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Method Based on Transfer Learning for Predicting Quantity of Service in Power

Communication Network
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Abstract: The existing multi-source transfer learning algorithms have very few researches on regression
problems, and most of them are symmetric two-—class classification problems. This paper presents a
weighted multi-source TrAdaBoost regression algorithm, in which the error tolerance coefficient is
proposed to solve the problem that the sample weight of the source domain is reduced too quickly, thus the
effect of the algorithm is improved. Experiments are performed on the modified Friedman #1 regression
problem to verify the effectiveness of the algorithm. The error tolerance coefficient can increase the R
score by approximately 0.01. In this paper, the proposed algorithm is applied to the industry problems of
power communication networks, and the anomaly site (sites with a large number of missing services)
detection and true value prediction models are proposed. Moreover, the social network analysis methods
are used in the feature engineering, and the importance of the site in the topology is fully considered.
Finally, experimental results verify the effectiveness of the algorithm.

Key words: machine learning; power communication networks; regression algorithm; multi-source transfer

learning; anomaly detection
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Tab.3 Comparison of experimental results
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R* MSE R* MSE R* MSE
1 0.759  0.248 0.886 0.117 0.871  0.123
2 0.743  0.240 0.845 0.144 0.832  0.165
3 0.749  0.255 0.858 0.129 0.843  0.147
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Fig.4 Comparison of model scores for each regression model
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Tab.4 Analysis of the results of the algorithm

1 X L L 5 R* MSE
Target 0.512 396.107
Target+ Source 0.794 141.542
A Muti-TrAdaBoost 0.825 106.329
Muti-TrAdaBoost without y 0.821 110.775
Target 0.637 240.273
Target+ Source 0.783 133.995
b Muti-TrAdaBoost 0.809 103.474
Muti-TrAdaBoost without y 0.798 110.248
Target 0.657 219.485
. Target+ Source 0.803 147.335
Muti-TrAdaBoost 0.827 132.426
Muti-TrAdaBoost without y 0.819 138.932
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