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CHAPTER 1

I Introduction

In contrast with conventional belief, it is actually straightforward to understand higher
cognition and human consciousness in terms of brain anatomy, physiology, and chemistry.
It is no more difficult—perhaps it is even easier—to understand the cognitive capabilities
of the brain in terms of neuron processes than to understand the features of the most
complex electronic systems in terms of transistor processes. This book will explain how
and why such understanding of the brain is possible.

Explanations of the brain are sometimes offered in terms of single anatomical or physi-
ological structures being the key to some psychological phenomenon: the frontal cortex
as the seat of higher cognition, the gamma band frequency observed in the EEG as the
neural correlate of consciousness, the neurochemical dopamine as the basis of desire, the
amygdala as the source of the fear emotion, and so on. Unfortunately, these types of simple
correlations do not exist. It is necessary to think about the brain as a system in which many
or all physiological processes and anatomical structures contribute to every cognitive
ability. An analogous situation exists for computers: no one transistor, integrated circuit,
or printed circuit assembly is the location where one particular application, like internet
browsing, is carried out. Rather, almost all of the hardware components may contribute
to every application.

A computer system with many billions of transistors and other components can be
understood. In computer science, we have developed ways to organize the information
about these very complex systems in such a way that they can be designed and modified.
These same techniques can be applied to organizing the vast amount of information
acquired by the neurosciences so that human beings can understand their own brains.
Simple versions of these techniques are actually very familiar; we use them every day to
understand the world around us. But we do not always realize that we are using these
techniques or think about how and why they work.

It is important to point out that all this is not to imply that there is any resemblance
between brains and computers; they are qualitatively different types of systems. Rather, it
is to say that techniques used to understand computing systems by organizing information
about billions of components can be applied to understanding the brain.

From 1969 to 1999, I participated in all sorts of different aspects of the design of some
very complex telecommunications systems. The company where I was employed was called
Northern Electric, and for many of those years I worked in a Northern Electric subsidiary
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called Bell Northern Research (BNR), where most of the product design took place. Later,
Northern Electric was renamed Northern Telecom, then Nortel Networks, and late in
first decade of the twenty-first century it encountered problems that caused it to go out
of existence. But in the years when I was working for the company, it was a pioneer and
perhaps the best in the world at designing extremely complex real-time electronic systems.

In the 1960s, transistor and software technologies were relatively new, and until the
1970s, telecommunications systems had all relied on simple mechanical switches called
relays to support telephone dialling and speech connections. Telephone exchanges that
connected all the thousands or tens of thousands of telephones in one geographical area
contained vast numbers of these relays. Northern Electric/BNR was the first in the world
to replace all the relays in these systems with integrated circuit and software technolo-
gies. These technologies were becoming more widely available, but their application to
telecommunications was a great challenge for several reasons.

The first reason was that telephone exchanges were real-time control systems. A con-
nection had to be created between two telephones within seconds of dialling, even if
thousands of other telephones were also making connections at the same time. This
real-time requirement was hard to meet with the electronic information processing speeds
available in the 1970s.

Secondly, in telephone systems before the 1970s, voices were represented by electrical
signals that varied in time just like the variations in air pressure that are the sounds of a
voice. This is called an analogue representation. For electronic systems it is necessary to
convert these voice signals into digital form, representing the sound of the voice at each
point in time by a series of 1s and 0s. This is called a digital representation. The electrical
analogue of a voice speaking into a telephone is converted into digital form before being
processed through the exchange to its destination telephone. At the destination it is
converted back to analogue form to generate the sound of the voice. Analogue-to-digital
and digital-to-analogue conversions require a lot of processing power, which was again
difficult to achieve at a reasonable cost with the technology of the 1970s.

Thirdly, the mechanical systems were highly reliable in the sense that although relay
failures were not unusual, such a relay failure might cause one or two telephones to lose
service, but it was extremely rare for all the telephones in a geographical area to lose
service at the same time. You could always go to a neighbour to make an urgent call if your
own telephone didn't work. However, failure of an electronic exchange might take all the
telephones in a city out of service. The risk of this type of failure led to the requirement that
one of the new electronic exchanges could not be totally out of service for more than two
hours in forty years. These two hours had to include both hardware and software failures,
plus any downtime resulting from a need to upgrade hardware or software. This stringent
target was actually met by the Nortel electronic systems.

The design culture of Northern Electric/BNR was very self-reliant, and in any case the
new technologies were in their early development stages and not available elsewhere. From
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the mid-1950s the company had been manufacturing its own transistors, and from the
early 1970s it both designed and manufactured its own integrated circuits containing many
transistors. As the complexity of the required integrated circuits increased, BNR created
the tools needed to design those circuits, and also the design tools for the printed circuit
assemblies to interconnect the integrated circuits. In response to the need for software to
drive the new systems, BNR created software languages appropriate for real-time systems,
the compilers to translate software into machine code to drive the hardware, and the
user environments in which the software could be designed and tested. All this made it
possible to introduce the first fully electronic telephone switching system, called SL-1.
Available in the mid-1970s, it was designed for use within a business. Designing the first
fully electronic public switching system in the late 1970s and early 1980s required of the
order of five thousand designer years of effort. One such system contained of the order of
five billion transistors, a huge number for that time.

It happened over the course of my career that at different times I had responsibilities
in many of the key design areas, including system design, transistor and integrated circuit
design, software design, compiler design, user-feature design, and design of the design
environments for integrated circuits, printed circuit assemblies, and software. So I saw
first-hand many of the problems encountered in the top-to-bottom design of an extremely
complex system, from transistor design to user-feature design. I therefore worked on many
different levels with the techniques that were used in combination to ensure that the
design information about a very complex electronic system with billions of components
was manageable by human designers.

A system design was first created at very high level. The system was conceived as perhaps
half a dozen subsystems. At this initial point, the information processes performed by
each subsystem and the way the subsystems interacted were defined. Then the way these
subsystems would step by step perform a range of user functions was imagined. To allow
the subsystems to operate effectively, the information processes in one subsystem needed to
be carried out with relatively little ongoing interaction with processes in other subsystems.
To put this another way, information exchange between the subsystems in the course of
performing these functions needed to be minimized. This consideration led to changes in
the way in which information processes were divided up between the subsystems.

For example, there are two different major types of information processes performed
by a computer system: memory processes that store or retrieve data and instruction
processes that execute commands. In the system design process, initially one subsystem
might perform all the memory processes and a different subsystem will perform all the
instruction processes. Once this division of processes between the subsystems was made,
the subsystems could be designed in more detail by different groups of engineers. In the
course of this more detailed design, sometimes it was necessary to move a few of the
information processes originally assigned to one subsystem into a different subsystem. To
keep information exchange relatively low, a small proportion of memory-type processes
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might need to be transferred to the instruction subsystem, and vice versa. This made the
high-level design description only approximate, but it was still retained because for most
purposes it was still good enough, and any other separation into subsystems was less
accurate. The memory subsystem still contained the vast majority of memory processes
and only a few instruction processes. Most of the time when modifying the design further,
the approximation was a good guide, although it was important to be aware of situations
when it could be misleading.

This use of approximate descriptions on a higher level to guide more detailed design
was also used for even more detailed design, and so on. In other words, a manageable
design process was heavily dependent on the creation of a hierarchy of descriptions. In this
hierarchy the higher-level descriptions were more approximate, but it was known where
they were approximate, and they could be mapped into more detailed descriptions when
required. A key point was that the relationships between more detailed descriptions of
different parts of the system could only be understood by means of higher-level descriptions.

In the early 1980s, I began to wonder if these techniques could be applied in any way to
understanding the brain. In 1984, the idea of a high-level description of the brain crystallized
in my mind. This description involved subsystems of a novel architecture I later called the
recommendation architecture. Over the next few years, I developed this idea when I could
spare the mental bandwidth mostly needed for my work at BNR/Nortel, eventually leading
to my first book on understanding the brain, Pattern Thinking, published by Praeger in 1990.
This book contained many of the architectural ideas and connections with neuroscience
that I later mapped more precisely into anatomy, physiology, and neurochemistry.

While the book was in publication, I implemented a software model for the cortex within
the architecture I had conceived, but I had little time to develop the ideas further. Then in
1999, I took early retirement from Nortel and put much more energy into developing these
ideas. At a conference on neural networks a year or two before retiring I made a contact
with Professor Tom Gedeon, then at the University of New South Wales and later at the
Australian National University (ANU). This contact led to a long-term relationship with
ANU that included both research and teaching.

One of the first steps I took after leaving Nortel was to develop more formally the concept
that a range of practical considerations imposed major constraints on the architecture of
any complex control system. Two of the key considerations are (1) the need to limit the
amount of information processing hardware required to carry out all the system features
and (2) the need to make changes to system features without introducing undesirable
side effects on other features. I was able to demonstrate that these types of practical
considerations show that the hardware of any complex control system that must perform
large numbers of different features with limited resources can only take one of two general
forms. If all the features of the system are designed, the architectural form is the familiar
memory/processing architecture, or instruction architecture. This instruction architecture
is ubiquitous in computer systems. However, if the features of the system must be learned
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from experience, the instruction architecture is impractical, and the only possible form is
the recommendation architecture I had described in my earlier book.

In the instruction architecture, it is the general use of two types of information processes,
the instruction and the data read/write, that makes it possible for designers to understand
the system. A key insight in my 1990 book was that in the recommendation architecture
there are two analogous but qualitatively different types of information processes, the
condition define/detect and the behaviour recommendation define/integrate that make
it possible to understand recommendation architecture systems like the brain.

After this I went on to demonstrate that the major anatomical structures of the brain cor-
respond with the subsystems required in a system with the recommendation architecture
to perform different types of information processes. In computer systems there is always a
memory specializing in data read/write processes and a processor specializing in instruc-
tion processes. Analogously, in the brain there is a cortex specializing in condition define/
detect processes and subcortical structures specializing in behavioural recommendation
define/integrate processes.

From thereI could specify the processes performed by different anatomical structures
more precisely and demonstrate that the detailed anatomy of the brain is optimised to
perform these processes effectively. For example, the role of the hippocampus in managing
cortical resources efficiently, and how it performs that role, steadily became clearer.

Psychology has long recognized that there are a number of qualitatively different types
of memory, finding differences between memory for facts, memory for events, and memory
for skills, plus a couple of short-term memory types called working memory and priming
memory. A key reason for viewing all these as different is the observation that different
types of brain damage can affect some memory types but not others. A major step in
refining the recommendation architecture understanding of the brain was being able to
understand these differences in terms of differences between the information processes
supporting the different memory types at the physiological level.

These insights were pulled together in a second book, A System Architecture Approach
to the Brain: from Neurons to Consciousness, published in 2005. This book became the
basis for a course offered to advanced undergraduate and graduate students at ANU.
Teaching the course resulted in further clarification of the architectural ideas, especially
the links to anatomy and physiology, and the mechanisms supporting cognitive tasks.
These clarifications resulted in a third book, which greatly strengthened the detailed
links between cognition, anatomy, physiology, and neurochemistry. This book, Towards
a Theoretical Neuroscience: from Cell Chemistry to Cognition was published by Springer in
2013 and became the new textbook for the course.

In parallel with the books, I have published a number of academic papers. However, a
major problem in gaining acceptance for these ideas has been that few neuroscientists and
psychologists or even engineers working in industry have had experience with all the levels
on which design of an extremely complex real-time system takes place. Many scientists
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implement software and even design electronic hardware to support their research, but
the design process for these systems takes place within an already created system design
framework and never has to come to grips with the full problem from transistor design to
complex real-time system design. To put it another way, the five thousand man-years of
effort required within BNR/Nortel for the first real-time electronic telecommunications
systems included not just the design itself, but creation of all the design support systems.
This effort is several hundred times greater than even the largest design project that is
implemented in academia. Even in the commercial world, the design support systems
have been well established, and it is rarely necessary to grapple with the issues of top-to-
bottom system design from features to transistors. Furthermore, the costs of the hardware
to perform a given computing problem have declined by many orders of magnitude since
the 1970s. As discussed later in the book, resource constraints exert considerable pressures
on system design and have also greatly affected the architecture of the brain. However,
the effect of these pressures on electronic system architectures has become less familiar
with the decrease in resource costs.

A couple of symptoms of this lack of appreciation for the implications of complex system
design include attempts to perform huge simulations of physiologically realistic computer
models of the brain and the use of formal mathematics, like differential equations, to try
to understand brain functioning,

Some computer models invest large computing power in the simulation of anatomical
structures, like cortical columns, with as much physiological realism as possible. The issue
with this approach can be appreciated from the following somewhat caricatured example.
Suppose you could create software models for neurons that precisely reproduced all their
physiological processes. Then suppose that you could study one human brain and identify
all the neurons and all the connections between them. You pull this together to create a
software model for the complete brain. When you run this model, you find that it exhibits
higher cognitive behaviours. The problem is that all you now have is another extremely
complex system you don’t understand!

Formal mathematics has played a critical role in creating the understanding of the
physical world embodied in the hard sciences like physics and chemistry. These sciences
view physical systems as being made up of huge numbers of relatively simple units, such
as particles. When the behaviour of a system changes over time, differential equations
are the key tools used. Examples include Schrédinger’s equation in quantum mechanics,
the Geodesic equations of general relativity, or the Navier-Stokes equations for the flow of
fluids. Mathematical modelling is very effective for handling situations in which there are
very small numbers of units, or large numbers of identical units. In practice this means
that a physical system can only be modelled in one of two different ways. One way is that
avery small number of particles is modelled. The other way is that if a system is made up
of a large number of particles, all the particles must be viewed as identical, or perhaps
there can be large numbers of just a very small number of different types. The problem in
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a complex control system is that there are large numbers of units (transistors, neurons),
but these units can rarely be usefully regarded as identical.

In a computer system, there may be billions of transistors. In physical form many of
these transistors are similar. However, each transistor is connected to a specific small set
of other transistors, which in turn are connected to other specific sets of transistors. In
general, any one transistor therefore has a unique connectivity environment within the
system as a whole. The behaviour of the system in most cases depends on this detailed
system connectivity. Hence transistors cannot be regarded as identical for the purposes
of describing or understanding the features of the system, and differential equations are
almost never used in system design. The only exceptions are when calculating global
physical system parameters like the heat generated and flowing within the system or the
electrical noise produced by the system. For such parameters, viewing every transistor as
the same is a useful approximation, and mathematical modelling can be used.

In the brain there are billions of neurons. There are physical similarities between some
neurons, but once again each neuron has a unique connectivity environment within
the brain. Performance of cognitive tasks depends on this connectivity. Hence formal
mathematical modelling will not be useful for understanding cognition, although it may
have value for modelling global parameters like the overall electrical activity (such as EEG
measurements) when neurons can be regarded as more or less identical.

As discussed in chapter 2, the only possible approach to understanding systems with
this complexity involves a much more sophisticated and controlled use of approximation
when describing the system. When a computer system performs some task, like accessing
aweb page, millions or even billions of transistors may contribute at different stages. It is
not possible for a human brain to simultaneously imagine the ongoing activities of all those
transistors. However, that activity precisely determines whether the task will be successfully
completed or not. Hence that activity must ultimately be specified precisely by a designer.
Computer science has therefore developed ways to describe such activity so that it is within
the comprehension of a human designer, by creating hierarchies of description. High-level
descriptions of system features are approximate, but to make design possible there are
also ways to make small parts of such a description more precise, with the more precise
but partial descriptions still within the comprehension of a designer. Small parts of this
more precise description can be made even more precise, and so on. Such hierarchies of
descriptions are needed to link transistor activities to the performance of system features.

The instruction and data read/write information models are critical to the construction
of these hierarchies. At everylevel, descriptions are constructed from information processes
of these two types. High-level instructions are made up of sequences and combinations of
more detailed instructions, and high-level data elements that are read or written are made
up of combinations of more detailed data elements. This consistency makes it possible to
move easily between descriptions on different levels of detail.
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When a brain performs some cognitive task, millions or even billions of neurons may
contribute, and their activity determines whether the task is completed successfully or
not. Human understanding therefore depends on the creation of analogous hierarchies
of description. In the case of electronic systems these hierarchies have been imposed by
human designers. There are no such designers in the case of the brain. However, natural
selection pressures favouring brains that make economical use of resources and that can
learn without damaging prior learning have resulted in the organization of brain resources
in the recommendation architecture form. This form makes it possible to create such
hierarchies of description.

It is again the existence of two information models that make hierarchies of descrip-
tion useful for the brain. However, as mentioned earlier, in the case of the brain the two
models are recommendation definition/integration and condition definition/detection.
In an electronic system, information detected in the environment is compared with data
recorded by the designer, and if there is a match the instruction specified by the designer
is executed. In the brain, information detected in the environment is compared with condi-
tions defined by the brain from previous experience. In some cases, the comparison results
in changes to the definition of a condition. If there is a match between the information
derived from the environment and a condition, the condition is detected. Such a detection
recommends a range of behaviours. To be carried out, a behaviour must have the largest
total recommendation strength across all the currently detected conditions.

The activity of the brain can be described at high level in terms of major condition defini-
tions/detections and recommendations. Each high-level condition detection is made up of
large numbers of more detailed condition detections, and the total recommendation weight
in favour of each recommended behaviour must be determined. A high-level condition is
made up of many more detailed conditions, and a high-level behavioural recommendation
is made up of many detailed recommendations. This consistency makes it possible to move
easily between descriptions of brain activity on different levels of detail.

The techniques for organizing information about complex electronic systems have now
been available for over fifty years. A puzzling question is why these techniques have not
been applied more generally to understanding the brain. Part of the answer lies with how
career rewards in academia are achieved. Numbers of published papers are a key measure
of success. In the neurosciences this tends to result in early career researchers finding
a physiological process that is somewhat different from already studied processes and
performing many experiments on that process. Ideally, the choice of process is supported
by an already established professor, making it easier to get research grants. Lots of papers
can be published, each varying the parameters within which the process operates in a
different way. Correlations between the process and some easily controlled behavioural
experiments may be found. Although this approach is valuable (for example, it can result
inidentification of possible treatments for medical conditions), the understanding of how
everything fits together in the brain is not rewarded. Soon after my first book was published,



INTRODUCTION

I visited a couple of neuroscientists to see if there was any interest in testing my system
ideas. After spending several hours explaining my approach, I vividly remember one of them
commenting, “Your ideas are fascinating, but if we work on them we will never get tenure”

On the computer science side, the design of learning systems uses a technology called
artificial neural networks. Researchers early on encountered the problem that if such a
system learned one type of task, subsequent learning of a different type generally eliminated
the ability to perform the first type. As aresult, artificial neural networks have focussed on
separate systems, each learning one type of task. These networks have become very effec-
tive at learning groups of similar tasks, such as recognizing faces, recognizing tumours in
medical images, or playing a particular game like Chess or Go. However, little progress has
been made with designing artificial general intelligence (AGI) systems to learn a wide range
ofunrelated groups of tasks. The problem with AGI is, firstly, that artificial neural networks
are not designed within the recommendation architecture framework, and secondly, that
an AGI system within that framework would require a very large design effort. There has
so far been no economic justification for investing in such an effort.

This book aims to describe how to understand higher cognition in terms of anatomy and
physiology at a more accessible level than my earlier books. Such understanding is satisfying
in its own right, and in addition it is a critical basis for understanding how human beings
interact with their environment and with society. However, this understanding requires
a paradigm shift from the way the vast majority of scientists think about the brain, from
the conventional mathematical model-based approach to an approach based on how we
understand complex electronic systems.

On afinal note, there is a huge amount of experimental work on the brain that supports
the understanding of cognition in terms of anatomy and physiology. In abook intended to
be accessible to a more general audience, references to this work would be inappropriate.
Extensive references to the original literature are provided in my more academic work,
Towards a Theoretical Neuroscience: from Cell Chemistry to Cognition.
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glutamatergic, 112-119
inhibitory, 30, 45, 106
interneuron, 45-48, 105-106, 120-121
late firing, 295
medium spiny, 95, 113, 117-118, 126, 144, 197, 263
principal, 105-107, 120
Purkinje, 167, 169-171, 314, 317-318
pyramidal, 39, 45-49, 85, 95, 107-108
Neurotransmitter, 110-112, 119-120, 135-137
Novelty, 53, 68, 79, 88, 98, 118, 146, 162, 166, 182,
273-277, 279-280, 287-288, 300
Nuclei, 32, 36
Nucleus accumbens, 99, 144



P

Parkinson’s disease, 152

Perception, 30, 219-220, 225, 231

Phonemes, 176, 179-180, 258-259, 264-266
Place fields, 286

Planning, 77, 82, 143, 356-359

Pontine nucleus, 167-168, 170

Postsynaptic density, 113-114, 117, 197
Postsynaptic potential, 115-117, 120-122, 130-131
Post traumatic stress syndrome, 278
Potassium ion (K*), 109-111, 127-129
Priming memory see memory: priming
Procedural memory see memory: procedural
Prospective memory see memory: prospective
Provisional synaptic inputs, 58-59
Purchasing, 365-366

Q
Qualia, 321
Quantum mechanics, 6, 12, 14-16, 362

R
Receptive fields, 39, 52
bootstrapping, 65, 69, 269-270
change management, 40-41, 52-58, 261, 288-289, 291,
294
complexity, 72
discrimination, 63-64
expansion, 52
indirect activation, 77-85
pot of conditions model, 50-51, 64, 66-69, 83-84
Recognition vs. recall, 189-190
Recommendation architecture, 4-5, 8-9, 31, 34-36,
94-95, 372, 375, 391-392, 395, 397, 403
Recommendation weights, 33-35, 94, 97-98, 101-102,
126-127, 133, 147, 196-197
Releases of information, 33-35, 38, 41, 47-48, 96-101,
121-122, 141-143
Repairability, 27, 30-31, 376-378
Resources, information processing, 21, 24-25, 30-31,
39-40, 49-50, 375-383
Resting potential, 110-112, 128, 210
Retina, 39, 49, 168, 201-202, 206-208, 259-261
Rewards, 64-66, 97, 101-103, 149-152, 165, 196, 218,
300, 341
bootstrapping, 269-270
Rotation, mental, 354-356

S

SC (superior colliculus), 202-205

Self-awareness, 333-339, 362-363, 368

Self-image, 321

Semantic memory see memory: semantic

Septal nuclei, 153, 158, 164

Sequences of behaviours see behavioural sequences
Shame, 297-298, 300, 305, 307-308

Skills, 5, 42, 90-92, 321, 338-339

Sleep, 59-60, 166-167, 171, 303, 307, 364, 371, 399, 401
SNc, 144, 149

Sodium ion (Na*), 109-111, 113-117, 127-129, 210

INDEX

Soma of neuron, 45, 47-48, 105-109, 129-130
Speech, 233-255, 257-270
errors, 253-254
Stream of consciousness see consciousness: stream of
Striatum, 99, 113, 117-118, 125-126, 144-151, 171-172,
195-197, 310, 322-323
patch and matrix, 144, 146, 196
Superior colliculus see SC
Synapse, 108, 112-137, 166-167, 169, 192, 196-198, 210,
291, 317
electrical, 119, 210
silent, 133-134, 291
weight change, 115-119, 126-127, 135-137, 196-197
Synchronicity, 27, 30-31, 376-378, 388-392
Synchronization of outputs, 216, 231, 236-237, 245, 263,
265

T
Temporally correlated past activity, 77-81
Terminal dendritic branches, 130-131
Thalamus, 36, 41, 47, 122, 139-143, 145-146, 164,
168-169, 209-210

thalamic reticular nucleus (TRN), 140-143, 209
Theta band, 41, 142-143, 153-154, 164-165
Time division multiplexing, 401-402
Tip of the tongue experience, 175, 189
Toolmaking, 331-332
Transistor, 3, 6-7, 12-14, 21, 24-27, 378-380, 400

U
Unconscious thinking, 319, 321, 339-340

A%

Values, 334, 367-371

Voting, 366-367

VTA (ventral tegmental area), 144, 149

w
White matter, 32, 34, 168
Working memory see memory: working
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