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Mamdani-Larsen Type Transfer Learning Fuzzy System

JIANG Yi-Zhang' DENG Zhao-Hong' ~ WANG Shi-Tong®

Abstract The classical fuzzy system modeling methods only consider the single scene, which may bring up the following
weakness: if the information of partial data is missing, the fuzzy systems constructed based on this dataset will have the
weak generalization abilities for this scene. In order to overcome this shortcoming, by focusing on the Mamdani-Larsen
type fuzzy system (ML-FS) model, the fuzzy system with the transfer learning abilities, i.e. ML-transfer fuzzy system is
proposed. The ML-transfer fuzzy system will not only make full use of the data information in the learning procedure,
but also effectively learn from the existing useful historical knowledge, such as parameters of the fuzzy system obtained
from the dataset of historical scene, in order to make up the information lack in the current scene. Based on this idea,
a specified ML-transfer fuzzy system (ML-TFS) based on reduced set density estimation (RSDE) technology is proposed
by introducing transfer learning mechanism. It has been verified by experiments on simulation data and real data that
the ML-transfer fuzzy system has a better adaptability than the traditional fuzzy modeling method in the scene with

information missing.
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Comparison of generation abilities (JO) of several algorithms on the synthetic datasets
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(a) Two functions to model the historical scene and

the current scene
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(b) Sampling dataset of historical scene D1 and the sampling

dataset of the current scene for training D2
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Fig.2 Two functions used to model the historical scene and the current scene with the related coefficient of 0.85 and

the corresponding sampling datasets
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(d) The modeling effect of ML-type transfer learning
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Fig.3 Comparison of modeling effect of several algorithms on the synthetic test dataset (D2-test)
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Fig.4 The convergence curve of ML-type transfer
learning fuzzy system obtained on the synthetic
dataset with a certain time running
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Fig.5 The modeling effect of several algorithms for fermentation process modeling ((a) and (b) are the prediction
results of glucose concentration; (c) and (d) are the prediction results of thalli concentration; (e) and (f) are the

prediction results of glutamic acid concentration.)
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Table 3 Comparison of generation abilities (JO) of several algorithms on

the real-world (fermentation process) datasets
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Bk (R) FS(D2 + Jissnil) X IAE (FIH
28 XA 5E )
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>

FEMRIKEE  6.366049E—003 1.318121E—-002 7.523369E—003 5.396974E—-003 1000
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Fig.6 The convergence curves of ML-type transfer learning fuzzy system obtained on

the fermentation dataset with a certain time running
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Table 4

Comparison of generation abilities (JO) of several algorithms on the synthetic datasets
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K5 BT HIMEE (KtdE) ErtERE (J0) i
Table 5  Comparison of generation abilities (JO) of several algorithms on the real-world (fermentation process) datasets
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Fig.7 Comparison of modeling effect of several algorithms on the synthetic test dataset (D2-test)
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