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1 Background 

The origin of language is one of the hardest problems of science. What makes it 

difficult to research is that language does not fossilize, genetic experimentation on humans 

and apes is ethically problematic, and since language is uniquely human, the comparative 

method is also restricted. These constraints leave us with other methods of investigation, 

namely modeling and the comparative approach of the components of language (Fedor, 

Ittzés, & Szathmáry, 2009). The key ingredient for the evolution of language from 

protolanguage, which was probably the last major transition in evolution, could have been 

recursion (Fedor, et al., 2009; Maynard Smith & Szathmáry, 1995): the capacity that makes it 

possible to convey infinite number of thoughts, the procedure that is responsible for the open-

endedness of human language. This is the component of language that I investigate in this 

thesis by the means of a neural network model and artificial grammar learning experiments. 

Generally, “recursion refers to a procedure that calls itself, or to a constituent that 

contains a constituent of the same kind” (Pinker & Jackendoff, 2005, p. 203). The first half of 

this definition can be applied to mental procedures, which can take their own output as a new 

input. This capacity of recursion could be utilized by various domains of human cognition, 

and is supposed to be necessary for tool-making, theory of mind, mental time travel, 

counting, etc. For example, the output of tool-making is a tool, which in turn can be used for 

making another tool, which in turn can be used for making another tool. Only humans are 

capable of these complexities. 

The second half of the above definition can be applied to structures in general. 

Recursive structures are supposedly produced and parsed by recursive mental procedures, 

although this link is yet to be demonstrated. A structure is said to be recursive if it contains 

another structure of the same kind. What “structure” and what “same kind” means can be a 

far reaching question, however, in the current stream of evolutionary linguistics, the most 

studied such structures are phrases that contain other phrases. 

My thesis concentrates on a specific type of recursion, namely center-embedded 

recursion (CER). CER seems to be present in all human languages, but not in animal calls, 

and it also separates finite state and phrase structure grammars in the Chomsky hierarchy of 

formal grammars (Chomsky, 1956). In natural language, CER is exemplified by sentences 

like “The malt that the rat ate lay in the house”. There are three main characteristics of this 

sentence: (1) A phrase (that the rat ate) is embedded within another (the malt lay in the 

house); (2) there are within-phrase dependencies between different classes of words (here, 



nouns and verbs; the malt – lay and the rat – ate); and (3) there is also a dependency between 

phrases: the rat ate qualifies the malt (only the malt that the rat ate would do, not just any 

malt).  

These kinds of structures are investigated by artificial grammar learning (AGL) 

experiments, where participants are usually trained and tested on a set of artificial sentences 

to assess whether they could master the grammatical rule underlying these sentences. 

Sentences are composed of a set of nonsense “words” (the vocabulary), which could be 

anything from actual letters to geometrical shapes but are usually consonant-vowel (CV) 

syllables. The theory behind this paradigm is that removing semantics from a language makes 

it possible to research its pure syntax. One of the advantages of this method that humans and 

animals can be tested with basically the same stimuli and their performances could be 

compared (if we make sure that the words used are easily distinguishable to both species). 

The first generation of AGL experiments on CER (e.g., Fitch & Hauser, 2004; 

Friederici, Bahlmann, Heim, Schubotz, & Anwander, 2006; Gentner, Fenn, Margoliash, & 

Nusbaum, 2006) conformed only to the first characteristics of CER, i.e. embedding. In these 

experiments, a four-word-long sentence could be described by the formula of AABB (AnBn in 

general), where As and Bs are arbitrary words from two distinct classes of artificial words. It 

means that AB phrases are embedded within each other but the dependencies between and 

within phrases are not modeled. Due to these simplifications, it was possible to solve the 

tasks (discrimination between grammatical and ungrammatical sentences) without 

recognizing the recursive structure of sentences, by simply matching the number of As and Bs 

(Corballis, 2007a, 2007b; Perruchet & Rey, 2005). Because of this, these kind of structures 

are called counting recursion. 

A second generation of experiments tried to get around this problem, by establishing 

A-B word-pairs. These sentences could be described by the formula A1A2B2B1, where indices 

denote dependencies between As and Bs; the between-phrase dependencies are still missing 

but the within phrase dependencies are present. These experiments yielded various results. In 

the experiment of Perruchet and Rey (2005) and in de Vries at al.’s study (2008) human 

participants were not able to learn the grammar. However, there were two studies, in which 

participants managed to learn CER: that of  Bahlmann et al. (2008) and Lai and Poletiek 

(2011). 
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2 Aims 

In this thesis, I examined the factors that influence learning of CER by human 

participants in AGL experiments and the neural requirements of the computations underlying 

the parsing of CER by a neural network model. The chapters of the dissertation answer the 

following questions: 

 Chapter 3 – Recursion and stack: Handling of hierarchical structures occurs at high 

speed during language production and comprehension, and it seems reasonable to 

assume that it requires specialized neural networks to do so (Fedor, et al., 2009). It 

has been long established that parsing of CER can be solved very efficiently by a 

stack (push-down automaton), with the necessary pop and push operations (Hopcroft 

& Ullman, 1979). Our aim was to construct a neurally plausible simple stack 

architecture that can learn to parse CER without back-propagation. 

 Chapter 4 – Recursion and silent gaps: Perruchet and Rey (2005) replicated the 

experiment of Fitch and Hauser (2004) to test what participants base their decisions 

on when discriminating grammatical from ungrammatical strings: is it the true 

understanding of recursively embedded structures, or is it a more superficial 

knowledge about the sound patterns of strings? They have found that it is the latter. 

However, in their experiment, there were no silent gaps between words of a sentence, 

which could have caused the different results: it is well known that continuous speech 

poses higher processing demands than speech with gaps between words (e.g., 

Newport & Aslin, 2004; Pena, Bonatti, Nespor, & Mehler, 2002). Our question was: 

would Perruchet and Rey’s assertion hold if silent gaps separated the words? 

 Chapter 5 – Recursion and working memory: Could participants learn CER in a more 

explicit learning paradigm that involves staged learning, discrimination and sentence 

completion tasks with feedback and more training (30 minutes compared to 3 minutes 

of the previous experiment)? Is the speed of learning influenced by working memory 

demands? Would the task be easier if participants could see the sentences written 

down? 

 Chapter 6 – Recursion and semantics: Is it the absence of semantics that makes 

learning recursion in AGL tasks so difficult? Would semantic content trigger the 

parsing of recursion and make learning faster? 



3 Methods 

In the whole dissertation, what we mean by center-embedded or recursive 

sentences/structures are basically strings with the pattern described in the Background: 

A1A2B2B1, where As and Bs are two distinct groups of “words” and words with the same 

index comprise a word-pair (i.e., they always co-occur in the above mentioned pattern). In all 

the experiments and in the simulation too, these sentences were presented to the learners 

(human participants and a neural network) and then their performance was tested on tasks 

that aimed at revealing whether they have learnt the rule behind the sentences. The words that 

sentences were composed of, and the way sentences were presented to the learners varied 

across experiments.  

 Chapter 3 presents a neural network model that parses sentences with CER and tail-

recursion with the help of gating neurons and a stack-like memory. The model is 

basically connectionist, which means that information processing is based on the 

activation patterns of interconnected artificial neurons. We used localist 

representations which means that only one neuron was active in each word. The 

model was trained with grammatically correct sentences, while in the testing phase, 

the task was to discriminate grammatically correct and incorrect sentences. The 

training methods included Hebbian learning and perceptron learning. The innovation 

in our model is the neurally implemented stack that is operated by gating neurons. 

 The rest of the dissertation describes AGL experiments with human subjects. In the 

first experiment (Recursion and silent gaps) participants listened to mixed four- and 

six-word-long sentences (which represent one and two levels of center-embedding, 

respectively), all conforming to CER. Words were artificial consonant-vowel 

syllables; dependencies between words were established by statistical co-occurrence. 

Participants were habituated for 3 minutes to grammatically correct sentences and 

then tested by a discrimination task. 

 In the second experiment (Recursion and working memory), words were similar but 

the dependencies were reinforced by a phonological cue: words that were paired, 

started with the same consonant. Training was more explicit than in the previous 

experiment: apart from listening, participants engaged in discrimination of 

grammatical and ungrammatical sentences and sentence completion. During these 

tasks feedback was given so that participants could experiment with different 

hypothesis, try different rules and see whether they are valid or not. Moreover, we 
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organized the training stimuli according to the starting small paradigm: participants 

first listened to two-word-long sentences (Stage 1), then four-word-long sentences 

(Stage 2), and finally six-word-long sentences (Stage 3). In this experiment for one 

group of participants the sentences were presented only auditorily, while for the other 

group auditory and visual input (reading) was also provided. 

 In the third experiment (Recursion and semantics) the training paradigm was similar 

to the previous experiment: sentences were arranged according to increasing length 

and participants were habituated with grammatically correct sentences and then tested 

by discrimination tasks where feedback was given (there was no sentence completion 

task). Words of a sentence were visually presented on a computer screen sequentially; 

the sentences could not be seen all at once like in the previous experiment. In this 

experiment there were four groups of participants and for each group sentences were 

composed from different vocabularies. The first vocabulary consisted of two-letter 

Hungarian words paired according to their semantic relationship (e.g., dog – kennel, 

grass – tree). The second vocabulary consisted partly of words from the first 

vocabulary (all words in Class A was the same), but Class B contained different words 

that were chosen in a way that there were no semantic relatedness between A and B 

words (e.g., dog – tin, grass - today). The third and fourth vocabularies contained non-

words (consonant-vowel or vowel-consonant syllables), all randomly paired. The 

difference between them was that one of the vocabularies sounded more Hungarian-

like, because it contained Hungarian-specific long vowels (e.g., ev – ób, fé – ísz), 

whereas the other vocabulary was similar to that used with German participants in 

other studies (e.g., fe - ko, bi - mo; Bahlmann, et al., 2008; Friederici, et al., 2006) . 

4 Theses 

1. While it is well known that recursive sentences can be parsed by a symbolic stack, to 

our knowledge, there was no simple neural implementation of this structure until now. 

Since symbolic models that could not be neurally implemented can be ruled out for 

being implausible (Christiansen & Chater, 2001) it was important to see whether the 

stack can be implemented by artificial neurons. What we show here is that the stack 

indeed can be neurally implemented, and it is quite minimalistic provided that the 

push-pop operations are guided by gating connections. We do not suggest that the 

stack architecture proposed here exists in a clean, isolated form in the brain, but it is 



likely that similar networks are embedded in the wider, language-related network 

context. 

2. We replicated the experiment of Perruchet & Rey (2005), with the main difference 

being that we composed our stimuli with between-word gaps while their sentences 

were continuous streams of consonant-vowel syllables. We hypothesized that 

participants could not learn CER in their experiment because of the higher processing 

demands of continuous speech as compared to segmented speech. Our hypothesis was 

not verified: our experiment gained very similar results to that of Perruchet & Rey 

(2005), i.e., gaps between words did not make it possible for participants to learn CER 

during 3 minutes of habituation. This reinforces Perruchet & Rey’s (2005) hypothesis 

that human participants in Fitch & Hauser’s (2004) experiment probably categorized 

sentences according to their acoustic patterns. 

3. Learning CER is easier when the written sentences are available to the learner and 

thus working memory load is lower which is congruent with the fact that CER is more 

frequent in written than in spoken language. Moreover, discrimination tasks are easier 

to master than completion tasks which reflect the classic comprehension/production 

asymmetry. We expected that memorizing word-pairs would be the hardest task, and 

once it is done, recognizing CER would be relatively easier, since the word-pairs were 

absolutely new and artificial for participants whereas CER as a structure is present in 

all natural languages. On the contrary, it seems that memorizing word-pairs was not 

the bottleneck; it was the center-embedded structure that was harder to master. 

4. Four groups of participants learned CER with four different vocabularies that had 

different degrees of semantic content according to three factors: semantic relationship 

between words, semantic content of words (real words vs. non-words) and the ease 

with which non-words can be associated with some meaning. Our analysis showed 

that pre-existing semantic relationships between words helped establishing 

associations between words (i.e., learning word-pairs), but none of the other factors 

present in the vocabularies made a difference. Learning CER and applying it to longer 

sentences was influenced by any two of the above mentioned factors acting together. 

There was no significant difference between the learning speeds of participants who 

were trained with vocabularies differing in only one factor. In sum, the semantic 

content of vocabularies in general influences the speed of learning CER.  
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5 Conclusions 
After the first generation of AGL experiments, it was established that while artificial 

sentences conforming to counting recursion can be parsed recursively, it is quite improbable 

that a learner would do that. Most often, learners of an artificial language (including models, 

humans and animals) will learn only regularities that are necessary for parsing the sentences 

and these will not always coincide with the rules that the composer of the sentences had in 

mind. While it is yet to be figured out how between-phrase dependencies could be introduced 

to AGL tasks, most experiments now involve within-phrase dependencies (word-pairs) which 

ensure that learners learn the centre-embedded structure of sentences.  

However, learning CER does not mean that online processing involves recursion too. 

It is possible that while the deduced abstract rule involves centre-embedding, online 

processing is sequential. It is just as well possible that the same happens in natural language: 

humans understand the recursive rule analytically and recursive rules can be applied in 

practically any domain of life, but during natural discourse the sentences are not parsed in a 

recursive way. 
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