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Chapter 2

From the Memory Prediction
Framework to a neural theory of syntax

In this chapter I will highlight several details from
the Memory Prediction Framework (MPF) [Hawkins
and Blakeslee, 2004], which inspired the current work.
Whereas Hawkins and Blakeslee [2004] focus mostly
on visual processing by the cortex, I will point out
some striking analogies with theories of language pro-
cessing, supporting the idea that there exists a uni-
form cortical mechanism that underlies categorization
and processing within both the visual and the syntac-
tic domain. Subsequently, I will identify and briefly
motivate certain neural components that are lacking
from the MPF, but which would be needed to suc-
cessfully deal with productive language processing.
Together with the MPF these components make up
a neural theory of syntax, outlined in section 2.8,
and they will be the ingredients for the computational
model of syntax that will be developed in the remain-
der of this thesis.

2.1 Foundations of the Memory Prediction Frame-

work

The MPF is founded on a philosophy about the origin of human knowledge that
is nowadays commonplace in cognitive science [e.g., see Crick and Koch, 1998].
According to this philosophy, the evolutionary function of the cortex is to record
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12Chapter 2. From Memory Prediction Framework to a neural theory of syntax

causal relations, which can help the organism in making predictions based on
observations from experience. To do so it must partition the continuous stream of
information that enters the senses into discrete objects, and construct an internal
world model to interpret relations between objects.

The hierarchical structure of the cortex stores a model of the hierar-
chical structure of the real world. The design of the cortex and the
method by which it learns naturally discover the existing hierarchical
relationships in the world [Hawkins and Blakeslee, 2004, p.125].

Memory is intimately related to planning: given a memory system that can store
causal or temporal relations between events, chances for survival are enhanced,
because it enables the organism to anticipate or predict likely events in the future,
and the likely outcomes of its own actions.

[E]volution discovered that if it tacks on a memory system (the neo-
cortex) to the sensory path of the primitive brain, the animal gains
an ability to predict the future. [Hawkins and Blakeslee, 2004, p.99]

In [Hawkins and Blakeslee, 2004, Chapter 4], Hawkins explains how the neo-
cortex does this. The following four important observations about the neocortex
convey its basic function as a temporal pattern recognizer, and distinguish it from
a conventional computer. To recapitulate,

1. The neocortex stores everything as temporal sequences of patterns.

2. The neocortex stores patterns in invariant form.

3. The neocortex stores patterns in a hierarchy. Categories are progressively
more invariant and temporally compressed as one goes up to higher levels
in the cortical hierarchy.

4. The neocortex recalls patterns auto-associatively.

2.1.1 The hierarchical and topological organization of the
cortex

The architecture of the MPF is modeled after the hierarchical organization of the
visual cortex, and since this plays an important role in this thesis I will provide
the essential neuro-biological background here. As one moves vertically through
the ventral pathway of the visual cortex (which leads from V1, via V2 and V4 to
the inferotemporal cortex (IT)), a hierarchy of increasingly complex and location
invariant representations of visual information is formed, while at the same time
the receptive fields of the columns increase in size [see e.g., Felleman and van
Essen, 1991, Kobatake and Tanaka, 1994]. At the lowest level neurons selectively
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Figure 2.1: The visual hierarchy. From [Roelfsema, 2006]

respond to simple features, such as line segments at specific orientations, while
adjacent neurons respond to orientations that are slightly tilted in such a way
that orientation preferences gradually vary along the surface of the cortex. At
higher cortical levels complex cells can be found that respond to more complex
features, such as specific angles formed by combinations of line segments [Hubel
and Wiesel, 1968]. Other neurons respond to stimuli of increasingly complex and
irregular shapes [e.g., Maunsell and Newsome, 1987], as well as conjunctions of
features from different modalities, for instance shape and color (see Figure 2.1).

Recordings in humans with electrode implantations (performed in epileptic
patients) have consistently yielded discoveries of so-called grandmother cells that
respond to specific concepts, and do so invariantly across different modes of pre-
sentation of the stimulus. For instance, Kreiman et al. [2002] reported a cell that
responded to any image with Bill Clinton in it, whether it was a line drawing of a
laughing Clinton, a painting, or a photograph of Clinton. Cells that are sensitive
to famous actors (e.g., Jennifer Anniston), to the Eiffel tower and many other
people and objects have also been found [Quian Quiroga et al., 2005].

The neurons within a sheet of cortex are organized in vertical columns , which
are generally viewed as the basic computational units of the cortex [Mountcastle,
1997]. Within a vertical column in the cortex the neurons are typically tuned
to the same signal. For instance, within a single ‘orientation column’ all neu-
rons have the same orientation preference. Many other regions in the neocortex
are organized in topographic maps, where similar feature values are encoded by
adjacent neuronal columns within a brain region. Topologies have been demon-
strated for visual inputs, tactile inputs (where the position on the skin surface
is mapped to a somatotopic map), and in the auditory cortex, where tonotopic
maps represent acoustic signals ordered according to their pitch frequency.

In sum, the sensory cortex is organized horizontally in topographic maps of
feature detecting columns, and vertically in a hierarchy of regions with progres-
sively fewer columns that respond to increasingly complex and abstract features
with larger receptive fields. This results in a pyramidical structure, as schemati-



14Chapter 2. From Memory Prediction Framework to a neural theory of syntax

cally illustrated in Figure 2.2.

Figure 2.2: Schematic diagram of the cortical hierarchy according to MPF. Blocks
represent cortical regions. (Reproduced from [Hawkins and Blakeslee, 2004].)

At the sub-columnar level one can distinguish six layers, L1, L2, . . . , L6, in
each sheet of cortex.Within each column (and at every level in the hierarchy)
two opposing currents of information flow can be distinguished, one ascending
(feed forward) and one descending (feed back) [Felleman and van Essen, 1991].
The upward flow enters at L4, with input converging from many regions below,
and exits to a higher level via L3 and L2, while skipping L1. While the upward
information mostly stays within a single column, the downward flow of feedback
information is divergent, starting at L1, where lateral axonal connections spread
across many columns, exciting cells in L2, L3 and L5, and exiting via L6 to the
cortical level below.

To make sense of cortical computation at the algorithmic level, Hawkins and
Blakeslee [2004] analyzed the information flow through the cortical hierarchy from
an engineering point of view. What makes the MPF particularly interesting is that
it tries to explain the functional connections between regions from different levels
in the hierarchy, how invariant representations come about, and how temporal
relations are encoded in the cortex.

2.1.2 Spatio-temporal encoding in the cortex

Since all visual, auditory and tactile experience involves change or motion, it
makes perfect sense that the cortex memorizes temporal sequences of predictably
correlated events. Even the memory of a face consists of an (unordered) sequence
of fixations (e.g., on nose, eyes, and mouth) related via rapid eye saccades.

Suppose an observer perceives a tilted line moving towards him: then the
orientation detected by the sensory apparatus in successive time steps gradually
changes value, and each snapshot of the line activates a different orientation col-
umn in a cortical region. Sequences of successively activated orientation columns
that reliably predict future observations are stored as prototypes within the re-
gion.1 In a world where motion and shape are usually smooth and continuous,

1Details of how this might occur are described in Hawkins and Blakeslee 2004, p.146. In
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columns that encode slightly different values of a feature are often activated in
succession within a sequence, and will develop strong connections. Therefore,
temporal or causal relations in the world play a role in structuring the cortical
topologies, and they explain how neatly arranged feature topologies have emerged
in the brain. I will argue in section 2.6.1 that this is also the case for the language
domain: in syntax a topology is constructed that expresses predictable temporal
relations between words and phrases.

The cortex not only encodes temporal sequences, it also binds simultaneously
occurring features (e.g., position, shape, orientation) that converge to a column
from different regions into a single unit, or chunk, in a higher cortical level. The
next section explains in detail how the alternation between temporal compres-
sion into prototypical sequences and conjunctive feature binding into prototypical
patterns leads to the incremental formation of highly invariant cells, such as the
Bill Clinton cell, in the top level of the cortex.

2.1.3 The hierarchical integration of temporal and per-
ceptual information

Hawkins and Blakeslee [2004] propose that hierarchical extraction of temporal
and categorical invariant structure proceeds in two alternating steps, that are
repeated in every level of the cortical hierarchy. In the first step, the most frequent
prototypical conjunctive patterns composed of sequences from lower regions are
extracted, and stored in the columns of the region above (see Figure 2.3).

Figure 2.3: The process of hierarchical temporal feature extraction

In the second step, the most frequent prototypical temporal sequences of suc-
cessively firing columns within a region are extracted, and encoded in the L1

short, through a thalamic feedback loop signals from previously active columns are relayed to
the L1 neurons of a column, which have axonal connections to many other columns in the
region. The synaptic connections from the L1 neurons to other columns are strengthened when
they are simultaneously active, resulting in the encoding of temporal sequences.
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neurons that connect to all active columns in a region. The stored sequences
from multiple regions in turn serve as an alphabet from which, in the next iter-
ation, prototypical patterns are constructed in columns of the next higher level,
and so on. In sum, learning of invariant structure consists of an alternation
between storing patterns of sequences and sequences of patterns.

A crucial question is how (temporal and spatial) invariance arises in higher
regions of the cortex, leading for instance to the ‘Clinton cell’. In order for
the features to become progressively more invariant, a constant pattern must be
relayed between the levels in the hierarchy during learned sequences. According
to Hawkins, the answer is that in order to obtain an invariant representation
of the sequence a mechanism is in place that abstracts over the details of the
sequence, and only relays a ‘name’ for the sequence (i.e., a pointer) to the higher
level region.2 Within the higher level the name is regarded as a building block
for a larger pattern, which does not care about the constitution of the name’s
referent. In fact the name (or pointer) is itself stored in the (L6 cells of the)
higher level, where it is embedded within the context of a larger pattern of which
it is a component. This mechanism is very important, because only from the
embedding in a higher context can a category derive its extensional meaning.
Meanings of categories cannot exist in isolation, but are inferential, which means
that they are indirectly connected to the meanings of all other categories in the
brain. I will refer to this operating principle as encapsulation. Encapsulation at
successive levels in the cortical hierarchy ensures that the brain can make higher
order abstractions, or generalizations over generalizations. In section 4.8.1 I will
argue that an ability for encapsulation is a desirable property for connectionist
models of language, which is lacking from distributed networks.

2.2 Language processing in the hierarchical brain

2.2.1 Grammar induction in the MPF through merging
and chunking

What started this research project was the observation that there exists a remark-
able parallel between the operations that were identified in the previous section
as the basic operations employed by the cortex to hierarchically extract invariant
sequences, and certain algorithms for the acquisition of syntactic categories that
are used in the field of computational linguistics. One such algorithm for un-
supervised grammar induction is Bayesian Model Merging (BMM) [Stolcke and
Omohundro, 1994, Borensztajn, 2006b]. I will only briefly discuss BMM here; a

2Hawkins and Blakeslee [2004, p.150-2] suggest a complex mechanism for how the ‘names’
are encoded in L2 cells, which stay active as long as the actual stimulus matches the expectation
of the sequence. Only in case of a mismatch are the L2 cells inhibited such that the details of
the sequence rather than its name are passed to the higher level.
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more formal exposition of BMM will be given in section 3.2.2 in the context of
unsupervised grammar induction. In BMM two operators, merge and chunk , are
used for the extraction of hierarchical structure from flat sentences:

• The chunk operator concatenates or ‘chunks’ repeating patterns (sequences),
such that the pattern may be stored just once in its entirety, and can then
be accessed via pointers (in a so-called syntagmatic process).

• The merge operator creates generalizations by forming disjunctive groups
(categories) of patterns that occur in the same contexts (a paradigmatic
process).

The BMM algorithm searches through the space of context free grammars, while
at every step in the search it makes a small change to the grammar using one of
these two operators. Merging and chunking alternate, until neither merging nor
chunking improves the chosen objective function.

This procedure bears significant resemblance to the procedure for extracting
invariant categories in the MPF, which was described previously. Transposed
to the language domain, the same mechanism that Hawkins describes for visual
category induction should be capable of syntactic category induction. If one as-
sumes that words are assigned to the input units in the bottom layer of the MPF
hierarchy (e.g., on a two-dimensional topological map), then extraction of pro-
totypical sequences over patterns of words (or phrases) corresponds to chunking,
and extraction of prototypical patterns over sequences corresponds to merging
(of sequences with common contexts). Such considerations reveal that the hier-
archical mode of operation of the cortex proposed by the MPF may provide an
ideal machinery for grammar induction, as it does for discovering other kinds of
hierarchical relations in the world.

Merging and chunking achieve generalizations in perpendicular dimensions.
Merging results in generalization over the lexical dimension, or any other sensory
dimension that is topographically encoded in a cortical region, and chunking is
generalization over the temporal dimension. Merging and chunking are the basic
operations of the brain (and, in my opinion, by no coincidence also correspond
to the basic connectives in logic, ∨ (OR) and ∧ (AND)). Together, merging and
chunking interact in such a way that predictable temporal relations over observed
sentences are distributed over the topology of the cortex, analogous to how the
temporal distribution in the visual input is reflected in the topological distribution
of visual features, such as orientation.

Interpretation of syntactic constituents

The above ideas imply the existence of categorical representations in the cortex
that are neural correlates of syntactic constituents. In analogy to visual cate-
gories, I propose that ‘syntactic’ neural assemblies exist that represent temporally
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compressed and invariant sequences of words. Higher order constituents can be
learned by the cortex via repeated application of ‘merging’ and ‘chunking’ opera-
tions. Unfolding a ‘syntactic’ assembly in the temporal dimension corresponds to
the expansion of a constituent to its right hand side within a rewrite rule (com-
pare for instance the expansion VP → V NP). Like syntactic constituents, in-
variant categories can unfold in multiple ways. Yet, unlike conventional symbolic
categories such as NP or VP, the invariant neural representations of syntactic
categories do not behave like global variables, but like prototypical categories,
with local scope and graded category membership.

2.2.2 Object recognition is an interaction between bottom-
up and top-down processing

According to the MPF visual object recognition is not a simple matter of bottom-
up classification, but it involves an interaction between top-down predictions and
bottom-up activation, which are matched at all levels in a so-called ‘hypothesis-
and-test’ cycle. Predictions are executed by unfolding invariant representations
of temporally compressed sequences.3

Since the purpose of maintaining abstract invariant representations is that
they can be executed in many ways, there is a question how an invariant and
unspecific representation selects to which specific prediction it is unfolded. To
select a specific prediction, additional bottom-up information must be combined
with the non-specific top-down information. For instance, when you want to catch
an approaching ball, the first thing the brain does is to activate a highly invariant
motor scheme for ‘ball catching’, but as the catching process unfolds progressively
finer motor actions and perceptional stimuli interact in tight coordination to
produce a specific catch that is fine-tuned to the situation. Thus, there is a
continuous dynamical interaction between bottom-up sensory input and top-down
invariant predictions, during which moment after moment increasingly specific
predictions are compared with the sensory input, and adjusted in case of conflict,
until eventually an equilibrium is reached between top-down expectations and
bottom-up stimuli.

Computational techniques for discovering the hierarchical structure of events
unfolding in time are much studied in linguistics, where it is known as pars-
ing . Algorithms that perform a search through a space of possible structural
analyses (of a sentence) are known as parsers . A similar ‘hypothesis-and-test’
search procedure as described above is implemented in Left Corner Parsing
(LCP) [Rosenkrantz and Lewis II, 1970], a cognitively plausible parsing strategy
that combines top-down and bottom-up processing, and proceeds incrementally
through the sentence, from left to right. Left corner parsing will also be used as

3Similar ideas about the ‘hypothesis and test’ approach to object recognition had been
expressed earlier [e.g., Ullman, 1991], but did not involve the temporal component.
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the search algorithm of choice in the HPN model developed in this thesis; two
versions of the algorithm will be described in detail in Chapter 7 and in Appendix
B.1.

Nowadays parsing techniques are increasingly successful at solving complex
visual object recognition tasks [Ullman, 2007, Han and Zhu, 2005], supporting
the idea that there exists a uniform cortical algorithm that underlies both visual
and linguistic processing.

The fragment-based hierarchical object recognition model

As an illustration of the parallel between visual and linguistic processing I will
briefly discuss a computational model for visual object recognition proposed by
Ullman [2007]. Ullman’s model is in the spirit of the MPF, as it implements the
principle of top-down versus bottom-up expectation matching, but it is some-
what less complex than the Bayesian algorithm proposed by George and Hawkins
[2005].

Figure 2.4: Fragment based hierarchical object recognition. Reproduced from
[Ullman, 2007]

In the ‘fragment-based hierarchical object recognition’ (FHOR) model [Ull-
man, 2007, Ullman et al., 2002, Lifshitz, 2005] a visual object is decomposed
into informative sub-components, or ‘fragments’, resulting in a hierarchical ob-
ject representation (see Figure 2.4). After informative fragments of various sizes
and complexity have been extracted from a corpus of images, the classification of
a novel image amounts to an interaction between bottom-up grouping of image
regions, based on perceptual similarity, and a top-down segmentation process,
based on class membership prediction. Visual object recognition thus involves
the construction of visual parse trees.

Note that the FHOR model makes use of visual categories, or constituents (the
fragments), that figure in the ‘rules’ of a ‘visual grammar’. For the classification
of novel images invariant visual categories must be formed (e.g., to recognize a
face in a novel image one needs an abstract category of a mouth, and eyes). As
in language, abstraction is critical for productivity and for the interpretation of
unseen objects.
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One of the abstraction mechanisms used in FHOR is based on common con-
text. “If two fragments are interchangeable within a common context, they are
likely to be semantically equivalent” [Ullman, 2007, p.61]. Note that this is the
same principle that was described in section 2.2 as a mechanism to induce syntac-
tic categories of words from their sentential context (in grammar induction this
is called ‘merging’). Another mechanism used in the FHOR model is that visual
fragments that often occur together are lumped into larger fragments and stored
as a single unit. This, too, is a familiar principle in language learning, known as
‘chunking’.

Yet one important aspect is ignored in most of the visual object classification
literature, and that is the role of time. Precisely the fact that the temporal
component of cortical processing is emphasized in the MPF makes it an interesting
framework for language processing.

2.2.3 Shortcomings of the MPF as a model of language
processing

Despite its merits, the MPF in its current form is not suited to explain some im-
portant aspects of how the cortex deals with language processing. One question
concerns the representation of recursively embedded sentences inside an architec-
ture that is spatially constrained, and hard-wired. In the MPF all memories are
stored in hardwired, conjunctive bindings that encode certain (invariant) features.
How can such an architecture represent tree structures of arbitrary depth, and
how can it process novel sentences whose specific structures are not recognized
by the existing hard-coded classifiers (i.e., how can it explain the productive use
of language)?

The answer to this question will be gradually developed in the upcoming sec-
tions, but in short it goes as follows: an MPF-like architecture may serve as the
basis of a neural grammar, but there still need to be some special operations that
can combine primitive elements from that grammar into sentences. This is the
familiar binding problem of language [e.g., Jackendoff, 2002]. Specifically, I pro-
pose that the MPF needs to be extended by a mechanism for dynamic binding of
its nodes into more complex representations; moreover, for learning and process-
ing of novel sentences the network must be able to bind remote nodes that have
no pre-existing (hard-wired) relationship. The following sections discuss some
recent developments in the research on dynamic binding in vision, which invite
an analogy with dynamic binding in language processing (section 2.3).

Second, even though the MPF is modeled after the visual system, the frame-
work (as well as its Bayesian instantiation [George and Hawkins, 2009]) ignores
the possible functional role of topology. In section 2.6.1 I propose that, by analogy
to vision, the cortex exploits topology for the purpose of encoding and updating
graded syntactic category membership.
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A third problem is that the MPF offers no account of how event-like (personal)
memories, such as a recent visit to a museum, are stored in the cortex. Appar-
ently the MPF describes a semantic memory store, but not an episodic memory
(for definitions of episodic and semantic memory see section 2.7). Yet, episodic
memories are an integral part of our memory system, and the episodic memory
of large, reusable parts of sentence analyses presumably plays an important role
in language learning and processing. A realistic account of language processing
and acquisition would therefore benefit from the presence of an episodic memory
system, through which the analyses of sentences that an individual has processed
in the past are made accessible, such that they can be recruited for the analysis
of novel sentences. The role of episodic memory in (exemplar-based) language
processing will be discussed in section 2.7, and a computational model hereof will
be presented in Chapter 6.

2.3 Neuro-biological solutions for the binding

problem

In vision, the binding problem deals with the question how the brain succeeds
at integrating multiple features, such as color, shape and motion, which are pro-
cessed in separate channels, into a single percept of an object [see e.g., Zeki,
1993]. In particular, when multiple objects are present in a scene it is not a
trivial task to attribute each feature to the correct object. For instance, in an
image with a red square and a green triangle, red must be bound to the square,
and not to the triangle. Binding is also necessary to integrate the different parts
of an object that is extended in space, and distinguish it from other objects with
which it may overlap (e.g., crossing curves) — the latter task is known as contour
binding .

Within the visual processing pathway there exist cells that are dedicated to
binding specific configurations of visual features, such as edges, simple shapes, or
even the familiar face of your grandmother (so-called grandmother cells). Fea-
tures that are very common benefit from being hardwired (conjunctively coded)
in dedicated brain cells, and as a consequence they can be processed fast, auto-
matically and in parallel during feed forward processing (that is, propagation of
activation in the bottom-up direction). This is called static, or conjunctive bind-
ing. Yet, even with the aid of a vast number of such specialized cells the brain
cannot in general solve the binding problem for vision, because there can be in-
finitely many possible configurations of visual features, for instance in irregular
shapes. Although the feed forward sweep can successfully group many hardwired
feature constellations, for most complex tasks (e.g., texture segregation, curve
tracing, and visual search) more flexible forms of binding are necessary to group
the features of an object. The situation is comparable to the language domain,
as there are not enough neurons in the brain to bind every unique sentence [e.g.,
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van der Velde et al., 2004].
There are at least two competing neural theories that explain dynamic bind-

ing in vision. Perhaps the most popular theory, synchronous neuronal firing , has
been proposed by von der Malsburg [1981] as a way to bind features over long dis-
tances. Although synchronous firing is a ubiquitous and well-studied phenomenon
[see e.g., Singer and Gray, 1995], the theory does not clarify how two cells that
fire in synchrony actually know of each other, and how the bound percept is made
explicit as a single entity. This would require dedicated ‘synchrony detectors’, and
thereby the responsibility for solving the binding problem is shifted to the lat-
ter. There have been several studies that show that no direct relationship exists
between synchrony and perceptual grouping [e.g., Lamme and Spekreijse, 1998,
Roelfsema et al., 2004], and many researchers believe that synchronous firing is
perhaps only an epiphenomenon of binding [Palanca and DeAngelis, 2005]. More-
over, synchronous firing would run into trouble as a theoretical explanation when
bindings have a partial temporal overlap, as is the case for sentence processing
and for most other realistic stimuli.

Figure 2.5: The contour binding algorithm. Serial spread of a label (light color)
through bottom-up enabled neurons (dark gray). Reproduced from [Roelfsema
and Spekreijse, 2005]

An alternative, and in my opinion preferable theory asserts that dynamic
binding is a serial process mediated by the spread of an enhanced neural firing
rate, which is thought to be the neural correlate of attention [Roelfsema, 2006].
This works in two stages, as is illustrated for the case of contour binding in Figure
2.5:

1. During a feed forward sweep neurons are activated that are tuned to specific
conjunctions of features in their receptive fields (i.e., the static bindings).
This ‘enables’ the neurons for subsequent dynamic binding.

2. Dynamic binding occurs when a label (i.e., attention) spreads through recur-
rent connections between enabled neurons, that are topological neighbors
in feature space. (The fact that neighboring neurons respond to similar
features (e.g., orientation) forces the binding process to follow a continuous
contour line.)
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Empirical evidence for a serial, attention-mediated process in contour bind-
ing is described in Roelfsema and Spekreijse [2005], where electro-physiological
recordings were used to measure response times of individual neurons in the mon-
key brain.

I propose that a similar serial binding mechanism as used in contour binding
is also fundamental for productive language use. As a corollary recurrent serial
binding gives rise to recursive phenomena in language, as discussed in the next
section.

2.4 Recursion, substitution and dynamic bind-

ing

A view that has recently gained some popularity among generative linguists is that
the only thing special about human language is recursion [Hauser et al., 2002].
Recursion can be defined with respect to a formal (context free) competence
grammar. It means that a rewrite rule can directly or indirectly rewrite to its
own left hand side, thereby allowing arbitrarily many applications of the same
rewrite rule in a derivation. This definition assumes, of course, globally defined
and discrete syntactic categories.

Not only is the view that recursion is universal across the world’s languages
contested [e.g., Evans and Levinson, 2009, Everett, 2005], careful reflection reveals
that the definition of recursion as an empirical phenomenon is rather troublesome.
According to the formal definition the recursivity of a language depends on the
choice of syntactic categories that describe the grammar of the language. How-
ever, this choice is usually a matter of linguistic convention, as is the granularity
of the categorization. For instance, the verb category can be subcategorized ac-
cording to the type of arguments it selects for, or according to tense and aspect.4

Of course, whether a grammar is recursive depends on the degree of granularity
of its categories. In linguistic theories such as Radical Construction Grammar
[Croft, 2001] category labels are locally defined around specific constructions.
From their point of view recursion is entirely absent. Clearly then, there cannot
be a definition of recursion that is independent of any grammatical representation
or theory; recursion derives from the assumption that syntactic categories have
global meanings, and is a property, or rather an artifact, of the formal model of
grammar, and not of the real world.

Yet, nobody would dispute that there is an empirical phenomenon in language
related to recursion, that allows language users to produce and understand com-
pound, and hierarchically nested propositions in discourse, and this phenomenon

4Some state-of-the-art probabilistic parsers apply a technique — called state-splitting —
that splits categories into more fine-grained categories, and thereby improve their accuracy
significantly [Petrov et al., 2006].
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deserves an explanation. Language users who judge Mary likes chocolate to be
a grammatical sentence of English also accept My little brother likes chocolate,
indicating that their grammar allows for substitution of an item for another item
of the same kind (i.e., substitution class) in a sentence or in discourse (see sections
4.5.1 – 4.5.2 for an elaborate discussion of systematicity in language). In formal
linguistics substitution refers to an operation of combining rewrite rules based
on the identity of syntactic category labels. Obviously in a symbolic approach
to language substitution is not an issue, because it is implicitly assumed that
variables are global and that their content can be replaced globally. Within a
biologically realistic connectionist framework however, which lacks the notion of
variables, substitution is not trivial to represent.

One of the central claims of this thesis is that the neural correlate of substi-
tution is attention-mediated serial binding . Hence a uniform cortical mechanism
underlies binding both in vision and in language. Contour binding is only one
example of the general solution of the brain, across all modalities, to dealing with
complex or compound stimuli which involve recurrent processing.

This challenges the position of Hauser et al. [2002], who believe that recursion
is central to human language processing. Evidently, recursion is only an epiphe-
nomenon of a more basic cognitive ability, namely substitution — once the mind
acquires an ability for doing substitution recursion comes for free. As such, re-
cursion is not special in any sense for language, and neither is it a special quality
that sets humans apart from other primates.

2.5 Connectionist implementation of serial, dy-

namic binding

In order to implement serial binding, or substitution, in a connectionist model of
language processing one must assume localist representations, and the existence
of complex network units.In that case substitution can be construed by analogy to
serial contour binding [Roelfsema, 2006] with only a few adaptations. While serial
contour binding is realized by passing a label between neighboring nodes in the
visual topology, substitution is realized by passing a ‘tag’ (containing information
about the sentence position) between units in a ‘syntactic’ topology. When an
identical tag is present in two bound units, of which one is a complex unit,
this implements a ’pointer’ from (a substructure of) the complex unit to the
bound unit (details in section 5.7). This allows the complex unit to delegate
responsibility for processing a part of its input stimulus (e.g., a phrase) to the
unit that is pointed at, hence the replacement of one tag by another inside (a
substructure of) a complex unit amounts to substitution.

In case the brain invokes a serial binding mechanism for language process-
ing, the neural assemblies further need to have a capacity to retain the bindings
in working memory for a short while. The assumption that neural assemblies
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are endowed with small short-term memories is in fact not so far fetched. Re-
cent findings in neuro-biology indicate that working memory is locally sustained
by short-term plasticity, through calcium-mediated synaptic facilitation in the
recurrent connections of neocortical networks [Mongillo et al., 2008, Barak and
Tsodyks, 2007]. Residual calcium is thought to act as a buffer that maintains the
presynaptic connections in working memory for a time on the order of one second
after the synaptic activity has terminated.

Although the idea of dynamic binding has not yet entered the mainstream con-
nectionist modeling literature, its implementation, involving short-term neuronal
memories, is not contrary to the spirit of connectionism. The local short-term
memories can for instance be realized in a neural network by providing for an
additional set of fast changing weights, that transiently store pointers to bound
nodes. Hummel and Biederman [1992] implement a dynamic binding algorithm,
which is very similar in spirit to the algorithm proposed by Roelfsema [2006], in a
connectionist network for complex shape recognition. The challenge for dynamic
binding is that temporarily bound neurons must be ‘tagged’ by a tag that identi-
fies their membership of the bound group. Hummel and Biederman [1992] solve
this by spreading the tag via an extra set of Fast Enabling Links (FELs) between
neurons, that operate on a much faster time scale than, and independently of the
regular feed forward connections.

Another connectionist model that reserves a central role for substitution be-
tween nodes (or dynamic binding) is the STORM model [McQueen, 2005, Mc-
Queen et al., 2005]. The STORM model is a localist connectionist network, built
on top of a Kohonen Self-Organizing Map (see the next section). It implements
a special mode of interaction between network units (the so-called ‘override’ op-
eration), in which connectivity depends only on the topological location of the
active units, and is insensitive to their actual activation. The units in STORM
have an extra set of weights for remembering context, that is the topological po-
sition of units that previously activated them — these ‘context weights’ act as
local short-term memories. In this thesis I will propose yet another solution for
dynamic binding for the HPN model (see sections 5.1 and 5.7), but I will borrow
the idea from STORM that connectivity between units depends on their relative
topological positions.

In sum, I propose that to be able to cope with language processing (and sub-
stitution) neural networks need (apart from feed forward connections) a mode
of connectivity that has the flexibility to bind any pair of units through serial,
dynamic binding, using tags. The capacity for dynamic binding or substitution
renders such networks potentially much more powerful than traditional connec-
tionist networks; in particular it allows them to perform context invariant oper-
ations, which are important to satisfy the systematicity of language (see section
4.8.1). All this comes at a price: one has to adjust what for historical reasons has
become the standard picture of a neural processing unit. Most importantly, one
needs to assume that the units have local memories and an ability to transmit
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richer information than just activation levels. It thus makes sense to take as the
basic computational units in a neural network for language processing cortical
columns rather than neurons [Mountcastle, 1997]. The implementation of these
ideas constitutes the major part of this thesis.

2.6 Localist networks and topology

If one assumes that syntactic development involves a process of gradual acquisi-
tion of prototypical syntactic categories and their integration within a network
topology, then localist connectionist networks, such as the Kohonen network [Ko-
honen, 1998], seem a more logical choice to model this process with than dis-
tributed connectionist networks (which will be discussed in Chapter 4). The
Kohonen network, also called a self-organizing map (SOM), exhibits many of the
properties found in the visual system (section 2.1.1), such as localist represen-
tation of feature detecting neurons, topological organization and unsupervised,
Hebbian learning.

In brief, a Kohonen network consists of an input layer and a layer of ‘feature
extracting’ nodes (the feature map), which are placed according to some topolog-
ical arrangement (usually a rectangular grid). Every feature node in the feature
map is fully connected with every node of the input. When an input is presented
to the network, the node that receives most activation becomes the ‘winner’,
and the activation of all other nodes is inhibited. The winner is the node whose
weights have the minimal distance to the input.

Subsequently, the weight of the winning node is updated by decreasing the
difference between the weight and the input, using a Hebbian learning algorithm.
This reinforces the winning node, which makes it more likely to classify similar
inputs in subsequent presentations - the so-called winner-takes-it-all effect. An
important feature of Kohonen networks is that they organize the topology by
updating not only the weights of the winner, but also of nodes surrounding the
winning node on the grid. As a result an area in the neighborhood of the winner
will respond to similar input vectors, and the topology of the map self-organizes.

2.6.1 The role of topology in a neural theory of syntax

Given the success of Kohonen networks in explaining the formation of the visual
topology [e.g., Miikkulainen et al., 1997], can they also be used to study the
formation of a syntactic topology? Several models exist that investigate the
exploitation of topology for syntax, often by extending the SOM with a capacity
for recurrent processing [e.g., Voegtlin, 2002, Mayberry III and Miikkulainen,
1999, McQueen et al., 2005]. Since recurrent networks are a main topic in Chapter
4 I will not discuss these models here.

It is worth mentioning a study by Ritter and Kohonen [1989] that investigated
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whether it is possible to induce ‘word categories’ from distributional information.
Ritter and Kohonen [1989] trained a SOM on three-word-sentences generated
by an templates made of word categories. The input to the network consisted
of precomputed vectors representing words together with their average left and
right contexts. Thus, distributional information was explicitly encoded in the
input vectors. Their results show that SOMs can learn to represent ‘syntactic’
word categories as regions in a topological map.

Yet, since this study only involves three-word sentences it does not deal with
the question of how the categories induced in the topological map interact, or bind
to each other. As in most other applications of Kohonen networks, the formation
of a topology is considered a goal by itself, and the topology plays no functional
role. Ideally however, one would want the formation of syntactic categories to
result from an interaction through the topology (i.e., in a parsing process). This
requires a fundamentally different approach to syntax induction with Kohonen
networks, some of the challenges of which will be discussed in the next section.

Why would the brain invest such an effort in developing topologies? It is un-
likely that topographic order is preserved for aesthetic reasons alone; apparently
topology plays a role in determining connectivity patterns. The most plausible
answer, I find, is that the topological position is used as an index by higher brain
regions to make approximate predictions, exploiting the fact that graded category
membership is laid out smoothly along the dimensions of the topology. By virtue
of the topological organization of categories the brain’s predictions do not have to
be exact, which makes them more robust, and a (mis)match between the expected
and observed input can be computed based on their topological distance.

From an engineering point of view, relying on topology is a very effective way
for the brain to encode relations between categories (or variables), because rather
than connecting individual category members (i.e., network nodes) one by one (as
is typically done in connectionist semantic networks, [e.g., Collins and Quillian,
1969]) it is sufficient to express a systematic relation only once by pointing to an
area, where the category members are clustered. The brain can thus infer the
category of a neural assembly from its topological position on the cortical surface,
whether in the domain of visual object recognition, motor behavior, or language.

The ubiquity of topological organization everywhere in the brain, and its
crucial role in determining connectivity patterns, are strong indications that the
brain represent categories locally, and not fully distributed, as is advocated by
proponents of distributed connectionism (e.g., the SRN). Topology also seems to
fly in the face of the more extreme non-representational theories of connectionism
[e.g., van Gelder, 1998], which defend the absence of categories altogether.
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2.6.2 Countercurrent systems, top-down and bottom-up
networks

One of the difficulties in adopting the Kohonen framework for syntax is that
syntax is a ‘top-down’ phenomenon: syntactic categories are defined by their oc-
currence in certain sentence contexts, hence their representations should reflect
contextual, distributional information. By contrast, in the standard implemen-
tation of the Kohonen network the input to the network comes from bottom-up
(e.g., through feed forward visual perception). Hence the topology reflects local
features implicit in the input vectors and does not incorporate relational infor-
mation.

Before one can answer the question how a syntactic topology is realized, one
must address the question where ‘conceptual’ (syntactic) categories are located
in the brain. An interesting approach to this question is offered by a tradition of
cognive modeling known as countercurrent systems [e.g., Ullman, 1991, Merker,
2004, Schmidhuber, 1996]. Closely related to the Memory Prediction Framework,
it emphasizes that cortical processing proceeds in two relatively independent net-
works, a bottom-up network and a top-down network , in which neural activation
streams in opposite directions, and which are “seeking to meet at every patch of
cortex” [Ullman, 1991]. While the bottom-up network is driven by sensory input
and encodes perceptual features, the top-down network is task- or goal-driven,
and encodes conceptual categories and relations.

A similar interaction between two modes of processing is essential in the lan-
guage domain. Here, phonological, lexical and syntactic categories reside in a
goal-driven top-down network, while acoustic categories are sensory driven, hence
reside in the bottom-up network. Specifically, syntactic processing takes place in
the top-down network. Recently, several publications have appeared advocating
the need for some sort of ‘countercurrent system’ approach to model the interface
between neurobiology and linguistics in speech perception [e.g., Poeppel et al.,
2008]. According to Poeppel et al. [2008] the fundamental challenge for cognitive
science is to find ‘linking hypotheses’ between acoustic primitives and phonolog-
ical and lexical primitives.

A strong candidate for a ‘linking hypothesis’ that has received some empirical
support is that cortical columns participate simultaneously in both networks, with
one ‘pole’ activated by bottom-up perceptual stimuli, and the other ‘pole’ respon-
sive to top-down influences. This is supported for instance by a study involving
single-cell recordings in monkeys that have to trace a curve [Roelfsema, 2006].
The study shows that some of the same cells that are involved in feed forward
processing enhance their response after some latency (about 200ms), and incor-
porate information from outside their receptive field, indicating the involvement
of recurrent pathways from higher visual areas. Lamme and Roelfsema [2000]
review several more studies, using the backward masking paradigm and visual
search, that similarly show that in visual processing, after an initial feed forward
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sweep (during which perceptual features are detected from bottom-up), additional
interaction with top-down processing is needed to invoke visual awareness.

Thus, for simplicity I will assume in this thesis that cortical columns have
two poles (a ‘conceptual’ and a ‘perceptual’ pole), which locally link the top-
down network and the bottom-up network. (Note that in the MPF the function
of the conceptual pole is assumed by the ‘name’ that is passed to the higher
level region.) In the auditory / linguistic domain it will be assumed that the
same cortical column that encodes the acoustic features of a word also encodes
its lexical category (for instance by linking the word for dog to the sound for
dog). Most neuro-biological research has focused on topology formation in the
bottom-up network, for instance in the visual and auditory cortex, but I argue
that a different topology is also realized simultaneously in the top-down network,
for instance in syntax.

The idea of using topology to express (syntactic) relations between categories
has not, as far as I am aware, been incorporated before in a neural network model
of language processing. It will be implemented in the HPN model in combination
with serial binding, proposed in section 2.5, to take care of the combinatorial
productivity of language. For now, I will leave the question of how this can
possibly be implemented to sections 4.8.2 and 5.7.

2.7 The role of episodic memory in language

processing and acquisition

An important question that a neural theory of language has to deal with con-
cerns the nature of the smallest productive units of language that are stored in
memory. When producing a novel sentence it seems that language users often
reuse entire memorized sentence fragments, whose meanings are not predictable
from the constituent words. Examples of such multi-word constructions are How
do you do? or kick the bucket, but there are also productive constructions with
one or more open ‘slots’, such as the more you think about X, the less you under-
stand, or completely abstract and unlexicalized constructions. Such multi-word
constructions must be memorized by the language learner as a whole, together
with their associated meaning, because they cannot be derived compositionally
from the rules of a grammar. The third major challenge for a neural theory
of language, according to Jackendoff [2002] (see section 1.2), is to explain how
such non-compositional multi-word expressions are represented and stored in the
brain. In Jackendoff’s words: “What aspect of an utterance must be part of long
term memory, and what aspects can be constructed online in working memory?”
[Jackendoff, 2002, p. 152].

Mainstream generative grammar has argued that constructions exist only in
the periphery of language, and that therefore they need not be the focus of a lin-
guistic or learning theory. But, in fact constructions of varying degree of complex-
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ity and abstractness are pervasive in language. This is the view of construction
grammar [see e.g., Goldberg, 2006], mentioned in section 1.2, and of certain for-
mal theories of syntactic processing such as Data Oriented Parsing (DOP) [Bod,
1998, Scha et al., 1999]. In these theories the assumption is made that construc-
tions (or tree fragments in DOP) have psychological reality as the primitive units
of language production, hence they must be stored in their entirety in memory
[Scha, 1990]. To account for this fact within a cognitive theory of language it
is useful to consider some of the insights from cognitive psychology about the
human memory system.

Episodic and semantic memory

In cognitive science a distinction is often made between two memory systems,
which are known since Tulving [1972] as semantic and episodic memory.

• Semantic memory is a person’s general world knowledge, including lan-
guage, in the form of concepts (of objects, processes and ideas) that are
systematically related to one another.
• Episodic memory is a person’s memory of personally experienced events or

episodes, embedded in a temporal, spatial and emotional context.

Figure 2.6: A semantic memory of bread (left) and an episodic memory of a visit
to the bakery (right).

For example, the memory of the walk from your home to the bakery on a rainy
Monday morning constitutes an episodic memory, while the concept of bread
with all its associations constitutes a semantic memory.5 Together, episodic and
semantic memory constitute our declarative memory , which is the memory of
events and objects that one can consciously report on.

The distinction between episodic and semantic memory is also important for
a cognitive approach to language research, as a substantial part of both our se-
mantic and episodic memory is dedicated to representing linguistic knowledge in

5Note that the semantic memory of a concept should not be confused with its ‘semantics’,
which refers to the meaning of the concept.
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more or less abstracted form. While abstract rules of grammar are encoded within
the semantic memory system, memories of concrete sentences (and sentence frag-
ments) are presumably part of the episodic memory system, since we can often
remember them integrally.6 For this reason it seems a good idea to incorporate
the notion of a semantic-episodic memory interaction within a cognitive theory
of exemplar-based language processing in order to explain the reuse of sentence
fragments in production and comprehension.

Language acquisition

Apart from in production, episodic memory also plays an important role in lan-
guage acquisition. Much of the knowledge we acquire during our lifetime is gath-
ered through personally experienced events, which are first stored as episodic
memories before they are gradually transformed into abstract, semantic knowl-
edge.

The gradual transition from concrete to abstract language use is notable in
children’s linguistic development, and has been extensively documented [e.g.,
Tomasello, 2001, 2000a]. As discussed in section 1.2, according to Usage Based
Grammar (UBG) children’s language moves from a holophrastic stage, during
which they memorize and imitate complete utterances, via a stage of item-based
speech, during which they start introducing variable content in the slots of con-
structions (e.g., I wanna X ), to increasingly abstract and adult-like language.

These studies (and other evidence that I will present in Chapter 8) suggest
that language acquisition can be seen as a special case of the process of memory
consolidation, which describes the storage of concrete episodic memories, and
their gradual transformation and assimilation into an abstract, relational semantic
memory system through a process of de-contextualization. (Conversely, in the
neurosciences recently theories of memory consolidation have started to recognize
the relation to grammar learning, and to adopt learning algorithms (such as
the inside-outside algorithm) from computational linguistics [e.g., Battaglia and
Pennartz, 2011].)

The integration of the idea of an episodic-semantic memory interaction within
a neural model of exemplar-based language processing and acquisition will be
developed in Chapters 6 to 8. It is based on an original theory about the rep-
resentation of episodic memories, which will be presented in Chapter 6. As a

6Whether the division between episodic and semantic memory applies to linguistic knowledge
is not entirely uncontroversial though. An alternative position is that grammars are part of
procedural memory, since the rules of grammar cannot be consciously reported, while only the
mental lexicon is part of declarative memory [Ullman et al., 1997]. In my opinion however,
there is a definitional problem surrounding the term declarative memory in cognitive science. I
would propose that declarative memory, as opposed to procedural memory, is the evolutionary
higher memory system that pertains to the built-in mental model of the world, planning and
conscious thought. For humans, language and grammar are an essential part of that memory
system.
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background the next section briefly surveys the state-of-the-art in neuro-biology
on the relation between episodic and semantic memory, and on memory consoli-
dation.

2.7.1 The neurobiology of memory consolidation

The nature of the relation between episodic and semantic memory

Although there is general consensus that episodic memory and semantic memory
are not separate modules, but massively intertwined, the exact nature of the
relation between episodic memory and semantic memory is at present still an open
question. A common view is that episodic memories are constructed as pointers
that bind together items stored in semantic memory, both in temporal relations,
and in relations between roles or participants in an event [e.g., Shastri, 2002,
Eichenbaum, 2004]. Such a conception of episodic memory fits within a popular
theory in cognitive neuroscience, the so-called reinstatement hypothesis of episodic
retrieval , which says that during episodic memory retrieval memory traces (i.e.,
the pointers) are triggered, thereby reactivating the cortical circuits that were
involved in encoding the episodic memory [e.g., Sutherland and McNaughton,
2000, Woodruff et al., 2005]. Further, in order to encode the flow of events
associated with a certain experience it is assumed that episodic memories bind
static semantic elements into temporal sequences, linked through their shared
context [e.g., Eichenbaum, 2004, Levy, 1996] (see Figure 2.7).

The central role of the hippocampus

The hippocampus plays a crucial role as the central brain structure involved in
the encoding and subsequent consolidation of episodic memories. It acts as a
‘gateway’ that automatically registers all attended perceptual stimuli before they
are stored as episodic memories [Morris and Frey, 1997]. Lesion studies in human
amnesia patients have provided evidence that episodic memories are, at least ini-
tially, stored in the hippocampus [e.g. Scoville and Milner, 1957]. After the initial
encoding of an episodic memory a very long period of memory consolidation fol-
lows (up to several months), during which it has been found that the hippocampus
initiates replay , mostly during sleep, of the episodic sequences in the neocortex
[e.g., Sutherland and McNaughton, 2000] (see [Battaglia et al., 2011] for a good
review). It is believed that as a consequence of replay eventually cortical repre-
sentations of episodes develop that no longer depend on the hippocampus [Squire
and Alvarez, 1995].

Storage of episodes in relational networks

Episodic memories are not stored independently of one another, but they are in-
tegrated in a functional network around semantic features that they share with
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other memories. One of the first indications for the structural organization of
episodic memories was the discovery of so-called ‘place cells’ in the rat hippocam-
pus, which fire every time the rat finds itself in a particular location in a maze
[O’Keefe and Dostrovsky, 1971]. O’Keefe and Nadel [1979] have proposed that
place cells encode, at the population level, a ‘cognitive spatial map’ of the envi-
ronment, that enables the rat to find its way in the maze.

However, since this initial finding many other relational and sequential pat-
terns have also been shown to trigger hippocampal place cells, for instance odor
sequences, reward consumption, or any relevant event in a learning task. This has
led Eichenbaum et al. [1999], among others, to conclude that hippocampal place
cells can encode any general kind of causal or temporal sequence, with spatial
relations being only a specific instance of a sequence (of spatial cues).

Figure 2.7: Schematic diagram of a relational memory network (reproduced from
[Eichenbaum et al., 1999]).

The general picture that has started to emerge is that episodes are stored
in the hippocampus in relational networks (also called memory spaces), where
they are linked through shared semantic features [e.g., Eichenbaum et al., 1999,
Eichenbaum, 2004] (see Figure 2.7). Episodes chain together sequences of se-
mantic events, and this provides the causal structure in the relational networks.
The shared semantic nodes allow the brain to make associative jumps between
episodes (i.e., priming), while special context-responsive cells preserve the iden-
tity of a particular episode across shared elements [e.g., Levy, 1996]. Eichenbaum
[2004] proposes that a mechanism of structural integration of episodes, resulting
from the detection of their shared structure, is at the core of the consolidation
process, leading to de-contextualized representations and strengthened semantic
relations between units.

Flexible expression of memories and productivity

A complementary function of the hippocampal relational networks is in mediating
flexible and productive use of memory in various cognitive domains, including
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language [e.g., Opitz, 2010]. The hippocampus has been implied in problem
solving and planning [e.g., Eichenbaum et al., 1990, Eichenbaum and Fortin,
2009]. According to Eichenbaum [2004, p. 110] the idea behind this is that “the
elements that encode common features between episodes link memories to one
another, allowing one to compare and contrast memories and to make inferences
among indirectly related events”.

Empirical support for this claim comes from animal studies that show crucial
hippocampal involvement in the ability to make transitive inferences, for instance
between pairwise ordered odors. Bunsey and Eichenbaum [1996] presented rats
with a series of odor pairs with overlapping elements, and trained them to express
a preference for one odor in each pair. Their study showed that rats who had
their hippocampus removed were not able to infer the underlying hierarchical
relations between the pairs (i.e., they could not infer preferences transitively),
whereas rats in the control group were able to do so. Apparently the rats had
constructed an internal ‘relational network’ (a hierarchy of pairwise relations),
from which they were able to productively infer novel odor associations that they
had not encountered before (e.g., A > B ∧B > C ⇒ A > C).

Figure 2.8: The rat’s navigation is facilitated by an ability for transitive inference
between spatial memories (reproduced from [Eichenbaum et al., 1999]).

In the same vein it is argued that the creation of a relational network of spa-
tial memories enables inferential reasoning about space, and it explains the rat’s
ability to navigate and find shortcuts in the maze, through transitive inference
(see Figure 2.8).

The research in this thesis adopts the view that similar principles as involved
in memory consolidation govern grammar acquisition. I propose that in gram-
mar acquisition, like in spatial learning, a relational syntactic map is constructed
from concrete linguistic episodes. Like spatial inference, a relational network in
the language domain allows for grammatical inference through flexible association
of stored linguistic episodes, resulting in productive language use and comprehen-
sion of hitherto unseen utterances. The idea of the construction of a relational
syntactic network out of linguistic episodes will be given a computational basis
in Chapter 8.
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2.8 A neural theory of syntax

This chapter offered a quick tour of all the ingredients that I believe are needed
to make a neural theory of syntax work. The starting point of the research in this
thesis is the assumption that there exists a uniform cortical mechanism that un-
derlies categorization and processing within different modalities, and specifically
that syntactic processing can be understood by analogy to visual processing. I
argued that the Memory Prediction Framework is a good candidate for such a
cortical algorithm, in particular by virtue of hierarchical temporal compression
and its proposed mechanism for extracting invariant representations. Yet the
MPF is missing some critical features that would allow it to explain the human
ability for productive use of language. Such productivity (or combinatoriality)
necessitates a dynamic form of binding to account for the syntactic phenomenon
of substitution. Subsequently, I identified the serial binding process used in the
domain of vision as the neural correlate of a substitution operation, and argued
that dynamic binding in language presupposes the existence of short-term mem-
ories at the neuronal level. Finally I argued for a functional role of topology in
determining connectivity patterns between syntactic categories, or substitutabil-
ity. All this is summarized in a proposal for a neural theory of grammar, which
is founded on the following six hypotheses

• There exist cell assemblies in the language area of the cortex that function
as neural correlates of graded syntactic categories.

• These ‘syntactic’ cell assemblies can represent temporally compressed word
sequences (phrases) which can ‘unfold’ to predict words or assemblies in a
lower level.

• The topological and hierarchical arrangement of ‘syntactic’ assemblies in
the cortical hierarchy constitutes a grammar. Paradigmatic relations are
expressed by the topology, while syntagmatic relations are realized by tem-
poral compression.

• The neural correlate for substitution is dynamic binding between ‘syntactic’
assemblies. This is implemented via a serial process of label passing. The
dynamic binding process assumes the existence of short-term memories at
the level of the syntactic assembly, where labels (‘tags’) are temporarily
stored which serve as pointers to other assemblies. Dynamic binding enables
productive use of language as it allows for a substitution operation between
assemblies; recursion can be seen as an epiphenomenon of dynamic binding,
while the stored tags function as a (distributed) stack.

• A graded measure of substitutability is realized as a distance between neural
assemblies within a meaningful topology. Learning a grammar amounts to
constructing the topology from examples in a process of self-organization.
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• The memory for sentences and other linguistic constructions or idioms is
accounted for by an episodic memory system, that stores bound sequences
of syntactic assemblies. Language processing can be construed as episodic
memory retrieval, while grammar acquisition is an instance of a memory
consolidation process from episodic linguistic events to an abstract grammar
in the form of a relational syntactic map.

In Chapter 5 I will develop a computational model, the Hierarchical Prediction
Network (HPN), that can be seen as one possible instantiation of these hypothe-
ses. The HPN model is still far from a perfect implementation of the neural theory
of grammar; for example it does not distinguish more than two cortical levels in
the hierarchy, and it cannot deal with non-configurational languages (languages
that do not have a fixed word order). Nevertheless, HPN can address some of
the most intriguing questions about the neural basis of syntax, which is a ma-
jor incentive to depart from a formal approach to linguistics (Chapter 1): What
kind of brain structures can support the functionality of syntactic categories and
rules, considering the productive and systematic nature of language? Where do
syntactic categories come from if they are not innate, and how do they acquire
their abstract status? How can structural representations of sentences (e.g., parse
trees) be efficiently represented in the brain, and how is a parse executed? With
the background of this chapter it is in principle already possible to answer some
of these questions (they can be found in section 9.3, in reply to Jackendoff’s
challenges).

2.9 A note on semantics

Before I conclude this chapter, let me clarify an issue that may have been nagging
at the reader’s mind. Whereas the scope of this thesis is limited to the treatment
of syntax, I am well aware that many contemporary cognitively oriented theories
of language consider syntax and semantics to be inseparably linked within an
individual’s representation of linguistic knowledge. Such a view is most notably
expressed by Lakoff, who describes the grammar of a language as “a neural system
which, far from being an autonomous module, consists of neural connections
linking the bodily grounded conceptual and the expressive (phonological) systems
of the brain” [Lakoff and Johnson, 1999, p.498].

In construction grammar (CG) [Goldberg, 2003, 2006] the basic units of lan-
guage are constructions: associations between a semantic frame and a syntactic
pattern, for which the meaning or form is not strictly predictable from its con-
stituent parts [see e.g., Kay and Fillmore, 1999]. Despite the focus on syntax
in this thesis, it should be noted that the philosophy behind the HPN model,
which will be presented in Chapter 5, is compatible with the constructionist (or
cognitive linguistic) account of grammar.
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Following a common view on semantics held in cognitive linguistics, I consider
the term semantics to cover the processed information from the combined non-
linguistic modalities (e.g., vision, touch, smell and sound), grounded in perception
[e.g., Steels, 1996, 1999], and I do not envisage any formal (e.g., predicate logic)
interpretation of semantics. The increasingly invariant and abstract multi-modal
categories that are encoded in higher regions of the cortex constitute a semantics,
that is an abstract semantic network in the context of which syntactic categories
that are derived from linguistic input can be placed. Whereas the framework of
the MPF accounts for the extraction of highly abstract visual categories [George
and Hawkins, 2009] and can in principle deal with multi-modal categories as well,
the HPN model developed in this thesis takes the MPF framework to the field of
syntax. Yet, as any other connectionist model, HPN is not designed to be domain
specific. The eventual goal is to formulate a neural model that incorporates both
abstract multi-modal and linguistic categories, as well as invariant categories
that associate (or bind) between form and ‘meaning’, which linguists refer to as
constructions.

In this regard I find the traditional division between syntax and semantics
in linguistics rather misguiding. If syntax refers to ‘structural regularities’ as
opposed to arbitrariness in the language domain, then it should be clear that
there is also a syntax in the visual domain (for instance, part-whole structure, or
structure of spatial relations between objects), as well as in other domains that
constitute a semantics. For this reason I preferred to use the term ‘structure in
language’ rather than ‘syntax’ in the title of this thesis.

A model of syntax acquisition that relies entirely and exclusively on distribu-
tional information selects only a small fraction from the abundance of linguistic
and non-linguistic input that is available to language learning children, and one
should therefore keep in mind that such models do not tell the whole story of
syntax acquisition. Apart from sequences of words, there are many other cues
that aid children to infer the correct grammatical structure and categories; to
name some: joint attention, visual information, prosody (intonation and stress
patterns), and prior knowledge of the semantic categories. In particular, the
presence of a basic semantic ontology prior to language learning may help to
bootstrap syntax, and vice versa exposure to the syntax of adult speakers may
help the child to bootstrap and fine tune its ontology [Steels, 1999, Borensztajn,
2006a]. There exist computational models of construction grammar that assume
or construct a complete ontology prior to grammar acquisition [e.g., Chang, 2001,
Steels, 1997, 2004].

Even though the focus of this thesis will be exclusively on syntax, I do assume
that the principles (of learning and parsing) that are proposed here have universal
applicability, both for syntactic categories and for categories from other domains.
Indeed, HPN was originally conceived as a generic neural network model of cate-
gory learning, while keeping in mind that the problem of categorization is treated
uniformly in the brain, irrespective of the modality of the input stimulus, whether
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it is language or vision.




