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Abstract. Semi-Supervised Learning is one of the most popular and
emerging issues in Machine Learning. Since it is very costly to label
large amounts of data, it is useful to use data sets without labels. For
doing that, normally we uses Semi-Supervised Learning to improve the
performance or efficiency of the classification algorithms.

This paper intends to use the techniques of Semi-Supervised Learning
to boost the performance of the Robust Alternating AdaBoost algorithm.

We introduce the algorithm RADA+ and compare it with RADA, re-
porting the performance results using synthetic and real data sets, the
latter obtained from a benchmark site.

Keywords: Semi-Supervised Learning, Expectation Maximization, Ma-
chine ensembles, Robust Alternating AdaBoost.

1 Introduction

In supervised learning, classification tasks require training data with a class label.
However, there are many real problems where the existence of labeled data is
scarce and unlabeled data is abundant, either due to its cost or because it is
difficult to obtain it (i.e. classification of text and web pages, processing medical
imaging, diagnosis of industrial processes, speech recognition, protein structures,
etc.). For this reason, it is necessary to build classifiers that work with a small
amount of labeled data and a large amount of unlabeled data so they can learn
from both. The main idea behind the algorithm RADA [I] (acronym for Robust
Alternating AdaBoost) is to alternate the use of classical and inverse AdaBoost
in order to lessen the impact of data outliers in the final classification.

In this paper we propose a generalization of the algorithm RADA for use in
Semi-Supervised learning problems. Basically, the aim is to make use of the ro-
bust properties of the algorithm and extend it to take advantage of unlabeled
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data to train the weak classifiers. In Section 2 we briefly introduce the algo-
rithm RADA. Section 3 presents the analysis of the generalization of RADA to
Semi-Supervised classification. In Section 4 we present the proposed algorithm
RADA+. Experimental results are presented with both synthetic data and real
data in Section 5. The last section is devoted to concluding remarks.

2 Robust Alternating AdaBoost

RADA is an acronym for Robust Alternating AdaBoost. As its name suggests,
this algorithm combines the power of classical and inverse AdaBoost to reduce
the impact of data outliers in training samples. The RADA algorithm bounds the
influence of the outliers to the empirical distribution, it detects and diminishes
the empirical probability of ”"bad” examples, and it performs a more accurate
classification under contaminated data.

RADA computes the relative weight of each instance in the training set using
a different equation. Originally AdaBoost obtains the relative weight as follows:
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RADA uses a robustified equation of ay for smoothing the impact of an outlier
data:
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where o, = ; In (1;7) — ; \T/ln (1;7> is a constant needed so that equation (2])
is continuous.

Applying the previous equation will prevent the empiric distribution from
growing considerably in one step for any sample. However, the empirical dis-
tribution is updated at each stage, and after a few iterations the probability
weight of the samples that were misclassified repeatedly, will have bigger values
compared to other samples. To solve this problem, Allende-Cid et al. [I] intro-
duces two new variables to the algorithm: an inverting variable 3(i) and an age
variable age(i) for each example i = 1...n.

When the variable (i) value is 1, the algorithm behaves as the classical
AdaBoost, i.e., the empirical distribution increases when a sample is misclassified
and decreases the value otherwise. If the value of 3(i) = —1, then the algorithm
behaves like the Inverse AdaBoost, i.e., decreases the empirical distribution when
a sample is misclassified and increases it otherwise. The variable age(i) counts
the number of times a sample i has been misclassified, if the number exceeds a
threshold 7 then the value of 3(7) is changed to —1 (originally the value of 3(7)
for all samples is 1).
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3 RADA Semi-supervised Generalization

The algorithm RADA compares the actual values of the class versus the value
estimated by the ensemble to update the sampling distribution. Thus those in-
stances that have been difficult to classify, i.e., the classification of the weak
classifier differs from the actual class, will have a bigger probability to be se-
lected in the training set on the next iteration. One of the main problems that
arise from the method presented is that an unlabeled data has no “real” class
to compare it with.

RADA algorithm defines the margin of an instance obtained in the i-th iter-
ation by the equation

arB(i)yihr(z;) (3)

The problem, therefore, lies in defining the margin for an unlabeled data. To
solve this problem, we take advantage of the cluster and manifold assumptions
[5]. This seeks to improve the margin of classification (equivalent to minimize
the error of the ensemble) through the selection of unlabeled data with a higher
confidence rating, and assigns the class predicted by the current classifier.

To allow the same margin to be used for both labeled and unlabeled data,
we use the same definition of pseudo-class as [4]. A subset of labeled data
in addition to a group of unlabeled data and their pseudo-class, are used for
training the weak classifier in the next iteration. This same strategy is used
by algorithms such as ASSEMBLER [4], Self-Training [I0] and Semisupervised
MarginBoost [6].

First we find a mechanism to define the margin of an unlabeled data. For that
we use the same function used in RADA, defining the base classifier as hp(z) :
IR — {—1,1} where hp is the T-th classifier in the ensemble. The set of training
labeled data, L, is n-dimensional type of x1, 2, . . . z,, with their respective classes
{—1,1}. The classifier of the ensemble Hr(z) is a linear combination of classifiers
in step T

T
Hyp(x) = sign (Z atht(x)> (4)
t=1

where oy is the equivalent weight in the algorithm RADA.

Now when adding a unlabeled data set, U, a margin associated with these
data must be defined (as in the case of labeled examples). However, there is no
knowledge of the true value of the class of the data, so following [GISISITI] we
define the margin for an unlabeled data x; as

|hr(;)| ()

since the above expression is an absolute value, one can apply a mathematical
simplification to represent this term

yihr (i) (6)
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This allows to generalize the concept for both labeled and unlabeled data. If z;
is a labeled data, then y; is the known class, on the contrary, if z; is a unlabeled
data, then y; represents the pseudo-class (as defined above).

Once the problems of the margin were solved, we used the framework
Expectation-Maximization (EM) [9]. EM is a popular iterative algorithm for
maximum likelihood estimation in problems with unlabeled data. It consists two
steps: the Expectation step and the Maximization step. The first step consists in
classifying the unlabeled data based on the current hypothesis. Then the Max-
imization step re-estimates the parameters based on all the data (labeled and
unlabeled with a pseudo-class). This leads to the next iteration of the algorithm,
and so on. It has been proved that EM converge to a local minimum when the
model parameters stabilize [9].

4 Semi-supervised Robust Alternating AdaBoost

In this section we present the proposed algorithm Semi-Supervised Robust Alter-
nating AdaBoost (RADA+). The main idea of this proposal is to add unlabeled
data, after a certain number of training epochs j, to the training data set in
order to enhance the overall performance of the algorithm.

The developed framework is the following: At first we will take the labeled
data and will train a non-ensemble based supervised classifier with it (in this
particular case we took the SVM algorithm and trained it with the labeled data).
After a number of j training epochs we compare the result of the H; classifier
with the SVM algorithm. If the result obtained from both of the classifiers is
the same, we add these data examples to the training data set, hopefully to
enrich the training phase of the algorithm. From the j + 1 iteration on we use an
EM approach to update the classification of the unlabeled data with the strong
classifier H;;. The fundamentals behind our approach is to prove the impact
of the strong classifier H; on the weak classifiers. For this reason we propose to
add the unlabeled data to the training data set in an iteration where the strong
classifier is robust enough so as not to affect the final classification.

The parameters are defined in the following way:

Dj(zy) = max D;(z), age(i) =0, (i) =1

D;(zy) is the initial weight of the unlabeled data examples when they are added
to the training data set. We chose the maximum because we think that it is
important that these examples are chosen when the resampling is made.

Algorithm [] shows our proposed Semi-Supervised Alternating AdaBoost al-
gorithm.

5 Experimental Results

In this section we empirically show the performance of our Semi-Supervised
RADA (RADA+) model proposal compared to the RADA algorithm, for both
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Algorithm 1. RADA+ Algorithm

1:

© PP

24:

30:
31:
32:
33:

Training Data Set £ = {(x1,91),...,(®n;,yn;)} with n; elements, where z; € X
and y; € Y = {-1,+1}

2: Unlabeled Data Set U = {Zn;+1,...,Tn,+n, } With n, elements, where z; € X
3:
4

: Train the non-ensemble based classifier with the training data set. Then perform

Choose: T age threshold, ~ limit threshold, the robust parameter r» and t = 0.

a classification of the unlabeled data U with the classifier and assign them the
corresponding pseudo-class y.

: Di(i) = nll , B(1) = 1 and assign the age(i) = 0 variable to each sample (z;,v;), i =

1,...,nn,

. repeat

Increment t by one.

Select a bootstrap sample Z; from Z with distribution Dy.

Construct hy : X — {—1,+1} classifier using the bootstrapped sample Z; as the
training set.

Calculate the ensemble error in step t:

et = if’gt he (@) #yil= Y. Di(i)

iht (24) 7Y

Calculate oy as in ().
if ¢t = j then
Classify the unlabeled data U with Hy_1.
if Hi—1(zy) = y(z4) then
Add z,, to the training set Z
Set the distribution Dj(zy) = maxycz Dj(x), age(xy) = 0 and B(zy) =1
end if
end if
if t > j + 1 then
Classify the unlabeled data that entered in the iteration j with Hy¢_1
Update the pseudo-class
end if
Update distribution

Da(i yyehe
Dy Dysr = vtv(:) w o(—atByihi ()

where Wy = 3~ D¢(i)
Final hypothesis H; in iteration t is given by:

t
H; = sign (Z akhk(x)>

k=1

Classify Z = (z1,y1), ..., (Tn,yn) with Hg
if Sample (z;,y;) was correctly classified by H; (meaning that Hyy; > 0) then
age(i) =0y B(i) =1
else
Increment age(i) by one
If age(i) > 7 then (i) = —1 and age(i) =0
end if
until Stopping criterion is met
Output: hypothesis H¢(z)
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Synthetic and Real data sets; the latter was obtained from the UCI Machine
Learning Repository [2].

The data of both synthetic and real data sets were separated in labeled,
unlabeled and test sets. The results reported for each model correspond to
the mean value of the computed metrics, over 20 runs, using the same data
sets.

For the synthetic data we used the following proportion labeled /unabeled
data: 1%, 5% and 10%. For the real data sets, we used the following propor-
tion labeled/unlabeled data: 5%, 10% and 20%. The difference lies on the data
sets sizes, for the synthetic sets the total amount of data analyzed was 15000 in-
stances, instead for the real data sets the amount of total data was approximately
5000 instances. The classifier used in the algorithms is the Bayesian Classifier
(QDA) (see [7]). The non-ensemble based clasifier used to determine whether
to add unlabeled data to the test set or not, was a Soft-margin Support Vector
Machine with a Sequential Minimal Optimization method to find the separating
hyperplane.

For the synthetic experiment we created a synthetic data set {(z;,y;)}",, as
an independent sample obtained from a mixture of gaussian distributions labeled
with the class {—1, 1}. For more information on the details of the synthetic data
sets, please refer to [IJ.

Table 1 shows the summary results of the performance evaluation on the
synthetic data of the RADA and RADA+ algorithms, with 1%, 5% and 10%
labeled data. As we can observe in the Test Error column, RADA and RADA+
have very similar behavior specially for the presence of a low percentage of
labeled data. However, this radically changes when the amount of labeled data
increases, i.e. 10%. Nevertheless RADA+ obtained good results in the training
set, mainly because of the EM framework.

Table 1. Summary results of the performance evaluation of the RADA and RADA+
algorithms with 5% and 10% outliers

Labeled Algorithm Outliers T Train Error Train Min. Test Error Test Min.

RADA 5%  33.83 23.87 + 10.44 1519 25.72 £ 948 17.45
RADA+ 5% 15.8 7.56 + 11.52 0.42 25.88 + 4.52 20.14
1% RADA 10% 32.1 26.71 £ 7.79 16.36 26.21 + 7.12 16.81
RADA+ 10% 13.7 8.04 + 12.28 0.50 25.69 £ 4.05 18.63
RADA 5%  25.7 25.58 + 1.55 24.16 25.56 + 1.47 24.11
5% RADA+ 5% 202 9.06 + 10.49 2.36 24.52 +£1.72 2225
RADA 10% 15.1 23.36 + 0.84 22.65 23.87 =083 23.14
RADA+ 10% 14.6 8.60 + 9.81 2.28 25.07 + 1.83 22.31
RADA 5% 14.1 25.46 £ 1.16 24.08 2542 +1.14 24.07
10% RADA+ 5% 2.6 11.65 £ 8.20 3.52 39.84 £ 11.75  24.37
RADA 10%  16.7 23.25 + 0.95 22.26  23.36 = 0.87 2247

RADA+ 10% 6.7 11.24 + 7.81 3.63 36.03 £ 11.01 22.81
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Table 2. Summary results of the performance evaluation of the RADA and RADA+
algorithms with real data sets

Data sets % Labeled Algorithm T Train Error Train Min. Test Error Test Min.
RADA 30.9 7.75 + 6.22 0.73 9.55 + 5.86 2.89

5% RADA+ 16.2 0.67 + 1.04 0.07 3.24 £0.38 291

Page 10% RADA 22.6 8.50 &+ 8.52 1.69 9.72 £ 8.41 3.03
Blocks RADA+ 22.40.90 + 1.17 0.22 3.48 £0.53 3.08
20% RADA 20.5 8.57 £ 1.96 7.11 7.90 + 1.83 6.61

RADA+ 29.3 3.46 + 4.35 0.95 493 £3.14 296

5% RADA 9.2 0.35 £ 1.34 0.00 11.29 + 0.44  10.23

RADA+ 24.5 0.40 £+ 1.55 0.00 10.73 £ 0.55 9.99

Wave 10% RADA 2.5 0.99 £ 217 0.13 12.77 £ 0.79  10.53
Forms RADA+ 19.3 1.00 &+ 2.15 0.02 11.21 £ 0.62 10.30
20% RADA 5.4 3.39 £ 2.73 1.42 11.09 + 0.43  10.05

RADA+ 30.0 2.69 + 3.09 0.71 10.26 £ 0.49  9.62

We tested two real data sets: Page Blocks and Wave Forms. In these data sets
we changed the number of classes, mainly because both data sets had more than
two. Table 2 shows the summary results of the performance evaluation on these
real data sets of the RADA and RADA+ algorithms.

We must note that as the training information decreases, the performance gap
between the proposed algorithm RADA+ and RADA becomes larger. Note that
the difference in the training error is quite noticeable. This is due to the use of
the framework EM in the algorithm, specially when the labeled data is scarce,
which is the same result obtained for the synthetic data sets. In the 7' column,
we observe a different behavior regarding the results obtained for the synthetic
data sets. The number of iterations is always for the RADA+ algorithm than for
RADA, however the minimum test error is lower, wish indicates that RADA+
reaches a smaller error.

6 Concluding Remarks

The results were mixed, mainly because of the difference in the data sets used
in experiments. In the real data sets, RADA+ outperforms RADA in both of
the data sets, however the results obtained in the Page Blocks experiments were
better than the ones obtained in Wave Forms. In the synthetic data set the
performance of RADA+ was only slightly better than the one obtained with
RADA, but still there was an improvement.

It is important to analyze the effect of the algorithm Support Vector Machine
(SVM) in the proposal. The SVM is an algorithm widely used in classification
tasks, unfortunately it has a bad performance in the presence of data outliers.
Thus, the use of SVM in this proposal is beneficial for noiseless data, but for
noisy data it is rather harmful. This behavior is observed in the synthetic data
sets, where the results obtained where not as good as the ones obtained in the
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real data sets. This leaves open the opportunity to explore the use of differ-
ent supervised algorithms with the proposed RADA+. It is also likely that the
semi-supervised learning paradigm suffers from outliers. Since it tries to use dis-
tributional information from the unlabeled data, if the data contains outliers
that discovered distributional information might be misleading. Further studies
are needed to prove these conclusions.

This paper does not intend to corroborate the robustness properties of the
algorithm RADA, but rather use the concepts of Semi-Supervised Learning to
improve performance of the algorithm with large amounts of unlabeled data.
The experimental results proved that the performance of the RADA+ algorithm
is better than the one for RADA under those conditions.
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