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Semisupervised Learning for a Hybrid
Generative/Discriminative Classifier Based
on the Maximum Entropy Principle

Akinori Fujino, Member, IEEE, Naonori Ueda, Member, IEEE, and Kazumi Saito

Abstract—This paper presents a method for designing semisupervised classifiers trained on labeled and unlabeled samples. We
focus on a probabilistic semisupervised classifier design for multiclass and single-labeled classification problems and propose a hybrid
approach that takes advantage of generative and discriminative approaches. In our approach, we first consider a generative model
trained by using labeled samples and introduce a bias correction model, where these models belong to the same model family but have
different parameters. Then, we construct a hybrid classifier by combining these models based on the maximum entropy principle. To
enable us to apply our hybrid approach to text classification problems, we employed naive Bayes models as the generative and bias
correction models. Our experimental results for four text data sets confirmed that the generalization ability of our hybrid classifier was
much improved by using a large number of unlabeled samples for training when there were too few labeled samples to obtain good
performance. We also confirmed that our hybrid approach significantly outperformed the generative and discriminative approaches
when the performance of the generative and discriminative approaches was comparable. Moreover, we examined the performance of
our hybrid classifier when the labeled and unlabeled data distributions were different.

Index Terms—Generative model, maximum entropy principle, bias correction, unlabeled samples, text classification.

1 INTRODUCTION

STATISTICAL classifiers are generally trained by using
observed feature vectors with class labels, called labeled
samples. If we are to obtain better classifiers with a general-
ization ability, then we require a large number of labeled
samples. However, in practice, it is often fairly expensive to
collect many labeled samples because class labels are
manually assigned by experienced analysts. In contrast,
unlabeled samples can be easily collected. Therefore, effec-
tively utilizing unlabeled samples to improve the general-
ization performance of classifiers is a major research issue in
the fields of pattern recognition and machine learning, and
semisupervised learning methods that use both labeled and
unlabeled samples for training classifiers have been devel-
oped [1], [2], [3], [4], [5], [6], [7], [8] (see [9] for a
comprehensive survey). In this paper, we focus on designing
semisupervised classifiers for multiclass and single-labeled
classification based on probabilistic approaches.
Semisupervised learning algorithms based on probabil-
istic approaches have been proposed for generative and
discriminative classifiers. Generative classifiers learn the joint
probability model p(z,y) of the feature vector = and class
label y of a data sample and make their predictions by using
Bayes rule to compute P(y|z) and then taking the most
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probable label y. For semisupervised learning of the classifier,
unlabeled samples are dealt with as a missing class label
problem and are incorporated in a mixture of joint probability
models [1]. One of the authors has presented an algorithm for
incorporating unlabeled sequential data with a mixture of
hidden Markov models and confirmed experimentally that
the algorithm was useful for improving their classification
performance [4].

By contrast, discriminative classifiers model class poster-
ior probability P(y|z) and learn mapping from z to y directly.
Since p(z) is not modeled in the discriminative approach,
some assumptions are required if we are to incorporate
unlabeled samples in the model. In [3], it is assumed that if
two feature vectors are close, then the class labels of both
samples should be the same. The minimum entropy regularizer
(MER) was recently introduced as another approach to
semisupervised learning [2]. In [2], by utilizing the knowl-
edge that unlabeled samples are beneficial for improving
classification accuracy when samples are well separated
among classes, an attempt was made to minimize the entropy
of the class posterior probabilities of unlabeled samples.

Semisupervised learning algorithms are desired when
there are insufficient labeled samples to obtain good super-
vised classifiers with a generalization ability. In supervised
learning cases, it has been shown that discriminative
classifiers often achieve better performance than generative
classifiers but that generative classifiers often provide better
generalization performance than discriminative classifiers
when trained with few labeled samples [10]. Therefore, we
explore a hybrid of generative and discriminative approaches
to benefit from their respective advantages and, thus, obtain
semisupervised classifiers with good performance.

Supervised classifiers based on the hybrid generative and
discriminative approaches have recently been proposed
[11], [12]. In [11], a restricted Bayes classifier modifies a Bayes
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optimal classifier based on maximum margin classification.
It was shown that the hybrid classifier improved the
generalization performance when the training set contained
samples with missing feature values, but the missing label
problem was not considered. In [12], for feature vectors
structured by R components, the joint probability of each
component is modeled individually, and these component
models are combined with weight determined by maximiz-
ing the class posterior likelihood. That is, their hybrid
classifier is constructed by a discriminative combination of
generative models. They showed experimentally that the
hybrid classifier performed better than or similar to pure
generative and discriminative classifiers.

We propose a hybrid approach to semisupervised
classifier design. In our formulation, a generative model is
trained by using labeled samples. When the number of
labeled samples is small, the class boundary provided by
the trained generative model is often far from being the
most appropriate one. That is, the trained generative model
often has a high bias that results from the small number of
labeled samples. To mitigate the effect of the bias associated
with the trained generative model on the classification
performance, we introduce a bias correction model that
belongs to the same model family as the trained generative
model. Then, by discriminatively combining these models
based on the maximum entropy (ME) principle [13], we
construct a classifier, called a hybrid classifier. The bias
correction model is trained by using unlabeled samples.

We presented the basic idea of the hybrid approachin [14],
[15], but we did not provide any explanation of the parameter
estimation method. In this paper, we present a refined
parameter estimation method for our hybrid classifier, where
the bias correction model is trained to maximize the sum of
the discriminative function values of unlabeled samples
provided by the classifier. We expect this training to reduce
the bias of the classifier that results from there being only a
few labeled samples. The parameter of the bias correction
model is estimated with the help of the EM algorithm. Then,
we confirm experimentally the effect of bias correction by
using unlabeled samples on the performance of our hybrid
classifier.

The organization of the paper is organized as follows: In
Section 2, we review conventional probabilistic generative
and discriminative approaches to a semisupervised classi-
fier design. In Section 3, we present our formulation for
designing a semisupervised classifier based on a hybrid
generative and discriminative approach. We also present a
method for applying our hybrid approach to text classifica-
tion problems by using naive Bayes (NB) models as the
generative and bias correction models. In Section 4, using
four test collections, we show experimentally that the
generalization ability of our hybrid classifier is improved
by using unlabeled samples for training and that our hybrid
approach is particularly useful when generative and
discriminative approaches exhibit comparable levels of
performance. We also show the usefulness of the hybrid
approach in terms of processing time. In Section 5, using an
artificial data set, we show experimentally the effect of a
massive number of unlabeled samples on the performance
of our hybrid classifier. We also show the effect of using
unlabeled samples whose distribution is different from that
of labeled samples. Section 6 provides the conclusion.

2 CONVENTIONAL APPROACHES

2.1 Semisupervised Learning

In multiclass (K classes) and single-labeled classification
problems, one of the K classes ye€ {1,...,k,...,K} is
assigned to a feature vector x by a classifier. In semisu-
pervised learning settings, the classifier is trained on both
labeled sample set D; = {(z,, yn)};‘y:l and unlabeled sample
set D, = {xm}%zl. Let D={D;,D,} represent a training
sample set. Usually, M is much greater than N. We require
a framework that will allow us to incorporate unlabeled
samples without class labels y into classifiers. First, we
briefly review the conventional probabilistic approaches.

2.2 Generative Approach

Generative classifiers learn a joint probability model
p(x,y;6,), where © = {6}, is a set of model parameters
over all classes. The class posteriors P(y = k|z;©) for all
classes are computed using Bayes rule after parameter
estimation. The class label of z is determined as being y that
maximizes P(y = k|z;©). The joint probability model is
designed according to classification tasks, for example, as a
multinomial distribution model for text classification or as a
Gaussian model for continuous feature vectors.

In the probabilistic framework, unlabeled samples are
dealt with as the missing class labels in mixture models [16].
That is, z,, € D, is drawn from the marginal generative
distribution p(z; ©) = Z?:l p(z, k; 0,). Model parameter © is
computed by maximizing the posterior p(©|D) (maximum
a posteriori (MAP) estimation). According to Bayes rule
p(O]D) x p(D|O)p(O), the objective function of MAP estima-
tion is given by

N
Jp (@) = Z logp(l‘m Yns ayn)
n=1
M K @
+ Z log Z (T, k; 01) +1og p(©).
m=1 k=1

Here, p(0©) is a prior probability distribution of ©. The value
of © that maximizes .J;(©) is obtained by using the
Expectation-Maximization (EM) algorithm [16].

The estimation of © is affected by the number of unlabeled
samples used with the labeled samples. In other words, when
N < M, model parameter O is estimated as almost unsu-
pervised clustering because the second term on the right-
hand side of (1) becomes much more dominant than the first
term. This indicates that training the model by using
unlabeled samples might not be useful in terms of classifica-
tion accuracy if the mixture model assumptions are not true
for actual classification tasks. As previously reported [17],
using unlabeled samples can degrade the classification
performance when there is a large difference between actual
and assumed models. To mitigate the problem, a weighting
parameter A was introduced (EM-J)), which reduces the
contribution of the unlabeled samples to the parameter
estimation [1]. The weighting parameter X € [0, 1] is multi-
plied in the second term on the right-hand side of (1). The
parameter value is determined by a cross validation so that as
far as possible, the leave-one-out labeled samples are
correctly classified.
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2.3 Discriminative Approach

Discriminative classifiers directly model class posterior
probabilities P(y|z) for all classes. In multinomial logistic
regression (MLR) [18], the class posterior probabilities are
modeled as

exp(wy - 2)
K )
> w1 exp(wy - x)

where W = {wj};, is a set of unknown model parameters.
wy, - « represent the inner product of wy, and z.

MER was introduced as one way of incorporating
unlabeled samples in discriminative classifiers [2]. This
method is based on the empirical knowledge that classes
should be well separated to take advantage of the unlabeled
samples because the asymptotic information content of
unlabeled samples decreases as classes overlap. Conditional
entropy is used as a measure of class overlap. By minimizing
the conditional entropy, the classifier is trained to separate
unlabeled samples as well as possible.

Applying MER to MLR, we estimate W to maximize the
following conditional log likelihood and regularizer

Py = klz; W) = (2)

N
(W) = "log P(yn|za; W)

n=1

M K (3)
FAD S Pklzn; W) log P(k|z; W)

m=1 k=1
+ logp(W).

Here, A is a weighting parameter and p(W
probability distribution of W.

) is a prior

3 HyYBRID APPROACH

As mentioned in Section 1, we propose a hybrid classifier
based on the discriminative combination of generative and
bias correction models. In this section, we present our
formulation of the hybrid classifier and our parameter
estimation method.

3.1 Generative Model and Bias Correction Model
We first design a class conditional generative model p(z|k; 6},
for data samples z that belong to the kth class, where © =
{01} 1 denotes a set of model parameters over all classes. In
our formulation, the generative modelis trained by using a set
of labeled samples D;. © is computed using the MAP
estimation: © = arg maxo{logp(D;|0) + logp(©)}. Assum-
ing that © is independent of class probability P(y = k), we
can derive the objective function for © estimation as

N
J(©) =Y logp(@.yn; 0,,) + log p(6). (4)

n=1

Here, p(©) is a prior probability distribution of ©.

In semisupervised learning settings, the number of
labeled samples is often small. Then, the classifier obtained
by using the trained generative model often provides a class
boundary that is far from being the most appropriate. That
is, the trained generative model often has a high bias. To
obtain a classifier with a smaller bias, we newly introduce
another class conditional generative model, called the bias
correction model. The bias correction model belongs to the

same model family as the generative model, but the
parameter set ¥ = {@bk}g , of the bias correction model is
different from ©. We construct our hybrid classifier by
combining the generative and bias correction models to
mitigate the effect of the bias associated with the trained
generative model.

3.2 Discriminative Combination

We define our hybrid classifier by using the class posterior
probability distribution derived from a discriminative
combination of the generative and bias correction models.
The combination is provided on the basis of the ME
principle [13].

The ME principle prefers the most uniform probability
distributions that satisfy any given constraints. Let R(k|x) be
a target distribution that we wish to specify using the ME
principle. A constraintis that the expectation of log likelihood
with respect to the target distribution R(k|z) is equal to the
expectation of log likelihood with respect to the empirical

distribution p(z, k) = 29:1 I, (z)1,, (k)/N of labeled sam-
ples as

> b(x, k) log p(=|k; 0;)

z .k

A . (5)
= b(@)R(Kz)log p(z|k; b),

x,k

where p(z) = SN | I (x)/N is the empirical distribution of

z. Here, I, (z) is an indicator function, where I, (z) =1 if
x = x,; otherwise, I (z) = 0. The equation of the constraint
for log p(z|k; ;) can be represented in the same form as (5).
Wealsorestrict R(k|z) so thatithas the same class probability,
as seen in the labeled samples, such that

Do) = D p(a) k) (6)

T

By maximizing the conditional entropy H(R)=—)_,,
p(z)R(k|z) log R(k|x) under these constraints, we can obtain
the target distribution:

R(k|z;6,®.T)
plalk; 0,) p(x|k; ) e (7)
by p( |k 0) " p( s 4py ) Perw

where ' = (v1, 72, {1}, ) is a set of Lagrange multipliers. ~,
and v, provide combination weights for the generative and
bias correction models, and y; provides a bias for the
kth class. A

The distribution R(k|z;©,¥,T") gives us the formulation
of a discriminative cla551f1er that consists of the generative
and bias correction models. In a special case, R(k|z; O, ¥,I")
is reduced to the class posterior probability dlstrlbutlon
derived from the generative model p(z|k; 8;) by using Bayes
rule. Actually, if v =1, 79 =0, and P(k) = e/, Vk, then

R(k|z;©,¥,T) is consistent with P(k|z; ©) ocp(z\k: 0,)P(k).
We employ R(k|z; O, W, 1) as the class posterior probability
distribution of our hybrld classifier.

According to the ME principle, the solution of I" in (7) is
the same as the I' that maximizes the log likelihood for
R(k|z;0,¥,T) of labeled samples (z,,y,) € D; [13], [19].
However, D; is also used to estimate ©. Using the same
labeled samples for both I' and © may lead to the bias
estimation of I'. Thus, a leave-one-out cross validation of the
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labeled samples is used for the estimation of T', as applied in
[12]. Let " be the generative model parameter estimated
by using all the labeled samples except (z,,y,). The
objective function of I' then becomes

N
F(T|W) = ZlogR(ynlwn;é)(‘"),‘I’,F) +logp(l).  (8)
n=1

Here, p(I') is a prior probability distribution of I'. We used

the Gaussian prior [20] as
} II exp(— —) )

o] 55

where a;, 0j, and p;. are hyperparameters in the Gaussian
prior. We can compute an estimate of I' to maximize F(T'|¥)
under a fixed ¥ by using the limited memory Broyden-
Fletcher-Goldfarb-Shanno (L-BFGS) algorithm [21], which is
a quasi-Newton method. In this computation, global con-
vergence is guaranteed, since F'(I'| V) is a concave function of
I'. In practice, we compute I" to maximize F(I'|¥) under the
constraint of v, > 0 because v, < 0 indicates the negative use
of information supplied by the bias correction model.

3.3 Learning of Bias Correction Model Parameter

In our formulation, the parameter ¥ of the bias correction
model is trained with unlabeled samples to reduce the bias
that results from a small number of labeled samples.
According to R(k|z;0,¥,T'), as shown in (7), the class
label y of a feature vector x is determined as the k that
maximizes the discriminative function

ge(x; ) =

Here, when the gi(x; 9;) values for all classes are small, the
classification result for z would not be reliable because
gr(z; ¥,,) is almost the same for all classes. Thus, we expect our
classifier to provide a large gi(z;v,) difference between
classes for unseen samples by estimating ¥ that maximizes
the sum of the discriminative functions of unlabeled samples

p(x|k; 0) " pla|ks 1)) e (10)

G(U[T) = Zlongk T Py,) +logp(¥),  (11)

m=

where p(0) is a prior probability distribution of W.

If I is known, then we can estimate ¥ that provides the
local maximum of G(¥|I") around the initialized value of ¥
by using an iterative computation such as the EM
algorithm. Let ¥ be the estimated ¥ in the (¢)th step.
Then, using ¥, we estimate ¥ in the (¢ + 1)th step W(+!)
to maximize the @ function

0 (\I,(tJrl |F>

— i f: R(Klz0; 6, 9,1 ) 1og p (ks 0 ")

m=1 k=1
+ logp(\If(”l)).

We can obtain the estimate of ¥ by iteratively performing
this update while G(¥|I') is hill climbing (see Appendix A
for the derivation of (12)).

However, I' is also an unknown parameter that should be
estimated using (8), with © and ¥ fixed. That is, the

(12)

Given training set: D; = {(zn, yn)}ﬁjzl and D, = {mm}f\,le
. Initialize ¥, t — 0.
. Compute © and 6™, Vn, using (4).
. Compute T'® using (8) under fixed ¥ and 6™,
. Perform the following until d(t) < e (see (13)).
o Compute U using (12) under fixed I'® and 6.
e Compute I'**1) using (8) under fixed ¥**Y and (™,
ot —t+1.
5. Output a classifier R(k|z; 6, v, ),

=W N =

Fig. 1. Algorithm of learning model parameters in our hybrid approach.
estimations of ¥ and I' are mutually dependent. As a solution
to our parameter estimation, we search for the ¥ and I that
maximize F(I'|¥) and G(¥|I') simultaneously. For this
search, we compute ¥ and I' by maximizing the objective
functions shown in (12) and (8) iteratively and alternately.
After estimating O by using (4), we first provide an initialized
value ¥(¥) and estimate T' by using (8) with ¥(”). Next, we
estimate U()) by using (12) with the estimate of T'. Then, we
estimate T' with W1 again. We update T' and ¥ iteratively
until a certain convergence criterion, d(t) < ¢, is met,

(t+1) (t) T+ _ )
Z o™ =91 |l I

= |l e

Here, ||1/)§:) | represents the level-2 (L2)-norm of w,ﬁ,t) . We
summarize the algorithm for estimating these model
parameters in Fig. 1.

Our learning algorithm shown in Fig. 1 estimates ¥ and I
iteratively and alternately to maximize two objective func-
tions F(I'|¥) and G(¥|I') simultaneously. In each step of the
iterative computation, ¥ and I' are updated alternately to
provide large objective function values. The value of T
providing a global maximum of F(I'|¥) is computed easily
under an arbitrary fixed value in the ¥ domain, since F(I'| )
isa concave function of I". However, if G(¥|T") isnota concave
function of ¥, then there is no guarantee thatsuch an alternate
gradient method as our learning algorithm can lead us to a
local optimal point in ¥ and I" from an initialized parameter
value. When the iterative computation performed by our
learning algorithm does not reach a local optimal point, the
computation may cause the parameter estimates to oscillate,
and thus the convergence criterion for our parameter
estimation would not be satisfied. To deal with this conver-
gence problem, we stopped the iterative computation when ¢
reached its upper limit in our experiments described in
Section 4. We observed such oscillation when training our
hybrid classifier on some experimental settings but con-
firmed that our hybrid performed better than other semi-
supervised classifiers.

(13)

3.4 Application of Hybrid Approach to Text
Classification

For text classification problems, we employed NB models as
the generative model p(z|k; 0)) and bias correction model
p(x|k; 1) by using the independent word-based represen-
tation known as the Bag-of-Words (BOW) representation.
Let z = (x1,...,i,...,%y) represent the feature vector of a
document, where z; denotes the frequency of the ith word
in the document, and V' denotes the number of vocabulary
words included in a text data set. In an NB model, the
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probability distribution of document z in the kth class is
regarded as a multinomial distribution

v

XX 1_‘[(0]“‘)1Z .

i1
Here, 6;; > 0, and Zyzl 0r; = 1. 0, is the probability that the
ith word appears in a document belonging to the kth class.
p(z|k;¢),) is also given the same distribution form as
p(x|k; 0;). When applying NB models to our hybrid
classifier, we used feature vectors normalized with vector
size |z| = ZV 1 Tie

For the MAP estimation of 6y, as the prior p(6y) in (4), we
use a Dirichlet prior p(6) Hz 1(6;“)5‘ ', where &.(> 1)
represents a hyperparameter A Dirichlet prior is also used
for p(¥) in (11). Let {xz,, },L ", represent the normalized
feature vectors of labeled samples thatbelong to the kth class.
Then, the estimate of ), is computed as

p(x[k; 6r) (14)

é o 27]1\::1 Tnyi + &—1 (15)
" N+ V(& —-1)

The estimate of v, in the (¢ + 1)th step is computed as

_ 72 Zm 1
Y2 Zm 1

where 7, is a hyperparameter of Dirichlet prior p(¥).

To estimate ), we tune &, to maximize the sum of the log
likelihood computed with a leave-one-out cross validation
of the labeled samples [22]

N,
)= Z logP(mm}k; 95;"”)

nr=1

= Z me log 9( ™)

ne=1 1=

))mnu +77k 1
TO) + Vg — 1)

k\xm,e g®)
R(k|zm; @ P(t)

(t+1)
wki

(16)

(17)

because we confirmed that this tuning was practically
useful for classification. Here, 8 ™ (6;,"™) is the estimate
of 8, (6);) computed by trammg samples except z,,. This
tuning is executed with the help of the EM algorithm [16]
(see Appendix B for details).

4 EXPERIMENTAL EVALUATION USING REAL TEXT
DATA

4.1 Test Collections

To evaluate our proposed hybrid classifier empirically, we
used four test collections that have often been employed as
benchmark tests for classifiers in text classification tasks. The
first collection is the Reuters-21578 data set (Reuters), which
consists of 135 topic categories from the Reuters newswire
[23]. The 10 most frequently occurring categories have often
been used for benchmark tests, and thus, we constructed a
subset by selecting articles belonging to one of the 10 cate-
gories. For single-labeled classification tasks, we removed
multilabeled articles. Since two of the 10 categories contained
few articles, we used eight categories—acq, crude, earn, grain,
interest, money-fx, ship, and trade—that contained many single-
labeled articles. Reuters divides the articles into two groups
by point in time, and there were 6,182 earlier articles and
2,430 later articles in the subset. In our experiments, the later

articles were used for test samples, and the earlier articles
were selected as labeled or unlabeled samples. We removed
vocabulary words included either in the stoplist [24] or in only
one article. We used 11,822 vocabulary words to represent
feature vectors of articles in the data set.

The second collection is the WebKB data set (WebKB),
which contains Web pages from universities. This data set
consists of seven categories, and each page belongs to one of
the categories. Following the setup in [19], we used only four
categories: course, faculty, project, and student. There were
4,199 Web pages in these categories. We removed tags and
links from the pages, as well as vocabulary words in the same
way as for Reuters. We used 18,525 vocabulary words in the
data set.

The third collection is the 20 newsgroups data set
(20news), which consists of 20 different UseNet discussion
groups. Following the setup in [19], we used only five
groups: comp.*. There were 4,881 articles in the groups. We
removed vocabulary words in the same way as for Reuters.
We used 19,383 vocabulary words in the data set.

The fourth collection is the Cora data set (Cora),! which
contains more than 30,000 summaries of technical papers, and
each paper belongs to one of the 70 groups. For our
evaluation, we used 4,240 papers included in seven groups:
/Artificial_Intelligence/Machine_Learning/*. Each paper con-
tains an abstract and a citation list. We removed vocabulary
words in the same way as for Reuters and removed works
cited by only one paper. We used 9,190 vocabulary words and
13,282 cited works in the data set.

To apply our hybrid approach to the Cora data samples
that consist of text and citation feature vectors z' and z¢ we
assumed the text and citations to be independent of each
other. Under this assumption, we designed the generative
model of z = (z!,z¢) in the kth class such as p(z|k;0)) =
p(z!|k; 0))p(z°|k; 05). Here, 6, and 6, represent the text and
citation model parameters, respectively. We employed NB
models individually asp(z'|k; 8}) and p(z°|k; 6).

4.2 Effect of Using Unlabeled Samples for Training
We examined the effect of using unlabeled samples for
training our hybrid classifier on its generalization ability. As
the evaluation measure for examining the performance of
trained classifiers, we employed classification accuracy,
which refers to how many test samples were correctly
classified. The classification accuracy AC is evaluated as
AC =T/S, where T is the number of correctly classified test
samples, and S is the total number of test samples.

In multiclass and single-labeled classification problems,
the classification accuracy is equivalent to the microaveraged
F-measure [25], which has been used to evaluate classifiers in
binary or multilabeled classification problems (cf. [26]). The
microaveraged F-measure F'M is evaluated as FM =
2/(1/PR+1/RE), where PR and RE represent the m1cro—
averaged prec151on and recallsuchas PR = SR et T/ K et Dk
and RE = S8 | Ty/ S5, 71 Here, T}, represents the number
of test samples whose true class labels are k£ and that were
predicted correctly by the classifier. p; represents the number
of test samples whose class labels are predicted as & by the
classifier. r; represents the number of test samples whose true
classlabels are k. Since S8 | pr =", rp=Sand 1 | T, =T

1. http:/ /www.cs.umass.edu/~mccallum/data/cora-classify.tar.gz.
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Fig. 2. Classification accuracies (in percent) with our proposed hybrid classifier trained on M unlabeled samples with N fixed labeled samples.

(a) Reuters. (b) WebKB. (c) 20news. (d) Cora.

in multiclass and single-labeled classification problems, F'M
isreduced to FM =T/S.

Fig. 2 shows the average classification accuracies of
10 experiments undertaken with our hybrid classifier trained
by using M unlabeled samples with N fixed labeled samples.
In each experiment, the classification accuracies were exam-
ined using test samples that were different from the labeled
and unlabeled samples. The labeled, unlabeled, and test
samples were randomly selected from each data set. With
Reuters, 2,430 later articles were used as test samples. With
WebKB, 20news, and Cora, 1,000 samples were selected as
test samples. After selecting the test samples, we selected
labeled and unlabeled samples from the remaining samples
in each data set.

As shown in Fig. 2, the classification accuracies for a large
number of unlabeled samples tend to be higher than those for
a small number of unlabeled samples with a fixed number of
labeled samples, except N = 512 on WebKB. Using a large
number of unlabeled samples for training our hybrid
classifier greatly improved the classification performance
when the number of labeled samples was small. We
confirmed that unlabeled samples were beneficial for training
with our hybrid approach, especially when the number of
labeled samples was insufficiently large to obtain good
classification performance.

4.3 Comparison with Generative and Discriminative
Approaches

4.3.1 Experimental Settings

We compared our hybrid classifier with conventional
semisupervised generative and discriminative classifiers:
an NB classifier with EM-A (NB/EM-)) [1] and an MLR
classifier with an MER (MLR/MER) [2]. We also compared
the hybrid classifier with two supervised classifiers: NB and
MLR classifiers [19]. NB and MLR were trained only on
labeled samples.

In our experiments, for NB/EM-), the value of weighting
parameter A was set by maximizing the leave-one-out cross-
validation classification accuracy of the labeled samples,
following the method described in [1]. Note that in our
experiments, we selected the value from 14 candidate values

of {0.01, 0.05, 0.1, 0.2, 0.25, 0.3, 0.4, 0.5, 0.6, 0.7, 0.75, 0.8, 0.9,
1.0} to save computation time. However, these candidate
values were carefully selected via preliminary experiments.
We used a Dirichlet distribution for p(0), and its hyperpara-
meter was set in a similar manner to .

For MLR/MER, the value of weighting parameter X in (3)
was selected from 16 candidate values of {{0.1 x 107",0.2 x
107,0.5 x 107}_ .1} that were carefully selected via
preliminary experiments. For a fair comparison of the
methods, the value of A in MLR/MER should also be
determined using training samples, for example, using a
cross validation of labeled samples [2]. We determined the
A value that gave the best classification performance for test
samples to examine the potential ability of MLR/MER because
the computation cost of tuning A was very high. Forboth MLR
and MLR/MER, we fixed values for the hyperparameters in
the Gaussian prior that gave a high average classification
accuracy for the test samples to observe the potential ability of
the method.

To compare these classifiers, we employed the average
classification accuracies of 10 experiments. In each experi-
ment, 2,430 later articles from Reuters were used as the test
samples, and 1,000 test samples were selected randomly
from WebKB, 20news, and Cora. Four thousand five
hundred, 2,500, 2,500, and 2,000 unlabeled samples were
selected randomly from Reuters, WebKB, 20news, and Cora,
respectively. Various numbers of labeled samples were
selected randomly from the other samples for each data set.
With the random selection, we obtained 10 different sample
sets per sample number. For each classifier, we calculated
the average of 10 classification accuracies, which we
examined by using the different sample sets.

4.3.2 Classification Performance

Table 1 shows the average classification accuracies of
10 experiments with the five classifiers in Reuters, WebKB,
20news, and Cora. Each number in parentheses in the table
denotes the standard deviation of the 10 experiments. N and
M represent the number of labeled and unlabeled samples.
Asterisks show that the difference between the average
classification accuracies of our hybrid classifier and the
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TABLE 1
Classification Accuracies (in Percent) with Five Classifiers Trained on N Labeled Samples with M Fixed Unlabeled Samples

Semi-supervised (M = 4500) Supervised Full-labeled
N N/M| Hybrid NB/EM-A MLR/MER NB MLR NB MLR
16 .0036|84.1 (3.7) 86.9 (2.6) 74.1 (8.3)* |71.1 (4.4)* 67.6 (7.9)* ||94.8 (0.1) 95.3 (0.1)
32 .0071(89.4 (1.6) 89.0 2.9) 82.5(3.9)* |80.4 (1.8)* 81.0 (3.5)* [|94.8 (0.1) 95.3 (0.1)
64 .014 |91.4 (0.8) 90.6 (3.1) 84.1 (4.6)* |85.1 (2.2)* 83.3 (4.6)* [|94.9 (0.1) 95.3 (0.1)
128 .028 [92.8 (0.7) 92.0 (0.8) 89.3 (1.5)* [88.7 (0.6)* 88.2 (1.2)*|[95.0 (0.1) 95.2 (0.1)
256 .057 [93.2 (0.9) 93.0 (1.0) 91.7 (0.8)* [90.3 (1.0)* 90.7 (0.7)* |[95.0 (0.2) 95.3 (0.1)
512 .11 |94.1 (0.4) 93.4 (0.5)* 93.7 (0.3)* [92.9 (0.6)* 93.0 (0.4)*][95.0 (0.1) 95.4 (0.1)
1024 .23 |94.7 (0.2) 94.3 (0.3)* 94.9 (0.3) [94.1 (0.4)* 94.5(0.4) |[95.2 (0.1) 95.6 (0.2)
(@)
Semi-supervised (M = 2500) Supervised Full-labeled
N N/M| Hybrid NB/EM-A MLR/MER NB MLR NB MLR
8 .0032(61.4 (59) 63.4(8.5) 54.0(4.00*|53.0 (7.9)* 53.6 (4.3)*(|83.8 (0.9) 92.1 (0.5)
16 .0064 [66.8 (5.0) 69.4 (2.6) 54.1 (5.6)*|60.2 (3.7)* 54.0 (5.1)*||83.8 (1.0) 92.0 (0.5)
32 013 |72.7 3.3) 72.7 (2.5) 63.6 (4.5)*|69.2 (2.8)* 63.5 (4.3)*|[83.8 (1.0) 92.1 (0.6)
64 026 |76.2 (2.1) 754 (24) 724 (2.5)*|73.3 (0.9* 72.1 (2.2)*|[83.7 (0.9) 92.0 (0.5)
128 .051 |79.3 (1.5) 76.9 (2.2)* 78.4 (2.1) |76.9 (2.1)* 783 (2.1) ||83.8 (1.1) 92.2 (0.4)
256 .10 |81.3 (1.5) 79.7 (1.9)* 84.1 (1.6)* |79.9 (1.4)* 83.6 (1.6)* ||83.9 (1.1) 92.2 (0.5)
512 .20 |83.1(1.7) 82.2 (1.4)* 88.5 (1.3)*|82.5(1.3) 87.4 (1.3)*(|84.2 (1.1) 92.3 (0.6)
(b)
Semi-supervised (M = 2500) Supervised Full-labeled
N N/M| Hybrid NB/EM-A MLR/MER NB MLR NB MLR
10 .0040|52.9 (13.2) 39.5 (9.0)* 41.0 (7.7)* |32.4 (6.1)* 37.5 (5.4)* ||83.0 (1.6) 85.5 (0.9)
20 .0080 | 64.3 (6.3) 50.3 (7.8)* 453 (4.9)* |41.3 (4.6)* 44.5 (4.3)* || 82.9 (1.5) 85.5(0.9)
40 .016 | 70.0 (2.4) 56.1 (6.4)"* 52.5 (4.9)* |47.4 (3.9)* 50.9 (3.6)* ||83.1 (1.6) 85.5 (0.9)
80 .032 | 73.1 (2.1) 61.3 (5.3)* 59.9 (2.9)* |53.4 (3.9)* 58.9 (2.3)*|[83.1 (1.3) 85.7 (0.9)
160 .064 | 75.9 (1.5) 67.2 (4.2)* 68.2 (2.5)* |61.1 (2.6)* 66.4 (1.9)* ||83.0 (1.7) 85.9 (0.8)
320 .13 | 78.4 (0.9) 70.8 2.7)* 74.6 (1.4)* [68.8 (1.4)* 72.7 (1.1)*|[83.5 (1.7) 86.0 (0.8)
640 .26 | 81.2 (1.2) 75.8 (1.8)* 79.4 (1.1)*|74.9 2.1)* 77.8 (1.1)*|[84.2 (1.6) 86.5 (1.0)
1280 .51 | 83.8 (1.1) 78.9 (2.1)* 82.5 (1.3)* |77.8 (1.6)* 81.2 (1.4)* ||84.9 (1.5) 87.0 (1.2)
(©
Semi-supervised (M = 2000) Supervised Full-labeled
N N/M| Hybrid NB/EM-A MLR/MER NB MLR NB MLR
14 .0070 | 65.8 (7.8) 46.4 (11.0)* 45.2 (4.9)* |34.5 (7.5)* 41.2 (4.0)*|[87.2 (1.0) 88.2 (0.9)
28 014 |72.6 (6.5) 63.0 (5.7)* 54.2 (4.1)* [45.7 (4.3)* 50.9 (4.0)*|[87.3 (0.9) 88.3 (1.0)
56 .028 [77.0 (4.0) 714 (4.6)* 63.4 (5.7)* |56.8 (3.0)* 61.5(4.3)*|[87.5 (1.1) 88.3 (0.9)
112 .056 |82.9 (2.1) 76.9 (1.6)* 69.9 (3.7)* [65.1 (1.5)* 69.1 (3.4)*|[87.9 (0.9) 88.2 (1.0)
224 .11 |85.5(0.8) 80.9 (1.4)* 78.2 (1.3)* [74.7 (L.7)* 76.7 (1.2)* ||87.8 (1.3) 88.4 (1.1)
448 22 [87.0 (1.3) 834 (L.1)* 83.0(1.5)*|79.8 (1.1)* 81.6 (1.4)*|/88.2 (1.2) 88.7 (1.0)
896 .45 |88.4 (1.0) 86.2 (1.2)* 86.3 (1.4)* |84.4 (0.9* 85.5 (1.3)* || 88.8 (0.8) 89.1 (1.0)

(d)

(a) Reuters. (b) WebKB. (c) 20news. (d) Cora.

classifiers used for comparison is significant (p < 0.05) in the
Wilcoxon test, which hasbeen used for statistical comparisons
of the abilities of classifiers (cf. [27]). We also examined the
classification accuracies of the NB and MLR classifiers trained
by using all the N + M samples as labeled samples and
confirmed the potentiality of unlabeled samples for improv-
ing classification performance. These results are shown in the
column headed “Full labeled” in Table 1.

In the supervised case, as reported in [10], generative
(discriminative) classifiers provided better classification
performance than the discriminative (generative) classifiers
when the number of labeled samples was small (large). In
our experiments using NB and MLR in supervised settings
on Reuters and WebKB, we obtained similar results as those
in [10].

However, in 20news and Cora, MLR outperformed NB,
even when the number of training samples was small,

which seems to be inconsistent with [10]. To investigate the
result further, we analyze the fit of NB models to real data
samples for each data set, since it was reported that the
difference between the assumed generative models and the
distribution of real data affected classification performance
[17]. We examined the normalized test perplexity (NTP) of the
trained NB model for each test collection. NT'P is a measure
of how well the estimated model fits the test samples

{(zs, ys)}f:l not used in the training and is defined by
1 K S 1, (k) SV, 2 log Oy
NTP = —exp (_ D kel Dot Sys( )VZZ:1 Ts; 108 U, (18)
4 Dot Doict Tsi

where 0, is a parameter estimated using the training data,
and I, (k) is a class indicator (I, (k) = 1 if k = y,; otherwise,
I, (k) = 0). A smaller NT'P value means a better fit with the
test samples. NTP =1 for the random model, where
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Fig. 3. NTPs of NB models trained on N labeled samples for four test
collections.

0 = 1/V,Vk, Vi. This means that the trained models, where
NTP <1 (NTP > 1), fit the test samples better (worse) than
the random model. For NT'P in Cora, we examined the NTPs
of the NB models for text and citations and averaged their
perplexities with weights based on the dimensions of the
feature vectors for text and citations. As shown in Fig. 3, the
NTP values in 20news and Cora were significantly larger
than in Reuters and WebKB when the number of training
samples was less than 1,000. This indicates that the NB
generative model did not fit the test samples well when the
training data size was small on 20news and Cora. In other
words, if a smaller NT P had been obtained for a small NV, NB
would have outperformed MLR. Thus, in a supervised
setting, generative classifiers can outperform discriminative
classifiers when the test perplexities of the estimated
generative models are good enough in small N settings. This
finding should be included in conventional discussions on
generative and discriminative classifiers in supervised
settings.

We examined NB/EM-A, MLR/MER, and our hybrid
approach in semisupervised cases. First, the classification
performance of NB/EM-) tended to be better (worse) than
that of MLR/MER for all data sets when N was small (large).
Thatis, we confirmed that the characteristics of the generative
and discriminative approaches in supervised learning also
hold for semisupervised learning, which seems reasonable.

Second, we found that our hybrid approach outper-
formed NB/EM-XA when MLR outperformed NB in super-
vised cases. This result indicates that our hybrid approach
takes advantage of the discriminative approach. However,
the classification performance of our hybrid approach was
slightly worse than that of NB/EM-A when there were a
small number of labeled samples for Reuters and WebKB.
In these cases, the labeled sample sets used for training
contained less than 1/10 of the vocabulary words of the
data sets. Our hybrid classifier would be more overfitted to
labeled samples existing in a small part of the feature space
by the discriminative training than the NB/EM-\ classifier.

Finally, our hybrid approach outperformed MLR/MER,
except when there were many labeled samples for Reuters
and WebKB. This result is because the MLR/MER classifier
tends to be overfitted to a small number of labeled samples. In
contrast, our hybrid approach inherently has the character-
istics of the generative model, whereby such an overfitting
problem is mitigated. When many labeled samples are
available such that the overfitting problem can be overcome,
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Fig. 4. Processing time for parameter estimation using N labeled
samples and 4,500 fixed unlabeled samples on Reuters.

it would be natural for the discriminative approach to be
better than our hybrid approach.

Our comparison of the three semisupervised approaches
confirmed that our hybrid approach outperformed NB/
EM-X and MLR/MER when NB/EM-\ and MLR/MER
performed similarly. Our hybrid approach was useful for
obtaining better classifiers, especially when the classifica-
tion performance of the generative and discriminative
approaches was comparable.

4.3.3 Processing Time

We examined the processing time needed for training the
three semisupervised classifiers, under the condition that
the hyperparameters of all the classifiers were determined.
Fig. 4 shows the average processing time for 10 experiments
with Reuters. For a fair comparison of the classifiers, we
estimated the processing time needed to determine A for
MLR/MER by using a leave-one-out cross validation of the
labeled samples and plotted it in Fig. 4.

To train our hybrid classifier, we computed ¥ and T’
alternately and iteratively until d(¢) < 107° or ¢ = 200. The
size of ¥ is the product of the number of classes K and the
dimension of the feature vectors, V. The size of ¥ is larger
than that of I', which is 2 + K. In our experiments, an average
of 170 (66) iterative computations for estimating ¥ and I’
were required when N =16 (N =1,024). The average
number of iterative computations required for a small
number of labeled samples was larger than that for a large
number of labeled samples. As shown in Fig. 4, our hybrid
classifier required a long training time when the number of
labeled samples was small. This processing time would be
the result of the iterative computations required for the
parameter estimation.

In NB/EM-), O is estimated with the EM algorithm,
under a fixed value of weight parameter A. © is the same size
as ¥ in our hybrid approach. In our experiments, © was
computed iteratively until {J; (@) — J; (@)} /J,(0W) <
107* or t=200. An average of about 10 (4) iterative
computations were required for estimating © when
N =16 (N =1,024). The average number of iterative
computations required for a large number of labeled
samples was smaller than that for a small number of labeled
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samples. These iterative computation results suggest that
the computation cost of NB/EM-\ with a fixed A is smaller
than that of our hybrid approach. In our preliminary
examination, we confirmed experimentally that estimating
© for NB/EM-A under a fixed A required a shorter
processing time than estimating ¥ and I' for our hybrid
classifier. However, A is also a parameter that should be
determined using training samples. To determine A, we
need to compute the estimates of © per A candidate by using
resampling techniques. When we employ a leave-one-out
cross validation of labeled samples as the resampling
technique, we need C x N estimations of ©, where C
represents the number of candidates for A. Therefore, as
shown in Fig. 4, the NB/EM-\ processing time tended to be
proportional to the number of labeled samples N. This is
why the repeated estimation of © to determine A would lead
to a longer processing time with NB/EM-A than with our
hybrid approach.

W for MLR/MEL is the same size as © for NB/EM-A. W is
also computed with a fixed value for weight parameter A\. To
determine A, we need to estimate W by using a cross
validation of labeled samples with each A candidate as with
O for NB/EM-A\. In our experiments, MLR/MER required a
longer processing time than NB/EM-A\. This suggests that
learning with the MER may generally require a large number
of training iterations due to its relatively high nonlinearity.

4.4 Effect of Bias Correction Model

In Section 4.3.2, we confirmed that our hybrid classifier
outperformed the NB classifier with EM-A. However, the
number of generative model parameters used for our hybrid
classifier was larger than that of the NB classifier, and this
might have affected their classification performance. To
confirm the effect of introducing a bias correction model,
we also examined the classification performance of Mixture
of Experts (MoE) classifiers [28]. In the MoE formulation,
we design joint probability models {p(z, k; ©)}1_, by using
a mixture of multiple conditional probability models
{p(z|j; 6’(,-)}.')-]:1 belonging to the same model family such as

J
pla,k;©) = > P(k|j)p(z|j; 0;) P(j), k.

J=1

(19)

In our experiments, we examined MoE classifiers where
J =2K, since our hybrid classifier was designed by
the combination of the 2K probability models that
were generative and bias correction models {p(z|k;6}),
p(z|k; ;) }r,. We compared our hybrid approach with
MoE by using the same number of generative model
parameters.

For MoE classifiers, we employed two models described in
[28]: The partitioned mixture (PM) and the generalized
mixture (GM) models. We call MoE classifiers with GM
(PM) MoE-GM (MoE-PM). The GM model is represented as
shown in (19). In the PM model, P(k|j) in (19) are fixed for
each jsuch that P(k|j) = 1 for one class and P(k|j) = 0 for the
other classes. We designed an MoE-PM classifier, where each
class had two probability models p(x|j; 8;). NB models were
employed as the probability models in MoE-PM and MoE-
PM. The joint probability models in MoE-GM and MoE-PM

TABLE 2
Classification Accuracies (in Percent) with Hybrid
and MoE Classifiers Trained on N Labeled Samples
with M Fixed Unlabeled Samples

N N/M| Hybrid | MoE-PM  MoE-GM
16 .0036 |84.1 (3.7)|84.5 (5.3) 68.0 (19.8)
32 .0071|89.4 (1.6)|85.0 (4.8) 88.3 (1.6)*
64 .014 |91.4 (0.8)|88.9 (2.5 88.2 (3.2)*
128 .028 [92.8 (0.7)[90.5 (1.4)* 90.1 (2.3)*
256 .057 |93.2 (0.9)(92.4 (1.0) 92.4 (1.0)
512 .11 [94.1 (0.4)|93.0 (1.4)* 93.2 (0.8)*
1024 23 |94.7 (0.2)|93.8 (0.7)* 93.8 (0.7)*
(@)
N N/M| Hybrid | MoE-PM  MoE-GM
8§ .0032|61.4 (5.9)|58.7 (7.4) 54.0(13.2)
16 .0064 |66.8 (5.0)[66.2 (5.1) 64.1 (6.2)
32 .013 |72.7 3.3)|69.1 (3.1)* 68.7 (3.7)*
64 .026 [76.2 (2.1)|74.2 2.6)* 742 (2.6)*
128 .051 |79.3 (1.5)|76.6 (1.7)* 76.7 (1.5)*
256 .10 |81.3 (1.5)|77.5 (1.5)* 76.7 (0.9)*
512 .20 |83.1(1.7)|78.9 (1.2)* 79.2 (1.5)*
(b)
N N/M| Hybrid | MoE-PM  MoE-GM
10 .0040 |52.9 (13.2)|38.8 (8.6)* 32.8 (17.8)*
20 .0080 | 64.3 (6.3) |53.2 (5.00* 53.1 (3.7)*
40 .016 | 70.0 (2.4) [57.8 (4.0)* 56.9 (4.4)*
80 .032 | 73.1 (2.1) |63.3 (2.4)* 634 (2.5)*
160 .064 | 75.9 (1.5) | 68.2 (2.3)* 68.9 (2.3)*
320 .13 | 78.4 (0.9) |74.5 2.1)* 74.6 2.1)*
640 26 | 81.2 (1.2) [77.6 (1.2)* 77.5 (1.2)*
1280 .51 | 83.8 (1.1) [81.1 (1.2)* 80.7 (1.4)*
(©
N N/M| Hybrid | MoE-PM  MoE-GM
140070 |65.8 (1.8)|47.9 (7.5)" 388 (164
28 014 [72.6 (6.5)|58.2 (3.3)* 58.9 (5.0)*
56 .028 [77.0 (4.0)|66.0 (4.8)* 65.9 (4.7)*
112 .056 |82.9 (2.1)|73.4 2.9)* 73.5 (2.9)*
224 .11 |85.5(0.8)|80.8 (1.1)* 80.4 (2.0)*
448 22 |87.0 (1.3)[81.1 (1.6)* 81.2 (1.7)*
896 45 [88.4 (1.0)[84.8 (1.3)* 84.7 (1.4)*

(d)

(a) Reuters (M =4,500). (b) WebKB (M =2,500). (c) 20news
(M = 2,500). (d) Cora (M = 2,000).

were trained by using EM-), because EM-\ provided better
classification performance than the EM algorithm in our
preliminary experiments.

Table 2 shows the average classification accuracies for
10 experiments undertaken with our hybrid approach, MoE-
PM, and MoE-GM. We ran the experiments using the
10 different sample sets described in Section 4.3.1. Each
number in parentheses in the table denotes the standard
deviation of the 10 experiments. N and M represent the
number of labeled and unlabeled samples, respectively.
Asterisks show that the difference between the average of our
hybrid classifier and the classifiers used for comparison is
significant (p < 0.05) in the Wilcoxon test.

As shown in Table 2, our hybrid approach outperformed
MoE-PM and MoE-GM. This result indicates that the good
classification performance of our hybrid approach was not
caused simply by adding different generative model
parameters. In our hybrid approach, we introduce bias
correction models to incorporate global data distribution by
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Fig. 5. Classification accuracies (in percent) with our proposed hybrid
classifier trained on M unlabeled samples with N fixed labeled samples
for an artificial data set.

using unlabeled samples. Then, the bias correction models
are combined discriminatively with generative models. We
think that this formulation for the bias correction models
was effective in improving classification performance.

5 EXPERIMENTS USING DIFFERENT UNLABELED
SAMPLE SETTINGS

We compared the performance of our hybrid classifier with
those of generative and discriminative classifiers for four
test collections and confirmed the usefulness of our hybrid
approach experimentally. In this section, we show the effect
of using a massive number of unlabeled samples on the
performance of our hybrid classifier. We also show the
performance of the hybrid classifier obtained by using noisy
and biased unlabeled sample sets, where the distribution of
unlabeled samples is different from that of labeled samples.
These settings would be used in actual semisupervised
classification tasks. For experiments using these settings, we
employed a sparse artificial data set such as text.

5.1 Artificial Data Set

The artificial data set that we used consisted of 20 classes.
Each data sample was generated by using one of the 20 NB
models {p(x|k;0;)};~,. The NB models were obtained by
using all the articles included in the 20news data set. The
vocabulary size of the NB models was 52,647. Words included
ina data sample were selected independently from each other
and with the probabilities provided by one of the NB models.
An average of about 19 words was included in each data
sample.

We selected five classes based on comp.* to consider a
five-class classification problem. Labeled and test samples
were selected from data samples belonging to the five
classes. Data samples belonging to the other classes were
used to obtain a noisy unlabeled sample set whose
distribution was different from that of labeled samples.

5.2 Effect of Massive Number of Unlabeled Samples
We examined the performance of our hybrid classifier trained
by using various numbers of labeled and unlabeled samples
to confirm the effect of using a massive number of unlabeled
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Fig. 6. Classification accuracies (in percent) with our proposed hybrid
classifier trained on M unlabeled samples with a fixed ratio for the
numbers of labeled and unlabeled samples N /M for an artificial data set.

samples. For this examination, we used unlabeled samples
collected from the same distribution as the labeled samples.
In each experiment, labeled, unlabeled, and 10,000 test
samples were selected randomly from samples whose true
class labels were one of the five classes.

Fig. 5 shows the average classification accuracies of
10 experiments with our hybrid classifier trained by using
M unlabeled samples with N fixed labeled samples. As
shown in this figure, the classification accuracies obtained by
using a massive number of unlabeled samples tended to be
higher than those obtained by using a small number of
unlabeled samples with a fixed number of labeled samples.
When N = 50, 100, and 1, 000, the classifier trained by using
more than 10? unlabeled samples provided a classification
accuracy of more than 98 percent.

We also show the classification accuracies at a constant
ratio N/M as a function of M in Fig. 6. The classification
performance of our hybrid classifier with a small N/M was
much worse than that with a large N/M when there were a
small number of unlabeled samples. By contrast, a high
classification accuracy was obtained for a small N /M when
there were a massive number of unlabeled samples. These
results indicate the usefulness of a massive number of
unlabeled samples for improving the classification perfor-
mance when the unlabeled samples came from the same
distribution as the labeled samples.

5.3 Effect of Noisy and Biased Unlabeled Sample
Sets

We evaluated the performance of our hybrid classifier trained
by using noisy and biased unlabeled sample sets, where the
distribution of the unlabeled samples was different from that
of the labeled samples. For the evaluation, we compared the
performance of our hybrid classifier with four semisuper-
vised classifiers based on NB/EM-\, MLR/MER, MoE-PM,
and MoE-GM used for the experiments described in
Sections 4.3 and 4.4. The performance of these classifiers
was examined for five-class classification problems in the
artificial and real 20news data sets.
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TABLE 3
Classification Accuracies (in Percent) with Semisupervised
Classifiers Trained by Using an Unlabeled Sample Set
Containing a Percent Noise Samples

NB/EM-A MoE-PM  MoE-GM
953 (3.6) 842 (6.5 93.0 (7.9
97.9 (0.2)* 95.5 (3.4) 94.4 (4.3)
98.3 (0.1)* 97.8 (0.6) 97.8 (0.6)
69.0 (62) 729 (5.1) 76.1 (5.9)
89.6 (5.8) 87.7 (4.9) 873 (4.8)
96.3 (0.2)* 95.7 (0.7) 95.7 (0.7)
534 (48) 514 (5.1) 515 @4.7)
703 (5.0) 67.8 (2.9)* 67.9 (3.2)*
91.6 (0.3)* 89.0 (1.4)* 89.1 (1.4)*

(a)

MoE-PM
52.0 (4.3)"
64.6 (4.1)*
80.4 (1.4)*
445 (6.1)"
62.1 (2.6)*
78.3 (1.7)*
39.1 (3.6)

55.7 (3.9)

77.9 (1.0)*

(b)
(a) Artificial Data Set (M = 10,000). (b)
(M = 2,500).

Hybrid
20 (919 4.7)
97.2 (0.3)
1000 {98.0 (0.2)
20 {729 (8.6)
50| 100 [91.0 (1.4)
1000{95.9 (0.4)
20 [53.7 (5.9
90| 100 [73.1 (2.8)
1000 [90.6 (0.4)

MLR/MER
496 (3.2)"
66.9 (3.4)*
88.9 (0.4)*
48.4 (2.8)F
65.3 (2.3)*
85.8 (0.5)
472 2.1)
64.7 (1.9)*
85.8 (0.5)*

NB/EM-\
50.7 (4.3)*

a| N | Hybrid
20 |62.7 (4.5)
0| 100 |73.9 (1.9) 63.8 (4.4)*
1000 | 83.3 (1.0) 78.3 (2.1)*
20 |49.7 (3.1) 44.7 (4.6)*
50| 100 [64.5 (2.8) 59.8 (3.8)*
1000 | 81.6 (1.1) 77.9 (2.1)*
20 |41.7 (3.2) 36.8 (4.5)*
90| 100 [58.5 (2.9) 55.6 (3.9)
1000|81.1 (1.3) 76.3 (2.4)*

MoE-GM
517 (6.8)"
64.7 (4.1)*
80.0 (1.3)*
447 (4.9)*
61.9 (2.7)*
78.7 (1.1)*
386 (A7)
55.7 (3.9)
77.7 (1.3)*

MLR/MER
454 27"
64.8 (3.2)*
81.9 (1.2)*
449 22)*
63.0 (2.7)

80.8 (1.0)*
437 2.2)

62.5 (2.8)"
80.8 (0.9)

Real 20news Data Set

5.3.1 Noisy Unlabeled Sample Set

We examined the performance of our hybrid classifier and the
four other semisupervised classifiers when they were trained
by using noisy unlabeled sample sets, which contained
samples unrelated to the target classes in the classification
problems. The unrelated samples were collected from the
fifteen classes that were not used for selecting labeled and test
samples. We made noisy unlabeled sample sets by blending
samples related and unrelated to the target classes. In each
experiment, 10,000 and 1,000 test samples were collected
randomly from the artificial and real 20news data sets,
respectively, and labeled and unlabeled samples were
selected randomly from the remaining samples.

Table 3 shows the average classification accuracies of
10 experiments with the five semisupervised classifiers
trained by using N labeled samples and M unlabeled
samples. o (in percent) represents the ratio of unrelated
samples in an unlabeled sample set. Each number in
parentheses in the table denotes the standard deviation of
the 10 experiments. Asterisks show that the difference
between the average classification accuracies of our hybrid
classifier and the classifiers used for comparison is significant
(p < 0.05) in the Wilcoxon test.

Our hybrid approach outperformed NB/EM-)\, MoE-PM,
and MoE-GM in all cases for the real 20news data set. The
classification performance of our hybrid approach was not
always worse than that of NB/EM-)\, MoE-PM, and MoE-GM
when a = 50 and 90 for the artificial data samples, where the
classification performance of our hybrid approach was worse
than NB/EM-) when o = 0. We confirmed that our hybrid
approach was useful for obtaining a better classifier from
noisy unlabeled sample sets, especially when the perfor-
mance of our hybrid classifier trained on unlabeled sample
sets not containing unrelated samples was better than that of

TABLE 4
Classification Accuracies (in Percent) with Classifiers Trained
by Using Biased (B) and Unbiased (UB) Training Sets

Bias| N | Hybrid

20 |91.9 4.7)
UB | 100 | 97.2 (0.3) 97.9 (0.2)*
1000{ 98.0 (0.2) 98.3 (0.1)*
20 [38.3 (10.3) 37.5 (17.5)
B | 100 | 41.1 (44) 35.7(1.2)

1000{ 64.2 (6.2) 61.9 (23.8)

NB/EM-X
95.3 (3.6)

MoE-PM  MoE-GM MLR/MER
842 (6.5" 93.0 (1.9) 496 3.2)°
955 (34) 944 (43) 66.9 (3.4)*
97.8 (0.6) 97.8 (0.6) 88.9 (0.4)*
42.0 (10.1) 44.0 (12.6) 303 (4.1
44.1 (64) 413 (6.1) 33.6 (0.6)*
73.9 (5.6)* 73.0 (10.5)* 40.2 (1.1)*

(@)

NB/EM-X _MoE-PM
52.0 (4.3)*
64.6 (4.1)*
80.4 (1.4)*
35.1 (6.2)F
50.8 (5.1)
64.1 (6.2)

(b)

(a) Artificial Data Set (M = 10,000). (b) Real 20news Data Set
(M = 2,500).

Bias| N | Hybrid
20 |62.7 (4.5) 50.7 (4.3)*
UB | 100 [73.9 (1.9) 63.8 (4.4)*
1000|83.3 (1.0) 78.3 (2.1)*
20 |40.5 (5.8) 37.0 (6.1)
52.9 (8.3) 43.3 (8.6)*
1000|60.7 (4.0) 57.5 (8.5)

MoE-GM MLR/MER
51.7 (6.8)" 454 (2.7)"
64.7 (4.1)* 64.8 (3.2)*
80.0 (1.3)* 81.9 (1.2)*
35.6 (67) 333 (3.7)
493 (6.6)* 39.8 (4.4)*
64.3 (5.8) 52.6 3.1)*

classifiers based on NB/EM-)\, MoE-PM, and MoE-GM. The
good classification performance of NB/EM-A for the artificial
data set would be reasonable because the artificial data
samples were generated by using NB models and NB/EM-A\
trained NB models to fit them into the artificial data samples.

Our hybrid approach did not outperform MLR/MER
when N = 20 and 100 and a = 90 for the real 20news data
set. In these cases, we cannot expect to improve the
classification performance greatly by using an unlabeled
sample set because an unlabeled sample set contains a small
number (250) of samples related to target classes. In
supervised cases, MLR outperformed NB, as shown in
Table 1c. These conditions would have caused the results
whereby our hybrid approach employing NB models did
not always outperform MLR/MER.

5.3.2 Biased Unlabeled Sample Set

We also evaluated the performance of our hybrid classifier
and the four other semisupervised classifiers obtained by
using biased unlabeled sample sets, whose feature
distribution was different from that of labeled sample sets.
The effect of labeled and unlabeled sample sets with
different feature distributions on classification performance
was also examined in [29]. For the evaluation, only samples
whose true class labels were one of the five target classes
were used as labeled, unlabeled, and test samples. In each
experiment, 10,000 and 1,000 test samples were selected
randomly from the artificial and real 20news data sets,
respectively. To obtain biased training sets, the remaining
samples, except for the test samples, were divided into two
subsets by using a spherical K-means clustering algorithm
[30], which was developed for dividing high-dimensional
and sparse data such as text. Then, N labeled samples and
M unlabeled samples were selected from the different
subsets. We also obtained unbiased training sets by
selecting labeled and unlabeled samples randomly from
the remaining samples except for the test samples.

Table 4 shows the average classification accuracies of
10 experiments with the five semisupervised classifiers
obtained by using the biased and unbiased training sample
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TABLE 5
Class Distribution of Biased (B) and
Unbiased (UB) Training Sets

Bias| N Labeled Sample Set

20 |[18.5:21.0: 25.0: 18.0: 17.5
UB | 100 |18.4: 18.7: 21.3: 20.7: 20.9| 20.0: 20.2: 20.1: 19.8: 19.8
1000]20.2: 19.8: 20.1: 19.3: 20.6

20 |33.0: 11.0: 16.0: 14.5: 25.5

Unlabeled Sample Set

B | 100 | 36.9: 4.2: 10.8: 12.1: 36.0 | 7.1: 32.4: 27.1: 26.2: 7.2
1000| 38.1: 2.7: 10.2: 10.9: 38.0
(@)
Bias| N Labeled Sample Set Unlabeled Sample Set

20 |21.5:20.0: 19.0: 17.0: 22.5
UB | 100 |20.0: 21.1: 19.0: 17.0: 22.9
1000 | 19.9: 20.3: 20.5: 19.3: 20.0
20 |17.5: 22.0: 20.5: 22.0: 18.0
10.7: 19.4: 24.6: 24.1: 21.2|25.8: 20.6: 16.4: 17.1: 20.1
8.7: 19.0: 27.1: 24.8: 20.4

(b)

(a) Artificial Data Set (M = 10,000). (b) Real 20news Data Set
(M = 2,500).

19.9: 20.1: 19.9: 20.0: 20.0

1000

sets. Table 5 shows the average class distributions of the
labeled and unlabeled sample sets used for the 10 experi-
ments. Table 6 summarizes the numbers of vocabulary words
included in the labeled and unlabeled sample sets W; and W,
and included in both the labeled and unlabeled sample sets
Win. to show the difference between the feature distributions
of labeled and unlabeled samples. As shown in Table 6, the
Winu/W; values for biased training sets were smaller than
those for unbiased training sets. This indicates that a feature
space shared by labeled and unlabeled samples was smaller
for the biased training sets.

When biased training sets were used, the classification
performance of our hybrid approach, MoE-PM, and MoE-
GM was better than that of NB/EM-A for the artificial and real
20news data sets. Our hybrid approach, MoE-PM, and MoE-
GM employed 2K NB models to construct K-class classifiers,
whereas NB/EM-\ used K NB models. Using many NB
models might be effective for fitting classifiers into labeled
and unlabeled samples whose feature distributions are
different.

Our hybrid approach outperformed MoE-PM and MoE-
GM when using unbiased training sets for both data sets.
However, when biased training sets were used, our hybrid
approach provided worse classification performance than
MoE-PM and MoE-GM for the artificial data set and when
N = 1,000 for the real 20news data set. As shown in Table 6,
the number of vocabulary words included in the biased
labeled sample sets was smaller than that in the unbiased
labeled sample sets. The discriminative training in our
hybrid approach would have overfitted classifiers to labeled
samples existing in a small part of the feature space.

6 CONCLUSION

We proposed a new approach to semisupervised classifier
design based on a hybrid formed from the generative and
discriminative approaches. The main idea is to introduce a
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TABLE 6
The Numbers of Vocabulary Words Included in Labeled and
Unlabeled Sample Sets W, and W, Included in Both Labeled
and Unlabeled Sample Sets Wi,

Bias| N | W, | Wu |[Winy | Wina/Wi
20 | 332 321 0.969
UB | 100 | 1334 | 18084 | 1282 0.961
1000 | 6462 5946 0.920
20 | 313 275 0.879
B 100 | 1307 | 15323 | 1065 0.816
1000 | 5860 4051 0.693
()
Bias| N | W | Wu |[Winu | Wine/Wi
20 946 862 0.926
UB | 100 | 3510 | 20047 | 3140 0.899
1000 | 13542 10856 0.802
20 769 695 0.904
B 100 | 3185 | 16208 | 2559 0.816
1000 | 9820 7288 0.746

(b)
(a) Artificial Data Set (M = 10,000).
(M = 2,500).

(b) Real 20news Data Set

bias correction model with different parameterization to
correct the bias associated with a generative model trained on
labeled samples.

In our experiments, we employed four actual data sets
for text classification problems and confirmed that the use of
a large number of unlabeled samples for training our hybrid
classifier greatly improved the classification performance
when the number of labeled samples was insufficiently
large to obtain good classification performance. We com-
pared our hybrid approach with conventional generative
and discriminative approaches. Our approach greatly out-
performed both these approaches when their classification
performance was comparable. In other words, we can
suggest that our hybrid classifier is useful when the
discriminative classifier performs similarly to the generative
classifier. We also confirmed that our hybrid approach had
an advantage over the generative and discriminative
approaches in terms of processing time. Moreover, we
examined the performance of our hybrid classifier when the
labeled and unlabeled samples had different distributions.

Future work will involve applying our hybrid approach to
other data, where different generative models are employed,
to confirm that the hybrid generative and discriminative
approach is useful for designing semisupervised classifiers
for various types of data.

APPENDIX A

DERIVATION OF (Q-FUNCTION FOR PARAMETER
ESTIMATION OF BiAs CORRECTION MODEL

We derive the Q-function Q(¥!+) ¥®|T") shown in (12)
from G(¥|I") shown in (11). We define

Gk (Tm; Py)

2nk(U) = - (20)
é’:l gk"(mm; "/)k/)
M K
G/(\II“_‘) = ZIOngk(an;'lpk:)~ (21)
m=1 k=1
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Then, the difference in G'(¥|I") between the (¢t + 1)th and
(t)th steps is written as

G’(\IJ“’“)\F) - G’(\IJ<")|F)

Zk[’(:] 9k (xm} \I’(t))

0 Zi(:1 gk (xm; 1/)](€t+1))
i (\1;(/ ) log K (t)
k=1 9k (xrrﬂ 'll}k )

gw (xm; ¢§§H)) 9w (xm; wi")) H
X
g (wm; 1/155“)) g (wm; 1/155))
M K
=737 o ()
m=1k'=1

9K <$m7 Eft+1)) mk (‘Ij(t )
X log m
gk (zm; 1/)k ) Zmk/ (\Ij(t+1))
V2
K p(xmvf? ":[)]E;Hl))
Z Zmk (‘I/(t>> log WA
k=1 p(xm|k; ), )

S5 ()

m=1 k= (\I/(H'l))

Here, the second term in (22) is the sum of Kullback-Leibler
divergence of 2,,;(¥")) and z,,,(¥+)

K
Z Zmk (\II(O) log 7N
k=1 Zmk (q;(t+1))

Defining QU W) such as (12) by using 2z,,,(¥) =
R(k|z;©,¥,T) and G(¥[I) = G'(¥|) +logp(¥), we can
obtain the inequality

[
m=1

- (\w))

> 0. (23)

G(w ) - G(r)
(24)
2Q(\I/<t+1>,\ll(‘>\1“) - ( gt gyt \F)
The inequality shows that Q(¥*D WO |T) — Q(¥®) W) |T)

provides the lower bound of the improvement of G(¥|I') by
the update of ¥. Therefore, by computing ¥!**!) to maximize
QU W), we can improve G(¥|T') in the (¢ + 1)th step.
By iteratively performing this update, we can obtain an
estimate of ¥ that provides the local maximum of G(¥|T")
around an initialized value of V.

APPENDIX B
HYPERPARAMETER TUNING PROCEDURE

We explain the procedure for tuning hyperparameter &
by using a leave-one-out cross validation and the EM
algorithm, as mentioned in Section 3.4. According to a
MAP estimation, using training samples except z,,, we
obtain 0 ~™ in (17) such as

N
Zm':1 Tny'i — Ty + gk: -

o) _
ki Ne—=14+V(§—1)

(25)

As with estimates of parameters smoothed by Lidstone’s
law (cf., [31]), we can express 0" by

( ni) —n) 1
—P)= 26
=60+ (- )y, (20)
where
Np—1
= ) 27
S S v @)
Ny,
(—ng) _ an’ 1 Tnyti — Ty = 9

Here, 0 < 8 < 1,and 3., ¢\"™ = 1. Therefore, we can view
6" as alinear interpolation between ¢\ " and 1/V. Since 3
is independent of the training sample z,,, we can regard

L(&;) shown in (17) as a function of 3

N,

L(p Z Zmnu IOg{ﬂﬁb ) +(1-0) ‘1/}

ng=1 1=1

(29)

We can use the EM algorithm for estimating /5 to maximize
L(6). In this estimation, global convergence is guaranteed,
since L(f3) is a concave function. Such an estimation of the
interpolation weight § with cross validation was also
employed in deleted interpolation [32]. Using the estimate of
(3 and (27), we obtain & to maximize L(¢) shown in (17).
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