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Semi-supervised Learning of Multi-class Classifiers for
Multi-component Data

AKINORI FuJiNo,* NAONORI UEDA' and KAZUMI SAITO!®

We present a method for semi-supervised learning of multi-class and single-label classifiers
for multi-component data such as web pages consisting of text and links, based on a hybrid
generative/discriminative approach. In our formulation, for each component, we design an
individual generative model and introduce a model to reduce the effect of the bias associated
with the generative model trained on few labeled samples. Then, we construct our classifier
by combining these models based on the maximum entropy principle. In our experimental
results for text classification using additional information such as links, we confirmed that
our classifier outperformed generative and discriminative classifiers based on naive Bayes and
multinomial logistic regression models, especially when the performance of the generative and
discriminative classifiers was comparable. We also confirmed our formulation for dealing with
multiple components was effective to obtain semi-supervised classifiers with good generaliza-
tion ability. Moreover, we confirmed that using a large number of unlabeled data for training
our classifier improved its classification performance.
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Table 1 Outline of compared methods.
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02 000000000000 NODOOD H-BCMOOOOOOOOOO (%)
Table 2 Classification accuracies (%) with H-BCM and compared methods over

various number of labeled data, N.

(a) WebKBO M = 25000 K = 40

Training set Semi-supervised Supervised
N N/M | H-BCM CH EM-A  MLR/MER HY NB MLR
32 0.0128 | 69.9 (5.1) 73.5 (4.1) 73.4 (2.8) 63.5 (5.0) [68.6 (3.6) 69.1 (2.9) 63.3 (4.5
64 0.0256 | 76.2 (2.8) 77.5 (2.3) 75.8 (1.7 72.2 (2.7 74.9 (1.1) 73.9 (1.1) 71.9 (2.2
128 0.0512 | 81.8 (1.7) 80.2 (2.0) 78.3 (2.4) 78.5(2.2) |80.7 (1.9) 77.7 (1.8) 78.3 (2.0
256 0.1024 | 85.0 (1.3) 83.2 (1.5) 80.8 (1.6 84.3 (1.7 84.6 (1.3) 80.9 (1.2) 83.9 (1.7
512 0.2048 | 87.2 (1.1) 84.8 (1.5) 82.4 (1.3 88.7 (1.3) |87.4 (1.1) 83.5(1.3) 87.9 (1.3
(b) Corall M = 20000 K = 70
Training set Semi-supervised Supervised
N N/M | H-BCM CH EM-A  MLR/MER HY NB MLR
56 0.028 |77.4 (3.5) 74.3 (4.9) 71.8 (4.1 55.6 (4.4 63.2 (3.5) 58.0 (2.5) 55.2 (3.8
112 0.056 |83.4 (1.7) 80.7 (1.4) 77.9 (1.6) 63.9 (2.3) |72.6 (1.8) 66.7 (1.4) 63.5 (2.1
224 0.112 |85.8 (0.9) 84.1 (0.7) 81.2 (1.1) 73.0 (1.0) [80.7 (0.8) 75.4 (1.4) 72.3 (1.1
448 0.224 | 87.3 (1.6) 86.1 (1.3) 83.3 (1.1 78.8 (1.0 84.7 (0.8) 80.1 (1.1) 77.3 (1.2
896 0.448 |89.1 (0.6) 88.5(1.2) 85.9 (1.0 82.7 (1.0 87.9 (1.1) 84.4 (0.8) 82.1 (1.2
(c) 20newsO M = 25000 K = 50

Training set Semi-supervised Supervised

N N/M | H-BCM CH EM-A  MLR/MER HY NB MLR
40 0.016 [ 64.8 (3.0) 56.2 (4.6) 56.6 (6.9) 50.1 (5.1) |47.7 (3.7) 46.0 (3.9) 48.8 (3.9
80 0.032 |71.6 (1.8) 63.7 (2.2) 60.8 (3.8) 57.3 (3.7) |56.3 (2.2) 51.8 (3.3) 56.4 (3.0
160 0.064 |75.7 (1.5) 70.7 (2.7) 66.6 (4.6) 66.2 (3.6) |65.4 (1.4) 60.3 (2.7) 63.7 (2.3
320 0.128 | 78.5 (1.4) 74.9 (1.5) 71.0 (2.3 72.6 (1.4 72.8 (1.8) 68.0 (1.9) 71.0 (1.0
640 0.256 | 82.0 (1.2) 79.8 (1.3) 76.2 (1.8 77.9 (0.9 79.6 (1.2) 74.6 (1.6) 76.4 (0.9
1280 0.512 [ 85.0 (1.0) 83.4 (1.5) 80.0 (2.0 81.0 (1.2 83.4 (0.9) 78.8 (1.7) 80.2 (0.9

cooxooOOO0OO0O0OO0O000OOOODDOOO0O0O0
00oo0o0o0o0o0o00o0ooooOooog EM-AODOO
gooooboooooobooooooboooooooon
oooooooo

CHOOOOOOH-BCMOOWebKBOODODODO
gooooboooooboooooooboboobooDbo
H-BCMO CHOOOOOOOOOOOOOOOooOo
toooooooboboboooooooooooooaao
CHO H-BCMOOOOOOOOOOOOOOoOOooOo
dtoddoddoodooooooooooooooo
gooooooooooboooboooobooooooo
goooobooooooooooooboooboonoooo
oooooooon

4.3 0DO00O0OO0OOOOOODOO

00000ooooooOoooooooooooo 7
goooooobooboobon0 «0Ooboooo
O000000000o0o0ooOBCM- 00000
H-BCMOOOOOOOOOOOBCM-«0OOOOO
goboooobooooooo

R(y = k|=°;0,¥,T)
1 o o
= e @ 6 @ ) (16)
00000000002 =325 _ (e p(@®|k';6,,)"

x p(x®|k';¢,,)"?} 0000000 0CHDEM-AD
MLR/MEROOOO00O0O o« 000000000

000 00OCH-aOEM-A-aOMLR/MER-« 00000
oooog
0o0oO0o0oDooOooo420000000000
Jlio00o0ooobobo0oboobooobooobooooo
ddooOoO0o0oOobobOoOoOoooobooOo4.2100
dooddooooooooboooooooooono
0 OBCM-aO CH-a0 EM-A-a0 MLR/MER-~-a 00O
gboobooooboboobobobobooobooo
Jooobobob0ooo0 « ODbODOO0oOoooooo
000000 « 000000000000 DO0ODOOO
MTO WebKB[M CIO CorallI MO 20newsO0 0 000 O
03000000000000D0D000bO0O0DOoO
00 NODOOODoOooooboooboboooo
0dooooboboboooobbooboboooooooano
H-BCMOOOOOOOOODOOOOODODOODOOO
0000000 BCM-« ODOOODOOODOOODOO
O00oooooooooooH-BCMOOOODOO
BCM-« OOOOOOODOOOOODOODOOOO
Jo0obooo0oboooboobobooobooobooo
0o0oo0do0oDOo0oooobOOooobOoOoooOoaH-
BCM O BCM-«OOOODOOOOOOODOODOOO
00000000 o00ooobOobooboobooo
ooooooooH-BCMOODOOOOOOOOO
0o0ooooobooooooooooooooooo
CHOODOODODO Coral N=560000000



172 gooooooooooooooooDbo Oct. 2007
03 0oooooooooocooOo0oOoooooooooooOo0oooooooooooboo
N ODDODOOoOoooo (%)
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Fig.2 Classification accuracies (%) with H-BCM over various number of unlabeled data, M.
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