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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
in size.
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Fig.1 A word-based probabilistic suffix tree.

00000D000000000 ngramOO00000
oooooogg9iiag

2.3 000000000000

00 ngram0000000000D0O00O0DOO
oo0o0o0'®Y0o0oo000ooooDoooon
00000000000 0000 PSTO probabilistic
suffix tree0000000000000000000
0000000000000r0000000000
0000000000 000000

0000000 YO0O0Oo0OoOoooo 70000
|Y|000000000D000X 00010000
0000000D00000000000000000
000000000000000000000000
0000000000000 D000O00D0oono
0000000 sO0D0000 sOD0D0D000000
000000 ~:X—1[0,1]00 (s,7,) 00000
000000000000000000000000

PBRACES!

ocex

uboobobooobcoooboooboooooooo
gboooboooboooobooboooboooo
gboooooobobobooboooo roooo
r=rre-ryp € X7 00000000

Pr(r) = [[re1 (o)

0000000 s°=e0000s7(1<j<m—-1)00
TOOOO rjrj—1---m 0000000000000
000000000000000000000000
00000100000000000000 “abeab”
0ooooog P(ale)P(bla)P(c|b)P(albe)P(blbea) O
ooo
00000000000000000000000
000000000000000000000000



Vol. 43 No. 1

000000000000000000000000
000000000000000 ngramO00000
000000000000000000000000
000000000000000000000000
00000000000 0000000000000
oootg

0000000000000000000000YW
00O00000O0®ooooo0000000000
000000000000000000 Y0000
00000000000 00000000Yoooo0
000000000000000000 Y0000
oooog

3. boboobhoooobobboobobooo

0D0000000000000000000000
00000000000 0000000000000
000000000000 000000000000
oooooog

3.1 000000000D000000000DO0
000000000000 ngramO0O000000
00000000000 0000000000000n
000000000000 000000000000
000000000000000000000000
000000000000000000000000
00000000000 0000D000000000
000000000000000000000000
000000000000000000000000
0000000000000 00000000000
000000000000 000D0000000000
00000000000 00000000 n-gram O
00000000000 negram 00000000
0000000000 00000000000000n
00000000000 o™'®ooooooooo
000000000000000000000000
00000000 D0000000000000000
00000000000 0000000000000
000000000000 ngramO0000000D0O
oooooooo?2Y20ooooo0o0o0oo0on
000000000000 0000000000000
0000000000000 00D000000000
000000000000000000000000
000000000000000000000000
0000000000 00000000000000
000002000000000000000000
000000000000 000000000000
0D0000000000000000000000

goooooooooooooooooo 37

P(al{b}{b,c}{a,b})
P(bl{b}{b,c}{a,b})
P(cl{b}{b,c}{a,b})
02 0000O0D0O00OO0OOOOOo
Fig.2 A class-based probabilistic suffix tree.
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Fig.4 The recursive process of tree creation.
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