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Robust Semi-supervised Learning for
Labeled Data Selection Bias

AKINORI FuJiNo,™ NaoNor1 Uepaf!
and MASAAKI NAGATAT!

‘We propose a robust semi-supervised learning method for designing good clas-
sifiers with a high generalization ability from labeled data whose distribution
differs largely from that of test data in a target domain. Although JESS-CM
is one of the most successful semi-supervised learning methods that achieved
the best published results in natural language processing tasks, it has an over-
fitting problem in our task setting. We expect the proposed method to solve
the overfitting problem by utilizing unlabeled data in the target domain with
the labeled data for both training of discriminative and generative models com-
posing a classifier. Our experimental results for text classification using three
test collections confirmed that the classification performance obtained with the
proposed method was better than that with JESS-CM in most case of the task
setting.
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Fig.1 Outline of JESS-CM and MHLE methods
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*3 http://people.csail.mit.edu/jrennie/20Newsgroups/20news-18828.tar.gz
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Table 1 Classification accuracies (%) obtained by using N labeled data collected from a different

distribution from target domain.

dataset| N | MHLE JESS-CM NB/EM-A MLR/MER| NB MLR [ r 7y
20 | 69.4 (6.5) 50.8 (9.3) 65.9 (3.4) 46.6 (10.3) [60.5 (5.4) 46.9 (10.2)[94.1 7.5
WebKB| 100 | 72.3 (5.6) 66.8 (5.1) 69.7 (5.4) 63.2 (4.8) [69.2 (4.2) 63.3 (4.7) |90.6 21.6
500 | 88.1 (1.4) 82.5 (2.4) 73.0 (3.2) 81.2 (1.6) |72.8 (2.7) 81.3 (2.0) |85.5 46.2
50 | 44.2 (5.5) 46.1 (4.3) 36.1 (5.5) 38.8 (4.2) [34.2 (4.5) 38.0 (3.9) [79.8 8.4
SRAA | 200 | 48.0 (3.4) 47.4 (4.6) 34.6 (6.0) 38.1 (6.7) |40.0 (3.6) 39.7 (3.6) |72.4 20.3
1000| 50.0 (3.1) 48.7 (2.9) 32.5 (4.0) 44.8 (3.8) |45.3 (3.3) 45.3 (2.4) |57.8 42.3
50 [42.4 (13.0) 41.6 (12.2) 31.1 (15.2) 17.4 (5.6) [19.8 (5.9) 22.4 (3.2) [83.2 9.8
20news | 200 |49.7 (13.6) 48.4 (14.7) 36.3 (14.7) 23.0 (6.9) |25.8 (8.3) 23.3 (6.2) |78.2 22.4
1000|71.6 (10.3) 52.8 (7.2) 49.9 (17.4) 37.3 (5.1) [36.8 (9.0) 37.6 (5.2) [74.9 45.8

() 00D 0000000000 (For target domain test data)

dataset| N | MHLE JESS-CM NB/EM-A MLR/MER| NB MLR | r 7y
20 |71.4 (7.3) 69.5 (6.4) 77.0 (2.4) 66.2 (7.2) |72.0 (3.6) 66.2 (6.6)]94.1 7.5

WebKB| 100 | 83.0 (1.5) 83.8 (3.6) 80.3 (2.5) 83.5 (2.4) |81.5 (2.8) 83.5 (2.4)|90.6 21.6
500 | 90.8 (2.4) 91.4 (2.3) 82.9 (3.5) 91.6 (2.4) |83.7 (3.1) 91.5 (2.3)|85.5 46.2

50 [67.1 (6.8) 66.0 (4.5) 69.6 (2.5) 62.9 (3.8) [64.7 (2.8) 63.3 (3.6)[79.8 8.4
SRAA | 200 |79.0 (2.9) 78.3 (4.0) 81.6 (2.3) 75.5 (2.6) |78.0 (2.8) 75.5 (2.6)|72.4 20.3
) (2.7)

1) (4.7)

) (7.3)

1000|88.3 (3.2) 85.8 (2.3) 86.5 (2.7) 85.2 (2.3) |86.6 84.6 (2.4) |57.8 42.3
50 |62.5 (6.4) 64.5 (7.1) 56.8 (7.0) 64.0 (5.6) [61.5 66.1 (4.6)[83.2 9.8
20news | 200 |76.8 (3.0) 76.0 (3.4) 71.9 (6.8) 75.3 (3.6) |71.8 75.1 (4.1)[78.2 22.4
1000|86.8 (3.7) 85.8 (3.5) 82.2 (5.5) 84.9 (3.1) |83.2 (4.0) 84.9 (2.9)|74.9 45.8

(b) 00 0DODO0DOOOO0DOO (For source domain test data)
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20news 00 MHLEO OO JESS-CMOOOOOOSRAADOOOOOOOOOOODOO
00 o0ooo00oo00ooo0oDO0o0o0D 1(b0DOO00O00O00OMHLED JESS-CM
ooooooooooobooO0oOMHLEOOOOOOOOOOOOOOOOOODOOOO
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Table 2 Classification accuracies (%) obtained by using N labeled data in a single domain setting.

dataset| N | MHLE JESS-CM NB/EM-A MLR/MER| NB MLR | 1 7y

20 |70.3 (4.7) 62.3 (7.7) 73.2 (4.8) 59.2 (7.5) |63.6 (4.0) 59.4 (7.4)[96.9 7.3
WebKB| 100 | 81.3 (1.6) 82.0 (1.6) 77.8 (2.4) 80.1 (1.5) |76.0 (1.9) 80.0 (1.5)|94.2 21.6

500 | 89.5 (1.1) 91.0 (0.9) 83.3 (1.1) 91.0 (1.7) |83.0 (1.2) 90.4 (1.3)|89.9 51.0
50 [58.0 (5.0) 57.1 (5.1) 56.6 (3.8) 49.0 (1.5) [49.4 (2.2) 48.9 (1.3)[90.3 7.7
SRAA | 200 |64.9 (1.1) 65.8 (1.3) 61.5 (2.2) 57.2 (1.7) |59.4 (1.2) 57.2 (1.7)|84.6 20.3
1000| 71.3 (1.2) 71.9 (1.2) 70.8 (1.7) 68.5 (1.0) |70.1 (1.6) 68.3 (0.9)|72.4 45.3
50 |71.2 (2.6) 72.7 (1.5) 60.5 (6.0) 51.4 (5.7) |48.6 (4.7) 51.9 (4.6)]95.4 10.5
20news | 200 | 78.0 (1.3) 78.3 (1.4) 67.1 (4.8) 72.3 (1.8) |64.6 (3.8) 69.5 (2.0)[92.4 27.1
1000|84.7 (1.5) 84.2 (1.6) 77.3 (2.5) 81.8 (1.3) |76.5 (2.6) 81.4 (1.4)|88.3 63.8
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