Dev elopmen t of Meaning Structure by Usage-based W ord Relationships T ak ashi Hashimoto � Lab. for Information Synthesis Brain Science Institute, RIKEN Hirosaw a 2-1, W ak o, Saitama, 351-01, JAP AN Abstract Dev elopmen t of meaning structure is studied from a usage-based viewp oin t b y a constructive approach. The meaning structure is represen ted by relationships betw een words. A word’s relationship to other words, whic h represents meanings of the word, is derived by analyzing similarity of the w ord’s usage in sen tences. W ords make clusters according to their similarity . The w ord clusters are classi�ed into several types and show some remark able dynamics. The clusters and their dy- namics are studied by means of hierarchical cluster analysis and principal co ordinate analysis. Keyw ords: Usage-based viewp oint; Constructive approac h; Evolutionary linguistics; W ord similarity; W ord clusters 1 in tro duction W e prop ose usage-b ase d viewp oint as that meanings of words should b e discussed in terms of how language is used [1]. Since interrelationships among words are emplo y ed as a representation of meanings of words, the point of view means that a w ord’s relation to other w ords should b e derived by analyzing the word’s usage in the language. Constructive appr o aches are highly adv an tageous for understanding dynamically complex systems [2]. These approac hes are also useful for studying evolutionary lin- guistics whic h is a new candidate for p otentially clari- fying the origins and ev olution of language [3]. It is im- portant to note that language are typically expressed as suc h dynamically complex systems as emergence, self- organization, collectiv e b ehavior, clustering, diversi�- cation, hierarch y formation, and so on. It is also im- portant to p oin t out that language systems m ust hav e both adaptability and stability . If a language is to o � E-mail address: tak ashi@brain.rik en.go.jp rigid, its users will not b e able to formulate new ex- pressions to describ e diverse exp eriences, and if it is to o unstable, no communication will b e p ossible at all. Such dynamical stability and adaptability is often seen also in complex systems. W e hav e prop osed some mo dels for evolutionary lin- guistics by constructive approach [4, 5, 6]. In [6], we hav e tried to catc h dynamical asp ects of meaning struc- turization and discuss its relev ance with linguistic cat- egorization. In this pap er, the mo del and results of [6] are summarized and hierarchical cluster analysis and principal co ordinate analysis for the results are re- p orted. 2 W ord Similarity In our mo del, an agents has generative grammar sys- tem and word similarit y matrix. The agents try to recognize given sentences by means of their own gram- mar and articulate words from successfully recognized sentences. W ord similarity matrix is up dated by eac h recognition of a sentence. The grammar of agents is small at the b eginning of simulation and mo di�ed ac- cording to its usage in the recognition pro cesses. F or the detail of the mo del, refer to [6]. W ord similarity matrix is the representation of re- lationships among words which is calculated b y Karov and Edelman’s algorithm of words similarity formulae [7] with some revisions. A k ey concept in this de�- nition is the mutual dep endency b etw een words and sentences. That is, similar words are used in similar sentences and similar sentences are comp osed of simi- lar words. The similarities b et w een words and b etw een sen- tences are resp ectively de�ned b y the following formu- lae: sim n +1 ( w i ; w j ) =

8 < : X s 3 w i w eig ht ( s; w i ) af f n ( s; w j ) if i 6 = j ; 1 : 0 if i = j ; (1) sim n +1 ( s i ; s j ) = 8 < : X w 2 s i w eig ht ( w ; s i ) af f n ( w ; s j ) if i 6 = j ; 1 : 0 if i = j ; (2) af f n ( s; w ) = X s 0 3 w w eig ht ( s 0 ; w ) sim n ( s; s 0 ) ; (3) af f n ( w ; s ) = X w 0 2 s w eig ht ( w 0 ; s ) sim n ( w ; w 0 ) ; (4) w eig ht ( s; w ) = f actor ( s; w ) X s 0 3 w f actor ( s 0 ; w ) ; (5) f actor ( s; w ) = p ( s ) #( s; w ) ; (6) w eig ht ( w ; s ) = f actor ( w ; s ) X w 0 2 s f actor ( w 0 ; s ) ; (7) and f actor ( w ; s ) = 1 p ( w ) l g ( s ) : (8) In the ab ov e formulae, a su�x n indicates the times of iterations, w 2 s means words included in a sentence s , and s 3 w means sentences including a word w . The functions w eig ht ( s; w ) and w eig ht ( w ; s ) are normaliz- ing factors that de�ne contribution from the app ear- ance frequency and length of each word and sen tence to a�nit y and similarity . In Eqs. (6) and (8), p ( w ) and p ( s ) are the app earance frequencies of a word w and a sentence s , resp ectively; l g ( s ) is the length of a sen tence s , whic h is de�ned by the num ber of words included in the sen tence; and #( s; w ) is the num ber of appearances of a sentence s including a word w . A t the initial iteration step ( n = 0), similarity with w ord itself ( sim 0 ( w i ; w i )) is 1.0, the others are 0.0. W ord-sen tence a�nity (Eq. (4)) at n = 0 is calculated from this initial word similarity matrix. Then, these four formulae are iterativ ely calculated as Eqs. (2) ! (3) ! (1) ! (4) at eac h successful recognition of a sen tence by the agents. 3 W ord Cluster W ords are clustered in word similarity space accord- ing to having or not having similarity with each other. By using principal co ordinate analysis, which is one metho d of the multi-dimensional scaling [8], the clus- ters of words are clearly seen in t w o dimensional space. Fig.1 is an example of scatter diagram constructed from the result of the analysis. The �rst tw o axes are used as x and y axes resp ectiv ely to draw the scatter diagram. W e can see three clusters of words in this �gure. A t top-right and top-left in the diagram there are sev eral words relatively closer relationships, namely similar us- age in sentences. W ords in the third cluster at b ottom- center are solitary words. By this analysis any solitary words are group ed into one cluster (completely same p osition), since they share the same relation, that is, they hav e no relationships with any other w ords. Figure 1: An example of principal co ordinate analysis of word similarity matrix sim ( w i ; w j ). V arious shap es of cluster structure app ear, which de- p ends on the initial grammar of the agents. W e hav e classi�ed the structures in the space of similarity into six types according to their shap es as follo ws[6]: (a) solitary wor d { a word has no relation to other words; (b) at cluster { words in a cluster hav e almost iden- tical similarities with each other; (c) gr adual cluster { similarity b etw een words in a cluster dep ends on w ords and gradually changes; (d) two-p e ak cluster { words are in a cluster but there are tw o p eaks of similarity; (e) sub-clustering { a cluster has a stepwise structure. (f ) W ords form plural and unrelated clusters. W e use hierarc hical cluster analysis [8] to study the nature of the clusters. The results are shown in Fig.2. Sectioning a dendrogram parallel to the vertical axis at any similarity level yields a partition of w ords into clusters. Hereafter, sectioning level is denoted by d sim . F or example, sectioning the dendrogram in Fig.2(d) at d sim = 0 : 65 yields the clusters (1-5), 6, 7, 8, (9,10). If w e decrease the sectioning level, some clusters are com bined into one cluster, and vice versa. F or instance, b y sectioning the dendrogram in the ab o v e example at d sim = 0 : 58 clusters 8 and (9,10) are combined into one cluster, and sectioning at d sim = 0 : 75 tell w ord 5 as the di�eren t group apart from the cluster (1-4). The �ndings from this analysis are summarized as follo ws: (a) solitary word. Since each word has no sim- ilarit y with each others, all w ords are aligned at the line where similarity equals to zero; (b) at cluster. All words hav e almost identical similarity with the all other words in the cluster. So, they are aligned at the line where similarity equals to 1.0; (c) gradual cluster. W ords are connected to a cluster one after another. In the case of this type, there is no appropriate sec- tioning p oint b ecause of the successive connection and the gradual change of similarity; (d) t w o-peak cluster. Sectioning the dendrogram b etw een 0 : 05 � d sim < 0 : 5 yields t w o clusters. W ords in each cluster are ex- cluded successively with increasing the sectioning p oint from d sim = 0 : 5. F rom this analysis, we should say that the tw o-peak cluster is com bined version of t w o gradual clusters. The tw o gradual clusters are seen as one cluster when the sectioning p oint comes b elow d sim = 0 : 05; (e) sub-clustering. The dendrogram shows t w o parts, dense (0 : 8 < sim ) and gradual changing part ( sim � 0 : 76). The dense part makes almost at cluster structure and the other part makes the other group. (f ) t w o clusters. W e can �gure out tw o indep enden t clus- ters by sectioning any level b etw een 0 : 0 < d sim < 1 : 0; 4 Dev elopmen t of Clusters A general scenario of the developmen t of structure in the similarity space is the following[6]. A t �rst an agent can recognize only a one-word sentence. It dev elops the ability to recognize sev eral sentences, but these all are one-word sen tences, and therefore there are several solitary words in the similarity space. Then it b ecomes able to articulate plural words from sentences, which forms relations b etw een words. Even tually words form gradual clusters. In the course of developmen t, some remark able dynamics of clusters such as b oundary ex- pansion, clusters merging, and structural change from gradual to at cluster are observed. Parallel to this dev elopmen t, syn tactic structure also develops from se- quen tial to branc h and to lo op structures. In Fig.3, we represent the pro cess of cluster merging b y means of principal co ordinate analysis [8]. At n = 10 there are three clusters in the scatter diagram. W ords (a) solitary w ord (b) at cluster (c) gradual cluster (d) tw o-peak cluster (e) sub-clustering (f ) tw o clusters Figure 2: Examples of structures of w ord similarity matrices analyzed b y hierarchical cluster analysis. The horizontal axis sho ws similarity b etw een words. Each leaf of branch means each word. Numbers put b eside the leav es are indices for words. W e hav e six distinct types of structures. (a) Solitary word. (b) Flat cluster. (c) Gradual cluster. (d) Two-peak cluster. (e) Sub- clustering. (f ) Two clusters.

Figure 3: Dynamics of w ord clusters on merging. These are scatter diagrams from principal co ordinate analysis of word-similarit y matrix sim n ( w i ; w j ). n is the num- ber of iterations. Since we are interested only in the relativ e distances among words, v alue of x and y axis is omitted. in the cluster at b ottom-center are solitary w ords. Two clusters at top-left and top-right are gradual cluster. But from this diagram gradualness of the clusters is not clearly seen. W ords in a gradual cluster typically form like a line. At n = 11, the tw o clusters strengthen the gradualness so w ords in the clusters b ecome to b e lined up. A t n = 15, one of the solitary word, 110, is related with the top-righ t cluster, then the b oundary of the cluster expands. A t this time, the tw o clusters at top of the diagram hav e small relationships, but from this analysis such feature can not b e detected. In the next �gure, n = 17, these tw o clusters b ecome one tw o- peak cluster. W e �nd that word 110 play like a cramp betw een tw o cores. 5 Summary W e ha v e prop osed an ev aluation of meaning repre- sen tation b y relationship among words based on the similarit y of language usages from the viewp oint of usage-based meaning. W e studied structurization of word cluster in word similarity space b y means of an arti�cial agent with a grammar system. These clusters, classi�ed into six types, are analyzed by hierarchical metho d of cluster analysis. Each t yp e sho ws charac- teristic feature also by this analysis. One of the re- mark able dynamics of the structures, cluster merging, is studied b y principal co ordinate analysis. Dev elop- ment of t w o clusters from small to gradual ones and mergence to one tw o-p eak cluster can b e clearly seen. Ackno wledgmen ts I am grateful to Mr. Iba for his help on statistical analysis. This w ork is supp orted by Sp ecial Postdoc- toral Researchers Program at Institute of Physical and Chemical Research (RIKEN). References [1] Wittgenstein, L., Philosophische Untersuchungen , Basil Blackw ell, 1953. [2] Kaneko, K. and Tsuda, I., Constructive complex- it y and arti�cial reality: an introduction, Physic a , D75 , 1{10, 1994. [3] Steels, L., Synthesising the origins of language and meaning using co-evolution, self-organisation and lev el formation, in Evolution of Human L anguage , Hurford, J (ed.), Edinburgh Univ. Press, Edin- burgh, 1997. [4] Hashimoto, T. and Ikegami, T., Evolution of Sym- b olic Grammar Systems, A dvanc es in Arti�cial Life , F. Mor� an et al. (eds.), Springer, Belrin, 812{ 823, 1995. [5] Hashimoto, T. and Ik egami, T., Emergence of net- grammar in communicating agents, BioSystems , 38 ,1{14, 1996. [6] Hashimoto, T., Usage-based Structuralization of Relationships b et w een W ords, F ourth Eur op e an Confer enc e on Arti�cial Life Phil Husbands and Inman Harvey (Eds.), MIT Press, Cam bridge, MA pp. 483{492, 1997. [7] Karov, Y. and Edelman, S., Similarity-based word sense disambiguation, T ec hnical Rep ort of W eiz- mann Institute, CS-TR 96-06, 1996. [8] Gordon, A. D., Classi�c ation , London, Chapman and Hall, 1981.