Vector Space Models tfor
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From “Survey of Text Mining”
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Latent Semantic Indexing (I.ST) (2/5)
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Latent Semantic Indexing (I.ST) (3/5)
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Latent Semantic Indexing (I.ST) (4/5)
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Latent Semantic Indexing (I.ST) (5/5)
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Covariance Matrix Analysts (COV)
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Covariance Matrix Analysts (COV)
(2/2)
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Ando’s Rescaling Algorithm
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Dynamic Rescaling ot LSI
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g = func(t, )
Ro=| I sl |

SVD(R,); (singular value decomposition)
b, = the first row vector of V';

b = MGS( ) (modified Gram - Schmidt)
R=R-Rbb'; (the residual matrix)




Dynamic Rescaling of COV
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C=COV(R,); (covariance matrix)
SVD(C); (singular value decomposition)

6. = the first row vectorof V ';
b = MGS( ),(mOdIerd Gram - Schmidt)
R=R-Rbb'; (theresidual matrix)
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Vector |LSI | COV Ando | LSI-Rescale | COV-Rescale

bl C C,J J J C,J

b2 J C,J C C noise, all-m, C, J
b3 noise | noise, all-m | noise | noise m, d

b4 C all-m, noise |b,s |M, D all-m

b5 J all-m, noise| m, d |b, s b, s

b6 noise | all-m, noise [ m, d |all-m noise, all-m
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Vector LSI COV COV-Rescale
bl M1 M3 M1, M3

b2 M5 M1 M2, M4

b3 M4 M5 ml2, ml1l7
b4 M2 M4 ml4, ml1l7
b5 M3 M2 m4, ml4

b6 M1 M3 ml, ml4

b7 M5 M1 mll, ml18
b8 M4 M5 ml18

b9 M2 M4 M1, M3
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Vector LSI COV COV-Rescale
b1l0 M3 M2 M2, M4

bll m4 m8, m19 ml1l2, ml7/
b1l2 m?2 mY ml4, ml7/
b1l3 M2 ml2, ml1l6 m4, ml1l4
bl4 m19 ml1l2, m16 ml, ml4
b1l5 m16 ml1l2, ml13 mll, ml18
b16 ml14 m13, ml5 m18

bl7 ml12 m3, m15 m3, mll
b1l8 m5 m3, mll mll, m9
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Vector LSI COV COV-Rescale
b19 m13 m9, mll m9, m19
b20 m20 m9, ml14 m5

b21 ml17 m5, ml14 ml15

b22 m10 m5, m20 M5

b23 m7/ ml1, m20 M5

b24 ml15 ml, ml7 M4

b25 m3 m2, ml7 noise
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m LSI 2 0.96 #
= COV - 1.05 #
s COV-Rescale : 263 #

0 COV-Rescale TIZH D EITIID T E = KE0D

o COV-RescaleldmtHZ WV RK/INI T AFZHH
= LSI - 19 (5 Major + 14 Minor)
= COV - 21 (5 Major + 16 Minor)
= COV-Rescale : 25 (all Major and Minor)
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