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A Support Vector Machine, ULEDS-SVM, was developed for classification in data domains
which contain limits or errors.

Data with upper or lower limits are not the same as missing data. They may provide con-
straints at a certain level in data classification and modeling. Data with errors may be regarded
as the special co-existing case of an upper and a lower limit at the two boundaries of an at-
tribute. Data with such qualities widely exist, from scientific data measurements to databases
resulted from integration. Including these data in training rather than dropping them or replac-
ing them with some arbitrary value is desirable because they may provide useful constraints.

An enhanced 1R algorithm is described which may be able to handle a data domain that
contains limits and errors. However, the time complexity is O(mk™), where m is the number
of entities, n the number of attributes, and &£ the number of elements in one attribute. This does
not allow good scalability.

Support Vector Machine (SVM) treatment of the data in such a domain is, however, very
promising. The mathematical foundation for treating this kind of problem is provided herein

by recognizing the feasibility concepts for training and prediction in SVMs. It was found that



an entity of data items is not trainable if the class, y, and the normal of the separation plane,
(w,y), satisfy some conditions: an attribute x exists such that w, xy < 0; w, xy > 0;
(u2" % w —v)(,& *w —y) < 0foran upper limit, lower limit and an error, respectively, where
«& and ,Z are data at their centroid values, except for the uth component which is located at
the upper and lower boundaries of an error, respectively. Untrainable data need to be dropped,
and trainable data need to be included in training.

By utilizing an intersection concept, which is the intersection of the separation plane and
the uncertain region of limit or error data, testing can be set to be correct if such an intersection
exists for limit or error data. Intersection conditions are determined by the existence of an
attribute, y, for an entity such that f(z) * w, * U, > 0 for limits, or f(,&) * f(,&) < 0 for
errors, where f(z) = z * w — +y is the function of the separation plane, and U, denotes the
upper (1) or lower (-1) limit at the uth component. The prediction of class is meaningful for
those data without intersections.

An astronomical data set (CHDF-N) is integrated based on Chandra Deep Field (CDF)
and Hubble Deep Field (HDF) North observations. Some spectroscopic identifications are
available, but some are beyond the existing instrument limits. CHDF-N is used as a test bed for
the ULEDS-SVMs algorithms application implemented via Matlab. This classification may be
applicable to the study of the formation and evolution of galaxies in the deepest universe.

The separation of stars and extragalactic objects allows a 100% accuracy rate; however, the
separation would otherwise be ambiguous if the limit data in the extragalactic class were not

included. Training and testing using the leave-one-out partition method achieved an 82% ac-



curacy for the separation of galaxies and active galactic nuclei (AGNSs). This rate is better than
the 72.4% accuracy rate attained using the conventional R — log(F) plot separation method
commonly used in the astronomy community. The prediction rate increased from 49.6% using

conventional SVMs to 75.5% using ULEDS-SVMs.
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Chapter 1

| ntroduction

In real world environments that include data measurements in scientific research, a result may
be obtained with an upper limit value rather than a definite one. Even though a value is ob-
tained, it may contain significant errors. It becomes difficult or even impossible to improve
the quality of the data further because the result obtained has either reached the current tech-
nological limit in determining the accuracy of an attribute, or it has already been archived, or
improving it would be too costly. Technically, every numerical measurement contains some er-
rors. The problem to be addressed, therefore, is to determine if one can neglect the error. More
often than not, however, including data with upper and lower limits and errors may provide
more meaningful information or imply some constraints that would not be evident if the errors
were dropped. In Fig. 1.1, a simple case is used to demonstrate the usefulness of including
these kinds of constraints.

Suppose there are two points at A(-1/2, 1/2) and B(1/2, -1/2) with classes of -1 and +1,



respectively. For a binary class problem, +1 and -1 are convenient designations for their class
not only because of the sign discrimination, but also their fit into a formula for mathematical
treatment, as discussed in Chapter 8. Hereafter, +1 and -1 will be used as the binary classes
unless specifically stated otherwise. To classify them correctly, a separation plane is drawn as
the dash-dot line in Fig. 1.1 which satisfies their classifications. However, if there is another
data item which has an upper boundary on the vertical axis at C(3/4, 1/2) with class +1, then it
makes a difference whether one drops or includes it in determining the separation plane where
the vertical line below point C indicates that it is an upper limit with a boundary of 1/2 on its
vertical axis. In fact, the solid horizontal line separates the classes better than the dash-dot line
which misclassifies data C.

Data integration, or merge, may encounter different precision issues when more than one
of the primary databases do not match up properly in terms of accuracy. This phenomenon also
raises questions about precision. This integration trend can be expected to increase along with
the increase of accessing and processing databases via the Internet. Treatment of nonuniform
precision or hybrid data, therefore, needs to be addressed.

Many Machine Learning (ML) methods, from the simplest 1R rule [12] to more sophisti-
cated ones such as Support Vector Machines (SVMs [25]), recognize only data presumed to be
without any error or upper and lower limits. This limitation restricts the application of these
methods. Support Vector Machines (SVMs, [25]), representing one of the major kernel meth-
ods, are also powerful tools for data classification. A tutorial about SVMs can be found in

[5]. A basic description of SVMs and a review of recent progress is also attached (see Chapter
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Figure 1.1: A simple two class classification problem with upper limit data. Taking into account the information
constrained by point C, whose data contain an upper limit on the Y axis, a classification as the solid horizontal
line would be appropriate. In contrast, dropping point C leads to the classification, as indicated by the dash-dot
line, that would misclassify point C by chance occurrence. ”+” and "0” indicate the classes of +1 and -1.



8). This paper describes the linear SVMs developed in a domain that contains data with upper
or lower limits and data with error. As a comparison, Chapter 2 describes a possible scenario
with a 1R rule algorithm in such a domain. The treatment of this domain can be extended to
many other statistical based ML regimes, such as the Naive Bayes Network, Decision Tree, etc.
Treatments of such a domain are, however, quite different when using SVMs. Because of the
unique feature of the SVM separation plane to discriminate classes, one can derive a concise
mathematical formula to handle data conveniently in such a domain. A clean algorithm, based
on this concise formula, is possible to treat data in such a domain. This paper focuses on SVM
development in such domains in Chapters 3-6, which cover concepts, mathematical bases, al-
gorithms and application in a data set. These SVMs are called ULEDS-SVMs (Upper/Lower
Limitand Error Data Supported Support Vector Machines). The domains that contain data with
upper or lower limits and errors are called ULED domains. The advantage of ULEDS-SVMs
is obvious in terms of computing cost when comparing them to the enhanced 1R rule ML in a
ULED domain. In Chapter 3 some theorems which will be used as the basis for treating data
with upper or lower limits and data with errors in SVMs. Chapter 4 presents the generalized
algorithms of ULEDS-SVMs.

There are several databases which are regarded as benchmarks in the Al community for
algorithm testing and comparison, although none of these belongs to a ULED domain. Chapter
5 describes the integration of a data set from astronomical observations taken from Chandra
Deep Field (CDF) and Hubble Deep Field (HDF) North, or CDHF-N for short. The classi-

fication of astronomical objects from these sky directions is an important issue in astronomy.



These observations are focused on the sky direction which has the least galactic and extragalac-
tic obscuration and absorption. Long exposure times were devoted to image and spectroscopic
observations in various energy bands, including radio, infrared, optical and X-ray sources, us-
ing the largest telescopes on the ground as well as in outer space in order to understand the dis-
tribution and evolution of galaxies. This field contains many sources identified by their spectral
and morphological types. It also contains many unidentified sources whose further identifica-
tions are difficult, primarily because the instrument limits have been reached. In these sources,
some attributes contain only upper limits, but statistical study is nonetheless worthwhile given
the available data; other sources contain attributes which are relatively bright and saturated in
image observation. So, only the lower limit in terms of brightness was obtained. A data set,
CHDF-N, was generated from the sources collected from several literature sources and used as
the test bed. A review of the literature and a description of the effort made regarding the data
set integration are given in Chapter 5 and Appendix A. Chapter 6 and Appendix A describe the
source classification results for training, testing and prediction using ULEDS-SVMs. Discus-
sion and conclusions are provided in Chapter 7. A general review of SVMs may be found in
Chapter 8. The code for the specific implementation of ULEDS Support Vector Machines is

attached in Appendix B.



Chapter 2

Enhanced 1R - A Simple Method to Treat

Data with Limit and Error Attributes

First, the definitions of upper and lower limits and of error are introduced. Such definitions help
to eliminate ambiguity about the meaning of these terms and help to establish the mathematical
foundation necessary to treat them.
Definition: Define S C R™ as a data set over n variables or attributes. For a data point, z € S,
its uth attribute, =, has an upper limit, £, only if the uth attribute value, from its acquisition,
is unknown but less than the upper limit, z, < Z,. Z, represents the upper limit along the pth
component in R™ for the point.

An example of an upper limit of an attribute is found in the astronomical magnitude mea-
surement of objects. Within a given period of exposure time and using a specific telescope

mounted with a certain detection device, the magnitude of an object may be determined if it



is sufficiently bright. However, the object may be too faint to show up under such conditions.
When it cannot be detected, one can nevertheless derive a magnitude as the object brightness
limit, according to the observation specification and the background level of the direction. One
cannot know how much fainter the object would be than the limit magnitude; however, one
can say that the object is not brighter than the limit magnitude. Data with such an upper limit
attribute frequently appear, especially in scientific data measurement.

Similarly one can define the lower limits:

Definition: for a point, z € S, its uth attribute, z,, has a lower limit, £,, only if the uth
attribute, z, > Z,. One refers to £, as the lower limit on the uth component in R™ for the
point.

Sometimes there could be an error obtained for a variable or attribute.

Definition: for a point, z € S, its uth attribute, z,, has an error, 6, = 2, — &,, only if there
are both upper and lower limits on the uth component such that £, < z, < £,. When both
equalities hold, §,, = 0, the data do not have any errors on the uth component. The value, z,,
is called its centroid value of the th component of point z, and £, £, of 2’s lower and upper
limit on the uth component, respectively. z is called the centroid point.

In the actual measurement of a quantity, the limit that is measured often refers to the limit
of u at i confidence level or some o level. Error is often expressed as £, < z, < I, atn
confidence level or some o level. Quite often a contour around the error or limit can also be
seen. This contour describes in terms of statistical uncertainty the limit value that is measured

according to statistical distribution. Precise language is used to describe the fine structure of



the limits and errors. In most statistical learning processes, such a fine structure may not be
required; a representative sharp boundary for limits is sufficient in many cases. The most
frequent references to the confidence level of limits and errorsare 1 — ¢, 2 — 0, 3 — o or 90%.
These are assumed to be true in the treatment of SVMs described in the following chapters;
however, the fine structure of the errors and limits will be touched on a little later in this
chapter for the enhanced 1R rule. More detailed statistical descriptions of errors and limits
may be found in textbooks about statistics and data reduction.

Here it is worth noting that the upper or lower limit is not a missing datum. For missing
data, one or more attributes are totally unknown. In contrast, the point with an upper or lower
limit does tell that the value along a component does not exceed or go below a certain value,
Z, or £,. Including upper or lower limit data usually provides more information than a missing
value would provide. Moreover, the constraint may be crucial to the support or elimination of

some models.

2.1 1R Rule Extension

There is a very simple classification rule, called 1R, provided by [12]. A simple algorithm is
implemented therein to treat data with limit and error attributes. This simple implementation
has two purposes: the first is to put into practice a statistical learning approach by treating data
with limits and errors; and second, it is to be used to compare the training approaches used here
with the more sophisticated SVM methods. The 1R rule predicts that the classes will all be the

same class as the most frequently occurring one [12]. This prediction technique appears to be



somewhat oversimplified. But, according to [12], the 1R rule is efficient and has reasonably
good accuracy for most commonly used data sets. Details about its pseudocode can be found
in Appendix A of [12].

The 1R rule may now be extended to cases that contain data with an upper limit. Given
a point of data, (z,y), in the attribute space, R"*!, (z,y) € R™ !, where y is the class of
the item, assumes that the space is within the domain, {z|z™" < z, < 2™ Vv}, where
the Greek subscript represents the attribute. If = has an upper limit along the uth attribute

dimension, the probability of the z, distribution is p(z,), where

plz,)dz, =1 (2.1)
/Wm (2,)dz,

for the attribute with the upper limit of data (z, y). the probability for each element in the space
R™ ! can be obtained, and the 1R rule can be determined by using the largest probability in the
space. For the case of the lower limit, the integration is over £, < z, < T

In general, there is a probability, p(z 1, .2, ..., T4 n), Where

/p(:vul,:v,ﬂ, ooy L ) AT ATy dT )y = 1 (2.2)

where p1, ..., 1 are the attributes of the point, (z, y), with upper or lower limits.
The three-dimensional integer matrix, COUNT(C,V, A) in [12], is the probability inte-
gration in space, R™*!, at each corresponding element where C is the class and V is the value

for the attribute, A. By extending the array into non-negative real values and integrating p



described above into COUNT, an upper and lower limit case can be cast.

Data attributes with errors can be seen as the existence of data bound by both upper and
lower limits, £, < z, < £,. Integration is performed within these boundaries. Thus, all 1R
rule algorithms of [12] can also be extended to data with error.

The probability distribution of the errors or the limits may not be known. Under such
circumstances, an empirical distribution of a constant probability, p = 1/(Z, — xZ”'"), IS
assumed for one attribute upper limit case, p = 1/(z}}** — %) for a lower limit case, and
p=1/(z, — z,) for an error attribute.

The error or limit box is used to obtain the probability, p = 1/V OB, when there is more
than one attribute involving errors or limits of a data point in space, R**!, where VOB rep-
resents the volume of the box of the error or limits occupied in the space, R**!. There is a
probability of those data with limits or errors of P(C,V, A) = VOE * ¥ ,..1 .. vitem P(2,) 10
be in the element of class, C, with value, V, for the attribute, A, where VOE is the Volume of
an Element in VOB in R™¥1,

The COUNTSs of a class, C, having a value, V, for attribute, A, is COUNT(C,V, A) for
data without any errors or limits. The final probability of data that include limits or errors is
COUNT(C,V,A) = COUNT(C,V,A) + \P(C,V, A), where 0 < X < 1 is a weighting
parameter for limit and error. A = 1 corresponds to the equal weighting of limit or error data

with respect to data with definite values, while A = 0 corresponds to the dropping of all data

with errors or limits.
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2.2 Comments

This simple treatment represents the current knowledge about data distribution in B™*! space,
including both ordinary data with definite values and data with upper/lower limits and errors.
Wherever there is a data entity with specific values of attributes, it falls into the specific element
of the volume in R™ ! space. Wherever there is an error or limit, a probability exists and is
distributed somewhere in a volume box, VO B. Statistical learning based on this knowledge to
treat data, including upper/lower limit and error data, is resumed. The most likely occurrence
of the class throughout the training data set in 1R can thereby be obtained.

Alternatively, even without obtaining the most frequently occurring element class, the frac-
tional frequency of occurrence in the event space may be extended to some other statistical
learning methods based on probability distribution, such as the Naive Bayes network, Decision
Tree, clustering analysis, etc.

Calculating COUNT for ordinary data entities is straightforward. However, calculating p
and P and adding P to COUNT may be computationally expensive because it must be per-
formed on each relevant element at a time. For a data point with limits or errors, the upper
boundary of the time complexity caused by adding its P contribution to COUNT may extend
over the whole domain in R. In cases where a large amount of data with limits and errors exists
and where these boundaries are not well constrained, special treatment of the addition process
is desirable in order to increase the speed. The acceleration algorithm may depend on the dis-
tribution of data within the database. Sparse data with limits and errors may use the algorithms

directly. Databases containing large amounts of limit and error data may use the p integration

11



as a base, similar to the density probability technique. COUNT is then applied in addition to
P = [ pdz. A drawback of such acceleration is the loss of the generality of the algorithms. The
next chapter focuses on SVM treatment, which is not extendable from the strategy proposed
in this section to treat limit and error data. However, the unique separation plane concept of
SVM treatment provides a basis for a concise mathematical expression to discriminate classes

although data with upper or lower limits and errors exist.
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Chapter 3

M athematical Foundation for

ULEDS-SVMs

3.1 Training

According to conventional SVMs, a hyperplane divides two classes in a feature space so that
misclassification is minimized while the margin is maximized (see, e.g. [5]). This phenomenon
may be achieved, as shown in Figure 3.1, by optimizing the Lagrangian function,

1
min ve'é + Ew’w st. D(Aw —ey)+€>e, £>0 (3.1)

(wyy,§)ERmFI+m

Here, w represents the normal to boundary planes of the support vectors, z'w = v £ 1, with
a separation plane, z'w = «; and +y is the scalar relevant to the distance of the plane to the

coordinate system origin, £ is the vector in R™ for the soft margin, D is the diagonal matrix of

13



the classes in R™*™, v is the weighting parameter for the soft margin that serves to penalize
the mix at the specified level, e is the ones vector, and the prime indicates the transpose of the

corresponding vector or matrix. The dual to a linear SVM is

acR™

1
min Ea’DAA'Da —€éa st.e€Da=0, 0 <a<vre. (3.2)

where « is the vector for Lagrangian multipliers (see, e.g., [5]). By default, a two-class problem
has two classes dedicated as +1 and -1. The normal of the separation plane, w, is expected to
point to the +1 class side. A data item is represented as (z,y) € R"*!, where z is represented
by a vector for its attributes, and y is a scalar for its class.

To introduce the upper or lower limit or an error in a data attribute and to obtain a mathe-
matical presentation of the treatment in such cases, the theorems below are introduced:

Theorem 1: An entity, (z,y), with upper (lower) limits is necessary for consideration in
SVM training if and only if for every component, i, among the components which contain
upper (lower) limits for (z,y), the entity satisfies w,y > 0 (w,y < 0 for the lower limit),
where w,, is the uth component of the separation plane normal, and y is the sign of the class of
the entity.

This theorem is one of the bases of the algorithms to be developed here. It is proved for
the upper limit case only. Proof for the lower limit case is similar. According to w,y, four
configurations are possible, as shown in Table 3.1:

a) when w,, is positive and y is also positive, the "+1” class is expected to be above the plane

along the uth component. But the point, z, has an upper limit, £,,. It would not satisfy the clas-

14



Figure 3.1: Linear Separation Plane for the non-separable case. b = ~. Courtesy of [5]
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Figure 3.2: Four possible cases about w,, and y for upper limit shown in the four panels, a-d, corresponding to
Table 3.1. In each panel, the uth component of the data, (z,y), may be above (left) or below (right) the separation
plane. Only in panels a and d does the position relevant to the separation plane make sense. The hypothetical
separation plane is always satisfied in panels b and ¢ no matter where the data item is positioned. The arrow in
each figure points in a w, positive direction. The vertical line below the data + or - indicates that it is an upper
limit.
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w, Yy training feasibility
a + + yes
b + - no
c - + no
d - - yes

Table 3.1: Training feasibility for the four cases of w,, direction and class y. See also Fig. 3.2a-d) for illustration.

sification if P was below the separation plane. That is to say, the separation plane does matter
in terms of classification in this case. In other words, the hypothesis that the plane predicts the
point correctly depends on the upper limit at the component, £,,. Therefore, training needs to
take this data into account;

b) when w,, is positive and y is negative, the "+1” class is expected to be above the separation
plane, and the "-1" class below the separation plane along the uth component. On the other
hand, this point has a negative class, and it has an upper limit along the xth component. It does
not matter whether the upper limit point, £,, is above the separation plane or not; the point
may not contradict the hypothetical classification according to the current separation plane. In
other words, one cannot reject the hypothesis that the plane correctly predicts the point class
anyway;

c) when w, is negative and y is positive, the "+1” class is expected to be below the separation
plane along the uth component. Wherever £, is, z,, < &, may not be above the plane, and
so the point may not contradict the separation that is expected with the prediction using the
separation plane along its uth component. In other words, the hypothesis that the separation
plane correctly predicts the point class cannot be rejected;

d) when w,, is negative and y is negative, the "+1” class is expected to be below the separation

17



plane, and the "-1" class is expected to be above the separation plane. z is expected to be above
the plane. Because of the existence of the £, upper limit, however, the point may or may not be
above the separation plane. Moreover, the point is absolutely below the separation plane when
&, 1s so. That is, the hypothesis that the separation plane correctly predicts the point class
depends on the upper limit, £,. Classification training must take this point into consideration.

This generalization of the four cases provides the necessary and sufficient condition, w,y >
0. Here, when the point falls on the plane, it is regarded as a positive classification; a parallel
plane along the u axis means w, = 0. The parallel plane along the x axis is not sensitive to
the location of .. So, the condition specified in Theorem 1 is also correct in both of these two
special cases. This completes the proof of Theorem 1.

Theorem 2: If a point, p = (z, y), containing upper (lower) limits satisfies the condition in
Theorem 1, its upper (lower) limit, £, (Z,), of the uth component can be used to replace z,, in
SVMs training.

Theorem 2 provides the basis for the iterative operation of the implementation of training
algorithms in ULEDS-SVMs. To prove the theorem, the upper limit case is considered. The
lower limit case can be similarly proved. Two cases need to be considered: w, > 0 and
y=+1;andw, < 0andy = —1.

1) w, > 0and y = +1: First, it is necessary that every & of the point with a "+1" class satisfies
the classification predicted correctly using the separation plane, if = can be so classified. It
also holds that if the plane misclassifies z,, then it also misclassifies . To prove this idea,

assume that Z,, does not satisfy the separation hypothesis. That is, at least one component, u,
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exists such that Z,, is below the separation plane along its pth component. Then, by definition,
z, < &, must also be below the separation plane along the pth component. So, using &
to replace z is necessary. Second, it is sufficient to use £, as the uth component value to
replace z in training. To prove this, it is recognized that if a point at Z is correctly classified,
it is above the separation plane along its ¢ component. This is an upper limit point. The
actual data point could be anywhere below this upper limit, but its exact location is unknown.
However, according to the definition of the hypothesis of plane separation, the hypothesis does
not contradict the classification of point, z, given the knowledge available.
2) By using a similar proof, it can be shown that £, can replace z,, for the point when w, < 0
andy = —1.

It can be proven that the lower limit, £, along every component can replace x,, in the lower
limit case. This completes the proof of Theorem 2.

Analogous to equations 3.1 and 3.2, the primal Lagrange function, including data with
upper and lower limits, is:

1
min ve' M¢ + Ew'w st. M(D(Aw —ey)+&—¢€) >0, ME>0 (3.3)

(w,y,£)eRPH1+m

and the dual to the Lagrange function can be written as:

1
min Ea'MDAA'DMa —€ea st.éDMa=0, 0<a<ve. (3.4)

acR™
where A is the matrix for entities, including data with upper and lower limits, and M is a
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diagonal matrix in R™*™ with diagonal elements. M;; = 0 if w,y* < 0 for any upper limit or
if it is w,y® > 0 for any lower limit component, and M;; = 1 otherwise. Here, 4 corresponds
to the index of the item, while a Greek subscript corresponds to an attribute. The problem,
therefore, becomes a typical linear SVM problem. Available algorithms concerning SVMs are
applicable to treating data with upper and lower limit cases with such an embracement. They
can be adopted with the simple modification of keeping or dropping the entity with the upper
or lower limit under the conditions set forth in Theorem 1. If the entity is kept, it replaces the
corresponding value, according to Theorem 2.

In training, there are two possible approaches: training the whole data set with an A mask,
as in the above equations, or training only the subset of the data which have the corresponding
non-zero mask value. The approach that is chosen will affect the time complexity and can be
determined by the fraction of the number of data entities with limits or errors (which will be

discussed later).

32 Test

According to Theorem 1, if w,y < 0 for an upper limit or w,y > 0 for a lower limit at any
attribute, 4, the classification is always correct. So, the test result is true. On the other hand, if
wyy > 0 in the upper limit case or w,y < 0 in the lower limit case, according to Theorem 2, it
IS necessary to test the upper (lower) limit point,  (Z), against the separation plane in the same
way as one would if it had a definite value. That is, if (w'z — )y > 0 or (w'é — v)y > 0, then

the point is correctly classified, and the test result is true. Otherwise, it is misclassified, and the
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test result is false.

First, this method utilizes the class, y. And, it is applicable only for data with a limit case.
Alternatively, one can use the prediction method described in the next section and then deter-
mine if the prediction is the same as the given class. This utilizes the concept of predictability
(deferred to the next section). The current approach is nonetheless useful for the limit data test

because of the reduction in computing time.

3.3 Prediction

Unlike the use of conventional SVMs to predict definite data entities, predicting an entity with
an upper (lower) limit may result in "+1”, "-1" or "unpredictable” which makes it impossible
to determine its class based on the uncertain attribute values if some conditions are satisfied.
Here, an intersection concept is introduced in order to cast the prediction feasibility.

Definition: for an upper (lower) limit case, if the upper (lower) limit point, £ (&), is above
(below) the separation plane along its uth component, then the actual entity value at the uth
component, z,, can be on either side of the separation plane. One says, then, that the upper
(lower) limit, Z,, (2,,), intersects with the separation plane. If none of the upper (lower) limits
intersect with the plane, then one says that there is no intersection.

Extending the intersection concept further to data with error, one says that an entity has a
component with an intersection if both its upper and lower limits at the corresponding compo-
nent intersect with a separation plane.

If an upper (lower) limit or data with error intersect with the separation plane, the class of
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the corresponding entity is not predictable. If an entity does not intersect with the separation
plane, then its class is predictable, and its class is as predicted for its upper (lower) limit point
for limit data or anywhere within the region of error for error data. A centroid value is chosen
in the error case.

For a compact expression of the next Theorem, the code, U € R™, is denoted as a vector
of the limits, where U, = 1 represents the upper limit, -1 represents the lower limit and 0
represents the definite value of an attribute of the data, (z, y), on the uth component.

Theorem 3: The intersection and its inherent nonpredictability of a data point, (z,y), is
determined by the existence of a component of x4 such that (w'z—+y) = 0 or (w'z—~y)w,U, > 0
for upper or lower limit data, and (w,, & — ) (w,& — ) < 0 for error data where z is the vector
of a data point, (w,) the vector of the separation plane, U, the code of limits on the uth
component, ,& the vector of the point whose pth component is set at its upper limit while the
other components are set at their centroid values, and ,& the vector of the point whose uth
component is set at its lower limit while the other components are set at their centroid values.

This explanation leads to the proof of Theorem 3 from the geometric relationship of a data
point with limits or errors with respect to the separation plane. The condition of (w'z — ) =0
indicates that the upper or lower limit is right at the separation plane. Since this is a limit point,
this means that it intersects with the plane. In the case where the actual data point falls on the
separation plane, one cannot tell to which class it belongs. So, it is appropriate that the data
point is included in the intersection case. In order to focus now on the other conditions, four

cases need to be considered for limits:
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1) w'z —v > 0, w, > 0and U, = 1 indicate that the uth component of the separation
plane normal points upward, and the limit point is above the separation plane along its uth
component. But the point is an upper limit point, meaning that there is an intersection.
2) Similarly, w'z — v > 0, w, < 0 and U, = —1 indicate that the uth component of the
plane normal points downward, and the limit point is below the separation plane along its uth
component. But this point is a lower limit point, meaning that there is an intersection.
3) w'z — vy < 0and w, > 0and U, = —1 indicate that the ;th component of the plane normal
points upward, and the limit point is below the separation plane along its uth component. But
this point is a lower limit point, meaning that there is an intersection.
4) w's —v < 0,w, < 0and U, = +1 indicate that the uth component of the plane normal
points downward, and the limit point is above the separation plane along its uth component.
But the point is an upper limit point, meaning that there is an intersection.
All four of these cases have exhausted the intersection cases where there is a limit in their
attributes. The combined formula satisfies (w'z — v)w,U, > 0. For error data, the following
case must be considered:
5) (w, & —v)(w,Z —) < 0 means that the upper and lower boundaries are separated on either
side of the separation plane no matter which w, direction the normal is, indicating that there is
an intersection. This proves Theorem 3.

With Theorems 1 and 3, one can immediately obtain:
Corollary: a datum with error is unpredictable if and only if it intersects with the separation

plane.
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This is because if it intersects, one of the boundaries of the error must satisfy the Theorem 1
conditions. If it does not intersect, the boundaries of the error are on one side of the separation
plane.

It is worth pointing out that the feasibility for training addressed in Theorem 1 is different
from the feasibility of prediction addressed in Theorem 3 for limit cases. An item from a data
set may be trainable but not predictable, as shown, e.g., on the left plot in Fig. 3.2a. Similarly,
it may be predictable but not trainable, as shown, e.g., on the right plot in Fig. 3.2b. For data
with error, prediction feasibility leads to training feasibility and vice versa. This is because 1) if
the boundaries of an error along one attribute component are on the same side of the separation
plane in respect to this attribute, then there is no intersection. Training is feasible. 2) If both
boundaries of an error along one attribute component are on separate sides of the separation
plane in respect to this attribute, as expressed in the formula in Theorem 3 for error data, then
there is intersection. No matter what class the data item is in, and no matter what direction
w, goes, there is at least one boundary satisfying the Theorem 1 condition. Geometrically,
this point satisfies the hypothetical separation plane already, and it does not suggest any more
information about which way the separation plane would go during the current iteration for

training.
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Chapter 4

Algorithms

There are many implementations for SVMs, e.g., managing large data sets, such as SV M Fight
[15], based on [21]’s segmentation scheme, or addressing the issues for overcoming overfit,
such as the smooth method [18], etc. In chapter 8, a detailed review of the SVMs and some of
their recent developments is provided. The purpose of this section is not to provide a bench-
mark, but rather, discuss general algorithms which can be applied to the implementation of
most SVMs in domains that contain data with limits and errors, based on the principles dis-
cussed in the previous chapter.

First, the algorithms that handle data with upper and lower limits for training, testing and
prediction will be described. This idea is then extended to apply to data with errors. These
algorithms utilize available SVMs by invoking them directly in training; this is highly portable
from a software engineering point of view. Conventional SVMs do not need to be modified in

this scenario. The portion of the algorithm that handles the limit or error data is used for the
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preparation of data by following the conditions that satisfy the trainability, as described above.
Then, the prepared data are fed to conventional SVMs for training.

When both limits and errors exist, the above scenario can also be used. However, with a
slight modification of conventional SVMs, the efficiency of the algorithms can be improved in
cases where a large fraction of limit or error data exists. This improvement can be achieved in
each iteration by preparing a mask for the data in order to satisfy the trainability conditions,
followed immediately by one iteration of the SVM training. An alternative approach may
also be considered to increase the SVM training iteration a few more steps, but this is not
necessary until the convergence of the computation process. Along with this approach, the
modification of conventional SVMs serves simply to reserve the Lagrangian multipliers from
the last iteration and use them as the initial Lagrangian multipliers in the next iteration. A

pseudocode sample for such a scenario is provided at the end of this chapter.

4.1 Upper and Lower Limit Case

4.1.1 Training

Let D denote the set of all entities with the non-empty subset of Dp which contains only
definite data and the subset of entities, Dy, with upper or lower limits for at least one attribute
of each entity. Let U denote the set of code vectors of the attributes of the upper or lower limit
of each entity in Dy, where 1 represents the upper limit, -1 represents the lower limit and 0

represents the definite value code. Let T represent the subset of Dy which contains trainable
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entities and F' which contains untrainable entities with respect to a separation plane. Let a

working set W = P U T. And let T,,,4 denote the termination condition.
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Algorithm 4.1.1: TRAINING(Dp, Dy, U, Toona)

(

Initialize (w,~)
while termination condition wunsatisfied
{

T = empty

foreach entity p€ Dy ueU

{
if Trainable(p,u,w) ==TRUE
then T «+p
do <
4
do < else F' «+p
W=DpuUT

comment: invoke conventional training

call convTraining(W,w,, Teond)

if Wnonequal to previousW

then terminationunsatis fied
\

return(w, )
\

Function Trainable(p,u,w) comment: p = (z,y), y is the class of p

(

for u < every upper/lower limit component
ifw, *xy*u, <0

{ do

then return false

return true

\

28



412 Test

In addition to testing according to conventional methods, which do not have limits, one must
also consider the sign of w,y which differs from conventional testing. If the attribute of an
entity is < 0 for an upper limit or > 0 for a lower limit case, testing for this entity is always
true. Otherwise, it is the same as (w'z — «y)y > 0 to determine the correct classification. The

notation, u € U, as the code vector of the limit for an entity is used as the input parameter.

Algorithm 4.1.2: TEST (z, u,y,w, )
comment: x - vector containing the attribute values for an entity
comment: y - the class of the attribute
comment: u - vector of entity attribute code: 1/-1/0 - upper/lower/no t limit
comment: w, -y - separation plane direction and position vector/scalar

comment: RETURN - true for "+1", false for "-1" class
{

for u < upper /lower limit components

< ifw, xy*u, <0
do

then {Teturn true
;
if (wz—v)*xy>0
then {Teturn true

else

then {Teturn false
\
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4.1.3 Prediction

Predictability depends on whether the upper or lower limit point intersects with the separation
plane. The function of intersect, Lmt, utilizes Theorem 3. If there is no intersection, prediction

is made in the same manner as that of data without limits in the main program.
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Algorithm 4.1.3: PREDICT (z, u, w, )
comment: x - vector of entity attributes including limits
comment: u - vector of entity attribute code: 1/-1/0 - upper/lower/no limit
comment: w, -y - separation plane direction and position vector/scalar

comment: RETURN - class "+1”, ”-1", "unpredictable”

(

if intersectLmit(x,u, w,y) == true

then {Teturn unpredictable

(

if (w'z—7v)>0

then {Teturn +1
else <

else if (w'z — ) <0

then {Teturn -1
\

\

Function intersectLmt(z,u,w,y)

(

f=uw'z -«

if f=0 AND there is any limit in u
then return true

{ for each p < upper/lower limit components

if (f *w,*u,) >0 comment: u, - uth element of u
do

then return true

return false
\
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4.2 DataWith Error

4.2.1 Training

Similar to data with upper and lower limits, data with error can be treated the same as if both
upper and lower limits, £,, > £, are found along the same component. A hyper diamond box
formed by the limits surrounding the centroid value of the data point may intersect with the
hyperplane which separates the classes, or it may fall to one side of the plane. When there is
intersection, this data point is not trainable. Its classification is always true in testing. Because
it can be either class, it is nonpredictable. On the other hand, if there is no intersection, training,
testing and prediction may be undertaken in the same manner as using only the centroid value
of the data point. Conventional SVM algorithms are resumed using these values.

Here, the notation is extended into a space so as to cast the content of the centroid value,
the upper and lower boundaries, in case there is an error. Let D denote the set of entities with
three-dimensional space, R™*"*3, The first two dimensions are the same as the conventional
event matrix, but the third is an extension of its centroid value, the upper limit and lower limit
values of the corresponding event matrix. If data at an attribute have definite value, the centroid,
upper and lower limits are all equal to the definite value. If data at an attribute are at an upper
or lower limit, all three values are equal to the corresponding limit. A working set is W in
R™*™_ Further, the symbols, , and ,&, denote, as previously stated, an entity with attributes
that are all set at the centroid value, except along the uth component which is set at its upper

and lower boundaries, respectively. As opposed to training data with limits, here the trainable
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function is not used. Rather, the predictability Err function is used.

Algorithm 4.2.1: TRAININGERR (D, T¢onq)

Initialize (w,~)
(

while termination condition wunsatisfied
{

W = empty
for each entity p € D
if PredictabilityErr(p,w,y) ==TRUE

do

then W «p's centroid value
< do «
comment: invoke conventional training

call convTraining(W,w,~, Teona)

if W equals to previous W

then termination satisfied
\

return(w, )
\

Function PredictabilityErr(p,w,~v) comment: p = (z,y)

(

for each attribute u

if (W Zxw—7)(E*xw—7)<0
< do
then return false

return true

\
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4.2.2 Testing

When an entity is not predictable, there is an intersection between the hyper diamond error
box and the separation plane. This is set true in testing. Otherwise, the test is the same as that

performed at the centroid value of the hyper diamond error box. The algorithm is as follows:

Algorithm 4.2.2: TESTERR(z,y,w, )
comment: z - the attribute of p
comment: y - the class of p. p is a short representation of z and y

comment: w, -y - separation plane normal and distance

(

if PredictabilityErr(p,w,y) == FALSE
then return true
\ elseif (zw — v)y >0

then return true

else return false

4.2.3 Predicting

Similarly, when a point has an error box that intersects with the hyperplane, it is unpredictable.
Otherwise, prediction is possible by using the attribute values of the centroid point with respect

to a separation plane:
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Algorithm 4.2.3: PREDICTERR (z, w, )
comment: z - the attributes of an entity

comment: w, -y - separation plane normal and distance

(

if PredictabilityErr(p,w,v) = FALSE

then return unpredictable

\ elseifzw —v >0

then return +1

else return —1

4.3 ULEDSSVMs

The algorithms provided in the previous two sections treat data, including those with upper
and lower limits or with errors, respectively. When data have both limits and errors mixed
in the data set, the scenario used above can also be used. However, this section provides an
alternative algorithm to treat the training problem by masking out the untrainable items of data
and training the remaining entities within the same iteration loop. Next is the pseudocode for

this algorithm, ULEDS-SVMs. Here, the subsets are denoted as follows: D ¢ R™*"+1%3 js
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the set of data points with lower limits, definite values, and upper limits; U C R™*™ is the
set for the codes 1, -1, 0 and 2 that correspond to the upper limits, lower limits, error and
definite values, respectively; C' C R™ is the set of classes of the items; (w, «y) is the separation
plane; Op is the execution code for training, testing or prediction; and T¢,,q4 is the termination
condition. The « parameter in conventional SVMs is a vector for Lagrangian multipliers.
Modification of conventional SVMs can be restricted for output « after each convSVMTraining
iteration, and then input « as its initial parameter for training during the next iteration rather
than initiating « automatically within convSVMTraining. Iterate within convSVMTraining for
training only once or a few times; outside the convSVMTraining, use diag(mask)=*c« to replace
the original o« parameters. When there is both "work” set stability and convSVMTraining

convergence, training stops at the separation plane, (w, 7).
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Algorithm 4.3.1 - ULEDS-SVMs

ULEDS SvMs(D, U, C, w, gamma, Op, Tcond)
// assert: D, U, C are in order of theilr corresponding attributes

init d ret // common/static vector in R™n for attributes of one item
m = size(C) // number of items in D

init d //7 init matrix for one item in D, with 3 frame
init u // init vector for one item in U

init c // init scalar for one item about class Iin R71

// branch according to Op - training, testing or predicting

if Op == training // begin the training branch for ULED
init w,gamma
init mask // init mask vector,
init Work // init working set, as a subset of R™{m n+1}
init iterT = false // init termination condition in iteration
while iterT == false

Work = empty
// prepare the set by rejecting untrainable items iIn training
for 1 <- 1:m

// extract one item from the dataset

(d, u, ¢) <- extract the ith items from (D, U, C)

// check out the trainability
if trainPredictability ULED(d, u, c, w, gamma, Op) == true

mask <- 1
else
mask <- 0O
Work <- (d_ret, ¢) // item was put in the working set
endfor

alpha = diag(mask) * alpha // mask out the non-trainable item
// invoke conventional SVMs training routine

// with a little modification

call convSVMTraining(Work, w, gamma, alpha, Tcond)

ifT Work does not change in consequent iteration and Tcond satisfied

iterT = true
endwhile
return -1 // return the -1 code after successful training

elseif Op == testing // begin testing branch
init count = 0 // init the number of correct classification in test
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init Right // init the set in R™{m n+1} classified correctly
nit Wrong // init the set in R™{m n+1} classified incorrectly

for 1 <- 1:m // test the item one by one
// extract one items from the dataset
(d, u, ¢) <- extract the ith items from (D, U, C)

// check if predictable or not

if trainPredictability ULED(d, u, c, w, gamma, Op) == true
// predictable, then test as for the normal predication case
ifc* (dret*w - gamma ) >= 0 // classified correctly

count++
Right <- (d_ret, ¢) // output into Right class set
else // misclassified
Wrong <- (d_ret, c) // output into Wrong class set
else
// unpredictable, then set as classified right
count++

Right <- (d_ret, c) // output into Right class set
endfor

return count // return the correct classification number
elseif Op = predicting // begin predicting branch
for 1 <- 1:m // predict the items one by one

// extract one items from the dataset (d_class is unnecessary)
(d, u, ¢) <- extract the ith items from (D, U, C)

if trainPredictability ULED(d, u, c, w, gamma, Op) == true
// predictable, then predict as definite case
if (dret*w-gamma ) > 0

Dclass(i) = 1 // +1 class
elseif (d ret *w - gamma ) < O
Dclass(i) = -1 // -1 class
elseif (d ret *w - gamma ) = 0
Dclass(i) = 0 // right on separation plane
else
// unpredictable, then all set as 0 class
C(i) =0
endfor
return -3 // return the prediction code -3
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function trainPredictability ULED(d, u, c, w, gamma, Op)
// function for the trainability and predictability evaluation

n = size(u) // number of attributes
for mu <- 1:n
d ret(mu) = d(mu,?2) // assign the centroid value to d_ret
endfor
for mu <- 1:n // loop run through the attributes
if u(mu) == 0
// case of attribute with error
if intersectCompErr(mu, d(mu,1), d(mu,3), w, gamma) == true

return false
elseif abs(u(mu)) ==
// case of attribute with Limit (u(mu) = 1 or -1)
if Op == training
if trainabilityCompLmt(u(mu), c, w(mu)) == false
return false
if Op == testing or Op == predicting
if intersectCompLmt(mu, u(mu), w, gamma) == true
return false
endfor
return true

function intersectCompErr(mu, d_low, d up, w, gamma)

Xup <- d_ret // copy the vector for the centroid value Into xup
xup(mu) <- d_up // replace xup’s mu’th element by d_up
xlow <- d_ret // copy the vector for the centroid value into xlow

xlow(mu) <- d_low // replace xup’s mu”’th element by d_low
if (xup * w - gamma) * (xlow * w - gamma) <= 0

return true // one of theorem 3 intersection conditions satisfied
else
return false // no intersection along this component

function intersectCompLmt(mu, u_mu, w, gamma)

f=dret *w - gamma // objective function
if f == return true // one end of the limit right on the plane
if £f*w(mu) * umu >0

return true // one of theorem 3 conditions satisfied

return false

function trainabilityCompLmt(u_mu, w_mu, ¢)
ifwmu*umu=*c<=0

return false // theorem 1 condition violated
else
return true // theorem 1 condition satisfied
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Chapter 5

Chandra and Hubble Deep Field North

(CHDF-N) dataset

Multiband observations for Hubble Deep Field (HDF) and Chandra Deep Field(CDF) North
are used as the test bed in this study. This sky direction is used to avoid, as much as possible, the
stars from our galaxy and interstellar media so that observations can be as deep as possible. X-
ray observations using Chandra are from [4]. This reference contains, in its original catalogue,
370 sources which were discovered using an average of about 1 Ms exposure observation. A
more recent result based on a 2 Ms exposure was also available [1] at the time this work was
completed. However, because the new catalogue contains a large fraction of the total sources
that contain observational results that are not publicly available at wavebands other than X-ray
for magnitudes similar to those used here, the 1 Ms catalogue is still used for this work. Three

attributes were selected from [4]. These are fluxes of the full band, FB, the soft band, SB, and
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the hard band, HB.

[2] provides a source catalogue with magnitudes at several energy bands other than the
X-ray band of [4]’s X-ray observations. The source attributes include the magnitudes from
submillimeter, 20 cm radio, infrared, and several optical filter photometric observations. The
20 cm radio survey observation contains a much less positive detection than upper limits. Even
though the method developed in this paper targets training with toleration regarding the exis-
tence of upper and lower limits and errors, this attribute was eliminated for the purpose of the
SVM training, testing and prediction. That is, in this research, the astronomical aspects of this
work are not emphasized. The field for submillimeter observations is much smaller than for
other observations. Therefore, there is a large number of missing values for the submillimeter
attribute. In addition, even within the observed area, there are many upper limits, or values with
large errors. So, here the submillimeter attribute is dropped, too, for the same reason that the
radio attribute was eliminated. The attributes now used include the infrared magnitude, HK’,
and optical magnitudes with filters of z’, I, R, V and B, with corresponding colors from red to
blue. The relationship between flux and magnitude is [?] Mag = —48.6 — 2.5log(F’) where
Mag is the magnitude of an object, and F' is the flux of the source. As defined, the brighter a
source, the less value its magnitude. So, for source saturation in a photometric observation, a
lower limit of its brightness may be obtained which corresponds to an upper limit in magnitude.
On the other hand, a faint source with a negative detection on some wavelengths results in an
upper limit of brightness which corresponds to a lower limit in magnitude. Magnitude limits

for some of the sources with saturation or a faint limit are treated this way by referring to the
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survey limits described in [2].

For classification of the objects, one of the most important methods is to categorize objects
into stars, galaxies, active galactic nuclei (AGNSs), etc. The stars, galaxies and AGNs may
be further categorized according to subclasses. [13] identified and compiled, among 82 early
Chandra deep field X-ray sources, 32 sources for the classes of the objects. One of the sources,
(#39 in [13]), appears in neither [4]’s X-ray nor [2]’s optical catalogues. But, it is included
in [1]’s 2 Ms observation catalogue. Because there is a lack of attribute information for every
energy band except for X-rays, this source has been eliminated from the analysis.

Among the remaining 31 sources, there are 2 stars, 8 low luminous galaxies (LL), 7 high
luminous galaxies (HL), 8 broad line AGNs (BL), and 7 narrow line AGNs (NL). Given the
sample size of the identified objects, the low and high luminous galaxies are combined into
one class (-1), and the broad and narrow line AGNs into another (+1). Stars can be classified
relatively easily from multiband observations.

[2] also made spectroscopic observations of the bright optical counterparts of the 370 X-ray
sources. Although an atlas for the spectrum is provided, it has not been classified according
to the conventional types of astronomical objects, except for 5 stars. The intention here is
to integrate the data uniformly, and because the classification of stars is not a major issue of
astronomical interest here since the main focus is the classification of extragalactic objects, and
also because the classification for the known extragalactic objects is mainly in the subset that
does not interact with the star class, no further effort is made to include [2]’s stars in the data

set below.
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The composed data set for those objects with known identifications is shown in Table 5.1
with columns 1-2: the source sequence number in this Table and the source number in [4] [2];
columns 3-4: the source coordinates, Ra and Dec, from [2]. These coordinate attributes were
not used in training. Including these attributes here is for convenience of identification only;
columns 5-10: magnitudes of HK’, z’, I, R, V, and B from [2]; columns 11-13: X-ray flux in
a unit of 1071 ergs/cm?/s from [4]; columns 14-15: the source identification from [13] and
its digitized class, identified by combining galaxies as -1 and AGNs as +1, respectively, as
described above. The brackets "[ ]” quote the upper limit of a magnitude where saturation was
encountered due to a bright source. This includes 2 stars (No. 6 & No. 31) and 1 galaxy (No.
23) at some optical wavelength with filter observations. In addition, 4 galaxies (No. 10, 15, 23,
25) have upper limits at the HB X-ray measurements, as marked by "<”. Among these, source
No. 23 has both optical saturation and upper limits at the HB X-ray band.

It is reasonable to use a log scale for FB, SB and HB. But here in Table 5.1, the energy
flux is listed as the original linear scale, as in [4]. In the next chapter, it is log-scaled with
2.5*log(Flux) in training in order to scale up to match the scale in optical observations.

Without an identification constraint, there are 274 sources out of [4]’s original 370 sources
which satisfy the criteria. That is, the sources with the missing attributes were eliminated. This
information is compiled and presented in Table 9.1 in Appendix A where the values above the
slash indicate the magnitude and fluxes of the corresponding filter or energy bands, and the
values below the slash indicate the boundary code; this is a little different from U described in

the previous chapter because there is no error case here, where 1 is the upper limit, -1 is the
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lower limit and 0 is the definite value.
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No. S Ra Dec AR 7 T R v B B B B D EE
T 86 180071044 6216980 188 215 216 220 2388 245 454 14 305 HL 51
2 88 180075088 6227650 180 203 201 210 216 223 1511 461  10.69 NL +1
3 89 180077468 6218750 183 209 208 213 217 219 1608 675 921 BL +1
4 98 180088409 6218578 187 217 219 234 246 255 304 008 303 HL 1
5 101 189.095626 6225744 186 202 200 203 203 205 1633 607 1037 QSO +1
6 108 189105865 6223466 144  [180] [180] [180] [180] 203 162 112 024 M4Star *
7 117 189121338 6217942 188 222 224 238 248 260 231 016 222 NL +1
8 118 189122253 6227050 184 210 209 223 232 240 227 006 236 NL +1
9 130 189139526 6223836 213 260 251 250 253 264 100 042 061 BL +1
10 134 189143600 6220359 164 193 192 199 209 221 043 023 <027  SBILL 1
11 141 189147079 6218608 180 205 204 213 224 238 095 017 076 LL 1
12 144 189152679 6222969 189 211 209 215 220 226 1009 443 553 BL +1
13 145 189153122 6219889 191 215 214 222 229 235 494 197 290 NL +1
14 152 189.164917 6220847 206 241 238 245 254 260 069 033 038 BL +1
15 160  189.174164 6219222 183 200 197 201 203 209 038 013 <026 LL -1
16 163  189.175903 6226272 181 212 212 224 233 243 320 084 248 HL 1
17 171 189193130 6223466 182 209 210 222 228 238 2279 280 2012 BL +1
18 176 189200211 6221919 17.9 203 202 211 223 237 075 018 063 Ellip/LL 1
19 190 189215683 6220595 190 214 212 219 225 236 281 028 259 Qso +1
20 193 189220459 6224561 166 191 189 198 207 221 057 029 029 LL 1
21 198  189.231094 6221983 188 216 219 233 243 255 127 040 089 Ellip/HL 1
22 203 189237198 6221711 193 224 226 236 242 248 086 036 049 Ellip/LL 1
23 209 189243362 6216625 160 181  [180] [180] 191 201 023 010 <027 LL 1
24 212 189245209 6224303 179 206 204 215 222 230 731 230 517 BL +1
25 220 189258484 6218956 176 195 192 197 201 209 015 005 <018 LL 1
26 223 189261307 6226214 172 195 194 200 205 210 2474 430 2051 post-SB/HL -1
27 228 189269196 6228111 181 203 202 207 214 223 172 066 109 NL +1
28 237  180.278549 6228397 180 192 188 195 196 200 3194 1417 1715 BL +1
29 264 189307541 6224014 186 213 212 221 231 243 175 013 169 HL 1
30 274 189316452 6220364 190 222 224 237 247 253 440 007 449 HL -1
31 302 189357132 6228017 160 [180] [180] 197 207 221 052 025 <032 MAStr *

Table 5.1: Table of identified CHDF-N sources with identification for galaxies and AGNs. Two stars from [13]
are also included. Galaxies are assigned as -1, and AGNs +1 in its two-class categorization. In ID column the

symbols are for abbreviations of HL - high luminous galaxy; LL - low luminous galaxy; BL - broad line AGN;

NL - narrow line AGN; QSO - AGN; SB - star burst galaxy; M4Star - M4 type star. See text for details.
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Chapter 6

Classifi cation via ULEDS-SVM on

CHDF-N Dataset

6.1 Implementation of ULEDS-SVMslncorporated with LSVM

Chapter 8 will provide a detailed review of the SVMs and their implementation. Many SVM
implementations exist that emphasize different aspects. For the purpose of an implementation
that extends SVMs into ULEDS-SVMs and applies these ULEDS-SVMs in the CHDF-N data
set, the Lagrangian SVM (LSVM) [20] was chosen as the conventional SVM that is most
relevant to ULEDS-SVMs. LSVM is simple in implementation within a Matlab environment
and is especially suitable to showcase in the classroom.

The code for ULEDS-SVMs used here is written in Matlab language to utilize the matrix

handling advantage of Matlab. Otherwise, Matlab tools are limited to plotting the results of
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7 1 2 3 4 5 6 7 8 9 ~
(w,7) 05120 0.4993 0.3075 -0.3240 0.0052 -0.4486 -0.3593 -0.1657 0.3553 -1.2501
z 183 210 209 218 225 234 127  -0.399 0.854

Table 6.1: The parameter of the separation plane, (@, 7). The averages of the attributes, Z, are also listed here for
normalization.

this work. The code is given in Appendix B.

6.2 Classifi cation of the Star Class

Even though the main interest here is in extragalactic objects in the CHDF-N sky direction, it
is nonetheless necessary to separate stars from other objects first to demonstrate the capability
of the ULEDS-SVMs to separate the extragalactic objects as well as to clean up the data set
for extragalactic objection classification. Two stars are designated as one class, and all the
rest as another class. If one did not include the four sources with upper limits in the X-ray
HB measurement in classification, the stars could also be separated easily from the rest of the
sources. However, this separation, (w, ), might not allow the four sources with X-ray HB
upper limits, No. 10, 15, 23 and 25, to be satisfied. Therefore, these four sources are also
included in the classification.

For a parameter of v larger than 1.0 it is found that the two classes are separable. Figure 6.1
shows the separation of the stars from extragalactic objects in terms of the objective function,
f(z) = w*x — ~, in the X-axis versus its actual class in the Y-axis. With the separation plane
determined by ULEDS-SVMs, it is seen in Table 6.1 that the most dominant component In

this classification is the first attribute, followed by the second, and then the sixth and seventh
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SVMs —- Star Class Seperation
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Figure 6.1: Classification of stars from extragalactic objects. The asterisks for stars should be understood as upper
limit in the X-axis. The two classes are well separated.

48



attributes. In Figure 6.2, the data points are plotted in the projection of the (w1 * z1 4+ w2 * 22)
versus (w6 * z6 + w7 * x7) plane, where stars are identified with asterisks. The vertical
lines under the asterisks indicate the upper limits at the projected component. The line is
((wl+w2) xt+, (w(6) +w(7)) xt) and is the parameterized line function derived from
the separation plane, (w, «y). It separates the star class from the rest. The four right most points
above the line are the upper limit points at HB. It can be seen that without these four data points,
separation would tend to be flatter. The addition of the four upper limit data points helps to
constrain the separation of the two classes by extending the range of data, and so reducing any
ambiguity.

With only the two star class data, which contain the upper limits of the magnitude in some
of the optical energy bands, one would not want to exaggerate the results. Rather, this suggests
that the separation of the star class from the other classes is feasible. In the following, the stars
are excluded from the extragalactic object analysis so that the focus may be on the extragalactic

objects only.

6.3 Classifi cation of Extragalactic Objects

The extragalactic object classification for galaxies (-1) and AGNs (+1) was trained, tested and
predicted. Extragalactic object classification provides an opportunity to address some of the
questions that were not warranted in discussions of star class separation due to the sample size
limitation. One concern is the methods of training and testing. Another is the optimization of

the v parameter in the Lagrangian function.
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Star Seperation from Extragalactic Objects
3 T T T T T

wl*x1 + w2*x2

-3 I I I I I
-1 -0.5 0 0.5 1.5 2

W6E*X6 + W7*X7

=

Figure 6.2: A plot of the projection of the star and extragalactic classes on its analogical "principle component”.
Asterisks represent stars, and + signs represent extragalactic objects. Upper limits are given for the stars on the
projected component. The four extragalactic objects with upper limits are at the far right end above the line.
Without these four upper limit sources, separation can also be made easily, but would tend to be flatter. Adding
the four extragalactic objects with upper limits results in better constraint on the separation.
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7 1 2 3 4 5 6 7 8 9 ~
(w,) 02064 0.1189 00511 -0.0139 -0.0675 -0.0737 0.1377 0.1689 0.1090 -0.0594
(6w,65) 00122 00075 00090 0.0100 00092 00092 00091 0.0225 0.0147 0.0253
z 18568 21.240 21.148 22052 22784 23628 13837 -0.3756 1.0335

57 0.9433 14620 14219 14669 16056 17339 1.3471 17469 1.3657
(e,7.) 02036 0.1159 0.0508 -0.0063 -0.0609 -0.0750 0.2045 0.2049 0.0
(6,,6%) 00113 00067 00079 00092 00093 00101 00161 0.0190 0.0237

Table 6.2: The parameter of the separation plane, (w, %) for extragalactic object separation: AGNs and galaxies.
The averages of the attributes, Z, are also listed here for normalization. The rows with é represent the standard
deviation of the corresponding parameters. The rows with the subscript, 8”, indicate the results after eliminating
the HB attribute and source No. 23.

To verify training and testing it is appropriate to use the leave-one-out method due to its
limited sample size rather than the three-fold or ten-fold methods usually used. In the leave-
one-out method, a sample is withheld from training. This withheld sample is used as a test
sample against the separation plane that was obtained from training the remaining samples.
The average of the separation plane, (w, ), obtained from training each of the subsets by
holding one out, is the final separation plane. Training accuracy is measured by the averaged-
accuracy of the plane for all the leave-one-out training results. Also, the accuracy of the test
itself is the averaged-accuracy of all the leave-one-out test results.

For a wide range of v parameters, the above process is repeated to find the optimized v.
Training and testing accuracy along the v parameter is shown in Figure 6.3. The maximal
product value of training and testing accuracies along v is then chosen. At log2(v) = —4, this
value reaches a maximum of 60.8%, with 80.0% and 76% for training and testing accuracies,
respectively. It is also noted that the values of the two terms in the Lagrangian function, Eq.
3.3, are close to each other at this v value, about 6 x 102, respectively. The parameters of the

averaged leave-one-out separation plane are listed in Table 6.2, together with the normalization
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Figure 6.3: Accuracies for training and testing along the selection of the weighting parameter of ». At v = 1/16,
training and testing accuracy compromise to reach a maximum in terms of their product, shown as the bottom
curve.

52



Galaxies and AGNs Claasification
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Figure 6.4: Classification of galaxies (0) from AGNs (+). the separation planeisat f = z xw — v = 0.
parameters of the components.

The final accuracy percentage for the whole sample, obtained by using the averaged sep-
aration plane, is 82.8%. A plot of the classification is shown in Figure 6.4. [1] (Fig. 13),
[13] (Fig 8) and [3] show the classification of AGNs and galaxies based roughly on the line of
divisionat log(F'z/Fr) = —1, where F'z and F'r are fluxes at the soft X-ray (0.5-2.0 keV) and

the R band in optics. Data under this separation regime are plotted in Figure 6.5 for compari-
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son. Eight out of 29 objects were misclassified, which corresponds to a 72.4% accuracy. With
the ULEDS-SVM separation, as shown in Figures 6.5 and 6.6, there are 5 misclassifications.
The accuracy of the ULEDS-SVM classification is 82.8%, better than that obtained from the
conventional log(Fz/Fr) = —1 separation method.

In order to compare results obtained from ULEDS-SVMs with those from conventional
SVMs which do not contain data limits and errors, one may trim the data in one of three pos-
sible ways:

1) eliminate the attribute of the HB X-ray flux which contains the greatest number of sources
with upper limits, and eliminate source No. 23 which has limits at two optical magnitudes.
These compromise the two other trims below;

2) eliminate all data with upper limits, namely, source Nos. 10, 15, 23 and 25;

3) eliminate all attributes with upper limits, namely, I, R, and HB;

The results of the first and the second approaches are shown here for comparison. Approach
3 trims three attributes due to four sources; this approach is expensive and, therefore, not
favorable here. In the first approach, there are 28 samples with 8 attributes. A leave-one-out
training and testing process was conducted, as described above. This result is also listed at the
bottom of Table 6.2. This approach leads to an accuracy of 82.1%, which is about the same as
that with all data and attributes included. The margin is 1/norm(w) = 5.15, also about the
same as that of 1/norm(w) = 5.57 with all data and attributes included. The third approach

resulted in an 80.0% accuracy, slightly smaller than the ULEDS-SVM result of 82.8%. It is
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Figure 6.5: Conventional separation of galaxies (0 and square sign) from AGNs (+) on R-log(Flux) plot. The

separation line is log(fz/fr) = —1, where fz/fr is the ratio of the X-ray flux to that at the R band [1] [13] [3].
There are more misclassifications here than with the SVM regimes in Fig. 6.6.
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Plot for SVMs Seperation
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Figure 6.6: SVMs separation of galaxies (0 and square sign) from AGNSs (+) on Class-log(Flux) plot. The separa-

tion line is on the X-axis. There are fewer misclassifications here than with the conventional classification regimes
in Fig. 6.5.
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noted that the HB, SB and FB are not fully independent. The HB may be approximated by
subtracting the SB from the FB. This may explain why the difference is not large between the

accuracy rates of the trimmed samples and the full sample analysis.

6.4 Prediction

Using the algorithms described in Chapters 3 and 4, the class for extragalactic objects among
the 274 sources in the CHDF-N data set (Table 9.1 in Appendix A) was predicted. There are 9
magnitude or flux columns in the Table. The X-ray flux is converted into a 2.5log(F'z) scale in
order to match up the log scale of the flux at the optical energy band. Table 9.1 also provides
the code for upper and lower limits as well as definite values for the corresponding magnitude
or flux: 1 for upper limits, -1 lower limits, O for definite values. Among these sources are 138
sources with either upper or lower or both kinds of limits among the 9 attributes. This is about
half of the total CHDF-N sources compiled here. There are 136 sources that only have definite
values.

Predictions were made using the ULEDS-SVM algorithms, implemented with Matlab; the
results of the class predictions are given in the Cy,. column in Table 9.1. Here, 1 is the AGN,
-1 is the galaxy, and 9 unpredictable, which means that given the magnitudes and flux limits
it is not possible to determine on which side of the separation plane the source point would
be. The predictions for the 136 sources with definite values for their classes is straightforward.
Among the 138 sources with upper and lower limits, there are 67 unpredictable sources and 71

predictable sources. The total prediction rate for all 274 sources is 75.5%. This is significantly
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higher than the 49.6% prediction rate using conventional SVMs.

Note that in Table 9.1 there is no attempt to predict the star class even though there was
training for the star class, and it was possible to separate the stars. The reason for this is the
limited sample size of stars for training and the uncertainty about their magnitudes. Techni-
cally, it is not a significant challenge to separate for the star class. For example, a shorter
exposure time would eliminate saturation; moreover, observation from another sky direction
that has similar absorption would enlarge the star sample for training. These efforts can help

define the separation plane. However, star classification and separation are not the focus of this

paper.
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Chapter 7

Discussion and Conclusion

7.1 Discussion

Based on the theorems outlined in Chapter 3, the SVMs’ treatment in a domain which includes
data with upper/lower limits and errors in training can be provided with only one more con-
straint put on their trainability over and above the ordinary SVM training regime for definite
data. This trainability can be tested in a very compact form for limit data and error data. The
time complexity of the trainability test is O(n) for an entity that has only limits, and O(n?) for
an entity that has errors or errors mixed with limits, where n is the number of the attributes. The
time complexity for the whole training process is O(Amn) and O(Amn?) for the two cases, re-
spectively, using the algorithms provided in 4.3.1 and implemented in cooperation with LSVM
in this case, where A is the number of iterations for training, and m is the number of entities.

In contrast, the time complexity would be O(mk™) using the enhanced 1R rule for handling
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cases that include data with limits and errors (Chapter 2), where & is the number of elements
along one dimension of the attributes. It is obvious that even with this simple 1R, the scalability
is challenged to handle the error and limit data, whereas ULEDS-SVMs do not have such a
serious problem.

The algorithms provided in the first two sections in Chapter 3 have high portability to
assemble conventional SVMs into ULEDS-SVMs in order to support limit and error data. Such
portability is an advantage in software engineering. Even in the use of algorithm 4.3.1 to further
improve speed, the modification of conventional SVMs is minimized; one must only add the
Lagrangian multipliers vector, «, as input and output parameters and skip the initialization step
of e within conventional SVMs.

The potential application of ULEDS-SVMs may vary within scientific research and extend
to many other fields. One of the issues in astronomy that is relevant to the application of this
method concerns the survey study. Most survey studies are based on the source selection of a
specific energy band. CHDF-N is such an example where the source completeness is measured
in terms of the X-ray source limits. A fundamental question is why would the source selection
be based on X-ray or any other specific energy band. A volume limited selection, for example,
could possibly lead to a result that is statistically quite different from that of a survey that has
as its source selection a specific energy band. For example, the so-called X-ray quiet source
would show up and thereby make a difference in the source population. In fact, there are more
optical sources than X-ray sources in CHDF directions within the current astronomical facility

limits. To conduct a survey such as one that is volume or flux limited, one needs to have a
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methodology to handle the mismatch of the sources at different energy bands. That is, a source
may show up in some of the energy band observations, but not in others. ULEDS-SVMs may

provide one of the tools to handle this classification issue in similar kinds of surveys.

7.2 Further Work

The prospect of generalizing ULEDS-SVMs into a kernel version for nonlinear SVM exten-
sion depends on the conditions under which the transformation from attribute space into feature
space still maintains the meaning of the upper and lower limits in this space, and probably in
others:

1) the upper (lower) limit or error definition is still meaningful in feature space;

2) the intersection definition for data with upper (lower) limits or errors exists in feature space.
One example is logarithmic mapping, which is relatively trivial. In fact, any monotonic map-
ping can reserve the above two conditions. This space is rescaled with one-to-one dimension
mapping. The number of dimensions does not change, and even the dimension itself does not
change into any other. Obviously, this is a severe constraint. Finding more general mapping
methods which satisfy ULEDS-SVMs may be challenging.

The training algorithms shown in Chapter 4 to treat limits are similar to the perturbation
theory in physics which is conditional under some perturbation conditions. Mathematically,
this phenomenon is exhibited in the Lagrangian function, 3.3. Its differential deviations intro-
duce no new terms within a reasonable variable range in comparison to its conventional form.

That is, it is true that support vectors maintain the multipliers’ appearance. However, changing
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a component sign of a hypothetical plane normal, if it has a limit, can result in the appearance
or disappearance of the corresponding term in Lagrangian. When the evolution of the hyper-
plane along the course of the iteration step in training is not large, such a term may come and
go and can be regarded as perturbation, given that the hypothetical separation plane sweeps
gradually in the feature space in the training process. For error data, there could be a more
complex process, which is worth probing further.

It has not yet been proven mathematically that ULEDS-SVMs converge within a frame of
any SVM in general. However, it can be shown that the implementation of ULEDS-SVMs
within the frame of LSVM converge because of the general satisfaction of the 0 < « < v/2
condition for the regression parameter, ¢, in SVMs. Convergence under more general condi-
tions for other SVMs needs to be studied in further work.

The training algorithms for the limit case in section 4 assume that there is at least one
definite value entity in each class. In the case of an empty class set, the initial separation plane
must be set in such a way that all data are at one side of the separation plane. Otherwise,
the training could lock. One can get around this problem, if there really is an empty class for
ordinary data, by some treatment of the initialization handling process. This is not the core
part of the algorithm and is not extended here. Besides, for most real world situations none of
the sets are empty. Even without such initialization handling, the algorithms can be applied in
most of the cases.

Support vectors at the centroid value were chosen if data with errors were trainable. An

alternative choice may be the boundary at the end closest to the separation plane. This may be
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done by modifying the 4.3.1 algorithm at the corresponding d,et setting. The current data set

is limited to the domain which contains only data with limits.

7.3 Conclusion

The Upper/Lower Limit and Error Data Supported Support Vector Machines, ULEDS-SVMs,
were developed in cooperation with data training, testing and prediction by using data with
upper or lower limits and errors. The significance of the existence of uncertain data along
some of the attribute dimensions is that some of the data may be classifiable and predictable
by class, and some may not be classifiable or predictable with respect to the separation plane.
The feasibility of classification and prediction was recognized and treated in training, testing

and prediction for upper/lower limit cases and for error cases, respectively.

7.3.1 Upper/Lower Limit Cases

o data with upper (lower) limits are not trainable if w,y < 0 (w,y > 0). Training can be
done by eliminating the untrainable data. Testing using unpredictable data always leads
to a true classification result since the separation plane hypothesis does not contradict its

class.

o data with upper (lower) limits are trainable if w,y > 0 (w,y < 0). Training can be done
by setting the values of the attributes which have the same limit measurements as the

corresponding limit values. Testing can be done the same way as conventional testing of
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(w'z — v)y > 0, but by replacing z? with its limit value.

e Prediction may have one more category, unpredictable. If there is any intersection be-
tween the separation plane and the upper or lower limit of an attribute of an entity, it is
not classifiable via the separation plane. Otherwise, the sign of f = w'xz — -y decides if it

is of the "+1” or "-1" class.

7.3.2 Datawith Error

The methodology used to classify data with error is a natural extension of that used for data
with limit measurements, that is, the simultaneous treatment of the upper and lower boundaries

as upper and lower limits.

e The training and prediction feasibility condition is given by (,z'w — 7)(,z'w — ) >
0 along every attribute dimension. Otherwise, data are untrainable and unpredictable.
When the condition is satisfied, both the upper and lower boundaries are on the same

side of the separation plane.

e The untrainable data are not included in the sample in training, but they do count to-
wards the number of correct classifications since the hypothesis does not contradict the
current classification scheme. Training the trainable data uses the same method as the

conventional method by using the centroid value of the attributes of the entity of the data.

e For unpredictable data, testing is set correct. For predictable data, testing is set against

(w'zP — v)y? > 0.
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e Unpredictable data are not predictable. For predictable data, the data are predicted by

the sign of (w'z — ), with "+1” when positive and "-1” when negative.

7.3.3 Application in CHDF-N

The Chandra and Hubble Deep Field North (CHDF-N) database was integrated and consists
of 31 identified entities out of 274 total entities. These data sets represent the observations in
the sky direction where the largest astronomical facilities allow the longest exposure times in
order to study the formation and evolution of galaxies. Some entities have attributes of upper
or lower limits because they have reached their detection limits or are saturated in their images.
This data set was used as a test bed for ULES-SVMs.

Machine learning via ULES-SVMs was carried out for classification into two kinds of as-
tronomical objects, galaxies and AGNs, by combining their subclassifications; this was done
because of the limited number of samples. Even though the extragalactic objects were success-
fully distinguished from stars, and the power of ULES-SVMs is obvious in eliminating some
of the ambiguity, it is not the intention here to emphasize this capability so as not to overread
the results of star classification due to the limited statistics available for the star sample.

The identified extragalactic objects were trained and tested using the leave-one-out method.
This method obtained an accuracy of 82.8%, which was a significant improvement over the ac-
curacy obtained via the conventional R — log(F'z) plot categorization regime of about 72.4%.
Using conventional SVMs, and excluding the upper/lower limit cases by eliminating an at-

tribute and one source from the sample, yields a 82.1% accuracy, obtained from one of the
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most optimized approaches; this accuracy rate is about the same as the ULEDS-SVM result.
The margin using this approach is 5.15, also about the same as the 5.57 obtained by using
ULEDS-SVMs for the whole of the identified data set. Trimming all the limit data results in
a 80.0% accuracy. This shows, on the one hand, that the ULEDS-SVMs training provides the
best results even though improvement is limited. On the other hand, there may be sufficient
margin to warrant further selection of the attributes so that classification is more sensitive to

the data and attributes.
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Chapter 8

SVMs- abrief history and its updates

Support Vector Machines (SVMs) have recently been developed within the framework of statis-
tical learning theory [25] and have been used successfully in a number of applications, ranging
from time series prediction [9] [23] to face recognition to biological data processing for medical
diagnosis [11] [17]. Their theoretical foundations and their experimental successes encourage
further research on the characteristics of SVMs as well as their further use.

Some articles and books provide excellent reviews and tuition about SVMs, e.g., [5] [7] [24]
[8]. In the first part of this section the basic ideas and principles of SVMs are described. Then,

in the second part of this section, more recent progress of their implementations is outlined.
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8.1 SVMs- asa Statistical Learning Method

8.1.1 Theoretical Framework

Support Vector Machines have been developed and can be incorporated within the framework
of Statistical Learning Theory (SLT) [25]. SLT concerns the problems of supervised learning
in the following form: here is a set of [ training data, {(z;,%;)},% = 1...I in R**!, sampled
according to an unknown probability distribution, P(z,y), and a loss function, V (y, f(x)),
that measures the error when, for a given z, f(x) is predicted instead of the actual value, y.
The problem lies in finding a function, f, that minimizes the expectation of the error on new

data; that is, one must find a function, f, that minimizes the expected error:

[V, £(@))P(, y)dsdy 6.)

Because P(z,y) is unknown, one needs to use some form of induction principle to infer from
the available m training examples a function that minimizes the expected error. The function
uses, as the principle, Empirical Risk Minimization (ERM) over a set of possible functions,

which is called hypothesis space, H. This can be written to minimize the empirical error:

Vs (@) ©2)

with f being restricted so as to be in a space of functions, or the hypothesis space, H. Vapnik

and Chervonenkis [26] describe the boundary between the expected error and the empirical
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error in terms of VC-dimension:
Theorem 4: if V is the VC-dimension of a hypothesis space, H, then with probability,
1 — n, the minimum of the expected error that can be achieved with functions from H, say L,

and the minimum empirical error, say Len,, satisfy the constraint:

1L = Lom|| < 4\/5\//1(509(25//1) +z1) — log(n/4) 63)

independent of the distribution of the data, P(z,y).

The VC-dimension for the set of functions, f(X,y), is defined as the maximum number of
training points that can be shattered by f(z,y) in H. Here, if a given set of / points can be
labeled in all possible 2! ways in the binary class, and for each labeling a number of the set,
{f(z,y)}, can be found which correctly assigns those labels, one says that the set of points is
shattered by that set of functions.

According to the theorem, the higher the VC-dimension, the more complex the hypothesis
space and the larger the difference between the expected error and the ERM, as shown in Figure
8.1.

The objective of SLT is to construct the hypothesis spaces, H, € Hy € ... € H,,, in order
of complexity; i.e., H;,1 is more complex than H;. ERM is performed in each of these spaces,
and the choice of the final solution can be made using the aforementioned boundaries. This
approach is the so-called Structural Risk Minimization (SRM) [25].

In [27], the VC-dimension was estimated via simulation. By taking into account the prob-

ability distribution of P(z,y), which does not appear in Theorem 4, further constraint on the
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Figure 8.1: VC confidence ||L — Lymnp|| vs h/l. Courtesy of [5]. Sample size is 10,000, and # is 0.05, or
1 — n = 95%. For different 5, the trend of the curve is about the same. Sample size is not sensitive as log(n) /1 is
negligible in comparison to the first term of the VVC confidence inequality in the theorem.
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error estimation may be achieved.

8.1.2 Support Vector Machine

The idea outlined above is adopted in SVM formulation. For SVMs, the objective is to find an
optimal hyperplane as the solution to the learning problem. The simplest solution of SVMs is
the linear in the attribute space of the data set, x. Here, the hypothesis space is a subset of all
the hyperplanes of the form:

f(z) =wz +~v (8.4)

To generalize, SVMs find a hyperplane in a space different from the attribute space. This space
is called feature space. It is a hyperplane induced by a kernel, with the definition of the dot

product as a subset of Hilbert space. This space can be formally written as

{f 11 fllg < oo} (8.5)

where K is the kernel that defines the Reproduction Kernel Hilbert Space (RKHS), and || f||2
is the RKHS norm of the function, f. In linear space, K (z1, z2) = 2122, and the functions are
of the form, f(z) = wz + v, and the RKHS norm of these functions is the norm of w, namely

|| f2 = ||w||?. SVMs consider the subset of this space, namely

{f - lIf1lx < A%} (8.6)
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for some constant, A.

Instead of searching many hypothesis spaces one by one using ERM for each choice of A,
SVMs search for an A in such a way that the problem changes into a quadratic programming
(QP) problem after combining the loss function as a measure for tradeoff.

At this point in the discussion, a distinction is made between the SVM classifier and the
SVM regressor. The misclassification error in classification needs to be minimized. So, a
loss function of the form sign (—yf(x)) should be used. However, by combining the mixed
case where two classes are not separable, a soft margin is introduced which can be described
by slightly extending the original loss function into the form of |1 — yf(z)|+, where |a|, is
defined as a if a > 0 and 0 if ¢ < 0. The margin has an important geometric significance;
for every point, (z, y), its margin is its Euclidean distance from the hyperplane, with a positive
sign if the point is correctly classified by the hyperplane, f, and a negative sign otherwise. The
margin of the hyperplane, f, is defined as the distance of the closest correctly classified point
to the hyperplane, f.

For regression, the loss function used is the so-called epsilon-insensitive loss function,
ly — f(z)|e, whichis equal to |y — f(z)| — € if |y — f(z)| > ¢, and O otherwise. So, the machine

learning via SVMs is the minimization problem of

min||f|[z +v D11 — yif(z:)]+ SVM Classification (8.7)

min||flz + v |y — fzi)]+ SV M Regression (8.8)
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where v is a so-called regularization parameter that controls the tradeoff between the empirical

error and the complexity of the hypothesis space that is used.

8.1.3 Lagrangian Approach

The hyperplane in a linear space is

f(@y) =(@w+7) =0 (8.9)

And the margin can be written as the planes of the form:

fay) =ylaw+7) —1=0 (8.10)

with the "+1” class expected beyond f(x ;,4;) = yi(z;jw +v) — 1 > 0, and the "-1" class
expected beyond f(x;, v;) = yi(z;w + ) — 1 < 0 when it is separable. This can be expressed
in term of the Lagrangian function similar to that used in physics.

With the introduction of Lagrangian multipliers, «;,7 = 1, ..., m, one has

1
Lp = §||w||2—zaiyi($iw+7)+zai (8.11)

One must minimize Lp with respect to w, b, and simultaneously require that the derivatives of
Lp, with respect to all ¢, vanish with subjection to the constraints, «; > 0. This is a convex

quadratic programming problem. The dual problem, the maximization of L p, also satisfies this
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constraint.

Requiring that the gradient of L p, with respect to w and b, vanish assumes the conditions:
w = Z QG YL (8.12)

Yy =0 (8.13)

Substituting them into Eq. (8.11) gives
1
Lp =3 0= 5> 0ioyuiy;zit; (8.14)

Karush-Kuhn-Tucker (KKT) conditions link the optimization problem of the Lagrangian
function with the solution of the problem. For the primal problem above, the KKT conditions

may be stated ([10]):

82),, Lp=w, — Y oyiTs (8.15)
92, =3y =0 (8.16)

3’Y P — iYi = .
yilzizw+9)—-1>0 i=1,..,m (8.17)
@ >0 Vi (8.18)
a;(yilwzi +v)—1)=0 Vi (8.19)

When there is a mix of the classes, slack variables, &;, are introduced into the function
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concerning the margin separation planes (equation 8.10),

fzi,y) = yilzow +v) — 1 = § (8.20)

§=>0 Vi (8.21)

for each entity of data. The primal Lagrangian is

Lp= %||w||2 +v Y &= afylmw +v) =1+ &} =D wii (8.22)

where the u; are the Lagrange multipliers introduced to enforce positivity of the &;, and v is a
parameter to be chosen by the user to penalize the error in the mixed parts. Its dual form is the

same as Eq. 8.14

1
Lp =30 = 5 3 0i0yiy;i, T (8.23)

except the Lagrangian Multipliers are subject to
a <o <V (8.24)

D oy =0 (8.25)

with the boundary of p rather than 1.
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8.1.4 Learningin Nonlinear Space with Kernel

In a generalized nonlinear space, a map from the attribute space into the feature space

¢:R* > H (8.26)

exists which maintains the kernel property if the condition of Mercer’s theorem is satisfied
(see, e.g, [24][10] for details). Using Mercer’s theorem, the expensive calculations required
to project samples into the feature space can be replaced by a much simpler kernel function,
K(z1,z2) = ¢(x1)¢(z2), in place of the dot product, z,z2, in the Lagrangian dual form in Eq.
8.14. Moreover, one does not need to do the actual mapping, but only refer to the kernel in the

feature space.

8.1.5 Multiclasses

The multiclass problem can be solved using two different strategies. One is the so-called
one-against-rest [14] method. Each SVM distinguishes one class from all the other classes.
The final output is the class that corresponds to the SVM with the highest output value. The
other strategy is called the one-against-one [16] method. This method constructs all possible
K (K — 1)/2 binary SVMs for the K-class problem, each of which is used to discriminate two
of the K classes only. When a testing pattern is to be classified, it is presented to all the SVMs,

each providing a partial answer that concerns the two involved classes.
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8.2 SVMsImplementation and Development

8.2.1 Training via Decomposition

There are many implementations for SVMs. An analytical solution can only be possible for a
very small number of training data. For training that does not use large amounts of data and
attributes, quadratic programming routines can be called on directly to solve the QP problem,
derived as Eg. 8.15-8.19. However, the problem quickly exceeds the computer capacity in
both time and memory required as the number of data entities and attributes increases if the QP
routines are directly called upon. One of the directions of the research in SVM implementation
is to deal with the large data set problem. Segmentation is widely used to chuck data into
portions in training.

Osuna and Girosi [21] describe a decomposition algorithm to partition the training data into
two segments. One is called the working set, B, the other, N. Two propositions hold for the
"build down” and "build up” formulation of SVMs:

Proposition 1: moving a variable from B to N leaves the cost function unchanged, and the
solution is feasible in the subproblem.

Proposition 2: moving the variable that violates the optimal conditions from N to B gives a
strict improvement in the cost function when the subproblem is re-optimized.

The algorithm based on these two propositions is:

1. Arbitrarily choose |B| points from the data set.

2. Solve the subproblem defined by the variables in B.
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3. While some j € N exists that satisfies the support vector condition, move it to B and solve
the new problem in B.

The propositions above can be seen as the basis for the category of decomposition algo-
rithms that deal with large sets of data in SVMs. These products include:
BSVM which provides SVMs with the solution for large classification and regression problems
[[14]]. Its implementation borrows the structure of LIBSVM (see below). For the boundary-
constrained formulation for classification and regression, BSVM uses a decomposition method.
The use of a special implementation of the optimization solver, TRON, allows BSVM to iden-
tify bounded variables.
LIBSVM [6] is a library containing software for support vector classification (C-SVC, nu-
SVC ), regression (epsilon-SVR, nu-SVR) and distribution estimation (one-class SVM ). It
supports multiclass classification. The basic algorithm is a simplification of both the Sequential
Minimal Optimization (SMO) by Platt and SVM¥ " py Joachims. It is also a simplification
of modification 2 of the SMO by Keerthi et al. These are starting practice tools to help ease the
complexity of SVM applications in general.
SVMZht [15] is another implementation based on the decomposition algorithms. It is a pack-
age that is able to handle large data sets. It applies some sophisticated methods to obtain the
set of variables that is moved up to or down from the B set, accompanied by expanding or
shrinking the cache size, and making efficient housekeeping of the decomposition, gradient
and termination.

The SMO [[?]] can be seen as the extreme case of decomposition where the B set contains
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only two variables. Then, an analytical solution can be obtained directly, freeing the innermost
iteration from the code as opposed to the ordinary case for B set optimization problem solving.

This saves a calling procedure for the QP problem solver at the innermost nest level.

822 LSVM

The Lagrangian Support Vector Machine (LSVM) [[20]] belongs to another kind of algorithm,
other than the decomposition algorithm. Because of its simplicity and its use as the basis of the
ULEDS-SVMs application in CHDF-N data in this work, it is described in a little more detail
here.

Some modifications of the standard Lagrangian Function (Eq. 8.22 and 8.23) are necessary:
one is to add a term so that the distance of the plane is measured in (w,~) € R™"" space;
another is that the term of the slack variables appears quadratically rather than in linear form,
as used before. In fact, it is as reasonable to use the quadratic term as it is to use a linear term,
since it is used to measure the penalty for the misclassification. Both can effectively achieve

this penalty purpose. The new function appears as in Eq. 8.27.

: yy 1., )
oD Yy Tt y) st D(Aw—ey) +y e (8.27)

As a result, its dual form is a positive definite:

1,1
min —u'(= + D(AA’ + e€')D)u — €'u. (8.28)
0<ueR™ v
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By defining the notations of
I !
H=D[A —¢, Q=-+HH. (8.29)

Equation 8.28 takes the form of

: i 1 ! !
,Jnin_ flu) := U Qu — €'u. (8.30)
This reaches a concise KKT condition of
0<u 1L Qu—e>0. (8.31)

These optimal conditions lead to the following form to be used as the basis for the iteration

formula of the LSVM algorithm:
u = Q7 e+ ((Qu' —e) —au’),), i=0,1,..., (8.32)
which converges from any starting point under the condition of
D<a<-. (8.33)

Here, i represents the number of iterations. The algorithm iterates using equation 8.32 directly,

and obtains the result of the Lagrangian Multipliers when converged under the termination
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condition. The results regarding the separation plane are:

w=ADu, y= g, v = —e' Du. (8.34)

8.2.3 SSVM and RSVM

Smoothing is a kind of treatment to overcome overfit. Overfit problems may occur when there
are more parameters than needed to describe a feature. Optimization in a feature space with a
large number of parameters for the support vectors is likely to exhibit overfit. In [18]’s Smooth
Support Vector Machine (SSVM), the Lagrangian Function is adopted in the same way as it is
used in Eq 8.27 for LSVM. Moreover, the slack variable, &, is replaced directly by its solution,

¢ = (e — D(Aw — e7)),. Then, the integral of the sigmoid function, =z

1
p(z,a) =z + alog(l +e ), a>0 (8.35)

is used as an approximation to smooth the slack variables in Eq. 8.27. The resultant SSVM

takes the form of:

v 1
in L, : in  — — D(Aw — 5+ = (w' %). :
w0 Lalw,y) s min o flp(e = D(Aw = ev), o)z + 5 (w'w +77) (8.36)

The algorithm of SSVM works directly on the Lagrangian Function (eq. 8.36) Two techniques

are used: a) the Newton Direction, d*, is used to determine the steepest gradient direction of
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the Lagrangian Function,

V2La (wﬂ, ,Yﬂ)dlt =-VL, (wﬂ, ’YM)I (837)

b) Armijo Stepsize, A\, € R, is used so that

(Wi, ) = (wh, ) + Audt (8.38)

where A, = mazl1,1/2,1/4, ... such that

La(w*, ) = La((w#, ¥*) + Aud*) = =00,V Lo (w#, v*)d* (8.39)

where ¢ € (0,1/2).

Using a smoothed SVM technique such as SSVM [18], [19] proposed a reduced SVM,
RSVM, to handle very large data sets. The kernel, K(A, A), when replacing the product in
linear form, may be replaced by K (A, A), where A is a subset, usually 1%-10% in the original
events. Even though half of the kernel is so reduced, the interaction of the two parts still
contains information, hopefully enough to construct the separation hyperplane. The smooth
SVM, e.g., SSVM, is used in training the set for the reduced kernel. According to [19], in
testing several data sets, RSVM does not have a worse performance, and has mostly a better
performance, than SMO and PCGC, a Gaussian Kernel SVM, in both time and correctness.

It may appear surprising that reducing the data set would produce an even better correctness

82



result than not reducing it. However, this may be understandable in light of the utilization of
the smoothing technique which overcomes overfit. At the same time, the so-called reduced
SVM is, in fact, only a reduction of part of the kernel. Every entity of the data set is utilized
through the first half of the kernel, at least. In this sense, there may not be much information

that is lost.
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Chapter 9

Appendix A - CHDF-D Dataset and Class

Prediction

The Table in this Appendix shows the Chandra and Hubble Deep Field North (CHDF-N)
dataset and its class prediction. In the attribute columns, the code for upper limits, lower
limits or definite value is also given under the slash */”. The columns have the same mean-
ing as explained for Table 9.1 wherever common columns are the same (see text). The first
column shows the sequence number, and the second column shows the source number from
[4]. The last column, C,., shows the classes predicted using the training results in Table 6.2:
1 for AGN, -1 for galaxy, 9 for unpredictable. (See details in chapter 6 for training, testing
and prediction.) Among the 29 extragalactic sources with known identifications, there are 5
misclassifications resultant from the training. The Table shown here contains part of a total of

274 sources. There are 138 sources with limit measurements; 71 sources are predictable, and
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67 sources are unpredictable. It shall be noted that there is no effort to pre-separate stars from
others in this Table.

The whole Table can be accessible on line (http://www4.ncsu.edu:8030/"xsun4).
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SeqNo. HK’ z I R Vv B FB SB HB C
1 20 226/-1 26.3/0 26.4/0 292/-1 285/-1 29.0-1 -0.1765/0 -1.3821/0 -0.1512/1 9
2 21 209/0 247/0 249/0 2550 26.1/0 265/0 -0.7745/0 -2.3020/0 -0.5190/1 9
3 22 226/-1 252/0 2510 28.0/0 2850 2850 13786/0 -0.6893/0 1.1371/0 1
4 23 226/-1 270-1 276/-1 29.2-1 285-1 29.0/-1 0.2070/0 -0.9419/0 -0.2980/0 9
5 24 216/0 246/0 247/0 2550 257/0 26.0/0 -0.2023/0 -1.8031/0 -0.3873/1 9
6 25 1980 226/0 2250 2320 237/0 239/0 11672/0 0.2423/0 0.4617/0 1
7 27 2010 21.9/0 21.7/0 229/0 234/0 242/0 0496/0 -1.9897/0 0.3807/0 1
8 28 1930 2280 226/0 231/0 234/0 2400 0.1980/0 -1.9897/0 0.0215/0 -1
9 29 226/-1 243/0 244/0 254/0 256/0 26.3/0 28822/0 1.0744/0 2.6192/0 1
10 30 1850 2250 222/0 227/0 237/0 2480 0.9137/0 -1.5495/0 0.8561/0 -1
11 31 22.6/-1 254/0 27.3/0 26.7/0 285-1 27.7/0 3.1860/0 1.8229/0 2.7739/0 9
12 32 187/0 21.2/0 2100 21.3/0 21.8/0 2200 3.0568/0 2.0205/0 2.5457/0 1
13 35 209/0 228/0 229/0 242/0 261/0 2630 1.0744/0 -2.1347/0 1.0248/0 1
14 36 16.7/0 180/1 18.0/1 2000 21.0/0 2250 -0.9949/0 -1.6945/0 -0.4348/1 -1
15 37 17.7/0 195/0 19.1/0 19.6/0 20.1/0 20.9/0 -0.8670/0 -1.7474/0 -0.8670/1 -1
16 38 18.3/0 20.6/0 2050 21.4/0 2250 239/0 28290/0 15293/0 2.4636/0 1
17 39 188/0 22.0/0 221/0 237/0 247/0 259/0 29539/0 -1.6439/0 29716/0 1
18 40 1620 181/0 18.0/1 1880 19.7/0 21.2/0 -0.1024/0 -0.6690/0 -0.8670/1 -1
19 41 2210 23.7/0 233/0 2380 2400 2430 0.1517/0 -1.6439/0 -0.0443/0 1
20 42 20.7/0 224/0 219/0 222/0 224/0 232/0 022480 -0.9163/0 -0.2559/1 9
21 43 202/0 251/0 247/0 253/0 253/0 25.7/0 -05914/0 -1.4216/0 -0.9419/1 9
22 45 181/0 204/0 203/0 21.2/0 222/0 23.0/0 -1.0505/0 -2.6144/0 -0.6295/1 -1
23 46 183/0 2020 199/0 204/0 20.7/0 21.3/0 -1.2716/1 -2.8873/0 -0.8670/1 -1
24 47 17.00 1970 19.0/0 196/0 2020 21.2/0 -1.1092/0 -1.9897/0 -0.9419/1 -1
25 48 205/0 225/0 226/0 237/0 243/0 246/0 06199/0 -2.1347/0 0.5697/0 1
26 50 226/-1 232/0 23.0/0 2350 2380 241/0 -0.3719/0 -1.5957/0 -0.8670/0 1
27 52 17.6/0 19.2/0 1980 20.6/0 21.7/0 224/0 -1.3440/0 -2.2151/0 -0.9163/1 -1
28 55 189/0 21.7/0 21.6/0 227/0 234/0 242/0 0.6969/0 -1.9239/0 0.6561/0 -1
29 56 19.2/0 225/0 227/0 231/0 2390 2380 04402/0 -0.8198/0 0.0000/0 1
30 57 2120 26.00 252/0 26.6/0 26.6/0 29.0/-1 1.3445/0 -0.1024/0 1.0824/0 9

Table 9.1: Chandra and Hubble Deep Field North (CHDF-N) dataset and its class prediction. The column has the
same meaning as explained for Table 5.1 for the common columns (see text). In each attribute column, the code
for the limit is also given: 1 for upper, -1 for lower limit and O for definite value. The last column, C,., shows
the classes predicted using the training results in Table 6.2 1 for AGN; -1 for galaxy; 9 for unpredictable target.
The full Table is accessible at http://www4.ncsu.edu:8030/"xsun4
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Chapter 10

Appendix B - Matlab code for

ULEDS-SVMs

A Matlab code is provided in this Appendix as a reference. Matlab has a convenient matrix
manipulation functionality which helps reduce the length of the code. Otherwise, the operation
would be the same as coding via another language. One function from this implementation
was called upon for the Lagrangian Support Vector Machines, developed by Mangasarian and
Musicant [20], which can be accessible via http://www.cs.wisc.edu/dmi/lsvm/ webpage. This

conventional SVM can be replaced by any other SVM without losing its generality.
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function [count, Qut C, w_new, gamma_new] = ul eds_svns(D, U, C, w, gamma, Op, Tcond);
%

% ULEDS- SVMs: a SVM for data training, testing and prediction on the

% data domai n which includes upper/lower linmts and errors

%

% Aut hor: Xuej un Sun

% Dat e: June 25, 2003 - initial coding

%

%D R{mx n x 3} event multiple-matrix for data containing linit and error

% U R {mx n} limt matrix for upper/lower/error/definite with 1/-1/0/2
%CRm colum vector for the class of the mevents

% w, gama separation plane, w- colum (n row) vector, gammm - scal ar
% Op operation code for training, testing and predicting of 1/2/3
% Tcond not really used at this nonment

%

[mn,I] = size(D); %get the nunber of itens and attributes, scalars
d_ret = ones(n,1); %upoint attributes at return of subroutine, col vector
count ; % counting for test correct nunber, scalar

QutC = zeros(m1); %output class, colum vector

% branching according to Op - training 1, testing 2 and predicting 3
if Op==1 % training

W= zeros(mn);
Wl ass = zeros(m1);

% initialization of
d = zeros(n,3); %attributes with lower, centroid and upper val ues
u = zeros(1l,n); %upper/lower limts and error code

c =0; % cl ass
iterT = 0; %1 true, O false
iterWile = 0;

% | svmrel evant paraneters
nu=1m

al pha = 1.9/ nu;

tol = 1.e-10;

mexlter = 100;

perturb = 0;
nornel i ze = 0;
count _old = 0;

Wold = zeros(1,n);

while iterT == % main | oop for trainable data selection and training

% prepare the set by rejecting untrainable itens in training

count = 0;

for i =1im % filtering through the dataset
% extract one itemfromthe dataset
d=D(i,:,:);
u= Wi,
c =i, 1);

% check out the trainability
[TTP, d_ret] = trainPredictability ULEDXd, u, c, w, gamm, Op);
if TTP==1
Wi,:) =d_ret;
Wl ass(i,1) = c;
count = count + 1;
end;
end; %end for |oop

% purify the set for trainable data

WL = ones(count,n);

W = W1:count,:);

Wl assl = ones(count);

Wl assl = Wl ass(1l:count,1);

% i nvoke LSVM of Mangasarian & Musi cant

[iterLSVM optCond, tinme, w_new, gamma_new = |svm(W, Wl assl,...
nu, tol , maxl ter, al pha, perturb, nornalize);

% setup term nation condition

if count_old == count
if Wold ==W
iterT = 1; % termnate
end;
el se % cont i nue
count _old = count;
Wold = W;
end;

end; %end while | oop
count = -1;
return;
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elseif Op == 2 % testing
%test classification itemby itemvia for |oop

for i =1:m

% extract one itemfromthe dataset
= P(i,:, 1),

u=UWi,:);

¢ =i, 1);

% check out the test/predictability
[TTP, d_ret] = trainPredictability_ ULED(d, u, ¢, w, gamm, );
if TTP==1 % predi ctabl e/testabl e
if ( ¢c* fplane(d_ret, w, gamma)) >= 0 %right classification
count = count + 1;
QutC(i,1) = 1;

el se % wrong classification
Qutci,1) = -1,
end;
el se % unpredictable itemis regarded as right in testing

count = count + 1;
Qi1 = 1;

end;
end; % end for |oop
return;
elseif Op == % predi cting
% predict the class itemby itemvia for | oop
for i =1:m
% extract one itemfromthe dataset
d=P(i,:,:);
u = Ui, :);
c =i, 1);

% check out the predictability
[TTP, d_ret] = trainPredictability_ ULED(d, u, ¢, w, gamm, );
if TTP==1
% predictable class item
if fplane(d_ret, w, gamm) >= 0
QutC(i,1) = 1;
el se
QutC(i,1) = -1;
end;
el se
% unpredictable item
QutC(i,1) =9;
end;
end; % end for | oop
count = -3;
return;
end;

% function about trainability, testability and predictability
function [TP, d_ret] = trainPredictability_ ULED(d, u, c, w, gamm, Op);

%d - R{n x 3} matrix for one itemattributes, but with 3 franes for boundaries

%u - Rn vector for the upper/lower-limit/error/definite code 1/-1/0/2
%c - R1 class 1/-1

% w, gama separation plane as in main program

% Op operation code as in main program

%

% Ret urn:

% TP Training-Predicting feasibility: 1 true, 0 false

% d_ret vector about the attribute values to be used if feasible

%
n = size(u,1);
d_ret =d(:,:, 2); % store the centroid attribute values in d_ret

% feasibility test about training, testing and predicting through attributes
for mu = 1:n
if u(l,mu) ==0
% case of error attribute
pup = p(mu, 3);
plow = p(mu, 1);
if intersectConpErr(mu, pup, plow, w, ganme,d_ret) == 1
TP = 0;
return;
end;
el seif abs(u(1,my)) ==
% case of upper or lower limt

if O ==1 % training
if trainabilityConpLnt(u(1,nu), ¢, wW(nu,1)) == 0
TP = 0;
return;
end;
elseif ( Op==2| Op ==3) %testing or predicting
if intersectConpLnt(mu, u(l,m), w, ganma, d_ret) == 1
TP = 0;
return;
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end;

end;
end; % end outnost if block
end; % end for |oop
TP =1
return;

% function about the intersection test for a conponent for data with error

function interSErr = intersectConpErr(nu, pup, plow, w, ganma, d_ret);
%

% nu conponent

% pup upper bound of nu conponent

% pl ow | ower bound of nu conponent

% w, ganma separation plane as described in the main program

% d_ret vector for attributes to be used in the test

%

% Return

%interSErr integer value 1 true, O false about the intersection
%

xup = d_ret;

xup(nu, 1) = pup;

xlow = d_ret;

xlow(rmu, 1) = pl ow,

if ( fplane(xup, w, gamma) * fplane(xlow, w, ganma) ) <= 0

interSErr = 1; % i ntersect
el se

interSErr = 0; % not intersect at this conponent
end;
return;

% function about the intersection test for a conponent for data with limt

function interSLnt = intersectConpLnt(nu, u_nmu, w, ganmma, d_ret)

% mu conponent

% u_mu val ue for the upper/lower limt code at nu’th conponent, 1/-1
% w, ganma separation plane as described in the main program

% d_ret vector for attributes to be used in the test

%

% Return

%interSLnmt integer value 1 true, O false about the intersection
%
f = fplane(d_ret, w, gammm)
if f == % one side ending at the separation plane
interSLm = 1;
elseif (f * w(mu,1) * u_nu) >0

interstmt = 1, % intersection
el se

interSLnt = 0; % no intersection
end;
return;

% function about the trainability test for a conponent for data with limt
function trainabilityConpLnt = trainabilityConpLnt(u_nu, ¢, w_nu);

% u_nu value for the upper/lower limt code at mu'th conmponent, 1/-1
%c class of the itemto be tested

% w_nu nu’ th conponent of the separation plane nornal, w.

%

% Return

% trainabilityConpLnt 1 true, O false
%
if wnu* unm*c<=0
trainPredLnt = 0;
el se
trainPredLnt = 1;
end;
return;

% function about the separation plane function
function fplane = fplane(d, w, gamm)

% d vector for attributes of one point in space R'n
% w, ganma separation pl ane

% Return

% f pl ane the function val ue

%
fplane = d * w- gamm;
return;
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