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ABSTRACT

We present TeNNet-SAC (Thermodynamics-em-
bedded Neural Network for Segment Activity Coeffi-
cient) [1], a physics-embedded machine learning
framework for predicting activity coefficients in mul-
ticomponent liquid mixtures directly from SMILES.
Building upon the concept of segment-based thermo-
dynamic foundation of COSMO-SAC model [2], TeN-
Net-SAC preserves physical interpretability while
eliminating the need for quantum chemical calcula-
tions. The model comprises three components: (i) a -
profile predictor that infers molecular surface charge
distributions from SMILES, (ii) a geomelry predictor
for molecular volume and surface area, and (iii) a T
predictor that computes segment activity coefficients.
The o-profile and geometry predictors are trained on
39,745 chemically diverse quantum-calculated struc-
tures, ensuring broad chemical coverage. The I pre-
dictor is designed to enforce thermodynamic con-
sistency and is pretrained on one million synthetic
data points to reproduce segment activity coefficients
from the COSMO-SAC model, followed by fine-tuning
using 34,371 curated experimental data points from
VLE measurements of 397 binary mixtures. TeNNet-
SAC achieves accuracy comparable to—and after fine-
tuning, exceeding—the COSMO-SAC model, while in-
herently satisfying thermodynamic consistency and
naturally extending to multicomponent systems. To
facilitate adoption, the full implementation is openly
available on GitHub [3], along with an easy-to-use web
interface for rapid prediction without specialized
https://doi.org/10.69997/pse.124365

software [4]. In addition, both the code and the web
platform provide functionality to generate NRTL pa-
rameters directly, enabling seamless integration with
Aspen Plus for process simulation. This combination
of physical rigor, scalability, and accessibility makes
TeNNet-SAC a practical tool for phase equilibrium
modeling and process design.
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