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Abstract Many data mining applications have a large amount of data but labeling data
is often dicult, expensive, or time consuming, asit 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 hasthe assumptions that eac example is represerted by two or more redun-
dantly sucien t sets of features (views) and additionally these views are independert 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 ensenble of diverseclassi ers is usedfor semi-supervised learning that requires nei-
ther redundant and independert views nor di eren t baselearning algorithms. The framework
is a general single-view semi-supervised learner that can be applied on any ensenble learner
to build diversecommittees. Experimental results of CoBC using B agging, AdaB oost and
the Random SubspaceMethod (RSM) as ensenble 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 ensenble.
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1 Intro duction

Supervisedlearning algorithms require a large amournt of labeleddata in order to
achieve high accuracy and this accuracy degardsas the amount of available labeled
data decreases.Howewer, labeling data is often di cult, expensiwe, or time consum-
ing, as it requiresthe e orts of experiencedhuman annotators. In many practical
data mining applications such as content-basedimage retrieval, computer-aided med-
ical diagnosis!, object detection and tracking, web page categorization’?!, or e-mail

* This work was supported by the German Science Foundation (DF G) under grant SCHW623/4-3
and a scholarship of the German Academic Exchange Service (D AAD).

Corresponding author: Mohamed Farouk Abdel Hady, Email: mohamed.abdel-hady@uni-ulm.de
Manuscript received 28 Sept., 2008; revised 4 Dec., 2008; accepted 13 Dec., 2008; published online
Dec.29, 2008.



96 International Journal of Software and Informatics, Vol.2, No.2, Decenber 2008

classi cationl, 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-sugervised
learning, transductiv e learning and active learning. Semi-sugervised learning (SSL)
refers to methods that attempt to either exploit the unlabeled data for supervised
learning where the unlabeled examplesare di erent from the test examplesor to
exploit the labeled data for unsupervised learning. Transductive learning refers to
methods which also attempt to exploit unlabeledexamplesbut assumingthat the un-
labeled examplesare exactly the test examples. Active learning!® refersto methods
which selectsthe most important unlabeled examples,and an oracle can be asked for
labeling theseinstances,wherethe aim is to minimize data labelling. Sometimesit is
called selective sampling or sample selection.

Recert researt on SSL concerrates into four directions: semi-supervisedclassi-
cation [ 8 semi-supervised regressio®!, semi-sugervised clustering'® and semi-
superviseddimensionality reduction™!. Readersinterestedin recert advancesof semi-
supervised learning are directed tol*?! for an excellert survey.

Co-Training is a popular SSL paradigm introduced by Blum and Mitc helll®!.
In this approach, two classi ers are incremertally trained based on two su cien t
and independert views. That is, two sets of features ead of which is su cien t for
learning and conditionally independert given the class. At the initial iteration, two
classi ers are trained using the available labeled training examples. Then at eadh
further iteration, ead classier 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 domainswith: (1) a small set of labeled
examples,(2) a large set of unlabeled examples,and (3) redundantly su cien t and
independert views are not available. We presen a single-viewcommittee-tasel frame-
work that usesa committee constructed by any ensenble learning algorithm to create
a set of diverseclassi ers with any baselearning algorithm. The main cortribution
of this study is to replacethe hard impractical requiremert of Co-Training for two
or more independert and redundant feature setsby using a set of diverseclassi ers.
Hence,we call this new framework Co-Training by Committee (CoBC).

There aretwo motivations for our study: rstly the recert successfublevelopmert
in ensenble learning algorithms such as B agging [*3!, AdaB oost!*l and the Random
SubspaceMethod (RSM )[*®!, Secondlythe succes®f the framework of active learning
with committees known as Query by Committee (QB C)Il. 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 disagreemeh among the committee members and the
most informativ e exampleis 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 ensenble methods and C4.5 decisiontree induction as baselearner. Then it was
ewvaluated using a number of UCI data setd'® and three object recognition tasks
problemd3. In addition, the in uence of changing ensenble sizeand training setsize
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was investigated. The results emphasizethat CoBC variants outperform Bagging
AdaBaoost and the RSM, when the labeled data is limited and a large amount of
unlabeleddata is available. For the sake of 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-sugervised learning in Section 2 and ensenble learning in Section 3. Section 4
preseris the proposedCoBC framework and in Section5 it is discussedwhy CoBC
framework should work. The results of experiments on 15 UCI datasetsare reported
in Section6. In Section7, additional experiments are conducted and kappa-error dia-
gramsare drawn to show the in uence of SSL on the diversity-accuracy relationship
for all the studied ensenble methods. Section 8 describesthe 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® and Self-Training®™, the SSL
algorithm receivesa single set of featuresthat is usedfor learning. The Expectation-
Maximization (EM) is an iterativ e statistical technique for maximum likelihood esti-
mation in problemswith missing datal’®l. Given a model for data generationsuc as
Naive Bayes,and data with somemissingvalues,EM locally maximizesthe likelihood
of the parametersand estimate the missing values. EM is usedas a single-view SSL
algorithm by treating the labels of the unlabeled examplesas missing datal?!. EM
beginswith 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 these assumptionsresult in poor performancé?.

Table 1 Taxonomy of SSL algorithms

Description SSL algorithm
Single-view, Single-learner EM [29]
Single-classi er Self-Training %!
Multi-view, Single-learner Co-EM 1¥1]
Multiple classi ers Co-Training [®!
Single-view, Multi-learner Statistic al Co-L earning [2°!
Multiple classi ers Democratic Co-L earning [/]
Single-view, Single-learner Tri-T raining 18, Co-Forest!!!
Multiple classi ers Co-Training by Committe e

Self-Training®® is an incremertal algorithm that initially builds a single classi er
usingthe available labeleddata. Then it iterativ ely labelsall the unlabeleddata, rank
the examplesby the con dence in their prediction and adds permenartly the most
con dent examplesinto the training set. It retrains the underlying classi er with the
augmerted training set.

In multi-view learning, such asCo-Training and Co-EM!, the learning algorithm
receivestwo or more sets of features (views). Blum and Mitc hell®® state two strong
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assumptions for successfulCo-Training: the views should be individually su cien t
and conditionally independert giventhe class. The pseudo-caleis shown in Algorithm
1. Recerly, researders have proposedapproachesderived from Co-Training in three
di erent directions aswill be shavn in the following subsections.

Algorithm 1. Standard Co-Training

Require:  L: set of m labeled training examples
U: set of unlab eled examples
V1,Vo: feature sets (views) represerting an example
T: maximum number of co-training iterations
Baselearn - baselearning algorithm
fPrkgE=1 - prior probabilit y of class k
: h(lo) = BaselLearn(Vi(L)) and h(20) = BaselLearn(Vz2(L))
cfort=1to T
2 if U is empty
: Set T = t-1 and abort loop
s end if
. Apply h(lt
: Select a subset S; as follows: for each class k, selectthe ny / Pry most condent examples

H on U.

N o A ®WN R

assignedto classk

8: Move S; from U to L
9: Apply h(zt D
10: Select a subset Sy as follows: for each classk, select the ny / Pry most condent examples

on U.

assignedto classk
11: Move S from U to L
12: Re-train classiers h(lt) and h(zl) using the new L
h(lt) = BaselLearn(Vi(L)) and h(zt) = BaseLearn(Vz(L))
13: end for
14: return combination of the predictions of h(lT) and h(zT)

2.1 Co-Training with natural multiple views

The standard Co-Training wasapplied in domainswith truly independert feature
splits satisfying its conditions. In Ref.[3], Co-Training is usedfor email classi cation
where the bags of words that represert email messagesvere 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 usedto improve visual detector for cars
in trac surveillance video where one classi er detects carsin the original grey level
images. The secondclassi er detects carsin imageswhere the background has been
removed. Although there are many casesin which there are two or more independert
and redundant views, there exists a lot of real-world domainsin which such views are
not available. Nigam and Ghani® showed that Co-Training is sensitive to this view
independenceassumption. Therefore, Co-Training with multiple viewsis impractical
in many real-world applications.

2.2 Co-Training with arti cial multiple views

In somework, Co-Training was applied 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 basedon arti cial feature splitting called maxind has been in-
troduced. 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 independenceassumptionin Co-Training. Also, it was
found that there is a trade-o betweenthe dependenceof the features within eadt
view, and the independencebetweenviews.

2.3 Co-Training without multiple views

In a number of studied?®:7:8 1 the applicability of Co-Training using a single
view without feature splitting has beeninvestigated. Goldman and Zhoul?® rst pre-
sented a single-view SSL method, called Statistical Co-learning. It usedtwo di erent
supervised learning algorithms with the assumptionthat ead 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 usedID3 (a decisiontree induction algorithm) and HOODG
(an algorithm for building decision graphs). They used 10-fold crossvalidation: (1)
to selectthe most con dent examplesto label at ead iteration and (2) to combine
the two hypothesesproducing the nal decision. There are three drawbadks: rst
the assumptions concering the used algorithms limits its applicability. Secondthe
amount of available labeled data was insu cien t for applying crossvalidation which
is time-consuming.

Then Zhou and Goldmanl”! preseried 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 drawbadks of Sta-
tistical Co-learning but it still usesthe time-consuming cross-alidation technique to
measurecon dence intervals. These con dence intervals are usedto selectthe most
con dent unlabeled examplesand to combine the hypothesesdecisions.

Zhou and Li!®! 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 hypothesisis produced via majority voting. The
construction of the initial classi ers looks like training an ensenble from the labeled
data with Bagging™®!. At ead Tri-T raining iteration, an unlabeled exampleis 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 erent views as in Ref.[6] nor doesit
depend on di erent supervised learning algorithms asin Refs.[23,7]. There are two
limitations: the ensenble sizeis limited to three classi ers and Bagging is usedonly
at the initial iteration. Although the results have shavn that using baggedensenble of
three classi ers canimprove the generalizationability, better performanceis expected
when larger-sizeensenbles and other ensenble learnersare used. Also, the in uence
of Tri-T raining on the diversity of the 3-menber ensenble was not studied.

Recerily, Li and Zhou!*! proposedan extensionto Tri-T raining, called Co-Forest
It usesan ensenble of N > 3 members, which is denotedby 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 ensenble member h; (i = 1,...,N), all the other classi ers membersin H
except h; are used. These ensenble members form a new ensenble, which is called
the concomitant ensenble of h;, denoted by Hi(= H - h;). Now the con dence
for an unlabeled example can be simply estimated by the degreeof agreemen on
the labeling, i.e. the number of classi ers that agreeon the label assignedby H;.
By using this method, Co-Forest rstly constructs an initial ensenble of random
treesusing L and a well-known ensenble method named Random Forest?3l, Then at
ea Co-Forest iteration, it re nes ead ensenble member with unlabeled examples
selectedby its concomitant ensenble. Note that the unlabeled examplesselectedby
H; are not removed from U, so they might be selectedagain by other H; (j 6 i)
or the concomitant ensenbles in the following iterations. As a result, the training
sets of di erent ensenble members becomesimilar. Therefore, the learning process
of Co-Forest can hurt the diversity of classi ers if the underlying ensenble method
basedon training set manipulation to enforcethe diversity such as Bagging. This
degradation of diversity leadsto reducing the error improvemert causedby exploiting
the unlabeled data. To maintain the diversity in the SSL process,Co-Forest uses
Random Forest instead of Bagging becauseRandom Forest depends also on feature
set manipulation to enforce diversity. The main drawbad of Co-Forest! is that
it placesconstraints on the underlying ensenble learners and the size of ensenble.
Developing a generalizedframework that can maintain the diversity of any ensenbles
during the SSL processwill extend the idea of Co-Forestto more generalcases suc
that it can be applied to more practical data mining applications.

The common reason of the successof the above mentioned approadesis the
creation of diversity among a set of classi ers by exploiting di erent techniques: the
use of redundant and su cien t viewd®!, articial feature splits?¥, dierent super-
vised learning algorithms!?2: 71, training set manipulation by Bagging® or feature set
manipulation by Random Forest!. Brown et al. preseried in Ref.[24]an exhaustive
survey of the various techniques usedfor creating diverse ensenbles, and categorise
them, forming a preliminary taxonomy of diversity creation methods. Therefore, the
data mining community needsa more general SSL framework that can exploit this
treasure of ensenble methods.

3 Ensemble Learning

An ensenble consistsof a set of individual predictors (such as neural netwroks
or decisiontrees) whosepredictions are combined when classifying a given sample. In
Ref.[17], Dietterich explains three fundamertal reasonswhy an ensenble of classi ers
is often more accurate than its individual members. An essetial condition for an
e ectiv e ensenble is the error diversiy and the accuracy of its member classi ers?4l,
Two classi ers are diverseif they producedi erent errors for a given set of instances.
Many ensenble methods have been deweloped that use di erent ways to promote
diversity such as: manipulation of training set!3:4 manipulation of input feature
sef'™ manipulation of the output targetsi'® and randomnessinjection. In the fol-
lowing subsections,the ensenble learnersusedfor CoBC will be preserted.

3.1 Bagging
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Given a training set L of sizem, standard B agging ™% createsN baseclassi ers
hi :i = 1;:::;N (SeeAlgorithm 2). Each classier is constructed by the base
learning algorithm on a bootstrap sample of size m created by random resampling
with replacemen from the original training set. Each bootstrap sample cortains
about 63%'% of the original training set, where ead example can appear multiple
times. The nal prediction of the ensenble for a given samplex is the averageof the
N class probability distributions produced by ensenble members P;(x) then select
the classwith the maximum probabilit y.

Algorithm 2. Bagging Algorithm
Require: L - Original training set
B aselear n - Base learning algorithm
N - number of bagging iterations
:for i=1t0 N do
Si = Bootstr apSample(L)
h; = BaselLearn(S;)
:end for
. The nal hypothesis:
H(x) = argmaxigkek P(X) where P(x)= Ni P iNzl Pi (x)
6: return  ensenble H

aA wN PR

This technique works well for unstable learning algorithms, where a small change
in the input training setcanleadto a major changein the output hypothesis. Decision
treesand neural networks are well-known as unstable algorithms but linear classi ers,
k-nearest neighbor and Naive-Bayes algorithms are generally stable especially when
the training set sizeis large.

3.2 Boosting

Boosting is a family of ensenble learning algorithms that are very e ectiv e in
improving performance comparedto the ensenble menbers. AdaB oost described in
Ref.[14] is the most popular algorithm (See Algorithm 3). It introducesthe diver-
sity through generating a sequenceof baseclassi ers h; using weighted training sets
(weighted by D1, ..., Dy) sud that the weights of training examplesmisclassi ed
by classi er h; ;1 are increasedand the weights of correctly classi ed examplesare
decreasedn order to enforcethe next classi er h; to focus on the hard-to-classify ex-
amplesat the expenseof the correctly classi ed examples(bias correction). That is,
for ead iteration i, the aim of AdaB oost is to construct a classi er h; that improve
the training error of classier h; ;. Consequetly, AdaB oost stops if the training
error of the classier is zero or worse than random guessing. The outputs of the
committee members are combined by weightel majority vote to producethe nal pre-
diction of the committee whereead member is assigneda weight basedon its training
error. Applying AdaB oost to decisiontreesis successfuland is consideredone of the
best o -the-shelf classi cation methods. Despite its popularity, AdaB oost has two
drawbacks?8l: it performs poorly given a small training set and also when there is a
lot of training exampleswith incorrect classlabel (mislakeling noise).
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Algorithm 3. AdaB oost Algorithm

Require: L = f(xj,y; )gjm=1 - Original training set
B aselLear n - Base learning algorithm
N - number of boosting iterations

1: Initialize D1(j)= 1=m 8j 2 f1;:::;mg

2:for i=1to N

3: hj = BaseLearn(L, Dj) P

4: Calculate the training error of h;: = j““:l Di(j) I(hi(xj)®6y;)
5:if i=0or ;> 1=2

6: SetN =i 1 and abort loop

7: end if

8: Set the weight of hj: w; = log( i) where ;| = 1—|'

9: Update weights of training examples:

P it hi(x) 8 Y
Dina (1) = D';J) 1  otherwise:
10: Normalize, Di+1 (j) = Di+1 (j)= [bey Di+a (9
11: end for
12: The Pnal hyp othesis (weighted majority vote):
Pk (X) = h, (x)= k Wi where P(x) = fpx(x) :k=1;:::;Kg
H(x) = argmaxye k6 k P (X)
13: return ensenble H

3.3 The random subs@mce methd

The Random SubspaceMethod (RSM) is an ensenble learning algorithm pro-
posedby Hol'®l, The diversity is promoted through feature set manipulation instead
oftraining setmanipulation. That is, if the givendata setis represeried by D features,
then d featuresare randomly selectedresulting in a d-dimensionalrandom subspaceof
the original D -dimensional feature space. Then for eadh random subspacea classi er
is constructed. The prediction of the committee for a given sample x is the average
of the N class probability distributions produced by ensenble members P;(x) then

selectthe classwith the maximum probability. (in our study, d= >

4 Co-Training by Committee

The formal description of the CoBC family of SSL algorithms is provided in
Algorithm 4. Given an ensenble learner EnsembleLearn, a baselearner BaseLearn,
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 classiers H© by
applying EnsembleLearn and BaselLearn to the examplesin L. Secondly CoBC
createsa set U° of poolsize examplesdrawn randomly from U without replacemer.
Then the following stepswill be repeated until a maximum number of iterations T
is reached or U® becomesempty. For ead iteration t, CoBC appliesH D to the
examplesin U It is computationally more e cien t to use U instead of using the
whole set U. CoBC estimatesthe con dence of H(t 1 predictions (maximum class
membership probability) then it createsthe set S, which consists of the ny most
con dent examplesassignedto classk. Then S is removed from U° and added to
the labeled training set L. UYis replenished with jSj training exampleschosen at
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random from U without replacemen. Then, CoBC completely discardsH (' 1 and
constructs the committee H (V' 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 alsoresults in classi ers that are usually more accurate, since they
are being totally retrained on the most recert setL.

Algorithm 4. Generalized Co-Training by Committee
Require: L - set of labeled training examples

U - set of unlab eled training examples
T - maximum number of co-training iterations
E nsembleLear n - ensenble learning algorithm
B aselearn - baselearning algorithm
N - number of committee members (ensemble size)
K - number of classes
poolsiz e - number of unlab eled examples in the pool
fPrkgf=1 - prior probabilit y of class k
1. Construct a committee of classi ers,
H©® = EnsembleLearn(L; BaseLearn; N)
2: Create a set U° of poolsiz e examples chosen randomly from U without replacement

3:fort=1t0 T

4: if UY%is empty

5: Set T = t-1 and abort loop

6: end if

7: 8xj 2 UO, measure Conf idence(xj; H(t D;K)

8: Select a subset S as follows: For each classk, selectthe ny / Pry with the highest

conf idence and classlabel is k

9:SetU%=U% SandL=L[ S

10: Replenish U9 with jSj training examples chosen at random from U
11: H() = EnsembleLear n(L; BaseLearn; 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 ensenble 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 unlabeled examplewhich determine
its probability of being selected. An ine ectiv e con dence measurecan lead to se-
lecting mislabeled examplesand adding them to the training set. The con dence
measureusedin this study is showvn in Algorithm 5. The labeling con dence is esti-
mated through consulting the classprobabilit y distribution provided by the committee
H® D 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 ensentle classprobability doesnot
depend on the classprobability distributions of its ensenble menmbers. A potential
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con dence measurecan depend on other methods for combining the classprobability
distributions of the ensenble members.

Algorithm 5. Current implementation of Conf idence(x)

Require:  x - an unlab eled training example
H - a committee of classiers
K - number of classes
1. Apply H to generate class probabilit y distribution for the given x
P(x)=fpk(x) :k=1;:::;Kg
2. Set conf idence = maxyg ke k P (X)
3. Set classlabel = argmaxig kg k P (X)
4. return conf idence and classlabel

5 Why CoBC Should Work

Ensembleerror reduction is the di erence betweenthe averageerror of the ensem-
ble members and the overall ensenble error. Error diversity is the essetial require-
ment to construct an e ectiv e ensenble and it is directly proportional to ensemble
error reductioni?!. Baggingand AdaBoost rely on the available training data for en-
couragingdiversity. Soif the sizeof the training setis small, then the diversity among
the ensenble members will be limited. Consequetly, 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 sizeis small, then averageerror of the
ensenble members will be high. Consequetly, the ensembleerror will be high. On
the other hand, CoBC incrementally adds newly-labeledexamplesto the training set.
Therefore, it canimprovethe diversity amongensenble members constructed by Bag-
ging and AdaBaoost and improve the averageerror of ensenble members constructed
by Bagging AdaBoost and the RSM . This leadsto the rst hypothesis:

Hyp othesis 1: CoBC will outperform Bagging, AdaB oostand the RSM when
the available labeled training setis small.

An ensenble of classi ers is often more accurate than its individual members if
their set of misclassi ed examplesare dierent. Through using a diverse ensenble
creation method, the prediction of classlabels of unlabeled examplesand the measure
of con dence basedon ensenble is more accurate than using a single classi er. If the
ensenble 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
independert 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 worsethan 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 leadsto 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 Methodolagy

An experimental study is conductedto compareCoBC with Bagging, AdaB oost
and the RSM . In all ensenble learners, the C4.5 pruned decision treel?®! was used
as the baseclassi er and the used decision tree induction method is J48 from the
WEKA library 2%, The implementations of Bagging, AdaB oost and the RSM are
also from that library. The parametersof J48, Bagging, AdaB oost and the RSM
werekept astheir default valuesin WEKA unlesswe state a change. The 15 data sets
from UCI Machine Learning repository[*®l usedin this study are described in Table
2. Thesedata setsare not represerted by two su cien t and redundart views.

Table 2 Description of the UCI data sets

Data set K D N total N test jLj jLj juvj
(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
hypothyr oid 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
wdhc 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!®. Since Co-Training requirestwo
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 eadh data setinto two disjoint
subsetswith equal sizesand train two J48 decision trees eat basedon one subset
as a separateview. The nal output results from multiplying the classmembership
probabilities of thesetwo co-trained trees. Self-Training algorithm usesa single J48
decisiontree basedon the original feature set. Each reported result is the average
of performing 5 runs of 4-fold cross-walidation. That is, for eadh data set about 25%
of the Nt data samplesare randomly chosenas test set of size Ns; . The rest of
the data is usedastraining set which is partitioned randomly into two setsL and U
under di erent labeling rates 20%, 40%, 60% and 80%.

For fair comparison,we setthe maximum number of iterations for all SSL meth-
ods to 30 but the methods can terminate earlier if all the unlabeled examplesare
labeled. At ead iteration and for ead classk, the committee selectsfrom U° the ny
most con dent examplesand addsthem to L whereny = 3 and poolsize = 100.
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6.2 Results

Tables 3 and 4 presen the performance of the supervised baselearner and en-
senble learners when trained on the full training set (L [ U). Tables5, 6 and 7
presert the test error rates of the models at iteration O (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 (besf, and the relative improve-
ment percert (improv = Mtal__besty  Note that the learning curve is sometimes
non-monotonic, which meansthat the best iteration is not necessarythe last itera-
tion. For eadh data set, the lowest error rate and the highest improvemert achieved
are bold faced. The averagedresults in thesetables verify the hypothesesmentioned
in Section5. That is, the performanceof the best committees constructed by CoBag,
CoAdaBoost and CoRSM e ectiv ely outperform the initial ensenbles constructed
by Bagging, AdaB oost and RSM under di erent labeling rates and ensentble 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 J48, Bagging, AdaB oost and RSM , using 100% labeling rate and
committees of size 3

Data set J48 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)
hypothyr oid 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 erent parameter
settings basedon the 15 UCI data sets. The entry a(i,j) indicatesthe number of data
sets at which the method of the column(j) outperforms the method of the row(i).
The number in the parenthesis shovs how many of these data setsthe di erence is
statistically signi cant at 0.05 level of signi cance using corrected paired t-test!29,

Interestingly, we nd that for many data setssupervised ensembldearners B agging,,
AdaB oost and RSM , using labeled data only, outperform semi-sugervised learners
Self-Training and Co-Training, that exploit the unlabeled data, and the number of
thesedata setsincreasesasthe ensenble sizeincreases.For example,from Table 8(a)
and Table 8(b), Boosted ensembleof size3 outperforms Self-Training and Co-Training
in 4 and 5 data sets, respectively, comparedto 8 and 6 data sets, respectively, for
Boosted ensembleof size 10. This emphasizesthe claim that ensenble learning can
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be a good solution to improve the performancewhen the amourt of labeled data is
limited evenif the unlabeled data is unused.

The error of CORSM is not satisfactory comparedto CoBag and CoAdaBoost.
This poor performanceis attributed to constructing small-sizedensenblesusingRSM .
This results emphasizeghe conclusionsin Ref.[15]which statesthat RSM does not
work well and is outperformed by B agging and AdaB oost when the ensenble sizeis
small. In RSM ead classi er is trained basedon a random feature subset, therefore
using a small number of classi ers increaseghe possibility of neglectingsomefeatures.

That means,it leadsto lossof somediscriminating information.
Table 4 Test error rates of J48, Bagging, AdaB oost and RSM , using 100% labeling rate and
committees of size 10

Data set J4a8 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)
hypothyr oid 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)
wdhbc 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 betweenthe number of data sets
for which it signi cantly outperforms the others (W) and the number of data sets
for which it signi cantly underperforms the others (L). Table 9(a) shaows 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 ead of them
against Self-Training and Co-Training with random feature split.

7.2 Inuenc e of lakeld training set size

From Tables9(a) and 9(b), we can obsenethe in uence of increasingthe labeling
rate from 20% to 40% while keepingthe 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 incremert for CoBC variants is at the expenses
of the ranks of Self-Training and Co-Training that decreasesseeTable 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 sewen
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data setsversusdi erent labeling rates using committees of size 10. For all labeling
rates, one or 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
J48 B A R ST CT CB CA CR
J48 - 10(0)  8(0) 7(0) | 15(0) 9(2) 15(6) 13(6) 7(0)
Bagging (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) -
Co-Training (CT) 6(1) 5(@1) 5(1) 4(0) 8(1) -
CoBag (CB) 0(0) 0 1(0) 0(0) | 0©0)  3(0) -
CoAdaBoost (CA) | 1(0) 0(0) 0@©) 0() | 2(0) 3(1) 10(0) -
CoRSM (CR) 8(4) 8(5) 9(4) 0(0) | 10(5) 11(4) 14(7) 13(8)
no:of Wins 35 44 46 19 73 64 110 100 a7
Sig: (100 (11) (9) 0) | 12) (14 (33) (39) (1)

7(1)  15(2) 12(3)  5(0)
12(4)  12(4)  42)
50) 10
2(0)

(b) 20%-10

Supervised learners Semi-Supervised learners
J48 B A R ST CT CB CA CR
J48 - 13(0) 10(3) 8(1) | 15(0)  9(2) 15(8) 15(7) 12(3)
Bagging (B) 2(0) 7(0)  4(0) 4(0) 8(1) 15(2) 15(6)  8(0)

AdaB oost (A) 5(0)  7(0) - 7000 | 7000 o) 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-Training (CT) | 6(1) 7(2) 6(3) 3(1) | 8Q) - 123) 12(5) 10(1)
CoBag (CB) 0(0) 0(0) 2(0) 00) | 00)  3(0) - 7(2)  3(0)
CoAdaB oost (CA) | 00) 0(0) 0©) 0@©) | 00) 3(0) 7(0) -
CoRSM (CR) 3(1)  7(1) 73 00) | 81Q) 51) 12(4) 13(5)

2(0)

no:of Wins 22 56 48 26 52 56 104 107 65
Sig: (3) 4 (13) @ 3 (8) (32) (44) (6)
(c) 40%-3
Supervised learners Semi-Supervised learners
J48 B A R ST CT CB CA CR
J48 11(0) 8(1) 6(0) | 15(0) 10(2) 15(11) 13(7) 6(1)

Bagging (B) 4(0) - 50) 2(0) | 11(0) 10(1) 15(7) 13(5) 6(0)
AdaB oost (A) 7(0)  10(0) - 300 | 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-Training (CT) | 5(1) 5@3) 5(2) 2(0) | 8@3) - 12(4) 11(3) 5(0)
CoBag (CB) 00) 0@©) 00) 00) | 00)  3(1) - 6(0)  0(0)
CoAdaBoost (CA) | 2(0) 2(0) 0©) 0@©) | 30) 40)  8(0) - 1(0)
CoRSM (CR) 9(4) 9(5) 9(4) 0(0) | 106) 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
J48 B A R ST CT CB CA CR
J48 - 15(1) 10(2) 9(0) | 15(0) 10(2) 15(10) 15(10) 10(3)
Bagging (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-Training (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) 00 | 7(8) 6(1) 13(5) 12(5) -

no:of Wins 21 60 46 25 54 56 103 109 63
Sig: 4 9) (150 (@ | (10 (8) (39) (54) (12)

Table 9 Dominance ranking using the signi can t dierences (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 ' 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. Inuence of changing training set size on test error for sewen data sets
using committees of size 10 (x-axis = labeling rate, y-axis = ensemble error

7.3 Inuenc e of ensemblesize

From Table 9(a) and 9(b), we can concludethe in uence of increasingthe com-
mittees sizefrom 3to 10 while keepinglabeling rates (LR) xed. The dominancerank
of CoAdaBoostincreasesrom 39to 53 (under LR =40%) at the expensesof both Self-
Training that decreasedrom 9 to -5 and Co-Training that decreasedrom -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 increasingthe
ensenble 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
usefulif they have uncorrelated classi cation errors which is called the diversity of the
ensenble. In the literature, there are several measuresof ensenble diversity[?8! that
are usedto prove that increasingdiversity while maintaining the averageaccuracy of
ensenble members, should increaseensenble accuracy?®!.

In this study, the Kappa agreement measure is usedas a pairwise diversity mea-
sure and the Kappa-Error diagram introduced in Ref.[31]is drawn as a way to vi-
sualizethe in uence of CoBC on the relationship between diversity-accuracy of the
constructed ensenbles. Kappa measureghe level of agreemen betweentwo classi ers
decisionsand considersthe agreemem by chance. It is de ned asfollows: Given two
classi ers h; and h,, K classesand m examples,we can de ne a coincidencematrix
C whereelemert Cj; represerts the number of examplesthat are assignedby the rst
classi er to classi and by the secondclassi er to class;j .

Then, the agreemen measure is de ned as follows:

=1 2 (1.1)
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where 0 10 1
= S g L= @ Sia@ Gia (1.2)
=g M izt g M jzr M
If hy and h, are identical, only the main diagonal of M will contain non-zero
elemens ( ;=1) and = 1. If hy and h, are totally dierent, their agreemen ( 1)
will be the same as the agreemen by chance( ;) and = 0. If hy and h, are
negatively dependert, then < 0 and when one classi er is wrong, the other has

more than random chance of being correct.

The x-axis of the Kappa-error diagram represerts the ;; betweentwo ensem-
ble members h; and h; while the y-axis represeits the averageerror E;j = E”ZEj .

Therefore, an ensenble of N members has a cloud of w 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;; indicate better accuracy the most
desirablecloud will lie in the bottom left corner.

Figure 2 shaws only the certroids of the clouds of Kappa-error dots of di erent
ensenbles in the same plot for ead 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 dierent ensenbles. The axes of the plots
are rescaledin order to make the relative positions of clouds clearly visible. The
unlled shape represers the initial ensemblebefore SSL while the corresponding
lled onerepreserts the best ensembleafter SSL. From these plots, we can obsene
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.

[ A A A
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A A
X A
(R 4
X m]
a - X ¢ X < 0
* [
[ = = *
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A A A m CoBag
A AdaBoost
0’ N Y A CoAdaBoos
™ 4 CoRSM
X O Bagging
A AdaBoost
u! = o ©RSM
u * C e m L] X Co-Training
segment hepatitis vote

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 jj , y-axis = average of Ej; )
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Figure 3 shows the trade-o betweenensemblediversity and ensembleaccuracy.
We have the following obsenations:

At most cases,the certroids of Co-Training lie above the certroids of CoBag,
CoRSM and CoAdaBoost and below the certroids of Bagging, RSM and
AdaB oost.

At most casesthe certroids of CoAdaBoost, CoBag and CoRSM are located
to the right and below the certroids for AdaB oost, Bagging and RSM respec-
tively. That is, CoBC improvesthe accuracyat the expenseof the diversity that
is slightly reduceddue to knowledge exchange betweencommittee members.

CoAdaBoost is more diversethan CoBag and CoRSM as AdaB oost is more
diversethan Bagging and RSM .

TN A O A
X o A o
* ] X [m]
* [ ] o
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P'S ]
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n A m A X .
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X <& RSM
A A ] A a X Co-Training
segment hepatitis vote

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

Table 10 shows the test set averageerrors of the ensenble members and error
redution of ensenlesconstructed by Co-Training and di erent CoBC variants. From
this table the following can be obsened:

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

The committee constructed by CoAdaB oost achievesthe highest ensembleerror
reduction. This shavs why CoAdaB oost outperforms Co-Training although the
averageerror of committee members constructed by CoAdaBoost is higher than
that of Co-Training.

8 Application to Visual Object Recognition

The recognition of 3-D objects from 2-D cameraimagesis one of the most im-
portant goalsin 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 datasetis a set of object imagesobtained from Columbia Object
Image Library 2 (seeFig.4). The dataset contains the imagesof 20 di erent objects,
for eadh object 72 training samplesare available. Colour histogram is extracted from
ead image and then it is used as input feature vector for classi cation (V1). Then,
ead image was divided into 2 2 overlapped sub-images. An orientation histogram
utilising Sobel edgedetection is extracted from ead sub-image. The four histograms
are concatenatedtogether to form another feature vector (V).

Figure 4. COIL 20

8.2 Fruits dataset

The fruits imagesdata set, collected at the University of Ulm, consistsof sewven
di erent objects with 120 imagesper object®? (seeFig.5). Colour histogram is ex-
tracted from ead 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 eadt sub-image. The 4
histograms are concatenatedtogether to form another feature vector (V).

8.3 Handwritten digits dataset

The handwritten STATLOG digits data set®? consistsof 10,000images (1,000
imagesper class)and ead image is represerted by a 16 16 matrix containing the
8-bit grey values of eact pixel (seeFig.6). In our study we used only 200 images
per classto save computation time. Each sampleis represerted by a 40-dim vector
results from reshapingthe 16 16image matrix into 256-dim vector then performing
dimensionality reduction using PCA and projecting the 256-dim vector onto the top
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40 principal componerts (V1). Then, eadr imagewasdivided into 2 2 overlappedsub-
images. An orientation histogram is extracted from ead sub-image. The 4 histograms
are concatenatedtogether to form another feature vector (V).

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. J48
decisiontree and k nearestneighbor classi er are usedas baselearners. To estimate
the error, 5 runs of 4-fold crossvalidation have beenperformed. That is, for ead data
setabout 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 usedfor comparisonto the other single-
view SSL methods. For Single-View Co-Training, we randomly divide the original
feature set of eadh data set into two disjoint subsetswith equal sizesand train a
classi er based on eadh subset as a separateview. The nal output results from
averaging the class probability estimates of these two co-trained classi ers. Self-
Training algorithm usesa single classi er basedon the original feature set.

For fair comparison,we setthe 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 = 100and ny = 3 for all SSL methods except
for Two-View Co-Training and Single-View Co-Training wheren, = 1.

8.5 Results

Table 11 presens the performance of the supervised baselearner and ensenble
learnerswhentrained on the full training set(L [ U). This represerts the lower bound
of the test error. Note that the bullet/circle mark indicates that the corresponding
classi er signi cantly 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 J48 decision tree without Laplace Correction

Data set J48 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 presens 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 improvemert, that is
impr oy = nta__best " Tapje 12 shaws that on the three image classi cation tasks,
dierent CoBC variants can e ectiv ely exploit the unlabeled data to improve the
learning performance. For CoAdaBoost, when J48 decision tree is used as base
learner, the improvemert of the best model constructed by AdaBoost is 16.37%,
20.55%and 11.48%,respectively. While when 5-NN classi er is usedas baselearner,
the improvemen is 8.03%, 14.08%and 34.34%. For CoBag, when J 48 decisiontree
classi ers are used, the improvemert of the best model constructed by Bagging is
3.93%, 11.32%and 1.60%, respectively. While when 5-N N classi ers are used, the
improvemert is 8.03%, 15.26%and 35.31%.

Table 12 also shows that the improvemen of CoBC variants in most of the
casesis higher than that of Self-Training, Single-View Co-Training and Two-View
Co-Training. Through observing Table 12(a), onecan nd that the initial ensenbles
of 10 (unstable) J 48 decisiontrees constructed by B agging, AdaB oost and the RSM
perform better than the initial single J48 decision tree before SSL process. As a
consequencethe best ensenbles of trees constructed by Bagging, 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 ensentbles peform better than the initial ensenbleswhich 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 V). In addition, CoBC variants can outperform Single-View Co-Training
which emphasizesHypothesis 3.

By observing Table 12(b) where (stable) 5-nearestneighbors (NN) classi er is
used, one can nd that the ensenbles of 10 (stable) NN classi ers constructed by
Bagging, AdaBoost and RSM failed to outperform a single NN classi er. Bay!®l
gave the reasonsof the failure of AdaBoost (1) AdaB oost stops when a classi er
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has zerotraining error, and this always happensfor the NN 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 Bagging with NN classi er to the fact that Bagging aims
to reducethe variance of its underlying classi er while the variance of the stable NN
classier is already low so it is dicult to reduceit more. Investigating the best
ensenble method to construct an e ectiv e ensenble of NN classi ers is beyond the
scope of this study but this shows the need for a generalizedensenble-basedSSL
framework that can be applied on any ensenble method.

9 Conclusions

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

Empirical results demonstrate that an ensenble of accurate and diverse classi-
ers can be usede ectiv ely to label unlabeled data.

CoBC can mitigate the degradation of a model performancewhen the training
set sizeis small. That is, CoBC outperform Bagging, AdaBoost 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 canresult 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 ensenbles.

Interestingly CoAdaBoost achieves a performance comparableto CoBag and
outperforms CoRSM although AdaB oost is sensitive to the scarceof training
data and to the mislakeling noise

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

CoBC is ageneralizedframework that canmaintain the diversity of an ensenble
constructed by any ensenble learner during the SSL process.Co-Forest places
more constraints on the usedensenble learner and can hurt the diversity of the
underlying ensenblel.
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There is no SSL method that is the best for all real-world data sets. Because
labeled data is scarceand there is no guarantee that unlabeled data will always
help, eadh SSL method has strong model assumptions. One should use the
method whose assumptions match the given problem structure. For instance,
the following chedklist was proposedin 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 statemert to the above mentioned chedlist: If the
featuresare not naturally divided into more than one set and ensenble learning
can be used, then Co-Forestis a good choice if the used ensenble learner does
not depend on the training setto enforcethe diversity and CoBC may be more
practical for application with any ensenble learner.

10 Future Work

There are many interesting directions for future work. Firstly, we plan to perform
additional empirical studies using real data from seweral application areas without
two views. Also as CoBC is general,we plan to evaluate CoBC using other ensentle
learnersand other baselearnerssuch as M LP , Naive Bayesand RBF 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 ensenbles rather
than just the previous one. This change can leadsto smaothing the learning curve
and to increasethe robustnessto mislabeling noise (SmathedCoBC).

Finally, in the current CoBC implementation, when new data becomesavailable
at ead iteration, the previous committee is discardedand a new oneis trained from
scratch with the new training set. This leadsto 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 ensenble learnersand baselearnersare integrated (OnlineCoBC).
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