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Abstract 

It has often been claimed that there is not enough information in the evidence available to children for them to 

determine the grammar of the language they are learning, unless they come equipped with innate prior 

knowledge of possible structures (Chomsky, 1965, 1984). Early work in syntactic theory rejected the proposal 

that syntax could be learned using statistical inference, but here it is shown that a more sophisticated form of 

statistical inference than those previously considered, namely minimum description length, can decide which of 

several competing grammars is the most appropriate description of a body of language data, and that it can do so 

with minimal prior knowledge of language structures. The minimum description length principle trades off a 

preference for simple grammars against a preference for grammars that account well for observed data. This 

allows grammars that make appropriate generalizations given the available evidence to be identified, and 

suggests that strong innate constraints may not be necessary to account for the acquisition of syntax. 
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1 Introduction 

Knowing when to make generalizations is necessary if the syntactic system of a language is 

to be inferred from observations of sentences in that language. Therefore understanding 

which generalizations are supported by linguistic data, and which are not, gets right to the 

core of syntactic theory. Chomsky (1965) was influential in arguing that the data available to 

children does not provide sufficient information to allow the underlying grammars of 

languages to be determined, unless the generalizations that children consider are constrained 

by innate prior knowledge. This has led to the parameter setting theory of syntax, which 

proposes that the syntax of all languages is based on an innate Universal Grammar, and can 

vary in terms of only a limited number of parameters (Chomsky, 1984, 1995, 2002). In this 

paper it is shown that if we adopt a more sophisticated method for making statistical 

generalizations than those considered and rejected by Chomsky (1956, 1957, 1959, 1965), 

then a great deal of syntactic structure can be inferred with minimal prior knowledge. 

 

Chomsky (1957) discussed what the goal of a syntactic theory should be. He suggested that it 

would be desirable to be able to take a corpus of data and apply a mechanistic procedure 

which produced a correct grammar, or failing that to at least be able to determine if a given 

grammar was correct. However, he concluded that such procedures were too demanding, and 

so we should settle for an evaluation procedure that would determine which of two or more 

grammars was most suitable with respect to a corpus. Chomsky (1965) later considered the 

acquisition of syntax by children, and suggested that the goal of syntactic theory should be to 

form the basis of an account of how children are able to determine the syntactic system 

underlying the language they are learning. This paper shows how the minimum description 

length principle (MDL) can be used as the basis of an evaluation procedure for grammars that 
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has the potential to provide one component of an explanation of the acquisition of syntax by 

children. MDL, which is discussed in detail in section 2, is a statistical principle that can be 

used to score grammars in terms of how well they describe data. It prefers both simpler 

grammars and grammars that account better for observed data, leading to an overall 

preference for grammars that make generalizations that are appropriate given the evidence 

available. 

 

Central to the debate over what form a syntactic theory must take has been the Ôpoverty of the 

stimulusÕ argument. Chomsky (1965) questioned how complex grammars could be acquired 

if the only evidence available to children were utterances produced by other speakers. Such 

data gives no direct cues to the structure of sentences, or to the various categories of words 

that they contain. Chomsky (1995) stated that Ôeven the most superficial look reveals the 

chasm that separates the knowledge of the language user from the data of experience.Õ (p. 5). 

The proposed solution to this problem is that children come equipped with innate prior 

knowledge of the general character of a grammar (Chomsky, 1965) or parameterized 

universal grammar rules (Chomsky, 1984)1. This argument was backed up by Gold (1967), 

who proved that without negative evidence (an indication of which sentences are 

ungrammatical) languages are not Ôlearnable in the limitÕ, unless the class of languages which 

the learner may consider is restricted a priori, for example by innate knowledge. 

 

However, GoldÕs result appears to hold only if we reject statistical inference, and insist on 

our criterion for successful learning being reaching a point where it is certain that a correct 

grammar has been learned. While Chomsky (1956, 1957, 1959, 1965) argued that statistical 

procedures could not account for the acquisition of language, he only considered simple 

statistical inference over surface patterns. Bod et al (2003) note that Ôit is a common 
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misconception that probabilities can be recorded only over surface structureÕ (p. 7-8). 

Manning (2003) states that Ôit is now possible to add probabilities to any existing linguistic 

modelÕ (p. 308), which implies that statistical grammars can achieve anything that is possible 

with an equivalent non-statistical grammar, but that they have the advantage of the extra 

power derived from the ability to make statistical inferences. The argument of this paper is 

not however that statistical inference in general solves the problem of how to make 

appropriate generalizations. (Bod (2003) notes that we still have the problem of finding the 

relevant syntactic constituents to attach probabilities to.) Our point is that MDL provides a 

principled method for evaluating the appropriateness of linguistic generalizations, and that it 

does so in a way that is more general than can be achieved with any other approach. 

 

Contrary to Gold, Feldman et al (1969) proved that if grammars are statistical, and utterances 

are produced with frequencies corresponding to the grammar, then languages are learnable. 

While under Feldman et alÕs learning scheme it is not possible to be certain when a correct 

grammar has been learned, as more data is observed it becomes more and more likely that a 

correct grammar will be identified. They were able to achieve this result by using an 

evaluation measure for grammars that could be seen as a form of the MDL principle. Chater 

and Vita!nyi (2007) extended this result, and argue that an Ôideal learnerÕ can learn a language 

from positive data alone, so long as there is enough data available. 

 

PinkerÕs (1989) gives a concrete example of the difficulty of making appropriate linguistic 

generalizations with an in depth discussion of English verb subcategorizations. Verbs such as 

give alternate between the prepositional (1a) and the double object (1b) dative constructions, 

but there is a class of verbs, such as donate, which can only appear in the prepositional 

construction (compare (1c) and (1d)). Novel verbs are used productively, so it is not the case 
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that children only use verbs in the constructions in which they observed them, but nor do they 

typically receive reliable feedback when they use words incorrectly (Gropen et al, 1989). 

How therefore do we know when to make the generalization that a word heard in one 

construction can be used in another? We could rule out all verb argument structures that we 

had never heard, but that does not account for the productive use of novel or rare verbs. 

Furthermore, why choose to make the generalization at the level of verb argument structures? 

Why not rule out novel sentences, novel verb-noun pairings or novel conjugations of a verb? 

We have the problem of both knowing how often something has to not occur for it to be 

ungrammatical, and of deciding at what linguistic level to look for its non-occurrence. 

(1) 
 

a. 
b. 
c. 
d. 

John gave a painting to the museum. 
John gave the museum a painting. 
John donated a painting to the museum. 
*John donated the museum a painting. 

 
PinkerÕs work illustrates the kind of issue that researchers in syntax are most concerned with. 

Syntacticians, typically take a small set of (often very complex and unusual) sentences that 

they use to illustrate a particular syntactic phenomenon, and they then devise a set of rules to 

explain why some of the chosen sentences are grammatical and why others are not. The 

chosen sentences only represent a tiny proportion of the kinds of structures in naturally 

occurring speech or writing, but this is not generally a concern for syntacticians, as they are 

primarily interested in the linguistic competencies of individuals, and these may be best 

understood by studying a small range of structures in depth. If a larger and more 

representative corpus of data were considered, it would not be possible to fully account for 

the grammaticality of all the sentences it contained. 

 

There is however another body of researchers who study syntax, and who use quite different 

methodologies and focus on a different type of data. These researchers are computational 

linguists, who typically try to account for structure in a corpus, and who usually assess the 
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success of their work using quantitative metrics. The work in computational linguistics which 

is most relevant to the present proposal is that which takes a corpus of naturally occurring 

language, and tries to induce some form of grammar that characterizes it. 

 

Klein and Manning (2002, 2004) reported systems that could identify the constituent and 

dependency structures of a significant proportion of sentences in natural language corpora in 

a completely unsupervised and uniformed way. (That is, neither any explicit indication of the 

correct structures, nor any information specific to the language of the texts was provided.). 

This is clearly an important result, as it demonstrates that a lot of language structure can be 

learned without much prior knowledge of possible structures, and Klein and Manning (2004) 

note that their work therefore undermines the Ôpoverty of the stimulusÕ argument. However, 

Klein and ManningÕs work did not address the issue of how to generalize from observed 

sentences in a way which would allow predictions to be made about which novel sentences 

are grammatical and which are not, so it does not directly address the problem of 

generalization that is the focus of this paper. 

 

Other researchers, including Redington et al (1998) and Clark (2000), have reported systems 

that are able to form syntactic word classes based on corpus data (again using completely 

unsupervised and uninformed algorithms). These systems clustered words that appeared in 

similar linguistic contexts, so forming syntactic word classes. The syntactic context was taken 

to be the word immediately preceding and following each occurrence of the target word, 

which captured information about the kinds of linguistic contexts in which each target word 

typically occurred. Inspection of the inferred word classes showed that they corresponded 

closely to the kinds of word classes (and subclasses) typically proposed in linguistic analyses. 

This work therefore clearly shows that distributional information provides a powerful cue to 
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language structure, but again it does not directly address the issue of how to generalize from 

observed sentences in a way that allows predictions to be made concerning which other 

sentences in the language are grammatical. 

 

While there is generally little interaction between syntacticians and computational linguists, 

this paper proposes that MDL can be used as a tool to explain the kinds of data in which 

syntacticians are interested, even though MDL bears more similarity to work undertaken 

within computational linguistics than it does to other approaches syntactic theory. The goal of 

this paper is to show how MDL can account for the kinds of generalizations that must be 

made by language learners in order to determine the grammatical system underlying the 

language that they are learning, rather than to extract structure from any particular corpus of 

data. It should be noted that the performance of the best cognitive models falls well below 

that of humans on almost all tasks (Chater and Vita!nyi, in press) and this is certainly true of 

all cognitive models of language. Languages are hugely complex systems which we only 

partially understand, so the results presented below focus on only very restricted aspects of 

language, and are applied to corpora of data that are greatly simpler than the corpora of 

naturally occurring language that are typically used by the computational linguistics 

community. We do not, however, go so far as to propose that the algorithm we present here is 

a valid cognitive model. While we argue that MDL can account for some aspects of human 

behavior (that is aspects of language production and peopleÕs judgments concerning the 

grammaticality of sentences), it seems premature to propose any cognitive mechanism by 

which such a procedure could be implemented. That may have to wait at least until we reach 

a point where we can adequately describe the static competence of an adult speaker. 
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2 Minimum Description Length 

The argument that Pinker (1989) makes with respect to verb subcategorizations gets to the 

core of the learnability problem Ð how do we decide which generalizations are reasonable and 

which are not. MDL (Solomonoff, 1964a, b; Wallace and Boulton, 1968; Rissanen, 1978) 

provides a principled and elegant solution to this problem, by allowing us to compare how 

well alternative theories are supported by a body of observed data. When applied to syntax, 

the ÔtheoriesÕ will be grammars, and the ÔdataÕ sentences of a language. 

 

The MDL principle is that we should prefer explanations that allow the simplest overall 

explanation of the data. Crucially, it takes account both of how complex a theory is, and of 

how much information it takes to account for the data given that theory. This means that an 

MDL evaluation measure will prefer grammars that capture general patterns in the data, as it 

will then only be necessary to specify each of those regularities once in the grammar, rather 

than each time they appear in the data. However, MDL also has a preference for simpler 

grammars, so ensuring that only rules that capture significant regularities in the data improve 

the overall evaluation. 

 

Fig. 1 illustrates the MDL principle graphically2. The preference for simpler grammars favors 

more general ones, with fewer restrictions on possible sentences. However, the measure of 

how much information it takes to describe the data favors grammars that incorporate more 

restrictions, as more constraining grammars reduce the number of choices that need to be 

specified in order to recreate the data. The key benefit of the MDL principle is that it trades 

off these opposing pressures for specificity and generality, and so assigns the lowest scores3 

to grammars that have an appropriate level of generality with respect to the observed 

sentences. 
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Figure 1. The MDL principle. Each observed sentence is represented as a black dot, and a grammar is 

represented as one or more circles, delineating the range of sentences permitted by the grammar. Simple 

grammars only weakly constrain observed data and do not capture structure (top right). Very complex grammars 

constrain observed data very tightly, but do not generalize beyond it (bottom left). The grammars with the 

shortest coding lengths will be those that trade off simplicity and constraints on data, thereby both finding 

structure and generalizing beyond observed data (bottom right). 

 

For any set of sentences, we can construct a very simple grammar that contains no 

information about any regularities, but which simply states that any combination of words is 

a valid sentence. The grammar itself would thus receive a very good evaluation, as it would 

Observed sentences 
   
   

      Grammars 
  
  
  

Grammar that is a good fit to the data 

Simple but non-constraining grammar 

Complex overly-constraining grammar 

Space of possible sentences 
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be very simple. However, because the grammar contains no information about the observed 

sentences, the amount of information needed to specify them would be very high. Therefore 

the overall evaluation of such a grammar would be poor. At the opposite extreme, we could 

have a grammar that simply listed all the possible sentences, and did not allow any other 

sentences to be grammatical. In this case, the evaluation received for the data would be very 

good, because the only information necessary to describe it would be to say which of the 

sentences occurred where. However, the evaluation for the grammar would be very bad, as it 

would need to contain every single observed sentence, and so would need to be very complex. 

The overall evaluation would therefore be very poor in this case too. MDL can be expected to 

favor a middle level between these two extremes, so that it prefers grammars that both 

capture regularities in the data, and make generalizations beyond the observed sentences. 

 

The MDL principle can be derived from BayesÕ rule, which allows the relative probability of 

alternative hypotheses h to be assessed in the light of some observed data that they describe d. 

The posterior probability of a hypothesis P(h|d) (its probability given the data we have 

observed) is directly proportional to the product of its prior probability P(h) (how likely 

hypothesis h was considered to be before any data was observed) and the likelihood of the 

data P(d|h) (how likely we would have been to have observed that data if hypothesis h were 

correct): 

 

)|()()|( hdPhPdhP !  (2) 
 

In the cases that will be considered here, each h will be a grammar, and d a number of 

sentences that it describes. This equation allows us to use some example sentences to 

determine which of two alternative grammars is more likely to be correct, but it can only be 

applied if we have a way of determining a prior probability for each hypothesis, and of 
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calculating the likelihood of the data under that hypothesis. MDL addresses these problems 

by making a link between probability and amount of information, using information theory 

(Shannon, 1948). In information theory, the amount of information conveyed by a message m 

can be derived from the probability of encountering that message: 

 

)(log)( 2 mPmI !=  (3) 

 

Therefore unlikely messages convey more information than likely ones. This quantity of 

information corresponds to the amount of information needed to represent the message in a 

minimally redundant form, and as the logarithm is taken to base two, the units of information 

will be bits. Often this equation will result in a fractional number of bits, but this is 

theoretically unproblematic because arithmetic coding (Rissanen, 1976; Rissanen and 

Langdon, 1979) allows messages to share bits. This allows, for example, two messages of 1.5 

bits each to be encoded using a total of 3 bits. 

 

We can transform equation (2) by substituting for the probabilities on the right hand side 

using (3), which results in equation (4). This equation now relates the posterior probability of 

a hypothesis to the sum of the amount of information in both a minimally redundant form of 

the hypothesis itself, and in the data when it is encoded in a way that makes optimal use of 

the information contained in the hypothesis. The grammars that have the highest probability 

in the light of the observed data will therefore be those that minimize the amount of 

information needed to encode both the grammar and the data, given the description of the 

data that is embodied in the grammar.  

 

))|()((2)|( hdIhI
dhP

+!"  (4) 
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MDL therefore avoids the difficult problem of deciding on an appropriate prior probability 

for each grammar, because this is now determined systematically by the amount of 

information needed to encode it. It should be noted, however, that this does not imply that 

MDL is a truly objective evaluation measure for grammars. Subjectivity (or prior bias) is 

hidden in the formalism chosen to represent and encode grammars, and in the scheme used to 

encode the data. These must be agreed in advance, and the same scheme used when 

evaluating alternative grammars for a given dataset. However, once a grammar formalism 

and encoding scheme have been fixed, MDL provides a highly sophisticated and principled 

method for evaluating alternative grammars which, as will be shown in section 5, can be 

sensitive to very subtle cues to linguistic structure. 

 

The basis of the MDL principle, that is favoring grammars that allow for the simplest overall 

representation of a grammar and of sentences encoded using that grammar, was developed by 

Solomonoff (1960, 1964a, b). Solomonoff (1960) even proposed that this principle could 

address the problem of learning in the absence of negative evidence. However, the version of 

MDL proposed by Solomonoff was too complex to ever be used in practice. The first 

implementation of a learning system using a form of MDL was Wallace and Boulton (1968), 

although Rissanen (1978) has probably been more influential in promoting its use as a 

practical procedure for machine learning, and most implementations of the MDL principle 

are based on his work.  

 

There are various complicating factors in MDL that go beyond the scope of this paper, but 

which can aid either the efficiency of implementations of MDL, or lead to evaluation 

procedures that give a more reliable measure of how good a description of some data a 

grammar is. These differences account for variations between the approaches of, for example, 



13 

Solomonoff (1964a, b), Wallace and Boulton (1968) and Rissanen (1978), and the various 

different names used for MDL procedures in the literature (for example minimum message 

length, Kolmogorov complexity, Bayesian). It should be noted that while all versions of 

MDL are based on the principle of learning by finding the shortest possible encoding of data, 

some versions differ somewhat from how MDL is presented in this paper, are not all versions 

are strictly Bayesian (GrŸnwald, 2005). Here a simple version of MDL, based on Ellison 

(1992), is used to provide a clear exposition of the general principle4. The differences 

between the variants of the MDL principle are not important to the argument made in this 

paper. 

 

MDL is related to maximum likelihood estimation (Dempster et al, 1977), in which a set of 

parameter values that maximize P(d|h) is selected. In most applications of maximum 

likelihood estimation, the parameters to be estimated are numeric, but they can equally well 

be structural parameters such as grammar rules. We can see maximum likelihood estimation 

as being a special case of MDL in which the a priori probability of all hypotheses is equal, 

allowing us to ignore the P(h) term in equation (2). However, in this case, the best prediction 

of the observed data will be obtained simply by memorizing it, and then predicting that we 

will see exactly that same data again. In the case of grammar learning, this implies learning a 

grammar that allows only the observed sentences and no others. 

 

In order for maximum likelihood estimation to result in models that make generalizations, it 

is necessary that the parameters that are estimated must not be able to predict the data exactly. 

If this is the case then the resulting model will necessarily make some generalizations beyond 

the observed data. In the case of learning grammars, we could place a restriction on the 

number or complexity of rules, which would prevent a grammar being learned that 
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completely specified all the allowable sentences. The more rules we allow a grammar to 

contain, the more closely it can potentially constrain the data, and so the less generalization 

we could expect. An appropriate level of generalization would be achieved only if the limit 

on the number of rules was set appropriately, but this removes the decision over the 

appropriate level of generalization from the generalization metric, and requires that it be set 

externally. Maximum likelihood estimation does not therefore select an appropriate level of 

generalization given observed data, and so it does not solve the problem of generalization in 

syntactic theory. 

 

Another related approach is the maximum entropy principle (Jaynes, 1957), which is also an 

information theoretic method. This approach requires that we know (or are able to estimate) 

some features of the correct model. It then provides a principled method for predicting 

unknown parameters, which is to choose those parameter values that place the fewest 

constraints on data, but which are still consistent with the selected features. Each feature 

corresponds to some property of the observed data, but the maximum entropy principle does 

not provide any method for determining the set of features to be used, so it does not in itself 

define a complete procedure that can be used to make generalizations Ð it only provides one 

part of the solution. It is typically used to learn numeric parameters, and it not clear how it 

would be applied to learning grammar structure, which is the issue addressed here. The 

maximum entropy principle is in many ways the opposite of maximum likelihood estimation, 

as it prefers grammars that constrain potential data as little as possible, while maximum 

likelihood tries to constrain the observed data as closely as possible. Unlike MDL, both 

techniques require constraints on generalization to prevent overly general or overly specific 

grammars from being learned. 
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This is certainly not the first paper that has applied MDL to language. Stolcke (1994) and 

Langley and Stromsten (2000) both showed that simple phrase structure grammars for 

fragments of English can be learned using MDL. This work was technically very similar to 

the MDL learning system reported in this paper, but was not placed in the same theoretical 

context. Similar systems have also been developed to learn grammars for use in small 

vocabulary speech recognition systems (Starkie, 2001; Dowman, 2000) and MDL has been 

applied in a small number of other language technology systems addressing a broad range of 

different issues (for example Li and Abe, 1998; Osborne, 1999). Other work has used MDL 

to learn linguistic structure from large quantities of unrestricted text (GrŸnwald, 1994; Chen, 

1995; Clark, 2001), but because the search space of possible grammars is so large in such 

cases, it has typically been possible to infer only very limited aspects of linguistic structure, 

such as word classes. Clark (2001) was, however, able to use MDL to learn context free 

grammars from text annotated with part-of-speech tags, and he was able to show that many of 

the learned structures were linguistically significant. Clark therefore demonstrated the 

potential of MDL for learning grammars from naturally occurring text, although he did not 

focus on using MDL to resolve issues of generalization, as is the case in this paper5. 

 

MDL is not necessarily restricted to the domain of syntax. Chater (1999) argued that it may 

form the basis of a fundamental cognitive principle, and it has been applied as a model of 

psychological mechanisms other than language (Fass and Feldman, 2002; Chater, 2005; Su, 

Myung and Pitt, 2005). Within linguistics, Ellison (1992) and Rissanen and Ristad (1994) 

have applied MDL to phonology, while Brent and Cartwright (1997) and de Marcken (1996) 

have applied it to the problem of segmenting a stream of continuous speech or text into 

linguistically meaningful units. Finally, Brent (1993), Goldsmith (2001) and Hu et al (2005) 

have all applied MDL with the aim of discovering morphological structure. 
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GoldsmithÕs work is of particular interest, because of how he related it to generative 

linguistic theory. He applied MDL to morphology primarily as a domain that would allow a 

clear exposition of the MDL principle, while arguing for the relevance of MDL to syntactic 

theory. He showed that an MDL evaluation measure is effective in deciding which of two or 

more morphological analyses is the most appropriate for a given corpus of data. When 

combined with a heuristically guided search strategy that created candidate morphological 

grammars, his system was able to determine the morphological structure of words in several 

European languages with a good degree of accuracy. He suggested that children might use an 

MDL-like measure as part of the process through which they acquire languages, and he 

suggested that MDL was superior to the kind of simplicity metric proposed in early syntactic 

theory. As in this paper, he stressed that ÔMDLÕs insight is that it is possible to make explicit 

the trade-off between complexity of the analysis and snugness of fit to the data-corpus in 

question.Õ (p. 192). Perfors, Tenenbaum and Regier (2006) were able to show that a similar 

grammar evaluation metric preferred grammars that captured linguistically significant 

structural features of the input data over simpler linear or regular grammars, and so 

concluded that there is sufficient evidence in the language data available to children for them 

to determine that language contains complex hierarchical structure, even if they are not 

innately biased to do so. 

 

Other researchers to apply MDL to language within a cognitive or linguistic framework have 

used it to investigate changes in syntactic systems that occur as they are passed from person 

to person over several generations (Teal and Taylor, 2000; Brighton and Kirby, 2001; 

Brighton, 2002; Roberts et al, 2005; Kirby, Dowman and Griffiths, 2007). These models all 

contain agents that are capable of learning some aspect of syntax based on examples, and 



17 

then producing sentences in the language they have learned. This kind of model can be used 

to determine the cumulative effect of the process through which language is transmitted from 

adults to children over many generations, and such models have been successful in explaining 

a range of linguistic phenomena. For example, Roberts et al showed that if syntax were 

learned using MDL, then we should expect irregularities (such as irregular past tense verbal 

paradigms) to emerge from time to time as the result of chance.  

 

Onnis et al (2002) used MDL to determine English verb subcategorizations, looking at the 

difference between verbs that can only appear in either transitive or intransitive constructions, 

and verbs that can appear in either type of construction. The ÔgrammarsÕ in this system were 

simply records of which verbs could not appear in one or other of the constructions. Each 

such record increased the complexity of the grammar, and so would only be justified if it 

reduced the description length of the data enough to justify the added complexity. Onnis et al 

showed that when only a small number of sentences was observed, the overall coding length 

was shorter if no record was made of which verbs did not alternate. However, when more 

sentences had been observed, making a record of the different types of verb reduced the 

overall coding length. They proposed that this explained why young children sometimes use 

intransitive verbs in transitive constructions, despite the fact that they eventually learn the 

distinction between transitive and intransitive verbs correctly. This argument is essentially the 

same as the one that is made in section 5 below with respect to the dative alternation, 

although the aspects of language descriptions that could be evaluated by Onnis et alÕs system 

were much more restricted than those that can be addressed by the MDL system introduced in 

the next section. 
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3 An MDL Evaluation Measure 

While the MDL principle can serve as the basis of a measure of how good a grammar is as a 

description of a corpus, some details have to be filled in in order to make a practical 

evaluation measure. In particular, some type of grammar formalism that allows for a range of 

grammars to be constructed and evaluated needs to be chosen. The grammar formalism 

chosen is the only a priori knowledge of language that needs to be available to the evaluation 

system, so it need not have knowledge of, for example, what a verb or a clause is. The 

evaluation system will simply favor such categories if they aid in the description of the data, 

and if the amount of benefit obtained by postulating such a concept outweighs the cost of 

adding the concept to the grammar.  

 

Because the aim of this paper is to illustrate the consequences of adopting the MDL principle 

as a solution to the problem of syntactic generalization, a decision was made to use a very 

simple grammar formalism. This ensured that the evaluation system was as clear and simple 

as possible. Having a simple grammar formalism also ensures that it is the MDL principle, 

and not any inbuilt constraints or biases of the grammar formalism, that plays the most 

important role in deciding the evaluation of each grammar. 

 

The chosen formalism was simple phrase structure grammars, with binary branching or non-

branching rules, such as those shown in Fig. 2. The grammars could contain terminal symbols 

(words) and non-terminal symbols (any other nodes in a syntactic tree, such as lexical or 

phrasal categories). Within this formalism, a valid sentence is any string of terminal symbols 

that can be derived by starting with the symbol S, and repeatedly expanding this symbol using 

any of the rules in the grammar. For example, with the grammar fragment shown in Fig. 2, S 

could be expanded to NP VP, then to NP V and NP screamed. Eventually each non-terminal 
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symbol needs to be eliminated, so here we would need to use other rules besides those shown 

in Fig. 2 to expand NP. 

 

A restriction was added that each terminal symbol had to be introduced by a non-branching 

rule, but no other restrictions were placed on the form of the grammars that could be 

considered. While the rules in Fig. 2 contain meaningful non-terminal symbols (such as NP 

and VP), in reality the only non-terminal symbol to have a special meaning a priori is S, from 

which all derivations begin. The other symbols are all interchangeable, and gain distinct 

meaning only through the role they play in a grammar. 

S !  NP VP 
VP !  V  
V !  screamed 

Figure 2. Example phrase structure rules. 

Given this grammar formalism, completing the specification of an MDL evaluation measure 

requires deciding exactly how grammars will be encoded, and then how data will be encoded 

using those grammars. The grammars were coded by concatenating all of the symbols that 

they contained in order. For non-branching rules, a special null symbol was added at the end, 

so that each rule contained exactly three symbols. Using this system, the grammar shown in 

Fig. 2 could be encoded as S NP VP VP V null V screamed null. This captures all of the 

information present in the initial grammar, including the order of the rules. 

 

The frequency with which each symbol (including words) appeared in the grammar was 

encoded prior to the encoding of the grammar itself. (These frequencies can be obtained 

simply by counting the frequency of each symbol in the grammar.) This allows the 

probability of encountering each symbol to be known when the rules themselves are decoded, 

and so information theory can be used to calculate the amount of information needed to 



20 

encode them in a minimally redundant form. For example, if the rules in Fig. 2 were the 

entire grammar, S, which occurs one time out of the total of nine symbols in the grammar, 

would have a probability of 1/9, and so a coding length of Ðlog2 (1/9) = 3.17, while VP, 

which occurs twice would have a probability of 2/9 and so a coding length of Ðlog2 (2/9) = 

2.17. Grammars that make repeated use of the same categories therefore have shorting coding 

lengths than those that use a wider range of less frequent categories6. 

 

As MDL is a statistical method, it is able to make use of any statistical information contained 

in a grammar. Here the statistical information was a record of how often each rule was used 

in the final parses obtained for the whole corpus. This information allows a more efficient 

encoding of the data, because it provides accurate information concerning how often we 

should expect each rule to be used. This introduces a complication, however, because 

normally the bigger the potential range of an integer, the greater is the number of bits needed 

to encode it. Within the framework of minimum description length, schemes have been 

devised that can encode integers of any size, by first encoding information about the size of 

an integer, and then encoding the integer itself (Elias, 1975; Rissanen, 1983). This results in 

larger coding lengths for higher numbers. However, such a solution appears to be 

unnecessarily complex for present purposes, so instead it was decided to assume that all 

frequencies could be encoded using a fixed number of bits. The total cost of encoding the 

grammar is therefore the amount of information needed to encode all the rules, symbol by 

symbol, and then a fixed amount of information for each rule, for encoding its frequency. 

 

The purpose of encoding a grammar is to allow a shorter encoding of the data it describes, in 

this case a corpus of sentences. Therefore the next step in describing a decoding scheme is 

deciding how to describe the data using the grammar. Such a description was obtained by 
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parsing the data, so that it could be represented simply as a list of rules that, if applied in 

order, would recreate that data. It is possible that some grammars might allow more than one 

parse of certain sentences, but to avoid the complexities that multiple parses would introduce, 

only the first parse of any sentence was considered. The parsing was always conducted left to 

right, bottom up, and with earlier rules being considered before later ones, to ensure that a 

grammar would always produce a consistent parse for any given sentence. 

 

Once a sentence has been parsed, an ordered list of the rules in the parse provides sufficient 

information to recover the original sentence, so long as a decoding scheme for interpreting 

that list of rules is agreed. The scheme used here was to begin with the start symbol (S), and 

to begin the list of rules with a rule that expands this symbol. This first rule will produce a 

new sequence of two symbols if it is a branching rule, or a single symbol if it is non-

branching. The next rule to be encoded will be one that expands the leftmost non-terminal 

symbol, and when this has been decoded, that symbol will be replaced with whatever is on 

that ruleÕs right hand side. This process is repeated, always expanding the leftmost non-

terminal symbol, until there are no non-terminal symbols left to expand. At that point, a 

whole sentence will have been decoded, and a new derivation will begin, again starting with 

the start symbol (unless we have now decoded all the sentences, in which case decoding will 

cease). 

 

We should note that only certain orderings of rules will be possible, because each rule must 

always expand whatever is the leftmost non-terminal symbol at that point in the derivation. 

Therefore, when the list of rules is encoded we need only specify which of those rules that 

expand the current non-terminal symbol occurs next. This reduces the amount of information 

that needs to be specified, because we are now choosing from a restricted set of rules. For 
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example, if we are expanding the symbol S, then we only need to specify which of the rules 

that expand S to choose. In fact, where there is only one rule that expands any given symbol, 

we then do not need to specify that that rule should be chosen, so using that rule has no cost 

in terms of increased coding length. Furthermore, as the grammar contains statistical 

information about how often each rule is used, we can make use of this when encoding which 

rule is chosen. So, if S could be expanded by two different rules, one used 29 times and the 

other 3, the first would have a probability of 29/32, and hence a coding length 

of -log2  (29/32) = 0.142, while the second would have a probability of 3/32, and so a coding 

length of -log2 (3/32) = 3.42. These coding lengths are much shorter than would be necessary 

if a rule had to be chosen out of the full range of rules in the grammar. 

  

Fig. 3 illustrates the decoding process, by showing how a simple corpus can be recovered 

from its encoded form. It shows how each part of the grammar, and then the data, are 

encoded in successive parts of a continuous bit stream. How each part of the bit stream will 

be interpreted, will depend on the decoding scheme built into the decoder, and on what has 

already been decoded. We should note, however, that there is never any need to actually 

encode or decode anything, so long as we are able to calculate how many bits any particular 

encoding would take. 

 

The sentences shown in Fig. 3 would be encoded using the following sequence of rules: 1, 2, 

4, 1, 2, 5, 1, 3, 4. Starting with S, applying rule 1 yields NP VP, rule 2 expands this to John 

VP, and rule 4 finishes the derivation of the first sentence, producing John screamed. From 

this point we start again from S for the next sentence. As there is only one possible expansion 

of S, through rule 1, the use of that rule has no cost. There are two expansions of NP, using 

rule 2 (frequency 2) and rule 3 (frequency 1). The probability of using rule 2 is therefore 2/3, 
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and of using rule 3, 1/3. Likewise, rules 4 and 5 have probabilities 2/3 and 1/3 respectively 

when we come to expand VP nodes. 

 

Figure 3. Decoding a grammar and the data it describes. First the frequency of each symbol used in the grammar 

is decoded, then each rule is decoded symbol by symbol. Next the frequency of the rules is decoded, which 

ultimately allows the original corpus of sentences to be recovered. The number of symbols is fixed, although 

usually there are some that are not used, and so have a frequency of zero. Therefore the cost of encoding the 

frequencies of the symbols is also fixed, and so can be neglected when making comparisons between different 

grammars. There is no need to encode the number of rules or sentences, because the former can be inferred from 

the frequencies of the symbols, and the latter by noting when each rule has been used the same number of times 

as its recorded frequency. 

 

The total cost of coding the grammar structure and rule frequencies (C(grammar)) is given by 

(5), where s is any particular symbol in the set of symbols which have a frequency greater 

than zero Z, fs is the frequency of symbol s, N is the number of rules (which is multiplied by 

three, the number of symbols in each rule), and L is the number of bits used to encode the 

frequency of each rule7. 

 

1010100111010100101101010001100111100011010110 

Symbol 
Frequencies 

Rule 
Frequencies 

Decoder 

1 S !  NP VP 
2 NP !  John  
3 NP !  Mary 
4 VP !  screamed 
5 VP !  died 

John screamed 
John died 
Mary screamed 

Grammar 
Structure 

Data 

S (1) 
NP (3) 
VP (3) 
John (1) 
Mary (1) 
screamed (1) 
died (1) 
null (4) 

Rule 1 !  3 
Rule 2 !  2 
Rule 3 !  1 
Rule 4 !  2 
Rule 5 !  1 



24 

NL
f
N

fgrammarC
Zs s

s += !
"

3
log)( 2  (5) 

 

The total cost of encoding data using a grammar is specified by equation (6), where r is the 

frequency of any particular rule in the set of all rules that have a frequency greater than zero, 

R, fr is the frequency of that rule, and tr is the total frequency of all rules with the same 

symbol on their left hand side as rule r. The total coding cost of a grammar together with the 

data it describes, and therefore the evaluation of how well the grammar describes that data, is 

given by summing C(grammar) and C(data). The better of two grammars will be whichever 

receives the lower overall evaluation. Application of these equations to the example in Fig. 3 

reveals that the total coding length of the grammar is 66.1 bits, and that of the data 5.5 bits, 

yielding an overall evaluation of 71.6 bits. This compares to a total evaluation of 90.7 bits for 

a grammar that simply says that any combination of the four words in this example, in any 

order, are grammatical sentences, showing that the regularities captured by this grammar are 

well founded. 
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4 Learning Syntax 

The evaluation measure described in section 3 allows which of two or more grammars is the 

most appropriate description of a corpus of data to be determined. However, it does not 

address the issue of how candidate grammars are obtained. To actually learn grammars, it is 

necessary to combine the evaluation measure with a search mechanism that considers a series 

of possible grammars with the aim of finding the grammar that is the best description of the 

data. This section describes a simple search mechanism that was used in conjunction with the 

evaluation measure to learn grammars for several sets of example data. 
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One popular search mechanism for use in problems of this type is expectation maximization 

(Dempster et al, 1977), as this guarantees convergence on a locally optimal8 grammar. While 

expectation maximization is most commonly used in conjunction with maximum likelihood 

estimation, it is also suitable for use with minimum description length. However, expectation 

maximization is unable to overcome local maxima in the search space. This is a problem in 

the present case, as we may need to make a whole series of changes in order to produce a 

grammar that has an improved evaluation, and so a form of annealing search was used rather 

than expectation maximization. We should, however, bear in mind that the search procedure 

serves only to generate candidate grammars; it is the MDL evaluation metric that decides 

which of those candidates to keep and which to reject, so all search procedures that lead to 

the grammar with the lowest evaluation being considered will produce the same result. 

 

The system begins its search with a simple grammar with the form of that given in Fig. 4. 

Each such grammar has the same two rules that expand S, and a single rule introducing each 

word in the data. Such grammars are very simple, and hence have a good evaluation in 

themselves, but they do not describe any regularities in the data, and so typically have very 

bad evaluations in that respect, resulting in poor overall evaluations when both the grammar 

and data components of the evaluation (C(grammar) and C(data)) are considered. 

S → X S S → X 
X → John  X → Ethel 
X → Mary X → Noam 
X → ran X → screamed 
X → hit X → kicked 
X → thinks X → hopes 

Figure 4. Form of initial grammars. 

 

The system begins learning by making one of five types of change to the grammar. The 

change to be made is selected at random from the possibilities listed below, each of which is 
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followed by the probability of that change being made. (The exact probabilities were chosen 

fairly arbitrarily by a process of trial and error, and the precise values of these parameters do 

not appear to be important.)  

• Adding a new rule (which would be the same as an old rule, but with one of the 

symbols in it changed at random). (1/6.) 

• Deleting a randomly chosen rule. (1/6.) 

• Changing either a symbol in a rule or its order in the list of rules9. (1/2.) 

• Adding a pair of new rules. These new rules would be based on two existing rules, in 

which a non-terminal symbol occurring on the right hand side of the first also 

occurred on the left hand side of the second. The new rules would be created by 

changing that symbol to another non-terminal system, and then adding the two new 

rules to the grammar. The original rules would be left unchanged. (For example if 

there were rules X !  Y and Y !  Z, then two new rules might be added, X !  A and 

A !  Z) (1/6.) 

These changes were chosen largely because they are simple, but still enable any grammar 

specifiable within the grammar formalism to be reached by applying a series of rules in 

sequence. For example, starting with the grammar given in Fig. 4, the proper nouns Ethel and 

Noam could be placed in a separate class if the changes listed in Fig. 5 were made. The 

changes would probably have to be made in this order, as, after every change, the grammar 

must still be able to parse the whole corpus, so we could not, for example, delete the original 

rule introducing Ethel, before adding the new one. 



27 

Add Y → Ethel 
Add Y → Noam 
Add S → Y S 
Add  S → Y 
Delete X → Ethel 
Delete X → Noam 

Figure 5. Examples of changes that could be made to an initial grammar. 

 

The last grammar edit rule in the list of rules given above was introduced to help in cases 

where a single symbol is used in several rules, but where using two separate symbols would 

enable a better evaluation to be obtained. (For example, if both nouns and verbs were 

introduced with the same symbol, then this rule might help to produce a grammar in which 

nouns and verbs were both introduced by a different symbol.)  

After each change the evaluation of the new grammar with respect to the data was calculated. 

If the new grammar was unable to parse the data, the change would be rejected. Otherwise, if 

the change improved the evaluation of the grammar then it would be kept, but if it made the 

evaluation worse, then the probability that it would be kept would be inversely proportional 

to the amount by which it made the evaluation worse. Throughout learning, the probability 

that changes resulting in worse evaluations would be accepted was gradually reduced. As 

noted above, this is an implementation of annealing search (Aarts and Korst, 1989), and 

enables the system to learn despite encountering locally optimal grammars in the search 

space. The program learned in two stages, in the first only taking account of C(data), the 

evaluation of the data in terms of the grammar (so making it easier to find the grammatical 

constructions which best fitted the data), and in the second taking account of the overall 

evaluation (and so removing any parts of the grammar that could not be justified given the 

data).  
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After a fixed number of changes had been considered (typically about 20,000), learning 

would finish with the grammar that had been reached at that point. Typically, no 

improvements would have been found for a long time prior to the termination of the search. 

For efficiency reasons, there were also limits placed on how deeply the parser could search 

for correct parses, on the maximum number of rules which the grammar could contain at any 

stage of the search, and on the total number of possible non-terminal symbols. As the learned 

grammars contained fewer than the maximum number of rules, and none of them used all the 

available non-terminal symbols, neither of these two restrictions appear to have affected what 

grammar was eventually learned. Because the search strategy is stochastic, it is not 

guaranteed to always find the optimal grammar every time. Hence the learning system ran 

each search several times, and then selected the grammar with the best overall evaluation out 

of all those learned. 

4.1 Learning English 

The learning system was tested by applying it to learn a grammar for the corpus of simple 

English sentences shown in Fig. 6. (Note that these nineteen sentences were the full corpus of 

data from which the system learned.) The grammar in Fig. 7 captures the syntactic 

regularities apparent in this data.  

John hit Mary Ethel thinks John ran 
Mary hit Ethel John thinks Ethel ran 
Ethel ran Mary ran 
John ran Ethel hit Mary 
Mary ran Mary thinks John hit Ethel 
Ethel hit John John screamed 
Noam hit John Noam hopes John screamed 
Ethel screamed Mary hopes Ethel hit John 
Mary kicked Ethel Noam kicked Mary 
John hopes Ethel thinks Mary hit Ethel 

Figure 6. Data for English. 
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S → NP VP Vs → thinks 
VP → ran Vs → hopes 
VP → screamed NP → John 
VP → Vt NP NP → Ethel 
VP → Vs S NP → Mary 
Vt → hit NP → Noam 
Vt → kicked  

Figure 7. Grammar describing English data. (Vt means mono-transitive verb and Vs a verb taking a sentential 

complement.) 

 

The grammar learned from the data in Fig. 6 corresponded exactly to that in Fig. 7 in 

structure. (As linguistic categories are not known a priori, instead of using labels such as NP 

and VP, the system simply used a different arbitrary symbol to represent each learned 

category.) Table 1 shows that this grammar was preferred because, while it is itself more 

complex than the initial grammar, and so receives a worse evaluation, it captures regularities 

in the data, and so improves the evaluation of the data with respect to the grammar by a 

greater amount10. For example, the learned grammar divides the verbs into three classes, and 

specifies that transitive verbs must be followed by a noun phrase, those taking sentential 

complements by a sentence, and intransitive verbs by nothing. This means that when the 

sentences are encoded, there is a restricted range of choices available, and so less information 

is needed to encode each choice. It should be noted that the system has discovered these verb 

subcategories without any prior knowledge of verb syntax (or even what a verb is). They 

have been learned simply because this classification allows a more concise description of the 

corpus. 

Table 1. Evaluations for the English grammars. 

 Initial state of learning Learned Grammar 
Overall Evaluation 406.5  329.5  
Grammar 160.3  199.3  
Data 246.2  130.3  
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5 Alternating verbs 

The above results have shown that an MDL evaluation measure based on a simple phrase 

structure grammar formalism is able to discover syntactic structure and find word classes and 

subclasses, simply by analyzing a corpus of data. This in itself goes a long way to refuting the 

argument that there is insufficient information in the input that children receive for them to be 

able to determine the correct grammar of their target language in the absence of strong innate 

constraints. However, to further this argument, it was decided to investigate whether the same 

system could learn some of the kinds of phenomena that it has been argued are especially 

problematic for theories of language learning. The particular issue investigated was the one 

discussed in section 1 concerning the distinction between sub-classes of ditransitive verbs, 

such as gave and donated.  

 

The learning system was able to replicate three key results concerning these words. Firstly, 

children eventually learn a distinction between verbs which can appear in both the double 

object and prepositional dative constructions, and those which do not show this alternation. 

Secondly, when children encounter a previously unseen verb, while they have a tendency to 

be conservative, and so use it in the construction in which they first heard it, they sometimes 

make a generalization, and so use it productively in the other construction. Finally, during 

learning, before children have had the opportunity to observe many examples of verbs which 

do not alternate, they occasionally overgeneralize, and use those verbs productively in 

constructions in which they are not grammatical (Gropen et al, 1989). 

5.1 Learning Verb Subcategorizations 

The same system as that used to learn English syntax was used to learn the subcategorizations 

of verbs, but this time the data consisted of two types of sentences, prepositional datives such 
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as (7a) and (7b), containing one of the verbs gave, passed, lent, or donated, and double object 

datives such as (7c), containing gave, passed or lent, but not donated. Each of these four 

verbs occurred with roughly equal frequency, and the alternating verbs (gave, passed and 

lent) were just as likely to appear in either construction. In addition, the sentence (7d) was 

added, containing the only example of the verb sent. This was so that it would be possible to 

see if the system would generalize, and so place a newly seen verb in the alternating class 

(assuming that it was successful in learning a distinction between the two types of verb). 

 

(7) 
 

a. 
b. 
c. 
d. 

John gave a painting to Sam. 
Sam donated John to the museum. 
The museum lent Sam a painting. 
The museum sent a painting to Sam. 

 

Noun phrases consisted of either one of two proper nouns, or one of the two determiners a or 

the, followed by either painting or museum. There were no biases concerning which noun 

phrase was most likely to occur in which position. Clearly, this leads to a situation in which 

many of the sentences in the corpus, while syntactically correct, are semantically very strange. 

For example, (7b) is unusual, because John would normally refer to a person, which is not 

something that could typically be donated to a museum.  

 

This data set, which contains a total of 150 sentences, is in many ways unrealistic. However, 

it enables us to focus on the central question of whether the dative alternation can be learned. 

Crucially, PinkerÕs (1989) arguments, concerning the learnability paradox created by the 

dative alternation, are equally applicable to this simple data set as to real languages. Whether 

the corpus is realistic, is not in itself important in resolving the issue of whether the non-

occurrence of a particular construction could in principle be used as evidence by children that 

that construction is not grammatical. Whether the system was capable of overcoming the 



32 

learnability problem was tested by applying it to this data set, and investigating whether the 

resulting grammar accounted correctly for the subcategorizations of all the verbs. No 

modifications were made to the system, except that in order to cope with the more complex 

data set the number of iterations in the search was increased, and the maximum number of 

non-terminal symbols that could be used in grammars was increased from 8 to 14. The 

evaluation of the simple grammar present at the start of the search process, is given in Table 2, 

alongside the evaluation of the grammar that was learned by the system.  

Table 2. Evaluations for ditransitive verbs grammars. 

 Initial state of learning Learned Grammar 
Overall Evaluation 3445.6 1703.4 
Grammar 190.3 321.0 
Data 3255.3 1382.3 

 

We can see from Table 2 that, as for the case of the data in the previous section, a more 

complex grammar, which accounts better for regularities in the data than the original 

grammar, has been learned. The learned grammar correctly captures the structure of the noun 

phrases, using one non-terminal symbol to introduce determiners, one to introduce common 

nouns, and a third to introduce proper nouns. The grammar does not assign conventional 

linguistic structures to sentences. (For example there is no node that corresponds to verb 

phrases.) However, this should be unsurprising given that the training data did not provide 

any evidence that verbs and their arguments form a syntactic unit. 

 

All of the sentences that can be generated by the grammar are, however, grammatical, so 

gave, passed and lent may appear in both the double object and prepositional dative 

constructions, while donated may occur only in the prepositional dative construction. This is 

despite there being no data explicitly indicating that donated cannot alternate. In contrast, 

although the data contained only one example of sent, and that was in the prepositional 

construction, the grammar allows this verb to also appear in the double object construction. 
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How the difference between the two types of verbs is captured by the grammar can be seen in 

Fig. 8, which shows the form of the rules introducing the verbs. The alternating verbs, 

together with sent, were all introduced with one non-terminal symbol, while the non-

alternating verb, donated, was introduced with its own distinct non-terminal symbol. In other 

words, the learned grammar divides the verbs into two distinct classes. 

A → passed  
A → gave  
A → sent  
A → lent  
B → donated 

Figure 8. Rules introducing verbs. 

 

This result should perhaps be surprising, because MDL favours simpler grammars over more 

complex ones. If donated had been placed in the same class as the other verbs, then the 

grammar would still have been able to parse all of the data, but it would have been simpler. 

To understand why MDL favours this more complex grammar, the learned grammar was 

edited so that donated was placed in the same class as the other verbs. This involved 

changing the symbol on the left hand side of the rule introducing donated to be the same as 

that in the rules introducing the other verbs, and then deleting the now redundant rule that 

previously introduced the non-alternating class of verbs. The evaluation of this new grammar 

is shown in Table 3, alongside that for the learned grammar.  

 

We can see that the grammar in which donate does not alternate receives a considerably 

better evaluation overall, even though the evaluation for the grammar component is worse, 

because it is more complex. The advantage for the grammar in which donate does not 

alternate is gained through the data component of the evaluation, which receives a 

considerably better evaluation than when donate alternates. This is because the first grammar 

places more restrictions on the range of possible sentences, and so when it comes to encoding 
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the data, there are fewer choices that need to be specified. When using the second grammar, 

each time the double object construction is used, it is necessary to specify that donated is not 

the verb that occurs. With the first grammar, this is never necessary, as this information is 

captured in the grammar, and so need not be repeated when encoding the data. Therefore here 

the MDL evaluation measure supports a more complex grammar, because it captures a 

regularity in the data that justifies the added complexity. 

Table 3. The effect of placing donate in the alternating class 

 Grammar in which 
donate does not alternate 

Grammar in which 
donate alternates 

Overall Evaluation 1703.4  1710.4 
Grammar 321.0  298.2 
Data 1382.3 1412.2 

 

In the training data donated was not the only verb that did not alternate, as sent also appeared 

only in the prepositional dative construction. However, in contrast to donated, sent was 

placed in the alternating class. This may seem puzzling, as the only major difference between 

how the two verbs were presented in the training data was that donated occurred more often, 

there being only a single example of sent. The grammar which placed donated in the 

alternating class was preferred because it constrained the range of possible sentences, so 

shouldnÕt we also expect sent to be placed in the same class? The first part of Table 4 

(statistical rules and statistical encoding of grammar) compares the evaluations obtained 

when sent was placed in the non-alternating class, along with donated, to the learned case, 

where sent alternates. (Placing sent in the non-alternating class simply required changing the 

symbol on the left hand side of the rule introducing it so that it was the same as that 

introducing donated.) This shows that the evaluation is slightly worse when sent is placed in 

the non-alternating class. The evaluation for the data component is, however, slightly better 

in this case, because, like with donated, if the grammar prevents sent from alternating, we do 

not need to specify this information again when encoding the data.  
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The advantage of placing sent in the alternating class is therefore that in this case the 

grammar could be encoded more concisely. Why this should be the case is not immediately 

clear; after all, both grammars contain exactly the same number of rules, the only difference 

being in the symbol on the left hand side of the rule introducing sent. The difference between 

the evaluations of the two grammars must therefore be due to a difference in coding cost 

between the symbols introducing alternating and non-alternating verbs. The key to 

understanding this issue is to remember that the grammar is encoded probabilistically. The 

frequency of each symbol is recorded, and these frequencies are used to determine the 

probability of using each symbol when decoding the grammar. Infrequent symbols thus have 

a higher coding cost than frequent ones. As there are more verbs that alternate than that do 

not alternate, there is less coding cost in using the symbol that introduces alternating verbs 

than the one that introduces non-alternating ones. In other words, ensuring that the grammar 

was encoded statistically added to the generalization ability of the evaluation measure, 

because it effectively added a bias to prefer regular (and hence more frequent) constructions 

over irregular (less frequent) ones. 
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Table 4. The effect of variations of the MDL evaluation measure on whether grammars in which sent alternates 

receive a better evaluation. In each case, the overall evaluation of the grammar that has the best evaluation is 

shown in bold. Only when grammars are both statistical and are encoded statistically do we get correct 

generalization, with the newly seen verb placed in the regular class. 

Status of rules 
in the grammar 

Nature of 
encoding of 

grammar 

Component of 
evaluation 

Grammar in 
which sent does 

not alternate 

Grammar in 
which sent 
alternates 

Total  1703.6 1703.4 
Grammar 322.2 321.0 

 
statistical 

Data 1381.4 1382.3 
Total 1734.2 1735.2 

Grammar 352.8 352.8 

 
 

statistical 
 

non-statistical 
Data 1381.4 1382.3 
Total 1653.9 1659.0 

Grammar 227.2 226.0 
 

statistical 
Data 1426.7 1433.0 
Total 1684.6 1690.8 

Grammar 257.8 257.8 

 
 

non-statistical 
 

non-statistical 
Data 1426.7 1433.0 

 

It should be noted that taking an MDL approach does not require that grammars must be 

encoded statistically. It would have been possible to have coded them under the assumption 

that each symbol was equally likely. The second part of Table 4 shows the evaluations for 

grammars when using this type of non-statistical coding scheme. The grammar encoding 

length in this case is given by (8) (in which the symbols have the same meanings as in (5)), 

and depends only on the number of rules and the number of symbols used in them. (There is 

now no need to first decode the frequencies of the symbols in the rules, though it would be 

necessary to record which symbols have a frequency of zero. However, the coding length of 

this information would be fixed between alternative grammars, and so can be ignored.) With 

this evaluation measure, the grammar component of the evaluation is identical for both 

grammars, as both contain the same number of rules, and use the same number of symbols. 

The grammar that is more restrictive because it does not place sent in the most common class 

therefore receives a better overall evaluation. This shows that if our evaluation measure is to 
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prefer grammars in which newly seen lexical items follow regular patterns, it is essentially 

that we take a statistical approach to encoding grammars. 

 

NLZNgrammarC +=
2

log3)(  (8) 

 

The previous discussion has shown the importance of encoding grammars statistically, but 

has not considered the fact that the grammars themselves are statistical. The frequency with 

which each rule is used is encoded as part of the grammar, and these frequencies are used 

when the data is encoded. However, most grammars proposed by linguists are not explicitly 

statistical, as they do not include information about how often each rule in the grammar is 

used. It is interesting, therefore, to consider what the effect would be of removing the 

statistical information from the encoded grammars. This would mean that, when encoding the 

data, all applicable rules would be considered to have an equal probability of expanding each 

non-terminal symbol, no matter how often they were actually used to do so. For example, if a 

non-terminal symbol could be expanded using two different rules, the probability of using 

each would always be 0.5, while if it could be expanded by four different rules, each rule 

would have a probability of 0.25. 

 

Removing statistical information from grammars means the grammars become simpler, 

because information about the frequencies of the rules is no longer encoded. The new 

grammar evaluations are the same as those given by (5) and (8) (for statistical and non-

statistical encoding of grammars respectively), but with the final term, NL, omitted in each 

case. Removing statistical information from the grammars also changes the evaluation given 

to the data encoded in terms of those grammars. This is now given by (9), where er is the 
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number of rules that expand the symbol on the left hand side of rule r, and the other symbols 

have the same meanings as those in (6). 

 

!
"

=
Rr

rr efdataC 2log)(  (9) 

 

The third and fourth parts of Table 4 show the evaluations obtained using this new evaluation 

measure, firstly in the case that the grammars themselves are statistically encoded, and then 

in the case that the grammars are not encoded statistically. We can see that in both these cases, 

the encoding length of the grammars is considerably shorter than before, because there is now 

no need to encode statistical information. However, the encoding length of the data is longer, 

because the non-statistical grammars contain less information about the data.  

 

With both types of grammar encoding, the best evaluation is now received for the grammar in 

which sent does not alternate. We have already seen that this result is to be expected when, 

the grammar is not encoded statistically. However, even when the grammar is coded 

statistically, we now get a considerably worse overall evaluation when sent alternates. This is 

due to the evaluation of the data component being much worse. This compares to only a very 

small difference in evaluation of the data component when the grammars were coded 

statistically.  

 

This difference can be explained directly in terms of the absence of statistical information 

from the grammar. As the grammar contains no information about the relative frequency of 

individual verbs, the data must be encoded as though all verbs have equal frequency. This 

means that when encoding the data, every time the double object construction is used, a 

considerable amount of probability is assigned to the possibility of sent occurring. However, 
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sent never occurs in this construction, so a major reduction in coding length can be achieved 

by placing sent in the non-alternating class. If that is done, it is no longer necessary to 

consider the possibility of sent occurring in the double object construction when coding the 

data. 

 

When using statistical grammars, having sent in the alternating class was not a major problem, 

because those grammars contained the information that sent was much rarer than the other 

verbs. Therefore, each time the double object construction was used, only a small probability 

was assigned to the possibility of using sent. This allowed for shorter encodings whenever 

one of the other verbs was used. When sent was actually used (which was only in the 

prepositional dative construction), its coding length would be larger than that of the other 

verbs, due to its low frequency, but not so large as to override the advantage obtained from its 

short coding length on all the occasions on which it did not occur.  

 

This result shows that non-statistical grammars are unable to make some kinds of 

generalizations that equivalent statistical grammars can make. The non-statistical grammar 

treated sent in the same way as donated, because it was unable to see the difference between 

the distributions of these two verbs Ð which was simply that donated occurred many more 

times than sent. Adopting a non-statistical approach to syntax therefore throws away a 

potentially important source of information. 

 

The results above have accounted both for the eventual learning of the distinction between 

syntactically distinct verbs such as gave and donated, and the productive use of novel verbs, 

in regular constructions. The MDL evaluation measure can also provide insight into one other 

well known phenomenon concerning language acquisition. That is that, as noted above, at 
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early stages of learning, children often overgeneralize the use of some constructions, before 

later going on to use them correctly. With reference to the dative alternation, this means using 

verbs such as donated in the double object construction. (Gropen et al (1989) report examples 

of children overgeneralizing the dative alternation, although none of their examples actually 

concern donated, which is extremely rare in childrenÕs speech.) 

 

In order to investigate this phenomenon, the total amount of data was reduced, in order to 

simulate a stage of acquisition at which children had not been exposed to so many examples 

of each kind of verb. When the system learned from this data, it failed to maintain a 

distinction between sub-classes of verbs, allowing all verbs to occur in both constructions. 

This was because there were not enough examples of donated to justify making a more 

complex grammar with a separate syntactic class especially for that word, and so it was 

simply placed in the regular class. More precisely, the grammar component of the evaluation 

was considerably better in this case, and this outweighed the increase in the evaluation of the 

data component resulting from the less constraining grammar that allowed donated to occur 

in a wider range of constructions. This provides another demonstration of how the MDL 

evaluation measure responds to statistical information in the input data. 

 

Before concluding this section, we should consider how the MDL approach to verb 

subcategorizations contrasts with previous treatments of the dative alternation. In particular, 

it has been noted that whether English ditransitive verbs alternate is largely predictable from 

their meanings and phonological forms (Mazurkewich and White, 1984; Pinker, 1984, 1989; 

Gropen et al, 1989). For example, if a verb describes a change in possession, then it will 

normally be grammatical in the double object construction, which explains why give and send 

alternate. However, if their phonological form is Latinate, even verbs describing a change in 
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possession are usually restricted to the double object construction. Latinate words are those 

that are multisyllabic, and that do not conform to the usual stress pattern of native English 

words, so donate is Latinate, which explains why it does not alternate.  

 

Gropen et al (1989) provide clear evidence that children are sensitive to such semantic and 

phonological cues. When taught novel verbs that were presented in the prepositional 

construction, children often applied the dative alternation, and so used them in the double 

object construction. However, they did so more often when verbs were monosyllabic than 

when they were multisyllabic, and more often when they described a change in possession 

than when they just described movement to a location. It should be noted, however, that in 

Gropen et alÕs experiment children used the double object construction for Latinate verbs 

with a frequency that was not greatly below that at which they used it for native verbs, 

showing that the phonological constraint acted only as a probabilistic predictor of verb 

subcategorization, not an absolute one. 

 

Gropen et alÕs experiments demonstrate that a complete account of the acquisition of verb 

subcategorizations must take account of the phonological form and semantics of verbs, as 

children are sensitive to such cues. In contrast, the system presented here learns syntax from 

distributions alone. For a more complete account of syntactic acquisition, we would have to 

augment the MDL evaluation measure, and the data available to it, to incorporate a wider 

range of potential cues to syntactic structure. The application of syntactic rules could then be 

conditioned by semantics or phonology. However, it does not seem unreasonable to suggest 

that distributions must provide the primary cues in the acquisition of syntax. While semantic 

and phonological cues help to predict which English verbs participate in the dative alternation, 

the same rules do not apply in other languages. Therefore children learning English must 
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learn the correspondence between the non-distributional cues and subcategorizations from 

distributional evidence.  

 

It seems that the semantic and phonological cues to subcategorization do not avoid the 

problem addressed in this paper (when and how to make generalizations). Instead they 

remove this issue from one concerning individual verbs to one surrounding whole classes of 

verb. The same kinds of issues will however resurface, concerning for example which 

phonological and semantic cues are relevant in predicting verb subcategorizations, and which 

apparent rules relating phonology and semantics are simply the result of chance similarity. 

For example, under Pinker (1989) and Gropen et alÕs (1989) proposals, children divide verbs 

into two phonological classes, one for native and one for Latinate verbs. However, just how 

many verbs have to display a correlation between phonological form and subcategorization 

before we form a separate phonological class? And just which phonological features are 

relevant in making this distinction? These issues present the same kind of problems as those 

encountered when learning individual verbs, so MDL is just as relevant to addressing this 

kind of issue as it is to addressing purely distributional ones. While the simple evaluation 

system used here to illustrate the MDL principle can only consider distributional cues, there 

is no reason why MDL cannot be used in conjunction with a grammar formalism in which 

rules are conditioned by semantic or phonological information. 

6 Unrestr icted Natural Language 

The previous results have demonstrated the effectiveness of MDL at addressing some of the 

generalization problems that have been discussed in the linguistics literature. However, all of 

the data sets were very limited, and were created specifically with the aim of demonstrating 

the generalization abilities of MDL. The skeptical reader may be wondering whether MDL 
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will also make linguistically significant generalizations when applied to naturally occurring 

language data. Unfortunately, the learning system used up to this point cannot be applied to 

naturally occurring linguistic data simply because languages are very very large. They 

contain tens of thousands of words, most of which occur very infrequently, and a huge range 

of possible structures. We would therefore need to use very large corpora in order that the 

words and structures appeared sufficiently often for there to be a reasonable amount of 

evidence on which to base meaningful generalizations. However, applying the kind of search 

procedure used above to grammars with a complexity sufficient to describe such a large and 

complex data set is impracticable, as the search space for grammars is much too large for us 

to hope to find a good grammar in a reasonable amount of time. 

 

This is not a problem with the MDL approach itself (it concerns the search procedure not the 

evaluation measure), but it does present a very big obstacle to the application of the MDL 

principle to naturally occurring data. We either need to find a much more effective search 

procedure, or we need to simplify the task in some way. The best option for improving search 

would be to use a Markov chain Monte Carlo algorithm (MacKay, 1999), as these are the 

most effective procedures known for searching in complex high dimensional spaces such as 

the space of possible grammars. Some work has already begun to address the issue of how to 

apply Markov Chain Monte Carlo to learning phrase structure grammars (Johnson et al, 

2007), but it has not as yet been possible to apply these techniques to unrestricted corpora. 

Here, we take an alternative approach, by restricting the kind of grammars that can be learned, 

hence greatly simplifying the search problem. 

 

Rather than trying to learn the full syntactic structure of sentences, an attempt was made to 

learn only verb classes that grouped together verbs that had the same (or at least similar) 
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subcategorizations. In English, subcategorizations specify primarily the constituents that can 

appear alongside a verb inside the verb phrase, so it was decided to restrict the information 

that the model could learn from to the top level constituents that were sisters to the verb. 

However, subcategorizations do not (or at least do not usually) specify exactly which words 

can appear together with a verb, but instead specify only the types of constituents that may 

appear in each position. This creates something of a problem, as to learn verb 

subcategorizations it would first be necessary to identify the verbs, the extent and structure of 

the verb phrase, and the category of each constituent in the verb phrase. This seems to be 

almost as difficult as inferring a complete grammar, so removing any benefit gained from 

focusing solely on verb classes and verb subcategorizations. 

 

In order to make the task tractable, rather than working from completely unmarked text, verbs, 

together with the syntactic context in which they occurred, were extracted from the 

Switchboard part of the Penn Treebank11. Figure 9 shows one example sentence from this 

corpus, which contains transcripts of telephone conversations that have been manually 

syntactically annotated. Verb phrases were used only if they contained a single verb as a top 

level constituent, and only if the verb was in the past tense (that is, it was tagged as VBP). 

Verb phrases containing top level constituents that were tagged with EDITED, FRAG 

(fragment), INTJ (interjection) or ÐDFL (disfluency) were excluded, and constituents that 

were simply punctuation were ignored. The labels of all other top-level constituents were 

taken to form a subcategorization frame for the use of the verb in that sentence, with an 

asterisk indicating the position of the verb. (Any modifiers on constituent labels, such 

as -ADV, were removed.) Figure 9 shows one such extracted verb and the corresponding 

subcategorization. If there were multiple verb phrases in a sentence, then all the verbs that 
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met the relevant criteria were extracted, together with the corresponding subcategorization 

frames. 

( (S 
    (CC and) 
    (PRN  
      (, ,) 
      (S  
        (NP-SBJ (PRP you) ) 
        (VP (VBP know) )) 
      (, ,) ) 
    (NP-SBJ-1 (PRP she) ) 
    (VP (VBD spent)  
      (NP  
        (NP (CD nine) (NNS months) ) 
        (PP (IN out)  
          (PP (IN of)  
            (NP (DT the) (NN year) )))) 
      (S-ADV  
        (NP-SBJ (-NONE- *-1) ) 
        (ADVP (RB just) ) 
        (VP (VBG visiting)  
          (NP (PRP$ her) (NNS children) )))) 
    (. .) (-DFL- E_S) )) 

Extracted Information: 

Verb: spent 

Subcategorization frame: * NP S 

 

Figure 9. A sentence in the Penn Treebank, and the information extracted from it. 

 

The Switchboard part of the Penn Treebank contained 21,759 training instances meeting 

these criteria. These instances contained 704 different verbs, and 706 distinct 

subcategorization frames. In all, there were 25 different types of constituents that appeared 

alongside the verbs. No attempt was made to find relationships between different 

subcategorization frames, so each different subcategorization was simply treated as distinct, 

and referenced in the grammar in terms of an index number.  

 

The grammars that were learned to describe this data simply specified which 

subcategorizations could be used with the verbs of each class, and which verbs occurred in 

which class. All such grammars had the form of the grammar in Figure 10, which shows a 

grammar for a case in which there were only three verbs and two subcategorizations in the 

whole corpus. The grammar states that grew and ended can occur with either Subcat1 or 
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Subcat2, but that do can only occur with Subcat1. While learning a grammar, the range of 

subcategorization frames in which each verb has been observed never changes, as this is a 

property of the data, not of the grammar. Learning a grammar therefore simply consists of 

assigning the verbs to classes. The grammar must contain a rule for each verb class for each 

of the subcategorizations that have been observed with any of the verbs in the class, so each 

time a verb is moved between classes the grammar must be updated so that it contains all 

these rules, and any redundant rules that are not needed to generate the observed data must be 

removed. If we place each verb in a separate class, then the grammar does not generalize 

beyond the observed data, while, if we place all the verbs in a single class, the grammar may 

become simpler, but it also is likely to permit many verbs to occur in subcategorizations in 

which they are not grammatical. Generally we would expect an improvement in overall 

evaluation only when verbs which appeared in broadly similar sets of subcategorization 

frames were grouped together. 

S !  Class1 Subcat1 
S !  Class1 Subcat2 
S !  Class2 Subcat1 
Class1 !  grew 
Class1 !  ended  
Class2 !  do 

Figure 10. Example Verb Class Grammar. 

The grammars were evaluated using the same evaluation metric as before, but a new search 

algorithm that restricted the search to grammars of the appropriate form was needed. Initially 

all the verbs were placed in a single class. On every iteration a verb was selected at random, 

each verb being chosen with equal probability. With a probability of 0.5 (or always if there 

was only a single verb class), this verb would then be placed in a new verb class by itself, and 

removed from the old class. Otherwise the verb would be moved to a different randomly 

selected class. If either of these changes resulted in no verbs remaining in the source class, it 

was then deleted. As before, an annealing search was used, so if these changes made the 

overall evaluation of the grammar worse, they would sometimes be rejected, and the 
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probability of rejecting changes that made the evaluation worse was gradually increased as 

the search progressed.  

 

After no changes had been accepted for 2,000 iterations, the search switched to a merging 

phase, in which at each iteration two verb classes were selected at random, and merged 

together. As before, these changes were accepted or rejected based on the change they made 

to the evaluation, and on the current stage of the search. After no changes were accepted for 

2,000 iterations (or if the grammar was returned to the state of having only a single verb 

class), the search switched back to the original moving phase. This process of switching 

between the two phases was repeated until a stage was reached where no changes had been 

accepted for 20,000 iterations. This search procedure did not always produce the same 

grammar, so it was run several times, and the grammar with the lowest overall evaluation was 

taken. Typically each search took about 200,000 iterations. 

 

The final learned grammar contained six verb classes, and its evaluation is given in Table 5, 

together with the evaluation of the grammar containing only a single class, and the one with 

each verb in a separate class. As expected, the grammar with only a single class produces the 

worst description of the data, and that with each verb in a separate class describes it most 

accurately. However that is also by far the most complex grammar, so the best grammar 

overall is the learned one with six verb classes, which is much simpler, but which still places 

considerable constrains on the subcategorizations permitted for each verb. 

Table 5. Evaluations for the Switchboard verb class grammars. 

 One verb class Each verb in a 
separate class 

Best learned grammar 
(6 classes) 

Overall Evaluation 250,435.5 298,063.3 245,198.0 
Grammar 29,915.1 111,036.5 37,885.5 
Data 220,520.4 187,026.7 207,312.4 
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In order to evaluate whether the generalizations made were linguistically coherent, we need 

to take a closer look at the learned verb classes, which are shown in Table 6. Four of the 

classes appeared to contain verbs with similar syntactic properties, and so seemed to be well 

motivated. Class 1 corresponds to those verbs that usually take an S or an SBAR complement, 

class 2 to verbs that usually take an NP argument (often in conjunction with other arguments), 

class 5 to verbs that typically take an S argument (but never just an SBAR), and class 6 to 

verbs that usually take a particle (tagged PRT in the Switchboard corpus). Class 3 contained 

only the verb did. Forming a separate class just for this verb is well justified, as did has a 

syntactic distribution that is very distinct from that of any other verb. Finally, class 4 

contained all the other verbs, and might best be described as a miscellaneous class, as the 

verbs it contained appeared in a very wide range of different subcategorizations.  

Table 6. Verb classes learned from the Switchboard data. 

Class Verbs in Class 
1 thought, vowed, prayed, decided, adjusted, wondered, wished, allowed, knew, 

suggested, claimed, believed, remarked, resented, detailed, misunderstood, 
assumed, competed, snowballed, smoked, said, struggled, determined, noted, 
understood, foresaw, expected, discovered, realized, negotiated, suspected, 
indicated  

2 enjoyed, canceled, liked, had, finished, traded, sold, ruined, needed, watched, 
loved, included, received, converted, rented, bred, deterred, increased, 
encouraged, made, swapped, shot, offered, spent, impressed, discussed, missed, 
carried, injured, presented, surprised, typed, pushed, delivered, destroyed, beat, 
instituted, scared, pressed, framed, covered, collected, raised, planted, threatened, 
involved, adopted, questioned, described, quit, saw, accepted, preferred, 
purchased, supplemented, wasted, required, kicked, told, fixed, introduced, 
attended, reminded, mentioned, gained, abused, painted, recognized, stole, 
changed, visited, adored, chose, designed, solved, organized, established, studied, 
supported, sentenced, refinished, committed, skipped, bought, interested, trusted, 
directed, leaned, spanked, pulled, hated, initiated, pleased, affected, released, 
balanced, murdered, owned, created, occupied, measured, repealed, fired, quoted, 
attached 

3 did  
4 All other verbs  
5 used, named, tried, considered, tended, refused, wanted, managed, let, forced, 

began, appeared 
6 wound, grew, ended, closed, backed 
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These results show that, while the model has by no means come close to accounting for 

exactly which verb can appear in which subcategorization12, it has been able to form 

linguistically significant verb classes. This is despite the system having no way to see the 

internal structure of subcategorization frames. Therefore, it could not, for example, see that 

ADVP * SBAR is more similar to * SBAR than it is to * NP PRT PP. The model was also 

given no access to the lexical items occurring in the verb contexts, which may well be 

necessary to account fully for the subcategorization of some verbs. The only information on 

which the model could base its inferences was the constituent labels marked in the 

Switchboard corpus, and it is not clear that these labels were really fine-grained enough to 

give all the information needed to form the relevant generalizations. The solution to this 

problem would be to provide access to the words themselves, and then to use MDL to infer 

more relevant constituent labels, but this reintroduces the problems that arise from having a 

very complex search space. The present results do however demonstrate that the MDL metric 

proposed here can be used to learn linguistically significant verb classes from naturally 

occurring corpora. 

7 Discussion 

The purpose of this paper has been to illustrate how MDL can solve the problem of 

generalization in syntactic theory, which is a necessary component of any complete 

explanation of the human capacity to learn and use syntactic systems. The simple phrase 

structure grammar formalism used in the current implementation of MDL is clearly not 

sophisticated enough to account for the full range of syntactic phenomena. Some syntactic 

phenomena appear to be best described in terms of agreement or movement, neither of which 

can be captured elegantly using the chosen formalism, and it appears that natural language is 

not really context free. It is also difficult for phrase structure grammars to adequately account 
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for multi-word units and idiomatic expressions. Clearly, a more complete syntactic theory 

based on MDL would need to use a more sophisticated grammar formalism. Phrase structure 

grammars were chosen so as to allow a clear exposition of the MDL principle, but there was 

never the intention that the present system should in itself form the basis of an adequate 

syntactic theory. 

 

We should not lose sight of the fact that no researcher has yet come close to discovering a 

complete generative grammar for any natural language13. A wide variety of sometimes 

radically different types of grammar has been proposed to account for syntactic structures. 

Proposals include formal rule based grammars such as HPSG (Pollard and Sag, 1994) and 

recurrent neural networks (Elman, 1993; Ellefson and Christiansen, 2000). However no 

evidence clearly shows that any one of these approaches is the correct way to account for 

human syntactic competence, suggesting that there is really very little certainty about the 

form of mental grammars. In common with most syntacticians, we have focused on very 

narrow aspects of syntax that are not necessarily representative of the wider language. We 

would argue that, on the basis of currently available evidence, a syntactic theory that makes 

use of MDL (or a related metric) would seem to have more potential to account for how a 

child acquires a syntactic system through exposure to linguistic data than one that did not use 

such a metric. However, the goal of providing a truly explanatorily adequate (Chomsky, 

1965) theory of syntax still seems a long way off. 

 

Little emphasis has been given to the choice of the search strategies used to obtain the results 

in sections 4, 5 and 6, because that issue is essentially independent of the issue of deciding 

which generalizations are linguistically significant. An MDL metric could in fact be used in 

combination with almost any kind of search algorithm. The search strategy used here was 
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designed to allow simple grammars to be learned, and to do so without incorporating prior 

knowledge of syntactic structures into the search algorithm. However, no claim was made 

that the annealing search algorithms are especially appropriate, or that they are plausible 

cognitive models. Stolcke (1994) and Langley and Stromsten (2000) both reported MDL 

grammar learning systems that achieved similar results to those in section 4.1, but which used 

completely different search strategies.  

 

The results in sections 4 and 5 may have given the impression that MDL requires a learner to 

first remember all observed sentences, and only later to try to infer a grammar from all of 

them as a batch (an approach which clearly does not correspond to how children acquire 

language), but this is not necessarily the case. While we do not present any algorithm that is 

truly incremental, there does not seem to be any reason to believe that MDL cannot be used 

as part of a an incremental learning system that can add new lexical items or structures as 

they are encountered. The work in section 6 goes some way to addressing this issue, as there 

the system needed only to remember how often each verb was used in each subcategorization 

frame. The algorithm could be extended to be truly incremental by adding a mechanism that 

assigned newly seen verbs to the most appropriate class on the basis of the subcategorizations 

in which they were observed on their first (or first few) occasions of use.  

 

We should also note that demonstrating that MDL can be used to make generalizations, and 

so allow the learning of syntax in the absence of a strongly constraining universal grammar, 

does not in itself show that such prior knowledge of possible structures is not used by 

children when they learn language. It does, however, bring into question the main reason for 

arguing for the necessity of universal grammar, that is the argument from the poverty of the 

stimulus. The positive learnability results that can be obtained using MDL return the debate 
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about extent to which language is innate to the status of an empirical question. However, 

even if possible languages are constrained by a strong universal grammar, MDL could still 

play a role in language acquisition. This was demonstrated by Briscoe (1999) who reported a 

computational model of language acquisition in which MDL was used to set the parameters 

of a universal grammar. 

 

It should be noted that the use of evaluation procedures in syntactic theory is not a new idea. 

Chomsky (1965) proposed that grammars be evaluated using a simplicity criterion, 

corresponding to the number of symbols needed to construct a grammar. However, unlike 

MDL, ChomskyÕs simplicity metric did not incorporate any measure of how well the 

grammar described the observed data, and so it had to be supplemented by strong innate 

constraints. These prevented a very simple, but completely unconstraining grammar, from 

receiving a good evaluation. The lack of any measure of how well the grammar fitted the data 

is the main difference between ChomskyÕs evaluation measure and ones based on MDL, 

although the discussion in section 5 shows that MDL can also bring added benefits if the 

complexity of grammars is evaluated in a more sophisticated way than simply counting the 

number of symbols they contain. 

 

A measure for evaluating linguistic generalizations proposed by Hurford (1976) is also 

related to MDL. His method measured how closely a generalization constrained possible 

grammatical structures, relative to alternative generalizations that could have been made, and 

he argued that only those generalizations that were sufficiently constraining were 

linguistically significant. HurfordÕs measure of linguistic significance corresponds closely to 

the data component of an MDL evaluation measure, but his approach did not take account of 

how reasonable a particular generalization was a priori14. Put together, ChomskyÕs simplicity 
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metric and HurfordÕs evaluation criterion would create an evaluation measure very much in 

line with the MDL approach, but neither on its own is sufficient to determine which of two or 

more grammars provides the best description of some data. 

 

To summarize, this paper has shown that examples of language use provide enough 

information to determine the structures and categories underlying a wide range of syntactic 

phenomena, so long as we take a sophisticated statistical approach to interpreting that data, 

and come equipped with some reasonable prior expectations. MDL reopens the prospect of 

accounting for syntactic acquisition primarily through learning, minimizing the need for 

innate prior knowledge. Ultimately it may lead to syntactic theories that give a central role to 

statistical inference, and which propose that syntactic structures and categories are more 

language-specific than they are universal. 

                                                
1 We should note that a heavy reliance on innate prior knowledge is not restricted to work within frameworks 

advocated by Chomsky; many other approaches to syntax, such as Optimality Theory (Prince and Smolensky, 

1997) also give a central role to innate rules. 

2 Clearly the dots and circles in this diagram are intended only as analogies for sentences and grammars. 

However, MDL really could be used to predict patterns about where dots appear on a plane. The theory would 

specify where and how big each circle was, and the data would be described by f irst specifying for each dot in 

which circle it occurs, and then whereabouts in the circle it is. There would be a cost for specifying each circle, 

but the circles restrict the area in which dots can potentially appear. It therefore would take less information to 

specify whereabouts in this smaller space the dots can occur, than it would if they could occur anywhere. MDL 

would therefore favour configurations of circles that account well for the general locations of the dots, but not 

ones that restrict the dot locations only to the points at which they have been observed. 

3 In MDL, lower scores indicate better grammars, and higher scores worse grammars. 

4 This form of MDL is a version of what GrŸnwald (2005) terms Ôcrude two-part MDLÕ (p23). 

5  A more fundamental problem was that while Clark (2001) used MDL to select among candidate 

generalizations, choosing that which gave the greatest improvement in terms of the MDL metric, he did not use 
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the MDL metric to decide at what point to stop making generalizations, and so to determine what was an 

appropriate level of generalization with respect to the data. Instead the algorithm was stopped after 40 

generalizations had been made to an initially over-restrictive grammar. 

6 It should be noted that this coding scheme is somewhat imperfect, because it does not take account of 

restrictions on which symbols can occur where. For example, null may only occur as the f inal symbol in a rule, 

and terminal symbols may only occur on a ruleÕs right hand side. It therefore contains an element of redundancy, 

but it was decided that incorporating these restrictions into the coding scheme was an unnecessary complication. 

7 Throughout this paper, L is always fairly arbitrarily set at 5, which would allow frequencies of up to 31 to be 

encoded. In some cases the frequency of a rule may exceed this value, so this assumption is not really valid, but 

it does not appear to have a detrimental effect on the results. 

8 A grammar is locally optimal if  all possible individual changes that could be made to it result in a worse 

evaluation, even though a sequence of several changes might eventually produce a grammar with a better 

evaluation. 

9 The order of the rules could potentially affect the resulting evaluation, as the evaluations were always based on 

the f irst parse found by the parsing mechanism, which tried to apply earlier rules before considering later ones. 

There was an equal probability of a change being made to a branching or non-branching rule, and an equal 

probability of selecting each rule of the selected type. Either the position of the selected rule or one of the 

symbols it contained would then be changed, there again being an equal probability of selecting each of these 

changes. However, when a symbol was changed, the position of the rule was also always changed as well. 

10 We should note that the overall evaluation is equal to the sum of the evaluation for the grammar and data 

components. In the case of the learned grammar, the sum of the evaluations given for each component does not 

exactly equal that for the overall evaluation, but this is simply due to rounding error, as all the evaluations are 

given to an accuracy of one decimal place. 

11 http://www.cis.upenn.edu/~treebank/ 

12 We should perhaps note that no linguist has achieved this either. 
 
13 Detailed descriptive grammars such as Quirk et al (1985) or Levin (1993) give some idea of the lower bound 

on how complex a complete generative grammar must be, but even the most detailed descriptive grammars 

cover only some aspects of a languageÕs syntax. 
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14 We should note that Hurford was more concerned with meta-generalizations about possible grammars than 

with generalizations captured in grammars of individual languages, but his principle could equally have been 

applied to this latter problem. 
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