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As shown in Figure 1, homothetic transformation relates two
similar geometric shapes in such a way that it preserves the
angles and orientations of the shapes with respect to a
homothetic center.

Abstract
Semi-supervised learning is based on the cluster and manifold
assumption. However, it is difficult to verify if the
assumptions hold with a limited number of data samples.We
present a homothetic transformation-based method that maps
the input data to a more compact form in such a way that the
two assumptions are strengthened. Using the benchmark data,
we have empirically shown this transform guarantees high
performance of the semi-supervised learning.

In the figure, suppose that the distribution range of a certain
class data is represented as figure P.
Then, with an appropriately computed homothetic center O, a
large area of P is mapped to a smaller area of Q. When the
transformation is applied to each class by taking its centroid
of the points belonging to the class as a homothetic center, the
data samples with high similarity tend to form high density
regions while decision hyperplane tend to pass low density
regions between different classes.
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Homothetic Transformation, Feedforward Neural Networks,
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We used the Multilayer Feedforward Network (MLFN) to
implement the homothetic transformation.

INTRODUCTION
With large volume of unlabeled data available, semisupervised learning (SSL) becomes an attractive approach for
improving generalization and classification performance of
supervised learners [1, 2]. In addition to labeled data, SSL
utilizes unlabeled data which requires less effort and gives
higher performance gain. SSL is based on the cluster and
manifold assumption. Cluster assumption states that data
belonging to the same class are located closely so that cluster
boundary passes through low density region [3, 4]. Manifold
assumption is based on the fact that data lie on a low
dimensional manifold of the input space [5, 6]. Some authors
argued that the manifold assumption alone is not sufficient to
reduce the error bound of supervised learning [7, 8], and the
manifold-based semi-supervised approaches performs better
than supervised approaches only for certain learning problems
with relatively few unlabeled samples [6]. On the other hand,
cluster assumption plays a key role in successful semisupervised learning, and many inductive learning algorithms
are developed on the basis of cluster assumption [9, 10].
However, it is difficult to verify if the cluster assumption
holds with a limited number of samples [7].

MLFN has been widely used for many applications and
demonstrated its strength in classification and regression [11].
In spite of its strength in machine learning applications,
MLFN has rarely been used for the semi-supervised learning
except a number of studies [12-14]. One of the most
interesting aspects of MLFN related with this study is that the
neurons in the hidden layer encode the information of the
input data in such a way that the hyperplanes formed by the
connection weights determine decision boundaries between
different classes. Specifically, we first use the Sammon
mapping to compute an optimal homothetic center for each
class, and train an MLFN with the targets using the centers.
Once train is done, the hidden neurons take the values inside
of Q for the corresponding input values of P in Figure 1.
Using the cluster validating method, we will empirically show
that this kind of transformation is realized by an MLFN. Other
advantageous point of using MLFN is that we can also
achieve dimension-reduction of high-dimensional input data.
This article is organized as follows: We present the
background knowledge and methodologies in Section 2. The
results from the experiments relating cluster validating
measures and the semi-supervised algorithms will be
presented in Section 3. Then conclusion follows.

In this study, we present a homothetic transform-based SSL
method which transforms the input data space to a lowdimensional space in which the input data are represented as
more compact distribution than in the original input space. As
a consequence of the transformation, the input data can be
mapped to the one in which the compact cluster property is
secured. Even with the data which already satisfies one or
both of the two assumptions, the homothetic transformation
strengthens the assumptions, and hence subsequent semisupervised learning performs better.

METHODS
Homothetic transformation
Homothetic transformation (HT) is an affine space
transformation [15], 𝑓: 𝑃 → 𝑂 + 𝜆 ∙ ̅̅̅̅
𝑃𝑂 , where P is a point
that is projected to a homothetic center O along a line segment
̅̅̅̅
𝑃𝑂 connecting P and O with a nonzero scale factor λ. Given a
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value of λ, HT maps a point P to another point Q = O + 𝜆 ∙ ̅̅̅̅
𝑃𝑂
in such a way that the line segment ̅̅̅̅
𝑄𝑂 is on the same line as
̅̅̅̅
𝑃𝑂 as shown in Fig. 1.

Homothetic transformation by a neural network
Multilayer Feedforward Neural Networks (MLFN) has been
extensively used as a classifier or a predictor for a wide range
of applications. An MLFN with a number of hidden layers can
be trained as a universal approximator that is capable of
approximating any measurable function to any desirable
degree of accuracy [16]. MLFN has a typical structure
consisting of input layer, one or more hidden layers, and
output layer, as depicted on the left of Fig. 3.
The activation level 𝑦𝑗 of each neuron in the hidden layer,
before applying a squashing function, is computed as the sum
of the inputs 𝑥𝑖 multiplied by weights𝑤𝑗𝑖 connecting 𝑥𝑖 and
𝑦𝑗 ,

Figure 1. Homothetic transformation preserves the angles and
orientations of two similar geometric shapes with respect to a
homothetic center O.

𝑦𝑗 = ∑𝑛𝑖=1 𝑤𝑗𝑖 𝑥𝑖 + 𝜃𝑗

(1)

Eq. (2) is of a linear form so it determines a hyperplane in the
input space. Actually, a neuron in the first hidden layer
computes a linear separation of the input space into two
regions along a certain orientation determined by weight
coefficients 𝑤𝑗𝑖 [17]. Combining these hyperplanes
appropriately, an ANN can compute the cluster boundaries in
Fig. 2.

In this paper, we just borrow the fundamental concept of
homothetic transformation, instead of realizing its rigorous
mathematical definition, and call our implementation
homothetic-like transformation (HLT). Most notable
difference of HLT from the conventional HT is that point P, Q,
and O can be of different dimension for HLT, and hence the
property of being on the same line in Fig. 1 does not
necessarily hold anymore.

To determine the boundary of a cluster using straight lines,
one needs at least three lines as shown in Fig. 4. Suppose
three lines 𝑙1 , 𝑙2 , and 𝑙3 in the figure are determined by three
hidden layer neurons y1, y2, and y3, respectively. These lines
form a cluster boundary of the center region separating from
other regions. For the clarity of separations, regions are
represented as three bits associated with three lines, in which
bit of 1 represents the positive region and bit of 0 for the
negative region according to the following decision,
𝑦𝑗 = ∑𝑛𝑖=1 𝑤𝑗𝑖 𝑥𝑖 > 0

(2)

Figure 2. The proposed HLT is compared with with a
homothetic transform H.
The processing of information by HLT can be more easily
illustrated by Fig. 2. Suppose we deal with the input data in
𝑅𝑛 , which are depicted as white circles in the figure. The
Voronoi diagram on the left shows clusters for the data of
different classes. In each cluster, the black circle represents
the centroid of the data (points represented as while circles) in
the cluster. The centroid plays as a role of homothetic center
for the HLT. The key idea of this scheme is that the input data
in a cluster are mapped to their centroid by an HLT, and a
more compact form of the cluster is obtained, which is
depicted in the middle part of the figure. We implemented the
HLT using the information encoding of the MLFN, the details
of which are described in the next section.

Figure 3. Three layers of MLFN correspond to three
components of HLT.
The boundaries of other clusters are also determined in the
same way. Recall that the entire view for the association of an
ANN with an HLT is illustrated in Fig. 3. Although three lines
are sufficient to determine a cluster boundary, many hidden
neurons may be involved in determining a cluster boundary
depending on a number of pertinent parameters according to
the choice of training settings.
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Referring to Figure 2 and 3 together, one can see that the
dimensions of the spaces, that is n, m, and d are determined by
the number of neurons in the input, hidden, and output layers,
respectively. The dimension of the input space, n, is fixed
because it depends on the dimension of the input vectors. The
number of hidden neurons, m, is a user-defined parameter that
should match the information complexity inherent in the input
data. Although there have been many theoretical studies on
estimating the number of hidden neurons [18-20], it is
sufficient that the number is empirically determined with a
guide of proven heuristics. More interesting part is that m is
much less than n, so that we can take advantage of the
dimension reduction effect, especially when the inputs are of
high dimension which is common for biological and text data.
Lastly, concerning the hidden neurons, if the second hidden
layer exist, the neurons on the second hidden layer combine
the activations of the first hidden layer neurons to produce
curved regions. Therefore, more complex form of clusters can
be easily processed by the ANN with two or more hidden
layers.

Sammon mapping
Sammon mapping is a useful method that projects the highdimensional input space to a lower dimensional output space
where inter-point proximity in the input space is preserved in
the output space [21]. The proximity-preserving property of
the Sammon mapping is realized by penalizing differences of
distances between points in the original space and the
projected points. Let the distance between two points 𝑥𝑖 and
𝑥𝑗 in the input space be represented by 𝑑𝑖𝑗 , and the distance
∗
between two points 𝑥𝑖∗ and 𝑥𝑗∗ in the output space by 𝑑𝑖𝑗
. Then
Sammon mapping tries to minimize the following Sammon
error,
∗
∗ 2
∗
𝐸 = ∑𝑖<𝑗(1/𝑑𝑖𝑗
) ∙ ∑𝑖<𝑗(𝑑𝑖𝑗 − 𝑑𝑖𝑗
) /𝑑𝑖𝑗

(3)

E is insensitive to scaling because the relative differences are
considered in the computation of the distances. In the original
work [21], the minimum of E was calculated by gradient
descent and later an iterative method was developed [22]. In
this paper, the dimension of the input space is set to n and the
dimension of the projected space, d, is the number of different
classes. Now that we have shown how to implement an HLT
using an MLFN, we will present an algorithm to improve the
semi-supervised learning in the next section.

Now we consider how to determine the number of neurons in
the output layer, which corresponds to the dimension d of the
homothetic center. There are two choices for the value of d.
Firstly, by focusing on the process of HLT, the centroid of the
input data in a cluster can be taken as the homothetic center
which is shown as a black circle on the left of Fig. 2. In this
case, the dimension of the input is equal to that of the output,
or n = d. This choice is not reasonable, however, for high
dimensional data due to several reasons such as potential
performance degradation and unnecessarily high cost in
training an MLFN. Secondly, by taking the conventional
classifier model of ANN as shown in Figure 3, d can be set to
the number of different classes or clusters. In this case, d will
take a value of a very small number regardless of the
dimension of the input data.

Algorithm for improved semi-supervised learning
Suppose there are N training samples consisting of s labeled
samples 𝐷𝑙 = { 𝑥1𝑙 , 𝑥2𝑙 , … , 𝑥𝑠𝑙 } and t unlabeled samples 𝐷𝑢 =
{ 𝑥1𝑢 , 𝑥2𝑢 , … , 𝑥𝑡𝑢 }. For the simplicity of representation, we may
denote labeled and unlabeled samples as 𝑥 𝑙 and 𝑥 𝑢 ,
respectively, when the context clearly does not incur any
confusion.

Suppose we are dealing with data of three different classes.
Then, d is set to three and output neuron patterns 1002, 0102,
and 0012 can discriminate the classes. This target-assigning
method is the most common setting for classification tasks
using ANNs. One serious drawback of applying this method
to HLT implementation is that the bit pattern scheme above
does not reflect the distances between different classes. On the
left of Fig. 2, the distances between any pair of black circles
are different while their bit-pattern targets are all the same
because they long to the same class. In order to address the
problems incurred by the two approaches above, we apply the
Sammon mapping to the cluster centers (black circles in Fig.
2), details of which will be discussed below.

Let the label corresponding to a labeled sample 𝑥𝑖𝑙 be 𝑦𝑖 , so
that the set of labels is 𝒚 = (𝑦1 , 𝑦2 , … , 𝑦𝑠 ) with d distinctive
labels associated with d different classes. SSL aims to
improve the classification task for the labeled examples
additionally using the unlabeled data. SSL is involved with
two computations: to determine the true labels for all the
unlabeled samples of 𝐷𝑢 (called transductive learning), or to
estimate the label of a test sample unseen during training
(called inductive learning).
Our method begins with developing an MLFN 𝑀(∙) which
has n input layer neurons, m hidden layer neurons, and d
output layer neurons. Training of the MLFN is performed by
using all the labeled examples in 𝐷𝑙 . First, we compute the
centroid of labeled examples for each i of d distinct labels
𝑛

𝑛

𝑛

𝑐𝑖 = 1⁄𝑛𝑖 (∑𝑗 𝑖 𝑥𝑗1 , ∑𝑗 𝑖 𝑥𝑗2 , … , ∑𝑗 𝑖 𝑥𝑗𝑛 ), i = 1, ..., d,

(4)

where ni denotes the number of labeled examples with label i,
and the labeled examples are denoted by xj = (xj1, xj2, ..., xjn),
j= 1, ..., ni. Let the set of centroid be 𝐶 = { 𝑐1 , 𝑐2 , … , 𝑐𝑑 }.
Obviously, the centroids are of the same dimension as that of
the inputs, that is ||𝑐𝑑 || = 𝑛, for i=1,...,d. We perform the

Figure 4. Three decision lines form a triangular class
boundary.
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Sammon mapping S on the centroids 𝐶 to get the dimensionreduced vectors,
𝑺: 𝑐𝑖 → 𝑐𝑖′ , i = 1, ..., d.

this refers to the data that is obtained by applying an HLT to
the raw data) form a compact structure that is more
appropriate for the semi-supervised learning compared to the
raw data. To the goal, we will compute a number of measures,
called cluster validation index (CVI), both for the raw data
and the HLT data. Better values of CVIs indicate that the
cluster assumption (and possibly manifold assumption also)
are achieved and enhanced to more satisfactory level. In the
second one, we run three semi-supervised learning algorithms
both for the raw data and the HLT data, and then compare the
performance of semi-supervised learning results for both data.

(5)

Following the bit pattern-based class assigning scheme, it is
sufficient for the reduced dimension to be equal to the number
of distinct labels, that is ||𝑐′𝑖 || = 𝑑, for i=1,...,d.
Let the dimension-reduced centers be 𝐶′ = { 𝑐′1 , 𝑐′2 , … , 𝑐′𝑑 }.
Now that we have trained the MLFN using the labeled
examples, we proceed to determine the labels of the unlabeled
examples.
In order to increase the confidence of estimated labels, we
first compute two pseudo-labels and check if they are equal to
each other. If they have the same label, then assign the label to
the unlabeled example.
For each unlabeled example xu, we compute the nearest center
and determine its pseudo-label,
𝑐𝑙𝑠1 = 𝑓(𝑎𝑟𝑔𝑚𝑖𝑛𝑖 ||𝑥 𝑢 − 𝑐𝑖 ||)
(6)
where f(i) gives the label yi of xil.
We feed the same unlabeled example xu into the MLFN, and
obtain the output o = Mo(xu). Then, search for the class whose
(dimension-reduced) center is nearest to o, and denote its
pseudo-label as cls1,
𝑐𝑙𝑠2 = 𝑎𝑟𝑔𝑚𝑖𝑛𝑖 ||o − 𝑐𝑖′ ||

Figure 5. Distribution of distances between one sample and
the remaining samples of Coil20 data set. The horizontal axis
refers to the 1440 samples in the order of class labels so that
first 72 samples belong to class 1, and then 72 samples to
class 2, and so on up to class 20. The vertical axis refers to the
distance between the vector selected from class 1 and the
remaining 1439 vectors. The distances between the sample
selected from class 1 and the remaining samples in the same
class 1 are denoted in the red box, (a) for the raw data, and (b)
for the HLT data.

(7)

If two pseudo-labels cls1 and cls2 are equal to each other, then
the unlabeled example xu is given the label and added to the
corresponding cluster. If they are different, we go one step
further to compute $k$-nearest neighbors of xu over the
labeled examples, and determine the pseudo-label cls1 as the
majority label. Then, we again compare cls1 and cls2. If they
are still different, then the labeling decision is postponed to
the next round. After this labeling process is performed for all
of the unlabeled examples, new examples sets 𝐷𝑙 and 𝐷𝑢 are
obtained. Now we train incrementally the MLFN with these
new 𝐷𝑙 , and perform the label assigning for 𝐷𝑢 again. This
process repeats until there remains no more unlabeled
example or other application-specific criteria are satisfied, for
example there are only a few of the unlabeled samples are
remained. The undecided examples may be discarded when
the newly added examples are enough to characterize cluster
partition of the problem space, or other ensemble method may
be employed to refine the decision task.

The data sets used in the experiments are Coil20, Uspst, Text1
benchmark data [23]. Coil20 consists of 1440 samples of 1024
features associated with the images of 20 objects with varying
angles. Uspst consists of 2007 samples of 256 features for 10
hand-written digit images. Text1 has 1946 samples of 7511
features taken from 20-newsgroup text data for binary
classification. In addition, we also included two artificial data
sets: G50c and G10n. G50c consists of 550 samples of 50dimensional 2-class vectors in which 50 samples are labeled.
The labels correspond to the Gaussians, and the means are
located such that the Bayes error is 5% [9]. G10n also consists
of 550 samples of 10-D 2-class vectors in which 50 samples
are labeled. Unlike G50c this data set poses a deterministic
problem where the decision function passes the centers of the
Gaussians, and depends on only two of the input dimensions.
It is interesting to note that for G10n, the cluster assumption
does not hold [9], and see how HLT handles such kind of data.

EXPERIMENTS
In this section, we will evaluate the performance gain of the
proposed HLT by conducting experiments using the
benchmark data sets. We evaluated the performance of the
HLT by conducting two different kinds of experiments. In the
first experiment, we show that the HLT data (from now on,
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compute three external CVIs, namely Rand, Jaccard, and
Folkes-Mallows(FM) index. Four internal CVIs include
Silhouette, Davies-Bouldin(DB), Dunn, Homogeneity and
Separation index.

Cluster validation
Cluster validation evaluates the goodness of clustering results.
The cluster assumption expresses a condition that the decision
boundaries between different classes pass through low density
regions [10]. Obviously, stronger cluster assumption leads to
better cluster validation, and vice versa. As for the manifold
assumption, we also expect that the hidden-layer neurons of
MLFN successfully captures the low-dimensional structure
embedded in the high-dimensional data as remarked in
previous section. Validation measures are divided into two
groups, external and internal CVIs, depending on whether or
not external class label information is used for cluster
validation. Internal CVI only relies on information in the data,
while external CVI uses external information such as class
label.

In order to simulate the unsupervised learning, we perform the
experiments as follows. We divide the input data into two
groups: m samples used as the labeled data and n samples
used as the unlabeled data. By varying the ratio m:n from 1:k
to k:1 for a fixed k, we can simulate the progression steps
aforementioned. In all the experiments below, we set k to 6.
By comparing the CVI for the raw data clusters and that for
the HLT data clusters, we can check which data satisfies more
strongly the cluster assumption.
Table 1 shows the CVIs for the Coil20 data set. Each value in
the table shows the average CVI obtained from five runs of
the proposed method. Because the Coil20 data set contains
1440 samples, 1:5 division means that the set of labeled data
has 240 (=1440/6) samples and the set of unlabeled data
include the remaining 1200 samples. For each m:n division,
the better CVI value between the raw and HLT data is denoted
as bold-faced. One can see that, for all the divisions, the HLT
data outperforms the raw data except for a number of external
CVIs in the 1:5 division, and for the Separation index.

Table 1. Cluster validation indices for the Coil20 data. For
each m : n division of data, bold-faced numbers denote better
values of the CVIs. The “raw” columns refer to the raw data U
and HLT refer to the HLT data.

Table 3. Cluster validation indices for the Uspst data. For
each m: n division of data, bold-faced numbers denote better
values of the CVIs.

Table 2. p-values resulting from the t-test on the data of
Table 1. Bold-faced numbers denote there are 95%-confident
differences between the averaged CVIs of the two groups.

The former case can be explained as follows. The HLT H is
developed using a small number (240) of training samples to
predict the class labels of a large number (1200) of testing
samples. Expectedly, small training data do not fully capture
the distribution structure of population data that is present in a
large set of the testing data. Therefore, in such a case, the
CVIs obtained from the raw testing data tend to be better than
those obtained from the HLT testing data. As for the latter
case concerning the Separation index, we need to interpret its
values together with the Homogeneity index values.

Because we take into account the situation that there are no
class labels available as in the SSL, and hence we consider
internal validation measures as well as external measures. We
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In Table 1, the Homogeneity indices of the HLT data are
better than those of the raw data, whereas for the Separation
indices the raw data outperforms the HLT data. Notice that the
Homogeneity and the Separation indices are not independent
each other, but rather the trade-off condition exists between
them. Therefore, the reversely alternating trend for the boldfaced numbers in the last two rows of the Table 1 is a natural
result.

performed the t-test on the Uspst and observed that all the pvalues are less than 0.05.
Therefore, we can see that the differences of the CVIs in
Table 3 are statistically significant.
Semi-supervised learning experiments
In the experiments comparing the CVIs, we have shown the
performance gains of the homothetic transformation but the
ultimate objective should be evaluated in terms of semisupervised learning.

However, we need to examine closely the difference of two
group means using the t-test. We performed two-sample t-test
to see if the difference of CVIs for the HLT data and the raw
data is statistically significant. The resulting p-values are
illustrated in Table 2. In the table, the value of 0.0001 refers to
a upper limit. All the actual values are less than the limit value.
The p-values less than 5% significance level are denoted as
bold-faced numbers, meaning the null hypothesis that two
averages are equal is rejected. It should be noted that most pvalues for the Separation index are greater than 0.05 so that
the small differences of the Separation indices in the last row
in Table 1 are statistically insignificant.

We performed a number of transductive and semi-supervised
learning methods: Manifold Regularization [23] and Low
Density Regularization [9].
For all the learning methods in the experiments below, each
data set has been randomly split into 40 or 50 labeled points
and remaining unlabeled points. For example, Coil20 data set
is divided into 40 labeled and 1440 unlabeled points, and
Uspst is into 50 labeled and 1957 unlabeled points.

On the other hand, the differences of the Homogeneity indices
are statistically significant because the corresponding p-values
are less than 0.05. These observations indicate that, by the
nature of the homothetic transformation, the input data are
mapped to compact clusters (meaning lower and better
Homogeneity index) and at the same time to globally shrunk
clusters (meaning lower and lesser Separation index). The
latter shrinking property is a natural consequence incurred in
forming globally compact clusters by the homothetic
transformation, but does not have any significant effect the
goodness of clustering. This insignificancy is further
evidenced by the superiority of the HLT data for the
Silhouette index, because the index considers the
homogeneity and separation at the same time.

With this setting, we computed average errors on the 10-fold
cross validation scheme for each data set.
Manifold Regularization
Sindhwani et al.[23] presented a semi-supervised learning
method that can capture the underlying geometry of the input
data by constructing a family of data-dependent kernels using
the unlabeled data. The method deforms the original input
space so that a decision surface can separate different classes
easily in the deformed space. For experiments we used the
software that is provided at: http://www.cs.uchicago.edu/
~vikass/research.html. The implementation of this approach is
achieved through two algorithms: Laplacian Support Vector
Machines (LapSVM) and Laplacian Regularized Least
Squares (LapRLS). As the authors remarked in the literature
[23], varying values of these parameters do not have notable
performance differences but less than 2% fluctuations.

The last two columns of Table 1 show the CVIs that are
computed by considering the entire input data as labeled one.
In this case also, one can see the clear superiority of the HLT
data against the raw data.
The superiority of the HLT data can be confirmed by visual
inspection as shown in Fig. 5.

We therefore fixed those values, and experimented with
varying values of the degree (number of nearest neighbors) for
graph laplacian computation and the width of the RBF kernel.
Table 4 illustrates a number of experimental results of high
performance among others. In the table, the error rates are
tabulated in two big groups corresponding to the raw and the
HLT input data. All the bold-faced numbers, each of which
denotes the best result for each data set, belong to the group
corresponding to the HLT input data. These results indicate
that the HLT is effective in improving the performance of
semi-supervised learning. Moreover, for all the data sets
except Coil20, the differences of the error rates between two
groups are great so that performance superiority of using the
HLT data is clearly verified.

Because the magnitudes of the bars in the red box should be
smaller than the outside of the box because the inside bars are
the distances between data in the same class. For the raw data,
some distances between two samples in the same class 1 are
larger than the distances from the samples belonging to
different classes on the right as shown in Fig. 5(a). However,
for the HLT data in Fig. 5(b), the magnitudes in the red box
are lesser than any magnitudes on the right.
The CVIs computed for the Uspst data set are illustrated in
Table 3. Generally, the CVIs for the Uspst are similar to those
of the Coil20. Unlike the Coil20 data, however, the
homothetic transformation of the Uspst satisfies the cluster
assumption more strongly regardless of the data division
condition.

As mentioned earlier, unlike the other four data sets, G10n
does not satisfy the cluster assumption of the data distribution.
This may probably be related with poor performance for semisupervised learning, as shown by the high error rates for the
experiments using the raw data. Using the HLT data, we
achieve the reduction of error rates from 18.96% to 0.22% for

This property is illustrated by the consistency that all the boldfaced numbers belong to the HLT data in Table 3. We also
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the best case of LapSVM, and from 18.80% to 0.06% for the
best case of LapRLS

For the Text1 data set, the experiments using the HLT data
show near perfect classification though the error rates in Table
5 are given as 0.01 which denotes a conservative upper limit.
The results for G10n are also notable in that the homothetic
transformation successfully captures the geometric structure
of the data though they do not satisfy the cluster assumption.
This is indicated by the sharp contrast of mean error rates,
0.151% vs. 15.17%, resulting from the raw and the HLT data,
respectively.

Table 4. Error rates (%) of the experiments with Manifold
regularization. NN refers to the degree or the number of
nearest neighbors in the graph, and to the kernel width. Boldfaced numbers denote the best results.

CONCLUSIONS
We have shown that HLT is useful for improving the
performance of semi-supervised learning. Specifically, HLT
strengthens cluster assumption of the input data while it also
captures the embedded manifold structure inherent in the
input data. HLT can be implemented using the MLFN's
information encoding property in the hidden layer neurons. In
addition to the usefulness in a classification task,
HLT is also useful for representing the input data as
dimension-reduced features, which are highly useful for
biological or text data. We have experimentally verified the
superiority of HLT via experiments using the real world test
data.

Table 5. Error rates(%) of the experiments with Low Density
Regularization. For each parameter setting, 10-fold cross
validation experiments are conducted and the best one is kept
in collection. From the collection, minimum, maximum, mean
and standard deviation are then computed.
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