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Class-based Variable Memory Length Markov Model

SHINSUKE MORIt

In this paper, we present a class-based variable memory length Markov model and its
learning algorithm. This is an extension of variable memory length Markov model. Our
model is based on class-based probabilistic suffix tree, whose nodes have an automatically
acquired word-class relation. We experimentally compared our new model with word-based
bi-gram model, word-based tri-gram model, class-based bi-gram model and word-based vari-
able memory length Markov model. We also built part-of-speech taggers based on these
models and compared their accuracies. The results show that a class-based variable memory
length Markov model is better in cross entropy, tagging accuracy and model size than the
other models mentioned above except for the comparison with the class-based bi-gram model
1n size.
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Fig. 1 A word-based probabilistic suffix tree.
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Fig. 2 A class-based probabilistic suffix tree.

00000000 000000D000D0000000n
00000000000000 n-gram 000000
000000000000000000000000
000000000000000000000000
000000000000000000000000
ooo 9o

0000000000000 o0ooooooo ¥
00000000 ®0o0000000000000
0000000000 00000D0000 Y000
0000000000000 0D0O000DO oo
0000000000000 0000000 »*00
oooooo

3. J0bO0O0o0ooobooOooooooooon

00000000000000000000000
00000000000000000000000O0
000000000000000000000000
ooooooo

3.1 0000000000DOODOOO00O0ODO0D

000000000000 negramO0000000
000000000000000000000000
000000000000000000000000
000000000000000000000000
00000000000000000000000O0
000000000000000000000000
000000000000000000000000
000000000000000000000000
000000000000000000000000
0000000000000000000000000
0000000000000000000 n-gram O
00000000000 negram000000000
0000000000000000000000000
0O00O00o0oOoon YWY ooooooooooo
00000000000000000000000O

Jan. 2002

000000000000000000000000
000000000000000000000000
0000000000 ngramO0000000O000
ooooog 9'W2gpoooooooooooon
0000000000 00000000000000
000000000000000000000000
000000000000000000000000
0000000000000000000000000
000000000000000000000000
002000000000000000000000
000000000000000000000000
000000000000000000000000
0000000000000000000000000

00000000000000000000000
000000000000000000000000
00000000000000000000 £00
000000000000000000000000
000000000000000000000000
0000000000000 00000000000
000000000000000000000000
000000 SO00000 S0000000000
00000000 s: % —[0,1]00 (S,7s) 00
000000000000000000000000
ooo

ZVS(U) =1

ocexy

gobooooooboooboooboobOoobooooo
goo..0ocoooooboooobooooboob 100
gooobooooooooooooooooooooo
gooooooboooooooboDbODbO0bOO000o0o
oooooOooooooooooooooo ToO XY™
oood0r=mrmr---r,, 0000000 DOO
goboooooog

Pr(r) = [[rsi-1(r),

000 S° = {} 00001 < j < m-10
000 $ 0070000 rjrjr---m 00000
goooooo0obo0ooooboboooobboo
goooooooobobonboo 20000D0O0
O0000C0O00000000 “abead” OOOO
00 P(al{e})P(bl{a,b})P(cl{a,b}{a}) P(al{b}{c})
Pb|{b}{b,c}{a,b}) DD D ODOO0O n-gram 00O
gooobooooboooooboobooboooobooo
goboobooobooooboboobboboogoo
ooo



Vol. 43 No. 1

[0/0/0/ I 0001 00/CIN 000

-Clustering-- -clustering---“....clustering-- -Clustering--

[00/6]0/0/6] 000

-clustering--.."-..clustering-+clustering-

L -clustering-- i

oooooooooOoObooboO0o0ooobooooo 5

no effect no effect no effect

o0ooUooOoooUooOooooOooooUoUUoooUOoUO0oOooO0 (UoD)ooooooo

gbobooooooboboooooobogooo

03 000O0O0O0O00ODOObODOO0OOOoOoOoooo
Fig. 3 An illustrative run of the leaning algorithm
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Fig. 4 The recursive process of tree creation.
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Table 3 Result of WSJ corpus.
goooo 000 v-gram | 00O v-gram | 000 2-gram | OO0 2-gram | OO 3-gram
ooooooooo 1.7434 1.7467 1.7705 1.7846 1.7234
ooooooo 95.17% 95.02% 94.93% 94.95% 94.95%
oooooooo 183.5M 434.0M 211.8M 752.1M 20.62T
ooooooooo 312.8K 470.7K 182.1K 349.1K 726.9K

v-gram = 000000000000, K = 1000, M = 1000%, G = 10003, T = 1000%
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Table 4 Result of EDR corpus.
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ooooooooo 92.22% 91.76% 92.19% 91.77% 91.77%
ooopoooooo 92.61% 92.48% 92.26% 92.38% 92.60%
oooooooo 139.2M 2.190G 52.09M 718.7TM 19.27T
oooooooboo 253.7K 412.4K 79.39K 257.2K 605.6K

v-gram = 000000000000, K = 1000, M = 10007, G = 10003, T = 1000%
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