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Chapter 1

Preface

1.1 The computational mind

In 2004 a book on neural computation in the cortex was published, intriguingly
titled “On Intelligence” [Hawkins and Blakeslee, 2004], that attracted a lot of at-
tention within the cognitive science community. The book sketches an engineering
perspective on the neocortex, inspired by a thorough analysis of the neural infor-
mation pathways, that basically sees the brain as a massively connected pattern
recognizer. The main claim of the book is that the function of intelligence and of
memory is to predict, hence Hawkins dubbed his theory the “memory prediction
framework” (MPF).

The pillars of the memory prediction framework are that (i) the neocortex
extracts and encodes temporal sequences (of patterns) as categories in neural
assemblies that correspond to cortical columns, (ii) the neocortex stores categories
in a hierarchical fashion, (iii) as one goes up in the hierarchy, categories are formed
that are progressively more invariant and more temporally compressed, and (iv)
the main function of the cortex is prediction of future events, and this is achieved
by ‘unfolding’ the temporally compressed categories to the lower levels. Hawkins’
functional analysis of the cortex is supported by a large body of neuro-biological
research, particularly in the field of vision. (Some of this will be discussed in
chapter 2, when I will dig a bit more deeply into the details of the MPF.)

It struck me that the ideas outlined in the MPF offer good prospects for a the-
ory of language processing: the idea that categories higher in the cortical hierarchy
are temporally compressed corresponds well to linguistic intuitions about phrase
structure. Indeed, what is a high level syntactic category if not a compressed
representation of a sequence of words? Further, the interleaved integration of
the temporal and the sensory dimensions (at all levels of the cortical hierarchy),
which is one of the principle features of the MPF, is analogous to syntagmatic
and paradigmatic processes (processes concerning positioning and substitution
respectively) in syntactic theory (more about this in section 2.2.1). However,
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2 Chapter 1. Preface

the book and ensuing technical publications [George and Hawkins, 2005, 2009]
are tailored towards visual processing, and no linguistic applications have so far
appeared. The reason is, in my opinion, that the MPF in its current form is not
yet suited for productive language processing, due to certain shortcomings of the
framework. In section 2.2.3 I will suggest several improvements and extensions
of the MPF, and I will propose that the modified version of the MPF may serve
as the basis for a neural theory of language processing.

Curiously, the insights from the MPF are very much at odds with current
trends in connectionist theories of language, although both frameworks aspire to
be neurally motivated. In recurrent distributed networks, probably the most pop-
ular connectionist platform for modeling language processing, syntactic categories
are not recognized, nor is hierarchical structure, and a quite different conceptu-
alization of temporal processing is embraced than by hierarchical compression.
A substantial portion of this thesis will be dedicated to a critical review of the
literature on connectionist language processing and systematicity. I will argue,
against received wisdom, that 1) the criteria of systematicity of language that
are currently popular among connectionists are inadequate, and 2) conventional
distributed connectionist models do not satisfy a more concise set of systematicity
criteria, that incorporates phrase structure, and hence are ill suited for model-
ing natural language acquisition. On the other hand, I will identify within the
Memory Prediction Framework some critical neural mechanisms that could be
incorporated by the brain to solve the problem of constituent structure represen-
tation. These ideas lead to a proposal for a novel type of connectionist network,
that is able to learn a grammar and parse sentences, and that is based on an ar-
chitecture that complies with the hierarchical organization and information flow
in the cortex.

1.2 Motivating questions and goals

Why would anyone care to inquire into the neural basis behind linguistic compu-
tation? Given that so little is known about the neural instantiation of language,
how can one expect neuro-biological considerations to help in understanding how
people produce comprehensible sentences? There are different answers to these
questions, depending on who you ask.

For the linguist with a background in formal grammars it should be interest-
ing to understand how typical linguistic constructs and operations can be imple-
mented in the brain.

In phrase structure grammars , the basis of many linguistic formalisms, the
grammar consists of abstract syntactic categories (e.g., NP, VP), and a set of
‘rewrite rules’, which combine categories into larger structures, and eventually
into a sentence. For example, the sentence The woman read the book might
be represented by the tree in figure 1.1, using the following rewrite rules in a
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Figure 1.1: Example of a parse tree

derivation, starting from the top of the tree: S → NP VP , NP → the woman,
VP → Verb NP , Verb → read and NP → the book. Typically, such models
are formulated at an abstract ‘competence level’, and are indifferent about the
processing level. Yet, certain questions about the neural foundations of language
deserve the attention of the linguist, but cannot be phrased using the formal
apparatus of competence grammars. For instance, how are syntactic categories
and rewrite rules (or their equivalents) instantiated in the brain? How is a rewrite
rule selected and accessed in the brain? How are the symbolic syntactic variables
acquired, and where does their global scope derive from? How can a parse be
neurally processed, through local interactions alone? How can the brain represent
parse trees of unbounded depth using only limited brain space?

To advance insight into these questions one must move to the processing
level. The added value of integrating a computational model of language with a
neural architecture (e.g., by inspiration from the MPF) is that it puts physical
constraints on the implementation of the grammar. For instance, complex syn-
tactic operations, such as center embedding (i.e., nesting a phrase in the middle
of another phrase), are necessarily executed by local processes that employ the
wetware of the brain, and parse trees of arbitrary depth must be represented in
a restricted space. Some solutions that are uncontroversial in formal linguistics,
such as the use of variables, become real challenges, and unexpected questions
may pop up if the innateness assumptions from generative grammar are dropped
(e.g., how does substitutability emerge?).

Jackendoff [2002] presents what he sees as the four major challenges for a
neural theory of language:

1. The problem of representing variables concerns the idea that it seems nec-
essary that (systematic) knowledge of language be encoded as abstract re-
lations between typed variables. This is particularly important to explain
the combinatorial productivity and the systematicity of language, that is a
person’s ability to produce and understand an unbounded number of novel
sentences based on a limited number of observed sentences. Fodor and
Pylyshyn [1988] argue that for systematic language processing the cogni-
tive system must be able to perform operations over symbols, or variables.
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Yet, traditional neural networks cannot encode variables for principled rea-
sons [see e.g., Marcus, 2001] (see also section 4.7.3). The debate about the
systematicity of language will be covered extensively in section 4.2.

2. The massiveness of the binding problem refers to the fact that in order to
understand a sentence, phonological, syntactic and semantic levels must be
combined, and within each structural level substructures, such as phrases,
must be bound. Given that people can understand and produce a near infi-
nite number of sentences, if every sentence required a dedicated neuron that
binds the substructures, the amount of binding needed would be massive.

3. The asymmetry between binding in working memory and binding in long
term memory (LTM) refers to the question how the brain deals with the
storage of productive versus fixed linguistic expressions. There exists a
discrepancy between expressions, such as ‘lift the shovel’, that are pro-
duced flexibly on-line in working memory and fixed idioms, such as ‘kick
the bucket’, or reusable multi-word constructions that are apparently en-
coded as a whole in a person’s long term memory, or lexicon.

4. The problem of two arises because, as Jackendoff [2002, p.58] argues, in
order to be able to understand a sentence, all bindings, at all different
structural levels must be functionally present at once. The question arises
how the brain can deal with the multiplication of representations of the
same word, that seems to be required whenever some word occurs more
than once within a sentence.

In the next chapter (section 2.8) a neural theory of syntax will be developed,
based on which an answer to Jackendoff’s four challenges can be formulated (in
section 9.3). Chapter 5 and subsequent chapters are dedicated to a computational
implementation of this theory, which I call the ‘hierarchical prediction network’
(HPN).

For a second group of language researchers, of connectionist persuasion, the
ideas presented by the MPF and further explored in this thesis offer an alter-
native perspective on neural processing, which challenges many of the standard
assumptions of connectionism. Connectionism holds that a uniform, domain gen-
eral cognitive architecture can explain (specifics of) language, as well as behavior
in other modalities, and it aims at designing general purpose neural networks,
which are simplified models of the brain, that can perform linguistic and other
tasks. The fundamental reason why I adopted a connectionist approach to syn-
tax acquisition in this thesis has to do with learnability: crudely stated, neural
networks are capable of acquiring the meaning of their primitive units from the
external environment, whereas symbolic models presuppose innate meanings of
their primitives (e.g., syntactic variables). More about this will be said in section
4.2.1.
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Connectionists have quite a different agenda than the first group of linguists,
since in general (exceptions like Prince and Smolensky [1997] notwithstanding)
they do not accept many of the foundational assumptions of formal linguistics
anyway. One of the main claims of this thesis is that existing connectionist
models have fundamental problems explaining systematic linguistic behavior (see
section 4.5.1), and new ideas are needed to make connectionist models more
congruent with insights from traditional linguistics (specifically the Chomsky hi-
erarchy, section 3.1.2). It will be shown that this goal can be achieved through a
tighter integration of connectionist models with the cortical architecture that is
suggested by the MPF.

A third group of linguists that might find interest in this thesis are those
that identify themselves with construction grammar [see e.g., Goldberg, 2003,
2006, Fillmore and Kay, 1987]. In construction grammar (CG) the primitive
units of language production are constructions , which are stored associations
between a semantic frame and a syntactic pattern, which may consist of one
or more words with optional variable slots. In Radical Construction Grammar
[Croft, 2001, 1991] it is claimed that all syntactic patterns in language are in fact
constructions, and that syntactic categories are defined relative to constructions
with local validity or scope. Learning in CG consists of the gradual acquisition of
a structured inventory of constructions, a constructicon, where the constructions
are of various sizes and varying degrees of complexity and abstractness [see e.g.,
Goldberg, 2006, Tomasello, 2003].

Empirical studies in this tradition [e.g., Peters, 1983, Tomasello, 2001, van
Kampen, 2003] emphasize a dynamically changing grammar that follows a trajec-
tory, during early development, from simple and concrete to complex and abstract
constructions. While early child language is item-based in nature (often organized
around so-called verb-islands), in subsequent stages children start breaking down
the item-based constructions, introducing variables in slots, such as in Where’s
the X?, I wanna X, etc. According to Tomasello’s Usage Based Grammar (UBG)
[Tomasello, 2003] the acquisition of constructions with variable slots forms the
beginning of abstraction and category formation, and it marks the beginning of
grammar [Tomasello, 2000a].

These findings suggest that underlying children’s language production is a
syntactic representation in which the primitive building blocks can be of variable
size, form and level of abstraction. A grammar formalism that can accommodate
such flexibility is the family of of Tree Substitution Grammars (TSG) (section
3.1.9), and particularly Data Oriented Parsing (DOP; [e.g., Bod, 1998, Scha et al.,
1999]). In section 3.1.10 I will briefly present published work that is based on the
DOP framework, and that shows that Children’s grammars grow more abstract
with age [Borensztajn et al., 2009a]. Yet, the major part of this thesis is concerned
with the more fundamental question of what constitutes the neural basis behind
syntactic constructions.

This thesis implements a computational model of a constructicon, and models
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its acquisition as a growing, self-organizing network that gradually evolves from
a loose collection of concrete sentence fragments to an integrated network of ab-
stract adult-like grammar rules. The model illustrates, in a neurally plausible
manner, how constructions with variable slots — open positions where variable
input can be inserted — become progressively more abstract (section 5.4.1), pro-
viding a computational basis for the usage based acquisition process. Finally,
by implementing the constructicon as a neural network it can identify neural
processes that underly language acquisition and processing: in section 2.7 and
Chapter 6 I will discuss how the constructicon, consisting of a mix of concrete,
multi-word expressions and abstract rules, can be understood in terms of the hu-
man memory system, that stores a combination of episodic and semantic memo-
ries in the language domain.

1.3 Outline of the thesis

This thesis is divided into several parts, which is a consequence of the fact that
the research presented resides somewhere between connectionism and statistical
parsing, and between rule-based and exemplar-based approaches to language pro-
cessing. One of the major objectives of this work is to show, both theoretically
and empirically through modeling work, that the perceived absolute dichotomy
between connectionist and symbolic approaches to language processing, as they
are currently formulated, is based on false assumptions on both sides, and that
by clearing existing misconceptions (e.g., concerning systematicity, variable op-
erations, recursion and binding in the brain) the gap can be bridged. In this
respect, Chapter 2 presents a neural perspective on language processing in the
cortex, based on the Memory Prediction Framework, that emphasizes its hierar-
chical and localist nature, and that, if taken seriously, leads one to question the
standard assumptions (i.e., distributed and recurrent processing) of mainstream
connectionism.

Starting from Chapter 5 I will introduce, in two stages, a connectionist model
of syntactic processing, called the “hierarchical prediction network” (HPN), that
integrates elements from neural networks and statistical parsing, and thereby
forges a synthesis between these frameworks. Subsequent chapters investigate
the neural basis of exemplar based models of language, and the thesis reaches
its conclusion in Chapter 8 with a proposal for an exemplar-based connectionist
model of sentence processing, episodic-HPN, which is an extension of HPN with
episodic memory.

The leading motives throughout the thesis are questions concerning the fun-
damental problems of language acquisition. I will try to answer these by looking
at the parallel between language acquisition and memory formation: the first part
of the thesis, and the first version of the HPN model, focuses on learning syntactic
categories and rules and the construction of a semantic memory in which abstract
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categorical relations are laid down in the network topology of HPN; the second
part, and the final version of HPN, focuses on sentence processing with exem-
plars, and the transition from concrete exemplars to abstract rules, as a process
of episodic to semantic memory consolidation.

• Chapter 2 introduces the Memory Prediction Framework (MPF), and it
contributes some original ideas intended to accommodate a neural theory
of language processing within the existing framework. The chapter tries to
link insights from the neuroscience literature to natural language process-
ing by exploiting analogies between language and visual processing. For
instance, in section 2.3 I discuss current research on dynamic binding in
visual processing, and I propose that a similar mechanism is responsible
for substitution in syntactic parsing. In section 2.6 I discuss localist con-
nectionist networks, such as the Kohonen network, and the possible role of
topology in representing graded syntactic category membership. In section
2.7 I discuss the possible role of the episodic memory system in exemplar-
based language processing and acquisition, and finally in section 2.8 the
ideas of this chapter are summarized in a neural theory of syntax, inspired
by the MPF.

• Chapter 3 presents an introduction to formal syntax and parsing tech-
niques with an emphasis on left corner parsing. The chapter gives some
basic background on probabilistic context free grammars and statistical nat-
ural language processing; some variations of the PCFG statistical model are
mentioned, as well as an exemplar-based computational model of syntactic
processing, Data Oriented Parsing (DOP) [Bod, 2003]. An application of
DOP for finding multi-word constructions in children’s speech is discussed
[Borensztajn et al., 2009a]. The Earley chart parser is discussed in some
detail, as well as its probabilistic version, because they will play a role in the
HPN model. Then I spend some sections on unsupervised learning (induc-
tion) of grammar, focusing on two approaches: Bayesian Model Merging
(BMM) and the Inside Outside algorithm. In the final section I discuss
shortcomings of the formal (and statistical) approach to syntax, particu-
larly with respect to explaining first language acquisition, motivating the
decision to embark on connectionist language processing. Section 3.1.10
contains a summary of the following publication:

[Borensztajn et al., 2009a] Children’s grammars grow more abstract with
age. Evidence from an automatic procedure for identifying the pro-
ductive units of language. Topics, 1 (1): 175-188, 2009.

• Chapter 4 presents a critical review of (a part of) the literature on con-
nectionist language modeling, in the context of the systematicity debate.
The chapter starts with a discussion of a class of connectionist models with
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a built-in capacity for compositional structure representation [e.g., Pollack,
1988, Prince and Smolensky, 1997]. I argue that the way these models deal
with structure representation and binding is in principle and intrinsically
not connectionist. After a short survey of the connectionist literature on
systematicity, during which I discuss Hadley’s [1994] criteria for weak and
strong systematicity, I will propose in section 4.5.1 that a more precise,
and stricter, set of criteria is necessary to evaluate systematicity in connec-
tionist models: the context invariance and recursive systematicity criterion.
In section 4.8.1 I argue that the Simple Recurrent Network (SRN) [Elman,
1989], which is commonly regarded as the classical example of a connection-
ist model capable of systematic language processing, fails both criteria. To
back up my claims, in appendices A.1 and A.2 I try to expose the fallacies
in the literature about the systematicity of the SRN. Finally, in section 4.8,
I discuss the implications of the reformulated criteria for the systematicity
of language, for contemporary connectionist language research. I propose a
conceptual revision of the standard assumptions about connectivity in the
brain as well as fundamental changes in the design of neural networks for
language.

• Chapter 5 introduces the basic HPN model. The core concepts and com-
ponents of HPN are discussed and motivated from the MPF and the neural
theory of language. I provide formal definitions of HPN, and discuss some
formal properties, such as the fact that HPN subsumes PCFG’s. Subse-
quently, I discuss a cognitively plausible parsing algorithm, implemented in
HPN and based on the Left Corner Parser, and the incremental learning
algorithm of HPN that is complementary to parsing. Section 5.5 presents
preliminary experiments with the first version of HPN, and section 5.6.3
discusses its limitations (e.g., a limited possibility for conditioning parser
decisions on context). The conclusion motivates the work on episodic gram-
mars described in subsequent chapters leading towards a version of HPN
with integrated episodic memory. The content of this chapter is partially
extracted from the following publication:

[Borensztajn et al., 2009b] The hierarchical prediction network: towards
a neural theory of grammar acquisition. Proceedings of the 31st Annual
Conference of the Cognitive Science Society.

• Chapter 6 focuses on the question of how exemplar-based linguistic knowl-
edge, needed for contextual conditioning in parsing and for learning, is rep-
resented in the brain. I propose that an episodic memory for previously
processed sentence analyses is responsible for the brain’s ability to appeal
to sentence context, and I present a novel idea about the nature of the
relation between semantic and episodic memory in the brain. This idea is
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implemented in a probabilistic episodic grammar, and evaluated as a syn-
tactic parser on corpora of natural language. I explain how, in the symbolic
and supervised case, the episodic grammar is trained from a treebank, and
how a probability model can be defined based on priming and retrieval of
episodic sentence memories. The content of this chapter is partially ex-
tracted from the following publication:

[Borensztajn and Zuidema, 2011] Episodic grammar: a computational
model of the interaction between episodic and semantic memory in
language processing. Proceedings of the 33rd Annual Conference of the
Cognitive Science Society.

• Chapter 7 introduces the probabilistic left corner shifting grammar (PLCSG),
and a PLCSG chart parser that will be used with HPN. It implements a
dynamic algorithm for the efficient computation of sentence probabilities
and prefix probabilities. I show how the PLCSG chart parser can be ex-
tended for episodic parsing, and I develop a Viterbi algorithm for finding
the shortest left corner derivation. Subsequently, the episodic left corner
parser is evaluated for precision and recall on a realistic natural language
corpus, and a qualitative analysis of the resulting shortest derivation parses
is presented.

• Chapter 8 presents the episodic-HPN model, an extension of HPN with
an episodic memory. Here the parallel between language acquisition and
memory consolidation will be crystallized. The chapter starts with a short
overview of the literature on artificial language learning with infants. It
is argued that learning the structure of a language (a grammar) is greatly
facilitated by the extraction of structural analogies between stored sen-
tence pairs, and that for this to happen an episodic memory of processed
sentences is required. The episodic-HPN model shows how the transition
between episodic (sentence) memory and semantic memory (an abstract
grammar) can be guided by the principle of the shortest derivation. The
model implements an exemplar-based connectionist parser and a full prob-
ability model, that is able to condition on the entire sentence history, hence
is suitable for processing sentences of natural language.

• Chapter 9 contains a general discussion and conclusions, a retrospective
overview of the thesis, a reply to Jackendoff’s challenges and many sugges-
tions for future work.




