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What is Molecular Dynamics?
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Molecular dynamics simulations apply Newtonian mechanics to
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Molecular Dynamics Simulation Engines Offer GPU
Compatibility

* GPU package
« CPU computes neighbor
list building, bonding
forces, and electrostatics
* GPU handles pairwise
force calculations

« KOKKOS Package
» Write physics kernel once,
and run entirely on GPU

« CUDA, AMD, SYCL, OpenCL,
OpenMP supported

* Best for materials research,
polymers

FAST. FLEXIBLE. FREE.

GROMACS

Hybrid CPU/GPU oftloading
 Non-bonded forces on
GPU and electrostatics and
bonded forces on CPU

CUDA, SYCL, OpenCL
supported

Best for standard high-
throughput biomolecular
simulations (e.g., proteins,

lipids)

Forces, integration, and
constraints all calculated and
updated on GPU

Eliminates CPU-to-GPPU data
transfer bottlenecks

CUDA, OpenCL supported

Best for custom Python-
scripted workflows and
integration of machine
learning
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Modes of Drug Delivery

Solid

Ex. tablets, capsules,
powders

1

Patient preferred non-
invasive, self-administration
Challenging design and
formulation



The Challenge of Polymorphism

* Polymorphism — the ability for one molecule to adopt

many crystalline forms
* Significant variation in material properties (e.g., — G
solubility, bioavailability stability) ]>v % J\)Y \/@ Yk )\)Y \/D
__<\ |
* Organic molecules are prone to polymorphism (~37%) ]\Y Yk J\j\( D N )Y
* Due to flexibility, weak intermolecular ~<]\ .4_
interactions, and H-bonding networks N b : , [
i r"ﬁv*ﬁl‘r"“@ ! % X0
* Each polymorph must be characterized ditferently in — e
it’s formulation teStlng Trans-amide bond cis-amide bond
* If another crystal structure is present than
previously’ it must be tested) The “Ritonavir crisis” led to $25OM

reformulation effort by Abbott
Laboratories (now AbbVie)

Iuzzolino, L., et al., Nature Communications in Chemistry (2025), 8, 404



Crystal Structure Prediction Current Limitations
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Gui, Y., et al., Journal American Chemical Society (2022), 22, 2, 1365-1370

Current crystal
structure prediction
(CSP) methods rely on
thermodynamic
stability at OK

These predictions
omit kinetic and
entropic information

CSP methods often

fail to reproduce
experimentally
observed behavior
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Leveraging Classical Nucleation Theory: Interfacial Free

Energy
4 AG

Interfacial Free Energy

AG*

AG(N) = —N|Au| +vA
Bulk Free Energy 0 Al +y

Gui, Y., et al., Journal American Chemical Society (2022), 22, 2, 1365-1370

Classical Nucleation Theory:
crystallization is the competition
between the bulk free energy
gained and the interfacial free
energy cost of forming a crystal-
liquid interface

Hypothesis: We can leverage
differences in interfacial free
energies to enhance CSP and
reproduce experimental behavior

Direct calculation of interfacial
free energies is non-trivial



What simulation techniques can we leverage to determine interfacial free energy, and

properly rank polymorphs based on kinetic factors that govern experimental behavior?




A AG

Interfacial Free Energy

AG*

AG(N) = —N|[Au| +vA
Bulk Free Energy 0 Al +y

Espinosa, J. R., et al., Journal of Chemical Physics (2016), 144, 3, 034501

Insert a spherical
crystalline seed in a
liquid melt and observe
the nucleation behavior



Calculating Interfacial Free Energy Using Seeding Method

A
AG Interfacial Free Energy
AG*
>
NC N  When N < N the

interfacial free energy
term dominates and the
seed shrinks

AG(N) = —N|Au| + yA

10

Espinosa, J. R., et al., Journal of Chemical Physics (2016), 144, 3, 034501



AG*

N C N *  When N > N the bulk
free energy term
dominates and the
seed grows

AG(N) = =N|[Au| +vA
Bulk Free Energy ) |1li| !

11

Espinosa, J. R., et al., Journal of Chemical Physics (2016), 144, 3, 034501



Calculating Interfacial Free Energy Using Seeding Method

Interfacial Free Energy

> « When N ~ N we

N estimate this as the free
NC energy barrier where
we can estimate the
interfacial free energy

 In NPT, where 50% of
3 seeds at this size melt

Bulk Free Energy N, x

* How do we quantity
crystallinity? 1

Espinosa, J. R., et al., Journal of Chemical Physics (2016), 144, 3, 034501



Order Parameters to Distinguish and Quantify Crystalline

Seed
« Existing order parameters are useful for atomic systems, but are not

designed for use on molecular systems with complex symmetries
/Steinhardt Order Parameteh

Goal: Design a new order parameter that can distinguish crystalline
from liquid environments, allowing us to track molecular crystal growth
and determine a critical nucleus size
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Can we develop robust order parameters that capture the contributions of complex

molecular symmetries to distinguish and quantify crystallinity?




Tools to Create an Automatable Machine Learning Model

Smooth Overlap of Atomic Positions (SOAP)

» To distinguish phases, we need a highly
expressive representation
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* Want a representation is invariant to
translations, rotations and permutations

* Encodes all 2-body distances, 3-body
angles, and atom types

Deringer, V. L., & Barok, A. P, et al., Chemical Reviews (2021), 121, 16

Jorgensen, C. A,, et al., ML Sci. and Tech. (2026), 7, 2, 023008

Principal Covariates Classification (PCovC)

* To understand the descriptor space, we need a
low-dimensional data representation

* Supervised dimensionality reduction for
classification

loss = a[loss in reconstructing features (X)] + (1 — @) [loss in prediction (y)]

PCovC, a = 1.00
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High Throughput Molecular Dynamics Seeding Simulations

/ Seeding Simulation \ \‘.
N < NC N = NC N> Nc ’
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OpenMM

GPU Compatible
Simulation fully written in python
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Integrating Machine Learning Techniques for In-Line
Simulation Analysis

/ Seeding Simulation \
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Integrating the Seeding Method with Low-Dimensional
Order Parameters to Determine Critical Seed Radius

/ Seeding Simulation
N < N¢ N ~ Nc N > Nc New State Point: T, N
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Nifedipine: SOAP-PCovC Principal Covariate Axes

Nifedipine a- Nifedipine

Liquid Melt Polymorph Structure

To train the PCovC model, we input all atom SOAP descriptors of the equilibrated solid and crystal

19



PCov,

Nifedipine: SOAP-PCovC Principal Covariate Axes

Nifedipine

A NG

Interfacial Free Energy

0.2 4

o« e .
 In mo.defl tra%nmg, we 7 Ne -
can distinguish N<Nc

crystalline from liquid du’
using the first AG(N) = —N|Au| + yfl

principal covariate

0.1 4

0.0 (PCOVI)
*  We calculate SOAP When N < N the interfacial
e descriptor with all free energy term dominates

atoms within an 8A and the seed shrinks

cutoff radius
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Nifedipine: Tracking Crystalline Seed as Seeding
Simulation Progresses using SOAP-PCovC Order Parameter

Nifedipine Seeding SOAP-PCovC Latent Space PCov, Distribution Tracking
Simulation Cell Tracking of Seed Atoms of Seed Atoms

0.3 4

Liquid Crystal ¢
( 80 -
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60
0.1 1
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0.0 A

Avg. PCov; of Seed Atoms

20 4

~300 -200 —~100 0 100 200 300 000 025 050 075 100 125 150 175 21.5;)
PCov; Simulation Time (fs)

« Using a modified workflow, we can track molecular crystal (nifedipine) seed melting using the first

rincipal covariate
p P 51



Critical nucleus size, n*

Understanding the Design Space Necessary to Determine
Critical Nuclei, and Rank Polymorph Stability

Molecule (CCDC_ID) Crystal Form (Sub_No)
. Nifedipine Alpha Polymorph Beta Polymorph
! (melting
temperature) . iy
ig) i—» Asymptote f/ % % §
E E 3 -~ e 3 :%'5

. o Seed Size (N_C) Temperature (T)
N et Small Seeds + Large Seeds Low T : >Effective Melting

Temperature, T

: . L must be tested T (T,)
We want to find points along this critical .
nucleus size vs. temperature curve for e.g., 25 molecules — 500 e.g., 350K — 550K, testing

each crystal form so we can identify molecules 10K intervals
differences in stability

Minimum of 320 jobs (without replicates) with this proposed setup!

More jobs required to resolve true critical nucleus size at a given T

22



Generating an Initial Dataset Using Signac Package to
Submit Jobs

2474 Example job state-point

7%5% S I g n O C {"CCDC_ID": "BICCIZ", "sub_No": "02", "N_T": 2500, "N_C": 500, "T": 530,
"n_replicates": 1, "forcefield_string": "GAFF-RESP", "ensemble": "NVT",
"dt": 1, "total_timesteps": 10000000}
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Nifedipine: Mapping Critical Seed Nucleus Size

A;lpha )}gfmorph
e 5%
e 1%

0.95

1.00

Beta Polymorph

pg%
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 Preliminary results show seed
stability differences between a and
B forms

* In experiment  forms from the
supercooled melt

* a has the lowest lattice energy, and
would be the predicted structure
using traditional CSP methods

24



Future Work: Tracking Concomitant Crystallization

*  We can train our PCovC on the SOAPs of the melt and the different crystalline

structures of nifedipine
* SOAP-PCovC order parameter can distinguish the differences in intermolecular

interactions that other dimensionality reduction techniques cannot
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Aside: GPU simulations can be set up by modifying the pixi.toml
and apptainer image definition file.

pixi.toml
You, 25 seconds ago | 2 authors (You and one other)
[workspacel
channels = ["https://conda.ovito.org", "conda-forge"]
name = "Seeding"
platforms = ["linux-64", "osx-arm64"]
version = "@0.1.0"

%sar~ .<nts
CUDA_VERSION=12.0
ENVIRONMENT=default

sfiles
./pixi.toml /app/
./pixi.lock /app/

lsystem-i. tirements]

%post
cuda = "12"

. :s/Din/bash
export CONDA_OVERRIDE_CUDA={{ CUDA_VERSION }}
! /app/
pixi info
pixi install —-locked —environment {{ ENVIRONMENT }}
echo "#!/bin/bash" > /app/entrypoint.sh && \
mdtraj = ">=1.10.3,<2" pixi shell-hook ——environment {{ ENVIRONMENT }} -s bash >> fapp/entrypoint.sh && \
openff-toolkit = ">=0.16.10,<0.17" echo ‘'exec "$@"' >> /app/entrypoint.sh
nnpops = ">=0.6,<0.7"
openmmforcefields = ">=0.14.2,<0.15" Bootstrap: docker
packmol = ">=21.1.2,<22" From: ghcr.io/prefix—dev/pixi:noble
openff-interchange = ">=0.4.2,<0.5" Stage: final
nglview = ">=3.1.4,<4"
ase = ">=3.,27.0,<4" Sarguments
openmm-setup = ">=1.6,<2" ENVIRONMENT=default
mdanalysis = ">=2.9.0,<3"
signac = ">=2.3.0,<3" %files from build
signac-flow = ">=0.29.0,<0.30" /app/.pixi/envs/{{ ENVIRONMENT }} /app/.pixi/envs/{{ ENVIRONMENT }}
~,uwon = ">=3,10.1y,~_ 11" /app/pixi.toml /app/pixi.toml
cuda-version = "12.1.%" /app/pixi.lock /app/pixi.lock

[depenaencies]

openmm = "'x"
openmm-ml = "x"




Lennard-Jones: Tracking Crystalline Seed as Seeding
Simulation Progresses using SOAP-PCovC Order Parameter

Lennard Jones Seeding Simulation Cell SOAP-PCovC Latent Space Tracking  $4c

Interfacial Free Energy

Li ql,Iid Crystal

0.10 4

AG(N) = —N|Au| +yA

0.05 4

0.00 -

* When N < N the
interfacial free
energy term
dominates and the

=B seed shrinks

—0.05 A

-20 =15 -10 =5 0 5 10 15
PCov;

Using seeding simulations and SOAP-PCovC order parameters, we have established a workflow for
automated crystal detection
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Lennard-Jones: Tracking Crystalline Seed as Seeding
Simulation Progresses using SOAP-PCovC Order Parameter

Lennard Jones Seeding Simulation Cell SOAP-PCovC Latent Space Tracking 1°°

Using seeding simulations and SOAP-PCovC order parameters, we have established a workflow for

automated crystal detection
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When N > N the
bulk free energy term
dominates and the
seed grows
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   N c ∝    𝛾 3     |  Δ 𝜇 | 3


   q  l m  ( i ) =  1   N b  ( i )  ∑  j = 1   N b  ( i )   Y  l m  (   𝐫  i j ) .


   q  l m  ( i ) =  1   N b  ( i )  ∑  j = 1   N b  ( i )   Y  l m  (   𝐫  i j ) .


  l o s s =   𝛼  [  loss   in   reconstructing   features    ( X ) ] +  (  1 − 𝛼 ) [ loss   in   prediction   ( y ) ]
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   X  M e l t =
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   X  C r y s t a l =
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   X  M e l t =
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   X  C r y s t a l =

