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MLN transfer learning by rule filter and predicate cover

YU Song, HE Hui, WANG Xing
( School of Computer Science and Technology, Harbin Institute of Technology, Harbin 150001, China)

[ Abstract] The goal of transfer learning is to transfer knowledge from the source domain to the target domain so as to achieve good
results in the target domain where the label data is rare. When dealing with relational data, the paper combines transfer learning with
Markov logic networks to obtain a transfer learning algorithm based on first—order logic formula mapping. The proposed transfer
learning algorithm is aimed at the situation where the target domain data is minimal. In order to improve the effectiveness of the
transfer, the paper appropriately filters the formulas of the mapping by the rule filter and predicate cover strategy, and transfers the
formulas with the greatest value to the target domain, finally improves the overall transfer effect. The proposed algorithm is validated
with three relational data collected from the real world and compared with existing algorithms. The results show that the proposed
algorithm has excellent performance.
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Tab. 3 The average AUC—-PR of different algorithms

SRR PR AR TAMAR SR2LR RFPC
IMDB UWCSE 0.310 7 0.361 5 0.364 9
IMDB WebKB 0.305 5 0.292 6 0.454 4

UWCSE IMDB 0.3328 0.314 2 0.322 4

UWCSE WebKB 0.325 6 0.224 3 0.283 1

WebKB IMDB 0.490 0 0.490 0 0.499 0

WebKB UWCSE 0.490 0 0.490 0 0.985 3

*4 AEEEESEEBEELHFY CLL HE
Tab. 4 The average CLL of different algorithms
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IMDB UWCSE -1.092 -1.506 -1.290
IMDB WebKB -1.127 -0.292 -0.651

UWCSE IMDB -1.294 -1.901 -1.051

UWCSE WebKB -1.304 -0.283 -1.621

WebKB IMDB -0.301 -0.300 -0.199
WebKB UWCSE -0.301 -0.283 -2.118
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Tab. 5 The average AUC-PR of different algorithms

ER7TRIE0Y P4 Only-Data  Data+Rule RFPC
IMDB UWCSE 0.326 8 0.367 4 0.364 9
IMDB WebKB 0.293 0 0.450 4 0.454 4

UWCSE IMDB 0.323 8 0.323 3 0.322 4

UWCSE WebKB 0.279 2 0.267 7 0.283 1

WebKB IMDB 0 0 0.499 0

WebKB UWCSE 0.490 0 0.985 1 0.985 3
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Tab. 6 The average CLL of different algorithms

H bR A0, Only—-Data  Data+Rule RFPC
IMDB UWCSE -0.927 -1.182 -1.290
IMDB WebKB -0.279 -0.588 -0.651

UWCSE IMDB -1.182 -1.182 -1.051

UWCSE WebKB -0.273 -1.557 -1.621

WebKB IMDB 0 0 -0.199
WebKB UWCSE -0.301 -2.119 -2.118
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Fig. 3 The effect of alpha parameters on the algorithm
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