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This paper is aimed at increasing the accuracy of supertagging for a Head-
Driven Phrase Structure Grammar (HPSG) parser, using class features induced
from word clustering. Supertagging is a technique to eliminate possible candi-
dates of lexical entries to a word by using a probabilistic model before parsing.
Although supertagging improves the speed and accuracy of HPSG parsers, a
wrong elimination of lexical entries can cause fatal errors in HPSG parsing.
The sparseness of infrequent words is possibly related to these mistakes. Since
previous supertaggers use simple N-grams of part-of-speech tags and words as
features, examples of infrequent words are not sufficient to estimate a proba-
bilistic model. We applied Brown’s word clustering algorithm to BLIPP corpus
and introduced new features with the result of clustering in a probabilistic
model of a supertagger. In our experiments using the Penn Treebank, word
clustering does not improve our supertagger. This paper presents our analysis

of the reason for this observation.
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Table 2 An example of features
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& “provided” = “[NP.nom<V.bse>NP.acc]_lxm-past_verb_rule” provided 0000000000 [NP.nom<V.bse>NP.acc]_lxm-past_verb_rule 0000
w_1 =“teacher” & wo =“provided” 0 teacher provided 0O O0O

& “provided” = “[NP.nom<V.bse>NP.acc]_lxm-past_verb_rule” provided 0000000000 [NP.nom<V.bse>NP.acc]_lxm-past_verb_rule 0000
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Table 3 Examples of lexical entries

gooo pPOS goooao

O

OoooooooVvBPO [NP.nom<V.bse>NP.acc] _lxm-no_singular3rd_verb_rule “I love you.”

00000000 VBGO  [NP.nom<V.bse>NP.acc] _lxm-prp_verb_rule

ooooJJjo [<ADJP>]IN_1xm

“I was reading a book.”

“last year”
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Table 1 Features used in the supertagger

oo gooooooo
ooooo w_1, Wo, Wi
oood POs P—2, P—1, Po, P1, P2, P3
w—31Wo, WoWi, P—1Wo, PoWo, P1Wo,
n-gram P—2p—-1PoP1, P—-1PoP1P2, PoP1P2P3,

P-2P-1P0; P-1P0oP1, PoP1P2, P1P2P3,
pP—2P—-1, P—1P0o; PoP1, P1P2, P2P3

gooooooOoO0Ooooooooogo pOSOO0OOOOOOOOOODOODODDOOO
gobooooobogoo

3.3 DUO0OODOOOOODOOO supertagger 0O O
o0bDoO00o0O00bOO00DO00ODO0O0OO00bOCO0O0DOO0DnOsupertagger
gobooooobooOooboOoooooobooobooooboooo
goboooooOooboo0oO0ooDOoOobOooUbDboOoOobDooboboOooDo

(1) DOOoOooOoUoOooOoUoOOo

(2) ODOOOOOOUOOO20408000000CLOULOLUOUDOUDOUDLO

(3) ODO0OO0OOUOUDOUOOODOUOODOOUOOOOOOO
jdododoooooogoooooooOodooboboOooUooooOo000nDw;

04 DO0O0OO0O0OO0OOO0OOOODOOOODOOOO

Table 4 An example of features created from a cluster bit string
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Table 5 Examples of Word Clustering

oo oooo
predictably/RB 104
sadly/RB 119
nowadays/RB 131
theoretically/RB 156
notwithstanding/IN 188
frankly /RB 225
naturally/RB 446
occasionally/RB 568
lately/RB 1081
obviously/RB 1222
sometimes/RB 3215
now/RB 32451

06 00000 230000 supertagging 0100000
Table 6 Accuracy of the supertagging on Section 23

ooo ooooo 000000 /000000 oooooo0o0/000000
oooooo - 88.97%0 45236 /508440 89.64%0 2164,/24100
oooooooooo 500 86.56%0 44013/508440 75.64%0 1823 /24100

1000 86.57%0 44015/508440
ooooooooooo 500 85.98%0 43717/508440
1000 86.04%0 43746 /508440
ooooo 500 84.62%0 43026 /508440
1000 84.45%0 42944 /508440

75.31%0 1815/24100
75.89%0 1829/24100
75.52%0 1820/24100
74.36%0 1792/24100
71.49%0 1723/24100
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Table 7 Parts-of-speech of infrequent words
POS 000
000000000 0; NNP/NNPSO 8830 36.6%0
0000000000; NN/NNSO 6350 26.3%0
oooooooooooog; JJ/JJR/JJSO 4620 19.2%0
000VB/VBD/VBG/VBN/VBP/VBZDO 3570 14.8%0

OO0O0ORBO 530 2.2%0

Ooo0oFwWO 130 0.5%0

OOooooooocebo 40 0.1%0

0o000UHO 100.01%0
oo 2410

00 143.800000
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Table 8 A number of Parts-of-speech Table 9 An example of Parts-of-speech in one

in one cluster cluster

oagd oooad POS ooo
5000000 10.968 3.247 00o0o0oovBZO 810 42.4%0
1000 0000 8.756 3.062 0o00ooovBDO 380 19.9%0
O00000ONNPO 300 15.7%0
O00000ONNO 160 8.4%0
O00000NNSO 150 7.9%0
O00O000ONNPO 50 2.6%0
000RBO 20 1.0%0
goooJjg 10 0.5%0
0oooovBO 10 0.5%0
J0o0o0o0o0oooovVvVBNO 10 0.5%0
O0o0o0o0gvBGO 10 0.5%0
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