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Abstract
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agement, in particular portfolio diversification. On the second hand, it provides
new insights on RQE portfolio diversification approach in terms of interpretation,
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and RQE is an adequate framework to quantify and to manage portfolio diversifi-
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1 Introduction

Diversification is at the core of investment decision making as well as risk and return.
Thus, its measurement and management is of fundamental importance in finance, and more
generally in economics. This is why since Markowitz (1952)’s seminal work on portfolio
selection, several measures of portfolio diversification were proposed (see Booth and Fama,
1992; Choueifaty and Coignard, 2008; Evans and Archer, 1968; Fernholz and Shay, 1982;
Goetzmann et al., 2005; Meucci, 2009; Meucci et al., 2014; Rudin and Morgan, 2006; Sharpe,
1972; Statman and Scheid, 2005; Vermorken et al., 2012; Woerheide and Persson, 1993).
Recently, Carmichael et al. (2015) (see also Koumou (2017) and Carmichael et al. (2018))
introduced a novel and powerful class of measures of portfolio diversification inspired from

Rao’Quadratic Entropy (RQE).

RQE is a general framework for measuring population diversity developed by Rao (1982a).
It has been used in fields such as statistics (see Nayak, 1986a,b; Rao, 1982a,b) and ecology
(see Champely and Chessel, 2002; Pavoine, 2012; Pavoine and Bonsall, 2009; Pavoine et al.,
2005; Ricotta and Szeidl, 2006; Zhao and Naik, 2012). It is also applied in energy policy (see
Stirling, 2010) and economics (see Nayak and Gastwirth, 1989). Recently, Carmichael et al.
(2015) extended and adapted its use to the portfolio theory as a novel class of measures
of portfolio diversification. The authors argue that when RQE is adequately calibrated it
becomes a valid class of portfolio diversification measures summarizing complex features of
portfolio diversification in a simple manner, and provides at the same time a unified theory
that includes many previous contributions. Using this new class of portfolio diversification
measures, Carmichael et al. (2018) provide new formulations of the maximum diversification
approach developed by Choueifaty and Coignard (2008) and currently used to manage a
portfolio of 8 billion dollars U.S by the firm Think Out of the Box Asset Management
(TOBAM).! These new formalizations clarify the investment problem behind the maximum
diversification approach, helps identify the source of its optimal portfolios strong out-of-
sample performance relative to other diversified portfolios, and suggest new directions along

which its out-of-sample performance can be improved.

The purpose of this paper is to re-examine RQE portfolio diversification in link with support

vector data description (SVDD), an unsupervised machine learning algorithm designed for
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the one-classes classification (OCC) problem.

In contrast to the normal classification problems where one tries to distinguish between two
(or more) classes of objects, the OCC (see Khan and Madden, 2009, 2014; Tax, 2001) tries to
describe one class of objects (called target class), and distinguishes it from all other possible
class of objects (considered as outliers or novelty). This classification is applied when only
one class of objects is well characterized and the other class has either no or very few
instances. The OCC approach gained much popularity during the last two decades, and has
been generally employed to solve the problem of novelty, outlier, intrusion, fault or anomaly
detection, badly balanced data, credit scoring and data set comparison (see Bartkowiak,
2011; Burnaev and Smolyakov, 2016; Chen et al., 2016; Kennedy et al., 2009; Khan and
Madden, 2009, 2014; Ma and Perkins, 2003; Manevitz and Yousef, 2001; Mourao-Miranda
et al., 2011; Nader et al., 2016).

Several algorithms have been proposed to compute the OCC model, including the support
vector data description (SVDD); see Khan and Madden (2009, 2014); Nanni (2006); Tax
(2001); Wang et al. (2004) for a comprehensive review. The SVDD is one of the most
successful of OCC’s algorithms. It is a non-parametric algorithm developed by Tax (2001)
and Tax and Duin (2004) inspired from the support vector machine and based on the
smallest enclosing ball problems. In the SVDD, the classifier is a hyperspherical boundary,
in the input space or a high-dimensional feature space using some kernel functions, which

distinguishes target class from outliers or novelty.

The SVDD has been intensively and successfully applied in various domains, such as pat-
tern denoising (Park et al., 2007), face recognition (Lee et al., 2006), anomaly detection
(Feng et al., 2017), among others. Recently, with the growing interest in applying machine
learning’s algorithms in financial industries (see QF2, 2018; Abu-Mostafa and Atiya, 1996;
Antunes et al., 2017; Atkins et al., 2018; Ban et al., 2016; Dunis et al., 2016; Fischer and
Krauss, 2017; Gyorfi et al., 2012; Kim, 2003; Krauss et al., 2017; Lee, 2007; Li and Hoi, 2014;
Li et al., 2016; Liew and Mayster, 2017; Lin et al., 2012; Liu and Xie, 2018; Nava et al.,
2018; Tay and Cao, 2001; White, 1988), and in economics (see Exterkate, 2013; Exterkate
et al., 2016; Mullainathan and Spiess, 2017), there are some applications of the SVDD in
finance. These applications cover credit fraud detection in banking sector (Gangolf et al.,

2014; Pang et al., 2014), for example, but there are still too few.



In this paper, we propose a novel and useful application of the SVDD to risk management
through portfolio diversification. We make the link between RQE portfolio diversification
and the SVDD. More specifically, we show that RQE portfolio diversification optimization
problem is equivalent to the dual representation of a hard-margin SVDD problem. This
result demonstrates, on the one hand, that the SVDD and its rich set of extensions are
relevant for financial portfolio selection. It also provides new insights on RQE portfolio
diversification approach in terms of interpretation, understanding, implementation, specifi-
cation and optimization. This strengthens the believe that machine learning can play an
important role in risk management and RQE is an adequate framework to quantify and to

manage portfolio diversification.

The remainder of this paper is organized as follows. Section 2 reviews the general definition
of RQE and its portfolio selection version. Section 3 reviews the SVDD algorithm. Section 4
establishes the link between the RQE portfolio diversification optimization problem and the

SVDD algorithm. Section 5 discusses some implications of our result and concludes.
2 Rao’s Quadratic Entropy

This section refreshes the general definition of Rao’s Quadratic Entropy (RQE) and its
portfolio selection version. We follow Rao (1982b) and Rao (1982a) for the general definition
and Carmichael et al. (2015), Carmichael et al. (2018) and Koumou (2017) for the definition

in the context of portfolio selection.
2.1 General Definition

RQE? is a general statistical tool to measure diversity of a population of individuals. It
was developed by Rao (1982a,b). Given a population of individuals P, it is defined as the
average difference between two randomly drawn individuals from P. More formally, suppose
that each individual in P is characterized by a set of measurement X with P the associated

probability distribution function. RQE of P is defined as

Hp(P) = /d(Xth)P(dXﬁp(dXz)» (1)

2RQE is also referred to as Diversity Coefficient (Rao, 1982b) or Quadratic Entropy (Rao and Nayak,
1985).



where the non-negative, symmetric dissimilarity function d(.,.) expresses the difference be-

tween two individuals from P.

When X is a discrete random variable, Hp(P) becomes

Hp(p) =p Dp, (2)

where p is a column vector of probabilities with elements p; = P(X = x;), Vi =1,...,N

and D = (dzj)f};:

cardinal of P.

1 is the dissimilarity matrix, where N is a number of individuals i.e. the

The interpretation of RQE is straightforward: the higher is Hp (P), the higher is the diversity

of individuals among the population P.

RQE has been used extensively in various domains, such as statistics (see Nayak, 1986a,b;
Rao, 1982a,b), ecology (see Champely and Chessel, 2002; Pavoine, 2012; Pavoine and Bon-
sall, 2009; Pavoine et al., 2005; Ricotta and Szeidl, 2006; Zhao and Naik, 2012), energy policy
(see Stirling, 2010) and economics (see Nayak and Gastwirth, 1989). Recently, Carmichael
et al. (2015) (see also Carmichael et al. (2018) and Koumou (2017)) extended and adapted
its use to portfolio theory as a novel class of measures of portfolio diversification. To do so,
the authors calibrated the magnitudes P, X, P and D in the portfolio selection context.

The next section reviews this extension.
2.2 Portfolio Definition

Consider a universe of N assets (risky or not) and denote by w = (wl)fi , a given, long-
only portfolio associated to this universe of assets, with w; the weight of asset i in w.
Carmichael et al. (2015) consider w as a population of assets. Next, the authors define the
random variable X to take the finite values 1, ..., N (IV assets) and its probability distribution
function P(X = 1) = w;, Vi = 1,..., N, so that it is associated to the random experiment
whereby assets are randomly selected (with replacement) from portfolio w. Finally, the
authors define RQE of a portfolio w as half of the mean difference between two randomly

drawn (with replacement) assets from portfolio w

Hp(w) = %WTD w, (3)



where D = (dij)%zl is the dissimilarity matrix between the various assets of the portfolio w.
The authors (see also Koumou (2017)) demonstrates that, when D is adequately specified,
Hp(w) is a valid class of portfolio diversification measure, which i) meets ex-ante desirable
properties of diversification; ii) unifies several existing measures; iii) at a core of the mean-
variance utility functions; iv) and provides a flexible but formal approach for fund managers

to develop new diversified portfolios.

The interpretation of Hp(w) is straightforward. All things being equal, the higher Hp(w)
is, the more portfolio w is diversified, because the more dissimilar are assets, the less is
the probability that they do poorly at the same time and in the same proportion. A well-

diversified portfolio can therefore be obtained by maximizing (3)

wl@F ¢ arg Max Hp(w), (4)
wew

where W is the set of long-only portfolios and wF?F is the RQE portfolios or the well-
diversified portfolios of RQE.

What makes RQE attractive comparatively to other entropy measures used in finance (see
Zhou et al., 2013) is the dissimilarity matrix D. First, D provides to RQE a real advan-
tage over its competitors to measure and manage portfolio diversification. Second, it also
gives an extreme flexibility to portfolio managers in the construction of their well-diversified
portfolio. However, this attractiveness becomes a challenge when it comes the time of the
implementation of RQE. Carmichael et al. (2015) (see also Koumou (2017); ?) suggest guide-
lines for the choice of D and provide some examples. New directions are also suggested by
the results of this paper, in which we re-examine RQE portfolio diversification in the light of
the support vector data description (SVDD), an unsupervised machine learning algorithm
designed for the one-class classification (OCC) problem. Specifically, we establish the link
between RQE portfolio diversification optimization problem (4) and the SVDD algorithm

by showing that the two are equivalent.
3 Support Vector Data Description

In this section, we introduce the optimization problems of the support vector data description

(SVDD). We follow Tax (2001) and Tax and Duin (2004).



Before, we provide a brief description of the one-class classification (OCC)’s algorithms.
Given a training set of objects X = {xi,...,xy} with x; € RT, i = 1,...,N and T an
integer such that T' > 2, all OCC’s algorithms identify outliers or novelty objects based on
two elements: discriminant function or classifier f(x) and the threshold parameter 6; more
formally
1 x is a target object
g9(x) =1(f(x) <0) = (5)
0 x is an outlier or a novelty.
The discriminant function or classifier f(x) is a measure for the distance or resemblance (or
probability) and 1(.) is an indicator function. The difference between the existing OCC’s
algorithms lie in the specification of f(x) and the optimization of f(x) and €. In this paper,
we focus on the SVDD, an OCC’s algorithm developed by Tax and Duin (2004) (see also
Tax (2001)) based on the smallest enclosing ball problem (see Elzinga and Hearn, 1972a,b;
Gartner, 1999; Kallberg and Larsson, 2013; Larsson and Kallberg, 2013; Sylvester, 1857;
Yildirim, 2008; Zhou et al., 2005) and inspired by Schiilkop et al. (1995)’s work. As shown
in Tax and Duin (2004), the SVDD gives solutions similar to Scholkopf et al. (1999b)’s
OCC approach which uses a hyperplane to describe the data. In what follows, we present
the standard SVDD and its kernel extension (kernel SVDD).

3.1 Normal Data Description

Contrary to Scholkopf et al. (1999b)’s OCC approach which uses a hyperplane to describe
the data, SVDD is an OCC’s algorithm which uses a hypersphere approach based on the
smallest enclosing ball. More formally, the SVDD minimizes the volume of the sphere by
minimizing the square of its radius ¢? under the constraint that the sphere contains all
training objects X’; more formally
min ¢? (6)
(X,¢?)eRT xR 4

st|X—x|3<¢? Vi=1,..,N, (7)

where X is the center of the hypersphere. (? is also call the structural error function (see Tax,
2001). The problem (6)-(7) is a hard-margin formulation of the SVDD. This formulation

assumes that the training set does not contain outliers or novelty. Therefore, the formulation



is only useful for data description and cannot be used to outliers or novelty detection.
The Lagrangian of problem (6)-(7) is
N
LGvx)=¢ =) v (¢~ IIx—xil3) (8)

=1

with the Lagrange multipliers v; > 0, ¢ = 1,..., N. L({,v,X) has to be minimized with

respect to ¢ and X, and maximized with respect to v. The first order conditions gives

N
> vi=1 (9)
=1
N
X = Z V; X; (10)
=1

Substituting (9)-(10) into L (¢, v,X), the dual form of (6)-(7) is obtained

N N N
max ZViHi — x|} = Zui<xi,xi> — Z v vj (X, X;j) (11)
i=1 i=1 ij=1
N
s.t. ZVZ' =1 (12)
i=1
vi>0Vi=1,..,N, (13)

where (., .) is an inner product on R”. At optimal, the objects for v; > 0 are called support
objects of the description or the support vectors. Only these objects are needed in the
description of the data set, and they satisfy the equality that determine the value of (,

|X — x;]|3 = ¢%. The classification rule is therefore

_ 9 5 1 z is a target object
f(z) :1(”X_ZH2 < ) = (14)

0 z is an outlier or a novelty

See Figure 1 for an illustration of the hard-margin SVDD.

To allow the possibility of outliers or empirical errors in X', Tax (2001) and Tax and Duin



Figure 1: Hard-Margin SVDD

m Non support vector v; =0
A Support vector v; > 0
e Center X

(2004) introduce slack variables § > 0 and the problem (6)-(7) becomes

N
. 2
+C i 15
(§7<27€)€I]§1’11—‘1;1<R+XRN C ;gz ( )
& >0, Vi=1,...,N. (17)

The parameter C' is the regularization parameter which controls the trade-off between the
volume of the sphere and the errors. When C > 1 the problem (15)-(17) coincides with the
problem (6)-(7). When C' < %, it is straightforward to verify that the problem (15)-(17) is

infeasible. Thus, the parameter C must be specified such as
1
—<C<1.
N=0=s

Inspired from the @-support vectors machine of Scholkopf et al. (1999b), Tax and Duin

(2004) and Tax (2001) suggest
1

C:W,

where ¢ € [0, 1] is the upper-bound of the proportion of outliers in the data.

The Lagrangian of the problem (15)-(17) is

N N N
i=1 =1 =1



Figure 2: Soft-Margin SVDD

m Non support vector v; =0
o Support vector v; = C

e Center X

o A Support vector 0 < v; < C

with the Lagrange multipliers 1; > 0 and v; > 0, i = 1,...,N. L((,7,v,X,£) has to be
minimized with respect to {, X and &, and maximized with respect to v and ~. The first

order conditions give

N
> vi=1 (19)

i=1
X :Zyi X; (20)

i=1
C—Vi—’)/i :0, Vi:L...,N (21)
Since 7; > 0 and v; > 0, (21) implies that

0<1y;<C, Yi=1,.. N. (22)

Substituting (19)-(20) into L (¢,~,v,X, &), the dual form of (15)-(17) is obtained

N

N N
max Zl/iHi —xi|3 = ZV1'<Xi,Xz'> - Z v vj (X, X;j) (23)
i=1

i=1 ij=1
N

st Y vi=1 (24)
=1

0<y,<CVi=1,.,N (25)

At optimal, the objects with v; > 0 are called support vectors or support objects. The

10



objects with 0 < 1; < C are called margin support vectors. The objects with v; = C are
regarded as outliers (or nonmargin support vectors), and will not be accepted by the data
description. The objects with v; = 0 are considered unnecessary for data description. It can

be regarded as noise. The classification rule is therefore

B ) ) 1 zis a target object
fz)=1(x-z|z <) = (26)

0 z is an outlier or a novelty.

The square of the radius ¢? is given by ¢? = ||X — x;||3, where x; is such that 0 < v; < C

i.e. a support vector. See Figure 2 for an illustration of the soft-margin SVDD.
3.2 Non-Spherical Data Description: Kernel SVDD

In this section, we present an extension of the SVDD based on kernel trick. For other
extensions, we refer readers to Cha et al. (2014); Chen et al. (2015); El Azami et al. (2014);
Hamidzadeh et al. (2017); Lee et al. (2007); Liu et al. (2013, 2014); Mygdalis et al. (2017);
Sadeghi and Hamidzadeh (2016); Tao et al. (2016); Xuanthanh et al. (2017); Yin and Huang
(2011).

Because most of the data is not spherical distributed, the standard SVDD does not worked
properly. It is not flexible enough to provide a tight description of the target class (see
Figure 3 for example). To make a more accurate decision and more tight description, Tax
and Duin (2004) and Tax (2001) suggest to transform the data to a higher dimensional

feature space H by a function

d: RT -5 H (27)

x — ®(x). (28)

The principal objective is to obtain a more spherical data ® (X') = {®(x1), ..., P(xn)} with
®(x;) € H,i =1,..., N and to recover the true boundary in the input space through the
inverse of ® or the principle of preimage (Scholkopf et al., 1999a; Weston et al., 2004).

11



Applying the SVDD to ® (X'), we obtain

max ZVZ D(x;))n — Z vivj (P O (x;))n (29)

i,7=1
Z”i =1 (30)
i=1
0<y;,<CVi=1,..,N, (31)

where (.,.) is the inner product in the space H. To avoid working in the potentially high
dimensional space H, the mapping @ is generally defined implicitly through the kernel trick.
The kernel trick is a technique developed by Vapnik (1998) which consists in replacing the
inner products (®(x;), ®(x;)) by a kernel function k(x;,x;) such that

k(xi,x5) = ((x;), D(x)) - (32)

The definition of ® via k(x;, x;) is possible if and only if the kernel matrix K = (k(x;, Xj))i?/jzl
is positive definite. It is also possible if and only if K is conditionally positive definite. In

that case (32) becomes
1
190ei) = ()3 = —k(xi, %)) + 5 (B(xi, xi) + k(%)) (33)

For the connection between the positive definite and conditionally positive definite kernels,
we refer readers to Scholkopf et al. (2001). For a better understanding of the kernel trick

let us consider the polynomial kernel function
k(x,y) = (x"y +0)™, (34)

where 6 and m are the hyper parameters with m the degree of polynomial and 6 a param-
eter controlling for the relative weightings of the different degree monomials. Increasing 6
decreases the relative weighting of the higher order polynomials (see, Part III, Chapter 9
Shawe-Taylor and Cristianini, 2004). Assume that the degree m =2, 0 = 1, x = (z1,22)"

and y = (y1,72) . By expressing (34) in terms of monomials of various order, we obtain
k(x,y) = 14 239% 4 21205192 + 23y5 + 22191 + 2T200. (35)

12



Equation (35) can be factorized as follows
k?(X, Y) = <(17 SC%, \/irll?v SU%, \/iﬂ?i, \/§x2)T, (1a y%v \/Eyly% y%) \/iyiv \/§y2)T>H' (36)
From (36), it follows that the feature map induced by k(x,y) is

(x) = (171'%7\/5551.%'2,.77%, \/§xi,\/§x2)T. (37)

However, it is difficult or impossible in general to express ® explicitly, even for the polynomial

kernel.

By exploiting the kernel trick relation (32), the dual form (29)-(31) can therefore be rewritten

as follows

N N
max Zvik‘(xi,xi) - Z vi vj k(xq,X;) (38)
i1

ij=1
N
s.t. Z vi=1 (39)
i=1

0<y; <CVi=1,..,N (40)
The classification rule is

- 1 zis a target object
f(2) =1 (060 - o(2)} < ¢?) = (41)

0 z is an outlier or a novelty

where ®(x) = 32N | 1;®(x;). The square of the radius ¢? is given by (2 = || ®(x) — ®(x;)|3,
where ®(x;) is such that 0 < v; < C i.e. a support vector. See Figure 3 for an illustration

of the kernel SVDD.

The challenge in the implementation of kernel SVDD is the choice of the kernel function.
Several kernel functions have been proposed for the support vector classifier. For other
examples, readers are refereed to Scholkopf (1993), Smola et al. (1998), Kamath et al.
(2010) and Bavaud (2011).

The two most kernel functions used in the SVDD are the polynomial kernel with 6 # 0 (see

13



Figure 3: Kernel SVDD

—¢ =0.06

, ¢ =0.001
e ’

Equation (34)) and the Gaussian kernel defined by
k(xi,x;) = exp (—s||x; — xjHQ) , >0, (42)

where ¢ is the width parameter playing the same role as m in polynomial kernel. Small
value of ¢ correspond to large values of m. Tax and Duin (2004) and Tax (2001) proved that
the Gaussian kernel deliver better performances than the polynomial kernel. However, these
better performances depend profoundly both on the width parameter ¢ and the differences

of scale in the input space.

For the calibration of ¢, we refer the readers to Nader et al. (2014); Tax and Duin (2004);
Tax and Juszczak (2003); Tax (2001). For the scaling problem, several rescaling approaches
are suggested. We refer the readers to Forghani et al. (2011); Juszczak (2006); Juszczak
et al. (2002); Lee et al. (2015); Nader et al. (2014); Tax and Juszczak (2003); Wang and
Xiao (2017).

4 RQE Meets SVDD

This section contains the main result of our paper. It makes the link between the RQE
portfolio diversification optimization problem and that of the SVDD. Note that the link
between RQE and smallest enclosing ball problems (which is the core of the SVDD) was
first mentioned by Pavoine (2005) in the context of the application of RQE to ecology.
Here, this link is studied through the SVDD problem in the context of risk management,

14



particularly in portfolio diversification.

Before, let us introduction some useful definitions. These definitions are taken from Pekalska

and Duin (2005).

Definition 4.1. An N x N dissimilarity matriz D is said to be Fuclidean if and only if D
can be embedded in a Buclidean space (RM,||.||2) i.e. there is N points X1, ...,Xy in space

(RM, HHQ) such that dij = sz — X]’H%.

Definition 4.2 (Pseudo-Euclidean Spaces (Pekalska and Duin, 2005)). The Pseudo-
Euclidean Spaces £ = R(29) is a real vector space equipped with a non-degenerate, indefi-
nite inner product (.,.)e. € admits a direct orthogonal decomposition € = E, @ E_, where
Er =RE and E_ = RE and the inner product is positive definite on £+ and negative definite
on E_. A vector x € € is represented as an ordered pair of two real vectors: x = (x1,x7).
The inner product in & is defined as (x,y)s = XTIBgy = igzl x;ry:“ — ;l:l x;y; , where
Lg = [Ipxp 0;0 Iy

T R Y N S -
x Lgx=>_ oz =3I 2, x;

gxql- As a result, norm of x € € denoted by |.|% is defined as ||x||z =

Definition 4.3 (Pseudo-Euclidean Embedding (Pekalska and Duin, 2005)). The dis-
similarity matriz D is Pseudo-Euclidean if it can be embedded in a Pseudo-Euclidean space
(]R(B’Q), HHg) i.e. there is N points Xi,...,XN in space (]R(B’Q), HHg) such that d;i; =

Ixi — x|

We now present our main results. Consider first the case where the dissimilarity matrix D
is conditionally definite negative (CDN). Recall that an N x N symmetric matrix A is said
to be CDN if and only if y T Ay < (>)0 for all y € RY such as SV | 4 = 0.

Proposition 4.1 (RQE and SVDD: Case where D is CDN). IfD is CDN, then RQE
portfolio diversification optimization problem is a hard-margin SVDD problem or a soft-
margin SVDD problem with slack variables (or empirical errors) equal to zero i.e. & =

0, Vi=1,...,N or the parameter C is greater than one i.e. C > 1.

PROOF (OF PROPOSITION 4.1). Suppose that D is CDN. Then, from Lau (1985, Theorem
2.1), Pekalska and Duin (2005, Theorem 3.13) and Pekalska and Duin (2005, Definition
3.15), there is p < N such that D can be embedded in a Euclidean space (R?, ||.||2). More

15



formally, there is p < N and a set of points R = {r1,...,tn}, T; € RP such that

. 112
I'i*I‘jH . (43)

d.: =
(5] 9

It follows that problem (3) can be rewritten as follows

1 = 2
man g 2w |[F -l (14)
2,7=1
Equation (44) can be rewritten as follows
N
=T~ T=T=
ma W;r, I, —W I TW 45
wev}ég e ’ (45)
= [

where T = (r1,...,rx) is an p X N matrix. First, it follows from problems (11)-(13) and
(23)-(25) that problem (3) is equivalent to that of a hard-margin SVDD or a soft-margin
SVDD with & =0, Vi=1,...,N or with C > 1.

The RQE problem can also be defined as a SVDD problem in Euclidean space (W, vV DHg (. )) ,
where \/Dpy (.,.) is an Euclidean distance (see Rao and Nayak, 1985) in W such that

Dy (wi,w2) = 2Hp (w1, wg) — Hp(w1) — Hp(w2). (46)

Proposition 4.2 (RQE and SVDD in the Euclidean Space (W, D () .))). IfD
is CDN, then RQFE portfolio diversification optimization problem is a hard-margin SVDD
problem or a soft-margin SVDD problem with slack variables (or empirical errors) equal to

zero i.e. & =0, Vi =1,...,N or the parameter C greater than one i.e. C > 1 in the space
(W, /D ().

PROOF (OF PROPOSITION 4.2). Let 6 = {&1,...,6x} be a set of N points or objects of W.

Consider the SVDD on &

_ min ¢? (47)
(5,{2)€WXR+

st Dpyp (8,6;) < ¢ Vi=1,..,N. (48)
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Let us prove that the SVDD problem (47)-(48) is equivalent to the RQE problem (). The
Lagrangian of (47)-(48) is

N
L8, v) =+ vi (Dup (8,8) — ¢*). (49)
i=1

where v; is the Lagrangian multiplier of constraint (48). The first derivatives of L(§,(?,v)

with respect of the variables (? and & are respectively

N

N
d=v=> v (51)
i=1
Reporting (50) and (51) into L(8,¢2, v), we obtain the dual problem

N
ine%%/( Z; viDup (6, 51') . (52)
1=
It is straightforward to verify that (52) is equivalent to

max Hp(v). (53)

Now, consider the case where D is not CDN. The RQE problem can also be viewed as a

SVDD problem, but in the pseudo-Euclidean space (R(p’q), Il g).

Proposition 4.3 (RQE and SEB Problems in the Pseudo-Euclidean Space). IfD
is not CDN, then RQE portfolio selection optimization problem is a hard-margin SVDD prob-
lem or a soft-margin SVDD problem with slack variables (or empirical errors) equal to zero

re. & =0, Vi =1,....,N or the parameter C greater than one i.e. C > 1 in a pseudo-
Buclidean space (€ =RPD_|.[|¢).

PROOF (OF PROPOSITION 4.3). Suppose that D is not CDN. In that case, form Pekalska
et al. (2001) D can be embedding in a pseudo Euclidean space. More formally, from (see

Pekalska and Duin, 2005), there is p,q € N and a set of points R = {t1,.., TN}, T; € RPHY
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such that
: (54)

where T; = (r*,77) with ;7 € R? and ¥; € R?. The RQE problem can then be rewritten
as follows

2
r, — r;Hz. (55)

R 1
I'i *I’-H - = E Wi Wy
T2 2
,5=1

WEW2_A

N
1
max — E W; Wy
,5=1

Now, let us show that the problem (55) is a SVDD problem in the pseudo-Euclidean space
(]R(p"J), [[-|le). We follow Huang et al. (2017); Ong et al. (2004). Consider the SVDD problem
in (R(p,q), I-le)

min ¢? (56)
<§+,§7, 42) ERPxRIXR 4
.

, <¢% Vi=1,..,N. (57)

=+ ~.
s.t Hr — rl'-Ir

The Lagrangian of (56)-(57) is

2 = ~.
+|F -5
2

—

58)

L(FF, ) == ﬁ:w <g2 o

2
. )
The first derivatives of L (?—i_, T, 2 1/> with respect of the variables ¢? and ?+, T are

N

N
=Y v (60)
i=1

N
=) ut; (61)
=1

Reporting (59) and (60) into L (§+, T, (2 1/), we obtain the dual problem

=t 1|2 =— ~_ 12
mas > ([F = - [F =), (62
1
which can be proved straightforward equivalent to RQE problem (4). n

18



Propositions 4.1 to 4.3 show that RQE portfolio optimization problem is the dual represen-
tation of a hard-margin SVDD problem or a soft-margin SVDD problem with slack variables
(or empirical errors) equal to zero i.e. § =0, Vi =1,..., N or the parameter C' greater than

one i.e. C' > 1 in a Euclidean space or a pseudo-Euclidean space.
5 Discussion

Our findings (Propositions 4.1 to 4.3) have important implications for both the machine
learning (SVDD problem) and the RQE portfolio diversification. On the one hand, the
SVDD problem and its rich set of extensions are relevant for portfolio selection. This
strengthens the believe that machine learning can play an important role in finance, in
particular in risk management. On the other hand, our findings provide new insights on
RQE portfolio diversification approach. First, they show that RQE portfolio diversification
problem can be interpreted as a one-class classification in which the training set of object
is the universe of assets. The support vectors represent assets with high diversification
potential and the non support vectors represent assets with low diversification potential. As
a result, only the assets held by the optimal diversified portfolio of RQE (hereafter Rao’s
Quadratic Entropy Portfolio and shortly RQEP) are required to describe the complete assets
universe. It follows that leaving some assets out of RQEP does not entail information costs,
but offers the advantage of transaction costs reduction. However, all is true only if the
dissimilarity matrix D is adequately specified. This confirms how important or crucial the

choice of D is for RQE.

Second, our findings show that RQE portfolio diversification optimization problem can be
solved using or adapting the vast algorithms of the SVDD and smallest enclosing ball prob-
lem (see Fischer et al., 2003; Hansen et al., 2010; Kumar et al., 2003; Liu et al., 2016; Loosli
et al., 2016; Nielsen and Nock, 2009; Wang et al., 2011; Yildirim, 2008). This helps reduce

significantly the computational cost for a large universe of assets.

Third, our findings generalize and better express the result of Carmichael et al. (2015, Propo-
sition 5.1 and Definition 5.1) on the diversification criteria behind RQE portfolio diversifi-
cation. Indeed, Carmichael et al. (2015) show that diversification in RQEP is expressed in
terms of distance between the single-asset portfolios and RQEP in space (W, m>:
RQEP is equidistant from all assets that belong to it. Assets that do not belong to RQEP are
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those closer than the equidistant assets. They call this diversification criterion the equally
portfolio-asset distance. Propositions 4.1 and 4.3 extend this result by showing that the
same diversification criteria is obtained when we consider the Euclidean space (RP,|.|/2)

and pseudo-Euclidean space (€ = R®9 ||| £).

Fourth, in the presence of empirical errors in the matrix D or outliers, our findings suggest
that RQE portfolio diversification optimization problem can be replaced by the following

robust one

max Hp(w) (63)
wil=1 (64)
O<w; <C,Vi=1,..N (65)

with 4 < C < 1. The problem (63)-(65) represents the weight constraint version of (4). It
is well-known in the portfolio selection literature that upper and/or lower weight constraint
improves portfolio performance reducing estimation errors (see Behr et al., 2013; Li, 2015;
Ma and Jagannathan, 2003). Therefore the problem (63)-(65) can be considered as a natural
approach to handle estimation errors in RQE problem. Following the SVDD literature (see
Section 3.1), the parameter C' can be calibrated such that

C=% (66)

where ¢ € (0, 1] represents the upper-bound of the proportion of outliers or asset affected
by estimation errors. The fraction ¢ can be identified via the distribution of D; = Z;VZI d;j,
the total dissimilarity of asset i. Note that C' can also be calibrated in the case where errors

are expected following the portfolio selection literature (see Ma and Jagannathan, 2003).

Remark 1. In the problem (63)-(65), we have only upper weight constraint. The lower
weight constraint of the RQE diversification problem can also be interpreted in the light of
the one-class classification following the negative SVDD of Tax (2001) and Tax and Duin

(2004).

Remark 2. In the problem (63)-(65), the weight constraint parameter C is constant for all
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assets. The weight constraint parameter C' can also be defined for each asset as

max Hp(w) (67)
wil=1 (68)
0<w; <Cy, Vi=1,.. N, (69)

where C; is the weight constraint parameter of asset i. The problem (67)-(69) can also be
interpreted in the light of the one-class classification. We refer the readers to Cha et al.

(2014); Chen et al. (2015); Hamidzadeh et al. (2017); Liu et al. (2013) for more details.

Fifth, our findings also show that RQE diversification based on the dissimilarity matrix

S a2
dij = |Iri — 7513 (70)
T
will not robust, where ¥; = r; — 7;, where 7; = @ It is sensitive to scaling and will

provide poor diversification, when data is not spherical distributed, which is the case for

asset returns.

To overcome these drawbacks, one can follow the kernel SVDD (see Section 3.2) solving the

kernel RQE optimization problem

N N
max > wik () - Y wiw; k (T, F)) (71)
i=1 i,j=1

N
st Y wi=1 (72)
=1

0<w; <C Vi=1,..,N (73)

with r; adequately scaling. The problem (71)-(73) can be rewritten as follow

max Hp, (w) (74)
N

st Y wi=1 (75)
=1
0<w<CVi=1,.,N (76)
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where Hp, (w) is the kernel RQE and Dy, = (dk’ij)%zl is the kernel dissimilarity matrix
defined as
dyij = k (Fi, Ti) + k (T3, T;) — 2k (r3,75) - (77)

The problem (74)-(76) shows therefore that kernel SVDD provides new directions for the

choice of the dissimilarity matrix in the use of RQE as portfolio diversification measure.

As mentioned in Section 3.2, the challenge in the implementation of (74)-(76) is the choice
of the kernel function and the calibration of its hyper parameters. In the literature of the
OCC and the economics (see Exterkate, 2013; Exterkate et al., 2016), the Gaussian and the
polynomial kernel with 6 # 0 are the two most used kernel function. Thus, we limit our
analysis to this two kernel functions. For other examples, readers are refereed to Scholkopf

(1993), Smola et al. (1998), Kamath et al. (2010) and Bavaud (2011).

In the polynomial kernel there are two parameters to calibrated: 6 and m. While in the
Gaussian kernel there is one parameter to calibrate ¢. In the literature 6 is generally calibrate
to equal to one i.e. § = 1. This calibration is adequate only if the elements of the matrix
of covariances and 1 have the same scale, which is usually not the case. Thus, we suggest
to calibrate 6 such that 0 = HZ!aX|Uij| = Omax, Where |.| is the absolute value operator.
In the OCC literature, the hype;f parameters m and ¢ are calibrated optimizing a specific
performance metric (see Tax and Duin, 2004; Tax and Juszczak, 2003; Tax, 2001) using the
cross-validation approach, or to achieve good or tight description (see Chaudhuri et al., 2017;
Deng and Xu, 2007; Evangelista et al., 2007; Kakde et al., 2017; Nader et al., 2014; Peredriy
et al., 2016; Wang et al., 2012; Xiao et al., 2015, 2014) . In the case where one considers
that a good or tight description is equivalent to a good diversification, all these approaches
remain valid in the case of portfolio selection. However this not generally the case. A tight
description generally implies moderate or high support vectors size which is not generally

equivalent to good diversification. Thus, we now suggest alternative approaches.

A natural approach, similarly in Exterkate (2013); Exterkate et al. (2016) and Tax (2001),
is to select m and ¢ optimizing a performance metric related to portfolio diversification. In

the case of the out-of-sample exercise the k-fold cross validation approach is recommended.

The parameters m and ¢ can also be tuning exploiting their regularization or shrinkage

properties. To see this, we depict the condition number (CN) of K and the Herfindahl index
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(HI), HI(w) = Zi\il w?, of the optimal portfolio of the kernel RQE problem (74)-(76),
for values of m range from 1 to 100 with 1 step and ¢ ranges from 0.01 to 10 with 0.01
step (see Figure 4). In the two cases we normalize the data by asset volatility such that
in the case of Gaussian kernel K = exp(—¢ (2 — p)), and in the case of polynomial kernel
K = (1+ p)™. The data used to generate the correlation matrix p is the Fama-French 100
portfolios formed on size and book-to-market. The data is a daily data starting in 1 July
1969 and ending in 31 May 2018. As we can observe from Figure 4, the condition number
and the Herfindahl index are decreasing functions of ¢ and m. This suggests that the kernel
RQE problem (74)-(76) becomes more robust and well-conditioned when ¢ and m become
large. As a consequence, the two parameters can be interpreted as regularization parameters.
The solution of the problem (74)-(76), denoted wXf2F is therefore the regularization of
the solution of the problem (4), wR#@F. They can also be interpreted as shrinkage intensity.

For example, when ¢ converges to 0, M

1—exp(—¢ D)
S

converges to D. On the other hand, when

¢ converges to 0o, converges to the equidistant dissimilarity matrix # The

. T_
parameter ¢ shrinks D towards 11§ L
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Figure 4: Condition numbers and Herfindahl index depending on kernel parameters ¢ and
m
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6 Conclusion

The focus of this paper is to establish the link between Rao’s Quadratic Entropy (RQE)
portfolio optimization and the support vector data description (SVDD) problems. We show
that the RQE portfolio optimization problem is a dual representation of a SVDD problem
in a Euclidean space or in a pseudo-Euclidean space (Propositions 4.1 to 4.3). Our findings
demonstrate that machine learning can play an important role in finance, in particular in risk
management. Moreover, it provides new insights on RQE portfolio diversification approach

in terms of interpretation, understanding, implementation, specification and optimization.
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In conclusion, machine learning can play an important role in risk management and RQE is

an adequate framework to quantify and to manage portfolio diversification.
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