Clustering W ords b y Syn tactical Beha vior Wide R. Hogenhout and Y uji Matsumoto 29 Marc h 1997 Abstract W e show how a treebank can b e used to construct classes of words on the basis of their syntactical b eha vior. These classes represen t dis- tinct types of b eha vior with m uc h more precision than parts of sp eec h. W e demonstrate an application of these classes to the problem of es- timating the distribution of dep endency relations b etw een t w o w ords with sparse data. Exp erimen ts show a p erformance equiv alen t to other estimation metho ds when sev eral thousands of classes are used, while the required storage space is reduced to ab out one third. 1 In tro duction The construction of classes of words, or calculation of distances b e- tw een words, has frequently dra wn the in terest of researc hers in natu- ral language pro cessing. Many of these studies aimed at establishing the semantical similarity b etw een w ords (Bro wn et al., 1992; Dagan, Markus, and Mark o vitc h, 1993; Dagan, Pereira, and Lee, 1994; Pereira and Tish b y , 1992; Grefenstette, 1992). W e suggest a metho d for clustering words purely on the basis of syntactical b ehavior. W e show ho w the necessary data for suc h clus- tering can easily b e dra wn from a publicly av ailable treebank, and ho w distinct t yp es of b ehavior can b e discov ered. Although a part of sp eec h tag set can b e though t of as a classi�cation based on syn tactical b e- havior, we can construct an arbitrary n um ber of classes. F or this goal we use a nov el distance measure, whic h w e exp erimentally compare to the more common measure known as div ergence. W e pro ceed to demonstrate an example application of such classes. The distribution of the dep endency relation b etw een tw o w ords must necessarily b e estimated with sparse data. By using a classi�cation consisting of 3000 classes we can p erform this estimation such that cross entrop y is only sligh tly higher than for other estimation tec h- niques, while the required storage space is reduced to ab out one third. 1

This, in turn, can b e applied directly to broad cov erage parsing sys- tems. 2 Headw ords and Dep endencies The distributions w e use are based on the concept of he adwor ds . Such headwords are c hosen for ev ery constituent in the parse tree by means of a simple set of rules. These ha v e b een used in v arious studies in this �eld, see (Collins, 1996; Magerman, 1995; Jelinek et al., 1994). Ev ery headword is propagated up through the tree such that every parent receives a headw ord from the head-c hild. F ollo wing the tec hniques suggested b y (Collins, 1996), a parse tree can subsequently b e describ ed as a set of dep endencies. Ev ery word except the headw ord of the sentence dep ends on the lo w est headw ord it is cov ered b y . The syntactical relation is then giv en b y the triple of nonterminals: the mo difying nonterminal, the mo di�ed nonterminal, and the nonterminal that co v ers the join t phrase. T able 1 giv es an example of such a description. Our interest go es in particular to tw o distributions which re ect tw o fundamen tal prop erties of words, namely p ( R; t h j w d t d ) (1) p ( R; t d j w h t h ) (2) where R indicates the triple represen ting the syn tactical relation, w d a dep enden t w ord that mo di�es headw ord w h , and t d and t h their resp ec- tive part of sp eec h tags. These distributions indicate the syn tactical b eha vior of w ords in the dep enden t role (1) and the syntactical b ehav- ior of w ords in the head role (2). Note that by ignoring the other word this will sho w syn tactical b ehavior, such as that a particular v erb is often used transitively , and not co o ccurrences, suc h as e at with che ese . Throughout this pap er w e will use the term \w ord" to refer to words for whic h the part of sp eec h has already b een disambiguated. In equations we emphasize this by writing w d t d rather than just w d . T able 1: Dep endencies for the sen tence John Smith works fast dep endent word head word relation John (prop er noun) Smith (prop er noun) - NP - Smith (prop er noun) w orks (verb) NP S VP fast (adverb) w orks (verb) - VP - 2

3 Similarit y Bet w een W ords Statistics of the distributions (1) and (2) describ ed in the previous paragraph can easily b e taken from a treebank. W e to ok such data from the W all Street Journal T reebank, calculating the probabilities with the Maximum Likelihoo d Estimator: p ( R ; t h j w d t d ) = f ( R; t h ; w d t d ) f ( w d t d ) where f stands for frequency . Compare the dep endency b eha vior of the prop er nouns Nipp on and R ep. in table 2. As can b e seen, the w ord R ep. o ccurs far more fre- quently , but their distributions are highly similar. Both alwa ys mo di- �ed another prop er noun, around 33% of the time forming an NP-SBJ and 67% of the time an NP . Both are a particular kind of prop er noun that almost alwa ys mo di�es other prop er nouns and almost nev er ap- p ears by itself. The noun c omp any is ho w ev er very di�eren t from a noun suc h as hostage , since c omp any often is the sub ject of a verb, while hostage is rarely in the sub ject p osition. Both are also v ery di�erent from the noun ye ar , which is frequen tly used as the ob ject of a prep osition. The gerund including has an extremely strong tendency to pro duce prep ositional phrases, as in \Safety advo c ates, including some mem- b ers of Congr ess,..." , making it di�eren t from most other gerunds. A past tense suc h as fel l has an un usual high frequency as the head of a sentence rather than a v erb phrase, whic h is probably a p eculiarit y of the W all Street Journal ( \Sto ck pric es fel l..." ). Our observ ation is that among words which hav e the same part of sp eec h, some w ord groups exhibit b ehavior that is extremely similar, while others display large di�erences. The metho d w e suggest aims at making a set of classes based on such b eha vior. By using a clustering technique an y n um b er of classes can b e obtained, far b ey ond what humans can b e exp ected to recognize as distinct categories. T able 2: Distributions for the prop er nouns Nipp on and R ep. dep endent word headword tag relation freq. Nipp on prop er noun prop er noun - NP-SBJ - 3 prop er noun - NP - 6 R ep. prop er noun prop er noun - NP-SBJ - 23 prop er noun - NP - 45 3

4 Similarit y Measure and Algorithm Studies in distribution based clustering often use the KL-distance, see for example (Pereira, Tish b y , and Lee, 1993; Dagan, P ereira, and Lee, 1994). This distance is not symmetrical, and since we are in terested in a symmetrical measure, we could p ossibly use divergence (also kno wn as Je�ery’s Information), i.e. the sum of the KL-distances: D iv ( p; q ) = X x p ( x ) log � p ( x ) q ( x ) � + q ( x ) log � q ( x ) p ( x ) � : (3) W e hav e tried this distance measure, and will present results for comparison, but in many cases we hav e found it to hav e undesirable e�ects, primarily b ecause the goal is joining words (and their statistics) together to mak e one cluster, and a distorted image results from this measure when w ords hav e di�eren t total frequencies. F urthermore, the divergence is unde�ned if either distribution has a v alue of 0 and the other not. F or this reason they would hav e to b e smo othed with, for example, a part of sp eec h based distribution, suc h as ^ p ( R; t h j w d t d ) = � ( R ; t h j w d t d ) + (1 � � )( R ; t h j t d ) ; (4) but w e wan ted to a v oid using an unlexical distribution since we b eliev e lexical information is more v aluable. Instead we suggest a di�eren t measure. Assume there are a n um ber of patterns i = 1 :::n , and observ ed frequencies a 1 :::a n for w ord w a t a , and b 1 :::b n for w ord w b t b . Also, let A = P i a i and B = P i b i . The Maximum Likelihoo d Estimates for w a are th us calculated as p a ( x ) = a x = A and likewise for w b . W e now de�ne the distance b et w een words as M ( w a t a ; w b t b ) def = X i a i A log � a i A ( A + B ) ( a i + b i ) � + b i B log � b i B ( A + B ) ( a i + b i ) � which can b e in terpreted as the sum of KL-distances b etw een a hypo- thetical w ord that would b e created if the observ ations of the words w a t a and w b t b w ould b e joined together, and w a t a and w b t b resp ec- tively . Lik e div ergence, this measure is symmetrical, although not a true distance since it do es not ob ey the triangle inequality . This measure seems more appropriate for tw o reasons. First, this distribution is b etter tailored tow ard making clusters where observ a- tions will b e joined together. Second, we take this sum to b e zero for v alues of i when a i = b i = 0 (no observ ations for either w ord), therefore pre-smo othing is not necessary . 4

The equation can easily b e transformed in to the form M ( w a t a ; w b t b ) = log � A + B A � + log � A + B B � + X i a i A log � a i a i + b i � + b i B log � b i a i + b i � (5) which mak es calculation signi�can tly faster since patterns for whic h only one word has a non-zero frequency do not need to b e calculated within the summation, as they alw a ys b ecomes zero. The Algorithm The algorithm initially regards ev ery w ord as a 1-element cluster. First, all clusters whic h hav e equal distributions are merged together. This phase has no in uence on the distributions of clusters but enormously reduces the num b er of clusters (In our exp er- iment by ab out 50%). Next, the strategy of a gr e e dy algorithm is follo w ed, ev ery time �nding the tw o clusters that ha v e the least distance b etw een them and merging them until the desired num b er of clusters is reached. There are ho w ev er tw o conditions. First, only w ords with the same part of sp eec h may b e clustered, so distances b etw een w ords that ha v e di�erent parts of sp eec h are never calculated. Second, if a cluster exists that contains only one w ord whic h o ccurred only once, it must b e merged to whatev er it is closest to b efore other clusters are merged. The algorithm is actually applied twic e . It is applied once to cluster- ing for dep enden t-con text (1), and once to clustering for head-context (2). The computational exp ense of this metho d is mo dest. Since w ords with equal distributions are collapsed in to one cluster, and only words with equal parts of sp eech need to b e compared, we could easily cluster ov er 43,000 w ords to any n um ber of clusters in one da y on a Sparc Station. W e notice ho w ev er, that the new measure we suggest (5) made the pro cess several times faster as compared to using div ergence (3). 5 Comparison with Clustering for Bigrams Clustering of w ords based on syn tactical b ehavior has to our knowledge not b een carried out b efore, but clustering has b een applied to the estimation of bigram distributions in v arious studies. This con text is rather di�erent, since the conditioned ev en t is a word instead of a relation. Also, many other clustering studies incorp orate the ob jectiv e 5 of �nding semantically similar w ords, whereas w e ignore seman tical similarity . W e presen t a har d clustering algorithm, in the tradition of (Brown et al., 1992). They apply clustering to n -gram mo dels, estimating for example P ( w i j w i � 1 ) by �nding a cluster for w i � 1 . They rep ort that required storage was reduced to one third, at the exp ense of a slight increase in p erplexit y . Besides har d algorithms there hav e also b een studies to soft clus- tering (Pereira, Tish b y , and Lee, 1993; Dagan, Pereira, and Lee, 1994) where ev ery word is smo othed with the nearest k words rather than placed in a class which supp osedly has a uniform b ehavior. In (Da- gan, Markus, and Mark o vitc h, 1993) it w as argued that reduction to a relatively small num b er of predetermined w ord classes or clusters may lead to substantial loss of information. The fact that the n um ber of classes we obtain is not so small, as w e work with thousands of classes, may b e one reason why our hard clustering is e�ective. Nev ertheless w e studied the p ossibilit y of applying soft clustering to syn tactical relations, although by this metho d one would not obtain classes representing t yp es of b eha vior. A signi�cant obstacle we encountered when trying to apply this metho d is the fact that many words ha v e k neighbors that are totally equal, and gain nothing if those are used for smo othing. 6 An Application: The Relation Bet w een W ords The distribution of types of dep endency relations b etw een w ords is of imp ortance to natural language pro cessing, partly b ecause of the direct practical application in parsing systems, but ev en more so b ecause it can show fundamen tal prop erties of language. At the same time it is clear that go o d estimation techniques will b e imp ortan t due to the enormous n um ber of parameters. Consider the distribution of the dep endency relation b etw een t w o words, given that there is some dep endency relation b etw een them, and giv en their resp ectiv e parts of sp eech: p ( R j w d t d ; w h t h ) : (6) The used sym b ols carry the same meaning as in section 2. Our conjecture is that the classes w e obtained will also indicate similarit y within the distribution (6). Almost the same distribution is used b y (Collins, 1996), and we would lik e to refer to this publication for more details, but w e note 6 that for the goal of our researc h we ha v e sligh tly simpli�ed the relation. W e ignore the distance b et w een w ords, and also do not use the r e duc e d sentenc e . When applied in a parsing system, these are undoubtedly v aluable to ols, and our work can easily b e adjusted to accommo date such mo di�cations. 7 Exp erimen tal Setup The baseline mo del we use is the regular mo del smo othed with part of sp eec h based probabilities using a metho d suggested b y (Bahl, Jelinek, and Mercer, 1983). T o b e exact, ^ p lexical ( R j w d t d ; w h t h ) = � 1 ( w d t d ; w h t h ) p ( R j w d t d ; w h t h ) + � 2 ( w d t d ; w h t h ) p ( R j t d ; w h t h ) + � 3 ( w d t d ; w h t h ) p ( R j w d t d ; t h ) + � 4 ( w d t d ; w h t h ) p ( R j t d ; t h ) which we refer to in the table als lexical . The basic probabilities are found with the Most-Likelihoo d estimator, and the in terp olation parameters are estimated from data held out for this goal, but not separately for ev ery word pair. As suggested by Bahl et al. they are divided in to buck ets based on their count, so that all w ord pairs with the same frequency ha v e the same interpolation parameters. The frequencies w ere also joined in to one buc k et when there w as to o little data to estimate them. W e used the same tec hnique for all other mo dels. In ev ery buc k et the four lamda v alues w ere optimized with pairwise optimizations until they all stabilized. The class-based mo del we compare this with is ^ p classes ( R j w d t d ; w h t h ) = � 1 ( c d ; c h ) p ( R j c d ; c h ) + � 2 ( c d ; c h ) p ( R j t d ; c h ) + � 3 ( c d ; c h ) p ( R j c d ; t h ) + � 4 ( c d ; c h ) p ( R j t d ; t h ) were c d is the class of w d t d (using the dep enden t-w ord clustering), and c h the class of w h t h (using the headw ord clustering). These classes were made with the new measure (5). In the table this mo del is iden ti�ed as classes . Since test data w as not used for clustering, the test data con tained a certain p ercen tage of words that w ere never clustered by the algorithm. F or this reason an imaginary extra cluster is assumed, containing all 7 such \unseen" w ords. Probabilities conditioned on this class are alw a ys zero. Exactly the same mo del has also b een applied to the mo del identi- �ed as div ergence . This mo del is completely identical to classes , but with the clusters pro duced using div ergence (3) as the distance mea- sure (equation (4) was used for smo othing w ord distributions), instead of our measure (5). W e also present results of a combined mo del using b oth lexical and class-based probabilities. This is calculated with the equation ^ p comb ( R j w d t d ; w h t h ) = � 1 ( w d t d ; w h t h ) p ( R j w d t d ; w h t h ) + � 2 ( w d t d ; w h t h ) p ( R j c d ; c h ) + � 3 ( w d t d ; w h t h ) p ( R j t d ; c h ) + � 4 ( w d t d ; w h t h ) p ( R j c d ; t h ) + � 5 ( w d t d ; w h t h ) p ( R j t d ; t h ) and iden ti�ed as com bined . 8 Exp erimen tal Results The exp erimen ts w ere carried out with data from the W all Street Jour- nal Corpus. A set of ab out 740,000 patterns was used as training data, for clustering words, and to optimize smo othing parameters. A sep- arate group of 60,000 patterns was used for testing. In order to as- sess statistical signi�cance of results this exp erimen t was carried out 5 times, eac h time using di�eren t test data. In all clustering metho ds di�erent sets of classes w ere made for the dep enden t p osition and the headword p osition. The n um ber of classes we found to b e optimal w as ab out 3000 for b oth dep endent p osition and headw ord p osition. T able 3 sho ws the results for the given mo dels. The cross en trop y of predicting the relation of all patterns is giv en in the �rst column. The second column gives the en trop y on patterns that o ccurred at least once in the training data ( f ( R ; w d t d ; w h t h ) > 0). The third column indicates en trop y on patterns that did not o ccur in the training data ( f ( R ; w d t d ; w h t h ) = 0). All di�erences b etw een mo dels were found to b e signi�can t with a paired t-test ( p < 0 : 001), except the di�erence b et w een the pair marked with the sym b ol \ ? ." The classes pro duced with the distance measure (5) displa y a cross entrop y of only ab out 3% more than the lexical mo del. The size of the tables needed for the class-based probabilities is ab out one third 8 of that of lexical tables. As exp ected, the p erformance is not as go o d as the lexical mo del for the more common patterns. The classes that w ere pro duced with divergence (3) did not p erform as w ell, illustrating the problems we men tioned earlier. Since the lexical probabilities p erform b etter on more frequen t even ts and class-based probabilities b etter on infrequen t even ts, a log- ical next step is com bining them. The score of com bined illustrates that this creates a gain in entrop y of ab out 4.6%. T able 3: Cross En trop y on T est Data metho d All Data Occurred Not Occurred lexical 1.862 0.729 3.178 classes 1.899 0.988 2.958 div ergence 2.198 1.423 3.098 ? com bined 1.811 0.707 3.093 ? 9 Conclusion W e hav e presen ted a metho d whic h constructs classes of w ords with similar syntactical b ehavior by clustering words using treebank data. This is di�erent from previous research since w e ignore semantical sim- ilarity and fo cus purely on syntactical b ehavior. Exp erimen ts sho w that these classes do represen t meaningful t yp es of w ords, and can b e used to p erform estimation of the distribution of dep endency relations b et w een w ords, while requiring only one third of the storage space. F or this goal w e hav e used a nov el distance measure for distributional analysis, whic h clearly outp erforms the measure known as div ergence. When applied in a parsing system in combination with other con- ditioning ev en ts, such as the distance within the sentence, problems with the data sparseness will b ecome even more serious, so the need for this technique will b e ev en more urgen t. References Bahl, Lalit R., F rederic k Jelinek, and Rob ert L. Mercer. 1983. A maximum likelihoo d approach to con tin uous sp eec h recognition. IEEE T r ansactions on Pattern Analysis and Machine Intel ligenc e , P AMI-5(2):179{190. 9

Brown, P . F., S. A. Della Pietra, P . V. deSouza, J. C. Lai, and R. L. Mercer. 1992. Class-based n-gram mo dels of natural language. Computational Linguistics , 18(4):467{479. Collins, M. J. 1996. A new statistical parser based on bigram lexical dep endencies. In Pr o c e e dings of the 34th Annual Me eting of the Asso ciation for Computational Linguistics , pages 184{191. Dagan, I., S. Markus, and S. Mark o vitc h. 1993. Contextual similarity and estimation from sparse data. In Pr o c e e dings of the 31st A nnual Me eting of the Asso ciation for Computational Linguistics , pages 164{171. Dagan, I., F. Pereira, and L. Lee. 1994. Similarity-based estimation of word co o ccurrence probabilities. In Pr o c e e dings of the 32nd A nnual Me eting of the Asso ciation for Computational Linguistics , pages 272{278. Grefenstette, G. 1992. Finding semantic similarity in ra w text: the Deese an ton yms. In Working Notes, F al l Symp osium Series, AAAI , pages 61{68. Jelinek, F., J. La�erty , D. Magerman, R. Mercer, A. Ratnaparkhi, and S. Rouk os. 1994. Decision tree parsing using a hidden deriv ation mo del. In ARP A: Pr o c e e dings of the Human L anguage T e chnolo gy Workshop , pages 272{277. Magerman, D. M. 1995. Statistical decision-tree mo dels for parsing. In Pr o c e e dings of the 33d Annual Me eting of the Asso ciation for Computational Linguistics , pages 276{283. Pereira, F. and N. Tish b y . 1992. Distributional similarit y , phase tran- sitions and hierarchical clustering. In Working Notes, F al l Symp o- sium Series, AAAI , pages 108{112. Pereira, F., N. Tishb y , and L. Lee. 1993. Distributional clustering of English words. In Pr o c e e dings of the 31st Annual Me eting of the Asso ciation for Computational Linguistics , pages 183{190. 10