1 Introduction

This paper proposes a computational model for children’s language acquisition using inductive logic programming (ILP), based on the observation of the similarity between human learning and concept learning by ILP.

Before proceeding to our approach of children’s bootstrap language learning, let us cite MIT Enclylopaedia of the Cognitive Sciences [6] which describes real children’s early language acquisition:

Language acquisition begins at birth if not earlier. Children only a few days old can discriminate their own language from another, presumably through sensitivity to language-specific properties of prosody and phonetic patterning. In the first several months of life, they discriminate among all known phonetic contrasts used in natural languages, but this ability diminishes over time such that at about 12 months, children distinguish only among the contrasts made in the language they are exposed to. Between about the seventh and tenth month, children begin reduplicating babbling, producing sounds such as ”baba” and ”gaga”. At this age deaf children too begin to babble - with their hands - producing repetitive sequences of sign language formatives that resemble the syllabic units of vocal babbling. In general the acquisition sequence does not seem to differ for spoken and signed languages, suggesting that the languagelearning capacity is geared to abstract linguistic structure, not simply to speech. Comprehension of a few words has been demonstrated as early as 9 months, and first spoken words typically appear between 12 and 14 months. The most common early words are names for individuals (Mama), objects (car), and substances (water).

What this paper focuses is the problem of acquiring words from the beginning.

This paper proposes a computational model for children’s language acquisition using inductive logic programming (ILP), based on the observation of the similarity between human learning and concept learning by ILP.

In language acquisition, there are several difficulties related to its efficiency. First, we need to formalize sensory inputs. There are many input data to be potentially used in concept learning. Human beings select only those attributes which are relevant to describe given objects. We assume that humans utilize some kind of context switching mechanism to choose an appropriate set of input stimuli for each learning task. Perception itself may involve learning process to select an appropriate set of attributes (input stimuli)^1 for each learning task. Since we focus to develop a computational model for humans’ word learning, we avoid to include perception parts in our model. Instead, we carefully prepare appropriate input stimuli after perception process manually.

1Since children are unconscious in what kinds of attributes are used in word acquisition, the selection of attributes means the automatic selection of relevant input stimuli in sensory nerve system.

The second problem is to achieve drastic reduction of search space in concept learning. In language acquisition, there is a huge number of possibilities for the target of a given label. It is called Quine’s paradox [27]. In an attempt to solve this problem, many cognitive psychologists have been working to identify a set of constraints or biases under which children conduct supervised learning of concepts description given input sensory stimuli together with labels for target objects [19, 11]. These include the Whole Object Bias, the Taxonomic Bias, the Mutual Exclusivity Bias, the Principle of Contrast, Shape Bias and so on. Word learning biases play an essential role in reducing search space in concept description. Without such biases, it seems extremely hard for children to learn words and concepts from a very small set of examples in bootstrap learning. The situation is similar in machine learning: biases are essential for learning concepts even for a simple propositional learner [22]. In case of inductive logic programming, there are essentially two kinds of biases: declarative (language) bias and procedural bias. Cognitive biases do not directly correspond to declarative or procedural bias. They correspond to various parts in the ILP procedure. For example, the Shape Bias can be accommodated into inductive logic programming by defining a new evaluation function with heavier weight to shape-type attributes. On the other hand, the Taxonomic Bias can be realized by introducing different evaluation functions for each task depending on the taxonomic class of the target concept.

One notable characteristics of our model is its co-evolution between word description learning ability and concept hierarchy building ability. As we state later, they are mutually dependent; the word description learning utilizes concept hierarchy and conversely the concept hierarchy building utilizes word description. Also, the Mutual Exclusivity Bias as well as the Principle of Contrast is applied to build a concept hierarchy.

We discuss some functional similarities between human brain and our computational model. We focus two points: a context switching function for selecting a relevant set of attributes for learning a word depending on the category which it belongs to, and parameter learning function in evaluation functions. The former corresponds to a switching function in human brain for selecting an appropriate motion program for performing the target task, or a target setting function for posing a problem to be further analyzed. These functions are known to be realized in paleocortex, especially at amygdaloid complex.

The latter corresponds to neural network learning in the brain, either in cerebrum or in cerebellum.

We built a preliminary bootstrapping model of children’s noun acquisition called WISDOM and conducted virtual experiments by giving a set of attribute-value pairs as input stimuli together with a label per each session to perform supervised learning.

In section 3, constraints theory in cognitive science for acquiring noun is introduced. In section 2, we give a brief overview on language acquisition studies, which includes cognitive psychological and artificial intelligence ones. In section 4, a bootstrapping model for children’s noun acquisition based on ILP is presented. In section 5, the results of virtual experiments are described. Finally, in section 6, conclusion and future research direction are given.

2 A Brief overview on children’s language learning research

Bootstrap learning focuses its attention to the very beginning of children’s language acquisition. Since the problem is the most important in revealing human intelligence, most of the researchers of this field have been pursuing this problem. In bootstrap learning, there is a common agreement that the noun learning comes first. In fact, most of the researches introduced below focus on noun learning.

There are mainly two approaches for children’s language learning research; cognitive science approach and artificial intelligence approach. The former approach tries to find general tendencies of children during language acquisition through observations of carefully designed experiments. The latter approach tries to build computational models which simulate children’s language learning processes. We show these two approaches in more detail.

2.1 Cognitive science approach

It has been agreed by many researchers that young children use internal biases or principles in word learning (e.g., [7, 13, 19]). These word learning principles enable children to get around the well-known induction problems in inferring a meaning of a word ([27]) by constraining the potentially infinite possibilities in mapping a word to its meaning. Several important principles have been proposed. For example, by the whole object assumption, young children assume that a new word refers to the entirety of the referred object, and not its part, color, or material. At the same time, constrained by the taxonomic assumption, children assume that the word is not restricted to the object it is originally mapped onto, but is extended to other like objects ([19]). Young children pay special attention to shape in determining the extension of the word, assuming that shape is the best indicator for determining category membership (i.e., the shape bias [13, 18]). Children further assume that words are mapped onto basic-level categories rather than subordinate or superordinate level categories ([32]). Subsequently, they assume that words refer to mutually exclusive object categories (i.e., the mutual exclusivity assumption; [19, 20]).

The past decade witnessed numerous studies providing support for the use of these principles in very young children, children who are at the starting point of word learning. However, in this enterprise, researchers have tended to overlook an important issue, that is, how children eventually overcome and control the application of the word learning principles. The word learning principles are indeed useful in narrowing down the vast search space. However, unless appropriately controlled, children would have difficulty in learning a substantial part of the vocabulary, including substance names, non-basic-level category terms and proper names. Researchers thus have begun to think that word learning principles as a part of a broad system and what needs to be clarified is how each principle is applied or overridden, how it interacts with other word-learning principles and other sources of constraints such as domain-general conceptual abilities, domain-specific conceptual knowledge, syntax, and pragmatic knowledge ([1, 11, 9, 12, 16, 33]).

Another problem that needs to be clarified is the issue of the universality of word learning principles. Cross-linguistic research has now gained much attention to specify whether the word learning principles are universal independent of the structure of the child’s native language, and if so, whether the way the word-learning principles are controlled the same across different languages as well ([14, 15, 16]).

In sum, in the current state of art, researchers of children’s early word learning seem to agree on the following two points.

(1) Internal principles and biases are not the sole sources of constraint. Constraints are also given externally. External constraints include maternal linguistic input and perceptual and/or functional ‘affordance’ residing in the objects themselves which invites certain categorization. It is the interaction between internal and external constraints that makes early word learning so successful.

(2) The process of word learning varies across different word classes. When the target lexical class has a cohesive and well-organized structure, top-down internal meta-theories about word meanings (i.e., word-learning principles) can predict the meaning of each lexical item fairly well. In this case, children do rely on the word-learning principles in assigning a meaning to a new word. However, when the structure of the target lexical class is complex and loose, such as the case of verbs, classifiers and adjectives, top-down theories do not work so well, since there are too many instances that cannot be predicted by such theories ([5, 25, 31]). In this case, children tackle learning these words in a conservative, bottom-up fashion. For full understanding of the nature of word learning, it is thus extremely important to study the acquisitional patterns of a wide range of words, including nouns, verbs, adjectives and classifiers.

2.2 Artificial intelligence approach

One of the most fundamental issues in artificial intelligence is the symbol grounding problem[8]. The real meaning of each symbol is hard to formulate since it may refer to many things depending on each context. One critical aspect of the problem is to relate the meaning to sensory inputs. Children’s bootstrap language learning is deeply related to the problem because it gives a route from sense to symbols.

Several attempts have been reported for building computational models of children’s language acquisition.

Siskind [28] proposed a logical induction system, which is named MAIMR- A. It accepts a scene consisting of serial snapshots. Through the learning process, word labels are inductively associated with certain status changes implicitly appearing in scenes.

Munro et al. [24] constructed a neural network which learns the meanings of propositions. This network shows the ability to associate multiple meanings to one label, e.g. ‘cracks in a cup’ and ‘a boat in the lake’, and to output the labels at a proper context.

Nakagawa et al. [26] conducted an interesting experiment where the machine learner (1) segmentates given voice and extracts the referring labels and (2) constructs referred meanings from attributes appearing in a scene. Although they give only a constant set of attributes, it is outstanding because they realized both the concept construction and the label extraction.

Roy [21] developed a robot which learns solid shape nouns and their color attribute adjectives. This robot has a camera attached on an arm and perceives still image of a given object from different directions. It also has a microphone from which it perceives human teacher’s vocal input. Audio input is divided into morphemes by proportional analysis, then each of such morphemes or series of morphemes are associated with sets of still images.

Haoka and Iwahashi [10] built a system which learns movement verbs of an object. They gave the system a set of 15 movie scenes recorded by a fixed camera for each of nine verbs. Six verbs need a ‘landmark’ as the origin of the coordinate to be learned. A landmark is an object other than the ‘trajector’ (actor) object in a certain scene. For example, a verb chikadsuku (‘get closer to’) needs an object locating ahead of the trajector. On the other hand, the other 3 verbs are learned in the ordinary setting of the coordinate whose axes are vertical and horizontal ones. Such verbs include aga-ru (‘go up’). The system is not taught which group a verb belongs to. They select one ‘reference point’ as the origin and the direction of twodimensional coordinate which maximize likelihood of trajectories of given 15 example movie scenes.

The main task of this learning is to search a set of reference point appearing in 15 movies. If each movie has M candidates of a reference point, there are M^{15} choices. To overcome this problem, this system is implemented to employ EM algorithm for this search task. The representation of a trajectory is in Hidden Markov Model in this search problem.

Steel and Kaplan’s research [30] is very close to ours. They are trying to solve Quine’s paradox as well as ambiguity of sensory input. They utilizes some kind of group learning and convergence learning to solve the problems.

Researchers of [21] and [10] think that propositional process is useful to induce label expressions and concept intensions. In [21], the robot has no knowledge about syntax of audio input by a human teacher. The robot extracts proper pieces of speech to associate with set of still image. In [10], concepts are induced as setting of the coordinate. Our method is based on human biases, such as the priority among attributes. By employing such biases, we expect to set more proper goal for vocabulary learning than other approaches.

Finally, we would like to mention the feature of our approach against algorithms employing neural networks, that are under the most popular method. First, our learner deals with background knowledge for incremental learning. Implicit representation such as neural network does not provide basis for such incremental learning. Second, our learner utilizes inter-category similarity measure and category-object similarity measure to judge relationship between categories or to collect appropriate example objects. In neural networks, observations and induced intensions are not described explicitly and therefore such measurements cannot be introduced.

Our approach intends to let the machine learner learn the concept inductively, which is similar to most of studies mentioned above. Comparing to others, we originally implement biases suggested in cognitive science. Additionally, we stress on the learning process where concept acquisition and concept hierarchy construction help each other. Inductive logic programming seems to provide the most appropriate framework for realizing such strategy.

3 Constraints Theory in Cognitive Science

Identifying a mechanism of human language acquisition has been addressed as an extremely difficult problem.

Induction is deeply tied with learning, so we would like to build some noun learning model utilizing induction. However, when we try this, we found difficulty in intensional description of concepts. Intension of a cat is an answer for the question ‘What is a cat?’. A cat has furred skin, has four legs, is good at climbing trees, can reach its hind feet to back of its ears, etc. Then, what is the sufficient set of descriptors? How can children find such a set?

Markman [19] suggested Constraint Theory on vocabulary acquisition by human children. This theory constrains children’s expectations like (1) kinds of things to be referred by labels; and (2) priority of naming among such kinds or among things in a kind.

We use nouns for different types of intensions. We use ‘a cat’ or ‘a car’ to indicate a concrete or an imaginary object from a certain category which we think we know what it is. The words ‘you’ and ‘them’ changes their target object/s depending situations. ‘Mr. Smith’ and ‘John’ indicates a fixed target in a speaker’s community. ‘Water’ and ‘rice’ do not have fixed shape. Here are example words from varied types of noun: ‘a finger’, ‘the ground’, ‘a forest’, ‘machinery’.

Although we human beings have such a large number of types of nouns, we learn nouns only from positive examples. The universe of names is complex as we saw above, but this observation is static and comes from matured language. The Constraint Theory is a hypothesis on a bootstrapping acquisition of vocabulary and can be regarded as defining priority on category types, in general. In the following paragraphs, we explain biases under this theory, and mention some notable points relating each of them.

The Whole Object Bias [19] is a bias Markman herself proposed under the Constraint Theory. This bias states that a child assumes a novel label to refer the whole of a given related object. This means that an unnamed object requires a label for its whole object primarily. We can use such a bias as a constraint for setting the whole object as the one to be referred to by labels.

Other biases we try to assemble in our learning model include: the Taxonomic Bias, the Shape Bias, the Principle of Contrast, and the Mutual Exclusivity Bias.

The Taxonomic Bias [19]: This bias states that a child tends to map a label to a taxonomic category which includes a referred object. This means that children know that the relation between labels and the referred objects is not bijective. In fact, children do generalize a known label to map to objects that are not identical to the one which they saw when they were learning the label.

It is important to consider another aspect of the Taxonomic Bias. According to [2], children recognize animals as analogical beings of human beings or children themselves. Some children say that plants are not living because they do not move. Such misunderstanding shows their knowledge that some objects are alike to human beings while the others are not. This knowledge is referred to as an ability of classifying object taxonomies.

The Shape Bias [11]: This bias states that children think objects are similar when their shapes are similar. Children tend to generalize a label of an object to a concept having similar shape.

The Principle of Contrast: This bias states that children tend to think that different labels can refer to the same object, yet their sets of referring objects cannot be identical.

The Mutual Exclusivity Bias [19]: This bias states that children tend to think different labels do not refer to the same object.

Biases explained above has been testified through numerous experiments conducted by researchers of cognitive science. It is desirable for us to let our model learner learn the same set with such experiments. However, in current phase, the learner does not have competence to accept input which children recognize. Human children seem to develop their perception ability days after days. Such development is concerned with training of perception, which may includes feedbacks from concept learning. We have not studied to identify how such perception ability would be developed yet. It is our future work.

The way we can take is to testify the behavior of the model learner using testified biases. We check whether learning is proceeded when applying these biases.

4 A Computational Model for Children’s Language Acquisition in ILP

In this section, we propose the configuration of WISDOM (Word Induction System for Deriving Object Model), our computational bootstrapping model for the childrens’ word (noun) acquisition in figure 1. We use the name ’WISDOM’ to refer to our computational model as well as to its implementation. The detailed descriptions of their modules are described below. Note that Label Input Module and Sensory Input Module are not implemented in WISDOM. They are virtual modules, and inputs to be generate by them are given manually. As we mentioned at the end of the previous section, such modules playing roles of perception should include feedback processing from noun learner modules in their mechanism.

Hierarchy Constructor

Similarity Calculation Module

Word Learner

Label Input Module

Concepts & Similarity

Concepts

Label

? ? ? -P_{os} & N e g

Sensory Input Module

General Attribute& Categorical Classifier Categorical Classifier

Attributes Selection Module

œ_{Evaluation Function}

(Weight)

Concepts

Weight Learner

ıııı ıııı ı) AA AU 6_{Weight}

œ Domain

XXXXX

XXXXX XXz œ_{Current Implementation}

Figure 1: Configuration of our word acquisition model WISDOM

4.1 Learning Attribute Relevancy (Sensory Input Module, Attributes Selection Module)

As mentioned in section 1, there are many input data to be potentially used in concept learning. Human beings select only those attributes which are relevant to describe given objects. In order to model this feature, we designed a mechanism for selecting an appropriate evaluation function from a set of functions prepared for each category. It is a kind of switch box controlled by categorical information of the object to be learned. Each evaluation function in turn is a linear combination of relevant attributes to the corresponding category. In order to model the learning capability of relevant attributes selection which human perception mechanism realizes, we need to incorporate Weight learning in evaluation functions (Weight Learner). In our first experiment, we predefined those weights manually. The automatic weight adjustment is one of our future research targets.

Note that this mechanism should avoid the difficulty of bridging objects perception and words acquisition.

Another important aspect of input data is its fuzziness. In our approach, we assume that input stimuli are discretized and no fuzziness is admitted. This would cause problems in matching input data to rules. However, our approach admits errors in matching by revising wrong category description learning based on further learning processes on additional examples. In future, there is a possibility to incorporate uncertain input stimuli by formulating them in terms of probabilistic logic.

4.2 Inductive Learning of Concept Definition (Word Learner)

ILP [23, 3] is a framework for learning relational concepts when a set of positive and negative examples are given together with background knowledge in the form of horn clauses. More precisely, ILP searches the concept lattice formed by the combinations of background knowledge, and finds the best hypothesis which explains most of the positive and least of the negative examples together with background knowledge. On one hand, the standard ILP systems require at least several positive and negative examples before learning, and those adopt compression gain, or the MDL principle as the evaluation function. On the other hand, the system in our ILP model for the children’s vocabulary acquisition continuously repeats generation and revision of the concept description during the life time. It can work even if only one or few examples are provided because a new evaluation function reflecting the cognitive bias is implemented.

We briefly explain how actual word learning corresponds to ILP in our model. We assume that children can correctly identify the object with which a label i.e. label is associated. Note that the label is given separately by, say, their mother as oral signal (Label Input Module). The properties of the object are divided into two kinds, which we call Categorical Classifier and General Attribute. Categorical Classifiers correspond to children’s innate ontology, thus they indicate ontological categories such as ‘animate’, ’countable’, etc. General Attributes such as ‘having-four-legs’ or ’furred’ include all object properties other than those represented as Categorical Classifiers. The General Attributes are further divided into some subtypes such as shapes, colors, textures, etc. Based on these assumptions, we feed both observations (sensory inputs) on an object and a label on it to the system in the form of logical formula which ILP can directly handle.

Since each label presents the category to which the object belongs, the concept to be learned is indicated by the label. The objects are given as examples and their properties are given as background knowledge. When the system takes an object and its label as a pair (we call them current object and current label respectively), the system learns or revises the concept indicated by the current label by generalizing the current object if necessary. At this time, the current object and all objects named by the current label (which are given in the previous learning processes) are used as positive examples. The negative examples are selected from the rest of the examples based on word learning biases.

The concept hierarchy is utilized for providing further positive and negative examples. For example, positive example objects for a subordinate category of the current label are regarded as positive examples for the current label. In contrast, negative examples for a superordinate category are regarded as also negative for the current label.

In our model the concepts are learned in two steps. First, the model determines a Supercategory, which is a domain for the label using the Categorical Classifier/s of the current object. Then, relevant General Attributes for the Supercategory are selected for the generalization of a given example.

The obvious benefit of adopting the above two-steps procedure is that one can reduce relevant background knowledge in computing generalization.

Furthermore, it reduces the hypothesis space by restricting negative examples to only meaningful ones. Let us consider the case in which we learn a concept ‘cat’. Assume that the given object named cat has ‘animate’ as its Categorical Classifier and ‘having-four-legs’ as its General Attribute. Assume also that an object having a label ‘desk’ has already been given in the previous inference process and it had ‘having-four-legs’ and ‘inanimate’ as its General Attribute and Categorical Classifier respectively. In this case, although the object named ‘desk’ is obviously negative example for the concept ‘cat’ because the label is different, the model excludes this object from the negative examples for learning because the Categorical Classifiers ‘animate’ and ‘inanimate’ are mutually exclusive. If this dynamic selection of negative examples could not be done, the concept ‘cat’ could not have been inferred because the property ‘having-four-legs’, which may be crucial for this concept, could not be included in the definition of ‘cat’. Furthermore we can reduce the hypothesis space by excluding the candidates having Categorical Classifiers used in selecting negative examples.

4.3 Role of bias in ILP and Realization of Constraint Theory

Cognitive biases do not correspond directly to declarative or to procedural biases in ILP. We describe how the cognitive biases are implemented.

Let us consider a part of the ‘reference problem’ of the word acquisition. When a label is associated with an object, what aspect of the object should the label be mapped onto? This is an essential problem for our model because it determines kinds of concept our model can learn. In our current design, the model assumes that every label refers to the entirety of an object according to Whole Object Bias (see section 3). Therefore the model can learn only labels of objects as a whole, while it cannot learn other kinds of concept such as a property or a part of object, an action, an event, and so on. For example, the word ‘dog’ and ‘desk’ can be learned, but the word ‘ear’ (the part of object) and ‘running’ (the action) cannot be learned.

The first feature of the Taxonomic Bias, the tendency to generalize the label to other like objects is automatically implemented in our model because ILP by its nature is used for generalization. That is, the model automatically assumes that a label refers to a category. The second feature, that is, the ability of restricting learning domains, is realized by Domain Selection Module.

When two labels are judged to be not similar by the Shape Bias, the model obeys the Mutual Exclusivity Bias and the labels are not allowed to share the same object. On the other hand, when two labels are judged to be similar by the Shape Bias, the model obeys the Principle of Contrast and the labels are allowed to be hierarchically related.

In our model, the evaluation criterion is introduced so that it reflects the Shape Bias. This allows the model to select an appropriate hypothesis even if only few positive examples are given. Like an ILP system Progol, this evaluation criterion is basically based on the description length of the concept, but some weights are added to each atom consisting of the concept. In our current implementation, the weight of a General Attribute about shape is set 1.5 times heavier than that of an other type General Attributes, and the weight of a Categorical Classifier twice heavier than that of a General Attribute.

When we learn the concept belonging to a Supercategory or a domain CC_j in the children’s innate ontology, the general expression of our evaluation function is defined as: C_{CCj} = −P E + NE − w_{CC} ∗ |CC_j | − Σ_i (w^{CCj ,i}_{GA} ∗ GA_i) where P E and NE are the number of positive and negative examples explained by the candidate hypothesis respectively; |CC_j | and w_{CC} are the number of the Categorical Classifiers appearing in the candidate hypothesis and the uniform weight of Categorical Classifiers, respectively. GA_i and w^{CCj ,i} GA are the number of the General Attributes whose subtype is i in the candidate hypothesis and the weight of a General Attribute of that subtype, respectively. In this evaluation function, the Shape Bias can be realized by placing a heavier weight on the attribute about shape as mentioned earlier. We can also realize some kind of context switching mechanism, i.e. the Taxonomic Bias by introducing different sets of evaluation functions and weights for each task depending on the Supercategory of the target concept. By the way, the Shape Bias is not always applied. With the increase of conceptual knowledge, children gradually come to realize that shape similarity is not the most essential factor for determining the membership of an object category. We believe that this bias shift can be simulated by weight learning in the evaluation function.

4.4 Building Concept Hierarchy (Hierarchy Constructor)

As mentioned in section 3, we human beings have knowledge called taxonomy on concepts universe. Materials (like water or rice) are different from objects (like a car or a cat) in the aspects to be referred by labels. In vocabulary acquisition, it is not an important issue to distinct between such Supercategories, because such distinction is given by perception modules. On the other hand, another issue is more important, which includes the problem of differentiation between ’water and rice’, or ’cars and cats’. The shape of the whole object makes no sense when we separate rice from water, while the probability that an arbitrary car and an arbitrary cat have the same shape is very low.

So, first of all, children need to distinguish materials from objects before they learn vocabulary. We refer groups like materials or objects as taxonomy class or Supercategory. Supercategories which dominate large part of vocabulary universe, such as the ones given above, may be known to children prior to language learning. Experiments involving infants provided some evidence for this [4].

On the other hand, at the lower level of taxonomy, that is, at rather more concrete parts of vocabulary universe, we cannot give a priori categories. For example, artificial tools used in our daily life are classified in various categories. A flower pot is similar to a bowl for dietary use in shape, though the former has hole/s to let water flow out. The former appears in scenes of gardening, while the latter does in meals. We must have learned such categories through the daily life. In other words, such categories are culturedependent. The flower pot category and the bowl category are both created and developed under the Supercategory of shaped objects. What we refer as concept hierarchy building includes such introduction and following updates of low-level, local and cultural categories.

Note that culture-dependent categories include universal ones. As shown in section 3, some children think that plants are non-living, but in any culture on the planet plants are separated from non-living things like rocks.

The existence of a higher level Supercategory for the concept to be learned helps a great deal in learning its definition. ‘A cat’ is learned as a concept within the Supercategory of living animate objects, while ‘a bowl’ is nonliving static objects. Children also know that both of them refer to concepts within the shaped objects’ Supercategory. Such knowledge prevents children from selecting into irrelevant attributes during object analysis. When children see a bowl in association with a label ‘bowl’, they analyze its shape, and possibly, other additional attributes like its material, location and so on. In order to observe and analyze its properties, they may touch it with their hands; they may rub it with their dry and/or wet fingers; or they may taste it with their tongues. However, they know that there is no way of locomotion for such a object, so do not try to observe such a attribute. They interpret that locomotion is irrelevant as soon as they see the object.

Concept hierarchy is basically united knowledge of hierarchical relations among named concepts. Assume that a child knows the following things: first, a ‘dog’ is an ‘animal’; second, a ‘terrier’ is a ‘dog’. From these propositions, the child can tell that a terrier is an animal. This inference is purely deductive. Note that no sensory device is needed in such inference.

This is an important competence for human beings to understand his or her environments. Our knowledge includes tacit component, like the judging ability whether a given object is a dog, which occupies large parts in our entire knowledge. However, explicit pieces of distributed knowledge such as relationships among labeled concepts are integrated to systematic knowledge by conducting logical inference.

Concept hierarchy enforces vocabulary developing. Recall that children are supported by database which include domain-specific heuristics in learning new names. Concept hierarchy conveys properties of higher concepts to lower concepts. Suppose a child knows what a ‘dog’ is and an adult comes to tell him ‘That is a terrier.’ pointing a dog. Unless he adopts the Mutual Exclusivity Bias, he may interpret a ‘terrier’ is another name of the object, and may think that the category ‘terrier’ differs from a ‘dog’, guided by the Principle of Contrast.

The previous story of a dog labeled ‘terrier’ shows a typical example of hierarchical relationship between two objects. Suppose the learner already knows one of these two concepts, and then sees the other. In the hierarchical case, since one of them includes the other, it is typical that the newly labeled object already has a first label.

We illustrate representation of one of such cases in our model. On the top of figure 2, a learned concept intension corresponding to a known label ‘dog’ is shown. Next three clauses are observations on objects obj001, obj002,

obj003. Assume that each of these was related with the label ‘dog’ when it

was observed. Novel category names can be introduced referring to one of these objects. Such a name can be ‘cat’, which should be mutually exclusive with ‘dog’; or ‘terrier’, which should be subordinate of ‘dog’.

Suppose that one of such labels is newly introduced related only one of these three objects in input, and that the learner then learns a concept named by this label. The learned concepts are also shown in figure2 below the list of observations on the objects. Note that we need to identify the case either ‘mutually exclusive’ or ‘subordinate’. For this purpose, we employ a kind of similarity measure (Similarity Calculation Module). If the similarity between the concept ‘dog’ and the newly labeled object is small, the learner would interpret that they are hierarchically related, according to the Principle of Contrast and the Taxonomic Bias. Or, if the similarity is large, he would interpret that they are mutually exclusive based on the Mutual Exclusivity Bias.

These three objects are different with respect to typicality as members of the ‘dog’ category. The intension of label001 relating only with obj001 seems the least similar to the concept intension of ‘dog’. In other words,

obj001 seems the least typical ‘dog’ of the three, since there appears no

General Attribute descriptor short tail in its observation. Of the rest two objects, obj002 seems a less typical ‘dog’, because there appears a different descriptor hanging ears from short tail on shape dimension. It follows that the last object obj003 seems the most typical of three. Accordingly, it should lead to the following result: the new label related with obj001 would get the smallest similarity between the intensions of the ‘dog’ and the one related with obj003 would get the largest similarity.

We assume that the similarity between the two learned concepts is inversely proportional to the concept distance between their intensions. Concept distance between two concept intensions is measured basically by the number

(Intension of dog)

labeling(dog, A) :-
         tax(A, animation, animate), attr(A, shape, short tail).

(Observations of objects)

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).

(Derived intensions)

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 intension of dog and observations for 3 objects

of descriptors which occurs in one concept intension but do not in the other. Descriptors are weighted based on their importance. First, Categorical Classifiers (represented in the predicate tax) are counted 2 times more than basic

attr predicate descriptors. Additionally, General Attributes (represented

in attr predicate) can have varying scores by different kind attributes of the descriptor. For example, in the Supercategory animate, we put 1.5 points per one difference on shape dimension than the other attr predicates.

In this case, we count that the difference of appearance of General Attribute

furred on covering as 1 point. And we give weights for other descriptors as

mentioned above: General Attributes on shape are given 1.5 points, while Categorical Classifiers are given 2 points. Similarities between dog and the newly introduced categories become as follows: 0.25 with label001, approximately 0.67 with label002 and 1.00 with label003, respectively.

We let the model judge whether the relation with dog is hierarchical for each object by similarities calculated above. Giving a threshold, below which the relation is interpreted mutually exclusive and above which it is interpreted hierarchical, is a simple method. In this case, we set the threshold at 0.17 = 1/6. This threshold allows us to admit the total occurrence of supportive attributes to the target category up to four less than that of non-supportive ones.^2

It leads that all three introduced categories are interpreted as being hierarchically related with dog. label001 is difficult to judge at current status, but more information and further learning process may be necessary to verify the judgement.

Our computational model WISDOM creates and revises hierarchical and

2Precisely speaking, we sum up the attributes weights. Since 4 times 1.5 (the shape score) is 6, the inverse becomes 1/6.

mutual exclusive relations between concepts through the successive learning. The whole of such relations represents knowledge of concept hierarchy.

4.5 Co-Evolution of Concept Learning and Concept Hierarchy Building

One of the most characteristic features of our model is the co-evolution of concept learning and concept hierarchy building. Concept learning and concept hierarchy building correspond to two different learning activities: concept learning is achieved by supervised learning whereas concept hierarchy building is achieved by a kind of unsupervised learning. In the concept learning phase, the concept hierarchy serves for identifying the Supercategory which the target object belongs to and therefore selecting an appropriate set of attributes to classify it. On the other hand, in concept hierarchy building, the definitions of related concepts can be used to build a concept hierarchy. One possible trigger to build a concept hierarchy is during concept learning when we apply the Principle of Contrast by assigning either super class category or subordinate category to the labeled object to be learned.

5 Virtual Experiments

In this section, we show results of experimental learning. At First, we explain the description, which is used for both observation input and category intension.

In the second subsection (subsection 5.2), we show an experimental result where the learner acquires labeled concepts that are in the same domain. The learner is given pets objects and tries to learn basic level nouns (’dog’ and ’cat’)^3 and their subordinate ones. We regard certain biases appears their effect to suppose inter-concepts relations.

Subsection 5.3 shows difference in important properties to describe concepts among domains. Descriptors for dining instruments are different in their types comparing to those for pet animals. To find sets of important properties may be useful (1) to guess what kind of domain the newly introduced labels belong to and (2) to suggest new domains under the innate Supercategories.

5.1 Description

Figs. 3 and 4 are the input list representing one of object. We explain on some pieces in this description.

First, we use four predicates to describe objects. ’tax’ and ’attr’ represent categorical classifier and general attribute (see above), respectively.

3Nouns are classified into several levels depending on their commonness in cognitive psychology community. Frequently used nouns such as ’cat’ or ’dog’ are categorized as basic level and those nouns like ’animal’ which are more abstract than basic level are categorized as superordinate level. Those which are less abstract are categorized as subordinate level. This classification reflects conceptual hierarchy.

’subobj(A, B)’ represents that A is a part of an object B. B itself can be part of another object, so this predicate can be used recursively. ’connection(A,

B, C, D)’ represents that part A has contact with C at the direction B from

its center; and C does with A at the direction D. Note that predicates ’subobj’ and ’connection’ are auxiliary for represent shape structure of objects, and have no direct effect to hypothesis evaluation.

We should explain some types of general attribute representations. On the line 20 of the list, the third argument have a listed value [y axis, z axis,

x axis]. This clause represents that the y axis of the part obj041a is

the longest among the three axes. Also, on the line 27, the clause having the third term z axis/[y plus, y minus] expresses that the part obj041b have its posture as the higher at the further and the lower at the nearer from the observer’s viewpoint.

This list was manually encoded by observing a piece of photoprint to imitate a real human eye sensor. In the picture, a dog whose breed is ’weimaraner’ stands staring at the photographer.

5.2 Learning in a Domain Supposing Concept Hierar- chy In the experiment shown in this subsection, we gave 4 objects, 4 labels and 6 namings. This experimental learning is employed within one domain, which we call mammals’ one. Also, the experiment is under the Supercategory ’animate’ all the way through.

Objects contains 2 dogs and 2 cats. The observation description on one of these dogs, whose breed is weimaraner, is shown in the previous section. The other dog is a dachshund. Cats include 1 persian and 1 japanese bobtail.

Labels are ’tt dog’, ’weimaraner’, ’dachshund’ and ’cat’. Fig. 5 shows the order of naming.

When we name the weimaraner as ’weimaraner’, the learner check that the object already has a name ’dog’. Then the learner judges whether the object should be eliminated from the concept ’dog’ or not. If the object seems to be negative for ’dog’, the concept needs revision after the induction of ’weimaraner’. This choice is the result of adoption of the Mutual Exclusivity Bias.

To decide whether to adopt it or not, the learner compares shape-related general attributes between the object (Figs. 3 to 4) and the category ’dog’. This processing is based on the Shape Bias. The representation of intension of the category ‘dog’ is shown in Fig. 6. This weimaraner (obj041) fits the concept when we tie obj041a with A, obj041b with F, obj041c with

B, and so on. As a result of the comparison, we need neither to eliminate

this object from the concept nor to re-induce the category. Therefore this session ends when the induction of ’weimaraner’ is finished.

After all naming shown in Fig. 5 are done, we obtain intensions of ’weimaraner’ and ’dachshund’, remaining the possibility of hierarchical relations with ’dog’ respectively. On the other hand, category ’cat’ (shown in Fig. 7) also remains such possibility. None of 2 cat objects are inconsistent with the intension of ‘dog’. Examples used in this experiment are not sufficient to show mutual exclusivity based on the Shape Bias. However, no cat object

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 representing observation on a weimaraner (obj041)

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 representing observation on a weimaraner (obj041)

1 dog for the weimaraner 2 dog for the dachshund 3 weimaraner for the weimaraner 4 dachshund for the dachshund 5 cat for the japanese bobtail 6 cat for the persian

Figure 5: The order of naming through the experiment

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 intension of ’dog’, after second naming

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 intension of ’cat’, after all naming

is explained by ’dog’ intension, and vise versa. It is possible to find evidence of mutual exclusivity between these 2 categories when more objects are introduced as examples.

5.3 Difference of Important Descriptors between Domains

In this subsection, we add 2 objects and 2 labels over the experiment shown in previous subsection. Objects are a spoon and a fork, and labels are ’spoon’ and ’tt fork’ naturally. These new learning is under the Supercategory inanimate all the way through. Each induction of these categories is not affected by the other, and is not affected by the animal objects that are within animate Supercategory. Fig. 8 shows full description of ’spoon’ intension.

First, we figure out the feature of animal categories. To find such information, we extract description which divide dogs and cats, i.e., description which appears in one intension but does not in the other. In intension of ’cat’ (see Fig. 7), the following description is included:

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 intension of ’spoon’

.....
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),
.....

Parts A1b and A1c are eyes of cats. Additionally, 2 lines on the top says that these eyes are attached to the part A1a, which represent the head. In this description, in is important that the shape of A1a is specialized as spheroid. Such description set does not appear in ’dog’s. There are various cats in the world, but roundness of their head seems to make contrast against dogs.

Dogs and cats seem to have the same structure of four legs for walking, but the shape of head seems to be one of keys to distinction between them.

Now let us turn to observe dining instruments. Distinction between spoons and folks is clearer than pet animals domain. The learner should eliminate their handles from observation focus, then analyze the shape of wider terminal.

A set of important properties to distinguish adjacent categories shows the feature of the domain. Shape of the head is important within quadruped animals; shape of one terminal is important within dining tools. We expect to extract such information from intensions and utilize in order to suggest domain itself. Finding appropriate domains may be effective not only for concept hierarchy building but also further category learning.

6 Conclusion and Future Work

This paper presented a computational model WISDOM for children’s language acquisition using ILP. We proposed a model consisting of two parts; concept learning and concept hierarchy building. In the model, we incorporated cognitive biases such as the Taxonomic Bias, the Shape Bias, the Mutual Exclusive Bias and the Principle of Contrast to reduce the search space in building concept description.

In concept learning, we adopted the learning scheme of Inductive Logic Programming to induce associations between the target concept and various types of knowledge which children have acquired in the past.

In concept hierarchy building, we introduced a kind of similarity measure to judge (1) whether the given target object belongs to some category or not and (2) whether a given label to the target denotes a superordinate or subordinate concept to the conflicting category.

In WISDOM, concept learning and concept hierarchy building co-evolve each other. This feature is very important because it drastically accelerates the learning ability. The usage of taxonomy information in the learning phase introduces the notion of context because each Supercategory defines each context in which concept learning becomes a relatively small and easy task.

We built a learning program (we call the program as WISDOM also) based on our model and simulated language learning tasks for two animals and also for two dining instruments.

In these experiments, we gave shape attributes in detail. We found that different attributes sets were needed for these two tasks. Furthermore we found that common attributes like having-four-legs do not work in differentiating concepts in a domain, but rather subtle attributes such as the shape of trunks are crucial.

We also noted the importance of selecting a relevant domain not only for reducing the entire search space but also for eliminating irrelevant negative examples, which made it possible to learn the right concept efficiently.

We applied a simple similarity measure to judge whether two concept descriptions refer to distinct objects or hierarchically related objects. We can show that some patterns of description are domain-specific. In our future research, we are planning to adopt further sophisticated similarity measure to improve the performance. Also, when we employ the more example object, the intensional descriptions and domain-specific important patterns may become the more clearly.

Another point is a set of weights assigned to different attributes. There are no strict reasons why we put score 2 the Categorical Classifiers, score 1.5 for shape attributes and 1 for the rest. We need to find appropriate numbers for these weights to establish the better solutions or better behaviors of the system. It is a weights-adjusting problem and many algorithms are known to perform such tasks.

One of our future work is to incorporate human brain functional architecture for performing learning. It consists of various components including cerebrum, cerebellum, and paleocortex. To allocate different learning styles conducted by cerebrum and cerebellum to different parts of our system is one of the problems in the incorporation. Since learning in cerebellum is simpler and more related to attaining efficiency, simple tasks associating input stimuli with their corresponding labels could be realized finally using cerebellum-type efficient learning. On the other hand, at the beginning of learning, many input stimuli are investigated. Those activities fit rather to cerebrum-type learning. For the super category selection, the process is deeply related to the activity of paleocortex. The parameter adjustment for the selection is considered as meta-learning of the evaluation function in machine learning. This is one of the most attractive features to be pursued both in machine learning and in human brain.

References

[1] Bloom, L.: Language acquisition in its developmental context. In W.

Damon, D. Kuhn & R. Siegler (eds.), Handbook of Child Psychology, Vol. 2: Cognition, Perception and Language(5th Edition). New York: Wiley, 1998.

[2] Carey, S.: Conceptual Change in Childhood, MIT Press, 1985.

[3] Furukawa, K., Ozaki, T. and Ueno, K.: Inductive Logic Programming, Kyoritsu-syuppan, 2001 (in Japanese).

[4] Gelman, R.: First principles orgainize attention to and learning about relevant data: Number and the animate-inanimate distinction as examples, Cognitive Science, v.14, pp.79-106, 1990.

[5] Gleitman, L. and Gleitman, H.: A picture is worth a thousand words, but that’s the problem: The role of syntax in vocabulary acquisition, In B. Lust, M. Suner, & J. Whitman (eds.), Syntactic theory and first language acquisition: Cross-linguistic perspectives, Hillsdale, N. J.: Lawrence Erlbaum. pp.301-318, 1994.

[6] Gleitman, L. and Bloom, P.: ‘Language Acquisition’, In R. A. Wilson and F. C. Keil (eds.), MIT Enclylopaedia of the Cognitive Sciences, the MIT Press, Cambridge, MA and London, 1999.

[7] Golinkoff, R. M., Mervis, C. B. & Hirsh-Pasek, K.: Early object labels:

the case for a developmental lexical principles framework, Journal of Child Language, v.21, pp.125-155, 1994.

[8] Harnad, S.: The Symbol Grounding Problem, Physica D 42: 335-346, 1990.

[9] Hall, D. G., Quantz, D. H., and Persoage, K. A.: Preschoolers’ use of form class cues in word learning. Developmental Psychology, v.36, pp.449-462, 2000.

[10] Haoka, T. and Iwahashi, N.: Learning of the reference-point-dependent concepts on movement for language acquisition, PRMU2000-105, Technical report of IEICE, The Institute of Electoronics, Information and Communication Engineering, 2000 (In Japanese).

[11] Haryu, E. and Imai, M.: Controlling the application of the mutual exclusivity assumption in the acquisition of lexical hierarchies, Japanese Psychological research, v.41, no.1, pp.21-34, 1999.

[12] Imai, M.: Constraint on word-learning constraints. Japanese Psychological Research, v.41, pp.5-20, 1999.

[13] Imai, M., Gentner, D., and Uchida, N.: Children’s theories of word meaning: The role of shape similarity in early acquision. Cognitive Development, v.9, pp.45-75, 1994.

[14] Imai, M. and Gentner, D.: A cross-linguistic study of early word meaning: Universal ontology and linguistic influence. Cognition, v.62, pp.169-200, 1997.

[15] Imai, M., and Haryu, E.: Learning proper nouns and common nouns without clues from syntax. Child Development, 72, 787-803, 2001.

[16] Imai, M., and Haryu, E.: The nature of word learning biases: From a cross linguistic perspective. To appear in D. G. Hall & S. Waxman, (Eds.), Weaving the lexicon, MIT Press (in press).

[17] Kawato, M.: Computational Theory of Brain Sangyo Tosyo, 1996 (in Janapese).

[18] Landau, B., Smith, L. B., and Jones, S. S.: The importance of shape in early lexical learning. Cognitive Development, v.3, pp.299-321, 1998.

[19] Markman, E. M.: Categorization and Naming in Children, MIT Press series in learning, development and conceptual change MIT Press, 1989.

[20] Markman, E. M. and Wachtel, G. F.: Children’s use of mutual exclusivity to constrain the meanings of words. Cognitive Psychology, v.20, pp.121-157, 1988.

[21] MIT Perceptual Computing Group: Grounded Language Learning, MIT, 1998 (a videogram).

[22] Mitchell, T. M. Machine Learning, WCB/McGraw-Hill, 1997.

[23] Muggleton, S. Inverse Entailment and progol, New Generation Computing, v.13(4-5), pp.245-286, 1995.

[24] Munro, P., Cosic, C., Tabasko, M.: A Network for Encoding, Decoding and Translating Locative Prepositions. Connection Science, v.3, pp.225-240, 1991.

[25] Naigles, L. R. The use of multiple frames in verb learning via syntactic bootstrapping. Cognition, v.58, pp.221-251, 1996.

[26] Nakagawa, S., Masukata, M.: Shichoukaku-jouhou no Tougouka ni Motodzuku Gainen to Bunpou no Kakutoku-shisutemu (Acquisition System of Concepts and Syntax based on Integration of Visual and Auditory Sensory Information). Journal of Japanese Society for Artificial Intelligence, v.10, no.4, pp.129-137, 1995 (In Japanese).

[27] Quine, W. V. O. Word and Object, MIT Press, 1960.

[28] Siskind, J. M.: Acquiring Core Meanings of Words, Represented as Jackendolf- Style Conceptual Structures, from Correlated Streams of Linguistic and Non-Linguistic Input. In Proceedings of the 28th Annual Meeting of the Association for Computational Linguistics, pp.143-156, 1990.

[29] Spelke, E. S., Phillips, A. and Woodward, A. L.: Infants’ knowledge of object motion and human action. In D. Sperber, D. Premack & A. J. Premack (Eds.), Causal Cognition: A multidisciplinary debate, New York: Oxford University Press, 1995.

[30] Steels, L. and Kaplan, F.: Bootstrapping Grounded Word Semantics, In: Briscoe, T. (ed.) Linguistic evolution through language acquisition: formal and computational models. Cambridge University Press, 1999.

[31] Uchida, N., and Imai, M.: Heuristics in learning classifiers: The acqusition of the classifier system and its implications for the nature of lexical acquisition. Japanese Psychological Research, v.41, pp.50-69, 1999.

[32] Waxman, S. R. and Hall, D. G.: The development of a linkage between count nouns and object categories: Evidence from 15- to -21-month-old infants. Child Developement, v.64, pp.1224-1241, 1993.

[33] Woodward, A. M., and Markman, E. M.: Early word learning. In W.

Damon, D. Kuhn & R. Siegler (eds.), Handbook of Child Psychology, Vol 2: Cognition, Perception and Language (5th Edition), 1998.