3T & 1
2011 “F 11 H

H 2 % 4R
ACTA AUTOMATICA SINICA

—MET RN ITBIPEEF £
EEg T xIpE ik

W O EJUERRESE B R T R O, W R R N AR D) A A HE A S LSS, IR S VA A T
JE R AT Ze AR BB AT 4 T IR, AR R A R B A 14 i 8 A AR BAR A R IR v, A5 7 P AR A o 1 AR i 2 R
A BARBER AR Z R FRER I, X H 0 S0 1 B 2 =3 e M RN SV BT TR 0 — A 1) 8. 5T 6 3008 1 AR s 1 1k 2% 7
I HE 1905 B B 8 R i Stk A0 R, A4 i 8 23 A B2t — P B (R A0 3 R S 6 P ik N B832: (Sparse local linear
embedding algorithm, SLLEA). 7EEH Mg FIE 00 R, %5005 R AR U Hb A 42 B0 1 R S AV AR (5 8. K B A T
LT KRG R AR, Bk TRk A R

Vol. 37, No. 11
November, 2011

KA Ak, JREREE IR, F, g
DOI  10.3724/SP.J.1004.2011.01306

An Embedding Dimension Reduction Algorithm Based on Sparse Analysis

YAN De-Qin' LIU Sheng-Lan' LI Yan-Yan'

Abstract In recent years, local manifold learning algorithms have been widely concerned, such as local linear embedding
and local tangent space alignment algorithm. These algorithms are mostly based on the hypothesis of local linearization.
However, the problem of whether local linearization can be realized has not been effectively solved, which makes the
dimensionality reduction algorithms have poor results on natural data. In natural data, many of them are sparse, so it
is important to deal with the dimension reduction for sparse data. Under the consideration of natural attributes with
statistical information, an alignment of sparse local linear embedding algorithm (SLLEA) is proposed in this paper. In
the algorithm, local linear range is determined dynamically according to the probability distribution of the data. For
sparse data sets, the algorithm can effectively obtain local and global information. Experiments on handwork manifold

and image retrieval test verify the effectiveness of the algorithm.
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3.1.1 Swiss-roll & S-curve
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Fig.2 Scatter diagram of S-curve using LLE (Column 2),
SLLEA (Column 3), and LTSA (Column 4) algorithm to

two-dimension
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Fig.3 Scatter diagram of Swiss-roll using LLE (Column
2), SLLEA (Column 3), and LTSA (Column 4) algorithm

to two-dimension
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(c) SLLEA

K5 Frey NI 4En ALECRE N = 300, k =8
Fig.5 Two-dimension visualization result drawings of
Frey face when N =300, k =8
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Fig.6 Results of Coil-20 database image retrieval

# 1 ARFESEE T LLE & SLLEA #r4s3% A

Table 1  Recall rates and precision rates of LLE and
SLLEA in different neighborhoods

) LLE SLLEA
ZH k
Y P A Y P A
k=6 12 0.300 0.167 40 1.000 0.556
k=12 15 0.375 0.208 40 1.000 0.556
k=15 26 0650 0.361 35  0.875 0.486

A E 5256 3 X R SRS TR i I AR AS S 1 3L
(K1, FRERFEAH R K 30 48 AR IR ME PRAIE 7T DL 1k
A, i H SRR 2 AR B A 1045 R, RA] B
AP i IR S D RS i L (O S NN
KBRS BOR AT Py, R e 3 BUR 4
LG Bk A A LT AR, AT Rt — PR
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