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Fast Incremental Learning Algorithm of SVM with Locality Sensitive Hashing

YAO Ming-hai LIN Xuan-min WANG Xian-bao
(College of Information Engineering, Zhejiang University of Technology, Hangzhou 310032, China)

Abstract In order to improve the training speed and the classification accuracy in large scale high dimension data,a new
incremental learning algorithm of SVM with LSH was proposed. It uses the LSH algorithm, which can seek similar data
fast in a large scale and high dimension data, to filter out the incremental samples which may become SVs on the basis of
the SVM algorithm. Then it makes the selected samples and the existing SVs as a basis for the following training. We

took advantages of the multiple data sets to validate the algorithm., Experiments show that this new algorithm can im-
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prove the speed of the incremental training learning in large scale data with the effective accuracy.
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YIGRE RS . LSH Rl Bk IIZAERIH) SV £, P i
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4 RI§

R T WIESE B A S, ¥ PCA-LSH-ISVM 5 SVM,
Batch- ISVM™ , KKT-ISVMY B EAERT I . SRR AE UCT AR
BB L Steel, Waveform, Magic, default of credit card clients
(Credit) \,CASP., AR 5524 PIE Face Database of CMU
(PIEFace) \ F 575484 MNIST(Mnist) FIfi S8R 1% 4
TP H FABAESE Pumsb E43aldE iy, B ME LR XT KM
RO, — B AR Lk, B AR A% i 8 (RBE) 1) SVM, 52
YR RE A BAR SR BEAL T AT IR R AR S B A AR 1—6 Al
AR . BARENECRHME MRS BAE AR TRF IR 1 Fral.
SEEGAE 15 M4A30 AbESHEAT , £ N 2. 27GHz, WHEHN 4GB,
#1428 PyCharmb. 0. 3,

®1 BREMERSEK

Kk B¥ RENE WA HEREK ARER
Steel 1075 26 200 100 275

Waveform 5000 21 500 500 1500
Magic 19020 10 1000 2000 6020
Credit 30000 23 1000 3000 11000
Casp 45730 9 2000 5000 13730
PIEFace 5780 1024 550 550 1930
Mnist 4366 784 400 400 1566
Pumsb 32476 73 3000 3300 9676

4.1 ZBWERBSH
TEW 7 B P=3 I OLT » X L& Bk 13 )

UK 2.3K 3 g,
2 ARBEEEIEFEE %

BEE SVM  SimpleISVM  KKT-ISVM  PCA-LSH-ISVM
Steel 78.91 78.55 78.10 78.91
Waveform 88. 27 88.53 88. 47 88. 60
Magic 86. 68 86. 59 86. 69 86. 77
Credit 81.73 81. 65 81. 66 81.75
Casp 76. 40 76. 53 76. 35 76. 56
PIEFace 88.76 88.76 88. 76 89. 27
Mnist 83. 46 83. 46 83. 46 83. 46
Pumsb 96. 28 96. 26 96. 29 96. 29

# 3 AFBELHEYIZGEE /s

KL SVM Simple-ISVM  KKT-ISVM  PCA-LSH-ISVM
Steel 0. 250 0.162 0. 399 0. 160
Waveform 1. 651 0. 706 1. 051 0. 686
Magic 16. 11 7.61 9.25 5.63
Credit 107. 51 40. 76 45. 05 26. 98
Casp 140. 33 90. 50 92.32 63. 25
PIEFace 93. 04 91.58 104.78 80. 16
Mnist 50. 48 44, 54 38.48 27.08
Pumsb 394. 52 64.12 63. 77 44.73

& 3 rp B LI 2R [R]85 B B AR 0 B ) Ak A T
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ASFEAT IR , B LA AT Tt e it 18], S I ki ]

B _E RS2 R AT A

DA SCE B AR R 43 20K BE 0 [R] B, 3 )1 v 7
BEBAT RS A X F A R R T T4 20005

DTESFHNEEE I, SVM Ml Batch-ISVM R A XoF 5 1 ¢
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86. 59 % , A AL F KKT fifi 1 5 ¥k 19 86. 692 A SR LM
86.77%;
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B M FHALBAR B FIIRE T 270 L .
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