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Fast Methods for Kernel-based Text Analysis

TAKU Kupot® and YUJI MATSUMOTO!

Kernel-based learning (e.g., Support Vector Machines) has been successfully applied to
many hard problems in Natural Language Processing (NLP). In NLP, while feature combi-
nations are crucial to improving performance, they have been heuristically selected. Kernel
methods change this situation. The merit of the kernel methods is that effective feature com-
binations are implicitly expanded without loss of generality and increase of the computational
costs. Kernel-based text analysis methods show an excellent performance in terms of accu-
racy; however, these methods are usually too slow to apply to large-scale text analysis. In this
paper, we extend a Basket Mining algorithm to convert a kernel-based classifier into a simple
and fast linear classifier. Experimental results on English BaseNP Chunking, Japanese Word
Segmentation and Japanese Dependency Parsing show that our new classifiers are about 30

Sep. 2004

to 300 times faster than the standard kernel-based classifiers.
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function PKT classify(X)
r=0# 00000 o00OOO
foreach i € X
foreach j € h(i)
ry=r;+1
end
end
result =b#000000
foreach j € (1.. L)
result += yjo; - (1 + 'r‘j)d
end
return sgn(result)
end
01 PKIOOOOOO
Fig.1 Pseudo code for PKI.
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Fig.2 SE-Tree for a set {a,b,c,d}.
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Fig.3 Q in TRIE representation.
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Table 1 Details of data set.
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02 0000O0O0oOoOooooo EBCO
Table 2 Results: English Base-phrase Chunking, EBC.

PKE | D0OOD oo FO 12
o |00/00 | DOO (x 1000)
0.1 | 0.0010 | 163.4 | 92.98 43
0.05 | 0.0013 | 127.8 | 93.84 141
0.01 | 0.0016 | 105.2 | 93.79 518
0.005 | 0.0016 | 101.3 | 93.85 668
0.001 | 0.0017 | 97.7 | 93.84 858
0.0005 | 0.0017 | 96.8 | 93.84 889
PKI | 0.020 83 | 93.84
PKB | 0.164 1.0 | 93.84

03 00opooooooooog JWSO
Table 3 Results: Japanese Word Segmentation, JWS.

PKE | 0000 oo oo Q|
o |0DO0/O00 | OO0 (%) (x 1000)
0.1 0.0007 1290.6 | 96.09 21
0.05 | 0.0010 846.7 | 97.36 84
0.01 0.0024 358.2 | 97.93 1,228
0.005 | 0.0028 300.1 | 97.95 2,327
0.001 0.0034 242.6 | 97.94 4,392
0.0005 | 0.0035 238.8 | 97.94 4,820
PKI | 0.4989 1.7 97.94
PKB | 0.8535 1.0 97.94
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04 OO0O0OOCOOOOOOO JDPO
Table 4 Results: Japanese Dependency Parsing, JDP.

PKE | D0OOD oo oo Q|
o |00/00 | 000 | (%) | (x 1000)
0.1 | 0.0008 | 338.2 | 82.02 7
0.05 | 0.0014 | 200.0 | 86.27 30
0.01 | 0.0042 66.8 | 88.91 73
0.005 | 0.0060 | 47.8 | 89.05 1,924
0.001 | 0.0086 33.3 | 89.26 6,686
0.0005 | 0.0090 31.8 | 89.29 8,262
PKI | 0.0226 12.6 | 89.29
PKB | 0.2848 1.0 | 89.29
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05 0O00O0000O0OO0O0ODOOOODOODOOO JwsO
Table 5 Frequency-based Pruning (JWS).

PKE | 000D oo oo |2

oo/o0 | 000 (%) (x 1000)

0.0028 300.1 | 97.95 2,327

0.0025 337.3 | 97.83 954

3 | 0.0023 367.0 | 97.83 591
PKB | 0.8535 1.0 97.94

06 OD0OOOOOOoOOOOOOOOOOOOO JDPO
Table 6 Frequency-based Pruning (JDP).
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¢|D00/00 | 000 | (%) | (x 1000)

0.0090 | 31.8 | 89.29 8,262

0.0072 | 39.3 | 89.34 2,450

3 | 0.0068 | 41.8 | 89.31 1,360
PKB | 0.2848 1.0 | 89.29
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