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Simulation Method for Rare-earth Extraction and Separation Processes Based on

Multi-branch Regression Generative Adversarial Networks

ZHU Jian-Yong' WANG Jia-Hao'! HAN Ze-Run' LIAO Liang-Fang® YANG Hui'

Abstract To address the problem that the flow simulation of rare-earth extraction process based on extraction
mechanism hardly conforms to actual extraction production conditions, a simulation method for rare-earth extrac-
tion and separation processes based on multi-branch regression generative adversarial networks is proposed to
achieve accurate calculation of rare-earth element component concentrations in each stage of rare-earth extraction
and separation. First, in view of the limited number of effective samples in the rare-earth extraction production site,
a generative adversarial networks (GAN) is adopted to construct a generative adversarial model. According to the
cascade separation characteristics of the rare-earth extraction process, a multi-branch deep network is used to con-
struct the generator of the GAN, learning deep features of inter-stage extraction data level by level; A shallow fea-
ture sharing mechanism between discriminator and regressor is proposed, the regressor reuses the first-layer convo-
lutional features of the discriminator to improve prediction performance, and a regression consistency constraint is
introduced to generate more realistic samples; In view of the structural characteristics of multi-branch networks, a
recursive progressive adversarial training strategy is designed. The network parameters learned by the previous
branch sub-GAN model are fixed and serve as common features for the next branch sub-GAN. Within each branch
sub-GAN, the generator, discriminator, and regressor undergo cyclic adversarial training, ensuring stable model con-
vergence while accurately capturing inter-stage coupling features. Simulation results demonstrate the effectiveness of
the proposed method.
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Fig.1 Flowchart of rare-earth cascade extraction and separation process
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Table 2 Optimal hyperparameter settings for each model
sl KESH
SVR EHNAR C =1, R ~ = 0.1, AKX T € = 0.01
XGBoost HIH Ir = 0.05, TREER S = 0.8, RRNARM: 5
BPNN Fag 2 T 64, 23K I = 0.001
LSTM o M2 04 128, % 21 % Ir = 0.01, Dropout: 0.2
GRU FaE o 128, 2% Ir = 0.01, Dropout: 0.2
CGAN AR IR Irg = 0.000 2, FIERSIR Irp = 0.000 2, Ly JGHEMNE Ay =10
MB-DNN P22 TCHL: 64, =31 Ir = 0.001, Dropout: 0.2
MB-RDN FaZ M2 7030 64, 22213 Ir = 0.001, Dropout: 0.2
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Table 4 Comparison of model computational
complexity and inference efficiency

TR SR BREAHETEFERS (ms)
SVR N/A 1.01
XGBoost N/A 15.08
LSTM 148 682 18.99
GRU 114 634 19.64
BPNN 18 762 5.37
CGAN 57 354 4.99
MB-DNN 104 426 5.80
MB-RDN 172 682 7.79
MB-RGAN (G) 18 890 N/A
MB-RGAN (Total) 461 233 26.10
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Table 5 Setting of the ablation experiment variant models
FR 5 AR B HA TR R KL YR
Model A Fo Bk 2 43 SCEE R, AXAE I 268 R Sy s T HiBh B 15 T 511 Wasserstein FEESHRR + B3 — Bk /I3 125
Model B FERRENAEE R, FERREIE— S 200R R BB T T Wasserstein #2545 2% /#3911 2k
Model C BB E EZREIL S, D 5 R ML SEHURE Hibh BEFE ST I Wasserstein JEES TR + [F)A—Fik /183125
Model D MERIBININL, A 2 [F N B A2JR3 23 (end-to-end) YIIZK
Model E FEBRBOEIETITL, E Agp =0 TELIH Wasserstein Fi 25455k /i )31 25
MB-RGAN SERASTY (R BT A TR IEST I Wasserstein 85 B8 + B3 —8oh: /18199145
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Table 6 Comparison of ablation experiment results for different variant models
[EEERIN Hoy T MAE “F¥] RMSE SEY) R2
HHAH 0.025 9 0.039 6 0.938 0
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HHLAH 0.036 6 0.059 2 0.688 9
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KA 0.039 7 0.059 5 0.902 1
HHLAR 0.024 6 0.038 1 0.934 0
Model C
7KAH 0.031 8 0.049 3 0.929 1
HHAH 0.021 3 0.032 6 0.957 5
Model D
7KAH 0.028 8 0.045 2 0.943 9
HHLAH 0.032 5 0.046 8 0.895 0
Model E
KA 0.039 2 0.059 4 0.882 0
HHLAR 0.017 6 0.027 7 0.968 5
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KA 0.021 5 0.036 2 0.961 9
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Fig.15 Comparison of performance metrics for different models
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