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Abstract

Although the v-Support Vector Machine,
v-SVM, (Scholkopf et al., 2000) has the ad-
vantage of using a single parameter v to
control both the number of support vectors
and the fraction of margin errors, there are
two issues that prevent it from being used
in many real world applications. First,
unlike the C-SVM that allows asymmetric
misclassification cost, »-SVM uses a sym-
metric misclassification cost. While lower
error rate is promoted by this symmetric
misclassification cost, it is not always the
preferred measure in many applications.
Second, the additional constraint from v-
SVM makes its training more difficult. Se-
quential Minimal Optimization (SMO) al-
gorithms that are very easy to implement
and scalable to very large problems do not
exist in a good form for ¥-SVM. In this pa-
per, we proposed two new v-SVM formula-
tions. These formulations introduce means
to control the misclassification cost ratio
between false positives and false negative,
while preserving the intuitive parameter
v. We also propose a SMO algorithm for
the v-SVM classification problem. Experi-
ments show that our new v»-SVM formula-
tion is effective in incorporating asymmet-
ric misclassification cost, and the SMO al-
gorithm for v-SVM is comparable in speed
to that for C-SVM.

1. Introduction

The performance of hard margin Support Vector
Machine (SVM) (Vapnik, 1999) is vulnerable to any
outliers in the training data. The C-style soft mar-

gin Support Vector Machine (C-SVM) was proposed
by Cortes and Vapnik (Cortes & Vapnik, 1995) to
address this robustness issue. A slack variable &;
that measures how much a training example fails
to have a given functional margin from the decision
hyperplane (w,b) is introduced, and C >, ||&]|p
is added to primal cost function to allow for the
possibility of having a training error. This C-SVM
formulation has since been proven to be success-
ful in many practical pattern recognition problems
including handwritten character recognition (Vap-
nik, 1999) and text classification (Joachims, 1998;
Joachims, 1999; Lewis, 2001). The parameter C' de-
termines the trade-off between two conflicting goals:
minimizing the training error and maximizing the
margin. Unfortunately, C is a rather unintuitive pa-
rameter that we have no a priori way to select, there-
fore time consuming methods like cross-validation or
leave-one-out are normally used.

A v-SVM formulation has been proposed by
Scholkopf et al (Scholkopf et al., 2000) to address
this problem. In this formulation, instead of C, a
parameter v is used to control the trade-off between
the larger margin and smaller training error. The
parameter v is an upper bound on the fraction of
training margin errors and lower bound on the frac-
tion of support vectors. With probability approach-
ing 1, asymptotically, v equals both the fraction of
support vectors and fraction of training margin er-
rors. A training margin error occurs when a training
example fails to have the specified functional margin
(i-e. its corresponding slack variable is not zero).

Although the v-SVM has the advantage of having an
intuitive parameter to tune, two problems prevent
it from being applied to many practical problems.
First, »~-SVM formulation uses a uniform misclassi-
fication cost. While uniform misclassification cost
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results in a minimization of error rate, lower error
rate is not always the most important goal in many
cases. There are also applications where the uniform
misclassification cost doesn’t make sense, for exam-
ple, spam filtering. This problem is first touched
upon in (Chew et al., 2001) with introduction of sep-
arate misclassification cost Cy, C_ along with v. We
will show only one additional parameter is needed.
Second, the dual problem of »-SVM is more compli-
cated than that of the C-SVM. Due to the additional
constraint in its dual form, those large scale SVM
training algorithms (namely decomposition method
like SV M9kt and SMO) cannot be used on v-SVM
training. The lack of efficient training algorithm on
large data sets make it impractical to be applied to
many real world problems.

The Sequential Minimal Optimization (SMO) algo-
rithm was first proposed by Platt (Platt, 1998), and
later enhanced by Keerthi (Keerthi et al., 1999; She-
vade et al., 2000). SMO is a special case of the de-
composition method and it optimize a minimal sub-
set of just two samples at each iteration. Since for
a working set of only two, the optimization prob-
lem can be solved analytically, there is no need to
invoke a quadratic optimizer. The working set se-
lection method and KKT condition testing method
are very efficient. Because of this, and also the
highly efficient working set selection and KKT con-
dition testing method detailed in Platt&Keerthi’s
widely available pseudo code, SMO is the easiest
training algorithm to implement. Its performance
is comparable to that of other decomposition algo-
rithms like SV M9kt (Platt, 1998). Recently Chang
et al. (Chang & Lin, 2001) proposed a SV M9ht
like decomposition algorithm for »-SVM training.
While theoretically decomposition method subsumes
SMO, we feel it is easy to implement SMO based on
Platt&Keerthi’s description.

In this paper we present two new v-SVM formula-
tions that allow us to control the ratio of misclas-
sification cost of false positives and false negatives.
While (i) pv-SVM formulation introduces a param-
eter u to the ratio of misclassification cost directly,
(ii) vy v_-SVM does that by using separate v param-
eters for positive and negative examples. The con-
nections between our formulations and the original
v-SVM are provided. We also modified sequential
minimal optimization (SMO) algorithm for uv-SVM
training. Text classification is used as a running ex-
ample to demonstrate that by allowing the asym-
metric misclassification cost, different performance
measures other than error rate, such as precision

and recall, can be optimized. Experiments show our
SMO for pr-SVM training is comparable in speed to
SMO for C-SVM.

The rest of the paper is structured as following.
In section 2, we introduce our new v-SVM formu-
lations, their connection to the original C-SVM/v-
SVM formulation, the dual problem and associated
Karush-Kuhn-Tucker (KKT) conditions. The pro-
posed SMO algorithm for »-SVM will be detailed in
section 3 and the computational comparison will be
provided in section 4.

2. New v-Support Vector Machines
2.1. New v-SVM formulations

In the »-SVM formulation, a uniform misclassifica-
tion cost % is used. In practice, this is not always
desirable. First, there are many applications where
symmetric misclassification doesn’t make sense. For
example, in spam filtering, one typically can toler-
ate spam being labeled as legitimate email to some
degree, but not legitimate email being classified as
spam. To model this, usually one associates a very
high penalty to the case where email is labeled as
spam in the cost function. Furthermore, the uni-
form misclassification cost minimizes the overall er-
ror rate. Applications can put their emphasis on
different performance measurements, such as preci-
sion, recall and F1 measures typically used in text
classification. When there is imbalance in the train-
ing set, which is the case when you try to convert a
multi-class text categorization problem into multiple
two-class text categorization problems, lower error
rate may not guarantee preferred performance based
on different measures. In order to work with these
applications, we propose uv-SVM machine with an
extra parameter y to control the ratio of asymmetric
misclassification cost.

Given a set of vectors (z1,...,Tm), along with
their corresponding labels (y1,...,ym) where y; €
{+1,-1}, pv-SVM classifier defines a hyperplane
(w,b) in mapped feature space that separates the
training data by a margin p. The primal problem
for pr-SVM formulation is defined by the following
proposition.

Proposition 1 Given a training sample set

S=((z1,91),, (@m,Ym))

where y; € {+1,—1}, the hyperplane (w,b) that



solves the following optimization problem

m
minimize : (w-w)—up+2cyi§i

i=1
Yyi({w-zi) +b) > p—&
6120722177,’”

subject to

realizes the soft margin hyperplane with functional

margin p defined by uv-SVM. Here ¢y = m

and c_1 = m, my,m_ denote the number of
positive and negative examples. The u is the ratio
of misclassification cost between the false negatives
and false positives.

There are several differences between our puv-SVM
and v-SVM formulation. First, instead of the uni-
form misclassification cost %, the asymmetric mis-
classification costs c41, c—1 are used, and the ratio
between cy1, c_1 is . The specific value of c¢y1,c_1
are also due to the constraint micy; +m_c_; = 1.
This constraint comes from the observation that v
should take its upper bound value 1.0 when all the
support vectors take their upper bound values. Sec-
ond, the p > 0 constraint disappeared. This is due
to Crisp (Crisp & Burges, 1999), who shows that in
original formulation, the p > 0 constraint is redun-
dant. Discarding this constraint can actually lead
to a simpler dual problem. As with v-SVM for-
mulation, parameter v replaces the parameter C to
control the trade-off between the larger margin and
smaller training error. There is also an additional
variable p to be optimized. The variable p is the
functional margin of training set to hyperplane de-
fined by (w,b). The parameter v is used to control
the importance of functional margin in the cost func-
tion: larger v results in bigger p. More formally, the
significance of v is described in the following propo-
sition.

Proposition 2 Suppose we run puv-SVM on some

data with the result that p > 0. Let vy =
v(pmyptm_) v(pma+m_)

u:n+ o , Then
a. vy (v—) is an upper bound on the fraction of pos-

itive (negative) margin errors. Margin error occurs
where & > 0.

b. vy (v_) is an lower bound on the fraction of pos-
itive (negative) support vectors.

c. With probability 1, asymptotically, v4 and v_
equals both fractions.

,andv_ =

The proof is similar to that of proposition 7.5 on v
property in (Scholkopf & Smola, 2002). Note that

Z+ = = this suggests that fixing the ratio of
— nmoy

misclassification cost is equivalent to fixing v /v_.
Thus, there is an equivalent formulation that use
v4,v_ instead of u, v.

Proposition 3 Given a training sample set

S=(z1,91), " » (TmsYm))

where y; € {+1,—1}, the hyperplane (w,b) that
solves the following optimization problem

(w-w) —viv p+ Yy

i=1
yillw - z3) +b) > p—§&
612077':173/'”

minimaize

subject to

realizes the soft margin hyperplane with functional
V.

margin p defined by viv_-SVM, where c41 = —

my
and ¢c_; = T';—J: Here my, m_ denote the number
of positive and negative examples, and vy € (0,1],
v_ € (0,1] are the parameters used to control the
fraction of marginal training errors and fraction of
support vectors for positive and negative training ez-
amples respectively.

2.2. Properties of these new v-SVMs

Both of these two new formulations can be consid-
ered as a generalization of »-SVM, as y = 1 reduces
the puv-SVM into v-SVM, vymy = v_m_ reduces
the v, v_-SVM into »-SVM. These new formulations
also reveals some interesting characteristics of the
solution to ¥-SVM.

Proposition 4 Suppose we run v-SVM on some
data with the result that p > 0. With probability
1, asymptotically, m_ /m, equals the ratio between
fraction of training margin errors in positive and
negative examples; it also equals the ratio between
fraction of support vectors in positive and negative
examples.

Proof. Let »-SVM as specialization of v;v_-SVM.
Notice that vy = %, and v_ = %
when g = 1. This result follows naturally from

Proposition 2.

This result further explains why v-SVM might have
trouble in dealing with unbalanced training data set.
In a SVM classifier trained by v»-SVM, the fraction
of training marginal errors in the category with less
examples has a tendency to be bigger than that of
the category with more examples. The same is true
for the fraction of support vectors. This clearly in-
dicates that more attention has been paid to the



category with more examples, and the final decision
hyperplane is more likely to make decision in favor of
the category with more examples. This result also
points out p = :n"—; will result in a SVM classifier
that pays equal attention to both categories regard-

less of the number of examples they have.

Like the v-SVM, there is a valid range for parameter
v in pv-SVM.

Proposition 5 Solution to uv-SVM with p > 0 ex-

ists if and only if v < Va4, where

2umy 2m_ )
pumy +m_ pumy +m_"

Vinaz = min(

With m4,m_ denotes the number of positive and
negative examples.

v(pmitm_)
Proof. prr—

%, and also vy € (0,1], v— € (0,1]. The
result is readily followed. The range of v in the v-
SVM, v < 2.0min(m4,my)/m), can be considered
as a special case when y = 1, since we also have
m = my + m_. Another special case occurs where
u=m_/m,: the range then became v < 1.0. The
comparison illustrates another potential problem of
original ¥-SVM formulation when it comes to unbal-
anced data set: the range of v is so small that its
ability to control these two different goals (minimiz-
ing the training error and maximizing the margin)
are greatly reduced.

Notice vy = and v_ =

There is a connection between our pr-SVM formula-
tion and C-SVM with asymmetric misclassification
cost. This connection can be considered as a gener-
alization of the connection between original v-SVM
formulation and C-SVM with uniform misclassifica-
tion cost.

Proposition 6 If training of pv-SVM leads to a so-

lution with p > 0, then corresponding C-SVM, where
_ _ 1

Cy = p(umerm_) and C_1 = P leads to

the same decision function. Here the primal of C-

SVM is defined as:

m
minimize (w-w) + Z Cy;&i
i=1

yillw-2) +0) >1-§;
5;2(),1:1;7771

subject to

Proof. After we get the solution to the primal
problem of uv-SVM in proposition 1, we fix p to
minimize the remaining variable «;, b, &;, the result

doesn’t change. Hence the solution solves the C-
SVM problem with C,; = —Ff—— and C_; =

pmy+m—
m. Rescale the variables w, b, and ¢ by a

factor of 1/p, the result follows.

While the last result points out the way to derive
the equivalent uv-SVM from the corresponding C-
SVM, this following proposition shows how to derive
the equivalent C-SVM from the corresponding uv-
SVM.

Proposition 7 If the training of C-SVM with
asymmetric misclassification cost Cy1, C_1 leads
to a solution «;, then corresponding pv-SVM with
v=>YYa/(Ciymy +C_1m_) and p = Cy1/C 1

leads to same decision function.

Proof. Let w = wp, b = bp, 5' = £p, the primal of
pv-SVM became:

m
minimize (w -w)—v/p+ Z cy:&i/p
i=1
yil(w @) +b) >1-¢
To make this equivalent to the C-SVM problem, we
prefix v, as let p = C41/C-q, 1/p = Coym_ +

subject to

C+1m+. We thus have C+1 = erm’_) and
C_, = m. With constraint ) ;-; a; = £

(from next proposition), the result follows.

2.3. Dual problem and KKT conditions

The derivation of the »-SVM is similar to that of
C-SVM. The dual problem is defined as following,.

Proposition 8 Given a training sample set

S=(z1,91), " » (TmsYm))

and suppose the parameters o* solve the following
optimization problem

. 1 &
minimize W(a) = —3 Z oYy - T5)
i,j=1
m
subject to Zyiai =0
i=1

Cy; 20a; 20,0=0,---n
m

Sai=v

i=1

then the weight vector w* = 27;1 Y;;x; realizes
the mazimal weighted soft margin hyperplane de-

fined by pv-SVM. Where c;1 = andc_q =

1
pmy+m_ -’

__kr
pmy+m—



Compared with dual problem of C-SVM, there are
two differences. First, linear term ;" | a; no longer
appears in the cost function. Second, there is an ad-
ditional constraint which makes training of v-SVM
more complicated. Despite these differences, strong
connection between v-SVM and C-SVM has been re-
vealed in a number of studies (Schélkopf & Smola,
2002; Crisp & Burges, 1999; Chang & Lin, 2001).

The KKT conditions in this case are therefore as
follows:

i=1,--,n

a;lyi({z; -w) +b) —p+&] =0,
0, i=1,---,n

&i (ai — Cy; )

This implies that samples with non-zero slack can
only occur when «; = ¢,;. Samples for which ¢,;, >
a; > 0 have an effective weighted margin of p/||w||
from the hyperplane (w*,b*). The threshold b* and
margin parameter p can be computed as

* ) + ming;— 1 (w* - x5))

2
- @) — ming, — 1 (w* - ;)
2

b* — ma'xyi:*]- (<w

*

maXy,——1 ((w

p==

3. Modification of the SMO for
uv-SVM

SMO can be easily adapted to one class v-SVM
(Scholkopf & Smola, 2002) since there is only one
equality constraint in its dual problem and one vari-
able (functional margin) under optimization in its
KKT condition testing. However there are two prob-
lems when one tries to use the SMO to train a two
class pv-SVM. First, there is an additional equality
constraint. Second, with both functional margin and
bias subject to optimization, how to test KKT condi-
tion for each pattern efficiently becomes a problem.
We will address these two issues in the following two
subsections.

3.1. Observe two equality constraints

The dual problem of C-SVM has one linear equal-
ity constraint: > ., y;a; = 0. This suggests that
for a working set of size 2, if at each step, we have
1o + Yo = yafld + a8, we will not vi-
olate the equality constraint. This is not true any-
more for the v-SVM when y; # w2, the equality
constraint » ;" a; = v will be violated. To reveal

the structure of these two equality constraints, we

rewrite them as following.

14
> s}
yi=+1
> =g
o = =
T2
yi=—1

This different view of the equality constraints reveals
that the Lagrange multipliers for positive examples
should be updated with that of the positive exam-
ples, and the Lagrange multipliers for negative ex-
amples should be updated with that of the negative
examples. The smallest set of patterns that can be
optimized together is still 2.

3.2. KKT conditions Test

We turned the additional equality constraint into a
constraint on the way the working sets are formed.
Now we need to derive an efficient way to test KKT
condition for each pattern. As Keerthi pointed out
(Keerthi et al., 1999), a better KKT condition test-
ing method not only helps in the pathological cases,
but also speeds up the convergence for more general
cases.

We start the discussion by introducing some nota-
tions. Let G; = > i, ay; K(wi,25), Ei = Gi —
b+ y;. The KKT condition for a pattern z; can be
reformulated by considering these different cases.

;=0 = y(Gi-b-yp)>0 (1)
0<ai<ey = yi(Gi—-b—yp)=0 (2
= yi(Gi—b—yip) <0 (3)

Q; = Cy;

Define bpr = b+ p, and bnr = b— p, and define index
sets based on their a values and target label:

Iy, = {i:0<a;<cy}

L = {i:yi=+1,0;=0}
L = {i:yi=-1l,a;=cy}
I = {i:yi=+1,0; =0}
Ik = {i:yi=-1,05=cy}

Since the examples from same class will be optimized
together, the KKT conditions can be rewritten as

G; >
G; <

bnr,i € IpU I
bnr,i € Ip U I3

for y; = +1, and

G;
G;

bpr,i e lyUl,
bpr,i € Iy U I

IN IV



for y; = —1. Define
min(G; :i € Iy U Ih)
max(G; : i € Iy U I3)

bnryp

bnriow
for y; = +1, and
min(G; 14 € Iy U L)
max(G; :i € IpU I)

bp"'up =
prl ow =

for y; = —1. The KKT condition implies bpry, >
bpriow and bnry, > bnrie,. For each pattern,
the KKT condition can now be tested without the
knowledge of b and p. For example, for y; = +1, the
following can be used to test KKT condition.

Gi>bnrpyw i€ IpUIL
Gi<bnryp:i€lyUls

The similar results can be derived for the patterns
where y; = —1. Note that in the actual implementa-
tion, to ensure the numerical stability, a small toler-
ance parameter is introduced in each of these tests.

It can be shown that the analytical solution of work-
ing set of two is the same, despite that the cost
function in the dual problem of v-SVM is different
from that of the C-SVM. At each optimization step,
|Ey — E»| can now be replaced by |G — G2/, thus the
knowledge of b is not needed. Again, we can keep
the G; in a cache for these patterns that are not at
boundary to speed up the computation.

3.3. Two Variations

In line with what Keerthi (Keerthi et al., 1999) has
suggested, there are two ways of picking up the pair
to optimize when the loop is over Iy only.

Method 1. Loop through all the 2 € Iy. For each i,
check the optimality and if violated, choose i1 based
on which index set it belongs to (This is essentially
the same as Keerthi’s method 1. The only difference
now is that examples should be chosen from same
class to ensure the equality constraint).

Method 2. Always work with the worst violating
pairs for each class. More specifically, at each step,
optimize one pair of positive examples and one pair
of negative examples as long as there are violations
in both positive and negative examples.

4. Experiments

Experiments are conducted in two separate parts to
test the effectiveness of our new v-SVM formulation
in (i) dealing with an unbalanced data set and (ii)
the efficiency of our SMO training algorithm.

4.1. Effectiveness of new v-SVMs

For empirical evaluation of our new SVM formula-
tions, we select text categorization as our running
examples since most text categorization problems
have unbalanced training data set and higher F1
measure instead of lower error rate are normally pre-
ferred. We used standard text classification data set:
“ModApte” split of Reuters-21578 data set (Yang &
Liu, 1999). The data set has a training set of 7,769
documents, and a test set of 3,019 documents, all in
90 categories. The effectiveness of C-SVM is proven
by many studies (Yang & Liu, 1999; Joachims,
1998; Joachims, 1999; Lewis, 2001) to have state-of-
the-art performance on the text categorization prob-
lems. Proposition 6 and proposition 7 further point
out that ur-SVM is equivalent to C-SVM. Thus the
main objective of our empirical study here is to show
that our new formulations can provide some guid-
ance on parameter selection so that at least some
extensive parameter tuning procedures can be saved.

Although v can be used to control the fraction of
training errors, there are no known principled ways
to predetermine v for any given learning task. Since
F1 measure emphasizes equally both recall and pre-
cision, from Proposition 2, we know p = m4/m_
would lead to good F1 measures since equal atten-
tion has been paid to both positive and negative ex-
amples. To test whether this is true, we fixed v, ran
experiments with two different u values: 1.0 (corre-
sponding to original »-SVM), m4 /m_ (to optimiz-
ing F1 measure). Smaller v is required for categories
with less positive examples by original v-SVM for-
mulation, but it is also more likely to run into the
over-fitting problem. In this experiment we choose
0.004. This may not be the optimal value for v in
terms of F1 measure, but we will have enough cat-
egories to work with using both u settings, yet the
over-fitting problem is not hurting the result. Since
experiments show that for categories with larger
number (more than 120 in this study) of positive
examples, the performance differences between two
p values can be ignored, only results from 37 cat-
egories (with number of positive training examples
between 16 and 120) are shown here.

Figure 1 plots the two F1 measures versus the cate-
gory rank. Categories are ranked in the descending
order based on the number of positive examples in
the training set. It showed that asymmetric misclas-
sification cost with p = m_ /m leads to better F1
measure on most categories, and the improvement is
bigger on the categories with less positive training
examples. Actual F1 measure on selected categories
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Figure 1. F1 measure versus category rank

rank | p/n num org F1 our F1

coffee 1| 111/7658 | 0.788732 | 0.788732
bop 6| 75/7694 | 0.597403 | 0.613333
rubber 21 | 37/7732 | 0.656250 | 0.705882
orange 36 | 16/7753 | 0.289855 | 0.540541

Figure 2. F1 measures on selection categories

are shown in Figure 2. Further studies also support
this observation.

4.2. Efficiencies of SMO for »-SVM

Since previous studies have shown that SMO is one
of fastest SVM training algorithms (Platt, 1998;
Keerthi et al., 1999), we simply need to compare our
SMO for »-SVM (two variations: nueasl, nueas2)
with SMO for C-SVM (again two variations: ceasl,
ceas2). To do that, we implemented both the
Keerthi improved version SMOs for C-SVM and our
SMOs for »-SVM. To make the result comparable,
Proposition 6 and Proposition 7 are used to select

Duration in milliseconds,jog

Figure 3. training time versus dataset size

Duration in milliseconds log

Figure 4. training time versus different v

parameters so that C-SVM and uv-SVM lead to the
same decision function (thus, same support vectors).
We studied the efficiency of our ur-SVM under dif-
ferent v, and training set size. The data sets used
in this experiments are randomly constructed from a
larger USPS set. Note that the same tolerance value
is used across the experiments and the training time
is very much dependent on this tolerance value.

Figure 3 plots training time of four SMOs imple-
mentations on six data sets, each doubled in size. It
is a log-log plot of training time versus dataset size.
It is clear our SMO methods are faster when the data
set is large enough. This is due to the fact that SMO
for »-SVM can be considered as the sum of two sep-
arate SMO for C-SVM problem with half the size;
this is also due to the empirical result that SMOs are
scaling as N1 (Platt, 1998). Furthermore, unlike
the SMO for C-SVM, the second variation is always
slower than the first variations in SMO for »-SVM.
The reason is that we have to stop optimization on
the unbound as as soon as violations disappear in
either positive or negative examples. If we stop the
optimization of the unbound as only when there are
no violations in both positive and negative examples,
numerical experiments show that the algorithm may
not converge.

Figure 4 plots the effect of different v on the training
time. Here the dataset is fixed, the training time is
shown with 11 different v values, each doubled from
the previous. The experiments show again that our
SMO for »-SVM is comparable in performance to
SMO for C-SVM, and variation 1 of SMO for »-SVM
outperforms variation 2 of SMO for v-SVM. In the
meantime, the training time of our SMO stays rather
flat when its constraint increases from 0.000195 to
0.2; the training time of SMO for the corresponding
C-SVM increased a lot when its constraint goes from



21.08 down to 0.017. This suggests that our SMO
for »-SVM is very robust in term of v.

5. Conclusion

In this paper, we first pointed out the potential prob-
lems of the original »-SVM formulation on the unbal-
anced training data set. We then proposed two new
SVM formulations that allow asymmetric misclassi-
fication cost: pr-SVM controls ratio of misclassifi-
cation cost directly, vyv_-SVM does that by using
a separate v (controls both the fraction of margin
training error and fraction of support vectors) for
positive and negative examples. These new formu-
lations combine the strength from both the C-SVM
and v-SVM: they allow asymmetric misclassification
cost while retaining the intuitive parameter v. Ex-
periments in text classification show that our new
formulations not only have the capacity for better
performance on unbalanced data sets, but also pro-
vide guidance on parameter selection so that better
performance can be achieved without expensive pa-
rameter tuning process.

We also proposed a SMO algorithm for »-SVM for-
mulations. By pairing up patterns from the same
class into working set of size 2, both equality con-
straints can be observed. By maintaining and updat-
ing four threshold /margin parameters, we are able to
derive an efficient way of checking KK'T condition for
each pattern without the knowledge of b and p. Fol-
lowing Keerthi’s suit, we proposed two variations on
how the working set is picked when we focus on the
patterns that are not at boundary. Numerical ex-
periments show that our SMO algorithm for v-SVM
training is comparable to Keerthi’s improved SMO
algorithm for C-SVM. The introduction of these new
v-SVM formulations and the SMO algorithm for v-
SVM is expected to help researchers to adopt the
v-SVM formulations in different applications.
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