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accurate transferable
hydrofluorocarbon refrigerant force fields using
a machine learning and optimization approach

Montana N. Carlozo, Ning Wang, Alexander W. Dowling *
and Edward J. Maginn *

Developing a transferable classical force field (FF) has historically been a lengthy, expert-informed process.

In this work, we integrate optimization, machine learning, and data science techniques to accelerate the

systematic design and parameterization of transferable FF models. As a demonstration, we create FF

models which are transferable within one- and two-carbon (hydrofluorocarbon) refrigerants to

accurately model diverse thermophysical properties including saturated liquid and vapor densities, vapor

pressure, and enthalpy of vaporization. Estimability analysis and eigen-decomposition of the Fisher

information matrix inform the number and identity of atom types in the final FF model. This model

obtains an average mean absolute percent deviation (MAPD) between 2.92% (liquid density) and 31.5%

(vapor density) on molecules not considered in the training set. This model (MAPD = 18.37%) also

achieves a lower overall MAPD than an optimized version of the generalized AMBER FF (MAPD =

19.95%). Gaussian process surrogate models reduce the evaluation time associated with model selection

and optimization from an order of months to minutes. This work suggests that the use of surrogate

models combined with data science and optimization methods can greatly accelerate the development

of accurate transferable force fields.
1 Introduction

Molecular simulation (MS) is a powerful tool in molecular
design and discovery,1,2 but its predictive capabilities depend
heavily on the accuracy of complex molecular models known as
force elds (FFs), which dene the Hamiltonian of the model.3

These FFs are oen developed and parameterized for specic
applications using a variety of different techniques.4 Designing
and optimizing a FF is a time-consuming process that demands
considerable expert intuition.1,4,5 This encourages the use of
generalized FF models such as those shown in Table 1, in which
the properties of many molecules can be predicted using a pre-
dened set of chemical environments (atom types). Such
models are especially useful in the case of molecular design and
discovery before experimental data are available for each
molecule of interest.1,6
1.1 Challenges creating generalized FFs

Table 1 lists eleven popular generalized FFs. While some
generalized FFs such as the Universal Force Field (UFF) can
model any compound, generalized FFs are oen designed to
model multiple or large classes of molecules. For example, the
Engineering, University of Notre Dame,

ng@nd.edu; ed@nd.edu

y the Royal Society of Chemistry
generalized AMBER force eld (GAFF)7 and the optimized
potentials for liquid simulations all-atom force eld (OPLS-AA)8

have been optimized for studying drug-like molecules (e.g.,
organic compounds and proteins) and play a critical role in
exploring the vast molecular design space that is otherwise
inaccessible through experimental methods. Most of the FFs in
Table 1 are traditional “class I” xed charge models, although
APPLE&P and AMOEBA account for polarizability, which can be
important when modeling polar systems such as ionic liquids
(ILs).14,17,18 Generalized FF development has evolved over
decades6–15 as better parameterization methods have become
available and new classes of molecules have been studied. For
example, GAFF originally consisted of 57 chemical environ-
ments that were primarily informed by expert intuition on
element type, hybridization, and aromaticity.7 GAFF2 improves
on GAFF by re-optimizing select FF parameters to better
reproduce liquid phase data, quantum mechanics (QM) calcu-
lations, and ab initio data for more compounds.19 Similarly,
OPLS-AA initially consisted of 78 atom types, which has since
been expanded to 124 in OPLS3 to increase its predictive
performance by up to 30% and to utilize over an order of
magnitude more reference data.20

Oen transferable FFs (not to be confused with generalized
or customized FFs), designed to model a specic subclass of
molecules rather than many classes of molecules, are initially
postulated using generalized FFs as a base.21–23 Thus, similar
Digital Discovery
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Table 1 Comparison of select generalized force fields

FF name # Atom types Classes of molecules covered # Citationsa

GAFF7 57 Organic molecules, pharmaceuticals 15 376
OPLS-AA8 78 Organic molecules, ions, peptides, nucleic acids 12 859
UFF6 126 All molecules 8855
CGenFF9 139 Proteins, nucleic acids, lipids, carbohydrates 5630
COMPASS10 76 Organic molecules, small inorganic molecules, polymers 5203
MMFF94 (ref. 11) 99 Small organic molecules 2618
TraPPE-UA12 150b Hydrocarbons, suldes, ketones, esters, etc. 2536
AMOEBA13 Up to 134 Water, ions, organics, proteins, ILs 1170
APPLE&P14 26 Organics, energetics, ILs, uoroalkanes, electrolytes 605
CVFF15 38 Amino acids, hydrocarbons, organics 214
OpenFF16 c35 Small drug-like molecules 95

a Citation counts taken from referenced articles and citation metrics listed on journal websites accessed on 7/23/2025. b TraPPE-UA uses “pseudo-
atom” types dened for groups of atoms. c OpenFF uses SMIRKS-based environments instead of traditional atom types, the number of which is
dependent on the FF.
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development methods apply. For example, the transferable
hydrouoroolen (HFO) FF of Raabe21 currently models 11
molecules using 11 atom types but was originally based on the
AMBER24 FF. During development, atom types were added as
more molecules were included in the FF on the basis of expert
intuition and domain knowledge. As the number of atom types
grew, the LJ parameters associated with them were periodically
re-optimized to reproduce experimental property data. This
process provided enough data to develop correlations to predict
the values of LJ parameters from molar mass, facilitating the
expansion of this HFO FF to uorinated butenes and hydro-
chlorouoroolens (HCFOs).25 The resulting FF is very accurate,
but required signicant expert guidance and has been in
development since 2010.21,26,27

Targeted efforts have streamlined the process of systematic
FF development and optimization. An early example is the
development of ForceBalance28 which uses gradient-based
nonlinear regression (NLR) (via the Levenberg–Marquardt
algorithm with a trust region) to optimize a set of user-dened
FF parameters against either experimental or ab initio simula-
tion data. In the original work, the TIP4P/2005 (ref. 29) and
TIP3P30 water models were re-optimized from three different
parameter sets (i.e., starting points) to avoid local optima
during optimization.28 ForceBalance has been successfully used
to reparameterize GAFF,31,32 OpenFF,16,31 the AMOEBA water
model,33 and CHARMM.34 However, this method requires
hundreds of pre-existing experimental and ab initio data points
and can require up to 70 sequential molecular simulations32

(where each simulation can take several hours) to converge.
This represents a limitation of applying NLR directly to expen-
sive molecular simulation models. Other frameworks such as
TAFFI35 have been developed to reduce the barrier to entry for
FF design. For example, Seo et al. used TAFFI to design and
optimize a generalized FF for 87 organic liquids from QM
calculations and a set of expert-informed heuristics to speed up
the atom type postulation process.35 This FF was comparable in
accuracy to GAFF and OPLS on six properties not considered in
training the model.35 However, OPLS generally outperformed
TAFFI. Thus, the authors suggested that this model could be
Digital Discovery
improved in two notable ways; either through more rigorous
hyperparameter tuning or through more systematic selection of
the molecules used to inform the atom typing scheme.35

Therefore, this example highlights the lack of transferability in
generalized FFs to data outside of the training set.

1.2 machine-learned interatomic potentials (MLIPs)

Machine learning (ML) methods can decrease the time
requirements of FF design and optimization. One popular
method is the use of machine-learned interatomic potentials
(MLIPs), which have been in use since the 1990s.36,37 The liter-
ature on this subject is vast and we recommend the review
papers of others38–41 for a comprehensive analysis of the subject.
Briey, MLIPs attempt to bypass the complexities of atom
typing (and traditional FF design) by using ML models, e.g.,
Gaussian approximation potentials (GAPs) or neural network
potentials (NNPs), to learn the potential energy surface (PES)
and forces of a system directly from reference data. MLIP
development is generally less reliant on expert knowledge than
traditional FF development.37 When good ab initio data are
plentiful, MLIPs with high accuracy can be trained on small
systems to access system sizes and timescales larger than what
is possible with traditional QM calculations. This is because
MLIPs can be used to calculate energies and forces many orders
of magnitude faster than can be done with quantum chemical
methods such as density functional theory (DFT).39,42 Particu-
larly promising are GAPs that are more data-efficient than
NNPs.37 Highly accurate GAPs have been generated for transi-
tion metals,43,44 amorphous carbon,45 graphene,46 silicon,47

liquid iron and sulfur (at the conditions of Earth's core),48

phase-change materials,49 and many other materials.39 In some
cases, MLIPs can be more accurate than traditional FFs. For
example, the general purpose silicon GAP reproduces the elastic
properties, surface energies, and point-defect formation ener-
gies within 10% error (compared to DFT) while ReaxFF (a more
conventional reactive FF) oenmodels the same properties with
more than 20% error.50 We also acknowledge the recent devel-
opment of neuroevolution potentials (NEPs) which use evolu-
tionary algorithms to build NN potentials and oen achieve
© 2026 The Author(s). Published by the Royal Society of Chemistry
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comparable accuracy to GAPs with greater computational effi-
ciency.51 As a result of their success, NEPs have been applied to
alloys,52–54 metal organic framework (MOF) crystals,55 perov-
skites,56 amorphous materials,52,57,58 GeTe,59 andmany more.52,60

In addition to solid state applications, MLIPs have recently
been used tomodel a variety of liquid-phase systems, with water
serving as the primary benchmark. Deep Potential (DP) models
trained on DFT reference data have been used to map the phase
diagram of water,61 to compute interfacial properties such as
surface tension and cavitation rates,62 and to describe water and
aqueous interfaces with near rst principles accuracy.63 These
studies highlight the promise of MLIPs for capturing subtle
many-body effects in liquids while enabling system sizes and
timescales inaccessible to ab initio molecular dynamics. Recent
efforts have also pushed accuracy to the coupled-cluster level
through transfer learning and advanced neural-network archi-
tectures.64 More recently, NEPs have also been used to accu-
rately model the structural and thermodynamic properties of
liquid water.65

Despite these successes, liquid-phase MLIPs still face
important challenges. Their accuracy is strongly tied to the
quality and diversity of the training data, and several models
exhibit systematic deviations when predicting thermophysical
properties. For example, the DP-SCAN water model reproduces
coexistence densities only aer a ∼40 K temperature shi and
underestimates surface tension by roughly 20%.62 Similar
problems arise in more chemically complex liquids. MLIPs
developed for molten salts66 and reactive carbonate melts67

reproduce structural and transport properties near their
training conditions, but may lose transferability when compo-
sition, oxidation state, or thermodynamic conditions shi.

Although MLIPs offer a compelling route for combining
quantum accuracy with molecular simulation of liquids, their
robustness across wide thermodynamic and chemical spaces
remains uneven, motivating hybrid and physics-informed
approaches that improve interpretability and extrapolation
performance. In addition, MLIPs are expensive to train. For
example, one of the latest foundation models required Oð108Þ
quantum calculations to train.68 Even data-efficient GAPs
require thousands of ab initio calculations to reach acceptable
accuracy levels.69 Once trained, these models are still compu-
tationally expensive. For example, highly sophisticated MLIPs
such as sGDML are up to three orders of magnitude slower to
evaluate than traditional FFs.42 Furthermore, MLIP models are
complicated and oen have thousands and up to billions68 of
parameters that must be trained. This signicantly reduces the
physical interpretability of these models.40 There is also a trade-
off between accuracy and computational expense. If reference
data generated with high levels of theory are used, the MLIP will
be more accurate, but compute resources increase accord-
ingly.38 We note that “on-the-y” ML can reduce this require-
ment somewhat by intelligently sampling points based on
model uncertainty information. We refer the reader to Schütt
et al. for a detailed review on this topic.70 If instead low levels of
theory are used to reduce the development time, the corre-
sponding model accuracy can be limited.38 Nandi et al.
demonstrated that MLIPs for ethanol corrected with higher
© 2026 The Author(s). Published by the Royal Society of Chemistry
levels of DFT functionals could reduce the root mean squared
error (RMSE) of the predicted PES by up to 45%.71 Lastly, MLIPs
are based on local QM data and therefore are generally not
transferable to conditions outside of the reference data used to
train them, motivating the use of physics-informed ML
models.38,40,41 Pun et al. demonstrated that physics-informed
neural networks (PINNs) for aluminum can reliably extrapo-
late energies outside of the training set, while traditional neural
networks (NNs) instead generated unphysical predictions.72

However, even physics-informed ML models can have limited
transferability. For example, the general-purpose silicon GAP
referred to earlier was unable to accurately predict the planar
defects of silicon, which were not part of the training set.
Specically, unstable stacking fault energies on the shuffle
plane and the glide plane were predicted with less than 20%
error (compared to DFT). In contrast, properties in the training
set (i.e., bulk modulus, stiffness tensor components, unrecon-
structed surface energies, and various interstitials) were pre-
dicted with less than 10% error.50 Furthermore, the graphene
MLIP of Rowe et al. is not transferable to other phases of
carbon.46

1.3 Accelerating traditional FF optimization via ML

The drawbacks of MLIPs, combined with the physical inter-
pretability and computational efficiency of classical FFs, along
with the versatility of ML methods, motivate the creation of ML
techniques to optimize classical FFs. In this work, the class I
GAFF7 functional form with constrained bonds is used:

V ¼
X
angles

kqðq� q0Þ2 þ
X

torsions

kf½cosðnf� gÞ þ 1�

þ
X
i

X
j. i

(
43ij

"�
sij

rij

�12

�
�
sij

rij

�6
#
þ qiqj

4p30rij

) (1)

In eqn (1), V is the total potential energy, k parameters are force
constants, q0 is the nominal bond angle, g is the nominal phase
angle for dihedrals f, n is the multiplicity, qi and qj are partial
charges for atoms i and j, 30 is the vacuum permittivity, 3ij and sij

are the LJ parameters, and rij is the distance between atom i and
atom j. van derWaals (vdW) interactions represent the attractive
and repulsive forces between molecules and are particularly
relevant for the calculation of liquid and vapor phase proper-
ties. However, it is difficult to calculate these interactions using
standard QM calculations, since it requires large basis sets and
electron correlation information.73 The LJ potential model
described in eqn (1) instead treats vdW interactions using
effective two-body potentials that capture the many-body effects
of these interactions in a mean-eld manner. One can approach
the optimization of FF parameters in several ways. For example,
ML techniques74–76 and genetic algorithms (GAs)77–80 have long
been used to t intramolecular parameters and partial
charges81,82 of FFs to QM data. Similarly, while it is possible to
accurately t LJ parameters to QM data using ML and GAs,80

high levels of theory must be used and many-body effects must
be accounted for to obtain accurate condensed phase
predictions.10,83–85 To avoid this computational burden, it is
oen preferable to t LJ parameters to existing experimental
Digital Discovery
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condensed phase data.10,86,87 Therefore, we focus on optimizing
the LJ parameters using thermophysical property data.

Befort et al. developed a semi-automatic workow using
Gaussian process (GP) MLmodels to optimize the LJ parameters
for an ammonium perchlorate (AP) FF. In a time scale of weeks,
70 unique parameter sets were identied that reproduced the
lattice structure of AP with a mean absolute percent error
(MAPE) of less than 1%. In contrast, a manually tuned model
identied one optimal parameter set with 1.42% MAPE. The
accuracy of the GP-informed FFs was attributed to the ability of
this workow to quickly and exhaustively search parameter
space with GP surrogate models. Manual tuning could only
explore 15 000 parameter sets and required a full molecular
simulation for each candidate parameterization. In contrast,
the workow could evaluate 3million parameter sets inminutes
using the GP surrogates. The workow only required 3000
molecular simulations, many of which were run in parallel,
thereby signicantly reducing the time required for parameter
optimization.88 Chatterjee et al. developed a semi-automatic
framework that uses deep neural networks (DNNs) to re-
optimize the LJ parameters of ten atom types in the polariz-
able CHARMM Drude FF. The DNN was used to enable a brute-
force search to down-select a single parameter set from 10
million possible parameter sets. The resulting FF accurately
predicted liquid phase properties for 35 compounds.89 These
two examples show that ML allows LJ parameter space to be
searched much more thoroughly than what is possible with
trial-and-error-based optimization.

GP models are a particularly popular choice for rapid FF
parameter optimization. For example, Madin and Shirts used
GPs and a differential evolution algorithm to re-optimize the LJ
parameters of six atom types from OpenFF 2.0.0. Their
approach required fewer than 40 molecular simulations to
better reproduce the physical properties of 28 molecules.90 Rizzi
et al. used Bayesian inference with GP surrogate models to
regress the LJ parameters of the TIP4P water model. They ob-
tained less than 1% error using only ten data points each for the
enthalpy of vaporization, self-diffusivity, and density.91 Bayesian
inference accurately identied parameters with limited data
and provided insight into parameter uncertainty. More recently,
Raabe et al. used a sequential Bayesian inference approach with
GP models to quickly parameterize a FF for trans-1,2-di-
chloroethene (R-1130(E)), which showed improved performance
over the current HFO/HCFO FF.92 The authors specically
recommend this method for tuning the parameters of trans-
ferable FFs in future work.92 GPs were also used to extend the
transferable anisotropic Mie potential (TAMie) to alkanethiols93

and primary alkylamines.94 In both works, an objective function
was minimized using a tted perturbed chain statistical asso-
ciating uid theory (PC-SAFT) equation of state augmented by
GPs to extrapolate to low temperatures.93,94 Property data were
oen reproduced with less than 1% mean absolute relative
deviation (MARD).93 This work was later expanded to replace the
entire objective function with GP models that could be cheaply
optimized with Bayesian optimization (BO).94

BO uses an uncertainty aware ML surrogate, such as a GP, to
perform derivative-free optimization while considering noisy
Digital Discovery
“experiments”. For example, Müller et al. combined a pre-
sampling step with GP-assisted covariance matrix adaption
evolution in a BO framework to perform multiscale parameter
optimization. This framework successfully optimized the LJ
parameters of n-octane with less than 1% error in liquid
density.95 In a more traditional approach, BO was used by
McDonagh et al. to optimize ten non-bonded interaction
strengths for a dissipative particle dynamics FF for alcohols and
alkanes.96 Compared to the manually-tuned FF of Anderson
et al.,97 the BO-optimized FF was more exible, retained better
accuracy on the testing set, and required only 1.5 weeks of
development time compared to 16 weeks for the manually-
tuned FF.96 Winget used BO to optimize the LJ parameters for
rare earth elements and obtained less than 1% RMSE using
Oð102Þ molecular simulations.98 We have shown99 that BO with
GP surrogates that directly model property predictions (instead
of objective functions98,100) can further increase the accuracy of
FF optimization workows using direct GP-based surrogates.101

These examples suggest that ML-based optimization methods
are both faster and create more accurate and transferable
models for a relatively small number of molecules than hand-
tuning. We hypothesize that ML optimized FFs with atom
types chosen on the basis of rigorous data analysis facilitated by
MLmodels will be more transferable to new molecules and may
assist in the development of generalized FFs with fewer atom
types than current FFs.
1.4 Customized FFs for refrigerants

When generalized (or transferable) FFs are unavailable or are
not accurate enough, customized FFs, which model only one
molecule, are oen created instead. This is common in
molecular simulation studies of hydrouorocarbon (HFC)
refrigerants.86,88,102–109 Although HFCs currently account for only
about 1.5% of greenhouse gas emissions,110 demand for HFCs is
expanding at a rate of 10–15% annually, which is projected to
increase their share of greenhouse gas emissions to more than
19% by 2050.111 The EPA estimates a cumulative net benet of
$278.6 billion associated with the phase-out of HFCs by 2050,110

which has generated interest in systems that can separate
existing near-azeotropic HFC-mixtures.17,112–115 However, data
on these systems are oen limited, which encourages the use of
molecular simulation for the design of the separation
process.17,107,116,117 From the studies of various all-atom FFs for
HFCs listed in Table 2, we can draw multiple conclusions about
the state of different FF parameterization methods and design
techniques. Note that in Table 2, only atom types with different
LJ parameters (even if partial charges are different) specically
used to model HFC refrigerants are counted.

Unsurprisingly, customized FFs are usually more accurate
than generalized FFs. Befort et al. demonstrated that while their
FFs customized for diuoromethane (HFC-32) and penta-
uoroethane (HFC-125) oen exhibited MAPE values of less
than 3% for all properties, GAFF oen exhibited MAPE values of
greater than 50%.88Wang et al. reported similar results for other
HFCs.102 Interestingly, many customized FFs shown in Table 2
either directly use the parameters of generalized FFs or other
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Table 2 Published refrigerant FFs which use LJ parameters. Note that R-50 (methane) and R-170 (ethane) are not HFCs

Reference HFC(s) covered # Of atom types LJ calibration method
# Of properties
validated Typical errora

Befort et al.88 HFC-32 3 Semi-automatic
GP algorithm

4 MAPE <2.5%
HFC-125 5

Befort et al.100 HFC-32 3 Bayesian optimization 1 MSE 1.20 × 10−4 g2 cm−1

Wang et al.102 R-50 2 Semi-automatic GP algorithm 4 MAPE <2.7%
HFC-134a 4
HFC-143a 5
R-170 2
R-14 2

Potter et al.103 HFC-32 4 Manually-tuned from ref. 118 4 5% Error
(VLE curves only)HFC-23

R-14
Fermeglia et al.86 HFC-32 3 (HFC-32, HFC-134a) Manually-tuned 3 <2.35% RAD

All 7 two-carbon
uoroethanes

Not listed

Peguin et al.104 HFC-134a 4 Manually-tuned from
OPLS-AA and AMBER

6 <6.2% Error

Yang et al.105 HFC-152a 3 Manually-tuned from OPLS-AA 7 <5% Average RAD
Zhang et al.106 HFC-161 3 Manually-tuned from AMBER 3 <3.87% Average RAD
Alam and Jeong107 HFC-32 4 Taken from COMPASS 5 Good agreement

HFC-134a
Higashi and Takada108 HFC-32 3 Manually-tuned 5 Very good agreement
Paulechka et al.109 R-116 2 Response surface

mapping method
4 Very good agreement

a MSE: mean squared error, VLE: vapor–liquid equilibrium, RAD: relative absolute deviation.

Paper Digital Discovery

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 2

8 
Ja

nu
ar

y 
20

26
. D

ow
nl

oa
de

d 
on

 3
/1

2/
20

26
 3

:1
5:

54
 A

M
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n 
3.

0 
U

np
or

te
d 

L
ic

en
ce

.
View Article Online
existing literature or otherwise use such works as a starting
point for FF tuning and development. However, we highlight
that all works in Table 2 use a pre-dened atom typing scheme
and do not consider alternative atom typing schemes.
Furthermore, we emphasize that FF parameterization using ML
and optimization techniques is more accurate than traditional
hand-tuning approaches. Wang et al.102 compared their FF for
1,1,1,2-tetrauoroethane (HFC-134a) to that of Peguin et al.104

and demonstrated an improvement in MAPE for all thermo-
physical properties studied.102 The performance of FFs for
methane (R-50), tetrauoromethane (R-14) and ethane (R-
170)102 are comparable to those developed by Potoff and Ber-
nard-Brunel119 which use a three-parameter Mie potential
instead of a traditional two-parameter LJ potential for each type
of atom. This improved accuracy is directly related to the use of
surrogate models to explore LJ parameter space more
effectively.

In this work, we highlight the opportunity to parameterize
transferable FFs with ML using HFC FF modeling as an
example. Befort et al. used a semi-automatic GP-based workow
to identify 26 unique LJ parameter sets for HFC-32 and 45
unique parameter sets for HFC-125 on a time scale of weeks that
accurately reproduced the thermophysical properties of interest
with less than 2.5% mean absolute percent error (MAPE).88 This
workow was later rened and expanded to include ve more
refrigerants (R-50, R-170, R-14, HFC-134a, and 1,1,1-tri-
uoroethane (HFC-143a)) for which between 18 and 37 sets of
unique and well-performing parameters were identied.102

These results suggest the possible existence of a transferable set
© 2026 The Author(s). Published by the Royal Society of Chemistry
of LJ parameters which can accurately reproduce the thermo-
physical properties of all one- and two-carbon HFC refrigerants.
We highlight that there is no transferable FF in the literature
that accurately models a signicant number of both one- and
two-carbon HFC refrigerants.
1.5 Paper contributions and organization

We hypothesize that ML and optimization techniques can be
applied to design and optimize a transferable FF. The goal of
this work is to demonstrate how ML methods and the effective
leveraging of the information they provide can be used to
improve the transferability of FFs for a small but critical class of
molecules (HFCs). We present ML as a solution to inform FF
structure (number and type of chemical environments) and
automatically optimize a set of transferable FF parameters. In
this work, we design and optimize a transferable FF for both
one- and two-carbon refrigerants to:

� Quantify the trade-off between the number and quality of
atom types and FF accuracy.

� Demonstrate that applying standard data analysis tech-
niques with ML optimization methods improves FF model
accuracy.

� Demonstrate the benets of ML optimized FFs for similar
molecules over generalized FF models.

We highlight that a FF which accurately parametrizes one-
and two-carbon refrigerants does not constitute a fully trans-
ferable model for all HFC refrigerants; this model is the rst
step in developing a fully transferable HFC refrigerant FF. We
Digital Discovery
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Table 3 Comparison of different atom type (AT) schemes evaluated in
this work. AT-6b is the recommended scheme identified by this work

Scheme Number Unique types

AT-4 4 C1, C2, H, F
GAFF (baseline) 6 C, Hc, H1, H2, H3, F
AT-6a 6 C, Hc, H1, H2, H3, F
AT-6b (recommended) 6 Cm, C1, C2, Hc, H, F
AT-8 8 Cm, C1, C2, H, F1, F2, F3, F4
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identify further validation of this model to larger molecules and
more properties as a future priority in Section 4.

The remainder of the paper is organized as follows. Section 2
describes all aspects of the proposed workow, including
details on the relevant data, atom typing scheme generation, GP
modeling, the objective function, data-science and estimability
analysis tools, and molecular simulations. Section 3 compares
the FFs developed viaML and optimization with each other and
GAFF to demonstrate the usefulness of these techniques in
systematic FF design. Finally, Section 4 synthesizes the
conclusions and discusses future research opportunities.

2 Methods
2.1 Problem statement

Given a class of molecules (e.g., one- and two-carbon HFC
refrigerants) and experimental physical property data (e.g.,
saturated liquid and vapor densities (rl and rv), vapor pressure
(Pvap), and enthalpy of vaporization (DHvap)), determine an atom
typing scheme and optimize its LJ parameters to accurately
model the temperature dependence of the physical properties.
In this work, our objective was to dene a set of chemical
environments (atom types) for a transferable FF that adequately
describes the chemical environments present in one- and two-
carbon HFCs. We then aim to mathematically optimize the LJ
parameters of this transferable FF to accurately predict the
thermophysical properties of eachmolecule. This work relies on
using GP surrogate models and data analysis techniques to
guide FF structure and facilitate the local optimization of the LJ
parameters.

Eqn (1) is used to compute the energies and forces of
a molecular system, which can then be used in molecular
simulations to estimate the thermophysical properties of
interest. In this work, all bonds are constrained to their nominal
lengths. For all FFs developed in this work, intramolecular
parameters (kq, kf, q0, n, and g) were taken directly from GAFF
using GAFF atom types. We justify this on the basis that the VLE
properties in which we are interested are relatively insensitive to
intramolecular parameters.109 In addition, intramolecular
parameters can be computed with high accuracy from gas phase
quantum calculations, and so are not the focus of the present
work. The partial charges (qi and qj) were calculated using DFT
with RESP120 at the B3LYP/6-311++g(d,p) level of theory instead
of the standard AM1-BCC121 level of theory commonly used for
GAFF. We have found that the higher level of theory gives more
reliable partial charges.122 These partial charges are used for
both simulations using the LJ parameters (si and 3i) identied
in this work and the simulations for the GAFF LJ parameters to
which we compare our work. The LJ parameters for this work
are optimized using the workow dened in Section 2.8, based
on the fact that they are critical to accurate prediction of VLE
properties and are difficult to obtain from quantum calcula-
tions. The Lorentz–Berthelot combining rule was used to
calculate unlike interactions. We highlight that the LJ param-
eters are t using experimental data. In a sense, these are now
“effective” LJ parameters which account for both vdW forces
and other phenomena not directly considered by the model. For
Digital Discovery
example, although the intramolecular parameters of highly-
uorinated molecules can impact their liquid phase proper-
ties,123,124 we hypothesize that optimization will implicitly
account for these discrepancies for small one- and two-carbon
HFC molecules. We recommend revisiting this assumption as
larger molecules are investigated.

2.2 Atom typing schemes

The LJ model relies on the denition of separate chemical
environments, for which many denitions are reasonable.
Although all HFCs are comprised of only three distinct atoms
(hydrogen, uorine, and carbon), the chemical environments in
which these atoms interact within a molecule can vary signi-
cantly. Conventional FFs (as opposed to MLIPs) treat different
chemical environments using distinct atom types. The accuracy
of the FF model is thus governed by the number and denition
of these atom types. In this work, we compare ve atom typing
schemes, described in the following paragraphs and summa-
rized in Table 3. For this work, italics are used when referring to
atom types and regular text is used when referring to a specic
atom. For example, the hydrogen atomH is represented by atom
type H in atom typing scheme four (AT-4).

2.2.1 GAFF. We compare all FFs developed in this work to
a FF using the GAFF LJ parameters as a benchmark for this
work. We expect that GAFF, which is optimized to t most small
organic molecules, will be less accurate than the FFs in this
work, which are specically optimized to t HFC data. Because
the intramolecular terms of the other FFs developed here use
GAFF parameters but the LJ parameters are optimized, the FFs
developed in this work are hybrid models which combine GAFF
atom types and the atom types used in this work. We reiterate
that the partial charges of this model are calculated with the
B3LYP/6-311++g(d,p) level of theory to ensure a fair comparison
between the GAFF LJ parameters and the LJ parameters iden-
tied in this work.

2.2.2 AT-4. The simplest example of the distinction
between atoms and atom types is atom typing scheme four (AT-
4). In AT-4 (see SI Fig. S1), all F and H atoms have their own
atom type while there are two different atom types for C: one for
one-carbon molecules (C1) and a separate atom type for two-
carbon molecules (C2). This design choice was motivated by
our previous work for customized HFC FFs88,102 in which it was
observed that the LJ parameters in two-carbon HFCs generally
exhibited a wider spread of acceptable values than one-carbon
HFCs.88,102 Additionally, the preliminary GP-predicted MAPDs
for two-carbon refrigerants in the training set (see SI Fig. S2)
© 2026 The Author(s). Published by the Royal Society of Chemistry
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showed that an atom typing scheme with only three atom types
(one each for C, F, and H) was oen signicantly less accurate
than AT-4. For the development of a transferable FF that could
t both one- and two-carbon HFCs, it was thus reasonable to
consider two chemical environments to describe carbon atoms.
As a result, AT-4 is an extension of the design of a transferable
FF model using the fewest reasonable number of atom types,
which oen constitutes the rst step in creating a transferable
FF. We expect that AT-4 has the minimum number of atom
types needed to obtain reasonable property predictions for the
target set of HFCs in this study.

2.2.3 AT-8. When designing atom typing schemes, it is
important to consider that, for a specic set of molecules and
property data, adding atom types increases model exibility and
usually improves accuracy. However, the choice of which atom
types to include is oen a difficult decision. One common
strategy is to add atom types as the scope of the FF expands to
improve accuracy. Thus, AT-8 (see SI Fig. S3) was designed such
that carbon atoms in one- and two-carbon HFCs are considered
different environments, consistent with AT-4. Similarly, uorine
atoms are treated as having distinct environments on the basis
of the number of other uorine atoms bonded to their carbon
atom. In this way, we dene uorines with a different level of
steric hindrance as separate chemical environments. This
model was similarly motivated by our previous work on
customized HFC FFs containing more than one chemical
environment for F and C atoms (HFC-134a, HFC-125, HFC-
143a).88,102 For example, HFC-134a was designed with two atom
types each for C and F atoms. Although the s parameters for the
C atom types of the HFC-134a model are identical, the 3

parameters of the uorine-saturated carbon atom are over three
times smaller than those of the other carbon atom. Similarly,
the LJ parameters for the different uorine atom types of the
HFC-134a model differ by approximately 10% (s) and 70% (3).102

In the development of a transferable FF for one- and two-carbon
(HFC) refrigerants, it was thus considered promising to design
a FF in which different carbon and uorine atoms could each be
considered as separate chemical environments without their
denitions being redundant by design.

2.2.4 AT-6a. Although AT-4 and AT-8 both constitute
reasonable approaches to designing a transferable FF for HFCs
of one and two carbons, we also recognize the abundant avail-
ability of generalized FFs such as GAFF, which rely on expert-
informed atom types.7 Six GAFF atom types are necessary to
model one- and two-carbon refrigerants,7 but we highlight that
GAFF's predictions are oen poor, especially compared to
customized FFs.88,125,126 Therefore, we also consider AT-6a,
which retains the six atom types used by GAFF, but re-
optimizes the LJ parameters (see SI Fig. S4).

2.2.5 AT-6b. GP models were used to optimize the LJ
parameters of the AT-4, AT-8, and AT-6a FFs. Data analysis
techniques then revealed the impact and importance of each
parameter given the data. The AT-6b atom typing scheme in
Fig. 1 is the result of this analysis; it still uses six distinct atom
types like GAFF and AT-6A, but reduces the number of atom
types for H from four to two and increases the number of C
atom types from one to three. Thus, AT-6b uses three C atom
© 2026 The Author(s). Published by the Royal Society of Chemistry
types, two H atom types, and one F atom type. Details on why
AT-6b is the recommended atom typing scheme are provided in
Section 3.

We highlight that the GP models designed in our previous
work88,102 require the LJ parameters of the maximum number of
chemically reasonable environments used to design a molecule
as inputs. This number is different for each molecule. For
example, methane (R-50) and ethane (R-170) both require only
two atom types while molecules such as R-134a can require up
to ve. Thus, parameter optimization is facilitated by mapping
the distinct atom types to their transferable FF counterparts
during optimization via atom type transformation matrices Am.
In this way, the LJ parameters from the transferable models
(dened as q = [s, 3]) can be mapped to the distinct atom types
that are used by the GP models ðqAu

m Þ for each molecule m. SI
Fig. S5 shows the distinct atom types for each molecule and SI
Table S1 shows the transformation matrix for each molecule in
the training set.
2.3 Experimental and simulation data

Experimental data for the 13 refrigerantss studied in this work
are crucial for optimization and validation of the transferable
FF models for one- and two-carbon (HFC) refrigerants. Refer-
ence data for all molecules except HFC-143 127 were taken from
the REFPROP package.128 REFPROP is based on an equation of
state t to experimental data and has a very low uncertainty.
Therefore, we use 2% of the value of the REFPROP values as
a conservative estimate of experimental uncertainty. We are
unaware of any existing thermophysical property data for HFC-
134 or the toxic molecule HFC-152 (ref. 129) and therefore they
are excluded from this work. For the remainder of this paper, we
will refer to a set of molecules M and set of properties
P :¼ fHvap; Pvap; rl; rvg at the set of temperatures under study T
as data set D and dene all reference thermophysical property
data D ¼ fyexpm; p; Tg˛cm˛M ; p˛P ; T˛T .

All experimental data in set D are further partitioned by
molecule into either the training subset or the testing subset
according to Fig. 1. For brevity, we refer to these as sets instead
of subsets henceforth. The training set thus consists of the
experimental data for all properties in the set P for the eight
refrigerant molecules (R-50, HFC-32, R-14, R-170, HFC-41, HFC-
134a, HFC-143a, and HFC-125) identied as the training set in
Fig. 1. These data are used in the optimization of the LJ
parameters. Since GP models are used to complete optimiza-
tion, GP models only exist for the molecules dened in the
training set. The testing set is then dened as the experimental
data for all properties in P for the ve molecules identied as
the testing set (HFC-23, R-116, HFC-161, HFC-152a, and HFC-
143). These data are only used to validate the simulation
results of the LJ parameter sets identied in this work and do
not have GP models associated with them.

We use NLR to compute locally optimal sets of LJ parameters
(s and 3) for each atom type for the transferable FFs in this
work. This optimization relies on the availability of GP surro-
gate models, which map the LJ parameters and temperature to
the thermophysical properties of interest for each molecule in
Digital Discovery
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Fig. 1 AT-6b uses six data-informed atom types (CM, C1, C2, F, H, and Hc).
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the training set. Our previous work details a method for
generating such GP models.88,102 For this work, we use this
method to build GP models for HFC-41 and reuse the GP
models for the other HFCs trained in our previous work.88,102

Note that there is one GP model for each molecule and property
combination considered in the training set, for a total of 32 GP
models.

Finally, we compare experimental and predicted values using
the mean absolute percent deviation (MAPD) metric. MAPD for
each molecule and property is dened as:

MAPDm; p ¼ 100%

u

XTu

i¼T1

�����y
exp
m;p;i � ym;p;i

y
exp
m;p;i

����� (2)

where u represents the number of experimental data points
T˛T for a given molecule and property.
2.4 Primer on GPs

A GP is a probabilistic surrogate model that includes uncer-
tainty information about its predictions; it is particularly well
suited for low-dimensional and low-data applications, such as
the present problem.130–132 To explain GP models, consider the
case of training a GP with the predictions of molecular simu-
lations. Consider a molecular simulation data set with inputs of
temperature and LJ parameters denoted zT ;m ¼ fT ;sm; 3mg˛RP

and outputs of predictions for a thermophysical property
Digital Discovery
ypðzT ;mÞ˛R for an arbitrary molecule m˛M and property p˛P
over all temperature state points T˛T . For simplicity, consider
the full data set that we wish to predict using a GP as where
yp;m ¼ fypðzT ;mÞgcT˛T and ZT;m ¼ fzT ;mgcT˛T . Note that
hereaer the subscripts p, m, and T are omitted for brevity.

Furthermore, let y* correspond to predictions at new input
values Z*. The GP surrogate then assumes that y and y* follow
a multivariate normal (MVN) distribution which can be used to
estimate the uncertainty in the model.131,133 This distribution is
dened by the mean function mðzjhÞ : RP/R, and positive
semi-denite covariance matrix K(z, zjh) constructed using the
kernel function k : RP � R

P/R. Each element ki,j in this matrix
can be evaluated using a kernel function with respect to GP
hyperparameters, h. Therefore, the distribution can be written:"

y
y*

#
� N

 "
mðZÞ
mðZ*Þ

#
;

"
KðZ;ZÞ KðZ;Z*Þ
KðZ*;ZÞ KðZ*;Z*Þ

#!
(3)

For any GP model, the mean function m($) reects prior
beliefs about how input characteristics affect a function. For
this work, we use a linear mean function. The covariance matrix
K describes the extent to which model parameters are related.
GP models are created using an anisotropic kernel function of
the form:

k(zi, zj) = s2k*($) + cdnm (4)
© 2026 The Author(s). Published by the Royal Society of Chemistry
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For all the examples in this work, either an anisotropic
Matèrn 5/2 kernel or a radial basis function (RBF) kernel is
used.131

The Matèrn 5/2 kernel is given by the following expression:

k
�
zi; zj

� ¼ s2
 
1þ d

�
zi; zj

��‘� ffiffiffi
5

p
þ 5d

�
zi; zj

��‘�2
3

!

�exp
�
�d
�
zi; zj

��‘� ffiffiffi
5

p 	
þ cdnm

(5)

This kernel is dened by its smoothness, n ¼ 5
2
, and length

scales ‘. It is a particularly good choice for functions that are
twice differentiable. This kernel was chosen as the default for
modeling Pvap and rv based on higher empirical accuracy
compared to the RBF and Matèrn 3/2 kernel. The length scale
hyperparameters ‘ indicate the importance of each input
feature by scaling the Euclidean distance:

d
�
zi; zj

��‘� ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXP
p¼1

 �
Zi;p � Zj;p

�2
‘p

!vuut (6)

The RBF kernel is dened as:

k
�
zi; zj

� ¼ s2exp

 
� d

�
zi; zj j‘

�2
2

!
þ cdnm (7)

It also relies on length scales ‘. The RBF kernel is a good choice
for innitely differentiable functions and was chosen as the
default for modeling DHvap and rl, based on its higher empirical
accuracy compared to the Matèrn 3/2 andMatèrn 5/2 kernels. In
eqn (5) and (7) the hyperparameter s2 scales the entire base
kernel, and we model white noise by applying hyperparameter c
on the diagonal using the Kronecker delta dnm.

dnm ¼
(
1 if n ¼ m

0 otherwise
(8)

Hyperparameters h ¼ ½‘; s2; c� are inferred through
maximum likelihood estimation with the training data, in
which the logarithmic likelihood function of the GP is maxi-
mized using derivative-based nonlinear optimization. Note that
this problem is nonconvex and thus there are likely to be
multiple local maxima.131,134 Therefore, we implemented a mul-
tistart procedure in which hyperparameter optimization was
repeated three times using different initial guesses for h to nd
the most suitable set of hyperparameters. Aer conditioning on
the training data y and Z, the GP follows a (multivariate) normal
distribution with mean:

mGP(Z*) = K(Z*, Z)(K(Z, Z))
−1(y − m) (9)

and covariance:

SGP(Z*, Z*) = K(Z*, Z*) − K(Z*, Z)(K(Z, Z))
−1K(Z, Z*) (10)
© 2026 The Author(s). Published by the Royal Society of Chemistry
When we consider only one new point Z*, we use mGP and sGP
2 to

denote the scalar prediction mean and variance. Therefore, we
dene a GP prediction using its mean and standard deviation as
GP � N ðmGP; sGP

2Þ. We also eliminate the arguments for
convenience.

We reiterate that we train one GP model for each molecule
and property combination considered in the training set. These
GPs are used to optimize a set of LJ parameters for each
transferable refrigerant FF according to the atom typing
schemes dened in Section 2.2.
2.5 Primer on NLR

Consider a mathematical model f($,$),

y = f(X, q) + 3, (11)

where vector y are experimental measurements, matrix X are the
experimental input conditions, vector q are the unknown/
uncertainty model parameters, and vector 3 are the measure-
ment errors.

Next, we assume the random measurement error (and thus
experimental data) can be accurately described by a probability
distribution, such as the MVN distribution with mean 0 and
covariance Sexp:

y � N
�
fðX; qÞ;Sexp

�
: (12)

Using the assumed probability distribution, we can
construct the likelihood function:

L ðq; y1;.; ynÞ ¼ ð2pÞ�n=2
��detSexp

���n=2

�exp

0BBBB@�1
2
ðy� fðX; qÞÞuSexpðy� fðX; qÞÞ|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}

WSSE

1CCCCA
(13)

L ðq; yÞ is the probability of observing data y for a given instance
of the model parameters q. Taking the log yields the log-
likelihood function ‘ð$; $Þ:

‘ðq; y1;.; ynÞ ¼ �n
2

�
logð2pÞ þ log

��detSexp

���
�1

2
ðy� fðX; qÞÞuSexpðy� fðX; qÞÞ|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}

WSSE

(14)

In Frequentist statistics, unknown/uncertain model param-
eters q are inferred by maximizing L (or equivalently ‘), which
gives the maximum likelihood estimate (MLE) q̂. In the special
case where Sexp is known a priori, the rst term of eqn (14) is
a constant. The second term is the weighted SSE (WSSE). Thus,
under these conditions, minimizing WSSE is equivalent to
maximizing ‘:

q̂ ¼ arg max
q# q# q

‘ðqÞ ¼ arg min
q# q# q

WSSEðqÞ (15)
Digital Discovery
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2.5.1 Fisher information matrix. The Fisher information
matrix (FIM) quanties the information contained within
experiments {X, y} about the model parameters q within the
context of model f($,$). The FIM is dened as the expected value
of the second derivative (curvature) of the log-likelihood
function:135

FIM ¼ �E
�
v2‘ðqÞ
vq2

����q� (16)

Oen, this expectation is approximated by evaluating the
Hessian of ‘ at the MLE q̂. Furthermore, when eqn (15) holds,
the FIM is approximated using the Hessian of the WSSE:

FIM ¼ �E
�
v2‘ðqÞ
vq2

����q�z�
v2‘ðqÞ
vq2

�
q¼q̂

¼
�
v2WSSEðqÞ

vq2

�
q¼q̂

(17)

For the MVN distribution in eqn (12), each element of the
FIM is dened as follows:136

FIMj;j
0 ¼

�
vf

vqj

�T

S�1
exp

�
vf

vqj

�
þ 1

2
Tr

�
S�1

exp

vSexp

vqj
S�1

exp

vSexp

vqj

�
(18)

Oen these partial derivatives are evaluated at the MLE. When
the experimental error covariance, Sexp, is independent of the
model parameters, eqn (18) simplies:

FIMj;j
0 ¼

�
vf

vqj

�T

S�1
exp

�
vf

vqj

�
(19)

It is convenient to collect these partial derivatives into the
local sensitivity matrix,

F ¼

26666664
vf1

vq1
/

vf1

vqP

« ⋱ «

vfN

vq1
/

vfN

vqP

37777775; (20)

which allows the FIM to be compactly expressed as follows:

FIM ¼ FuS�1
expF: (21)

In this work, we scale all parameters q between 0 and 1 when
computing the FIM to improve interpretability.

2.5.2 Parameter precision. A key goal in statistical infer-
ence is to understand how the uncertainty in experimental
measurements, modeled as 3, propagates into uncertainty in
the estimate q̂. The Cramér-Rao bound states that the inverse of
the FIM is a lower bound of the variance of an unbiased
estimate:137

VbqdFIM�1 (22)

Here, Vq̂ is the covariance of the estimate q̂. It is common to
approximate Vq̂ z FIM−1.
Digital Discovery
2.5.3 Estimability and identiability. Parameter identi-
ability refers to the idea that the level of precision in the
parameter estimates is inuenced by the available data, model
parameterization, and model structure.138–141 Identiability is
oen categorized as structural or practical.140,141

Structural identiability is a theoretical property of the
mathematical model f($,$), independent of a particular data-
set.138 A parameter vector q is structurally identiable if, under
noise-free conditions, there exists a set of experiment designs X
such that there is a unique mapping between parameters and
model outputs:

f(X, q1) = f(X, q2) 0 q1 = q2 (23)

If this condition fails, two or more parameter sets can
reproduce identical outputs, and no amount of data or opti-
mization, i.e., changing X, can distinguish them. Structural
identiability thus depends only on the model form and
experiment observability. Symbolic or analytic methods (e.g.,
Taylor series methods,142 similarity transformation,143 differen-
tial algebra,144 and identiability tableaus145) are typically used
to assess structure identiability.146–148 However, these models
are oen difficult to implement and limited to small
systems.148,149

Practical identiability, also called estimability, concerns the
numerical precision and stability of parameter estimates when
experimental data are nite and noisy.148,150 Even if parameters
are structurally identiable, correlations between them or
insufficient data sensitivity can make the estimation ill-
conditioned.

In a local sense, practical identiability is oen quantied by
the FIM.148 The relationship between the FIM and parameter
precision Vq̂

−1, see eqn (22), can be further explained with
a geometric interpretation of the likelihood function, see eqn
(13) and (14). The log-likelihood function is said to be sharp
near the MLE if small perturbations in q cause large differences
between the measured data and model predictions, i.e., the log-
likelihood function (and WSSE under certain conditions)
increases signicantly. Mathematically, this means the log-
likelihood function exhibits strong curvature, the eigenvalues
of the Hessian matrix of the log-likelihood are large, and per
eqn (13) the FIM is also large.140 In other words, if the model
predictions are strongly sensitive to themodel parameters q, the
experimental measurements at conditions X contain signicant
information and the parameter estimates are precise, i.e., they
have small uncertainty.

2.5.4 Eigen-decomposition of the FIM. One standard
approach to investigate the estimability of a model and dataset
is to perform an eigen-decomposition of the FIM (or in special
cases a singular value decomposition of the local sensitivity
matrix F):

FIM = QLQ−1 (24)

where the columns of Q are the eigenvectors and the diagonal of
L are the eigenvalues. If the FIM has any near-zero eigenvalues,
© 2026 The Author(s). Published by the Royal Society of Chemistry
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then the corresponding eigenvectors indicate directions in
which the parameter values q can change with little impact on
the quality of t (e.g., log-likelihood or WSSE). For example, if
the eigenvector for a zero eigenvalue is in the direction of only
one parameter then that parameter is not estimable. More
oen, the eigenvectors show a linear combination of parame-
ters that are not estimable together. Therefore, modelers will
oen investigate the eigen-decomposition of the FIM to deter-
mine if any specic linear combination of model parameters are
consistently difficult to precisely estimate, i.e., are not practi-
cally identiable.

Expert intuition is oen required to inspect the eigen-
decomposition and determine actionable modeling outcomes
(e.g., x parameters, adjust model equations). To help stream-
line this process, we introduce the following heuristic:

qj ¼
XP
i¼1

li
��vi;j�� (25)

Here, qj approximates the contributions of parameter j to the
information contained in the FIM. li are the eigenvalues and vi,j
are the corresponding eigenvectors. The values of qj can be
found on GitHub151 for each atom typing scheme. See SI Section
S2 for additional discussion of this heuristic.

2.5.5 Estimability analysis and ranking. Estimability
rankings drawn from the FIM can be misleading. For example,
correlation matrices152,153 or collinearity indices,154,155 which
identify the linear dependencies in the columns of F, rely on
heuristic-based scaling factors.152,155 Eqn (25) does not explicitly
account for the degree of parameter correlation. However,
parameter correlation is common in FF optimization. The
orthagonalization approach initially proposed by Yao et al.139 is
particularly convenient as it quickly provides an unambiguous
ranking for parameter estimability. This work uses both the
Table 4 Algorithm 1

Algorithm 1 orthogonalization-based parameter estimability ranking
algorthim139

Given: scaled sensitivity matrix B
1: Compute the magnitude of each column in B.

The most estimable parameter is the
one corresponding to the column with
the highest magnitude. Set k = 1 for the rst iteration

2: Construct matrix Xk using k selected
columns from B. Each column
corresponds to a ranked parameter

3: Calculate Bk, the prediction of
matrix B, Bk = (Xu

k Xk)
−1Xu

k B
4: Calculate the residual matrix Rk = B − Bk

5: Compute the magnitude of each column
in Rk. The next most estimable parameter
is the one corresponding to the column
with the highest magnitude

6: Increase counter k by one and repeat
steps 2 to 5 until all parameters
have been ranked or step 3 fails due to matrix singularity

© 2026 The Author(s). Published by the Royal Society of Chemistry
eigen-decomposition of the FIM and the orthogonalization
approach of Yao et al.139 (Table 4) to examine the estimability of
the transferable HFC FFs proposed in this work. This algorithm
is applied to a scaled sensitivity matrix B, which approximates
parameter sensitivity to model predictions and is dened as:

B ¼

26666664
a1;1

vf1

vq1
/ a1;P

vf1

vqP

« ⋱ «

aN;1

vfN

vq1
/ aN;P

vfN

vqP

37777775
where an,j are user-selected scaling factors. We highlight that
the unscaled version of the matrix B (where an,j = 1c n ˛ N, j ˛
P) is the matrix F by denition. In this work, instead of using
arbitrary scaling factors a, we scale all parameters and property
predictions between 0 and 1 to ensure that all parameters and
properties are equally weighted.

In step 1 of Table 4, the most important column of B (which
corresponds to themost important parameter) is identied, and
in steps 2 and 3, it is used to create a linear reconstruction of the
original matrix. Step 4 calculates the difference between this
prediction and the original matrix, and step 5 uses this to
estimate the next most important parameter while also
accounting for parameter coupling. Thus parameters that
appear at the bottom of this list do not dramatically affect the
data either because the parameter is unimportant or because it
correlates with other more important parameters.

2.6 Calibration and atom type selection via data science
techniques

We hypothesize that considering estimability when designing
FFs helps improve transferability and reliability. However, most
prior efforts create generalized FFs by starting with a base set of
atom types, and adjusting the atom types based on expert
intuition and empirical evidence.7,21,156 While systematic opti-
mization of FF models is common, parameter estimability
insights are generally not considered.28,32,90,92,101 Therefore in
this work we use eigen-decomposition of the FIM and orthog-
onalization based estimability analysis techniques to inform
a set of atom types for a transferable HFC FF. These techniques
inform both the number of necessary atom types and dene
which chemical environments each should cover to maximize
transferability and accuracy aer optimization of the LJ
parameters with NLR.

2.6.1 The E½SSE� objective function. We minimize the ex-
pected value of SSE ðE½SSE�Þ objective function99 to calibrate the
FF parameters for a given atom typing scheme:bq ¼ arg min

q#q# q

gðqÞ (26)

where g(q) is dened as:

gðqÞ ¼ Tr
�
S�1

expSðT; qÞ
	
þ mrðT; qÞuS�1

expmrðT; qÞ (27)
Digital Discovery
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where

mrðT; qÞ ¼

26666664
y
exp
1;p;T � mGP;p

�
T; qAu

1

�
y
exp
2;p;T � mGP;p

�
T; qAu

2

�
«

y
exp
M;p;T � mGP;p

�
T; qAu

M

�

37777775
andX

ðT; qÞmm
0 ¼

X�
T; qAu

m ; T; qAu
m
0

	
; m;m

0 ¼ 1;.;M:

A full derivation of eqn (27) (ref. 157) is reproduced in SI
Section S3 for completeness. In eqn (26) and (27), M is the set of
molecules in the training set. yexpm,p,T and sexp,m,p,T

2 are the
experimental property values and measurement error (vari-
ance), respectively. The global (transferable) FF parameters, q =

[s, 3] are optimized between bounds of q and �q. This objective
function relies on the transformation matrix Am that maps the
transferable FF parameters dened by a given atom typing
scheme to the different FF parameters used as GP input for
a given molecule (see Section 2.2). We note that this trans-
formation is possible only because the GP models use the
maximum number of chemically reasonable LJ parameters (and
therefore atom types) as inputs. For example, the GPs for HFC-
134a accept ten LJ parameters as inputs (ve atom types) which
allows uorine atom types to remain distinct from each other
when AT-8 is applied via matrix AHFC-134a. S

−1
exp is the inverse

covariance matrix of the experimental data. In this work, S−1
exp is

a diagonal matrix with the values of
1

sexp;m;p;T
2.

2.6.2 Matrix approximations. Eqn (27) is the expected value
of the SSE considering the stochastic nature of the GP
emulator.99 For simplicity, we assume MLE can be approxi-
mated by minimizing E½SSE�:bq ¼ arg max

q#q# q

‘ðqÞz arg min
q# q# q

gðqÞ (28)

Similarly, we approximate the FIM:

FIMz

�
v2‘ðqÞ
vq2

�
q¼q̂

z

�
v2gðqÞ
vq2

�
q¼q̂

¼ H (29)

where H is the Hessian of the E½SSE� (see eqn (27)) evaluated at
q̂:

H ¼

26666664
vgðqÞ
vq1vq1

/
vgðqÞ
vq1vqj

« ⋱ «

vgðqÞ
vqjvq1

/
vgðqÞ
vqjvqj

37777775
J�J

We now explore when eqn (29) is a reasonable approxima-
tion. Let us dene vectors, mGP= mGP;m,p,T andSGP= sGP;m,p,T

2c

n: = {m, p, T} ˛ N where N :¼ fM ;P ;T g.
With these denitions, the Hessian of eqn (27) included here

for convenience and derived in SI Section S4 is as follows:
Digital Discovery
Hj;j
0 ¼

�
v2gðqÞ
vqjvqj

�
q¼bq z

�
vmGP

vqj

�u

S�1
exp

�
vmGP

vqj

�

þTr

 
S�1

exp

v2SGP

vqj
2

! (30)

Recall that in this work,S−1
exp is a diagonal matrix with the values

of
1

sexp;m;p;T
2 and we assume that measurements are indepen-

dent across different molecules and temperatures.
Finally, let us consider the case where the GPmodel is a good

emulator of our original model and mGP($,$) z f($,$). Moreover,

assume the GP variance is smooth and
v2SGP

vq2j
z 0, and the

second term in eqn (30) is zero. Under these conditions, eqn
(30) is a reasonable approximation for eqn (19).

We compute H with a central nite difference method
implemented in . Similarly, we
approximate the refrigerant property predictions with GP
models, i.e., f($,$) z mGP($,$), and compute the matrix B for
Table 4 using a nite difference method ( ).
2.7 Molecular simulation specics and computing
environment

The Cassandra (version 1.3.1) package158 was used to perform
Gibbs ensemble Monte Carlo (GEMC) simulations to calculate
the VLE properties in set P at ve temperature state points for
each molecule using the unique optimal parameter sets dened
by the transferable FF optimization schemes described in
Section 2.2. The initial number of liquid and vapor molecules
was 640 and 160, respectively, and the liquid and vapor boxes
were randomly initialized using Packmol (version 20.16.1)159

through the Foyer soware (version 0.12.1).160 The liquid box
was pre-equilibrated for 2500 canonical ensemble (NVT) sweeps
and 5000 isothermal-isobaric ensemble (NPT) sweeps before
starting an equilibration GEMC simulation with at least 10 000
sweeps. The cutoffs of Coulombic and LJ interactions were
1.2 nm for the liquid box and 0.4 times the length of the vapor
box for the vapor box. As in our previous work, the following
settings were used:102 Ewald summation was applied for long-
range electrostatics with a relative accuracy of 10−5; all bonds
were xed at the nominal bond length; standard LJ tail correc-
tions were applied to pressure and energy; all other MC settings
can be found on the GitHub151 repository associated with this
paper.

We note that all the FFs developed here use xed bond
lengths, making them compatible with the Cassandra
package158 used to compute vapor–liquid phase equilibrium
properties. If exible bonds are desired, we recommend the use
of standard GAFF harmonic bond parameters in conjunction
with the LJ parameters proposed here, although care should be
taken since the optimization did not account for bond exi-
bility. To test how reliable this approximation is, we computed
liquid densities as a function of temperature with the GRO-
MACS package161 for all of the molecules in this study using the
LJ parameters from AT-6b and either rigid bonds or exible
© 2026 The Author(s). Published by the Royal Society of Chemistry
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bonds modeled with the GAFF harmonic bond potential. The
results of this study are available in SI Section S5. We observed
that differences in liquid densities between the exible and
rigid models are oen less than 1%, but can be up to 3% for
some molecules (see SI Table S2), suggesting that the use of
GAFF bond parameters is reasonable. SI Fig. S6–S18 show the
results for this study. For R-14, however, we observe that the
density of the exible bond model is signicantly higher than
both experiment and the rigid bond model (see SI Fig. S6). We
therefore do not recommend the use of GAFF exible bonds for
R-14. In future work, it would be useful to include bond exi-
bility in the parameter optimization workow.

We used the package (version
1.0.21)162 to create an on-the-y algorithm that detects when the
simulations had equilibrated. We considered an equilibrated
simulation to be any simulation in which at least 25% of the
total number of sweeps were considered stationary through
99% condence in rejection of the Augmented Dickey–Fuller
test null hypothesis.163 This test approximates the time-series
molecular simulation data as a high-order autoregressive
model with a constant mean and no trend and uses statistics to
reject the null hypothesis that a unit root is present in the data
(i.e., the data are non-stationary). When this test was not passed,
sweeps were added in increments of 2500 (10 000 sweeps for
systems that took more than 100 000 sweeps to equilibrate)
until equilibrium was reached. This method performs best
when the minimum number of equilibrium sweeps is large
enough to pass through metastable states. The

module is designed to split molecular
simulation data into equilibration and production (stationary)
data. Therefore, our in-house method risks failure when 7500
sweeps (75% of the total initial equilibrium sweeps) are insuf-
cient to reach equilibrium or when this method is applied to
production series data (in which all data are already equili-
brated). To account for this detail, this check was bypassed
when the simulations were restarted from already equilibrated
data. In addition, all simulations were manually checked
retroactively to ensure that liquid and vapor densities had both
equilibrated. When 10 000 equilibrium GEMC sweeps were
deemed too short, the initial number of sweeps was increased to
50 000. For future applications, we suggest a minimum of 50
000 sweeps to avoid apparent convergence problems.

Aer the system was equilibrated, a 100 000 sweep produc-
tion phase was completed. Three molecular simulations per FF,
molecule, and temperature were performed to obtain property
averages and standard deviations, which were used as estimates
of uncertainty. Usually, all three runs were started from
different initial congurations. However, if at any point the
system from one simulation completely vaporized or liquidated
or was otherwise unstable, a previous conguration was used to
collect production data for that run using a different random
number seed. Additionally, if production run densities showed
that the vapor and liquid GEMC boxes were exchanging iden-
tities at any point for a given conguration, which happens as
the critical point is approached, the production run data for
that conguration were not used during analysis. If two of the
© 2026 The Author(s). Published by the Royal Society of Chemistry
three simulations for a given temperature were unstable, the
system at that temperature was considered unstable and was
not included in this analysis. These systems can be identied
through their omission in the property prediction plots avail-
able at GitHub.151

All GP models are built in GPow version 2.9.2 (ref. 164) and
all kernels are implemented with a trainable Gaussian likeli-
hood variance. Maximum likelihood estimation is used to infer
hyperparameters using the L-BFGS-B optimizer165 via the Scipy
version 1.15.2 function.166 All runs
were completed using the University of Notre Dame Center for
Research Computing (CRC) on either dual 12-core Intel(R)
Xeon(R) CPU E5-2680 v3 processors at 2.50 GHz with 256 GB of
RAM or dual 32-core AMD EPYC 7543 processors at 2.80 GHz
with 256 GB of RAM.
2.8 Workow

Fig. 2 shows the workow used in this paper. We reuse the GP
models obtained in our previous work102 for each property of
interest for eachmolecule in the training set.102 Additionally, GP
models for R-41 were generated using the workow of Wang
et al. specically for this work.102 These pre-existing models are
represented by Fig. 2A. We begin the process of transferable FF
development and optimization by postulating an atom typing
scheme for the transferable FF (Fig. 2B). For the purpose of this
demonstration, AT-4, AT-8, and AT-6a were simultaneously
evaluated as examples of common approaches to transferable
FF design (start small, start highly customized, and start with
a pre-denedmodel). We caution that each atom type present in
the testing set should appear at least twice in the training set
and that atom types should be independent of each other.

Given an atom typing scheme, we generate a Latin Hyper-
cube Sample (LHS) of 105 LJ parameter sets and evaluate the
E½SSE� objective function at each of these sets using GPs as
a proxy for molecular simulations. We randomly select up to 25
nondominated parameter sets as starting guesses for minimi-
zation of the E½SSE� objective using the L-BFGS-B optimizer
(Fig. 2C). We then select all unique local minima, where
uniqueness is dened by an L2-norm of at most 0.05 between
any two local minima when the parameter values are scaled
between 0 and 1 based on the parameter bounds (Fig. 2D). Thus,
when the same local solution is found multiple times, only the
rst instance is considered unique.

We then advance all parameter sets with an average MAPD
(predicted using GPs) over all properties of interest smaller than
that of GAFF for at least half of the training set molecules to the
validation step (Fig. 2E). For this study, we only select the
parameter set with the lowest objective value for validation. We
validate the t for this parameter set by comparing molecular
simulation predictions with experimental data using MAPD
(Fig. 2F). For future work attempting to converge on a single
transferable FF model, if no locally optimal parameter set is
found where average MAPD values for at least three molecules
in the testing set are smaller than those of GAFF, the atom
typing scheme should be re-evaluated.
Digital Discovery
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Fig. 2 The workflow for systematically creating and calibrating a transferable force field.
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3 Results and discussion

This section is organized by ve key ndings summarized in the
subsection titles.

3.1 Six (data science informed) atom types empirically
minimize MAPD

Table 5 shows that AT-6b and AT-6a (six atom types) best
balance overall error compared to AT-4 (four atom types) and
AT-8 (eight atom types). For completeness, the data in Table 5
are visualized by molecule and property in SI Fig. S19. Similarly,
property predictions for each individual molecule can be found
on GitHub.151 AT-6b (data-informed) is more accurate than AT-
6a (optimized GAFF) and demonstrates the benet of data-
informed atom typing scheme development. Overall, AT-4 is
approximately 25% less accurate than AT-6b since it uses fewer
parameters, but performs within 5% accuracy of AT-6a on the
testing set, suggesting that using fewer optimized parameters
can be as effective as starting with a preexisting model. As
a result of having more parameters, AT-8 performs very well on
the training set, but oen performs poorly on molecules in the
testing set. This demonstrates the consequences of a model
with too many parameters. Unsurprisingly, GAFF is out-
performed by every atom typing scheme developed in this work.

Fig. 3 suggests that six (data-informed) atom types empiri-
cally balance training and testing set errors. As expected, the
accuracy on the training set increases with the number of
parameters, since all atom typing schemes are optimized to t
Table 5 Average MAPD (%) for different atom typing schemes. The
lowest values of each column are bolded

Atom typing
scheme Overall Train Test

AT-6b 18.37 18.68 17.88
AT-6a 19.95 19.04 21.40
AT-4 23.94 25.83 20.91
AT-8 27.32 9.33 56.12
GAFF 42.74 50.37 30.52

Digital Discovery
the same data. Notably, SI Fig. S19 shows that on the training
set, AT-8 can approach the accuracy of the customized FFs for R-
14 and R-50 generated by Wang et al. for all properties.102 This
observation highlights the well-known benets of improving FF
t by adding atom types as the scope of the FF expands.

For the testing set, the advantages of optimization and data-
informed FFs are evident. Fig. 3B shows that AT-6b (average
MAPD = 18.68%) predicts almost all properties more accurately
for both the testing and training set. As expected, AT-4 shows an
increased error on average across both training (average MAPD =
Fig. 3 Average MAPD for each thermophysical property of interest
(rl, rv, Pvap, and DHvap) for AT-4, AT-6a, AT-6b, and AT-8. Panel (A)
shows the results of the training set and Panel (B) shows the results of
the testing set.

© 2026 The Author(s). Published by the Royal Society of Chemistry
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25.83%) and testing set molecules (average MAPD = 20.91%)
compared to AT-6b. However, AT-6a and AT-4 perform similarly
on the testing set, indicating that usingmore parameters does not
necessarily increase accuracy. In fact, these results demonstrate
that it is oen just as reliable to use a simple model as to use an
optimized preexisting model, which drastically reduces the expert
intuition required for transferable FF design. Further supporting
this claim, while AT-8 performs exceptionally well on the training
set (average MAPD = 9.33%), it drastically underperforms on the
testing set (average MAPD = 56.12%). In fact, SI Fig. S19
demonstrates that property predictions for AT-8 are oen an order
of magnitude less accurate than other optimized models. This
highlights that data-informed atom types are more transferable to
molecules outside of the training set and highlights the poten-
tially severe consequences of adding atom types as needed to
account for a growing FF model.

We recommend AT-6b for a transferable one- and two-carbon
atom typing scheme because of its superior performance
compared against other atom typing schemes considered in this
work (see Table 3). Table 6 shows the LJ parameters associated
with this scheme. All FF parameters for each atom type and
molecule are available on GitHub.151
3.2 Data science techniques improve the transferability of LJ
parameters for one- and two-carbon HFCs

Table 7 shows the results of the estimability analysis and eigen
decomposition of the FIM for all postulated FFs. SI Table S4
shows the full numerical eigen-decomposition of the FIM for
the best performing atom typing scheme (AT-6b) and SI Tables
S5–S8 show the estimability analysis rankings for each AT
scheme compared to the rankings from eigen-decomposition of
the FIM. Finally, the numerical values of eigen-decomposition
of the FIM, the estimability analysis rankings, and the opti-
mized LJ parameters for all atom types generated in this work
are available on GitHub.151 Using Table 7 and the insights
below, we explain how the results of AT-4, AT-6a, and AT-8 were
used to propose AT-6b.

3.2.1 One F atom type is sufficient. The results for AT-4
demonstrate that LJ parameters of the one atom type for F
were the least important but most estimable (see SI Table S5).
The eigen-decomposition of the FIM for AT-8 showed that the
objective function was relatively insensitive to F4 and F1. The
estimability analysis showed that F1 was unreliably estimated
(see SI Table S8). These results suggested that fewer F atom
types were optimal. Given these results and the observation that
Table 6 Table of the optimal parameters for AT-6b

Atom type s (Å)
3

kB
ðKÞ

Cm 3.61 40.55
C1 3.32 55.50
C2 3.48 45.21
Hc 2.60 11.57
H 2.22 11.74
F 2.94 26.57

© 2026 The Author(s). Published by the Royal Society of Chemistry
the single F atom type in AT-6a (F) was highly estimable, AT-6b
was designed with only one F atom type.

3.2.2 Two H parameters are optimal. The analysis of AT-6a
(see SI Table S6) demonstrates the importance of available data
and atom type representation on optimization performance.
The eigen-decomposition of the FIM demonstrates that the H3

parameters were not estimable. The eigenvalues of zero were
associated completely with the H3 LJ parameters. However, this
is expected since HFC-23, the only molecule containing this
atom type, appears in the testing set. However, the H2 param-
eters were the most unreliable otherwise, despite the objective
function being most sensitive to them. So during optimization,
H3 parameters were optimized to many different values within
the bounds and 3H2

was consistently optimized to the upper
bound. In contrast, the analysis of AT-4 suggested that the
objective function was very sensitive to the LJ parameters of the
H atom type (H), but the estimability analysis showed that these
parameters were more difficult to estimate. These factors led to
the decision to design AT-6b with two H atom types, given the
reasonably high GP-predicted accuracy of AT-4. Tables 6 and SI
S7 conrm that for AT-6b, the objective function was less
sensitive to the less estimableH atom type andmore sensitive to
the more estimable Hc atom type that we proposed.

3.2.3 The Cm atom type is worthwhile to include. AT-4
predicted the properties for R-50 (methane) worse than any
other molecule. The estimability analysis for AT-8 suggested
that Cm, while not very important overall to the objective func-
tion, was fairly estimable overall. We hypothesize that the Cm

parameter reduces the property prediction error for R-50 in both
AT-8 and AT-6b by compensating for the errors attributed to the
unreliable H parameters.
3.3 Property prediction accuracy is maximized by optimizing
data-informed models

Fig. 4 compares the computed coexistence densities of R-14
(Fig. 4A) and HFC-143 (Fig. 4B) with experiments. This, along
with the results in Table 5 demonstrates the benet of opti-
mizing LJ parameters. Recall, GAFF and AT-6a use the same
atom types. However, the LJ parameters of AT-6a were tuned to
HFC data using this workow, while GAFF is an off-the-shelf
generalized FF. As expected, AT-6a reduces the overall MAPD
over all properties by approximately 53% compared to GAFF.
Fig. 4B and 5 suggest that the F atom type LJ parameters for
GAFF are less accurate for one- and two-carbon HFCs than those
of other FFs in this work. For example, the predictions for R-14
are worse for GAFF compared to AT-6a and AT-4, despite the C
atom type parameters of each being nearly identical. However,
we also highlight that AT-4, which uses four instead of six atom
types and required minimal expert intuition to inform the
structure, reduced the overall average MAPD values by 44%
compared to six non-optimized atom types (GAFF) and had
MAPD values overall within 5% of those of AT-6a.

These results highlight that the proposed framework is
a simple and systematic method of creating transferable FFs.
GAFF took decades7 to develop and specic manually-tuned FFs
for HFOs have been in development for years.26 However, the
Digital Discovery
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Table 7 Results of estimability analysis and eigen-decomposition of the FIM. Symbols ‘+’ and ‘++’ represent high (+) or very high (++) estimability
(estimability analysis) or parameter importance (eigen-decomposition). The ‘−’ and ‘−−’ symbols indicate the opposite. Blue cell shading
represents parameters with both high estimability and importance while an orange cell shading indicates the opposite. These symbols are
assigned to parameters according to their value of themetric qjwhere ‘++’ denotes the top 25% of parameters with the largest qj values, and ‘−−’
denotes the bottom 25% with the smallest qj values

Fig. 4 Vapor–liquid coexistence curves with 95% confidence intervals
for R-14 (Panel (A)) and HFC-143 (Panel (B)) as representatives from the
training and testing set, respectively.
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process of re-optimizing the GAFF parameters to create AT-6a
based on existing HFC data was performed on a timescale of
days (once the workow was built) and only required an expert
to specify reasonable parameter bounds. The creation of AT-4,
which was similarly accurate to AT-6a, required even less
effort in terms of atom type postulation and optimization time.
Therefore, even when expert-informed models such as GAFF
exist, less complicated models can be quickly created without
sacricing accuracy by optimizing either a very simple model or
the existing parameters of an expert-informed model, as long as
some experimental data are available.

The AT-6b atom typing scheme was developed using data
science techniques and delivers more accurate predictions on
Fig. 5 The parameters for R-14 for AT-6a, AT-4, and GAFF and the
corresponding MAPD for Pvap and DHvap for the parameter sets.

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 6 Property predictions with 95% confidence intervals for Pvap and
DHvap for HFC-125 and HFC-23 as representatives from the training
and testing set, respectively. Panels (A) and (C) show the (natural
logarithm) of the predicted vapor pressure (ln(Pvap)) as a function of the
inverse of temperature (1/T). Panels (B) and (D) show the predicted
enthalpy of vaporization (DHvap) as a function of temperature T.

Fig. 7 The parameters for R-50 for AT-6a, AT-4, and GAFF and the
corresponding MAPD for Pvap and DHvap for the parameter sets.
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average (average MAPD = 18.37%) than AT-6a (average MAPD =

19.95%). We visualize this performance increase with Fig. 6
using Pvap and DHvap predictions for training (HFC-125 –

Fig. 6(A and B)) and testing (HFC-23 – Fig. 6(C and D)) set
molecules. There is a marked improvement from AT-6b over AT-
6a in both of these properties and molecules, highlighting the
benet of applying data analysis to inform the selection of atom
types.

Comparison of MAPD values across properties can be
misleading. For example, we note that the MAPD values for Pvap
and rv are higher in both the training and testing sets than for
other property values. This is an artifact of the magnitude of
these properties; large MAPDs tend to be associated with small
values ðOð10�1ÞÞ. Therefore, it is more important to compare
the MAPD values for a given property across different models
when evaluating model accuracy. SI gures on GitHub151 show
the property predictions for all molecules and FFs and suggest
that the predictions for Pvap and rl are generally reasonable,
despite their high MAPD values.

3.4 Trade-offs in prediction quality across molecules
suggests further opportunities for atom type optimization

Fig. 7 shows the LJ parameter values and corresponding MAPD
values for rl and DHvap for AT-4, AT-6a, and GAFF models of
methane (R-50). Despite the improved prediction accuracy of
optimized FFs compared to GAFF for most HFCs, Fig. 7 indi-
cates that GAFF predicts rl and DHvap signicantly more
© 2026 The Author(s). Published by the Royal Society of Chemistry
accurately than either AT-6a or AT-4 for R-50. This exception
highlights the importance of adequate atom type representa-
tion and special attention to parameter estimability for well-
rounded optimization. Fig. 7 thus provides direct insights
into the physical meaning of these parameters and the conse-
quences of poor estimability. For example, consider the values
of the 3H parameter employed by AT-6a to model R-50, which
represents the attractive strength of the atom. This parameter is
the second least estimable parameter overall for this molecule,
despite being the h most estimable parameter and the h
most important parameter to the objective overall (out of 12).
This parameter increases 37% from its GAFF value upon opti-
mization, but all other parameters between GAFF and AT-6a are
within 5% of each other. This suggests that the accuracy loss of
AT-6a compared to GAFF for R-50 is completely attributable to
the relative inestimability of 3H. Furthermore, since R-50
consists mainly of H atoms, prediction errors resulting from
less-estimable H atom type LJ parameters (and less realistic
atomistic behavior) are magnied for AT-6a, leading to the
increase in error for R-50 observed in Fig. 7 (despite this
molecule appearing in the training set). These problems are
compounded in AT-4, in which theH atom type is both the most
important to optimization and the least estimable. In this
example, 3H is optimized to a value 46% larger than its GAFF
value, while the sH parameter is 14% smaller. This represents
a smaller H atom with a signicantly higher attractive strength.
As a result of this optimized, but less realistic LJ model, the
errors for R-50 for AT-4 in Fig. 7 are much more pronounced
than they are for AT-6a. In support of this nding, Fig. 5 shows
that the predictions for R-14 for both AT-4 and AT-6a are
considerably more accurate than the R-50 predictions (espe-
cially compared to GAFF) since they are independent of the less-
estimable H atom type parameters.

During optimization, rv and Pvap errors are minimized at the
cost of rl and DHvap errors. We attribute this behavior to the
relative accuracy of the underlying GP models. Since the GP
models predict Pvap and rv (average MAPD 4.67%) less
Digital Discovery
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accurately than DHvap and rl (average MAPD 0.28%) on the GP
testing set (see SI Table S9), the objective function assigns
a larger penalty for increasing the predicted error of these
properties according to eqn (27). As a consequence, these
parameters are more inuential during optimization. Interest-
ingly, SI Fig. S19 demonstrates a few notable exceptions where
GAFF, despite being highly general, exhibits favorable MAPDs
for both Pvap and rv compared to other atom typing schemes.
These examples include HFC-23 and HFC-143 for both proper-
ties for AT-4 and AT-6a and rv for HFC-23 with AT-6b. This
suggests that errors in the GP models are prone to propagation
when using an E½SSE� objective function, especially on mole-
cules outside of the testing set. As future work, transformations
of GP outputs as 1/ln(Pvap) and 1/rv, which both exhibit a linear
relationship with respect to temperature T, may improve GP
accuracy.

SI Fig. S19 highlights an intriguing trade-off in the predictive
capabilities of AT-4 as a result of poor H atom type estimability;
AT-4 achieves better accuracy than AT-6a for HFC-23 and HFC-
143, yet performs worse on R-50. This nding motivates
future efforts to improve parameter estimability through further
restructuring of the FF. SI Fig. S19 offers a possible solution for
this case study as an example. AT-8, which has poor out-of-
sample predictions (testing set), best predicts the properties of
HFC-32 and HFC-41 in the training set. Further inspection
reveals the pattern that except for AT-8, all models studied in
this work, including GAFF, have lower MAPD values for two-
carbon refrigerants. As an alternative to using available data
to inform the design of a new set of LJ parameters for all
molecules, as is done in the development of AT-6b, one could
imagine using this information to design multiple transferable
models to increase the estimability of the atom types in each.
This line of thought is particularly interesting in the context of
GAFF, which despite its exibility, still experiences accuracy
trade-offs even aer optimization via AT-6a. For future work, we
therefore recommend the testing of two transferable models for
HFCs which are t to the data of one- and two-carbon refrig-
erants, respectively, but use only three atom types (C, H, and F)
each.

3.5 Gaussian process models signicantly speed up FF
calibration

The previous sections report the improved reliability and
accuracy of the optimized transferable HFC FF models. We now
quantify the computational benets of the proposed method.

Table 8 shows that, while evaluation speed decreases with
the number of parameters, one loss evaluation takes on the
Table 8 Computational performance comparison of different AT schem

Atom typing scheme Estimable atom types Loss evaluatio

AT-4 4 844
AT-6a 5 1211
AT-6b 6 2075
AT-8 8 4048

Digital Discovery
order of seconds or less. For clarity, we note that the number of
loss evaluations here includes the number used to compute the
Jacobian for optimization with a two-point nite difference
estimation.

The largest model under consideration (AT-8) required
approximately 70 minutes to optimize 16 parameters. The
smallest model (AT-4) requires less than ten minutes to opti-
mize its eight parameters, demonstrating the ability of this
method to rapidly calibrate FF models even as the number of
parameters increases. During optimization, the loss function is
evaluated many times, since traditional gradient-based opti-
mization techniques use nite differences to approximate
derivatives.167–169 However, we note that the time per loss eval-
uation (calculated as the total optimization time divided by the
number of loss evaluations) is still on the order of seconds. For
example, AT-8 takes approximately 70 minutes to optimize
using approximately 4050 loss evaluations for an average of one
second per evaluation of the objective function. Furthermore, in
this workow, one loss evaluation corresponds to 160 GP eval-
uations (ve temperatures, eight training molecules, and four
properties), which otherwise would need to be predicted from
40 (ve temperatures and eight training molecules) molecular
simulations.

To maximize FF accuracy, traditional NLR techniques could
be used to directly t LJ parameters in a FF to reproduce the
experimental data of interest using molecular simulations.
However, if molecular simulations had been used in place of GP
emulators during optimization of these FFs, the optimization
workow would have taken signicantly longer. For example,
consider AT-4 which required the fewest number of loss evalu-
ations to optimize. If all loss evaluations were run in series then
approximately 34 000 molecular simulations (40 molecular
simulations times 844 loss evaluations) would be necessary.
Assuming that each simulation takes approximately eight
hours, this optimization would require approximately 31 years
of wall-clock time to complete. However, molecular simulations
are oen parallelized. If we consider the conditions of this work,
where 100 simulations are parallelized at once, this optimiza-
tion time is reduced to 3.70 months. However, loss evaluations
can also be parallelized. Therefore, let us assume optimistically
that this optimization could be completed in 100 optimization
iterations and that all loss evaluations and molecular simula-
tions could be parallelized. In this optimistic case, FF optimi-
zation would still require approximately onemonth. In contrast,
this workow requires less than a second to evaluate the loss
function and on the order of minutes to complete LJ parameter
optimization. Thus, these results highlight the benet of using
es

ns Optimization time (min) Time per loss evaluation (s)

8.8 0.63
13.6 0.67
22.8 0.66
69.6 1.03

© 2026 The Author(s). Published by the Royal Society of Chemistry
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GP surrogate models to facilitate the optimization of LJ FF
parameters with NLR.
4 Conclusions and recommendations

Systematically building a transferable FF is difficult because it
requires simultaneously determining the best atom typing
scheme and the LJ parameter values. This paper demonstrates
the efficacy of ML and data science techniques to systematically
design and optimize transferable FFs. We stress that this
workow uses GP surrogate models to develop transferable FFs
for one- and two-carbon (HFC) refrigerants in weeks compared
to months or years for alternative approaches (e.g., gradient-
based optimization or stochastic heuristic search). For one-
and two-carbon HFC refrigerants, we identied the best per-
forming atom type (AT-6b: average MAPD = 18.37%) using
estimability analysis and eigen-decomposition of the FIM for
three alternative FF atom typing schemes (AT-4, AT-8, and AT-
6a). We highlight that this best model performs favorably
compared to both “off-the-shelf” GAFF (average MAPD =

42.74%) and the GAFF atom typing scheme with re-optimized
parameters (AT-6a: average MAPD = 19.95%). In particular,
considering the FIM helps select atom types with good predic-
tive performance on molecules omitted from the training data,
as demonstrated by the out-of-sample predictions for AT-6b
(average MAPD = 17.88%) and AT-6a (average MAPD =

21.40%). Moreover, applying data science techniques allows
smaller models (AT-4: average MAPD = 20.91%) to achieve
better out-of-sample predictions than optimized expert-
informed models with more atom types (AT-6a: average MAPD
= 21.40%). On the other hand, choosing an arbitrarily large
number of atom types can have signicant accuracy losses (AT-
8: average MAPD = 56.12%). This encourages the practice of
using available data to design small transferable FFmodels with
purposely selected parameters. This practice not only promotes
more defensible models, but also reduces the necessary expert
intuition and time requirements of FF design.

Finally, we address the limitations of the study and direc-
tions for future work, organized into three themes.
4.1 Future applications

Other promising applications of this workow include materials
such as ILs and deep eutectic solvents (DESs), which are chemi-
cally diverse17,170 and commonly studied for separations, as well as
electrolyte solvents used in battery applications. Because experi-
mental screening across these large chemical spaces is chal-
lenging, molecular simulation is frequently employed to guide
material selection and predict properties, although such predic-
tions require accurate force elds.117,171–177 However, even well
known molecules in these systems, such as glycerol (a popular
DES component) and diethylcarbonate (a common electrolyte),
lack accurate FF models.178,179 This encourages the prompt
adoption of the presentedmethods to develop better FFs for these
important molecules. We highlight that the same techniques
applied in this work for transferable FFs are also useful for the
creation of customized FF for other systems, although we
© 2026 The Author(s). Published by the Royal Society of Chemistry
anticipate several challenges for molecules with more complexity
than the relatively simple molecules studied in the present work.
Regardless, as the number of molecular classes studied using this
workow increases and more GP models become available, the
extension of this workow to creating a generalized FF becomes
more promising. However, the VLE data which are required for
the workow presented in this paper is oen limited for other
systems. Therefore, we recommend the extension of this method
to surface tension and viscosity data, which are more common.
Although surface tension and viscosity simulations oen yield
high variances and are computationally demanding, uncer-
tainties can likely be accounted for through GP modeling best
practices. We similarly encourage extending this method to use
both existing QM and physical property data, which could allow
for other FF parameters such as partial charges to be optimized if
desired. Outside of new molecules and properties, this study also
suggested that poor parameter estimability resulted in FF models
that predicted the thermophysical properties of two-carbon HFCs
better than one-carbon HFCs. These ndings justify the existence
of two-carbon HFC FFs in the literature86 and suggest that
designing separate transferable FFs for one- vs. two-carbon HFCs
is promising. Finally, we also acknowledge the importance of
validating the FF developed in this work on other molecules and
properties. For example, future work should consider validation
for larger refrigerant molecules (such as propane derivatives) and
the accuracy of structural or dynamic properties.

4.2 GP enhancements

The GP models could be improved in several ways. For
simplicity, this study neglects correlations between the
emulated physical properties by using scalar-output GPs.
However, thermophysical property values are oen correlated
and vector-output (multi-output) GPs would allow the correla-
tions between properties to be captured. Similarly, this study
only examines linear GP mean functions, although the rela-
tionship between the LJ parameters and the properties of
interest is unknown. Exploring nonlinear GP mean
functions and alternative feature or output transformations
(e.g., 1/ln(Pvap) vs. Pvap) could result inmore accurate GPmodels.
Additionally, we recommend iteratively retraining the GP models
during optimization as in BO180 to add targeted molecular simu-
lation data to the model and improve local surrogate accuracy.

4.3 Algorithm enhancements

We rst acknowledge the availability of other methods for
approximating the FIM181–183 and other objective functions, such
as the acquisition functions used in BO180 as potential
improvements to the current E½SSE� objective function. We
further recommend replacing L-BFGS-B, which was chosen for
convenience, with deterministic global optimization with
embedded GPs.184 Additionally, combining GPBO with multi-
objective optimization185 or regularization to FFs in literature28

would allow for the explicit weighting of each property in the
context of optimization while preventing overtting. Lastly,
future work should consider automating atom typing and
transferable FF construction from the numerical estimability
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results. This would further decrease the expert effort required to
propose, implement, and test new models.
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Nomenclature

Bold capital letters are matrices, bold lowercase letters are
vectors, and unbolded lowercase letters are scalars. The excep-
tion is variable T which is a scalar temperature.

Abbreviations
AT
Digital Dis
Atom type

AP
 Ammonium perchlorate

BO
 Bayesian optimization

DFT
 Density functional theory

DNN
 Deep neural network

DP
 Deep potential

E½SSE�
 Expected value of SSE

FF
 Force eld

FIM
 Fisher information matrix

GAP
 Gaussian approximation potential

GAFF
 Generalized AMBER force eld

GEMC
 Gibbs ensemble Monte Carlo

GP
 Gaussian process

GPBO
 Gaussian process Bayesian optimization

HFC
 Hydrouorocarbon

HFO
 Hydrouoroolen

HCFO
 Hydrochlorouoroolen

L-BFGS-
B

Limited-memory Broyden–Fletcher–Goldfarb–
Shanno with bounds
LHS
 Latin hypercube sampling

LJ
 Lennard-Jones

MAPE
 Mean absolute percent error

MAPD
 Mean absolute percent deviation

ML
 Machine learning

MLE
 Maximum likelihood estimate

MLIP
 machine-learned interatomic potential

MSE
 Mean squared error

MVN
 Multivariate normal
covery
NEP
© 2026 Th
Neuroevolution potential

NLR
 Nonlinear regression

NN
 Neural network

NNP
 Neural network potential

PES
 Potential energy surface

PINN
 Physics informed neural network

QM
 Quantum mechanics

RAD
 Relative absolute deviation

RMSE
 Root mean squared deviation

SI
 Supplementary information

SSE
 Sum of squared errors

VLE
 Vapor–liquid equilibrium

vdW
 van der Waals
Experimental data
DHvap
 Enthalpy of vaporization

M
 A set of molecules

N
 Number of experimental data points

rl
 Liquid density

rv
 Vapor density

Pvap
 Vapor pressure

P
 The set of properties rl, rv, Pvap, DHvap
Sexp($,$)
 Experimental data covariance matrix

sexp

2($,$)
 Experimental variance of a single experimental data
point
T
 Temperature

T
 The set of temperatures

u
 Number of temperature data points for a given

molecule and property

yexp
 Experimental data
Gaussian processes and kernels
c

e A
Kernel function variance parameter

d($)
 Euclidean distance

dnm
 Kronecker delta

GP
 Gaussian process model

h
 Gaussian process hyperparameters

k($,$)
 Gaussian process kernel function

K($,$)
 Gaussian process kernel matrix

‘
 Kernel function length scales

mGP($)
 Gaussian process prediction mean (vector)

N ð$; $Þ
 Normal distribution

SGP($,$)
 Gaussian process prediction covariance matrix

s2
 Kernel function scale parameter

y
 GP outputs

Z
 GP inputs
Force eld parameters
3

u

LJ parameter for well-depth

30
 Vacuum permittivity

g
 Nominal phase angle for dihedrals
thor(s). Published by the Royal Society of Chemistry
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kq
© 2026 The Au
Angle force constant

kf
 Torsion force constant

n
 Multiplicity

f
 Phase angle for dihedrals

q
 Partial charge

ri,j
 Distance between two particles i and j

s
 LJ parameter for van der Waals radius

q
 Bond angle

q0
 Nominal bond angle

V
 Potential energy
Optimization and data analysis symbols
A
 Transformation matrix mapping transferable LJ
parameters to the LJ parameters of distinct molecules
B
 Sensitivity matrix for Algorithm 1

F
 Parameter sensitivity Matrix for FIM

f($)
 Predictions of an arbitrary model

f($)
 An arbitrary model

g(q)
 E½SSE� objective function

H
 Hessian of g(q)

L ð$; $Þ
 A likelihood function (and log-likelihood function

‘ð$; $Þ)

le
 Eigenvalue

q
 Transferable LJ parameters for optimization of the

objective, q = [s, 3]

q
 Lower bounds for optimization for q

�q
 Upper bounds for optimization for q

q
 Importance metric for eigen-decomposition

vj
 Eigenvector
Data availability

All data underlying this study and all versions of the code with
which it was produced are available at genFF_public on GitHub
at https://github.com/MaginnGroup/genFF_public151 – https://
doi.org/10.5281/zenodo.17713215.

Supplementary information (SI): a PDF le containing the
atom typing scheme gures, preliminary results for AT-3, rele-
vant derivations and justications, results for the rigid bond
and exible bond implementations for AT-6b, eigen-
decomposition and estimability analysis results, the MAPD
results broken down by molecule and model, and the MAPD of
the testing set of the GP predictions for each molecule and
property. See DOI: https://doi.org/10.1039/d5dd00537j.

Acknowledgements

This research is based on work supported by the National
Science Foundation under award number EEC-2330175 for the
Engineering Research Center EARTH and under award number
EFMA-2029354 for the EFRI DChem project Next-generation
Low Global Warming Refrigerants. Computing resources were
provided by the Center for Research Computing (CRC) at the
University of Notre Dame. MC acknowledges support from the
thor(s). Published by the Royal Society of Chemistry
Graduate Assistance in Areas of National Need fellowship from
the Department of Education, grant number P200A210048.
During the preparation of this work the authors used Chat GPT
to properly format Table 7. Aer using this tool/service, the
authors reviewed and edited the content as needed and take full
responsibility for the content of the published article.

References

1 E. J. Maginn, AIChE J., 2009, 55, 1304–1310.
2 B. M. Wood, M. Dzamba, X. Fu, M. Gao, M. Shuaibi,
L. Barroso-Luque, K. Abdelmaqsoud, V. Gharakhanyan,
J. R. Kitchin, D. S. Levine, K. Michel, A. Sriram, T. Cohen,
A. Das, A. Rizvi, S. J. Sahoo, Z. W. Ulissi and C. L. Zitnick,
The Open Molecules 2025 (OMol25) Dataset, Evaluations,
and Models, arXiv, 2025, preprint, arXiv:2505.08762, DOI:
10.48550/arXiv.2505.08762.

3 D. Frenkel and B. Smit, Understanding Molecular
Simulations: From Algorithms to Applications, Academic
Press, 2002.

4 L. Wang, P. K. Behara, M. W. Thompson, T. Gokey, Y. Wang,
J. R. Wagner, D. J. Cole, M. K. Gilson, M. R. Shirts and
D. L. Mobley, J. Phys. Chem. B, 2024, 128, 7043–7067.

5 X. He, B. Walker, V. H. Man, P. Ren and J. Wang, Curr. Opin.
Struct. Biol., 2022, 72, 187–193.
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