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1. Summary 
How do we learn language and what has this in common with listening to music and 

solving problems? The aim of this project is to develop a general technique for the 

unsupervised learning of linguistic parsing, musical analysis and problem-solving, and to 

use the technique for boosting various concrete applications. Our unsupervised technique 

may be a candidate to solve a part of the “Grand Challenge” in Cognitive Science: the 

search for an integrated model of cognition. 

To make our goal feasible, we start out with higher-level structures like trees. 

Tree-structures are compositional representations that describe how parts of a cognitive 

input combine into larger units and how these units combine into a whole. We will 

employ the Data-Oriented Parsing (DOP) framework, which has already been successful 

in integrating linguistic and musical processing. DOP analyzes new input by combining 

partial-analyses (e.g. subtrees) from analyses of previous input in a corpus. The most 

probable analysis of an input is computed from the counts of all sub-analyses in the 

corpus. 

 While DOP proposes a probabilistic memory-based view on cognition, the model 

does not account for the learning of initial analyses. We intend to show that DOP can be 

extended to unsupervised learning, U-DOP. The underlying idea of U-DOP is that if we 

do not know which tree-structures can be assigned to first input, we can just as well 

assume that all tree-structures are initially possible, and store only those subtrees that 

partake in analyzing new input. The main theme of this project, then, is to generalize U-

DOP to other modalities and to test the model on hand-annotated corpora and concrete 

applications. 

If unsupervised learning can compete with supervised learning, it will not only 

shed new light on the old controversy about the “poverty of the stimulus”, but may also 

overcome the time-consuming annotation of data-sets. 

 

 

2. Description of the proposed research 

 

2a. Research topic  
 
Overall aim of the project  

The primary goal of this project is to develop a general machine learning technique for 

the unsupervised learning of linguistic parsing, musical analysis and problem-solving. 

This technique will be used to boost a number of applications: speech recognition, 

machine translation, pitch spelling and equational reasoning. To make our goal feasible, 

we start out with higher-level structures such as trees. Tree structures are compositional 

representations that describe how parts of a cognitive input combine into larger units and 

how these units combine into a whole.  



We will use the general Data-Oriented Parsing (DOP) framework, which has 

already been successful in integrating linguistic and musical processing. DOP analyzes 

new input by combining partial-analyses (e.g. subtrees) from analyses of previous input 

in a representative corpus (cf. Bod 1998, 2002a,b; Bod and Kaplan 1998; Scha 1990; 

Hearne and Way 2003). The most likely analysis of an input is computed from the counts 

of all subtrees in the corpus. The innovative feature of DOP is that all previous subtrees - 

regardless of size - can play a role in the analysis of new input. 

While DOP proposes a probabilistic, memory-based view on cognition, that 

integrates rules and exemplars, the model does not account for the learning of initial 

analyses. Recently, a first proposal to extend DOP to unsupervised learning of language 

was presented in Bod (2006a,b). The underlying idea of Unsupervised DOP (“U-DOP”) 

is that if we do not know which tree-structures can be assigned to first sentences, we can 

just as well assume that all tree-structures are initially possible, and store only those 

subtrees that partake in analyzing new sentences, using well-known statistical estimation 

methods. The main theme of this project, then, is to fully work out U-DOP for natural 

language, to extend it to other modalities, and to test the resulting model not only against 

existing hand-annotated corpora but also in the context of a number of concrete 

applications. If unsupervised learning can compete with supervised learning, it will not 

only shed new light on the old controversy of the “poverty of stimulus”, but it may also 

make the time-consuming annotation of data-sets superfluous, possibly resulting in 

improved applications. 
 

Measurable key objectives 

1. To develop an extension of the all-subtrees DOP approach to unsupervised parsing of 

word strings (U-DOP). 

2. To develop an efficient algorithm for U-DOP. 

3. To apply and train U-DOP on very large data sets so as to (potentially) compete with 

supervised systems.  

4. To use U-DOP for boosting a statistical machine translation system. 

5. To use U-DOP for boosting a speech recognition system (i.e. as a structural language 

model for speech). 

6. To extend U-DOP to music (U-DOM) and automated reasoning (U-DOR) and to test 

the resulting models by improving two concrete applications: pitch spelling and physics 

problem-solving. 

7. To create a general unsupervised machine learning model for different cognitive 

domains. 

8. To answer the research question: Can we beat supervised parsing and learning by 

unsupervised parsing and learning? 

 
Scientific Background 

We will start by (briefly) explaining the supervised DOP approach to natural language 

parsing and next discuss how we intend to generalize DOP to unsupervised learning in 

different modalities. We thus take Computational Linguistics as the central, 

interdisciplinary field on which other fields will be built. 

 

 

 



2.1 Supervised vs Unsupervised Parsing of Language 

Natural language parsing systems seek to assign to each sentence the correct syntactic 

tree structure that describes which words of the sentence combine into phrases and how 

these phrases combine into a structure for the whole sentence. During the last few years, 

parsing systems have led to improvement of several natural language processing (NLP) 

applications such as machine translation, database interfaces, sentence compression and 

speech recognition (see Lease et al. 2006 for a recent overview). 

All current state-of-the-art parsing systems are supervised, that is, they are trained 

on large human-annotated data-sets (e.g. Collins 2000; Bod 2001, 2003; Charniak and 

Johnson 2005). Unfortunately, such hand-annotated data-sets are available for a few 

languages only, and their construction is extremely time-consuming often taking years of 

development. While semi-supervised methods have recently resulted in promising 

improvements of natural language parsing, especially self-training (cf. McClosky et al. 

2006), they still need data-sets of annotated sentences to start with. A key issue in natural 

language processing is therefore the development of unsupervised methods for extracting 

parsing models from unlabeled raw data, of which unlimited quantities are available. 

 During the last few years there has been considerable progress in unsupervised 

parsing. The performance of unsupervised parsers has gone up from around 40% 

unlabeled f-score on the ATIS corpus (van Zaanen 2000; Clark 2001) to around 80% f-

score on the Wall Street Journal (WSJ) corpus in Bod (2006b). While these scores remain 

behind the labeled f-score of around 91% of the best supervised parsers (cf. Bod 2003; 

Charniak and Johnson 2005; McClosky et al. 2006), it remains an open question how far 

we can get with a purely unsupervised approach to parsing if trained on data-sets that are 

several magnitudes larger than hitherto attempted. This question is not just of academic 

interest but is of direct relevance for improving the aforementioned NLP applications and 

for overcoming the laborious task of creating hand-annotated data-sets. 

 Yet, most if not all unsupervised parsing models limit either the lexical or the 

structural context that is taken into account, or both. That is, these unsupervised parsing 

models operate by statistically comparing contiguous subsequences of sentences: if 

substrings appear in similar lexical contexts they are likely to form a constituent of the 

same category (cf. van Zaanen 2000; Clark 2001; Klein and Manning 2002, 2004)
1
. 

There is an increasing insight that for building accurate unsupervised parsers it is 

imperative to also take into account non-contiguous substrings. This may be illustrated by 

the comparative construction ”more...than” in the sentence BA carried more people than 

cargo in 2004. And it is well-known that there exist many other lexical dependencies 

which may be separated by any number of other words and which can therefore not be 

described by contiguous substings. What would be needed is an "all-subtrees" approach 

that statistically compares all possible subtrees rather than all possible substrings. 

This "all-subtrees" or "DOP" (“Data-Oriented Parsing”) approach has already 

been highly successful in supervised parsing, where it resulted in very accurate parsing 

systems (cf. Bod 2001, 2003; Hearne and Way 2004). The key innovation of the DOP 

approach is to use subtrees of arbitrary size and shape as the elementary units of a 

                                                 
1 While there is also work on bootstrapping dependency trees (see Klein 2005 for an overview), we focus in 

this project on learning constituent trees, since virtually all state-of-the-art parsing systems used in concrete 

applications are based on constituent trees (including the foreseen applications in this project). 



probabilistic grammar (effectively resulting in a very redundant stochastic tree-

substitution grammar or STSG). 

Let us illustrate supervised DOP with a simple example. Suppose that we start 

with a very small corpus of only two sentences with their phrase-structure trees that are 

labeled by traditional lexical-syntactic categories, shown in figure 1. (We have left out 

some lexical categories to keep the example simple.) 
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Figure 1. A small corpus of two tree structures 

 

A new sentence, such as She saw the dress with the telescope may be derived by 

combining subtrees from the trees in the corpus by means of simple node-substitution, as 

shown in figure 2.  
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Figure 2. Analyzing a new sentence by combining subtrees from Figure 3 

 

We can also derive an alternative phrase structure for this test sentence, namely by 

combining three (rather than two) subtrees from figure 1, as shown in figure 3.  
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Figure 3. A different derivation for She saw the dress with the telescope 

 

The sentence She saw the dress with the telescope is thus ambiguous in that it can be 

analyzed in (at least) two different ways: one analysis is analogous to the first tree figure 

3 and the other analysis is analogous to the second tree. Both analyses can in principle be 

perceived by humans although the analysis in figure 2 is generally judged as the most 

plausible one. The problem of selecting the most plausible analysis of a sentence is 

known as the ambiguity problem, which is one of the hardest problems in NLP: Charniak 

(1997) estimates that an average sentence from the Wall Street Journal has over a 

thousand different syntactic structures. 

 How can we select from the possible structures of a sentence the "best" tree? DOP 

essentially employs a statistical methodology: the original DOP model computes the best 

tree from the relative frequencies of partial trees in a large corpus of previous trees. 

Results from psycholinguistics indeed support the idea that the frequency of occurrence 

of a structure is a very important factor in language comprehension (Jurafsky 2003; Gahl 

and Garnsey 2004). Of course, the frequency of a structure is not the only factor in 

syntactic disambiguation. Discourse context, semantics and recency also play an 

important role. We have shown elsewhere that these other factors can be integrated into 

DOP’s probability model (see Bod 1998, 1999, 2006e).   

During the last few years, many different versions of the DOP model have been 

developed, ranging from the use of the simple relative-frequency estimator for computing 

parse tree probabilities by Bod (1998) (which was shown to be an inconsistent estimator 

by Johnson 2002), to the use of statistically consistent estimators for DOP, either by the 

well-known Expectation-Maximization (EM) algorithm (Bod 2000b, 2006b) or by a new 

model known as DOP* (Zollmann and Sima'an 2005). The technique has been 

considerably refined by Goodman (1996, 2003), who provided an efficient reduction of 

DOP, and by Collins and Duffy (2002), who applied kernel methods and voting to an all-

subtrees model. 

It has been empirically shown that the parse accuracy monotonously increases 

with increasing subtree size when tested on fresh data (e.g. Bod 2001; Collins and Duffy 

2001; Sima’an 1999; Hearne and Way 2003). As a consequence, other parsing models 

have incorporated the use of arbitrarily large subtrees (e.g. Kudo et al. 2005; Henderson 

and Titov 2005; Moschitti et al. 2006). Several efficient algorithms have been developed 

that allow for fast and accurate parsing with DOP (e.g. Bod 2003; Goodman 2003; 

Sima’an 1999; Hearne and Way 2004). 



 

2.2  Towards Unsupervised Data-Oriented Parsing  

While the supervised DOP approach has been very successful both in natural language 

parsing and music analysis (cf. Bod 2002a/b; van Zaanen et al. 2003; Schaefer et al. 

2004), the approach is limited to domains for which human-annotated data-sets exist. As 

has been argued above, one of the most important challenges is to investigate whether 

supervised models like DOP can be generalized to unsupervised learning of structures 

from unlabeled data. Although we believe that semi-supervised methods, such as active 

learning and self-training, are also very promising, they still need annotated sentences to 

start with. Yet, we will investigate integrations of semi-supervised and unsupervised 

learning, which will be particularly important if the entirely unsupervised approach for 

some modality does not work well – see workplan. 

 In Bod (2006a), a first unsupervised version of DOP was proposed, termed U-

DOP. Instead of using all subtrees from a set of given parse trees, U-DOP initially 

assigns all possible (binary) trees to a large data-set of initial sentences and next uses the 

subtrees from these trees to compute the most probable parse trees for new sentences. 

The underlying methodology of U-DOP is similar to (supervised) DOP: since we do not 

know beforehand what kind of structures are appropriate, we should not a priori restrict 

the set of possible structures, but take them all and let the statistics decide which 

structures (and subtrees thereof) are useful in analyzing new data. U-DOP thus allows 

initially for any partial non-contiguous string to form a syntactic group. In Bod (2006e), 

we have argued that (U-)DOP is congenial to usage-based and construction-grammar 

accounts where it is recognized that multi-word units can form exceedingly complex 

structures that are ubiquitous in language (cf. Fillmore et al. 1988; Croft 2003; Bybee 

2006). U-DOP is also reminiscent of item-based approaches to language acquisition (cf. 

Tomasello 2003). However, U-DOP extends these (psycho)linguistic approaches by 

providing a computational model that aims to learn the syntactic structures for sentences 

in an automatic way and that can produce new sentences out of previous sentences. 

To give an illustration of this U-DOP model, consider the following part-of-

speech (p-o-s) string NNS VBD JJ NNS from the Wall Street Journal portion (WSJ) in 

the Penn Treebank (Marcus et al. 1993) which may correspond to the sentence Investors 

suffered heavy losses (the first implementations of U-DOP still work with p-o-s strings). 

U-DOP starts by assigning all possible binary trees to this string, where each root node is 

labeled S and each internal node is labeled X. Thus NNS VBD JJ NNS has a total of five 

binary trees shown in figure 4 -- where for readability we add words as well. 
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Figure 4. All binary trees for NNS VBD JJ NNS (Investors suffered heavy losses) 
 
New sentences can then be parsed by combining subtrees from all possible trees for given 
sentences, similar to the original DOP model. We again let the frequencies decide which 
trees – and subtrees thereof – are most useful in analyzing fresh data. Of course, if we 
only had the sentence Investors suffered heavy losses in our corpus, there would be no 
difference in probability between the five parse trees in figure 4. But if we also have a 
different sentence where JJ NNS (heavy losses) appears in a different context, e.g. in 
Heavy losses were reported, its covering subtree gets a relatively higher frequency and 
the parse tree where heavy losses occurs as a constituent gets a higher total probability. 

While we can efficiently represent the set of all binary trees of a string by means 
of a chart, we need to unpack the chart if we want to extract subtrees from this set of 
binary trees. And since the total number of binary trees for the WSJ10 part (i.e. all WSJ 
sentences up to 10 words) is already 12 million, it is doubtful that we can apply the 
unrestricted U-DOP model to the WSJ in general. The U-DOP model in Bod (2006a) 
therefore randomly samples a large subset from the total number of parse trees from the 
chart, and next converts the subtrees from these parse trees into a compact reduction, as 
proposed by Goodman (2003). One of the innovations in this project will be to 
investigate reductions that operate directly on the parse forest rather than on a random 
subtree set (see below). 

In Bod (2006b), U-DOP was extended to include EM estimation of the subtree 

parameters (Dempster et al. 1977), using cross-validation and taking relative frequencies 

as initial parameters. The resulting model obtained state-of-the-art performance on 

inducing tree structures for three domains: English, German and Chinese (Mandarin). We 

showed that U-DOP outperformed a supervised parsing model on the WSJ40, i.e. a so-

called binarized treebank PCFG. 

Despite the success of this U-DOP model, it should be kept in mind that the 

model is still provisional and limited: the domains we tested on were small compared to 

the test sets used by supervised parsers (and our algorithm needs to be extended with a 

PCFG reduction that operates directly on parse forests). Furthermore, U-DOP does not 

operate with word strings, it neither induces syntactic categories or verb-argument 

structures. Also, the evaluation against hand-annotated data is not optimal: the 

annotations in e.g. the Penn Treebank are very flat and unreasonably punish unsupervised 

parsers that usually learn more internal structure for e.g. NPs. 

In order to potentially compete with supervised parsing method, we therefore 

propose in this project to extend U-DOP (1) to bootstrapping structures for word strings 

for large data-sets such as the so-called NANC data-set (available at the Linguistic Data 

Consortium, LDC) and the Europarl corpus (Koehn 2005), (2) to develop efficient 

algorithms for U-DOP (by creating PCFG reductions of parse forests rather than of 

STSGs – see workplan), (3) to induce syntactic categories and verb-argument structures, 

and (4) to evaluate U-DOP not only on hand-annotated data (which unreasonably favors 

supervised parsers), but to also assess the model in concrete task-based applications, such 

as machine translation and speech recognition. 

We will therefore design U-DOP’s test domains in such a way that the results can 

be directly used in concrete applications. For example, we will induce tree structures for 

the various languages from the multilingual Europarl corpus (Koehn 2005) which 

contains large extracts of the proceedings of the European Parliament in 11 European 



languages: Romanic (French, Italian, Spanish, Portuguese), Germanic (English, Dutch, 

German, Danish, Swedish), Greek and Finnish. The ‘correctness’ of U-DOP’s induced 

trees can then be tested in a concrete MT system against the trees proposed by supervised 

parsers (see workplan), as well as in the context of non-tree-based MT systems (Och 

2003). The workplan also gives details about extending U-DOP towards language 

modeling for speech recognition and integrating the model with semi-supervised learning 

(this is important as it is by no means certain that unsupervised parsing alone will 

actually be able to compete with supervised parsing). 
 

2.3  Extending Unsupervised DOP to Other Modalities: Towards Integrating 

Cognition 

A major working hypothesis of this project is that U-DOP can be generalized to 

unsupervised learning in other modalities, such as melodic structures for musical pieces 

(Lerdahl & Jackendoff 1983) and deductive-nomological structures for physics problems 

(see VanLehn 1988; Bod 2005a). The extension to other modalities is important not only 

for our goal to develop a general machine learning algorithm for different cognitive 

domains, but also to overcome the time-consuming hand-annotation of training data. 

 

2.3.1 DOP and Music 

It is rather straightforward to apply the DOP approach to melodic analysis. As in natural 

language, a listener segments a sequence of notes into groups or phrases that form a 

nested grouping structure for the whole piece which can again be represented by a tree 

(Longuet-Higgins 1976; Lerdahl & Jackendoff 1983). For example, according to Lerdahl 

& Jackendoff (1983: 37) a listener hears the following grouping structure for the first few 

bars of melody in Mozart’s G Minor Symphony, K. 550. 
 

 

 
 

Figure 5. Grouping structure for first few bars of Mozart’s G Minor symphony 

 

Melodic trees are usually unlabeled: while in language there are syntactic constraints on 

how words can be combined into larger constituents, in music there are no such 

restrictions: in principle any note may be combined with any other note, depending on the 

musical style and period. This makes the problem of ambiguity in music even harder than 

in language (see Longuet-Higgins and Lee 1987). 

 For instance, the first few bars of Mozart's G Minor Symphony could also be 

assigned the following, alternative grouping structure (among other possible structures): 
 



 
 

Figure 6. Alternative grouping structure for Mozart's opening theme 
 

While this alternative structure is possible in that it can be perceived, it does not 

correspond to the structure that is actually perceived by a human listener. There is thus an 

important question how to select the perceived tree structure from the total set of possible 

tree structures of a musical input. Many systems attempt to disambiguate melodic 

structure in an entirely rule-based way. For example, Lerdahl and Jackendoff (1983) and 

Temperley (2001) use preference rules that describe Gestalt-perceptions of the kind 

identified by Wertheimer (1923). However, similar to multi-word units in language, there 

are extremely many multi-note units and other idiomatic groups in music, which can only 

be covered by a model that also takes into account musical memory and previous musical 

experience (see Schaefer et al. 2004; Saffran et al. 2000; Juhász, 2004). Several 

approaches to melodic analysis are therefore probabilistic and exemplar-based and are 

trained on corpora such as the Essen Folksong Collection or EFC (Schaffrath 1995) 

which currently contains melodic trees for over 20,000 folksongs. The pitches in the 

folksongs are represented by integers added with information about duration and 

chromatic alteration. By automatically assigning three basic constituent labeles to the 

nodes of the monophonic Essen folksongs (i.e. S for the whole song, N for each note and 

P for each intermediate phrase), we can develop supervised DOP models for music, as 

has been done in e.g. Bod (2002a,b) and van Zaanen et al. (2003) in the context of the 

NWO Innovation-Impulse-project supervised by the PI (principal investigator). 

 However, these DOP models are (again) limited to domains for which we have 

actually melodically annotated corpora. There is thus an important question as to whether 

we can automatically bootstrap structure for music. In this project we propose that an all-

subtrees approach like U-DOP will also be beneficial for bootstrapping melodic trees in 

music (and our first, very preliminary experiments confirm that this is the case). 

We propose to extend U-DOP to induce melodic structures for the 20,000+ EFC 

and to compare them with the human-annotated melodic structures. Since most folksongs 

are relatively short (smaller than 60 notes), we believe that U-DOP can in fact be applied 

to the EFC (we already did experiments with strings of length 40 in Bod 2006b). We will 

initially assign all possible binary trees to half of the EFC and use subtrees thereof to 

predict the most probable parse trees for the other half, and vice versa. We can then 

compare the results against the human annotations in the EFC and against supervised 

melodic parsers (e.g. Temperley 2001) as well as unsupervised melodic  parsers (e.g. 

Ferrand et al. 2003) (see workplan). Moreover, we will test U-DOP’s annotations also on 

other, larger data-sets (e.g. Meredith 2006) and in two musical applications: pitch 

spelling and modulation prediction. We will furthermore investigate how far the U-DOP 

approach to music stretches by trying to induce harmonic structure for classical musical 

pieces. And we will explore whether a notion of “simplest structure”, which has been 

successfully formalized in NLP (Bod 2002b), can be used in music processing under 



different interpretations such as the most compact representation (Honingh and Bod 

2005; Honingh 2006a). 

 

2.3.2 DOP and Problem-Solving/Reasoning 
What counts for linguistic and melodic analysis also counts for problem solving and 

reasoning: given a problem or theorem, there can be (extremely) many different possible 

solutions or derivations. As a case study, we will concentrate on derivations for physics 

problems as developed in Bod (2005a,b, 2006c) and Lacerda (2006), where it was shown 

that subtrees from derivation trees of any size can be important in predicting the correct 

derivation tree for new problems. As an example consider the following solution for the 

problem of deriving the Earth's mass from the Earth-Moon system as given in a classical 

physics textbook  (Alonso and Finn 1996: 247): 

 
Suppose that a satellite of mass m describes, with a period P, a circular orbit of radius r around a planet of mass 

M. The force of attraction between the planet and the satellite is F = GMm/r2. This force must be equal to m 

times the centripetal acceleration v2/r = 4π2r/P2 of the satellite. Thus, 
 

 4π2mr/P2 = GMm/r2 
 

Canceling the common factor m and solving for M gives 
 

 M = 4π2r3/GP2. 
 

This rather textual derivation can be formalized by means of a proof tree or derivation 

tree in figure 7 (which is often represented in an upside-down fashion compared to 

linguistic or musical trees – see Baader and Nipkow 1998 or Russell and Norvig 2002). 
 

F = ma

F = GMm/r2

a = v2/r

F = mv2/r  v = 2πr/P

F = 4π2mr/P2

4π2mr/P2 = GMm/r2

M = 4π2r3/GP2

 
 

Figure 7. Derivation tree for the Earth's mass 
 

Derivation trees form the standard representations in models like Explanation-Based 

Learning (Mitchell et al. 1986), Inductive Logic Programming (Cussens 2001), 

Stochastic Logic Programs (Muggleton 1996), Statistical Relational Learning (Mooney 

and Zel1e 1994) and Case-Based Reasoning (Carbonell 1993), and are also used in 

models of human problem-solving (cf. Makachev et al. 2004). Moreover, a derivation 

tree corresponds to the notion of a deductive-nomological (D-N) explanation in 



philosophy of science (Hempel and Oppenheim 1948) which was improved by Kitcher 

(1989) in his “unificationist account” of explanation. 

In Bod (2005a, 2006c) we showed how derivation trees for new problems or 

theorems can be constructed out of derivation trees of previous problems by means of a 

new DOP model which is extended with a mathematical compoment that can solve an 

equation for a certain variable (such as Mathematica or TKSolver). Moreover, we showed 

in Bod (2005a, 2006c) that subtrees of arbitrary size are important for predicting the 

derivation tree assigned by humans (i.e. by 19 third-year physics students). 

Thus while (scientific) problem-solving is not entirely equivalent to linguistic or 

musical parsing (the substitution operation “o” has a somewhat different meaning in that 

it substitutes a formula in a certain variable rather than in a whole node – see Bod 2005a 

for the definition), it is fascinating that we can use the same underlying formalism, i.e. an 

implementation of a stochastic tree-substitution grammar (STSG), for these three 

modalities (see Bod 2006c,d). This raises the question as to whether we can also create an 

unsupervised learning model based on U-DOP for problem-solving. 

 Previous approaches to statistical learning of reasoning and problem-solving were 

limited in that they are based on stochastic enrichments of context-free grammars (CFGs) 

or definite-clause grammars (DCUs). These approaches, known for instance as Stochastic 

Logic Programs or Statistical Relational Learning (De Raedt and Kersting 2004; 

Muggleton 1996; Cussens 2001) cannot cover all possible dependencies in a proof tree. 

We have shown in Bod (2006c) that, as with language and music, there may be arbitrarily 

distant dependencies in problem-solving, both structurally and sequentially. The 

examples we discussed in Bod (2006c) came from the field of fluid mechanics. But 

distant dependencies already occur in derivations for much simpler systems, such as 

Galileo’s pendulum (between leaf nodes and formulas later in the derivation tree). Entire 

subtrees must be preserved, otherwise they cannot be reapplied for solving new problems 

(since one loses the particular dependency). It is well-known that students of physics 

typically have to go through various example-derivations (“exemplars”) before they can 

successfully solve new problems by themselves, usually by modeling the new problem on 

similar, previously solved problems (see Kuhn 1970; Giere 1999; Bod 2006c). 

In order to take into account partial derivations of any size, it seems likely that we 

need an STSG for modeling the unsupervised learning of problem-solving rather than 

stochastic extentions of CFGs or DCUs. We will extend the EM training techniques 

proposed in e.g. De Raedt and Kersting (2004) to STSGs (which we already did for 

language in e.g. Bod 2000b, 2006b) and next test whether U-DOP’s all-subtrees approach 

can also be used for derivational reasoning. We will initially use the data-sets developed 

in Bod (2005a) for our evaluation. These data-sets were extracted from the widely used 

textbook of Alonso and Finn (1996) and have also been used by Lacerda (2006). Note 

that we will not try to induce the laws from classical physics, but the reasoning and 

problem-solving process with such laws (see workplan for more details). As before, we 

will assign all possible, mathematicaly consistent trees to a set of given theorems and 

next select those trees – and subtrees thereof – that could actually be used to solve new 

problems. 

Note that (U-)DOP is congenial to Explanation-Based Learning or EBL (Mitchell 

et al. 1986) which also allows for reusing large derivational chunks. But whereas EBL 



needs at least some full-fledged explanations to begin with, we aim at bootstrapping these 

first explanations (i.e. derivation trees) as well -- see workplan. 

 

Originality 

It has become clear that (semi-)supervised approaches to language, music and other 

domains are reaching a limit: they are dependent on hand-annotated data which are 

available for few languages and few domains only. Yet, annotated data do improve NLP 

applications, as shown by the overview paper by Lease et al. (2006), as well as musical 

applications (Honingh 2006b). A key issue is therefore the development of unsupervised 

learning models that can bootstrap annotations from unlabeled raw data. Until quite 

recently all unsupervised models limited either the sequential or the structural context 

that is taken into account, or both (e.g. van Zaanen 2000; Clark 2001; Klein and Manning 

2002, 2004; Klein 2005). Moreover, these models were tested on short input and small 

data-sets only. The current project is timely and novel as it aims to develop efficient 

algorithms for one of the richest unsupervised learning technique possible, which uses all 

subtrees from all possible trees, thus limiting neither the sequential nor the structural 

context. We believe that our project is especially timely since first experiments with U-

DOP have already obtained excellent results on benchmarks. But to make the 

unsupervised all-subtrees approach widely useful for NLP and other modalities, we must 

develop efficient algorithms for U-DOP and show that they can be employed in concrete 

applications in language (machine translation and speech recognition), music (pitch 

spelling, modulation prediction) and problem-solving (solving physics problems).  

 

Significance 

If successful, this research may show that insights and techniques from computational 

linguistics, in particular statistical NLP and DOP, are much more widely applicable than 

previously thought: not only can they be generalized to unsupervised learning of syntactic 

structures for speech and translation but also to music and reasoning, resulting in a 

general unsupervised machine learning model for different cognitive modalities. The 

resulting model may therefore be a candidate to solve (a small part of) the well-known 

“Grand Challenge” in Cognitive Science (cf. Newell 1990; Bechtel and Graham, 1999), 

i.e. to integrate different models for different modalities by one underlying (learning) 

technique. Our results will also be important to the Machine Learning community, 

especially if we can show that unsupervised learning competes with supervised methods. 

Our results will for instance be relevant to Memory-Based Learning (Daelemans and van 

den Bosch 2005). 
Furthermore, our results may make the time-consuming annotation of data-sets, 

and perhaps even the laborious development of grammars, superfluous. It may very well 
turn out that massively unsupervised learning from large amounts of data provides the 
next major step in improving concrete applications in language, music and problem-
solving. Since most models have reached an asymptote in these fields, new directions 
should be tried out. 

Our research may shed new light on the problem known as the “poverty of the 
stimulus”. There is still a fierce debate whether a universal, innate grammar is needed to 
learn a language or whether all structure can be learned from data alone. U-DOP may be 
seen as a concrete implementation of constructionist and usage-based  approaches to 
language that seem to favor the view that all structure can be statistically inferred from 



data. In order to show that U-DOP can actually learn full-fledged language production 
and comprehension, we need to extend our experiments to the very large (task-based) 
domains proposed in this project. 
 

2b. Approach 
As explained above, we propose to use an all-subtrees methodology to unsupervised 

learning. We assign all trees to initial data and let the statistics decide which (sub)trees 

are most useful in analyzing fresh data. This methodology has already been successful in 

supervised analysis of language, music and problem-solving, and the time has come to 

explore its usefulness to unsupervised learning. First experiments with this U-DOP model 

show promising results and warrant further research (Bod 2006a,b). 

 We will start out by using the relative frequencies of subtrees which will next be 

iteratively reestimated by an instantiation of the expectation-maximization (EM) 

algorithm until the cross-entropy becomes negligible (see Bod 2006b). Cross-validation 

will be used to avoid overlearning. The main reason to use an all-subtrees approach is its 

high context-sensitivity: it has been shown at various places that larger subtrees lead to 

better results (Bod 2001; Collins and Duffy 2001; Hearne and Way 2003). To create 

efficient algorithms for U-DOP we will investigate PCFG-reductions that operate directly 

on the parse forest of utterances rather than on the resulting DOP grammar that can be 

extracted from the parse forest (see workplan for details). 

We will evaluate U-DOP's induced trees both on hand-annotated data, as in Klein 

and Manning (2002, 2004) and Bod (2006a,b), and as a component in concrete 

applications, including machine translation, speech recognition, musical pitch spelling 

and physics problem solving. For the evaluation on hand-annotated data we will have to 

binarize all parse trees otherwise the precision and recall measures are (almost) 

meaningless (see Klein 2005). Given the problems with comparing unsupervised to 

supervised models on pre-annotated data, we will also compare the two paradigms in 

concrete wide-coverage applications. That is, we will isolate the contribution of the 

various methods in improving the accuracy of these applications, by measuring the 

difference in accuracy of such applications under different parsing methods. We believe 

that such a task-based evaluation is important since it does not assess the internal 

annotated tree structures but the accuracy of the output only (e.g. the transcribed acoustic 

utterance or the translated sentence or the spelled pitches). To make our system 

comparison meaningful for the scientific community at large, we will use the standard 

metrics (i.e. Word Error Rate or WER, Perplexity, BLEU score, pitch spelling score). 

 

2c. Innovation of the approach 
The main innovation of the approach is the all-subtrees methodology for unsupervised 

learning, applied to different modalities. Despite the widely recognized advantages of an 

all-subtrees approach (not only within the DOP framework but also in tree-kernels and 

other approaches – see e.g. Kudo et al. 2005; Collins and Duffy 2002; Henderson et al. 

2005; Moschitti et al. 2006), such an approach has to the best of our knowledge never 

been generalized to wide-coverage unsupervised learning. 

Another important innovation of our approach is the use of concrete applications 

for comparing unsupervised systems against supervised ones, so as to abstract from the 

theory-dependent tree annotations. Our approach of testing across several modalities is 



also novel: we have previously shown that insights from NLP may not only be beneficial 

for music analysis, but that our experiments with musical parsing suggested new 

directions in linguistic parsing as well  (e.g. our combination of the shortest derivation 

and the most probable parse in Bod 2002b, 2003).  

 

2d. Plan of work and description of the subprojects 
There are three general subprojects in this proposal: unsupervised NLP (three 

researchers), unsupervised music processing (one researcher) and unsupervised problem 

solving (the principal investigator). As already mentioned above, most of the research 

effort will go into the first subproject. Each subproject is divided into workpackages 

(WPs) which are depicted in the practical timetable at the end of this section. Sufficient 

time will be reserved at the end of each WP to write and submit papers for conferences 

and journals. (Note that PhD students are appointed for three years at the University of 

Amsterdam). 

 

Subproject 1. Unsupervised Natural Language Processing 

1.1 Postdoc: Unsupervised Data-Oriented Parsing (U-DOP) 

1.2 PhD student: Unsupervised Data-Oriented Translation (U-DOT) 

1.3. PhD student: Unsupervised Structural Language Models for Speech 

(U-DOS) 

Subproject 2. Unsupervised Music Processing 
  Postdoc: Integrating U-DOP with Music Analysis (U-DOM) 

Subproject 3. Unsupervised Reasoning and Problem-Solving 
Principal Investigator: Integrating U-DOP with Reasoning (U-DOR) 

 

Overall Supervision: Principal Investigator: Is there one unsupervised learning 

algorithm for different modalities? Can Unsupervised Learning outperform Supervised 

Learning in Concrete Applications? 

 

 

Subproject 1. Unsupervised Natural Language Processing 
 

Sub-subproject 1.1: Postdoc: Unsupervised Data-Oriented Parsing (U-DOP) 
 

WP1.1.1: Literature review and familiarization with in-house U-DOP system  

 

WP1.1.2: Develop efficient algorithms for U-DOP 

The current U-DOP system is based on a rather simple algorithm: it first assigns all 

binary trees to each sentence (efficiently stored in a chart), and next creates a PCFG 

reduction of a (large) random subset from these binary trees (which is trained by EM in 

Bod 2006b). It would be advantageous for various reasons (accuracy, efficiency, 

reproducibility) to create a PCFG reduction directly for the entire parse forest of all 

binary trees. This is the topic of the current workpackage. Instead of creating a PCFG 

reduction for a list of trees (as we did in Bod 2006a), we wish to develop a PCFG 

reduction for a hypergraph of trees in the vein of Klein and Manning (2001) and Huang 

and Chiang (2005). 



 This workpackage is one of the most significant parts of the research project. We 

believe that chances of success are high, since efficient algorithms for decoding parse 

forests have in part already been developed and published at recent conferences (Huang 

and Chiang 2005; May and Knight 2006). In their NAACL paper, May and Knight 

(2006) even perform a set of first experiments of their technique with a subset of DOP’s 

subtrees. The extension of their technique to U-DOP seems to be rather straightforward, 

given that the only difference is U-DOP’s use of a full chart containing all binary trees. 

 

WP1.1.3: Implement efficient algorithms for U-DOP 

 

WP1.1.4: Evaluate U-DOP on unrestricted word strings from WSJ and NANC  

Both the old U-DOP algorithms (Bod 2006a,b) and new ones developed in WP1.1.2 will 

be tested on word strings from the WSJ and NANC corpora, first by extending U-DOP 

with the unsupervised part-of-speech tagger developed by Clark (2000) and Schuetze 

(1995), that induce lexical categories by distribution clustering, and second by also 

abstracting from any lexical category assignment (though U-DOP might induce them 

later in WP1.1.5). (At this stage the researchers in the other subprojects may directly use 

the U-DOP algorithms and software.) 

 

WP1.1.5: Bootstrap syntactic categories  

U-DOP will be extended to bootstrapping syntactic categories by randomly assigning 

categories X1, X2, X3... to all possible trees which are next trained by Expectation-

Maximization (as in Bod 2006b) on an additional part of the respective corpora. We 

already performed preliminary experiments with this approach using two categories only, 

which led to a clear distinction between NPs and VPs (Seminar at U. of Edinburgh). 

Category induction is important as it has been shown at various places that trees with 

categories outperform trees without categories for many applications. 

 

WP1.1.6: Bootstrap verb-argument structures with U-DOP 

There is an interesting research question whether we can apply the same strategy for 

learning predicate-argument structures. In this WP we investigate the success of 

assigning randomly all possible verb-argument structures to U-DOP’s induced trees (and 

their syntactic categories) and to next test which of these assignments emerge as the best 

ones by maximizing the likelihood on a held-out data set. There has been some previous 

successful probabilistic learning of verb-argument structures (Gildea 2002). 
 

WP1.1.7: Extend U-DOP with active learning and try to integrate U-DOP and DOP 

by self-training 

We will investigate extensions of U-DOP/DOP towards active learning, sample selection 

and co-training (Steedman et al. 2003), the latter on the multilingual Europarl corpus. We 

will develop entropy measures to predict novel sentences that are likely to contain new 

constructions with respect to the corpus. Active learning usually leads to a more efficient 

way of handling very large data sets. We will also try out to use the reranking method 

proposed in Bod (2003) in combination with self-training, i.e. where a parser is trained on 

the trees provided by that same parser (cf. McClosky et al. 2006). This workpackage will 

be important as a backoff if it turns out that previous WPs do not lead to substantial 

accuracy improvement. 



 

WP1.1.8: Collaborate with PhD students to use full-fledged U-DOP for machine 

translation, speech recognition and music processing (U-DOT, U-DOS and U-DOM)  

 

Sub-subproject 1.2: PhD student: Unsupervised Data-Oriented Translation 

(U-DOT) 
The Data-Oriented Translation (DOT) model, which uses DOP for statistical machine 

translation, was first developed by Poutsma (2000) and subsequently extended by Hearne 

and Way (2003, 2006). DOT uses DOP’s all-subtrees idea to exploit bilingually aligned 

treebanks for machine translation. It has led to the best published results on Xerox 

PARC’s HomeCentre corpus (Hearne and Way 2006). However, the HomeCentre corpus 

is extremely small compared to the Europarl corpus currently used by most MT systems 

(see Koehn 2005). One goal of this sub-subproject is to exploit the trees that will be 

automatically learned by U-DOP for the Europarl languages. This will be especially 

important for languages for which currently no accurate parsers are available. 

DOT is part of what has been called statistical machine translation (SMT) which 

has led to considerable progress in the field of MT (see the various workshops at recent 

ACL/EACL/NAACL/COLING conferences). The time seems to have come to try out for 

the first time an all-subtrees approach to large-scale SMT on the Europarl. Since this 

project uses some of the algorithms developed in the previous sub-subproject by the 

postdoc (with possible help from the PI), we propose to start with this project one year 

later. 

 

WP1.2.1: Literature review and familiarization with in-house U-DOP and DOT 

systems 

 

WP1.2.2: Induce tree structures for the Europarl corpus with U-DOP 

 

WP1.2.3: Develop unsupervised method for automatically aligning subsentential 

fragments 

The method described by Groves et al. (2004) will be used as a starting point to 

automatically assign alignments between subtrees for the structures induced for the 

Europarl corpus. Groves et al.’s method can induce alignments once the trees are 

available. Give the importance of this WP, the PI will actively monitor (and possibly 

contribute) to this WP. 

 

WP1.2.4: Extend U-DOP induction algorithm to integrate with DOT 
(U-)DOT uses paired (or aligned) subtrees from two parallel languages to compute the 

most probable translation of a target sentence given a source sentence. It will be 

necessary to extend the algorithm developed in WP1.1.2 to parse with paired subtrees. 

We will also incorporate the efficiency improvement described in (Huang and Chiang 

2005). 

 

WP1.2.5: Evaluate U-DOT on Europarl 

We will employ the BLEU evaluation metric to quantitatively compare the Unsupervised 

and Supervised DOT systems. Of course, we can only make such a comparison for the 



languages for which supervised parsers exist (e.g. English, German), but we will compare 

U-DOT against other unsupervised systems for more languages (cf. Koehn 2005), and 

against other syntax-based SMT systems, in particular Chiang (2005).  

 

WP1.2.6: Extend U-DOT with EM training and evaluate on Europarl 

One of the recent insights of U-DOP is that by iterative reestimation based on 

expectation-maximization (EM) the performance is considerably improved (Bod 2006b). 

It is therefore important to develop and test an EM-training algorithm for subtree-pairs.  

 

WP1.2.7: Extend U-DOT with bootstrapped verb-argument structures and evaluate 

on Europarl 
Investigate whether the bootstrapped verb-argument structures in WP1.1.6 can improve 

translation quality. It is well-known that verb-argument structures are important for 

correct translations (e.g. for distinguishing the subject and object in the translation pair 

John misses Mary � Mary manque a John). At this stage we will also test U-DOT using 

the trees predicted by the unsupervised version of TIG-DOP developed in sub-subproject 

1.3 (see below). If successful, we believe U-DOP/U-TIG-DOP may overcome the 

extremely time-consuming annotation of corpora by hand.  

 

WP1.2.8: Write up PhD thesis 

 

Sub-subproject 1.3: PhD student: Unsupervised Structural Language Models 

for Speech-Recognition (U-DOS) 
DOP has been used as a language model for speech recognition in Bod (1998, 1999) and 

Sima’an (1999). A language model is a crucial component of any speech recognizer and 

assigns scores to the candidate output strings of the speech recognizer. The idea to use 

tree structures in developing language models is known as “structural language models” 

(cf. Chelba and Jelinek 1998). It is widely felt that structural tree-based models are 

among the most promising language models (see Charniak and Goodman 2002). 

However, while all-subtrees approaches have been applied to parsing, they have 

surprisingly never been used to boost structural language models for speech on large 

benchmarks such as the Switchboard speech data – to the best of our knowledge. 

 

WP1.3.1: Literature review and familiarization with in-house (U-)DOP system 

 

WP1.3.2: Create incremental version of DOP that can compute probabilities of 

substrings 

To make DOP adequate for speech, it is convenient to create an incremental parser for 

DOP by employing the extension of DOP created by Hoogweg (2003) which uses an 

additional combination operation between subtrees known as “insertion” (i.e. a limited 

form of the adjunction operation from tree-adjoining grammar, still resulting in cubic 

time processing). This effectively leads to a stochastic tree-insertion grammar, known as 

TIG-DOP. The insertion operation is important as it is well-known that a simple TSG 

cannot be fully lexicalized while maintaining the same strong generative capacity. 

 



WP1.3.3: Develop efficient algorithm to compute most probable (sub)string by TIG-

DOP 

While the problem of computing the most probable string is NP-hard (Sima’an 1999), 

there exists an efficient Viterbi n-best method to estimate the most probable string from 

among the n most probable derivations. Moreover, the most probable string can also be 

estimated by its most probable derivation for which efficient algorithms do exist. 

 

WP1.3.4: Use U-DOP for inducing trees for Switchboard sentences 

We will use the Switchboard data set so that we can compare our results with (one of) the 

best published results in language modeling by Roark et al. (2006). We will of course 

only induce trees for the training set (roughly 277.000 transcribed utterances). But we 

will also compare U-DOP’s language model against DOP’s by using the (fewer) 

Switchboard annotations in the Penn Treebank. 

 

WP1.3.5: Use induced trees to train TIG-DOP resulting into unsupervised language 

model U-DOS 

 

WP1.3.6: Test U-DOS on Switchboard speech data (and on WSJ) 

U-DOS will be tested on the 20854 utterances of Switchboard test set also used in Roark 

et al. (2006). Note that both our model and that of Roark et al. are unsupervised (though 

our model induces trees rather than n-grams). We will therefore also compare U-DOS 

against Chelba and Jelinek’s (1998) structured language model and against DOP. 

 

WP1.3.7: Investigate extensions of U-DOP towards using insertion: “U-TIG-DOP” 

For a flying start, this subproject directly used U-DOP for the induction of trees. In this 

WP we will create unsupervised generalizations of TIG-DOP rather than of DOP. 

Experimental investigation will be carried out on Switchboard and WSJ, but also on the 

Europarl together with WP 1.2.7 (see above). 

 

WP1.3.8: Write up PhD thesis 

 

 

Subproject 2. Unsupervised Music Processing 
 

Postdoc: Integrating U-DOP with Music Analysis (U-DOM) 
 

WP2.1: Literature review and familiarization with in-house U-DOP system 

 

WP2.2: Use U-DOP to induce melodic structures for Essen Folksong Collection 

(EFC): U-DOM 

 

WP2.3: Evaluate U-DOM’s application to melodic analysis 

Evaluation will be carried out by n-fold testing/cross-validation and U-DOP will be 

compared against DOP’s supervised parser in Bod (2002a,b), other unsupervised 

approaches to music (e.g. Ferrand et al. 2003), and rule-based melodic parsers such as 



Temperley (2001). We will try to integrate our accuracy metrics with some recent ideas 

about music evaluation as well (see H-J. Honing 2006). 

 

WP2.4: Integrate U-DOM with convexity and compactness 

Similar to the preference for the “simplest” structure in linguistic parsing proposed in 

Bod (2000b), Honingh and Bod (2005) showed that there is also a preference for 

simplicity in music: if we represent the frequency ratios of pitches in a two dimensional 

space, then there is a very strong tendency that scales, chords, harmonic reductions and 

virtually any other musical items (from all over the world) form convex and compact 

structures. This is one of the most robust outcomes of A. Honingh’s thesis. The 

preference for the most compact and convex structure can be easily combined with U-

DOP and DOP: instead of computing the most probable melodic structure (of e.g. a 

folksong), we might compute the most probable structure from the most compact, convex 

structures. We will also try out a reranking method by selecting the most compact, 

convex structure from among the n most probable structures. 

 

WP2.5: Use the induced melodic trees for improving modulation prediction and 

pitch spelling 

This WP builds on Honingh (2006b), where convexity and compactness are used as 

systems that predict modulations in musical pieces and the spelling of pitches (the 

problem of assigning note names to specific pitches). Most of the errors in Honingh’s 

application are due to insufficient knowledge of (melodic) phrase boundaries (Honingh 

2006b). This WP will investigate the contribution of U-DOM (and other unsupervised 

melodic parsers) against supervised melodic parsers in automatic pitch spelling and 

modulation prediction. We will use the very large data sets in Meredith (2006) that have 

been used to test the various pitch spelling systems in the literature. 

 

WP2.6: Bootstrap harmonic structure (and investigate semi-supervised methods) 

Analogous to U-DOP with respect to inducing verb-argument structure, there is also a 

similar question as to how far U-DOM stretches. That is, can we apply the same approach 

to learning harmonic structure in an unsupervised way? To the best of our knowledge, 

there is no previous work about bootstrapping harmony in an entirely unsupervised way, 

and we will therefore also try out semi-unsupervised methods (as described in WP1.1.7) 

if the entirely unsupervised approach does not generate success. 

 

WP2.7: Bootstrap metrical structure 

Analogous to WP 2.7 (cf. Desain and Honing 1995; Van Zaanen et al. 2003). 

 

WP2.8: Test the resulting, full-fledged U-DOM on the pitch spelling application 
 

WP2.9: Try to integrate results on TIG-DOP with music 

This WP will use TIG-DOP in sub-subproject 1.3 to the various tasks. It would be 

fascinating to explore whether the insertion operation might also be beneficial to music. 

 

 



Subproject 3. Unsupervised Reasoning and Problem-Solving 
 

PI: Integrating U-DOP with Reasoning in Problem-Solving (U-DOR) 
This subproject explores stochastic reasoning models that go beyond the commonly used 

models of Stochastic Logic Programs, Statistical Relational Learning and Probabilistic 

Logic Learning which are mainly based on simple probabilistic CFGs or DCUs. This 

subproject may be less substantial than the other subprojects, but it should be kept in 

mind that the PI will also contribute to all other (sub-)subprojects whenever needed. (NB: 

since we will use an additional mathematical component and take the laws of classical 

physics as given, this subproject can only be called “unsupervised” if it refers to the 

problem-solving process of creating derivation trees. As a model for classical physics in 

general, it would only be semi-unsupervised.) 

 

WP3.1: Extend U-DOP to induce derivational trees for physics problems in Bod 

(2005a, 2006c) 

The DOP model for problem-solving in Bod (2006b) will be extended to unsupervised 

reasoning (U-DOR). We will assign all mathematically correct trees to physics problems 

and use all subtrees to predict the best trees for new problems (taken from Bod 2005a), 

just as with unsupervised DOP models for language and music. Note that U-DOR is 

extended with a mathematical component (TKSolver, release 5.0, also used in Bod 2005a, 

2006c). 

 

WP3.2: Evaluate U-DOR on physics test corpus (Bod 2006c,d) and compare with 

Stochastic Logic Programming and Statistical Relational Learning  

Once the extended U-DOP model can induce new derivational structures, we can 

compare the resulting U-DOR model against the manually assigned derivational trees in 

Bod (2006d; 2005a) and test them against other stochastic reasoning approaches (Cussens 

2001; De Raedt and Kersting 2004). We will investigate whether we actually need large 

subtrees in unsupervised reasoning or whether we can do the same job with constrained 

subtree-sets or by probabilistic versions of DCUs.  

 

WP3.3: Investigate EM training of STSGs for U-DOR and compare against EM 

training for DCUs and PCFGs 

 

WP3.4: Explore U-DOR’s predictive power for the problems in Alonso and Finn 

(1996) 

This consists of about 300 exemplary problem solutions (“exemplars”), most of which 

build on previous problem solutions. Although this data-set is small compared to the 

data-sets used in NLP and music, humans appear to use much fewer exemplars in physics 

reasoning that in e.g. language processing. Giere (1999) estimates that the number of 

exemplars that physics-experts have readily access to is in the order of a few hundreds to 

maximally a couple of thousands. A corpus of 300 problem solutions may thus not be far 

from the number of readily available exemplars of experienced students – while the 

number of exemplars (e.g. fixed phrases and colocations)  in natural language is 

estimated as hundreds of thousands of items (Erman and Warren 2000) and in music 

cognition as several thousands (Juhasz 2004). 



 

WP3.5: Investigate usefulness of integrating U-DOR with Shortest Derivation and 

TIG-DOP 

The insertion of subtrees may be especially helpful for describing dependencies between 

initial conditions and approximations occurring later in the tree whilst adding any kind of 

other subtree in between by the insertion operation (see section 2.3.2 above for more 

details).   

 

WP3.6: Investigate research questions: Is there one algorithm for unsupervised 

learning in different modalities? And can unsupervised learning beat supervised 

learning? 

 

WP3.7: Final workpackage: writing up of a monograph on DOP as a Cognitive 

Model 
 

 

Schematic Timetable 
Each year is divided into three blocks of roughly 4 months. 

 
--------------------------------------------------------------------------------------------------------------------- 

Overall Supervision: PI 

--------------------------------------------------------------------------------------------------------------------- 

 Subproject 1   Subproject 2 Subproject 3 

--------------------------------------------------------------------------------------------------------------------- 

Year  Postdoc    PhD  PhD  Postdoc  PI 
  U-DOP    U-DOT  U-DOS  U-DOM  U-DOR & supervision 
--------------------------------------------------------------------------------------------------------------------- 
1 WP1.1.1        WP3.1 + supervision 

 WP1.1.2        WP3.1 + supervision 

 WP1.1.3      WP3.2 + supervision 

 

2 WP1.1.4  WP1.2.1  WP1.3.1    WP3.2 + supervision 

 WP1.1.5   WP1.2.2  WP1.3.2  WP2.1.  WP3.3 + supervision 

 WP1.1.6   WP1.2.3  WP1.3.3  WP2.2  WP3.3 + supervision 

 

3 WP1.1.7   WP1.2.4  WP1.3.4  WP2.3  WP3.4 + supervision 

 WP1.1.8   WP1.2.5  WP1.3.5  WP2.4  WP3.4 + supervision 

 WP1.1.8   WP1.2.6  WP1.3.6  WP2.5  WP3.5 + supervision 

 

4   WP1.2.7  WP1.3.7  WP2.6  WP3.5 + supervision 

   WP1.2.8  WP1.3.8  WP2.7  WP3.5 + supervision 

   WP1.2.8  WP1.3.8  WP2.8  WP3.6 + supervision 

 

5     WP2.9  WP3.6 + supervision 

       WP3.7  

       WP3.7  

--------------------------------------------------------------------------------------------------------------------- 

 

 

Collaboration 

This research project will intensely interact with the growing international DOP 

community. More than 70 international researchers are currently working and publishing 



on DOP, and several PhD theses are devoted to the model. The proposer has organized 

and will continue to organize international workshops and conferences on the topic. 

 This research fits seamlessly in the general research program of host institute, the 

ILLC. The scientific mission of the ILLC is to "study how information is encoded and 

passed wherever it occurs: in natural languages and in formal ones, in the world and in 

our heads, in words or in pictures." This proposal will also contribute to and benefit from 

other funded ILLC projects supervised by dr. Khalil Sima'an (in particular his VIDI 

project on statistical estimators for STSGs) and prof. dr. Remko Scha (NLP and DOP), 

dr. Honing (music perception), prof. dr. van Lambalgen (reasoning) and prof. dr. Vitanyi 

(machine learning).  

An important consequence of this project is the creation of critical mass for DOP 

as a model of unsupervised learning in language and cognition. We wish to take all DOP-

investigated areas one step further and generalize it to unsupervised learning. Together 

with the recently awarded VIDI project by Khalil Sima’an and the current NWO Exact 

projects on DOP (Jelle Zuidema, Detlef Prescher) this project contributes to the creation 

of a world-class center at the ILLC on statistical learning in language and cognition. 
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