Generalization of Subcategorization Frames Acquired from Corpora and Its Impact on the Performance of LTAG Parsng

Abstract

This paper presents a method of improving the accuracy of subcategorization frames (SCFs) acquired from corpora. In order to safely eliminate implausible SCFs, clustering of SCF distributions for each word is performed using both acquired SCFs and reliable SCFs existed in a target grammar to be enhanced. We apply our method to the XTAG English grammar, and augment the grammar with resulting SCFs. Parsing experiments with the augmented grammars show that we can achieve a drastic decrease of the number of partial parse results with a subtle loss of coverage.

1 Introduction

Over the past decade, a variety of methods have been proposed for automatic acquisition of subcategorization frames (SCF) from corpora (Brent, 1993; Manning, 1993; Briscoe and Carroll, 1997; Sarkar and Zeman, 2000; Korhonen, 2002). Although these research efforts aimed at enhancing lexicon of lexicalized grammars, there has been little work on evaluating the impact of acquired SCFs on grammar coverage using large-scale lexicalized grammars with the exception of (Carroll and Fang, 2004).

One problem when we combine acquired SCFs with existing lexicalized grammars is lower precision of the acquired SCFs. If we attempt to compensate for the lack of precision by being less strict in ^ltering out less likely SCFs, then we will end up with a larger number of lexical entries. This is fatal for parsing of lexicalized grammars, because practical parsing ef^ciency and syntactic ambiguity of lexicalized grammars is known to be proportional to the number of lexical entries used in parsing (Sarkar et al., 2000). Another problem is lower recall of the acquired SCFs. When we want to acquire all possible SCFs, it requires much larger size of corpora, which gives rise to the aforementioned precision problem. We need some method to improve the quality of the acquired SCFs.

Schulte im Walde and Brew (2002) and Korhonen (2003) employed clustering of verb SCF distributions, which are possible SCF patterns for verbs, to induce verb semantic classes. In their research, they ^rst create an n-dimension vector for each verb whose elements represent reliabilities of SCFs, such as relative frequencies of the SCFs for the verb in the training corpora. They then performed clustering of those object vectors in order to obtain verb semantic classes. Although their study does not tell how to obtain reliable SCFs when we combine the acquired SCFs with a largescale lexicalized grammar, this kind of generalization by clustering must be useful to judge the reliability of each acquired SCF.

We present a method of improving the accuracy of subcategorization frames acquired from corpora by using subcategorization frame distributions in a target lexicalized grammar to be enhanced. We ^rst perform clustering of SCF distributions for each word to obtain word classes whose elements share similar SCF distributions. Since each centroid value of the obtained clusters represent the reliability that verbs in that class have each SCF, we can eliminate implausible SCF when the centroid value is lower than a certain threshold.

We applied our method to the XTAG English grammar to demonstrate the utility of our method. We ^rst acquire SCFs for the XTAG English grammar (XTAG Research Group, 2001) from mobile phone news groups Google.com by a method described in (Carroll and Fang, 2004). We next perform clustering of SCF distributions for each word by using both acquired SCFs and SCFs existed in the XTAG English grammar. We then conduct parsing experiments using the augmented grammars to evaluate the impact of the resulting SCFs in terms of grammar coverage and ambiguity (the number of partial parse trees).

2 Method

The basic idea of our method is ^rst to obtain word classes whose elements share similar SCF distributions, using not only acquired SCFs but also existing SCFs in the target grammar. We then eliminate implausible acquired SCFs according to the centroid values of the resulting clusters.

2.1 Acquisition of SCFs for a lexicalized grammar We start by acquiring SCFs for a lexicalized grammar from corpora by the method described in (Carroll and Fang, 2004). In their study, they ^rst acquire grammar-independent SCFs by the method proposed by (Briscoe and Carroll, 1997) and (Korhonen, 2002). The obtained SCFs comprise the total 163 types of relatively ^ne-grained SCF patterns, which are originally based on the patterns in the ANLT (Boguraev and Briscoe, 1987) and COMLEX (Grishman et al., 1994) dictionaries. They then obtain SCFs for a target lexicalized grammar (the LINGO English Resource Grammar (ERG) (Flickinger, 2000) in their study) by using a handcrafted translation map from those 163 types to one of the types of SCFs in the target grammar.

This method is easily extensible to any lexicalized grammars, if the grammars have an organized architecture of lexicon, which derive possible lexical entries from each SCF the grammar de^nes.

Lexicalized grammars usually equips this kind of organization, e.g., lexical types in LINGO ERG and tree families in the XTAG English grammar.

2.2 Clustering of word SCF distributions

We next represent a SCF distribution of each word w_i in a vector v_i, an object for clustering. Each element v_{i j} in v_i represents a reliability value of SCF_j for w_i, which encodes a possibility that the word w_i appears with SCF_j . In this study, for a word w_i, we use a relative frequency rel f req_{i j} of each SCF_j in the training corpora to express the reliability of each SCF:

rel f req_{i j} = f req_{i j}

∑_k^{f req}ik^{(1)}

where f req_{i j} is a frequency count that w_i appears with SCF_j . When the lexicon of the target grammar includes SCF_j for the word w_i, its reliability is set to 1.^1 Then, v_i is represented by using

v_{i j} = { 1 when w_i has SCF_j in the lexicon rel f req_{i j} otherwise (2) For example, given the six types of SCF and a verb ŞacceptŤ, which has two existing SCFs, SCF_1 and SCF_3, and three acquired SCFs, SCF_2( f req_2 = 13), SCF_3( f req_3 = 70), and SCF_5( f req_5 = 17), a SCF distribution of ŞacceptŤ is represented by (1, 0.13, 1, 0, 0.17, 0).

We then perform clustering of v_i by the k-Means algorithm proposed by Forgy (1965), which assigns numerical n-dimension data objects to exactly k clusters. Given k initial n-dimension data called centroid, k-Means iteratively updates clusters by assigning each object to its closest centroid and recomputing centroids until clustering members become stable.

To calculate a distance between two objects, we use information radius (Dagan et al., 1997) (4), which is a variant of Kullback-Leibler divergence

1We should mention that a SCF distribution used in this context is not a probabilistic distribution because it does not meet the condition that sum of elements is equal to 1.

(3)^2, de^ned as follows:

d(v_i,v_j) = D(v_i || v_j ) = ∑ k v_{ik} log v_{ik} v_{jk} (3)

d(v_i,v_j) = D(v_i ||^{vi+v j}_2 ) + D(v_j ||^{vi+v j}_2 ) (4) We then determine the way to initialize the number of clusters and initial centroids (or initial assignments of objects). Since the SCFs in the lexicon of a target grammar is more reliable than the acquired SCFs, we ^rst extract all distinguished SCF distributions c_i from the lexicon of the target grammar, and then initialize k to the number of c_i. We adopts two different way of making initial centroids. One is to initialize the elements in the initial centroids by random value which ranges 0 to 1, while the other is to adopt c_i as the initial centroids. The former initialization is less sensitive to the quality of SCF distributions in the grammar while the latter initialization allows us to generalize acquired SCFs purely in terms of reliable existing SCF distributions in the target grammar.^3 We should note that we disregard rel f req_{i j} ≤ 0.03 in order to acquire better clustering results as in (Korhonen et al., 2003).

We ^nally eliminate implausible acquired SCFs according to the value of each element in the centroid of each cluster. We eliminate an acquired SCF_j for w_i in a cluster m when the value c_{m j} of the centroid c_m is less than a certain threshold. This is because c_{m j} represents the reliability that words in that class have the SCF_j . We call this elimination centroid value cut-off. Note that we always preserve the SCFs that already are present in the lexicon of the target grammar. We evaluate this cut-off against naive relative frequency cut-off, which uses relative frequency to eliminate implausible SCFs.

3 Experiments

We applied our method to the XTAG English grammar (XTAG Research Group, 2001) us-

2We should mention that information radius is designed to calculate a distance between two probabilistic distributions. Although our SCF distributions involve some irregular values as a probability, it does not directly deteriorate the clustering results._3

When a lexicon of the grammar is not comprehensive or less accurate, we should determine the number of clusters using other algorithms (Bischof et al., 1999; Hamerly, 2003).

Table 1: XTAG Tree families for single-word expressions: * following tree family indicates that it is obtained by the mapping

tree family explanation Tnx0Vnx1 Transitive TEnx1V Ergative Tnx0V Intransitive Tnx0Vnx2nx1* Ditransitive Tnx0Vnx1pnx2 Ditransitive with PP Tnx0Vnx1s2* Sentential comp with NP Tnx0Vpnx1* Intransitive with PP Tnx0Vs1* Sentential comp Tnx0Vax1 Intransitive with adjective Ts0Vnx1* Transitive sentential subj Tnx0Ax1 Adjective small clause Tnx0A1s1 Adjective small clause with sentential comp Ts0Ax1* Adjective small clause with sentential subj Tnx0BEnx1* Equative be Tnx0N1 Noun phrase small clause Tnx0N1s1 NP small clause with sentential comp Ts0N1 NP small clause with sentential subj Tnx0Pnx1 PP small clause Tnx0Px1 Exhaustive PP small clause Ts0Pnx1 PP small clause with sentential subj Ts0V Intransitive sentential subj Ts0Vtonx1 Sentential subj with to comp Ts0Vs1 Sentential subj with small clause comp Tnx0nx1ARB Locative Small Clause with Adverb TXnx0Vs1 Exceptional case marking

ing SCFs acquired from around 135,902 sentences of mobile phone news groups archived by Google.com. This is exactly the same training data as in (Carroll and Fang, 2004). The number of the resulting SCFs is 14,783 for 3,864 word stems. We then translated them to SCFs for the XTAG English grammar, namely tree families, by using an experimental translation map manually de^ned by Ted Briscoe. It de^nes a mapping from the set of 163 possible SCF patterns into 7 XTAG tree families out of 24 XTAG tree families^4 for single-word expressions, as shown in Table 1. The number of resulting SCFs for the XTAG English grammar was 4,736 for 2,510 word stems.

We then combined these acquired SCFs with the existing SCFs of the XTAG English grammar. The number of the resulting SCFs is 32,261 for 15,375 word stems. We in parallel extracted all distinguished SCF distributions from the lexicon of the XTAG English grammar, and the total num-

4We then ignored his mapping to Tnx0Vnx1Pnx2 and Tnx0Vpl* because these multi-word expressions tend to be associated with a speci�c preposition or particle, which are dif�cult to recover from the acquired SCFs.

Table 2: Size of new lexicons for the XTAG English Grammar

method known words unknown words total # words # SCFs # words # SCFs # words # SCFs centroid value cut-off (random) 0.025 2,099 3,974 5,083 6,197 7,165 10,171 0.05 1,736 2,706 5,055 6,149 6,782 8,855 0.10 1,210 1,479 4,991 6,012 6,195 7,491 0.15 1,033 1,245 4,749 5,463 5,779 6,708 0.20 865 961 4,725 5,257 5,588 6,218 emphcentroid value cut-off 0.025 2,877 3,878 5,121 6,664 7,977 1,0542 0.05 2,262 2,699 5,121 6,051 7,369 8,750 0.10 1,946 2,108 5,081 5,334 7,016 7,442 0.15 1,812 1,882 5,081 5,334 6,883 7,216 0.20 1,792 1,850 5,081 5,334 6,863 7,184 0.25 1,756 1,809 5,081 5,334 6,828 7,143 0.30 1,677 1,730 4,411 4,655 6,079 6,385 relative frequency cut-off 0.10 3,420 4,382 5,088 6,272 8,488 10,654 0.15 2,736 3,222 5,010 5,802 7,734 9,024 0.20 2,396 2,712 4,929 5,531 7,313 8,243 0.25 2,083 2,269 4,795 5,247 6,869 7,516 0.30 1,755 1,875 4,571 4,874 6,319 6,749 full 4,464 10,818 5,143 7,461 9,573 18,279

Table 3: Parsing performance for mobile phone news groups

Grammar testset A testset B testset C total # new SCFs # edges # parsed # edges # parsed # edges # parsed # edges # parsed default 6,944 2,147 6,743 2,194 6,894 2,215 6,860 6,556 (6,648) centroid value cut-off (random)

0.025 10,171 8,408 2,200 8,253 2,240 8,396 2,264 8,352 6,704 (6,786) 0.05 8,855 7,964 2,200 7,779 2,240 7,960 2,264 7,900 6,704 (6,791) 0.10 7,491 7,450 2,192 7,282 2,234 7,441 2,258 7,390 6,684 (6,776) 0.15 6,708 7,301 2,173 7,152 2,221 7,283 2,241 7,245 6,635 (6,727) 0.20 6,218 7,264 2,170 7,109 2,219 7,239 2,240 7,204 6,629 (6,721) emphcentroid value cut-off

0.025 10,542 8,305 2,191 8,062 2,230 8,268 2,257 8,211 6,678 (6,757) 0.05 8,750 7,384 2,187 7,198 2,226 7,355 2,252 7,312 6,665 (6,755) 0.10 7,442 7,195 2,187 7,003 2,225 7,146 2,252 7,115 6,664 (6,756) 0.15 7,216 7,160 2,187 6,965 2,225 7,106 2,252 7,077 6,664 (6,756) 0.20 7,184 7,156 2,187 6,962 2,225 7,103 2,252 7,073 6,664 (6,756) 0.25 7,143 7,129 2,187 6,939 2,225 7,082 2,252 7,050 6,664 (6,756) 0.30 6,385 7,084 2,164 6,888 2,204 7,026 2,230 6,999 6,598 (6,690) relative frequency cut-off

0.10 10,654 8,013 2,191 7,793 2,232 7,949 2,256 7,918 6,679 (6,762) 0.15 9,024 7,593 2,179 7,375 2,217 7,536 2,243 7,501 6,639 (6,725) 0.20 8,243 7,527 2,179 7,311 2,217 7,465 2,242 7,434 6,638 (6,724) 0.25 7,516 7,474 2,179 7,271 2,215 7,427 2,240 7,390 6,634 (6.720) 0.30 6,749 7,423 2,167 7,211 2,210 7,365 2,233 7,333 6,610 (6,698) full 18,279 12,353 2,205 12,025 2,247 12,291 2,272 12.052 6,724 (6,724)

ber of them was 178. By using these all distinguished SCF distributions as the initial centroids, we performed clustering of these 15,375 data objects into 178 clusters. We also performed clustering of these data objects into the same 178 clusters by using randomly initialized centroids. We varied from 0.05 to 0.30 (0.20 for random) the threshold value of the centroid value cut-off while we varied from 0.10 to 0.30 the threshold value of the relative frequency cut-off. Finally we converted the remaining SCFs for word stems to SCFs for word forms by generating possible word forms for each word stem by using Morphological and Orthographic Tools for English (Minnen et al., 2001).

Table 2 shows resulting new SCFs. The following tables, default, centroid value cut-off (random), centroid value cut-off, relative frequency cut-off, and full indicate the XTAG English grammar, the grammar augmented by resulting lexical entries using centroid value cut-off with randomly initialized centroids and the like. We can observe that both centroid value cut-offs and relative frequency cut-off tend to eliminate SCFs for known words, especially when we use centroid value cutoff with randomly initialized centroids. This is quite natural because new SCFs for known words exclude those already existed in the XTAG English grammar, which includes more implausible SCFs because existing SCFs usually cover most of possible SCFs and such new SCFs are observed infrequently. In centroid value cut-off, these new SCFs for known words are eliminated not only by wordindependent relative frequency but also linguistic generalization acquired by clustering.

Table 3 shows parsing experiments using an ef- ^cient parser described in (Yoshinaga et al., 2001) with the XTAG English grammar augmented by the new SCFs shown in Table 2. We measured the parsing performance for 7,599 sentences (length ≤ 25, average length 11.45 words) extracted from mobile phone news groups archived Google.com and their three subsets. Testset A, B and C comprises 2,506, 2,546, and 2,547 sentences (average length 11.5, 11.3, and 11.6 words), respectively. In these experiments we completely eliminated linguistic features in the XTAG English grammar in order to purely evaluate the impact of the acquired SCFs, which do not involve feature differences.^5 In order for the parser to run in practical time, we restricted the number of partial parse trees (hereafter, edges) up to 100,000 in these experiments. The statistics in the table are those for 7,494 sentences which are parsed by all grammars. The coverage was estimated by whether a sentence could have a S-rooted parse tree. The values in curly brackets show the coverage over all sentences.

Centroid value cut-offs vs. relative frequency cut-off These results show that our method of eliminating implausible SCFs using clustering information worked very effectively compared to relative frequency cut-off.

When we compare grammars augmented by the similar number of new SCFs, we can achieve the comparable (usually higher) coverage by using centroid value cut-offs, e.g., centroid value cutoffs 0.025 vs. relative frequency cut-off 0.10, and centroid value cut-offs 0.05 vs. relative frequency cut-off 0.15. This would be because relative frequency is calculated over the ^nite-size of lexi-

5The parser adds a default noun entry to every unknown word. If unknown words in the XTAG English grammar acquire some SCFs, we also add the default noun entry to that word for the same reason. These default entries are not included in statistics shown in Table 2.

con, it tend to eliminate plausible SCFs when they appear infrequently in the training corpora. On the other hand, centroid value cut-off take into account both relative frequency and linguistic generalization, i.e., the obtained clusters.

Furthermore, when we compare grammars have similar coverage, we can more effectively reduce ambiguity of parse results (i.e., the number of edges) by using the centroid value cut-offs, e.g., centroid value cut-off (random) 0.10 vs. relative frequency cut-off 0.10 and centroid value cut-off 0.20 vs. relative frequency cut-off 0.15. This indicates that our method leave more lexical entries which contributed to a sentence structure. In contrast, the naive method would simply increase the ambiguity of the grammar, which resulted in higher increase of the number of edges.

We conclude that by using centroid value cutoffs we can achieve less ambiguous results as well as a comparable (usually higher) coverage compared to relative frequency based cut-offs.

Centroid value cut-off (random) vs. Centroid value cut-off When we compare grammars augmented by the similar number of new SCFs, centroid value cut-off (random) outperformed centroid value cut-off. However, grammars acquired by centroid value cut-off produces less ambiguity compared to centroid value cut-off (random).

This would be because centroid value cut-off believe too much about SCF distributions existed in the XTAG English grammar, and thus tend to eliminate every implausible SCFs. On the other hand, centroid value cut-off (random) could not eliminate implausible SCFs more than centroid value cut-off but usually could preserve plausible SCFs because they tend to generate actual SCF distributions thanks to its random initialization.

4 Concluding Remarks

In this paper, we presented a novel way to improve SCFs acquired from corpora taking advantage of an existing large-scale grammar. By applying our method to the XTAG English grammar, we showed that our method successfully preserved more plausible SCFs which contribute to the parse results. This is also ^rst ever evaluation of augmenting the XTAG English grammar with SCFs acquired from corpora.

We should mention that there is still a coverage deterioration from full to centroid value cutoff (random) 0.025. Although our current method only eliminates implausible SCFs, it is extensible to improve coverage itself. We can add new plausible SCFs for a word, which do not appear in the training corpora, when the centroid value is more than a certain threshold. Prelinary experiments show that we can achive coverage improvement (# parsed; 6,673, edges 7,129) when we add unseen SCFs to words whose class’s corresponding centroid value exceeds 0.10 to the new SCFs of centroid value cut-off 0.10 (# parsed 6,665, edges 7,115). This is one promising future direction for our research.

We will apply our method on the lexicalized grammars with relatively smaller lexicon, e.g., the LINGO English Resource Grammar (Flickinger, 2000).

References

Horst Bischof, Ales Leonardis, and Alexander Selb.

1999. MDL principle for robust vector quantization. Pattern Analysis and Applications, 2(1):59Ű72.

Bran Boguraev and Ted Briscoe. 1987. Large lexicons for natural language processing: utilising the grammar coding system of LDOCE. Computational Linguistics, 13(4):203Ű218.

Michael R. Brent. 1993. From grammar to lexicon.

Computational Linguistics, 19(2):243Ű262.

Ted Briscoe and John Carroll. 1997. Automatic extraction of subcategorization from corpora. In Proc. of the �fth ANLP, pages 356Ű363.

John Carroll and Alex C. Fang. 2004. The automatic acquisition of verb subcategorizations and their impact on the performance of an HPSG parser. In Proc. of the �rst ijc-NLP. To appear.

Ido Dagan, Lillian Lee, and Fernando Pereira. 1997.

Similarity-based methods for word sense disambiguation. In Proc. of the 35th ACL and the eighth EACL, pages 56Ű63.

Dan Flickinger. 2000. On building a more ef^cient grammar by exploiting types. Natural Language Engineering, 6(1):15Ű28.

Edward W. Forgy. 1965. Cluster analysis of multivariate data: Ef^ciency vs. interpretability of classi^cations. Biometrics, 21:768Ű780.

Ralph Grishman, Catherine Macleod, and Adam Meyers. 1994. Comlex syntax: Building a computational lexicon. In Proc. of the 15th COLING, pages 268Ű272.

Greg Hamerly. 2003. Learning structure and concepts in data through data clustering. Ph.D. thesis, University of Californila, San Diego.

Anna Korhonen, Yuval Krymolowski, and Zvika Marx. 2003. Clustering polysemic subcategorization frame distributions semantically. In Proc. of the 41st ACL, pages 64Ű71.

Anna Korhonen. 2002. Subcategorization Acquisition.

Ph.D. thesis, University of Cambridge.

Christopher D. Manning. 1993. Automatic acquisition of a large subcategorization dictionary fnrom corpora. In Proc. of the 31st ACL, pages 235Ű242.

Guido Minnen, John Carroll, and Darren Pearce. 2001.

Applied morphological processing of English. Natural Language Engineering, 7(3):207Ű223.

Anoop Sarkar and Daniel Zeman. 2000. Automatic extraction of subcategorization frames for czech. In Proc. of 18th COLING, pages 691Ű697.

Anoop Sarkar, Fei Xia, and Aravind K. Joshi. 2000.

Some experiments on indicators of parsing complexity for lexicalized grammars. In Proc. of the 18th COLING workshop, pages 37Ű42.

Sabine Schulte im Walde and Chris Brew. 2002. Inducing german semantic verb classes from purely syntactic subcategorisation information. In Proc. of the 41st ACL, pages 223Ű230.

XTAG Research Group. 2001. A lexicalized Tree Adjoining Grammar for English. Technical Report IRCS-01-03, IRCS, University of Pennsylvania.

Naoki Yoshinaga, Yusuke Miyao, Kentaro Torisawa, and Jun’ichi Tsujii. 2001. Ef^cient LTAG parsing using HPSG parsers. In Proc. of PACLING, pages 342Ű351.