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Abstract: Locally linear embedding greatly depends on whether the neighborhood graph can realistically reflect
the underlying geometry structure of the data manifolds. The topological structure of constructed neighborhood with
the existing approaches is unstable. It is sensitive to the noisy and sparse data sets. Based on the relative cognitive
law, the relative transformation is presented, by which the relative space and the relative manifold are further
constructed. The relative transformation can improve the distinguishing ability between data points and reduce the
impact of noise and sparsity of data. To determine the neighborhood in the relative space and the relative manifold
can more truly reflect the manifold structure, based on which the enhanced local linear embedding algorithms are
developed with significantly improved performance. Besides, the speed is also enhanced with this approach. The
experiments on challenging benchmark data sets validate the proposed approach.

Key words: locally linear embedding; relative transformation; relative manifold; neighborhood graph
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Fig.1 Vision perception is relative
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Fig.2 Relative transformation can weaken the influence of noise on machine learning
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Fig.3 (a)~(c) shows the neighbourhood graph constructed in the original data space,
while (e)~(g) shows the neighbourhood graph constructed in the relative data space
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Fig.4 Average value of Spearman’s rho and procrustes vary with the local region sizes
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Fig.5 Embedding results of compared approaches on noisy Swiss roll surface data set
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Fig.6 Embedding results of compared approaches on sparse Swiss roll surface data set
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Fig.7 Embedding results of compared approaches on large Swiss roll surface data set
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Fig.8 Embedding results of compared approaches on S-Curve data set
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Fig.9 Embedding results of compared approaches on Toroidal Helix data set
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3.4 Toroidal Helix#{ &

Toroidal Helix &% FH ) 55 — br v B30 (http://www.math. umn.edu/~wittman/mani/index.html). 3 [f) 7% 1 2 )
T5 1 N B K I A 22 1 28508 Sk — AN IR FRAT 1 SRR 600 AN s, I B NI A 0 F1J5 22 4 0.05 1) v 1 e o5 AR i
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3.5 Sculpture A& #13E
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procrustes fF X 3E 5 e 4k 1) B0 £ TF 5 5 A%, A A7 SR R e NI L IR B AT SR T R 22 4 O s = VR AL IR A ok
/N ARE B 10 FITAR AR ON 25 R AN B 2 0T LUK IR, ISOMAP (kg=6) 72 I 5 4, RM-HLLE (k=12,L=26k,=L)
FE HLLE(k=12) H 6k A SR B4, Ui W] T FH R AZ 38 RIAR G % 1A 2k

LLE 0.678323 ISOMAP 0.085745 RM-HLLE 0.379931

Fig.10 Embedding results of compared approaches on Sculpture data set
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Table 1 Comparison among average running time of five approaches on five data sizes (s)

F 1 5FPJEAE 5 FREAIAL b ¥ P 138 47 I R) L ()
Data size
500 1000 1500 2000 2500

LLE 0.501 4 1.643 8 3.626 9 6.473 3 10.3750
RM-HLLE 2.464 2 18.179 6 59.620 5 138.740 7 276.609 0
HLLE 25219 18.3655 60.056 0 139.692 1 279.609 0
R-HLLE 2.728 4 19.659 3 63.526 6 147.5859 305.406 0
ISOMAP 7.228 2 57.534 4 185.231 4 444,890 6 865.195 0

4 ZEREARFKBIIE

AR DA R P AF R R 82 LT A R AR e, I A 1 AR 2 () AR R R, e AT vl DA v B0 2 1) £ mT X 7y
P, I 36 80 0 T e A 5000 A L 1 55 0 G T 1 i HLLE S90323, W3 W it v 17 Mk R AW 2 368 45 T A B4 Ak
PRSI0 IAIE T AR AT 28 R SR 0 A2 SRR AR 4 T 1 i LLE, DAL BEOKC HUBEAR e 28 1 K,
910 1 Vel G R SCA Bl 585 R S AT AR X A Ht e a8 PR A o B0 P AEIBC AR 2 =, RO i 4R KR A AE
471 2 1 PR B0 3R A AR A TF 5 F R T L8 5 500, DA g g i, F 9 e 44 3ol Rt b (¥ 9 40 A8 T ML, 208 T 2
B KB A 2 T,
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