Electronic Supporting Information

Synergistic Modeling of Liquid Properties: Integrating Neural Network-Derived Molecular
Features with Modified Kernel Models

Hyuntae Lim and YounJoon Jung*

Department of Chemistry, Seoul National University, Seoul 08826, Korea

March 20, 2024

1 IDAC Data Acquisition

Simplified Molecular Input Line Entry System (SMILES) strings of 2,167 organic com-
pounds were gathered from the compound list of the DIPPR 801 database. The RDKit
Python software was used to generate the raw 3D structure from the SMILES string of
the given molecule, and temporal molecular mechanics (MM) optimization was performed
using the Merck Molecular Force Field 94 (MMFF94)[1]. Extensive density functional the-
ory (DFT) calculations using Gaussian 16 software were performed on the MM-optimized
3D structures at the BP86/def2-TZVP level. We utilized an open-source implementation
of the COSMO-SAC model[2] to generate surface charge moments from the DFT calcu-
lation results and evaluate the infinite dilution activity coefficient (7*°) of each solvent-
solute pair. 4,695,889 IDAC data points of IDAC were collected from the COSMO-SAC

calculations.

2 Machine Learning Detalils

For the pretrained feature generation, we utilized the D-MPNN model that is imple-
mented in the chemProp 1.5.1 Python package|[3, 4] to extract the 128-dimensional vector
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’ Hyperparameter ‘ Value

MPNN dimension 128
MPNN depth 3
FFN dimension 256
FFN depth 2
activation function tanh
aggregation sum
dropout 0.1
batch size 128
epochs 30

Table 1: List of pretraining hyperparameters.

representation from the given chemical structure. We allowed the two MPNN layers for
the solvent and solute molecules to share their trainable parameters, enabling both layers
to yield identical molecular features. After the FES/IDAC pretraining task, the output
value of the last D-MPNN layer was extracted and reused for the fine-tuning model. We
did not perform extensive hyperparameter optimization during pretraining. Conversely,
we chose an arbitrary set of hyperparameters that provided satisfactory FES predictions
with an RMSE of ~ 0.5 kcal/mol. For the fine-tuning stage, we used the Light GBM[5]
software to build the gradient boosting model, and the JAX Python package[6] to im-
plement the kernel regression model. A thorough hyperparameter search and optimiza-
tion task was performed for the two fine-tuning models using the Bayesian optimization
algorithm[7]. We also used the Scikit-learn[8] software as the machine learning front end,

particularly for CV sampling and error evaluations.
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