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 A B S T R A C T

Many-body interactions play an important role in accurately modeling high-pressure thermodynamic and 
transport properties of real fluids. However, analytically resolving many-body interactions is computationally 
prohibitive. This work introduces a physics-driven statistical mechanics framework, which establishes a 
many-body virial (MB-Virial) equation of state (EoS) to compute real-fluid thermodynamic and transport 
properties. For predictions of compressibility, enthalpy, heat capacity, and viscosity, MB-Virial EoS consistently 
outperforms previous pairwise models. For polar species like H2O and NH3, it accurately captures the non-
linear behaviors of the properties above within 15% errors between 1-600 atm, while pairwise models reach 
270% errors. For long-chain alkanes such as n-C5H12, MB-Virial EoS maintains errors below 10% for heat 
capacity and viscosity predictions, whereas pairwise models often diverge beyond 50 atm. By accelerating 
computations 104 times faster than quantum calculations while maintaining an accuracy of < 0.1 kJ/mol, the 
MB-Virial approach offers a universal framework for many-body thermodynamic and transport predictions with 
various deep potential (DP) models, enabling next-generation simulations of supercritical fluids.
Novelty and significance statement

This work introduces a physics-driven statistical mechanics framework, the MB-Virial EoS, to compute 
real-fluid thermodynamic and transport properties. In this framework, various deep potential models are used 
to compute virial coefficients of the MB-Virial EoS directly from statistical mechanics, enabling systematic 
corrections to thermodynamic and transport properties, including enthalpy, heat capacity, viscosity, and 
thermal conductivity, over a wide range of temperatures and pressures. By explicitly linking microscopic 
many-body interactions with macroscopic fluid behavior, the MB-Virial EoS provides a general physics-driven 
statistical mechanics framework for formulating real-fluid properties directly from underlying potential models.
 

1. Introduction

Accurate predictions of thermodynamic and transport properties of 
real fluids are essential across a wide range of scientific and engineer-
ing processes, including energy conversion, heat and mass transfer, 
environmental modeling, and aerospace propulsion [1–4]. In partic-
ular, the access to real-fluid properties with high accuracy remains 
challenging under high pressure and non-equilibrium scenarios such as 
rocket propulsion, high-pressure combustion engines, spacecraft reen-
try, petroleum extraction, s-CO2 power cycles, etc. [5–8]. In these 
regimes, standard modeling assumptions, most notably the ideal-gas 
behavior, begin to break down. As pressure rises above 200–400 atm, 
particularly in supercritical or compressed-fluid states, traditional pair-
wise potential models [9–13] can produce errors as large as 200% in 
predicting viscosity, thermal conductivity, and heat capacity.
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These predictive failures originate from the drastic reduction in 
intermolecular spacing at elevated pressures, which induces severe 
overlaps among electron clouds and gives rise to polarization coupling 
and anisotropic many-body interactions [14]. Unlike dilute systems, 
where interactions can often be approximated as pairwise-addictive and 
isotropic, dense fluids, particularly those containing polar species, long-
chain hydrocarbons, or reactive radicals, exhibit pronounced anisotropy
and cooperativity [15,16]. Such effects generate non-additive contri-
butions to the potential energy surface (PES) that are fundamentally 
inaccessible to two-body models [17]. As a result, real fluids in these 
regimes display complex behaviors, including continuous phase tran-
sitions, nonlinear thermodynamic responses, and sharp gradients in 
transport properties that deviate markedly from classical EoS [18].

Traditional semi-empirical approaches rely heavily on experimental 
measurements to parameterize or fit equations of state, such as van der 
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Table 1
List of symbols.
 Symbol Description Units  
 𝐸𝑥 Energy of system 𝑥 J  
 𝑝 Pressure Pa  
 𝑉𝑚 Molar volume m3/mol  
 𝑉 Volume m3  
 𝑇 Temperature K  
 𝑅 Ideal gas constant J/mol/K 
 𝑁𝐴 Avogadro constant /mol  
 𝑘𝐵 Boltzmann constant J/K  
 𝐵(𝑇 ) Second virial coefficient m3/mol  
 𝐶(𝑇 ) Third virial coefficient m6/mol2 
 𝜑 Intermolecular potential J  
 𝑟 Intermolecular distance m  
 𝑍 Compressibility factor –  
 𝐻𝑚 Molar enthalpy J/mol  
 𝑆𝑚 Molar entropy J/mol/K 
 𝐶𝑝,𝑚 Molar heat capacity at 

constant pressure
J/mol/K 

 𝜂 Viscosity coefficient μPa  s  
 𝐷 Diffusivity coefficient cm2/s  
 𝜆 Thermal conductivity W/m/K  
 𝑏0 gas volume constant 

(𝑏0 =
2
3
𝜋𝑁𝐴𝜎3)

m3/mol  

 𝜎 molecular diameter m  
 𝜖 Potential well depth J  
 𝑦 Correction factor from the 

partial derivation of the 
equation of state

–  

Waals (vdW) [19], Redlich–Kwong (RK) [20], Soave–Redlich–Kwong 
(SRK) [21], and Peng–Robinson (PR) [22] models. However, in ex-
tremely high-pressure environments where experimental data are scarce
or unavailable, their predictive accuracy deteriorates sharply [23–26]. 
Alternatively, high-level quantum chemistry calculations or other first-
principles methods are highly required for predicting these real-fluid 
properties. For example, Bai and Zhang [9–13] employed the Virial 
EoS with ab initio pairwise potentials, the Lennard-Jones (LJ) [27,28] 
and Boltzmann-weighted Full-dimensional (BWF) [12] models, which 
improved predictions up to 200–400 atm. Nevertheless, such models 
inherently neglect many explicit-body collisions, approximating higher-
order contributions through pairwise potentials. Their performance 
thus deteriorates rapidly in dense or supercritical fluids above 400 atm, 
where anisotropic and cooperative molecular interactions dominate. 
There is an urgent need for accurate many-body potential models, 
which are essential for reliable property predictions across a broad 
pressure range.

Despite the progress in many-body model development [29–31], 
accurately describing many-body collisions remains challenging. On 
one hand, traditional many-body models typically rely on predefined 
analytical functions with only a few parameters, which limits their 
ability to represent the complex anisotropic and non-additive inter-
actions in strongly coupled molecular systems. On the other hand, 
the potential parameters are often optimized for specific molecules, 
resulting in poor transferability and repeated reparameterization for 
new systems or thermodynamic conditions. These limitations become 
even more severe under extreme environments such as high pressures 
and supercritical states [32,33], where traditional analytical many-
body potentials often fail to yield reliable energy surfaces and derived 
properties across diverse chemical systems.

Recent advances in deep learning PESs provide a promising route 
to overcome these limitations [34–38]. Deep potential models can 
be trained directly on high-level quantum chemistry data and accu-
rately capture complex many-body interactions [39]. However, a gen-
eral framework that systematically connects microscopic many-body 
interactions to macroscopic thermodynamic and transport properties 
remains lacking. Most existing deep learning approaches are purely 
data-driven for predicting thermophysical properties. They typically 
2 
rely on machine learning or regression models that map molecular 
descriptors directly to thermodynamic or transport properties [40–42]. 
While these models can achieve rapid and accurate predictions within 
the scope of the training data, they often suffer from limited inter-
pretability of molecular physics and poor extrapolation for untrained 
molecules in a broad range of pressures and temperatures. This gap un-
derscores the urgent need for a robust and physics-driven approach that 
can translate microscopic many-body interactions into thermophysical 
properties with statistical physics insights.

To address these challenges, we develop a physics-driven statistical 
mechanics framework, MB-Virial EoS, which establishes a direct path-
way from advanced deep potentials to real-fluid properties via virial 
coefficients. In this framework, molecular PESs are represented using a 
typical many-body deep potential model with an attention mechanism, 
which integrates a deep neural network architecture with an attention 
mechanism to resolve full-dimensional PESs and capture cooperative 
many-body effects. These PESs are then used to compute virial coeffi-
cients of the MB-Virial EoS directly from statistical mechanics, enabling 
systematic corrections to thermodynamic and transport properties, in-
cluding enthalpy, heat capacity, viscosity, and thermal conductivity, 
over a wide range of temperatures and pressures. By explicitly linking 
microscopic many-body interactions with macroscopic fluid behavior, 
the MB-Virial EoS provides a general physics-driven framework for 
formulating real-fluid properties directly from underlying potential 
models.

2. Theory and methods

The MB-Virial EoS is depicted in Fig.  1. It integrates high-level 
quantum chemistry data, deep neural networks, and statistical me-
chanics to construct a physics-driven computational model for ther-
modynamic and transport properties. First, a high-fidelity dataset of 
many-body intermolecular interactions is generated from dispersion-
corrected density functional theory (DFT-D4). Second, deep neural 
network models are trained on these datasets to learn two- and three-
body interaction potentials. Next, the DP model and Mayer-sampling 
Monte Carlo (MSMC) integration are employed to compute the second 
and third virial coefficients, which are then used to correct thermody-
namic and transport properties. The symbols and variables in this paper 
are summarized in Table  1.

2.1. Data preparation

The two-body interaction data (Eq.  (1)) have been reported in 
our recent studies [12,13]. For the calculation of three-body interac-
tions (Eq.  (2)), we employed the ORCA (version 5.0.3) software pack-
age [43], which offers both extensive functionality and high computa-
tional efficiency. The quantum chemical calculations were conducted 
using the PWPB95/def2-QZVPP combination for small molecules and 
the BLYP/def2-QZVPP combination for larger molecules [44]. The DFT-
D4 method was applied to incorporate dispersion corrections into the 
DFT calculations, thereby providing a more accurate description of 
many-body interactions [45]. All quantum calculations include basis set 
superposition error (BSSE) corrections [46], ensuring that monomer, 
dimer, and trimer energies are consistently computed within the full 
cluster basis. The PWPB95/def2-QZVPP combination with D4 disper-
sion provides near-chemical accuracy (∼1 kJ/mol) for noncovalent 
interactions, and the basis set is sufficiently large to approach the 
dispersion limit. 
𝐸(2)
𝑖𝑗 = 𝐸𝑖𝑗 − 𝐸𝑖 − 𝐸𝑗 (1)

𝐸(3)
𝑖𝑗𝑘 =𝐸𝑖𝑗𝑘 − (𝐸𝑖 + 𝐸𝑗 + 𝐸𝑘)

− (𝐸(2)
𝑖𝑗 + 𝐸(2)

𝑖𝑘 + 𝐸(2)
𝑗𝑘 )

(2)

The sampling strategy for the PES was designed to capture both spa-
tial configurations and molecular orientations. As illustrated in Fig.  2(a) 
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Fig. 1. The development and application process of the MB-Virial EoS.
Fig. 2. (a) Two-body interaction defined by intermolecular distance 𝑟𝑖𝑗 , (b) three-body interaction defined by distances 𝑟𝑖𝑗 , 𝑟𝑖𝑘 and angle 𝜃, (c) molecular orientation 
described by 𝛼, 𝛽, 𝛾, and (d) the architecture of the deep potential with an attention mechanism.
and (b), two-body PESs were generated by varying the intermolecular 
distance 𝑟𝑖𝑗 , while three-body PESs were constructed by systematically 
adjusting the distances 𝑟𝑖𝑗 , 𝑟𝑖𝑘, and the angle 𝜃. Molecular orienta-
tions, depicted in Fig.  2(c), were described by three angles (𝛼, 𝛽 ∈
[0◦, 180◦], 𝛾 ∈ [0◦, 360◦]). Using this comprehensive sampling strategy, 
we generated 7200 spatial configurations combined with 16 relative 
orientations, resulting in a full-dimensional PES dataset exceeding 106
points, covering nonpolar, polar, and long-chain molecular systems.

2.2. Deep neural network potential model

We develop a deep potential model to represent many-body inter-
molecular interactions, as shown in Fig.  2(d). The spatial configura-
tions of molecular systems are described by intermolecular distances 
and angular coordinates, which are used as the input features of the 
neural networks. For each spatial configuration, the attention mecha-
nism assigns weights to interaction energies associated with different 
molecular orientations, and the weighted PES is obtained through 
softmax normalization as the output reference. The neural networks 
are trained to learn the mapping from spatial configurations to the 
corresponding attention-weighted PES values. Model parameters are 
optimized by minimizing the mean squared error between the predicted 
interaction energies and the reference values obtained from quantum 
chemistry calculations. Training is performed using the Adam optimizer 
with k-fold cross-validation, and the training loss exhibits smooth 
convergence, as shown in Fig.  3.

2.3. Physical properties

We employ the Virial EoS, which is derived from statistical mechan-
ics and provides a more accurate description of real-fluid behavior [47], 
3 
Fig. 3. Training loss curves of the deep potential model with an attention 
mechanism.

𝑝𝑉𝑚
𝑅𝑇

= 1 +
𝐵(𝑇 )
𝑉𝑚

+
𝐶(𝑇 )
𝑉 2
𝑚

(3)

𝐵(𝑇 ) = −
𝑁𝐴
2𝑉 ∫ 𝑓12 𝑑𝐫1 𝑑𝐫2 (4)

𝐶(𝑇 ) = −
𝑁2

𝐴
3𝑉 ∫

(

𝑓123 − 𝑓12 − 𝑓13 − 𝑓23

− 𝑓12𝑓13 − 𝑓12𝑓23 − 𝑓13𝑓23
)

𝑑𝐫1 𝑑𝐫2 𝑑𝐫3

(5)

the Mayer function is defined as, 

𝑓 = 𝑒−𝜑(𝑟)∕𝑘𝐵𝑇 − 1 (6)



X. Zhang and H. Zhao Combustion and Flame 287 (2026) 114917 
The form of 𝜑(𝑟) is determined by the choice of potential model. 
For example, the LJ potential employs a simple isotropic two-body 
form, the BWF potential introduces the anisotropy through Boltzmann 
weighting, and the DP model in this work accounts for multi-body 
interactions based on neural networks. Substituting these different 𝜑(𝑟)
into the Mayer function (Eq.  (6)) allows direct evaluation of 𝐵(𝑇 ) and 
𝐶(𝑇 ) (Eqs.  (4) and (5)), which in turn govern the Virial EoS and the cal-
culation of thermodynamic and transport coefficients such as enthalpy, 
heat capacity, viscosity, thermal conductivity, and diffusivity [9].

Thus, by combining the Virial EoS with different potential mod-
els, we can systematically investigate how many-body effects influ-
ence thermophysical and transport properties across a wide range 
of pressures and temperatures. For deep potential models, we com-
puted the second and third virial coefficients through MSMC integra-
tion [48]. The MSMC simulations were performed with a sampling 
distribution 𝛱 , where trial moves were accepted with a probability of 
min(1,𝛱new∕𝛱old), 

𝐵 = 𝐵ℎ𝑠

⟨

𝐵̃∕𝛱
⟩

𝛱
⟨

𝐵̃ℎ𝑠∕𝛱
⟩

𝛱

(7)

⟨… ⟩𝛱  denotes the weighted average from MSMC simulations with 
the sampling distribution 𝛱 , and the superscript ℎ𝑠 represents the 
hard-sphere fluid as the reference system. The MSMC evaluation of 
virial coefficients, using 107–108 sampling steps, lies well within the 
convergence range reported in the literature [48]. Comparison with 
direct formula calculations shows a relative deviation below 0.001%, 
indicating negligible numerical uncertainty. Replacing direct PWPB95-
D4/def2-QZVPP calculations (10–30 min per configuration on 32 CPU 
cores) with the trained DP model (10−6–10−4 s per evaluation on a 
single GPU) achieves an effective acceleration of 104–106 for practical 
virial coefficient computations.

3. Results and discussion

3.1. Potential energy surfaces

To evaluate the accuracy of the DP model in this work, we com-
pared the predicted two- and three-body PESs by using the DP model 
against DFT-D4 reference data in Fig.  4. The training dataset com-
prised 200,000 dimer and 1,000,000 trimer configurations, spanning 
intermolecular separations from 2.0 to 7.0 Åand diverse intermolecular 
orientations. As to the two-body interactions in Fig.  4(a) and (b), the 
root-mean-square error (RMSE) for the PES prediction between the 
classical LJ model and DFT-D4 data remains 8.8015 kJ/mol, while 
the DP model exhibits excellent agreement within an error of 0.1280 
kJ/mol, which is an order of magnitude smaller than the LJ model. 
Furthermore, the predicted three-body PES by using DP is within an 
error of 2.6642 kJ/mol against DFT-D4 data in Fig.  4(c) and (d), while 
the LJ model is not applicable to describe the many-body potential. 
The machine learning fitting error is much smaller than the typical 
three-body interaction energies (101-103 kJ/mol), making its fitting 
error negligible compared with 𝐸(3)

𝑖𝑗𝑘. Therefore, the DP model not 
only captures the two-body PES accurately, but is also successfully 
applied to describe the three-body topological PES by capturing both 
the steep repulsive wall at short separations and the attractive wells at 
intermediate distances.

3.2. Compressibility and thermodynamic properties

The compressibility factor and thermodynamic properties, such as 
specific enthalpy, specific entropy, and isobaric specific heat capac-
ity, are computed using the pairwise potential models (Pairwise-LJ, 
Pairwise-BWF) and the MB-Virial EoS. They are subsequently compared 
against experimentally fitted data from the NIST library [49] across 
a broad pressure range in Fig.  5 (the entropy comparison is shown 
4 
Fig. 4. Comparison of two-body and three-body potential energy 
surfaces: (a) two-body PES comparison between quantum calculations 
(SAPT2+(3)𝛿MP2/aug-cc-pVTZ) and model predictions (the DP model 
in this work and LJ model); (b) RMSE scatter plot for two-body PES 
predictions; (c) three-body PES comparison between quantum calculations 
(PWPB95-D4/def2-QZVPP) and model predictions (the DP model in this 
work); (d) RMSE scatter plot for three-body PES predictions.

in Fig. S1, and the N2 and H2O data are provided in Fig. S4 of the 
Supplementary material).

The comparison of the compressibility factor 𝑍 is depicted as a 
function of pressure in Fig.  5(a)–(c). At low pressures (< 50 atm), the 
compressibility factors of all molecules remain close to 1.0, consistent 
with the ideal-gas behavior. As pressure increases, enhanced inter-
molecular interactions and electron cloud overlap lead to deviations 
from ideality. For nonpolar molecules such as H2, CH4, and N2, 𝑍
increases nearly linearly with pressure. All models, including LJ, BWF, 
and MB-Virial, accurately reproduce experimental trends up to 600 
atm, with relative errors of less than 2%. The relative errors remain 
small and do not exhibit noticeable amplification with pressure for 
these nonpolar systems, indicating that two-body interactions dominate 
even at elevated pressures. In contrast, polar molecules, including 
H2O, NH3, and H2S, display stronger and non-monotonic deviations. 
For H2O and NH3, LJ and BWF diverge above 400 atm, whereas 
MB-Virial maintains relative errors of 0.1%–6% between 1–600 atm. 
Notably, for LJ and BWF, the relative errors increase progressively with 
pressure, particularly beyond 300–400 atm, highlighting the growing 
importance of many-body interactions in dense polar fluids. For H2S, 
𝑍 decreases below 300 atm due to strong dipole–dipole attractions 
and weak hydrogen bonding, then increases as short-range repulsive 
forces become significant. The LJ model, constrained to isotropic two-
body interactions, fails to capture its non-monotonic characteristics, 
with an error between 25%–30% exceeding 400 atm. Although the 
anisotropic BWF model reduces the relative errors to 15%, MB-Virial 
captures the non-monotonic behavior and agrees with the NIST data 
within 9% between 1–600 atm. The deviation of compressibility factor 
from ideality is further amplified in long-chain hydrocarbons, where 
multiple molecular segments interact simultaneously with neighboring 
molecules to form cooperative interaction networks. As shown in Fig. 
5(c), long-chain hydrocarbons such as C3H8 and n-C5H12 exhibit pro-
nounced non-monotonic compressibility behavior. Both LJ and BWF 
fail to predict this real-fluid behavior, as the many-body interactions 
are not included in these models. However, MB-Virial accurately cap-
tures both the magnitude and the non-monotonic curvature of these 
hydrocarbons within errors of 18% over 1–600 atm.

The variation of specific enthalpy ℎ with pressure is presented 
in Fig.  5(d)–(f). Unlike the compressibility factor, which primarily 
reflects volumetric response, enthalpy directly embodies the energetic 
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Fig. 5. The compressibility and thermodynamic properties of various models: (a) compressibility factor of nonpolar molecules; (b) compressibility factor of polar 
molecules; (c) compressibility factor of long-chain molecules; (d) specific enthalpy of nonpolar molecules; (e) specific enthalpy of polar molecules; (f) specific 
enthalpy of long-chain molecules; (g) isobaric specific heat capacity of nonpolar molecules; (h) isobaric specific heat capacity of polar molecules; (i) isobaric 
specific heat capacity of long-chain molecules.
balance between intermolecular attractions, repulsions, and 𝑃𝑉  work. 
For nonpolar gases such as H2 and N2, the enthalpy change is nearly 
linear with pressure, and LJ, BWF, and MB-Virial provide reliable 
predictions with deviations below 10% up to 600 atm. Both the MB-
Virial and LJ models agree with the NIST enthalpy data for CH4 
well between 1–600 atm, while the discrepancy of the BWF model 
gradually enlarges with pressure. In polar systems, the competition 
between dipole-driven attractions and short-range repulsions gives rise 
to pronounced non-linear behavior. As shown in Fig. S4 (d), for H2O, 
the enthalpy decreases monotonically from 0 kJ/mol at 1 atm to −8.97 
kJ/mol at 600 atm. The LJ model underpredicts the enthalpy with an 
error exceeding 40% at 400 atm, and the BWF model mitigates the 
discrepancy to 27% at 400 atm, while both models eventually diverge 
above 400 atm. In both LJ and BWF models, the magnitude of the 
error increases with pressure, reflecting the growing contribution of 
many-body polarization and cooperative interactions that are not fully 
captured by pairwise potentials. In contrast, MB-Virial reproduces the 
entire pressure-dependent curve with deviations below 35%. For NH3, 
the LJ model diverges dramatically beyond 400 atm, producing errors 
over 200%, while the BWF and MB-Virial models maintain accuracy 
within a 28% error across the full pressure range. For H2S, LJ and 
BWF underpredict and overpredict the enthalpy changes with errors 
exceeding 30%, while MB-Virial accurately captures the non-linear 
characteristics and maintains deviations below 12% above 400 atm. 
The predicted enthalpy for long-chain hydrocarbons such as C3H8 and 
n-C5H12 is depicted in Fig.  5(f). MB-Virial exhibits a smaller error of 5% 
than that of 15% in LJ and BWF models for C3H8 in 1–600 atm. For 
n-C H , LJ and BWF start diverging above 50 atm, and their deviations 
5 12

5 
progressively increase with pressure, whereas MB-Virial consistently 
follows the experimental trend and keeps an error below 45% even 
above 400 atm.

Fig.  5(g)–(i) present the pressure dependence of the isobaric specific 
heat capacity 𝑐𝑝. For nonpolar gases such as H2, CH4, and N2, all 
these models predict 𝑐𝑝 with errors below 3%. The relative errors 
exhibit minimal variation with pressure in nonpolar systems. For polar 
molecules such as H2O and NH3, the LJ and BWF models diverge 
beyond 400 atm, while MB-Virial maintains relative errors within 10% 
across the full pressure range. However, H2S exhibits a distinctly non-
monotonic 𝑐𝑝 trend, increasing from 37.3 J/mol/K at 1 atm to a 
maximum of 76.5 J/mol/K at 300 atm, and subsequently decreasing 
to 64.4 J/mol/K at 600 atm. This behavior arises from the pressure-
induced strengthening of intermolecular interactions as H2S transitions 
from an ideal-gas-like to a non-ideal fluid state. Enhanced orientational 
correlations activate additional rotational and vibrational modes, in-
creasing the heat capacity at low to moderate pressures. At higher 
pressures, molecular associations saturate, and orientational freedom 
is restricted, reducing compressibility and enthalpy sensitivity, which 
causes the heat capacity to decline. All three models fail to reproduce 
the non-monotonic behavior of H2S from NIST data. The predicted 
𝑐𝑝 for long-chain hydrocarbons is shown in Fig.  5(i). LJ and BWF 
overestimate 𝑐𝑝 of C3H8 and maintain 40% errors, whereas MB-Virial 
remains an error within 10%. For n-C5H12, the divergence of LJ and 
BWF shows a strong positive correlation with pressure due to neglect 
of cooperative interactions, whereas MB-Virial demonstrates improved 
robustness and captures the non-linear behavior of c𝑝 with errors below 
10%.
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Therefore, it is seen from Fig.  5 that MB-Virial exhibits its prior-
ity for capturing the linear and non-linear change of compressibility, 
enthalpy, and heat capacity from low to ultra-high pressures in high 
accuracy for various nonpolar, polar, and long-chain molecules, while 
LJ and BWF often lose their accuracy at high pressures and are limited 
to predict the linear characteristics. In particular, the non-monotonic 
pressure dependence of H2S and long-chain hydrocarbons reflects com-
peting many-body effects. At intermediate pressures, enhanced ori-
entational correlations strengthen effective attractions, reducing com-
pressibility and altering the pressure derivative of enthalpy. At higher 
pressures, short-range steric (Pauli) repulsion and configurational en-
tropy loss dominate, reversing the trends of thermodynamic derivatives 
and producing non-monotonic behavior. This crossover is naturally cap-
tured within the many-body virial framework through explicit three-
body contributions that account for environment-dependent interac-
tions. The superior performance of MB-Virial stems from its explicit 
treatment of many-body coupling, conformational flexibility, and vi-
brational mode confinement, which collectively govern thermodynamic 
responses under high-pressure conditions.

3.3. Transport properties

Viscosity offers a more reliable benchmark for validating transport 
models against pressure, as either experimental uncertainties remain 
high in thermal conductivity and mass diffusivity, or their experi-
mental data is very rare at elevated pressures [50]. The predicted 
viscosity coefficients are shown in Fig.  6 as a function of pressure for 
different species, and the mass diffusivity and thermal conductivity 
coefficients are provided in Figs. S2 and S3 of the Supplementary 
material. As pressure increases, viscosity rises primarily because of the 
higher collisional frequency and enhanced momentum transfer between 
molecules. For small nonpolar molecules such as H2, CH4, and N2, 
this effect is minor, and the LJ, BWF, and MB-Virial models remain 
accurate within 8%. In contrast, polar fluids exhibit a much steeper 
viscosity increase due to strong hydrogen bonding, dipole–dipole in-
teractions, and orientation-dependent collisions, which promote more 
effective momentum exchange and thus higher resistance to shear flow. 
The LJ model severely diverges for predicting the viscosities of H2O 
above 50 atm, NH3 above 150 atm, and H2S above 200 atm, and 
the deviation grows rapidly with pressure. Both the BWF and MB-
Virial models capture the non-linear trends of the NH3 and H2O curves 
reasonably well across most pressure ranges, although BWF begins 
to diverge above 400 atm. For H2S, both models exhibit maximum 
errors of approximately 30% over the range 1–600 atm. For long-chain 
hydrocarbons, the accuracy of these models strongly depends on the 
chain length. For C3H8, all three models provide reasonable predictions 
with errors of 1%–12% between 1–600 atm. However, the LJ and 
BWF models begin to diverge for n-C5H12 as early as 50 atm, failing 
to compute higher-pressure viscosity coefficients. In contrast, the MB-
Virial model successfully captures both the curve shape and values of 
viscosity within a 12% error even above 400 atm. It is seen that MB-
Virial exhibits more accurate predictions for most nonpolar, polar, and 
long-chain molecules in this study than LJ and BWF, especially at high 
pressures, due to its consideration of many-body interactions. Overall, 
the error amplification with pressure is substantially mitigated in the 
MB-Virial framework, demonstrating its enhanced robustness in dense 
and strongly interacting fluid regimes.

3.4. Model analysis

We further summarize the contributions of the MB-Virial computa-
tion on each hydrodynamic and transport parameter for H2O at 200 
atm as an example in Fig.  7. It is seen that the MB-Virial method 
shows distinct impacts on these properties. The deviation in the isobaric 
heat capacity 𝐶𝑝,𝑚 exceeds 20%, indicating strong sensitivity to high-
pressure real-fluid effects, whereas the deviations in molar enthalpy 𝐻
𝑚

6 
and entropy 𝑆𝑚 remain within ±2%. In contrast, transport properties 
exhibit moderate and systematic deviations of approximately 5%–10%, 
reflecting a consistent correction under high-pressure conditions.

Our results uncover several key insights into the thermodynamic 
and transport behaviors of real fluids under a wide range of pressures, 
with direct implications for high-pressure combustion and process de-
sign. First, the emergence of non-monotonic pressure dependencies 
in key properties reflects a delicate competition between cooperative 
dipole–dipole attractions and short-range repulsions. For example, the 
compressibility factor of H2S exhibits a non-monotonic trend, with 
deviations exceeding 15% when described by LJ or BWF, while MB-
Virial reproduces the turnover with < 9% error. Similarly, CH4 displays 
an enthalpy minimum of −0.786 kJ/mol near 450 atm, which is 
entirely missed by BWF but accurately captured by MB-Virial. Long-
chain hydrocarbons such as n-C5H12 also display strongly nonlinear 
heat capacity evolution, and only MB-Virial can reproduce this pressure 
dependence within 10% error, whereas pairwise potentials diverge 
rapidly beyond 50 atm. These results highlight that the non-monotonic 
response of real fluids is likely from the many-body effect, and that 
MB-Virial is capable of describing the collective rearrangements driving 
these trends.

Second, the consistently superior performance of MB-Virial across 
polar fluids and long-chain hydrocarbons demonstrates its ability to 
encode anisotropic many-body interactions, hydrogen bonding, and 
conformational flexibility, which are essential at high density. For 
instance, in NH3, LJ enthalpy predictions diverge with errors above 
200% at 600 atm, whereas MB-Virial maintains accuracy within 28%. 
For transport properties, MB-Virial accurately reproduces the steep 
viscosity rise of H2S from 21.18 to 64.21 μPa s over 1–600 atm with <
30% deviation, compared with > 200% errors from the LJ model. These 
observations confirm that explicitly accounting for many-body physics, 
not just pairwise interactions, is crucial for quantitatively predicting 
thermodynamic and transport properties in dense fluids. Moreover, 
MB-Virial achieves the same or higher accuracy without parameter 
tuning against experimental data, thereby offering a transferable and 
physically grounded framework that is particularly valuable for radicals 
and short-lived intermediates where experimental measurements are 
scarce or unavailable.

Therefore, MB-Virial EoS is comprehensively applicable for non-
polar, polar, long-chain, and short-lived molecules and radicals in a 
broad range of temperatures and pressures. The MB-Virial framework 
is also adaptable for different DP models as well as traditional pairwise 
models. Incorporating advanced DP models further helps increase ac-
curacy for thermophysical predictions in specific application scenarios. 
For example, prediction limitations exist in open-shell electronic struc-
ture calculations, cooperative dipole interactions, and weak hydrogen 
bonding for open-shell molecules like O2 and certain strongly polar 
species like H2S in this work, which can be mitigated by providing more 
accurate many-body models and higher-fidelity reference data.

4. Conclusion

In this work, we develop the MB-Virial EoS, a physics-driven sta-
tistical mechanics framework that systematically bridges microscopic 
many-body interactions and macroscopic thermodynamic and trans-
port properties through statistical physics. The model consistently out-
performs traditional pairwise models across diverse molecular sys-
tems, maintaining prediction errors within 15% for polar species like 
H2O and NH3 and below 45% for long-chain alkanes between 1–600 
atm, whereas pairwise models exhibit errors up to 270% and of-
ten diverge beyond 50 atm. MB-Virial successfully captures complex 
non-monotonic pressure dependencies in thermodynamic properties, 
exhibiting the critical importance of explicitly accounting for many-
body interactions, anisotropic effects, and conformational flexibility 
in dense fluid systems. The MB-Virial framework is adaptable for 
different DP models as well as traditional pairwise models. It enables 
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Fig. 6. The viscosity coefficients of various models: (a) nonpolar molecules; (b) polar molecules; (c) long-chain molecules.
Fig. 7. Relative deviations of thermodynamic and transport properties of H2O 
at 200 atm between the MB-Virial EoS and the ideal-gas models.

further high-accuracy predictivity for complex fluids in broader sce-
narios with advanced DP models. Overall, MB-Virial EoS establishes a 
new paradigm for real-fluid property prediction that bridges quantum-
level accuracy with computational efficiency, opening new possibilities 
for next-generation simulations of supercritical fluids and high-pressure 
processes across energy conversion, aerospace propulsion, and envi-
ronmental modeling applications. Future work will focus on extending 
and validating the MB-Virial framework for reactive and open-shell 
species, such as radicals, under extreme thermodynamic conditions to 
fully assess its transferability and predictive power.
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