ments in pure water and water-organic solvent-antisolvent mix-
tures of varying composition have been reported in Ref. 124,
where the authors show that, at each solvent composition
(ranging from 80% water/20% methanol to 0% water/100%
methanol) the solubility order is 3 > « > 7. Using the argu-
ment that the solubility of the crystal in solvent decreases as
the free energy barrier increases (since the solubility is roughly
the ratio of the concentration of the solvated liquid form to the
solvated, crystal form) (88, 125), this solubility order implies
a relative stability order with reference to the solvated liquid
state of v > a > 3, which is in rough agreement with the
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Fig. 5. Sampling glycine polymorphs with WTmetaD simulations biasing the SPIB-learned 2-dimensional reaction coordinate. (a) shows the time series of the OPs (black) and
SPIB RCs (black, z1; red, z2) from the ten replicate simulations of glycine, with each trajectory demarcated by the dotted blue lines. Vertical cyan dashed, gray dashed-dot, and
pink solid lines indicate representative transitions to form «, form 3, and form ~ from the liquid phase. (b) shows snapshots of the polymorph structures sampled during
trajectories shown in (a); color of the box framing each snapshot corresponds to the color of the vertical time slice in (a). Hydrogen atoms on glycine and water molecules are

removed for clarity; snapshots are rendered using VMD.

relative stability we find, namely v > 8 > «.

We additionally note that the only study performed to rank
the relative stability of glycine polymorphs is Ref. 125, where
the authors find that the ~-form of glycine is the least kineti-
cally accessible and the S-form the most kinetically accessible,
at the nanoscale, using calculations based on seeded cluster
MD simulations and CNT. Since we use a vastly different setup
(classical MD coupled with WTmetaD and machine learning
versus seeded MD and CNT), we are not concerned about
disagreements between polymorph accessibility in our study
and the one performed in Ref. 125. However, we concede
that our glycine clusters are well below the critical nucleus
size predicted by CNT and thus may be plagued by finite
size effects (126, 127), especially considering that many times
the v polymorph is observed to form in the simulations, the
crystal spans the simulation box along one dimension, leading
to an infinite crystal when periodic boundary conditions are
taken into account (see Fig. 5); this effect could be a primary
reason we observe that polymorph to be sampled the most
frequently. Additional study is needed to determine the ex-
tent to which finite size effects affect the relative stabilities of
glycine polymorphs reported here.

We conclude this section by noting that while glycine is a
common molecule for experimental study of nucleation and
crystal polymorphism, it is also a notoriously difficult sys-
tem to obtain consistent crystallization results experimentally
(111, 113). For example, although most experiments report
that the a polymorph is the primary crystal product extracted
from solution (112, 123, 128-130), the ~ form is observed to
form spontaneously and nearly exclusively from solution given
the appropriate conditions (113, 130-134). Furthermore, the
timescales of most experimental studies of glycine nucleation

tend to be orders of magnitude longer (hours to days) than
the MD simulations studied here, making comparisons to ex-
perimental results difficult (e.g. the kinetic product seen in
those experiments could be the thermodynamics product ob-
served in this study). However, regardless of any quantitative
comparison to experiments, we are encouraged by the results
presented, as we are able to sample the three well-known ex-
perimental polymorphs of glycine using the SPIB approach.

Conclusion

Although nucleation is a frequent event on the experi-
mental and biological timescales, with currently accessi-
ble compute resources nucleation is a rare event computa-
tionally, even when utilizing enhanced sampling techniques
(12, 14, 38, 46, 63, 100, 135). Thus, even for relatively sim-
ple systems such as the aqueous urea and glycine systems
studied here, sampling polymorph configurations and, more
dauntingly, determining relative thermodynamic stabilities of
these polymorphs, is difficult computationally. In this work
we have demonstrated a more-or-less automatable protocol
to obtain back-and-forth sampling of different polymorphs
in aqueous solution. Specifically, we have shown that good
sampling of polymorphs is possible when classical molecular
dynamics simulations of urea and glycine are biased along op-
timized reaction coordinates found using the machine learning
approach State Predictive Information Bottleneck (SPIB) (56)
which belongs to the RAVE family of methods (27, 136). A lin-
ear, two-dimensional approximation to the reaction coordinate
extracted from SPIB (56) can be used to 1) effectively bias
nucleation simulations of aqueous urea and glycine to enhance
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the sampling of polymorph nucleation, and 2) interpret the
SPIB RCs to determine which OPs are the most important
drivers of nucleation.

When interpreting the RCs derived from the SPIB analysis,
we find that for urea, the intermolecular angle and cluster
size OPs are the most important contributors to the RC; for
glycine, the intermolecular angles and orientational entropy
of these angles are the most important to determining the
reaction coordinate. These observations reflect that size infor-
mative OPs suggested by CNT are insufficient in describing
slow modes towards nucleation of urea and glycine molecules;
in addition orientational OPs are needed. Each polymorph
is identified using different metrics and then ranked appro-
priately as per their Boltzmann weights at 300 K (62). The
relative stability of the solvated crystal polymorphs compared
to the solvated liquid state found by us shows form-A > form-I
> form-B for urea and form-vy > form-f > form-a for glycine.
Since we performed the SPIB analysis on the unreweighted
energy surface, we cannot yet offer any kinetic insights regard-
ing the nucleation of either organic molecule studied here. In
addition we did not consider the question of finite size effects,
which would especially impact kinetic properties. This will
be done in future work using approaches such as Ref. 63.

Secondly, our simulations would have been more representa-
tive of supersaturation levels of experiments with the use of
constant chemical potential ensemble, which is an active area
of research for studying nucleation (135).

To summarize, this work makes several significant contribu-
tions to the field of nucleation research and enhanced sampling
in general. We have applied deep learning based RC construc-
tion methods to arguably the most complex set of systems to
date and used them to successfully find reaction coordinates
that accelerate the nucleation process of multiple polymorphs
for both urea and glycine aqueous solutions. Furthermore,
the simulations of glycine reported here are the first, to our
knowledge, to utilize metadynamics to induce nucleation of
the amino acid in water. Based on these results, we believe
using machine learning methods to construct approximate re-
action coordinates can provide novel solutions and information
regarding non-classical effects in the nucleation of molecules
from aqueous media.

Associated Content

Supporting Information. The Supporting Information is avail-
able free of charge at xxx. It contains detailed further numeri-
cal analyses for different systems.
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reference. Error bars are one standard error of the mean over the ten replicate
simulations.

Notes. The code needed to reproduce the models used in this
work is available at https://github.com/tiwarylab/Driving-
and-characterizing-nucleation-of-urea-and-glycine-
polymorphs-in-water. The input files necessary to reproduce
the simulations done in this work are available on PLUMED
NEST at https://www.plumed-nest.org/eggs/22/039/.

Materials and Methods

Simulations setup. A 5.0 nm x 5.0 nm X 5.0 nm simulation
box containing 300 urea and 3085 TTP3P (137) water molecules
is built to mimic the work of Salvalaglio et al (88). The par-
tial charges of urea were adopted from the Amber03 (138)
database. For the aqueous simulations of glycine, we follow
the simulation protocol established in Ref. 139. A simulation
box of size 3.6 nm X 3.6 nm X 3.6 nm is constructed with 72
glycine molecules and 1200 SPC/E (140) water molecules with
generalized Amber force field (GAFF) (104), and the charges
on glycine are those derived using the CNDO methodology in
Ref. 141. This combination of the GAFF and CNDO charges
for glycine is utilized because it has been found to accurately
reproduce the physical properties of both aqueous and crys-
talline glycine as well as inducing a-glycine crystallization
from solution (128). The glycine simulations correspond to a
saturated glycine solution (whose molality is experimentally
measured to be 3.33 mol/kg) (139). However, since we do not
explicitly calculate the solubility of glycine with the GAFF
parameterization using the SPC/E water model, the solubilty
and the saturation level of glycine is unknown during the
simulations.

For both the systems, all MD and metadynamics simula-
tions were performed in the constant molecule number, pres-
sure, temperature (NPT) ensemble with an integration time
step of 2 fs. Systems were coupled with a thermostat of
velocity rescaling scheme (142) at 300 K. The pressure was
controlled using the Parrinello-Rahman barostat (143) at 1
bar. The relaxation times to thermostat and barostat were
0.1 ps and 1 ps, respectively, for both system investigated.
Particle-mesh Ewald method (144) was used for the compu-
tation of long range electrostatic interaction and hydrogen
bonds were constrained with the LINCS algorithm (145). The
cutoffs of electrostatic and Van der Waals interaction in real
space were selected to be 1.2 nm for glycine and 1.0 nm for

10

urea.

Rescaling Coefficients of SPIB-learned Representations. As
the coefficients learned by SPIB are in dimensions of the
inverse of the corresponding OPs and unstandardized as input,
proper rescaling of these coefficients is needed for the purpose
of evaluating the importance of each OP to the RC. Following
the “betasq” protocol from Ref. 146, these rescaled coefficients
are calculated as the product of the coefficients learned by
SPIB and the fluctuation of the OP individually from the
input trajectories (WTmetaD simulations biasing 8; and 62

OPs).
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