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a language on the basis of a �nite number sentences that they encounter during theirformative years. Consequently, natural language acquisition has been, and continues tobe, a major focus of research [48, 75]. The past decade has seen signi�cant theoreticalas well as experimental advances in the study of natural language acquisition. Examplesof some current developments include bootstrapping hypotheses and constraint-based the-ories [9], optimality theory [80, 89], and neural theory of language [27, 28]. Empiricalevidence from these results argues in favor of language learnability to address some ofthe key problems encountered in child language acquisition.Besides obtaining a better understanding of natural language acquisition, interestin studying formal models of language learning stems also from the numerous practicalapplications of language learning by machines. Research in instructible robots [19] andintelligent software agents and conversational interfaces [6] is geared towards the designof agents that can understand and execute verbal instructions given in a natural language(such as English) or some restricted subset of a natural language. For example, one mightdescribe the steps needed for cooking dinner in terms of a sequence of instructions: \Openthe microwave door" - \Insert the packaged food" - \Set the controls" - \Push the cookbutton" and so on. Further, the human may want to summarize this entire sequenceof actions by the phrase \Cook dinner". The robot should learn the above sequence ofactions and identify it with the phrase \Cook dinner" [19]. A satisfactory solution tothis problem will necessarily have to build on recent advances in a number of areas inarti�cial intelligence including natural language processing, machine learning, machineperception, robotics, planning, knowledge representation, and reasoning.Formal language models are extensively used in syntactic or linguistic pattern classi-�cation systems [29, 30]. The structural inter-relationships among the linguistic patternattributes are easily captured by representing the patterns as strings (a collection ofsyntactic symbols). Learning a set of rules for generating the strings that belong tothe same class or category (language) provides for a simple yet adequate syntactic orlinguistic classi�cation system. Linguistic pattern recognition has been put to severalpractical uses including speech recognition, discovery of patterns in biosequences, imagesegmentation, interpretation of ECG, handwriting recognition, recognition of seismic sig-nals and the like [8, 30, 57]. The issues and practical di�culties associated with formallanguage learning models can provide useful insights for the development of languageunderstanding systems. Several key questions in natural language learning such as therole of prior knowledge, the types of input available to the learner, and the impact ofsemantic information on learning the syntax of a language can possibly be answered bystudying formal models of language acquisition.Research in language acquisition has bene�ted from advances in several disciplines in-cluding cognitive psychology [9], linguistics [15, 16, 75], theoretical computer science [42,55], computational learning theory [45, 63], arti�cial intelligence [84], machine learn-ing [48, 61], and pattern recognition [30, 57]. Psychological studies of language acquisitionhave explored the development of the children's cognitive faculties, the nature of stim-uli available to them, the types of word combinations they form, and related questions.2



Studies in linguistics attempt (among other things), to study similarities and di�erencesamong the di�erent languages in order to characterize language properties that are uni-versal (i.e., common to all languages). Theoretical computer science has taken a formalview of languages and constructed a language hierarchy based on representational powerof the di�erent formal languages. Research in computational learning theory has exploredlanguage learnability and has provided insights in to questions such as: whether it is pos-sible, at least in principle, to learn a language from a set of sentences of the language;whether there are classes of languages which can be e�ciently learned by computers, etc.Arti�cial intelligence has been concerned with the design of languages for communicationamong intelligent agents, deployment of instructible robots, and development of naturallanguage understanding systems. Studies in machine learning and pattern recognitionhave contributed to the development and application of algorithms for language learning.The language learning problem concerns the acquisition of the syntax or the grammar(i.e., rules for generating and recognizing valid sentences in the language) and the seman-tics (i.e., the underlying meaning conveyed by each sentence) of a target language. Thusfar, most of the work on computational approaches to language acquisition has focusedon learning the syntax. This component of language acquisition is generally referred to asgrammatical inference. In order to make the problem of syntax acquisition well-de�ned,it is necessary to choose an appropriate class of grammars (or equivalently languages)which is guaranteed to contain the unknown grammar. The classes of grammars such asregular or context free grammars that belong to the Chomsky hierarchy of formal gram-mars [13, 42] are often used to model the target grammar. The methods for grammarinference typically identify an unknown grammar (or an approximation of it) from a setof candidate hypotheses (e.g., the set of regular grammars de�ned over some alphabet).These algorithms are based on the availability of di�erent types of information such aspositive examples, negative examples, the presence of a knowledgeable teacher who an-swers queries and provides hints, and the availability of additional domain speci�c priorknowledge.The remainder of this chapter is organized as follows: The necessary terminology andde�nitions concerned with language learning are introduced in section 2. A variety ofapproaches for learning regular grammars are studied in section 3. Algorithms for learn-ing stochastic regular grammars and hidden markov models are described in section 4.These are motivated by the need for robust methods for dealing with noisy learning sce-narios (e.g., when examples are occasionally mislabeled) and the unavailability (in severalpractical application domains) of suitably labeled negative examples. The limited rep-resentational power of regular grammars has prompted researchers to explore methodsfor inference of more general classes of grammars such as context free grammars. Severalapproaches for learning context free grammars are reviewed in section 5. Section 6 con-cludes with a brief discussion of several interesting issues in natural language learningthat have been raised by recent research in cognitive psychology, linguistics, and relatedareas. 3



2 Languages, Grammars, and AutomataSyntax acquisition is an important component of systems that learn to understand nat-ural language. The syntax of a language is typically represented by grammar rulesusing which one may generate legal (grammatically correct) sentences of the language, orequivalently, decide whether a given sentence belongs to the language or not. GrammarInference provides a tool for automatic acquisition of syntax. It is de�ned as the pro-cess of learning a target grammar from a set of labeled sentences (i.e., from examples ofgrammatically correct and, if available, examples of grammatically incorrect sentences).Formal languages were initially used to model natural languages in order to better un-derstand the process of natural language learning [13]. Formal languages are associatedwith recognizing (or equivalently, generating) devices called automata. The task of gram-mar inference is often modeled as the task of automata induction wherein an appropriateautomaton for the target language is learned from a set of labeled examples.A formal grammar is a 4-tupleG = (VN ; VT ; P; S) where VN is the set of non-terminals,VT is the set of terminals, P is the set of production rules for generating valid sentencesof the language, and S 2 VN is a special symbol called the start symbol. The productionrules are of the form � �! � where �; � are sentences over the alphabet (VN [ VT ) and� contains at least one non-terminal. Valid sentences of the language are sequences ofterminal symbols VT and are obtained by repeatedly applying the production rules asshown below.ExampleConsider a simple grammar for declarative English sentences in Fig. 11. These rules canbe used to generate the sentence The boy saw a ferocious tiger as shown in Fig. 2. Notethat at each step the left most non-terminal is matched with the left hand sides of therules and is replaced by the right hand side of one of the matching rules.Fig 1 comes here (Grammar for Declarative English Sentences)Fig 2 comes here (Generation of the sentence)The language of a grammar is the set of all valid sentences that can be generated usingrules of the grammar. Chomsky proposed a hierarchy of formal language grammars basedon the types of restrictions placed on the production rules [13, 42]. The simplest class ofgrammars in this hierarchy is the class of regular grammars which are recognized by �nitestate automata (see section 3.1). Regular grammars are limited in their representationalpower in that they cannot be used to describe languages such as palindromes whosesentences would require the grammar to memorize a certain sequence within the sentence1Note that a rule of the form � �! �j
 is a concise way of writing two separate rules � �! � and� �! 
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in order to determine the validity of the sentence. This limitation is overcome in the nextclass of grammars in the hierarchy, the context free grammars. Context free grammarsare recognized by pushdown automata which are simply �nite state automata augmentedwith a pushdown stack. Context free grammars are adequate for several practical naturallanguage modeling tasks [19, 73]. Context sensitive grammars represent the next level ofgrammars in the hierarchy and unrestricted grammars (which place no restriction on theform of the production rules) complete the formal language hierarchy.3 Regular Grammar InferenceThe regular grammar inference task is de�ned as follows: Given a �nite set of positiveexamples (sentences belonging to the language of the target grammar) and a �nite (pos-sibly empty) set of negative examples (sentences that do not belong to the language ofthe target grammar), identify a regular grammar G� that is equivalent2 to the targetgrammar G. An important design choice concerns the representation of the target. Reg-ular grammars can be equivalently represented by a set of production rules, a regularexpression, a deterministic �nite state automaton (DFA), or a non-deterministic �nitestate automaton (NFA). Most work in regular grammar inference has chosen DFA asthe representation of the target regular grammar. This is attributed to the followingcharacteristics of DFA: they are simple and easy to understand; there exists a uniqueminimum state DFA corresponding to any regular grammar; there exist e�cient (polyno-mial time) algorithms for several operations (such as minimization of a DFA, determiningthe equivalence of two DFA, determining whether the language of one DFA is a supersetof the language of another DFA and the like) that are frequently used in regular grammarinference methods [42].3.1 Finite State AutomataA deterministic �nite state automaton (DFA) is a quintuple A = (Q; �;�; q0; F ) where,Q is a �nite set of states, � is the �nite alphabet, q0 2 Q is the start state, F � Q is theset of accepting states, and � is the transition function: Q � � �! Q. �(q; a) denotesthe state reached when the DFA in state q reads the input letter a. A state d0 2 Q suchthat 8a 2 �; �(d0; a) = d0 is called a dead state. The extension of � to handle inputstrings (i.e., concatenations of symbols in �) is standard and is denoted by ��. ��(q; �)denotes the state reached from q upon reading the string �. A string � is said to beaccepted by a DFA if ��(q0; �) 2 F . Strings accepted by the DFA are said to be positiveexamples (or valid sentences) of the language of the DFA. The set of all strings acceptedby a DFA A is its language, L(A). Correspondingly, strings not accepted by the DFA arecalled negative examples (or invalid sentences) of the language of the DFA. The languageof a DFA is called a regular language. DFA can be conveniently represented using state2Two grammars G1 and G2 are equivalent if their languages are exactly the same.5



transition diagrams. Fig. 3 shows the state transition diagram for a sample DFA. Thestart state q0 is indicated by the symbol > attached to it. Accepting states are denotedusing concentric circles. The state transition �(qi; a) = qj for any letter a 2 � is depictedby an arrow labeled by the letter a from the state qi to the state qj.Figure 1 comes here (DFA)A non-deterministic �nite automaton (NFA) is de�ned just like the DFA except thatthe transition function � de�nes a mapping from Q�� �! 2Q i.e., there can potentiallybe more than one transition out of a state on the same letter of the alphabet. In general, a�nite state automaton (FSA) refers to either a DFA or a NFA. Given any FSA (A0), thereexists a minimum state DFA also called the canonical DFA (A) such that L(A) = L(A0).Without loss of generality we will assume that the target DFA being learned is a canonicalDFA. A labeled example (�, c(�)) for A is such that � 2 �� and c(�) = + if � 2 L(A)(i.e., � is a positive example) or c(�) = � if � 62 L(A) (i.e., � is a negative example).Thus, (a;�), (b;+), (aa;+), (aaab;�), and (aaaa;+) are labeled examples for the DFAof Fig. 3. Given a set of positive examples denoted by S+ and a set of negative examplesdenoted by S�, we say that A is consistent with the sample S = S+ [S� if it accepts allpositive examples and rejects all negative examples.3.2 Results in Regular Grammar InferenceRegular grammar inference is a hard problem in that regular grammars cannot be cor-rectly identi�ed from positive examples alone [36]. Further, it has been shown that thereexists no e�cient learning algorithm for identifying the minimumstate DFA that is consis-tent with an arbitrary set of positive and negative examples [37]. E�cient algorithms foridenti�cation of DFA assume that additional information is provided to the learner. Thisinformation is typically in the form of a set of examples S that satis�es certain propertiesor a knowledgeable teacher's responses to queries posed by the learner. Trakhtenbrot andBarzdin have proposed an algorithm to learn the smallest DFA consistent with completelabeled sample i.e., a sample that includes all sentences up to a particular length withthe corresponding label that indicates whether the sentence is a positive example or anegative example [92]. Oncina and Garcia have de�ned a characteristic set of exampleswhich is a representative set that includes information about the states and transitions ofthe target DFA. They showed that it is possible to exactly identify the target DFA from acharacteristic sample [65]. Angluin has described the use of a minimally adequate teacherto guide the learner in the identi�cation of the target DFA. A minimally adequate teacheris capable of answering membership queries of the form \Does this sentence belong tothe target language?" and equivalence queries of the form \Is this DFA equivalent to thetarget?" Using labeled examples together with membership and equivalence queries it ispossible to correctly identify the target DFA [3].6



3.3 Search SpaceRegular grammar inference can be formulated as a search problem in the space of all�nite state automata (FSA). Clearly, the space of all FSA is in�nite. One way to restrictthe search space is to map a set of positive examples of the target DFA to a lattice ofFSA which is constructed as follows [67]. Initially, the set of positive examples (S+) isused to de�ne a pre�x tree automaton (PTA). The PTA is a DFA with separate paths(modulo common pre�xes) from the start state leading to an accepting state for eachstring in S+. The PTA accepts only the sentences in S+ i.e., the language of the PTAis the set S+ itself. For example, the PTA corresponding to a set S+ = fb; aa; aaaag ofpositive examples is shown in Fig. 4.Figure 4 comes here (Pre�x Tree Automaton)The lattice is now de�ned set of all partitions of the set of states of the PTA togetherwith a relation that establishes a partial order on the elements. Each element of the lattice(i.e., an individual partition of the set of states of the PTA) is called a quotient automatonand is constructed from the PTA by merging together the states that belong to the sameblock of the partition. For example, the quotient automaton obtained by merging thestates q0 and q1 of the PTA is shown in Fig. 5. The corresponding partition of the set ofstates of the PTA is ff0; 1g; f2g; f3g; f4g; f5gg. The quotient automaton is more generalthan its parent automaton in that, its language is a superset of the language of the parent.Figure 5 comes here (Quotient Automaton)The individual partitions in the lattice are partially ordered by the grammar covers re-lationship. One partition is said to cover another if the former is obtained by merging to-gether two or more blocks of the latter. For example, the partition ff0; 1; 2g; f3g; f4; 5ggcovers the partition ff0; 1g; f2g; f3g; f4g; f5gg. The important consequence of the gram-mar covers property is that if a partition covers another then the language of the FSArepresenting the former is a superset of the language of the FSA representing the latter.The PTA is the most speci�c element of the lattice. The universal DFA that is obtainedby merging all the states of the PTA into a single state is the most general element ofthe lattice. Given the PTA of Fig. 4, the partition corresponding to the universal DFA isff0; 1; 2; 3; 4; 5gg. The modi�ed search space, though �nite, is still exponentially large interms of the number of states of the PTA. Explicit enumeration of the entire search spaceis thus not practical. Typical search procedures start with either the PTA or the univer-sal DFA and use search operators such as state merging and state splitting to generatenew elements within the search space.By mapping the set of positive examples to a lattice of FSA we demonstrated how wecould restrict the search space to be �nite. How can we guarantee that the target DFA lieswithin this restricted search space? It can be shown that if the set of positive examples7



provided to the learner is a structurally complete set then the lattice constructed aboveis guaranteed to contain the minimum state DFA equivalent to the target [24, 67, 69]. Astructurally complete set for the target DFA is a set of positive examples (S+) such thatfor each transition of the target DFA there is at least one string in S+ that covers thetransition and for each accepting state of the target DFA there is at least one string inS+ that visits the accepting state. For example, the set S+ = fb; aa; aaaag is structurallycomplete with respect to the DFA in Fig. 3.3.4 Search StrategyEven though the lattice is guaranteed to contain the target DFA, the size of the latticeis prohibitively large to be e�ciently searched using an uninformed strategy like breadth�rst search. Several methods that avail of some additional information provided to thelearner have been designed to search the lattice for the target DFA. In the followingsections we summarize three di�erent search methods.3.4.1 Bi-directional Search using Membership QueriesParekh and Honavar have proposed a bi-directional search strategy based on the versionspace approach [69, 70]. Their method assumes that a structurally complete set of pos-itive examples (S+) is provided to the learner at the start and a knowledgeable teacheris available to answer the membership queries posed by the learner. The lattice of �nitestate automata de�ned above is implicitly represented using a version space [60]. Theversion space contains all the elements of the lattice that are consistent with the labeledexamples and the membership queries. It is represented using two sets of �nite stateautomata: a set S of most speci�c FSA which is initialized to the PTA and a set Gof most general FSA which is initialized to the universal DFA obtained by merging allthe states of the PTA. Thus the initial version space implicitly includes all the elementsof the lattice. It is gradually re�ned by eliminating those elements of the lattice thatare found to be inconsistent with the observed data. The version space search proceedsas follows: At each step two automata (one each from the sets S and G respectively)are selected and compared for equivalence. If they are not equivalent, then the shorteststring accepted by one automaton but not the other is posed as a membership query tothe teacher. The re�nement of the sets S and G is guided by the teacher's response tothe membership query. For example, if the query string is labeled as a negative exampleby the teacher then FSA in S that accept the negative example are eliminated from S.Further, all FSA of G that accept the negative example are progressively specialized bysplitting their states until the resulting FSA do not accept the negative example. Thus,e�ectively all automata accepting the negative example are eliminated from the versionspace. Membership queries serve to progressively generalize the elements of S and spe-cialize the elements of G thereby moving the two frontiers of the lattice represented byS and G closer to each other. At all times the two frontiers implicitly encompass the8



elements of the lattice that are consistent with the data observed by the learner. Con-vergence to the target is guaranteed and is attained when S = G. The essence of thisbi-directional search of the lattice is captured in Fig. 6. Although this algorithm is guar-anteed to converge to the target grammar, the speed of convergence often depends on theactual queries posed. Some query strings have the potential for eliminating huge chunksof the search space. The worst-case time complexity of this method is exponential in thesize of the PTA.Figure 6 comes here (Bi-directional search)3.4.2 Randomized SearchGenetic algorithms o�er an attractive framework for randomized search in large hypothe-ses spaces [40]. A typical genetic search involves evolving a randomly generated set ofindividuals (from the hypothesis space) based on the survival of the �ttest principle ofDarwinian evolution. A population of randomly selected elements of the hypothesis spaceis evolved over a period of time. A suitable representation scheme is chosen to encodethe elements of the hypothesis space as chromosomes. A �tness function is de�ned toevaluate the quality of the solution represented by the individual chromosomes. Thesearch progresses over several generations. In each generation a group of �ttest (as de-termined by the �tness function) individuals is selected for genetic reproduction which isrepresented by suitably de�ned operators (such as mutation and crossover). The geneticoperators serve to identify new and potentially interesting areas of the hypothesis space.The o�spring are added to the population and the evolution continues. Over a period oftime the individuals tend to converge towards high �tness values (i.e., reasonably goodsolutions).Dupont has proposed a framework for regular grammar inference using genetic al-gorithms [24]. The learner is given a set S = S+ [ S� of labeled examples. A PTAis constructed from the set S+ as explained in section 3.3. The initial population com-prises of a random selection of elements from the set of partitions of the set of states ofthe PTA. Each element of the initial population is thus a quotient automaton belongingto the lattice of FSA constructed from the PTA. The �tness assigned to each quotientFSA is a function of two variables: the number of states of the FSA and the numbersentences in S� that are mis-classi�ed by the FSA. Individuals with fewer states thatmake fewer errors are assigned higher �tness. After each generation a sub-populationof individuals is randomly selected for reproduction based on their �tness values. Twogenetic operators structural mutation and structural crossover (designed speci�cally forthe problem on hand) are applied to a sub-population to produce o�spring. Structuralmutation involves randomly selecting an element from one of the existing blocks of thepartition and randomly assigning it to one of the other blocks or creating a new block.Thus, ff0; 1;3; 5g; f2g; f4gg �! ff0; 1; 5g; f2;3g; f4gg is an example of structural mu-9



tation. In structural crossover one block is chosen at random from each parent and botho�spring inherit the block obtained by merging the two selected blocks. The remainingblocks for the o�spring are obtained by taking the di�erence3 of the blocks of the parti-tions corresponding to the parents that were not chosen above with the common blockinherited by both o�spring. For example, if the parents are represented by the followingpartitions ff0g; f1;4g; f2; 3; 5gg and ff0g; f1;3g; f2g; f4g; f5gg then a single applicationof the structural crossover might result in the following o�spring ff0g; f1;3;4g; f2; 5ggand ff0g; f1;3;4g; f2g; f5gg. Here the blocks f1; 4g and f1; 3g are �rst merged to ob-tain the common block inherited by both o�spring. The di�erence of the block f0gwith f1; 3; 4g is f0g, the di�erence of the block f2; 3; 5g with f1; 3; 4g is f2; 5g and soon. The o�spring produced by the genetic reproduction are valid partitions belongingto the lattice. These are added to the original population. A �tness-proportionate se-lection scheme that assigns high probability to individuals with higher �tness is usedto randomly select individuals for the next generation. After a pre-speci�ed number ofgenerations the �ttest individual from the population is selected and returned by thealgorithm as the inferred FSA. Although, this approach is not guaranteed to converge tothe target DFA, empirical results have shown that this evolutionary search does resultin identifying su�ciently small DFA that make reasonably fewer errors on the set S�.3.4.3 Ordered Depth-First Search with BacktrackingThe regular positive and negative inference (RPNI) algorithm performs an ordered depth-�rst search of the lattice guided by the set of negative examples S� and in polynomialtime identi�es a DFA consistent with a given sample S = S+ [ S� [65]. Further, if Shappens to be a superset of a characteristic set for the target DFA then the algorithm isguaranteed to return a canonical representation of the target DFA. A characteristic setof examples S = S+ [ S� is such that S+ is structurally complete with respect to thetarget and S� prevents any two states of the PTA of S+ that are not equivalent to eachother from being merged together (see [65] for a precise de�nition).The algorithm �rst constructs a PTA for S+. The states of the PTA are numbered instandard order as follows: The set of strings that lead from the start state to each indi-vidual state of the PTA is determined. The strings are sorted in lexicographic order (i.e.,�, a, b, aa, ab, : : :). Each state is numbered based on the position of the correspondingstring in the sorted list. The states of the PTA shown in Fig. 4 are numbered in standardorder. The algorithm initializes the PTA to be the current solution and systematicallymerges the states of the PTA to identify a more general solution that is consistent withS. The states of the PTA are systematically merged using a quadratic loop i.e., at eachstep i, the algorithm attempts to merge the state qi with the states q0, q1, : : :, qi�1 inorder. If the quotient automaton obtained by merging any two states does not accept anyexample belonging to S� then the quotient automaton is treated as the current target3The standard set di�erence operator is used here.10



and the search for a more general solution is continued with the state qi+1. If jjS+jj andjjS�jj denote the sums of lengths of each example in S+ and S� respectively then it canbe shown that the time complexity of the RPNI algorithm is O((jjS+jj+ jjS�jj) � jjS+jj2).The interested reader is referred to [23, 65] for a detailed description of the algorithm.ExampleWe demonstrate a few steps in the execution of the RPNI algorithm on the task oflearning the DFA of Fig. 3. Assume that we are given the characteristic sample S =S+ [ S� where S+ = fb; aa; aaaag and S� = f�; a; aaa; baag. The PTA is depictedin Fig. 4 where the states are numbered in the standard order. The initial partitionis ff0g; f1g; f2g; f3g; f4g; f5gg. The blocks 1 and 0 of the partition are merged. Thequotient shown in Fig. 7 accepts the negative example a and thus the merge is rejected.Next the blocks 2 and 0 of the partition are merged. The quotient automaton shown inFig. 8 accepts the negative example � and thus even this merge is rejected. Continuingthe merging in this manner it can be shown that the algorithm returns the partitionff0g; f1; 4g; f2g; f3; 5gg which is exactly the target DFA we are trying to learn (Fig. 3).Figure 7 comes here (RPNI eg 1)Figure 8 comes here (RPNI eg 2)3.5 The L� AlgorithmThe L� algorithm infers a minimum state DFA corresponding to the target with thehelp of a minimally adequate teacher [3]. Unlike the approaches described so far, the L�algorithm does not search a lattice of FSA. Instead, it constructs a hypothesis DFA byposing membership queries to the teacher. The learner maintains a table where the rowscorrespond to the states of the hypothesis DFA and the columns correspond to su�xstrings that distinguish between pairs of distinct states of the hypothesis. Individualstates are labeled by the strings that lead from the start state to the states themselves.The start state is labeled by the string �. The states reached from the start state byreading one letter of the alphabet are labeled by a and b respectively, and so on. Thus,for the DFA in Fig. 3, Q0 is labeled by the empty string �, Q1 is labeled by a, Q2 islabeled by b, and Q3 is labeled by aa. For each state the column labels indicate thestate that would be reached from that state after reading the string corresponding to thecolumn label. Membership queries are posed on the string obtained by concatenating therow and column labels. The �rst column is labeled as �. The queries � ��, a � �, etc. askwhether the state Q0 is an accepting state, Q1 is an accepting state, and so on. The cellrepresenting the intersection of a row r and a column c is marked either 1 or 0 dependingon whether the string r � c is accepted or not. Two states are presumed equivalent if all11



the entries for their corresponding rows are identical. If two states (say qi and qj) arepresumed equivalent but the states reached after reading a single letter of the alphabetfrom these states are not equivalent (i.e., the rows representing these adjacent states arenot identical) then the states qi and qj cannot be equivalent. A column (representinga distinguishing su�x) is then augmented to the table to distinguish the two states.When pairs of states in the hypothesis DFA cannot be distinguished any further thelearner poses an equivalence query asking whether the current hypothesis is equivalentto the target. If the teacher answers yes the algorithm terminates and returns the currenthypothesis. However, if the teacher answers no it also provides a counterexample thatis accepted by the target DFA but not by the current hypothesis or vice-versa. Thecounterexample together with all its pre�xes is incorporated into the table as new rows.Intuitively, this modi�cation of the table represents adding new states to the currenthypothesis. The learner modi�es the hypothesis using the counterexample and additionalmembership queries and poses another equivalence query. This interaction between thelearner and the teacher continues until the teacher's answer to an equivalence query isyes. The algorithm runs in time polynomial in the size of canonical representation of thetarget DFA and the length of the longest counterexample provided by the teacher and isguaranteed to converge to the unknown target.The L� algorithm assumes that the learner has the capacity to reset the DFA to thestart state before posing each membership query. In other words, the teacher's responseto the membership query indicates whether or not the DFA starting in state q0 accepts thequery string. This assumption might not be realistic in certain situations. For example,consider a robot trying to explore its environment. This environment may be modeled asa �nite state automaton with the di�erent states corresponding to the di�erent situationsthe robot might �nd itself in and the transitions corresponding to the di�erent actionstaken by the robot in each situation. Once the robot has made a sequence of moves itmay �nd itself in a particular state (say facing a barrier). However, the robot has no wayof knowing from where it started or of retracing its steps to the start state. The robot hasto treat its current state as the start state and explore the environment further. Rivestand Schapire have proposed a method based on homing sequences to learn the targetDFA in these situations [83]. If it is assumed that each state of the DFA has an output(the output could simply be 1 for an accepting state and 0 for a non-accepting state)then a homing sequence is de�ned as a sentence whose output always uniquely identi�esthe �nal state the DFA is in even if the state the DFA started from before processing thesentence is unknown. Rivest and Schapire's algorithm runs N copies of the L� algorithm(one for each of the N states of the target DFA) in parallel and using homing sequencesover comes the limitation that the start state of the target DFA is not known.3.6 Connectionist MethodsArti�cial neural networks (ANN) or connectionist networks are biologically inspired mod-els of computation. ANN are networks of elementary processing units that are intercon-12



nected by trainable connections. Each processing unit (or neuron) computes an ele-mentary function of its inputs. The connections are responsible for transmitting signalsbetween the neurons. Each connection has an associated strength or weight which pre-scribes the magnitude by which the signal it carries is ampli�ed or suppressed. ANN aretypically represented by weighted directed graphs. The nodes of the graph correspondto neurons, the edges refer to the connections, and the weights on the edges indicate thestrength of the corresponding connections. Each neuron performs its computation locallyon the inputs it receives from the neurons to which it is connected. These computationsare independent of each other. Thus, ANN have potential for massive parallelism. Typ-ical neural network architectures organize neurons in layers. The input layer neuronsallow for external signals to be input to the network. The network's output is read fromthe neurons at the output layer. Additionally, a network might have one or more hiddenlayers of neurons to facilitate learning.ANN have received considerable attention for their ability to successfully model lan-guage learning tasks. The advantages of connectionist methods over the symbolic tech-niques described above include robust behavior in the presence of limited amount ofnoise, ability to learn from relatively smaller training sets, and scalability to larger prob-lem sizes [51, 52]. Most connectionist language learning approaches specify the learningtask in classical terms (for example using an automaton to parse grammatically correctsentences of the language) and then implement these using a suitable neural network ar-chitecture such as recurrent neural networks (RNN) [62]. A variety of RNN architectureshave been investigated for learning grammars from a set of positive and negative exam-ples of the target language (see for example [17, 18, 25, 26, 31, 34, 32, 58, 78, 85, 97]). Inthe following section we describe the second order recurrent neural network architecturedue to Giles et al [31].3.6.1 Second Order RNN for Regular Grammar InferenceRecurrent neural networks have feedback connections from the output neurons back tothe input that give them the ability to process temporal sequences of arbitrary length.The second order RNN is depicted in Fig. 9. The network has N recurrent state neuronsS0; S1; : : : ; SN�1, L non-recurrent input neurons I0; I1; : : : ; IL�1 and N2 � L recurrentreal valued connection weights Wijk. The vector of output values of the state neurons iscalled a state vector S. S is fed back to the network via synchronous time delay lines i.e.,at time t+ 1 the network's output at time t is fed to the network along with the input.The state neuron S0 is arbitrarily designated as the output neuron and is periodicallysampled to read the network's output. The weight Wijk modi�es a product of the stateneuron Sj and the input neuron Ik. For example, W211 would correspond to the weightconnecting the state neuron S2 with the unit computing the product of the state neuronS1 with the input neuron I1. This quadratic form directly represents the state transitionfunction � : Q� � �! Q and is responsible for the name second order RNN.13



Figure 9 comes here (RNN diagram)Typically, the number of input neurons L is chosen to be j�j+1 with one neuron perinput symbol and the extra neuron used to denote the end of an input string. The inputis fed to the network one character at a time. Thus, the string 011 would be presentedover 4 time steps with the activations of the input neurons I0; I1; and I2 respectivelybeing < 100 >, < 010 >, < 010 >, and < 001 > at t = 0; 1; 2; and 3 respectively. Thechoice of the number of state neurons N is a design parameter. Typically N is chosenbetween 3 and 5. Recently Siegelmann and Giles have derived a bound on the size of acontinuous-valued recurrent network that is needed to correctly classify a given regularset [86]. This bound is easily computable and is tighter than the size of the canonicalDFA that is commonly used as the upper bound.The net input activation y(t+1)i+1 of the state neuron Si is de�ned by the followingexpression. y(t+1)i = NXj=1 LXk=1WijkS(t)j I(t)k + �iwhere �i is the threshold of unit i. Note that themult units in Fig. 9 compute the productS(t)j I(t)k . The state neurons typically implement the sigmoid activation function of the netinput. O(t+1)i = 11 + e�y(t+1)iThe output of the state neuron S0 is observed after the complete input string is presented.For a suitably chosen threshold � (where 0 < � < 1=2), if the output is greater than 1� �then the string is declared a positive example and if the output is less than � then thestring is declared a negative example.The RNN is trained using an iterative gradient descent strategy to minimize a selectederror function. The squared error is a typical choice for the error function. The error Epfor the sentence p is de�ned as follows:Ep = 12(Tp � S(f)0 )2where Tp is the desired label of sentence p (i.e., 1 or 0 depending on whether p is acceptedby the target or not) and S(f)0 is the output of S0 after the entire sentence is presented.During training an entire input pattern is presented to the network and the �nal stateof the network is determined. In case of a misclassi�cation the network's weights aremodi�ed by an amount proportional to the negative gradient of the error function. Theweight update equation is derived as follows:�Wijk = �� @Ep@Wijk= ��(Tp � S(f)0 ) @S(f)0@Wijk14



The results of experiments on the Tomita benchmark for regular grammars [91]showed that second order neural networks converged fairly quickly to compact repre-sentations of the target �nite state automata and generalized reasonably well on stringsnot belonging to the target language [34].3.6.2 Extracting Finite State Automata from Trained RNNOne signi�cant disadvantage of connectionist methods is that the learned models are notas transparent as is the case with symbolic approaches. Several researchers have studiedmethods for extracting �nite state automata from a trained RNN [20, 33, 64, 97]. It isobserved that RNN develop an internal state representation in the form of clusters inthe activation space of the recurrent state neurons. Therefore, a symbolic descriptionof the learned �nite state automaton can be extracted from the trained network usingclustering techniques. We describe an approach based on partitioning the space of thestate neurons (due to [34]) and a hybrid method combining symbolic and connectionistapproaches (due to [1]) for extracting state information from trained RNN.Giles et al's method [34] divides the output range [0; 1] of each recurrent state neuroninto q (typically q = 2) equal sized partitions thereby mapping the outputs of the N stateneurons to a set of qN states of the FSA. The partition P � corresponding to the RNN'sresponse to the empty string (i.e., the end of string symbol) is treated as the start stateof the FSA. Next the input symbol 0 is fed to the RNN and the output partition P 0 istreated as the state obtained by reading the symbol 0 in the start state P �. The partitionsin response to the various input strings 1, 00, 01, : : : are recorded and the learned FSAis reconstructed. Clearly, the number of states of the learned FSA can be no more thanqN . The extracted DFA is minimized (see [42] for a description of the state minimizationprocedure). Experimental results show that the extracted DFA approximates the targetDFA fairly closely.Alquezar and Sanfeliu proposed a method based on hierarchical clustering to extracta FSA from the trained RNN [1]. Their algorithm constructs a pre�x tree automaton(PTA) from the set of positive training examples (see section 3.3). Simultaneously aset of single-point clusters is initialized to the set of activation vectors of the network'sstate neurons in response to each symbol of each training string. Note that there is aone-to-one correspondence between the states of the PTA and the initial single-pointclusters. The PTA is treated as the initial hypothesis FSA. Hierarchical clustering isused to repeatedly merge the two closest clusters. The states of current hypothesis FSAthat correspond to the two clusters are also merged together. If the resulting automatonis inconsistent with the training set (i.e., it accepts a negative example) then the merge isdisallowed. Otherwise the resulting automaton is treated as the current hypothesis FSA.The next two closest clusters are then considered for merging and so on. This procedureterminates when all further merging results in the hypothesis FSA being inconsistentwith some negative example of the training set.15



3.6.3 Using Evolutionary Programming to learn RNNMost traditional approaches to training RNN for regular grammar inference use an a-priori �xed network architecture where the number of state neurons is often selected inan ad-hoc manner. An inappropriate choice of the network architecture can potentiallyprevent the network from e�ciently learning the target grammar. Angeline et al pro-posed an evolutionary network induction algorithm for simultaneously acquiring both thenetwork topology and the weight values [2]. Their algorithm called GNARL (GeNeralizedAcquisition of Recurrent Links) uses evolutionary programming techniques which reply onmutation as the sole genetic reproduction operator (as against genetic algorithms whichtend to rely primarily on the crossover operator).GNARL has a �xed number M of input nodes I1; I2; : : : ; IM , a �xed number N ofoutput nodes O1; O2; : : : ; ON , and a variable number of hidden nodes (up to a maximumof hmax). Implementational constraints such as no links to an input node, no links from anoutput node, and at most one connection between any two nodes are enforced to ensurethat only plausible network architectures are considered. The algorithm initializes apopulation of randomly generated networks. The number of hidden neurons, number ofnetwork connections, the incident neurons for each network connection, and the valuesof the connection weights are selected uniformly at random for each network in theinitial population. In each generation a subset of the networks in the population isselected for genetic mutation based on their scores on a user provided �tness function.The sum squared error metric is a commonly used �tness measure. GNARL considerstwo types of mutation operators: parametric mutation which alters the values of theconnection weights and structural mutation which alters the structure of the network (byadding or deleting nodes or links). The mutation operators are designed to retain thecreated o�spring within a speci�c locus of the parent i.e., care is taken to ensure that thenetwork created as a result of mutation is not too di�erent from its parent in terms ofboth structure and �tness. Experiments on the Tomita benchmark for regular grammarsshowed that the GNARL networks consistently exhibited better average test accuracy ascompared to the second order recurrent networks described in [95].3.7 Incremental ApproachesThe problem of regular grammar inference is made more tractable by assuming that theset of examples provided to the learner is structurally complete (see section 3.4.1) or is acharacteristic sample (see section 3.4.3). In many practical learning scenarios, a samplethat satis�es such properties may not be available to the learner at the outset. Instead,a sequence of labeled examples is provided intermittently and the learner is requiredto construct an approximation of the target DFA based on the information available toit at that point in time. In such scenarios, an online or incremental model of learningthat is guaranteed to eventually converge to the target DFA in the limit is of interest.Particularly, in the case of intelligent autonomous agents, incremental learning o�ers anattractive framework for characterizing the behavior of the agents [11].16



Parekh et al have proposed an e�cient incremental algorithm for learning regulargrammars using membership queries [72]. Their method extends Angluin's ID algorithmto an incremental framework. The learning algorithm is intermittently provided with la-beled examples and has access to a knowledgeable teacher capable of answering member-ship queries. Based on the observed examples and the teacher's responses to membershipqueries, the learner constructs a DFA. As in the case of the L� algorithm, input stringsare used to label the individual states. Membership queries are posed on the strings rep-resenting the states and the strings representing the adjacent states (obtained from thecurrent state by reading one letter of the alphabet). A set of su�x strings is constructedto distinguish among non-equivalent states. The current hypothesis is guaranteed to beconsistent with all the examples observed thus far. If an additional example provided isinconsistent with the learner's current representation of the target DFA then the learnermodi�es the current representation suitably to make it consistent with the new example.The algorithm is guaranteed to converge to a minimum state DFA corresponding to thetarget when the information obtained via labeled examples and membership queries issu�cient to enable the learner to identify the di�erent states and their associated tran-sitions. Further, the time and space complexities of this approach are polynomial in thesum of the lengths of the counterexamples seen by the learner.Two other incremental algorithms for learning DFA are based only on labeled samplesand do not require membership queries. Porat and Feldman's incremental algorithm usesa complete ordered sample (i.e., all examples up to a particular length provided in strictlexicographic order) [79]. The algorithm maintains a current hypothesis which is updatedwhen a counterexample is encountered and is guaranteed to converge in the limit. It needsonly a �nite working storage. However, it is based on an ordered presentation of examplesand requires a consistency check with all the previous examples when the hypothesis ismodi�ed. An incremental version of the RPNI algorithm for regular grammar inferencewas proposed by Dupont [23]. It is guaranteed to converge to the target DFA when theset of examples seen by the learner includes a characteristic set for the target automatonas a subset. The algorithm runs in time that is polynomial in the sum of lengths of theobserved examples. However, it requires storage of all the examples seen by the learnerto ensure that each time the representation of the target is modi�ed, it stays consistentwith all examples seen previously.3.8 Issues in E�cient Methods for Regular Grammar InferenceThe above sections bring out an interesting contrast between the di�erent methods forregular grammar inference. Exact learning of the target DFA requires that the learnerbe provided with additional information in the form of a characteristic sample or haveaccess to a knowledgeable teacher who answer queries. Incremental approaches guaranteeconvergence in the limit i.e., when the set of examples seen by the learner satisfy certainproperties. Other approaches that attempt to learn the target DFA only from the labeledexamples often rely on heuristics and are not guaranteed to converge to the target [29].17



An interesting question would be to see whether DFA are approximately learnable.Valiant's distribution-independent model of learning also called the probably approxi-mately correct model (PAC model) [93] is a widely used model for approximate learning.When adapted to the problem of learning DFA, the goal of a PAC learning algorithmis to obtain from a randomly drawn set of labeled examples, in polynomial time, withhigh probability, a DFA that is a good approximation of the target DFA [76]. A goodapproximation of the target is de�ned as one for which the probability of error on anunseen example is less than a pre-speci�ed error parameter �. Since on a given run, therandomly drawn examples of the target DFA might not be fully representative of thetarget, a concession is made to the PAC learning algorithm to produce a good approxi-mation of the target with high probability (greater than 1� � where � is a pre-speci�edcon�dence parameter). In the case of learning DFA the accepted notion of polynomialtime is that the algorithm for approximate learning of DFA must run in time that ispolynomial in N (the number of states of the target DFA), 1=� (the error parameter),1=� (the con�dence parameter), j�j (the alphabet size), and m (the length of the longestexample seen by the learner) [76].Angluin's L� learning algorithm can be adapted to the PAC learning framework toshow that DFA can be e�ciently PAC learned given that the learner is allowed to pose apolynomial number of membership queries [3]. However, PAC learning of DFA is provento be a hard problem in that there exists no polynomial time algorithm that e�cientlyPAC learns DFA from labeled examples alone [44, 77]. The PAC model's requirement oflearnability under all conceivable probability distributions is often considered too strin-gent in practice. Pitt identi�ed the following open research problem: Are DFA's PAC-identi�able if examples are drawn from the uniform distribution, or some other knownsimple distribution? [76].It is not unreasonable to assume that in a practical learning scenario a learner isprovided with simple representative examples of the target concept. Intuitively, when weteach a child the rules of multiplication we are more likely to �rst give simple exampleslike 3 � 4 instead of examples like 1377 � 428. A representative set of examples wouldenable the learner to identify the target concept exactly. For example, a characteristic setfor a DFA would constitute a suitable representative set for the DFA learning problem.The question then is whether we can formalize what simple examples mean. Kolmogorovcomplexity provides a machine independent notion of simplicity of objects. Intuitively,the Kolmogorov complexity of an object (represented by a binary string x) is the lengthof the shortest binary program that computes x. Objects that have regularity in theirstructure (i.e., objects that can be easily compressed) have low Kolmogorov complexity.Consider for example, the string si = 010101:::01 = (01)500. A program to computethis string would be Print 01 500 times. On the other hand consider a totally randomstring sj = 1100111010000 : : : 01 of length 500. This string cannot be compressed (as siwas) which means that a program to compute sj would be Print 1100111010000 : : : 01(i.e., the entire string sj would have to be speci�ed). The length of the program thatcomputes si is shorter than that of the program that computes sj thus K(si) � K(sj).18



If there exists a Turing Machine M such that it reads a string y as input and producesx as output then y is said to be a program for x. The Kolmogorov complexity of x isthus less than or equal to jyj + � (i.e., the length of y plus some constant). Clearly,the Kolmogorov complexity of any string is bounded by its length because there existsa Turing Machine that computes the identity function x �! x. Further, there is auniversal Turing machine U that is capable of simulating all Turing machines. It can beshown that the Kolmogorov complexity of an object with respect to U di�ers from theKolmogorov complexity of the object with respect to any other machine by at most anadditive constant. Thus, the Kolmogorov complexity of an object with respect to theUniversal Turing machine is treated as the Kolmogorov complexity of the object. Theinterested reader is referred to [54] for a complete treatment of Kolmogorov complexityand related topics.The Solomono�-Levin universal distribution m assigns high probability to objectsthat are simple i.e., m(x) � 2�K(x). If we assume that Kolmogorov complexity is areasonable notion of simplicity of an object then universal distribution gives us a way ofsampling simple objects. Li and Vit�anyi proposed the framework of PAC learning underthe universal distribution (called the simple PAC model) and demonstrated that severalconcept classes such as simple k-reversible DFA and log n-term DNF (i.e., boolean for-mulas in disjunctive normal form) are PAC learnable under this model while their learn-ability under the standard PAC model is unknown [53]. Recently, Denis et al proposeda variant of the simple PAC learning model where a teacher might intelligently selectsimple examples based on his/her knowledge of the target. Under this model (called thePACS model) they showed that the entire class of k-reversible DFA and the class of poly-term DNF are e�ciently PAC learnable. Parekh and Honavar have answered Pitt's openresearch question in the a�rmative by demonstrating that the class of simple-DFA (DFAwhose canonical representations have low Kolmogorov complexity) can be e�ciently PAClearned under the simple PAC learning model and the entire class of DFA can be e�-ciently PAC learned under the PACS model [68, 71]. Their approach is based on the factthat for any DFA there exists a characteristic set of simple examples. Further, it can bedemonstrated that with very high probability this set will be drawn when examples aresampled according to the universal distribution. Thus, by using the RPNI algorithm inconjunction with a randomly drawn set of simple examples, it is showed that DFA aree�ciently PAC learnable. This work naturally extends the teachability results due toGoldman and Mathias [38] and the equivalent model of learning grammars from charac-teristic samples due to Gold [37] to a probabilistic framework (see [68] for details). Thisidea of learning from simple examples holds tremendous potential in di�cult learningscenarios. It is of interest to explore the applicability of learning from simple examples(for an appropriately de�ned notion of simplicity) in natural language learning.19



4 Stochastic Regular Grammar InferenceOften in practical applications of grammar inference, negative examples are not directlyavailable to the learner. Gold proved that regular grammars cannot be learned frompositive examples alone [37]. In such cases where only positive examples are available,learning is made more tractable by modeling the target as a stochastic grammar whichhas probabilities associated with the production rules.4.1 Stochastic Finite State AutomataA stochastic �nite state automaton (SFA) is de�ned as A = (Q;�; q0; �) where Q is the�nite set of N states (numbered q0, q1, q2, : : : ; qN�1), � is the �nite alphabet, q0 is thestart state, and � is the set of probability matrices. pij(a) is the probability of transitionfrom state qi to qj on observing the symbol a of the alphabet. A vector of N elements �frepresents the probability that each state is an accepting state. The following normalizingconstraint must hold for each state qi:Xqj2QXa2� pij(a) + �f(i) = 1It states that the total probability of each transition out of the state qi together with theprobability that qi is an accepting state must be 1. The probability p(�) that a string �is generated by the SFA is computed as the sum over all states j of the probability thatthe SFA ends up in state j upon reading � times the probability that j is an acceptingstate. p(�) = Xqj2Qp0j(�)�f(j)pij(�) = Xqk2QXa2� pik(�)pkj(a) where �a = �The language generated by a SFA A is called a stochastic regular language and is de�nedas L(A) = fw 2 ��jp(w) 6= 0g (i.e., the set of sentences that have a non-zero probabilityof being accepted by the SFA). Fig. 10 shows the state transition diagram and associatedprobabilities of a stochastic �nite state automaton.Figure 10 comes here (deterministic SFA)4.1.1 The Alergia Algorithm for Learning SFACarrasco and Oncina have developed an algorithm for the inference of deterministicstochastic �nite state automata (DSFA) [12]. A DSFA is a SFA where for each stateqi 2 Q and symbol a 2 � there exists at most one state qj such that pij(a) 6= 0. This20



algorithm, called Alergia, is based on a state merging approach and is quite similar tothe RPNI algorithm for inference of DFA. A pre�x tree automaton (PTA) is constructedfrom the given set of positive examples S+ and its states are numbered in standard order(as described in section 3.4.3). The initial probabilities � and �f are computed based onthe relative frequencies with which each state and transition of the PTA is visited by theexamples in S+ (see example below).A quadratic loop merges the states of the PTA in order i.e., at each step qi thealgorithm attempts to merge state qi with the states q0, q1, : : : qi�1 in order. However,unlike the RPNI algorithm where the state merges were controlled by a set of negativeexamples S�, Alergia merges states that are considered to be similar in terms of theirtransition behavior (described by the states reached from the current state) and theiracceptance behavior (described by the number of positive examples that terminate in thecurrent state). The determination of similarity is statistical in nature and is controlled bya parameter � which ranges between 0 and 1. The probabilities � and �f are re-computedafter each state merge. The algorithm is guaranteed to converge to the target stochastic�nite state automaton in the limit when a complete sample is provided. The worst casecomplexity of Alergia is cubic in the sum of the lengths of examples in S+.ExampleConsider the set S+ = f�; a; �; abb; �; bb; a; aa; abab; bb; �; �; a; a; bbg. The correspondingPTA is shown in Fig. 11. In the �gure, the pair [x; y] besides each state denotes thenumber of times the state is visited (x) and the number of strings that terminate in thestate (y). Similarly, the number [z] by each transition indicates the number of times thearc was used by the strings in S+. Given this, we compute �f = f 515; 47; 0; 1; 0; 1; 0; 1; 1g.Similarly, p01(a) = 715, p01(b) = 0, p02(a) = 0, p02(b) = 315 , and so on. Intuitively, 5 stringsout of 15 that visit state q0 terminate in q0. Hence the probability that q0 is an acceptingstate is 515 i.e., �f (0) = 515. Similarly, 7 of the 15 strings that visit q0 take the transition�(q0; a) = q1. Hence the transition probability, p01(a) = 715 and so on.Figure 11 comes here (Stochastic regular grammars PTA)The state merging procedure considers q0 and q1 for merging. Assuming that q0 and q1are found to be similar they would be merged together. This introduces non-determinismsince now the new state obtained by merging q0 and q1 has two transitions on the letterb (viz. to states q1 and q2 respectively). The resulting SFA is determinized by recursivelymerging the states that cause non-determinism. This deterministic SFA (obtained byrecursive state merging) is shown in Fig. 12. The probabilities � and �f are re-computedand the state merging is continued. The procedure terminates when no further statemerging is considered statistically signi�cant and returns the most current DSFA.Figure 12 comes here (Det SFA after merging q0 and q1)21



4.2 Hidden Markov ModelsHidden Markov Models (HMM) are the widely used generalizations of stochastic �nitestate automata where both the state transitions and the output symbols are governedby probability distributions. HMMs have been applied successfully in speech recognitionand cryptography [81].Formally, a HMM comprises of the following elements:� A �nite set of states Q (labeled q1, q2, : : :, qN)� A �nite alphabet � (of symbols labeled �1, �2, . . .�M)� The state transition probability matrix A (N �N) where aij represents the prob-ability of reaching state qj from the state qi.� The observation symbol probability matrix B (N �M) where bij is the probabilityof observing the symbol �j in the state qi.� The initial state probability matrix � (N � 1) where �i is the probability of modelstarting in state qi.Note that in the case of HMM, the symbols are associated with individual statesinstead of the individual transitions as is the case with SFA. These models satisfy theMarkovian property which states that the probability of the model being in a particularstate at any instant of time depends only on the state it was in at the previous instant.Further, since each symbol is associated with possibly several di�erent states, given aparticular symbol it is not possible to directly determine the state that generated it. Itis for this reason that these Markov models are referred to as hidden.The probabilistic nature of HMM makes them suitable for use in processing temporalsequences. For example, in the case of speech recognition, a separate HMM is createdto model each word of the vocabulary. Given an observed sequence of sounds, one thendetermines the most likely path of the sequence through each model and selects the wordassociated with the most likely HMM.ExampleFig. 13 shows a HMM with N = 8 states and an alphabet � = fa; b; cg. The statetransition probabilities and the observation symbol probabilities are shown beside therespective transitions and symbols in the �gure. If the initial state probability matrix� = f1; 0; 0; 0; 0; 0; 0; 0g then q1 is the only initial state. There are two distinct waysof generating the string bacac with non-zero probability using this HMM viz. using thestate sequences q1q2q3q4q5 and q1q2q6q7q8 respectively.22



Figure 13 comes here (HMM)4.2.1 Learning Hidden Markov ModelsGiven a N -state HMM with the model parameters � = (A;B; �) and an observationsequence O = O1O2 : : :Ot, the probability of this observation sequence Pr(Oj�) can becomputed using the forward-backward estimation procedure [81]. Further, it is possible todetermine an optimal state sequence iii2 : : : it (where ik 2 Q; 1 � k � t) that most likelyproduced the observation sequence O using the Viterbi algorithm. Perhaps the mostcritical problem with learning HMMs is the adjustment of the model parameters thatwould maximize the probability of a single observation sequence. In order to determinethe model parameters an iterative procedure called the Baum-Welch algorithm can beused [7].Stolcke and Omohundro present a more general approach to the HMM learning prob-lem [88]. Their approach is a Bayesian model merging strategy which facilitates learningthe HMM structure as well as the model parameters from a given set of positive examples.The �rst step constructs an initial model comprising of a unique path from the start stateq1 to a �nal state qf for each string in the set of positive examples S+. This is similar tothe PTA constructed by the Alergia algorithm for learning SFA. The initial probabilitiesare assigned as follows: The probability of entering the path corresponding to each stringfrom the start state is uniformly distributed (i.e., if there are k paths corresponding tok strings in S+ then the probability of entering each path is 1=k). Within each path theprobability of observing the particular symbol at each state and the probability of takingthe outgoing arc from the state are both set to 1. Next a state merging procedure isused to obtain a generalized model of the HMM. At each step the set of all possible statemerges of the current model Mi are considered and two states are chosen for mergingsuch that the resulting model Mi+1 maximizes the posteriori probability Pr(Mi+1jS+)of the data. By Bayes' rule, Pr(Mi+1jS+) = Pr(Mi+1) Pr(S+jMi+1). Pr(Mi+1) repre-sents the model prior probability. Simpler models (for example, models that have a fewernumber of states) have a higher prior probability. The data likelihood Pr(S+jMi+1) isdetermined using the Viterbi path for each string in S+ (i.e., the optimal state sequencefor each string). The state merging procedure is stopped when no further state mergeresults in an increase in the posteriori probability.A brief comparison of Alergia with the Bayesian model merging approach is in order.Alergia uses a depth-�rst order of merging states and runs in time that is polynomial inthe size of S+. Further, is guaranteed to converge to the target deterministic stochastic�nite automaton in the limit. On the other hand the Bayesian model merging procedurefor HMM considers all possible state mergings at each step before merging two states andis thus computationally more expensive. Additionally, there is a need for appropriatelychosen priors in the Bayesian model merging procedure. Experimental results have shownthat relatively uninformed priors perform reasonably well. Although there is no guaranty23



for convergence to the target HMM, the Bayesian model merging procedure has beensuccessfully used in various practical applications. Further, the Bayesian model mergingprocedure is also used to learn class based n-grams and stochastic context free grammarswhich are more general in terms of their descriptive capabilities than the deterministicstochastic �nite automata inferred by Alergia.5 Inference of Context Free GrammarsContext Free Grammars (CGF) represent the next level of abstraction (above regulargrammars) in the Chomsky hierarchy of formal grammars. A CFG is a formal languagegrammar G = (VN ; VT ; P; S) where the production rules are of the form: A �! � whereA 2 VN and � 2 (VT [ VN )�. Most work in inference of context free grammars hasfocussed on learning the standardized Chomsky Normal Form (CNF) of CFG in whichthe rules are of the form A �! BC or A �! a where A;B;C 2 VN and a 2 VT . Theexample grammar for simple declarative English language sentences (Fig. 1) is in CNF.Given a CFG G and a string � 2 V �T we are interested in determining whether or not � isgenerated by the rules of G and if so, how is it derived. A parse tree graphically depictshow a particular string is derived from the rules of the grammar. For example, a parsetree for the sentence: The boy saw a ferocious tiger is shown in Fig. 14. The non-leafnodes of a parse tree represent the non-terminal symbols. The root of each sub-treetogether with its children (in order from left to right) represents a single production rule.Parse trees provide useful information about the structure of the string or the way it isinterpreted. Often, in learning context free grammars, parse trees obtained from examplesentences are provided to the learner. Parse trees simplify the induction task since theyprovide the learner with the necessary components of the structure of the target grammar.Figure 14 comes here (Parse Tree)5.1 Inducing Context Free GrammarsThe theoretical limitations that plague regular grammar inference carry over to the con-text free case as well because the set of context free languages properly contains theset of regular languages. The problems are further compounded by the fact that sev-eral decision problems related to CFG are undecidable. Given two CFG G1 and G2there exists no algorithm that can determine whether G1 is more general than G2 (i.e.,L(G1) � L(G2)). Similarly, there exists no algorithm that can answer the question \IsL(G1) \ L(G2) = �?" [42]. Thus, exact learning of the target grammar is seldom at-tempted in the case of CFG. However, several practically successful approaches havebeen devised for heuristically learning approximations to the target grammar.24



5.1.1 Learning Recursive Transitions NetworksRecursive Transition Networks are an equivalent representation of CFG. They are essen-tially simple �nite state diagrams where the tests on the arcs refer to either terminalsymbols or to entire subnetworks [48]. For example, the recursive transition diagram cor-responding to the context free grammar of Fig. 1 is shown in Fig. 15. The �rst networkindicates the start symbol S and invokes the subnetworks NP and V P by specifyingthem as tests on the arcs. The arcs of the subnetworks to the right of the �gure specifyindividual words from the set of terminals.Figure 15 comes here (simple RTN)One approach to learning recursive transition networks based on Langley's GRIDSalgorithm [47] is similar to the state merging techniques used for learning DFA. Givena set of positive examples a degenerate one level transition network is constructed thataccepts exactly the sentences that belong to the training set. This initial network isanalogous to the pre�x tree automaton in the DFA learning problem. For example, if weare given the sentences \The boy saw a sly fox", \A boy followed a ferocious tiger", \Thetiger saw a sly fox", etc. then a sample one level transition network can be constructedas shown in Fig. 16.Figure 16 comes here (Initial RTN)The algorithm identi�es patterns that co-occur in the initial network and representsthese as new subnetworks that correspond to phrases in the language. Measures such assimplicity of the subnetwork (in terms of nodes and links) are used to select a subnet-work among several competing alternatives. The creation of subnetworks for the aboveexample proceeds as shown in Fig. 17. The subnetwork creation is repeated until fur-ther splitting results in a degradation of the performance. Similar subnetworks are thenrepeatedly merged to give more general transition networks. Sample merging steps areshown in Fig. 18. Negative examples (if available) or heuristic knowledge can be used toguide the merging process to prevent the creation of overly general networks.Figure 17 comes here (Creating Subnetworks)Figure 18 comes here (Merging Subnetworks)5.1.2 Learning CFG using Version SpacesVanLehn and Ball proposed a version space based approach for learning CFG [94]. Givena set of labeled examples, a trivial grammar that accepts exactly the set of positive ex-amples can be constructed. Again, this is similar to the PTA constructed by several25



regular grammar inference algorithms. A version space is de�ned as the set of all possi-ble generalizations of the trivial grammar that are consistent with the examples. Sincethe set of grammars consistent with a given presentation is in�nite it becomes necessaryto restrict the grammars included in the version space. The reducedness bias restrictsthe version space to contain only reduced grammars i.e., grammars that are consistentwith a given sentences but no proper subset of their rules is consistent with the givensentences. A further problem in the case of CFG is that the more general than rela-tionship which determines if two grammars G1 and G2 are such that L(G1) � L(G2) isundecidable. This problem is circumvented by de�ning a derivational version space i.e.,a version space based on unlabeled parse trees constructed from positive sentences. Theidea is to induce partitions on the unlabeled non-terminal nodes of the parse trees. Forexample, consider a presentation of two sentences cat and black cat. Two unlabeled parsetrees corresponding to these sentences are depicted in Fig. 19. The set of three unlabelednodes can be partitioned in 5 di�erent ways (two of which are shown in Fig. 19). Eachpartition corresponds to a grammar that is consistent with the sentences. The deriva-tional version space is a union of all the grammars obtained from the unlabeled parsetrees.Figure 17 comes here (Derivational Version Space - Vanlehn and Ball)An operation FastCovers based on the partitions of the sets of non-terminals deter-mines the partial order among elements of the derivational version space. The algorithmfor updating the version space then proceeds as follows: Each new positive examplecauses the version space to expand by considering the new parse trees correspondingto the example. Each negative example causes the grammars that accept the negativeexample to be eliminated from the version space. The FastCovers relation (which is avariant of the grammar covers property described in section 3.3) is used to prune thosegrammars in the version space that cover the grammar accepting the negative example.This approach solves small induction problems completely and provides an opportunityfor incorporation of additional biases to make the learning tractable in the case of largerproblems [94].Giordano studied the version space approach to learning context free grammars us-ing a notion of structural containment to de�ne a partial order on the search space ofCFG [35]. This approach provides another mechanism to circumvent the problem thatarises because the operation more general than is not decidable in CFG. A structuregenerated by a grammar is its derivation tree with all non-terminal labels removed. Agrammar Gi is structurally contained in (or structurally equivalent to) a grammar Gj ifthe set of structures generated by Gi is contained in (or is equal to) the set of structuresgenerated by Gj. Structural containment implies containment in the sense of languages(i.e., if Gi is structurally contained in Gj then the language of Gi is a subset of thelanguage of Gj). Further, structural containment is polynomial time computable foruniquely invertible grammars (i.e., grammars in which the right hand sides of no two26



production rules are the same). It can be shown that the set of uniquely invertible gram-mars is equivalent to the whole set of context free grammars hence applying the versionspace strategy for learning uniquely invertible grammars does not restrict the capacityof the inference system in any way.5.1.3 Learning NPDA using Genetic SearchLankhorst presented a scheme for learning non-deterministic pushdown automata (NPDA)from labeled examples using genetic search [49]. Push down automata (PDA) are recog-nizing devices for the class of context free grammars (just as FSA are recognizing devicesfor regular grammars). A PDA comprises of a FSA and a stack. The extra storage pro-vided by the stack enables the PDA to recognize languages such as palindromes which arebeyond the capability of FSA. Lankhorst's method encodes a �xed number of transitionsof the PDA on a single chromosome. Each chromosome is represented as a bit stringof a �xed length. Standard mutation and crossover operators are used in the geneticalgorithm. The �tness of each chromosome (which represents a NPDA) is a function ofthree parameters viz. training accuracy, correct pre�x identi�cation, and residual stacksize. The training accuracy measures the fraction of the examples in the training setthat are correctly classi�ed. PDA that are able to parse at least a part of the input stringcorrectly are rewarded by the correct pre�x identi�cation measure. A string is said to beaccepted by a PDA if after reading the entire string either the FSA is in an acceptingstate or the stack is empty. The residual stack size measure assigns higher �tness to PDAthat leave as few residual symbols on the stack as possible after reading the entire string.5.1.4 Learning Deterministic CFG using Connectionist NetworksSeveral researchers have explored connectionist approaches for learning context free gram-mars. Das et al proposed an approach for learning deterministic context free grammarsusing recurrent neural network push down automata (NNPDA) [21, 22]. This model usesa recurrent neural network similar to the one described in section 3.6.1 in conjunctionwith an external stack to learn a proper subset of deterministic context free languages.Moisl adopted deterministic push down automata (DPDA) as adequate formal modelsfor general natural language processing (NLP) [62]. He showed how a simple recurrentneural network can be trained to implement a �nite state automaton which simulatesthe DPDA. Using a computer simulation of a parser for a small fragment of the Englishlanguage Moisl demonstrated that the recurrent neural network implementation resultsin a NLP device that is broadly consistent with the requirements of a typical NLP systemand has desirable emergent properties. We brie
y describe the NNPDA model proposedby Das et al [21].The NNPDA consists of a recurrent neural network integrated with an external stackthrough a hybrid error function. It can be trained to simultaneously learn the state tran-sition function of the underlying push down automaton and the actions that are requiredto control the stack operation. The network architecture is similar to the one described27



in section 3.6.1. In addition to the input and state neurons the network maintains agroup of read neurons to read the top of the external stack and a single non-recurrentaction neuron whose output identi�es the stack action to be taken (i.e., push, pop, or no-op). The complexity of this PDA model is reduced by making the following simplifyingassumptions: The input and stack alphabets are the same, the push operation places thecurrent input symbol on the top of the stack, and �-transitions are disallowed. Theserestrictions limit the class of languages learnable under this model to a �nite subset of theclass of deterministic context free languages. Third order recurrent neural networks areused in this model where the weights modify a product of the current state, the currentinput, and the current top of stack to produce the new state and modify the stack. Theactivation of the state neurons at time t+ 1 is determined as follows.si(t+ 1) = g(Xj Xk Xl wijklsj(t)ik(t)rl(t))where wijkl is the third order weight that modi�es the product of the activation of thestate neuron Sj, the input Ik, and the activation of the read neuron Rl at time t. g is thestandard sigmoid function g(x) = 11+e�x . During training, input sequences are presentedone at a time and the activations are propagated until the end of the sequence is reached.At this time the activation of the designated output neuron is compared with the classlabel assigned to the particular input sequence (1 or 0). If the sequence is misclassi�edthen the network's weights are modi�ed according to the weight update rule. The weightupdate rule is designed to minimize a suitably chosen error function E. E is a functionof the activation of the designated output neuron and the length of the stack at the endof the presentation of the entire sequence. For positive sequences it is desired that theoutput activation be close to 1.0 and the stack be empty and for negative sequences itis desired that the output activation be close to 0 and the stack be non-empty. ThisNNPDA model is capable of learning simple context free languages such as anbn andparenthesis. However, the learning task is computationally intensive. The algorithmdoes not converge for more nontrivial context free languages such as anbncbmam.Das et al studied the incorporation of prior knowledge in NNPDA to make learningmore tractable [22]. Two di�erent types of knowledge could be made available to themodel: knowledge that depends on the training data alone and partial knowledge aboutthe automaton being inferred. As explained in section 3.8, presenting simpler examplesof the target concept can considerably simplify the learning task. Speci�cally, in thecase of context free grammars the learning process bene�ts from seeing shorter examplesearly on. Simulation results demonstrated that incremental learning (where the trainingexamples are presented in increasing order by length) achieved a substantial reduction inthe training time of the NNPDA algorithm. Additionally, a knowledgeable teacher mightbe asked to indicate for each negative string the character which forces the PDA to areject state. This information (if available) could be used to stop training the NNPDAon negative examples beyond the rejection point identi�ed by the teacher. Experiments28



showed that such selective presentation of strings enables the NNPDA algorithm to con-verge on nontrivial languages such as anbncbmam. The knowledge of the task being solvedcan be exploited to further assist the NNPDA learning algorithm. Two such methodsincluding pre-determining the initial values of some of the network's weights and pre-senting structured training examples where the order of generation of each word of thesentence is indicated by parentheses were shown to improve learning speed [22].5.2 Stochastic CFGThe success of HMM in a variety of speech recognition tasks leads one to ask if the morepowerful stochastic context free grammars (SCFG) could be employed for speech recog-nition. The advantages of SCFG lie in their ability to capture the embedded structurewithin the speech data and their superior predictive power in comparison with regulargrammars as measured by prediction entropy [50].The Inside-Outside algorithm can be used to estimate the free parameters of a SCFG.Given a set of positive training sentences and a SCFG whose parameters are randomlyinitialized, the inside-outside algorithm �rst computes the most probable parse tree foreach training sentence. The derivations are then used to re-estimate the probabilitiesassociated with each rule and the procedure is repeated until no signi�cant changesoccur to the probability values.Prior to invoking the inside-outside algorithm one must decide on some appropriatestructure for the SCFG. Stolcke and Omohundro's Bayesian Model merging approach canbe used for learning both the structure and the associated parameters of the SCFG froma set of training sentences [88]. This approach is analogous to the one for HMM inductiondescribed earlier. New sentences are incorporated by adding a top level production fromthe start symbol S. Model merging involves merging of non-terminals in the SCFG toproduce a more general grammar with fewer non-terminals and chunking of non-terminalswhere a sequence of non-terminals is abbreviated using a new non-terminal. A powerfulbeam search (which explores several relatively similar grammars in parallel) is used tosearch for the grammar with the highest a-posteriori model probability.6 DiscussionResearch in computational models of formal language acquisition has received signi�cantattention over the past three decades. Their study is motivated partly by the desire tobetter understand the process of natural language acquisition and partly by the numerouspractical applications of grammar inference. The preceding sections presented several keyalgorithms for learning regular, stochastic regular, context free, and stochastic contextfree grammars.Regular grammars represent the simplest class of grammars in the Chomsky hierarchy.The study of regular grammar inference methods is of signi�cant practical interest fora number of reasons: every �nite language is regular; a context-free language can often29



be closely approximated by a regular grammar [30]. Unfortunately, the regular grammarinference problem is known to be hard (i.e., there exists no e�cient algorithm thatcan learn the target grammar from an arbitrary set of labeled examples). It is shownthat the regular grammar inference problem can be solved e�ciently with the help ofrepresentative samples, or by drawing examples according to a helpful distribution (e.g.,simple distributions), or with the help of a knowledgeable teacher capable of answeringqueries. Further, as demonstrated by the results of the recent Abbadingo One DFALearning Competition several e�cient heuristic approaches provide satisfactory solutionsto the regular grammar inference problem [39, 43, 46].Context-free and context-sensitive grammars generate languages that are clearly moreexpressive than those generated by regular grammars. This has motivated a large bodyof research on algorithms for learning such grammars. However, existing algorithms forinduction of these grammars are generally heuristic in nature. Although some of themhave been demonstrated to perform well on small to medium sized problems, they do notappear to scale well to larger problem sizes. While the context-free and context-sensitivegrammars (and their corresponding recognition devices) constitute useful conceptual ab-stractions for studying fundamental theoretical questions in computer science, and thestudy of algorithms for learning such languages (or interesting subclasses of such lan-guages) is clearly of signi�cant theoretical interest, their utility in modeling real-worldlanguage learning scenarios is open to question. This is because any language that canbe generated (and recognized) by a computational device (e.g., a general purpose com-puter) with a �nite amount of memory can be modeled by a regular language. Sentencesthat are encountered in practice (e.g., in typical use of natural languages) seldom re-quire in�nite memory for generation or recognition. Note that no computer in use todayhas in�nite memory and hence is necessarily less powerful than a Turing Machine withits in�nite tape. But that has never prevented the widespread use of computers for allsorts of practical applications. Similarly, one might argue that algorithms for learningregular grammars are, for the most part adequate for practical applications of grammarinduction.While languages generated and recognized by �nite state, �nite memory computa-tional devices (e.g., a push-down automaton with a bounded stack) can in principle bemodeled by regular languages, one might still want to use context free or context sen-sitive languages for reasons of elegance or compactness. Hence, it might be of interestto explore e�cient algorithms for learning such languages under the assumption of �nitestate, bounded memory recognition devices, or a strong inductive bias in favor of simplergrammars, or under helpful distributions.The di�erent approaches to language acquisition can be grouped into three broad cat-egories: those that make use of purely symbolic representations (e.g., L*); those that makeuse of purely numeric representations (e.g., most connectionist networks); and hybrid ap-proaches that combine both symbolic as well as numeric representations. Algorithms thatemploy purely symbolic representations often lend themselves to rigorous analysis andguarantee of convergence to the unknown target grammar given a non-contradictory,30



noise-free, representative set of examples. On the other hand, such algorithms can bequite brittle in the presence of noise. Algorithms that employ purely numeric repre-sentations are robust in the presence of limited amounts of noise, are able to learn fromrelatively smaller training sets, and are known to scale well to larger problem sizes [51, 52].However, their convergence properties are generally poorly understood and the learnedmodels are not as transparent. While it is possible to extract a symbolic description ofa learned grammar from a connectionist network, the procedures used for doing so arelargely heuristic in nature. Against this background, it is of interest to investigate hybridalgorithms that exploit the strengths of both numeric as well as symbolic representations[41].Research in cognitive psychology, linguistics, and related areas has raised severalimportant issues that must be (at least partially) addressed by any practical system forlanguage acquisition. An in-depth discussion of recent developments in these areas andtheir implications for models of language learning is beyond the scope of this chapter.However, in what follows, we attempt to brie
y highlight some of the key issues.Mechanisms of language acquisition have been the subject of intense debate for severaldecades. As in the case of most cognitive phenomena, the opinions that have been voicedspan a wide spectrum. At one end of the spectrum is the behaviorist view advocated bySkinner which suggests a tabula rasa approach to learning [87]. In this view, languageacquisition is driven collectively by stimuli experienced by an individual, the responseevoked by the stimuli, and the reinforcing stimuli that follow the response. For example,when a child feels thirsty { the stimulus of milk-deprivation, it might respond by saying\milk " (essentially by a process of trial and error) and the parents might provide areinforcing stimulus in the form of a bottle of milk. Thus, it was argued that languageoriginates from physical need and is a means to a physical end. This behaviorist viewequates learning with essentially the formation of (typically but not necessarily direct)stimulus-response associations. Note that semantics plays a central role in this model oflanguage learning.At the other end of the spectrum is the view advocated by Chomsky that language isnot a cultural artifact that can be learned [14]. This claim is based on what Chomsky hascalled the argument from the poverty of stimulus which states that the language stimulireceived by the child are insu�cient for acquiring abstract grammatical rules solely viainductive learning [15]. Language is thus innate in the biological make-up of the brain.In other words, language is a human instinct [75]. Thus, children must be born with aUniversal Grammar or a system of principles, conditions, and rules that are elements orproperties of all human languages [15]. Chomsky's subsequent writings [16] argue that theinnate universal grammar is organized into modular subsystems of principles concerninggovernment, binding, and thematic roles. Principles or, alternatively, particular lexicalitems may have parameters associated with them whose values are set according tolanguage experience [56].It is perhaps worth noting that Chomsky's arguments of innateness of language appearto be restricted to language syntax, while the behaviorist view of language acquisition31



is primarily concerned with language semantics. If we restrict our attention to syntaxacquisition, results in machine learning and computational learning theory appear to lendcredence to Chomsky's view. Almost all learning algorithms either explicitly or implicitlyuse appropriate representational and inductive biases [59, 61]. The representational biasof the algorithm determines the space of candidate hypotheses (or sets of grammars in thecase of language acquisition) that are considered by the learner. In order for learning tosucceed, the hypothesis space must be expressive enough to contain the target grammar.On the other hand, since learning typically involves searching the hypothesis space inorder to identify an unknown target on the basis of data or other information available inthe learner's the environment, if it is overly expressive, it can increase the complexity ofthe learning task. Inductive bias of the algorithm tends to focus or bias the search for theunknown target hypothesis. For instance, an algorithm for regular language acquisitionhas a representational bias that allows it to consider only regular grammars as candidatesolutions. In addition, such an algorithm might have a strong inductive bias that directsits search in favor of, say, simpler rules.Most e�cient algorithms that have been devised for language learning rely on theavailability of negative examples of the unknown target grammar. While this may be areasonable assumption to make in several practical applications of language acquisition orgrammatical inference (e.g., syntactic approaches to pattern recognition), it has been ar-gued that the apparent lack of negative examples presents a language learnability dilemma.Wexler and Manzini point out that children seldom see negative examples of a grammarand are rarely corrected when they utter grammatically incorrect sentences [96] and con-sequently they often over-generalize from the limited number of sentences they hear. Thelack of negative examples prevents any direct recovery from over-generalizations of thetarget grammar. Against this background, several mechanisms (such as constraint sam-pling and use of the uniqueness principle) have been suggested for recovering from suchover-generalizations [74].It is tempting to think of Chomsky's Universal Grammar (if in fact it exists) as de-termining the representational bias of a natural language learner. The inductive bias ofthe learner might be enforced by the innately determined range of values that the variousparameters are allowed to take. It might also be a result of the process of brain devel-opment in children. In this context, it is worth noting that Prince and Smolensky [80]have recently developed a grammatical formalism called optimality theory which bringstogether certain connectionist computational principles into the essentially symbolic the-ory of universal grammar. In this formalism, possible human languages share a commonset of universal constraints on well-formedness. These constraints are highly general, andhence are con
icting. Consequently, some of themmust be violated in optimal (i.e., gram-matical) structures. The di�erences in the world's languages emerge via di�erent priorityrankings of the universal constraints: each ranking is a language-particular grammar, ameans of resolving the inherent con
icts among the universal constraints.In this chapter, we have studied language learning primarily from the point of viewof acquiring syntax. The learning of semantics or the meanings of words and sentences is32



central natural language acquisition. An excellent overview of empirical methods for nat-ural language processing (including techniques for speech recognition, syntactic parsing,semantic processing, information extraction, and machine translation) appears in [10].Thompson et al have designed a system for automatically acquiring a semantic lexiconfrom a corpus of sentences paired with representations of their meanings [90]. This systemlearns to parse novel natural language sentences into an suitable semantic representation(such as a logical database query) and is shown to successfully learn useful lexicons fora database interface in four di�erent natural languages. Current understanding of se-mantic development in children as summarized by Pan and Gleason [66] is surprisinglyconsistent with the essential tenets of the behaviorist view advocated by Skinner. Itis believed that children typically learn meanings of words and phrases by identifyingsuitable mappings between them and perceptual stimuli. In summary, it seems plausi-ble that something akin to a universal grammar and its interaction with the rest of thebrain is what enables children to become 
uent in any language during their childhood.Thus language acquisition has to necessarily rely on not only mechanisms for learninglanguage-speci�c grammars (which might involve tuning the parameters of the universalgrammar) but also processes for inducing the meaning of the words and sentences in thelanguage. This argues for a model of language learning that accounts for both syntacticas well as semantic components of the language. Recent research results o�er some in-triguing preliminary insights on the development of formal models of how children learnlanguage [27, 28]. Regier proposed a computational model of how some lexical itemsdescribing spatial relations might develop in di�erent languages [82]. His system includesa simple model of the visual system which is common to all human beings and thus mustbe the source from which all visual concepts arise. Using conventional backpropagationtechniques his system was able to learn a spatial terms from labeled example movies fora wide range of languages. Stolcke's Bayesian model merging approach [88] was able tolearn semantics on the same domain (of labeled example movies) in the form of a simplestochastic attributed grammar. Bailey proposed a computational model to address theissue of how a child makes use of the concepts that he/she has learned [5, 4]. His systemlearns to produce verb labels for actions and also carries out the actions speci�ed by theverbs it has learned.
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S ! NP V PNP ! AR N j AR APAP ! AD NV P ! V NPN ! boy j tiger j foxV ! sawAR ! a j theAD ! ferocious j slyFigure 1: Grammar for Declarative English Sentences.
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S ! NP V P! AR N V P! The N V P! The boy V P! The boy V NP! The boy saw NP! The boy saw AR AP! The boy saw a AP! The boy saw a AD N! The boy saw a ferocious N! The boy saw a ferocious tigerFigure 2: Generation of the Sentence { The boy saw a ferocious tiger
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