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Abstract. This paper studies the use of a semisupervised learning algorithm from different in-
formation sources. We first offer a theoretical explanation as to why minimising the disagree-
ment between individual models could lead to the performance improvement. Based on the ob-
servation, this paper proposes a semisupervised learning approach that attempts to minimise
this disagreement by employing a co-updating method and making use of both labeled and un-
labeled data. Three experiments to test the effectiveness of the approach are presented in this
paper: (i) webpage classification from both content and hyperlinks; (ii) functional classification
of gene using gene expression data and phylogenetic data and (iii) machine self-maintaining
from both sensory and image data. The results show the effectiveness and efficiency of our ap-
proach and suggest its application potentials.
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1. Introduction

Many real-world problems can be caste as problems of learning from different in-
formation sources. One such example is self-maintenance of xerographic machines
based on both sensory data of the faulty machines and on image samples of the hard
copies. Another one is gene function discovery based on microarray expression data
and and phylogenetic profiles.

The problem of learning from multiple information sources has been extensively
studied in machine learning and in computer vision, where the problem is referred
to as multimodal learning.! Generally, there are two types of multimodal learning:
Feature-level integration and semantic integration (Wu et al. 1999). The feature in-
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! In this paper, we interchangeably use modal, component and information source.
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tegration combines the information at the feature level and performs learning in the
joint feature space. The correlation structure between different sources can be discov-
ered via learning. The semantic integration, on the other hand, first builds individual
models based on separate information sources and then combines these models via
some processes, say, mutual information maximization (Becker 1996).

In many applications, the ability to use both labelled and unlabelled data is
very useful because labelling samples is usually expensive and, in most cases, only
a limited number of labelled samples and a lot of unlabelled samples are available.
Having data from different information sources could help us take advantage of both
labelled and unlabelled data. In our recent work, we have provided a theoretical ex-
planation as to why minimising the disagreement between two individual models
could lead to the improvement of the classification accuracy of individual models.
In light of the observation, we proposed a co-updating method (as an improvement
of the algorithm presented in one of our papers) for minimising the disagreement
between the individual models taking both labelled and unlabelled data into consider-
ation. To demonstrate the effectiveness and efficiency of our approach, we conducted
in this paper three sets of experiments: (i) webpage classification from both content
and hyperlinks, (ii) functional classification of genes using gene expression data and
phylogenetic data and (iii) machine self-maintaining from both sensory and image
data.

The co-updating approach can be thought of as a kind of semantic integration. We
prefer semantic integration over feature-level integration for the following four rea-
sons: First, although the structure in the joint feature space is often more informative
than that available to each of the individual sources, feature integration tends to gen-
eralize poorly. The model complexity, computation intensity and training difficulty
typically are other problems associated with the feature-integration approach (Wu
et al. 1999). Second, learning in the joint space is not able to marginalize over the
missing sources and requires future patterns for classification containing all feature
dimensions (De Sa and Ballard 1998). While we intend to learn from a joint feature
space, we still need to be able to analyse and act on the information from a single
source. For example, we sometimes would like to predict the copy/printer failures
solely based on the image information or predict the functional classifications solely
based on the DNA microarray information. Feature integration is thus not suitable.
Third, we would like to utilize both labelled and unlabelled data because there are
scenarios in which some gene category information is available while the other is
unavailable. Finally, the semantic integration appears to have biological and physi-
cal plausibility. It is well known that the cerebral cortex competently classifies uni-
modal stimuli while keeping the different modalities largely separate. Also, McGurk
showed that, although the information from different sensory modalities is combined
in determining human’s perception, the combination is often not subject to conscious
control (McGurk and MacDonald 1976).

A preliminary version of this method was published in Bio-informatics track in
2003 ACM Symposium on Applied Computing (SAC2003) (Li et al. 2003), where
the focus is gene functional discovery from heterogeneous data types. We provide
detailed theoretical analysis and present extensive experimental results with three
case studies in this paper. The paper is organized as follows. Section 2 shows the
theoretical reason as to why minimisation of disagreement is useful and Sect. 3
presents the co-updating algorithm. Section 4 reviews related work on using labelled
and unlabelled data and discusses the connections and differences between them.
Section 5 presents the results of the experiments. Finally, Sect. 6 concludes and
discusses future research directions.
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2. Minimising disagreement
2.1. Theoretical results

In this section, we show that, theoretically, minimising the disagreement between
two individual models could lead to the improvement of the classification accuracy
of individual models. In this paper, we focus on binary classification problems and
we use 0,1 to label the two classes respectively’. Suppose we have an instance
space X = (X1, X2), where X; and X, are from different observations. Let D be
the distribution over X. If f is the target function over D, then for any example
x = (x1, x2), we would have f(x1,x2) = fi(x1) = f>(x2), where f; and f> are the
target functions over X; and X,, respectively. We also use Y to denote the target
label.

Definition 1. We say that f is a nontrivial classifier if Pr(f =ul|Y =u) > Pr(f =
u|Y = u), where u € {0, 1} and i is the complement of u. m|

Remark 1. The nontrivial conditions can be restated as Pr(f = u|Y =u) > 1/2 or
Pr(f #Y) < Pr(f =u),u € {0, 1}. o

In Blum and Mitchell (1998), it is assumed that x; and x, are conditionally
independent given the labels, i.e.

Pr(x; = x}|x2 = x5) = Pr(x; = x| fa(x2) = f2(x})).

The independence assumption is rather strong but it is used by many successful ap-
plications. Suppose we build hypotheses f{ on X; and f; on X,. Thus, if x; and
x, are conditional independent given the labels, then f] and f; are also conditional
independent. The conditional independence of f{ and f; can be interpreted as fol-
lows:

Pr(fi(x1)) = ulfy(x2) = v, Y =y) =Pr(f{(x1) =ulY =y), (1)
where u, v, y € {0, 1}. The following theorem holds.

Theorem 1. Under the conditional independence assumption, the disagreement up-
per bounds the misclassification error for the nontrivial classifier.

Proof. The misclassification error of f| is
Pr(f{ #Y) =Pr(f{ =0,Y = 1) + Pr(f{ = 1,Y = 0)
=Pr(f{=0Y=1f=0+Pr(f{=0Y=1f=1
+Pr(fi=1,Y=0,/=0+Pr(f] =1,Y =0, f; =1).
The disagreement between two models is
Pr(fi # f) =Pr(f{i =0, =D +Pr(f{ =1, f;=0)
—Pr(f{=0,/=1,Y =D +Pr(f{ =0, = 1,Y = 0)
FP(f{ =1, 4=0,Y =0)+Pr(fi =1, f4=0,Y = 1),

2 For a multiclass classification problem, several approaches can be used to reduce it to binary ones
(Allwein et al. 2000).



292 T. Li et al.

To show that Pr(f] # Y) < Pr(f| # f;), it is enough to verify that
Pr(fi=0,Y=1,f,=0+Pr(ff=1Y=0,f,=1)
<Pr(f]=0,f=1LY=0+P(f{=1,£=07Y=1.
Note that
Pr(f{=0,Y=1,£=0+Pr(f{=1,Y=0,£,=1)
= Pr(f}=0,Y = Pr(f{ =01, =0,¥ = 1)
+Pr(f,=1LY=0Pr(f{=1f,=1,Y=0)
=Pr(f;=0,Y = 1)Pr(f =0]Y = 1)
+Pr(fy =1,Y =0)Pr(f] = 1|Y = 0) by Eq. (1).

Pr(f{=0,/,=1Y=0+Pr(f{=1,/=0Y=1)
=Pr(f,=1Y=0Pr(f{=0|f,=1,Y=0)
+Pr(f; =0, Y=DPr(f{ =1, =0,Y=1)
=Pr(f; =1,Y =0)Pr(f] =0|Y =0)
+Pr(f; =0,Y=1Pr(ff =1|Y =1) by Eq. (1).
Hence, it reduces to check
Pr(f{ =0]Y = 1) < Pr(f{ = 1|Y = 1)
Pr(f] = 1]Y = 0) < Pr(f] = 0]Y = 0)
This amounts to requiring that
Pr(f{=0,Y =1) <Pr(f{ =1,Y = 1) @)
Pr(f{=1,Y=0) <Pr(f{ =0,Y =0). 3)
Observe that
Pr(f{=0,Y=1)<Pr(fi=1Y=1)
S Pr(f{=0Y=1)+Pr(f;=1Y=0)
<Pr(fi=1Y=1D+Pr(ff=1,Y=0)
& Pr(f] #Y) <Pr(f] = 1).
Similarly,
Pr(f{=1,Y=0) <Pr(f; =0,Y =0)
S Pr(fi=1,Y=0+Pr(f;=0,Y=1)
<Pr(f{=0,Y=0)+Pr(f{ =0,Y=1)
& Pr(f] #Y) < Pr(f] = 0)

In other words, if Pr(fl’ #Y)< Pr(fl’ =u),u € {0, 1}, then the disagreement upper
bounds the misclassification error:

Pr(f{ #Y) < Pr(f] # f). “)
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Remark 2. When the conditional independence condition (e.g., Eq. (1)) doesn’t hold,
to guarantee that disagreement upper bounds the misclassification error, we need

Pr(fi =01/,=0,Y=1) <Pr(fi =1/, =0,Y =1)
Pr(f| =11f,=1,Y =0) < Pr(f] = 0|, =1,Y = 0).

In other words, if
Pr(fi #Y|fs #Y) < Pr(fl =Y|f # 1),

then the disagreement still upper bounds the misclassification error without the con-
ditional independence condition. O

In essence, this shows that, under certain conditions, the disagreement upper
bounds the misclassification error. Thus, minimising the disagreement would decrease

the upper bound on the misclassification error and could bootstrap the learning al-
gorithm.

2.2. Bayes perspective

Theorem 1 can also be derived from Bayes perspective. Let x = (x;,x2) be an
observation vector, the Bayes decision rule for the first modal is

Pr(Y = 1]x1) S Pr(Y = 0lxy),
which indicates that, if the posteriori probability of class 1 given x; is larger than
the probability of class 0, x; is assigned to class 1 and vice versa. Using Bayes
theorem and eliminating the common term Pr(x;), we get

Pr(Y = 1) Pr(x;|Y = 1) S} Pr(Y = 0) Pr(x;|Y = 0).

The Bayes error can be computed as’
€= /min{Pr(Y = 1) Pr(x;|1), Pr(Y = 0) Pr(x;]0)}dx,

= Pr(Y = 1) /1 Pr(x;|1)dx; + Pr(Y = 0) /1 Pr(x;]0)dx;,
L2 L]

where L} is the region where

Pr(Y = D) Pr(x1|Y =1) > Pr(Y =0) Pr(x;]Y =0)
and L} is the region where

Pr(Y = 1) Pr(x;|Y = 1) < Pr(Y = 0) Pr(x;|Y = 0).

In other words, if an observation x; € L}, it will be classified as in class 1 and if
x; € L}, it will be classified as in class 0.

3 We use Pr(x;|j) to denote Pr(x;|Y = j), where i = 1,2 and j = 0, 1.
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Under the conditional independence assumption, the disagreement between two
components can be computed as

E(x1,x2) = Pr{Pr(Y = 1|x;) > Pr(Y = 0|x)&Pr(Y = 1]|x2) < Pr(Y = 0|x3)}
+ Pr{Pr(Y = 1|x;) < Pr(Y = 0|x))& Pr(Y = 1|x3) > Pr(Y =0lx3)}

= / (Pr(Y = 1) Pr(x1]Y = 1) Pr(x,|Y = 1)dxdx>
LjJL3
+ / / Pr(Y = 0) Pr(x;]Y = 0) Pr(x2|Y = 0))dxdx;
LiJL3
+ /1 Pr(Y = D Pr(xi]Y = ) Pr(xalY = Ddxidxz
Ly JLq

+ /. fz Pr(Y = 0) Pr(x;|Y = 0) Pr(x2|Y = 0))dx;dx,
LZ Ll

where L% is the region where

Pr(Y =1)Pr(x2]Y = 1) > Pr(Y = 0) Pr(x2|Y = 0)
and L% is the region where

Pr(Y =1)Pr(x;]Y = 1) < Pr(Y = 0) Pr(x;]Y = 0).

Similarly, if an observation x; € L%, it will be classified as in class 1 and if x, € L%,
it will be classified as in class 0.
Observe that

€="Pr(Y = 1)/ Pr(x;|Y = 1)dx;
L}
+Pr(Y =0) /. Pr(x;|Y = 0)dx;
LI
=Pr(Y = 1)/l Pr(x|Y = 1)(/Pr(x2|Y = 1)dx;)dx;
L2
+Pr(Y =0) /1 Pr(x|Y = 0)(/Pr(x2|Y = 1)dx;)dx,
Ll
=f / Pr(Y = 1) Pr(x;|Y = 1) Pr(x2|Y = 1)dxdx,
Ly /13
+/ / Pr(Y = 1) Pr(x;|Y = 1) Pr(x2|Y = 1)dxdx»
Ly /i
+ /] /2 Pr(Y = 0) Pr(x,|Y = 0) Pr(x,|Y = 0)dxdx;
Ll LZ

+ f] /2 Pr(Y = 0) Pr(x;|Y = 0) Pr(x2|Y = 0)dx;dxa.
L] LI
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So to ensure that € < E(xy, xp), it is sufficient that

/ / Pr(Y = 1)Pr(x1|Y = 1) Pr(x2|Y = 1)dx1dx;
Ly /13

< / / Pr(Y = 1) Pr(x;|Y = 1) Pr(x2|Y = 1)dx1dx;
Ly Ji3
and

f / Pr(Y = 0) Pr(x;|Y = 0) Pr(x2|Y = 0)dx;dx»
Ly Jii

< /1 /2 Pr(Y = 0) Pr(x;|Y = 0) Pr(x2|Y = 0)dx;dx>.
L2 L]

The above formula can be reduced to
Pr(xy € L)Y =1) < Pr(x; e Li]Y =1) (5)
Pr(x; € Li|Y =0) < Pr(x; € L}|Y =0). (6)

The formula in Eqgs. (5) and (6) are essentially the same as those in Eqgs. (2) and (3).
Hence, this quantity of disagreement is an upper bound on the Bayes error.

Remark 3. Figure 1 gives an explicit example to illustrate the mathematical deriva-
tions above. The example is a one-dimensional classification problem with two dif-
ferent modalities. In this example, Li = (—o0, by), Lé = (b, 00), L% = (—o00, by),

L% = (b, 00), the Bayes error € and the disagreement E(xi, xp) are calculated as
follows:

oo oo
€ :/ / Pr(Y = 1) Pr(x|Y = 1) Pr(x2|Y = 1)dxdx;
by Jby
oo b2
+/ / Pr(Y = 1)Pr(x1|Y = 1) Pr(x2|Y = 1)dx1dx;
b] —00
b] oo
+ / / Pr(Y = 0) Pr(x;]Y = 0) Pr(x2|Y = 0)dx,dx;
—00 b2

by by
+ f f Pr(Y = 0) Pr(x;|Y = 0) Pr(x2|Y = 0)dxdx>
—00 —00

b] oo
E(x1, x2) :/ (Pr(Y = 1) Pr(x1|Y = 1) Pr(x2|Y = 1)dxidx>
—00 b2
b] oo
+f / Pr(Y = 0) Pr(x;|Y = 0) Pr(x2|Y = 0))dx1dx>
—00 b2
oo b2
:/ / (Pr(Y = 1) Pr(x1]Y = 1) Pr(x2|Y = 1)dxdx;
b] —00

oo b2
+f / Pr(Y = 0) Pr(x;|Y = 0) Pr(x»|Y = 0))dx dx».
b] —00
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Fig. 1. A one-dimensional example with two different modalities. b; and b, denote the Bayes decision bound-
aries of the two modalities



Semisupervised learning from different information sources 297

Algorithm co-updating
Input: A collection of labelled and unlabelled data
o — default 0.15
T — default 30
Output: Two classifiers that predict class labels for new
instances based on different information sources
1: Build classifier fl0 using the first component of
labelled samples
2: Build classifier fg using the second one
3: Loop for T times:
3.1:  E-step: Using f]’-*l get the labels of all the unlabelled samples based on their first component; using

2’71 on their second component

3.2:  M-step: With probability «, select the unlabelled samples on which the two classifiers have the same
predictions. Rebuild the classifiers f] and f} using the labelled samples and selected unlabelled sam-
ples

4: Output flT, fZT

Fig. 2. The algorithm description of co-updating

3. Algorithm description

Based on Theorem 1, we have developed a co-updating approach to learn from both
labelled and unlabelled data that aims at minimising the disagreement on unlabelled
data. The co-updating approach is an iterative expectation-maximization (EM)-type
procedure. Its basic idea is as follows: The labelled samples are first used to get
weak classifiers flo on X; and f20 on X,. Then for each iteration, the expectation
step uses current classifiers to predict the labels of unlabelled data, the maximiza-
tion step rebuilds the classifiers using the labelled samples and a random collection
of unlabelled samples on which the classifiers agree (i.e. they have the same pre-
dictions). This process is then repeated until some termination criterion is met. The
detailed description of the algorithm is given in Fig. 2.

The intuition behind the co-updating approach is that we stochastically select the
unlabelled samples on which the two component classifiers agree and then use them,
along with the labelled samples, to train/update the classifiers. Co-updating iteratively
updates classifier models by using current models to infer (a probability distribution
on) labels for unlabelled data and then adjusting the models to fit the (distribution
on) filled-in labels. When the model defines a joint probability distribution over ob-
servable data and unobservable labels, each iteration of the EM algorithm can be
shown to increase the probability of the observable data given the model parame-
ters (Dasgupta et al. 2001). Intuitively, the added agreed unlabelled samples help
the classifiers to achieve more agreement and hence minimise disagreement. If the
initial classifiers are nontrivial and the agreement of the predictions from the two
modal is conditional independent, then, on average, the co-updating approach, trying
to minimise the disagreement, should progress toward higher performance.

In the above algorithm, 7 is the number of iterations and is used as the stopping
criterion. « defines the fraction of agreed unlabelled samples we want to include for
updating the model at each iteration.* The co-updating approach is a variant of the
EM algorithm, which is a general method for parameter estimates in the presence
of missing data. In the generalized formulation (Neal and Hinton 1998), a current
parameter estimate and a distribution Q over the missing data is maintained, the

4 Providing theoretical heuristics and justification for the choice of parameters is one of our future works.
Currently, their choice is mainly based on experience.
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E step updates the distribution Q and the M-step modifies the estimate. In the co-
updating approach, we use current classifiers to predict the unlabelled data, which
amounts to computing the distribution Q over the missing data. In the M-step, we use
the selected unlabelled samples along with labelled samples to retrain the classifiers,
which is equivalent to modifying the parameter estimates.

3.1. Example illustration

Figure 3 illustrates the co-updating procedure through an example. The simple ex-
ample helps us understand the procedures of the co-updating approach. One thing to
note is that, in the example, all the agreed unlabelled samples along with labelled
samples are used to retrain the classifiers. In our algorithm, to avoid the phenomenon
that the model may be overwhelmed by the unlabelled samples, especially when the
number of labelled samples is small, a parameter « is used to define the fraction
of agreed unlabelled samples we want to include for updating the model at each
iteration.

4. Literature review

4.1. Related work

There has been much recent interest in the problem of learning with both labelled
and unlabelled data. From a theoretical perspective, it has been shown that labelled
data are exponentially more useful than unlabelled data in risk reduction under cer-
tain assumptions (Castelli and Cover 1996). Discriminative and generative learning
architectures have been shown to take advantage of unlabelled data in various prob-
abilistic frameworks (Zhang and Oles 2000). Generally, the approaches for handling
both labelled and unlabelled data can be roughly divided into four categories: proba-
bilistic, cotraining, transductive interference and others. Probabilistic approaches in-
clude using expectation-maximization (Dempster et al. 1977; Ghahramani and Jor-
dan 1994) to maximize the estimates of posteriori parameters and using generative
models to perform classification (Nigam et al. 2000). Unfortunately, when the data
do not match the generative assumptions, the information from unlabelled data may
overwhelm that of labelled data and the algorithm goes astray. The ideas of cotrain-
ing first appeared on unsupervised learning. Becker (1996) proposed the approach
of learning coherence structure in data by maximizing the mutual information be-
tween the outputs of two groups of units, which receive inputs physically separated
in modality. De Sa and Ballard (1998) described a unsupervised network algorithm
learning from co-occurring patterns of lip motion and sound signals from a human
speaker to minimise the fraction of training samples on which the two patterns dis-
agree. The cotraining paradigms combining both labelled and unlabelled data were
first introduced by Blum and Mitchell (1998), where the features in the problem do-
main are naturally divided into two disjoint sets (or in other words, is two-modal) to
exploit the compatibility between different views of the samples. The compatibility of
the instance distribution means that the target functions over each feature set predict
the same label. Blum and Mitchell (1998) showed that, under certain assumptions,
PAC-style guarantee on learning with labelled and unlabelled data holds. Roth and
Zelenko (2000) developed a theory for learning scenarios where multiple learners
coexist but there are mutual compatibility constraints on their outcomes. Nigam and
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Fig. 3. An example on the co-updating approach. The two different components of the data are represented by
the two different dimensions. Initially, only a small portion of the data is labelled, B and ¢, in (a). The labelled
data is used to train two classifiers separately , denoted by the two lines, in (b). In (c), all the unlabelled data,
[ and O, are given pseudo-labels by the classifiers and the agreed unlabelled along with the original labelled
samples are used to update the classifiers, and two new lines are obtained. Another iteration of the co-updating
approach is exerted in (d)

Ghani (2000) showed that, when an independent and redundant feature split exists,
cotraining algorithms outperform other algorithms using unlabelled data. A co-EM
algorithm, which runs EM in each view and interchanges the probabilistic labels be-
fore new EM iterations, was also proposed in the paper. Abney (2002) refined the
cotraining analysis and evaluated a greedy agreement algorithm by constructing rules
on unlabelled samples. Goldman and Zhou (2000) presented a new cotraining strat-
egy that does not assume there are two redundant views both of which are sufficient
for perfect classification. When we have two different information sources for self-
maintaining and gene functional classification, we generally fall into the cotraining
setting.
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Active Learning
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Single-View (Becker 1996) Multiple-View
. - (DeSa&Ballard 1998)
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Muslea et al. 2000)
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(Nigam&Ghari, 2000)

» Co-Updating

Fig. 4. The connections between various semisupervised algorithms

Transductive inference, first introduced by Vapnik (1998), aims to estimate the
test labels directly from the labelled and unlabelled data without first building the
latent function models. There are some other approaches that could handle both la-
belled and unlabelled data, such as using graph mincuts (Blum and Chawla 2001),
ensemble methods (Bennett et al. 2002), boosting (Buc et al. 2002) and a com-
bination of clustering and support vector machines (Fung and Mangasarian 2001).
A detailed survey on labelled and unlabelled data is given in Seeger (2000). In brief,
the related work with co-updating can be summarized in Fig. 4.

4.2. Interpretations and connections

In this section, we discuss the connections and differences between them and our co-
updating approach as presented in Fig. 4. Cotesting (Muslea et al. 2000) is a family
of active-learning algorithms that searches for the most informative unlabelled sam-
ples and asks the user to label them.

The major difference between co-updating and cotraining lies in two aspects.
First, the cotraining procedure does not directly seek to find classifiers that agree
on the unlabelled data and the proof given in Blum and Mitchell (1998) did not
justify the procedure of the algorithm. Co-updating aims to minimise disagreement
via iterative expectation-maximization (EM)-type procedures and we have presented
theoretical analysis on minimising the disagreement, which would decrease the mis-
classification error. Second, co-updating does not commit to a label for the unla-
belled samples; instead, it uses probabilistic labels that may change from iteration
to iteration. By contrast, cotraining incrementally incorporates the unlabelled data
into learning: the most confident unlabelled samples assigned to each class are cho-
sen at each iteration and those labels become permanent. Hence, during the early
iterations when the models have less prediction power, cotraining’s commitment to
high-confidence prediction may add a large number of mislabelled samples into train-
ing. There are also some connections between them because both methods are trying
to use the knowledge in both modalities to utilize unlabelled samples. In addition,
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if the agreement between two views and the accuracy of the individual classifier is
positively correlated, the agreed unlabelled samples usually have high confidence to
be correctly labelled.

The co-updating also differs from the co-EM algorithm (Nigam and Ghani 2000)
in that it directly seeks the classifiers that agree on unlabelled samples. Co-boost-
ing (Collins and Singer 1999) explicitly expresses the minimising disagreement in the
objective function and adaptively updates the distribution of the samples to build the
ensemble classifier. Co-updating differs from co-boosting in that, at each iteration,
only the distribution on the unlabelled samples is updated and, in particular, only
the agreed unlabelled samples are considered because the algorithm only chooses
a portion of the agreed unlabelled samples for training. In some sense, the ideas of
coboosting and co-updating are complementary. The cotesting (Muslea et al. 2000)
is an active learning strategy by selecting the disagreed samples for human labelling
because these disagreed samples are most informative in the sense that at least one
of them is correct. The ideas of co-updating and cotesting are orthogonal and they
can be easily combined: co-updating uses the agreed unlabelled samples to train the
classifier and cotesting selects the disagreed unlabelled samples for human labelling.
The combination is expected to further improve the performance.

5. Experimental results

We performed three sets of experiments to investigate the behaviour of co-updating.

5.1. Experiments on the webpage dataset

We used the same dataset of web pages as in Blum and Mitchell (1998). The dataset®
consists of 1,051 web pages collected from Computer Science department web sites
at four universities: Cornell, University of Washington, University of Wisconsin and
University of Texas. The task is to identify the web pages that are course home-
pages (about 22% pages fall into the category). The two sources for each web page
are the words that occur on the web page and the words occurring in the anchor
text of hyperlinks pointing to the page. Classifiers that were trained separately for
the individual source are referred as the page-based and hyperlink-based classifiers,
respectively.

Experiments were conducted to determine whether our co-updating algorithm
could successfully use the unlabelled data to outperform standard supervised training
of naive Bayes classifiers. The experiment setups are the same as that in Blum and
Mitchell (1998). In each experiment, 263 (25%) of the 1,051 web pages were ran-
domly selected as a test set. The remaining data were used to generate a labelled data
set containing three positive and nine negative examples drawn at random. Five trials
of the experiments were conducted using different training/test splits. The results of
supervised training were obtained using only the 12 labelled training samples. The
combined classifiers were constructed, with the naive Bayes assumption of condi-
tional independence, by multiplying the probability outputs of the page-based and
hyperlink-based classifiers. The results are summarized in Table 1.

Numbers shown here are the test set error rates averaged over the five trials. The
first row of the table shows the test error rates for the three classifiers formed by

3 http://www-2.cs.cmu.edu/afs/cs.cmu.edu/project/theo-5 1 /www/co-training/data/.
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Table 1. Experimental results on webpages

Classifier Page based | Hyperlink based | Combined
Supervised 15.11 12.98 11.12
Co-updating 4.50 11.52 3.86
Co-training 6.2 11.6 5.0

supervised learning; the second row shows error rates for the classifiers formed by
co-updating. The third row presents the error rates of cotraining cited from Blum
and Mitchell (1998).° Note that, for this data, the default hypothesis that always
predicts negative achieves an error rate of 22%. Figure 5(a) gives a plot of error
versus number of iterations and Fig. 5(b) gives a plot of error versus the differ-
ent choice of «. For all three types of classifiers (hyperlink based, page based, and
combined), the classifier obtained by co-updating outperforms the classifier formed
by supervised learning. On page-based and combined classifiers, the co-updating ap-
proach achieves better performance than cotraining. The hyperlink-based classifier is
helped less by both cotraining and co-updating. This may be due to the fact that
the hyperlinks contain fewer words and are less capable of expressing an accurate
approximation to the target function. These results do indicate that the co-updating
can provide a useful way of taking advantage of unlabelled data. From Fig. 5(a),
we observe that the error rate of page-based classifier drops sharply as the number
of iterations increases from 5 to 25 and the variations become small thereafter. As
shown in Fig. 5(b), we observe that, when the selection probability « becomes large,
the performance of classifiers may degrade, as more unlabelled data may dominate
the training. Currently, we choose « based on experience. A good future research
direction is to explore more the effects of «.

5.2. Gene functional classification from heterogeneous data
5.2.1. Background

Discovery of gene functions is a fundamental problem in genetics. The microarray
technology enables monitoring of gene expression of tens of thousands of genes
in a single experiment and thereby makes it possible to infer functions of genes
by studying correlations of expression among genes. In Pavlidis et al. (2001), gene
function classifiers are built by means of feature-level integration of gene expression
data and phylogenetic profiles (the existence of homologs of each gene in 24 other
genomes). We used the same data set as Pavlidis et al. (2001) and applied the co-
updating method.

5.2.2. Data description

The first set of data is gene expression of 2,465 yeast genes on 79 samples. The
second set of data is the result of BLAST homolog search of these genes on 24
other genomes. Gene classification was based on the Munich Information Center for

6 Although the results may not be directly comparable due to the randomness of the data selection, they
should be able to provide enough insights on the behaviour of the co-updating approach.
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Protein Sequences Comprehensive Yeast Genome Database (CYGD)’. The database
contains several hundred functional classes, the Definitions of which come from bio-
chemical and genetic studies of gene function. Our experiments used the five most
learnable classes of Pavlidis et al. (2001). The five classes, which will be referred
to by I-V, are given in Table 2.

To build the classifiers, we used support vector machines (SVMs). SVMs are sys-
tems that try to classify data points in the input space by mapping them into a higher
dimension feature space (using kernel function) and then finding the separating hy-
perplane in the feature space with the largest margin. More details on SVMs can be
found in Vapnik (1998). In our experiments, as in Brown et al. (2000) and Pavlidis

7 http:/mips.gsf.de/proj/yeast/CYGD/db/index.html.
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Table 2. The five gene functional classes

Number || Class name Size
I Amino acid transporters 22
11 Ribosomal proteins 173
1T Sugar & carbohydrate transporters 32
v Deoxyibonucleotide metabolism 9
\Y Mitochondrial organization 296

Table 3. The distributions of the samples used for gene functional classification. TL = total labelled samples,
LP = labelled positive samples, LN = labelled negative samples, UL = unlabelled samples, TS = test samples,
TSP = positive test samples and TSN = negative test samples

Class | TL | LP | LN UL TS | TSP | TSN
I 246 5 241 | 1603 | 616 10 606
1I 246 | 20 | 226 | 1603 | 616 43 573
1T 246 6 240 | 1603 | 616 15 601

v 246 2 224 | 1603 | 616 3 613
A\ 246 | 40 | 206 | 1603 | 616 74 542

et al. (2001), we used the kernel

K(X Y)—( X ¥ +1)3 7
’ I XTI ’
where X -Y is the inner product and ||-|| is the L2 norm. The co-updating parameters

were set to their default values.

5.2.3. Results on gene functional classification

Experiments were then conducted using co-updating. For each class, about 25%
genes were chosen as the test set, 10% genes were selected as labelled samples and
all the remaining genes were used as unlabelled samples. The detailed distributions
of the samples for each class are shown in Table 3. The experimental results are
presented in Table 4. E and P show, respectively, the accuracy of expression-based
classifiers and of phylogeny-based classifiers. Column A shows the results when the
classifiers are individually trained using the labelled samples only. Column B shows
co-updating use and Column C shows when the unlabelled samples are included in
the training set with their correct labels. The quadruples are the number of true pos-
itives, the number of true negatives, the number of false positives and the number
of false negatives. Such quadruples are useful in measuring accuracy when the class
distribution is highly skewed (Weiss and Provost 2001). The results seem to indicate
that the co-updating approach utilizes the unlabelled samples to improve the learning
performance on most counts. Co-updating, however, does not help when the class
data are too sparse (class IV and the expression-based classifier for classes I and
). In those cases, the initial supervised classifiers, obtained by training only with
the labelled samples, have no true positives on the test sets due to the sparse nature
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Table 4. The results on gene functional classification

(7 505 37 67)

(12 504 32 68)

Class I
A B C
0.9870130 0.9870130 0.9870130
(0 608 8 0) (0 608 8 0) (0 608 8 0)
0.9464286 0.9853896 0.9918831
(6 577 2 31) (660127) (3608 50)
Class IT
A B C
0.9092382 0.9238250 0.9821718
(1560 42 13) (21 548 23 24) 43562 1 10)
0.8298217 0.8363047 0.9141005

(23 541 21 31)

(20 453 53 90)

(21 465 52 78)

Class III
A B C
0.9724026 0.9724026 0.9772727
(0599 15 2) (0599 15 2) (1601 14 0)
0.9204545 0.9415584 0.9870130
(10 557 5 44) (0 580 15 21) (10 598 5 3)
Class IV
A B C
0.9951299 0.9951299 0.9951299
061330) (061330) 061330)
0.9935065 0.9935065 0.9967532
061231) 06123 1) (161320)
Class V
A B C
0.8620130 0.9074675 0.9042208
(44 487 29 56) (26 536 47 7) (36 521 37 22)
0.7678571 0.7889610 0.8474026

(31 491 42 52)
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of the data. In all the other cases, the co-updating approach improves the learning
performance of both classifiers.

5.3. Self-maintaining from different sources

5.3.1. Background

Self-maintaining, which includes machine self-diagnosis, machine self-repair and cus-
tomer self-help, is attracting more and more attention in many industrial systems. It
brings intelligence to the industrial system to enable its robustness, high availability
and cost effectiveness.

Machine failure prediction is an important step in self-maintaining and most fail-
ure prediction problems could be abstracted as the following classification prob-
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lem of predicting whether there are any failures based on current system status.
Usually, when a failure occurs in an industrial system, there are several different
kinds of information available for analysis. For example, when an error occurs in
a copier/printer, the relevant machine data of the faulty machine, such as sensory
readings and job control data, are available for analysis. In addition, image samples
can also be acquired based on the hard-copy samples obtained using the faulty ma-
chine. Either information could be sufficient to predict certain kinds of failures. We
have successfully used the machine data to predict cleaner failure and the image-
defect analysis for ground failure of a xerographic engine. However, for some fail-
ures, methods are required to combine both information to improve the prediction
accuracy. Moreover, collecting samples for machine failure prediction is usually ex-
pensive and, in most cases, we might have only limited number of labelled sam-
ples and a lot of unlabelled samples. In this section, we present the case study of
using semisupervised learning for machine self-maintaining from different informa-
tion sources.

5.3.2. Results on self-maintaining

We used a dataset of cleaner failure data containing both machine and image in-
formation for a xerographic machine. The image data for each sample are a 32-
dimension vector and machine data are a 46-dimension vector. One hundred sam-
ples were selected as a test set. We chose decision tree C4.5 (Quinlan 1993) as base
classifiers. Decision tree produces interpretable results and has been widely used in
many industrial diagnostic applications. The decision tree is a classification model
in a tree structure and it is built up based on training samples. C4.5 uses the infor-
mation gain of the attribute, which is the expected reduction in entropy caused by
partitioning samples according to the attribute, as the measure to recursively select
the splitting attribute and build the tree. A postpruning process is then carried out
to prevent overfitting. A more detailed description of the algorithm can be found
in Mitchell (1997). Experiments were then conducted to determine whether this co-
updating algorithm could successfully use the unlabelled data to outperform standard
supervised algorithms. Classifiers that were trained separately for different sources
are referred as image-based classifiers and machine-based classifier. Figures 6(a) and
6(b) present, respectively, the performance comparisons of supervised learning and
co-updating on the image-based classifier and machine-based classifiers with different
sizes of labelled samples. The results of supervised learning were obtained by using
the classifiers built from the labelled data. The co-updating approach outperforms the
supervised learning on the machine-based classifier. However, as shown in Fig. 6(a),
co-updating degrades the performance of the image-based classifier in some cases.
This suggests that unlabelled data sometimes may hurt. The fact that using unla-
belled data in addition to a set of labelled data occasionally hurts instead of being
beneficial has been previously reported (Zhang and Oles 2000; Nigam 2001; Coz-
man and Cohen 2002). The reason may be that the consistency constraints in the
model is violated.

6. Conclusion and discussion

In this paper, we propose a co-updating approach for semisupervised learning from
multiple information sources. The co-updating approach tries to minimise the dis-
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Fig. 6. Performance comparison for self-maintaining

agreement between the individual models and makes use of both labelled and un-
labelled data. We have conducted three sets of experiments on different datasets
investigating the behaviour of the co-updating approach.

There are several natural avenues for future research. First, as mentioned in
Sect. 5.1, a good future research direction is to investigate the effects of the selec-
tion probability «. Second, the co-updating approach can be applied to multimodal
learning tasks, such as word learning and object recognition, because spatiotemporal
and cross-modal coherence is a powerful constraint in sensory data of the physical
world. We could apply the co-updating approach to utilize the approximately co-
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incident information of different modalities in these tasks. Third, another obvious
research direction is to extend the co-updating approach for multiple data sources
and to handle multiclass classification. Finally, many feature selection techniques
could be incorporated into the co-updating approach.
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