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Abstract
Project Code: RSA4680024
Project Title: Learning Algorithms for Multiclass and Noisy Domains
Investigator: Boonserm Kijsirikul
E-mail Address: boonserm.k@chula.ac.th
Project Period: August 15, 2003 — August 14, 2006

In this research, we propose methods for (1) extending Support Vector Machines
(SVMs) for dealing with multiclass problems, and (2) enabling Inductive Logic
Programming (ILP) for dealing with noisy data. SVMs were primarily designed for two-
class classification problems with their outstanding performance in real world
applications. Previous methods for solving the multiclass problem of SVMs are
typically to consider the problem as the combination of two-class decision functions.
The Decision Directed Acyclic Graph (DDAG) is a well-known method for multiclass
SVMs that has advantage of fast evaluation time and provides classification accuracy
comparable to other methods. Motivated by DDAG, we propose the Adaptive DAG
(ADAG): a modified structure of DDAG that has a lower number of decision levels.
ADAG improves the accuracy of DDAG while it maintains low computational
requirement. Next, we propose an enhancement version of ADAG, called Reordering
Adaptive Directed Acyclic Graph (RADAG), to find one best ADAG from all possible
ADAGs by using the reordering algorithm with minimum-weight perfect matching.
Experiment results on several datasets denote that our methods give higher accuracies
than those of the previous methods.

ILP is an efficient technique for relational data mining, but when ILP is applied in
noisy domains, the rules induced by ILP often struggle with the overfitting problem. We
propose methods for enabling ILP to deal with this problem. We first propose a method
for learning first-order Bayesian network (FOBN) which can handle noisy data
powerfully. Due to a high computation cost for directly learning FOBN, we adapt an
ILP system and a Bayesian network learner to construct FOBN. We propose a feature
extraction algorithm to generate features from ILP rules, and use these features as the
main structure of the FOBN. The experimental results show that FOBN performs better
than a traditional ILP system. We also propose a novel hybrid learning method to enable
neural networks to handle first-order logic programs directly. The proposed method,
called First-Order Logical Neural Network (FOLNN), employs the standard feed-
forward neural network and integrates inductive learning from examples and
background knowledge. We propose a method for determining the appropriate variable
substitution in FOLNN learning by using multiple-instance learning. The experimental
results on two first-order learning problems show that the proposed method performs
better than PROGOL, the state-of-the-art ILP system.

Keywords: Support Vector Machines, Multiclass Classification, Adaptive Directed
Acyclic Graphs, Reordering Adaptive Directed Acyclic Graphs, First-Order Bayesian
Networks, First-Order Logical Neural Networks.
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PR FaenTN 4 Toyaunazgavzdiznoudiy Jaysmeulasdaysnazay TudunsurasnIsManeInzin
mausgadaysrousanily dayarentisursdayanazaunnugnaes (Validation data) dialdlunam
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M990 4 dnwuzvesdoyaiiamerey

gedoya | Swan | dwam v Fuaw
masdie | Aaethe Nl AT
O QN
Satimage 4,435 2,000 6 36
Shuttle 43,500 14,500 7 9
Vowel 528 462 11 10
Soybean 290 340 15 | 35

4 \ ¥ .
@159 5 WIHURDUS W UATITAIANTI WU

) Polynomial Kernel J
. Lxpected Output| Expected Output | RADAG | MaxWins
TR | vale  of | Vale  of | (kD) | (k(el)/2)
of IBD  IBD of BD BD iy
_(log:k)
Satimage | 2474 4999 | 2585 4847 | 5 15
Shutle | 0965 5359 | 2807 5378 | 6 21
Vowel | 3459 5385 | 3459 5665 | 10 55
Soybean | 3.617 6971 | 3907  6.783 | 14 105
i RBF Kernel Al
‘Expected  Output | Expected  Output | RADAG | Max Wins.
TUBE | Walue  of | Value of | k1) | (k(k-12)
of BB 18D | of BD  BD
Satimage | 2474 4734 | 2585 4577 5 15
Shutle | 0965 4982 | 2807 5758 | 6 21
Vowel | 3459 5628 | 3459 5819 | 10 55
| Soybean | 3.617 5400 | 3.907 6591 14 105
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RO 7§ D | @ BD | d RADAG| d  Max |
- Wins
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Shuttle 8§ 99924 | 8 99.924 & 99924 | 8  99.924
Vowel 364935 | 2 65.022| 3 64502 | 3 64.329
Soybean | 3 90.882 | 4 89520 3  9L176 | 3  90.471

RBF Kernel

Falnyg ¢ IBD ¢  BD | ¢ RADAG| ¢ Max
L Wins

Satimage |05 91950 | 1.0 91.350| 0.5 91950 | 0.5  91.984
Shuttle | 3.0 99.890 | 3.0 99.886| 3.0 99.897 | 3.0  99.897
Vowel |03 66450 | 02 62.900 | 02 67.100 | 0.2  65.340
Soybean  |0.07 91.471 | 0.04 89.118|0.07 90.882 | 0.08 90.468
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P o e o . . ' .
sz 2 wiie Aeesned1@unn iy (First-order Logic : FOL) waxtev s (Bayesian Network :
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- A o h R - Y L ¥ - .
weasnidoungaldnnawlddadulaliogluguassnaaauszwad (Propositional Logic)
“ v o A
larsatadaii
rich € genius, diligent.
rich € artist, save_money.
o \ Ay e E - ' A . aey & & 4 = a Y
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o 5 P SV y = e a4 A4 A a
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rich(X) € genius({X), diligent(X).
rich(X) € artist{X), save_money (X).

rich(X) € parent(Y,X), rich(Y), genius(Y).
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f1(a) :- a{a).

£2(A,B,C,D) :- b{A,B,C),c(B,D),d(D).
£3(a,B,C,E) :- b(A,B,C),e(C,E).
f4(A,B,C, %) :- b{A,B,C),f(C,F).
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£1(a) :- genius(a}.

£2(a} :- diligent{n).

£3 (A} :- artist{a}.

f4(a}) - save_money (A).

£5(A,B) :- parent(B,A).rich{(B).
£6(A,B) :- parent(B,A},genius(B).

X o s o o ' PR |
5UN 14 anpardmagndrataluiaden 2.1.1

2.1.3 GRASP
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& ar & v d ' [ &
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Whuwan uszerimualiifugedaadrsay (negative bag) fisiasiladnatnatavynenlugauuiiudaoting
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&

The problem of extending binary support vector ma-
chines (SVMs) for multiclass classification is still an on-
going research issue. Ussivakul and Kijsirikul proposed
the Adaptive Directed Acyclic Graph (ADAG) approach
that provides accuracy comparable to that of the stand-
ard algorithm-Max Wins and requires low computation,
Howevey, different sequences of nodes in the ADAG may
provide different accuracy In this paper we present a
new method for multiclass classification, Reordering
ADAG, which is the modification of the original ADAG
method. We show examples to exemplify that the margin
(or 2/]w] value) between two classes of each binary SVM
dassifier affects the accuracy of classification, and this
margin indicates the magnitude of confusion between
the two classes, In this paper; we propose an algorithm
to choose an optimal sequence of nodes in the ADAG by
_ considering the [w| values of all classifiers to be used in
data classification. We then compare our performance
with previous methods including the ADAG and the Max
Wins algorithm. Experimental resulis demonstrate that
our method gives higher accuracy. Moreover it runs
faster than Max Wins, especially when the mumber of
classes and/or the number of dimensions are relatively

large.

Keywords: support vector machines, multiclass classifi-
cation, ADAG, Reordering ADAG

1. Introduction

Support vector machines (SVMs) were primarily de-
signed for two-class classification problems with their
outstanding performance in real world applications. How-
ever, extending SVMs for multiclass classification is still
an ongoing research issue. Typically, previous methods
for solving the multiclass problem of SVMs are to con-
sider the problem as the combination of two-class deci-
sion functions, e.g. one-against-one and
one-against-the-rest. The one-against-the-rest approach
works by constructing a set of k binary classifiers for a
k~class problem. The i* classifier is trained with all of the
examples in the # class with positive labels, and all other

Vol7 No.3, 2003

examples with negative labels. The final output is the
class that corresponds to the classifier with the highest
output value. Friedman [5] suggested the Max Wins al-
gorithm in which each one-against-one classifier casts
one vote for its preferred class, and the final result is the
class with the most votes. The Max Wins algorithm offers
faster training time compared to the one-against-the-rest
method. The Decision Directed Acyclic Graph (DDAG)
method proposed by Platt et al. reduces training and
evaluation time, while maintaining the accuracy relative
to the Max Wins [10]. The comparison experiments by
several methods on large problems in [6] show that the
Max Wins algorithm and the DDAG may be more suitable
for practical use. Ussivakul and Kijsirikul proposed the
Adaptive Directed Acyclic Graph (ADAG) method which
is the modification of the DDAG. This method reduces
the dependency of the sequence of nodes in the structure
as well as lowering the number of tests required to evalu-
ate for the correct class. Their approach yields higher
accuracy and reliability of classification, especially in
such a case that the number of classes is relatively large
[13]. There are also other implementations for multiclass
SVMs, e.g., [1,3,4,8,9,11,15].

In this paper we reveal that the ADAG still is dependent
on the sequence of its nodes, although it is less Jependent
on the order of binary classes in the sequence than the
DDAG; there are still differences in accuracy between
different sequences. This led to the reliability of the al-
gorithm. Here we propose a novel method that improves
reliability by choosing an optimal sequence which has
less chance to predict the wrong class and dynamically
reordering the sequence during classification process ac-
cording to each test data.

This paper is organized as follows. In the next section,
we review the DDAG and the ADAG. In Section 3, we
introduce the modification of the ADAG to improve the
performance. The numerical experiments are illustrated
in Section 4. All experiments are based on datasets of the
Machine Learning Repository at Irvine [2]. The results
show that our method yields higher accuracy of classifi-
cation. Moreover the rmning time used by our method is
less than that of Max Wins. Finally, the conclusions are
given in Section 5.
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Fig. 1. The DDAG finding the best class out of four classes.

2. SVM C(lassification

This section describes two previous works on multi-
class SVMs, which are related to our proposed method,
ie., the DDAG [6,10] and the ADAG [13].

2.1. DDAG

Platt et al. [10] presented a learning architecture, the
Decision Directed Acyclic Graph (DDAG), which is used
to combine many two-class classifiers into a multiclass
classifier For a %-class problem, its training phase is the
same as the one-against-one method by solving &(k-1)/2
binary SVMs, one for each pair of classes. However, in
the testing phase, it uses a rooted binary directed acyclic
graph which has 4(k-1)/2 internal nodes and k leaves
(Fig.1). Each node is a binary SVM of the i* and j*
classes. Given a test sample x, starting at the root node,
the binary decision function is evaluated. Then it moves
to either the left or the right depending on the output
value. Therefore, we go through a path before reaching a
leaf node which indicates the predicted class.

There are some issues on the DDAG as pointed out by
[13]). First, it gives outputs whose probabilities are not
uniformly distributed, and thus its output depends on the
sequence of binary classifiers in nodes, affecting the re-
liability of the algorithm. In addition, the correct class
placed in a node near the root node is clearly at a disad-
vantage by comparison with the correct class near leaf
nodes since it is exposed to a higher risk of being incor-
rectly rejected. Second, the number of node evaluations
for the correct class is still unnecessarily high. This re-
sults in higher cumulative etror and lower accuracy. The
depth of the DDAG is k-1, which is the number of times
the correct class has to be tested against other classes, on
average, and scales linearly with k.

22, ADAG

U§sivaku1 and Kijsirikul [13] proposed an approach to
alleviate the problem of the DDAG structure described
above. An Adaptive DAG (ADAG) is a DAG with a re-
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Adaptive Layer A

Adsptive Layer B

Onutput Layer

Fig. 2. The structure of an Adaptive DAG for an 8-class
problem.

versed triangular structure. For a k-class problem, its
training phase is the same as the DDAG method by solv-
ing k(k-1)/2 binary SVMSs, one for each pair of classes,
However, in the testing phase, the nodes are arranged in
a reversed triangle with &/2 nodes (rounded up) at the top,
k/2* nodes in the second layer and so on until the lowest
layer of a final node. It has %1 internal nodes, each of
which is labeled with an element of Boolean function
(Fig.2). Given a test example x, starting at the top level,
the binary decision function is evaluated. The node is then
exited via the oufgoing edge with a message of the pre-
ferred class. In each round, the number of candidate
classes is reduced by half. Based on the preferred classes
from its parent nodes, the binary function of the next-level
pode is chosen. The reduction process continues until
reaching the final node at the lowest level. The value of
the decision function is the value associated with the mes-
sage from the final leaf node. Like the DDAG, the ADAG
requires only k-1 decision nodes to be evaluated in order
to derive an answer. Note that the correct class is evalu-
ated against other classes for logzk times or less, consid-
erably less than the number of evaluations required by the
DDAG, which scales linearly with &.

An ADAG can be implemented using a list, where each
node eliminates one class from the list (Fig.3). Thé list is
initialized with a list of all classes. A test point is evalu-
ated against the decision node that corresponds to the first
and last elements of the list. If the node prefers one of
the two classes, the class is kept in the left element’s
position while the other class will be discarded from the
list. Then, the ADAG proceeds to test the second and the
elements before the last of the list. The testing process of
each round ends when either one or no class remains
untested in the list. After each round, the list is reduced
to k/2 elements (rounded up). Then, the ADAG process
repeats until only one class remains in the list.

Using the reversed triangular structure, the ADAG re-
duces the number of times the correct class is tested
against other classes, and thus reduces the cumulative
errors. However, there are still differences in accuracy
between the different sequences of nodes. Next we will
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Fig. 3. Implementation throﬁgh the list of the ADAG.

describe our method that improves the ADAG by finding
a best sequence of nodes.

3. Reordering Adaptive Directed Acyclic
Graphs

In this section, we introduce the modification of the
ADAG to improve the performance of the original ADAG.
‘This approach determines a best sequence of nodes in the
ADAG by dynamically reordering the sequence during
classification process according to each test data.

3.1. The Effect of jw|

The main idea of support vector machine classification
is to construct an optimal hyperplane to separate the data
of two classes. Suppose we have a data set D of I samples
in an n-dimensional space belonging to two different
classes (+1 and -1):

D= {(xh yk) l ke {1’"1I}s Xy S W, i € {+15'1}}‘

The hyperplane in the n dimensional space is deter-
mined by the pair (w,b) where w is an n-dimensional
vector orthogonal to the hyperplane and b is the offset
constant. The hyperplane (w - X)+b separates the data if
ind only if

(w-x)+b>0 if y=+1
(Ww-x)+b<0 if y=-1.

If we additionally rei]uire that w and b be such that
1¢ point closest to the hyperplane has a distance of 1/{w|,
1en we have

(w-x)+b=2l if y=+1
(w-x)+bs-1 if y=-1

ol.7 No.3, 2003
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Fig. 4. The |w| values of 325 classifiers.

which is equivalent to
viw x)+blzl Vi......... e 4

To find the optimal separating hyperplane, we have to
find the hyperplane that maximizes the minimum distance
between the hyperplane and any sample of training data.
The distance between two closest samples from different
classes is
d(w5) = min -+

bt} wl flye-1} w|

From (3), we can see that the appropriate minimum
and maximum values are +1. Therefore, we need to maxi-
mize

1 -1 2
e R RAARAEREERERLE 6)

As shown in Equations (5) and (6), the distance be-
tween the two closest samples from different classes is
2/lw]|. The greater the distance, the less confusion between
these two classes will be. Below we show some examples
to illustrate that the {w]| value affects the accuracy of data
classification. The experiment is based on the English
letter image recognition dataset from [2] which has 26
classes. Hence there are 325 classifiers. In this case, the
dataset is trained by using Polynomial kernel degree 3.
In Figd, |w| values of all classifiers are depicted. The
average of all of them is 4.87.

Figure 5 shows two test examples, which were evalu-
ated using the ADAG method. For the first example
(Fig.5(a)), the correct class was class 8 but the classifier
in the second level incorrectly eliminated the correct class
from the list. The [w] value of this classifier was 21.50,
which was much bigger than the average (4.87). For the
second example (Fig.5(b)), the correct class was class 9
but the classifier in the fifth level eliminated the correct
class from the list. The |w| value of this classifier was
36.03. Both test examples were misclassified because of
classifiers with high |w| values.

We evajuated 4,000 test examples in this experiment.
Table 1 shows the frequency of |w| values that caused

d(w, b) =
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Table 1. The frequency of |w} values that cause wrong

classification.
vl Frequency |  No. of classifiers
<4.0 4 169
4.0-5.0 16 . 51
5.0-6.0 11 30
6.0-1.0 16 2
7.0-8.0 2 21
3.0-8.0 11 10
9,0-10.0 12 [
>100 82 16

Table 2. Description of the datasets used in the experi-

ments.
Dataset | #trainingdata | #testdata | #lass | #dimension
Glass 214 5-fold 6 9
. | Satimage 4,435 2,000 6 36
Segment 2,310 3-fold 7 18
Shuttle 43,500 14,500 7. 9
Vowel 528 462 11 10
Soybean 2% 340 15 - 35
Letter 15,963 4,037 26 16
solet 6,238 1,559 26 617

" incorrect classification. The distrbution of the |w]| values
of all classifiers is iflustrated in the third column. As

' shown in the table, classifiers with small fw| values caused
very few wrong classifications, whereas those with large
{w| values gave a high number of wrong classifications.

+ For instance, 169 classifiers with |w| less than 4.0 gave
wrong classifications only 4 times, but those with |w]|
greater than 10.0 created a great number of incorrect

. classifications (82 times).

B conclude this subsection, we compare [w| values to
the average of all jw| values. From the table, the classifiers
with high |w| values, e.g. those with |w| higher than the
average, caused more wrong classifications than those

- with low |w] values. In summary, the fw| value affects the
accuracy of classification, and moreover it indicates the

. magnitude of the confusion between two classes.

" 32. Reordering ADAG

We propose a method, called Reordering ADAG, to
improve the accuracy of the original ADAG. For a k-class
problem, the Reordering ADAG’s training phase is the

+ same as the ADAG method by solving A(k-1)/2 binary
. SVMs. However, the testing phase is organized as fol-
lows. Like the ADAG, a Reordering ADAG car be imple-
mented using a list, where each node eliminates one class
from the list. The differences are the initialization of the
list and the order of sequence in each level (Fig.6). In the
first step, we use a reordering algorithm described in the
| mext subsection to choose the optimal sequence to be the
initial list. We use the list to evaluate every test example.
In the second step, as in the ADAG, a test point of the
+ Reordering ADAG is evaluated against the decision node
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Fig. 5. Examples of the ADAG method.
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InitialiAng the list Initialize phase
iy
LTl sl
b=t 74 4_I
A3 Ad Classifying a new example
| 1 ..
Classifying &
Reordering phase

' . Output phase

Fig, 6. Implementation through the list of the Reordering
ADAG,

that corresponds to the first and last elements of the list.
If the pode prefers one of the two classes, the class is
kept in the left element’s position whereas the other class
will be discarded from the list. Then, the Reordering
ADAG proceeds to test the second and the elements be-
fore the last of the list and so on. The testing process
continues until either one or ne class remains untested in
the list. In the third step, unlike the ADAG, the Reordering
ADAG will reorder the list before processing in the next
level by using the reordering algorithm. This sequence
differs for each test example, and it depends on the results
of nodes from the previous level. The second and the third
steps are repeated until there is only ope class remains.

3.3. Reordering Algorithm

For the reason described above, we consider |w| values
in order to choose the optimal sequence, from all possible
k!
T sequences, with less chance to predict the wrong
2 1
class. A low |w] value means less confusion between two
classes. Each classifier has one |w| value. Among classi-
fiers, k/2 classifiers which have small fw| values will be
considered to be used in data classification.
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Thble 3, Comparison of accuracies using the Polynomial
kernel.

Datsset | d DDAG [ 4 ADAG | d MaxWins ¢ | Reorderin
Glaws T 7TIoeos=| 2 71.135° | 2 T1078% 2 | 71528
Satimage | 6 88.408 | 6 83430 | 6 88453 6 | 88800
Segment | 6  96.538% | 4 G6.620%| 4  96.631** 4 | 96840
Shuttle 8 99924 |3 99924 | B 99924 8 | 99.924
Vowel 3 64237 |3 64203 | 3 64329 3| 64719
Soyben | 5 90400 | 5 90446 | 3 90471 3 | 9LI76
Letter 3 95508" | 3 95984 | 3 96125 3| 96235
Isolet 397032 |3 97030 | 3 97040 3 | 97051

"Bable 4. Comparison of accuracies using the RBF kernel.

Dataset | ¢ DDAG | ¢ ADAG | ¢ Max Wins | ¢ Reordering
Glass 0.08 72.850%** 10.08 72.759*** [0.09 73238*** |009 74.536
Satimage (3.0 91.97} 30 91968 |30 91984 3.6 91950
Segment |07 97.276%s% {07 97288%** |0.7 97.302%* (0.7 97446
Shatle (3.0 99897 |30 99897 |30 99897 (3.0  99.897
Vowel |02 63425 |02 65589 02 65340 02 67532
Soybean  [0.07 90353 1008 90.412 0,08 90.468 0.07  90.882
Letter 30 97.901 30 97909 |30 97918 30 97.969
Iaolet 001 96939  {0.01 96932 001 95916 " |0.0) 96987

The reordering algorithm is illustrated in Fig.7. k is
the number of classes, %/2 is the number of classifiers
which will be used in the sequence, and j is the current
classifier being added to the sequence. Set-of-tried-clas-
sifiers keeps classifiers which were tried to be selected
for using in data classification. Sequence-of-the-selected-
classes keeps classes that will be used in a form of list
described above. Threshold 6 is the highest [w] value that

‘can be used in the sequence. If it cannot find the optimal

sequence according to the threshold, the threshold is in-
creased by a small constant e.

Note that different thresholds provide different accu-
racy. The effective way to choose an appropriate threshold
is to select the value that can eliminate classifiers which
have high |w| values. However, very low threshold values
may cause long reordering time.

4. Numerical Experiments

In this section, we present experimental results on sev-
eral datasets from the UCI Repository of machine learn-
ing databases [2] including glass, satimage, segment,
shuttle, vowel, soybean, letter and isolet (Table 2). These
datasets are different in the number of classes, the number
of dimensions, and sizes. For glass and segment prob-
lems, there is no provided test data so we used 5-fold
woss validation and 3-fold cross validation respectively.
For the soybean problem, we discarded the last four
dasses because of missing values.

In these experiments we scaled both training data and
est data to be in [-1,1] and employed the following Poly-
tomial and RBF kernels.

Polynomial degree d: k(x,y) =x -y + 1{*... ... (7)
Radial basis function: k(x,y) = e ™17 .. .... ®)
Tol.7 No.3, 2003
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Let set-of-tried-classifiers{f] be the set of classifiers which has been tried
te be selected as classifier f in the output sequsnce. Let €F, iwl and 8 be
classifier i, the jw| value of classifier i, end the threshold, respectively.
Let TCi{1] and TC2] be the two classes corresponding to classifier £,
1. Tnitializing phase:
J=0
Fori=1to kf2 do set-of-tried-classifiers{i] = {};
Fori=1to k2 se of-the-selected-classes[i] = nil,
Sort all k(%-1)/2 classifiers by ascending the |w| values;
2. Selecting phase: ;
For =1 to k{(k-1)¥2 do
If (f<k/2)
I (w<8)
IE(E{ TCI], TCII2]) < sequence-of-the-selected-classesy md
(Ci & set-gf-tried-classifiers[f+1D)
Fan
sequence-af-the-selected-classes[j] = TCi{1};
sequence-of the-selected-closses(k-f+1]=TCi{2];
set-qf-tried-classifiers(f) = set-qf-tried-classifiers{j]lw { Ci},
IE (== k/2)
Goto End,
Else Goto Selecting phase;
Else
If V1, Cf € set-gf-tried-classifiers[/D
set-gftried-classifters(j]= {};
Goto Backiracking phase;
3. Backiracking phase:
sequence-cf-the-selected-classes(f} =nil;
sequence-of-the-selected-classes[k-j+1] = nil;
J
I (<0) /* This means that all classifiers were already tested
and it eannot find the oplimal sequence. %/
9=0+¢,

Goto Selecting phase;
End

Fig. 7. Reordering algorithm.

In the experiments, we compare four algorithms, i.e.,
the DDAG, the original ADAG, the Reordering ADAG,
and.the Max Wins algorithm. For the DDAG and the
ADAG, we examined all possible sequences for datasets
having not more than 7 classes, whereas we randomly
selected 50,000 sequences for datasets having more than
7 classes. Table 3 and 4 present the results of comparing
these methods for Polynomial and RBF kernels, respec-
tively. We present the optimal parameters (d and c in
Equations (7) and (8)) of the kernels and the correspond-
ing accuracies for each method. The best accuracy among
these methods is illustrated in bold-face. ***, ** and *
in the tables mean 99%, 95%, and 90% confidence inter-
val for estimating the difference between accuracies of
three algorithms and the Reordering ADAG using a one-
tailed paired t-test.

The results show that our method yields higher accu-
1acy than the DDAG, the original ADAG and Max Wins
in all datasets, except for the shuttle problem where the
accuracies of four methods are the same, and for the
satimage problem where Max Wins gives the best acco-
racy in the RBF kernel. The results also show that our
method performs statistically significantly better than the
other methods in the glass and segment problems, and
significantly better than the DDAG in the letter problem
in case of the polynomial kernel. Another advantage of
our method compared to the DDAG and the original
ADAG is that our method always provides one best ac-
curacy for each dataset using the reordering algorithm,
whereas, depending on the sequence of binary classifiers,
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Table 5. Comparison of the computational time using the
" Polynomial kernel.

Reordering ADAG Max Wins

Dataset d Classifying | Reordering Total Classifying
L {seconds) {seconds) (seconds seconds’
Satimage 6 2.61 022 2.83 9.47
. _Segment 4 0.18 0.56 0.74 0.41
Shuttle 8 1.75 1.47 3 5.15
Vowel 3 0.12 0.19 0.31 0.61
_Soybean 3 0.27 4.28 4.55 1.86
Letter 3 8.58 2.56 11.14 125,58
«_Isolet 3 i30.73 - . 1.08 131.81 1671.98

W

7 Table 6. Comparison of the computational time using the
RBF kemel.

e Reordenng ADAG Max Wins
+ Dataset ¢ Classifying | Reordering Total * | Classifying
seconds {seconds) | (seconds) (seconds)
Satimage | 3.0 11.75 0.20 11.95 37.13
4 Segment | 0.7 0.39 0.18 0.57 0.83
Shuttle 3.0 323 1.49 4.72 5.27
Vowel 0.2 0.10 0.28 0.38 0.61
Soybean [ 0.07 0.32 0.84 1.16 2.20
Lener 3.0 61.90 2.67 64.57 802.85 |
1 Isolet 001 | 12432 122 125.54 1369.11 ]

‘the DDAG and the original ADAG may give low accura-
cies. This shows the effectiveness of the Reordering
ADAG.

Table 5 and 6 present the comparison of the computa-
tional time between the Reordering ADAG and the Max

'Wins for Polynomial and RBF kemels by using a 400

MHz Pentium II processor There is no computational
time of the glass dataset because it has too few test ex-
amples to measure the time. The results show that our
method requires low computational time in almost all of

‘the datasets, especially when the number of classes

and/or the number of dimensions are relatively large. For
a k class problem, the Max Wins requires k(k-1)/2 classi-

| fiers for the classification whereas the Reordering ADAG

requires only &-1 classifiers. Hence the larger the number

i of classes, the more running time the Max Wins requires
! than the Reordering ADAG. Moreover, the number of di-

mensions affects the munning time of each classifier For
the Reordering ADAG, the number of classes and the
threshold 8 affect the running time for reordering. How-
ever, it takes some time even when there are many classes.

5. Conclusions

In this paper, we have presented a new approach for
multiclass SVMs, which is the modification of the origi-
nal ADAG. The experiments denote that |w| affects the
accuracy of classification. A low |w| value creates less
confusion between two classes. Our approach eliminates
the dependency of the sequence of nodes in the original
ADAG by selecting an appropriate sequence, from all
possible sequences, which consists of classifiers with
small [w| values. The experimental results show that our

320 Journal of Advanced Computational Intelligence

new approach yields a higher accuracy than the DDAG,
the original ADAG and the Max Wins, which was prob-
ably the most accurate method for multiclass SVMs.
Moreover the running time used by the Reordering ADAG
is less than Max Wins, especially when the number of
classes and/or the number of dimensions are relatively

large.
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-hstract. Inductive Logic Programming (ILLP) is a well-known machine learning technique for learning concepts from relational
déts -Nevertheless, ILP systems are not robust enough to noisy or unseen data in real world domains. Furthermore, in multi-class
~oblems, if the example is not matched with any learned miles, it cannot be classified. This paper presents a novel hybrid learning

sthod to alleviate this restriction by enabling Neural Networks to handle first-order logic programs directly. The proposed
“method, called First-Order Logical Neural Network (FOLNN), employs the standard feedforward neural network and integrates
{inductive learning from examples and background knowledge. We also propose a method for determining the appropriate
“Hable substitution in FOLNN learning by using Multiple—lnstance Learning (MIL). In the experiments, the proposed method
s been evaluated on two first-order learning problems, i.e., the Finite Element Mesh Design and Mutagenesis and compared
waﬂ: the state-of-the-art, the PROGOL system. The expenmenta.l results show that the proposed method performs better than
“ilﬂGOL

;&}words Hybrid system, first-order Ioglc inductive logic programming, neural networks

& ‘
.*.introduction

MMe Learning [19] is concerned with the development of procedures to make computers learn and
ug:rrove with experience like humans. Specifically, 2 machine learning technique learns a concept by
'&lmamo hypotheses fitting the given training examples. The learned hypothesis is then employed
ssify unseen data. There are several successful well-known techniques in machine learning such
B"[nductlve Logic Programming (ILP) [17,20], Artificial Neural Networks (ANNs) [3], Decision Tree
Siming [23], Bayesian Networks [22], etc.
Jnducuve Logic Programming (ILP) is only one of machine learning techniques which adapts the
l?st-order logical concepts for hypothesis learning. The advantages of ILP are the ability to employ
'f:ﬁground knowledge that allows the trainer to give useful knowledge to the learner more easily and the
dility to induce the human readable representations in form of a set of first-order rules (if-then rules).
addition, the first-order rules are more expressive than propositional rules. Consider the advantage of
%-order rule over a propositional one for representing concept Daughter as shown in Fig. 1.
33’3 shown in Fig. 1, the propositional rule which cannot use variables is specific only for the first and
se::

ond persons being Janmfer and Andrew, respectlvely Therefore it is rarely useful for unseen

only, most ILP systems have been used in two-class classification problems. The systems :
"__.-_{ posmve and negative examples and background knowledge as inputs and produce a set of rules.
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Fig. 1. The propositional and first-order logic rules.

All of the inputs and the learmned rules are described by first-order logic. The learned rules should
cover many positive examples and few negative examples. If we want to learn concepts for multi-class
problems by using these two-class systems, we will begin by constructing a set of rules for the first class
by using its examples as positive and the other examples as negative. Then we follow this process to
create a set of rules for the other classes. The learned rules are then used to classify test examples. If
a test example is perfectly covered by a rule of some class, the corresponding class is the classification
result. However, these first-order rules learned by ILP systems have the restriction to handle imperfect
data in real world domains such as noisy unseen data. This problem noticeably occurs especially in
multi-class classification. In the case of two-class problems, any test example not covered by the induced
rules is classified as negative. However, in multi-class classification, if an example is not covered by any
learned rule, the method could not determine the correct class for the example. The simple solution is to
assign the majority class recorded from training examples to the unable labeled test data [9]. Also, there
is more efficient method to solve this problem by using the concept of intelligent hybrid systems [30].

Differently from (symbolic) ILP systems, (numerical) artificial neural networks perform the statistical
learning to encode natures of data in a set of weights. Neural networks contain the ability to process
inconsistent and noisy data. Moreover, they compute the most reasonable output for each input. Neural
networks, because of their potential in noise tolerance and multi-class classification, offer attractiveness
for combining with symbolic components to avoid the restrictions of symbolic rule-based systems
described above. Although the ability of neural networks could alleviate the problem in symbolic rule-
based systems, a learned hypothesis from neural networks is not available in a form that is legible for
humans. Therefore neural networks require an interpretation by rule-based systems [30]. Several works
show that the integration between robust neural networks and symbolic knowledge representation can
improve classification accuracy such as Towell and Shavlik’s KBANN [29], Mahoney and Mooney’s
RAPTURE [18], the works proposed by Parekh and Honavar {21] and Garcez et al. [10]. Nevertheless,
these researches have been restricted to propositional theory refinement. Some models have been
proposed for first-order theory. SHRUTI [26] employed a model making a restricted form of unification;
actually this system only propagates bindings. The work proposed by Botta et al. [4] created a network
consisting of restricted form of first-order logic. Kijsirikul et al. [16] proposed a feature generation
method and a partial matching technique for first-order logic but their method still uses an ILP system in
its first-step learning and does not select the appropriate values for variable substitution. FOCA, which
is a hybrid first-order knowledge-based neural network, demonstrates better performance over standard
ILP systems on some benchmark problems [2] The approximation of semantics of logic programs and
neural networks can be found in [11,12].

In this paper, we are interested in solving the problem by using the concept of hybrid systems.. A
* more flexible learning system that directly learns first-order logic programs by neural networks, called
. First-Order Logical Neural Network (FOLNN) has been proposed. FOLNN is a neural-symbolic learn-
. ing system based on the feedforward neural network that integrates inductive learning from examples
and background knowledge. We also propose the method that makes use of Multiple-Instance Learning
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Examples,
background
- Inowledge

Fig. 2. FOLNN processes.

L) [6,14] for determining the variable substitution in our model. A modified version of Backprop-
ion (BP) algorithm (see Section 2.3) is then applied to train the network within the framework of
. The proposed method has been evaluated on two standard first-order learning datasets i.e., the
te Element Mesh Design [8] and Mutagenesis [27]. We also test FOLNN on the noisy data to see
robustness of the system. The results show that the proposed method effectively learns first-order
esentation and provides more accurate results than an ILP system.

he rest of this paper is organized as follows. Section 2 describes the processes of first-order learning
FOLNN. The experimental results on first-order problems are shown in Section 3. Finally the
clusions are given in Section 4.

first-Order Logical Neural Network (FOLNN) .

he main reason for integrating robust neural networks and symbolic components is to improve the
wacy of classification by taking the advantages of neural networks which are noise tolerance and
ability of multi-class classification. Combining these two techniques together is normally known
gurai-symbolic learning systems {10]. Our proposed method, FOLNN is also this type of leamning
ems. The overview of FOLNN processes is shown in Fig. 2.

irst, FOLNN receives positive and negative examples and background knowledge as inputs. Remark
all inputs are in form of first-order logic. The background knowledge is used to determine the
cture of the neural network. Before training the network, a process of transforming examples is
tired. The process transforms examples represented in form of first-order logic into real value
it vectors that can be used by the network. The transformed input vectors are then fed to train the
vork. The training process will adapt the connection weights of the network so that it correctly
sifies training examples. The Backpropagation (BP) algorithm [25] with sigmoid activation function
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Fig. 3. The expanded literals.

is selected to perform the training process. In the testing process, a test data is also converted to an input
vector before it is fed to the network as same as the training process.

The following subsections explain the detail of the FOLNN learning processes that are (1) creating an
initial network, (2) transforming the examples, and (3) training the network.

. Creating an initial network

In this subsection, we present the first step of the FOLNN algorithm, creating an initial network |
from examples and background knowledge. The FOLNN structure is based on the feedforward neural
network, but FOLNN receives examples and background knowledge in form of first-order logic programs

as the inputs and directly learns from these inputs. Nevertheless, creating networks from first-order logic
inputs is quite different from propositional logic inputs because in propositional logic there 1s no variable
describing relations between literals. Therefore, we cannot directly employ the method of constructing
neural networks for proposmonal logic inputs, such as the method of C-IL2P proposed by d’ Avila Garcez ¢
et al. [10]. ;

First, we restrict the number of variables to be used in the learning process, and then construct all -
possible input neurons each of which corresponds to a literal with different variables. In fact, not all
possible combinations of variables will be useful, and some of them can be pruned. An input neuron
corresponding to a literal will be pruned if the truth value of the literal is false according to background
knowledge in all situations. For example, if we restrict the number of variables to 3, predicate father is
expanded as shown in Fig. 3.

In all nine expanded literals, the truth values of three literals, i.e., father(x,x), father(y,y) and father(z,z),
always are false according to background knowledge (there is no person who can be his own father).
Therefore, these literals can be pruned and the six remaining literals will be used for creating the network.

FOLNN is a three-layer feedforward network, composed of one input layer, one output layer and one
hidden layer [13]. The functionality of each layer is defined as follows. \

- The input layer is the first layer that receives and computes input data, and then transmits the
processed data to the hidden layer. This layer represents the literals for describing the target rule.
The number of units in this Jayer depends on the number of predicates in background knowledge.
The number of units for a predicate equals to the number of all possible permutations of variables
of the predicate.

— The hidden layer connects between the input layer and the output layer. The hidden layer helps
the network to learn the complex class1ﬁc&ﬁon The number of units in this layer depends on the
complication of the learning concept, and i$ determined by the experiments.

— The output layer is the last layer of the network which produces the output for the classification.
The target concept is represented in this layer so that the number of units in the output layer equals
to the number of classes.

B T v T

An initial network is created by using the above definition. To illustrate the construction of the network,
consider the task of finite element mesh design (see Section 3.1.1 and [8] for details). The goal of finite
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short(x)

not_loaded(x) .
fixed(x)

long(x)

4 input 80 hidden 13 output
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Y

Fig. 5. The constructed network created from the inputs in Fig. 4.

ment mesh design is to learn rules for describing how many elements should be used to model each
ge of a structure. Each example is of the form mesh(Edge, Number of elements), where Edge 18 an
ge label and Number of .elements indicates the number of partitions. Number of elements is a number
iween 1 and 13 and in our case is the class label. Figure 4 shows an example of background knowledge
1 training data. ' '

As shown in the figure, there are two examples of class 1, i.e., mesh(Al,I)! and mesh(A2,1), and one
ample of class 2, i.e., mesh(A3,2). Background knowledge contains four predicates, which are short,
tloaded, fixed and long, all of which have arity one. We apply the above definition to create.an tnitial
work. If we restrict only one variable for being used in the network construction, each predicate of
ty one will be represented by one unit in the input layer. Therefore, four input units are created. The
mber of nodes in the hidden layer in this case is set to 80 (determined by the experiment). Moreover,
i output layer contains 13 nodes each of which is for the corresponding class (class 1 to class 13). To
nmarize, the constructed network will have 4 input units, 80 hidden units and 13 output units. The
tained network is shown in Fig. 5. In addition, all network weights are initialized to small random
mbers. The completely constructed network then receives examples for refining the network, The
wcess for feeding examples to the network is described in the next subsection. ' '

Now consider background knowledge containing predicates having arity two for learning the concept
sh as shown in Fig. 6. -

Sorde L, oot At e

Throughout the paper, symbols starting with uppercase letters designate constants, whereas those starting. with lowercase . -

ignate variables.
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opposite(y,x)
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Fig. 7. The network constructed from the inputs in Fig. 6.

In these inputs, background knowledge contains the same predicates as in Fig. 4, which are short,
notloaded, fixed and long, and three new predicates free, opposite and equal. Among these new
predicates, opposite and equal have arity two. If we set the number of restricted variables to 2, then each
predicate of arity one is represented by two units and the predicate opposite is expanded to four literals
which are opposite(x,x), opposite(x,y), opposite(y,x) and opposite(y,y). Nevertheless, we can definitely
prune opposite(x,x) and opposite(y,y) and the other two units remain. In the same way, we will also have
two literals for predicate equal. Therefore, in this case, the constructed network will have 14 input units
in total. The hidden and output units are the same as the network in Fig. 5. The obtained network is
shown in Fig. 7.
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Table 1
Input and target values for the examples in Fig. 4 and the network in Fig. 5

short(x) notloaded(x) fixed(x) Iong(x) mesh(x,I) mesh(z,2)

mesh(Al I 1 1 1 0 1 0

mesh(A2, 1} 1 0 1 0 1 0

mesh{A3,2) 0 1 0 1 0 1
. Transforming inputs

.1. Feeding examples to the network

n general, neural networks receive inputs in real value form while inputs of the ILP system (background

owledge and examples) are in logical form. Therefore, we transform the logical inputs to the form that

1 be processed by the neural network. Each training example of the network is composed of inputs for
neurons in the input layer and the target values for output neurons.

The training examples are fed into the network one by one and independently transformed to the

iwork inputs as follows. The value for each input unit is defined as:

1 if L;6, is true in background knowledge
Xy = (1)

0 otherwise

lere Xj;, L;, and @ are input value for input unit ¢+ when feeding example j, literal represented by
yut unit 7, and variable substitution for example j, respectively. The input value for an input unit will
1 if there exists substitution that makes the truth value of the literal true in background knowledge.
herwise the input value for that unit is 0. In addition, the target value for an output unit is defined as:

_J 1 if Ly is a positive example ‘
= {0 otherwise @

iere Ty; and Ly, are target value for output unit £ when feeding example 7, and literal represented by
tput unit k, respectively.
For instance, with the same inputs in Fig. 4, if we feed positive example mesh(Al,1) to the network
Fig. 5, units short(x), not.loaded(x), fixed(x) and long(x) will receive 1, 1, 1 and O as their inputs
ipectively, because when variable z is substituted by Al, the literals short(Al), not loaded(Al) and
ed(AI) are true in background knowledge, while the literal long(AI) is false. The target vakue for the
tput unit of class 1 (mesh(x, 1)) is 1 because mesh(A1,1) is a positive example of class 1. In addition,
» other example of class 1, mesh(A2,1), gives 1, 0, 1, O for the input units and 1 for the output unit of
185 1. The example of class 2, mesh(A3,2) gives 0, 1, 0, 1 for the input units and 1 for the output unit
Lt:lass 2. The input and the target values of each example are summarized in Table 1. In the table, we
i not show the value of the other output units of class 3 to class 13 as they are all 0.
ed hypotheses from symbolic rule-based systems may contain new variables not occurring in the

of the rule. The new variables are used to defifie relations between target concept arguments. For
ample, rule “mother(x,y) « father(z,y), husband(z,x)” means that if z is father of y and z is husband
iz then =z will be mother of y. Here x,y and z are variables and can be substituted by any person.
iw variable z is created to define another person who does not appear in the head of the rule, and |
used in predicates father and husband to define relation between z and y. This causes the problem
\determining the correct substitutions for new variables for constructing certain input values of the

kwork,

}
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Table 2
Input value for each substitution for mesh(A3,2)

Input value opposite(x,y)  opposite(yx) equal(xy) equal(y,x)
Substitute z by A3, and 7 by Al
Substitute z by A3, and y by A2
Substitute £ by A3, and y by A3
Substitute ¢ by A3, and y by A4
Substitute z by A3, and y by A5

O= OO0
(= R N
— QO OoOw
— OO0 0

To illustrate the problem, consider again the inputs and the network in Figs 6 and 7. The input valuyes
can be simply determined for the neurons of literals having no new variables, i.e., short(x), not Joaded(x), §
fixed(x), long(x) and free(x). However, it is not easy to determine the input values for the last nine neurons,
containing variable y since the definite substitutions are only made for the variables in the head of the
rule while no certain substitutions are made for the other variables (relational variables) which are not
defined in examples. In this case, we know only which constant must be substituted into variable ¢ %
but not to variable y because there are many possible constants that can be substituted into y. Actually,
correct substitutions are unknown which makes definite inputs cannot be created.

For example, if example mesh{A3,2) is fed into the network, variable z in unit opposite(x,y) is certainly 3
substituted by A3. However, it is quite ambiguous by which term (A7, A2, A3, A4 or A5) variable y should 3
be replaced. If we select A4 for the substitution, this literal will become opposite(A3,A4) which is true 1§
in background knowledge and the truth value for this input unit will be 1. However, if we select A for §
the substitution, the literal will be false. Table 2 shows all possible substitutions and the truth values of
the input nodes. From the above example, the input value for unit opposite(x,y) is not certain and cannot
be simply resolved for network training. This problem occurs when background knowledge contains
relational data and the learner cannot determine the appropriate value for the variable substitution.

To solve this problem, we apply the power of Multiple-Instance Learning (MIL) to provide input data
for our network. The detail of MIL is described in the following subsection.

2.2.2. Multiple-instance learning

At present, the majority of work in machine learning falls into three learning frameworks i.e., supervised
learning, unsupervised leaming and reinforcement learning. In supervised learning, the algorithm
aftempts to learn a concept that correctly classifies the labels of the training examples and generalizes
to predict cotrect labels of examples outside of the training set. Note that the labels of training data are
already defined by the external teacher. In unsupervised learning, on the other hand, training examples are
not labeled. Unsupervised learning tries to learn the structure of the underlying source of the examples.
Some examples of unsupervised learning are clustering and Principal Component Analysis (PCA) [5].
In the last learning style, reinforcement learning [15], the agent adapts his decision process based on
environmental feedback result to learn a policy, which can map states to actions potentially, Examples
are not labeled with the correct action; instead an occasional reinforcement signal denoting the utility of
some state is received. '

Although these three frameworks have many’efficient algorithms and theoretical tools to analyze them,
there are many learning problems that do not fall into any of these established frameworks. Specifically,
situations in which the examples are ambiguously labeled tend to be difficult for these frameworks.
These situations are called learning from ambiguous examples.

Multiple-Instance Learning, which is a form of semi-supervised learning, is a new framework for
learning from ambiguity. In the MIL framework {6,14], the training set is composed of a set of bags,
each of which is a collection of different numbers of instances. Each instance is described by a vector
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£, Table 3

L Transformation of example mesh(A3,2) into input data of FOLNN

F bag of example Substitute Substitute Substitute Substitute Substitute

v mesh(A3,2) zbyA3,and zByA3,and xbyA3,and zbyA3,and zbyA3, and

g y by Al y by A2 y by A3 y.by A4 y by A5

E short(x) 0 0 0 0 0
not_loaded(x) 1 1 1 1 1
Jixed(x) 0 0 0 0 0

] long(x) 1 1 1 1 1

B free(x) 0 0 0 0 0

| short(y) 1 1 0 1 0
not_loaded(y) 1 0 i 1. 0

5 Jixed(y) 1 1 0 0 0

- long(y) 0 0 1 0 1
free(y) 0 0 0 1 1
opposite(x,y) 0 0 0 1 0
apposite(y,x) 0 0 0 1 0
equal(x,y) 0 0 0 0 1
equal(v,x) 0 0 0 0 1

,atures Like supervised learning, each example is labeled. Unlike supervised learning, an example
ot a simple feature vector, but it is a set of instances. A bag (an example) is labeled as a negative
if all the instances in it are negative. On the other hand, if a bag contains at least one positive
ince then it is labeled as a positive bag. With this concept, we define FOLNN ftraining data as a
)f training examples {By, Ba, ... By}, where n is the number of examples including positive and
itive ones. A bag is labeled as a positive bag if an example is positive, and negative otherwise (in
i-class classification, all bags are labeled as positive of their classes). The positive bag is given
its target value and the negative bag is assigned O, as defined in Eq. (2). Each bag contains m ;
nces {Bi1, Big, . . . , Bimi } where B;; is an instance with one possible binding (substitution). This is
7y important key because now we can use all cases of variable substitutions as one bag for learning;
ifore the appropriate value selection would not be a problem. Consider an example of positive bag
i(A3,2) as input data (see Table 3).

i shown in Table 3, the bag mesh(A3,2) has five instances each of which is one case of substitution
stitute y by AI, A2, A3, A4 or A5). Also, the bags mesh(Al,1) and mesh(A2,I) have five instances as
» as the positive bag mesh(A3,2). Note that the size of input vector of each instance is 14, equal to
umber of units in the input layer. For training, these bags are fed to the network one by one and the
ork weights are adapted by a modified version of the Backpropagation (BP) algorithm as described
€ next subsection. Note that if there is no new variable in the input neurons, then each bag example
iins only one instance and this problem can be reduced to supervised learning.

Training the rietwork

s is the last step of the FOLNN algorithm for adapting network weights to correctly classify training
iples. To train the network, the constructed training bags are fed to the network. Weight adaptation
8&d on a verion of the BP algorithm modified for MIL [31], which we will refer to as MIL.-BP.
-BP employs gradient descent to attempt to minimize the squared error between the network output -
'8 and the target values. Moreover, the activation function we use is sigmoid function, based on a
ithed and differentiable threshold function. Suppose the network has p input units, ¢ output units,
me hidden Jayer. Given this specification, the global error function (£) of the network is defined as
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follows.

where Ej; is the error on bag i. E; is defined according to the type of bag 7 as:

( o
1&1‘}”& By ifB;=+
E; =< k=1
max By i B;y=-—
L 1<5<my i iik %
0 if (Bi = +) and (05 < oijk)a lir=1
Egjk =<0 if'(Bi = ——) and (Oijk < 0.5), forall &
l(l. — 0.2 therwi
5 bik Ozjk) otherwise

where

- Eij1 is error of output unit & on instance j in bag example ¢,

- B; = + is a positive bag example,

- B; = — is a negative bag example, N

- 0455 18 actual output of output unit k£ from bag example i, instance j, and
~ Ly, is target output of output unit k¥ from bag example <.

With the defined error function above, the MIL-BP algorithm is adapted for training FOLNN. In each
training epoch, the training bags created from the previous process are fed to the network one by one.
Then the error Ey;x is computed according to Eq. (5). If the network classifies an instance correctly, the
error for that instance is 0; otherwise, the error is half the squared differences between the target output
lix and the unit output o;;;. For a positive bag B;, if Ej;x, is O then all the rest of instances of this bag are
disregarded, and the weights are not changed for this epoch because we assume that the correct positive
instance is found. Otherwise the process continues and when all instances of B; are fed, the error of bag
E; is computed by using Eq. (4) and the weights in the network are changed'according to the weight
update rule of the standard BP [25]. Then the next bag is fed to the network and the training process is
repeated until one of the following two stopping criteria is satisfied: (1) the number of training iterations
increases to some predefined threshold; (2) the global error F in Eq. (3) decreases to some predefined
_ threshold. After having been trained, the refined network can be employed to classify unseen data,

+

3. Results

In the previous section, the three steps of the FOLNN algorithm were described. In this section, we

-evaluate FOLNN by performing experiments on the ILP problems and also compare the results obtained

by FOLNN with those obtained by an ILP system. The experiments are divided into two subsections,
testing with original data and noisy data.
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ﬁ‘ Datasets
Be
}}]‘o evaluate the proposed method, FOLNN, two standard datasets for testing ILP systems are used in

gxperiments, i.e., the finite element mesh design and the mutagenesis datasets. The detail of each
jataset is described as follows.

M.1. Finite element mesh design

“The finite element method, widely used by engineers and other modelers, is a way of analyzing stresses
Jphysical structures which are represented quantitatively as finite collections of elements. The goal
f finite element mesh design [8] is to learn general rules describing how many elements should be
=4 to model each edge of a structure. The dataset for the finite element mesh design consists of 5
Jg_ctures and has 13 classes (13 possible number of partitions for an edge in a structure). Additionally,
iere are 278 examples each of which is of the form mesh(Edge, Number of elements) where Edge is
Tﬁdge label (unique for each edge) and Number of elements indicates the number of partitions. The
ickground knowledge defines some of-the factors that influence the resolution of a finite element design.
}b'rantains relations describing the types of an edge (e.g. circuit, short), boundary conditions (e.g. free,

,gd) loadings (e.g. not _loaded, one side loaded) and the relations describing the structure of the object
g. neighbour, opposite).

}2 Mutagenesis
This problem is a two-class learning problem for predicting the mutagenicity of the molecules,
ether a molecule is active or inactive in terms of mutagenicity. It is important as it is relevant to
: understanding and prediction of carcinogenesis. The dataset for the mutagenesis [27] consists of
& molecules, of which 125 are mutagenic (active) and 63 are non-mutagenic (inactive). A molecule
fgscribed by listing its atoms as atom(AtomID, Element, Type, Charge) and the bonds between atoms as
nd{Atoml, Atom2, BondType). Furthermore, there are also four attributes provided for analysis of the
ounds 1.e., hydrophobicity (logP), energy level of the lowest unoccupied molecular orbit (LUMO)
two boolean attribute identifying compounds with three or more benzyl rings and compounds termed
senthryls (/1 and la). Note that LogP and LUMO are real-valued attributes, and these real values are
ctly used as inputs to FOLNN without being transformed to boolean values as the neural network
Eabi]ity to process real value data. The users have to specify which attributes are the real-valued ones.

. PROGOL

‘e ILP system used to compare with our method is PROGOL, a state-of-the-art ILP system [24].
F_ing positive examples, negative examples, background knowledge and mode declarations as inputs,
JGOL produces a most specific rule for a random seed example. The mode declarations specify, for
bargument of each predicate, the type of the argufnent and whether it should be a constant, a variable
nd before the predicate is called, or a variable bound by the predicate. PROGOL performs a complete
th of the hypothesis space bounded below by the most specific rule, using A*-like search. Because
1¢ ability of its complete search, PROGOL requires more time and memory than many ILP systems.
ertheless, PROGOL usually works well with two-class problems, positive and negative classes. For

ti-class problems, we train PROGOL to induce a set of rules for each class. Positive examples of one
s are freated as negative examples of the other class.
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Table 4
The percent accuracies of FOLNN and
PROGOL on first-order datasets; FEM —
Finite Element Mesh Design, MUTA — Mu-

tagenesis
Dataset FOLNN PROGOL
FEM 59.18 57.80
MUTA 88.27 84.58*

Table 5
Performance comparison on the roisy mutagenesis dataset

Noise level PROGOL 0% PROGOL 10% PROGOL 15% FOLNN
in dataset noise setting noise setting noise setting

10% 64.23% 69.72° 71.29% 84.01
15% 60.56% 61,543 65.31° 81.28

3.3. Experiments

We performed three-fold cross validation [19] on each dataset. The dataset is randomly partitioned
into three roughly equal-sized subsets with roughly same proportion of classes as that of the original
dataset. Each subset is used as a test set once, and the remaining subsets are used as the training set.
The training set is employed to train the network as described in Section 2, and then the trained network
is used to classify test data. The output class corresponds to the output unit that gives the maximum
value. The final result is the average result over three-fold data. For each fold, the momentum of the
BP algorithm is set to 0.97, and the learning rate is 0.0001. The accuracies of PROGOL are computed
by assigning the majority class and negative class to uncovered examples in the case of multi-class and
two-class problems, respectively. Also we calculate confidence levels for the difference in accuracy
between FOLNN and PROGOL by using a one-tailed paired t test. Superscripts in Tables 4 and 5
denote the calculated results: ! is 98.0%, 2 is 99.0%, 2 is 99.5%, ¢ is 99.75% and no superscripts denote
confidence levels below 90.0%.

3.3.1. Results on first-order datasets

For the finite element mesh design dataset, the constructed network contains 130 units in the input
layer (determined by predicates in background knowledge), 13 output units (as the number of classes)
and one hidden layer with 80 hidden units (determined by the experiment). For the mutagenesis dataset,
the constructed network has 235 input units, 100 hidden units and 2 output units. Note that the network
is fully connected in both cases. The weights of the networks are randomly initialized and then adapted
by using MIL-BP. '

Our proposed method, FOLNN, has been compared with PROGOL [24], the state-of-the-art ILP
system. The average results over three-fold data on FEM and MUTA datasets are summarized in Table 4.
The experimental results show that the accuracies of our proposed method, FOLNN, are better than
PROGOL in both datasets. These results are aécording to nature of learned rules generated by PROGOL.
The induced rules are represented in the form “H « (L1 A La A ... A Ly,)”. If any one of preconditions
of the rule, e.g. L;, is false, the whole rule is then false; this is the weakness of the rule. On the other
hand, FOLNN does not have this problem as it is able to learn the importance of each literal L ; in terms
of the network weights.

We also did experiments by using the standard backpropagation algorithm to adjust weights of the
network; we consider each instance as one bag. The accuracies of the neural network using the standard




B. Kijsirikul and T. Lerdlamnaochai / First-Order Logical Neural Networks 265

sre 74.33% and 39.74% for the datasets MUTA and FEM, respectively. This shows that MIL-BP is
gective algorithm for training our FOLNN.,

V&2 Results on a noisy dataset
"ﬁs.mentioned before, ILP systems have the restriction to handle noisy data. To see how well our

gmer handles noisy data, we evaluate FOLNN on noisy datasets, in addition to the results on the
ﬁ'g}na] dataset. The mutagenesis dataset is selected for this task. Using the three-fold data of the
{utagenesis dataset in the last experiment, 10% and 15% class noise is randomly added into the training
“hut no noise 1s added into the test set. In our case, adding x% of noise means that the target class
e is replaced with the wrong value in z out of 100 data by random selection. Suppose that if the
Bss value is 1 then it will be changed to 0 and vice versa. The accuracies of PROGOL and FOLNN on
jisy datasets are shown in Table 5.
Since PROGOL has an ability to handle noise in data as its option, “z% noise setting” in the table
\cifies that noise option of PROGOL is set to z%. This parameter sets an upper bound on the
‘reentage of negative examples allowed to be covered by an acceptable clause. As can be seen in the
ible 5, our proposed algorithm still provides average accuracies higher than PROGOL. Although, we
a set the configuration for PROGOL to handle noisy data, its accuracy drops fast, compared to that of
)LNN. When 10% noise is added into the dataset, PROGOL provides the highest accuracy of 71.29%
jile FOLNN provides 84.01%. Furthermore, PROGOL gives 65.31% as its maximum accuracy in the
% noise dataset, while FOLNN gives 81.28%. The PROGOL performance significantly drops due to
sensitivity to noise which is the main disadvantage of first-order rules directly induced by the ILP
stem. When noise is added, the learned rule is overfitting to the noise, and thus the rule contains
er-specific literals that are not true in general. The over-specific literals decrease the performance of
: learned rules. However, the accuracy of our method decreases much slower and is much higher than
it of PROGOL. FOLNN, because of the ability of noise tolerance by combining with neural networks,
nore robust against noise than the original first-order rules. FOLNN prevents overfitting noisy data

‘employing neural networks to give higher weights to important features and give less attention to
mportant ones.

Conclusions ' ‘ '
£arning first-order logic programs by using neural networks is still an open problem. In this paper,
present a novel hybrid connectionist symbolic system based on the standard feedforward neural
work that incorporates inductive learning from examples and background knowledge, called FOLNN
st-Order Logical Neural Network). The contribution of this paper is twofold. Firstly, for research
eural networks, the paper shows the successful application of the neural network to the learning of
~order logic programs. Secondly, for ILP reseafch, the paper demonstrates a new type of learning
ems which is based on the robust neural networks. We believe that by integrating the neural network
1 inductive learning from examples and background knowledge, the combined system contains the
ity of noise tolerance from connectionist systems and the ability of using background knowledge
1ILP systems. Therefore FOLNN competently alleviates the problem of first-order rules induced
he ILP system which are not robust enough to noisy or unseen data. The prominent advantage of
NN is that it can learn from inputs provided in form of first-order logic programs directly. Except
LP systems, other learners cannot directly learn from this kind of programs as they cannot select the
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appropriate values for variable substitution, but our method can solve this problem by applying MIL ta§
learn from ambiguous variable substitutions.

In the experiments, FOLNN shows its efﬁc1ency in comparison with the well-known ILP system
PROGOL. FOLNN presents the ablhty of noise tolerance and produces the better performance tha
PROGOL. This is because of the ability of the neural network that outperforms PROGOL in the presence 4
of noisy data by giving higher weights to important attributes and less attention to unimportant ones; :
Although our main objective is to learn the first-order logic, FOLNN can be applied to other tasks such,§
as learning from proposmonal datasets containing missing values in some attributes. 4

One interesting issue in the field of intelligent hybrid system is knowledge extraction. Knowledge_'=
extraction from a trained network is one phase of the neural-symbolic learning system. It is the phase, §
that is to translate the refined concepts which are in form of neural networks into human readable rules,
Knowledge extraction is of significant interest in data mining and knowledge discovery applications such 1
as medical diagnosis. However, in this work we do not attentively focus on this step and have not yet }
explored rule extraction from trained networks. Nevertheless, we surmise that many researches [1,7,10,
28], can be adapted to extract rules from our networks. 1
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Abstract. Constructing multiclass Support Vector Machines {SVMs)
is a challenging research probiem. The Decision Directed Acyclic Graph
{DDAG) method reduces evaluation time, while maintaining accuracy
compared to the Max Wins, which is probably the currently most accu-
rate method for multiclass SVMs. We proposed a method, called Adap-
tive Directed Acyclic Graph {ADAG), which is based on the previous
approach, the DDAG, and is designed to remedy some weakness of the
DDAG caused by its structure, We proved that the expected accuracy
of the ADAG is higher than that of the DDAG. We also proposed an en-
hancement version of the ADAG, called Reordering Adaptive Directed
Agyclic Graph (RADAG), to find one best accuracy from all possible
ADAG. The RADAG choose the optimal order of binary classifiers in
nodes in the graph of the ADAG by using the reordering algorithm
with minimum-weight perfect matching. We empirically evaluated our
approachs by comparing the ADAG and the RADAG with the DDAG
and the Max Wins on several data sets.

1 Introduction

Support Vector Machines (SVMs) have been well developed for binary classifi-
cation [28]. However, many real world problems involve multiclass classification,
such as optical character recognition, phoneme classification, text classification,
etc. Several approaches of extending SVMs for solving the problem of multiclass
classification have been proposed {28,10,7,15,18,16,9, 30,22,1, 17, 26).

The standard approaches for constructing N-class SVMs are to consider the
problem as a collection of binary SVMs, such as One-Against-the-Rest [28] and
One-Against-One [16]. The One-Against-the-Rest (1-v-R) approach works by
constructing a set of N binary classifiers. The i** classifier is trained with all of
the examples in the i** class with positive labels, and all other examples with
negative labels. The final output is the class that corresponds to the classifier .
with the highest output value. On the other hand, the One-Against-One (1-v-1)
approach simply constructs all possible binary classifiers from a training set of
N classes. Each classifier is trained on only two out of N classes. Thus, there
will be N(N — 1)/2 classifiers. In the Max Wins algorithm [11] which is one of
1-v-1 approaches, a test example is classified by all of classifiers. Each classifier
provides one vote for its preferred class and the majority vote is used to make
the final output. Although Max Wins offers faster training time compared to
the 1-v-R method, it is very inefficient in term of evaluation time. Using a new



learning architecture, DDAG, Platt et al. [21] proposed an algorithin that reduces
evaluation time, while maintaining accuracy compared to the Max Wins. The
comnparison experiments in several methods on large problems in [12] show that
the Max Wins and the DDAG may be more suitable for practical use.

In this paper we point out some limitations of the DDAG caused by its
structure which needs an unnecessarily high numnber of node evaluations for the
correct class and results in high cumulative error. Our two modified versions of
the DDAG, the ADAG and the RADAG, will increase accuracy by minimizing
the number of node evaluations for the correct class. This advantage is due to
the tournament-based architecture that is structurally flatter than the DDAG.
We prove that the expected accuracy of the ADAG is higher than that of the
DDAG, and also empirically evaluate our approaches by comparing the ADAG
and the RADAG with the algorithm of the DDAG and the Max Wins on several
data sets from UCI Machine Learning Repository [4] and Thai printed character
data set [20].

2 Decision Directed Acyclic Graphs

A disadvantage of the 1-v-1 SVMs is their inefficiency of classifying data as the
number of SVMs grows superlinearly with the mamber of classes. Platt et al.
introduced a new learning architecture, DDAG, and an algorithm, DAGSVM,
to remedy this disadvantage [21].

2.1 The DDAG Architecture & the DAGSVM Algorithm

A Directed Acyclic Graph (DAG) is a graph whose edge has an orientation and
no cycles. Platt et al. used a rooted binary DAG, which has a unique node with
no arcs pointing into it, and other nodes which have either 0 or 2 arcs leaving
them, to be a class of functions used in classification tasks. In a problem with N
classes, a rooted binary DAG has N leaves labeled by the classes where each of
the N(N — 1)/2 internal nodes is labeled with an element of Boolean function.
The nodes are arranged in a triangular shape with the single root node at the
top, two nodes in the second layer and so on until the final layer of N leaves,

To evaluate a DDAG, starting at the root node, the binary function at a node
is evaluated. The node is then exited via the left edge, if the binary function is
--1; or the right edge, if the binary function is 1. The next node’s binary function
is then evaluated. The value of the decision function is the value associated with
the final leaf node (see Figure 1). Only ¥ —1 decision nodes will be evaluated in
order to derive an answer. The DDAG can be implemented using a list, where
each node eliminates one class from the list. The implementation list is initialized
with a list of all classes. A test point is evaluated against the decision node that
corresponds to the first and last elements of the list. If the node prefers one of the
two classes, the other class is eliminated from the list, and the DDAG proceeds
to test the first and last elements of the new list. The DDAG terminates when
only one class remains in the list.



Fig. 1. The DDAG finding the best class out of four classes.

The DAGSVM algorithm creates a DDAG whose nodes are maximum margin
classifiers over a kernel-induced feature space. Such a DDAG is obtained by
training each ‘4 vs 7' node only on the subset of training points labeled by ¢ or
j. The final class decision is derived by using the DDAG architecture. For the
DAGSVM, the choice of the clags order in the list {or DDAG) is arbitrary.

2.2 Issues on DDAG

Systernatically innovated, the DDAG has outperformed the standard algorithm
in terms of speed. However, the DDAG has the main weakness that the number
of node evaluations for the correct class is unnecessarily high. This results in
high cumulative error and, hence, the accuracy. The depth of the DDAG is
N —1 and this means that the number of times the correct class has to be tested
against other classes, on average, scales linearly with V. Let consider a case of
20-class problem. If the correct class is evaluated at the root node, it is tested
against other classes for 19 times before it is correctly classified as the output.
Despite large margin, there exists probability of misclassification, let say 1%,
and this will cause 1 — 0.99'® = 17.38% of cumulative error in this situation.
This shortcoming becomes more severe if the number of classes increases. The
issue raised here motivates us to modify the DDAG.

3 Adaptive Directed Acyclic Graphs

In this section we introduce a new approach to alleviate the problem of the
DDAG structure. The new structure, the Adaptive DAG, lowers the depth of
the DAG, and consequently the number of node evaluations for the correct class.

3.1 The ADAG Architecture

An Adaptive DAG (ADAG) is a DAG with a reversed triangular structure. In
an N-class problem, the system comprises N(N — 1)/2 binary classifiers. The
ADAG has &V — 1 internal nodes, each of which is labeled with an element of



Boolean function. The nodes are arranged in a reversed triangle with N/2 nodes
(rounded up) at the top, N/2? nodes in the second layer and so on until the
lowest layer of a final node, as shown in Figure 2(a}.
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Fig. 2. (a) The structure of an adaptive DAG for an 8-class problem, and {b) the
corresponding implementation through the list.

To classify using the ADAG, starting at the top level, the binary function
at each node is evaluated. The node is then exited via the outgoing edge with a
message of the preferred class. In each round, the number of candidate classes is
reduced by half. Based on the preferred classes from its parent nodes, the binary
function of the next-layer node is chosen. The reduction process continues until
reaching the final node at the lowest level. The value of the decision function is
the value associated with the message from the final leaf node (see Figure 2(a)).
Like the DDAG, the ADAG requires only N — 1 decision nodes to be evaluated
in order to derive an answer. Note that the correct clags is evaluated against
other classes for log: IV times (rounded up) or less, considerably lower than the
number of evaluations required by the DDAG, which scales linearly with .

3.2 Implementation

An ADAG can be implemented using a list, where each node eliminates one class
from the list (see Figure 2(b)). The implementation list is initialized with a list of
all classes. A test point is evaluated against the decision node that corresponds
to the first and last elements of the list. If the node prefers one of the two
classes, the class is kept in the left element's position while the other class will
be eliminated from the list. Then, the ADAG proceeds to test the second and
the elements before the last of the list. The testing process of each round ends
when either one or no class remains untested in the list. In case that there is
one class remaining untested, the class will be put at the right-most position of
the next round list. After each round, a list with NV elements is reduced to a list
with N/2 elements (rounded up). Then, the ADAG process repeats until only
one class remains in the list.



4 Analyses of DDAG & ADAG

The following theoroins give the expected accuracy of the DDAG and ADAG.
The proofs of the theorems will be given in Appendix.

Theorem 1. Let p be the probability that the correct class will be eliminated
from the implementation list, when it is tested against another class, and let the
probability of one of eny two classes, except for the corvect cluss, being eliminated
from the list be 0.5. Then under a uniform distribution of the position of the true
closs in the list, the expected accurucy of the DDAG is (1/N)[(1—p)/p+ (1 —
p)V=1 — (1~ p)¥ /p|, where N is the number of classes.

Proof. See Appendix.

Theorem 2. Let p be the probability thot the correct class will be eliminated
from the implementation list, when it is tested against another class, and let the
probability of one of any two classes, except for the correct class, being eliminated
from the list be 0.5. Then under a uniform distribution of the position of the true
cluss in the list, the expected accurucy of the ADAG is (2N — 2[lee2N1y N)(1 -
piltes=NT 4 ((2fleeNT _ Ny INY(1 —p)[t092N1=) | phere N is the number of classes,
and fx] is the leust integer greater than or equal to z.

Proof. See Appendix.

The above theorems show that the accuracy of the ADAG decreases much
slower than that of the DDAG, with the increase of the number of classes. For
example, in case of p = 0.01 and N = 20, according to the above theorems, the
expected accuracy of the ADAG and DDAG are 95.68% and 90.18%, respectively.

According to the theorems mentioned above, the ADAG should have much
advantage over the DDAG when the number of classes increases. We evaluated
the performance of the ADAG. Figure 3 shows the trends of the accuracy of
classification of the DDAG and the ADAG when the number of classes is varying,.
The experiment is based on the English letter image recognition which has 26
classes [4]. The dataset is trained by using Polynomial kernel degree 4. For the
DDAG, the number of evaluations for the correct class is unnecessary high, This
results in higher cumulative error and lower the accuracy. Using the reversed
triangular structure, the ADAG reduces the number of times the correct class is
tested against other classes, and thus reduces the cumulative errors. This greatly
improves the performance of the DDAG. The improvement comes in the form of
higher accuracy with higher confidence of achieving the accuracy. Our approach
is empirically proved to increase accuracy and confidence, especially in problems
with the higher nurnber of classes.

5 Reordering Adaptive Directed Acyclic Graphs

The accuracy of a binary classifier depends heavily on its generalization per-
formance. In this section we introduce a method to select an optimal order of
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Fig. 3. The trends of the classification accuracy when the number of classes is varying.

classes in the list (binary classifiers) by dynamically reordering the order of
classes during classification process according to each test data. Only binary
classifiers which have small generalization errors will be used in data classifica-
tion. We called this method the Reordering Adaptive Directed Acyclic Graph
(RADAG).

5.1 The RADAG Architecture

The structure of the ADAG and the RADAG are the same. But the differences
are the initialization of the binary classifiers in the top level and the order of
classes in lower levels (see Figure 4). In the first step, we use a reordering algo-
rithm with minimum-weight perfect matching described in the next subsection
to choose the optimal order of classes to be the initial order. We use the order to
evaluate every test example. In the second step, as in the ADAG, test points of
the RADAG are evaluated against the decision nodes. In the third step, unlike
the ADAG, the RADAG will reorder the order of classes before processing in
the next level by using the reordering algorithm with minimum-weight perfect
matching. This order differs for each test example, and it depends on the results
of nodes from the previous level. The second and the third steps are repeated
until there is only one class remains.

5.2 The Reordering Algorithm

In this subsection we describe the reordering algorithim with minimum-weight
perfect matching.

5.3 Generalization Error of Classifiers

The ability of a hypothesis to correctly classify data not in the training set is
known as its generalization [8]. Generalization analysis of pattern classifiers is



