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Abstract Many data mining applications have a large amount of data but labeling data
is often di�cult, expensive, or time consuming, as it requires human experts for annotation.
Semi-supervised learning addressesthis problem by using unlabeled data together with la-
beled data to improve the performance. Co-Training is a popular semi-supervised learning
algorithm that has the assumptions that each example is represented by two or more redun-
dantly su�cien t sets of features (views) and additionally these views are independent given
the class. However, these assumptions are not satis�ed in many real-world application do-
mains. In this paper, a framework called Co-Training by Committee (CoBC) is proposed,in
which an ensemble of diverseclassi�ers is usedfor semi-supervised learning that requires nei-
ther redundant and independent views nor di�eren t baselearning algorithms. The framework
is a general single-view semi-supervised learner that can be applied on any ensemble learner
to build diversecommittees. Experimental results of CoBC using B agging , AdaB oost and
the Random SubspaceMethod (RSM ) as ensemble learners demonstrate that error diver-
sity among classi�ers leads to an e�ectiv e Co-Training style algorithm that maintains the
diversity of the underlying ensemble.
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1 In tro duction

Supervisedlearning algorithms require a large amount of labeleddata in order to
achieve high accuracy and this accuracy degardsas the amount of available labeled
data decreases.However, labeling data is often di�cult, expensive, or time consum-
ing, as it requires the e�orts of experiencedhuman annotators. In many practical
data mining applications such ascontent-basedimageretrieval, computer-aidedmed-
ical diagnosis[1] , object detection and tracking, web pagecategorization[2] , or e-mail
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classi�cation [3] , there is often an extremely large pool of data available. In the ma-
chine learning literature, there are mainly three paradigmsfor addressingthe problem
of combining labeled and unlabeled data to boost the performance: semi-supervised
learning, transductive learning and active learning. Semi-supervised learning (SSL)
refers to methods that attempt to either exploit the unlabeled data for supervised
learning where the unlabeled examples are di�eren t from the test examples or to
exploit the labeled data for unsupervised learning. Transductive learning refers to
methods which alsoattempt to exploit unlabeledexamplesbut assumingthat the un-
labeled examplesare exactly the test examples. Active learning [4] refers to methods
which selectsthe most important unlabeledexamples,and an oracle can be asked for
labeling theseinstances,where the aim is to minimize data labelling. Sometimesit is
called selective sampling or sampleselection.

Recent research on SSL concentrates into four directions: semi-supervisedclassi-
�cation [5� 8], semi-supervised regression[9] , semi-supervised clustering[10] and semi-
superviseddimensionality reduction[11] . Readersinterestedin recent advancesof semi-
supervised learning are directed to [12] for an excellent survey.

Co-Training is a popular SSL paradigm intro duced by Blum and Mitc hell[6] .
In this approach, two classi�ers are incrementally trained based on two su�cien t
and independent views. That is, two sets of features each of which is su�cien t for
learning and conditionally independent given the class. At the initial iteration, two
classi�ers are trained using the available labeled training examples. Then at each
further iteration, each classi�er selectsand labels some unlabeled examples. The
aim is that one classi�er can improve the accuracy of the other by providing it with
unknown information.

In this paper, we addressthe problem of how to use unlabeled data to boost
the classi�cation performancein application domains with: (1) a small set of labeled
examples,(2) a large set of unlabeled examples,and (3) redundantly su�cien t and
independent viewsare not available. We present a single-viewcommittee-based frame-
work that usesa committee constructed by any ensemble learning algorithm to create
a set of diverseclassi�ers with any baselearning algorithm. The main contribution
of this study is to replace the hard impractical requirement of Co-Training for two
or more independent and redundant feature sets by using a set of diverseclassi�ers.
Hence,we call this new framework Co-Training by Committee (CoBC).

There are two motivations for our study: �rstly the recent successfuldevelopment
in ensemble learning algorithms such as B agging [13] , AdaB oost[14] and the Random
SubspaceMethod (RSM ) [15] . Secondlythe successof the framework of active learning
with committees known as Query by Committee (QB C) [4] . It iterativ ely constructs
a committee based on the current training set then receives a stream of unlabeled
examplesas input. Each committee member then classi�es the candidate example,
QB C measuresthe degreeof disagreement among the committee members and the
most informativ e example is selectedfor labeling by the user.

In this study, three variants of CoBC wereimplemented using B agging (denoted
by CoBag), AdaB oost (denoted by CoAdaBoost) and RSM (denoted by CoRSM )
as ensemble methods and C4.5 decision tree induction as baselearner. Then it was
evaluated using a number of UCI data sets[18] and three object recognition tasks
problems[32] . In addition, the in
uence of changing ensemble sizeand training set size
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was investigated. The results emphasizethat CoBC variants outperform Bagging,
AdaBoost and the RSM , when the labeled data is limited and a large amount of
unlabeleddata is available. For the sakeof comparison,CoBC variants werecompared
with two existing SSL methods, Self-Training and Co-Training.

The rest of the paper is organized as follows: We �rst give a short overview of
semi-supervised learning in Section 2 and ensemble learning in Section 3. Section 4
presents the proposedCoBC framework and in Section 5 it is discussedwhy CoBC
framework should work. The results of experiments on 15 UCI datasetsare reported
in Section6. In Section7, additional experiments are conductedand kappa-error dia-
grams are drawn to show the in
uence of SSL on the diversity-accuracy relationship
for all the studied ensemble methods. Section 8 describes the application of CoBC
to three visual object recognition tasks. Finally, Section 9 concludesthe paper and
outlines the directions of future work in Section 10.

2 Semi-Sup ervised Learning

The settings of SSL can be divided into single-view and multi-view learning
(seeTable 1). In single-view learning, such as EM [19] and Self-Training[5] , the SSL
algorithm receivesa single set of features that is usedfor learning. The Expectation-
Maximization (EM ) is an iterativ e statistical technique for maximum likelihood esti-
mation in problems with missing data[19] . Given a model for data generationsuch as
NaiveBayes,and data with somemissingvalues,EM locally maximizesthe likelihood
of the parametersand estimate the missing values. EM is usedas a single-viewSSL
algorithm by treating the labels of the unlabeled examplesas missing data[2] . EM
begins with an initial classi�er trained on the labeled examples. It then iterativ ely
usesthe current classi�er to temporarily label all the unlabeled examplesand then
trains a new classi�er on all labeled examples(the original and the newly labeled)
until it converges. While the EM algorithm works well when the assumedmodel of
data holds, violations of theseassumptionsresult in poor performance[2] .

Table 1 Taxonomy of SSL algorithms

Description SSL algorithm

Single-view, Single-learner EM [19]

Single-classi�er Self-Training [5]

Multi-view, Single-learner Co-EM [5] ]

Multiple classi�ers Co-T raining [6]

Single-view, Multi-learner Statistic al Co-L earning [23]

Multiple classi�ers Democratic Co-L earning [7]

Single-view, Single-learner Tri-T raining [8] , Co-Forest[1]

Multiple classi�ers Co-T raining by Committe e

Self-Training[5] is an incremental algorithm that initially builds a singleclassi�er
using the available labeleddata. Then it iterativ ely labelsall the unlabeleddata, rank
the examplesby the con�dence in their prediction and adds permenantly the most
con�dent examplesinto the training set. It retrains the underlying classi�er with the
augmented training set.

In multi-view learning, such asCo-Training and Co-EM[5] , the learning algorithm
receives two or more sets of features (views). Blum and Mitc hell[6] state two strong
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assumptions for successfulCo-Training: the views should be individually su�cien t
and conditionally independent giventhe class. The pseudo-codeis shown in Algorithm
1. Recently , researchershave proposedapproachesderived from Co-Training in three
di�eren t directions as will be shown in the following subsections.

Algorithm 1. Standard Co-Training

Require: L : set of m labeled training examples

U: set of unlab eled examples

V1 ,V2 : feature sets (views) representing an example

T : maxim um number of co-training iterations

B aseLear n - base learning algorithm

f P r k gK
k =1 - prior probabilit y of class k

1: h(0)
1 = B aseLear n(V1 (L )) and h(0)

2 = B aseLear n(V2 (L ))

2: for t = 1 to T

3: if U is empty

4: Set T = t-1 and abort loop

5: end if

6: Apply h( t � 1)
1 on U.

7: Select a subset S1 as follows: for each class k, select the nk / P r k most con�den t examples

assigned to class k

8: Move S1 from U to L

9: Apply h( t � 1)
2 on U.

10: Select a subset S2 as follows: for each class k, select the nk / P r k most con�den t examples

assigned to class k

11: Move S2 from U to L

12: Re-train classi�ers h( t )
1 and h( t )

2 using the new L

h( t )
1 = B aseLear n(V1 (L )) and h( t )

2 = B aseLear n(V2 (L ))

13: end for

14: return combination of the predictions of h ( T )
1 and h( T )

2

2.1 Co-Training with natural multiple views

The standard Co-Training wasapplied in domainswith truly independent feature
splits satisfying its conditions. In Ref.[3], Co-Training is usedfor email classi�cation
where the bags of words that represent email messageswere split into two sets: the
words from headersand the words from bodies. In Ref.[20], Co-Training was used
for object recognition using color histograms and orientation histograms extracted
from 2D images. In Ref.[21], Co-Training is used to improve visual detector for cars
in tra�c surveillance video where one classi�er detects cars in the original grey level
images. The secondclassi�er detects cars in imageswhere the background has been
removed. Although there are many casesin which there are two or more independent
and redundant views, there exists a lot of real-world domains in which such views are
not available. Nigam and Ghani[5] showed that Co-Training is sensitive to this view
independenceassumption. Therefore, Co-Training with multiple views is impractical
in many real-world applications.

2.2 Co-Training with arti�cial multiple views

In somework, Co-Training wasapplied in domainswithout natural feature splits
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through splitting the available feature set into two views. The random feature split
was used by Ref.[5] but it does not consider the required Co-Training criteria. In
Ref.[22], a method based on arti�cial feature splitting called maxInd has been in-
tro duced. It splits the feature set into two views where the aim is to maximize the
independencebetweenthe two feature subsetsbut this study had highlighted the need
for re-investigating the view independenceassumption in Co-Training. Also, it was
found that there is a trade-o� between the dependenceof the features within each
view, and the independencebetweenviews.

2.3 Co-Training without multiple views

In a number of studies[23; 7; 8; 1] , the applicabilit y of Co-Training using a single
view without feature splitting hasbeeninvestigated. Goldman and Zhou[23] �rst pre-
sented a single-viewSSL method, called Statistical Co-learning. It usedtwo di�eren t
supervised learning algorithms with the assumption that each of them produce a hy-
pothesisthat partition the input spaceinto a set of equivalenceclasses.For example,
a decisiontree partitions the input spacewith one equivalenceclassper leaf. In their
empirical study, they used ID3 (a decision tree induction algorithm) and HOODG
(an algorithm for building decision graphs). They used 10-fold crossvalidation: (1)
to select the most con�dent examplesto label at each iteration and (2) to combine
the two hypothesesproducing the �nal decision. There are three drawbacks: �rst
the assumptions concering the used algorithms limits its applicabilit y. Secondthe
amount of available labeled data was insu�cien t for applying crossvalidation which
is time-consuming.

Then Zhou and Goldman[7] presented another single view method, called Demo-
cratic Co-learning which is applied to three or more supervised learning algorithms
and reducethe needfor statistical tests. Therefore, it resolvesthe drawbacks of Sta-
tistical Co-learning but it still usesthe time-consuming cross-validation technique to
measurecon�dence intervals. Thesecon�dence intervals are used to select the most
con�dent unlabeled examplesand to combine the hypothesesdecisions.

Zhou and Li [8] present a new Co-Training style SSL method called Tri-T raining
where initially three classi�ers are trained on bootstrap subsamplesgeneratedfrom
the original labeled training set. These classi�ers are then re�ned during the Tri-
Training process, and the �nal hypothesis is produced via majorit y voting. The
construction of the initial classi�ers looks like training an ensemble from the labeled
data with B agging [13] . At each Tri-T raining iteration, an unlabeledexampleis added
to the training set of a classi�er if the other two classi�ers agreeon their prediction
under certain conditions. Tri-T raining is more applicable than previous Co-Training-
Style algorithms becauseit neither requires di�eren t views as in Ref.[6] nor does it
depend on di�eren t supervised learning algorithms as in Refs.[23,7]. There are two
limitations: the ensemble sizeis limited to three classi�ers and B agging is usedonly
at the initial iteration. Although the resultshaveshown that usingbaggedensemble of
three classi�ers can improve the generalizationabilit y, better performanceis expected
when larger-sizeensembles and other ensemble learnersare used. Also, the in
uence
of Tri-T raining on the diversity of the 3-member ensemble was not studied.

Recently , Li and Zhou[1] proposedan extensionto Tri-T raining, called Co-Forest.
It usesan ensemble of N > 3 members, which is denoted by H � , in order to estimate
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the con�dence in more e�cien t way. When determining the most con�dent examples
for each ensemble member hi (i = 1, . . . ,N ), all the other classi�ers members in H �

except hi are used. These ensemble members form a new ensemble, which is called
the concomitant ensemble of hi , denoted by H i (= H � - hi ). Now the con�dence
for an unlabeled example can be simply estimated by the degreeof agreement on
the labeling, i.e. the number of classi�ers that agreeon the label assignedby H i .
By using this method, Co-Forest �rstly constructs an initial ensemble of random
trees using L and a well-known ensemble method named Random Forest[23] . Then at
each Co-Forest iteration, it re�nes each ensemble member with unlabeled examples
selectedby its concomitant ensemble. Note that the unlabeled examplesselectedby
H i are not removed from U, so they might be selectedagain by other H j (j 6= i )
or the concomitant ensembles in the following iterations. As a result, the training
sets of di�eren t ensemble members becomesimilar. Therefore, the learning process
of Co-Forest can hurt the diversity of classi�ers if the underlying ensemble method
basedon training set manipulation to enforce the diversity such as B agging . This
degradation of diversity leadsto reducing the error improvement causedby exploiting
the unlabeled data. To maintain the diversity in the SSL process,Co-Forest uses
Random Forest instead of B agging becauseRandom Forest depends also on feature
set manipulation to enforce diversity. The main drawback of Co-Forest[1] is that
it places constraints on the underlying ensemble learners and the size of ensemble.
Developing a generalizedframework that can maintain the diversity of any ensembles
during the SSL processwill extend the idea of Co-Forest to more generalcases,such
that it can be applied to more practical data mining applications.

The common reason of the successof the above mentioned approaches is the
creation of diversity among a set of classi�ers by exploiting di�eren t techniques: the
use of redundant and su�cien t views[6] , arti�cial feature splits[21] , di�eren t super-
vised learning algorithms[22; 7] , training set manipulation by B agging [8] or feature set
manipulation by Random Forest[1] . Brown et al. presented in Ref.[24] an exhaustive
survey of the various techniques used for creating diverseensembles, and categorise
them, forming a preliminary taxonomy of diversity creation methods. Therefore, the
data mining communit y needsa more general SSL framework that can exploit this
treasure of ensemble methods.

3 Ensem ble Learning

An ensemble consistsof a set of individual predictors (such as neural netwroks
or decisiontrees) whosepredictions are combined when classifyinga given sample. In
Ref.[17],Dietterich explains three fundamental reasonswhy an ensemble of classi�ers
is often more accurate than its individual members. An essential condition for an
e�ectiv e ensemble is the error diversiy and the accuracy of its member classi�ers[24] .
Two classi�ers are diverseif they producedi�eren t errors for a given set of instances.
Many ensemble methods have been developed that use di�eren t ways to promote
diversity such as: manipulation of training set[13;14] , manipulation of input feature
set[15] , manipulation of the output targets[16] and randomnessinjection. In the fol-
lowing subsections,the ensemble learnersusedfor CoBC will be presented.

3.1 Bagging
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Given a training set L of sizem, standard B agging [13] createsN baseclassi�ers
hi : i = 1; : : : ; N (See Algorithm 2). Each classi�er is constructed by the base
learning algorithm on a bootstrap sample of size m created by random resampling
with replacement from the original training set. Each bootstrap sample contains
about 63%[13] of the original training set, where each example can appear multiple
times. The �nal prediction of the ensemble for a given samplex is the averageof the
N class probabilit y distributions produced by ensemble members Pi (x) then select
the classwith the maximum probabilit y.

Algorithm 2. B agging Algorithm

Require: L - Original training set

B aseLear n - Base learning algorithm

N - number of bagging iterations

1: for i = 1 to N do

2: Si = B ootstr apSampl e(L )

3: h i = B aseLear n(Si )

4: end for

5: The �nal hypothesis:

H (x) = ar g max16 k 6 K P (x) where P (x) = 1
N

P N
i =1 Pi (x)

6: return ensemble H

This technique works well for unstable learning algorithms, wherea small change
in the input training setcan lead to a major changein the output hypothesis. Decision
treesand neural networks are well-known asunstable algorithms but linear classi�ers,
k-nearest neighbor and Naive-Bayesalgorithms are generally stable especially when
the training set size is large.

3.2 Boosting

Boosting is a family of ensemble learning algorithms that are very e�ectiv e in
improving performancecomparedto the ensemble members. AdaB oost described in
Ref.[14] is the most popular algorithm (SeeAlgorithm 3). It intro duces the diver-
sity through generating a sequenceof baseclassi�ers hi using weighted training sets
(weighted by D1, . . . , DN ) such that the weights of training examplesmisclassi�ed
by classi�er hi � 1 are increasedand the weights of correctly classi�ed examplesare
decreasedin order to enforcethe next classi�er hi to focus on the hard-to-classify ex-
amplesat the expenseof the correctly classi�ed examples(bias correction). That is,
for each iteration i , the aim of AdaB oost is to construct a classi�er h i that improve
the training error of classi�er hi � 1. Consequently , AdaB oost stops if the training
error of the classi�er is zero or worse than random guessing. The outputs of the
committee membersare combined by weighted majority vote to producethe �nal pre-
diction of the committee whereeach member is assigneda weight basedon its training
error. Applying AdaB oost to decisiontrees is successfuland is consideredone of the
best o�-the-shelf classi�cation methods. Despite its popularit y, AdaB oost has two
drawbacks[26] : it performs poorly given a small training set and also when there is a
lot of training exampleswith incorrect classlabel (mislabeling noise).
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Algorithm 3. AdaB oost Algorithm

Require: L = f (x j ; yj )gm
j =1 - Original training set

B aseLear n - Base learning algorithm

N - number of boosting iterations

1: Initialize D 1(j ) = 1=m 8j 2 f 1; : : : ; mg

2: for i = 1 to N

3: h i = B aseLear n(L , D i )

4: Calculate the training error of h i : � i =
P m

j =1 D i (j ) � I (h i (x j ) 6= yj )

5: if � i = 0 or � i > 1=2

6: Set N = i � 1 and abort loop

7: end if

8: Set the weight of h i : wi = log(� i ) where � i = 1� � i
� i

9: Update weights of training examples:

D i +1 (j ) = D i (j ) �

(
� i if h i (x j ) 6= yj ;

1 otherwise:

10: Normalize, D i +1 (j ) = D i +1 (j )=
P m

j 0=1 D i +1 (j 0)

11: end for

12: The �nal hypothesis (weighted majority vote):

pk (x) =
P

h i ( x )= k wi where P (x) = f pk (x) : k = 1; : : : ; K g

H (x) = ar g max16 k 6 K P (x)

13: return ensemble H

3.3 The random subspace method

The Random SubspaceMethod (RSM ) is an ensemble learning algorithm pro-
posedby Ho[15] . The diversity is promoted through feature set manipulation instead
of training setmanipulation. That is, if the givendata set is represented by D features,
then d featuresare randomly selectedresulting in a d-dimensionalrandom subspaceof
the original D -dimensional feature space.Then for each random subspacea classi�er
is constructed. The prediction of the committee for a given sample x is the average
of the N classprobabilit y distributions produced by ensemble members Pi (x) then
select the classwith the maximum probabilit y. (in our study, d = D

2 )

4 Co-T raining by Committee

The formal description of the CoBC family of SSL algorithms is provided in
Algorithm 4. Given an ensemble learner EnsembleLearn, a baselearner B aseLearn,
a set L of labeled examples, and a set U of unlabeled examples, CoBC works as
follows: �rstly it constructs a committee of N diverse accurate classi�ers H (0) by
applying EnsembleLearn and B aseLearn to the examples in L . Secondly, CoBC
createsa set U0 of poolsize examplesdrawn randomly from U without replacement.
Then the following steps will be repeated until a maximum number of iterations T
is reached or U0 becomesempty. For each iteration t, CoBC applies H ( t � 1) to the
examplesin U0. It is computationally more e�cien t to use U0 instead of using the
whole set U. CoBC estimates the con�dence of H ( t � 1) predictions (maximum class
membership probabilit y) then it creates the set S, which consists of the nk most
con�dent examplesassignedto class k. Then S is removed from U0 and added to
the labeled training set L . U0 is replenished with jSj training exampleschosen at
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random from U without replacement. Then, CoBC completely discards H ( t � 1) and
constructs the committee H ( t ) using the updated training set. This is expensive in
terms of time but it maintains the diversity among the committee members in the
SSL process. It also results in classi�ers that are usually more accurate, since they
are being totally retrained on the most recent set L .

Algorithm 4. Generalized Co-Training by Committee

Require: L - set of labeled training examples

U - set of unlab eled training examples

T - maxim um number of co-training iterations

E nsembleLear n - ensemble learning algorithm

B aseLear n - base learning algorithm

N - number of committee members (ensemble size)

K - number of classes

poolsiz e - number of unlab eled examples in the pool

f P r k gK
k =1 - prior probabilit y of class k

1. Construct a committee of classi�ers,

H (0) = E nsembleLear n(L; B aseLear n; N )

2: Create a set U0 of poolsiz e examples chosen randomly from U without replacement

3: for t = 1 to T

4: if U0 is empty

5: Set T = t-1 and abort loop

6: end if

7: 8x j 2 U0, measure Conf idence(x j ; H ( t � 1) ; K )

8: Select a subset S as follows: For each class k, select the n k / P r k with the highest

conf idence and classlabel is k

9: Set U0 = U0 � S and L = L [ S

10: Replenish U0 with jSj training examples chosen at random from U

11: H ( t ) = E nsembleLear n(L; B aseLear n; N )

12: end for

13: return committee H ( T )

Each variant of the CoBC framework is uniquely de�ned by the choice of the
function EnsembleLearn. This choice depends on the properties of the application
domain, the required base learning algorithm, the required ensemble size and the
available training set size.

An important factor that a�ects the performanceof any Co-Training style algo-
rithm is how to measurethe con�dence of a given unlabeledexamplewhich determine
its probabilit y of being selected. An ine�ectiv e con�dence measurecan lead to se-
lecting mislabeled examples and adding them to the training set. The con�dence
measureused in this study is shown in Algorithm 5. The labeling con�dence is esti-
mated through consulting the classprobabilit y distribution provided by the committee
H ( t � 1) for a given unlabeled example.

In a future work, we will investigate other measuresfor improving classifcation
accuracy. For example,we can measurecon�dence basedon all the previous commit-
tees or the previous windowSiz e committees rather than just the previous one. In
addition, in the current version of AdaB oost, an ensemble classprobabilit y doesnot
depend on the classprobabilit y distributions of its ensemble members. A potential
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con�dence measurecan depend on other methods for combining the classprobabilit y
distributions of the ensemble members.

Algorithm 5. Curren t implementation of Conf idence(x)

Require: x - an unlab eled training example

H - a committee of classi�ers

K - number of classes

1. Apply H to generate class probabilit y distribution for the given x

P (x) = f pk (x) : k = 1; : : : ; K g

2. Set conf idence = max16 k 6 K P (x)

3. Set classlabel = ar g max16 k 6 K P (x)

4. return conf idence and classlabel

5 Wh y CoBC Should W ork

Ensembleerror reduction is the di�erence betweenthe averageerror of the ensem-
ble members and the overall ensemble error. Error diversity is the essential require-
ment to construct an e�ectiv e ensemble and it is directly proportional to ensemble
error reduction[24] . Baggingand AdaBoost rely on the available training data for en-
couragingdiversity. Soif the sizeof the training set is small, then the diversity among
the ensemble members will be limited. Consequently , the ensembleerror reduction
will be small. Although the RSM doesnot depend on the training data for promot-
ing diversity, but if the labeled training set size is small, then averageerror of the
ensemble members will be high. Consequently , the ensembleerror will be high. On
the other hand, CoBC incrementally addsnewly-labeledexamplesto the training set.
Therefore, it can improve the diversity amongensemble membersconstructed by Bag-
ging and AdaBoost and improve the averageerror of ensemble members constructed
by Bagging, AdaBoost and the RSM . This leadsto the �rst hypothesis:

Hyp othesis 1: CoBC will outperform B agging , AdaB oost and the RSM when
the available labeled training set is small.

An ensemble of classi�ers is often more accurate than its individual members if
their set of misclassi�ed examplesare di�eren t. Through using a diverseensemble
creation method, the prediction of classlabelsof unlabeledexamplesand the measure
of con�dence basedon ensemble is more accurate than using a single classi�er. If the
ensemble membersare identical, CoBC degradesto Self-Training which is basedonly
on a single classi�er. This leadsto the secondhypothesis:

Hyp othesis 2: CoBC will outperform Self-Training.
To apply Co-Training with random feature splits, the original feature set is di-

vided randomly into two subsets,which are not often redundant and conditionally
independent given the classlabel. Therefore, the two classi�ers trained on thesesub-
sets might be similar. That is, an unlabeled example could be mislabeled by both
classi�ers. In addition, the performance of co-trained classi�ers trained using ran-
domly selectedhalf of the feature set could be worse than a single classi�er trained
using the full feature set with the same amount of training data. That is, Self-
Training will outperform Co-Training with random feature splits. This leads to the
third hypothesis:

Hyp othesis 3: CoBC will outperform Co-Training with random feature splits.
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6 Exp erimen tal Evaluation

6.1 Methodology

An experimental study is conductedto compareCoBC with B agging , AdaB oost
and the RSM . In all ensemble learners, the C4.5 pruned decision tree[28] was used
as the base classi�er and the used decision tree induction method is J 48 from the
WEKA library [29] . The implementations of B agging , AdaB oost and the RSM are
also from that library . The parameters of J 48, B agging , AdaB oost and the RSM
werekept astheir default valuesin WEKA unlesswe state a change. The 15 data sets
from UCI Machine Learning repository [18] used in this study are described in Table
2. Thesedata setsare not represented by two su�cien t and redundant views.

Table 2 Description of the UCI data sets

Data set K D N total N test jL j jL j jUj

(100%) (20%) (20%)

australian 2 14 690 173 517 103 414

bupa 2 6 345 76 227 45 182

colic 2 22 368 92 276 55 221

diabetes 2 8 768 192 576 115 461

heart-c 2 13 303 76 227 46 181

hepatitis 2 19 155 39 116 23 93

hypothyroid 4 29 3772 943 2829 565 2264

ionosphere 2 34 351 88 263 53 210

segment 7 19 2310 578 1732 346 1386

sick 2 29 3772 943 2829 566 2263

splice 3 60 3190 798 2392 478 1914

tic-tac-to e 2 9 958 240 718 144 574

vehicle 4 18 846 212 634 127 507

vote 2 16 435 109 326 65 261

wdbc 2 30 569 143 426 85 341

In addition, the performance of CoBC is compared with two existing SSL al-
gorithms, Self-Training and standard Co-Training[6] . SinceCo-Training requires two
redundant and su�cien t views and this condition is not satis�ed for the UCI data
sets,we randomly partition the D original features of each data set into two disjoint
subsetswith equal sizesand train two J 48 decision trees each basedon one subset
as a separateview. The �nal output results from multiplying the classmembership
probabilities of these two co-trained trees. Self-Training algorithm usesa single J 48
decision tree basedon the original feature set. Each reported result is the average
of performing 5 runs of 4-fold cross-validation. That is, for each data set about 25%
of the N total data samplesare randomly chosenas test set of sizeN test . The rest of
the data is usedas training set which is partitioned randomly into two setsL and U
under di�eren t labeling rates 20%, 40%, 60% and 80%.

For fair comparison,we set the maximum number of iterations for all SSL meth-
ods to 30 but the methods can terminate earlier if all the unlabeled examplesare
labeled. At each iteration and for each classk, the committee selectsfrom U0 the nk

most con�dent examplesand adds them to L where nk = 3 and poolsize = 100.
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6.2 Results

Tables 3 and 4 present the performance of the supervised baselearner and en-
semble learners when trained on the full training set (L [ U). Tables 5, 6 and 7
present the test error rates of the models at iteration 0 (initial ) trained only on the
labeled data L , after the SSL iteration that achievesthe minimum error rate during
the SSL processof exploiting the unlabeled data (best), and the relative improve-
ment percent (impr ov = initial � best

initial ). Note that the learning curve is sometimes
non-monotonic, which meansthat the best iteration is not necessarythe last itera-
tion. For each data set, the lowest error rate and the highest improvement achieved
are bold faced. The averagedresults in thesetables verify the hypothesesmentioned
in Section5. That is, the performanceof the best committeesconstructed by CoBag,
CoAdaBoost and CoRSM e�ectiv ely outperform the initial ensembles constructed
by B agging , AdaB oost and RSM under di�eren t labeling rates and ensemble sizes.
In addition, the results show that at least one variant of CoBC can outperform Self-
Training and Co-Training with random feature split.

Table 3 Test error rates of J 48, B agging , AdaB oost and RSM , using 100% labeling rate and
committees of size 3

Data set J 48 B agging -3 AdaB oost-3 RSM -3

australian 15.83(2.75) 14.53(1.93) 16.85(2.36) 20.64(3.70)

bupa 37.39(5.45) 34.14(5.16) 34.37(4.26) 32.40(4.45)

colic 14.68(2.48) 15.11(2.36) 18.75(2.77) 20.60(3.02)

diabetes 25.55(3.13) 25.47(2.82) 27.14(2.64) 31.02(2.55)

heart-c 24.30(4.67) 22.78(3.66) 23.50(4.04) 19.28(4.55)

hepatitis 19.60(6.10) 19.73(4.74) 18.20(5.92) 18.71(3.78)

hypothyroid 0.44(0.17) 0.42(0.15) 0.57(0.32) 1.88(0.41)

ionosphere 11.12(3.31) 9.53(3.57) 9.81(3.30) 8.44(3.02)

segment 3.54(0.77) 3.29(0.63) 2.77(0.74) 8.88(0.92)

sick 1.25(0.51) 1.38(0.58) 1.23(0.43) 5.43(0.38)

splice 6.34(0.70) 6.36(0.74) 8.14(8.47) 10.53(1.14)

tic-tac-to e 16.04(2.89) 13.03(3.06) 10.21(2.22) 20.48(2.33)

vehicle 27.67(2.54) 27.29(2.44) 25.96(1.97) 26.67(2.89)

vote 4.05(1.77) 4.51(1.81) 5.71(2.16) 9.33(2.90)

wdbc 6.37(1.86) 5.59(1.87) 5.42(1.80) 5.98(1.92)

ave. 14.28 13.54 13.91 16.02

Table 8 shows the summary of a pairwise comparisonfor four di�eren t parameter
settings basedon the 15 UCI data sets. The entry a(i,j) indicates the number of data
sets at which the method of the column(j) outperforms the method of the row(i).
The number in the parenthesis shows how many of these data sets the di�erence is
statistically signi�can t at 0.05 level of signi�cance using corrected paired t-test[29] .

Interestingly, we�nd that for many data setssupervised ensemblelearners B agging ,
AdaB oost and RSM , using labeled data only, outperform semi-supervised learners
Self-Training and Co-Training, that exploit the unlabeled data, and the number of
thesedata setsincreasesas the ensemble sizeincreases.For example, from Table 8(a)
and Table 8(b), Boosted ensembleof size3 outperformsSelf-Training and Co-Training
in 4 and 5 data sets, respectively, compared to 8 and 6 data sets, respectively, for
Boosted ensembleof size 10. This emphasizesthe claim that ensemble learning can
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be a good solution to improve the performancewhen the amount of labeled data is
limited even if the unlabeled data is unused.

The error of CoRSM is not satisfactory comparedto CoBag and CoAdaBoost.
This poor performanceis attributed to constructing small-sizedensemblesusingRSM .
This results emphasizesthe conclusionsin Ref.[15] which states that RSM doesnot
work well and is outperformed by B agging and AdaB oost when the ensemble size is
small. In RSM each classi�er is trained basedon a random feature subset, therefore
usinga small number of classi�ers increasesthe possibility of neglectingsomefeatures.
That means,it leadsto lossof somediscriminating information.

Table 4 Test error rates of J 48, B agging , AdaB oost and RSM , using 100% labeling rate and
committees of size 10

Data set J 48 B agging -10 AdaB oost-10 RSM -10

australian 15.83(2.75) 14.09(2.09) 15.71(2.51) 16.90(2.91)

bupa 37.39(5.45) 31.12(5.04) 33.46(4.19) 33.45(3.77)

colic 14.68(2.48) 14.52(2.37) 17.94(2.92) 14.95(2.34)

diabetes 25.55(3.13) 24.25(3.33) 26.91(2.90) 25.53(2.05)

heart-c 24.30(4.67) 22.18(3.50) 21.92(4.01) 19.35(3.61)

hepatitis 19.60(6.10) 18.70(4.88) 16.51(3.99) 18.96(3.73)

hypothyroid 0.44(0.17) 0.41(0.17) 0.39(0.14) 0.57(0.21)

ionosphere 11.12(3.31) 9.93(3.96) 7.81(3.00) 8.04(3.74)

segment 3.54(0.77) 2.85(0.59) 1.87(0.51) 4.23(0.63)

sick 1.25(0.51) 1.24(0.50) 1.15(0.35) 5.23(0.39)

splice 6.34(0.70) 5.84(0.46) 6.48(1.15) 6.28(0.88)

tic-tac-to e 16.04(2.89) 9.81(2.12) 4.66(1.49) 23.16(1.77)

vehicle 27.67(2.54) 26.70(3.10) 23.15(2.41) 25.89(2.17)

vote 4.05(1.77) 4.19(1.85) 4.55(1.70) 6.81(2.10)

wdbc 6.37(1.86) 4.82(1.94) 4.40(1.77) 4.86(1.91)

ave. 14.28 12.71 12.46 14.28

7 Additional Exp erimen ts

7.1 Dominance rank

The dominance of a method is the di�erence between the number of data sets
for which it signi�can tly outperforms the others (W ) and the number of data sets
for which it signi�can tly underperforms the others (L ). Table 9(a) shows the top
24 SSL methods sorted by dominance rank, due to a pairwise comparison of each
method against the others. In addition, Table 9(b) shows the dominance ranks of
CoBC variants, in descendingorder, due to a pairwise comparison of each of them
against Self-Training and Co-Training with random feature split.

7.2 In
uenc e of labeled training set size

From Tables9(a) and 9(b), we can observethe in
uence of increasingthe labeling
rate from 20% to 40% while keeping the committee size (N ) �xed. The dominance
rank of the CoAdaBoost increasesfrom 37 to 39 (with N =3) and from 44 to 53 (with
N =10). The dominancerank of the CoBag increasesfrom 33 to 48 (with N =3) and
from 30 to 36 (with N =10). This increment for CoBC variants is at the expenses
of the ranks of Self-Training and Co-Training that decreases,seeTable 9(a) for more
details. From Table 9(b), the rank of CoAdaBoost increasesfrom 9 to 14 (with
N =10) and do not change(with N =3). In addition, Fig.1 plots test errors for seven
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data sets versusdi�eren t labeling rates using committees of size10. For all labeling
rates, oneor more variants of CoBC outperformsboth Self-Training and Co-Training.

Table 8 Summary of results. The entry a(i,j) indicates the number of data sets at which the
method of the column(j) outp erforms the method of the row(i).

(a) 20%-3

Supervised learners Semi-Supervised learners

J 48 B A R ST CT CB CA CR

J 48 - 10(0) 8(0) 7(0) 15(0) 9(2) 15(6) 13(6) 7(0)

B agging (B ) 5(0) - 7(0) 4(0) 13(0) 10(1) 15(2) 15(4) 7(0)

AdaB oost (A ) 7(0) 8(0) - 3(0) 11(0) 10(1) 14(4) 15(4) 6(0)

RSM (R) 8(5) 11(5) 12(4) - 14(6) 11(4) 15(8) 15(9) 15(0)

Self-Training (ST ) 0(0) 2(0) 4(0) 1(0) - 7(1) 15(2) 12(3) 5(0)

Co-T raining (CT ) 6(1) 5(1) 5(1) 4(0) 8(1) - 12(4) 12(4) 4(1)

CoBag (CB ) 0(0) 0(0) 1(0) 0(0) 0(0) 3(0) - 5(0) 1(0)

CoAdaB oost (CA) 1(0) 0(0) 0(0) 0(0) 2(0) 3(1) 10(0) - 2(0)

CoRSM (CR) 8(4) 8(5) 9(4) 0(0) 10(5) 11(4) 14(7) 13(8) -

no:of W ins 35 44 46 19 73 64 110 100 47

Sig : (10) (11) (9) (0) (12) (14) (33) (38) (1)

(b) 20%-10

Supervised learners Semi-Supervised learners

J 48 B A R ST CT CB CA CR

J 48 - 13(0) 10(3) 8(1) 15(0) 9(2) 15(8) 15(7) 12(3)

B agging (B ) 2(0) - 7(0) 4(0) 4(0) 8(1) 15(2) 15(6) 8(0)

AdaB oost (A ) 5(0) 7(0) - 7(0) 7(0) 9(1) 13(4) 15(7) 8(2)

RSM (R) 6(1) 11(1) 8(3) - 10(1) 12(2) 15(8) 15(8) 15(0)

Self-Training (ST ) 0(0) 11(0) 8(1) 4(0) - 7(1) 15(3) 15(4) 7(0)

Co-T raining (CT ) 6(1) 7(2) 6(3) 3(1) 8(1) - 12(3) 12(5) 10(1)

CoBag (CB ) 0(0) 0(0) 2(0) 0(0) 0(0) 3(0) - 7(2) 3(0)

CoAdaB oost (CA) 0(0) 0(0) 0(0) 0(0) 0(0) 3(0) 7(0) - 2(0)

CoRSM (CR) 3(1) 7(1) 7(3) 0(0) 8(1) 5(1) 12(4) 13(5) -

no:of W ins 22 56 48 26 52 56 104 107 65

Sig : (3) (4) (13) (2) (3) (8) (32) (44) (6)

(c) 40%-3

Supervised learners Semi-Supervised learners

J 48 B A R ST CT CB CA CR

J 48 - 11(0) 8(1) 6(0) 15(0) 10(2) 15(11) 13(7) 6(1)

B agging (B ) 4(0) - 5(0) 2(0) 11(0) 10(1) 15(7) 13(5) 6(0)

AdaB oost (A ) 7(0) 10(0) - 3(0) 11(0) 10(1) 15(3) 15(7) 6(0)

RSM (R) 9(5) 12(6) 12(4) - 12(8) 13(5) 15(12) 15(8) 15(2)

Self-Training (ST ) 0(0) 3(0) 4(0) 3(0) - 7(1) 14(4) 12(3) 5(0)

Co-T raining (CT ) 5(1) 5(3) 5(2) 2(0) 8(3) - 12(4) 11(3) 5(0)

CoBag (CB ) 0(0) 0(0) 0(0) 0(0) 0(0) 3(1) - 6(0) 0(0)

CoAdaB oost (CA) 2(0) 2(0) 0(0) 0(0) 3(0) 4(0) 8(0) - 1(0)

CoRSM (CR) 9(4) 9(5) 9(4) 0(0) 10(6) 10(3) 15(8) 14(6) -

no:of W ins 36 52 43 16 70 67 109 99 44

Sig : (10) (14) (11) (0) (17) (14) (49) (39) (3)
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(d) 40%-10

Supervised learners Semi-Supervised learners

J 48 B A R ST CT CB CA CR

J 48 - 15(1) 10(2) 9(0) 15(0) 10(2) 15(10) 15(10) 10(3)

B agging (B ) 0(0) - 6(2) 2(0) 7(0) 8(1) 15(6) 14(6) 8(2)

AdaB oost (A ) 5(0) 9(0) - 6(0) 8(0) 8(1) 13(2) 15(8) 9(1)

RSM (R) 6(2) 12(3) 9(3) - 9(4) 13(2) 15(7) 15(9) 15(3)

Self-Training (ST ) 0(0) 8(0) 6(2) 6(0) - 7(1) 15(4) 15(7) 8(1)

Co-T raining (CT ) 5(1) 8(3) 7(2) 2(2) 8(3) - 12(4) 14(7) 9(2)

CoBag (CB ) 0(0) 0(0) 2(1) 0(0) 0(0) 3(0) - 9(2) 2(0)

CoAdaB oost (CA) 0(0) 1(0) 0(0) 0(0) 0(0) 1(0) 5(1) - 2(0)

CoRSM (CR) 5(1) 7(2) 6(3) 0(0) 7(3) 6(1) 13(5) 12(5) -

no:of W ins 21 60 46 25 54 56 103 109 63

Sig : (4) (9) (15) (2) (10) (8) (39) (54) (12)

Table 9 Dominance ranking using the signi�can t di�erences (W - L )
(a) Each model against others

# Metho d W-L W L # Metho d W-L W L

1 CA-40%-10 53 54 1 13 B-40%3 1 14 13

2 CB-40%-3 48 49 1 14 CT-20%(3) 1 14 13

3 CA-20%-10 44 44 0 15 A-40%3 0 11 11

4 CA-40%-3 39 39 0 16 A-20%3 0 9 9

5 CA-20%-3 37 38 1 17 A-20%-10 -1 13 14

6 CB-40%-10 36 39 3 18 CT-40%-(3) -2 14 16

7 CB-20%-3 33 33 0 19 J48-20%-(3) -4 10 14

8 CB-20%-10 30 32 2 20 ST-40%-(10) -5 10 15

9 ST-40%(3) 9 17 8 21 CR-40%-10 -8 12 20

10 ST-20%(3) 6 12 6 22 B-40%-10 -8 9 17

11 B-20%-3 4 11 7 23 CT-20%-(10) -9 8 17

12 A-40%-10 3 15 12 24 CT-40%-(10) -16 8 24

(b) Each CoBC variant against Self-Training and Co-T raining

# Metho d W-L W L # Metho d W-L W L

1 CA-40%-10 14 14 0 7 CB-20%-10 6 6 0

2 CA-20%-10 9 9 0 8 CB-20%-3 6 6 0

3 CB-40%-10 8 8 0 9 CR-20%-10 -1 1 2

4 CB-40%-3 7 8 1 10 CR-40%-10 -1 3 4

5 CA-20%-3 6 7 1 11 CR-20%-3 -8 1 9

6 CA-40%-3 6 6 0 12 CR-40%-3 -9 0 9
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Figure 1. In
uence of changing training set size on test error for seven data sets
using committees of size 10 (x-axis = labeling rate, y-axis = ensemble error

7.3 In
uenc e of ensemblesize

From Table 9(a) and 9(b), we can concludethe in
uence of increasing the com-
mittees sizefrom 3 to 10 while keepinglabeling rates (LR ) �xed. The dominancerank
of CoAdaBoost increasesfrom 39 to 53 (under LR =40%) at the expensesof both Self-
Training that decreasesfrom 9 to -5 and Co-Training that decreasesfrom -2 to -16.
Also, CoAdaBoost dominance rank increasesfrom 37 to 44 (under LR =20%). Sur-
prisingly, the dominance rank of CoBag decreasesfrom 48 to 36 (under LR =40%)
and from 33 to 30 (under LR =20%). From Table 9(b), the rank of CoAdaBoost
increasesfrom 6 to 14 (under LR =40%) and from 6 to 9 (under LR =20%). Also,
the rank of CoRSM increasesfrom -9 to {1 (under LR =40%) and from {8 to {1
(under LR =20%). Therefore, CoAdaBoost and CoRSM gained from increasing the
ensemble sizeat the expensesof CoBag, Self-Training and Co-Training.

7.4 Diversity-Err or diagrams

It is well known that the combination of the output of a set of classi�ers is only
useful if they have uncorrelated classi�cation errors which is called the diversity of the
ensemble. In the literature, there are several measuresof ensemble diversity[26] that
are usedto prove that increasingdiversity while maintaining the averageaccuracyof
ensemble members, should increaseensemble accuracy[25] .

In this study, the Kappa agreement measure is usedas a pairwise diversity mea-
sure and the Kappa-Error diagram intro duced in Ref.[31] is drawn as a way to vi-
sualize the in
uence of CoBC on the relationship between diversity-accuracy of the
constructed ensembles. Kappa measuresthe level of agreement betweentwo classi�ers
decisionsand considersthe agreement by chance. It is de�ned as follows: Given two
classi�ers h1 and h2, K classesand m examples,we can de�ne a coincidencematrix
C whereelement Cij represents the number of examplesthat are assignedby the �rst
classi�er to classi and by the secondclassi�er to classj .

Then, the agreement measure� is de�ned as follows:

� =
� 1 � � 2

1 � � 2
(1.1)
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where
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If h1 and h2 are identical, only the main diagonal of M will contain non-zero
elements (� 1=1) and � = 1. If h1 and h2 are totally di�eren t, their agreement (� 1)
will be the same as the agreement by chance (� 2) and � = 0. If h1 and h2 are
negatively dependent, then � < 0 and when one classi�er is wrong, the other has
more than random chanceof being correct.

The x-axis of the Kappa-error diagram represents the � i;j between two ensem-
ble members hi and hj while the y-axis represents the averageerror E i;j = E i + E j

2 .

Therefore, an ensemble of N members has a cloud of N (N � 1)
2 points in the diagram.

The Kappa-error diagrams were calculated on the test sets. Since small values of �
indicate better diversity and small values of E i;j indicate better accuracy, the most
desirablecloud will lie in the bottom left corner.

Figure 2 shows only the centroids of the clouds of Kappa-error dots of di�eren t
ensembles in the same plot for each data set instead of ploting the whole clouds
becausethe clouds are heavily overlapping. This is useful for visual evaluation of
the relative positions of clouds for the di�eren t ensembles. The axes of the plots
are rescaled in order to make the relative positions of clouds clearly visible. The
un�lled shape represents the initial ensemblebefore SSL while the corresponding
�lled one represents the best ensembleafter SSL . From these plots, we can observe
the following:

� At most cases,the clouds of Co-Training lie above the clouds of CoBag and
below the clouds of CoAdaBoost and CoRSM .

� At most cases,the clouds of Co-Training are located to the left of the clouds
for CoRSM , CoBag and CoAdaBoost due to random feature splitting.

Figure 2. Centroids of the Kappa-error clouds for seven data sets with committees of size
10 and under 20% label rate (x-axis = average of � i;j , y-axis = average of E i;j )
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Figure 3 shows the trade-o� betweenensemblediversity and ensembleaccuracy.
We have the following observations:

� At most cases,the centroids of Co-Training lie above the centroids of CoBag,
CoRSM and CoAdaBoost and below the centroids of B agging , RSM and
AdaB oost.

� At most cases,the centroids of CoAdaBoost, CoBag and CoRSM are located
to the right and below the centroids for AdaB oost, B agging and RSM respec-
tiv ely. That is, CoBC improvesthe accuracyat the expenseof the diversity that
is slightly reduceddue to knowledgeexchangebetweencommittee members.

� CoAdaBoost is more diversethan CoBag and CoRSM as AdaB oost is more
diversethan B agging and RSM .

Figure 3. Kappa versus ensemble error for seven data sets with committees of size 10 and
under 20% labeling rate (x-axis = average of � i;j , y-axis = ensemble error)

Table 10 shows the test set averageerrors of the ensemble members and error
redution of ensemblesconstructedby Co-Training and di�eren t CoBC variants. From
this table the following can be observed:

� The committee members constructed by CoBag achieves the lowest average
error. This comesto show why CoBag outperforms Co-Training.

� The committee constructed by CoAdaBoost achievesthe highest ensembleerror
reduction. This shows why CoAdaBoost outperforms Co-Training although the
averageerror of committee membersconstructed by CoAdaBoost is higher than
that of Co-Training.

8 Application to Visual Ob ject Recognition

The recognition of 3-D objects from 2-D camera imagesis one of the most im-
portant goals in computer vision. CoBC will be applied to two 3-D object and one
2-D object recognition tasks.
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8.1 Coil-20 Dataset

This benchmark dataset is a set of object imagesobtained from Columbia Object
Image Library [32] (seeFig.4). The dataset contains the imagesof 20 di�eren t objects,
for each object 72 training samplesare available. Colour histogram is extracted from
each image and then it is used as input feature vector for classi�cation (V1). Then,
each image was divided into 2 � 2 overlapped sub-images.An orientation histogram
utilising Sobel edgedetection is extracted from each sub-image. The four histograms
are concatenatedtogether to form another feature vector (V2).

Figure 4. COIL 20

8.2 Fruits dataset

The fruits imagesdata set, collected at the University of Ulm, consistsof seven
di�eren t objects with 120 imagesper object[32] (seeFig.5). Colour histogram is ex-
tracted from each image and then it is usedas input feature vector for classi�cation
(V1). Then, each imagewasdivided into 2� 2 overlapped sub-images.An orientation
histogram utilising Sobel edge detection is extracted from each sub-image. The 4
histograms are concatenatedtogether to form another feature vector (V2).

8.3 Handwritten digits dataset

The handwritten STATLOG digits data set[32] consistsof 10,000images(1,000
imagesper class) and each image is represented by a 16 � 16 matrix containing the
8-bit grey values of each pixel (see Fig.6). In our study we used only 200 images
per classto save computation time. Each sample is represented by a 40-dim vector
results from reshapingthe 16� 16 image matrix into 256-dim vector then performing
dimensionality reduction using PCA and projecting the 256-dim vector onto the top
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40principal components (V1). Then, each imagewasdivided into 2� 2 overlappedsub-
images.An orientation histogram is extracted from each sub-image.The 4 histograms
are concatenatedtogether to form another feature vector (V2).

Figure 5. A sample of the images in the fruits dataset

Figure 6. A sample of the handwritten digits

8.4 Experimental setup

The CoBC variants are evaluated on the three image classi�cation tasks. J 48
decisiontree and k nearestneighbor classi�er are usedas baselearners. To estimate
the error, 5 runs of 4-fold crossvalidation have beenperformed. That is, for each data
set about 25%of the data samplesare randomly chosenastest set (360, 210and 500).
Then, the remaining 75% (1080, 630 and 1500 for Coil-20, fruits and handwritten
digits, respectively) partitioned into 20% (216, 126 and 300, respectively) as initial
labeled training set L and the remainder is the unlabeled data U to be exploited to
boost the performance.

The performanceof CoBC variants is comparedwith Self-Training, Single-View
Co-Training and Two-View Co-Training. Note that these data sets are with two
su�cien t and redundant views. Therefore, Two-View Co-Training is applied and its
performanceas a multi-view SSL method is used for comparison to the other single-
view SSL methods. For Single-View Co-Training, we randomly divide the original
feature set of each data set into two disjoint subsetswith equal sizesand train a
classi�er based on each subset as a separate view. The �nal output results from
averaging the class probabilit y estimates of these two co-trained classi�ers. Self-
Training algorithm usesa single classi�er basedon the original feature set.

For fair comparison,we set the maximum number of iterations for all SSL meth-
ods to 30 but the methods can terminate earlier if all the unlabeled examplesare
labeled. In addition, we set poolsize = 100 and nk = 3 for all SSL methods except
for Two-View Co-Training and Single-View Co-Training where nk = 1.

8.5 Results

Table 11 presents the performanceof the supervised baselearner and ensemble
learnerswhen trained on the full training set (L [ U). This represents the lower bound
of the test error. Note that the bullet/circle mark indicates that the corresponding
classi�er signi�can tly better/w orsethan the baseclassi�er.
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Table 11 Test error rates of the supervised learners, using 100% labeling rate and
committees of size 10

(a) Base Learner: Pruned J 48 decision tree without Laplace Correction

Data set J 48 B agging -10 AdaB oost-10 RSM -10

COIL20 11.62(1.48) 9.06(1.26)� 5.80(1.25)� 9.60(1.46)�

Fruits 13.01(2.45) 8.67(2.18)� 6.43(1.56)� 6.51(1.55)�

Digits 23.28(2.45) 16.09(2.42)� 11.43(1.77)� 14.51(1.16)�

ave. 15.97 11.27 7.89 10.20

(b) Base Learner: Fuzzy 5-NN with weighting = 1 / distance

Data set Fuzzy 5-NN B agging -10 AdaB oost-10 RSM -10

COIL20 8.80(1.28) 9.00(1.16) 8.80(1.28) 8.20(1.12)

Fruits 6.34(1.79) 6.03(1.89) 6.34(1.79) 5.34(1.52)

Digits 6.48(0.71) 6.64(0.97) 6.48(0.71) 6.38(0.98)

ave. 7.20 7.22 7.20 6.64

The averagetest errors and standard deviations are shown in Table 12, where
initial presents the test error rate, at iteration 0, using only the available labeled
data L , best denotesthe minimum error rate achieved during the SSL iterations of
exploiting the unlabeled data, and impr ov denotesthe relative improvement, that is
impr ov = initial � best

initial . Table 12 shows that on the three image classi�cation tasks,
di�eren t CoBC variants can e�ectiv ely exploit the unlabeled data to improve the
learning performance. For CoAdaBoost, when J 48 decision tree is used as base
learner, the improvement of the best model constructed by AdaB oost is 16.37%,
20.55%and 11.48%,respectively. While when 5-NN classi�er is usedas baselearner,
the improvement is 8.03%,14.08%and 34.34%. For CoBag, when J 48 decision tree
classi�ers are used, the improvement of the best model constructed by B agging is
3.93%, 11.32%and 1.60%, respectively. While when 5-N N classi�ers are used, the
improvement is 8.03%,15.26%and 35.31%.

Table 12 also shows that the improvement of CoBC variants in most of the
casesis higher than that of Self-Training, Single-View Co-Training and Two-View
Co-Training. Through observingTable 12(a), one can �nd that the initial ensembles
of 10 (unstable) J 48 decisiontreesconstructed by B agging , AdaB oost and the RSM
perform better than the initial single J 48 decision tree before SSL process. As a
consequence,the best ensembles of trees constructed by B agging , AdaB oost and
the RSM perform better than the best single tree after exploiting the unlabeled
data which emphasizesHypothesis 2. Secondly, for the three CoBC variants, it is
clear that the best ensemblespeform better than the initial ensembleswhich supports
Hypothesis1. Thirdly , CoBC variants can outperform Two-View Co-Training evenif
the former dependsonly on a single view (V1) while the latter dependson two views
(V1 and V2). In addition, CoBC variants can outperform Single-View Co-Training
which emphasizesHypothesis3.

By observing Table 12(b) where (stable) 5-nearest neighbors (NN) classi�er is
used, one can �nd that the ensembles of 10 (stable) NN classi�ers constructed by
B agging , AdaB oost and RSM failed to outperform a single NN classi�er. Bay [33]

gave the reasonsof the failure of AdaB oost: (1) AdaB oost stops when a classi�er
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has zero training error, and this always happensfor the N N classi�er. (2) AdaB oost
increasesthe weights of hard-to-classify example does not help in its classi�cation
becauseit depends on the weights of its neighbors not on its weight. Alpaydin [34]

attributed the failure of B agging with NN classi�er to the fact that B agging aims
to reducethe variance of its underlying classi�er while the variance of the stable NN
classi�er is already low so it is di�cult to reduce it more. Investigating the best
ensemble method to construct an e�ectiv e ensemble of NN classi�ers is beyond the
scope of this study but this shows the need for a generalizedensemble-basedSSL
framework that can be applied on any ensemble method.

9 Conclusions

A new framework for semi-supervised learning with committees was intro duced
for application domains in which there are not redundant and independent views of
the data (CoBC). Based on our experiments on 15 UCI data sets and three visual
object recognition tasks, we have the following conclusions:

� Empirical results demonstrate that an ensemble of accurate and diverseclassi-
�ers can be usede�ectiv ely to label unlabeled data.

� CoBC can mitigate the degradation of a model performancewhen the training
set size is small. That is, CoBC outperform B agging , AdaB oost and RSM
when the available training data is limited.

� CoBag is able to minimize the averageerror of the underlying committee mem-
bers and CoAdaBoost is able to maximize the ensembleerror reduction with-
out strongly degrading the diversity. Therefore, CoBC can outperform Self-
Training.

� The random feature splitting to apply Co-Training can result in baseclassi�ers
that are weaker than the single classi�er usedin Self-Training. Therefore, Self-
Training can outperform Co-Training with random split.

� Kappa-error diagram is a useful tool to visualize the in
uence of SSL process
on the diversity-accuracy relationship for ensembles.

� Interestingly CoAdaBoost achieves a performance comparable to CoBag and
outperforms CoRSM although AdaB oost is sensitive to the scarceof training
data and to the mislabeling noise.

� For some data sets, supervised ensemblelearners outperform semi-supervised
learners Self-Training and Co-Training, that exploit the unlabeled data, and
the number of these data sets increasesas the ensemble size increases. This
emphasizesthe hypothesis in Ref.[17] that ensemble learning can be a good
solution to improve the performance of a single classi�er when the amount of
labeled data is limited even if the unlabeled data is not used.

� CoBC is a generalizedframework that canmaintain the diversity of an ensemble
constructed by any ensemble learner during the SSL process.Co-Forest places
more constraints on the usedensemble learner and can hurt the diversity of the
underlying ensemble[1] .
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� There is no SSL method that is the best for all real-world data sets. Because
labeleddata is scarceand there is no guarantee that unlabeleddata will always
help, each SSL method has strong model assumptions. One should use the
method whoseassumptionsmatch the given problem structure. For instance,
the following checklist was proposed in Ref.[12]: If the classesproduce well
clustereddata, then EM with generative mixture modelsmay be a good choice;
If the features are naturally divided into two or more sets of features, then
Co-Training and Co-EM may be appropriate; If SVM is already used, then
Transductive SVM is a natural extension; If the existing supervised classi�er
is complicated and hard to modify, then Self-Training is a practical wrapper
method.

� We can add the following statement to the above mentioned checklist: If the
featuresare not naturally divided into more than oneset and ensemble learning
can be used, then Co-Forest is a good choice if the usedensemble learner does
not depend on the training set to enforcethe diversity and CoBC may be more
practical for application with any ensemble learner.

10 Future W ork

There are many interesting directions for future work. Firstly , we plan to perform
additional empirical studies using real data from several application areas without
two views. Also asCoBC is general,we plan to evaluate CoBC using other ensemble
learnersand other baselearnerssuch as M LP , Naive Bayesand RB F Networks.

Secondly, since active learning is another direction for learning from unlabeled
data where the labels of someselectedunlabeled examples(most informative exam-
ples) are asked for labelling by the user. Currently , we are investigating the interleav-
ing of CoBC and QB C for a more robust committee-basedlearning (ActiveCoBC).

Thirdly , we found that the learning curve of CoBC, like Co-Training, is non-
monotonic. Ideally, we would like it to have a more stable behavior. We investigate
the selection of most con�dent examplesbasedon all the previous ensembles rather
than just the previous one. This change can leads to smoothing the learning curve
and to increasethe robustnessto mislabeling noise(SmoothedCoBC).

Finally, in the current CoBC implementation, when new data becomesavailable
at each iteration, the previous committee is discardedand a new one is trained from
scratch with the new training set. This leads to the non-monotonic behavior of the
learning curve. We claim that CoBC will be more stable and more e�cien t if incre-
mental versionsof ensemble learnersand baselearnersare integrated (OnlineCoBC).
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