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Fig. 2 Prediction model of the interaction model parameter based on GNN
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Table 4  Comparison of prediction performance for different models
il e e/ AARD/% MAE R SDEP MSE RMSE
A, complete 410.29 0.51 0.05 1.69 2.85 1.69
A, complete 493 .48 0.61 0.03 2.59 6.73 2.60
UNIFAC
B, complete 315.99 282.03 -0.04 591.43 349 974.00 591.59
B, complete 245.02 331.53 0.00 829.38 689 002.70 830.06
train 30.22 0.05 0.98 0.05 0.01 0.07
valid 36.73 0.06 0.96 0.08 0.01 0.09
A test 35.32 0.06 0.96 0.08 0.01 0.10
complete 31.77 0.05 0.98 0.06 0.01 0.08
train 28.85 0.05 0.98 0.05 0.01 0.07
valid 34.84 0.06 0.97 0.07 0.01 0.09
A test 36.26 0.06 0.96 0.08 0.01 0.10
complete 30.81 0.05 0.98 0.06 0.01 0.08
—GNN
train 96.10 146.82 0.58 132.30 39 067.34 197.63
valid 114.01 171.81 043 158.76 54731.46 233.94
% test 117.02 177.33 0.39 163.66 58 230.86 24131
complete 101.72 154.92 0.53 141.96 44 157.22 210.13
train 87.55 165.48 0.63 151.90 50 478.69 224.63
valid 107.04 213.17 0.41 201.63 86 173.27 293.42
£ test 113.05 216.61 0.39 206.70 89 647.69 299.41
complete 94.22 179.54 0.56 170.12 61176.82 247.33
train 25.18 0.04 0.98 0.05 0.00 0.07
A; test 29.60 0.05 0.97 0.08 0.01 0.10
complete 26.06 0.05 0.98 0.06 0.01 0.07
train 25.70 0.05 0.98 0.05 0.00 0.07
A, test 32.86 0.06 0.97 0.08 0.01 0.10
complete 27.13 0.05 0.98 0.06 0.01 0.08
IR 2 GNN
train 94.46 146.46 0.58 133.45 39257.67 198.14
B, test 112.53 174.08 0.40 161.90 56516.71 237.73
complete 98.08 151.99 0.55 140.04 42711.17 206.67
train 86.61 166.15 0.62 155.91 51913.25 227.84
B, test 110.07 212.14 0.41 204.10 86 660.83 294.38
complete 91.30 175.35 0.58 167.68 58 866.18 242.62
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Fig. 5 Comparison of experimental and predicted A, values for
the UNIFAC model and the parallel residual GNN

model
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Table 5 Comparison of the calculation results of the parallel residual GNN model and UNIFAC model for Iny?
ALY Iny? AARD/% MAE R* SDEP MSE RMSE
Iny? 240.22 0.46 0.58 0.65 0.47 0.68
FFIBIK2E GNN .
Iny; 216.56 0.55 0.63 1.00 0.67 0.82
Iny? 250.65 0.49 0.49 0.83 0.70 0.84
UNIFAC
Iny3 267.08 0.62 0.27 1.00 1.39 1.18
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Prediction model of interaction model parameters based on
graph neural networks (GNN)

MENG XiangMing' ZHAO WenYing' SUN XiaoYan' TAO ShaoHui'"
CHEN YuShi* LI Feng’

(1. Institute of Process System Engineering, College of Chemical Engineering, Qingdao University of Science and Technology, Qingdao 266042 ;
2. Petro-Cyber Works Information Technology Co. , Ltd. , Shanghai 200040, China)

Abstract: The interaction model parameters are the key thermodynamic parameters in activity coefficient models
such as Wilson and non-random two-liquid (NRTL) models. Their accuracy directly determines the reliability of
the results of vapor — liquid phase equilibrium and separation process calculations. The core bottlenecks of tradi-
tional parameter acquisition methods relying on experimental data regression and universal functional activity coeffi-
cient (UNIFAC) model estimation include limited data coverage, unstable solution of nonlinear equations and lim-
ited scope of application. To address these issues, we constructed a dual-branch graph neural network (GNN)
model based on molecular structure characterization enabling efficient and direct prediction of the parameters of the
Wilson interaction model. This model takes molecular diagrams as input, separately extracts the molecular features
of solutes and solvents, and, through the message-passing mechanism, deeply learns the potential structural corre-
lations between molecules. At the same time, we introduce a parallel residual strategy to reduce the prediction
error. Using 4 068 binary system interaction model parameter data for training and testing, our proposed parallel
residual GNN model significantly outperforms the UNIFAC method across multiple error indicators, and compared
Ao BB,

with the single GNN model, the prediction accuracy is further improved. The predicted parameters A;, A;, B,
of the Wilson interaction model were substituted into the Wilson equation to calculate the infinite dilution activity

i
coefficient y7. The results were highly consistent with the calculated value in the literature , verifying the thermody-
namic rationality and engineering applicability of our model.

Key words: interaction model parameters; graph neural networks (GNN) ; Wilson model; UNIFAC model; infi-

nite dilution activity coefficient
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