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Abstract searches, such as forward and/or backward selection [2], are

RELIEF is considered one of the most successful algorithms tssually employed. These algorithms have shown some suc-
assessing the quality of features due to its simplicity and effecti®@SSes in practical applications. However, none of them can
ness. It has been recently proved that RELIEF is an online algovide any guarantee of optimality.
rithm that solves a convex optimization problem with a margin-  1he counterpart to feature selection is feature weight-
based objective function. Starting from this mathematical interp/89: Wherein the diagonal elements of a projection matrix
tation, we propose a novel feature extraction algorithm, referr@ke allowed to take real-valued numbers, instead of from
to as LFE, as a natural generalization of RELIEF. LFE collect@e binary ones. This enables the employment of some
discriminant information through local learning, and is solved ¥¢ell-established optimization techniques and allows for ef-
an eigenvalue decomposition problem with a closed-form solutidigient algorithm implementation. Among the existing fea-
A fast implementation is also derived. Experiments on synthefid® Weighting algorithms, RELIEF [3] is considered one of
and real-world data are presented. The results demonstrate ¥gtmost successful ones due to its simplicity and effective-
LFE performs significantly better than other feature extraction €SS [4]. Ithas been recently shown that RELIEF is an online
gorithms in terms of both computational efficiency and accuracy@lgorithm that solves a convex optimization problem aimed
at maximizing a margin-based objective function [5]. The
1 Introduction margin is defined based on the one-nearest-neighbor clas-
sB‘i_er. Compared with filter methods, RELIEF usually per-

. . : . forms better due to the performance feedback of a nonlin-
lems in machine learning research. Not only can their proper e : i
classifier when searching for useful features; compared

. ) T a
design reduce system complexity and processing time, wutl;w conventional wrapper methods, by optimizing a convex
they can also enhance system performance in many cases. A

commonly used method for feature extraction and seIectErOblem’ RELIEF avoids any exhaustive or heuristic com-

on . . -
) . - . _Pinatorial search, and thus can be implemented efficiently.
is to pre-multiply a projection matrix to pattern vectors wit

the aim to optimize a certain criterion function. (By conven-

hese two merits explain the success of RELIEF in practical
tion, we denote a pattern as a column vector.) For exampﬁ

gplications.
in feature selection, the off-diagonal elements of a projecti n' One major shortcoming of feature weighting and selec-
i ' 9 . Projectibthn is their inability to capture the interaction of correlated
ma_ltnx are all set to zero, and the diagonal elements are datures [6]. In some applications, such as face recogni-
;trlcted tq take valu?s from the S@’ 1} Ba}sed on the crite- tion, where to preserve the physical meaning of individual
rion functions used in search for informative features, feat [€ tures is not needed. feature extraction is more appropri-
selection algorithms are traditionally categorized as WIAPREL than feature weigh{ing and selection. Starting from the

and filter methods [1]. In wrapper methods, the pencormanr%(?althematical interpretation that RELIEF represents an im-

of alearning algorithm is used to evaluate the goodness of SRimentation of a convex optimization problem. We propose
lected feature subsets, while in filter methods criterion fures P P ’ prop

tions evaluate feature subsets by their information conte‘?‘ﬂnoveI feature extraction algorithm, referred to as LFE, as

rather than optimizing the performance of any leaming & hatural generalization of RELIEF by lifting the diagonal

X ) ; . onstraints on a pre-multiplied projection matrix. LFE col-
gorithm directly. Hence, filter methods are computatlonalrgcts discriminant information locally, and is solved as an
much more efficient, but usually perform worse than wrag: '

! L . ) Sqenvalue decomposition problem globally with a closed-
per methods. Given a criterion function, feature selection] : . ; i )
Wrm solution. A fastimplementation of LFE is also derived.

reduced to a search problem. An exhaustive search is ogtl- . . .
: . . . -We demonstrate that LFE can be implemented easily with
mum but quickly becomes computationally infeasible wit . o
. ; e | ?omparable computational cost to that of principal com-

the increase of problem size. Some heuristic combinational . ; ! ;

ponent analysis. LFE learns a distance metric matrix to ap-
proximately optimize the leave-one-out accuracy of a near-
neighbor classifier, and hence LFE h n explicit mecha-
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that LFE performssignificantlybetter than other feature exdefiningz = - (|xn — NM(x,,)| — |xn — NH(x,)]),

n=1
traction algorithms in terms of computational efficiency anghere| - | is the point-wise absolute operator, Eq. (2.1) can
accuracy. be simplified to read
The remainder of the paper is organized as follows. In
Section 2, we provide a mathematical interpretation of RE2.2) mvzlesz, stiwl3=1,w=>0.

LIEF. In Section 3, we propose a new feature extraction al-

gorithm, referred to as LFE. A fastimplementation of LFE fshe Lagrangian of Eq. (2.2) i6 = —w'z + A||wl3 —
derived and computational complexity analysis is presentggl. . 527 6;(—w;), where A and® > 0 are Lagrangian
In Section 4, some related work is briefly reviewed. In SeﬁTuItipIiers. Taking the derivative df with respect tow and

tion 5, numerical experiments are performed. We finally cogetting it to zero yield9)L/ow = —z + 2\w — 6 = 0
clude this paper in Section 6. andw = (z + 0)/2)\. Below, we derive a closed-form
solution forw. We first prove that > 0. Suppose there
2 Mathematical Interpretation of RELIEF existsz; > 0.1 Thenz +6; > 0. If A < 0, then we
We first present a brief review of RELIEF. Léd = would havew; < 0, which contradicts the constraiwt > 0.

{(xn,yn)}N_; € RT x {&1} be a training dataset, whereBy using the Karush-Kuhn-Tucker condition [8], namely
x, is then-th data sample angl, is its corresponding class) . 0,w; = 0, it is easy to verify the following three cases:
label. The basic idea of RELIEF is to iteratively estimatd) z; = 0 = 6, = 0 andw; = 0; (2) z; > 0 = z + 0; >
feature weights according to their ability to discriminate bé-= w; > 0= 0, = 0;and (3)z; <0 =0, > 0 = w; =
tween neighboring patterns. In each iteration, a patteism 0 = z; = —#6,. It follows that the optimum solution can be
randomly selected and then two nearest neighbots afe calculated in a closed form a8 = (z)*/||(z)" |2, where
found, one from the same class (termed tiearest hitor (z)* = [max(z1,0),--- , max(zs,0)]7.
NH) and the other from the opposite class (termecdhiday- By comparing the expression aof with the weight
est missor NM). The weight of the-th feature is then up- update rule of RELIEF, we conclude that RELIEF is an
dated asw; = w; + [x® — NM®(x)| — |x(@ — NH®(x)|, online algorithm to solve the optimization scheme Eq. (2.1).
for1 <i<I. This is true except whew; = 0 for z; < 0, which usually
We provide a mathematical interpretation for the seemerresponds to irrelevant features.
ingly heuristic RELIEF algorithm. Following the margin ~ RELIEF maximizing the averaged margin was first ob-
definition in [7], we define the margin for a pattex as served in[7], but no mathematical proof was provided. From
pn = d(x, —NM(x,)) — d(x, —NH(x,)), where NMf,,) our analysis, we find that RELIEF is a feature weighting al-
and NHx,,) are the nearest miss and hitof, respectively, gorithm that utilizes the performance of a nonlinear classi-
andd(-) is a distance function. For the purpose of this papéer in searching for useful features, yet results in a simple
we defined(x) = ), |«;|, which is consistent with the dis-convex problem with a closed-form solution. This clearly
tance function used in the original RELIEF algorithm. Othexplains the simplicity and effectiveness of RELIEF in real
distance functions may also be used. Note that> 0 if applications.
only if x,, is correctly classified by the one-nearest-neighbor
classifier. Ideally, we may want to scale each feature so tBat Learning Distance Metric Matrix

N . L.
the leave-one-out errdr;,_, I(p,(w) < 0) is minimized, A natural extension of RELIEF is to use a full distance

where [-) is the indicator function ang,,(w) is the mar- metric matrix instead of a diagonal one. Let us consider the
gin of x,, computed with respect tov. Since the indicator fo|iowing optimization problem:

function is not differentiable, we instead use a linear utilityg 3

function so that the averaged margin in a weighted feature N N N
space is maximized: max (W)=Y m’Wm, — Y h!Wh, ,
e 2 =2 2
N N /1 ‘ ' st. |[W|Z2=1,W=>0,
max pn(W) = < wixD — NM® (x,,)]
v n; nzzl ; wherem, = x, — NM(x,), h, = x, — NH(x,),

and ||W||r is the Frobenius norm oW, defined as

I
_ 1x(@® — NH®
;wl‘xn (X")> ’ Vi wEy = /20 A2, with {\;}]_, being the set of

st. |wl3=1w>0,

h th trai 2 _ 1 ts th imizati TThis assumption isrery weak since if it does not hold it simply says
where the cons I’aldtw||2 = 1 prevents the maximizationy,; ,, average the distance between a pattern and its nearest miss is larger

from increasing without bound and: > 0 ensures that yhan the distance of the pattern from its nearest hit, which is very rare in real
the learned weight vector induces a distance measure. aByfications.
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eigenvaluef W. Eq. (3.3) has the same physical meamefineXx,,, £ X,, — X, to simplify the notation. Taking

ing as Eq. (2.1). the derivative ofL. with respect taa; and setting it to zero
The direct optimization of Eq. (3.3) is computationallyields:
arduous. We therefore derive a closed-form solution. Sol310)

organization is merited. First, sind& is a distance metric a% = —2%,.,a; +4\aja;a; =0,
matrix, it is symmetric and positive-semidefinite, and thus = X.nai/laille = 2\ |aill3a;/|aill2
can be written a3 = AAT, whereA = [a;,--- ,a;]. We = X8 = 2)\|a;|3a; , (Assumel|a;||2 # 0.)

further assume thdta, }/_, are pairwise orthogonal, that is, _
(a;,a;) = 0,for anyi # j. This can be easily done througtwherea; = a;/|a;|>. If we defines; = 2A[[a,[|3, then

the eigenvalue decomposition W as follows: ¥nna; = 0;a; is the eigen-system df,,,;,. Note that the
(3.4) above equation also holdsdf = 0. Therefore, the solutions
W = ®AST = PAIA:D, {a;}_, can be written as

= [\/xd)h 7\/)‘7]¢)I][\/x¢11"' 7\/)‘71¢I]T7

Where {¢;}_, and {\}_, are the -eigenec-

Substituting Eq.  (3.11) into Eq. (3.8), we obtain an

Egrs an[cil elger;leu[es/\ ((;fW, reipgc?vely_.rhe taLsit optimization problem of the following form:
= 1," A= |vVA1PL, " s, VATPT .
thenis to solve for the sefa;}._,. The first term of the maxg Ao,
objective function in Eq. (3.3) can be rearranged: (3.12) s.t. 18I12=1,8>0,
ij_l mWm,, This problem is identical to the one expressed by Eq. (2.2).

— 1 (W ZN m.m? The conclusion drawn in the last section can be directly
(3.5) L) N applied here: fofi|o; > 0,1 <i < I},

= tr(WX,,), (=, = >, _, m,m!)

_ I 2T T )

= tr (Em Dlim A8 ) =2im18; Bma - (3.13) Bi=ai/ | Y o2,

{ilo;>0}

As a result, the objective function of Eq. (3.3) can be
expressed as follows:
(3.6) (3.14) —a |0y Z 5
Zr]yzl m),Wm,, — ij:l h!Wh,, , . A=, |9 i }Uj ’
jlo; >0
= ZI T (Em - Zh) a; . (Eh £ 22/:1 hnhz;> e

i=1 &

Similarly, the optimization constraint can be expressed a&70" {ilos <0, 1<i< 1},

function of the column vector&a; }/_;: (3.15) B;=0 and a;,=0.
(3.7) ' '
s 2 i i N -
W2 = Zs,t wit _ Zs,t (Zi ag )az(t)) 7 Note that_ the orthogonality constraint{d; };_, is automat
ically fulfilled.

2
_ () ()7 _ 2
= D (Ze a; "a; ) =i (ala) ) ) o
3.1 Feature Extraction One direct application of Eq.
An equivalent optimization problem of Eq. (3.3) can thus 8.3) is for feature extraction. The physical meaning of Eq.

formulated: (3.3) is that we project the data onto a subspace spanned
- by {ai}_» o) that. the average margin .in the projected sub-
(3.8) maXyqa,y1_, Doie1 8 (EZL -3 a;, , space is maX|m|z§d. Recall thgt p_r|nC|p_aI cqmponent analy-
s.t. Zw, (aiTaj) =Y, (aiTaqz) =1. sis (PCA) determines the projection directions so that the

mean-squared reconstruction error is minimized. The solu-
The equality in the constraint is due to the orthogonality tbns are the eigenvectors of a covariance matrix correspond-
{a;}1_,. Though we do not list the orthogonality constrairing to the largest eigenvalues, and the reconstruction error is
explicitly in the optimization, we will later see that thissimply the sum of the discarded eigenvalues. Similarly, we
constraint is automatically fulfiled. The Lagrangian ofan regard the objective function of Eg. (3.3) as the total dis-

Eqg. (3.8) is: criminant power, which can be shown to Qéz{ﬂapo} o?
(3.9) by plugging Egs.(3.13),(3.14) and (3.15) into Eq. (3.12).

I I
L —— ZaiT (S — Sn)a; + A Z (a?ai)Q 1) Forming a projection matr.i>A by only using{a;} corre-
= P sponding to the largest eigenvalues 3f,;,, the suffered
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discriminant powerossis proportional to the sum of thelt immediately follows thaf:,, ;,a; 1 = 0;a;1 anda; » =
squared positive eigenvalues that are discarded. More @reNote that®,,,,, is an/N x N matrix that has much smaller
cisely, letey > -+ > o0 > 0 > op41 > --- > o;. dimensions thaX,,,, and both matrices share the same set
By using the firstt eigenvectors witht < T', the discrimi- of non-zero eigenvalues. With; computeda; = ¥a,; =

nant power 10ss i8°;_, ,, 07/1/3" (15, 50y 07 - We name ¥1ai1. . ) I I f
: . : We now discuss the computational complexity of LFE
the newly proposed algorithm as Local Feature Extract|onhd PCA. N > I, the complexity of LFE and PCA is

or LFE for short, since the discriminant information is cof? 9 3 : . ,
lected through local learning. O(NI?)+O(I°), where the first term is for the computation

LFE has several nice properties. First, since Iocéﬁascatter matrix and the second term is for the eigenvalue

. . X ; composition. IfN < I, the complexity of PCA and LFE
learning is a highly nonlinear process, LFE is capable ?eO(INz)—s—O(N:*) andO(IN?)+20(N?), respectively.

extracting nonlinear discriminant information. Second, t € both LFE h mparabl mputational tt
implementation of LFE is very easy. We will later shovig oth cases, as a comparable computational cost to

that the computational cost of LFE is of the same ordeFA'

as that of PCA. Third, LFE has an explicit mechanis

to eliminate irrelevant features. This property is inherite Related Work
from RELIEF that approximate|y optimizes the |eave-0nwe brIEﬂy review some feature extraction algorithms that
out accuracy of the nearest neighbor classifier (see Eq. (2.Wg. Will compare with LFE in our experiments. PCA is

It can be shown that the diagonal elements of ma¥Wx probably one of the most commonly used algorithms in the
approximately equal to the weights learned in RELIEF. Thiferature for feature extraction. This is largely because it
is, if there exists an irrelevant feature, then the correspondli$ a clear physical meaning and can be implemented easily.
diagonal term ofW will take a small value near zero. Thi€one major drawback of PCA, however, is that the top ranked

property is experimentally verified in our experiment (sd¥incipal components are not necessarily the ones containing
Fig. 3). the most discriminant information. We do not consider other

PCA-type algorithms (e.g. kernel PCA) in the experiment

3.2 Fast Implementation of LFE The major computa- because these algorithms, though performing better than
tion complexity of LFE comes from the eigenvalue decorfrCA in detecting nonlinear embedding, all ignore class label
position of 2,,,,. Therefore, LFE has the same comput#formation in a learning process and suffer from the same
tional complexity as PCA. However, in many practical agroblems as PCA. Linear discriminant analy_5|s (LDA) tries
plications, such as face recognition, the data dimensionaffgyovercome the problem of PCA by projecting data onto a
is much larger than the number of available training sa§Hbspace so that the ratio between the determinant or trace
ples. Both PCA and LFE can be implemented efficient8f the between-class scatter matrix and that of the within-
since the information is encoded in a much smaller subspa@l@ss scatter matrix in the projected subspace is maximized.
The derivation of the fast PCA implementation is straightforlowever, LDA can at most generaté— 1 features, where
ward, and herein we only present a fast implementation foriS the number of classes. Moreover, it is well known that
LFE. LDA is not robust when the feature dimensionality is high
We first denoteX = [x;,-- - ,x]. For notational sim- compared to the sample size. _
plicity, we assume that the data has been centered, that is, In [9], & local learning based feature extraction algo-
SN x, = 0. Let XXT = WA be the eigenvalue rithm, referred to as DANN, is proposed. DANN projects
decomposition of the scatter mat#&X 7, where the eigen- data onto a subspace spanned by the eigenvectors corre-
values inA are sorted in a decreasing order. The patterrsponding to the largest eigenvalues of an average local
can be expressed as= ¥y, where®; contains the eigen_between—class scatter matrix. Favorable results have been

vectors corresponding to the fira largest eigenvalues offeported in [9], indicating that DANN has the capability to
XX7T andy = ¥Tx. Then,%,,,a;, = 0;a, can be written €xtract discriminant information and remove irrelevant fea-

as tures. However, the objective function optimized by DANN
is not directly related to the performance of any specific
(3.16) o { EmThy 0 } o734, = 0,3, learning algorithm. Hence, DANN can be regarded as a fil-
0 0 ’ ter method in the context of feature extraction. We will later

see in the experiment that the performance of DANN relies

WwhereXiy, is the same aZi.;, but is computed witly. heavily on the correct estimation of the number of extracted

Defininga; = ¥7a; and pre-multiplying®” to both sides

. features.
of Eq. (3.16) yield More recently, a distance metric learning algorithm
5 0 = ~ named neighborhood component analysis (NCA) is pro-
mhy a1 . a; . .. . . .
(3.17) { ol 0 } { Ao ] = [ Br g } posed in [10]. The basic idea of NCA is to estimate a dis-
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database NCA DANN LFE PCA
banana 12.6 3.6 3.3 3.0

Table 1:DataSummary

database training test features twonorm 416 47 48 4.7

banana 400 4900 2 waveform 388 4.4 43 42

twonorm 400 7000 20 ringnorm  39.4 4.7 47 47

waveform 400 4600 21 splice 3836 84 84 48

ringnorm 400 7000 20 thyroid 2 9 3' 2 3 '3 3.2

splice 1000 2175 60 face 185.7 249 238 86

thyroid 140 75 5

face 500 1456 5100 Table 3: CPU time (second) per run (Pentium4 2.80GHz

with 2.00GB RAM)

5.1 Experiments on UCI DatasetsWe first compare LFE
with RELIEF, PCA, NCA, and DANN on the UCI datasets.
In order to demonstrate that LFE has an explicit mechanism
) to eliminate irrelevant features, we add 10 independent
Figurel: Facedataset: female (top row) and male (bOttors 5 ssjan distributed irrelevant features to each pattern. We
row). compare RELIEF and LFE to illustrate when and how LFE
can improve classification performance of RELIEF. It should
be emphasized that feature weighting and extraction are used
tance metric matrix (or equivalently a projection matrix) tg, different scenarios. In the experiment we actually use
minimize the error probability under stochastic neighboge| IEE-F [14], which use$//, instead of just one, nearest
hood assignment. Our work shares the similar basis to Ngfls and misses in computing sample margins to ensure
in the sense that both learn a projection matrix based @@ater robustness of the algorithm against noise. The value
local information. However, unlike LFE, NCA is a nonyf A7 is found through 10-fold cross-validation on training
convex optimization problem, and its implementation comgata. For the same reason, we search for multiple nearest
pletely relies on gradient descent. Hence, NCA does Mighbors in LFE.
scale well to a classification problem with a large feature kNN is used to estimate the classification errors of each
dimensionality. For example, in the face recognition proﬁ’rgorithms for two reasons. First, KNN is a very sim-
lem that we consider in our experiment, an image is of sigi yet effective classifier. Given a proper distance metric
85 x 60. To learn a full metric matrix, NCA essentially per{,seqd to identify nearest neighbors, KNN often yields com-
forms gradient-descent search in a space of &8 x 5100, petitive results to some advanced classification algorithms.
which is computationally infeasible. For this reason, many distance metric learning algorithms
Another related algorithm is LMNN [11]. Unlike NCA, (e . [10, 11]) are specifically designed to improve the per-
LMNN is posed as a convex problem, and thus the reaglimance of KNN. Second, using KNN makes our exper-
of the global solution is guaranteed. However, a speciglent computationally feasible. KNN is certainly not an
optimization solver is needed for efficient impIementationtima| classifier for each dataset. However, the focus of
Itis reported that LMMN performs similarly to NCA [11]. hjs paper is not on the optimal classifier design but on fea-
] ture extraction. KNN provides us with a platform where we
S Experiments can compare different feature-extraction algorithms with a
We conduct some experiments to demonstrate the effectireasonable computational cost. The number of the nearest
ness of LFE on six UCI datasets [12] and the AR face recatgighbors is estimated through 10-fold cross-validation us-
nition (face) dataset [13]. The six UCI datasets inclbde ing training data. In Section 5.2, we perform an experiment
nana,twonormwaveformringnorm,diabetics thyroid, and on using LFE to improve the performance of SVM.
splice. For theface dataset, the task is to classify female To eliminate statistical variations, each algorithm is
against male (see Fig. 1 for some sample images). The data 20 times for each dataset. In each run, a dataset
information is summarized in Table 1. Note that in faee is randomly partitioned into training and testing, ah@
dataset the feature dimensionality significantly outnumbeén®levant features are added. The testing errors of DANN,
the training samples. It is computationally infeasible to dNCA, LFE and PCA as a function of the number of extracted
rectly apply NCA in the original feature space. We therefofeatures for each dataset, averaged over 20 runs, are plotted
first perform PCA that projects data onto its leadiiigorin- in Fig. 2. In Table 2, the testing errors and the standard
cipal components and then perform NCA. deviations (STDs) are reported. For RELIEF, after finding
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Table 2: Thetesting errors and STDs (%) on six UCI datasets. When the difference between weighted and unweighed
approaches (KNN performed on the original data) are more than three STDs, the results are boladfaced.01 )
means LFE performs better (worse) than RELIEF or NCA.at p-value level.

Dataset KNN RELIEF DANN NCA LFE p-value p-value
(LFE/RELIEF) (LFE/NCA)
banana 37.1(2.1) 12.3(0.7) 23.0(4.4) 25.4(4.4) 18.2(2.5) <0.001-  <o0.001F
splice  26.6(1.8) 11.4(0.9) 14.1(0.7) 13.9(0.4) 12.0(0.7) 0.02~ 0.002+
waveform 12.6(0.7) 10.8(0.5) 11.1(0.8) 10.9(0.5) 9.8(0.6) < 0.001" < 0.001"
ringnorm  39.2(1.3) 31.3(2.8) 24.1(2.7) 26.8(1.2) 22.0(1.3) < 0.001" < 0.001%
twonorm  3.9(0.3) 3.5(0.4) 2.9(0.3) 3.8(0.5) 2.6(0.2) < 0.001" < 0.0017
thyroid  17.0(3.0) 9.5(3.0) 8.8(3.4) 7.0(2.6) 6.2(2.8) 0.001+ 0.367"

featureweights, wefirst remove the features correspondingiorse than RELIEF on the first two datasets, but significantly
to the negative weights, and then perform classification better on the last three ones (p-valke0.001). From this

the weighted feature space. For both DANN and LFExperiment, we conclude that when there exists feature in-
the optimum number of features used in KNN is estimatéeraction, LFE has a clear advantage over RELIEF.

through cross-validation. For NCA, due to the computational (4) An important feature of LFE, compared to other
reason, we simply record the minimum value of the averafgature extraction algorithms such as PCA and DANN, is
error of each dataset. For a rigorous comparison of LAt LFE has arexplicit mechanism to eliminate irrelevant
with RELIEF and NCA, a Student’s paired two-tailed t-tefeatures, a nice property inherited from RELIEF. We observe
is also performed. The p-value of the t-test reported in Talimethe plotted distance metric matrices (Fig. 3) that the lower
2 represents the probability that two sets of compared resuight corner (the last 10 rows and columns) that corresponds
come from distributions with equal means. A p-value of 0.06 artificially added irrelevant features takes small values
is considered statistically significant. For comparison, thear zero. This explains why as to the error curves of LFE
classification errors of KNN performed on the original dataecomes flatten after reaching the minimum errors in almost
are also reported. From these experimental results, we ardilelatasets (Fig. 2).

at the following observations:

(1) From Fig. 2, we observe that with respect to claS-2 Experiments on Face DataseiVe finally compare
sification errors and the effectiveness in reducing data HFE with DANN, NCA and PCA on thdacedataset. The
mensionality, LFE performs the best, DANN and NCA thesting results of DANN, PCA and LFE as a function of the
second, and PCA the worst. The performance of DANNtsp 50 extracted features, averaged over 20 runs, are plot-
conditioned heavily on the correct estimation of the nurted in Fig. 4. Due to the high computational cost associated
ber of extracted features, whereas both LFE and NCA avigh NCA, we only perform NCA on four levels of feature
very robust against this parameter, which makes model sambers (i.e., 10, 20, 30, 40, 50). The results are quite con-
lection easy in real applications. Compared with NCAjstent with those of the UCI datasets. LFE reaches the min-
LFE performs significantly better on five out of six datasetsium classification errors arourit) features, and DANN,
(p-value< 0.01, Table 2). PCA and NCA perform worse than LFE for nearly all feature

(2) In Table 3, we report the CPU time per run afiumbers. With20 features, the classification errors (STDs)
PCA, NCA and LFE for each dataset. NCA is much mo LFE, NCA, DANN, and PCA are 8.0 (1.0)%, 11.8(1.8)%,
computationally expensive than DANN and LFE, while th&l.4 (0.7)% and 13.5 (1.3)%, respectively. Our algorithm
latter two has a comparable computational cost to PCA. performs significantly better than others (p-vatud).01).

(3) Both RELIEF and LFE can significantly improveA similar experiment is preformed in [7] to compare differ-
the performance of KNN performed on the original datase&nt feature selection algorithms. With 100 features, RELIEF
However, the performance of feature weighting and extraazhieves abou0% accuracy, which is significantly worse
tion largely depends on the characteristic of the studitdthn that of LFE with only 20 features.
datasets. We particularly examine four datasets that have sig- In Table 3, the CPU times of LFE, DANN, NCA and
nificant performance differences between RELIEF and LFE-E are listed. Both DANN and LFE are much computa-
As one moves fronbananato splice waveform, anding- tionally efficient than NCA, though NCA is only performed
norm, and then tdwonorm, the degree of correlation inen a 50-dimensional PCA subspace.
creases significantly, manifested in the learned distance met- We have so far shown that LFE can significantly im-
ric matricesW plotted in Fig. 3. As a result, LFE performsrove the performance of KNN. In fact, any classification
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Figure2: Classification errorsf PCA, LFE, NCA and DANN on the UCI datasets. In terms of both classification errors
and the effectiveness in reducing data dimensionality, LFE performs the best, DANN and NCA the second, and PCA the
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Figure 3: Distance metric matricdsarned on (apanana, (b)splice, (c)waveform (d) ringnorm, and (e)twonorm. The
lower right corner (the last 10 rows and columns) corresponds to irrelevant features, and thus takes small values near zero.
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bor classifier, our algorithm provides a built-in mechanism

03 for automatically removing irrelevant features during learn-
ing. We have experimentally demonstrated that LFE per-
0.95 forms significantly better than PCA, NCA and DANN. Given
s the popularity of PCA and the excellent performance of LFE,
= we believe that our algorithm should find widespread use in
g 02 similar applications.
g
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