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A Fuzzy Voting Process for Ranking
Problems based on Support Vector
Machines

Tianshi Jiao*- Jiming Peng!- Tamas Terlaky

Abstract

In this paper, we deal with ranking problems arising from various data mining
applications where the major task is to train a rank-prediction model to assign every
instance a rank as close as possible to its actual rank. We first discuss the merits
and potential flaws of two existing popular approaches for ranking problems: the
‘Max-Wins’ voting process based on multi-class support vector machines (SVMs)
and the model based on multi-criteria decision making. We then propose a fuzzy
voting process for ranking problems based on SVMs, which can be viewed as an
elegant combination of the SVM approach and the multi-criteria decision making
model. Promising numerical experiments based on the new model are reported.

Keywords: Multi-class Classification, Ranking, “Max-Win” Voting, Fuzzy Voting

1 Introduction

Given a training data set with m training instances: (z¢ y¢), ¢ = 1,...,m, where z¢ € R"
and y© € C, (s, ..., C, is the associate class label, the generic classification problem refers
to constructing a model to assign any unlabeled instance a class label. The ranking
problem, as a special case of the multi-class classification problem, is to learn a rank-
prediction model that assigns an instance a discrete rank “as close as possible” to its
actual rank [6]. Ranking problems arise from various disciplines such as such as biology,
business and engineering [7].

Various classification methods based on statistical approaches and mathematical pro-
gramming have been proposed for ranking problems. The paper [16] gives a survey
on various methods for classification problems specializing to applications in country
risk analysis (which is a special case of ranking). Among others, Multicriteria decision-
aid(MCDA), also known as preference disaggregation approach, is particular interesting
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and has been widely used in numerous fields [7, 8, 16]. To be more specific, let us describe
briefly one of the most efficient MCDA models, the so-called utility additive discrimination
model (UTADIS) [7].

In the standard UTADIS model, a utility function U(z), represented as the additive
combination of a set of criterion functions U;(x;), i = 1,...,n, is constructed to indicate
the rank of an instance. Each such a criteria function U;(z;) is further assumed to be
piecewise-linear and monotone. For a given instance x, if the utility function has been
obtained and a set of decision boundaries p1, ..., ft4—1 have been found, then we can decide
the rank of x based on the following process

if U(x) > pq, then z € Cf,
if pp, <U(x) < ppp_1,Vk 2 <k < q—1, then x € Cy, (1)
if U(x) < ptg—1, then z € C,.

To find the optimal utility function, we first define a distance-based loss function as
demonstrated by Figure 1 in the Appendix of this paper. For any instance z¢ in class
i, if U(x°) is between p; and pu;_1, then the instance is correctly classified according to
(1) and thus the loss is zero. Otherwise, the loss function has a positive value. For each
quantitative feature (or attribute) z;, let [z, 2}] be its domain. We can discretize this
domain by using a set of gridding points x{,j =1,---,7; with z;, = 2! and 27 = 2}, Let
us denote the marginal utility function values at these points by Uz-j respectively. Then,
the piecewise linear marginal utility function U;(g;(+)) in UTADIS is defined by

gL T — 1) -
(ai(r)) = 2t trrd i i r7d
Ui(gi(zi)) = FES jUi + jUi :

i

At the last step of the UTADIS model, we solve the following linear programming (LP)
problem

min Z ot (c) + Z o (c) (2a)

o,u,U

c€C)k<q c€C:k>1
s.t. iUi(ﬂff)—#k+U+(0) >0, V1<k<qg-—1, Vce Cy, (2b)
=1
S V) — s — 0 (€) < —5, V2 <k <, Ve G, 20
=1
M1 — pr =S, k=2, ,q—1, (2d)
Ut Ul >0, Yi=1,-,n, Vj=1,--- 1 — 1, (2€)
U}:O,iUi”zl Vi=1,---,n, (2f)
ot (c) > (Z),la_(c) >0, Ve, (2g)

for the utility function and the decision boundaries. Here ¢ is the number of classes,
Cy represents the set of training instances in the kth class. The first two constraints
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together with the objective function defines the distance-based loss function captured by
ot and o~ and linearly punished in the objective function. Constraint (2e) guarantees
that the normalization functions U;(t) are monotone. By solving this LP problem, we find
the optimal utility function U(z) and the decision boundaries that minimize the distance
base misclassification loss.

Note that in the above model we assume that all the attributes are independent and all
the criteria functions are monotone with respect to the corresponding feature. In practice,
these assumptions can hardly be satisfied. This partially explains why the standard
UTADIS model can not provide very satisfactory performance in many applications and
thus restricts the application of the model. As remedies to this point, several approaches
based on more sophisticated optimization models have been proposed [7, 8, 12|. These
models typically involve intensive computation.

One major purpose of the present work is to propose a new and efficient ranking model
that does not depend on some naive assumptions such as in the standard UTADIS model.
For this, we first recall the fact that the ranking problem is a special case of the multi-class
classification problem for which many powerful have been established. Consequently, we
can apply these powerful classification methods to the ranking problem directly. One
popular method to solve generic classification problems is the so-called support vector
machines (SVMs), originally proposed for binary classification problems [5]. Extending
the binary SVMs to multi-class cases is an active research topic in the classification
community. One typical way to construct a multi-class SVM classifier is by combining
several binary SVM classifiers. There are three different strategies by which the binary
classifiers can be combined: “one-against-one” [10], “one-against-all” [2] and Directed
Acyclic Graph Support Vector Machines (DAGSVM) [13]. Experimental comparison of
these strategies [9] indicates that their performances are very close. Thus, in this paper,
we just consider “one-against-one” method, though the results can be extended to other
strategies as well.

The “one-against-one” strategy constructs (¢ —1)/2 binary classifiers where each one
is trained on data from two classes. To train the classifier C;; separating the i-th and j-th
classes, we solve the following optimization problem

1 - .
i Sl + 020252% (3a)
st (W) d(x%) + b7 > 1 — €9 if y° =, (3b)
(W) p(x) + b7 < =147, if y° = j, (3¢)
&7 > 0. (3d)

Let us denote the corresponding decision functions by

After obtaining the decision functions, the class label for any new instance x is decided



by the “Max-Wins” voting method [9] described as follows. We first calculate:

Vile) = Y s(fiyl), (5a)

P

1t>0
A 5b
s(t) {th& (5D)

In other words, the function s(¢) maps the decision function value f;;(z) to {0,1}. An
intuitive understanding of (5) is that when classifier C;; decides that a instance z¢ is in
class ¢ rather than in class j (fi;(z%) > 0), it contributes 1 as its vote to V;(z¢), otherwise
it contributes 0. For every class ¢ and every instance z, V;(x) is the summation of all the
votes collected from the binary classifiers in favor of the decision that the instance z¢ is
in class 7. Such a process is called as “voting”.

After the voting process, the class label of the instance x is decided by:

Class Label of i*(z) = argmaz,—1_,Vi(x), (6)

i.e. instance x belongs to class i* that collects most votes from the binary classifiers.
This is also called the “Max-Win” voting process. It is worthwhile mentioning that in
the above-described M-SVM model, we did not use some restrictive assumptions on the
correlations among various attributes and the decision functions as in the UTADIS model.
This allows the model be applied to various scenarios.

Unfortunately, directly applying the M-SVM to ranking problems can not provide
satisfactory results. This is because, although the ranking problem can be cast as a
generic multi-class classification problem in principle[?], it has a specific property, i.e.,
the class labels (or ranks) are represented by natural numbers from 1 to ¢, which indicate
an ordinal relation of the classes. The ranking information among classes implies that
the cost of misclassification errors for ranking problems should be distance-dependent.
For example, in many applications such as evaluating the financial credit of a person and
ranking the risks of investments [8], a misclassification error from class ¢ to class 1 might
cause a much bigger loss than what caused by a misclassification error from class ¢ to class
g — 1. Tt is essential for the corresponding ranking model to be cost-sensitive. However,
most existing M-SV Ms for generic classification problems are not cost-sensitive since they
usually treat all the misclassification errors equivalently.

In the present paper, we propose a hybrid algorithm that can be view as an elegant
combination of the UTADIS model and M-SVMs. The proposed algorithm uses a two-
stage strategy. In the first stage, we perform the standard SVM training like in M-SV Ms.
However, by using the ranking information for the underlying ranking problem, we are
able to reduce the number of necessary binary classifiers (from %q(q —1)tog—1) and
thus solve fewer subproblems. In the second stage, we use the decision functions obtained
from the SVM training in the first stage as the input data to a new optimization model
similar to what’s in the UTADIS model to find the optimal decision function and decision
boundaries. Like in the UTADIS model, each binary classifier (or decision function)
contributes a value between 0 and 1. Finally, an instance is assigned to the class which
receives the maximal number of fuzzy votes. For convenience, we call such a process a



fuzzy voting process and the corresponding algorithm a fuzzy voting-based support vector
machine (FVSVM).

The paper is organized as follows. In Section 2, we describe the FVSVM method.
Numerical experiments on the FVSVM method are reported in Section 3. In Section 4,
we extend the FVSVM model to generic multi-class classification problems and test its
performance. Concluding remarks and discussions are given in Section 5.

2 A Fuzzy Voting Based Support Vector Machine for
Ranking Problems (FVSVM)

In the present section, we propose a two-stage process in our fuzzy voting based method
for ranking problems. In the first stage, we construct ¢ — 1 binary classifiers where the i-th
classifier is trained by taking the instances from the first ¢ classes as positive instances,
and taking the rest instances as negative ones. In other words, in the +-th SVM training,
we solve the following optimization problem:

Iﬁ%ng+c§¥; (72)
st (W) ¢ay) b 21—, if yy <1, (7h)
(W Tp(x;) + b < =1+ &, if y; >4, (7¢)
& >0. (7d)

Here, we use the ranking information to group the classes so that the number of the
necessary binary classifiers is reduced from ¢(¢—1)/2 to g—1. After solving the problem (7)
foralli=1,--- ,g— 1, we get in total ¢ — 1 decision functions:

fi(z) = (w)To(x) +b; i=1,...,q— 1. (8)

Based on these decision functions, we prepare the input data for the next stage. For each
instance x¢ in the training set, we calculate the decision function values f;(z¢), i =1, ...,q—
1 of the ¢ — 1 binary classifiers, and store them into a matrix. For each decision function
fi(z), let us define fi, = min{fi(z°),c = 1,--- ,n}, f = max{f;(z°),c =1,--- ,n}. We
then discretize the domain [f;., fi] by a set of gridding points defined by

fuom fl<JE< < ST =11

The second stage of our new algorithm is a decision process. Recall that in the so
called “Max-Win" voting process of the M-SVM, the 0/1 voting function s(t) is used in
(5b) to map the decision function value f;;(z¢) into the 0/1 vote. In our new algorithm,
we extend the discrete voting function s(t) to a piecewise linear monotone functions
Ui(t), i = 1,...,q — 1, which maps the decision function value f;(z) to a fuzzy vote
in the interval [0,1]. For an instance x, the summation of the fuzzy votes from the



binary classifiers indicates its rank. The piecewise linear voting function U;(t), and the
summation of the fuzzy votes are defined as follows:

U = Y Ul (%9)
SR g, (90)

Here, U(x) corresponds to the utility function value in UTADIS model, which is the
summation of all the fuzzy voting functions U;(f),i =1,--- ,¢ — 1, and Uij = Uz(ff),z =
1,--+,9g—1,j=1,---  r;. For any instance z, we can use both U(x) and a set of decision
boundaries to decide the rank of z, according to (1).

To find the optimal set of fuzzy voting functions U;(f), ¢ = 1,...,¢ — 1 and boundary
values p1, ..., flg—1, we solve the following linear optimization problem

min Y o)+ Y. o (o) (10a)

o,u,U
ceCy:k<q ceCl:k>1

q—1

st > Ui(fia®) — e+ 0t (c) >0, VI <k <q—1, Ve e Gy, (10b)
i=1
q—1
ST Ufi(a®) — s — 0 () <0, V2 < k < g, Ye e Cy, (10¢)
=1
Hi—1 — P = S, Vk:2>7q_17 (1Od)
Ut Ul >0, Vi=1,--,q—1, Vj=1,-- 1 — 1, (10e)
U'=0,U"=1,Vi=1,--- ,¢—1, (10f)
o (c) >0, o~ (c) >0, Ve (10g)

Note that the above LP problem is different from the LP problem in (2) in two perspec-
tives. First we replace z§ in (2) by f;(x°), the decision function value calculated in the
first stage. Secondly the normalization constraints (2f) has been changed to (10f). By
solving the above LP problem we find the optimal fuzzy voting functions and the decision
boundaries to minimize the distance-based loss function.

The whole process of the FVSVM algorithm can be described as follows:

Fuzzy Voting Based Support Vector Machine
S.1 Solve problem (7) for i =1,---,q — 1 to get the binary decision functions f;(x);
S.2 Solve problem (10) for the final decision function U(z) and decision boundaries

My Hg—1;
S.3 For any instance, use the process (1) to decide its rank.

We remark that in the first stage of the FVSVM model, the binary decision functions
are built upon the general SVM training, which does not dependent some restrictive as-
sumptions such as these used in the UTADOIS model. This gives rise to a great flexibility
of the new model. It should be mentioned that in the second stage, we still assume that



all the decision functions (f;) are independent and each utility function U; is monotone.
At a first glance, one might think this is a bit restrictive. However, recalling the ordinal
information from all the classes in the input data set, it is reasonable to expect that the
interactions among the decision functions for different classes are very minimal and each
utility function should follow some sort of ordering. This justifies the assumptions in the
second stage. Another interpretation of the two-stage strategy is that we first use the
binary SVM training to map the data from the input space to the decision (or kernel)
space. Then we construct the decision functions and decision boundaries in the decision
space based on some conditions on the decision functions.

We also point out that since the objective function in the optimization model of
the second stage is distance-based, the resulting prediction model is cost-sensitive. The
usage of the distance-based loss function in the decision model helps us avoid serious
misclassification errors as confirmed by our numerical experiments in the next section.
Finally, we note that the complexity of the algorithm is dominated by the SVM training
in the first stage (which is polynomial in term of the input data size), since the LP
problem (1) in the second stage is very easy to solve. Therefore, the overall complexity
of the FVSVM method is polynomial.

3 Numerical Experiments of FVSVM

In this section, we report our experiments on the FVSVM algorithm and compare it with
the described M-SVM, the UTADIS model and the Support Vector Regression (SVR)
[14]. The candidate methods are tested on three ranking problems including the Country
Risk Classification problem from [8, 12], and two other problems from the UCI Machine
Learning Repository [11]. All the experiments in this paper are done on an IBM PC with
an P-IV 1.7G CPU and 256M memory using Matlab 7.0. The involved LP problems are
solved by SeDuMi (http://sedumi.mcmaster.ca/) and we use the LIBSVM [4] for the SVM
training.

Since how to select a good kernel is not the focus of the present work, we simply use the
“RBF” kernel function [3] K (z%,27) = exp I*'=#'I* with v = 0.2 as the kernel function
in all the binary SVM training. For each candidate method, we use the popular 10-fold
Cross Validation to test its performance and repeat the process 11 times. Each time,
we try different penalty factors: C' = 27¢ ¢ = —2,...,8 and pick out the best prediction
performance from the 11 trials as the final output.

For each test problem, we give three tables (given in the Appendix) to summarize the
numerical results. The first two tables are the error rate matrices of the M-SVM method
and the FVSVM method, respectively, which demonstrate the effect of the distance-
base loss function. In each of these two tables, the diagonal elements represent the
percentages of the correctly classified instances, and the off-diagonal elements represent
the percentages of the misclassified instances from class ¢ to class j. In our experiments,
the accuracy of the algorithms is calculated as follows

my

AveAccuracy = —, (11)

— m
)



where, m; is the number of correctly classified instances at the i-th Validation, and m is
the total number of instances. In the third table, we compare the overall accuracy of all
the four selected algorithms.

The first test problem is the so-called Country Risk Classification Problem (CRCP
for short) where the major task is to construct a ranker to predict the country risk level
of a country in terms of its economic and political status. The database of this problem
has two sources: the economic and political data come from the Would Development
Indicators (WDI) [15] database created by The Would Bank. This database records 575
attributes for 207 countries. In [12], the authors selected 40 attributes of 69 countries from
the 1998 and 1999 database of WDI as the instances of the Country Risk Classification
problem. The country risk ranks (the class labels) of these 69 countries are provided
by Standard and Poors [1]. The results are summarized in Tables 1-3. As we see from
Table 4, the FVSVM method achieves the highest accuracy among all the four tested
algorithms. Further, Tables 2 and 3 illustrate that, although the accuracies of both the
M-SVM algorithm and the FVSVM algorithm are very close, the FVSVM algorithm was
able to avoid some expensive misclassification errors. For example, the misclassification
rate from class 8 to class 5 is as high as 66.60% for the M-SVM algorithm, while the
FVSVM algorithm did not make such serious misclassification errors. This verifies our
analysis in Section 2 that the usage of the distance-based loss function in the FVSVM
ensures the model is cost-sensitive.

The second test problem is estimating the relative performance capabilities of com-
puters in terms of their cycle time, memory size, etc. The problem can be cast as a
five-classes ranking problem. In total we have 209 instances and each instance has 6 nu-
meric attributes. The numerical results are presented Tables 5-7. From these three tables
one can easily see that the FVSVM algorithm achieves the highest accuracy (66.03%)
among all the four algorithms and is more cost-sensitive.

The last ranking problem we tested is the Auto-mpg estimation problem concerning the
city-cycle fuel consumption in Miles Per Gallon, predicted in terms of such attributes as
horsepower and weight of a vehicle. The test problem is a six-level ranking problem. The
data set has in total 398 instances and each instance has 7 attributes. The experimental
results are summarized by Tables 8-10, which show that the FVSVM algorithm achieves
the highest accuracy.

4 The Extended FVSVM Algorithm for Generic Clas-
sification Problems

In this section, we extend the FVSVM algorithm to the scenario of generic multi-class
classification and test its performance. The section consists of two parts. In the first
subsection, we describe the extend FVSVM method for classification problems. In the
second subsection, we report some experimental results.



4.1 The Extended FVSVM Algorithm

Recall that in the M-SVM approach for multi-class classification problems, we first con-
struct a binary classifiers Cj;(z) associated with a decision function f;;(z) to separate
instances from class ¢ and class j for all ¢ # j. Then we employ the “Max-Win” voting
process to decide to which class an instance belongs. In the extended FVSVM for generic
multi-class classification problems, we first replace the discrete voting function s(t) in (5)
by a piecewise-linear monotone voting function U;;(f) that maps the decision function
value f;;(z) to a real value in [0, 1]. Then we estimate the fuzzy votes of each class by

Vi)=Y Uy(fy(a). (12)

J=Lq, 5

Note that for an instance x, any binary classifier C;; contributes two votes: v; for class i
and vy for class j. In a discrete voting process, we have vy + v, = 1. It will be desirable
to keep such a relation in our new fuzzy voting process, which can be characterized by
the following relation

Ui (fij(x)) + Uji(f3i(2)) = 1, Vi # j. (13)
Since we know in prior f;;(z) = —f;;(z), the above relation holds if

Similar to the FVSVM algorithm for ranking problems in Section 2, let us discretize the
domain that contains the values f;;(z°) by a set of gridding points satisfying

g = min {fij(@)} < fi- < fj= max {f;;(2)}.
Then we solve the following LP problem

mme (15a)

s.t. Vi(x )—vj( V+& >0, Vee Cy, Vi j, (15b)

Vi(z©) = Z Uii(fi5(x%)), Vi=1,...q, (15¢)
J=1, gy

UL >U Vit j, V=2, 1, (15d)

Ub=1-U" Yi#j V=1, ,r—1 (15e)

U, =0, U;=1,Vi+j (15f)

£ >0, (15g)

for the decision functions U;;( f) and thus Vi(z). Here we assume that the decision function

value fi;(z°) falls into the interval [f}, ”l], and U;;(fi;(x)) is calculated by:

l+1 flj( ) fZ]( )_ ngZH_l’

fl+1 i fl+1 (16>

Uij(fij(x)) =



Similar to the process of “Max-Win” voting (6), for any instance z¢ € C;, if V;(x°) #

max V;(x°), a misclassification error occurs. We use &5 to capture these misclassification
j: 7"'7q

errors, which are linearly penalized in the objective function. Constraint (15 d) guarantees
that the sequence Uilj, [ =1,...,r is monotone. We impose the constraint (15 e) so that
the voting functions satisfy the relation (14). By solving the above LP problem, we get
a set of optimal voting functions U;;(t),7 # j and correspondingly V;(z) that can be used
to predict the class labels of unlabeled instances.

4.2 Numerical Experiments of the Extended FVSVM Algorithm

In this subsection, we test the performance of the extended FVSVM method for generic
multi-class classification problems and compare it with the M-SVM. The selected bench-
mark problems have been used in [9] to compare the performance of various M-SVM
approaches and all the databases are from the UCI Machine Learning Repository [11].
Table 1 lists the numbers of training and testing instances, the numbers of attributes and
classes for all the test problems.

Problem | #Training Data #Testing Data #Attributes #Classes
DNA 2000 1186 180 3
Vowel 528 0 10 11
Vehicle 846 0 18 4
Iris 150 0 4 3
Wine 178 0 13 3
Segment 2310 0 19 7
Satimage 4435 2000 36 6

Table 1: Test Problems

In our experiments, we still use the “RBF” kernel function [3, 9] with fixed parameter
v = 0.2 as the kernel functions for all binary SVM classifiers. For data sets where
both the training and testing sets are available, we simply measure the performance by
using the testing data set. We then test both candidate algorithms with different penalty
parameters to see the influence of the penalty parameter. For the test problems where the
test data are not available, we conduct the popular 10-fold Cross Validation to evaluate
its performance. We repeat such a process 11 times and each time we carry out the SVM
training with different penalty factors: C = 27¢ i = —2,...,8. The comparison results
with the M-SVM approach with the “one-against-one” strategy are summarized by figures
presented in the Appendix of the paper.

As we can see from the figures, the best performance for both candidate algorithms
are comparable. Another interesting phenomenon we would like to point out is that the
performance of the extended FVSVM method is much less sensitive to the choice of the
penalty parameters. In particular, for the vowel, DNA, wine, satimage problems, the
performance of the FVSVM method is quite stable with respect to various choices of the
penalty parameter.
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5 Contribution and Future Work

In this paper, we proposed a new ranking algorithm which combine the so-called UT-
SADIS model with the M-SVM approach elegantly. The new model does not depend on
some unrealistic assumptions such as in the UTADIS model, and is cost sensitive. The
complexity of the whole process is polynomial in term of the input data size. Empirical
results on several ranking problems show that the proposed FVSVM method achieves the
highest accuracy and is more cost-sensitive compared with several classification algorithms
in the literature.

The proposed algorithm has been extended to generic multi-class classification prob-
lems. Experimental results shows that the new algorithm is more robust with respect to
various choices of the penalty parameter in the SVM training compared with the classical
M-SVM method.

There are several ways to extend the results in the present work. One possible way
is to study the theoretical properties of the FVSVM method including its generalization
capacity. Another way is to consider using other objective functions (such as the quadratic
objective functions) in the optimization problem in the second stage of the algorithm,
which might lead to more cost-sensitive prediction models.
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Class 1 2 3 4 5) 6 7 8
1 100.00 0 0 0 0 0 0 0
2 0 100.00 0 0 0 0 0 0
3 0 3529 5882 5.88 0 0 0 0
4 0 0 3.57 8214 14.29 0 0 0
5 0 0 3.03 9.09 81.82 6.06 0 0
6 0 0 0 833 33.33 58.33 0 0
7 0 0 0 0 33.33 0 66.67 0
8 0 0 0 0 66.67 0 3333 0
Table 2: Performance of M-SVM on CRCP
Class 1 2 3 4 5 6 7 8
1 85.00  15.00 0 0 0 0 0 0
2 0 100.00 0 0 0 0 0 0
3 0 29.41 5882 11.76 0 0 0 0
4 0 0 3.57 8929 7.14 0 0 0
5 0 0 0 12.12 &7.88 0 0 0
6 0 0 0 0 41.67 58.33 0 0
7 0 0 0 0 0 66.67 33.33 0
8 0 0 0 0 0 33.33 33.33 33.33

Table 3: Performance of FVSVM on CRCP

Algorithms

M-SVM FVSVM UTADIS SVR

Accuracy

80.43

81.16

61.59

75.36

Table 4: Comparisons on CRCP

Appendix
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Class 1 2 3 4 5

1 51.61 48.39 0 0 0
2 14.75 68.85 6.56 3.28  6.56
3 0 41.38 31.03 13.79 13.79
4 0 16.00 44.00 24.00 16.00
5 0 3.17 476 3.17 88.89

Table 5: Performance of M-SVM on Computer Hardware Database

Class 1 2 3 4 5

1 51.61 45.16 3.23 0 0
2 9.84 63.93 19.67 492 1.64
3 0 17.24 51.72 24.14 6.90
4 0 16.00 28.00 52.00 4.00
5 0 0 476 794 87.30

Table 6: Performance of FVSVM on Computer Hardware Database

M-SVM FVSVM UTADIS SVR
61.72 66.03 62.20  60.29

Algorithms
Accuracy

Table 7: Comparisons on Computer Hardware Database

Class 1 2 3 4 5 6

1 83.02 16.98 0 0 0 0
2 13.27 7041 1429 2.04 0 0
3 1.28 1795 51.28 25.64 2.56 1.28
4 0 2.60 15.58 70.13 9.09 2.60
5 0 0 1.79 16.07 55.36 26.79
6 0 0 278 5.56 41.67 50.00

Table 8: Performance of M-SVM on Auto-mpg Database

Class 1 2 3 4 5 6

1 81.13 18.87 0 0 0 0
2 11.22 7143 17.35 0 0 0
3 1.28 12.82 61.54 21.79 2.56 0
4 0 0 2208 6494 11.69 1.30
5 0 0 1.79 19.64 57.14 21.43
6 0 0 2.78 0 41.67 55.56

Table 9: Performance of FVSVM on Auto-mpg Database

M-SVM  FVSVM UTADIS SVR
64.32 66.08 52.76  64.82

Algorithms
Accuracy

Table 10: Comparisons on Auto-mpg Database
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Figure 1: The loss function of the UTADIS model.
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Figure 2: The comparison of M-SVM and FVSVM with DNA.
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Figure 3: The comparison of M-SVM and FVSVM with vowel.
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Figure 4: The comparison of M-SVM and FVSVM with vehicle.
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Figure 5: The comparison of M-SVM and FVSVM with iris.
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Figure 6: The comparison of M-SVM and FVSVM with wine.
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Figure 7: The comparison of M-SVM and FVSVM with segment.
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Figure 8: The comparison of M-SVM and FVSVM with satimage.
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