Link� oping Electronic Articles in Computer and Information Science V ol. 6(2001): nr Link� oping Univ ersit y Electronic Press Link� oping, Sw eden http:/ /www.ep.liu.se/ea/cis/2001// A Bo otstrapping Mo del for Children’s V o cabulary Acquisition using Inductiv e Logic Programming Ikuo Koba y ashi 1 Koic hi F uruk a w a 1 T omonobu Ozaki 2 Mutsumi Imai 3 Graduate Sc ho ol of Media and Go v ernance, Keio Univ ersit y 1 Keio Researc h Institute at SF C 2 F acult y of En vironmen tal Information, Keio Univ ersit y 3 5322 Endo, F ujisa w a, Kanaga w a, 252-8520, Japan f ikuok oba,furuk a w a,tozaki,imai g @sfc.k eio.ac.jp http://bruch.sfc.keio.ac.jp/

Publishe d on , 2001 by Link� oping University Ele ctr onic Pr ess 581 83 Link� oping, Swe den Link� oping Electronic Articles in Computer and Information Science ISSN 1401-9841 Series e ditor: Erik Sandewal l c 2001 Ikuo Kob ayashi, Koichi F urukawa, T omonobu Ozaki and Mutsumi Imai T yp eset by the authors using L A T E X F ormatte d using � etendu style Recommended citation: < A uthors > . < Title > . Link� oping Ele ctr onic A rticles in Computer and Information Scienc e, V ol. 6(2001): nr . http:/ /www.ep.liu.se/ea/cis/2001// . , 2001. This URL wil l also c ontain a link to the authors’ home p ages. The publishers wil l ke ep this article on-line on the Internet (or its p ossible r eplac ement network in the futur e) for a p erio d of 25 ye ars fr om the date of public ation, b arring exc eptional cir cumstanc es as describ e d sep ar ately. The on-line availability of the article implies a p ermanent p ermission for anyone to r e ad the article on-line, to print out single c opies of it, and to use it unchange d for any non-c ommer cial r ese ar ch and e duc ational purp ose, including making c opies for classr o om use. This p ermission c an not b e r evoke d by subse quent tr ansfers of c opyright. A l l other uses of the article ar e c onditional on the c onsent of the c opyright owners. The public ation of the article on the date state d ab ove include d also the pr o duction of a limite d numb er of c opies on p ap er, which wer e ar chive d in Swe dish university libr aries like al l other written works publishe d in Swe den. The publisher has taken te chnic al and administr ative me asur es to assur e that the on-line version of the article wil l b e p ermanently ac c essible using the URL state d ab ove, unchange d, and p ermanently e qual to the ar chive d printe d c opies at le ast until the expir ation of the public ation p erio d. F or additional information ab out the Link� oping University Ele ctr onic Pr ess and its pr o c e dur es for public ation and for assur anc e of do cument inte grity, ple ase r efer to its WWW home p age: http:/ /www.ep.liu.se/ or by c onventional mail to the addr ess state d ab ove.

Abstract This pap er prop oses a b o otstrapping mo del for c hildren’s w ord acquisition based on inductiv e logic programming. There are four fundamen tal features in our approac h. Firstly , w e address the issue of b o otstrapping in c hildren’s w ord acquisition. W e do not dep end on an y kno wledge other than innate abilities in w ord acquisition pro cess. Secondly , w e incorp orate cognitiv e bi- ases dev elop ed recen tly to explain the e�ciency of c hildren’s lan- guage acquisition. Thirdly , w e design a co-ev olution mec hanism of acquiring concept de�nitions for w ords and dev eloping con- cept hierarc h y . Concept hierarc h y pla ys an imp ortan t role of de�ning con texts for later w ord learning pro cesses. A con text switc hing mec hanism is used to select a relev an t set of attributes for learning a w ord dep ending on the category whic h it b elongs to. On the other hand, during acquiring de�nitions for w ords, concept hierarc h y is dev elop ed. F ourthly , w e pursue resem blance to h uman brain in functional lev el. W e dev elop ed an exp erimen tal language acquisition system called WISDOM (W ord Induction System for Deriving Ob ject Mo del) and conducted virtual exp erimen ts or sim ulations on ac- quisition of w ords in t w o di�eren t categories. The exp erimen ts sho ws feasibilit y of our approac h.

1 1 In tro duction This pap er prop oses a computational mo del for c hildren’s language acquisi- tion using inductiv e logic programming (ILP), based on the observ ation of the similarit y b et w een h uman learning and concept learning b y ILP . In language acquisition, there are sev eral di�culties related to its e�- ciency . First, w e need to formalize sensory inputs. There are man y input data to b e p oten tially used in concept learning. Human b eings select only those attributes whic h are relev an t to describ e giv en ob jects. W e assume that h umans utilize some kind of con text switc hing mec hanism to c ho ose an appropriate set of input stim uli for eac h learning task. P erception itself ma y in v olv e learning pro cess to select an appropriate set of attributes (input stim uli) 1 for eac h learning task. Since w e fo cus to dev elop a computational mo del for h umans’ w ord learning, w e a v oid to include p erception parts in our mo del. Instead, w e carefully prepare appropriate input stim uli after p erception pro cess man ually . The second problem is to ac hiev e drastic reduction of searc h space in concept learning. In language acquisition, there is a h uge n um b er of p ossi- bilities for the target of a giv en lab el. It is called Quine’s parado x [11]. In an attempt to solv e this problem, man y cognitiv e psyc hologists ha v e b een w orking to iden tify a set of constrain ts or biases under whic h c hildren con- duct sup ervised learning of concepts description giv en input sensory stim uli together with lab els for target ob jects [6, 4]. These include the Whole Ob- ject Bias, the T axonomic Bias, the Mutual Exclusivit y Bias, the Principle of Con trast, Shap e Bias and so on. W ord learning biases pla y an essen tial role in reducing searc h space in concept description. Without suc h biases, it seems extremely hard for c hildren to learn w ords and concepts from a v ery small set of examples in b o otstrap learning. The situation is similar in mac hine learning: biases are essen tial for learning concepts ev en for a simple prop ositional learner [7]. In case of inductiv e logic programming, there are essen tially t w o kinds of biases: declarativ e (language) bias and pro cedural bias. Cognitiv e biases do not directly corresp ond to declarativ e or pro cedural bias. They corresp ond to v arious parts in the ILP pro cedure. F or example, the Shap e Bias can b e accommo dated in to inductiv e logic programming b y de�ning a new ev aluation function with hea vier w eigh t to shap e-t yp e attributes. On the other hand, the T axonomic Bias can b e re- alized b y in tro ducing di�eren t ev aluation functions for eac h task dep ending on the taxonomic class of the target concept. One notable c haracteristics of our mo del is its co-ev olution b et w een wor d description learning abilit y and c onc ept hier ar chy building abilit y . As w e state later, they are m utually dep enden t; the w ord description learning utilizes concept hierarc h y and con v ersely the concept hierarc h y building utilizes w ord description. Also, the Mutual Exclusivit y Bias as w ell as the Principle of Con trast is applied to build a concept hierarc h y . W e discuss some functional similarities b et w een h uman brain and our computational mo del. W e fo cus t w o p oin ts: a con text switc hing function for selecting a relev an t set of attributes for learning a w ord dep ending on the category whic h it b elongs to, and parameter learning function in ev alu- ation functions. The former corresp onds to a switc hing function in h uman brain for selecting an appropriate motion program for p erforming the target task, or a target setting function for p osing a problem to b e further ana- 1 Since c hildren are unconscious in what kinds of attributes are used in w ord acquisition, the selection of attributes means the automatic selection of relev an t input stim uli in sensory nerv e system.

2 lyzed. These functions are kno wn to b e realized in paleo cortex, esp ecially at am ygdaloid complex. The latter corresp onds to neural net w ork learning in the brain, either in cerebrum or in cereb ellum. W e built a preliminary b o otstrapping mo del of c hildren’s noun acquisi- tion called WISDOM and conducted virtual exp erimen ts b y giving a set of attribute-v alue pairs as input stim uli together with a lab el p er eac h session to p erform sup ervised learning. In section 2, constrain ts theory in cognitiv e science for acquiring noun is in tro duced. In section 3, a b o otstrapping mo del for c hildren’s noun ac- quisition based on ILP is presen ted. In section 4, the results of virtual exp erimen ts are describ ed. In section 5, related w ork is brie y men tioned. Finally , in section 6, conclusion and future researc h direction are giv en. 2 Constrain ts Theory in Cognitiv e Science Iden tifying a mec hanism of h uman language acquisition has b een addressed as an extremely di�cult problem. Induction is deeply tied with learning, so w e w ould lik e to build some noun learning mo del utilizing induction. Ho w ev er, when w e try this, w e found di�cult y in in tensional description of concepts. In tension of a cat is an answ er for the question ‘What is a cat?’. A cat has furred skin, has four legs, is go o d at clim bing trees, can reac h its hind feet to bac k of its ears, etc. Then, what is the su�cien t set of descriptors? Ho w can c hildren �nd suc h a set? Markman [6] suggested Constrain t Theory on v o cabulary acquisition b y h uman c hildren. This theory constrains c hildren’s exp ectations lik e (1) kinds of things to b e referred b y lab els; and (2) priorit y of naming among suc h kinds or among things in a kind. W e use nouns for di�eren t t yp es of in tensions. W e use ‘a cat’ or ‘a car’ to indicate a concrete or an imaginary ob ject from a certain category whic h w e think w e kno w what it is. The w ords ‘y ou’ and ‘them’ c hanges their target ob ject/s dep ending situations. ‘Mr. Smith’ and ‘John’ indicates a �xed target in a sp eak er’s comm unit y . ‘W ater’ and ‘rice’ do not ha v e �xed shap e. Here are example w ords from v aried t yp es of noun: ‘a �nger’, ‘the ground’, ‘a forest’, ‘mac hinery’. Although w e h uman b eings ha v e suc h a large n um b er of t yp es of nouns, w e learn nouns only from p ositiv e examples. The univ erse of names is com- plex as w e sa w ab o v e, but this observ ation is static and comes from matured language. The Constrain t Theory is a h yp othesis on a b o otstrapping acqui- sition of v o cabulary and can b e regarded as de�ning priorit y on category t yp es, in general. In the follo wing paragraphs, w e explain biases under this theory , and men tion some notable p oin ts relating eac h of them. The Whole Ob ject Bias [6] is a bias Markman herself prop osed under the Constrain t Theory . This bias states that a c hild assumes a no v el lab el to refer the whole of a giv en related ob ject. This means that an unnamed ob ject requires a lab el for its whole ob ject primarily . W e can use suc h a bias as a constrain t for setting the whole ob ject as the one to b e referred to b y lab els. Other biases w e try to assem ble in our learning mo del include: the T axonomic Bias, the Shap e Bias, the Principle of Con trast, and the Mutual Exclusivit y Bias. The T axonomic Bias [6]: This bias states that a c hild tends to map a

3 lab el to a taxonomic category whic h includes a referred ob ject. This means that c hildren kno w that the relation b et w een lab els and the referred ob jects is not bijectiv e. In fact, c hildren do generalize a kno wn lab el to map to ob jects that are not iden tical to the one whic h they sa w when they w ere learning the lab el. It is imp ortan t to consider another asp ect of the T axonomic Bias. Ac- cording to [1], c hildren recognize animals as analogical b eings of h uman b eings or c hildren themselv es. Some c hildren sa y that plan ts are not living b ecause they do not mo v e. Suc h misunderstanding sho ws their kno wledge that some ob jects are alik e to h uman b eings while the others are not. This kno wldege is referred to as an abilit y of classifying ob ject taxonomies. The Shap e Bias [4]: This bias states that c hildren think ob jects are similar when their shap es are similar. Children tend to generalize a lab el of an ob ject to a concept ha ving similar shap e. The Principle of Con trast: This bias states that c hildren tend to think that di�eren t lab els can refer to the same ob ject, y et their sets of referring ob jects cannot b e iden tical. The Mutual Exclusivit y Bias [6]: This bias states that c hildren tend to think di�eren t lab els do not refer to the same ob ject. Biases explained ab o v e has b een testi�ed through n umerous exp erimen ts conducted b y researc hers of cognitiv e science. It is desirable for us to let our mo del learner learn the same set with suc h exp erimen ts. Ho w ev er, in curren t phase, the learner do es not ha v e comp etence to accept input whic h c hildren recognize. Human c hildren seem to dev elop their p erception abilit y da ys after da ys. Suc h dev elopmen t is concerned with training of p erception, whic h ma y includes feedbac ks from concept learning. W e ha v e not studied to iden tify ho w suc h p erception abilit y w ould b e dev elop ed y et. It is our future w ork. The w a y w e can tak e is to testify the b eha viour of the mo del learner us- ing testi�ed biases. W e c hec k whether learning is pro ceeded when applying these biases. 3 A Computational Mo del for Children’s Lan- guage Acquisition in ILP In this section, w e prop ose the con�guration of WISDOM (W ord Induc- tion System for Deriving Ob ject Mo del), our computational b o otstrapping mo del for the c hildrens’ w ord (noun) acquisition in �gure 1. W e use the name ’WISDOM’ to refer to our computational mo del as w ell as to its implemen tation. The detailed descriptions of their mo dules are describ ed b elo w. Note that Lab el Input Mo dule and Sensory Input Mo dule are not implemen ted in WISDOM. They are virtual mo dules, and inputs to b e gen- erate b y them are giv en man ually . As w e men tioned at the end of the previous section, suc h mo dules pla ying roles of p erception should include feedbac k pro cessing from noun learner mo dules in their mec hanism. 3.1 Learning A ttribute Relev ancy (Sensory Input Mo d- ule, A ttributes Selection Mo dule) As men tioned in section 1, there are man y input data to b e p oten tially used in concept learning. Human b eings select only those attributes whic h are relev an t to describ e giv en ob jects. In order to mo del this feature, w e designed a mec hanism for selecting an appropriate ev aluation function from

4 Hierarc h y Constructor Similarit y Calculation Mo dule W ord Learner Lab el Input Mo dule Concepts & Similarit y Concepts Lab el ? ? ? - P o s & N e g Sensory Input Mo dule General A ttribute& Categorical Classi�er Categorical Classi�er A ttributes Selection Mo dule � Ev aluation F unction (W eigh t) Concepts W eigh t Learner � � � � � � � � � � ) A A A A U 6 W eigh t � Domain X X X X X X X X X X X X z � Curr ent Implementation Figure 1: Con�guration of our w ord acquisition mo del WISDOM a set of functions prepared for eac h category . It is a kind of switc h b o x con trolled b y categorical information of the ob ject to b e learned. Eac h ev aluation function in turn is a linear com bination of relev an t attributes to the corresp onding category . In order to mo del the learning capabilit y of relev an t attributes selection whic h h uman p erception mec hanism realizes, w e need to incorp orate W eigh t learning in ev aluation functions (W eigh t Learner). In our �rst exp erimen t, w e prede�ned those w eigh ts man ually . The automatic w eigh t adjustmen t is one of our future researc h targets. Note that this mec hanism should a v oid the di�cult y of bridging ob jects p erception and w ords acquisition. Another imp ortan t asp ect of input data is its fuzziness. In our approac h, w e assume that input stim uli are discretized and no fuzziness is admitted. This w ould cause problems in matc hing input data to rules. Ho w ev er, our approac h admits errors in matc hing b y revising wrong category descrip- tion learning based on further learning pro cesses on additional examples. In future, there is a p ossibilit y to incorp orate uncertain input stim uli b y form ulating them in terms of probabilistic logic. 3.2 Inductiv e Learning of Concept De�nition (W ord Learner) ILP [8, 2] is a framew ork for learning relational concepts when a set of p os- itiv e and negativ e examples are giv en together with bac kground kno wledge in the form of horn clauses. More precisely , ILP searc hes the concept lattice formed b y the com binations of bac kground kno wledge, and �nds the b est h yp othesis whic h explains most of the p ositiv e and least of the negativ e examples together with bac kground kno wledge. On one hand, the standard ILP systems require at least sev eral p ositiv e and negativ e examples b efore learning, and those adopt compression gain, or the MDL principle as the ev aluation function. On the other hand, the system in our ILP mo del for the c hildren’s v o cabulary acquisition con tin uously rep eats generation and revision of the concept description during the life time. It can w ork ev en if only one or few examples are pro vided b ecause a new ev aluation function re ecting the cognitiv e bias is implemen ted. W e brie y explain ho w actual w ord learning corresp onds to ILP in our mo del. W e assume that c hildren can correctly iden tify the ob ject with whic h a lab el i.e. lab el is asso ciated. Note that the lab el is giv en separately b y ,

5 sa y , their mother as oral signal (Lab el Input Mo dule). The prop erties of the ob ject are divided in to t w o kinds, whic h w e call Cate goric al Classi�er and Gener al A ttribute . Categorical Classi�ers corresp ond to c hildren’s in- nate on tology , th us they indicate on tological categories suc h as ‘animate’, ’coun table’, etc. General A ttributes suc h as ‘ha ving-four-legs’ or ’furred’ include all ob ject prop erties other than those represen ted as Categorical Classi�ers. The General A ttributes are further divided in to some subt yp es suc h as shap es, colors, textures, etc. Based on these assumptions, w e feed b oth observ ations (sensory inputs) on an ob ject and a lab el on it to the system in the form of logical form ula whic h ILP can directly handle. Since eac h lab el presen ts the category to whic h the ob ject b elongs, the concept to b e learned is indicated b y the lab el. The ob jects are giv en as examples and their prop erties are giv en as bac kground kno wledge. When the system tak es an ob ject and its lab el as a pair (w e call them curren t ob ject and curren t lab el resp ectiv ely), the system learns or revises the concept indicated b y the curren t lab el b y generalizing the curren t ob ject if necessary . A t this time, the curren t ob ject and all ob jects named b y the curren t lab el (whic h are giv en in the previous learning pro cesses) are used as p ositiv e examples. The negativ e examples are selected from the rest of the examples based on w ord learning biases. The concept hierarc h y is utilized for pro viding further p ositiv e and neg- ativ e examples. F or example, p ositiv e example ob jects for a sub ordinate category of the curren t lab el are regarded as p ositiv e examples for the cur- ren t lab el. In con trast, negativ e examples for a sup erordinate category are regarded as also negativ e for the curren t lab el. In our mo del the concepts are learned in t w o steps. First, the mo del determines a Sup er c ate gory , whic h is a domain for the lab el using the Cate- gorical Classi�er/s of the curren t ob ject. Then, relev an t General A ttributes for the Sup ercategory are selected for the generalization of a giv en example. The ob vious b ene�t of adopting the ab o v e t w o-steps pro cedure is that one can reduce relev an t bac kground kno wledge in computing generalization. F urthermore, it reduces the h yp othesis space b y restricting negativ e examples to only meaningful ones. Let us consider the case in whic h w e learn a concept ‘cat’. Assume that the giv en ob ject named cat has ‘animate’ as its Categorical Classi�er and ‘ha ving-four-legs’ as its General A ttribute. Assume also that an ob ject ha ving a lab el ‘desk’ has already b een giv en in the previous inference pro cess and it had ‘ha ving-four-legs’ and ‘inanimate’ as its General A ttribute and Categorical Classi�er resp ectiv ely . In this case, although the ob ject named ‘desk’ is ob viously negativ e example for the concept ‘cat’ b ecause the lab el is di�eren t, the mo del excludes this ob ject from the negativ e examples for learning b ecause the Categorical Classi�ers ‘animate’ and ‘inanimate’ are m utually exclusiv e. If this dynamic selection of negativ e examples could not b e done, the concept ‘cat’ could not ha v e b een inferred b ecause the prop ert y ‘ha ving-four-legs’, whic h ma y b e crucial for this concept, could not b e included in the de�nition of ‘cat’. F urthermore w e can reduce the h yp othesis space b y excluding the candidates ha ving Categorical Classi�ers used in selecting negativ e examples. 3.3 Role of bias in ILP and Realization of Constrain t Theory Cognitiv e biases do not corresp ond directly to declarativ e or to pro cedural biases in ILP . W e describ e ho w the cognitiv e biases are implemen ted. Let us consider a part of the ‘reference problem’ of the w ord acquisition.

6 When a lab el is asso ciated with an ob ject, what asp ect of the ob ject should the lab el b e mapp ed on to? This is an essen tial problem for our mo del b ecause it determines kinds of concept our mo del can learn. In our curren t design, the mo del assumes that ev ery lab el refers to the en tiret y of an ob ject according to Whole Ob ject Bias (see section 2). Therefore the mo del can learn only lab els of ob jects as a whole, while it cannot learn other kinds of concept suc h as a prop ert y or a part of ob ject, an action, an ev en t, and so on. F or example, the w ord ‘dog’ and ‘desk’ can b e learned, but the w ord ‘ear’ (the part of ob ject) and ‘running’ (the action) cannot b e learned. The �rst feature of the T axonomic Bias, the tendency to generalize the lab el to other lik e ob jects is automatically implemen ted in our mo del b ecause ILP b y its nature is used for generalization. That is, the mo del automatically assumes that a lab el refers to a category . The second feature, that is, the abilit y of restricting learning domains, is realized b y Domain Selection Mo dule. When t w o lab els are judged to b e not similar b y the Shap e Bias, the mo del ob eys the Mutual Exclusivit y Bias and the lab els are not allo w ed to share the same ob ject. On the other hand, when t w o lab els are judged to b e similar b y the Shap e Bias, the mo del ob eys the Principle of Con trast and the lab els are allo w ed to b e hierarc hically related. In our mo del, the ev aluation criterion is in tro duced so that it re ects the Shap e Bias. This allo ws the mo del to select an appropriate h yp othesis ev en if only few p ositiv e examples are giv en. Lik e an ILP system Progol, this ev aluation criterion is basically based on the description length of the con- cept, but some w eigh ts are added to eac h atom consisting of the concept. In our curren t implemen tation, the w eigh t of a General A ttribute ab out shap e is set 1.5 times hea vier than that of an other t yp e General A ttributes, and the w eigh t of a Categorical Classi�er t wice hea vier than that of a General A ttribute. When w e learn the concept b elonging to a Sup ercategory or a domain C C j in the c hildren’s innate on tology , the general expression of our ev alua- tion function is de�ned as: C C C j = � P E + N E � w C C � j C C j j � � i ( w C C j ;i GA � GA i ) where P E and N E are the n um b er of p ositiv e and negativ e examples ex- plained b y the candidate h yp othesis resp ectiv ely; j C C j j and w C C are the n um b er of the Categorical Classi�ers app earing in the candidate h yp othesis and the uniform w eigh t of Categorical Classi�ers, resp ectiv ely . GA i and w C C j ;i GA are the n um b er of the General A ttributes whose subt yp e is i in the candidate h yp othesis and the w eigh t of a General A ttribute of that subt yp e, resp ectiv ely . In this ev aluation function, the Shap e Bias can b e realized b y placing a hea vier w eigh t on the attribute ab out shap e as men tioned earlier. W e can also realize some kind of con text switc hing mec hanism, i.e. the T axonomic Bias b y in tro ducing di�eren t sets of ev aluation functions and w eigh ts for eac h task dep ending on the Sup ercategory of the target concept. By the w a y , the Shap e Bias is not alw a ys applied. With the increase of conceptual kno wledge, c hildren gradually come to realize that shap e similarit y is not the most essen tial factor for determining the mem b ership of an ob ject category . W e b eliev e that this bias shift can b e sim ulated b y w eigh t learning in the ev aluation function.

7 3.4 Building Concept Hierarc h y (Hierarc h y Construc- tor) As men tioned in section 2, w e h uman b eings ha v e kno wledge called taxon- om y on concepts univ erse. Materials (lik e w ater or rice) are di�eren t from ob jects (lik e a car or a cat) in the asp ects to b e referred b y lab els. In v o- cabulary acquisition, it is not an imp ortan t issue to distinct b et w een suc h Sup ercategories, b ecause suc h distinction is giv en b y p erception mo dules. On the other hand, another issue is more imp ortan t, whic h includes the problem of di�eren tiation b et w een ’w ater and rice’, or ’cars and cats’. The shap e of the whole ob ject mak es no sense when w e separate rice from w ater, while the probabilit y that an arbitrary car and an arbitrary cat ha v e the same shap e is v ery lo w. So, �rst of all, c hildren need to distinguish materials from ob jects b efore they learn v o cabulary . W e refer groups lik e materials or ob jects as taxon- om y class or Sup er c ate gory . Sup ercategories whic h dominate large part of v o cabulary univ erse, suc h as the ones giv en ab o v e, ma y b e kno wn to c hil- dren prior to language learning. Exp erimen ts in v olving infan ts pro vided some evidence for this [3]. On the other hand, at the lo w er lev el of taxonom y , that is, at rather more concrete parts of v o cabulary univ erse, w e cannot giv e a priori categories. F or example, arti�cial to ols used in our daily life are classi�ed in v arious categories. A o w er p ot is similar to a b o wl for dietary use in shap e, though the former has hole/s to let w ater o w out. The former app ears in scenes of gardening, while the latter do es in meals. W e m ust ha v e learned suc h categories through the daily life. In other w ords, suc h categories are culture- dep enden t. The o w er p ot category and the b o wl category are b oth created and dev elop ed under the Sup ercategory of shap ed ob jects. What w e refer as concept hierarc h y building includes suc h in tro duction and follo wing up dates of lo w-lev el, lo cal and cultural categories. Note that culture-dep enden t categories include univ ersal ones. As sho wn in section 2, some c hildren think that plan ts are non-living, but in an y cul- ture on the planet plan ts are separated from non-living things lik e ro c ks. The existence of a higher lev el Sup ercategory for the concept to b e learned helps a great deal in learning its de�nition. ‘A cat’ is learned as a concept within the Sup ercategory of living animate ob jects, while ‘a b o wl’ is non-living static ob jects. Children also kno w that b oth of them refer to concepts within the shap ed ob jects’ Sup ercategory . Suc h kno wledge pre- v en ts c hildren from selecting in to irrelev an t attributes during ob ject analy- sis. When c hildren see a b o wl in asso ciation with a lab el ‘b o wl’, they analyse its shap e, and p ossibly , other additional attributes lik e its material, lo cation and so on. In order to observ e and analyse its prop erties, they ma y touc h it with their hands; they ma y rub it with their dry and/or w et �ngers; or they ma y taste it with their tongues. Ho w ev er, they kno w that there is no w a y of lo comotion for suc h a ob ject, so do not try to observ e suc h a attribute. They in terpret that lo comotion is irrelev an t as so on as they see the ob ject. Concept hierarc h y is basically united kno wledge of hierarc hical relations among named concepts. Assume that a c hild kno ws the follo wing things: �rst, a ‘dog’ is an ‘animal’; second, a ‘terrier’ is a ‘dog’. F rom these prop o- sitions, the c hild can tell that a terrier is an animal. This inference is purely deductiv e. Note that no sensory device is needed in suc h inference. This is an imp ortan t comp etence for h uman b eings to understand his or her en vironmen ts. Our kno wledge includes tacit comp onen t, lik e the judging abilit y whether a giv en ob ject is a dog, whic h o ccupies large parts

8 in our en tire kno wledge. Ho w ev er, explicit pieces of distributed kno wledge suc h as relationships among lab eled concepts are in tegrated to systematic kno wledge b y conducting logical inference. Concept hierarc h y enforces v o cabulary dev eloping. Recall that c hildren are supp orted b y database whic h include domain-sp eci�c heuristics in learn- ing new names. Concept hierarc h y con v eys prop erties of higher concepts to lo w er concepts. Supp ose a c hild kno ws what a ‘dog’ is and an adult comes to tell him ‘That is a terrier.’ p oin ting a dog. Unless he adopts the Mutual Exclusivit y Bias, he ma y in terpret a ‘terrier’ is another name of the ob ject, and ma y think that the category ‘terrier’ di�ers from a ‘dog’, guided b y the Principle of Con trast. The previous story of a dog lab eled ‘terrier’ sho ws a t ypical example of hierarc hical relationship b et w een t w o ob jects. Supp ose the learner already kno ws one of these t w o concepts, and then sees the other. In the hierarc hical case, since one of them includes the other, it is t ypical that the newly lab eled ob ject already has a �rst lab el. W e illustrate represen tation of one of suc h cases in our mo del. On the top of �gure 2, a learned concept in tension corresp onding to a kno wn lab el ‘ dog ’ is sho wn. Next three clauses are observ ations on ob jects obj001, obj002, obj003 . Assume that eac h of these w as related with the lab el ‘ dog ’ when it w as observ ed. No v el category names can b e in tro duced referring to one of these ob jects. Suc h a name can b e ‘ cat ’, whic h should b e m utually exclusiv e with ‘ dog ’; or ‘ terrier ’, whic h should b e sub ordinate of ‘ dog ’. Supp ose that one of suc h lab els is newly in tro duced related only one of these three ob jects in input, and that the learner then learns a concept named b y this lab el. The learned concepts are also sho wn in �gure2 b elo w the list of observ ations on the ob jects. Note that w e need to iden tify the case either ‘m utually exclusiv e’ or ‘sub ordinate’. F or this purp ose, w e em- plo y a kind of similarit y measure (Similarit y Calculation Mo dule). If the similarit y b et w een the concept ‘ dog ’ and the newly lab eled ob ject is small, the learner w ould in terpret that they are hierarc hically related, according to the Principle of Con trast and the T axonomic Bias. Or, if the similarit y is large, he w ould in terpret that they are m utually exclusiv e based on the Mutual Exclusivit y Bias. These three ob jects are di�eren t with resp ect to t ypicalit y as mem b ers of the ‘ dog ’ category . The in tension of label001 relating only with obj001 seems the least similar to the concept in tension of ‘ dog ’. In other w ords, obj001 seems the le ast typic al ‘ dog ’ of the three, since there app ears no General A ttribute descriptor short tail in its observ ation. Of the rest t w o ob jects, obj002 seems a less t ypical ‘ dog ’, b ecause there app ears a di�eren t descriptor hanging ears from short tail on shape dimension. It follo ws that the last ob ject obj003 seems the most t ypical of three. Accordingly , it should lead to the follo wing result: the new lab el related with obj001 w ould get the smallest similarit y b et w een the in tensions of the ‘ dog ’ and the one related with obj003 w ould get the largest similarit y . W e assume that the similarit y b et w een the t w o learned concepts is in- v ersely prop ortional to the c onc ept distanc e b et w een their in tensions. Con- cept distance b et w een t w o concept in tensions is measured basically b y the n um b er of descriptors whic h o ccurs in one concept in tension but do not in the other. Descriptors are w eigh ted based on their imp ortance. First, Categorical Classi�ers (represen ted in the predicate tax ) are coun ted 2 times more than basic attr predicate descriptors. Additionally , General A ttributes (represen ted in attr predicate) can ha v e v arying scores b y dif- feren t kind attributes of the descriptor. F or example, in the Sup ercategory

9 (In tension of dog) labeling(dog, A) :- tax(A, animation, animate), attr(A, shape, short tail). (Observ ations of ob jects) tax(obj001, animation, animate). tax(obj002, animation, animate). attr(obj001, shape, hanging ears). attr(obj002, shape, short tail). attr(obj001, covering, furred). attr(obj002, shape, hanging ears). tax(obj003, animation, animate). attr(obj003, shape, short tail). attr(obj003, covering, furred). (Deriv ed in tensions) labeling(label001, A) :- tax(A, animation, animate), attr(A, shape, hanging ears), attr(A, covering, furred). labeling(label002, A) :- tax(A, animation, animate), attr(A, shape, short tail), attr(A, shape, hanging ears). labeling(label003, A) :- tax(A, animation, animate), attr(A, shape, short tail), attr(A, covering, furred). Figure 2: List of in tension of dog and observ ations for 3 ob jects animate , w e put 1.5 p oin ts p er one di�erence on shape dimension than the other attr predicates. In this case, w e coun t that the di�erence of app earance of General A t- tribute furred on covering as 1 p oin t. And w e giv e w eigh ts for other descriptors as men tioned ab o v e: General A ttributes on shape are giv en 1.5 p oin ts, while Categorical Classi�ers are giv en 2 p oin ts. Similarities b e- t w een dog and the newly in tro duced categories b ecome as follo ws: 0.25 with label001 , appro ximately 0.67 with label002 and 1.00 with label003 , re- sp ectiv ely . W e let the mo del judge whether the relation with dog is hierarc hical for eac h ob ject b y similarities calculated ab o v e. Giving a threshold, b elo w whic h the relation is in terpreted m utually exclusiv e and ab o v e whic h it is in terpreted hierarc hical, is a simple metho d. In this case, w e set the thresh- old at 0.17 = 1/6. This threshold allo ws us to admit the total o ccurrence of supp ortiv e attributes to the target category up to four less than that of non-supp ortiv e ones. 2 It leads that all three in tro duced categories are in terpreted as b eing hierarc hically related with dog . label001 is di�cult to judge at curren t status, but more information and further learning pro cess ma y b e necessary to v erify the judgemen t. Our computational mo del WISDOM creates and revises hierarc hical and m utual exclusiv e relations b et w een concepts through the successiv e learning. The whole of suc h relations represen ts kno wledge of concept hierarc h y . 2 Precisely sp eaking, w e sum up the attributes w eigh ts. Since 4 times 1.5 (the shap e score) is 6, the in v erse b ecomes 1/6.

10 3.5 Co-Ev olution of Concept Learning and Concept Hierarc h y Building One of the most c haracteristic features of our mo del is the co-ev olution of concept learning and concept hierarc h y building. Concept learning and concept hierarc h y building corresp ond to t w o di�eren t learning activities: concept learning is ac hiev ed b y sup ervised learning whereas concept hi- erarc h y building is ac hiev ed b y a kind of unsup ervised learning. In the concept learning phase, the concept hierarc h y serv es for iden tifying the Su- p ercategory whic h the target ob ject b elongs to and therefore selecting an appropriate set of attributes to classify it. On the other hand, in concept hierarc h y building, the de�nitions of related concepts can b e used to build a concept hierarc h y . One p ossible trigger to build a concept hierarc h y is dur- ing concept learning when w e apply the Principle of Con trast b y assigning either sup er class category or sub ordinate category to the lab eled ob ject to b e learned. 4 Virtual Exp erimen ts In this section, w e sho w results of exp erimen tal learning. A t First, w e ex- plain the description, whic h is used for b oth observ ation input and category in tension. In the second subsection (subsection 4.2), w e sho w an exp erimen tal result where the learner acquires lab eled concepts that are in the same domain. The learner is giv en p ets ob jects and tries to learn basic lev el nouns (’ dog ’ and ’ cat ’) 3 and their sub ordinate ones. W e regard certain biases app ears their e�ect to supp ose in ter-concepts relations. Subsection 4.3 sho ws di�erence in imp ortan t prop erties to descriv e con- cepts among domains. Descriptors for dining instrumen ts are di�eren t in their t yp es comparing to those for p et animals. T o �nd sets of imp ortan t prop erties ma y b e useful (1) to guess what kind of domain the newly in- tro duced lab els b elong to and (2) to suggest new domains under the innate Sup ercategories. 4.1 Description Figs. 3 and 4 are the input list represen teng one of ob ject. W e explain on some piecies in this description. First, w e use four predicates to descript ob jects. ’ tax ’ and ’ attr ’ rep- resen t categorical classi�er and general attribute (see ab o v e), resp ectiv ely . ’ subobj(A, B) ’ represen ts that A is a part of an ob ject B . B itself can b e part of another ob ject, so this predicate can b e used recursiv ely . ’ connection(A, B, C, D) ’ represen ts that part A has con tact with C at the direction B from its cen ter; and C do es with A at the direction D . Note that predicates ’ subobj ’ and ’ connection ’ are auxiliary for represen t shap e structure of ob jects, and ha v e no direct e�ect to h yp othesis ev aluation. W e should explain some t yp es of general attribute represen tations. On the line 20 of the list, the third argumen t ha v e a listed v alue [y axis, 3 Nouns are classi�ed in to sev eral lev els dep ending on their commonness in cognitiv e psyc hology comm unit y . F requen tly used nouns suc h as ’cat’ or ’dog’ are categorized as basic lev el and those nouns lik e ’animal’ whic h are more abstract than basic lev el are categorized as sup erordinate lev el. Those whic h are less ab- stract are categorized as sub ordinate lev el. This classi�cation re ects conceptual hierarc h y .

11 z axis, x axis] . This clause represen ts that the y axis of the part obj041a is the longest among the three axes. Also, on the line 27 , the clause ha ving the third term z axis/[y plus, y minus] expresses that the part obj041b ha v e its p osture as the higher at the further and the lo w er at the nearer from the observ er’s viewp oin t. This list w as man ually enco ded b y observing a piece of photoprin t to imitate a real h uman ey e sensor. In the picture, a dog whose breed is ’w eimaraner’ stands staring at the photographer. 4.2 Learning in a Domain Supp osing Concept Hierar- c h y In the exp erimen t sho wn in this subsection, w e ga v e 4 ob jects, 4 lab els and 6 namings. This exp erimen tal learning is emplo y ed within one domain, whic h w e call mammals’ one. Also, the exp erimen t is under the Sup ercategory ’ animate ’ all the w a y through. Ob jects con tains 2 dogs and 2 cats. The observ ation description on one of these dogs, whose breed is w eimaraner, is sho wn in the previous section. The other dog is a dac hsh und. Cats include 1 p ersian and 1 japanese b obtail. Lab els are ’tt dog’, ’ weimaraner ’, ’ dachshund ’ and ’ cat ’. Fig. 5 sho ws the order of naming. When w e name the w eimaraner as ’ weimaraner ’, the learner c hec k that the ob ject already has a name ’ dog ’. Then the learner judges whether the ob ject should b e eliminated from the concept ’ dog ’ or not. If the ob ject seems to b e negativ e for ’ dog ’, the concept needs revision after the induc- tion of ’ weimaraner ’. This c hoice is the result of adoption of the Mutual Exclusivit y Bias. T o decide whether to adopt it or not, the learner compares shap e-related general attributes b et w een the ob ject (Figs. 3 to 4) and the category ’ dog ’. This pro cessing is based on the Shap e Bias. The represen tation of in tension of the category ‘ dog ’ is sho wn in Fig. 6. This w eimaraner ( obj041 ) �ts the concept when w e tie obj041a with A , obj041b with F , obj041c with B , and so on. As a result of the comparison, w e need neither to eliminate this ob ject from the concept nor to re-induce the category . Therefore this session ends when the induction of ’ weimaraner ’ is �nished. After all naming sho wn in Fig. 5 are done, w e obtain in tensions of ’ weimaraner ’ and ’ dachshund ’, remaining the p ossibilit y of hierarc hical re- lations with ’ dog ’ resp ectiv ely . On the other hand, category ’ cat ’ (sho wn in Fig. 7) also remains suc h p ossibilit y . None of 2 cat ob jects are inconsis- ten t with the in tension of ‘ dog ’. Examples used in this exp erimen t are not su�cien t to sho w m utual exclusivit y based on the Shap e Bias. Ho w ev er, no cat ob ject is explained b y ’ dog ’ in tension, and vise v ersa. It is p ossible to �nd evidence of m utual exclusivit y b et w een these 2 categories when more ob jects are in tro duced as examples. 4.3 Di�erence of Imp ortan t Descriptors b et w een Do- mains In this subsection, w e add 2 ob jects and 2 lab els o v er the exp erimen t sho wn in previous subsection. Ob jects are a sp o on and a fork, and lables are ’ spoon ’ and ’tt fork’ naturally . These new learning is under the Sup ercat- egory inanimate all the w a y through. Eac h induction of these categories is not a�ected b y the other, and is not a�ected b y the animal ob jects that

12 1: tax(obj041, animation, animate). 2: attr(obj041, color, gray). 3: attr(obj041, covering, fur). % short hair 4: subobj(obj041a, obj041). % trunk 5: subobj(obj041b, obj041). % head 6: subobj(obj041c, obj041). % right fore leg 7: subobj(obj041d, obj041). % left fore leg 8: subobj(obj041e, obj041). % right hind leg 9: subobj(obj041f, obj041). % left hind leg 10: connection(obj041a, y minus z plus, obj041b, y plus z minus). 11: connection(obj041a, x minus y minus z minus, obj041c, z plus). 12: connection(obj041a, x minus y plus z minus, obj041d, z plus). 13: connection(obj041a, x plus y minus z minus, obj041e, z plus). 14: connection(obj041a, x plus y plus z minus, obj041f, z plus). 15: % 16: % trunk 17: attr(obj041a, color, gray). 18: attr(obj041a, covering, fur). 19: attr(obj041a, shape, elliptic cylinder). 20: attr(obj041a, shape, [y axis, z axis, x axis]). 21: attr(obj041a, direction, y axis). 22: % head 23: attr(obj041b, color, gray). 24: attr(obj041b, covering, fur). 25: attr(obj041b, shape, truncated cone). 26: attr(obj041b, direction, y axis). 27: attr(obj041b, direction, z axis/[y plus, y minus]). 28: subobj(obj041b1, obj041b). % head base 29: subobj(obj041b2, obj041b). % right ear 30: subobj(obj041b3, obj041b). % left year 31: subobj(obj041b4, obj041b). % nose 32: subobj(obj041b5, obj041b). % right eye 33: subobj(obj041b6, obj041b). % left eye 34: connection(obj041b1, x minus y plus z plus, obj041b2, z plus). 35: connection(obj041b1, x plus y plus z plus, obj041b3, z plus). 36: connection(obj041b1, y minus z minus, obj041b4, y plus z plus). 37: connection(obj041b1, x minus, obj041b5, y plus). 38: connection(obj041b1, x plus, obj041b6, y plus). 39: % right fore leg 40: attr(obj041c, color, gray). 41: attr(obj041c, covering, fur). 42: attr(obj041c, shape, cylinder). 43: attr(obj041c, direction, z axis). 44: attr(obj041c, location, on/ground).9 45: % left fore leg 46: attr(obj041d, color, gray). 47: attr(obj041d, covering, fur). 48: attr(obj041d, shape, cylinder). 49: attr(obj041d, direction, z axis). 50: attr(obj041d, location, on/ground). 51: % right hind leg 52: attr(obj041e, color, gray). 53: attr(obj041e, covering, fur). 54: attr(obj041e, shape, cylinder). 55: attr(obj041e, direction, z axis). 56: attr(obj041e, location, on/ground). Figure 3: The former half of a list represen ting observ ation on a w eimaraner ( obj041 )

13 57: % left hind leg 58: attr(obj041f, color, gray). 59: attr(obj041f, covering, fur). 60: attr(obj041f, shape, cylinder). 61: attr(obj041f, direction, z axis). 62: attr(obj041f, location, on/ground). 63: % 64: % head base 65: attr(obj041b1, color, gray). 66: attr(obj041b1, covering, fur). 67: attr(obj041b1, shape, truncated cone). 68: attr(obj041b1, direction, y axis). 69: attr(obj041b1, direction, z axis/[y plus, y minus]). 70: % right ear 71: attr(obj041b2, color, gray). 72: attr(obj041b2, covering, fur). 73: attr(obj041b2, shape, fin). 74: attr(obj041b2, shape, ellipse). 75: attr(obj041b2, direction, [z axis, y axis]). 76: % left ear 77: attr(obj041b3, color, gray). 78: attr(obj041b3, covering, fur). 79: attr(obj041b3, shape, fin). 80: attr(obj041b3, shape, ellipse). 81: attr(obj041b3, direction, [z axis, y axis]). 82: % nose 83: attr(obj041b4, color, gray). 84: attr(obj041b4, covering, skin). 85: % right eye 86: attr(obj041b5, color, black). 87: attr(obj041b5, color, white). 88: attr(obj041b5, color, shining). 89: attr(obj041b5, shape, sphere). 90: % left eye 91: attr(obj041b6, color, black). 92: attr(obj041b6, color, white). 93: attr(obj041b6, color, shining). 94: attr(obj041b6, shape, sphere). Figure 4: The latter half of a list represen ting observ ation on a w eimaraner ( obj041 ) 1 dog for the w eimaraner 2 dog for the dac hsh und 3 weimaraner for the w eimaraner 4 dachshund for the dac hsh und 5 cat for the japanese b obtail 6 cat for the p ersian Figure 5: The order of naming through the exp erimen t

14 labeling(dog, X) :- tax(X, animation, animate), attr(X, covering, fur), connection(C, x minus y plus z minus, A, z plus), connection(D, x plus y plus z minus, A, z plus), subobj(A, X), attr(A, covering, fur), attr(A, shape, elliptic cylinder), attr(A, direction, y axis), subobj(B, X), attr(B, covering, fur), attr(B, shape, cylinder), attr(B, direction, z axis), attr(B, location, on/ground), subobj(C, X), attr(C, covering, fur), attr(C, shape, cylinder), attr(C, direction, z axis), attr(C, location, on/ground), subobj(D, X), attr(D, covering, fur), attr(D, shape, cylinder), attr(D, direction, z axis), attr(D, location, on/ground), subobj(E, X), attr(E, covering, fur), attr(E, shape, cylinder), subobj(F, X), subobj(F1, F), attr(F1, shape, truncated cone), attr(F1, covering, fur), subobj(F2, F), attr(F2, shape, fin), attr(F2, covering, fur), subobj(F3, F), attr(F3, shape, fin), attr(F3, covering, fur). Figure 6: The in tension of ’ dog ’, after second naming

15 labeling(cat, X) :- tax(X, animation, animate), attr(X, covering, fur), attr(X, color, white), subobj(A, X), attr(A, covering, fur), attr(A, color, white), subobj(B, X), attr(B, covering, fur), attr(B, color, white), subobj(A1, A), attr(A1, shape, spheroid), attr(A1, covering, fur), attr(A1, color, white), connection(A1a, y plus, A1b, y minus), connection(A1a, y plus, A1c, y minus), subobj(A1a, A1), attr(A1a, shape, spheroid), attr(A1a, covering, fur), attr(A1a, color, white), subobj(A1b, A1), attr(A1b, shape, sphere), attr(A1b, color, beige), subobj(A1c, A1), attr(A1c, shape, sphere), attr(A1c, color, beige), subobj(A2, A), attr(A2, covering, fur), subobj(A3, A), attr(A3, covering, fur). Figure 7: The in tension of ’ cat ’, after all naming

16 labeling(spoon, X) :- tax(X, animation, inanimate), attr(X, shape, constant), attr(X, color, having reflection), attr(X, color, shining), attr(X, direction, y axis), connection(A, y minus, B, y plus), subobj(A, X), attr(A, shape, oval semisphere), attr(A, shape, [y axis, x axis, z axis]), attr(A, shape, x axis/[y plus, y minus]), attr(A, direction, y axis), subobj(B, X), attr(B, direction, y axis), attr(B, shape, board), attr(B, shape, x axis/[y plus, y minus]). Figure 8: The in tension of ’ spoon ’ are within animate Sup ercategory . Fig. 8 sho ws full description of ’ spoon ’ in tension. First, w e �gure out the feature of animal categories. T o �nd suc h infor- mation, w e extract description whic h devide dogs and cats, i. e. , description whic h app ears in one in tension but dose not in the other. In in tension of ’ cat ’ (see Fig. 7), the follo wing description is included: ..... connection(A1a, y plus, A1b, y minus), connection(A1a, y plus, A1c, y minus), subobj(A1a, A1), attr(A1a, shape, spheroid), attr(A1a, covering, fur), attr(A1a, color, white), subobj(A1b, A1), attr(A1b, shape, sphere), attr(A1b, color, beige), subobj(A1c, A1), attr(A1c, shape, sphere), attr(A1c, color, beige), ..... P arts A1b and A1c are ey es of cats. Additionally , 2 lines on the top sa ys that these ey es are attac hed to the part A1a , whic h represen t the head. In this description, in is imp ortan t that the shap e of A1a is sp ecialized as spheroid . Suc h description set do es not app ear in ’ dog ’s. There are v arious cats in the w orld, but roundness of their head seems to mak e con trast against dogs. Dogs and cats seem to ha v e the same structure of four legs for w alking, but the shap e of head seems to b e one of k eys to distinction b et w een them. No w let us turn to observ e dining instrumen ts. Distinction b et w een sp o ons and folks is clearer than p et animals domain. The learner should eliminate their handles from observ ation fo cus, then analyse the shap e of wider terminal. A set of imp ortan t prop erties to distinguish adjacen t categories sho ws the feature of the domain. Shap e of the head is imp ortan t within quadrup ed animals; shap e of one terminal is imp ortan t within dining to ols. W e exp ect to extract suc h information from in tensions and utilize in order to suggest

17 domain itself. Finding appropriate domains ma y b e e�ectiv e not only for concept hierarc h y building but also further category learning. 5 Related W ork Our study is a prop osal for computational mo del of c hildren’s language acquisition. Sev eral researc hers are prop osing alternativ e metho ds fo cused on v arious asp ects of this problem. Siskind [12] prop osed a logical induction system, whic h is named MAI- MRA. It accepts a sc ene consisting of serial snapshots . Through the learning pro cess, w ord lab els are inductiv ely asso ciated with certain status c hanges implicitly app earing in scenes. Munro et al. [9] constructed a neural net w ork whic h learns the mean- ings of pr op ositions . This net w ork sho ws the abilit y to asso ciate m ultiple meanings to one lab el, e. g. ‘crac ks in a cup’ and ‘a b oat in the lak e’, and to output the lab els at a prop er con text. Both of them let their learners to construct the concept from a giv en set of attributes. In other w ords, they do not pro vide unnamed completed concepts. Nak aga w a et al. [10] conducted in teresting exp erimen t where the ma- c hine learner (1) segmen ts giv en v oice and extract the referring lab els and (2) constructs referred meaning from attributes in a scene. Although they giv e only a constan t set of attributes, it is outstanding b ecause they realized b oth the concept construction and the lab el extraction. Finally , w e w ould lik e to men tion the feature of our approac h against algorithms emplo ying neural net w orks, that are under the most p opular metho d. First, our learner deals with bac kground kno wledge for incremen- tal learning. Implicit represen tation suc h as neural net w ork do es not pro- vide basis for suc h incremen tal learning. Second, our learner utilizes in ter- category similarit y measure and category-ob ject similarit y measure to judge relationship b et w een categories or to collect appropriate example ob jects. In neural net w orks, observ ations and induced in tensions are not describ ed explicitly and therefore suc h measuremen ts cannot b e in tro duced. Our approac h in tends to let the mac hine learner learn the concept in- ductiv ely , whic h is similar to those studies men tioned ab o v e. Comparing to others, w e originally implemen t biases suggested in cognitiv e science. Ad- ditionally , w e stress on the learning pro cess where concept acquisition and concept hierarc h y construction help eac h other. Inductiv e logic program- ming seems to pro vide the most appropriate framew ork for realizing suc h strategy . 6 Conclusion and F uture W ork This pap er presen ted a computational mo del WISDOM for c hildren’s lan- guage acquisition using ILP . W e prop osed a mo del consisting of t w o parts; concept learning and concept hierarc h y building. In the mo del, w e incor- p orated cognitiv e biases suc h as the T axonomic Bias, the Shap e Bias, the Mutual Exclusiv e Bias and the Principle of Con trast to reduce the searc h space in building concept description. In concept learning, w e adopted the learning sc heme of Inductiv e Logic Programming to induce asso ciations b et w een the target concept and v arious t yp es of kno wledge whic h c hildren ha v e acquired in the past.

18 In concept hierarc h y building, w e in tro duced a kind of similarit y mea- sure to judge (1) whether the giv en target ob ject b elongs to some category or not and (2) whether a giv en lab el to the target denotes a sup erordinate or sub ordinate concept to the con icting category . In WISDOM, concept learning and concept hierarc h y building co-ev olv e eac h other. This feature is v ery imp ortan t b ecause it drastically accelerates the learning abilit y . The usage of taxonom y information in the learning phase in tro duces the notion of con text b ecause eac h Sup ercategory de�nes eac h con text in whic h concept learning b ecomes a relativ ely small and easy task. W e built a learning program (w e call the program as WISDOM also) based on our mo del and sim ulated language learning tasks for t w o animals and also for t w o dining instrumen ts. In these exp erimen ts, w e ga v e shap e attributes in detail. W e found that di�eren t attributes sets w ere needed for these t w o tasks. F urthermore w e found that common attributes lik e having-four-legs do not w ork in di�eren tiating concepts in a domain, but rather subtle attributes suc h as the shap e of trunks are crucial. W e also noted the imp ortance of selecting a relev an t domain not only for reducing the en tire searc h space but also for eliminating irrelev an t negativ e examples, whic h made it p ossible to learn the righ t concept e�cien tly . W e applied a simple similarit y measure to judge whether t w o concept descriptions refer to distinct ob jects or hierarc hically related ob jects. W e can sho w that some patterns of description are domain-sp eci�c. In our future researc h, w e are planning to adopt further sophisticated similarit y measure to impro v e the p erformance. Also, when w e emplo y the more example ob ject, the in tensional descriptions and domain-sp eci�c imp ortan t patterns ma y b ecome the more clearly . Another p oin t is a set of w eigh ts assigned to di�eren t attributes. There are no strict reasons wh y w e put score 2 the Categorical Classi�ers, score 1.5 for shap e attributes and 1 for the rest. W e need to �nd appropriate n um b ers for these w eigh ts to establish the b etter solutions or b etter b eha viors of the system. It is a w eigh ts-adjusting problem and man y algorithms are kno wn to p erform suc h tasks. One of our future w ork is to incorp orate h uman brain functional arc hi- tecture for p erforming learning. It consists of v arious comp onen ts including cerebrum, cereb ellum, and paleo cortex. T o allo cate di�eren t learning st yles conducted b y cerebrum and cereb ellum to di�eren t parts of our system is one of the problems in the incorp oration. Since learning in cereb ellum is simpler and more related to attaining e�ciency , simple tasks asso ciating input stim uli with their corresp onding lab els could b e realized �nally using cereb ellum-t yp e e�cien t learning. On the other hand, at the b eginning of learning, man y input stim uli are in v estigated. Those activities �t rather to cerebrum-t yp e learning. F or the sup er category selection, the pro cess is deeply related to the activit y of paleo cortex. The parameter adjustmen t for the selection is considered as meta-learning of the ev aluation function in mac hine learning. This is one of the most attractiv e features to b e pursued b oth in mac hine learning and in h uman brain. References [1] Carey , S. Conc eptual Change in Childho o d , MIT Press, 1985.

19 [2] F uruk a w a, K., Ozaki, T. and Ueno, K. Inductive L o gic Pr o gr amming , Ky oritsu-syuppan, 2001 (in Japanese). [3] Gelman, R. First principles orgainize atten tion to and learning ab out relev an t data: Num b er and the animate-inanimate distinction as exam- ples, Co gnitive Scienc e , 14 , pp.79-106, 1990. [4] Haryu, E. and Imai, M. Con trolling the application of the m utual ex- clusivit y assumption in the acquisition of lexical hierarc hies, Jap anese Psycholo gic al r ese ar ch , V ol.41, No.1, pp.21-34, 1999. [5] Ka w ato, M. Computational The ory of Br ain Sangy o T osy o, 1996 (in Janap ese). [6] Markman, E. M. Cate gorization and Naming in Childr en , MIT Press series in learning, dev elopmen t and conceptual c hange MIT Press, 1989. [7] Mitc hell, T. M. MA CHINE LEARNING , W CB/McGra w-Hill, 1997. [8] Muggleton, S. In v erse En tailmen t and progol, New Generation Com- puting, 13(4-5), pp.245-286, 1995. [9] Munro, P ., Cosic, C., T abask o, M.: A Net w ork for Enco ding, Deco ding and T ranslating Lo cativ e Prep ositions. In Connection Science, v ol.3., pp.225-240, 1991. [10] Nak aga w a, S., Masuk ata, M.: Shic houk aku-jouhou no T ougouk a ni Mo- to dzuku Gainen to Bunp ou no Kakutoku-sisutem u (Acquisition System of Concepts and Syn tax based on In tegration of Visual and Auditory Sensory Information). Journal of Japanese So ciet y for Arti�cial In telli- gence, v ol.10, no.4, pp.129-137, 1995 (In Japanese). [11] Quine, W. V. O. Wor d and Obje ct , MIT Press, 1960. [12] Siskind, J.M.: Acquiring Core Meanings of W ords, Represen ted as Jac k endolf- St yle Conceptual Structures, from Correlated Streams of Linguistic and Non-Linguistic Input. In "Pro ceedings of the 28th Ann ual Meeting of the Asso ciation for Computational Linguistics", pp.143-156, 1990. [13] Sp elk e, E. S., Phillips, A. and W o o dw ard, A. L. Infan ts’ kno wledge of ob ject motion and h uman action. In D. Sp erb er, D. Premac k & A. J. Premac k (Eds.), Causal Co gnition: A multidisciplinary deb ate , New Y ork: Oxford Univ ersit y Press, 1995.