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Resumo

Propdem-se novos algoritmos para o calculo de discriminantes lineares usados na reducao de dimen-
sdo de dados de R™ para R?, com p < n. S&o apresentadas alternativas ao critério classico da Dis-
tancia de Fisher, nomeadamente, investigam-se novos critérios baseados em: Distancia de Chernoff,
J-Divergéncia e Divergéncia de Kullback-Leibler. Os problemas de optimizacdo que emergem do uso
destas alternativas sdo nao convexos e consequentemente dificeis de resolver. No entanto, apesar da
nao convexidade, os algoritmos desenvolvidos garantem que o discriminante linear é globalmente op-
timo para p = 1. Tal foi possivel devido a reformulagdes do problema e a recentes resultados na teoria
da optimizagéao [8],[9]. Uma abordagem suboptima é desenvolvida para 1 < p < n.

Palavras-Chave: Discriminantes Lineares, Redugao de Dimenséo de Dados, Distancia de Fisher, Dis-
tancia de Chernoff, resultados ndo convexos de dualidade forte, Divergéncia de Kullback-Leibler.



Abstract

We propose new algorithms for computing linear discriminants to perform data dimensionality reduction
from R™ to R? with p < n. We propose alternatives to the classical Fisher’s Distance criterion, namely,
we investigate new criterions based on the: Chernoff-Distance, J-Divergence and Kullback-Leibler Di-
vergence. The optimization problems that emerge of using these alternative criteria are non-convex and
thus hard to solve. However, despite the non-convexity, our algorithms guarantee global optimality for
the linear discriminant when p = 1. This is possible due to problem reformulations and recent develop-
ments in optimization theory [8],[9]. A greedy suboptimal approach is developed for 1 < p < n.

Keywords: Linear Discriminants, Data Dimensionality Reduction, Fisher’s Distance, Chernoff-Distance,
Nonconvex strong duality results, Kullback-Leibler Divergence.
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Chapter 1

Introduction

1.1 Background

Linear Discriminant Analysis (LDA) is a very important tool in a wide variety of problems. It is commonly
used in machine learning problems like, pattern recognition [1],[2], face recognition [4], feature extraction
[3] and in data dimensionality reduction.

A problem that is treated in LDA is the binary class assigning problem: given one sample in a high-
dimensional space R", say x e R, decide to which class Cy or (1 it belongs to. Usually the two classes
Cy and (1 represent two random sources. The classification process can be made in high dimension,
i.e. in R™, using therefore all information available. However this might be computationally heavy for
for certain real time applications. So, instead of using all the n entries of the sample = directly, an
appropriate linear combination of them is made. With this linear combination, we try to capture some
data features (hopefully those where C, and C; differ most), and then perform the data classification.
Making these linear combinations, lead generically to information loss, and consequently increases the
probability of erroneous classifications. However, this problem can be attenuated, by making more than
one linear combination, and collect them in a vector y, to perform the classification. The number of linear
combinations is denoted by p. That is

y=Qu (1.1)

where Q e RP*" s called the linear discriminant, y e R? is the vector that collects the p linear combinations,
and z e R™ is the sample to be classified. The classification process is made trough the low-dimensional
vector y e RP, which works like a signature of the sample z.

The key issue here is the design of the linear discriminant Q. This design process is generically
formulated as an optimization problem, where the objective function measures class separability in the
projected space RP, i.e.

max  f(Q).

OeRren (1.2)

The choice of the cost function in (1.2) plays a critical role. An obvious proposal for such cost function,
would be f(Q) = —Pe)(Q), where Pe)(Q) stands for the probability of error of the optimum detector
in R?, for the given setup, the minus sign has to do with the fact, that the optimization problem in (1.2),
has been written as a maximization problem. However, in general there is no closed form expression
for Pe)(Q). This motivates the introduction of alternative suboptimum choices, which are nonetheless
tractable.



1.2 Previous Work

We now give a precise formulation of the problem to be solved and review previous works in this area.

Problem Statement. In what follows, the two classes Cy and C; introduced in section 1.1 are identified
with two random sources, that are here denoted by S, for source 0, and by S for source 1. We focus on
the Gaussian case.

Given the two independent n-dimensional Gaussian sources

Soi J)NFO:N(,LL(),Eo)

(1.3)
Sl : .’I,‘NFl :N(,ul,El)

we wish to find a linear discriminant @, for data dimensionality reduction, minimizing erroneous classifi-
cation of the samples generated by these sources in low dimension.

Being ¢ R™ a sample generated by one of the n-dimensional sources Sy or S; that are considered
to be equally probable, a linear mapping from R™ to R? is made with the linear discriminant Q) e RP*", i.e.

y = Qu.
Due to this linear mapping, we have

501y~ fo=N(Qpuo,QLoQT)

1.4
s1:y~fi=NQui,QE:Q") 14

where sg and s; denote the p-dimensional sources that result from the dimensionality reduction induced
by the linear discriminant Q e RP*"

Whenever a sample z is available, it has to be classified. The classification is made with the maximum
likelihood criteria, that is more well known in this context as the Neyman-Pearson detector. The linear
map @ is applied to the sample z, forming y = Qx, and then the maximum likelihood criteriion is applied
to the random variable y. If N(Quo, Q¥oQ7)(y) > N(Qu1,Q%1QT)(y), y is considered to have been
generated by the p-dimensional source sy and x is therefore considered to have been generated by the
n-dimensional source S, and vice-versa.

Previous Work. In the following we discuss several proposals for the cost function f(Q) in (1.2), and
we analyze the strengths and weaknesses of previous works that utilize such cost functions.

Fisher’s Distance Maximization Criterion. A popular choice is the Fisher’s Distance Maximization
Criterion, which is now reviewed.

We wish to optimally separate in Fisher’s sense, the signatures y from sq, from the signatures from s;.
Intuitively this is equivalent, to separate as much as possible, the respective probability density functions
fo and f, defined in (1.4).

The general optimization problem in (1.2) under Fisher’s Distance Maximization criterion (see [6]) is

max  tr{(Q(Xo + X1)Q") "M (Q(ro — p1) (1o — p1)"QT)}

Oerrer (1.5)



where the objective function is the Fisher’s Distance between the low dimensional distributions f, and
fi-

In order to better understand what Fisher's Distance measures, the case where Q¢ R'*" is pre-
sented. Putting Q = [¢*], where qeR", (1.5) boils down to:

q" (o — p1) (o — p1)"q
g’ (S0 + Z1)g (1.6)

max

qeR™

Now, it's easy to understand that, the outer class variance ¢” (jo — p1)(po — p1) g = [qF o — q% p1)* is
being maximized while the total inner class variance ¢ (3¢ + %1)q, is being minimized.

The solution @ for (1.5), can be obtained by doing the eigenvalue decomposition of (3, +21)—% (o —
1) (o — 11)T (S0 4+ 1)~ 2, and taking for the p rows of Q, the p eigenvectors associated to the p largest
eingenvalues, see [6]. However, since (3o + 1)~ 2 (1o — g1 ) (1o — p1) T (B0 + £1) 2 has rank 1, it is easy
to see that the optimum discriminant for p > 1 achieves the same performance, as measured by (1.5),
as the optimum discriminant for p = 1. That is, there is no gain in projecting to spaces whose dimension
p > 1. For p = 1, the optimum descriminant is Q@ = [¢”] where ¢ is a solution of (1.6), that is

q= (30 + 1) (1o — p1). (1.7)

In sum, Fisher’s Distance Maximization criterion enjoys a closed form solution and a very intuitive
interpretation. However, it only allows dimensionality reduction to p = 1.

Other Criteria. It was said previously that in general there is no closed form expression for the clas-
sification error rate. This leads to the utilization of suboptimal measures for it. The theoretical basis for
the cost functions or measures used in [6] and [7] is now presented.

Stein’s Lemma. [10] Suppose we have k statistically independent samples from the same source, and
the classification is made trough the maximume-likelihood detector, then we have

i @ —  _Drr(follfr) for fixed Py (1.8)
) log P.(k
Jim R g gy 1.9)
) log P.(k
kETooogT() > —JD(fo. f1) (1.10)

where Pr(k) is the probability of false alarm, P.(k) is classification error probability and P, is the
missing probability, when k& samples from the same source are used to make the classification. Note
that f, and f; are the p-dimensional probability density functions, resultant from the dimensionality
reduction induced by the linear discriminant Q.

These probabilities are well known from the hypothesis tests. The probability of false alarm Pr(k), is
the probability of detecting so when y was generated by s;. The missing probability Py, is the probability
of detecting s; when y was generated by sy. P.(k) is simply the probability of wrong classification of the
sample. Note that were used the p-dimensional sources sy and sg, whit which the classification process
is performed.

The exponents Dy r(fol|f1), JD(fo, f1), C(fo, f1) in (1.8), are the Kullback-Leibler Divergence, the



J-Divergence and the Chernoff Distance, whose definitions for generic p-dimensional probability density
functions fy, f1 are

DKL<f0\|f1>=/RP folw) log j:fg;dy (1.11)
ID(fo, f1) = Drcr(follf1) ;DKL(flﬂfo) (112)

Clfollf)= max  —log(fg, fo(y)' fi(y)' ~"dy)

1.13
0<t<1 ( )

respectively.

Particularizing these expressions for the p-dimensional Gaussian probability density functions, resul-
tant from the dimensionality reduction performed by the linear discriminant Q, fo(Q) = N(Qpuo, QX0 Q7)
and f1(Q) = N(Qu1,Q%1Q"), we have

1 <1 1QX1Q7|
og

Dxr(foll f1)(Q) St ((QE1QT) THQZ0QT)) + (o — 1) T QT (QZ1QT) TP Q (1o — 1) — p)

~ 2T RzQT
(1.14)
ID(fo, 1)(@) = § (tr(@Z1Q7) 1 (Q%0Q") + (Q%0QT) 1 (QT1Q")))
1 TNHT Ty—1 Ty—1 (1.15)
+7 (1o — )" QT(QEQT) ™ + (@%1QT) " 1Q(10 — p1) — 2p)
Clho )@ = max Lt (g — )T QTRQRQT) + (1 — HQZIQT] Q0 — )
1 tQ%0QT + (1 - )%, Q"|
0st=sl +3 (log QIO QT )
(1.16)
For p = 1, and attending to Q = [¢”], the expressions simplify further an become

1 (¢TS50 q"%oq | [q" (po — p))?

Drr(follfi)(a) = 5 (qulq —log s TS0 1) (1.17)

1

JD(fo, f1)(q) = 1 [

(@"%0q+ ¢"219)*  ¢"Z0q+ ¢"1g
qT%0qq"E1q qTX0qqT¥1q

(¢" (1o — 1) (po — 1) " q) —4} (1.18)

(

C(fo, f1)(q) = max % <t(1 — )L Mo — 1) (o — 1) "q T log

tq"Soq + (1 —1)g" X1gq
tq' Sog+ (1 —t)q' X1q
0<t<1

(¢"S0q) (¢TS19)* "

(1.19)

Stein’s Lemma gives asymptotic expressions for Pr(k) and P.(k). The heuristic behind Stein’s

Lemma utilization is that, even tough, be necessary a large number £ of samples for the asymptotic

expressions give a good approximation for Pr(k) and P.(k), it is expected that they behave well when

k is small or even equal to one. Stein’s Lemma fills heuristically the lack of closed form expressions for
the probabilities.



The Kullback-Leibler divergence has a very easy interpretation.

fo(y)
f1(y) =4

Dici(follf1) = / ho(w)log

This can be interpreted as maximizing the expected value of the log-likelihood ratio log % under
fo, Which is equivalent to maximize the number of correct detections of samples from sy, when such
samples were generated by so. Note that this criteria is asymmetric.

The J-Divergence is simply the symmetrization of Kullback-Leibler Divergence. With this symmetriza-
tion, the two sources are treated equally.

From (1.10)
follf1) + Drr(fill fo)
2

it can be seen that by maximizing J-Divergence, an asymptotic lower bound for the classification error
rate is minimized, it is expected that by minimizing this lower bound, the classification error rate is also
minimized.

The Chernoff distance is related with the geodesic distance between the probability density distribu-
tions fy and f; in the probability manifold (see [6]).

There is a characteristic that the J-Divergence, the Chernoff Distance and Kullback-Leibler Diver-
gence share. That characteristic will reveal to be the main advantage of this methods when compared
to Fisher’'s Distance. That characteristic is the capability of these criteria for discriminate the probability
density distributions f, and f; by their variance. Looking at the expressions of these criteria in (1.17)
to 1.19, it is easy to see, that when maximized in ¢, very different variances for f, and f; will emerge.
Looking to the Kullback-Leibler Divergence expression it can be seen that the parcel

ID(fon fr) = 2L

¢ Zoa _ o (1.20)
TZ 2 :
q 219 07
will contribute for this phenomenon. For the J-Divergence and Chernoff Distance this is done by
(QTE%quqTTEZlq)Q
q 0499 19
log tq"Y0q + (1 —1)q"S1q (1.21)

(¢"S0q) (¢"S19) "

respectively, that can be interpreted as the arithmetic mean over the geometric mean of (¢” £0q,¢” £1¢),
where in the second are weighted by ¢. Attending to the fact that this quotient (arithmetic mean over the
geometric mean) has a minimum when the quantities involved are equal, it's explained why, when these
parcels are maximized the variances will be different.

Figures 1.1 and 1.2 show what happened using Fisher’s Distance Maximization criterion and the
J-Divergence Maximization criterion Figures 1.1 and 1.2 prove unequivocally this capability.

Looking at Stein’s Lemma statement in (1.8), it can be seen that in order to minimize Pr(k) and
P.(k), Dir(follf1)s JD(fo, f1), C(fo, f1) must be maximized. This is precisely what is done in [7] where
the J-Divergence is maximized and [6] where the same happens with Chernoff-Distance.
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Figure 1.2: 1-dimensional pdf’'s f, and f; obtained through .J-Divergence.

1.3 Contribution

In this thesis is treated the class or source assigning problem for the case where the sources Sy and S;
or classes Cy and C; are Gaussian distributed. The criteria or cost functions utilized are the Chernoff
Distance, the Kullback-Leibler Divergence and J-Divergence. The major problem with the chose of these
criteria is that the respective optimization problems are very hard to solve.

The works already developed, namely the ones presented in [7] and [6] don’t solve the problems
with full generality or utilize methods that don’t guarantee global optimality. The work developed in this
thesis gives the next step by solving the optimization problems resultant from the utilization of Cher-
noff Distance, Kullback-Leibler Divergence and J-Divergence with full generality and guaranteing global



optimality. Global optimality is just guaranteed when reducing to one dimensioni.e: p = 1.

1.4 Thesis Outline

Chapter 2. In this chapter are presented the algorithms that compute the linear discriminants, that
maximize the Kullback-Leibler Divergence, J-Divergence and Chernoff-Distance when projecting the
n-dimensional samples to R.

Chapter 3. In this chapter is presented the suboptimal approach for computing the linear discriminants
when projecting the n-dimensional samples to RP.

Chapter 4. This chapter presents the results of the performances, i.e. correct classifications of the
n-dimensional samples for the several criteria used in the linear discriminants computation.



Chapter 2

Algorithms for Dimensionality
Reduction to R

In this chapter are presented the algorithms to compute the linear discriminant @ = [¢”] that per-
forms dimensionality reduction to R by maximizing the several criteria presented in chapter 1, i.e:
Kullback-Leibler Divergence (Dxr(fol|f1)(Q)), J-Divergence (JD(fo, f1)(Q)) and Chernoff Distance
(C(fo, f1)(Q)).

As mentioned in chapter 1, the probability density functions fy, f1 present in these expressions,
are those that characterize the output y = Qx of the 1-dimensional sources sg, s; resultant from the
dimensionality reduction process.

2.1 Kullback-Leibler Divergence Maximization

In chapter 1, the expression for the Kullback-Leibler Divergence between the 1-dimensional probability
density functions fy, f1 was found to be (see equation (1.17))

q"Soq . q"Soq | [g"(po —p)* 1) 2.1

1
D = =
KL(fOHfl)(Q) 9 (qTE1q TS1q ¢TS1q

The goal is to find the global maximizer ¢ of (2.1), i.e.

_ 1 (¢'Soq ¢"Soq | la* (po — 1)) )
= argmax —1lo + —-1].
1 8 2 (qTElq SN q'S1q

q70

(2.2)

It's easy to verify that (2.1) doesn’t depend on the norm of ¢. So, a restriction that doesn’t eliminate any
direction for ¢ is admissible.

In order to simplify the objective function of the optimization problem in (2.2) and without eliminating
any direction for ¢, the restriction 4”3, ¢ = 1 is chosen. Applying the restriction, the optimization problem



in (2.2) becomes

argmax ¢’ Soq — log ¢ Soq + [¢7 (no — 11))?

q = (2.3)
¢"Sig=1
_ argmax ¢ Xoq —log¢" Soq + q” (o — p1) (o — 1) g (2.4)
TS =1 -
T T T
~argmax  ¢' [0+ (po — pa)(po — p1)"]g — log ' Sog (2.5)
= Lo )
g ¥1g=1

In what follows, o + (o — 1) (1o — p1)7 is substituted by R, resulting:

q= ?rg max ¢! Rq—logq’ Yoq. (2.6)
¢ ¥1g=1

Problem Reformulation. The optimization problem in (2.6) is non-convex, so a reformulation is made

by introducing the variables « and y

r = q¢'Rq (2.7)

y = 4" Zoq (2.8)
resulting for (2.6) in

max x —logy. (2.9)

(z,y)eC ={(¢"Rq,q"Soq) : ¢"E1q =1}

Reformulating the optimization problem this way, the optimization is just made in two variables (z,y) ¢ C.
However, the complexity of the original problem is hidden in the definition of the set C. The strategy to
solve (2.6) consists in finding the solution (z*, y*) for (2.9), and then computing a corresponding ¢, i.e, a
q that solves the following system of quadratic equations:

q: q"'Rq=a*
¢"Sig =1

The set C' is compact and connected. It results from a continuous quadratic mapping of an ellipsoid,
implying that the variables x and y considered separately, belong to closed intervals on R. It is needed
to compute the closed interval on R for the x variable, since it is a connected set, it is just needed to
calculate the ends of the interval, i.e:

: T
Lmin = min q Rq

(2.11)
¢'Yig=1
T
Trax = max q" Rq
- B (2.12)
g Xig=1

The solutions to (2.52) and (2.53) are i, = )\mm(Ef%REf%) and T = )\max(Ef%REI%) respec-
tively, and thus z € [Tmin, Tmax]-
Knowing this, the strategy to solve (2.9) consists in discretizing the above interval fixing a value for z,



and optimizing over the y variable. Given the objective function in (2.9), this corresponds to minimize y.
This procedure has to be done for all points x of the discretization of [z, Zmax|- Once this procedure is
finished, the best pair (z*, y*) is chosen and the corresponding ¢ defined in (2.10), is the one that solves
(2.6).

Fixing a value for x € [zmin, Tmax] and attending to (2.7), the problem related with the y variable opti-
mization is

min 7T Soq
¢"Rg=u (2.13)
¢"Tig=1

This problem is non-convex and will be solved trough duality theory presented in appendix (A.1).

In the process of finding the pair (z*,y*) that solves the optimization problem in (2.9), for a fixed
value of z, it is just needed to know the value of the best attainable value of y (calculated as in (2.13)).
For xe)zmin, Tmax| Strong duality exists for (2.13), the values of y variable are calculated trough the dual
problem that is:

max Mz — Aol
Yo+ MR+ A% >0 (2.14)
var : (A1, A2) € R?

As explained in appendix (A.1), the dual problem is an optimization problem in just two variables. Once
the pair (z*, y*) is computed, it is needed to compute the optimal ¢* that solves 2.6. For this process the
bi-dual problem of (2.13) is used. From this process we know that the set of optimal points that contain
the solution ¢, is such that ¢” Rq = z*, so this restriction is represented in the Bi-Dual Problem (2.15)
through ¢r(RQ) = z*

min tr(XoQ)
tr(RQ) = x* (2.15)
tT(ZlQ) =1 |
Q=0

Provided Slater conditions are verified i.e: ze]zmin, Tmax[ @nd the uniqueness of the solution for the bi-
dual problem, @ is a rank-1 semidefinite positive matrix and its only eigenvector is the solution for the
problem i.e., it is the linear discriminant that optimizes the Kullback-Leibler Divergence criterion.

10



2.2 J-Divergence Maximization

In chapter 1, the expression for the J-Divergence between the 1-dimensional probability density func-
tions fy, f1 was found to be (see equation (1.18))

1 [(QTqu +¢"%19)*  ¢"Sog+ ¢"S1g

JD - -
(follM)(e) qT%0qq"E1q qa"¥0qq"E1q

1 (¢" (o — pa) (po — p11)"q) — 4} . (2.16)

The goal is to find the global maximizer ¢ of (2.16), i.e.

1 (@"20q+4"%19)* | ¢"Soq+ ¢ g, 1 T }
= argmax + — _ "yl
I & 1 [ q"20qq" S1q T Soad S (¢ Wo )l —pa)Ta) (2.17)

q#0

The expression for the J-Divergence in (2.16) doesn’t depend on the norm of ¢, but just on its
direction. Taking advantage of this property the following restriction is added

q"Soqq" S1q = 1. (2.18)

As in the previous optimization problem, this restriction is admissible in the sense that it doesn’t eliminate
any direction. Given any ¢eR" it is possible to scale it without changing its direction till verifies (2.18).
Applying this restriction and dropping the multiplicative and constant parts of the objective function, the
optimization problem in (2.17) becomes

q= arg max (" %0q +4"219)* + (a7 Xo0q + ¢"Z19)(¢" (o — k1) (o — 1) " q)
o . (219)
g Xogqq  ¥1g =1
The restriction in (2.18) can be written as ¢" $1¢ = _r5 -, 50 ¢" X1 is substituted by _r5— in (2.19)
resulting in

1
g’ Sogq

q= arg max (¢T¥0q +
q"S0qq"¥1g =1

P00t Gy ) o =)o = )) (2.20)

Problem Reformulation. The optimization problem in (2.20) is non-convex, so, a reformulation of the
same is made by introducing the variables x and y

r = qTqu (2.21)
y = ¢ (po—pm)(uo— )’ (2.22)

resulting for (2.20) in
max (m+%)2+(x+%)y (2 23)

(z,y)eC ={(¢"S0q,q" Mq) : ¢"Soqq" T1q =1}

where M = (po — fu1)(po — p1)"
The strategy to solve (2.20) as previously seen, consists in finding the solution (z*, y*) for (2.23) and
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then computing the corresponding g, i.e:

q: q'Soq=2a*
Mg =y , (2.24)
q'S0qq" S =1

In appendix C is shown that set the C' is compact and connected, implying that the variables x and y
considered separately, belong to closed intervals on R. It is needed to compute the closed interval on R
for the x variable, since it is a connected set, it is just needed to calculate the ends of the interval i.e:

s T
Trnin = min q" 2oq
T T B (2.25)
q" Yoqq  Y1qg=1
T
Tmax = max q Xoq
T T B (2.26)
q' Xoqq" Y1qg =1
The solutions to 2.25 and 2.26 are
1
Tmin - - (2.27)
\//\maw(zaézlz(;E)
1
xrnax 1 T (228)
\/)\mzn(zgizlzo_g)

S0, T € [Zmin, Tmax]- IN S€CtioN (2.2.1) is shown how these expressions for the extremal points of the
interval in R for the z variable, were obtained.

Knowing this, the strategy to solve (2.23), consists in discretizing the above interval, fixing a value
for z, and optimize over the y variable. The goal is to solve (2.23) and so, optimizing y consists in
maximizing it. This procedure has to be done for all points « of the discretization of [z, Zmax). ONCe
this procedure is finished, the best pair (z*, y*) is chosen, and the corresponding ¢ according to (2.24),
is the one that solves (2.20).

Fixing a value x € [xmin, Tmax) @and attending to (2.21), the problem related with the y variable opti-
mization is

max q'Mgq
q'Y0q = x (2.29)
g =1
that written as a minimization problem becomes
min qr'(—M)q
¢'Y0q =z (2.30)
¢"Sig=1

This problem is solved trough duality theory presented in section A.1. From this point, everything
follows the same procedure as for the Kullback-Leibler Divergence algorithm (see 2.1). It’'s important to
note that strong duality for (2.30), only exist for x € |zmin, Tmax|C€ criteria.
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2.2.1 Interval Computation

Here is shown how to compute the extremal points of the interval [zmin, Tmax] C R, where the x variable
defined in (2.21) belongs.
The definition of this extremal points is given in (2.25) and (2.26) and is here again presented

: T
Tmin = min q qu
T’ T’ B (2.31)
q Xoqq X1g=1
T
Lmax = max q 20(]
. T _ (2.32)
g Xogqq  ¥1g =1
Introducing the variables a and b, defined as
a = ¢'Sq (2.33)
b = ¢'Siq
the problems in (2.31) and (2.32) are equivalent to
Tmin = min a
ab=1 (2.35)
var : (a,b) e K = {(¢"30q,qTX1q) : qeR"}
Tmax = max a
ab=1 (2.36)

var: (a,b) e K = {(¢¥X0q,q">1q) : qeR"}

The restrictions in the reformulated problems are

ab=1
(a,b) e K = {(¢"20q,q" £1q) : ge R™}.

Due to the positive definiteness of the matrices Xy and X; involved in the definition of the variables a
and b, it's easy to see that the variables a and b belong to the first orthant.

Set K consists in a quadratic mapping from R™ to R? and due to a theorem by Dines (see [9]), set K
is a closed convex cone in the first orthant. With this graphical interpretation, it's easy to see that =i,
and z,.x are the points of intersection of the straight lines that delimitate set K with the graph of the
hyperbola function.

In order to calculate these intersections, the mathematical expressions of the straight lines that de-
limitate set K are needed. Since these straight lines pass trough the origin, they are of the form b = ma.

From figure 2.1 can be seen, that in order to calculate x,,;,, the slope of the upper straight line is
needed, in order to do that a point (a,b) of this straight line must be computed. Attending to set K
definition and fixing a = 1, b is equal to:

1

b= mar  qTE1q = Amaa(Sg 25155 ?)

237
q¢'Sog =1 (2:37)
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ab=1

’

s a

Nmin Xmax

Figure 2.1: Geometrical interpretation of the set of restrictions.

The restriction ¢”Xyq = 1 in the above optimization problem needed to compute b, has naturally to do
with a = 1. The choice of a = 1 was made in order to obtain directly the slope of the upper straight line.

With the slope of the upper straight line that delimitates set K, calculated it is needed to intersect
this straight line with the graph of the hyperbola function, i.e, the following system of equations must be
solved

ab = 1 (2.38)

1 _1
where m = A0 (Zg 2215, 2).

This results for ¢ and b, in .

a =
\/Amax(zg%zlzg%)
1 _1
b=\ (S P25 )

where a iS Tyin-
Following the same process to calculate x,,;,, can be shown that z ., =

\/Amin(zgizlzo %)
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2.3 Chernoff Distance Maximization

In chapter 1 the expression for the Chernoff Distance between the 1-dimensional probability density
functions fy, f1 was found to be (see equation (1.19))

— 1 q" (po — 1) (po — 111)"q tq"Soq + (1 — t)qTZlq)
C(fo, = max 5(t(1l—1 +1lo = .
(fo, f1)(q) ) ( ( ) tq S0q + (1 — 1)qTS1q g (@T%0q) (T T1q)
0<t<1
(2.40)

The goal is to find the global maximizer ¢ of (2.40), i.e.

g = argmax max

<t(1 — 1) q" (o — pa)(po — 111)"q +log tq" Sog + (1 — t)qTENJ) '
tqg" Yog+ (1 —t)g" X1q (" o) (¢" E1g)* "

D=

q#0 0<t<1
(2.41)
The expression of the Chernoff-distance in (2.40), involves an intrinsic optimization in the variable ¢,
so the optimization problem in (2.41) can be written expliciting that characteristic giving

_ 1 q' Mg tq"Yoq 4+ (1 —t)q"1q
q,t) = argmax 5 |t(1—1 + lo —
@) 5 2 ( ( )thquJr 1-0"%q (T S00) (T ig) (2.42)
q70 '
0<t<1

where M = (po — 1) (po — pa)™

The above optimization problem (2.42) is non-convex and it has to be optimized in two variables, g ¢ R™
and t [0, 1]. Due to its non-convexity, it is useful to rewrite it in the following equivalent form

q"Mgq
tqg! Yoq+ (1 —t)g'X1q

max max % (t(l —t)

+log tq"Sog + (1 — t)qTZMJ)

(¢"20q)"(¢" Z1g)* ™" (2.43)

0<t<1 ¢#0

This equivalent optimization problem is solved by fixing ¢ belonging to a discretization of [0, 1], and
optimizing in the ¢ variable. The main advantage of this written, is that the cost function in (2.43) is inde-
pendent on the norm of ¢ for a fixed ¢. Since this optimization problem is non-convex, it has necessarily
to be solved by searching for every point ¢ of the discretization of [0, 1] the best corresponding ¢. Once
this procedure is finished, the best pair (¢*, t*) is chosen.

Due to the independence on the norm of ¢ for a fixed ¢, the optimization problem can be further simplified
by introducing the following restriction

tqg"Soq+ (1 —t)g"S1g=1 (2.44)

resulting for (2.43) in

max max % (t(l —t)q"Mq — log (qTZOq)t(qTElq)l_t)

2.45
0<t<1 tq"Sq+ (1 —-1t)g"S1g=1 o
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With this approach, for a fixed ¢ we have to find the global maximizer ¢ of the following subproblem.

max 1L (t(1 —t)g" Mg —log (4" S0q) (" E19)* )

2.46
tq"Sog + (1 —1)g"S1g =1 (2.45)

It is expected that t* belongs to the open interval ]0, 1[. Otherwise, the information about one of the
covariance matrices X, or X; would be neglected. With this assumption, the endpoints of [0, 1] are not
evaluated. This enables a rewritten of the restriction introduced at (2.44) that is the following

Having this in consideration, and using the properties of the logarithm function, (2.46) becomes

T
max 1<t1—t TMg—tloggtSog— (1 —1t)1o 1—1q” Yoq .
5 (1 —t)g" Mg 8¢ Yoq — (1 —t)log —F" (2.47)

tq"Sog+ (1 —t)g"S1g=1

Subproblem reformulation. The optimization problem in (2.47) is non-convex, so as in the previous
situations a reformulation of the same is made by introducing the variables =z and y

z = ¢'Soq (2.48)
y = q" Mg (2.49)
resulting for (2.47) in
max t(l—t)y —tlogax — (1 —1t) log(llitgc) .

(,y)eC = {(¢"Xoq,q" Mq) : tg"Soq + (1 —t)¢" S1qg = 1}
(2.50)
Again, the strategy to solve (2.47) consists in finding the solution (z*, y*) for (2.50) and then computing
the corresponding ¢, i.e. a ¢ that solves the following system of quadratic equations:

q: q'Soq=2x*
q"Mq=y* . (2.51)
tq"Soq + (1 —1)g"S1g =1

The set C' is compact and connected. It results from a continuous quadratic mapping of an ellipsoid,
implying that the variables = and y considered separately, belong to closed intervals on R.

It is needed to compute the closed interval on R for the x variable, since it is a connected set, it is
just needed to calculate the ends of the interval, i.e:

Lmin = min QTZOQ (2 52)
tq"Sog + (1 —t)q"S1g =1
Tmax = max quoq (2 53)

tq"Soq+ (1 —t)g"S1g =1
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Knowing this, the strategy to solve (2.50) consists in discretizing the above interval fixing a value for
x, and optimizing over the y variable. Given the objective function in (2.50), this corresponds to maximize
Y.

This procedure has to be done for all points z of the discretization of [Zmin, Zmax|- ONnce this proce-
dure is finished, the best pair (z*,y*) is chosen and the corresponding ¢ defined in (2.51), is the one
that solves (2.47).

Fixing a value for z € [xmin, Zmax] @nd attending to (2.7), the problem related with the y variable opti-
mization is

min gT Mg
q"Yoq = (2.54)
tq"Soq + (1 —t)g"Sig =1

This problem is solved trough duality theory presented in section A.1. From this point, everything
follows the same procedure as for the Kullback-Leibler Divergence algorithm (see 2.1). It's important to
note that strong duality for (2.54), only exist for « € |2 min, Zmax|-

Observation. In all the three previous algorithms, it was said that strong duality holds for « € |Zmin, Zmax|
and consequently the extreme points were not evaluated. This doesn’t represent a problem, since the
objective functions in (2.9), (2.23) and (2.50) are continuous functions for the respective closed intervals
as well as the optimized y variable as a function of the fixed .
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Chapter 3

Greedy Algorithms

The algorithms presented in chapter 2 perform a dimensionality reduction from n dimensions to one
dimension. This is done by linear mapping the n-dimensional samples x ¢ R™ through the linear discrim-
inant ¢. This drastic dimensionality reduction may induce an acceptable loss of information making the
projected distributions almost indistinguishable. The consequence is significant classification error rate.
In order to make the process of dimensionality reduction less drastic and hopefully lowering the classi-
fication error rate, this chapter considers dimensionality reduction to R? with p > 1. The algorithms to
be developed here perform a dimensionality reduction from n dimensions to p dimensions, where p > 1
through the linear discriminant matrix @ ¢ RP*", i.e.

y=Qx (3.1)

where z is the n-dimensional sample, @ is the linear discriminant matrix, and y ¢ R? is the signature of
the sample z, used in the classification procedure.

In order to better understand the greedy version of the algorithms presented in chapter 2 it is pre-
sented the greedy algorithm that maximizes the Kullback-Leibler Divergence. For the other criteria the
algorithms follow a similar pattern which will not be repeated here.

The optimal linear discriminant @ e RP*™, that maximizes the Kullback-Leibler Divergence between
the p-dimensional probability density functions f,(Q) = N(Quo, Q¥0QT) and f1(Q) = N(Qu1, Q%:1Q7),
is found by solving the optimization problem

max  Dgr(follf1)(Q)

O (3.2)
where
1 Q2 Q7| Ty—1 T T AT T\—1
Drr(foll f1)(Q) = 3 logvatr((QZlQ ) H(Q@X0Q7)) + (o — p1)" Q7 (Q@X1Q7 )" Q(po — p11) —p | -
(3.3)

The main problem with this approach is the non-convexity of the objective function. Although, the case
p = 1 could be treated trough a series of reformulations and simplifications which made possible finding
the solution efficiently, we were not able to extend this procedure for p > 1. So a sub-optimal approach to
solve (3.2) is taken. This approach consists in compute the p rows of @ e RP*™ one by one, by solving p
1-dimensional optimization problems, like the one in (2.2) for the case of the Kullback-Leibler Divergence.

We start by noting that, without loss of optimality, the matrix @ in (3.2) can be taken to be Stiefel, i.e.,
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with orthonormal rows. This is proved in appendix B. The fact that ) can be a Stiefel matrix motivates,
the following procedure to compute its p rows.

Computation of the rows of ().

—q?—

_CI;:;F_

The first row ¢f, coincides with the linear discriminant ¢ transposed, for the 1-dimension problem (see
2.2),i.e.

1 <qTqu e O00q (a7 (g —n0)® 1)
2\ ¢"1q "> 1q 7">1q

(3.4)
q#0
The second row is computed by running again the algorithm, but now imposing that such row is
orthogonal to the first, i.e:
q2 = O1rg (3.5)

where O; e R™*(»~1) s a matrix, whose columns generate the orthogonal complement of the subspace
generated by ¢;, and g e R"~! is the vector that collects the coefficients of the linear combination of the
columns of O;.

In order to compute ¢2, a modified version of (3.4) is solved, i.e.

970150019 970180019 , [¢7Of (o —m)]”
9" 01 %1019 9" 01 %1019 9" 01 %1019

D=

g= argmax

970

(3.6)

The modification introduced, was the substitution of the ¢ in (3.4), by O;4. This imposes orthogonality
condition. Note that this optimization problem has exactly the same form of the 1-dimensional problem
in (3.4), being therefore solved in exactly the same way.
Note that ¢ = O1 9.

To solve for row 4, it's just a matter of substituting O; by O;_;. Being O,_1, the matrix that generates
the orthogonal complement to the subspace generated by the i — 1 rows, previously calculated.

It's important to note, that the complexity of the sub-problems solved to compute the p rows is de-
creasing. This is due to the fact that the optimization is being made in subspaces whose dimensions are
decreasing.
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Chapter 4

Computer Simulations

4.1 Hit Rates

In this section we compare the performance of the four criteria used to construct linear discriminants:
Kullback-Leibler Divergence (KLD), J-Divergence (JD), Chernoff Distance (CHF), Fisher’s Distance (FLDA).
The index of performance is the hitrate, i.e., the percentage of correct decisions in the lower-dimensional
space RP. We consider the following simulation scenarios: dimensionality reductionto R, (p = 1) (4.1.1),
dimensionality reduction to R? (4.1.2), and the using of £ > 1 samples from the same source in the de-
tection process (4.1.3). The hit-rates were computed by Monte Carlo simulations. We generated 100000
samples from each Gaussian source in R™. Each sample is projected to R? by each of the four linear
discriminants and classified by the optimum detector (Maximum Likelihood Detector). The hit rate for a
given linear discriminant corresponds to the average of correct decisions over the 200000 samples from
both sources.
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4.1.1 Dimensionality Reduction to R

The results of the simulations are presented for three distinct cases concerning the parameters of the
sources: distinct means and distinct covariance matrices (table 4.1), equal means and distinct covari-
ance matrices (table 4.2), distinct means and equal covariance matrices (table 4.3), with increasing data
dimensionality n = 10, 20, 30, 40, 50.

Table 4.1: Distinct Means and Distinct Covariance Matrices
JD \ KLD \ CHF \ FLDA \
n=10 || 0.8508 | 0.8309 | 0.8607 | 0.5969
n=20 || 0.9870 | 0.9870 | 0.9415 | 0.6412
n=30 || 0.9010 | 0.9013 | 0.9376 | 0.7056
n=40 || 0.9935 | 0.9936 | 0.9426 | 0.6931
n=50 || 0.9891 | 0.9893 | 0.9430 | 0.7088

Table 4.2: Equal Means and Distinct Covariance Matrices
] H JD \ KLD \ CHF \ FLDA\

n=10 || 0.9852 | 0.9853 | 0.9404 | 0.6006
n=20 || 0.9827 | 0.9830 | 0.9411 | 0.5159
n=30 || 0.9820 | 0.9821 | 0.9400 | 0.5255
n=40 || 0.9867 | 0.9868 | 0.9403 | 0.5243
n=50 || 0.9583 | 0.9586 | 0.9376 | 0.5053

Table 4.3: Distinct Means and Equal Covariance Matrices
] H JD \ KLD CHF \ FLDA \

n=10 || 0.6740 | 0.6743 | 0.6743 | 0.6737
n=20 || 0.9255 | 0.9254 | 0.9253 | 0.9253
n=30 || 0.9203 | 0.9202 | 0.9204 | 0.9206
n=40 || 0.9665 | 0.9667 | 0.9666 | 0.9668
n=50 || 1.0000 | 1.0000 | 1.0000 | 1.0000

As we can see, the FLDA always corresponds to the worst performance tables 4.1 and 4.2. In table
4.3 all criteria performed about the same as predicted by the theory (see section D).
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4.1.2 Dimensionality Reduction to R?

The next tables collect the results obtained when reducing the n-dimensional data to R? with p > 1,
through the linear discriminants that maximize the Chernoff Distance, Kullback-Leibler Divergence, J-
Divergence and Fisher’s Distance. For each criterion, there is a table with the classification hit-rates, for
varying data dimensionality n» = 10, 20, 30,40, 50 and increasing p. Once again, we present the results
for the three different cases concerning the parameters of the sources.

For the same data dimension n (rows of the tables) and for the same sources setup, the different
criteria may be compared. Ex: row 1 from table 4.4 can be compared with row 1 from tables 4.5, 4.6,
4.7.

Table 4.4: Chernoff Distance Criteria with Distinct Means and Distinct Covariance Matrices
] I p=t | p=7 p=17 | p=27 | p=37 | p=47 |

n=10 || 0.9027 | 0.9827 X X X X
n=20 || 0.9420 | 0.9995 | 0.9999 X X X
n=30 || 0.9419 | 0.9994 | 1.0000 | 1.0000 X X

n=40 || 0.9409 | 1.0000 | 1.0000 | 1.0000 | 1.0000 X
n=50 || 0.9431 | 0.9994 | 1.0000 | 1.0000 | 1.0000 | 1.0000

Table 4.5: Fisher’s Distance Criteria with Distinct Means and Distinct Covariance Matrices
] I p=1 | p=7 | p=17 | p=27 | p=37 | p=47 |

n=10 || 0.5915 | 0.8523 X X X X
n=20 || 0.6036 | 0.8200 | 0.9943 X X X
n=30 || 0.6396 | 0.7933 | 0.9735 | 1.0000 X X

n=40 || 0.6439 | 0.7368 | 0.9302 | 0.9924 | 1.0000 X
n=50 || 0.6758 | 0.7677 | 0.9080 | 0.9863 | 0.9994 | 1.0000

Table 4.6: Kullback-Leibler Divergence Criteria with Distinct Means and Distinct Covariance Matrices

n=10 || 0.8426 | 0.9341 X X X X
n=20 || 0.9905 | 0.9997 | 0.9998 X X X
n=30 || 0.9899 | 1.0000 | 1.0000 | 1.0000 X X

n=40 || 0.9748 | 0.9998 | 1.0000 | 1.0000 | 1.0000 X
n=50 || 0.9893 | 1.0000 | 1.0000 | 1.0000 | 1.0000 | 1.0000

Table 4.7: J-Divergence Criteria with Distinct Means and Distinct Covariance Matrices

n=10 || 0.8881 | 0.9808 X X X X
n=20 || 0.9901 | 0.9997 | 0.9999 X X X
n=30 || 0.9898 | 0.9999 | 1.0000 | 1.0000 X X

n=40 || 0.9747 | 0.9998 | 1.0000 | 1.0000 | 1.0000 X
n=50 || 0.9891 | 0.9999 | 1.0000 | 1.0000 | 1.0000 | 1.0000

For the case of distinct means and distinct covariance matrices for the sources, it can be seen,
that the hit-rates are improved by increasing p. This is to be expected, as less information is being
discarded. In chapter 1 in section 1.2, we saw that the pure Fisher’s Distance Maximization criterion
cannot handle dimensionality reduction to R? with p > 1. However what can be seen from the tables
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is that, Fisher’s Distance Maximization criterion (FLDA) benefits of applying the greedy technique we
proposed in chapter 3.
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Table 4.8: Chernoff Distance Criteria with Equal Means and Distinct Covariance Matrices
] I p=1 | p=7 | p=17 | p=27 | p=37 | p=47 |

n=10 || 0.9013 | 0.9817 X X X X
n=20 || 0.9413 | 0.9994 | 0.9999 X X X
n=30 || 0.9417 | 0.9995 | 1.0000 | 1.0000 X X

n=40 || 0.9402 | 1.0000 | 1.0000 | 1.0000 | 1.0000 X
n=50 || 0.9406 | 0.9994 | 1.0000 | 1.0000 | 1.0000 | 1.0000

Table 4.9: Fisher’s Distance Criteria with Equal Means and Distinct Covariance Matrices
] I p=1 | p=7 | p=17 | p=27 | p=37 | p=47 |

n=10 || 0.5138 | 0.8480 X X X X
n=20 || 0.5472 | 0.8111 | 0.9942 X X X
n=30 || 0.5473 | 0.7730 | 0.9719 | 1.0000 X X

n=40 || 0.5173 | 0.6958 | 0.9237 | 0.9914 | 1.0000 X
n=50 || 0.5104 | 0.7183 | 0.8932 | 0.9846 | 0.9994 | 1.0000

Table 4.10: Kullback-Leibler Divergence Criteria with Equal Means and Distinct Covariance Matrices

n=10 || 0.8412 | 0.9327 X X X X
n=20 || 0.9906 | 0.9997 | 0.9998 X X X
n=30 || 0.9904 | 1.0000 | 1.0000 | 1.0000 X X

n=40 || 0.9749 | 0.9998 | 0.9999 | 1.0000 | 1.0000 X
n=50 || 0.9890 | 1.0000 | 1.0000 | 1.0000 | 1.0000 | 1.0000

Table 4.11: J-Divergence Criteria with Equal Means and Distinct Covariance Matrices
] I p=1 | p=7 | p=17 | p=27 | p=37 | p=47 |

n=10 || 0.8867 | 0.9801 X X X X
n=20 || 0.9903 | 0.9997 | 0.9999 X X X
n=30 || 0.9905 | 0.9999 | 1.0000 | 1.0000 X X

n=40 || 0.9748 | 0.9998 | 1.0000 | 1.0000 | 1.0000 X
n=50 || 0.9890 | 0.9999 | 1.0000 | 1.0000 | 1.0000 | 1.0000

In this case, the means of the sources are equal and the covariance matrices are distinct. All the
criteria exhibit a better performance with increasing p. The most notorious case,correspond to FLDA: for
p =1, it can be seen (table 4.9) that the detector is as good as a random classificator, however for p = 7
the performance increases drastically. As before the other criteria outperform the FLDA criterion. This
proves their ability for discriminating the sources through their covariance.
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Table 4.12: Chernoff Distance Criteria with Distinct Means and Equal Covariance Matrices
] I p=1 | p=7 | p=17 | p=27 | p=37 | p=47 |

n=10 || 0.8402 | 0.8402 X X X X
n=20 || 0.7752 | 0.7753 | 0.7753 X X X
n=30 || 0.9685 | 0.9686 | 0.9686 | 0.9686 X X

n=40 || 1.0000 | 1.0000 | 1.0000 | 1.0000 | 1.0000 X
n=50 || 1.0000 | 1.0000 | 1.0000 | 1.0000 | 1.0000 | 1.0000

Table 4.13: Fisher’s Distance Criteria with Distinct Means and Equal Covariance Matrices
] I p=1 | p=7 | p=17 | p=27 | p=37 | p=47 |

n=10 || 0.8402 | 0.8402 X X X X
n=20 || 0.7753 | 0.7753 | 0.7753 X X X
n=30 || 0.9686 | 0.9686 | 0.9686 | 0.9686 X X

n=40 || 1.0000 | 1.0000 | 1.0000 | 1.0000 | 1.0000 X
n=50 || 1.0000 | 1.0000 | 1.0000 | 1.0000 | 1.0000 | 1.0000

Table 4.14: Kullback-Leibler Divergence Criteria with Distinct Means and Equal Covariance Matrices

n=10 || 0.8402 | 0.8402 X X X X
n=20 || 0.7753 | 0.7753 | 0.7753 X X X
n=30 || 0.9686 | 0.9686 | 0.9686 | 0.9686 X X

n=40 || 1.0000 | 1.0000 | 1.0000 | 1.0000 | 1.0000 X
n=50 || 1.0000 | 1.0000 | 1.0000 | 1.0000 | 1.0000 | 1.0000

Table 4.15: J-Divergence Criteria with Distinct Means and Equal Covariance Matrices
] I p=1 | p=7 | p=17 | p=27 | p=37 | p=47 |

n=10 || 0.8402 | 0.8402 X X X X
n=20 || 0.7753 | 0.7753 | 0.7753 X X X
n=30 || 0.9685 | 0.9686 | 0.9686 | 0.9686 X X

n=40 || 1.0000 | 1.0000 | 1.0000 | 1.0000 | 1.0000 X
n=50 || 1.0000 | 1.0000 | 1.0000 | 1.0000 | 1.0000 | 1.0000

In this situation the parameters of the distributions are equal covariance matrices an distinct means.
As shown in (D), all the criteria perform the same which is confirmed by analyzing tables 4.12 to 4.15.
An intuitive interpretation of this is that apart from an invertible linear transformation of the samples,
there is no difference of the situation where the covariance matrices are the identity and the means are
distinct: for this situation it's obvious that the best possible linear discriminant is a vector that is aligned
with uo — u1; in the orthogonal directions the distributions are exactly the same and there is nothing to
discriminate.
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4.1.3 Asymptotic Behavior

In this last set of tables,

Table 4.16: Distinct Covariance Matrices and Distinct Means
KLS \ KLA \ CHF \ FLDA \
0.8881 | 0.8426 | 0.9027 | 0.5915
0.9931 | 0.9934 | 0.9971 | 0.6709
0.9999 | 0.9999 | 0.9998 | 0.7584
1.0000 | 1.0000 | 1.0000 | 0.8595
1.0000 | 1.0000 | 1.0000 | 0.8634

?\_Xﬂ\_X?\_
O N O W —

Table 4.17: Distinct Covariance Matrices and Equal Means
] | KLS | KLA [ CHF [ FLDA |

0.9314 | 0.9314 | 0.8987 | 0.5044
1.0000 | 1.0000 | 0.9983 | 0.5465
1.0000 | 1.0000 | 0.9998 | 0.5512
1.0000 | 1.0000 | 1.0000 | 0.7413
1.0000 | 1.0000 | 1.0000 | 0.7114

?\_Xﬂ\_xx
O N O W —

Table 4.18: Equal Covariance Matrices and Distinct Means
] | KLS | KLA [ CHF [ FLDA |
0.6235 | 0.6235 | 0.6235 | 0.6235
1.0000 | 1.0000 | 1.0000 | 1.0000
1.0000 | 1.0000 | 1.0000 | 1.0000

?\_fx
gl W| =

as would be predictable, the performance of the detector increases when k is increased. It's important
to note that the FLDA criterion never achieved a hit rate of 1, however in tables 4.16 and 4.17 the other

criteria achieved a hit-rate of 1 for £ = 5. In table 4.18 is again visible the criteria equivalence under
equal covariance matrices.
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4.2 ROC-Curves

The ROC curves give the probability of detection as a function of the probability of false alarm. In
figures 4.1, 4.2, and 4.3 we present the results for the several criteria and for the three cases of the
n-dimensional probability density functions parameters. The n-dimensional samples where classified
by their 1-dimensional signatures obtained by the application of the linear discriminants for the several
criteria. The dimension of the high dimensional samples n is 10.

0z 04 05 06 07 08 08 1

Figure 4.1: Distinct Means and Distinct Covariance Matrices. Legend: Magenta - Chernoff Distance ,
Red - Fisher’s Distance, Blue - Kullback-Leibler Divergence, Green - J-Divergence.

Figure 4.2: Equal Means and Distinct Covariance Matrices. Legend: Magenta - Chernoff Distance , Red
- Fisher’s Distance, Blue - Kullback-Leibler Divergence, Green - J-Divergence.
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Figure 4.3: Distinct Means and Equal Covariance Matrices. Legend: Magenta - Chernoff Distance , Red
- Fisher’s Distance, Blue - Kullback-Leibler Divergence, Green - .J-Divergence.

Once again, the J-Divergence , Chernoff Distance and Kullback-Leibler Divergence criteria, outper-
form Fisher’s Distance criterion. In figure 4.3, is again clear the criteria equivalence for the case of equal
covariance matrices. For the first two situations figure 4.1 and fig. 4.2 where the covariance matrices
are different, it can be seen that bellow probabilites of false alarm of 0, 1, the kullback-Leibler Divergence
Maximization criterion is the one that achieves a greater probability of detection. This fact is an implica-
tion of the asymmetrical character that this criterion exhibits. Looking at the Kullback-Leibler Divergence
general definition

fo(y)
f1(y)

this fact is very easily interpreted as maximizing the expected value of the log-likelihood ratio log ’;‘5(53

under fy, which is equivalent to maximize the number of correct detections of samples from sy, when
such samples were generated by s.

Dicr(foll 1) = / Do) tog 1y,
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Chapter 5

Conclusions and Future Work

In this thesis we proposed new criteria for designing linear discriminants for data dimensionality reduc-
tion prior to the application of a binary detector. We also developed algorithms to solve the non-convex
optimization problems corresponding to the design of these new linear discriminants. These algorithms
compute the linear discriminants that maximize the Chernoff Distance, the J-Divergence and Kullback-
Leibler Divergence between the probability density functions that characterize the low-dimensional sig-
natures of the original data.

The optimization problems that result from maximizing these measures of dissimilarity of the two
sources are non-convex. However it was possible to solve them efficiently (global optimality), trough
reformulations and the use of duality theory, for the case where the n-dimensional samples are mapped
to R. A suboptimal strategy was proposed for the case of mapping the samples to R?, with p greater
than one.

The results present in chapter 4, proved uniquivocally that the new techniques outperform the Fisher’s
Distance Criteria. This is due to the fact that the new criteria can discriminates the probability density
functions through their variance see figures 1.1 and 1.2. It's important to note that a Gaussian prob-
ability density function is characterized by its two first moments, the covariance matrix and the mean.
Thus a good discriminator should use both to distinguish them. This is secured by Chernoff Distance,
J-Divergence and Kullback-Leibler Divergence criteria.

Future Work. In this thesis, we focused on the Gaussian case. This framework may model many
practical situations, however it is far from exhausting all practical applications. This observation leads
immediately to two generalizations. The first generalization would be considering the case where the
two sources, instead of following Gaussian distributions follow a Gaussian mixture. The importance of
this generalization is clear: any regular probability density distribution can be well approximated by a
mixture of Gaussians. The second generalization would be to study the multiclass problem. The main
obstacles to these generalizations are: for the Gaussian mixture case, the computation of the closed
form expressions for the Chernoff Distance, J-Divergence and Kullback-Leibler Divergence, and the
non-convexity of the design; for the multiclass problem there is no asymptotic expresions as there are
for the two class situation (Stein’s Lemma), however may be useful trying to optimize pairwise Chernoff
Distances and J-Divergences between the probability density functions that characterize the several
classes.
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Appendix A

Quadratic Program with Quadratic
Constraints, Strong-Duality result

A.1 Introduction to Strong Duality

In all the optimization problems presented in chapter 2, emerged the necessity of solving a particular
kind of optimization problem, a quadratic program with two quadratic constraints

min q' Aq

T _

¢ Bq="b (A1)
¢"Cq=c
var : ge R"

where A is a symmetric matrix, B and C' are positive definite symmetric matrices, b and ¢ are positive
scalars.

This optimization problem in all its generality is very hard to solve due to its non-convex quadratic
constraints. However, when the matrices involved in the quadratic expressions have some properties,
strong duality exists.

Strong duality is a very important tool in optimization theory. Makes possible solving a very hard
optimization problem, trough a easy one. The very hard problem is usually called the Primal Problem,
and the easy one is called the Dual Problem. Strong duality says that under certain conditions, the
Primal and Dual problems give the same result, that is: their objective functions attend the same value
at their respective globally optimal points.

In optimization theory, the Primal Problem and the respective Dual Problem are:

Primal Problem.
pr=  min  f(2)
rzeX
h(z) =0 (A.2)
g(z) <0

var : x e R"

where f : R" — RU {+o0}
X CR"
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h:R" — Rp, h = (h17h27...,hp)
g:R* > R™ g= (91,92, ,9m)

Dual Problem.
d* = max L\ p)
pw>0 (A.3)
var : (A, pu) e RP x R™
where
LA\, p)= inf L(z,\p)
reX

being L(z, A\, ) = f(x) + ATh(z) + p? g(x) the Lagrangian function.

Applying the definition of the Dual Problem to the quadratic program with the quadratic constraints in
(A.1) comes:
max —A1b — Xac
A+MB+XC =0 (A.5)
var : (A1, A2) e R?

which is an SDP (Semidefinite Program) and therefore convex, in just two variables independently of n
that can be very large.

In the algorithms presented in section 2, is also needed the Bi-Dual Program. This is simply the dual
problem of the first dual, since the first dual problem is convex, strong duality exists between them.

Bi-Dual Problem.

min tr(AQ)
tr(BQ) = b A8
tr(CQ) =c ’
Q=0

where @ is a symmetric positive semi-definite matrix of dimension n.

The Bi-Dual Problem in (A.6) is very much harder to solve than the Dual Problem in (A.5), due to the
dimensionality of the optimization variable Q €S’} .

Provided strong duality exists for the problem in (A.1) and the Bi-Dual Problem has a single solution,
its solution @ is a rank-1 matrix, from which the only eingenvector is the solution for the Primal Problem
in (A.1). This is the way how the solution ¢ e R™ is retrieved.

A.2 Strong Duality Result Demonstration

It is easy to show and a consequence of the definition of the Dual Problem, that p* > d*, so in order to
show that there exists strong duality i.e. p* = d* , it is just needed to show p* < d*.

For this demonstration is of fundamental importance the following result, due to B. T. Polyak [8],
related with quadratic mappings:
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Theorem

3 S aA+ upB 4+ p.C >0
5 (A7)
(Has 1y, prc) €R
implies that:
{(zT Az, 2T Bz,2TCx) : e R"} (A.8)

is a closed convex pointed cone, for n > 3.

LetU = {(f,u,v) e R®: (f,u,v) = (2T Az, 2T Bz, 27 Cz),zeR"} and V = {(f,u,v)e R®: f < p*,u=
b,v =c}

The matrices B and C are positive definite, thus the conditions of the theorem in (A.7) are verified
with (e, s, tte) = (0,1,1) and therefore, set U is a closed convex pointed cone. Set V is simply a half
straight line, being also convex.

The sets U and V are disjoint. Supposing they are not, there is ¢ ¢ R", such that (z2 Az, 2 Bxg, 2 Cxo)
belonging to set U, belongs also to set V, verifying o Axo < p*, 2 Bxy = b and 2! Cxy = ¢, in contra-
diction with the fact that:

p* = min T Ax
zTBx =10
2TCx =c

Because the sets U and V' are convex and disjoint, there is an hyperplane that separates them i.e:

3 sTz>rVzeU A sTz2<rV zeV

seR3\0 (A-9)

Attending to sets U and V definitions, and being s = (s, s, sv), the proposition in (A.9) is equivalent
to the following two:
sfxTAac + szt Bx + s,atCa > r VaoeR® (A.10)

spf+sub+s,c<rVf<p,s (A.11)

The proposition in (A.11) implies that s; > 0. Otherwise and attending to the fact that fe] — oo, p*],
the product sy f, could be made arbitrarily large by choosing f arbitrarily negative, and the proposition
wouldn’t be satisfied.

The fact that sy > 0 will lead to the strong duality result. This inequality is separated in two different
situations. The first situation is sy > 0, the second situation is s; = 0. The first situation will lead directly
to the strong duality result, and the second will generate a contradiction, by implying the inexistence of
the separating hyperplane, that was proven to exist.
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First situation: s; > 0. For this situation the propositions in (A.10) and (A.11) can be rewritten as:

o7 Az + (5”> +T Bx + (5> 27Oz > <7) Vi eR™ (A.12)
Sf Sf Sf

f+(8“)b+(s”>c§ (T> Vf<p. (A.13)
sf sf sf

Defining s,, = s and s, = ¢ and adding term by term the two equations in the proposition in (A.12)
and (A.13), follows:

T Az + s;xTBx + s;xTCx >f+ s;cheR", f<p.e (A.14)

2T Az + s, (2" Ba — b) + s,(aTCx —¢) > fYzeR", f <p, & (A.15)

inf  2TAz+ s, (2T Bz —b) +s,(2TCx —¢) > V[ < p.

xeRﬂ,

(A.16)

The left term in inequation (A.16) is the Dual function evaluated at point (s,,, s, ). It is known that the

Dual function is always less or equal to p., but Attending to set V' definition, f can be made arbitrarily
close to p. and so it follows the strong duality result.

Second situation: sy = 0. This situation will lead to s = 0 implying the inexistence of the separating
hyperplane for the sets U and V.
Since sy = 0, the equations in the propositions in A.9 are equivalent to the following two:

syxT Bz + syxT Cx > rVzeR” (A17)

Sub+ spe < rV f <p, (A.18)

Adding the previous equations term by term, follows that:
su(xT Bz —b) + s, (27 Cx — ) > 0Vz eR" (A.19)
Supposing the existence of x;, and x;_ such that:

be+Ba:b+ -b>0

be, Bx, —b<0 (A.20)
be+/70$”+/, —c=0

the following propositions are true:

su(ﬂcl7T+Bx1,+ —-b)+ sv(be+be+ —c)>0 = 5,20
>0 =0

su(x] Bz, —b)+s,(zl Cxp —c) >0 = s,<0
<0 =0

(A.21)

The previous propositions combined imply that s,, = 0, the same reasoning implies s,, = 0. The conclu-
sion is that considering sy = 0 comes s, = 0 and s, = 0 and thus s = 0 implying the inexistence of the
separating hyperplane for the sets U and V, that was proven to exist.
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Appendix B

Stiefel Matrix Constraint Invariance

Here is shown that the linear discriminant Q) e RP*" can be taken as a Stiefel Matrix. For convenience of
notation, in this section the linear discriminant @ is denoted by A. This is proven by showing this result
for the Kullback-Leibler Divergence whose expression

1 A AT
Dicafoll)(4) = 5 (108 (50 + r((ASLAT) (A0 AT)) + (o = ) AT (AS1AT) Ao — ) =)
(B.1)
was previously presented in (1.14).
The statement that is going to be proved is
D1 (follf1)(A) = Drr(foll f1)(Q) (B.2)

where Q : QTQ = I,,, i.e. Q is Stiefel.

Assuming linear independence between the rows of A, it's possible to write A = RQ. This is called
the RQ factorization, where Matrix ReRP*P is an invertible upper triangular matrix and Q e RP*"™ is
orthonormal.

Inserting A = RQ in (B.1), comes

D (follA)(RQ) = & (log {pdeiarfir] + tr((RQT1QTRT) " (RQXQTRT)))

(B.3)
+2 (o — 1) "QTRT(RQE1QTRT) "' RQ(po — p11) — p)

Attending to the fact that R is invertible, it’s a matter of using the algebraic properties of the determi-
nant and the trace of a matrix to see that R cancels out in (B.3), leading to (B.1).
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Appendix C

Set Properties

In this section, we show that the set C defined in (2.23) as C' = {(¢"S0q,¢" Mq) : ¢"Soqq"S1q = 1} is
compact and connected.
Defining A = {qgeR" : ¢"Xoqq"E1q =1} and

F:R* — R?

(C.1)
g — (¢"S0q,q" Mq)

it follows that C' = F'(A), where F'is a continuous map. Thus the compactness and connectedness
of set C will follow from the compactness and connectedness of A, which is now shown:
Defining B = {geR™: ||¢|| =1} and

$:R" — R"
e st oy
¢ %0qq” X1q
we see that A = ®(B), where @ is continuous function over B, and B is the compact and connected unit
sphere, implying therefore that A is compact and connected.
In order to show A = ®(B), itis proven ®(B) C Aand A C ®(B).

(C.2)

Case ®(B) C A. Givenqe B, it's a matter of algebra, to verify that ®(q) verifies ®(q)TSo®(q)®(q)T£1®(q) =

1, and thus belongs to set A.

Case A C ®(B). Given ¢ €A, and therefore verifying ¢ 7S¢ ¢ 814 =1, ¢ = HZ—H ¢ B, is such that

®(q) eA. So for every ¢ e A there is a point ¢ € B such that ®(q) A, implying therefore A ¢ ®(B).
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Appendix D

Criteria Equivalence

In this section it is shown that when Fy = N (o, X0) and F; = N(u1, X1) have equal covariance matrices
(X0 = X;) the Kullback-Leibler Divergence, J-Divergence and Chernoff Distance criteria are all equiva-
lent to Fisher’s Distance. This result is illustrated just for the Kullback-Leibler Divergence. The same line
of reasoning shows this result is valid for the other criteria.

Demonstration. The Kullback-Leibler Divergence D 1. (fol| f1)(Q) between the probability density func-
tions fo(Q) = N(Quo, QZoQ™) and f1(Q) = N(Qu1,Q%1Q") is

Dicr(foll11)(@Q) = (log Q%@ +t7“((Q21QT)_1(QZoQT))+(uo—ul)TQT(QleT)‘lQ(uo—ul)—p)-

QmQT
(D.1)
Inserting ¥y = ¥; = ¥ in (D.1), yields
D (oll (@) = 5 (o — ) Q" (@SQ™) ™ Qo — ). (02)

Equation (D.2) coincides with Fisher’s Distance presented in (1.5), whose expression is reproduced
here for Xy = X1 = X:

D(follf)(Q) = $tr{(Q@SQT) ™ (Q(uo — ju1) (1o — 111)TQ™)}
Ler{(po — 11))QT(QEQT) Q1o — i)} (D.3)
5 (o = p1)")QT(QEQT) ' Q1o — 1)

o)
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