Unsupervised Feature Selection Using Local ID
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Fe I DL IICHENICEZ DD ? WHAT IS FEATURE SELECTION?
®r1t. BT 2 BER2 ML . U EMEEBEGT Y 0% Feature selection consists of retaining ‘relevant’ features and removing re-

dundant and irrelevant ones. This pre-processing of data:
reduces the costs of data collection, storage and processing.
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reduces the effects of noise and overfitting.

+ 2 HETH 2 improves the efficiency and effectiveness of learning algorithms.
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Al N A . = B — Applying feature selection algorithms does not require domain knowledge.
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& %%jﬁ 7L T A /“\ Li; k E?T B 5\:; NLFATAT Therefore, these algorithms have a very wide range of applications includ-
/Hj W%T‘" TLENZREDZLD ‘EEL M9 5, iIng medical data, multimedia, financial data, etc.
FEATURE SELECTION ExTREME VALUE THEORY ESsTIMATION OF ID SELECTING FEATURES USING ID
Generation of a subset of the features that Using Extreme Value Theory, the tail of When the representational dimension is high, 1D
realizes the best possible improvement in the distance distributions can be modeled as a can measure the difficulty to periorm machine
performance of machine learning tasks. Generalized Pareto Distribution. learning tasks. It can Pe eng_meered in order to
Given a matrix X € M, ,»(IR) representing a Under this assumption, maximum likelihood c(:;niuct fia; u_re( selectlon.)TG;\r/%naar:r?taeske.t A=
set of  points in a space of dimension m estimation of ID is obtained by: 15X wees Xn) = 1, f2r oo fn J9¢ K
X = (X1, %2 oy Xn) = (i, oo ooor )| Lk ~1 Select a random subset X* C X of points.
o J J *°*° n - J J **7 )M o~ rl . . . .
where x; € R™ are points and f; € R” are IDgr(x, k) = (— p Z lnr) , Calculate dimensionality estimates ID for
featuresl | =1 K each point x € X* and for each feature f
| | | | ri icr1. 4 Deing the ordered distances from the D(x, k) X f el |
A feature selection algorithm consists of reference point x to its k nearest neighbors. r(x, k), x € X5 f € foreens fnl:
finding F* = {f;, ..., f;}, a subset of Fr={},
F = {f1, ..., fm} that satisfies some optimality ExPERIMENTAL FRAMEWORK
criterion. | UNIVARIATE ALGORITHM
Most feature optimality criteria are affected b Dataset Instances Attributes Classes
PHMALy Il Y Aloi 110250 641 1000 Given a quantile g € [0, 1],
the Curse of Dimensionality. |
BQ|5 31216 96 3 Score each feature f by the g-quantile of the
Gisette 7000 5000 2 dimensionality estimates over the subset X*:
INDiscRIMINABILITY & INTRINSIC DIMENSIONALITY Isolet 7797 617 26

O(f, X*) = {IDf(x, k), x € X"}y

Table: Datasets used in the framework. | | |
Rank features in the order of increasing

) / W L / ExXPERIMENTAL RESULTS scores and return:
: by - I = F = {f.f5, i)

where @ID(fi*' X*) < @ID(f}*/ X*), Vi < ]
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Figure: Blue points are more discriminable in the left-hand : —— LSE;?{]H MULTIVARIATE HEURISTIC
setting than in the right-hand setting. . Ll soe [ Random w o |
S M@gg The optimality guarantee is (1 — 1/e).
In L,-norm spaces, if V' is a measure of volume " e R = i B T P A feature subset A C Q) is evaluated using the
then the representational dimension m is: (a) Alol (b) BCIS (c) Isolet following score:
InV((1+¢e)r) —InV(r) Figure: ARI and NMI of K-means clustering.
nl =
In((1+e)r) —Inr : T e O(A) =) (A x)
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Let R be an absolutely continuous random dis-
tance variable with
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cumulative distribution function Fy = _EQZ f// // where o : N — R is a decaying convex function,
| B : R — R is a decaying function, and p(a, A, x)

/J «w < = a0 IS the rank of the feature a in the set A in the
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(a) Aloi (b) BCI5 (c) Gisette (d) Isolet order of increasing ID,(x).
INDiscRIMINABILITY & INTRINSIC DIMENSIONALITY Figure: Accuracy and NMI of 10-NN classification.

for each point x € X: rank features f € QO \ F*
When Fx(r) > 0, the local intrinsic dimensionality by increasing IDy(x), then evaluate & (F*U{f}).

- o WA = | S
of R at distance r Is defined as i J e for each f € Q \ F*, evaluate ®(F* U {f}).
_ o os/ ) ) )
IntrDimg(x,7) = lim (lnF RUL A+ €)r) —InF R(")) 3 : £ = argmaxsco\p- @ (F* U{f}).

e—0" ln(l + 6) :j//ﬁ ///’ 23 — Eg / [ — F* ) {f*}
When Fr(r) > 0, the indiscriminability of R at / o sl /|

20 40 60 80 1
% of features
0 80 1

7 Z0sl
il H 03 -
. S L / repeat until |F*| =d.
distance r is given by the following limit HEREERES] / NEREE] J ey el L] P F
% of features % of features % of features % of features k
Fr((1+ €)r) — Fr(r) (a) Aloi (b)BCI5  (c)Gisette  (d) Isolet return £,
InDiscrg(x, 1) = elggh e - Fx(r) Figure: Accuracy and NMI of 100-NN classification.
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