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Abstract
Towards a Computational Theory of the Brain, and Language in the Brain

Daniel Mitropolsky

Obtaining a computational understanding of the brain is one of the most important
problems in basic science. However, the brain is an incredibly complex organ, and
neurobiological research has uncovered enormous amounts of detail at almost every level of
analysis (the synapse, the neuron, other brain cells, brain circuits, areas, and so on); it is unclear
which of these details are conceptually significant to the basic way in which the brain computes.
An essential approach to the eventual resolution of this problem is the definition and study of
theoretical computational models, based on varying abstractions and inclusions of such details.
This thesis defines and studies a family of models, called NEMO, based on a particular set of
well-established facts or well-founded assumptions in neuroscience: atomic neural firing, random
connectivity, inhibition as a local dynamic firing threshold, and fully local plasticity. This thesis
asks: what sort of algorithms are possible in these computational models? To the extent possible,
what seem to be the simplest assumptions where interesting computation becomes possible?
Additionally, can we find algorithms for cognitive phenomena that, in addition to serving as a
“proof of capacity" of the computational model, otherwise reflect what is known about these
processes in the brain? The major contributions of this thesis include:

1. The formal definition of the basic-NEMO and NEMO models, with an explication of their
neurobiological underpinnings (that is, realism as abstractions of the brain).

2. Algorithms for the creation of neural assemblies, or highly dense interconnected subsets of



neurons, and various operations manipulating such assemblies, including reciprocal projection,
merge, association, disassociation, and pattern completion, all in the basic-NEMO model. Using
these operations, we show the Turing-completeness of the NEMO model (with some specific
additional assumptions).

3. An algorithm for parsing a small but non-trivial subset of English and Russian (and more
generally any regular language) in the NEMO model, with meta-features of the algorithm broadly
in line with what is known about language in the brain.

4. An algorithm for parsing a much larger subset of English (and other languages), in particular
handling dependent (embedded) clauses, in the NEMO model with some additional memory
assumptions. We prove that an abstraction of this algorithm yields a new characterization of the
context-free languages.

5. Algorithms for the blocks-world planning task, which involves outputting a sequence of steps
to rearrange a stack of cubes in one order into another target order, in the NEMO model. A side
consequence of this work is an algorithm for a chaining operation in basic-NEMO.

6. Algorithms for several of the most basic and initial steps in language acquisition in the baby
brain. This includes an algorithm for the learning of the simplest, concrete nouns and action verbs
(words like "cat" and "jump") from whole sentences in basic-NEMO with a novel representation
of word and contextual inputs. Extending the same model, we present an algorithm for an
elementary component of syntax, namely learning the word order of 2-constituent intransitive and
3-constituent transitive sentences. These algorithms are very broadly in line with what is known

about language in the brain.
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Chapter 1: Introduction and Background

Understanding the computational basis of the brain is one of the most important problems in
basic science. How do neurons, in their collective action, beget cognition, as well as intelligence
and reasoning? As Nobel laureate neuroscientist Richard Axel eloquently put it, “we do not have
a logic for the transformation of neural activity into thought and action. I view discerning [this]
logic as the most important future direction of neuroscience” [1].

The brain is an incredibly complex organ, and neurobiological research has until now uncov-
ered enormous amounts of detail at almost every level of analysis. One large direction within
neuroscience focuses on the physiology of the neuron, the individual cell making up the brain;
this includes a very deep theory of electrochemical neuronal membrane, synapses, neurotransmit-
ters, and the precise nature of the action potential, or neuronal firing. Indeed, much of a classic
neuroscience textbook is dedicated to these phenomena [2]. From our perspective, this is on the
“fine-grained" end of the spectrum. Another body of work is concerned with studying small neu-
ronal circuits, where we can understand how neurons are wired together, and hence even their
functional roles. For instance, in the case of the C. elegans nematode, where individuals of the
species have an identical set of neurons (exactly 302) and neuronal connections, neuroscientists
have mapped out the entire neuronal circuit of the organism, constructing a connectome or neu-
ronal wiring diagram of the organism [3]. Connectomics is the field concerned with constructing
complete maps or diagrams of neurons and their connections for organisms beyond C. elegans.

On the other end of the spectrum, that is on the “coarse-grained" end, we have rich theories
of higher-level cognitive phenomena and entire, often independent scientific disciplines devoted to
their study, such as psycholinguistics, psychology, and cognitive science. These disciplines include
the study of macro-level brain physiology using methods such as fMRI and EEG. These are very

useful for telling us which broad brain regions are implicated in various cognitive processes, but



are at relatively coarse level of resolution. What remains poorly understood is the zone between
these two ends of the spectrum; how do these higher level cognitive phenomena “compile” down to
firing neurons? Which details of neuroscience, and from which levels of analysis of the brain, are
significant to a naturalistic and conceptual understanding of the way in which the brain computes?
A satisfying explanation of the computer would be a model of logical gates and how they are used
compositionally to construct registers and other arithmetic operators, but not a detailed description
of, say, the electromechanics of electrons of wires, or the transistors underlying the gates, nor
would higher-level facts about how compilers or operating systems are organized be helpful for
this kind of conceptual description. Similar analogies can be made for genetics, physics, and other

fields.

1.1 Why construct abstract theories?

One of the main approaches in neuroscience has been to to try and mine the ever-increasing
supply of neural data and to attempt to induce the basic logic of the brain from the data. That
is, statistical techniques and data-analysis methods are developed that, applied to neurobiological
data, hope to elucidate some fundamental principal of neural computation. Yet, even ignoring
the issue that much of neural data may not be at the right level of resolution (e.g. brain areas
combining over many neurons as opposed to individual neurons, etc), that is, even assuming we
could record from all neurons individually and simultaneously, there is strong evidence that it will
be very hard to understanding anything meaningful in this way. In a recent paper titled “Could
a Neuroscientist Understand a Microprocessor?” [4], the authors recorded the electrical signals
from every transistor in a simulated microprocessor as it was used in various downstream tasks
(computer programs), in some sense equivalent to the aforementioned scenario in which we were
able record from all neurons individually and simultaneously. Although the tasks varied, the tran-
sistors of the chip were always part of a larger circuit that computed arithmetic operations that
made up the rest of the computation (they implemented logical gates that made up registers, and

so on). When the authors applied a barrage of the most popular and modern data analysis tech-



niques used in neuroscience to the microprocessor data, they found that the results revealed nothing
about the fundamental, compositional structure of the device (logical gates), let alone registers and
arithmetic operations. On the other hand, one could determine some patterns and regularities in
the data (often of the kind that certain transistors were active at regular intervals, i.e. had some
sort of periodicity) but they convincingly argue that this does not help us understand the device.
Analogizing their findings to the case of the brain, one is left with the impression that perhaps the

greatest problem in neuroscience is that we do know not what to even look for in neural data.

1.2 An Approach Inspired by Theoretical Computer Science

In the case of a system as complex as the brain, perhaps an approach is needed in the opposite
direction of the classic data-to-theory paradigm. That is, what if we started by setting aside the
overabundance of neural data, and directly defined and studied mathematical models of computa-
tion based on only the most ubiquitous and seemingly fundamental principles of neuron and brain
biology. Of course, selecting “ubiquitous and fundamental" principles is no easy task (and is hard
to disentangle from the task we are trying to solve). However, until we have reasons to eliminate
theories, the author sees it as worthwhile to define any model that is broadly plausible neurobi-
ologically. As we study these models and understand their capabilities better, as well as extract
predictions and compare them with the evolving experimental evidence, we will, eventually, be
able to “whittle down" the space of candidate descriptions of the brain.

This thesis is a vertical column in this theoretically-inspired approach: we define and initiate
the theoretical study of one specific “family" of models, known as the NEMO models, based on
a particular set of neurologically-plausible assumptions. At a very high level, these assumptions
can be summarized as: random connectivity, a constant-number-of-winners-takes-all notion of lo-
cal inhibition, and Hebbian plasticity. Initially, these particular assumptions gained our attention
because of work showing their usefulness in limited pathways in the brain, namely in the olfac-
tory system of the fruit fly [5] and of the mouse [6]. However, it was the discovery that densely

interconnected neuronal assemblies or ensembles emerge organically from these principles in an



extremely natural way (Chapter 3) that inspired a deeper and sustained interest in understanding
the potential of this computational system.

That is, we will define the NEMO family of models and ask: what kinds of algorithms can
be implemented in these models? What is their computational power, especially relative to one
another? If we found that some cognitive task is not achievable in a model we defined (or at least
not in any realistic way), we would learn that our particular set of assumptions is not a good can-
didate for a model of the brain. The ultimate goal is to find a minimal set of assumptions that
are sufficient for algorithms for the hardest problems that brains can do. To complete the connec-
tion with theoretical computer science, studying algorithms in these computational models of the
brain corresponds to studying upper bounds (or algorithms) in traditional models of computation
in computer science. While it is very difficult, another desideratum would be, especially given an
algorithm for a certain cognitive task at a particular level of the hierarchy, a demonstration of the
impossibility of an algorithm if the model is weakened in any way (i.e. some neurobiological detail
is removed). The study of such “lower bounds" is notoriously difficult, and very few such impos-
sibility results are known even in the simplest models of computation. However, it is an important
idea, if just an aspiration, to keep in mind in our approach to studying the brain. It will be at least
philosophically suggestive if a natural and simple algorithm for a particular phenomenon seems
to “fall out" of the definition of a particular brain model, but removing any assumption results
not only in the algorithm losing its implementability, but it becomes unclear how to approach the
problem at all. This is certainly the impression I have with several of our algorithms, and we will

point out such musings when they so arise.

1.3 Basic neurobiological underpinnings for NEMO

This section is not meant to serve as a survey of modern neuroscience; doing so would be
greatly beyond the scope and aim of my work. Instead, here I will aim to briefly summarize
several neurobiological principles, some very concrete and well-established and others abstractions

of multiple underlying processes. Many of these may be familiar to the reader. These are the most



important ideas for defining and understanding the NEMO family of models.

Atomic firing of neurons . A neuron fires (undergoes an action potential) at a specific time
or it does not; there is no “intermediate” or partial firing. Neurons fire as a result of sufficient
electrochemical potential across their membrane as a result of neurotransmitters released from

other neurons whose axons have outgoing synapses to the neuron in question.

Excitatory and inhibitory neurons. Neurons are either excitatory (all of their synapses increase
membrane depolarization of the neurons they are connected to, i.e. they have all positive outgoing
synaptic weights) or inhibitory (the have all negative outgoing synaptic weights. Most of the brain,
and hence we believe most of neural computation and representation, takes place on the level of

excitatory neurons, with inhibitory neurons playing other roles.

Local (Hebbian) plasticity All synapses evolve as a function of their local state only; that is, if a
synapse from neuron « to neuron S has state w, its state at a later time must (at least reasonably be
approximated) by a function f(w, to,1g), where ¢, and tg are the most recent firing times of a and
B. Of course, diffuse neurotransmitters in a brain region, or previous firing times of @ and 5§ may
play a role, but it is reasonable to assume, at least as a starting point, that a function depending

only on these 3 inputs would be sufficient to capture the kind of function we are interested in.

Local and interarea inhibition Inhibitory neurons are known to broadly come in two flavors:
local and long-range (relay) inhibitory neurons. In many regions of the brain, especially in cortex
(the largest and most evolutionarily distinctly developed part of the human brain, known to be
involved in almost all cognitive tasks), we think that local inhibitory neurons somewhat equally
and diffusely inhibit all of the neurons in a small localized region. Since they will fire more
when there is more firing into the area, these neurons might play a role of actively maintaining a
dynamic input threshold for firing of the area’s excitatory neurons. On the other hand, interarea

(relay) inhibitory neurons have long axons and go from one area inhibiting the neurons in another.



The next two principles are central to the family of models studied in this thesis, but they
are more tentative than the previous ones. A parallel field of study could be developed studying
families of models that make assumptions different to the ones below. On the other hand, these
assumptions give us a concrete starting point, and is it turns out, their simplest interpretations lead

to the definition of models that have surprising computation power.

Random connectivity It is not unreasonable to model the initial or default state of an area of
neurons as being randomly connected. Indeed, some sort of random connectivity is to be expected
given that the brain develops, and synapses are sampled locally between pairs of neurons as the
brain grows. The simplest random graph model is the Erdos-Renyi random graph, where each
vertex is connected to every other one with a fixed probability p. However, experimental results
do show that that synaptic connectivity in the animal brain deviate from the uniformity of the

Erdos-Renyi graph.

Assemblies of neurons Currently, it is unknown how abstract concepts (words, images, memo-
ries, etc) are represented in the brain: could they be single neurons, sets of neurons, specific firing
patterns or rates (of individual neurons or sets), or something else? In fact, representations could
be (and likely are) different depending on the domain: single neuron representations have evidence
in specific perceptual pathways such as in the visual system, where it has been found that individ-
ual neurons respond to specific locations and borders in space [7]. However, sometimes called the
“egrandmother neuron doctrine", this idea has come under serious doubt especially as it applies to
representations in higher-level, multi-modal or integrating cognitive processes (such as reasoning,
language, etc). The main alternate hypothesis, which has been steadily gaining attention in neuro-
science, is that of neural assemblies, or ensembles, as being the fundamental “unit" of cognition or
cognitive representation. Assemblies, originally hypothesized by Hebb in the late 1940s and 50s
[8], are densely intraconnected sets of neurons; that is, the chance that two neurons have a synaptic
connection is significantly larger between two neurons of an assembly than between other neurons

in the same region. There is increasing experimental evidence for assemblies in mammalian brains



[9, 10, 11]; for a survey, see [12].

1.4 Contribution of this Thesis

In Chapter 2, the thesis begins with the definition of a small family (or rather, hierarchy) of
models defined by the basic neural assumptions summarized in the previous section: firing neurons,
two different kinds of inhibition (local and long-range), random connectivity, and /ocal synaptic
plasticity. The main models in this hierarchy are one that formalizes all these principles but leaves
out long-range inhibition, called basic NEMO. With long-range inhibition, the model will be
called NEMO. NEMO is short for “neural model". This initiates the theoretical study of the NEMO
models, both mathematically (proving that certain properties hold, or certain algorithms function
with high probability), and, especially in cases where algorithms are beyond mathematical analysis,
experimentally through simulation. A major contribution of this thesis is the development of open-
source NEMO libraries in Python and in C++, partly in collaboration with Google Research [13].

The basic-NEMO model defines a dynamical system, which, based off its starting conditions
(which we will use to represent some inputs to the brain), evolves over time in a deterministic
way. What we find is that surprisingly, interesting phenomena occur even in this most basic model.
Specifically, highly interconnected, co-firing sets of neurons organically emerge in this model in
the one of the simplest experiments one could formulate within the model: one where a fixed
stimulus fires into a brain area. Could these be precisely the kinds of neural assemblies of the
assembly-theory of neural computation? We find that the assemblies obtained via this extremely
simple basic-NEMO algorithm share hypothesized and experimentally observed properties of as-
semblies in experimental neuroscience, namely high intra-assembly density, the ability to co-fire,
and that they can be used as a basis of various operations of a computational flavor. We demon-
strate, both theoretically and through simulation, that it is possible to carry out operations on these
concepts, such as copying, merging, and pattern completing them. These results are covered in

Chapter 3.



The full NEMO model and language processing. The phenomena that we prove or observe in
the extremely simple basic-NEMO model above are still quite far from carrying out the kind of
computation that underlies reasoning and language (though we can see how they may be sufficient
to implement small parts of these broader phenomena, e.g. the merge and pattern-completion oper-
ations of basic-NEMO may underlie individual word retrieval, and be a building block in syntactic
processing). The full NEMO model adds one additional tenet, namely that of inter-area inhibition
(i.e. based on long-range, or relay, interneurons), again defined in an abstracted way (we only al-
low the firing of these neurons to rather bluntly inhibit entire areas, and not for instance arbitrarily
inhibit specific excitatory neurons). This turns out to give us a very powerful set of assumptions.
In Chapter 4, we show how to use NEMO to do our first truly complex cognitive task, by con-
structing an efficient parser of a small but non-trivial subset of English. To our knowledge, this
constituted the first parser that is composed entirely in a model of biologically realistic neurons,
synapses and Hebbian plasticity. However, the parsing algorithm crucially makes use of the LRI
ingredient of the full NEMO model, although only in the input to the model. Further, the initial
parser could parse only relatively simple sentence, and in particular could not handle embedding
or dependency, arguably the most interesting part of language.

In Chapter 5, we show how to extend the parser in a non-trivial way to handle embedded or
dependent structure. While coming up with a NEMO algorithm for parse embedded clauses, we
stumbled upon a surprising consequence: by slightly abstracting this algorithm, (which again was
“designed” to work in the constraints of the NEMO computational model, i.e. to compile down to
biologically realistic hardware), one obtains a novel characterization of the context-free languages
(CFL). This is suggestive because CFLs were originally defined and studied by Chomsky and other
linguists as a possible model for natural language; it was later found that they are both somewhat
too powerful for real languages (e.g. most languages do not really allow for embedding past
depth-4) and sometimes not powerful enough (Swiss German and Dutch famously have context-
sensitive syntactic rules); but yet, they overall remain a descent model for human language, and

underlie many of the most important syntactic models in NLP (e.g. PCFGs). In a sense, we



“rediscovered” this formal language class as a result of studying parsing algorithms in a neurally
plausible computational model.

Adding to the theory of how algorithms for cognitive phenomena are possible in NEMO, we
show in Chapter 6 how to implement an algorithm for solving block-stacking problems in the
blocks world framework. This adds to the list of reasonably efficient NEMO algorithms for cogni-
tive phenomena. A subroutine developed for this algorithm is a chaining operation, and we obtain

theoretical and empirical results regarding the limits of chaining in NEMO.

The full NEMO model and language learning. The parsing algorithms demonstrate that NEMO
is a sufficient computational model to capture algorithms for language in the “adult” brain; that is,
where larning involved but rather known semantic and syntactic information about a language are
used to compute the structure of incoming sentences. Of course, one of the most sophisticated
abilities of the brain is learning, and 3a natural question is whether the axioms of NEMO are suf-
ficient, or if not, what minimal modifications are necessary (indeed, “learning” also encompasses
many very different processes; native language acquisition takes place in the child brain, and may
use different principles). In Chapter 7 we present a NEMO model of the baby brain that learns
the meaning of words, and very basic syntax, from grounded input [14]. In addition, this is a new
kind of Al that is fundamentally different from LLMs (and ANNs more broadly): ours, like the

brain, learns entirely using local synaptic rules— that is, without back-propagation.

1.5 The Theory of Assemblies, and Comparisons to Other Models

1.5.1 Hebb and early theory of assemblies

There is a long and relatively old line of work studying assemblies (or ensembles) as concep-
tual and computational units in the brain from a theoretical perspective, much of which can be seen
as leading up to our models and results, or as parallel investigations. Traditionally the first such
theoretical work is normally taken to be Hebb’s 1949 book “The Organization of Behavior" [8].

The book covers many topics but of particular interest is Chapter 4, in which Hebb famously pos-



tulates the notion of Hebbian plasticity. He proposes a neurophysiological postulate, that "when an
axon of cell A is near enough to excite a cell B and repeatedly or persistently takes part in firing it,
some growth process or metabolic change takes place in one or both cells that A’s efficiency, as one
of the cells firing B, is increased." In the decades that followed, experimental neuroscience would
find evidence for this hypothesis and Hebbian plasticity (and close variants thereof) would become
a canonical, basic kind of plasticity known to take place in the brain. Yet, only hypothesizing
such a function in 1949, Hebb goes on to specify both how this might be possible (through ax-
onal bud-like growth at junctions between myelinating cells) and how (qualitatively or intuitively)
such plasticity would result in three-dimensional “lattices" of neurons with connections all of the

neurons in the lattice so as for them to (tend to) fire together.

Connections to NEMO. Of course, without Hebb’s work this thesis could not exist. In fact,
one view of this thesis as attempting to answer: what are the theoretical limits of a point-neuron
computational model with only Hebbian plasticity? The NEMO model concretizes and imple-
ments Hebb’s hypothesis that assemblies can be formed via Hebbian plasticity. Other theoretical
neuroscientists have taken Hebb’s principal as a fundamental axiom in developing their own mod-
els, which we will visit in the following subsections, and which have quite a bit in common with

NEMO.

1.5.2 Marr’s theories of cortex and hippocampus

The next big milestone in the theoretical study of cell assemblies, and one of the most im-
portant comparisons to the models of this thesis, is Marr’s line of work in the late 60s and early
70s. Even though Marr’s work itself does not refer to assemblies nor would he necessarily use the
term, we will see that it indeed belongs in the tradition leading up to this thesis. The main papers
through which Marr developed his theory are “A Theory of Cerebellar Cortex" [15], “A Theory for
Cerebral Neocortex" [16] and “Simple Memory: A Theory for Archicortex" [17], which, roughly

speaking, build upon each other to construct a theoretical model of cortex and the hippocampus
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(or “archicortex") made up of biologically-realistic neurons and synapses that is able to do one
operation very well: take as input various "events", which are sparse activations of a small number
of total neurons in an input space (cortex), "project” them to hippocampus which has many fewer
neurons and where assemblies of those neurons represent quickly-created memories of the input
events, and "recall" events by activating a small subset of the neurons of an actual event, feeding
it through hippocampus, and restoring the whole event reliably. This was of interested because
such short- to medium-term memory is an essential function of the brain, and the hippocampus
was known to implement it; it memorized events or patterns from the environment very quickly
without analyzing them further (or at least not very much), because perhaps long-term memories
were formed from projections back from hippocampus with additional analysis. Hence, the hip-
pocampus only had to be able to store a “days-worth" of events, which is estimated by Marr to be
around 100,000 events per day.

What follows is a summary of Marr’s model (pooling across his sequence of papers). As
mentioned, the basic model will have 2 layers: one representing cortex, where events are inputted,
and one representing hippocampus, where memories of the events, i.e. compact representations of
the events that are sufficient for recall from a partial event, will be formed. In the basic model, the
first cortex layer is also the "output” layer in the sense that the hippocampal layer will project to
the output layer in order to restore the full event from a partial event (in a slightly more expanded
version there is a 3rd output layer, but that model is essentially or at least conceptually the same as
the 2 layer version described here). An immediate issue is that a layer truly representing "cortex"
would be too big— cortex has over 10® pyramidal (i.e. excitatory) neurons, and 10® connections into
hippocampus was understood to be outside the bounds of possibility. This can easily be “solved"
or abstracted away via "indicatory cells" or pooling cells, each of which pools over a local area
of cortex. If an indicator cell pools over about 1/3 mm?, then estimating there to be 400 cm?
of cortex that is implicated in hippocampal-memory formation/retrieval, these leaves us with just
over 10° incoming fibers (axons) into hippocampus, which is realistic. Hence we will think of

the cortical/input layer as having about 10° neurons. Of course this means there is some loss of
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information within each pooling region, but assuming that input patterns (or at least “distinct"
ones) aren’t too similar, this is assumed not to be a problem. Then there are 10* or 10° cells in the
second hippocampal layer (the exact number is a matter of debate between the Marr papers and a
point of pain; obviously the important point is that this number be less than the size of the input
layer for the “compression” operation to be non-trivial). Finally, there are return connections from
hippocampus to the input (cortex) layer and directly to the pyramidal cells of cortex (i.e. not to the
pooling cells); a single cell in hippocampus can make many synapses including with cortical cells
in different pool zones.

Marr’s model also makes several other important assumptions about its regime. The first is
regarding “activity level", or the number of active (firing) neurons in the cortex layer per each
event; it is assumed to be low, that is that events are sparse vectors in the cortical layer, and hence
(if events are random) there will be a big difference between them (note that this also takes care of
the indicator cell issue from before). The “desideratum" of the system is called the “retrieval cue",
which is the minimal acceptable cue size or simply fraction of a previously stored event that needs
to fire to retrieve the full event. Marr sets this (and achieves this, for certain parameter ranges) to
1/10.

The model makes use of two kinds of synapses, but both are of the same kind; they are “binary"
synapses, meaning they are “on" or “off" and not real valued (though making them real valued
could perhaps increase the capacity of Marr’s models); chiefly this is done for simplifying the
analysis. The simplest of these is the Hebb synapse, which is in the “on" mode when the pre- and
post-synaptic cells are fire at the same time. The other is the Brindley synapse, which, succinctly,
has two components: a fixed component that never changes, and a modifiable component which is
subject to the same “on"/“"off" rule as Hebb synapses and changes over time. The cortical layer
has N cells, the hippocampal layer has M cells (which are also frequently called “codon" or “codon
formation" cells, where codon comes from these neurons constituting a neural representation of a
compressed “code" of some event). Synapses from cortex to hippocampus are Brindley synapses,

and synapses from hippocampus back to cortex are Hebb synapses. This essentially means that
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no fancy or interesting computation occurs going back from hippocampal cells to cortex; instead
it must occur in hippocampus. In our case, the interesting computation is taking a subevent and
getting a whole event to fire. Logically, this means that when a subevent X of event E fires, it must
end up (through some mechanism) activating the same hippocampal cells as E itself. This will be
the goal of Marr’s models.

The basic idea Marr had is this: for each event, different hippocampal cells will receive dif-
ferent input amounts; if we apply an L-cap, the means picking the top L neurons by input in the
hippocampal layer, this can serve as the “simple" or compressed representation, i.e. the short-term
memory, of the event. Marr shows how the L-cap operation can easily be implemented with in-
hibitory interneurons. Two kinds of inhibitory interneurons are needed to achieve this; one, called
S cells, samples the “input lines" (i.e. the fibers into hippocampus) and inhibits the hippocampal
cells, and the other samples the fibers from hippocampus back into cortex, which adjusts for the
fact that weights from the cortical layer are increasing as a whole as more patterns are learned (via
the modifiable part of the Brindley synapse). The analysis is not too hard to show that this mech-
anism can implement a constant threshold of L firing neurons in the hippocampal layer, which
implements the desired representation method.

Now for recall, the basic idea should be that on some subevent X of E (i.e. E is the whole set of
neurons that fires in the cortical layer for that event, and X is a subset of at least 1/10 of them), the
cortical layer projects to hippocampus, and we then somehow decrease the firing threshold until L
codon neurons fires; hopefully this will then (via the connections back to cortex) get back E. Of
course, the issue is that you will get many “false" neurons this way. A better strategy is Marr’s
idea that hippocamapal cells should take into account what fraction of their synapses have been
modified during learning, i.e. meaning that they are part of a previously stored pattern (then we
know that unmodified synapses, even if they become active during recall, are just noise). The idea
is that in recall mode, a hippocamapl cell only fires if a sufficient fraction of its active synapses are
modified ones; the firing recall (again only in the recall regime) is an equation where the total input

into the cell must be greater than a target which depends on the fraction of modified synapses. A

13



few very simple such equations will “work", and Marr also discusses how such a threshold rule
might be achieved using interneurons. However, an important side note is that this means the model
has 2 firing thresholds for hippocampal cells: a normal one (during learning) controlled by the S
and G cells which makes it such that L cells are always firing in that layer, and one for the recall
stage, when there are many fewer inputs, where another set of interneurons (called D interneurons)
make firing be based of the fraction of modified synapses. Marr showed that both are necessary
for optimal performance of memory formation / recall in his overall framework, but exactly how
having “both" is possible is left open.

That concludes a sketch of Marr’s model (or rather of the common core to the many variants).
What Marr is able to show analytically is that (in slightly varying parameter regimes) is that a
surprising number of events can be stored and recalled in this way, with the 1/10 retrieval cue
setting; for example, with 10° neurons in hippocampus, we can store up to 10° representations

reliably. Marr’s model is still the standard model for hippocampus.

Connections to NEMO. There is a lot in common between Marr’s models and NEMO. Both
make use of a k-cap (or in Marr’s case T-cap) operation, implemented identically: via inhibitory,
local interneurons. Marr’s models can essentially be thought of as a kind of biologically-motivated
feed-forward neural models (barring the connections from the hippocampal layer back to the input
cortical layer). This is one of the kinds of fibers in NEMO: those between NEMO brain areas.
What Marr’s models and results show is that a relatively simple and realistic feed-forward set-
up can be used to “memorize" a surprisingly large number of patterns (events) that can then be
reliably recalled, essentially via the dynamics of projection from a higher dimensional layer to a
lower dimensional layer, and Hebbian dynamics. An important starting point of this thesis and
of NEMO theory is that NEMO reproduces this ability; firing between NEMO areas is a kind
of random “kernel" and indeed some of our most initial results show that we obtain different k-
caps from firing sufficiently different stimuli from an incoming area. These caps can be taken

to represent the stimuli, and by rewarding synapses from them back to the stimulus area, we can
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achieve similar results to Marr’s. This is the case where we somehow “freeze" the initial k-caps
obtained from firing in stimuli.

However, even those I call these sets of neurons “assemblies" in the previous section, they are
not truly assemblies in the sense that they have no internal connectivity or stability; Marr’s theory
does not consider this. In NEMO, there are important recurrent connections in each area. We could
repeat the same experiment but allow recurrent firing. However, then it will often be the case that
initially overlapping but largely separate k-caps will start to overlap more and collapse into a sin-
gle set of neurons. However, if inputs are sufficiently not-overlapping, and with sufficiently strong
Hebbian plasticity, we will still obtain (largely) separate sets of k neurons in the “hippocampal"”
area, and now, these are also bona fide assemblies that have strong internal connectivity, internal
pattern-completion properties, and so on (these are among the results/operations of Chapter 3).
Now, NEMO can be used to do much more than just memory creation and recall; it is a much more
general computational system than Marr’s models, but the essential function of Marr’s models is
so important that they also constitute one of the main targets of study in NEMO. Another essential
difference is that Marr’s model (as many other theoretical models) has two “regimes": for learning,
and evaluation (recall). In fact, as we saw in Marr’s case, the different inhibitory circuits imple-
menting different thresholding mechanics in the two regimes are not entirely compatible. One
essential feature, or rather principle underlying NEMO is that there can be no essential difference
between learning and evaluation/recall; the brain is the same in any regime, and differences in

dynamics during different functions must arise from the same underlying principles.

1.5.3 Hopfield networks

The next milestone in the theory of assembly-like computational theories is the development
of Hopfield networks and related models. In a single sentence, Hopfield networks are a recurrent
neural model that can memorize patterns and then recall or restore them from perturbations of those
patterns. Even though they are named after John Hopfield, the ideas behind Hopfield networks have

their origin in thermodynamics and physics more generally from the beginning of the 20th century.
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Models that are essentially the same as Hopfield networks were described by Japanese researchers
Nakano and Amari by the early 70s, but were truly popularized, in particular as neurobiological
models, by Hopfield in the 80s starting with the seminal paper "Neural networks and physical
systems with emergent collective computational abilities".

What follows is a summary of Hopfield networks and their properties, including all of the orig-
inal 1982 [18] and some notions from the general literature. As a model they are very different
from Marr’s models of the previous section, which could be seen as a kind of feed-forward net-
work model, whereas Hopfield networks are inherently recurrent and their emergent properties are
properties of recurrent networks. Later in comparison to this thesis, we will see that while Marr’s
model is similar to our models in the interarea (feed-forward) component, our models make heavy
use of recurrence (every brain area is recurrent, and recurrence is essential to how computing with
NEMO works); Hopfield networks have more in common with NEMO in this aspect.

A basic Hopfield network has n neurons, each of which has state 0 or 1 (representing resting
and firing). A neuron i fires or not depending on whether its total input exceeds its (pre-set) firing
threshold U;; the neurons of Hopfield networks are “binary threshold neurons". The connections
between neurons are modeled as single weights w;;, which are learned in a rraining stage (in
Hopfield networks as in Marr’s models the learning/recall stages are separated and slightly different
dynamics apply in each). Patterns or stimuli are presented as activations of the n neurons, i.e. as
binary vectors in E € {0, 1}". To model Hebbian plasticity, synapses are increased only if the pre-
and post-synaptic neurons both fire. That is for storing a single pattern (vector) in the Hopfield
network, we set w; ; to 1 iff V; = V; = 1 (and otherwise it is set to 0 or to —1 depending on
the precise formalism used; we will use the —1 version). For memorizing multiple patterns, the
Hebbian learning is additive but with renormalization. That is, to memorize m patterns Eq, . . ., E,,,
we set the synapse w;j = 1/N 27", Vl.k . Vj’.‘. Importantly, the w;; change only during training, and
are fixed during the recall phase.

In the recall (or evaluation) phase, the Hopfield network is initialized in some state (where the

state is a vector of neuron activations, i.e. a vector V? € {0, 1}") and then evolves as expected;
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given a state V' the next state V'*! is computed by setting V/*!' to 1 iff 3 ;,; w jiV]t. > U; (this
implicitly enforces that w;i = 0; usually Hopfield networks are defined with a reciprocal property
such that w;; = w;;, whether this is biologically realistic or not, for the proof of convergence to
work). Hopfield and later other researchers (with Bruck giving a particularly simple proof in [19])
showed that given some initial state, the network converges to some vector of activations and “stays
there"; in other words, the Hopfield dynamics solve some sort of optimization problem and find a
local minimum. In fact, from the definitions so far it is easy to see that the dynamics of a Hopfield
network can be captured by a single “energy quantity" of the network, E = —% 2 wiiViVi -
2.; UiVi. Every update of the Hopfield network either decreases E or keeps it the same, and because
its range of values is finite, the Hopfield network converges to a local minimum of E (strictly
speaking it could oscillate between several equal-energy states; this indeed happens in some cases,
such as with non-reciprocal synapses).

The original (and most important) application of Hopfields networks is to implement asso-
ciative memory: after presenting various patterns (vectors) during training, the network is then
presented (in recall mode) a different one (that is not exactly any of the training patterns). It will
then converge to the most similar one; this is subtly but importantly different than the recall notion
of subevents in, say, Marr’s model, where a partial activation of a pattern leads to its full activa-
tion. In Hebb’s original paper, he numerically found that for various network sizes n, up to 0.15n
patterns could be successfully stored before recall error became severe (such experiments were
limited by computational power at the time; Hopfield remarks that even n = 100 was computa-
tionally expensive). It turns out that even this linear upper-bound was too optimistic; it was soon
shown in 1987 that the “capacity" (maximum number of patterns that can be fully recovered) is

upper-bounded by n/(2log, n) [20].

1.5.4 “Arbitrary" computation with Hopfield networks

Recall from the previous subsection that the dynamics of Hopfield networks are captured by

the energy quantity £ = —% 2 wijViV; = 2; UiVi; the Hopfield network converges to a local
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minimum of E. Well, from this it follows that if we could arbitrarily set the w;; and U; however
we please, Hopfields networks, in their natural dynamics of optimization, could in fact find optima
for some other computational problem as long as we could somehow encode the constraints of that
problem in the w;; and U;. This is precisely what Hopfield and Tank observed and showed in their
seminal 1985 paper ““Neural" computation of decisions in optimization problems" [21].

What follows is a summary of their main result: using Hopfield networks to solve the Traveling
Salesman Problem (TSP), the famous NP-complete problem of ordering n cities, provided with
their pairwise distances d;; = dj;, into a tour (a walk that visits every city exactly ones) that
minimizes the total distance. To represent tours neurally, we will use a Hopfield network with n?
neurons; for each city x, there is a row of n Hopfield neurons where the i-th neuron in the row
represents whether city x is in position 7 or not. We will write V,; to index the neurons (again, V,;
is 1 if x is in position i in the tour).

In a valid, desired setting of the Hopfield network, one that actually represents a tour, there is
exactly one 1 in each row and column (each city is visited once, and each position can only be used
for one city). This constraint is quite easy to represent using an energy quantity (in the version of

Hopfield networks where each V,; € {0, 1}):

Eour = AZ Z Z invxj + BZ ZZ invyi + C(szxi - l’l)2

i J# ] X XFy X

It is easy to see that the first term is minimized (set to 0) iff there is at most one 1 in each row,
the second term iff there is at most 1 in each column, and the final term iff there are exactly n active
neurons; together these enforce (by setting the constants A, B, C to be appropriately large) that any
local optimum will satisfy all three of these conditions, and hence respresent a valid walk. The
essential observation is that although Ej,, isn’t obviously in the right “energy quantity" form of a
Hopfield network, by simply expanding and re-arranging the terms, it in fact is. Importantly, one
needs only to notice that the equation consists entirely of degree-2 cross terms (V,;Vy; for xi # yj)

and degree-1 terms V,; (the square in the last term simplifies into degree-1 terms after expansion
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because Vy; € {0, 1}).

Next, to enforce optimal (short) tours, we add an additional term:

Eqorn =D > "> > deyVii(Vy ot + Vi)

X y#x i

It is not hard to see that this sum equals exactly D times the total weight of the tour represented
by the state of the Hopfield network! Hence, with appropriate settings of constants, optimizing
E'our + Eshort finds an optimal solution to TSP. Again, note that just be expanding and re-arranging
terms, we can easily rewrite Eqyr + Eshore in the canonical Hopfield energy quantity form E =
—% in,yj WaiyjVxiVyj — 2ixi UxiVyi, where the w and U depend on A, B, C, D and the d, ;.

It turns out, naturally, that any cost function that can be written as a Hopfield energy function
can be “solved" by encoding it as a Hopfiled network whose equilibria are solutions to the opti-
mization problem. Since TSP is NP-complete, this means any NP problem can (in some perhaps
very unnatural way depending on the reduction to TSP) be represented and “solved" by Hopfield
networks, by representing the cost function / constraints of the problem in the synaptic weights
and firing thresholds of a Hopfield network. This is essentially the thesis of Hofield and Tan’s
subsequent paper in 1986, “Computing with neural circuits: A model" [22], that a “rich repertoire
of problems" can be solved by Hopfield networks, with TSP being their canonical example. Im-
portantly, the significance of the model is that it not only solves a hard computational problem, but
it makes explicit how synaptic weights, neuron firing and firing thresholds “work together", i.e.

what their conceptual contribution is, to the network’s computational behavior.

Connections to NEMO. Hopfield networks have several underlying principles in common with
NEMO: binary firing neurons, Hebbian plasticity, and recurrent connectivity as an essential model
component. However, they are also very different: Hopfield neurons have (arbitrary) firing thresh-
olds, whereas NEMO’s “threshold" is like that of Marr’s models: a constant fraction of neurons
fires, which can be implemented implicitly with local inhibitory interneurons. NEMO allows for

multiple brain areas with fibers between them (though one could study just a single NEMO brain
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area), and the dynamical system describes the evolution of all areas simultaneously, taking into ac-
count inter-area and recurrent fibers. As we will see, that allows for much more general behaviors
and problem solving.

Something very simialr to the basic function of Hopfield networks, storing various patterns
and then restoring them, can be performed in NEMO by projecting various stimuli into an area to
create assemblies. These can then be pattern completed (though this is perhaps more similar to
reproducing Marr’s notion of recall from partial events). Most similar to Hopfield’s notion is that
after projecting multiple stimuli (learning), we can fire some mixtures: the cap in the downstream
area will, over several time steps, converge to one of the previously formed assemblies! This
operation is used throughout NEMO literature, and is an essential operation in the one of the most
recent papers studying the use of NEMO for modeling random variables and Markov chains [23].
However, as before with Marr’s models, in Hopfield networks these are separate learning and
recall regimes; in NEMO everything is combined, with the same underlying principles underlying
both how representations (memories) are formed, as well as how they are recalled form partial or
perturbed inputs.

Next, there is something to be said about Hopfield’s notion of general computation versus
our study of NEMO for solving general problems (and Turing-completeness). Hopfield’s solution
to the TSP problem assumes we can “bake in" synaptic weights and thresholds to our liking;
this demonstrates some potential, theoretical computational limit of Hopfield network, but it is
completely unclear how synaptic weights / firing thresholds can come to depend on parameters of
the computational problem (e.g. distances between cities) in such a subtle and precise way; e.g.
particular neurons and particular synapses need to depend precisely on a specific pair of cities, etc.
A related issue is that although “sets" of neurons represent configurations of the computational
problem, these are far from “assemblies" in the Hebbian sense in that individual neurons encode
very specific and fine information in these representations; there is no redundancy or resiliency
as expected of assemblies. In NEMO, in particular in language, states of computational problem

are represented very differently and as assemblies themselves; for instance if were were trying to
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solve TSP, we would perhaps represent each city as an assemblies, each possible position as an
assembly, and then strong connections between assemblies as assignments (this is just an example
configuration; this thesis does not present a concrete NEMO algorithm for TSP, although it is
theoretically possible!) Our Turing-completeness result, which is morally quite similar to Hopfield
and Tank’s TSP algorithm, is also just a theoretical “exercise" since we assume we can “bake in"
a configuration of assemblies representing tape cells, Os, and 1s. However, for concrete problems
(such as in language), in addition to showing that weights can be set up in such a way as to solve a
computational problem, we are also interested in how such weights are learned (and the dynamics
of this must be same in both learning and evaluation, unlike in Hopfield networks where these

regimes are separated); this is the difference between Chapters 4 and 7.

1.5.5 ANNs

A frequently asked question is how does NEMO compare to, or differ from, artificial neural
nets? While originally inspired by biology, the design of ANNs is not constrained by biology;
their aim is obtaining the best performance on a particular learning task, and not modeling how
the brain works. This is why ANNs perform much better on, and cover a much larger domain
of, most tasks for which we have NEMO algorithms; NEMO is, at least at its current stage, not
competitive with ANNs. ANNs and NEMO have some superficial similarities: both have brain
areas, in some sense (layers of ANNs, though these are usually feed-forward, as recurrent ANNs
are harder to train and as of the time of this thesis are not among the dominant architectures in most
domains), and represent synapses as single weights. The per-neuron non-linearity of ANNs differs
from the k-cap inhibitory mechanism of NEMO. The most important difference is how synaptic
weights evolve over time: whereas ANNs are almost always trained using gradient methods where
updates to weights in the network depend on (many) other weights, this is usually believed to be
the most biologically implausible aspect about ANNs. The framework of machine learning also
distinguishes two fundamentally distinct regimes: that of learning, and evaluation. In evaluation,

weights are not updated at all (and in some sense, the evaluation regime is more biologically
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realistic). In the brain, however, the same neurons and synapses underlie all functions of the
brain. NEMO and this thesis study a particularly simple computational candidate for the brain
where there is only one, Hebbian synaptic mechanism (representing an abstraction of long- and
short-term plasticity). To a reader chiefly interested in ANNSs, one could present this thesis and its

underlying works as a study of what can be achieved with only Hebbian plasticity.

1.5.6 Valiant’s model

Anther generic computational model based on neurobiology is Valiant’s model theory of neural
items, surveyed in [24]. NEMO draws inspiration from this earlier model in many ways. Valiant’s
model is also based on random connectivity (concretely, the G, , graph), and assumes a fixed
threshold for firing. In his model, concepts are represented by a sort of proto-assembly called items,
which are just sets of neurons that fire together when their input(s) fire. Valiant’s theory establishes
that items can be created from other items, which is not unlike the project and merge operations of
NEMO shown in Chapter 3. However, the crucial difference is that in NEMO, the assemblies that
emerge from the system have all the characteristics of such ifems and many more: high internal
connectivity, and various memory-like properties (firing an assemblies will continue to activate
itself; pattern completion, etc). In the versions of Valiant’s model that include plasticity, plasticity
can be an arbitrary function (an arbitrary function at the post-synaptic site); with NEMO we restrict

this to a single Hebbian rule, and studies the computational implications of this assumption.

1.6 Experimental study of assemblies.

One day, an ultimate confirmation of a theory like NEMO would include an experimental
demonstration that there are assemblies, or sets of consistently co-firing neurons, whose activation
is functionally and causally connected to a specific behavior, concept, etc. However, much stands
in the way of this lofty goal. Put simply, the problem with the experimental study of assemblies is
that it is difficult to record from multiple neurons simultaneously. We could try to use single-cell

recordings, but this cannot really capture assemblies since they are an emergent property of many
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individual neurons.

However, there are several techniques that can record from multiple neurons simultaneously
and which have already, to some extent, been used successfully to find evidence for assemblies.
The following overview is based on Yuste, Cossart and Yaksi’s very recent survey on ensembles
“Neuronal ensembles: Building blocks of neural circuits" [25]. The main ones are multielectrode
arrays (MEA), which directly records from multiple neurons simultaneously, and voltage or cal-
cium imaging, which looks at chemical (e.g. calcium) concentration changes that are resultant from
neuronal firing. These are the main techniques for studying “multi-neuronal activity patterns" more
generally, which includes assemblies/ensembles. Briefly, ensembles have been identified in both
hippocampus and cortex. Hippocampus is the first area where significant multi-neuronal activity
patterns were found, as repeated coordinating firing of subsets of excitatory (pyramidal) neurons
(actually, the coordinated activity was the sequential firing of neurons, which could be activated
artificially outside of the natural environment where they were recorded). Such ensembles were
found to be anatomically scattered throughout hippocampus, and sparse, and there is evidence that
activation of one seems to inhibit activation of others (they are in competition); interestingly, all
of these properties are inline with the NEMO model. Most importantly these hippocampal ensem-
bles can be causally linked to behavior. There is also a line of work finding similar results, i.e.
ensembles with similar properties, in cortex (that is, co-active, or sequentially active, groups of
neurons; these were found mostly with voltage/calcium-imaging techniques, as well as electrical
recordings). As a specific example, a recent paper studied monkey motor behavior by implanting
them with MEAs in frontal and parietal cortex, and recorded from them performing arm movement
tasks. While the degree of correlation between the activation of single neurons and the animals’
movement was unstable, very stable predictions could be obtained by looking at the activity of
whole sets (in the authors’ words, ensembles) of neurons, supporting the thesis that even some-
thing like arm movement is encoded in the brain via assemblies, with all their redundancy as a
mode of encoding.

Despite all these advances, “proving” the existence and role of ensembles remains difficult.
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The main challenges are that even with simultaneous recordings over some time period, care is
needed to identify an ensemble instead of random correlations; sophisticated statistical models of
firing are developed for this, which need to take into account neuronal firing “jitter". In general,
noise from recordings leads to the underestimation of neuronal ensembles. Another issue is that
the time window in the relationship between neurons can vary greatly between types of neurons
and behavior; co-activations or sequential activations of neurons could take place between a few
hundred milliseconds up to several seconds. Due to neuromodulation, the size and speed of assem-
blies can also change over time; while this may be one of the computational features of assemblies,

it also makes their identification and study more challenging.

1.7 Techniques in neurolinguistics

Since several chapters of this thesis study NEMO algorithms for linguistic problems, some
review of the neuroscience of language is in order. There are subsections of the relevant Chapters
4 and 7 that survey some of the most relevant neurolinguistics to those problems to show how
the NEMO models and algorithms broadly reflect what is known about language in the brain.
Hence, in this section we will chiefly concern ourselves with a general overview of the techniques
in neurolinguistics and, in particular, those that record directly from the brain. That is, while
fMRI and EEG/MEG studies are very important in languages (and among those referred to in the
neuroscience sections of Chapters 4 and 7), direct-brain recording techniques are more likely to be

those through which ensembles for linguistic function are experimentally established.

1.7.1 The main methodologies

The main direct brain-recording (or rather “intracranial") experimental methods used in study-
ing language are (1) direct electrical stimulation, (2) single-cell electrode recordings, (3) elec-
trocorticography (ECoG) and most recently (4) multielectrode arrays and neuropixels. Kem-
merer’s classic neurolinguistic textbook [26] gives a thorough overview of these (as well as non-

intracranial) techniques, and the review here largely follows his presentation.
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Direct electrical stimulation is a major intracranial method in language, especially historically.
Originally developed as a technique for studying epilepsy and seizures more generally, this tech-
nique involves using a handled electrode to directly stimulate some portion of the brain. Most
work of this kind shows negative results; that stimulation can impair specific components of lan-
guage function, which is important in studying separations between linguistic functions and in
the anatomical localization. Ojemann’s landmark studies in the late 80s identified a specific “mo-
saic" of sites whose stimulation disrupted object naming from images, and whose locations varied
greatly among patients. Later, other studies showed the cortical separation of languages in mul-
tilingual people [27], dissociations (that is, separate distruptability) of language production and
comprehensions [28], dissociations between nouns and verbs (disrupting ability to name/produce
one but not the other [29]; this is highly related to our treatment of nouns and verbs as having
separate lexical areas in Chapter 7), as examples. Direct electrical stimulation has been described
as the “gold standard for brain mapping" [Mandonnet2009], but it of course has many limitations,

as the effects of passing current through cortex are not well understood.

Single cell recordings. There is very limited work using single-cell electrodes to study language
in the brain, but a representative work is Creutzfeldt’s seminal 1989 study “Neuronal activity in the
human lateral lobe, responses to speech" [30] which identified individual neurons in the right STG
(superior temporal gyrus) that responded to specific features of linguistic auditory perception: that
is, neurons that are varyingly receptive to the phonemic, syllabic, or morphological structure of
words. For instance, one cell responded significantly to velar consonants (k or g) in combination
with specific other consonants (r and s). A more recent and systematic survey identifies neurons
that fire robustly in response to particular words, or to complex but specific sets of phonemes and

in a way that is invariant to the speaker [31].

Electrocorticography is an extremely promising technique that implants small electrode arrays
directly into cortex of epileptic patients. A representative study is a 2011 study by Flinker et al.

[32] which presented implanted patients with synthesized syllables, pseudowords, real words and
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proper names. The conclusion was the identification of specific electrode sites with activity in
response to both phonemes and words in a short time frame, and others very consistently only to
words, pointing towards a hierarchical organization of speech processing (phonemes to syllables
to words). Other ECoG studies have tried to decode linguistic features from the ECoG data (that
is, by fitting a model on top of the ECoG data), recorded during linguistic perception of production
tasks, and have successfully done so in certain domains, e.g. extracting parts of the phonetic form

of words; see [33] for a survey.

Microelectrode arrays and Neuropixels are a recent breakthrough technology in experimental
neuroscience that allow for the simultaneous electrical recording from hundreds of neurons. As an
extremely new technique, it is yet to be widely used to study language. However, a representative
example is the 2024 study “Large-scale single-neuron speech sound encoding across the depth of
human cortex" by Leonard et al [34] which recorded from 685 neurons simultaneously at nine-sites
in the STG while presenting sentences. They discovered individual neurons sensitive to a range of
features (consonants, vowels, pitch, onsets, etc), and finding that neurons at similar cortical depths

encoded similar features.

1.7.2  Songbirds

Another field of study worth mentioning in relation to the theoretical study of language in the
brain is the study of songbirds, whose song system, while very different from human language
overall, bears a lot of similarity to human phonology and in particular in the domain of phono-
logical learning (i.e. how babies learn which sounds make up their language has parallels with
how baby birds learn song from adult birds). Two surveys give an overview of these connections:
“Translating Birdsong: Songbirds as a model for basic and applied medical research” by Brainard
and Doupe [35] and “Analogies of human speech and bird song: From vocal learning behavior to
its neural basis" by Zhang et. al [Zhang2023].

The same basic principle underlies both song and human language learning: a feedback loop
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of receiving auditory input, and repeated vocal imitation on the part of the learner, until a stable
pattern of output is learned. Other similarities in these “linguistic" systems is that both human
phonology and bird song have “syntactic" properties (phonological / phonotactic in the form of
language, i.e. rules governing how sounds can be combined or affect each other in human language,
and similar principles have been studied in bird song), and both species have “critical periods", ages
during which acquisition must happen before it is too late, suggesting that perhaps similar neural
mechanisms (a period when plasticity is particularly high, or pruning occurs) is involved (note that
the exact nature or extent of critical periods in humans is debated). These similarities, and the
same fundamental learning paradigm, were achieved in both species through parallel evolutionary
branches.

There is also high-level parallelism between the neural systems in the phonological systems of
both species. Humans, songbirds, and non-human apes all have a laryngeal motor cortex pathway;
i.e. parts of cortex can control the larynx and hence vocalizations. But only in humans and song-
birds is there an additional language learning pathway, which in birds is localized in the anterior
forebrain, which exchanges input to and from the laryngeal motor cortical pathway in both species.

The linguistic problems tackled in this thesis are chiefly on the syntactic and semantic linguistic
levels; the question of how NEMO dynamics could be used to model phonological learning is an
interesting, but currently open problem. However, when this is eventually studied, one could
instead focus on modeling songbird phonology since this may not only be simpler but has more

experimental neural data.
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Chapter 2: The NEMO model

This chapter introduces the NEMO family of models, which are the object of study thoughout
the rest of the thesis. While improved for the purpose of this thesis, these models were origi-
nally defined in with Christos Papadimitriou, Santosh Vempala, Michael J. Collins, and Wolfgang
Maass in [36, 37]. The “basic-NEMO" model is the set of biologically plausible assumptions that
are common to all versions of the NEMO model used in this thesis and related works. The full
NEMO model is the basic-NEMO model with one additional computational ingredient (alterna-
tively, abstraction of neurobiological principle). Finally, there are several additional variants of
NEMO that are studied less often, but which are nonetheless important and are summarized at the

end of this chapter.

2.1 The basic-NEMO model

In these models, the brain is divided into a finite number a of brain areas denoted A, B, C, ...
each containing n excitatory neurons. These are intended to represent a anatomically and function-
ally meaningful partition of the cortex, the largest part of human and primate brains that is known
to be used flexibly and adaptively across almost all cognitive tasks. These areas are initialized with
random connections; that is, each ordered pair of neurons in an area is connected by a synapse with
the same probability p, independently of what happens to other pairs. That is, each area internally
is a random weighted directed Erdds—Renyi random graph. or G, , (this is a well studied mathe-
matical random graph model [38]). Each synapse (i, j) has synaptic weight w;; > 0 initialized to
1, but which will change dynamically.

Each ordered pair of areas, say (A, B) with A # B may or may not be connected. If they are

connected, then there is a random directed bipartite graph connected neurons in A to neurons in

28



2N

N RV
-
\_

I\ AU

Y Y o

N\ /

Figure 2.1: An instance of the NEMO model with 9 areas. All areas have recurrent connections
(green arrows), and some ordered pairs of areas have fibers between them (red arrows).

B. That is, for every neuron in A and every neuron in B there is a probability p of a synaptic
connection from the former to the latter (if sampled, it is initialized with weight 1). We will
sometimes say that A is connected to B, or equivalently that there is a fiber from A to B.

The model also encompasses simplified forms of local inhibition and plasticity. Indeed, for
two areas A and B that are both connected to each other, there is nothing that distinguishes the
model from a single large area. The effect of local inhibitory neurons (whose output is thought to
apply locally across all neurons in a single area) is that at any time step, exactly k£ neurons in each

area can fire: the k£ neurons with the top synaptic inputs among all neurons in that area. Finally, we
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assume one of the simplest possible abstractions of local plasticity, namely multiplicative Hebbian
plasticity. if at a time step neuron i fires and at the next time step neuron j fires, and there is a
synapse from i to j, the weight of this synapse is multiplied by (1 + ), where S > 0 is the final
parameter of basic-NEMO.

That is, events happen in discrete time steps (which we think of corresponding to roughly 20
ms of time in the brain). The state of the model, which is in fact a dynamical system, at each time
step ¢ consists of (a) for each neuron i a bit f/ € {0, 1} denoting whether or not i fires at time ¢, and
(b) the synaptic weights wﬁj of all synapses in E. Given this state at time ¢, the state at time ¢ + 1 is

computed as follows:

1. For each neuron i compute its synaptic input SI| = 3, J)EE. f1=1 w;i, that is, the sum total of

all weights from pre-synaptic neurons that fired at time 7.

2. For each neuron fi’+1 = 1 — that is, / fires at time ¢ + 1 — if i is among the k neurons in its

area with the highest SI! (breaking any ties arbitrarily).

3. For each synapse (i, j) € E,

t+1

wii =wi(1+ ff f;“ B); that is, a synaptic weight increases by a factor of 1 + 3 if and only

if the post-synaptic neuron fires at time 7 + 1 and the pre-synaptic neuron had fired at time ¢.

We call the set of k neurons in an area firing at time ¢ the cap of that area. Sometimes we will
refer to the cap as the area’s winners at that time step. The basic-NEMO dynamical system can
also be captured more succinctly (and perhaps intuitively) via matrix equations. Formally, with
fa(t) the indicator vector of neurons firing in A, and W4 p the matrix of weights from area A to B,
and A the set of all areas in the basic-NEMO instance, the set of equations defining the dynamical

system are
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YA €A, fa(t+1) = k-cap (Z WA,B(l)fB(l))

BeA
VA,B€ A, Wap(t+1) =Wyp(t)+ fat+1)- fa(t)" © (B Wap(1))
In summary, a basic-NEMO instance is defined by a choice of the following parameters:
¢ The number a of brain areas and their labels;
¢ The size n of brain areas;

* For each pair of brain areas, a choice of whether it is connected or not;

The probability p of synapses (both recurrently within areas, and between connected areas)

The size k of caps (effect of local inhibition);

The plasticity coefficient S.

2.1.1 Parameter settings

Having the NEMO family of models have so many parameters, in particular constants like
n, p, k and g presents the difficulty that we are simultaneously asking whether algorithms exist in
these models for certain problems, and for which parameter settings. On one hand, if we can find
an algorithm that works with any setting of the parameters, we will pronounce the model as being
capable of implementing algorithms for that problem. However, the result will be more interesting
(that is, be even more biologically plausible) when the parameters area in a neurobiologically
reasonable range (and generally, we experiment in these ranges to begin with). This range is hard
to pin down, but roughly, we want n to be between 10* and 107, k to be around /n, p is in the
range [0.005,0.05] (that is, probability of synapses is between 0.5% and 5%; in fact, in a more
complicated version of the model we might have different p between different areas or pairs of

areas; see the following discussion). The plasticity parameter 3 is usually in the range [0.005, 0.05.
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To give some early intuition, for many of the algorithms that we find work (or converge) in NEMO,
larger values of the plasticity coefficient 8 result in faster convergence, sometimes to the point of
triviality (so we would like if these algorithms work even with very low £3), and render many of our
proofs simpler. Varying other parameters, such as p or the ratio between k and n can have varying

effects (increasing convergence or entirely destabilizing an algorithm).

2.2 NEMO

The full NEMO model is defined with an additional ingredient: long-range inhibition, or long-
range interneurons (LRIs). The full model contains all the ingredients of basic-NEMO; that is, an

instance is defined by the same choice of areas and parameters as before, with the addition of:

e Anumber of LRIs /y,...,[;

* Each pair of area A and LRI /; may be connected, in which case each synapse from A to /; is

sampled with probability p.
» Each LRI /; has atarget T(l;) € AU(L\{/;}); that s, either an area A or another LRI /; # [;;

* An LRI firing threshold .

We denote by f;.(#) whether LRI /; fires at time step . In addition to the previous rules of the
dynamical system of basic-NEMO, whenever LRI /; fires at time step ¢, fr(;,)(¢+1) is automatically
set to 0; that is, it inhibits its target (either an entire area, or another LRI). Finally, an LRI fires at
time step ¢t whenever its pre-synaptic input at time step # — 1 is greater than 7, and it is not inhibited
as the target of another LRI that fired at time step ¢ — 1.

On one hand, LRIs turn out to be a very powerful ingredient: they enhance a model that can do
basic operations on assemblies of neurons (a concept yet to be formally discussed) to a computation
system that can parse the context-free languages, and much more. On the other hand, we point
out that this way of defining LRIs makes their power rather blunt: they cannot inhibit individual
excitatory neurons in other areas (which would allow to set up very fine-grained circuits); rather,

their firing inhibits an entire target area.
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2.3 Other extensions of NEMO

The basic-NEMO and NEMO models are the two most important models studied so far. How-
ever, there are many other kinds of biological detail that we could have included, or other ways we
could have defined the same principles. Occasionally, we will study other variant models, a few of

which are introduced here.

Homeostasis . The NEMO models, as described so far, would result, through plasticity, in gigan-
tic synaptic weights after a long time of operation. An extension of the model includes a process
via which weights are renormalized, at a slower time scale, so that the sum of presynaptic weights
at each neuron stays relatively stable. There is a homeostasis function /(-) such that at each time
step, after caps are computed and the plasticity rule is applied, each weight w;; is updated to

h(w;;). We will call versions with homeostasis (basic-)NEMO with homeostasis.

Varying n, k, p, 8 . The parameters of basic-NEMO are defined as being the same throughout
the entire “brain" represented by an instance of the model. It is only a slight extension to consider
a version where the model has parameters n4, k4, p4 and B4 for each area A, and p 4 p) for each

ordered pair of areas (A, B), We will call these versions area-grained (basic-)NEMO.

Other models of plasticity The multiplicative Hebbian rule is one of the crudest assumptions
in our model (indeed it results in the potential of exploding weights, for which homeostasis is one
possible correction). Another version is an additive Hebbian rule, where if i fires at time ¢ and j
fires at time ¢ + 1, we apply the rule w;; — w;; + B(w;;). The function B(-)| may just be a small
constant, or it may for instance be an inverse exponential (which at least in part fulfills the role of
homeostasis). This last version is particularly interesting, as recent work (outside the scope of this
thesis) has shown that NEMO with such an additive Hebbian rule can be used to learn arbitrary

discrete conditional distributions, and more generally Markov chains [flippingcoin].
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Other models of connectivity . Several experimental results [39, 40] suggest deviations of the
synaptic connectivity of the animal brain from the uniformity of G, ,. While we are able to achieve
interesting phenomena and algorithms even with this (arguably) simplest model of connectivity,
one can also define and study versions of NEMO where the initial random graph is something

other than G,, .
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Chapter 3: Computing with NEMO: Creation of Assemblies and Basic

Operations

This chapter uses material from [36, 37]. The material has been refurbished for the purposes
of this thesis, but the bulk of the ideas and results presented represent the collaborative effort with
the original authors: Christos Papadimitriou, Santosh Vempala, Michael J. Collins, and Wolfgang

Maass.

3.1 The computational power of basic-NEMO

. What is the computational power of basic-NEMO- can any interesting phenomena, or algo-
rithms, be implemented with the very minimal set of assumptions of (uniform) random connectiv-

ity, local inhibition, and Hebbian plasticity?
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Figure 3.1: Illustrations and simulations of basic-NEMO operations; each subfigure is discussed
in the corresponding subsection. In these experiments, n = 10°, k = 103 and p =0.01
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3.1.1 Assembly creation

Recall the assembly theory of neural computation; that subsets of neurons with high intracon-
nectivity and that fire together represent cognitive concepts in the brain, and that computations
on these concepts are realized as manipulations of these assemblies. How do such assemblies in
the association cortex come about? It has been hypothesized (see e.g. [41]) that an assembly im-
printing, for example, a familiar face in a subject’s medial temporal lobe (MTL) is created by the
projection of a neuronal population, perhaps in the inferotemporal cortex (IT), encoding this face
as a whole object. A similar process is predicted in the discussion of [6], where neuronal subsets
fire from the olfactory bulb into the piriform cortex, resulting in assemblies in pirifiorm cortex
through repeated firing, plasticity, and local inhibition.

These biological findings and hypotheses motivate the following experiment, which is also
perhaps the simplest experiment that we could define. We consider an instance of basic-NEMO
with just two brain areas A and B, with a fiber from A to B. Suppose in area A, we choose a
fixed subset x of k neurons to fire at all time steps # = 1,2, ... (within an area is used in this way—
purely as input for firing into other areas— we sometimes call it a stimulus. Initially, at time step
t = 1, no neurons in B fire. Since x in area A fires at times 1,2, ... (and ignoring all other areas),
it will effect at times 1, 2, . . . the firing of an evolving set of k neurons in B — a sequence of caps
—, call these sets y!,y%,.... Attime 1, y' will be simply the k neurons in B that happened to
receive the largest synaptic input from x (since all weights are initialized to 1, these are also the
neurons with the most edges from x), as shown in Figure ?? A. At time 2, however, y2 will be the
set of neurons in B that receive the highest synaptic input from x and y' combined — and recall
that the synaptic weights from x to y!' have increased. If this continues, we show that with high
probability (where the probability space is the random connectivity of the system), the sequence
{y'} eventually converges to a stable assembly y in B. This is shown in Figure ?? B1-3.

We call this set the projection of x in B, or proj(x, B). This set not only comes about in ways
reflecting how we believe assembly formation takes place in the brain, but also has critical proper-

ties that urge this interpretation. Hebb [8] hypothesized that assemblies are densely intraconnected
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— that is, the chance that two neurons have a synaptic connection is significantly larger when they
belong to the same assembly than when they do not — and our analysis and simulations verify
this hypothesis for sets obtained as projections of stimuli (random subsets in another area, as in the
algorithm described previously). From the point of view of computation this is rather surprising,
because the problem of finding a dense subgraph of a certain size in a sparse graph is a known
difficult problem in computer science [42], and thus the very existence of an assembly may seem
surprising. How can the brain deal with this difficult computational problem? The creation of an
assembly through projection as outlined in the previous paragraphs provides an explanation: Since
the elements of assembly y were selected to have strong synaptic input from the union of x and
y, one intuitively expects the synaptic recurrent connectivity of y to be higher than random. In
addition, the weights of these synapses should be higher than average because of plasticity.

Our projections also have the property that they co-fire (a hypothesized, essential function of

neurobiological assemblies) in three increasingly strong senses:
» If we set x and y to fire, at the next time step y fires.

« If we fire just x (that is, temporarily set the winners of B to the empty set: fz(¢) = OV),
within a small number of time steps, y is always the firing set in B (in fact, as soon as y is

the set to fire in B, if the previous condition is satisfied, then clearly y will continue to fire in

perpetuity)

o If we fire just the set y (that is, f4(¢) = OV), then at the next time step y fires (and hence in

perpetuity).

These three notions of co-firing are slightly different; the third, in particular, is a sort of stability (or
memory-like) property. We find that in any basic-NEMO parameter setting, an increasing number
of firing time steps during projection is needed to achieve the stronger notions of co-firing, but all
3 are achieved relatively quickly in reasonable parameter settings. In Figure ?? B4, we simulate
and plot the total support size, or the total number of neurons in the downstream area to have ever

fired, for varying levels of 3.
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3.1.2 Association

In a recent experiment [43], electrocorticography (eCoG) recordings of human subjects re-
vealed that a neuron in a subject’s MTL consistently responding to the image of a particular fa-
miliar place — such as the Pyramids — starts to also respond to the image of a particular familiar
person — say, the subject’s sibling — once a combined image has been shown of this person in
that place. A compelling parsimonious explanation of this and many similar results is that two
assemblies imprinting two different entities adapt to the cooccurrence, or other observed affinity,
of the entities they imprint by increasing their overlap, with cells from each migrating to the other
while other cells leave the assemblies to maintain its size. Assemblies are large and in many ways
random sets of neurons, and as a result any two of them, if in the same area, may overlap a little
by chance. If the assembly size k is about less than the square root of n, as we often assume in our
simulations, this random overlap, if any, should be very few cells. In contrast, overlap resulting
from association is quite substantial: the results of [43] suggest an overlap between associated
assemblies in the MTL of about 8 — 10% of the size of an assembly. The association between as-
semblies evokes a conception of a brain area as the arena of complex association patterns between
the area’s assemblies

The basic-NEMO model can implement this phenomenon in an extremely simple way. Suppose
two assemblies in two different areas A and B have been independently projected into a third area
C to form assemblies x and y, and subsequently, the two parents assemblies fire simultaneously.
Then, each of x, y will respond by having some of its neurons migrate to the other assembly. We
call this operation the association of x and y. In our simulations, we fire both A and B into C for
T time steps, and vary T to study the resulting overlap in x and y. In Figure ?? D, the overlap of
projected assemblies is plotted with respect to the overlap of input assemblies. The operation to

increase overlap is simulated and summarized in Figure ?? E.
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3.1.3 Pattern completion

Another important and well studied phenomenon involving assemblies is pattern completion:
the firing of the whole assembly x in response to the firing of a small subset of its cells [44]; pre-
sumably, such completion happens with a certain a priori probability depending on the particular
subset firing.

In the basic-NEMO model, we can implement pattern completion happens in a rather striking
way, with small parts of the assembly being able to complete very accurately the whole assembly.
Assume we have created an assembly is created in an area A by repeated firing of its parent; we
vary the number of times the parent fires as a parameter 7. Afterwards, we stop firing the parent,
and instead fire 40% of neurons of the assembly are selected at random and fire for a small, fixed
number of steps, and then observe the overlap of the resulting cap with the original assembly. This
is illustrated in Figure ?? F1. As shown in Figure ?? F2, we are able to recover much if not all
of the original assembly; with more reinforcement of the original assembly, the subset recovers

nearly all of the original assembly.

3.1.4 Reciprocal project

Reciprocal projection is a version of projection with strong backward synaptic connectivity
from the resulting assembly to its parent assembly or stimulus. Reciprocal projection has been
hypothesized to be instrumental for implementing variable binding in the brain, such as designat-
ing “cats” as the subject of the sentence “cats chase mice,” see [45]. The plausibility of reciprocal
projection has been experimentally verified through detailed simulations of networks of spiking
neurons with STDP [45].

Reciprocal projection can be implemented in basic-NEMO with slightly more time-steps or
only slightly stronger plasticity. As in projection, we have two areas A and B, but this time, let
x be an assembly (that is, not just a stimulusbut a set itself formed through projection from some
parent area, and hence with co-firing stability properties). The difference is that this time, we

also have a fiber from B to A. At time step 1, we fire only x, but as the ssystem evolves, there
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is also synaptic connectiivty from B to A (in addition to connectivity from A to B) which causes
in the next step x to move slightly to a new assembly x,, while y; becomes y;. This continuing
interaction between the x;’s and the y;.;’s eventually converges, albeit slower than with ordinary
projection, which can be compensated by conditions of ampler synaptic connectivity and plasticity.
The resulting assembly y has strong synaptic connectivity both to and from x (instead of only from
x to y, as is the case with ordinary projection). We demonstrate that reciprocal projection works as

described above has been shown both analytically and through simulations in our model.

3.1.5 Merge

Linguists had long predicted that the human brain is capable of combining, in a particularly
strong sense, two separate entities to create a new entity representing this specific combination
[46, 47], and that this ability is recursive in that the combined entity can in turn be combined with
others. This is a crucial step in the creation of the hierarchies (trees of entities) that seem necessary
for the syntactic processing of language, but also for hierarchical thinking more generally (e.g.,
deduction, discourse, planning, story-telling, etc.). Recent fMRI experiments [48] have indicated
that, indeed, the completion of phrases and sentences (the completion of auditory stimuli such as
“hill top” and “ship sunk™) activates parts of Broca’s area — in particular, the pars opercularis
BA 44 for phrases, and the pars triangularis BA 45 for sentences. In contrast, unstructured word
sequences such as “hill ship” do not seem to activate Broca’s area. Recall that Broca’s area has
long been believed to be implicated in the syntactic processing of language.

A parsimonious explanation of these findings is that phrases and sentences are represented
by assemblies in Broca’s area that are the results of the merge of assemblies representing their
constituents (that is, assemblies for words such as “ship” and “sunk™); presumably the word as-
semblies reside in Wernicke’s area implicated in word selection in language. As these hierarchies
need to be traversed both in the upward and in the downward direction (e.g., in the processes of
language parsing and language generation, respectively), it is natural to assume that merge must

have two-way connections between the new assembly and the constituent assemblies.
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We present an algorithm for implement merge in basic-NEMO, which is by far the most com-
plex of the algorithms of this chapter, and among all known algorithms of basic-NEMO. It involves
the coordination of five different brain areas, with ample reciprocal connectivity between them, and
requires stronger plasticity than other operations. Merge is essentially a double reciprocal projec-
tion. We first create assemblies x and y in areas B and C (and omit the labels of their two parent
areas which act as stimuli). We have a fifth area A, with fibers to and from areas B and C. We
then initialize the dynamical system to fire the parents of x and y, which initiates firing of x and
y into A, and as in reciprocal projection, firing back from A into B and C which destabilizes x
and y in the first few time steps. However, this interaction eventually converges, albeit slower (or
with more demanding settings of ), whereby a new assembly z is eventually formed in area A.
The assemblies x and y in B and C may be modified in this process. In the resulting assemblies
there is strong two-way synaptic connectivity between x and z, as well as between y and z. This is
illustrated in Figure ?? G1, and experiment convergence results are shown in G2, where the total

support size (number of neurons to ever fire in area A, the merge area) is plotted against time.
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Chapter 4: Parsing in NEMO

This chapter uses material from [49] The material has been refurbished for the purposes of this
thesis, but the bulk of the ideas and results presented represent the collaborative effort with the

original authors: Christos Papadimitriou and Michael J. Collins.

4.1 Overview

Language is a distinguishing human function involving the creation, articulation, comprehen-
sion, and maintenance of hierarchically structured information about the world. It is beyond doubt
that language is achieved through the activity of neurons and synapses — but how? There has been
extensive previous work in cognitive experiments — psycholinguistics, computational psycholin-
guistics, and brain imaging — that has led to many insights into how the brain processes language
(see section ?? for an overview). However, no concrete narrative emerges yet from these advances
about the precise way in which the activity of individual neurons can result in language. In partic-
ular, we are not aware of an experiment in which a reasonably complex linguistic phenomenon is
reproduced through simulated neurons and synapses. This is the direction pursued here.

Developing an overarching computational understanding of the way neurons in the human brain
can make language is hindered by the state of neuroscience, which (a) predominantly studies sen-
sory and motor brain functions of animals other than humans; and (b) with respect to computational
modeling, focuses on the level of neurons and neuronal circuits, and lacks the kind of high-level
computational model that seems to be needed for understanding how high-level cognitive functions
can emerge from neuronal activity.

However, the results of the previous chapter raises the question of whether the NEMO model

is a good, or even sufficient computational framework to model language. We recall that NEMO
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describes a dynamical system involving the following parts and properties, well attested in the
neuroscience literature: a) brain areas with random connections between neurons; b) a simple
linear model of neuronal inputs; c) inhibition within each area such that the top k most activated
neurons fire; d) a simple model of Hebbian plasticity, whereby the strength of synapses increase
as neurons fire. An important object emerges from these properties: the assembly, a large set of
highly interconnected excitatory neurons, all residing in the same brain area.

Indeed, assemblies have been hypothesized by Hebb seven decades ago [50], and were identi-
fied in the brain of experimental animals two decades ago [51]. There is a growing consensus that
assemblies play a central role in the way brains work [52], and were for instance recently called
“the alphabet of the brain” [53]. Assemblies can, through their near-simultaneous excitation, rep-
resent an object, episode, ideas, and perhaps words (or rather, morphemes) and other linguistic
constituents. Importantly, as shown in the previous chapters, assemblies are an emergent property
of the dynamical system under conditions (a) — (d) above, both in theory and in simulations.

The dynamical system also makes it possible to create and manipulate assemblies through op-
erations like projection, reciprocal projection, association, pattern completion, and merge. These
operations are realistic in two orthogonal senses: first, they correspond to behaviors of assemblies
that were either observed in experiments, or are helpful in explaining other experiments. Sec-
ond, they provably correspond (they “compile down”) to the activity of individual neurons and
synapses; this correspondence is proven both mathematically and through simulations. In the orig-
inal paper in which we discovered and studied these operation, we hypothesized that NEMO may
underlie high-level cognitive functions [37]; in particular, in the discussion section of that paper it
is proposed that one particular operation, merge, may play a role in the generation of sentences.

Note that, regarding the soundness of NEMO, what has been established through mathematical
proof is that NEMO operations work correctly with high probability, where the underlying prob-
abilistic event is the creation of the random connectome. So far, the simulation experiments con-
ducted with NEMO have demonstrated that individual commands of NEMO, or short sequences

thereof, can be successfully and reliably implemented in a simulator. However, the proofs and
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experiments of the previous chapters concern small manipulations of 1 to 5 brain areas and at most
several assemblies; an important open problem left open by this work is: do such operations and
simulations scale? For example, can one implement in NEMO a computationally demanding cog-
nitive function, such as the parsing of sentences, and will the resulting dynamical system be stable
and reliable? This is nature of the algorithms and experiments described in this chapter.

In this chapter we present a Parser in the NEMO model. In other words, we design and simulate
a biologically realistic dynamical system involving stylized neurons, synapses, and brain areas. We
start by encoding each word in the language as a different assembly of neurons in the brain area we
call LEX. Next, we feed this dynamical system with a sequence of words (signals that excite the
corresponding sequence of word-coding assemblies in LEX).

The important questions are: Will the dynamical system parse sentences correctly? And how
will we know?

To answer the last question first, our dynamical system has a Readout procedure which, after
the processing of the sequence, revisits all areas of the system and recovers a linked structure. We
require that this structure be a parse of the input sentence. Our experiments show that our Parser
can indeed parse correctly, in the above sense, reasonably nontrivial sentences, and in fact do so at
a speed (i.e., number of cycles of neuron firings) commensurate with that of the language organ.

The Parser is an instance of NEMO made up of several brain areas, as well as fibers of synapses
connecting these areas, and uses the operations of NEMO, enhanced in small ways explained in
Section 3. It is in principle be possible to use the plain NEMO itself [37], but this would complicate
its operation and presentation, and entail the introduction of more brain areas in order to model fiber
inhibition. This point is revisited and explained in this chapter. Another important point is that
this NEMO device assumes that powerful word representations for each word of the lexicon have
already been learnt in the form of assemblies with LRIs, and implements essentially a lexicalized
parser, producing a dependency graph.

While the experiments in this chapter entail the parsing of rather simple sentences in English,

and in particular can not handle dependent (embedded) clauses, in Chapter 5 we present an im-
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proved parsing algorithm that handles exactly this, and leads to surprising consequences in the
theory of formal languages. In the Extensions section of this chapter, we also argue that our Parser
can potentially be extended in various other diverse directions (other than dependency and em-
bedding), such as error detection and recovery, polysemy and ambiguity, and languages beyond
English. We also build a toy Russian parser, as well as a universal device that takes as its input a
description of the language in the form of word representations, syntactic actions and connected

brain areas.

4.1.1 Goals

This research seeks to explore the two questions already highlighted above:

1. Can a reasonably complex linguistic phenomenon, such as the parsing of sentences, be im-

plemented through simulated neurons and synapses?

2. Can a computationally demanding cognitive function be implemented by the NEMO, and
will the resulting dynamical system be stable and reliable? What does this tell us about the

computational power of the NEMO model

The second objective is perhaps the more important and rigorous one. It is difficult to claim that our
implementation of the Parser necessarily resembles the way in which the brain actually implements
language, and in its current state, it cannot predict experimental data. We first and foremost see
the results of this chapter as an existence proof of a nontrivial linguistic device built entirely out
of simulated neuron dynamics, which tells us something about the computational power of the
rather simple set of neurally-inspired assumptions that define NEMO. Of course, the Parser and its
algorithms are too a hypothesis in its infant stages; as both the Parser is scaled and improved, and
a deeper understanding relating NEMO to experimental predictions is developed, we believe that
concrete, testable hypothesis will emerge from this line of work (and some hypotheses implied by

the model even at its current stage are discussed at the end of this chapter).
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4.1.2 Background
Computational psycholinguistics.

There is a rich line of work in computational psycholinguistics on cognitively plausible models
of human language processing. Such work focuses chiefly on (a) understanding whether high-level
parsing methods can be used to predict psycholinguistic data (such as reading-time or eye-tracking
data) and neural data (eg. fMRI and ECoG data from linguistic experiments); and (b) develop-
ing parsing methods that have specific, hallmark, experimentally-established cognitive properties
of human syntactic processing (most importantly incrementality of parsing, limited memory con-
straints, and connectedness of the syntactic structures maintained by the parser). See [54] for a
summary of the psycholinguistic desiderata of (b), as well as a discussion of evaluation standards
for (a). Exemplars of this line of work are Jurafsky’s use of probabilistic parsing to predict reading
difficulty [55], the surprisal-based models of Hale, Levy, Demberg and Keller [56, 57, 58], and
the strictly incremental predictive models of Demberg and Keller [59, 60]. Much work attempts
to achieve the properties in (b) above while maintaining (a), that is, neural and psycholinguistic
predictiveness, e.g. the PLTAG parser of [61], or the parser of [62], which is constructed in ACT-R,
a high-level meta-model of cognitive processing.

A related line of work takes modern neural (ANN) parsing methods, and examines whether the
internal states of these models at parse time can be used to model psycholinguistic and neurological
data observed for the same sentences — see [63] which uses an neural action-based parser, [64]
and [65] which examine various RNN architectures and transformers, and [66] which compares a
wide range of ANN methods. A related direction is that of [67] who build a reservoir network (a
recurrent network that builds a representation of a sentence using fixed, random sparse matrices
for weights) and build a classifier on top that predicts grammatical roles and that has also has
some psycholinguistic predictivity (this has some similarities to aspects in NEMO: namely sparse,
random connections).

The present paper differs from these works in key ways. In all previous work, parsers are
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written in a high-level programming language, whereas we focus on whether a simple parser can be
implemented by millions of individual neurons and synapses through the simulation of a realistic
mathematical model of neuronal processing. In this framework, it is nontrivial to implement a
single elementary step of syntactic processing, such as recording the fact that a particular input
word is the sentence’s subject, whereas in previous work such actions are built into the framework’s
primitives. In a survey paper of cognitive models of language that use ANNSs, Frank summarizes
that "In spite of the superficial similarities between artificial and biological neural networks ...
these cognitive models are not usually claimed to simulate processing at the level of biological
neurons. Rather ... neural network models form a description at Marr’s algorithmic level" [68].
Our work can be seen as largely orthogonal to the related work described above, as we attempt to
bridge granular neuronal mechanics with the study of complex cognitive processes such as syntax.

See Section 4.6 for discussions of potential future work that connects the two areas.

Language in the brain.

The NEMO model makes use of abstracted brain areas (defined in Section 3); therefore the
design of our parser starts with the identification of a set of such areas. Here we discuss how
our choices relate to what is known about language in the brain — a field in which much is yet
unknown, or debated.

It has been known for 150 years that Wernicke’s area in the superior temporal gyrus (STG) and
Broca’s area in the frontal lobe are involved in language; it is now generally — but not universally,
see the discussion below — accepted that Broca’s area is implicated in the processing of syntactic
structures, while Wernicke’s area is involved in word use. Language processing appears to start
with access to a lexicon, a look-up table of word representations thought to reside in the left medial
temporal lobe (MTL) opposite Wernicke’s area. Major anatomical and cytological differences are
known between humans and chimps at and near those areas of the left hemisphere, with evolution-
ary novel powerful fibers of synapses connecting these areas in humans [69]. Based on this, we

believe the inclusion of a lexicon brain area (LEX), containing assemblies representing words, is

48



largely uncontroversial, as are its strong synaptic connections into other brain areas used by the
parser.

The book [70] provides an excellent overview of a major direction in the theory of the language
organ. After word look-up, activity in the STG is thought to signify the identification of syntac-
tic roles; for example, it is known that the same noun is represented at different points in STG
when it is the subject vs. the object of a sentence [71], suggesting that there are specialized areas
representing subject, object, presumably verb, and perhaps other syntactic categories. However,
there is active discussion in the literature on whether brain areas are dedicated to specific linguistic
functions such as syntactic and semantic processing, see for example [72, 73, 74]. In our parser,
we do make use of areas for different syntactic roles, but in doing so, we are not taking sides in the
debate over the syntactic specialization of brain areas; we are not claiming that syntactic analysis
is the exclusive function of these areas — even the LEX area containing representations of words
could be part of a larger memory area in the medial temporal lobe partaking in several aspects of
language.

At the highest level, the parser is generating a hierarchical dependency-based structure of a
sentence that is processed incrementally. In the brain, creation of phrases or sentences seems to
activate Broca’s area — what in [75] is called “merge in the brain.” Long sequences of rhythmic
sentences each consisting of 4 monosyllabic words of the same syntactic structure as in “bad cats
eat fish,” dictated at 4 Hz, result in brain signals from the subject’s brain with Fourier peaks at 1,
2, and 4 Hz, suggesting that the brain is indeed forming hierarchical structures [76]. Our parser
represents a plausible hypothesis for the mechanism behind this process, in that it implements it

within a realistic model of neural computation.

4.2 The NEMO model: Review and Additional Assumptions

In this section we briefly review the NEMO model and discuss some modifications used in
implementing the Parser; importantly, these modifications can be implemented fully in the NEMO

model of Chapter 2 with some small additional overhead.
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Recall that in NEMO, events happen in discrete time steps (think of each step as 20 ms). The
state of the dynamical system at each time step ¢ consists of (a) for each neuron i a bit f/ € {0, 1}
denoting whether or not i fires at time ¢, and (b) the synaptic weights wﬁj of all synapses in E.

Given this state at time ¢, the state at time # + 1 is computed as follows:

1. For each neuron i compute its synaptic input SI] = 3 ; e E.fi=1 WS' ;» that is, the sum total of

all weights from pre-synaptic neurons that fired at time ¢.

2. For each neuron fl.“rl = 1 — that is, i fires at time ¢ + 1 — if / is among the k neurons in its

area with the highest SI! (breaking any ties arbitrarily).

3. For each synapse (i, j) € E,

t+1

wit = wﬁj(l + f! f;“ [); that is, a synaptic weight increases by a factor of 1 + 3 if and only

if the post-synaptic neuron fires at time ¢ + 1 and the pre-synaptic neuron had fired at time ¢.

We call the set of k£ neurons in an area firing at time 7 the cap of that area.

These are the equations of the dynamical system of basic-NEMO. NEMO also has LRIs— neu-
rons whose firing can inhibit entire areas or other LRIs. In contrast to the assembly creation and
manipulation operations of Chapter 3, LRIs will be a crucial ingredient to constructing a Parser,
although they will be used in a limited way and only as part of the input to the device. We will use
the shorthand terminology of saying an area is inhibited (that is, the neurons in it prevented from
firing because of some LRI(s)), or disinhibited (if it is currently in effect because no LRIs fire into
it, or all such LRIs are inhibited).

In this chapter, we will also assume that fibers can be inhibited (be prevented from carrying
synaptic input to other areas); that is, an LRI can have as its target a fiber. This additional as-
sumption can be easily implemented in NEMO: given a NEMO instance 8 with fiber inhibition,
there exists an “equivalent" instance 8’ which has an additional area A for each fiber f of B; for
every LRI of 8 whose target is a fiber f, its target instead set to be the area Ay. There are some

small additional but trivial details to this manoeuvre (in particular the system will need to fire for
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several more time steps to relay input through the new area), and doing so results in an increase in
an increase in the number of brain areas.

Now, there may be multiple populations that inhibit an area or a fiber. We denote this com-
mand by inhibit(A, i), which inhibits A through the excitation of a population named i. Similarly,
disinhibition inhibits a population of inhibitory neurons (such as i above), which currently inhibit
A, an operation denoted disinhibit(A, 7). If, for instance, we inhibit(A, /) and also inhibit(A4, j),
and then disinhibit(A, j), A is still inhibited (because of i). Finally, we assume that a fiber (A, B)
can be similarly inhibited or disinhibited, denoted inhibit((A, B),7) and disinhibit((A, B), ).

We can now define the full state of this dynamical system at time 7. The state contains the firing
state of each neuron, edge weights w;;, and inhibition information. If an area A is inhibited at time
t, and disinhibited at time ¢, we assume that foralli € A, j € (t+1)...7, fl.j = fl.’ . That is, the
firing state is maintained during the entire period of inhibition.

We recall that a critical emergent property of the system is that of assemblies. An assembly
is a special set of k neurons, all in the same area, that are densely interconnected — that is, these
k neurons have far more synapses between them than random, and these synapses have very high
weights — and are known to represent in the brain objects, words, ideas, etc.

Suppose that at time 0, when nothing else fires, we execute fire(x) for a fixed subset of k
neurons x in area A (often these k neurons will correspond to an assembly), and suppose that
there is an adjacent area B (connected to A through a fiber) where no neurons currently fire. Since
assembly x in area A fires at times 0, 1, 2, ... (and ignoring all other areas), it will effect at times
1,2, ... the firing of an evolving set of k neurons in B — a sequence of caps —, call these sets
y!',y%,.... Attime 1, y! will be simply the k neurons in B that happened to receive the largest
synaptic input from x. At time 2, y?> will be the set of neurons in B that receive the highest
synaptic input from x and y' combined — and recall that the synaptic weights from x to y! have
increased. If this continues, with with high probability (where the probability space is the random
connectivity of the system), the sequence {y’} eventually converges to a stable assembly y in B,

called the projection of x in B. There are more high-level operations in AC (reciprocal projection,
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merge, association, etc.), comprising a computational framework capable of carrying out arbitrary
space-bounded computations. Here we shall only focus on projection, albeit enhanced as described
below.

Suppose an assembly x in area A is projected as above to area B to form a new assembly y, a
process during which neurons in B fire back into A. It is quite intuitive that, after projection, y is
densely interconnected and it has dense synaptic connections from the neurons in x, because of the
way in which it was constructed. Consequently, if x ever fires again, y will follow suit.

We next define a piece of syntactic sugar, that is, a shorthand for referring to a sequence of
projection operations, which we call strong projection (see Algorithm 1). Consider all disinhibited
areas of the dynamical system, and all disinhibited fibers containing them. This defines an undi-
rected graph (which in our usage will always be a tree). Call a disinhibited area active if it contains
an assembly — the one most recently activated in it. Now, suppose that all these assemblies fire
simultaneously, into every other disinhibited adjacent area through every disinhibited fiber, and
these areas fire in turn, possibly creating new assemblies and firing further down the tree, until the
process stabilizes (that is, the same neurons keep firing from one step to the next). We denote this
system-wide operation strong project or project”. Note that project” simply abbreviates a sequence
of projections (which can be done in the NEMO model); we recall that the notion of fiber inhibi-
tion, which we introduce to simplify the parser implementation, could be removed at the expense
of more NEMO brain areas and perhaps time steps.

Our experiments with the Parser show that indeed the operation project™ works as described —
that is, the process always stabilizes.

In the pseudocode above, the “active assembly x in A" means either the set of £ neurons most
recently fired in A (which, by the dynamics of the system, happens to be an assembly), or a set of
k neurons that is activated (set to fire at # = 1) externally: we use this for activating the assembly

corresponding to a fixed word in Section 4.3.
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Algorit

hm 1: AC code for project™®

1 foreach area A do

2 if there is active assembly x in A then
3 foreach i € x do

cl e

5 end

6 end

7 end

g fori=1,...,20do

9 all A, alli € A, initialize SI! = 0 ;
10 foreach uninhibited areas A, B do
1 if fiber (A, B) inhibited then
12 ‘ skip ;

13 end

14 x={iecA: fl=1};

15 foreach j € B do

16 ‘ SI;- += Diex,(inj)eE Wij >

17 end

18 end

19 foreach uninhibited area A do

20 foreach i € A do

21 if SI! in top—kjeA(SI;.) then
2 ‘ fit+1 =1 :

23 else

24 ‘ fit+1 =0 :

25 end

26 end

27 end

28 foreach uninhibited areas A,B do
29 if fiber (A, B) inhibited then
30 | skip ;

31 end

R foreach (i, j) € (A X B) N E do
33 if f/ =1 and f;“ = | then
34 | wij=wi x (1+8)

35 end

36 end

37 end
38 end
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4.3 The Parser

4.3.1 Parser Architecture

The Parser is a program in NEMO whose data structure is an undirected graph G = (A, ¥).
A is a set of brain areas and ¥ is a set of fibers, that is, unordered pairs of areas. One important
area is LEX, for lexicon, containing word representations. LEX, which in the brain is believed to
reside in the left MTL, is connected through fibers with all other areas. The remaining areas of A
perhaps correspond to subareas of Wernicke’s area in the left STG, to which words are projected
from left MTL for syntactic role assignment. In our experiments and narrative below these areas
include VERB, SUBJ, OBJ, DET, ADJ, ADV, PREP, and PREPP. Besides LEX, several of these
areas are also connected with each other via fibers (see Figure 4.2). Each of these areas was
postulated because it seemed necessary for the Parser to work correctly on certain kinds of simple
sentences. As it turns out, they correspond, roughly yet unmistakably, to dependency labels. A
can be extended with more areas, such as CONJ and CLAUSE; see Section 4.6 for a discussion of
some of these extensions.

With the exception of LEX, all of these areas are standard NEMO brain areas, containing n
randomly connected neurons of which at most k fire at any point in time. In contrast, LEX contains
a fixed assembly x,, for every word in the language. The x,, assemblies are special, in that the firing
of x,, entails, besides the ordinary effects of firing assemblies have on the system, the execution
of a short program a,, specific to word w, called the action of w. Intuitively, the sum total of all
actions in assemblies of LEX constitute something akin to the device’s grammar. The action of
each word is implemented by an LRIs for each rule of the action.

The action @,, of a word w is two sets! of INHIBIT and DISINHIBIT commands, for specific
areas or fibers. The first set is executed before a project* operation of the system, and the second

afterwards.?

'We do not call them sequences, because we think of the commands in each as executed in parallel.
2To simplify notation, we enumerate the inhibitory populations i separately for each area and fiber, i.e. each area
and fiber can be inhibited by inhibitory populations {0, 1, ...}; in most cases there is only one, rarely two.
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Post-commands =

Pre-commands = - inhibit(SUBJ), 0)
o = disinhibit((LEX, VERB), 0) ~ : disinhibit(OBJ), 0)
Saw disinhibit((VERB, SUBJ), 0) :  inhibit((LEX, VERB), 0)

Figure 4.1: An example of an action, in this case for the transitive verb saw

The action for the word chase is shown in Figure 4.1 (More examples of actions and their com-
mands for other parts of speech are given in figure 4.2). In fact, every standard transitive verb has
the same action. The pre-commands disinhibit the fibers from LEX and SUBJ to VERB, allow-
ing an assembly to be formed in VERB that is the merge of the word assembly x¢hase in LEX and
the assembly representing the subject noun phrase in SUBJ, which because subjects precede verbs
in (our subset of) English, must have hitherto been constructed. Since chase is a transitive verb,
the post-rules include the disinhibition of OBJ in anticipation of an obligatory object. In terms of
neurons and synapses, we think that the k firing neurons comprising the assembly x,, contain cer-
tain neuron subpopulations whose firing excites the appropriate inhibitory and disinhibitory neural
populations (the ones in the post commands through a delay operator). These subpopulations may

be shared between all transitive verbs.

4.3.2 Operation

As shown in Algorithm 2, the Parser processes each word in a sentence sequentially. For each
word, we activate its assembly in LEX, applying the pre-commands of its lexical item. Then, we
project*, projecting between disinhibited areas along disinhibited fibers. Afterwards, any post-
commands are applied.

In the pseudocode above, O € A U F can represent either an area or a fiber, depending on the

command.
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Algorithm 2: Parser, main loop

input : a sentence s
output: representation of dependency parse of s, rooted in VERB

disinhibit(LEX, 0) ;
disinhibit(SUBJ, 0) ;
disinhibit(VERB, 0) ;
foreach word w in s do
activate assembly x,, in LEX ;
foreach pre-rule (Dis)inhibit(d, i) in @, — Pre-Commands do
| (Dis)inhibit(0, i) ;
end
end
10 project* ;
11 foreach post-rule (Dis)inhibit(O, i) in @,, — Post-Commands do
2 | (Dis)inhibit(d, i)
13 end

o e g S AW N

4.3.3 Readout

After the completion of Algorithm 2, we will argue that a dependency tree of the sentence is
represented implicitly in the synaptic connectivities w;; between and within brain areas of G. To
verify this, we have a readout algorithm which, given the state of G (in fact, only the w;; and the
k neurons last fired in VERB are needed), outputs a list of dependencies. Our experiments verify
that when applied to the state of G after parsing a sentence with Algorithm 1, we get back the full
set of dependencies.

For notational convenience, we define an operation try-project(x, B), in which an assembly x
in some area A projects into area B, but only if this results in a stable assembly in B. This is
tantamount to projecting only if x was projected into B during the Parser’s execution (as part of a
project® in some step). Lastly, define getWord() to be the function which, at any given time when
an assembly x,, is active in LEX, returns the corresponding word w. In the following pseudocode,
try-project(x, B) returns an assembly y in B if it succeeds, and NONE otherwise.

We present the readout algorithm mostly as a means of proving the Parser works, since it

demonstrates a mapping between the state of the Parser graph G (namely, its synaptic weights)
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Algorithm 3: Read out of parse tree in G

input : G after parsing, with active root assembly v in VERB
output: the parse tree stored implicitly in G

1 initialize stack s as {(v, Verb)} ;
2 initialize dependencies D = {} ;
3 while s not empty do

4 | (x,A)=spop();

project(x, LEX) ;

wa = getWord() ;

foreach area B # A s.t. (A,B) € ¥ do
y = try-project(x, B) ;

if y not None then

10 project(y, LEX) ;

11 wp = getWord() ;

DR

12 add dependency w 4 L ptoD;
13 s.insert((y, B)) ;

14 end

15 end

16 end

17 return D ;

and a list of dependencies. However, we remark that it is not biologically implausible. try-project
is not a new primitive, and can be implemented in terms of neurons, synapses, and firings. Most
simply, x can fire into B, and if the resulting k-cap in B is not stable (changes with a repeated
firing, say), it is not an assembly. Alternatively (and in simulation), one can project from B into
LEX, and if the cap in B is not a stable assembly formed during parsing, the k-cap in LEX will also
not be an assembly, i.e. not correspond to any valid x,, (this is related to “nonsense assemblies"
discussed in Section 4.6). Further, the stack of Algorithm 3 is only used for expository clarity; as
the assemblies projected are always the ones projected to in the previous round, with some thought
one could implement the algorithm with project*.

As an example, figure 4.2 shows the trace of the Parser throughout the sentence “the man saw
a woman'". The action a; of each word is given beneath a figure showing the state of the Parser
after the Pre-commands and project* have occurred for that word. Green areas and fiber arrows

are disinhibited; red are inhibited. All assemblies active right after project™ are shown (with the
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SUBJ

Pre-commands =
= disinhibit(DET, 0)
the disinhibit((LEX, DET), 0)

SUBJ

5|

Pre-commands =
disinhibit((LEX, VERB), 0)
saw disinhibit((VERB, SUBJ), 0)

Post-commands =
inhibit((LEX, DET), 0)

Post-commands =
inhibit(SUBJ), 0)
disinhibit(OBJ), 0)
inhibit((LEX, VERB), 0)

Pre-commands =
disinhibit((LEX, SUBJ), 0)
disinhibit((LEX, OBJ), 0)
disinhibit((DET, SUBJ), 0)
disinhibit((DET, OBJ), 0)
disinhibit((OBJ, VERB), 0)

a =
man
SUBJ
a =
a
woman o

Pre-commands =

disinhibit(DET, 0)
disinhibit((LEX, DET), 0)

Pre-commands =
disinhibit((LEX, SUBJ), 0)
disinhibit((LEX, OBJ), 0)
disinhibit((SUBJ, DET), 0)
disinhibit((OBJ, DET), 0)
disinhibit((VERB, OBJ), 0)

VERB
o
FEX Y (OBI
Axman
o
\ J
SO e 6
—

Post-commands =
inhibit(DET, 0)
inhibit((LEX, SUBJ), 0)
inhibit((LEX, OBJ), 0)
inhibit((DET, SUBJ), 0)
inhibit((DET, OBJ), 0)
inhibit((OBJ, VERB), 0)

Post-commands =
inhibit((LEX, DET), 0)

Post-commands =
inhibit(DET, 0)
inhibit((LEX, SUBJ), 0)
inhibit((LEX, OBJ), 0)
inhibit((SUBJ, DET), 0)
inhibit((OBJ, DET), 0)
inhibit((VERB, OBJ), 0)

Figure 4.2: Execution of the %’élrser on an example sentence



one in LEX labeled x,,). Purple dotted arrows indicate assemblies that have been connected; one
can fire to activate the other. Purple arrows to LEX are shown only in the stage in which they are
created. Green () and red () circles indicate areas or fibers that will be disinhibited/inhibited

by the Post-commands.

4.4 Experiments

We provide an implementation of the Parser in Python. Importantly, the entire algorithm, at
its lowest level, is running by simulating individual neurons and synapses, and any higher-level
concept or structure (such as the parse tree itself) is an abstraction that is encoded entirely in the
individual firings and neuron-to-neuron synaptic weights of a giant graph and dynamical system
representing the brain.

We provide a set of 200 varied sentences that are parsed correctly by the Parser. For each sen-
tence we have a target correct dependency structure; we verify that the Readout operation produces
this dependency structure for each sentence.

The sentences were designed by hand in order to demonstrate a variety of syntactic phenomena
that our Parser (and NEMO) can handle; this includes prepositional phrases, transitivity and in-
transitivity (including verbs that can be both transitive or intransitive), optional adverb placement
pre- or post-verb, and several more. See Section 4.5 for these example sentences and the syntactic
pattern they represent. We remind the reader that to our knowledge, this is the first realistic parser
implemented on the level of individual neurons and synapses.

The 200 sentences parsed were sampled from 10 syntactic patterns the Parser was designed to
handle, from a vocabulary of 100 words. Since the underlying dynamical system can in principle
develop an instability with low probability, failure is still possible, but it did not happen in our
experiments. There are syntactic structures that the Parser does not currently handle, but which we
believe are possible in our model in two senses: first, the grammar (word actions) can be expanded
to handle these structures, and more importantly, the dynamical system will still correctly parse

them with high probability. A prime example of such a structure is sentence embedding (“the man
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said that..."). See Section 4.6 for more discussion of such extensions.

The speed of parsing in our simulations is commensurate with known bounds on neural lan-
guage processing. In each step, the participating assemblies must fire enough times for the project™
operation to stabilize; we find through simulation that for reasonable settings of the model’s hy-
perparameters, convergence occurs within 10-20 firing epochs, even when multiple brain areas
are involved. Assuming 50-60 neuron spikes (NEMO time steps) per second, and allowing for the
(parallel) execution of the inhibit/disinhibit operations in the word’s action, which will take a small

number of additional cycles, we arrive at a frequency range of 0.2-0.5 seconds/word.

4.5 Details of the experiment

English We generated 10 examples each from the 20 templates shown below, a total of 200
sentences. Our Parser simulator correctly parsed all 200 examples, in the sense that a correct
dependency graph was enerated by the readout. Each of the 20 templates is a part-of-speech
sequence. For each template we show below an example sentence, and in the code files we provide
the correct dependencies for each to compare to the Parser’s output. In the templates below, V =

V-TRANS.
1. N V-INTRANS (people died)
2. N V N (dogs chase cats)
3. D N V-INTRANS (the boy cried)
4. DN V Nor N V D N (the kids love toys)
5. DN V D N (the man saw the woman)
6. ADJN V Nor N V ADIJ N (cats hate loud noises)
7. D ADJ N D ADJ N (the rich man bought a fancy car)

8. PRO V PRro (I love you)
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9. {D} N V-INTRANS ADVERB (fish swim quickly)

10. {D} N ADVERB V-INTRANS (the cat gently meowed)

11. {D} N V-INTRANS ADVERB (green ideas sleep furiously)

12. {D} N ADVERB V {D} N (the cat voraciously ate the food)

13. {D} N V-INTRANS PP (the boy went to school)

14. {D} N V-INTRANS PP PP (he went to school with the backpack)

15. {D} NV {D} N PP (cats love the taste of tuna)

16. {D} N PP V N (the couple in the house saw the thief)

17. {D} N copULA {D} N (geese are birds)

18. {D} N COPULA ADIJ (geese are loud)

19. complex sentences with copula (big houses are expensive)

20. chained adjectives, extended model (the big bad problem is scary)
Russian To demonstrate parsing of a syntactically very different language, we consider Rus-
sian sentences with subject, object, and indirect-object, like ‘“>kenmuna mana MyK4nHe CyMKY"

(woman-nom give-past man-dat bag-acc, “the woman gave the man a bag"). All 4! = 24 permu-

tations of this sentence are valid, e.g. “cymky kenmmHa myzkuune pasaa’. For each of them,

. Nom DAt
the Parser produces the same dependencies ) = { nama——KeHINHA, Jaja—> MYXKIHIHE,

Acc
JaJla——>CyMKY }.

4.6 Extensions and Discussion

The UParser and a parser for Russian. The underlying meta-algorithm of the Parser, which we
call the UParser, takes as input a set of areas A, a set of fibers ¥, a set of words W and a set of ac-

tions a,, for each w € W (whose commands manipulate only areas in A), and parses with NEMO
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using Algorithms 2 of Section 3. The UParser is language-agnostic, and can be seen as modeling
a universal neural basis for language: a specific language instantiates this basis by specifying A
(roughly, its syntactic constituents), ¥, W and the ;. This is in no way constrained to English;
for instance, our model and algorithm are equally well equipped to handle a highly inflectional
language with relatively free word order, where syntactic function is indicated morphologically.
We demonstrate this with a parser for a toy subset of Russian, a language with free word order in
simple sentences. Particularly, our parser works on a set of sentences that is closed under permu-
tation; permutations of the same sentence are parsed correctly, and produce the same dependency

tree (as verified with Algorithm 3). See section 4.5 for more details on the Russian Parser.

The big bad problem and recursion. The Parser of Section 3 is rather skeletal and needs to be
extended to handle recursive constructions such as compounding and embedded clauses. While
how to handle embedding is the theme of Chapter 5, compounding is a much simpler problem.
Consider the sentence “The big bad problem is scary”. Following the Parser of Section 3, after the
word “big”, an assembly a representing “big’” has been created in ADJ which the system anticipates
projecting into SUBJ in a subsequent step (when a noun is encountered) to form an assembly in
SUBJ representing the subject NP. However, the next word is not a noun but “bad”, part of a chain
of adjectives. Now, if we project from LEX into ADJ to form an assembly b representing “bad”, we
lose all reference to a, and there is no way to recover “big"! There are several simple and plausible
solutions to the chaining problem, which can also be used to parse adverb chains, compound nouns,
and other compound structures.

One solution is using two areas COMP; and COMP; in ‘A. When we encounter the second ad-
jective (or more generally a second word of the same part of speech which otherwise would fire into
the same area, overwriting earlier assemblies), we project from LEX into COMP; instead of ADJ,
but simultaneously project from ADJ into COMP; to link the first adjective with the second. For a
third adjective in the chain, we project LEX into COMP; but also COMP; into COMP; unidirection-

ally; generally, for adjective i in addition to LEX we project unidirectionally from COMP ity (i)
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(which contains the previous adjective assembly) into COMPpuity(i—1). We demonstrate parsing
chains of varying lengths with these two areas in our simulations. However, one limitation of this
solution is that it requires unidirectional fibers; if the projection from COMP; to COMP; above is
reciprocal, it won’t be possible to link the assembly in COMP; to another assembly in COMP;.

Another approach, which may be more realistic and obviates the need for unidirectional fibers
(though it cannot handle arbitrary-length chains) is to add more than 2 areas, COMPy,...,COMP,,,
for some small but reasonable m, perhaps 7. Parsing proceeds as in the two area solution but by
chaining COMP; to COMP;;1. The number of areas m could model well-studied cognitive limits
in processing such complex structures, see [77, 78]. To model longer chains, in high-demand
situations or with practice, the brain could recruit additional brain areas.

Such maneuvers can handle right recursion of the form S — A*!A*. Center embedded recur-
sion is more complicated. To construct a parse tree for a sentence with an embedded sentence or
relative clause, for an execution of the Parser’s inner loop, the subjects and/or the verbs of the two
sentences may need to coexist in the corresponding areas. This is not a problem, as brain areas
can handle tens of thousands of assemblies, but the linking structure must be preserved. It must
be possible to save the state of the embedding sentence while the embedded one is serviced. One
possibility is to introduce CURRENTVERB areas, which can be chained like the compounding ar-
eas above, and will act as a stack of activation records for this more demanding form of recursion.
The idea is that, by recovering the verb of the embedding sentence, we can also recover, through
linking and after the end of the embedded sentence, the full state of the embedding sentence at the
time the embedded sentence had begun, and continue parsing. This needs to be implemented and

experimented with.

Disambiguation. In English, rock can be an intransitive verb, a transitive verb, or a noun; so far,
we have ignored the difficult problems of polysemy and ambiguity. To handle polysemy, every
word w may need to have many action sets afv, a/vzv, ..., and the parser must disambiguate between

these.
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We believe that the Parser can be extended to handle such ambiguity. The choice of the action
could be computed by a classifier, taking as input a few words’ worth of look-ahead and look-
behind in the current sentence (or perhaps just their parts of speech), and selecting one of the
action sets; the classifier can be trained on the corpus of previously seen sentences. This also

needs implementation and experimentation.

Error detection. Grammaticality judgment is the intuitive and intrinsic ability of native speakers
of any language to judge well-formedness; this includes the ability to detect syntactic errors. Neu-
rolinguists are increasingly interested in the neural basis of this phenomenon; for instance, recent
experiments have detected consistent signals when a sentence fragment is suddenly continued in a
way that is illegal syntactically [79]. Built into the Parser is the ability to detect some malformed
sentences.

There are at least two simple mechanisms for this. One is when a fragment is continued by
a word that immediately makes it ungrammatical, such as following “the dogs lived” with “cats”.
The Parser, having processed the intransitive verb “lived”, has not disinhibited area OBJ, and
all other noun-related areas are inhibited. Upon encountering ‘“cats”, project* will not fire any
assemblies; we call this an empty-project error.

Other kinds of syntactic violations can be detected by nonsense assembly errors. Such an error
occurs during readout when an area is projected into LEX, but the resulting assembly in LEX
does not correspond to x,, for any w € W; in other words, when the function getWord() of the
readout algorithm of Section 3 fails, which indicates that the state of G must have resulted from an
impossible sentence. We provide a list of illegal sentences for which our Parser simulation detects
empty-project or nonsense-assembly errors, indicating different kinds of syntactic violations.

One kind of syntactic error our Parser does not detect currently is number agreement: Our
simulator would not complain on input “Cats chases dogs;” this is not hard to fix by having separate
areas for the projection of singular and plural forms. Other types of agreement, such as in gender,

can be treated similarly.
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The role of Broca’s area. Language processing, especially the formation of phrases and sen-
tences, has been observed to activate Broca’s area in the left frontal lobe; so far, the parser only
models processes believed to be in the left STG and MTL. We hypothesize that Broca’s area may
be involved in the building of a concise syntax tree summarizing the sentence, consisting of only
the subject, the verb, and the object if there is one (but with access to the rest of the parsed sentence
through the other areas). This would involve new areas S (for sentence) and VP (for verb phrase),
with fibers from VERB and OBJ to VP, and from VP and SUBJ to S. Building the basic three-leaf
syntax tree can be carried out passively and in the background while the rest of syntax processing

is happening in our current model; this is explored in more detail in Chapter 5.

Closed classes and an alternative architecture. Words such as the, of, my may reside in areas
dedicated to closed parts of speech in Wernicke’s area, instead of being a part of LEX as we assume,
for simplicity, in our model and simulations. In fact, before exploring the architecture described
here, we considered an alternative in this direction, which has been suggested in the neuroscience
literature [80].

Suppose that LEX in the left MTL only contains the phonological and morphological infor-
mation necessary for recognizing words, and all grammatical information, such as the actions «,,,
reside in Wernicke’s area, perhaps again in subareas not unlike the ones we postulate here. For
example, SUBJ could contain every noun (in Russian, in its nominative form), as assemblies which
are in permanent projection back and forth with the corresponding assemblies in LEX; likewise
for OBJ (accusative in Russian). Verbs are all permanently projected in VERB, and so on. In
this model, syntactic actions are specific to areas, not words. We plan to further explore what
new problems such a parser would present — and which problems it would solve —, as well as
what advantages and disadvantages, in performance, complexity, and biological plausibility, it may

have.

Predictions of our Model. As explained in the introductory section of this chapter, the Parser is

first and foremost a proof of concept, an “existence theorem” establishing that complex cognitive,
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and in particular linguistic, functions can be implemented in a biologically realistic way through
NEMO. However, to this end, we chose an architecture that is compatible with what is known and
believed about language processing in large parts of the literature. Several predictions can be made
that can be verified through EEG and fMRI experiments. One such prediction is that the processing
of sentences of similar syntactic structure (for example, “dogs chase cats” and “sheep like dogs™)
would result in similar brain activity signatures, while sentences with a different syntactic structure
(“give them food”) would generate different signatures.

When our understanding of the NEMO model improves to a point that it can be used (heuris-
tically) to simulate experimental productions, and/or experimental techniques improve to record
from large numbers of individual neurons in humans, the Parser model can be concretely tested,
as it predicts long-term assemblies corresponding to lexical items in an identifiable LEX area. It
should also be possible to observe the formation, on-the-fly, of assemblies corresponding to syntac-
tic structures and parts of speech formed during parsing; one could also identify the corresponding
areas (such as VERB, SUBJ, etc.). When it comes to identifying areas, the precise anatomical loca-
tion of these may vary per individual, but be consistent in any individual. Our ultimate prediction
is that the long-sought neural basis of language consists of — or rather, can be usefully abstracted
as — a collection of brain areas and neural fibers at the left MTL and STG and elsewhere in the
brain, powered by the project* operation, and adapted during the critical period to an individual’s

maternal tongue and other circumstances.

Open questions A major set of questions left open in this chapter concern extending the scope
of the Parser; this includes the extensions mentioned above (embedding and recursion in particular,
which is addressed in Chapter 5).

Another focus will be integrating this work with the existing directions in computational psy-
cholinguistics. This includes enhancing the parser to exhibit the hallmark psycholinguistic desider-
ata described in Section ??. Our parser in fact has incrementality in the same sense as this literature,

but it would be interesting to achieve connectedness of intermediate structures. Another future di-
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rection would be to consider how a parser implemented in NEMO could be used to predict or
model experimental data (such as processing time).

To conclude, we highlight one open problem for future work, the contextual action problem.
We are given sentence s with labeled dependencies O, and a Parser with an area for each label that
occurs in D, as well as LEX. Do there exist contextual actions a,, for each word w € s such that
the parsing algorithm, combined with readout, yields ©? Can we construct an oracle O(s, w) that
returns the contextual actions? If not, then what set of labeled dependency trees can be recognized
under this formalism? How are such actions represented neurally? Can we plausibly implement

contextual actions in NEMO, based on a word and its immediate neighbors in s?

4.6.1 Conclusion

Few students of the brain think seriously about language, because (1) language is by far the
most advanced achievement of any brain, and (2) despite torrential progress in experimental neu-
roscience, an overarching understanding of how the brain works is not emerging, and the study of
language will require that. This is most unfortunate, because language has evolved rapidly over
a few thousand generations, presumably to adapt to the capabilities of the human brain, and it
therefore presents a great opportunity for neuroscience. This paper is a small first step towards
establishing a framework for studying, computationally, linguistic phenomena from the neuro-
science perspective, and we hope that it will be followed by bolder experiments and far-reaching

advancements in our understanding of how our brain makes language and the mind.
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Chapter 5: Parsing embedded clauses

This chapter uses material from [81]. The material has been refurbished for the purposes of
this thesis, but the bulk of the ideas and results presented represent the collaborative effort with the

original authors: Adiba Ejaz, Mirah Shi, Mihalis Yannakakis and Christos Papadimitriou.

5.1 Introduction

Several research directions were left open by the Parser of the previous chapter. Preeminent
among them were these two: (a) how can the parser be extended so that dependent clauses, and
especially center-embedded ones, are parsed correctly? and (b) how could the constituency repre-
sentation of the sentence (the tree with "Sentence" and "Verb Phrase" as its internal nodes and the
“Subject,” “Verb,” and “Object” as leaves) be produced — there is experimental evidence that the
main constituents of a sentence are indeed created in Broca’s area during sentence processing (e.g.
[ZF)). Can these problems be solved in the NEMO model?

Parsing center-embedded sentences presents a serious conceptual difficulty: the parsing of the
embedding sentence must be interrupted, and then be continued after the embedded sentence is
parsed. This is the nature and essence of recursion. A mechanism for recovering the state of the
parser at the moment of the interruption seems thus necessary. It would be tempting to posit that
recursion in the brain happens as it does in software, through the creation of a stack of activation
records, but as we shall discuss, this is unlikely to be biologically plausible.

In this paper we pursue these two unresolved research goals and make significant progress on
both (a) and (b) above. We start our description with constituents, which is the simpler narrative.
The Parser in Chapter 4 consists of the brain area LEX where the lexicon resides (believed to be a

part of the medial temporal lobe, MTL), as well as several other areas labeled SUBJ, VERB, OBJ,
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DET etc. corresponding to syntactic roles, believed to be subareas of Wernicke’s area; this is where
the dependency parse is created. We show that this architecture can be augmented by new areas
and fibers in such a way that the basic constituency tree of the sentence (the three-leaf tree that has
inner nodes Sentence and Verb Phrase) can be also built “on the side” while the sentence is parsed.
This entails two new brain areas denoted S for sentence and VP for verb phrase. The brain areas
in our model are intended to correspond to two well known subareas of Broca’s area, BA 43 and
BA 44, respectively, where such activity is thought to take place [Friederici].

Coming now to the problem of dependent clauses, to handle clauses that are not embedded
(say“if dogs are angry, they chase cats”), the Parser needs only one extra brain area beyond the
areas needed by the original [49], namely an area labeled DS for “dependent segment.”

To see the problem with embedded sentences, consider the variant “dogs, when they are angry,
chase cats.” The Parser would recognize “dogs” as the subject of the sentence and project the
assembly for “dogs” to the SUBJ area and change the state as appropriate (inhibit a fiber). Upon
encountering the first comma, the parsing of the sentence is curtailed, and the parsing of a new
clause will be initiated. This is not a problem, since brain areas can contain many assemblies at
the same time, and the two verbs, subjects, etc. will not interfere with each other. However, upon
the second comma (for simplicity we assume that these clues are always available— in speech, they
may, for instance, by indicated using prosodic or pausal cues), the Parser needs to continue the
parsing of the outer clause (that is, the main sentence), and for this it needs to restore the state
at the moment the parsing was interrupted by the embedding sentence. We could have the state
saved in a pushdown store and retrieve it at this point, but we can see no biologically plausible
implementation of either Parser state records or a pushdown store. As we shall point out, the
Parser so far is a finite automaton, and thus it is not surprising that it has trouble handling embedded
clauses.

The question is, which biologically plausible departure from finite state machines, and from
the model in Chapter 4, can handle embedding? We propose the following: The Parser stores the

part of the utterance already parsed in some working memory (as in [neuro], for example). When
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the embedded clause has been parsed, the Parser returns to the beginning of the outer sentence in
the working memory and reprocesses it (up to the comma) to restore the state. We only need to
execute the action sets of the words in the first part of the sentence, an activity that we we call
touching, which is, in terms of elapsed time, an order of magnitude faster than parsing the first
time. Once the first comma is seen, the embedded clause is skipped (without state changes) until
the second comma, and parsing of the outer sentence is resumed from the recovered state. Any
embedded clause can be handled with the touching maneuver — non-embedded dependent clauses
are much simpler.

We show by processing several examples that several forms of dependent and embedded clauses
can be correctly parsed (that is, a correct dependency graph of the whole sentence can be retrieved
from the device after processing). If the embedded clause has its own embedded clause, the trick
can be repeated.

Very surprisingly to us, this extension of the Parser, arrived at strictly through considerations
of biological plausibility and ease of implementation, yields a rather unexpected theorem in formal
language theory: if one defines an extension of nondeterministic finite-state automata to capture
the operation of the enhanced Parser, with the extra capabilities of (a) marking the current input
symbol and (b) reverting from the current input symbol to the previously marked symbol that is
closest to the current one, then the class of languages accepted by these devices — call them

fallback automata — coincides with the context-free languages!

5.1.1 The original Parser

The recall that the basic architecture of the Parser in of the previous chapter consists of several
brain areas connected by fibers. LEX special, and contains representations of all words. Upon
input of a new word (in brain reality, read or heard) the corresponding representation is excited,
and upon firing it executes the action set of the word, commands which capture the grammatical
role of the word. These commands open and close (disinhibit and inhibit) certain fibers. Then the

project® operation is executed: all active assemblies fire. By this scheme, it was shown in [49]
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that many categories of English sentences (and Russian as well) can be parsed correctly (the cor-
rectness can be verified because the running of the parser on an input sentence leaves a retrievable
graph structure within and between brain areas, which constitute a correct dependency graph of
the sentence). This completes the description of the Parser’s architecture. We provide a figure with

an example sentence parsed, and refer the interested reader to [49].

5.1.2 Neuroscience

We believe that the improved Parser represents a reasonable hypothesis for parsing in the brain.
The neurobiological underpinnings of NEMO, with which our model is built, and the original
Parser of [49], which ours extends, are presented in Chapter 4. Briefly, NEMO is based on estab-
lished tenets of neuron biology, including that neurons fire when they receive sufficient excitatory
input from other neurons, the atomic nature of neuron firing, and a simplified narrative of synap-
tic Hebbian plasticity (see for instance [NeuralScience], Chapters 7, 8, and 67). Assemblies, in
turn, are an increasingly popular hypothesis for the main unit of higher-level cognition in modern
neuroscience— first hypothesized decades ago by Hebb, they have been identified experimentally
[51] displacing previously dominant theories of information encoding in the brain, see e.g. [52].
With what regards the higher-level Parser architecture, language processing appears to start with
access to a lexicon, a look-up table of word representations thought to reside in the left medial
temporal lobe (MTL), motivating the inclusion of an area LEX. After word look-up, activity in
the STG is thought to signify the identification of syntactic roles. Overall, the Parser generates
a hierarchical dependancy-based structure that from a sentence that is processed incrementally,
which we believe models something like the creation of hierarchical structures in Broca’s areas in

experiments such as [76].

5.2 Constituency

Constituency parsing revolves around the idea that words may lump into a single assembly.

The noun subject of a sentence — along with its dependent adjective(s) and determinant(s) if any
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— form the “Subject," while the verb and object form the “Verb Phrase." At the coarsest level, the
“Subject" and “Verb Phrase" then form the “Sentence." We modify the underlying framework of
the Parser to assign this syntactic structure to a sentence.

We add two new brain areas that hold the “Verb Phrase" and “Sentence," VP and S respectively,
as well as fibers between VERB and VP, OBJ and VP, SuBJ and S, and VP and S. These fibers
remain disinhibited throughout parsing so that the constituency tree is built concurrently as we
parse the sentence. That is, when the verb is processed, a corresponding assembly is formed in
VP, and upon encountering the object, the assemblies in VERB, OBJ, and VP fire together to
form in VP what is now the merge of assemblies representing the verb and object. Parallel to this
process, assemblies fire along the SUBJ to S and VP to S fibers so that the final assembly in S

represents the joining of the “Subject" and “Verb Phrase."

Experiments. We extend the implementation of the Parser in Python to incorporate these new
abilities. Additionally, we tailor the readout algorithm (which in [49] recovers the dependency tree)
to output the desired tree rooted in S. To verify that the Parser produces the correct constituency
tree, we provide a test set of 40 sentences constructed from 20 syntactic patterns that include varia-
tions in word orderings; additions of determinants, adjectives, adverbs, and prepositional phrases;
and both transitive and intransitive verbs. The Parser generates the correct constituency trees on
all of our given test cases. Importantly, the constituency Parser can handle any sentence structure
that the original Parser can handle.

As in the original parser, we execute 20 firing epochs of project™ to allow the dynamical system
to stabilise. The multiple concurrent projections into S and VP cause a slowdown by a factor of

2.5 relative to the dependency parser, resulting in a frequency of 0.5-1.3 seconds/word.

5.3 Embedded Sentences

To handle embedded sentences, the Parser requires a new area DS (for dependent segment)

to handle dependent and embedded clauses. Additionally, we need modifications that recover the
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state before an embedded clause (which we recover when we finish parsing an embedded clause,
i.e., upon a “right comma").

In particular, we assume that there is a working memory area which holds the words which
have already been processed, in sequence. We assume for simplicity that the parser can always
recognize the beginning of a dependent sentence — that this is always possible through simple
clues such as a comma (in text), prosodic cues (in speech), and/or a complementizing pronoun or
preposition, such as “who”, “if””, or “that". We also assume that there is a unique sentence or clause
at each depth, though with minor modifications we can handle the more general case.

To handle center-embedded clauses, the parser utilizes a limited working memory: it must
remember the sentence up to the point when an embedded clause begins in order to efficiently
reprocess these words after parsing the embedded clause. More concretely, when a center embed-
ding is detected, the Parser “cleans the slate"; that is, the Parser state (the fiber and area states) is
reinitialized in order to parse the new embedded clause, which is parsed normally until its end is
detected. At this point the Parser has to restore its last state when it was parsing the outer clause.
To do so, it reinitializes the state again and reprocesses the sentence from the beginning of the outer
clause up to the interruption. However, this re-processing is special: the parser only “touches” the
words, by which we mean that for each word we apply its action sets (inhibiting or disinhibiting
areas/fibers), fire the entire system exactly once to reactivate existing assemblies that were formed
in the initial parse of the fragment (when we initially parsed this part of the sentence, we used
project*, which fires the entire system 20+ times in order for assemblies to form and converge). In
this way, touching is by an order of magnitude faster than parsing on initial input of the word —
both in our simulation and in the hypothesized language organ — since it is only recovering the
preexisting structure. Note that when the first comma is scanned, the parsing of the outer sentenced
is resumed from the second comma, skipping the (already parsed) embedded clause.

The remaining difficulty is in linking the outer and inner clauses. The last word of the outer
clause before the inner sentence functions as a “signature" for the outer clause. This signature may

reside in SUBJ or OBJ, for instance. After parsing the fragment of the outer clause pre-interruption,
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we project from the relevant signature area to DS. Then, on the verb of the inner clause, we project
from both LEX and DS into VERB simultaneously. This way, we can later recover the root verb
of the inner clause via the signature assembly of the outer sentence (through projection into DS

and subsequently VERB). to DS, and then to VERB.

Experiments. We extend the implementation of the dependency Parser in Python to incorporate
touching, linkage, and recursion within the main Parser loop. In principle, the developed Parser can
handle arbitrarily many levels of embedding. We test on 20 sentences sampled from 5 different
embedding structures, with depths 0, 1, and 2 (informed by the lack of three or greater depth
sentences in ordinary language). Our test cases feature center-embedding, edge-embedding, mixed
embedding, and relative clauses modifying the subject or the object. We assume there is a unique
clause at each depth. The Parser generates the expected dependency tree on all of our given test
cases.

Again, we execute 20 firing epochs of project”. The modified parser preserves the speed of the
original, with a negligible increase in time for linkage projections and touching. Despite several
challenges created by the added complexity of sentence embedding, the linkages between projected
assemblies correspond to the correct dependency graph in all sentences.

Figure 5.1 shows a snapshot of the Parser while processing the center-embedded sentence
“dogs, when they run, chase cats." Green arrows represent fibers that have been disinhibited be-
tween each stage; red arrows represent inhibited fibers. Purple dotted arrows indicate assemblies
that have been connected through project®. Pink dotted arrows indicate assemblies touched through
activating their corresponding assemblies in LEX. (a) Outer sentence, up until beginning of inner
sentence, parsed; (b) Assemblies in the signature and DS areas linked; (c) Fiber and area states re-
set in anticipation of a new sentence; (d) Inner sentence parsed and linked to outer sentence through
the DS area; (e) Outer sentence revisited: each word prior to dependent sentence is touched, restor-

ing Parser state of stage (a); (f) Remainder of outer sentence parsed.
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Algorithm 4: Enhanced Parser, main loop

input : a sentence s, depth d
output: representation of dependency parse of s, rooted in VERB
1 Function parse (s, d < 0):
foreach word w in s do
if (d + 1)-depth clause begins after w then
disinhibit(DS) ;
disinhibit(DS, AREA(W)) ;
project* ;
inhibit(DS, AREA(W)) ;
inhibit(DS) ;

LIRS - 7 T N R

end

Ise if w begins (d+1) depth clause then
d—d+1;

clear the slate ;

— =
- o
o

p—
|8}

end
else if w ends embedded sentence then
d—d-1;
foreach word y before w do
activate y in LEX ;
fire DISINHIBITED AREAS ;
end

e -
o e N9 St e W

end

if d > 0, AREA(w) = VERB then
disinhibit(DS) ;
disinhibit(DS, VERB) ;
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N = o

N
[

end

execute w actions and project* ;
inhibit(DS) ;

inhibit(DS, VERB) ;
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end

N
®

75




LEX

Figure 5.1: Example of the extended Parser on an embedded phrase
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5.4 A Little Formal Language Theory

The Parser, without the embedded sentence module, is a finite state device. The reason is that
the Parser’s state is an acyclic subgraph of the graph of brain area and fibers (excluding LEX). It
is no wonder then that sentence embedding (intuitively, a feature involving recursion and therefore
moving us out of the realm of regular languages) requires an extension, and among many other
options that seemed to us less biologically plausible we chose to revisit the outer sentence and re-
store the state of the Parser. It is now natural to ask: Can the operation of the Parser when handling
embedded sentences be seen as a more powerful genre of automaton? This is the motivation for

the results in this section.

Definition: A fallback automaton (FBA) is a tuple A = (£, K, I, F, A), where (as in a nondeter-
ministic finite-state automaton) X is a nonempty finite set of symbols, K is a set of states, [ is the
set of initial states, F' is the set of accepting states, and A is the transition relation.

Define the type set T = {f, s} U K. Whereas in nondeterministic FSAs A € (X X K) X K, the

transition relation of FBAs is more complex.

AC((ZXTXK)x(Kx{s,,<})

The automaton is nondeterministic, reflecting the nondeterministic nature of parsing in general,
due to ambiguity and polysemy. The transition relation can be understood thus: symbols on the
tape are marked by a type, either f (for fresh), s (for seen), or by a state ¢ € K. Initially, all
symbols are fresh and hence marked f. When a symbol is marked s or by a state of K, it is not
being scanned for the first time — the automaton may scan a symbol multiple times. The first time
a symbol is scanned, its type is changed from f to s, or, if the rule outputs v/, it is set to the current
state g. Subsequently, after a symbol marked by a state is scanned, the type reverts to s.

To formalize the operation of the automaton, at each step, there is a tape x € (X X T)*; we
denote its ith symbol as x; = (oy,¢;), where 0; € X and t € T. The automaton is in a state

g € K and the ith symbol x; is scanned. The overall configuration is thus (x, ¢, 7). In the initial

77



configuration, the type of every symbolis f, g € [ andi = 1.

If the next configuration after (x, ¢,i) is (y,r, j) then:

* y is identical to x except that the type of the ith symbol may have changed: f must become

s or the machine’s current state g, s stays s, and g € K always become s.
* unless this is a fallback step, j =i + 1.

* Fallback. When scanning a fresh symbol, the automaton may return to a position j < i,
where j is the largest position j that was marked — that is, 7; € K. Notice that in the next

step, ; = s— the symbol is unmarked.

* When scanning a symbol with type ¢ € K, i.e., a symbol fallen back to, the transition can
map to only s or «—— that is, it can fallback again, but it cannot mark the symbol again for

fallback.

* In all cases, the corresponding pair ((x;, g)(r,0)) must be in A. o = s means that the i-th
symbol’s type is changed to s, o = v means it is changed to the state g, and o =«— means

the step is a fallback.

This concludes the definition of the FBA. We say that a string x in £* is accepted by FBA A if
there is a sequence of legal steps from a configuration with state in / and tape x with all symbols
fresh to a configuration in which the state is in F'.

Note that when the FBA falls back to a previous tape location j < i, it then passes again over
the seen symbols (marked s) between x; and x;, and may do meaningful computation upon this
revisiting. Furthermore, an FBA can fallback repeatedly, immediately after a fallback move. Our
Parser more closely corresponds to an FBA without this abilities. Hence it is interesting to define
a weaker model without this ability:

A weak-FBA is an FBA with the additional requirements that 1) for any symbol marked s,

transitions cannot change the state (that is, for all @ € X, g € K and (@, s,q) X (¢’,s) € A, we
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require ¢' = g, in effect, skipping over all s symbols) and 2) for any symbol marked with g € K,
the transition must output (¢’, s) (that is, there are no repeated fallbacks).

It may seem that FBAs can do more than weak-FBAs. Consider the following language over
> ={0,1,a,B8}, L = {a"xB" : x € {0,1}"}. By marking every a and falling back on every 3,
an FBA can read through x at least » times, a linear dependence. However, a weak-FBA can read
each symbol in the tape exactly 1 or 2 times.

Perhaps surprisingly, it turns out that the ability to do additional computation on revisited
symbols offers no additional power. More importantly, it turns out that both models recognize
a fundamental class of formal language theory. Denote the class of languages accepted by FBAs
as FBA, that by weak-FBAs as weak-FBA, and the class of context-free languages as CFL. We

can prove the following:
Theorem: weak-FBA = FBA = CFL

Proof sketch: To show that weak-FBA 2 CFL, we recall the classic theorem of Chomsky and
Schiitzenberger [chomsky_shutz] stating that any context-free language L can be written as L =
RN h(Dy), where R is a regular language, D denotes the Dyck language of balanced parentheses
of k kinds, and 4 is a homomorphism, mapping any symbol in the alphabet of Dy to a string in
another alphabet. Let us take a context-free language in this form. Note that FBAs are ideal for
accepting h(Dy). The machine uses non-determinism to guess which symbol is represented by the
next sequence of characters. When it guesses that it will see the image of a left parenthesis, say
“{’, it checks each symbol of i({) (and rejects if the sequence of symbols is not 4({)), and marks
the final character (with the state g()). For a right parenthesis, after checking for the sequence
h(}), it falls back and checks that the symbol fallen back to is marked gy). Intersection with the
regular language R is done by simultaneously maintaining the state of the automaton accepting R
in a separate component of the FBA’s state (in fact, one can show that the languages accepted by
FBAs are closed under intersection with regular languages).

To show that FBA C CFL, we emulate the execution of a FBA with a push-down automaton

(that is, a non-deterministic finite state automaton with the additional computational power of
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one stack). By the classic result proved independently by [ChomskyCFG, SchutzenbergerCFG,
Evey], the languages recognized by push-down automata are exactly CFL. The emulation uses
the following trick: the stack is composed of vectors of states of length |K|. These vectors keep
track of the execution of the FBA on every possible state on the sequence of symbols between
consecutive pairs of marked symbols, and between the most recent marked symbol and the head.
Whenever the FBA falls back and is in state ¢ where g corresponds to the i-th coordinate in the
stack vectors, the emulation pops the top vector on the stack and jumps to the state in the i-th
coordinate, as this would be the resulting state had the machine re-read the seen symbols starting

in state q. The full proof is presented in the last section of this chapter.

5.5 Discussion

The Parser of Chapter 4 can be seen as a concrete hypothesis about the nature, structure, and
operation of the language organ. In this chapter, we have extended this hypothesis: first, rough
constituency parsing (the creation of the two highest layers of the syntactic — or constituency —
tree of the sentence) can be carried out simultaneously with the main dependency parsing. Second,
dependent sentences can also be parsed. For center-embedded sentences, a significant extension of
the Parser is required: A working memory area stores the whole utterance, and the parser returns to
the beginning of the utterance to recover the state of the Parser after processing the outer sentence,
and and then skips the embedded sentence and continues parsing the outer one.

Even though this maneuver was motivated by biological realism and programming necessity,
we showed that it transforms the device from one that handles only regular languages to one ca-
pable of accepting all context free languages — and just these. We find this quite surprising, and
possibly significant for the history of linguistic theory: Seven decades ago, Noam Chomsky sought
to formalize human language and in the mid 1950s introduced CFLs expressly for this purpose. In
the following two decades, this choice was criticised as too generous (not all features of CFLs are
needed) and also as too restrictive (some aspects of natural language are not covered by CFLs).

Arguably, this criticism was accepted by Chomsky’s school of thought: Grammar remained im-
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portant, of course, but context-free rules besides § — NPV P (right-hand side unordered) were not
used often. Much of NLP centered around the dependency formulation of syntax. Two-thirds of
a century later, computer scientists speculating about syntax in the brain came up with a compu-
tational trick in order to handle center recursion. And this maneuver, when formalized properly,
leads to a device that can recognize all CFLs.

Besides speculating on the meaning of this theoretical result, our work suggests a major open
problem: If we assume that syntax in the brain is handled in a way similar to the one suggested by
the Parser', and all humans are born with a system of brain areas and fibers in their left hemisphere
capable of such operation, how do babies learn to use this device? How are words learned and
projected, presumably from the hippocampus, where they are associated with world objects and
episodes, to the LEX in the medial temporal lobe? And how is each of them attached to the correct
system of interneurons that are capable of changing the inhibited/disinhibited status of fibers and

possibly of brain areas?

5.6 Proof of Theorem 1

Here we give the full proof of our main theoretical result:
Theorem: weak-FBA=FBA=CFL.
Note: We say a symbol on the tape is “marked” whenever its type is some g € K.

Lemma: For any strong-FBA, there exists a strong-FBA recognizing the same language that is
deterministic whenever the input symbol is marked s (that is, for every state and symbol pair ¢, «,

there is at most one rule ((a, s, q), (¢’,s)) € A.

Proof: this is shown using essentially the same reduction from non-deterministic to deterministic
finite state automata (FSA), since when at a seen symbol, the FBA cannot mark or fallback and is
hence in a FSA-like regime. Concretely, if K is the original state set, the state set of the new FBA

is 2K, A contains the same rules when the input is in state f or is marked (we represent states of the

'A far-fetched assumption, of course, but one that is somewhat justified by the fact that there is no competing
theory that we are aware of.
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original FBA with the singleton of that state in 2X)— whenever the input is in state s, it transitions
to the e-closure of the subset represented by the state (i.e., (@, s, S) — (5, s) iff S’ is the set of all
states that can be reached from a state of S on symbol «, before or after any epsilon transitions).
Additionally, whenever the FBA reads symbol marked with anything other than s, or reaches the
end of the tape, if the current state-set S is a non-singleton, it non-deterministically transitions
to the singleton of any ¢ € S (thereby returning to a “regular” state of FBA, and moving all the
non-determinism away from s symbols). The new FBA is determinstic on s-inputs and recognizes
the same language: any transition through a sequence of s-states corresponds to a specific non-
deterministic transition to a single state from the final state-set at the first non—s symbol. O

The main technical result is showing that a pushdown automaton (PDA) can simulate a strong-

FBA, i.e., that strong-FBA C CFL.

Proof of theorem: By the lemma, without loss of generality we can assume that the strong-FBA
is deterministic when the input has type s. Let K = {q1, ..., g;} be the state set of the strong-FBA.
The PDA will have state set K, and stack alphabet £ X K X K K1, that is, tuples of a symbol, a state,
and state vectors. We define the “s-transition on a" of a state ¢ to mean the (deterministic) FBA
transition rule with left-side («, s, ).

The PDA simulates the execution of the strong-FBA. When in state ¢’ and on fresh tape symbol
«, the PDA will:

1) Non-deterministically select a rule with left side (a, f, ¢”) on the left-hand side. Let (g, o)
be the right-hand side. That is, o € {s, v/, «<}.

2) Update the state to q.

3) If the stack is non-empty, pop the top element (8, p, (r1,...,r;)) from the stack. For
each vector coordinate i € [¢], apply the s-transition on « to each r;— push the updated tuple
(B, p, (1}, ..., 1)) back to the stack.

4)if o = v, push (a, q, (g1, .. .,q;)) to the stack.

5) if o =«—, the corresponding PDA transition does nothing else, but enters the following loop:

5.1) Pop the top element (B, p, (r1, . .., r;)) of the stack and sample a rule of the FBA that tran-
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sitions on the marked symbol, that is, a rule of the form (8, p, q) — (¢’, ). Note that o € {s, < }.
If the stack is non-empty, pop the next element, (y, w, (uy,...,u,)) and “apply" (ri,...,r;) to the
state vector— that is, for each i € [¢], if u; = g, replace u; with u; := r;. Push the resulting pair
(y,w, (u’1 ,...,uy)) back onto the stack.

5.2) if o =« (which we call a “fallback-again" rule of the FBA), the PDA updates the state to
q’, and returns to the beginning of 5.1). If o = s (which we call a non-“fallback-again" rule), the
PDA updates the state to r; (that is, the i-th coordinate in the stack-vector from 5.1), where i is the
index of ¢’, i.e. ¢’ = g;. Because the FBA can have “fallback-again" rules, the PDA can repeat 5.1
multiple times, and stops when it selects a non-‘“fallback-again" rule (or rejects).

For any execution of the PDA, it will have |x| + F + M transitions, or steps, where x is the
input, F' is the number of times the PDA repeated step 5.1 (i.e. executed a “fallback-again" rule
of 5.2), and M is the number of times it ends the loop of 5), i.e. selects a non-“fallback-again"
rule. Each step i will correspond to a “strong"-step of an equivalent FBA execution, which is a
transition where the input symbol has type not equal to s (in other words, a step where the FBA
either processes a fresh symbol, or falls back to a marked symbol).

Claim: There is a one-to-one correspondence between executions of the FBA on x with execu-
tions of the PDA on x, such that, for each such pair, the PDA simulation maintains the following
invariant at each step i with respect to the FBA:

a) the PDA state after the i-th step is equal to the FBA state immediately before the i + 1-th
strong step (or the final state, if i = |x|), and the position of the PDA head is equal to the position
of the last f-symbol seen by the FBA.

b) the PDA stack has [ elements, where / is the number of marked symbols after the i-th strong-
step of the FBA, and

c) the k-th stack element consists of the k-th marked symbol and type in the FBA execution,
and a vector that contains for each state g, the execution of s-transitions starting from the symbol
immediately after the k-th marked symbol, up to and including either the (k+1)-th marked symbol,

or the head, whichever comes first.
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Note that if the claim is true, by part a) of the invariant, the final state of the PDA is an accept
state iff the equivalent FBA execution accepts x, so the theorem is proved.

We prove the claim recursively. It is trivially true at the beginning. Now, assume that after i — 1
steps of execution, the FBA corresponds to an execution of i — 1 strong-steps of the PDA, and that
the invariant is true.

At step i, we consider all possible strong-steps of the FBA.

First, for any rule of the type ((«, f,q’), (¢,s)) € A: by a) of the invariant the FBA and PDA
must both be scanning a new symbol a and are in state ¢g’. The PDA simulation can sample this
rule by step 1), which results in updating the state ¢’ to g, satisfying a). Since no marked symbols
were added or removed by this kind of FBA transition, b) is trivially satisfied. Finally, 2) updates
the top state vector on the stack with the s-transitions on @— since it previously represented the
s-transitions from the most recent marked symbol to the previous tape symbol, it now represents
an execution up to and including the current symbol, that is, ¢) is maintained.

For any rule of the type ((a, f,q’), (q,m)) € A: similarly, the PDA simulation can select
this rule in 1), updating the state to ¢’, giving a). The number of marked symbols in the FBA
execution changes if this rule were applied, so invariants b) and c¢) must be checked. By step 3), we
push (a, ¢, (g1, - - ., q:)) to the stack, immediately satisfying b). Note that the penultimate element
of the stack is now “frozen", showing an execution of s-transitions from the previous marked-
symbol up to and including @, the new marked symbol. The vector of the top element of the stack,
(q1,...,q:), trivially represents an execution of every state from the new marked symbol to the
head (since it is empty). Hence c) is satisfied.

For any rule of the type ((«, f,q’), (¢, <)) € A: again both the PDA and FBA are at a fresh
tape symbol, but after this step, the FBA head will be at the previously marked symbol. By step
1) the PDA can sample this rule, updating the state to g, which satisfies a). Note that b) and c) are
trivially satisfied.

Next for any strong rule of the type ((8, p,q’), (¢, <)), the FBA head must be at a marked

symbol, and immediately before the next strong step, it will be at the previous marked symbol in
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state g. Indeed, the FBA can sample this rule in 5.1, updates state to g satisfying a), pops the top
stack vector satisfying b), and as for c), the PDA “applies" the state vector of the popped tuple,
(r1,...,r:), to the next state vector on the stack, (y, w, (u1,...,u;)). If u; is the s-transition of ¢;
from the symbol after y up to and including g (this is guaranteed by the invariant) and u; = g, then
r; is exactly the s-transition of g; from the symbol after S up to and including the head, ensuring
c).

Finally if the rule is of the type ((3, p, q’), (g, s), the FBA head must be at a marked symbol,
and immediately before the next strong step it passes through every s-symbol between the marked
symbol and the fresh symbol. The corresponding PDA transition satisfies b) and c) as in the pre-
vious case (a marked symbol is removed and the other vectors in the stack are updated), but this
time, we also update the current state based on the popped vector; since, by b), it contained the
s-transition of each state from the marked symbol to the head, it correctly yields the state of the

FBA before the next fresh symbol.
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Chapter 6: Planning in the Blocks World

This chapter uses material from [82]. The material has been lightly refurbished for the purposes
of this thesis, but the bulk of the results and content presented represents the collaborative effort
with the original authors: Francesco D’ Amore, Pierluigi Crescenzi, Emanuele Natale, and Christos

Papadimitriou.

6.1 Introduction

Towards understanding the computational expressiveness of the NEMO model, and hence its
potential as the sort of bridging “logic" sought by Axel, the previous chapters have pursued the
demonstration (both empirical and experimental) of reasonably complex cognitiev phenomena
formulated and implemented within NEMO. This includes the creation and manipulation of as-
semblies of Chapter 3, and the results of Chapters 4 and 5, a Parser implemented in NEMO was
demonstrated to analyze syntactically reasonably complex sentences of English (and which be
generalized to more complex features as well as other natural languages).

The contribution of this chapter is to demonstrate that a program in NEMO is capable of
implementing reasonably sophisticated stylized planning strategies — in particular, heuristics for
solving tasks in the blocks world [83, 84]. A blocks-world configuration is defined by a set of
stacks, where a stack is a sequence of unique blocks, each sitting on top of the previous one. A
stack of size one is just a block sitting on the table (see e.g. Fig. 6.1-A). A configuration can be
manipulated by moving a block from the top of a stack (or from the table) to the top of another
stack (or to the table). A task in the blocks world is the following: Given a starting configuration
Cinir and a goal configuration Cg,, find a sequence of actions which transforms Cy;; into Cgoq.

It was shown in [85] that solving a task in the blocks world with the smallest number of actions is
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NP-Complete, and it was observed that the following provides a simple 2-approximation strategy:
Move to the table all blocks that are not in their final positions, and then move these blocks one by
one to their final positions.

Here we implement this strategy in the NEMO. From the exposition of this implementation
and demonstration — which happens to employ representations and structures of a different style
from those needed for language tasks [86, 87] — we believe that it will become clear that more
complicated heuristics for solving related tasks can be similarly implemented in the NEMO.

In fact, the kind of representations needed for planning, involving long “chains” of assemblies
linked through strong synaptic connections, reveals a limitation of NEMO (or rather, a deeper un-
derstanding of its capacity) which was not apparent before: we find empirically that there are limits
— depending on the parameters of the execution model, such as the number of excitatory neurons
per brain area, synaptic density, synaptic plasticity, and assembly size — on the length of such
chains that can be implemented reliably. As chaining is also used in the Turing machine simula-
tion demonstrating the completeness of the NEMO [86], such limitations are significant because
they bound from above the space complexity — and therefore the parallel time complexity — of
NEMO computations. We briefly discuss and quantify this issue in the experimental validation

section.

6.2 Background and related work

Terry Winograd introduced the blocks world half a century ago as the context for his language
understanding system SHRDLU [88], but since then blocks-world planning has been widely inves-
tigated, primarily because such tasks appear to capture several of the difficulties posed to planning
systems [83, 85]. There has been extensive work in Al on blocks world problems, including re-
cently on leveraging ANNs for solving them, and learning to solve them from examples (e.g., the
Neural Logic Machines of [89], or Neural Turing Machines, which are used for related problem-
solving tasks [90]).

Bridging the gap between low-level models of neural activity in the brain and high-level sym-
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bolic systems modelling cognitive processes is a fundamental open problem in artificial intelli-
gence and neuroscience at large [91, 92]. Several computational cognitive-science papers address
the problem of solving (or learning to solve) block-worlds tasks in higher-level computational
models of cognition, such as ACT-R or SOAR (see for instance [93, 94, 95]). In contrast to the
present paper, however, these works utilize high-level languages and data structures for the pro-
gramming of these systems, without providing a link, as we do, to the behavior of stylized neurons
and synapses, in an effort to remain as faithful as possible to the ways animal brains would solve
these tasks. Less related to our problem is the literature on block stacking (see, for example, [96,
97]). These papers the focus on the ability of humans and chimpanzees to place a block on top
of an existing tower without toppling it. Finally, it is worth mentioning some previous works on
solving planning tasks through spiking neural networks, such as [98, 99], in which the attention is

more focused on learning world models.

6.3 The Blocks World NEMO Program

A blocks world (BW) configuration is a set of stacks, where each stack is a sequence of blocks,
from top to bottom. Each block is assumed to be a unique integer between 1 and s. Two BW
configurations, the initial and the target configuration, constitute the input to the NEMO program
(see Figure 6.1-A). We shall at first concentrate on configurations with a single stack — already
a meaningful problem — and we shall eventually graduate to multiple stacks (see subsection 3.5
below). We next describe four NEMO programs: (a) a program that takes the input — a sequence
of integers representing a stack — and creates a list-like structure, in a set of brain areas and fibers,
for representing the stack; (b) a program that removes the top block of a stack thus represented;
(c) a program that adds a new block to the represented stack; and (d) a program for computing
the intersection of two stacks represented this way, that is, the longest common suffix of the two
sequences, read from bottom to top.

All four programs work on a common set of brain areas connected with bi-directional fibers:

the area BLOCKS contains a fixed assembly for every possible block (these assemblies are special,
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in that each can be activated explicitly as the presentation of the corresponding number in the
input). There are four other areas used in our NEMO programs: HEAD, NODE;, NODE, and
NODE;. HEAD is connected to the NODE( area via fibers, while each NODE area is connected to
BLOCKS, and to each other in the shape of a triangle: NODE is connected with NODE{, which is
connected with NODE,, which is connected with NODE( (see Figure 6.1-B). All of these areas are
standard NEMO brain areas, containing n randomly connected neurons of which at most k fire at

any time.

6.3.1 The Parser

Algorithm 5: PARSER (S§)
input: a stack S of blocks by, b», ..., by.

ot

disinhibitArea ({BLOCKS, HEAD, NODEy});
disinhibitFiber ({(HEAD, NODEy), (NODEg, BLOCKS)});
activateBlock (by); strongProject();
3 inhibitArea ({HEAD});
inhibitFiber ({(HEAD, NODEj), (NODEy, BLOCKS)});
foreach i with2 <i < sdo
5 p=({—-2)mod3;c=(i-1) mod 3;
6 disinhibitArea ({NODE.});
disinhibitFiber ({(NODE,, NODE,), (NODE., BLOCKS)});
7 activateBlock (b;); strongProject();
8 inhibitArea ({NODEP});
inhibitFiber ({(NODE,, NODE,), (NODE., BLOCKS)});

[

N

9 end
10 inhibitArea ({BLOCKS,NODE(S_Umod 3});

The parser (see Algorithm 5) processes each block in a stack sequentially, starting from the
top. When it analyses the first block (see lines 1-3), the three areas BLOCKS, HEAD, and NODE,
and the fibers between HEAD and NODE( and between NODE( and BLOCKS are disinhibited. The
block assembly is then activated and a strong projection is performed, thus creating a connection
between the assembly in BLOCKS corresponding to the block and an assembly in NODE(, and
between this latter assembly and an assembly in HEAD (see the red dashed lines in Figure 6.1-

C1). Successively, the HEAD area and the fibers between HEAD and NODE( and between NODE
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and BLOCKS are inhibited. For each other block in the stack (see lines 5-8), the NODE area
next to the one (i.e., NODE; 04 3) currently disinhibited (i.e., NODE ;| moq 3) is disinhibited, and
the fibers between this NODE area and the BLOCKS area and between the two NODE areas are
disinhibited. The next block assembly is then activated and a strong projection is performed,
creating a connection between the assembly in BLOCKS and an assembly in the NODE area just
disinhibited, and between this latter assembly and the assembly previously activated in the previous
NODE area (see the red dashed lines in the figures 6.1-C2,C3,C4). After this and before the next
block, this latter NODE area and the fibers between it and the NODE area after it, and those between
the NODE area after it and the BLOCKS area, are inhibited.

The final data structure is a chain of assemblies starting from an assembly in HEAD and passing
through assemblies in the NODE areas (see Figure 6.1-C6). Note that this chain can contain more
than one assembly in the same NODE area: for instance, in Figure 6.1-C6, the chain contains two
assemblies in NODE( and NODE;. Each assembly in the chain is also connected to the assembly
in BLOCKS corresponding to a block in the stack. For instance, the sequence of such assemblies
in Figure 6.1-C6 corresponds to the sequence of blocks 4, 5, 3, 1,2, which is exactly the sequence
of blocks in the stack from top to bottom (see the left part of Figure 6.1-A). Note that Algorithm 5
uses a constant number of brain areas (that is, five), independently of the number of blocks in the

stack.

6.3.2 Removing the Top Block

In order to implement the algorithm which transforms an input stack of blocks into a target
stack of blocks, we start by describing a NEMO program to remove a block from the top of a stack.
This program uses the same areas and fibers of the parser described in the previous section (see
Figure 6.1-B), with the addition of fibers between HEAD with NODE|, and HEAD with NODE,.
Intuitively, these fibers are needed to allow changing the head of the chain representing the current
stack, without having to shift all the assemblies one position to the left.

The NEMO program, which “removes” the block from the top of the stack, uses the connections
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Figure 6.1: A. Two BW configurations. In the rest of the figure, we consider the BW configuration
shown on the left. B. The five areas used by the parser, along with the connections through fibers.
C1-6. The behavior of the parser. The black solid lines denote the fibers of Figure B which are
disinhibited. The red dashed lines denote the newly created connections between assemblies in
different areas, while the black dotted lines denote the connections previously created. D1-2. The
behavior of the NEMO program which removes the block from the top of a stack, with input the
data structure resulting from the parser execution (only the areas involved in the remove operation
are shown). The black solid lines denote the fibers which are disinhibited. The red dashed lines
denote the newly created connections between assemblies in different areas, while the black dotted
lines denote the already existing connections. E1-2. The behavior of the NEMO program which
put the block 4 on top of the stack, above the block 5. The black solid lines denote the fibers
which are disinhibited. The red dashed lines denote the newly created connections (unidirectional
and bidirectional) between assemblies in different areas, while the black dotted lines denote the
already existing connections. 91



created by the parser in order to activate the assembly in the NODE[, which is connected to the
block just below the top block (that is block 5 in Figure 6.1-D1,D2). This is done by projecting
from the HEAD into NODE, and projecting from NODE into the NODE; (see Figure 6.1-D1).
Through strong projection, the program successively creates a new connection from the active
assembly in the NODE;| area to a new assembly in the HEAD area (see the red dashed line in
Figure 6.1-D2).

Note that the connections between the light gray assemblies in Figure 6.1-D2 are still active, but
they will not be used in the future since the last active assembly in the HEAD area is now connected
to the assembly in the NODE, area. These connections, indeed, might later disappear because of a
process of homeostasis, which can be modeled in NEMO through a sort of “renormalization” (as
described in [86]). In a certain sense, the system will slowly “forget” which block was on the top
of the stack, before a removal operation.

The removal of the top block can be repeated as many times as the number of blocks in the
stack. The only difference is that the activation of the assembly in NODE corresponding to the
block below the top one is done by projecting HEAD into the NODE area corresponding to the top
block, and then projecting from this NODE area to the one following it (in modular arithmetic).

In order to maintain an updated representation of the blocks world configuration, we use four
additional brain areas to store the chain of blocks which have been removed and that, hence, are
currently on the table. This chain can be implemented in NEMO exactly the same way we did
when parsing a stack of blocks. Then, when we want to read the current data structure stored in
this NEMO system, we examine the stack of blocks represented in HEAD and the NODE areas, as

well as the chain of blocks on the table in the additional areas.

6.3.3 Putting a Block on Top of the Stack

The second operation we need in order to implement a minimal planning algorithm for the
blocks world problem is putting a block on top of the stack. The NEMO program, for this operation

first projects the block from in BLOCKS into the NODE area preceding (in modular arithmetic) the
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NODE area currently connected to HEAD, and then projects the newly created assembly into HEAD
(see Figure 6.1-E1). Successively, the program executes a strong projection between the four areas
in order to correctly connect them (see Figure 6.1-E2). Once again, an active connection between
the HEAD area and a NODE area will still exist after the execution of the NEMO program, but this

connection will not be used in the future.

6.3.4 Computing the Intersection of Two Stacks

The pop and put operations described in the previous two sections are sufficient to implement
a simple planning algorithm, which consists in moving all the blocks on the table (by using pop),
and by then moving the blocks on the table on top of the stack (by using put) according to the
target stack.

In order to improve this algorithm and execute the two-approximation algorithm described in
the introduction, we need a NEMO program which implements a third operation, that is, finding
the intersection of two stacks. This operation looks for the common sub-stack of the two stacks
(starting from the bottom) and return the highest block in this sub-stack. Then only the blocks
above this block have to be moved on the table and reassembled in the right order.

In a nutshell, this can be achieved in NEMO by first reaching the bottom of the two stacks
which have to be compared, and then proceeding upwards until we find two different blocks, or

the end of one of the two stacks.

6.3.5 Multiple Stacks

So far in this exposition we have concerned ourselves with configurations consisting of one
stack. In our experiments (see the next section) we have implemented up to five stacks by em-
ploying a different set of four areas for each stack. This is a bit unsatisfactory, because it implies
that the maximum number of stacks that can be handled by the brain is encoded in the brain ar-
chitecture. There is a rather simple — in principle — way to achieve the same effect by re-using

the same four areas; we have an initial implementation of this idea, which we intend to test in the
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future.

With multiple stacks one has to solve the matching problem: identifying pairs of stacks in the
input and output that must be transformed one to the other. Naively, this can be done by comparing
all pairs of stacks, but this entails effort that is quadratic in the number of stacks. This latter strategy
is the one currently employed in our experiments. In the future, we intend to test a more principled

way, based on hashing the stacks into their bottom element, and attending to any collisions.

6.4 Experiments

A software system for programming in NEMO, as well as implementations of the algorithms
described in this paper, have been written in Julia [100]. We make use of the Java generator for
BW configurations available at [101], based on [84]. We ran experiments on over 100 blocks-world
configurations, with up to five stacks and 10, 20, and 30 blocks. The algorithm worked correctly
in every instance. We have used various settings of the parameters n, k, p, § — a particularly good
set of parameters is n = 10%, k = 50, p = 0.1, 8 = 0.1. Interestingly, the algorithms do not work in
all parameter settings, because of limits on the chaining operation (see the next discussion). The
Julia source code can be found at [102].

In general, the amount of rounds of strong project (parallel spikings of neurons) needed to carry
out the BW tasks seems to be around 35 spikes per block processed (parse, popped, or pushed),
which, assuming roughly 50 Hz spikes for excitatory neurons in the brain, is around 1.4 seconds

per operation.

6.5 Chaining, and its limits in NEMO.

An unexpected finding of our simulations is that they are stable only under very specific pa-
rameter settings. The bottleneck of the planning algorithms is in parsing the chain of blocks, that
is, memorizing the sequence of blocks so they can be read out reliably. In isolation we call this
operation “chaining”.

The results in this section, which describe some properties and limits of chaining, can be viewed
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as theoretical properties of the AC. First, we find it is only possible to chain a rather limited number
of blocks. For instance, even though with n = 10° and k = 50 there is, at least in theory, space
for 10%/50 = 200000 non-overlapping assemblies, even with strong p and 8, we can only reliably
chain up to 20 blocks. This is illustrated in Figure 6.2a, which shows how many of s blocks
were successfully read out after chaining. Generally, for higher values of n (and a higher n : &
ratio), longer portions of the chain tend to be correctly stored, but the operation is highly noisy: in
some trials it will fail and then succeed for a longer chain. Indeed, unlike the assembly operations
described in [86] (Project, Merge, and so on) which are either stable with overwhelming probability
under appropriate parameters, or do not succeed if the parameters are not appropriately strong,
chaining appears to push the computational power of NEMO to its limits, and often succeeds or
fails between repeated trials with the same parameters.

One can also look at a related property: after chaining, how many of the assemblies in the
NODE; areas during readout are “strong” in the sense that they pass ISASSEMBLY() with a high
threshold (i.e. firing those k neurons recursively results in the same set of k winners)? Interestingly,
this proportion, which is significantly less than the maximum of s, does not change significantly
when we vary n, p, B— there appears to be a natural proportion of strong assemblies formed during
chaining (Figure 6.2b).

Finally, in Figure 6.2c we varied k and found the maximally long chain that succeeded com-
pletely. These experiments again showed that for higher n : k ratio, longer chains are possible, and
that for each setting of n there is a narrow window of optimal k that allows for the longest chains—
above of this range, as we increase k the maximum chain does not change, i.e. it appears to set-
tle to some natural lower bound. A more thorough analysis of chaining is an important direction
in NEMO theory, since such maneuvers could be subroutines in various cognitive processes (for
instance, [87] suggest using it for processing chains of identical parts of speech, such as multiple

adjectives in a noun phrase).
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6.6 Conclusions and Future Directions

The aim of this work is not so much to produce a performing system, but to demonstrate
experimentally that reasonably large and complex programs in the assembly calculus can execute
correctly and reliably, and in particular can implement in a natural manner planning strategies for
solving instances of the blocks world problem. In fact, the implementation of these strategies is
based on the realization of a list-like data structure which makes use of a constant number of
brain regions. Confirming theoretical insights, we have experimentally found that the structure’s
reliability depends on the ratio between the number of neurons and the size of the assemblies in
each region — even though the dependency was a bit more constraining than we had expected.
The reasons and extent of this shortcoming must be the object of further investigation.

We have also shown how simple manipulations of the data structure (such as the top, pop, and
append operations) can be realized by making use of a constant number of brain regions. These
manipulations allowed us to implement planning strategies based on two basic kinds of moves, that
is, moving the block from the top of a stack to the table, and putting a block from the table to the
top of a stack. All our programs work for an arbitrary number of blocks and a bounded number of
stacks — while current work involves implementing a version with an arbitrary number of stacks.

After syntactic analysis in language and blocks world planning, what comes next as a com-
pelling stylized cognitive function, which could be implemented in the NEMO? There is work
currently in submission dealing with learning though assemblies of neurons. Two further realms
of cognition come to mind, and they happen to be closely related: Reasoning, as well as planning
and problem solving in less specialized domains than BW. It would be interesting to figure out
the most natural way for assemblies and their operations to carry out deductive tasks, and, even
more ambitiously, to carry out planning in the context of logical and constraint-based formalisms

of planning, see for example [104].
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Chapter 7: Planning in the Blocks World

This chapter uses material from [14]. The material has been refurbished for the purposes of
this thesis, but the bulk of the results and content presented represents the collaborative effort with

the original co-author, Christos Papadimitriou.

7.1 Introduction

We briefly summarize the results of the previous few chapters, which describe novel algo-
rithms for problems corresponding to cognitive phenomena. In Chapter 3, a computational system
called the Assembly Calculus was proposed, based on a simplified mathematical model of spiking
neurons and synapses, which reflects the basic elements and tenets of Neuroscience: brain areas,
excitatory neurons, local inhibition, plasticity (see the next section for a detailed description of the
enhanced version of this model used here). Within this framework, neuromorphic computational
systems simulating certain large-scale cognitive phenomena were implemented in the previous
chapters: a system for planning in the blocks world in Chapter 6; a system for learning to classify
representations through few-shot training [105]; and, most relevant to this chapter, a system for
parsing sentences in English and other languages (Chapters 4 and 5).

We believe that pursuing this research program of constructing more and more ambitious neu-
romorphic artifacts simulating cognitive phenomena is important, for at least two reasons. First,
each step on this path entails concrete progress in the bridging problem, as more and more ad-
vanced domains of cognition are explored through artifacts consisting of reasonably realistic and
brain-like, if stylized, systems of neurons and synapses. Second, further progress in this direction
may be of interest to Artificial Intelligence: Despite amazing advances over the past ten years,

arguably Al still lags behind human brains in several important dimensions: grounded language,
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continual learning, originality and inventiveness, emotional and social intelligence, and energy us-
age. Creating intelligent artifacts that are more brain-like, and rely on modes of learning other than
backpropagation, may eventually point to new possible avenues of progress for Al.

The biologically plausible parser of Chapters 4 and 5 includes a lexicon containing neural
representations of words. It is assumed that each neural representation of a word is wired so that,
when excited by an outside stimulus, it sets in motion specific neural activities inhibiting and/or
disinhibiting remote brain areas that are associated with the word’s syntactic role (verb, subject,
etc.). This works fine for the purposes of the parser, except that it leaves open perhaps the most
important questions: How are these word representations created? How are these neural activities
set up in the infant brain and how are they associated with the representation of each word, thus
implementing the word’s part of speech? And how are those other brain areas labeled with the
appropriate syntactic roles? In other words, how is language acquired in the human brain?

This is the question we set out to answer in this paper.

We seek to create a neuromorphic language organ: a tabula rasa of neural components —
roughly, a collection of brain areas with randomly connected neurons, with certain additional neu-
ral populations, all consistent with basic Neuroscience and plausibly set in place during the infant’s
development — which, upon the input of modest amounts of grounded language, in any natural
language, will acquire the ability to comprehend and generate syntactically and semantically cor-
rect sentences in the same language — definitions of all these terms forthcoming.

One important remark is in order: By designing such a system, we are not articulating a sci-
entific theory about the precise way in which language is implemented in the human brain — a
theory to be tested by experiments on human subjects. The artifact we create is a proof of concept,
an existence theorem stating that something akin to a language organ can be put together with basic
neuroscientific materials which can be plausibly delivered by a biological developmental appara-
tus. We believe that this has not been done before. But, having said that, we have taken care that
aspects of the system we present here are consistent with the consensus in neurolinguistics about

the nature of the language organ, wherever such consensus exists; we point out instances of such
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convergence throughout the paper.

7.2 On Language in the Brain

When it comes to language in the brain, much less is known with certainty than about neuron
cellular dynamics; see [106, 70, 107] for recent books on the subject. Still, it is impossible to
survey the entire field. Here, we summarize the state of our knowledge of the language organ most
pertinent to this work.

The language organ carries out two main functions: speech production and speech comprehen-
sion. There is a broad consensus that, in the systems responsible for both functions, there exist
abstract representations for each word in the language within a centralized lexical area; this area
can be thought of as a hub-like interface between the phonological subsystem and the semantic rep-
resentations of each word. Though not uncontroversial, there is also growing evidence that these
representations are shared between production and comprehension systems — they are believed
to reside in the mid and mid-posterior MTG [108]. On the other hand, the semantics of nouns and
verbs are represented in a distributed way across many brain areas, many at the periphery of the
motor, visual, and other sensory cortex, and the aforementioned word representations are richly
connected to these areas [109, 110, 111].

Nouns and verbs differ in some of the context areas with which they are most strongly con-
nected. Parts of the motor cortex are much more strongly involved in the processing of verbs than
that of nouns (namely the PLTC and the pSTS subarea), whereas a different part of the motor con-
text is more active in the processing of nouns involving action (i.e., tools and limbs) than verbs; see
[112] and [113] for surveys. Furthermore, areas of the motor cortex that are activated in response
to perceiving someone else perform an action, known as mirror cells, are activated much more for
verbs than for nouns; for a review on motor and mirror area recruitment for verbs vis-a-vis nouns,
see [114, 115]. In addition to involving different context areas, it is also known that there is a sepa-
ration between the systems for the perception and generation of nouns and that of verbs, and there

is growing evidence that this may, at least partly, be because noun and verb lexical representations
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reside in different subparts of the mid and mid-posterior MTG, that is, the lexical area [116, 117,
26]. Our language organ model will reflect these principles by having separate lexical areas for
nouns and verbs, and featuring contextual that are connected exclusively to each of the noun and
verb areas — in addition to many shared context areas.

Neurolinguists also strongly suspect that there is an abstract phonological representation for
each word (in an area called Spt) that is connected to the word’s centralized lexical representa-
tion, and that the same representation is used in both perception and production [118, 119]. This
representation can be thought of as containing implicit representations of sequences of phonemes
and interfacing to the sensorimotor subsystems for the perception and production of these words.
In our work, we abstract away phonological processing and acquisition, and will have a special
phonological input/output area that is shared by production and perception.

To summarize, we have the following simplified picture of language in the brain: each word
has a root representation in a lexical hub area, likely within different sub-areas for nouns and verbs,
which is connected to a phonological representation of the word — representations which are used
both for recognizing and for articulating words. The lexical hubs are richly connected to many
sensory and semantic areas across the brain through which the many complex shades of meaning
and nuances of a word are represented; crucially, nouns and verbs have strong connections to

different context areas.

7.3 Psycholinguistic theories

The most important comparisons to our work are the existing psycho- and neurolinguistic mod-
els of language processing. Among the most influential and established theories are the Lemma
Model for production [120], the Dual Stream Model of language perception [121], and the Hub-
and-Spoke model for the semantic representation of words [122]. While there is much debate
regarding in which ways these models can be combined, they all have in common the basic con-
sensuses, or near-consensuses, outlined in the previous section. One important contribution of our

work is that it constitutes a concrete, neuronal implementation of the underlying common core of
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these three mainstream models of language processing. That is, whereas at the highest level the
Lemma Model posits the existence of word lemmas connected to phonological representations and
a hub-and-spoke like semantic network, and the Dual Stream Model predicts a lexical interface
between the integration of phonological input and the semantic and syntactic features of a word,
our work fully implements, in terms of realistic stylized neurons, the basic underlying mechanisms
of these models. Importantly, our model explains how the lexical representations common to these

models can be acquired from grounded input.

A toy language. We will shortly define a language organ in NEMO that will learn from sentences
of a toy language with / nouns and [ intransitive verbs, where [ is a small parameter that we vary
in our experiments. We denote the combined lexicon as L. In this language, all sentences are of
length two: “cats jump” and “dogs eat.” Importantly — and this is the hard part of our experiment
— the language can have either SV (subject-verb) principal word order (as in English, Chinese and
Swahili) or VS (as in Irish, Classical Arabic, and Tagalog), and our model should succeed in either

scenario.

7.4 The Language Organ

Our language organ, denoted O, consists of two separate lexical areas for nouns and verbs,
LEXyN and LEXy, and an area PHON containing the phonological representations of words. It also
has several context areas: VISUAL and MOTOR are the two basic ones, but there are several others
which we denote CONTEXT; fori € [C]. (C, the number of additional context areas, is a parameter
of the model; here C = 10). PHON is connected through fibers with LEXy and LEXy, whereas
VISUAL is connected with LEXy, and MOTOR with LEXy. All other context areas CONTEXT; are
connected to both LEXy and LEXy; all these connections are two-way (see Figure 7.1). For each
word W, we additionally pre-select a random subset of [C], representing which extra context areas
are implicated for the word W (for instance an olfactory area for W = flower an emotional affect

area for hug, and so on). In our experiment, this set has only one element, denoted i[W].
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Hearing each word W by the learner is modeled as the activation of a unique corresponding
assembly PHON[W] for that word in PHON for the duration of the perception of a word, that is,
for T time steps, where 7 is another parameter of the model. We further assume that our input is
grounded:: whenever a noun W € L is heard it is also seen — that is, an assembly correspond-
ing to the static visual perception of the object (cat, dog, mom, etc) is active in VISUAL, denoted
VISUAL[W]. Similarly, an assembly corresponding to the intransitive action (jump, run, eat, etc.)
in MOTOR, denoted MOTOR [W] for a verb W € L. These areas represent the union of the differing
somatosensory cortical areas feeding into nouns and verbs covered in Section 7.2). We also acti-
vate an assembly CONTEXT;,, [W] in the extra context area corresponding to W. Importantly, the
assemblies in the contextual areas (VISUAL, MOTOR and the CONTEXT;) are activated throughout
the perception of the entire sentence (that is, 7 X | sentence | steps), not just when the correspond-
ing word is perceived. This corresponds to the fact that the learner perceives the sentence as a
whole, associated with the world-state perceived that moment through shared attention with the
tutor.

Effectively, the above means that in our experiment, whereas LEXy and LEXy are pristine
tabulae rasae, areas with random connectivity devoid of special structure, PHON is pre-initialized
with assemblies for each word in the lexicon; VISUAL has assemblies for each noun, as does
MOTOR for each verb. This reflects that we seek to model the acquisition of highly grounded, core
lexical items, and are abstracting away phonological acquisition — which is of course a highly
interesting direction in its own right. These lexical items are acquired before more abstract nouns
and verbs (such as peace and explain) that may require a variant of this representation scheme. We
are confident that appropriate extensions of our basic model will handle abstract language — see
Section 7.6 for a discussion of this and other extensions.

To summarize, a sentence s = W;W, of our language in the SV setting (the VS setting is
analogous) is input into O as follows: the corresponding assemblies in all the context areas, that
is VISUAL[W;], MOTOR[W;], CONTEXT;[w,] and CONTEXT;[w,] fire for  — 1 € [2 X 7], while

PHON[W/{] fires fort — 1 € [7], and then PHON[W,] fires for t —7 — 1 € [7]. We will denote these
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Figure 7.1: The architecture of the language organ O in the NEMO model of neuronal computation.
This example show the state of a trained O after hearing the word dog in a grounded setting
when the listener also sees a dog jumping (this could be part of a sentence like “the dog jumps").
The corresponding assemblies are active in VISUAL (the image of a dog) and MOTOR (the action
of jumping); assemblies can also be active in CONTEXT; areas, representing additional semantic
contextual stimuli such as an emotional affect.

steps of the dynamical system by the shorthand Feed(s).

7.5 The learning experiment

We first select the parameters n, k, p, 8 (which may vary across different areas); / (the lexicon
size), T (how many times each word fires), and C (the number of extra context areas). To train O,
we generate random sentences s1, 52, . . . In our toy language, executing Feed(s;) for each s;.

Our experiments reveal that, for varying settings of the parameters (such as n = 105 k =
103, B =0.1,1 =5, 1 = 2), after some number of training sentences the model accomplishes some-
thing interesting and nontrivial, and necessary for language acquisition: it forms assemblies for
nouns in LEXy but not in LEXy, assemblies for verbs in LEXy but not in LEXyx !, and in addition,
the assemblies in these areas are reliably connected to each word’s corresponding assemblies in
PHON, MOTOR, and VISUAL, and also reasonably well connected to the other context areas. In

other words, and in a concrete sense, the model has learned which words are nouns and verbs, and

To see why this is highly nontrivial, the reader is reminded that this is done in the absence of knowledge of
whether, in the language being learned, subject precedes verb or the other way around.
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has formed correct semantic representations of each word.

We say that an experiment succeeded after m training sentences if we have that for each word
W e L, the resulting synaptic weights of O satisfy properties P and Q. Property P captures a kind
of production ability — that is, ability to go from semantic representations to phonological form,
much like the mapping from lemma to lexeme in psycholinguistics; properties Q guarantee that a
stable representation for each word is formed in the word’s correct area — LEXy or LEXy — and
not in the other area.

We start by defining the P property: A noun (respectively, verb) W satisfies property P if
firing VISUAL[W] (resp. MOTOR[W]) and CONTEXT[i[W]] activates via LEXy (resp. via LEXy)
almost all of the representation PHON[W]; in our tests, we define “almost” as least 75% of the
cells in that assembly. We say the experiment satisfies P if every word satisfies the P.

For the Q properties, suppose W is a noun and that PHON[W] fires once. Let v be the resulting

k-cap in LEXy, and u the resulting k-cap in LEXy. The properties Q; are defined as follows.
1. Qj: the synaptic input into v is greater than that into u by a factor of two.

2. Qy: if we fire v, it activates PHON[W] and VISUAL[W]; whereas if we fire y, it does not

activate any of the predefined assemblies in PHON or MOTOR.

3. Qj: if we fire v, it activates v within LEXy itself; whereas if we fire u, the next k-cap in

LEXy has small overlap with u (less than 50%).

If W is a verb, the Q; are defined as above but swapping noun with verb, and MOTOR with VISUAL.
Intuitively, the Q; capture that a stable hub representation of each word has been formed in the
correct part-of-speech lexical area for that word. The experiment satisfies Q is every word satisfies
the Q;.

Results. We run our NEMO -based language organ with a variety of parameters with ran-
dom sentences until success, that is, until P and Q are satisfied, and report the resulting training

time. Despite representing a dynamical system of millions of neurons and synapses, the system
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converges and yields stable representations (satisfying P and Q) for reasonable settings of the
parameters.

The results are summarized in Figure 7.2, where we see that the number of training sentences
grows roughly linearly with the lexicon, or number of words acquired. While the number of train-
ing sentences may appear somewhat large, there are a few points to keep in mind. Our model de-
scribes the acquisition of one’s “first words", the most contextually rich and consistent, for which
10-20 overhead sentences per word does not seam unrealistic. Furthermore, to our knowledge ours
is the first simulation of a non-trivial part of language acquisition performed entirely in a bioplau-
sible model of neurons and synapses. Nevertheless, reducing the number of training sentences is
a crucial goal of this line of research: we propose a heuristic for this in the following subsection,
and discuss ideas for future research in Section 7.6. We also experiment running the model with
varying S (the plasticity parameter) revealing roughly inverse-exponential acceleration of the rate
of convergence to stable representations with increasing . In experiments with or without extra

context areas, the training time remains roughly the same. See Figure 7.2 for details.

7.5.1 Individual word tutoring

Our model is able to learn word semantics from full sentences, without ever being presented
isolated words. While it is known that children can acquire language in this way, in our experiments
the number of sentences required is rather large, and scales linearly with the size of the lexicon.
An important problem for our theory is to understand how to reduce this size, especially to model
later stages of acquisition, since humans acquire language from small amounts of data. We believe
this is done two ways: At the early stages with individual word tutoring, and at later stages through
functional words (see the next section). To test individual word tutoring, after every fixed number
of sentences we randomly select a single word W € L and fire PHON[W] and its contextual areas
for some 7 time-steps. We find that this greatly decreases the total training time. In particular, at

early stages of acquisition, individual word tutoring reduced the training time by over 40%.
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Figure 7.2: Results of our experiments. In (a) the learning experiment of section 7.5 is performed
for varying sizes of the lexicon, revealing a linear trend (n = 10°, p = 0.05,8 = 0.06, kppxy =
krexy = 50, kcontext, = 20, other areas k = 100, C = 20 and 7 = 2). In (b) the learning experiment
is repeated for varying § and C = 0, always for a lexicon of size 4. In (c) we run learning
experiments as in (a) — green — along with two variants, one in which a round of individual word
tutoring is performed after every 2 random sentences (blue), and another every 5 random sentences
(green): individual word tutoring decreases training time significantly, particularly when a smaller
set of words is taught at a given time. (a)-(c) were performed with both a NV and NV word orders
with similar results; NV results are shown here and both are available in the supplementary data.
Each experiment is repeated 5 times; means and standard deviations are reported.
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7.6 Future Work

Multilinguality We believe that our model can be extended to handle multilinguality by adding
an additional area LANG, connected into LEXxn and LEXy. Like the contextual areas, LANG would
have several assemblies, one for every language the multilingual child is exposed to, with strong
input into LEXy and LEXy . For learning to succeed in the sense of Section ??, separate assemblies
for each concept in each language must form in the lexical areas; we expect that this will require
more training time — reflecting the fact that multilingual children may begin to speak later than

monolingual children [123].

Functional words and faster learning. Functional words are words in closed lexical classes
that have limited semantic content but have important syntactic roles (such as English preposi-
tions, determinants, etc.); more broadly, functional categories include morphemes and inflectional

e _n
S

paradigms of this type (e.g. the possessive marker , the adverbializer “-ly" and so on). Func-
tional categories are somewhat of a paradox: cross-linguistically, children begin to accurately
produce them much later than lexical words (verbs and nouns), but in recent decades, an explosion
in language acquisition research has come to establish that young children are extremely sensitive
to them, likely forming representations of them well before they can produce them, and utilizing
them in many ways: to aid understanding, for learning lexical items (a word that follows “the” is
likely to be a noun), and for bootstrapping syntax [124].

An important open problem is handling functional words, and, possibly, using them to acceler-
ate word acquisition (reducing the learning times of 7.5, particularly important for modeling words
with less contextual consistency). As a starting point, suppose we extend our language to have a
mandatory article “a" before every noun (with no semantic content), that is, in the NV version of
our language, every sentence has the form “a NOUN VERB". O. Extending the model to acquire
“a" (perhaps as a representing in an area for functional words FUNC) is an important goal; then, it

can be used to quickly identify any following word as a noun (i.e., forming an initial representation

in LEXy).
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Abstract words and contextual ambiguity. Currently, our model of grounded context is rather
simplistic: we assume only object nouns and action verbs, we have two areas that are specific to
each kind of input, and several other unspecified contextual areas that fire randomly when we hear
the word. Eventually, we would like to be able to handle abstract words like “disagreement” and
“aspire". Extending our model, in particular its representation of semantics, to handle such words

is one of our main future directions.

Generation and Syntax. Perhaps the most important direction left open by our work is syntax.
As a first step, we want the model to learn whether the toy language has NV or VN order. Con-
cretely, this would entail the following experiment: after exposure to some number of random
sentences (as in the current model), we can generate sentences by activating the assemblies in con-
textual areas corresponding to every word in the sentence, and, letting the dynamical system run,
it will fire the assemblies in PHON in the correct order of the language (NV or VN). This itself is
but a small piece of syntax; transitive verbs and object would be the next step, which we believe

can be carried out by modest, and hardly qualitative, extensions of our setup and methods.

7.7 Conclusion

We have defined and implemented a dynamical system, composed of millions of simulated
neurons and synapses in a realistic but tractable mathematical model of the brain, and in line with
what is known about language in the brain at a high level, that is capable of learning representations
of words from grounded language input. We believe this is a first and crucial step in neurally
plausible modeling of the language organ and of language acquisition. We have outlined a number
of future directions of research, within the reach of our approach, that are necessary for a complete

theory of language in the brain.
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Appendix A: Experimental Equipment

Lorem ipsum dolor sit amet, consectetur adipiscing elit, sed do eiusmod tempor incididunt ut
labore et dolore magna aliqua. Ut enim ad minim veniam, quis nostrud exercitation ullamco laboris
nisi ut aliquip ex ea commodo consequat. Duis aute irure dolor in reprehenderit in voluptate velit
esse cillum dolore eu fugiat nulla pariatur. Excepteur sint occaecat cupidatat non proident, sunt in

culpa qui officia deserunt mollit anim id est laborum.
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Appendix B: Data Processing

Lorem ipsum dolor sit amet, consectetur adipiscing elit, sed do eiusmod tempor incididunt ut
labore et dolore magna aliqua. Ut enim ad minim veniam, quis nostrud exercitation ullamco laboris
nisi ut aliquip ex ea commodo consequat. Duis aute irure dolor in reprehenderit in voluptate velit
esse cillum dolore eu fugiat nulla pariatur. Excepteur sint occaecat cupidatat non proident, sunt in

culpa qui officia deserunt mollit anim id est laborum.

121



	Acknowledgments
	Introduction and Background
	Why construct abstract theories?
	An Approach Inspired by Theoretical Computer Science
	Basic neurobiological underpinnings for NEMO
	Contribution of this Thesis
	The Theory of Assemblies, and Comparisons to Other Models
	Hebb and early theory of assemblies
	Marr's theories of cortex and hippocampus
	Hopfield networks
	``Arbitrary" computation with Hopfield networks
	ANNs
	Valiant's model

	Experimental study of assemblies.
	Techniques in neurolinguistics
	The main methodologies
	Songbirds


	The NEMO model
	The basic-NEMO model
	Parameter settings

	NEMO
	Other extensions of NEMO

	Computing with NEMO: Creation of Assemblies and Basic Operations
	The computational power of basic-NEMO
	Assembly creation
	Association
	Pattern completion
	Reciprocal project
	Merge


	Parsing in NEMO
	Overview
	Goals
	Background

	The NEMO model: Review and Additional Assumptions
	The Parser
	Parser Architecture
	Operation
	Readout

	Experiments
	Details of the experiment
	Extensions and Discussion
	Conclusion


	Parsing embedded clauses
	Introduction
	The original Parser
	Neuroscience

	Constituency
	Embedded Sentences
	A Little Formal Language Theory
	Discussion
	Proof of Theorem 1

	Planning in the Blocks World
	Introduction
	Background and related work
	The Blocks World NEMO Program
	The Parser
	Removing the Top Block
	Putting a Block on Top of the Stack
	Computing the Intersection of Two Stacks
	Multiple Stacks

	Experiments
	Chaining, and its limits in NEMO.
	Conclusions and Future Directions

	Planning in the Blocks World
	Introduction
	On Language in the Brain
	Psycholinguistic theories
	The Language Organ
	The learning experiment
	Individual word tutoring

	Future Work
	Conclusion

	References
	 Experimental Equipment
	Data Processing

