Similarity Calculation of Segmen t Retriev al for Aid in reading Related Do cumen ts T atsunori Mori and Sh un’ic hi T anak a and Hiroshi Nak aga w a Division of Electrical and Computer Engineering, Y ok ohama National Universit y 79-5 T okiw adai, Ho dogay a-ku, Y ok ohama 240-8501, JAP AN f mori,tanashun g @forest.dnj.yn u.ac.jp, nak aga w a@naklab.dnj.yn u.ac.jp Abstract It is di�cult to appropriately retrieve the do c- uments which are truly needed by users at that moment, b ecause w e hav e a lot of av ailable do c- uments recently . In this pap er, w e prop ose a new similarity calculation metho d among parts of do cuments. The calculation is the main part of the system which allows readers of do cuments to obtain re- lated parts of other do cuments. W e introduce tw o types of information, the co-o ccurrence of words and the lexical chain of w ords, to impro v e accuracy of the baseline metho d of similarit y calculation, which is based on the tf � id f metho d and the vector space mo del. W e also shows that it is e�ective to com- bine those types of information. According to our exp erimen t, in whic h the similarity among segments of related man uals are calculated, our metho ds outp erforms the baseline tf � id f metho d in terms of the precision v alues at the same recall rate. 1 In tro duction Do cument retriev al gives us a go o d starting p oint to read do cuments relev an t to a topic among a v ery large do cument base. How ev er some other wa ys of reading aid are required when we read a particular do cumen t. F or example, supp ose that a user wan ts to obtain other information related to the part of do cument he/she is reading. Conv en tional in- formation retriev al systems are not suitable for the need b ecause they recommend not a rele- v an t part of do cumen t but a whole do cumen t relev an t to the topic. Even if passage retriev al systems are used, users ha v e to input trouble- some requests, or queries. Systems suitable for such a task should hav e abilities like the func- tion to retriev e parts of do cuments segmen t by segment, the capabilit y to make links among re- lated segments, and so forth. Supp ose that the user w an ts to read only the segmen ts related to the current part of do cument. F or suc h a user, the system should b e a useful reading aid if the system has the retriev al p erformance enough to get only truly relev an t parts of do cuments, b e- cause the user can concen trate his/her attention on the current do cument and a small amount of supplementary explanations retriev ed. Based on the discussion describ ed ab ov e, we prop ose the metho ds to improv e the p erfor- mance of segment retriev al from a set of do c- uments. Here, the term se gment represents a certain unit of small part of do cumen t like a section, a subsection and so forth, and accord- ingly one do cument consists of a series of seg- ments. The phrase curr ent se gment denotes the segment which the user is reading now. The aim of segment retriev al is to obtain the other segments whic h are similar to the curren t segment. The similarity is usually measured as the degree of ov erlap of segments from the viewp oin t of the conten ts. Therefore we sup- p ose that the relev an t information can b e ob- tained by lo oking around in other do cumen ts where the similar segments are lo cated. Note that users may not obtain new information from such similar segmen ts themselves, b ecause they may hav e the almost same con ten ts as the orig- inal one. Even in suc h a case, how ev er, new relev an t information should b e gotten from the adjacent segments. Computing the degree of o v erlap in terms of semantic representations is one of the metho ds to calculate similarity . How ev er, the cost of the semantic in terpretation is very high and the semantic representations may hav e some kind of ambiguit y . Therefore we adopt the metho d based on the statistics of words, namely the tf � id f metho d and the v ector space mo del, which are usually used in the conv en tional information retriev al(Salton and Buc kley , 1988; Salton et al., 1975). Unfortunately , the tf � id f metho d do es not ha v e enough p erformance we needed. Our task requires that the relev an t seg- ments should surely app eared as higher ranks in the similarity calculation metho d. Namely , the result of ranking by the metho d should hav e high precision in the lo w-recall area of the recall- precision curve. Accordingly , we introduce the information of word co-o ccurrence and lexical chains to improv e the p erformance of similar- ity calculation. W e also prop ose the metho d to combine information of them. 2 Baseline metho d Our basic system is illustrated in Figure 1. Firstly , the term extraction mo dule analyzes Figure 1: Basic system the input do cumen ts morphologically to extract conten t words like nouns, verbs(Matsumoto et al., 1996). Secondly , the term weigh t calcula- tion mo dule computes tf � id f v alues for each term. Here, the tf v alue of each term is the term frequency in a segment and the id f v alue is the logarithm of in v erse of the term’s segmen t frequency . Thirdly , the similarity calculation mo dule computes the similarity of each pair of segments based on the vector space mo del. In the mo del, a segment is represented as a vec- tor in a vector space, each of whose dimension corresp onds to each term. A vector’s v alue of each dimension is the tf � id f v alue of the term. W e call this metho d the b aseline metho d , or B- metho d for short, hereafter. 3 Impro v emen t of the p erformance of baseline metho d using the information of relation among terms Because our system treats the retriev al of seg- ments, which are parts of do cuments, we can take account of not only the information of terms within a segment but also the informa- tion o v er more than one segmen t. In this section, we prop ose introducing the following t w o t yp es of the relations among terms to impro v e the p erformance of similarity calcu- lation. � Co-o ccurrence of t w o terms in a sentence, as the information of intra-segmen t. � Lexical chain (reputation) of a term, as the information of in ter-segmen t. Roughly sp eaking, those t yp es of information can b e used to increase the weigh t of imp ortant terms. 3.1 Utilization of T erm Co-o ccurrence T ak aki et al.(T ak aki and Kitani, 1996) intro- duce the imp ortanc e sc or e of c o-o c curr enc e of term p airs , cw , and show that the score con- tributes to improv e the IR p erformance of Japanese newspap er articles. W e adopt the Figure 2: Use of co-o ccurrence of term pairs in similarity calculation score cw with some minor mo di�cations. When term pairs app ear in tw o segments d A and d B , the similarity of the segmen ts is increased by ad- justing the tf v alues of terms in the term pairs. Supp ose the term t k o ccurs f times in the seg- ment d A . The mo di�ed tf v alue, tf 0 ( d A ; t k ), is calculated from the original tf v alue, tf ( d A ; t k ), as the following form ula: tf 0 ( d A ; t k ) = tf ( d A ; t k )+ f X p =1 X t c 2 T c ( t k ;p;d A ;d B ) cw ( d A ; t k ; p; t c ) (1) where the v ariable p denotes the p -th o c- currence of t k in the segment d A , and T c ( t k ; p; d A ; d B ) is a set of terms which co-o ccur with the p -th t k .

Here, w e formally de�ne the c o-o c curr enc e of two terms in terms of the distance b et w een the terms. If the distance of tw o terms is less or equal to a threshold, the terms are regarded as in co-o ccurrence. The v alue of cw is de�ned by the following formula: cw ( d A ; t k ; p; t c ) = � ( d A ; t k ; p; t c ) � � ( t k ; t c ) � ( t k ; t c ) M ( d A ) (2) where � ( d A ; t k ; p; t c ) is the function expressing how near t k and t c o ccur. � ( t k ; t c ) is the nor- malized frequency of co-o ccurrence of t k and t c . ( t k ; t c ) is the in v erse segment frequency of t c which co-o ccurs with t k . M ( d A ) is the length of the segment d A counted in w ord. They are de�ned as follows: � ( d A ; t k ; p; t c ) = d ( d A ; t k ; p ) � dist ( d A ; t k ; p; t c ) d ( d A ; t k ; p ) ; (3) � ( t k ; t c ) = r tf ( t k ; t c ) atf ( t k ) ; (4) ( t k ; t c ) = log ( N d f ( t c ) ) : (5) Here, the function dist ( d A ; t k ; p; t c ) is the dis- tance b etw een p -th t k and t c counted in word. d ( d A ; t k ; p ) is the threshold of distance of tw o words in co-o ccurrence. Since, in our system, w e only fo cus on co-o ccurrences within a sentence, d ( d A ; t k ; p ) is the num ber of words in the sen- tence w e fo cus on. atf ( t k ) is the total num ber of t k ’s o ccurrences within the do cument which includes the segment d A . r tf ( t k ; t c ) is the to- tal num ber of co-o ccurrences of t k and t c . N is the total n um ber of segments in the do cument, d f ( t c ) is the n um ber of segments in whic h t c o c- curs. Hereafter, we call the metho d the term c o- o c curr enc e metho d , or C-metho d for short. 3.2 Utilization of lexical c hains In general, a lexic al chain denotes a series of relev an t words, which are in some lexical cohe- sion. The lexical cohesion is usually recognized by using some linguistic resources like thesauri (Green, 1996). In related do cuments, how ev er, it is exp ected that a term has only one mean- ing and a concept is represen ted by one term. Therefore, in this pap er w e adopt the simplest version of lexical chain, namely , the rep etitions of a term illustrated in Figure 3. Since a lexi- cal c hain may b e the rep etition of a term which go es through more than one segments, it is ex- p ected that we can capture the curr ent glob al topic by it. Figure 3: Lexical c hains as rep etitions of terms By lexical c hains, we would lik e to detect im- p ortan t terms o v er a series of segment. There- fore, a lexical chain of which length is ex- tremely long or short is not a go o d clue for it. Accordingly , we introduce three thresholds, the maximum gap length ( T h g ap ), the maximum length ( T h max ) and the minimum length ( T h min ) to �lter out such meaningless lexical chains as follows. Figure 4: Detection of lexical chains 1. Decomp ose a segment into a series of small units. The unit in this pap er is a sentence. F or example, the segment 2 in Figure 4 con- sists of four units, namely 5, 6, 7 and 8. 2. F or each term, do the following pro cedure. (a) Mark the all units in which the term app ears. (b) If the num ber of non-mark ed units b e- tw een tw o marked units is less than or equal to T h g ap , the mark ed units are parts of a lexical chain of the term. (c) Filter out the lexical chains of whic h length is less than T h min or more than T h max . Lexical chains are to ok in to account to calcu- late similarit y among segments as adjustments of the tf v alues.

Note that comp ound words themselv es scarcely make lexical chains (rep etitions) b e- cause they usually hav e low frequencies. Esp e- cially , it is problematic in technical do cuments, b ecause they ha v e many comp ound words. Of course, each constituent w ord of comp ound word relatively mak es a lexical chain easily . Ac- cording to our preliminary exp eriment, on the contrary , in the condition that a comp ound word is treated as one term, the baseline tf � id f metho d is more e�ective than in the case that a comp ound w ord is decomp osed into a series of constituent words. In order to take adv an tage of b oth treatmen ts, we treat eac h comp ound w ord as follows: 1. A comp ound word is treated as one w ord in the tf � id f calculation. 2. In the case of detecting lexical chains, the comp ound word is decomp osed into a series of constituent words. 3. All lexical chains of the constituent words are tak e into account in adjusting the tf v alue of the comp ound word. That is, the tf v alue of the term t k in the seg- ment d i is revised as the following formula: tf 0 ( d i ; t k ) = tf ( d i ; t k ) � (1 + X t m 2 T m ( t k ) f c ( d i ; t m )) (6) where T m ( t k ) is the set of constituen t words of the term t k , and f c ( d i ; t m ) is the predicate function whic h returns 1 if the term t m makes a lexical chain at segment d i , otherwise returns 0. Hereafter, w e call the metho d the lexic al chain metho d , or L-metho d for short. 4 Com bination of t w o metho ds Since the tw o metho d in the last section are based on the di�eren t relations of terms, the combination is exp ected to contribute to the im- prov emen t of IR e�ectiv eness. In this section, w e prop ose the tw o wa ys to combine them. 4.1 Macro-combination metho d The �rst metho d is called the macr o-c ombination metho d or MaC- metho d for short. It combines tw o scores of sim- ilarity , sim C ( d A ; d B ) and sim L ( d A ; d B ), which are calculated indep enden tly by the C and L- metho d resp ectiv ely . That is, the similarity sim M aC ( d A ; d B ) of t w o segment d A and d b is de�ned b y the follo wing form ula: sim M aC ( d A ; d B ) = sim C ( d A ; d B ) + sim L ( d A ; d B ) : (7) 4.2 Micro-com bination metho d The second metho d is called the micr o- c ombination metho d or MiC-metho d for short. It combines t w o metho ds at the adjustments of the tf v alues. That is, the tf v alue of term t k in segment d i is de�ned by the following formula. tf 0 ( d i ; t k ) = tf ( d i ; t k ) + r coc ( d i ; t k ) + r lex ( d i ; t k ) (8) where r coc ( d i ; t k ) and r lex ( d i ; t k ) are the adjust- ment terms of the tf in (1) and (6) resp ectiv ely . 5 Exp erimental Results 5.1 Ev aluation of our metho ds In this section , w e will ev aluate our meth- o ds, or, the C-metho d, the L-metho d, the MaC- metho d and the MiC-metho d in terms of e�ec- tiveness in segment retriev al. In IR systems, the e�ectiveness is usually measured with the recall-precision curve. In the retriev al of seg- ments relev an t to a segmen t, the num ber of rel- ev an t segmen ts v aries considerably segment b y segment 1 . Therefore, our ev aluation is based on not the similarit y ranking of segments relev an t to a certain segment, but on the similarity rank- ing of all segment pairs. If the relev an t segment pairs mo v e to the higher ranks by introducing a certain metho d, we may consider the (av erage) p erformance of the new metho d to b e more ef- fective than the old one. In order to v alidate the adv an tage of our metho d precisely , w e use not only the av er- age precision in the recall-precision curve but also the Wilco xon matched-pairs signed-ranks test(MPSR test), whic h is a kind of non- parametric statistical test (Hull, 1993). 5.2 Sample Do cumen ts As for the baseline metho d describ ed in Section 2, we ha v e already examined the p erformance with large do cuments(Mori et al., 1998). Since the do cuments are to o large to c hec k all truly relev an t pairs of segments, w e examined a sub- set of segment pairs as an approximation. 1 As for our example do cuments, it v aries from zero to six.

In this pap er, how ev er, we use the do cuments of medium size instead of the large do cumen ts, b ecause we can man ually chec k the relev ance of all pairs of segments and it is exp ected that w e can examine the details of our metho ds. As such medium size do cumen ts, we select three techni- cal do cumen ts, more precisely , three instruction manuals of VCRs. Although such com bination of do cumen ts is sligh tly di�eren t from the real situation we aimed at, it should b e enough to chec k the p erformance of systems which do not deeply analyze the do cuments but treat the do c- uments as a series of terms. In order to inv estigate dep endence of p erfor- mance on the degree of ov erlaps of vocabulary , we use tw o do cumen ts, M 1 and M 2 , which are relatively resemble eac h other in terms of con- tent, and one do cument, M 3 , which is muc h more di�erent from M 1 and M 2 . The relev ancy among segments are carefully judged b y tw o graduate school students. 5.3 Results T able 1 sho ws the comparison of B, C, L, MaC, and MiC-metho d, where the numerical v alues represent the av erage v alues of precision, and the relations in parentheses are the result of MPSR test. As an example, the recall-precision curves for the combination M 2 , M 3 are shown in Figure 5, 6 and 7. Figure 5: Recall-precision curve (B,C and L- metho d) of M 2 , M 3 The results are summarized as follows: � All of our metho ds outp erform the baseline tf � id f metho d (B-metho d). � In the case that the do cuments are close to eac h other (e.g. the combination M 1 , Figure 6: Recall-precision curve (C,L and MaC) of M 2 , M 3 Figure 7: Recall-precision curv e (C,L and MiC) of M 2 , M 3 M 2 ), even the baseline metho d, it ac hiev es high p erformance. � The MaC-metho d is not so e�ective. It is outp erformed by the L-metho d. � The most e�ective metho ds are the MiC- metho d and the L-metho d. Although the av erage p erformance of the MiC-metho d is almost same as L-metho d, the recall- precision curv es sho w that the MiC-metho d outp erforms the L-metho d in the low-recall area. Those results sho w that the MiC-metho d suc- cessfully combines the tw o elementary meth- o ds complementarily and achiev es the go o d ef- fectiveness. On the other hand, in the MaC- metho d the com bined result is the av erage of tw o metho ds and could b e worse than the L- metho d b ecause the L-metho d outp erforms the

T able 1: Comparison of our metho ds Metho d B C L MaC MiC M 1 , M 2 0.680 0.671 (C > B) 0.709 (L > B) 0.698 (MaC < L) 0.707 (MiC ’ L) M 1 , M 3 0.497 0.535 (C > B) 0.599 (L > B) 0.585 (MaC < L) 0.598 (MiC ’ L) M 2 , M 3 0.407 0.478 (C > B) 0.550 (L > B) 0.533 (MaC < L) 0.575 (MiC ’ L) C-metho d at almost all p oints in the recall- precision curve. 6 Related W orks F rom the viewp oint of fact that the retrieved ob jects are not do cuments themselves but the parts of do cuments, our system shares funda- mentals with p assage r etrieval . A passage is a small part of do cument and corresp onds to a segment in our system. Passage retriev al is �rstly prop osed b y Salton et al.(Salton et al., 1993). Mo c hizuki et al.(Mo chizuki et al., 1998) utilize the lexical chains in passage retriev al in order to determine the e�ective passages dy- namically according to queries. Although they examine sev eral types of lexical chains, they do not use the co-o ccurrence information to calcu- late the similarity , whic h is combined with the lexical chains in our metho d successfully . Green(Green, 1996) prop oses the metho d to generate hyper-links among newspap er articles by detecting lexical chains. He in tro duces the W ordNet to detect semantic lexical chains. His metho d calculates the similarity of articles only with the information of lexical c hains. He re- p orts that the metho d do es not outp erform the tf � id f metho d. On the other hand, our metho d outp erforms the tf � id f metho d by blending the lexical chains and term co-o ccurrence informa- tion with the basic tf � id f metho d. 7 Conclusion In this pap er, we prop osed several similarit y calculation metho ds which are intended to use in reading aid of related do cuments. W e in- tro duced tw o types of term relations, namely the term co-o ccurrence and the lexical chains, into the basic system which adopts the tf � id f metho d and the vector-space mo del. Our ex- p erimental result shows that the micro combi- nation metho d we prop osed here has go o d p er- formance. How ev er, the com bination of do cuments used in our exp eriment is sligh tly di�erent from the real situation. W e hav e to prepare other types of do cuments and p erform further exp erimen ts in our future works. References Stephen J. Green. 1996. Using lexical c hains to build hypertext links in newspap er articles. In AAAI 96 Workshop on Internet-b ase d Information Systems . David Hull. 1993. Using statistical testing in the ev alu- ation of retriev al. In Pr o c e e dings of SIGIR ’93: 16th Annual International ACM SIGIR Confer enc e on R e- se ar ch and Development in Information R etrieval , pages 329{338. Y uji Matsumoto, Osamu Imaichi, T atsuo Y amashita, Akira Kitauchi, and T omoaki Imamura, 1996. Jap anese Morpholo gic al Analysis System ChaSen Manual (version 1.0b4) . Nara Institute of Science and T ec hnology , Nov em ber. (in Japanese). Ha jime Mo chizuki, Makoto Iwa y ama, and Manabu Oku- mura. 1998. Passage-lev el do cument retriev al using lexical chains. IPSJ SIG-NL Notes NL-127-6, IPS Japan, September. (in Japanese). T atsunori Mori, Hiroshi Nak aga w a, Nobuyuki Omori, and Jun Ok am ura. 1998. Hyp ertext authoring for linking relev an t segments of related instruction man- uals. In Pr o c e e dings of the 36th Annual Me eting of the Asso ciation for Computational Linguistics and the 17th International Confer enc e on Computational Lin- guistics (COLING-ACL 98) , pages 929{933, August. Gerard Salton and Christopher Buckley . 1988. T erm- weigh ting approaches in automatic text retriev al. In- formation Pr o c essing and Management , 24:513{523. Gerard Salton, A. W ong, and C.S. Y ang. 1975. A vector space mo del for automatic indexing. Communic atons of the ACM , 18:613{620. Gerard Salton, J. Allan, and Christopher Buckley . 1993. Approaches to passage retriev al in full text informa- tion systems. In Pr o c e e dings of SIGIR ’93: 16th An- nual International ACM SIGIR Confer enc e on R e- se ar ch and Development in Information R etrieval , pages 49{58. T oru T ak aki and Tsuyoshi Kitani. 1996. Relev ance rank- ing of do cuments using query word co-o ccurrences. IPSJ SIG-FI Notes 96-FI-41-8, IPS Japan, April. (in Japanese).