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Abstract ; Traditional transfer learning classification algorithms solve related (but not identical) data classification
issues by using a large number of labeled samples in the source domain and small amounts of labeled samples in the
target domain. However, this technique does not apply to the transfer learning of data from different categories of
learned source domain data. To solve this problem, we constructed a transfer learning constraint term using the
source domain data and the limited labeled data in the target domain to generate a regularized constraint for the
minimax probability machine. We propose a transfer learning classification algorithm based on the minimax probabil-
ity machine known as TL-MPM. Experimental results on 20 Newsgroups data sets demonstrate that the proposed al-
gorithm has higher classification accuracy for small amounts of target domain data. Therefore, we confirm the effec-
tiveness of the proposed algorithm.
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Table 1 20 News Groups Data
KK UN=S FEAAN L
comp. graphics 997
comp. windows.x 998
comp comp.os. mswindows. misc 992
comp.sys.ibm.pe. hardware 997
comp.sys.mac. hardware 996
rec. motoreycles 997
rec.autos 998
rec
rec.sport.baseball 998
rec.sport. hockey 998
talk. politics. mideast 1 000
talk. politics. misc 998
talk
talk. politics. guns 1 000
talk. religion. misc 999
sci.crypt 998
) sci.med 998
sci
sci.space 999
sci.electronics 999
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Table 4 Results of 1% training samples in the target domain/ %
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Table 3 Results of 20News Groups Data set processing

B T-LMPM  T-KMPM LTL-MPM KTL-MPM
comp Vs rec 71.71 72.96 72.56 78.42
comp vs sci 66.46 74.16 72.22 76.49
comp vs talk  90.96 99.15 99.48 99.75
rec vs talk 60.51 71.29 66.26 76.14
rec vs sci 62.49 71.00 64.17 76.48
sci vs talk 68.21 77.24 67.98 76.44

Datasets Ds Dt
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Table 5 Results of 5% training samples in the target domain/ %

comp.graphics comp.windows.x
comp vs rec

rec.motorcycles rec.autos

comp. sys. ibm. pec.

comp.os.mswindows. misc

comp vs sci hardware
sci.crypt

sci.med

comp. os. mswindows.
comp.sys.mac.hardware
comp vs talk misc
talk.politics. mideast
talk.politics. guns

rec.autos rec.sport.baseball

rec vs talk
talk.politics. misc talk.religion.misc

rec.autos rec.sport.hockey
rec vs sci

sci.space sci.electronics

sci.med sci.space
sci vs talk

talk.religion.misc talk.politics. mideast

YIS T-LMPM  T-KMPM LTL-MPM KTL-MPM
comp vs rec  61.46 80.92 64.19 83.94
comp vs sci  58.72 76.33 63.29 79.56
comp vs talk  94.13 99.41 97.74 99.83
rec vs talk 57.36 76.30 60.80 78.60
rec vs sci 57.12 78.81 57.49 81.50
sci vs talk 57.42 86.34 63.98 86.75
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Table 6 Results of 10% training samples in the target domain/ %
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B 1% 5% . 10% 5085 I 2 TL-MPM 5.7k
Iy MPM B3k p 26 8%, {E T-MPM FI TL-

Bk T-LMPM  T-KMPM LTL-MPM KTL-MPM
comp Vs rec 76.46 85.51 80.05 86.06
comp vs sci 70.87 84.75 75.00 83.70
comp vs talk  96.16 99.32 98.66 99.69
rec vs talk 65.30 81.64 66.74 81.56
rec vs sci 64.93 84.89 70.17 85.90
sci vs talk 70.49 90.18 72.17 89.09
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