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ABSTRACT

Obtaining phase diagrams from molecular simulations remains computationally demanding due to the need for extensive sampling of
coexistence conditions and large system sizes. This study demonstrates a novel methodology for efficiently predicting phase behavior in
Lennard-Jones mixtures by leveraging machine learning. Here, we train a Gaussian process (GP) model on Kirkwood-Buff Integrals (KBIs) to
establish a predictive link between KBIs and activity coefficients—a key thermodynamic quantity encoding deviations from ideality. Through
the incorporation of KBI trends, the GP model leads to the prediction of the activity coefficients of two new systems without prior knowl-
edge of their phase behavior, eliminating the need for direct coexistence simulations and significantly reducing computational cost. This

framework has broad applicability in computational thermodynamics, offering a scalable strategy for studying complex mixtures with tunable

interactions.

Published under an exclusive license by AIP Publishing. https://doi.org/10.1063/5.0286520

I. INTRODUCTION

Phase diagrams are fundamental tools in thermodynamics and
materials science, providing crucial insights into the stability and
transitions between different phases of matter under varying condi-
tions of temperature, pressure, and composition.”” Phase diagrams
help with the development of new materials, the improvement
of industrial processes,” and the design of separation techniques,’
such as distillation,* crystallization,” absorption,’ solubilization,’
and liquid-liquid extraction.®

Phase diagrams can be categorized based on the system under
study and the phases involved.” Furthermore, the parameters that
indicate phase transitions depend on the specific focus of the study. '’
The vapor-liquid equilibrium (VLE), which is of our particular
interest in this work, encompasses liquid and vapor phases with a
coexistence region that can be quantified through the construction
of the phase diagram.'' Despite their significance, the construc-
tion of phase diagrams remains expensive and time-consuming.
Experimentally, studying phase behavior is challenging due to the

complexities of synthesis and characterization depending on the
system under investigation.'””'* To overcome these challenges, the-
oretical approaches have been developed to model phase behavior,
which we briefly discuss in the following paragraph.

Traditional thermodynamic modeling, such as regular solution
methods'”' and Flory-Huggins theory,'” has been widely success-
ful, especially in VLEs using models such as the Non-Random
Two-Liquid (NRTL) model or Margules.'”'® These approaches rely
on excess Gibbs energy models fitted to experimental data, requiring
measured VLEs to compute activity coefficients before describing
phase behavior.!” While powerful for modeling and description,
they are inherently limited to systems where sufficient experimental
data exist."”'" "> Alternatively, phase diagrams can be obtained from
computational simulations, but these simulations are also costly. For
example, molecular dynamics (MD) simulations using direct coex-
istence methods require very large simulation boxes to maintain a
realistic interface-to-volume ratio and typically demand wide sweeps
over thermodynamic conditions.”””* Furthermore, MD simulations
that use free energy calculations, such as umbrella sampling, require
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long simulations and careful setup. Although Monte Carlo (MC)
methods remain the most popular for phase diagram construction,
they are computationally expensive due to the need for extensive
sampling across many thermodynamic states, especially in systems
with complex interactions or large particle numbers.”***

Instead of direct coexistence simulations, which require large
biphasic systems, long equilibration to stabilize both phases and
the liquid-vapor interface, and careful handling of interfacial stabil-
ity, our method uses only single-phase liquid simulations of binary
mixtures at fixed compositions. These homogeneous simulations
involve more than two times fewer particles than comparable coexis-
tence setups and equilibrate substantially faster, while still providing
Kirkwood-Buff integrals (KBIs) as structural input to the Gaussian
process (GP) model. Thus, there is a need for more efficient meth-
ods, and machine learning (ML) has the potential to bridge this
gap.})‘j”

Recent ML approaches to phase diagram construction employ
different methodologies depending on the type and availability of
data.’’ ™ The most common are deep neural networks (DNNs),
which can capture highly nonlinear relationships but typically
require extensive training datasets.’”> Alternatively, probabilistic
models, such as Gaussian processes (GPs), have been explored
for small data regimes, offering built-in uncertainty estimation
and improved generalization in sparse-data settings.’* In materi-
als science, GPs have been applied to model atomistic properties,
construct interatomic potentials,”” and predict phase behavior by
learning mappings between thermodynamic conditions and sys-
tem properties.”® In their work, Ladygin et al. combined GPs with
thermodynamic integration data to reconstruct free energy surfaces
and compute phase diagrams with quantified uncertainty. GPs also
enable active learning strategies, where uncertainty guides targeted
data acquisition.”® For example, they have been used to iteratively
guide molecular simulations toward phase boundaries, reducing the
total number of required simulations and improving efficiency in
phase diagram construction.’! Our work builds upon this class of
probabilistic models and introduces a novel approach that com-
bines thermodynamic and structural properties with a GP model.
We propose a ML-based approach using GP regression to develop
an efficient method for predicting activity coefficients (y) from
Kirkwood-Buff Integrals (KBIs),” 70373

Activity coefficients, a key thermodynamic quantity derived
from excess chemical potentials, govern phase behavior and describe
deviations from ideal solution behavior, providing essential infor-
mation about intermolecular interactions in phase equilibria.'’
Meanwhile, KBIs quantify the spatial correlations between par-
ticles in a given system, offering insights into local structural
organization.””"’ KBIs are calculated by integrating the radial
distribution functions (RDFs) obtained from simulation trajecto-
ries, thereby connecting the microscopic structure to macroscopic
thermodynamics.” ™"’ These two properties are connected in this
work using a GP model, enabling the prediction of activity coeffi-
cients from structural correlation data. For the training dataset, we
calculate activity coefficients from coexistence simulations and KBIs
from single-phase simulations for systems with different Lennard-
Jones interaction parameters. The trained model predicts activ-
ity coefficients for new systems based solely on KBIs calculated
from single-phase simulations, eliminating the need for coexistence
simulations.

ARTICLE pubs.aip.org/aipl/jcp

By training a GP on KBI derived from radial distribution func-
tions (RDFs)," " we establish a predictive framework that allows
us to map KBIs to activity coefficients. Using these predicted activ-
ity coefficients, we reconstruct phase diagrams that show reasonable
agreement with those obtained from biphasic MD simulations.
This workflow enables the construction of phase diagrams without
prior knowledge of activity coefficients, relying only on KBIs from
single-phase systems and the predictive power of the trained GP
model.

Il. METHODS
A. Molecular dynamics (MD)

The systems considered are binary Lennard-Jones (L]) fluids,
with a interatomic potential described by the following equation:*’

Oij ? Oij °
Us(r) =des| () = (5] |+ Ve @

where U, is a shifting term equal to the L] potential at the cutoff
distance, ensuring that the potential smoothly converges to zero at a
cutoff distance of 2.5¢0. The parameters ¢ and o represent the depth of
the potential well and the particle size, respectively. For the first and
second components, we set & = 1 and &; = 0.9, while 01 = 0, = 1. All
parameters are expressed in reduced Lennard-Jones units, where ¢
has units of energy and ¢ has units of length, and reported relative
to the L] parameters of component 1. L] parameters and simulation
conditions were selected based on the work of Stephan et al.*>*°

In this study, we fixed ¢ and o to reproduce established
Lennard-Jones phase diagrams and varied only the cross-interaction
parameter & to generate different levels of non-ideality. This
simplifying choice allows systematic benchmarking against well-
characterized systems, while still capturing a range of VLE behav-
iors. We note, however, that further work will be needed to test
generalization across other Lennard-Jones parameters and to extend
the approach to fluids with more complex intermolecular potentials.

The interactions between two different components were
determined using the following combination rules:

1
o1 = E(Gl +02), (2)

€12 = f\/ﬁ, (3)

where the scaling factor £ was set to values in the range [0.85,1.2] to
obtain systems with different VLE behaviors.">** The scaling factor
& is a tunable parameter for unlike the interaction energy; following
Stephan et al., it was selected to generate mixtures spanning differ-
ent VLE behaviors, including low- and high-boiling azeotropes. This
setup, in which particle sizes are fixed while interaction strength is
varied, provides a controlled model for mixtures with comparable
excluded volumes but differing cohesive energies, such as small non-
polar fluids,”” and facilitates comparison with prior L] coexistence
studies.

All molecular dynamics (MD) simulations were performed
using LAMMPS* under periodic boundary conditions at a reduced
temperature of T/T,, = 0.7 using a Nose-Hoover thermostat,"””’
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where T = 1.1e/kp and represents the critical temperature of com-
ponent 1.""" The simulation routine includes equilibration with
a production run of 4 x 10° steps for each molar fraction of each
system, at a time step of 0.001 7. A Nose-Hoover thermostat was
used for all simulations, and a Nose-Hoover barostat was employed
where necessary.”””’ All initial configurations were constructed
using PACKMOL."

As described in the supplementary material, to construct VLEs,
we performed vapor-liquid coexistence simulations. These were car-
ried out in a single elongated box containing both liquid and vapor
phases separated by an interface, from which density profiles and
vapor pressures were extracted. In Fig. S1 of the supplementary
material, we present exemplary plots of the vapor pressure and den-
sity profiles and resulting phase diagrams. We constructed three
different VLEs, as shown in Fig. S2 of the supplementary material.
Activity coefficients are then extracted from VLEs for GP output
and are tabulated in Table S1 of the supplementary material. For GP
input, we calculate KBIs using single-phase simulations, as described
in Sec. [T A 1.

1. Kirkwood-Buff integrals (KBls)

To compute running KBIs (Gf}), we first calculated RDFs
[g;(r)] for component pairs (1-1, 1-2, and 2-2) from the gen-
erated single-phase trajectories (Figs. S5-S7 of the supplementary
material)." """ The RDFs were obtained by histogramming inter-
particle separations into 1200 uniformly spaced radial bins up to
rmax = 50. The KBI values were then obtained from the following
integral, evaluated numerically as a discrete sum (rectangle rule)
for the running KBIs, with final values obtained using trapezoidal
integration over the RDF grid:

G,‘-’f = fooo lgii(r) - 1]47Ir2 dr. (4)

The Kirkwood-Buff integral (KBI) in Eq. (4) is defined in
the thermodynamic limit, that is, for an infinite system. However,
molecular simulations are inherently finite, which introduces size-
dependent errors in the direct evaluation of the KBI. To address
this, Kriiger ef al.*! proposed a finite-size correction that modifies
the integrand to account for the finite spherical volume of diameter
(L). The corrected form is shown in the following equation and can
be used to compute G¥ (L) for different system sizes:*

GY(L) = f0L4nr2[g,-j(r) - 1](1 - %(%) . %(%)3)&. )

By plotting the computed KBI values against 1/L, 1/V, or
1/L°, and extrapolating to zero, one can recover the infinite-
volume limit Gi°, since L — oo implies 1/L — 0 (Figs. S8-S10 of
the supplementary material). This approach significantly improves
convergence and accuracy in estimating KBIs from finite-size
simulations. The corrected KBI values in Tables S2-S4 of the
supplementary material that are obtained from this procedure were
subsequently used to input the GP model for training.

2. Single-phase MD simulations

For these systems, a cubic box with dimensions 400 x 400
x 400 was packed with 16 000 particles, resulting in a starting den-
sity of ~0.25¢™>. This liquid-phase density is allowed to equilibrate

ARTICLE pubs.aip.org/aipl/jcp

in an NPT ensemble at a reduced pressure of 1. After equilibration,
we perform the production run in the NVT ensemble for 4 x10°z.

B. Gaussian process (GP)

The GP model** was implemented using the Python package
GPflow™® to predict activity coefficients (y) from Kirkwood-Buff
integrals (KBIs) extracted from single-phase MD simulations. This
means that the ML task can be defined as

yi(x2) = GP([G11(x2), G12(x2), Gaz(x2) ]). (6)

Here, the notation GP([-]) is shorthand to indicate that the activ-
ity coefficients are modeled as the outputs of a GP, with Gi1, Gi2,
and Gy, at a given composition x, as input features. In practice,
this means that the GP learns a distribution over possible functions
mapping KBIs to activity coefficients, rather than a fixed parametric
form, with a mean prediction and associated predictive variance.

As a non-parametric stochastic approach,”” GPs capture uncer-
tainty in predictions and are particularly effective for learning com-
plex relationships between thermodynamic properties with small
and scarce datasets.

We tested multiple kernel combinations and normal-
ization strategies and found that selecting an appropriate
kernel-normalization pairing was critical for improving pre-
diction accuracy across systems with varying interaction strengths.
Given the very limited dataset (five systems in total), we employed
a two-way split (training/testing) without a separate validation set,
as further subdivision would leave too few samples for meaningful
training. Model selection was, therefore, guided by performance on
held-out test systems, observing whether predictions reproduced
the corresponding MD results, together with the uncertainty
estimates provided by the GP model. This limitation will be
addressed in future work by expanding the dataset to enable a full
train/validation/test protocol. Toward this end, a composite kernel,
formed by the product of a Matern12 with a polynomial and a linear
kernel, was employed to model correlations in the data, with a white
noise kernel added to account for observational noise.””” Feature
and label normalization was performed using standardization, as it
yielded the best predictive performance. The model was optimized
using the SLSQP algorithm.

Certain systems with available phase diagrams in the litera-
ture® were used as training data for the GP. Meanwhile, the testing
set consists of systems that exhibit different levels of non-ideality
to those available in the literature. Table I lists the systems consid-
ered in this work, along with their status as training or testing data
for the GP.

TABLE . List of VLE systems studied in this work.

System & System usage
1.2 Training
1.1 Testing
1.0 Training
0.9 Testing
0.85 Training
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C. Activity coefficient and VLE relationship
in thermodynamics

To obtain ground-truth activity coefficient values for both the
training and testing sets, activity coefficients are extracted from the
phase diagram using the following relation:

X p
Vi= T ™
X; pi

where y, is the activity coefficient of component i, x} is the vapor-

phase molar fraction, xl is the liquid-phase molar fraction, p is
the total pressure, and p;* is the saturation vapor pressure of pure
component i.

Finally, to use the GP model in inference mode—for sys-
tems where the phase diagram and, hence, partial pressures are
not known—the predicted activity coefficients y; and the known
saturation pressures pi** of each pure component extracted from
interface simulations are used to reconstruct the phase diagrams of
new systems. The partial pressure of component i in the vapor phase

satisfies
pi=xi p=xi pipe ®)

Consequently, the total vapor pressure is given by
p=Y % p"e ©

This formalism allows us to go from VLEs to activity coeffi-
cients and also from activity coefficients to VLEs, given the saturated
pressure of pure components.

I1l. RESULTS AND DISCUSSION
A. ML-generated phase diagrams
1. Data preparation

For input data to the GP model, we calculated KBIs using
single-phase simulations following the procedure outlined in Secs.
[T A 1and Il A 2. The smoothness and consistency of the KBI profiles
in Fig. 1 indicate sufficient statistical sampling in the single-phase
MD simulation, ensuring reliable structural correlations. Figure 1
shows that KBIs follow a systematic and unique trend with respect
to molar fractions for different interactions and systems. More-
over, the trends of Gi1, Gi2, and Gz, exhibit systematic variations
across different interaction strengths &, which quantifies the strength
of cross-interactions relative to like-species interactions. For lower
&, where 1-1 and 2-2 interactions are more favorable than 1-2,
G increases with increasing x, as shown by the brown and green

ARTICLE pubs.aip.org/aipl/jcp

lines, whereas for higher &, where 1-2 interactions dominate, Gy,
decreases with x; as shown by the red and blue lines in Fig. 1(a). In
contrast, G, generally decreases for lower & as shown by the green
and red lines, while it increases with increasing x, for higher & as
shown by the red and blue lines in Fig. 1(c). The purple lines in
Figs. 1(a)-1(c) represent KBIs for the intermediate case of & = 1 for
which Gi1, Gi2, and G, remain nearly constant.

G2 presented in Fig. 1(b) captures cross correlations between
components 1 and 2, showing a maximum or minimum around
x2 ~ 0.5. A peak appears in Gy, for higher ¢ shown with a blue
line, while a minimum is observed at lower interaction parameters
shown with a brown line. As an indication, Fig. 1 suggests that G2
decreases with a decrease in interaction strength of £. The shift in
G2 trends aligns with the phase boundaries shown in Fig. S2 of the
supplementary material, emphasizing the role of cross-interactions
in phase behavior. The variations in Gi; and G, at different & further
correlate with coexistence regions, demonstrating how interaction
strengths influence phase stability. As described in Sec. II, KBIs and
activity coefficients are used as the input and target data for the GP
model, respectively. As described in Sec. II, the activity coefficients
are calculated from the constructed phase diagrams in Fig. S2 of the
supplementary material using Eq. (7).

Using the procedure described in the supplementary material
using coexistence simulations, VLE phase diagrams that are shown
in Fig. S2 of the supplementary material were constructed, confirm-
ing that the VLEs generated in this work consistently align with the
MD results in the literature™*° for a variety of VLE non-idealities.
We were able to reproduce results for VLE systems exhibiting both
low- and high-boiling azeotropes, as shown in Figs. S2(a) and S2(c)
of the supplementary material, respectively, and a system with no
azeotropic behavior, as shown in Fig. S2(b) of the supplementary
material. As described in Sec. IT C, the activity coefficients as output
for GP were extracted from VLE phase diagrams. We present the
KBIs and activity coefficient values used for training of GP in Tables
S1-584 of the supplementary material .

2. Fitting the GP model (predicting y;)

Leveraging these extracted KBIs, the GP model is trained and
is shown to successfully map KBIs to activity coefficients, as shown
in Fig. 2. The model was then used to predict the activity coefficients
of two new systems using only their KBIs, eliminating the need for
direct phase equilibrium simulations and significantly reducing the
computational costs. Figure 2 shows the predicted activity coeffi-
cients p, and y, as a function of the molar fraction of the second
component (x;), comparing values obtained from MD simulations
and GP predictions.

R sfpeces %5

$§: ' FIG. 1. KBI plots from single-phase cubic
= ifz a systems used to train the GP model
G oo B oo for three different activity coefficients
o (a)~(c). The brown, green, purple, red,
and blue lines represent results associ-
-5 -5 — ated with & = 0.85,0.9, 1.0, 1.1,and 1.2,

0.0 0.2 04 0.6 08 1.0 0.0 0.2 04 06 08 1.0 0.0 0.2 04 0.6 0.8 1.0

T2 T2
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FIG. 2. Activity coefficients y, (a) and y, (b) as a function of molar fraction x,,
obtained from MD simulations (markers) and GP predictions (dashed lines). The
solid circles represent training data, while the hollow squares denote test data. The
shaded regions around the GP predictions indicate the 95% confidence intervals
derived from the GP predictive variance. The close agreement between MD and
predicted values, together with bounded uncertainties, demonstrates the model's
ability to generalize across systems with different interaction strengths.

As described in Sec. II, we selected a multiplication of
Matern12, polynomial, and linear kernels. Furthermore, labels and
features were standardized using z-score normalization. It was
observed that a single GP model trained on Gi1, G2, and Gz, to
predict both y, and y, gave accurate and consistent results across
all systems tested. While p, and y, are predicted independently
within the model, they share the same input features. Using Gaussian
processes together with thermodynamic consistency checks allows
us to capture their interdependence and improves generalization
compared to training two separate models. "%

Table S7 of supplementary material summarizes the GP-
predicted and MD-generated activity coefficients for test data. The
two subplots in Fig. 2 illustrate strong agreement between the pre-
dicted p, and p, values and MD data, particularly for the new
systems where the GP model had no prior knowledge of their activity
coefficients.

Importantly, the model accurately captures both positive and
negative deviations from ideality across a wide range of interaction
strengths, as evidenced by the close alignment of predicted values
with molecular dynamics (MD) data. To further assess model perfor-
mance, a parity plot is shown in Fig. 3, where the predicted activity
coefficients are plotted against their MD counterparts. Training data
for y, and y, are shown as solid blue and red circles, respectively,
while test data are displayed as hollow squares. The proximity of
all points to the parity line confirms the model’s robustness and
generalization across systems with varying £ values.

3. Model inference (constructing predicted phase
diagrams)

To show whether this level of agreement in y, translates to
accurate prediction of phase diagrams, the predicted activity coef-
ficients together with the known saturation pressures p;* of each
pure component were used to reconstruct the phase diagrams of the
two new systems using Eq. (9). Figure 4 displays the predicted phase
diagrams for the test data, constructed using GP-predicted activity
coefficients. While the GP provides a predictive distribution for the
activity coefficients, these are visualized as +1.96¢ bands in Fig. 2,

ARTICLE pubs.aip.org/aipl/jcp
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FIG. 3. Parity plot comparing predicted and MD-derived activity coefficients for
both training and test systems. The solid circles represent training data (y, in blue
and y, in red); the hollow squares indicate GP predictions on the test systems.
The dashed line is a parity line for perfect agreement.

00 02 04 06 08 1000 02 04 06 08 1.0
T2 Z2

FIG. 4. Phase diagrams for test data constructed from GP-predicted activity coef-
ficients (green) and compared with our MD results (pink). (a) & = 0.9 and (b)
& =1.1. Mean GP predictions are shown for clarity; the full propagated uncertainty
is provided in the supplementary material (Fig. S15).

propagating this uncertainty through Egs. (8) and (9) to obtain pres-
sure bounds results in very wide confidence intervals, as shown in
Figure S15, due to the high sensitivity of the vapor pressure to y.
For clarity, we, therefore, present only the mean GP-predicted phase
diagrams in Fig. 4, while the propagated uncertainty is shown in the
supplementary material (Fig. S15) at the 1o level for visibility.

A direct comparison with MD-generated phase diagrams
demonstrates reasonable agreement, validating the predictive capa-
bility of the GP model across systems with different interaction
strengths. To assess the thermodynamic consistency of the pre-
dicted activity coefficients, we examined their compliance with the
Gibbs-Duhem relation and computed the excess Gibbs free energy,
as shown in Figs. S13 and S14 of the supplementary material . These
analyses provide local and global validation of thermodynamic con-
sistency, respectively. Furthermore, the ability to reconstruct phase
behavior solely from structural data represents a significant advance-
ment in reducing the computational cost associated with phase
equilibrium calculations.
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The overall agreement across all figures demonstrates the effec-
tiveness of integrating MD simulations with machine learning for
phase behavior predictions. The strong correlation between KBIs
and thermodynamic properties enables a substantial reduction in
computational cost while maintaining high accuracy using GP.
By successfully predicting phase diagrams for test systems with-
out prior knowledge of their phase behavior, this approach estab-
lishes a promising framework for efficiently modeling complex fluid
mixtures.

The training set considered here is limited to nearly symmet-
ric Lennard-Jones mixtures with equal particle sizes, similar well
depths, and variation only in &, chosen to benchmark the framework
against reference phase diagrams. Within this restricted setting,
KBIs are formally derived from pair correlations, but they implicitly
encode the influence of all interactions present in the simulation,
since gij(r) reflects the collective outcome of many-body forces.
Nevertheless, KBIs do not capture higher-order correlations explic-
itly, and this limitation may become important in systems with
strong asymmetry or near critical points owing to collective fluctu-
ations. For the Lennard-Jones mixtures considered here, the three
KBIs (Gi1,Giz,and Gz,) provided sufficient information to repro-
duce activity coefficients, but more complex systems may require
additional structural descriptors beyond KBIs. This study focuses
exclusively on binary mixtures; extension to multicomponent sys-
tems, while conceptually straightforward within the KBI-GP frame-
work, will require addressing the increased number of KBIs and the
need for larger training datasets.

Although the GP model predicts y, and y, independently, we
verified that the results broadly satisfy thermodynamic consistency
through checks of the Gibbs-Duhem relation and the excess Gibbs
free energy ( Figs. S13 and S14 of the supplementary material).
Embedding these constraints directly into the learning model, for
example, using physics-informed Gaussian processes or related con-
strained formulations,””** would provide a systematic way to ensure
consistency but may also reduce predictive flexibility in small-data
regimes. Physics-informed neural networks (PINNSs) and related dif-
ferentiable models have also been proposed for activity coefficient
prediction,”  but these typically require large datasets, whereas
Gaussian processes are more effective in the small-data regime
considered here. Finally, investigating the fidelity of KBIs against
analytic or semi-analytic benchmarks (e.g., Widom-Rowlinson,®’
Percus-Yevick,” or lattice regular solution models) would pro-
vide complementary validation, which we identify as an interesting
direction for future work.

IV. CONCLUSIONS

This study introduces a novel methodology for efficiently pre-
dicting phase behavior in Lennard-Jones mixtures by integrating
molecular dynamics (MD) simulations with Gaussian process (GP)
regression. This approach enables a cost-effective strategy for deter-
mining activity coefficients and phase diagrams using only single-
phase simulations, significantly reducing the computational expense
associated with extensive phase equilibrium calculations. By map-
ping Kirkwood-Buff integrals (KBIs) to activity coefficients via GP,
we developed a predictive model capable of accurately estimat-
ing activity coefficients for new datasets based on KBIs extracted
from single-phase simulations. This framework is broadly useful in

ARTICLE pubs.aip.org/aipl/jcp

computational thermodynamics—for quickly estimating phase dia-
grams in model systems, exploring mixture behavior across different
interaction strengths, and supporting the development of force
fields or coarse-grained models that capture non-ideal mixing. Its
effectiveness relies on using sufficiently large systems for accurate
sampling of KBIs and selecting training data that represent the range
of conditions relevant to the systems of interest. While demonstrated
here for Lennard-Jones mixtures, where deviations from ideality
arise from generic size and energetic disparities rather than chem-
ically specific interactions, the GP-KBI framework can, in principle,
be extended to chemically realistic systems, since KBIs also encode
more specific contributions, such as hydrogen bonding and electro-
statics. Extending the methodology to such systems is an important
direction for future work.

SUPPLEMENTARY MATERIAL

See the supplementary material for additional plots: refer-
ence phase diagrams extracted from coexistence simulations, RDF
[g;(r)], KBl integrand [Gji(r)], KBI running integrals [G}]{(r)], and
a table of activity coefficients of test systems.
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The GitHub repository of this project contains example
MD input files, activity coefficients and KBI data in Excel for-
mat, and Python scripts—including the GP model—to repro-
duce all figures in the main text and the supplementary material:
https://github.com/mfarshad1/KBI-GAMMA-GP.
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