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RAGAN Based Feedforward-feedback Multi-step Correction of

Operational Indices for Industrial Processes

YANG Yu-Qing' WANG De-Rui' DING Jin-Liang'

Abstract To address the problems of time delay in feedback correction and weak interpretability of the correction
model of the operational indices, this paper proposes a feedforward-feedback multi-step correction method for opera-
tional indices based on the recurrent attention generative adversarial networks (RAGAN). A global production in-
dices prediction model is adopted to provide feedforward information for the feedback correction and compensate
the time delay, which is established by the integrated stochastic weight neural network based on negative correla-
tion regularization. The proposed RAGAN based correction approach adopts the idea of multi-step correction to
realize one-time adjustment, mapping current indices to low-dimensional latent variable space to simplify data com-
plexity, the long short-term memory (LSTM) is used to realize the step-by-step input of data which can improve
the interpretability of the proposed correction model. In addition, a distributed attention (DA) mechanism is adop-
ted to construct a data sensing network, which enables the correction model to obtain more task-related data and red-
uce the complexity as well as noise interference. The corrected operational indices are able to ensure that the global
production indices follow their target values as far as possible. Simulation experiments based on actual data collec-
ted from the largest mineral processing plant in western China verify the effectiveness of the proposed approach.
Key words Complex industry process, operation optimization, multi-step correction, attention mechanism, feedfor-
ward-feedback correction
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Table 2 Comparison of evaluation indexes before
and after correction
Jiik MAP EM MIKDA
DMGAN 0.2324 £ 0 1.2190 + 0 0
RAGAN _p 0.0335 £ 0.0025 0.8879 + 0.0532 0.4010 + 0.0061
* 3 AFEKIETTER L
Table 3 ~ Comparison of different correction methods
T3k MAP EM MIKDA
DMGAN 0.0480 + 0.0078  1.0708 + 0.3157 0.2300 4 0.0017
MLP 0.1174 + 0.0094  0.4796 + 0.0698 0.3365 4 0.0041
RAGAN_b 0.0362 £ 0.0025 1.0496 + 0.0589 0.4281 + 0.0022
RAGAN p 0.0335 + 0.0025 0.8879 + 0.0532 0.4010 + 0.0061
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= - %}%ﬂ Table 4 The effect of different reasoning steps on
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T 6000} | B MAP EM MIKDA
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#4000t
= 5 0.0433 £ 0.0032  0.8982 + 0.0764  0.4541 + 0.0038
¥ 2000} 10 0.0335 + 0.0025  0.8879 + 0.0532  0.4010 + 0.0061
0 10 20 30 40 50 60 70 80 15 0.0314 £ 0.0020  1.1687 £ 0.0396  0.4676 & 0.0019
iR /d 20 0.0363 + 0.0023  0.9966 + 0.0508  0.4490 + 0.0040
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(a) Comparison result of the concentrated ) o . .
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Table 5 The impact of different hidden variable
dimensions on model performance
s Ah 2 4ERL MAP EM MIKDA
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oz
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- S — PR : Table 6  The impact of different Guassian kernels on
B 7 ARSI RGP RLR L model performance
Fig.7 Comparison result between the proposed ——
approach and the existing system A MAP EM MIKDA
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Table 7 The impact of different TV loss coefficients on model performance
PEEEIES MAP EM MIKDA
0 0.0334 + 0.0028 1.1894 4 0.0427 0.4603 + 0.0016
0.0001 0.0336 + 0.0034 0.9965 £ 0.0705 0.4488 £ 0.0041
0.0010 0.0335 + 0.0025 0.8879 + 0.0532 0.4010 + 0.0061
0.0100 0.0365 + 0.0026 0.6869 £ 0.0465 0.4326 + 0.0057
0.1000 0.0489 + 0.0021 0.1963 £ 0.0081 0.7533 + 0.0036
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Fig.8 Visualization of multi-step reasoning process modifies decision
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