Feature Selection for Multi-labeled Variables via Dependency Maximization
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Contributions Conditional vs Marginal GMI Estimation of Marginal GMI Experiments on MNIST Dataset
= Complementarity ‘selectlon c.rlterlon for dependent features The conditional GMI is bounded by marginal GMI: Denote . 70,000, 28x28 grey-scale images of hand-written digits 0 - 0.
- Based on geometric mutual information (GMI) Theorem 1 Consider conditional probability densities = n;. # of points in the first set (circle) with label y; - Training set = 60,000 and test set = 10,000.
« GMI estimated by single M5T over all classes f@,2Dy), f(aWy), and f(zD|y) with priors p, y = - n;: # of points in the second set (triangle) with label y, | .
« Computation and accuracy improvements demonstrated 1,2,....m. Then - - , . \ Number of Features Algorithm Nulrgl(l)aer of Tgaol(r)ung S%Iglople
. . . : eorem orvY; = Yi, YisY; € 11,...,my, as n; — OO,
[(XD: XUy > (XD xU) 6 y / ! 10 GMI | 61.48 61.47 60.43
(X Y) 2 I(X, ) (6) n; — 00, N — 00 such that n;/n — p,., ni/n — py, , Db ool rise 5r g
Feature Selection Complementarity feature selection criterion: (n = n; + n;) we have Iﬁs%/g 12(?'290 56%% 87-40%
( " ) R...,.,— D(fii;mi) (a.s.) (7) 15 GMI | 70.01 69.94 6648
. | | . i3 T .S. : : .
- ] p(XW) =3 1(x1, X)) 2njn;) Dp 6486 6990 71.71
+ A feature vector X = {XW, X X} ji LSVC | 2226 986  10.51
- A multiclass label Y € {c1, o, ..., e} Numerical Experiments ETC 2226 9.84 10.51
= Approaches to feature selection . ) 20 GMI /399 7394 7227
op Multiclass GMI Estimator Dp | 78.95 77.83 76.77
. PCA, PLS. SIR. SPARCS: linear response model - Samples drawn from one of the cases: N (u;, 0.11). LSVC 224 909 13.49
i i ETC 24.67  9.93 12.77
. : 1cal . ) . — _ . . —
SVM, CI, LASSSO: categorical response model Given points from features (X<Z), X(])) with three labels: % [,LL COS (27Tm> , 4 SIn (27Tm)] , m=2,5,10

o | . . Average classification accuracies of top features selected by
« Infromation divergence: empirical estimator |1]

N S ' . . 2 GMI, Linear Support Vector Classification (LSVC), Extra-Tree-
+ Mutual information: empirical estimator (1) . . Classifier (ETC), and pairwise Dp statistic of Berisha et al [1].
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. o 4 . « Accuracy of GMI feature selection outperforms others.
. . ) . . _ 0 ® * | « Computational complexity of GMI is lower than pairwise Dp.
Geometric Mutual Information * . 1
Conditional joint distributions: ) : 2
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Henze-penrose divergence between f, g: Step 3 Step 4 0.003
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g X . Sample Size
Conditional GMI: L : A A Observe:
. . « MOE decreases rapidly in sample size.
(XD XUV =FID(Ff v 4 — o ‘ ° A
(X5 Y) [ (fijiys 7T”|Y)} (4) ’ e — v « As the number m of labels grow the MSE increases.
Marginal GMI: A A . . .
Computational complexity comparison:
. . ® ®
1(xD; XV)) = D(f:m;) (5) - .
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