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Local Sensitive Nonnegative Matrix Factorization
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Abstract Non-negative matrix factorization (NMF) is a new matrix decomposition method based on the part of the
study, which has a reflection of human thinking partial constitute the overall concept. It only {ind two nonnegative ma-
trices whose product can approximate the nonnegative data matrix without considering the geometric structure and the
discriminative information in the data. We presented a local sensitive nonnegative matrix factorization for dimensionality
to overcome the disadvantage, which preserves not only the nonnegativity but also the geometric structure and discrimi-
native information of the data. An efficient multiplicative updating procedure was produced, and its convergence was
gua-ranteed theoretically. Experiments on ORL and Yale face recognition databases demonstrate that proposed method
outperforms many existing dimensionality reduction methods.
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#1 AEEHRAE ORL ¥R RYiRHI%E

2 Train 3 Train 4 Train
Baselines 66. 8%(1024) 77%(1024) 81. 7%(1024)
Eigenfaces 66.8%4(78) 77%(119) 81. 7%(159)
Fisherfaces 71.1%(22) 83.2%(39) 89.5%(39)
MFA 71 6%(37) 84. 1%(39) 89.6%(39)
LPP 76.1%(39) 86. 6%(39) 90. 42%(39)
NMF 70. 87%(97) 78. 98%(81) 84, 48%(95)
LNMF 71. 73%(178) 81.09%(168) 86. 31%(195)
LSDA 76.7%(39) 85%(39) 90. 5%(39)
LSDNMF 78.7%(198) 87.9%4(89) 93, 5%(83)

#2 ARIEHETE Yale BUEE | #0513
2 Train

3 Train 4 Train

Baselines 43.4%(1024) 49, 4%(1024) 56. 2%6(1024
Eigenfaces 43.4%(29) 49. 4%6(44) 56.2%(58)
Fisherfaces 47, 2%(9) 64. 9% (14) 72.9%(14)

MFA 47.7%10) 65. 7%(14) 74.1%(14)
LPP 46.5%(14) 69. 5%(14) 74.6%(14)
NMF 44, 11%(112)  49.00%(195)  52,19%(164)
LNMF 44, 00%C157) 48. 83%(198) 53.57%(14)
LSDA 56.5%(14) 68. 5%(14) 74.4%(14)

LSDNMF 58. 7%(108) 70. 5%(128) 78. 35%(146)
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