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Abstract

We propose a two-class linear classification model by taking into account the Euclidean
distance from each data point to the discriminant hyperplane and introducing a risk measure
which is known as the conditional value-at-risk in financial risk management. It is formulated
as a nonconvex programming problem and we present a solution method for obtaining either
a globally or a locally optimal solution by examining the special structure of the problem.
Also, this model is proved to be equivalent to the v-support vector classification under some
parameter setting, and numerical experiments show that the proposed model has better
predictive accuracy in general.
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1 Introduction

Mathematical optimization approaches to the classification problem have attracted much atten-
tion of many researchers since the 1960s (e.g., [7]). Among such approaches are the support
vector classification [15], the robust linear programming method [2], integer programming meth-
ods (e.g., [6]), the other kind of linear programming methods (e.g., [4, 5]). For the two-class
classification problem in IR", these models seek to find a decision function h : R" — {£1}
using a set of training data {x‘} C IR"™ which are labeled with binary values {y'} C {£1} for
iel:={1,..t}:
(', yY),..., (z%y") e R™ x {£1},

so that h will predict as accurately as possible the labels of new data points generated from
the same probability distribution with the training data. In particular, the linear classification

problem concerned in this paper is reduced to constructing a discriminant hyperplane:

Hw,b) :={z e R"|(w,z) +b=0}, w#0, weR", belR, (1)
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which corresponds to the decision function h(x) = sign({w,x) 4+ b) where sign(¢) is 1 if &€ > 0,

—1, otherwise.

To this end, if given set of training data is linearly separable, i.e., there exists (w,b) such
that w # 0 and y*((w, z%) +b) > 0 hold for i € I, the hard margin support vector classification
(HSVC) [15] provides a most reasonable hyperplane as an optimal solution of

maigze mip gl g

where

, foriel. (3)

In the paper, we call g(w,b;x,y*) the geometric score of data (x!,y") with respect to (w,b).
Formulation (2) implies that only a portion of training data which have the lowest geometric

score contribute to determine the hyperplane.

On the other hand, for linearly inseparable data set, there is no hyperplane which correctly
separates the given set of data points, and the criterion based on the lowest geometric score is less
persuasive because the other misclassified data points are ignored. For overcoming this draw-
back, the other models such as the soft margin SVC and the robust linear programming method

introduce some other misclassification risk measures to be minimized into their formulation.

In this paper, we propose a classification model which minimizes another misclassification
risk. The risk measure applied in our model is based on a conditional expectation of the empirical
distribution of the geometric score, which is known as the conditional value-at-risk (CVaR) in
the financial risk management [12]. The CVaR measure is now highlighted as a tool of perceiving
and controlling the financial downside risk since it has preferable properties such as coherency
[1] and consistency with stochastic dominance [10, 9] and, in addition, many portfolio problems

based on the CVaR minimization can be formulated as a convex programming problem [11].

Contrary to those portfolio problems, our model is basically formulated as a nonconvex
quadratic optimization problem due to the nonconvexity of the geometric score g. Under some
parameter setting, however, it can be transformed into an equivalent convex quadratic optimiza-

tion problem. The properties of our model are

i) under some parameter setting, our model is equivalent to the v-support vector classifica-
tion (¥-SVC) model [13], and also equivalent to the HSVM model (2),

ii) the difficulty of the proposed problem depends on given parameters and data set {(z, ) :
iel}.
From i), the discussion in this paper provides another interpretation of the v-SVC, and this
similarity opens a gate for the use of the kernel functions in our linear model.

The structure of this paper is as follows. In the next section, we first define the conditional

expectation of the geometric score as a risk measure by following Rockafellar & Uryasev [12], and



describe the formulation of the risk minimization. In section 3, we discuss the nonconvex struc-
ture of the formulation, and propose an algorithm for obtaining either an optimal solution when
the problem is convex, or a locally optimal solution when the problem is essentially nonconvex.
In section 4, we discuss a relationship between our model and other classification approaches:
the HSVC and the v-SVC, and show that under some parameter setting, our model is equivalent
to them. Section 5 is devoted to some numerical experiments, showing that the nonconvexity
in our model, which is eliminated in the v-SVC, plays an important role in determining the

hyperplane. Finally, we conclude the paper by adding some remarks and possible extension.

2 Conditional Geometric Score Optimization

We first introduce the several results of Rockafellar & Uryasev [12] and define the conditional
expectation of the geometric score as misclassification risk measure in section 2.1. Then, in
section 2.2, we describe the linear classification problem which minimizes the misclassification

risk measure.

2.1 A Misclassification Risk Measure

We consider the two-class linear classification problem for a finite number of training data which

are assumed to be generated from an unknown probability distribution.

We denote the given labeled data set by {(x*, %) : i € [} C R"x{£1} where I := {1,...,/} is
the index set of the training data, and define two index sets I* and I~ by I := {i € I'|y' = +1}
and I~ := {i € I |y* = —1}, respectively. In addition, we suppose that the empirical probability
assigned on the given data is given by P{(x,y) = (x',4%)} = p; > 0 for i € I, where Y p; = 1.

el
One simple choice for p; is
1

1
i =— =—foriel. 4
p 1 gorze (4)

|

which is often used to balance the two classes in the other classification models [2, 13].

Another possibility is
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For each data point (x%,%%), the geometric score is defined as in (3) with some given (w, b)
and we sometimes use the notation g(w,b) in place of g(w,b;x,y) for simplicity. g(w,b) is the
Euclidean distance of a point € IR™ to the hyperplane H (w, b) if positive, and we can say that
a data point with lower geometric score has higher risk to be misclassified. Denoting the minus
value of the score g by f, i.e.,

J(w,0) i= —g(w,b),

we interpret f as the magnitude of misclassification risk.

Let us define the distribution function ®((w,b),«) of f by

O((w,bd),a) :=P{ f(w,b) < a},



frequency

probability: 1 — 3

¢ﬁ(w7 b)

- ~ f(w,)

Figure 1: Illustration of the §-tail expectation of f

and a threshold oz with some confidence level 8 € (0,1) by
ag :=min{a | P((w,b),a) > 5 }.

We note that ag is well-defined because ®((w,b), ) is right continuous and nondecreasing
with respect to . The ag is known as the value-at-risk (VaR) in the context of financial risk

management. It is expected that f(w,b) exceeds ag only in (1 — 3) x 100%.
Following the results of Rockafellar & Uryasev [12], we introduce the [-tail distribution

function to focus on the tail part of ®((w,b),«) as

0 for a < ag,
(I)ﬁ((wvb)aa) = <I>(('w,b)7a) - f
1-p

Using the expectation operator Eg[-] under the (-tail distribution ®g, define the (-tail expec-

for a > ag.

tation of f as ¢g(w,b) := Eg|[f(w,b)], which is the risk measure known as the conditional
value-at-risk (CVaR). Denoting the expectation under the original distribution ® by E[-], the

following relation shown in [12]:

E[f(w,b) [ f(w,b) > ag] < ¢p(w,b) < E[f(w,b)]f(w,b) > ] (6)

implies that ¢g(w,b) is approximately equal to the conditional expectation of f which exceeds
the threshold ag. In other words, the risk measure ¢g(w,b) is based on the distribution of the
lower geometric score, and a hyperplane H (w,b) induced from the risk-measure minimization
problem:

minimize ¢p(w,b) (7)
is expected to classify new data points generated from the same distribution correctly.

To solve the problem (7), Rockafellar & Uryasev [12] introduces a simpler auxiliary function
Fg: R"*? — IR:
1

Fg(w,b, ) == a+ -5

E[[f(w,b)—a]*],



where [X]T := max{X,0}, and provides a shortcut to minimizing ¢z(w,b) as

minimize ¢p(w,b) = Jainimize Fa(w, b, a), (8)

where W := (IR"\ {0}) x IR. This relation shows that the minimal value ¢g(w,b) and an optimal
solution can be achieved by minimizing the function Fg(w,b, o) with respect to (w,b) € W and
a € R simultaneously. Furthermore, it is shown in [12] that an optimal a* of the right-hand

side optimization problem is almost equal to ag.

2.2 Conditional Geometric Score (CGS) Optimization Problem

The optimization of the conditional lower geometric score given in (8) is described as

: ’LUiEi *
EACEEL NS o)

o 1 Z

minimize « S —— 1
w#0,b, + 1 — /8 p’L

i€l

where 3 € (0,1) is a given confidence level. We call this problem the Conditional Geometric
Score (CGS) optimization problem.
We show first that Problem (9) is equivalent to the following nonlinear programming problem

with a nonconvex constraint:

o 1
minimize o« + m Z Di i

w, b, z,

(Q(B)) | subject to  z; +y'((w,x") +b) + >0, i€l (10)
z; >0, 1€1,
[w]* =1.

The above two problems (9) and (10) have optimal solutions under the following assumption.

Assumption 2.1

> Fach class has at least one data, i.e., |[IT|,|I7| > 0.

>  The parameter (3 is chosen so that

1—2min{2pi, Zpi}§ﬂ<1.

ielt  iel-
Lemma 2.2 Under Assumption 2.1, Problem (10) has an optimal solution.

Proof. We can find a feasible solution of (10) easily. Indeed, for arbitrary b, & and w satisfying
|lw]|? = 1, let z satisfy

z > max{—y; ((w,z') +b) —@a,0}, Viel,

then (w, b, 2, @) is a feasible solution of (10).



In the following, we will show that this problem never become unbounded under Assump-
tion 2.1. Introducing the dual variables (A, u,0) € IRﬂ X]Rﬁ x IR and constructing the Lagrangian
function for Problem (10):

L(w,b,a,z, A\, p,0)

1 ) ) 1
=t 1-8 Zpi Zi — Z)\i{zi +y' ((w,z")+b)+a} — Zuizi + 55(”1"”2 - 1),

icl el icl
the Lagrangian dual problem is represented as
maximize minimize L(w,b,a,z, A\, u,0).

A>0,pn>0,6 w, b, a, z

The stationarity conditions are

S Ayl = dw (1)

el

d Ayt =0 (12)

el

d =1 (13)

el

o<n<-2 o el (14)
— — 1 —/B’ b

and substituting (11) to (13) into £, we obtain the Lagrangian function:
1 2
52—56(||w|| +1). (15)

Therefore, when § # 0, the Lagrangian dual problem is reformulated as

el

2
1 1
maximize — 3 (0 + 5 ) subject to  (12) to (14),

and the constraints (12) to (14) are equivalent to

Z)\Z‘:Z)\i:%, OS)\iglziiﬁ,iEI.

elt i€l

It is easy to verify that the Lagrangian dual is feasible under Assumption 2.1, which proves that
the optimal value of (10) is bounded below. Considering that w is bounded in (10), we find that
(10) has an optimal solution. O

Proposition 2.3 Problem (9) is equivalent to Problem (10) in the following sense :

> Let (w,b,a) be an optimal solution of (10). Then, (ni,nb,&) for anyn > 0 is an optimal
solution of (9).

> Let (w*,b*,a*) be an optimal solution of (9). Then, (”51”, ”,3:*”,04*) is an optimal
solution of (10).



Proof. Now we show the proof only for the first statement since the second one can be shown

similarly.

For any 1 > 0, (nw,nb, &) is a feasible solution of (9). Suppose that there exists a feasible

solution (w’,¥,a’) of (9) whose objective function value is less than that of (nw,nb, @), i.e.,

a+—zpz{_ ,’wi>+b/)_a’} <a+1_ sz[_ wfﬁi>+5)_@+.

[

Then, (”$:”, ||'u; T a') is feasible for (10) and it attains smaller objective function value than
(w,b,a), which contradicts the optimality of (w,b,a) to (10). Therefore, for any n > 0,

(nw, nb, &) is an optimal solution of (9). O

From Lemma 2.2 and the first statement in Proposition 2.3, we see that Problem (9) has an

optimal solution under Assumption 2.1.

3 Algorithm for the CGS Optimization

The conditional geometric score (CGS) optimization problem (10) includes a single nonconvex
constraint. In this section, we examine the nonconvex structure of the problem, and then propose
an algorithm for achieving either a globally optimal solution when the problem is convex or a

locally optimal solution when the problem is essentially nonconvex.

3.1 2-Step Algorithm

The CGS optimization problem (10) is a nonconvex optimization problem and seems to be
difficult to deal with in a direct manner. We consider three cases according to the optimal value

of Problem (10) and show the way to solve the problem in each case.

Let us define a relaxation problem of Problem (10) as

mir}geige o+ m ZGZI i Zi
(RQ(3)) | subject to 2z + v ((w, ") +b)+a >0, i€l (16)
% >0, iel,
[wl|* < 1.

The existence of an optimal solution in (16) is shown by the similar proof to Lemma 2.2. Denot-
ing the optimal value of Problem (10) by opt.(Q(3)) and that of Problem (16) by opt.(RQ(83)),

then we have

opt.(RQ(B3)) < opt.(Q(B)). (17)

Proposition 3.1 Let (w, b, &, z) be an optimal solution of Problem (16). Then, under Assump-
tion 2.1, the followings hold.



~

1. If |w|| = 1 holds, then (w,b, &, 2) is an optimal solution of Problem (10). In this case,
opt.(Q(B)) < 0.

2. If 0 < ||lw| < 1 holds, then

its optimal value is 0.

m&b,i),@,é) is an optimal solution of Problem (10) and

3. If |Jw|| = 0 holds, opt.(Q(5)) > 0.

Proof. Note that (w,b, o, z) = 0is a feasible solution of Problem (16), and therefore, opt.(RQ(8)) <

0. We use this to prove the statements.

1. We observe that (ib,b, @, 2) is feasible and, accordingly, optimal to (10). Therefore,
opt.(Q(B)) = opt.(RQ(B)) < 0 holds.

2. Suppose on contrary that opt.(RQ(3)) < 0, then ||w||
of (16) and mopt.(RQ(ﬂ)) < opt.(RQ(B)). This contradicts that (w,b,a,2) is an
optimal solution of (16), and hence, opt.(RQ(3)) = 0 follows. Thus, opt.(Q(3)) = 0 and

(,b, &, %) is a feasible solution

||w|| (w, b &, %) is an optimal solution of Problem (10).

3. If opt.(Q(B)) < 0, the relation (17) indicates that opt.(RQ(3)) < 0. The dual problem of

(16) with an additional constraint w = 0 is reduced to
maximize 0 subject to (12) to (14).

Since this problem has a feasible solution under Assumption 2.1, one has opt.(RQ(5)) =0

which contradicts the assumption.

In the third case of Proposition 3.1, any optimal solution of Problem (10) cannot be achieved
from that of Problem (16) since the nonconvex constraint is essential. Accordingly, we have to

solve a nonconvex programming problem in such a case.

Corollary 3.2 Let (w,b, &, 2) be an optimal solution of Problem (16). Then, the followings
hold.

> Ifopt.(Q(5)) < 0, one has ||w]|| = 1.
> If opt.(Q(5)) > 0, one has ||w]|| = 0.
This corollary is proved by taking contraposition of the statements in Proposition 3.1. The

corollary implies that when opt.(Q(/5)) < 0, Problem (10) turns into the convex problem (16),
and when opt.(Q(3)) > 0, it is equivalent to the nonconvex problem:

mliur,lgg%ige o+ m ; Di 2

subject to 2z + y'({w,z") +b)+a >0, i€, (18)
2z >0, 1€l
Jw]* > 1.




Whether the convex constraint ||w||> < 1 in (16) is essential depends on the sign of the optimal
value opt.(Q(/3)) of (10) and we can roughly control the difficulty of Problem (10) by adjusting
[ since opt.(Q(8)) is non-decreasing with respect to 3.

Now we outline our algorithm for solving the nonconvex program (10) to determine a dis-

criminant hyperplane.
Algorithm 3.3 (2-step framework)

Step 1. At first, solve a convex optimization problem (16). For an optimal solution (W, b, &, z),
> if |w| =1, terminate with an optimal solution (i, b,&) of (10),
> if 0 < ||w|| < 1, terminate with an optimal solution (Ilwll’ Wl ||w||) of (10),
> if |lw|| =0, go to Step 2.

Step 2. Solve the nonconvex program (10) approzimately via the algorithm proposed in the next

subsection.

3.2 Local Optimum Search Method with Approximation Accuracy

In this subsection, we focus on the case that an optimal solution of Problem (16) attains ||w|| = 0,

that is, the third case of Proposition 3.1 where the optimal value of Problem (10) is nonnegative.

Lemma 3.4 The following problem provides a lower bound for Problem (10) when the optimal
value of (10) is nonnegative, i.e., opt.(Q(S)) > 0.

1

mnze et 13 iezlpi 2
(RP.(8)) subject to  z; +y'({w,z") +b)+a >0, icl, (19)
z; >0, 1€1,
fwlloo = .

Proof. Obviously, the optimal value of (19) is nonnegative, that is, opt.(RP_(3)) > 0 and,
in particular, when opt.(Q(/3)) = 0, then opt.(RP_ (3)) = 0 holds. Hence, we focus on the case
that opt.(Q(3)) > 0 below. Consider a relaxation problem of (19):

L 1
minjmize a3 ; Pi %
(RRP__(3)) | subject to  z; + v ((w, ) +b)+a >0, i€l (20)
2z >0, i€,
ol > 2

and note that (20) is also a relaxation problem of (10) because the feasible region of (10) is
included in that of (20). Also, we can show that when opt.(Q(8)) > 0, any optimal solution of
(20) satisfies ||w||co = ﬁ, which implies that (19) is also a relaxation problem for (10). Indeed,



Figure 2: Constraints ||lw| =1 and ||w|/e = 1/v/n

suppose on contrary that an optimal solution w of (20) satisfies || W]/ > \/—, then we obtain

a feasible solution W(fv, b,&,2) of (20) with smaller optimal value, which contradicts the
optimality of w. O

For all (d,h) € {1,...,n} x {:I: =}, solve the following linear programming problems:

minl}rglge o+ m Z Di %
el
subject to  z; +y'({w,z?) +b)+a >0, icl,
(RLP(d. h; 3)) o ier (21)

f<w] \Fforallj—l

Wqg = h.
Using the optimal values f(d, k) for all (d,h) € {1,...,n} x {iﬁ} and corresponding solutions,
we obtain the optimal value f of (19) by setting

F o= min{ F(d, 1) | (d, 1) € {1,....n} x {i%}},

and its optimal solution (w,b, &, z) by defining
(w,b,a,z) : an optimal solution of (RLP__(d*, h*; 3)), (22)

where (d*,h*) € argmin{ f(d,h)|(d,h) € {1,...,n} x {iﬁ}} Note that 0 < ||lw| < 1, and
(1

W(w b,7, ) is feasible to (10) whose objective function value is ﬁ f. One then has

0 < f <opt.(Q(A) <

Using the local optimum search technique proposed in [14], the upper bound HTIH f might
be improved. The procedure for local optimum search exploits the property of Problem (10),
whose feasible region is reduced to a polyhedral cone by excluding the nonconvex constraint.

We construct a polyhedral set by linearizing the nonconvex constraint as

zi+yi ((w,z) +b)+a>0, i€l
F(’U)k) = (’lU,b,a,Z) z; 2> 0, 1€ I,

<wk7 w> =1

10



with some feasible solution wy of (10), and then apply a pivoting technique for the linear

programming problem:

minimize ¢(z,a) == a+ —— sz z; subject to (w,b,a, z) € F(wy) (23)
w,b,z, 1 — /B
iel
to find a local optimum of Problem (10). Note that, when the optimal value of Problem (10) is
nonnegative, it is equivalent to (18) which includes the constraint |Jw]|? > 1 instead of ||w|* =
1. Since F(wy) is included in the feasible region of (18), the optimal value of (23) is also

nonnegative.

Here we introduce some additional definitions for the description of local optimum search

algorithm. Let us define a polyhedral cone H by

H .= {(w,b,a,z)

Zi+y((w,a) +b)+a>0, i€l
2z >0, 1€l ’

and a unit sphere G by
G = {(w,b,a,2) | |w|® =1}

Let rayH denote the set of extreme rays of H, and we call a feasible solution lying on rayH N G

a basic solution.
Algorithm 3.5 (Local optimum search)

Step 0. Choose a feasible basic solution (wq, by, o, zo) of (10). Let k = 0.
Step 1. At wy, construct the polyhedral set F(wy,).

Step 2. If there exists an extreme point (w,b, &, %) of F(wy) adjacent to (wy, by, ag, 21) with

q(zk, a) > q(z, @), then compute the next basic solution

(wk+17bk+17ak+17zk+l) ” — H ( 7b7@?2) (24)

of (10), let k = k 4+ 1 and go to Step 1. Otherwise, terminate with a local minimizer

(wg, by, ag, Zk)-

In Step 0, we can find a feasible basic solution of (10) easily. After obtaining a feasible solution
||'w|| (w,b,7, z) from (22), we construct ‘7:(||'w||) Then, we find an extreme point (w’, V', 2/, /)
of F (||'w||) after one pivot procedure, project the extreme point on G by (24), and achieve a

feasible basic solution of (10).

The solution (wy, b, o, zx) obtained by this algorithm corresponds to a local minimizer of
Problem (10), since this solution satisfies the Karush-Kuhn-Tucker (KKT) optimality conditions
induced from (10). According to [14], it is easily shown that Algorithm 3.5 terminates within
finite iterations when the optimal value of Problem (10) is nonnegative, i.e., opt.(Q(53)) > 0.

11



4 Relation to the Other Classification Problems

In this section, we discuss a relationship between the conditional geometric score (CGS) op-
timization problem and other classification problems such as the hard margin support vector
classification (HSVC) and the v-support vector classification (v-SVC). Under some parameter

setting, our model is proved to be equivalent to them.

4.1 The Hard Margin Support Vector Classification

We first explore the relation between the CGS optimization (9) and the hard margin support

vector classification (2). Note that (2) can be represented as

(HSVC2) | minimize max — y' ((w,z') +b)
SR ol

We show below that the formulation (9) coincides with (HSVC2) if 8 > 1 — minp; holds.

Let (w*,b*, a*) be an optimal solution of (9) and let

{_¢<mmxw+W>}

k := arg max
el

Suppose that there exists v > 0 such that

o’ = ” .
[|w*||
Then,
. 1 Y ((w*, x’) +b*) *r Y ((w*, x®) +b) Dk

RISy O TET ST At L B
52 ] Twr] 5 Y

Y ((w*, x®) +b)

> - » ;

[|w*|

which contradicts the optimality of (w*,b*, a*). Accordingly, the optimal solution satisfies

(ol ey

[ ||

o > max
i€l

and Problem (9) results in (HSVC2).

From this viewpoint, the hard margin support vector classification (HSVC) corresponds to
the CGS optimization with sufficiently large 3. To attain more accurate classifier, it might be
better to solve the CGS optimization problem (10) which takes into consideration the other

misclassified data by adjusting the parameter j3.

4.2 The v-Support Vector Classification

We next show that the convex problem (16) solved at the first step of Algorithm 3.3 is equivalent
to the v-SVC when the optimal value of (10) is negative. Besides, it is shown that the v-SVC

results in a meaningless solution when the optimal value of (10) is positive.

12



Multiplying the objective function of (16) by 1 — f > 0 and introducing the Lagrangian
multiplier # > 0 with respect to the convex constraint ||w||> < 1, we obtain a Lagrangian

relaxation problem of (16):

o 2 _ L
minimize O(lw]*—=1)+ (1 5)04-1-22%%

LRQ(6; ! 2
(LRQ(; ) subject to  z; + y'({w,z!) +b) +a >0, icl, (25)
2z >0, 1€l
Then, the optimal value of (LRQ(#; 3)) with any 6 > 0 is equal to or less than that of (16).
If we change the variable and parameters in Problem (25) as
1
a=—p, B=1-v, pj=—foriel, (26)

1]
add nonpositivity on @ < 0 and choose the Lagrangian multiplier as § = %, this problem is led

into the primal formulation of the v-SVC [13]:

1 1
minimize §||w\|2 —vp+ Il Z zi

w,b,z,p

el
(v-SVC(v)) | subject to 2 +y'((w, ') +b) —p >0, i€l (27)
2 >0, iel,
p=>0.

In our classification model, « corresponds to a threshold of the distribution of f(w,b) with

confidence level 3 € (0,1) and the nonpositivity is not imposed on «.

As shown in Corollary 3.2, when the optimal value of Problem (10) satisfies opt.(Q(3)) < 0,
(10) is equivalent to the convex problem (16), and when opt.(Q(3)) > 0, it is equivalent to the
nonconvex problem (18). From this point of view, the sign of Lagrangian multiplier § should
be determined according to the optimal value of (10). In addition, we can show the following

theorem.

Theorem 4.1 The v-SVC (27) with parameters (26) provides a meaningless solution satisfying
w = 0 when the optimal value of (10) is positive.

Proof. Corollary 3.2 shows that when opt.(Q(3)) > 0, Problem (16) provides a meaningless
optimal solution satisfying w = 0. In such a case, Problem (16) is equivalent to the following

linear programming problem:

minimize (1 — f)a+ sz‘ Z

w,b,z,
el
(RP2(5)) subject to  z; +y'({(w,z?) +b) +a >0, icl, (28)
5 >0, icl.

By duality, the optimal value opt.(RP2(53)) of (28) is 0, and the comparison between the v-SVC
(27) with parameters (26) and Problem (28) implies

0 = opt.(RP2(3)) < opt.(r-SVC(v)).
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Therefore, a feasible solution (w,b, p,z) = 0 is optimal in (27). We can show that there is no
optimal solution satisfying ||w|| > 0, since if (27) has such a solution and the optimal value is
0, then opt.(RP2()) < 0 holds. Thus, any optimal solution of (27) satisfies w = 0, and the

statement follows. O

Now we introduce a convex quadratic program:

maximize  — Z Z Yy (xh YN
el jeI

subject to Z Ayt =0,

( D+) iel

=1,

i€l 1

OS)\z‘S—l_ﬁpi, € 1.

Lemma 4.2 When the optimal value of (10) is negative, (D) is the Lagrangian dual problem
of (10) with zero gap.

Proof. In the proof of Lemma 2.2, we have provided the Lagrangian dual problem of (10) as

iel

2
1 1
maximize ~3 (0+ 5 ) subject to (12) to (14),

when 6 # 0. Since the optimal value of the primal problem (10) is negative, the optimal value
of the above Lagrangian dual problem is less than 0, any optimal solution satisfies §* > 0 and
(11) shows sze I yz)\zcc’H > 0. Then, the relation between the arithmetic and the geometric

means implies that

2
> oynal| )< -

el

el

== D> yiyilat @)\,

icl jel

1 1
3 0+5

and the Lagrangian dual problem results in (D), where the optimal solution §* is achieved at

§* =3 /> s > jer ¥y (@', &)\, Since Problem (10) is equivalent to Problem (16) when

the optimal value of (10) is negative and both the Lagrangian dual (D) and (16) are convex

programs, the result follows. O

Theorem 4.3 The CGS optimization problem (10) and the v-SVC (27) with parameters (26)

provide the same discriminant hyperplane when the optimal value of (10) is negative.

Proof. The dual of the »-SVC (27) is known as

maximize  — Z Z Yy (', 2 )N
icl jel
subject to Z)\iyi =0,
(DrSVC) el
Z)\z > v,
icl )
0< N\ < — I
— (— |I|7 ? E




By replacing the variables A by X' := %, the problem is proved to be equivalent to (D) except
the inequality ) ,.; A7 > 1 which corresponds to p > 0 in (27). When the optimal value of
(10) is negative, o < 0 holds at any optimal solution a*. Therefore, these two problems are

equivalent when the optimal value of (10) is negative. O

5 Computational Experiments

In this section, we examine our model by comparing with existing models such as the v-SVC
and the robust linear programming (RLP) approach [2] through numerical experiments. The
instances to be used in the experiments are named 1) CANCER, 2) LIVER, and 3) DIABETES,
all of which are obtained from the UCI repository of machine learning databases [3]. For the
CANCER data, we use only three attributes which are shown to be highly predictable via
RLP approach in [8], whereas we use all attributes provided in the database for the latter two
instances, i.e., six attributes for LIVER, and eight for DIABETES.

Distribution of Optimal Geometric Score Figure 3 shows histograms and statistical char-
acteristics for the optimal distribution of the geometric score f(w*,b*;x,y) = —g(w*,b*;x,y),
where (w*,b*, o*, z*) is an optimal solution of Problem (10) when the empirical probability p;
is given by (4). Figures a) and b) are the results of the CANCER data under the different
parameter (3. Figures a), ¢) and d) show the results of CANCER, DIABETES and LIVER,
respectively, under the parameter 3 chosen so that the number of misclassification becomes very
small. It is worth noting that the optimal values ¢4 in Figures c) and d) are positive and the
nonconvexity is essential. From these figures, we see that the shape of the optimal distribution

depends on § and the given data sets.

Misclassification and Misprediction To show the potential superiority of our model over
the v-SVC, we performed ten-fold cross-validation for the three data sets. Figure 4 shows the
misclassification (training error) and the misprediction (testing error) rates obtained by Problem
(10) with 8 = 0.4 to 0.55 when the DIABETES data set is applied. The points highlighted by
‘o’ and ‘x’ in the figure correspond to 8 > 0.47. For such 3, at least one of the ten trials through
the cross-validation proceeded to the Step 2 of Algorithm 3.3. It implies that when 5 > 0.47,
that is, v < 0.53, the v-SVC fails to attain any hyperplane at least one of the ten trials while the
numerical results of our model and the v-SVC are exactly the same when 3 < 0.46. Consequently,
it is possible to find more predictable hyperplane by our model for larger 3 so that the v-SVC
returns a meaningless solution, i.e., w* = 0. This indicates that the nonconvexity plays an
important role in the classification problem. Similar results are observed with the other data

sets.

Tables 1 to 3 summarize the results of misclassification and misprediction of three data sets by
using three models: the CGS, the v-SVC, and the RLP. For the CGS and the v-SVC, we compute

discriminant hyperplanes under several values of § and report the best results. Each cell shows
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Figure 3: Histograms of f

the sample average and the sample standard deviation of the misclassification or misprediction
rates. The column named ‘41’ shows the rates for the ‘41’-labeled data set while the ‘-1’
shows those for the other data set. The rows named ‘CGS1’ show results achieved by the model
proposed in the paper when the empirical probability is given by (4), whereas ‘CGS2’ means the
same model when the probability is given by (5). Similarly, ‘RLP1’ means the minimization of

equally weighted misclassification error, i.e., % > &, whereas ‘RLP2’ minimizes weighted error
iel
terms defined by ﬁ IGZH &+ ﬁ EZI &, where & = [1 — y;((w, ") + b)]T. Correspondingly,
7 (2 -
‘v-SVC1’ means (27), whereas ‘v-SVC2’ means a variation of (27) whose objective function is

replaced by 3 [|lw|? — vp + ﬁ ooz + ﬁ >z
€|t €|~

From these tables, our model achieves the best predictive accuracy in terms of the sample
mean through ten-fold cross-validation. For the CANCER data, our model performs as well as
the RLP2 which is shown to be highly predictable in [8] when the weighted empirical proba-
bility (5) is applied. However, the weighted probability did not always attain the better total
predictability, but the misprediction rates of the two labels are more balanced than the equally

weighted ones.
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Figure 4: Misclassification vs. misprediction through Algorithm 3.3 (the DIABETES data)

Table 1: Misclassification and misprediction rates for the CANCER data

misclassification misprediction
total +1 -1 total +1 -1
CGS1 av. | 3.03% 4.09% 2.40% 3.16% 4.26% 2.51%
(6=.97) | s.d. | (0.53%) | (0.62%) | (0.49%) | (1.99%) | (4.29%) | (1.62%)
CGS2 av. | 2.60% 3.30% 2.18% 2.63% 3.46% 2.21%

(B8=.92) | s.d. | (0.29%) | (0.37%) | (0.32%) | (1.70%) | (3.32%) | (1.73%)
v-SVC1 av. | 3.12% 6.29% 1.24% 3.16% 6.82% 1.10%
(B=.88) | s.d. | (0.37%) | (0.88%) | (0.20%) | (2.45%) | (5.67%) | (1.92%)
v-SVC2 av. | 2.75% | 4.19% | 1.90% | 2.81% | 4.01% | 2.25%
(B=.88) | s.d. | (0.34%) | (0.92%) | (0.44%) | (1.69%) | (4.09%) | (1.76%)

RLP1 av. | 3.14% | 5.66% | 1.65% | 3.33% | 6.32% | 1.65%
s.d. | (0.42%) | (0.92%) | (0.30%) | (2.54%) | (6.06%) | (1.92%)
RLP?2 av. | 2.54% | 3.51% | 1.96% | 2.63% | 3.46% | 2.21%

s.d. | (0.26%) | (0.56%) | (0.21%) | (1.70%) | (3.32%) | (1.73%)

17



Table 2: Misclassification and misprediction rates for the DIABETES data

misclassification misprediction
total +1 -1 total +1 -1

CGS1 av. | 21.35% | 11.11% | 40.48% | 21.52% | 10.97% | 40.36%
(8=.51) | s.d. | (0.51%) | (0.68%) | (1.29%) | (7.43%) | (5.18%) | (10.74%)
CGS2 av. | 24.07% | 21.14% | 29.57% | 24.25% | 21.77% 28.71%
(8=.42) | s.d. | (0.45%) | (0.94%) | (1.19%) | (7.92%) | (5.98%) | (13.84%)
r-SVCl1 av. | 23.03% | 11.83% | 43.95% | 22.82% | 11.80% | 43.08%
(6= .46) | sd. | (0.97%) | (1.19%) | (1.04%) | (7.18%) | (4.89%) | (11.22%)
r-SVC2 av. | 24.07% | 21.14% | 29.57% | 24.25% | 21.77% 28.711%
(6= .42) | sd. | (0.45%) | (0.94%) | (1.19%) | (7.92%) | (5.98%) | (13.84%)
RLP1 av. | 22.15% | 11.09% | 42.79% | 22.56% | 11.61% | 42.77%

s.d. | (0.84%) | (0.56%) | (1.43%) | (7.12%) | (4.89%) | (10.83%)
RLP2 av. | 23.35% | 21.03% | 27.69% | 23.20% | 20.72% 27.55%

s.d. | (0.81%) | (0.77%) | (1.44%) | (7.57%) | (5.60%) | (12.48%)

Table 3: Misclassification and Misprediction for the LIVER data

misclassification misprediction
total +1 -1 total +1 -1

CGS1 av. | 29.66% | 43.38% | 19.73% | 28.64% | 42.88% 18.51%
(6=.41) | sd. | (1.85%) | (2.16%) | (2.28%) | (7.07%) | (13.77%) | (6.69%)
CGS2 av. | 31.46% | 34.33% | 29.40% | 31.55% 36.07% | 28.51%
(B=.31) | sd. | (1.79%) | (2.26%) | (2.64%) | (7.72%) | (12.25%) | (8.30%)
v-SVC1 av. | 29.44% | 49.09% | 15.23% | 30.69% 51.88% 15.46%
(6=.25) | sd. | (0.93%) | (3.54%) | (1.92%) | (5.63%) | (9.94%) | (5.75%)
r-SVC2 av. | 32.27% | 30.73% | 33.40% | 33.91% 34.17% | 34.03%
(6=.23) | sd. | (1.75%) | (2.10%) | (2.57%) | (6.64%) | (11.30%) | (6.04%)
RLP1 av. | 31.69% | 31.80% | 31.62% | 33.03% 34.80% | 32.01%

s.d. | (2.03%) | (1.95%) | (2.74%) | (7.87%) | (13.45%) | (6.32%)
RLP2 av. | 28.86% | 44.92% | 17.23% | 30.39% 48.46% 17.46%

s.d. | (0.78%) | (1.96%) | (1.34%) | (6.07%) | (9.84%) | (6.58%)
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6 Concluding Remarks

In this paper, we proposed a classification model based on the conditional expectation of the
geometric score which is a simple extension of the Euclidean distance of data point to the
discriminant hyperplane. The model is formulated as a nonconvex optimization problem, and
we present a two-step algorithm for obtaining either a globally or a locally optimal solution of the
problem. At the first step of the algorithm, a convex problem (16) is solved which is shown to be
almost the same as the v-SVC formulation. When the first step results in a meaningless one, i.e.,
the zero normal vector, the algorithm proceeds to the second step at which a local solution of

Problem (10) is provided by solving a finite number of additional linear programming problems.

The numerical experiments indicate that the nonconvexity in our model plays an important
role in achieving higher predictability. In fact, for any instance of CANCER, LIVER and
DIABETES, the most predictable discriminant hyperplane was induced from an approximate
solution of the nonconvex problem (10). In addition, our model with 3 satisfying Assumption 2.1
always provides a discriminant hyperplane while the v-SVC results in a meaningless solution for

large 3.

One possible extension is to construct a nonlinear discriminant surface by incorporating the
kernel functions into the dual problem (D7) of Problem (16). Since (D7) is equivalent to the
v-SVC formulation under some condition, it is easy to introduce the kernel functions into (D)
in a similar manner to the v-SVC. On the other hand, we need more discussion to incorporate
the positive definite kernel functions into the nonconvex problem (18). The detailed exploration

remains to be done in the future work.
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