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You are about to embark on one of the most fascinating scientific journeys possible: inside your own brain! We start

this journey by understanding what individual neurons in your neocortex do with the roughly 10,000 synaptic input
signals that they receive from other neurons. The neocortex is the most evolutionarily recent part of the brain, which
is also most enlarged in humans, and is where most of your thinking takes place. The numbers of neurons and
synapses between neurons in the neocortex are astounding: roughly 20 billion neurons, each of which is
interconnected with roughly 10,000 others. That is several times more neurons than people on earth. And each
neuron is far more social than we are as people -- estimates of the size of stable human social networks are only
around 150-200 people, compared to the 10,000 for neurons. We've got a lot going on under the hood. At these
scales, the influence of any one neuron on any other is relatively small. We'll see that these small influences can be
shaped in powerful ways through learning mechanisms, to achieve complex and powerful forms of information
processing. And this information processing prowess does not require much complexity from the individual neurons
themselves -- fairly simple forms of information integration both accurately describe the response properties of
actual neocortical neurons, and enable sophisticated information processing at the level of aggregate neural

networks.

After developing an understanding of these basic neural information processing mechanisms in Part I of this book,
we continue our journey in Part II by exploring many different aspects of human thought (cognition), including
perception and attention, motor control and reinforcement learning, learning and memory, language, and executive
function. Amazingly, all these seemingly different cognitive functions can be understood using a small set of
common neural mechanisms. In effect, our neocortex is a fantastic form of silly putty, which can be molded by the
learning process to take on many different cognitive tasks. For example, we will find striking similarities across
different brain areas and cognitive functions -- the development of primary visual cortex turns out to tell us a lot

about the development of rich semantic knowledge of word meanings!

Some Phenomena We'll Explore

Here is a list of some of the cognitive neuroscience phenomena we'll explore in Part II of the book:

* Vision: We can effortlessly recognize countless people, places, and things. Why is this so hard for robots? We
will explore this issue in a network that views natural scenes (mountains, trees, etc.), and develops brain-like
ways of encoding them using principles of learning.

* Attention: Where's Waldo? We'll see in a model how two visual processing pathways work together to help focus
our attention in different locations in space (whether we are searching for something or just taking things in), and
why damage to one of these pathways leads people to ignore half of space.

* Dopamine and Reward: Why do we get bored with things so quickly? Because our dopamine system is
constantly adapting to everything we know, and only gives us rewards when something new or different occurs.
We'll see how this all happens through interacting brain systems that drive phasic dopamine release.

» Episodic memory: How can damage to a small part of our brain cause amnesia? We'll see how in a model that
replicates the structure of the hippocampus. This model provides insight into why the rest of the brain isn't
well-suited to take on the job of forming new episodic memories.

* Reading: What causes dyslexia, and why do people who have it vary so much in their struggles with reading?

We'll explore these issues in a network that learns to read and pronounce nearly 3,000 English words, and
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generalizes to novel nonwords (e.g., “mave” or “nust”) just like people do. We'll see why damaging the network in
different ways simulates various forms of dyslexia.

e Meaning: "A rose is a rose is a rose." 1Byt how do we know what a rose is in the first place? We'll explore this
through a network that “reads” every paragraph in a textbook, and acquires a surprisingly good semantic
understanding by noting which words tend to be used together or in similar contexts.

* Task directed behavior: How do we stay focused on tasks that we need to get done or things that we need to pay
attention to, in the face of an ever-growing number of distractions (like email, text messages, and tweets)? We'll
explore this issue through a network that simulates the “executive” part of the brain, the prefrontal cortex. We will

see how this area is uniquely-suited to protect us from distraction, and how this can change with age.

The Computational Approach

An important feature of our journey through the brain is that we use the vehicle of computer models to understand
cognitive neuroscience (i.e., Computational Cognitive Neuroscience). These computer models enrich the learning
experience in important ways -- we routinely hear from our students that they didn't really understand anything until
they pulled up the computer model and played around with it for a few hours. Being able to manipulate and visualize
the brain using a powerful 3D graphical interface brings abstract concepts to life, and enables many experiments to
be conducted easily, cleanly, and safely in the comfort of your own laptop. This stuff is fun, like a video game --

think "sim brain", as in the popular "sim city" game from a few years ago.

At a more serious level, the use of computer models to understand how the brain works has been a critical
contributor to scientific progress in this area over the past few decades. A key advantage of computer modeling is its
ability to wrestle with complexity that often proves daunting to otherwise unaided human understanding. How could
we possibly hope to understand how billions of neurons interacting with 10's of thousands of other neurons produce
complex human cognition, just by talking in vague verbal terms, or simple paper diagrams? Certainly, nobody
questions the need to use computer models in climate modeling, to make accurate predictions and understand how

the many complex factors interact with each other. The situation is only more dire in cognitive neuroscience.

Nevertheless, in all fields where computer models are used, there is a fundamental distrust of the models. They are
themselves complex, created by people, and have no necessary relationship to the real system in question. How do
we know these models aren't just completely made up fantasies? The answer seems simple: the models must be
constrained by data at as many levels as possible, and they must generate predictions that can then be tested
empirically. In what follows, we discuss different approaches that people might take to this challenge -- this is
intended to give a sense of the scientific approach behind the work described in this book -- as a student this is

perhaps not so relevant, but it might help give some perspective on how science really works.

In an ideal world, one might imagine that the neurons in the neural model would be mirror images of those in the
actual brain, replicating as much detail as is possible given the technical limitations for obtaining the necessary
details. They would be connected exactly as they are in the real brain. And they would produce detailed behaviors
that replicate exactly how the organism in question behaves across a wide range of different situations. Then you

would feel confident that your model is sufficiently "real" to trust some of its predictions.

But even if this were technically feasible, you might wonder whether the resulting system would be any more
comprehensible than the brain itself! In other words, we would only have succeeded in transporting the fundamental
mysteries from the brain into our model, without developing any actual understanding about how the thing really
works. From this perspective, the most important thing is to develop the simplest possible model that captures the
most possible data -- this is basically the principle of Ockham's razor, which is widely regarded as a central principle

for all scientific theorizing.

In some cases, it is easy to apply this razor to cut away unnecessary detail. Certainly many biological properties of

neurons are irrelevant for their core information processing function (e.g., cellular processes that are common to all
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biological cells, not just neurons). But often it comes down to a judgment call about what phenomena you regard as

being important, which will vary depending on the scientific questions being addressed with the model.

The approach taken for the models in this book is to find some kind of happy (or unhappy) middle ground between
biological detail and cognitive functionality. This middle ground is unhappy to the extent that researchers concerned
with either end of this continuum are dissatisfied with the level of the models. Biologists will worry that our neurons
and networks are overly simplified. Cognitive psychologists will be concerned that our models are too biologically
detailed, and they can make much simpler models that capture the same cognitive phenomena. We who relish this
"golden middle" ground are happy when we've achieved important simplifications on the neural side, while still
capturing important cognitive phenomena. This level of modeling explores how consideration of neural mechanisms
inform the workings of the mind, and reciprocally, how cognitive and computational constraints afford a richer
understanding of the problems these mechanisms evolved to solve. It can thus make predictions for how a cognitive
phenomenon (e.g., memory interference) is affected by changes at the neural level (due to disease, pharmacology,
genetics, or similarly due to changes in the cognitive task parameters). The model can then be tested, falsified and
refined. In this sense, a model of cognitive neuroscience is just like any other 'theory', except that it is explicitly
specified and formalized, forcing the modeler to be accountable for their theory if/when the data don't match up.
Conversely, models can sometimes show that when an existing theory is faced with challenging data, the theory may

hold up after all due to a particular dynamic that may not be considered from verbal theorizing.

Ultimately, it comes down to aesthetic or personality-driven factors, which cause different people to prefer different
overall strategies to computer modeling. Each of these different approaches has value, and science would not
progress without them, so it is fortunate that people vary in their personalties so different people end up doing
different things. Some people value simplicity, elegance, and cleanliness most highly -- these people will tend to
favor abstract mathematical (e.g., Bayesian) cognitive models. Other people value biological detail above all else,
and don't feel very comfortable straying beyond the most firmly established facts -- they will prefer to make highly
elaborated individual neuron models incorporating everything that is known. To live in the middle, you need to be
willing to take some risks, and value most highly the process of emergence, where complex phenomena can be
shown to emerge from simpler underlying mechanisms. The criteria for success here are a bit murkier and subjective
-- basically it boils down to whether the model is sufficiently simple to be comprehensible, but not so simple as to
make its behavior trivial or otherwise so fully transparent that it doesn't seem to be doing you any good in the first
place. One last note on this issue is that the different levels of models are not mutually exclusive. Each of the low
level biophysical and high level cognitive models have made enormous contributions to understanding and analysis
in their respective domains (much of which is a basis for further simplification or elaboration in the book). In fact,
much ground can be (and to some extent already has been) gained by attempts to understand one level of modeling
in terms of the other. At the end of the day, linking from molecule to mind spans multiple levels of analysis, and like

studying the laws of particle physics to planetary motion, require multiple formal tools.
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Emergent Phenomena

What makes something a satisfying scientific
explanation? A satisfying answer is that you can
explain a seemingly complex phenomenon in terms of
simpler underlying mechanisms, that interact in

specific ways. The classic scientific process of

reductionism plays a critical role here, where the

complex system is reduced to simpler parts. However, Figure 1.1: Simple example of emergence of phenomena, in a very

. . simple physical system: two gears. Both panel a and b contain the
one also needs to go in the opposite, oft-neglected

same parts. Only panel b exhibits an emergent phenomena through
direction,  reconstructionism, where the complex the interaction of the two gears, causing things like torque and speed
system is actually reconstructed from these simpler differentials on the two different gears. Emergence is about

parts. Often the only way to practically achieve this interactions between parts. Computer models can capture many

. . . . complex interactions and reveal nonobvious kinds of emergence.
reconstruction is through computational modeling. The
result is an attempt to capture the essence of

emergence.

Emergence can be illustrated in a very simple physical system, two interacting gears, as shown in Figure 1.1. It is not
mysterious or magical. On the other hand, it really is. You can make the gears out of any kind of sufficiently hard
material, and they will still work. There might be subtle factors like friction and durability that vary. But over a wide
range, it doesn't matter what the gears are made from. Thus, there is a level of transcendence that occurs with
emergence, where the behavior of the more complex interacting system does not depend on many of the detailed
properties of the lower level parts. In effect, the interaction itself is what matters, and the parts are mere place

holders. Of course, they have to be there, and meet some basic criteria, but they are nevertheless replaceable.

Taking this example into the domain of interest here, does this mean that we can switch out our biological neurons
for artificial ones, and everything should still function the same, as long as we capture the essential interactions in
the right way? Some of us believe this to be the case, and that when we finally manage to put enough neurons in the
right configuration into a big computer simulation, the resulting brain will support consciousness and everything
else, just like the ones in our own heads. One interesting further question arises: how important are all the
interactions between our physical bodies and the physical environment? There is good reason to believe that this is
critical. Thus, we'll have to put this brain in a robot. Or perhaps more challengingly, in a virtual environment in a
virtual reality, still stuck inside the computer. It will be fascinating to ponder this question on your journey through

the simulated brain...

Why Should We Care about the Brain?

One of the things you'll discover on this journey is that Computational Cognitive Neuroscience is hard. There is a lot
of material at multiple levels to master. We get into details of ion channels in neurons, names of pathways in
different parts of the brain, effects of lesions to different brain areas, and patterns of neural activity, on top of all the
details about behavioral paradigms and reaction time patterns. Wouldn't it just be a lot simpler if we could ignore all
these brain details, and just focus on what we really care about -- how does cognition itself work? By way of
analogy, we don't need to know much of anything about how computer hardware works to program in Visual Basic
or Python, for example. Vastly different kinds of hardware can all run the same programming languages and
software. Can't we just focus on the software of the mind and ignore the hardware?

Exactly this argument has been promulgated in many different forms over the years, and indeed has a bit of a

resurgence recently in the form of abstract Bayesian models of cognition. David Marr was perhaps the most

influential in arguing that one can somewhat independently examine cognition at three different levels:
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* Computational -- what computations are being performed? What information is being processed?

¢ Algorithmic -- how are these computations being performed, in terms of a sequence of information processing
steps?

¢ Implementational -- how does the hardware actually implement these algorithms?

This way of dividing up the problem has been used to argue that one can safely ignore the implementation (i.e., the

brain), and focus on the computational and algorithmic levels, because, like in a computer, the hardware really

doesn't matter so much.

However, the key oversight of this approach is that the reason hardware doesn't matter in standard computers is that
they are all specifically designed to be functionally equivalent in the first place! Sure, there are lots of different
details, but they are all implementing a basic serial Von Neumann architecture. What if the brain has a vastly
different architecture, which makes some algorithms and computations work extremely efficiently, while it cannot

even support others? Then the implementational level would matter a great deal.

There is every reason to believe that this is the case. The brain is not at all like a general purpose computational
device. Instead, it is really a custom piece of hardware that implements a very specific set of computations in
massive parallelism across its 20 billion neurons. In this respect, it is much more like the specialized graphics
processing units (GPU's) in modern computers, which are custom designed to efficiently carry out in massive
parallelism the specific computations necessary to render complex 3D graphics. More generally, the field of
computer science is discovering that parallel computation is exceptionally difficult to program, and one has to
completely rethink the algorithms and computations to obtain efficient parallel computation. Thus, the hardware of
the brain matters a huge amount, and provides many important clues as to what kind of algorithms and computations

are being performed.

Historically, the "ignore the brain" approaches have taken an interesting trajectory. In the 1960's through the early
1990's, the dominant approach was to assume that the brain actually operates much like a standard computer, and
researchers tended to use concepts like logic and symbolic propositions in their cognitive models. Since then, a more
statistical metaphor has become popular, with the Bayesian probabilistic framework being widely used in particular.
This is an advance in many respects, as it emphasizes the graded nature of information processing in the brain (e.g.,
integrating various graded probabilities to arrive at an overall estimate of the likelihood of some event), as contrasted
with hard symbols and logic, which didn't seem to be a particularly good fit with the way that most of cognition
actually operates. However, the actual mathematics of Bayesian probability computations are not a particularly good
fit to how the brain operates at the neural level, and much of this research operates without much consideration for
how the brain actually functions. Instead, a version of Marr's computational level is adopted, by assuming that
whatever the brain is doing, it must be at least close to optimal, and Bayesian models can often tell us how to
optimally combine uncertain pieces of information. Regardless of the validity of this optimality assumption, it is
definitely useful to know what the optimal computations are for given problems, so this approach certainly has a lot
of value in general. However, optimality is typically conditional on a number of assumptions, and it is often difficult

to decide among these different assumptions.

If you really want to know for sure how the brain is actually producing cognition, clearly you need to know how the
brain actually functions. Yes, this is hard. But it is not impossible, and the state of neuroscience these days is such
that there is a wealth of useful information to inform all manner of insights into how the brain actually works. It is
like working on a jigsaw puzzle -- the easiest puzzles are full of distinctive textures and junk everywhere, so you can
really see when the pieces fit together. The rich tableau of neuroscience data provides all this distinctive junk to
constrain the process of puzzling together cognition. In contrast, abstract, purely cognitive models are like a jigsaw
puzzle with only a big featureless blue sky. You only have the logical constraints of the piece shapes, which are all

highly similar and difficult to discriminate. It takes forever.

A couple of the most satisfying instances of all the pieces coming together to complete a puzzle include:
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The detailed biology of the hippocampus, including high levels of inhibition and broad diffuse connectivity, fit
together with its unique role in rapidly learning new episodic information, and the remarkable data from patient
HM who had his hippocampus resected to prevent intractable epilepsy. Through computational models in the
Memory Chapter, we can see that these biological details produce high levels of pattern separation which keep
memories highly distinct, and thus enable rapid learning without creating catastrophic levels of interference.

The detailed biology of the connections between dopamine, basal ganglia, and prefrontal cortex fit together with
the computational requirements for making decisions based on prior reward history, and learning what
information is important to hold on to, versus what can be ignored. Computational models in the Executive
Function Chapter show that the dopamine system can exhibit a kind of time travel needed to translate later utility
into an earlier decision of what information to maintain, and those in the Motor Chapter show that the effects of
dopamine on the basal ganglia circuitry are just right to facilitate decision making based on both positive and
negative outcomes. And the interaction between the basal ganglia and the prefrontal cortex enables basal ganglia
decisions to influence what is maintained and acted upon in the prefrontal cortex. There are a lot of pieces here,
but the fact that they all fit together so well into a functional model -- and that many aspects of them have
withstood the test of direct experimentation -- makes it that much more likely that this is really what is going on.

How to Read this Book

This book is intended to accommodate many different levels of background and interests. The main chapters are

relatively short, and provide a high-level introduction to the major themes. There will be an increasing number of

detailed subsections added over time, to support more advanced treatment of specific issues. The ability to support

these multiple levels of readers is a major advantage of the wiki format. We also encourage usage of this material as

an adjunct for other courses on related topics. The simulation models can be used by themselves in many different

courses.

Due to the complexity and interconnected nature of the material (mirroring the brain itself), it may be useful to

revisit earlier chapters after having read later chapters. Also, we strongly recommend reading the Brain Areas

chapter now, and then re-reading it in its regular sequence after having made it all the way through Part I. It provides

a nice high-level summary of functional brain organization, that bridges the two parts of the book, and gives an

overall roadmap of the content we'll be covering. Some of it won't make as much sense until after you've read Part I,

but doing a quick first read now will provide a lot of useful perspective.

External Resources

Gary Cottrell's solicited compilation of important computational modeling papers 21
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So the good news for you the student Figure 2.1: Trace of a simulated neuron spiking action potentials in response to an

. . . excitatory input -- the yellow v_m membrane potential (voltage of the neuron) increases
is, the neuron is fundamentally simple. ) ) ] o ] i
(driven by the excitatory net input) until it reaches threshold (around .5), at which point a

Lots of people will try to tell you green act activation spike (action potential) is triggered, which then resets the membrane

otherwise, but as you'll see as you go potential back to its starting value (.3) and the process continues. The spike is
through this book, simple neurons can communicated other neurons, and the overall rate of spiking (tracked by the blue act_eq

value) is proportional to the level of excitatory net input (relative to other opposin
account for much of what we know )isp p o Y P ( ) pposing
factors such as inhibition -- the balance of all these factors is reflected in the net current

about how the brain_ functions. So, I_net). You can produce this graph and manipulate all the relevant parameters in the
even though they have a lot of moving Neuron exploration for this chapter.

parts and you can spend an entire

career learning about even just one tiny part of a neuron, we strongly believe that all this complexity is in the service

of a very simple overall function.

What is that function? Fundamentally, it is about detection. Neurons receive thousands of different input signals
from other neurons, looking for specific patterns that are "meaningful” to them. A very simple analogy is with a
smoke detector, which samples the air and looks for telltale traces of smoke. When these exceed a specified
threshold limit, the alarm goes off. Similarly, the neuron has a threshold and only sends an "alarm" signal to other
neurons when it detects something significant enough to cross this threshold. The alarm is called an action potential

or spike and it is the fundamental unit of communication between neurons.

Our goal in this chapter is to understand how the neuron receives input signals from other neurons, integrates them
into an overall signal strength that is compared against the threshold, and communicates the result to other neurons.
We will see how these processes can be characterized mathematically in computer simulations (summarized in
Figure 2.1). In the rest of the book, we will see how this simple overall function of the neuron ultimately enables us

to perceive the world, to think, to communicate, and to remember.
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Math warning: This chapter and the Learning Mechanisms Chapter are the only two in the entire book with
significant amounts of math (because these two chapters describe in detail the equations for our simulations). We
have separated the conceptual from the mathematical content, and those with an aversion to math can get by without

understanding all the details. So, don't be put off or overwhelmed by the math here!

Basic Biology of a Neuron as Detector

Figure 2.2 shows the correspondence
between neural biology and the Output\
detection  functions they serve.

Synapses are the connection points Cell body
between sending neurons (the ones ,

. & ] ( ) Integration {membrane
firing an alarm and sending a signal) potential)

and receiving neurons (the ones

receiving that signal). Most synapses

Dendrites

Inputs Synapses

are on dendrites, which are the large
branching trees (the word "dendrite" is

derived from the Greek "dendros,"

Detector Neuron

meaning tree), which is where the

neuron integrates all the input signals. Figure 2.2: Neuron as a detector, with corresponding biological components.

Like tributaries flowing into a major

river, all these signals flow into the main dendritic trunk and into the cell body, where the final integration of the
signal takes place. The thresholding takes place at the very start of the output-end of the neuron, called the axon (this
starting place is called the axon hillock -- apparently it looks like a little hill or something). The axon also branches
widely and is what forms the other side of the synapses onto other neuron's dendrites, completing the next chain of

communication. And onward it goes.

This is all you need to know about the neuron biology to understand the basic detector functionality: It just receives

inputs, integrates them, and decides whether the integrated input is sufficiently strong to trigger an output signal.

There are some additional biological properties regarding the nature of the input signals, which we'll see have
various implications for neural function, including making the integration process better able to deal with large

changes in overall input signal strength. There are at least three major sources of input signals to the neuron:

* Excitatory inputs -- these are the "normal", most prevalent type of input from other neurons (roughly 85% of all
inputs), which have the effect of exciting the receiving neuron (making it more likely to get over threshold and
fire an "alarm"). They are conveyed via a synaptic channel called AMPA, which is opened by the
neurotransmitter glutamate.

 Inhibitory inputs -- these are the other 15% of inputs, which have the opposite effect to the excitatory inputs --
they cause the neuron to be less likely to fire, and serve to make the integration process much more robust by
keeping the excitation in check. There are specialized neurons in the brain called inhibitory interneurons that
generate this inhibitory input (we'll learn a lot more about these in the Networks chapter). This input comes in via
GABA synaptic channels, driven by the neurotransmitter GABA.

¢ Leak inputs -- these aren't technically inputs, as they are always present and active, but they serve a similar
function to the inhibitory inputs, by counteracting the excitation and keeping the neuron in balance overall.

Biologically, leak channels are potassium channels (K).
The inhibitory and excitatory inputs come from different neurons in the cortex: a given neuron can only send either

excitatory or inhibitory outputs to other neurons, not both. We will see the multiple implications of this constraint

throughout the text.
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Finally, we introduce the notion of the net synaptic efficacy or weight, which represents the total impact that a
sending neuron activity signal can have on the receiving neuron, via its synaptic connection. The synaptic weight is
one of the most important concepts in the entire field of computational cognitive neuroscience! We will be exploring
it in many different ways as we go along. Biologically, it represents the net ability of the sending neuron's action
potential to release neurotransmitter, and the ability of that neurotransmitter to open synaptic channels on the
postsynaptic side (including the total number of such channels that are available to be opened). For the excitatory
inputs, it is thus the amount of glutamate released by the sending neuron into the synapse, and the number and
efficacy of AMPA channels on the receiving neuron's side of the synapse. Computationally, the weights determine
what a neuron is detecting. A strong weight value indicates that the neuron is very sensitive to that particular input
neuron, while a low weight means that that input is relatively unimportant. The entire process of Learning amounts
to changing these synaptic weights as a function of neural activity patterns in the sending and receiving neurons. In

short, everything you know, every cherished memory in your brain, is encoded as a pattern of synaptic weights!

To learn more about the biology of the neuron, see Neuron/Biology.

Dynamics of Integration: Excitation vs. Inhibition and Leak

The process of integrating the three
different types of input signals Inhibition Excitation
(excitation, inhibition, leak) lies at the

heart of neural computation. This

section provides a conceptual, intuitive ! J
understanding of this process, and how "l.jm
it relates to the underlying electrical :

properties of neurons. Later, we'll see E 5

how to translate this process into g| | Ee gE
mathematical equations that can (-75mV) (-50mV) (OmV)
actually be simulated on the computer.

The integration process can be Figure 2.3: The neuron is a tug-of-war battleground between inhibition and excitation --

. the relative strength of each is what determines the membrane potential, Vm, which is
understood in terms of a tug-of-war

what must get over threshold to fire an action potential output from the neuron.
(Figure 2.3). This tug-of-war takes

place in the space of electrical potentials that exist in the neuron relative to the surrounding extracellular medium in
which neurons live (interestingly, this medium, and the insides of neurons and other cells as well, is basically salt
water with sodium (Na+), chloride (Cl-) and other ions floating around -- we carry our remote evolutionary
environment around within us at all times). The core function of a neuron can be understood entirely in electrical
terms: voltages (electrical potentials) and currents (flow of electrically charged ions in and out of the neuron through

tiny pores called ion channels).

To see how this works, let's just consider excitation versus inhibition (inhibition and leak are effectively the same for
our purposes at this time). The key point is that the integration process reflects the relative strength of excitation
versus inhibition -- if excitation is stronger than inhibition, then the neuron's electrical potential (voltage) increases,
perhaps to the point of getting over threshold and firing an output action potential. If inhibition is stronger, then the

neuron's electrical potential decreases, and thus moves further away from getting over the threshold for firing.

Before we consider specific cases, let's introduce some obscure terminology that neuroscientists use to label the

various actors in our tug-of-war drama (going from left to right in the Figure):

Ui the inhibitory conductance (g is the symbol for a conductance, and i indicates inhibition) -- this is the total
strength of the inhibitory input (i.e., how strong the inhibitory guy is tugging), and plays a major role in

determining how strong of an inhibitory current there is. This corresponds biologically to the proportion of
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inhibitory ion channels that are currently open and allowing inhibitory ions to flow (these are chloride or Cl- ions
in the case of GABA inhibition, and potassium or K+ ions in the case of leak currents). For electricity buffs, the
conductance is the inverse of resistance -- most people find conductance more intuitive than resistance, so we'll
stick with it.

Ei the inhibitory driving potential -- in the tug-of-war metaphor, this just amounts to where the inhibitory

guy happens to be standing relative to the electrical potential scale that operates within the neuron. Typically, this
value is around -75mV where mV stands for millivolts -- one thousandth (1/1,000) of a volt. These are very small
electrical potentials for very small neurons.

©-- the action potential threshold -- this is the electrical potential at which the neuron will fire an action
potential output to signal other neurons. This is typically around -50mV. This is also called the firing threshold
or the spiking threshold, because neurons are described as "firing a spike" when they get over this threshold.
Vin-- the membrane potential of the neuron (V = voltage or electrical potential, and m = membrane). This is the
current electrical potential of the neuron relative to the extracellular space outside the neuron. It is called the
membrane potential because it is the cell membrane (thin layer of fat basically) that separates the inside and
outside of the neuron, and that is where the electrical potential really happens. An electrical potential or voltage is
a relative comparison between the amount of electric charge in one location versus another. It is called a
"potential" because when there is a difference, there is the potential to make stuff happen. For example, when
there is a big potential difference between the charge in a cloud and that on the ground, it creates the potential for
lightning. Just like water, differences in charge always flow "downhill" to try to balance things out. So if you have
a lot of charge (water) in one location, it will flow until everything is all level. The cell membrane is effectively a
dam against this flow, enabling the charge inside the cell to be different from that outside the cell. The ion
channels in this context are like little tunnels in the dam wall that allow things to flow in a controlled manner.
And when things flow, the membrane potential changes! In the tug-of-war metaphor, think of the membrane
potential as the flag attached to the rope that marks where the balance of tugging is at the current moment.

Ee-- the excitatory driving potential -- this is where the excitatory guy is standing in the electrical potential
space (typically around 0 mV).

fe-- the excitatory conductance -- this is the total strength of the excitatory input, reflecting the proportion of
excitatory ion channels that are open (these channels pass sodium or Na+ ions -- our deepest thoughts are all just

salt water moving around).
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Figure 2.4 shows specific cases in the

Inhibition

tug-of-war scenario. In the first case, ‘ Excitation

the excitatory conductance Jeis very )
low (indicated by the small size of the a) Resting state 'VI
m

excitatory guy), which represents a

neuron at rest, not receiving many g E. 8 E

. . . e
excitatory input signals from other
neurons. In this case, the

inhibition/leak  pulls much more

strongly, and keeps the membrane b) Over Threshold I
potential (Vm) down near the -70mV
territory, which is also called the g E. 9 Ee ge
resting potential of the neuron. As
such, it is below the action potential _
threshold ©, and so the neuron does c) Over Threshold £)
not output any signals itself. Everyone (weaker inputs) | Z Vim S‘;"I
is just chillin'.

In the next case (Figure 2.4b), the i
excitation is as strong as the inhibition, Figure 2.4: Specific cases in the tug-of-war scenario.

and this means that it can pull the

membrane potential up to about the middle of the range. Because the firing threshold is toward the lower-end of the
range, this is enough to get over threshold and fire a spike! The neuron will now communicate its signal to other

neurons, and contribute to the overall flow of information in the brain's network.

The last case (Figure 2.4c) is particularly interesting, because it illustrates that the integration process is
fundamentally relative -- what matters is how strong excitation is relative to the inhibition. If both are overall
weaker, then neurons can still get over firing threshold. Can you think of any real-world example where this might
be important? Consider the neurons in your visual system, which can experience huge variation in the overall
amount of light coming into them depending on what you're looking at (e.g., compare snowboarding on a bright
sunny day versus walking through thick woods after sunset). It turns out that the total amount of light coming into
the visual system drives both a "background" level of inhibition, in addition to the amount of excitation that visual
neurons experience. Thus, when it's bright, neurons get greater amounts of both excitation and inhibition compared
to when it is dark. This enables the neurons to remain in their sensitive range for detecting things despite large

differences in overall input levels.

Computing Activation Output

The membrane potential Vm is not communicated directly to other neurons -- instead it is subjected to a threshold
and only the strongest levels of excitation are then communicated, resulting in a much more efficient and compact
encoding of information in the brain. In human terms, neurons are sensitive to "TMI" (too much information)
constraints, also known as "Gricean Maxims" wikipedia link i e.g., only communicate relevant, important

information.

Actual neurons in the Neocortex compute discrete spikes or action potentials, which are very brief (< 1 ms) and
trigger the release of neurotransmitter that then drives the excitation or inhibition of the neurons they are sending to.
After the spike, the membrane potential Vm is reset back to a low value (at or even below the resting potential), and
it must then climb back up again to the level of the threshold before another spike can occur. This process results in

different rates of spiking associated with different levels of excitation -- it is clear from eletrophysiological
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recordings of neurons all over the neocortex that this spike rate information is highly informative about behaviorally
and cognitively relevant information. There remains considerable debate about the degree to which more precise

differences in spike timing contain additional useful information.

In our computer models, we can simulate discrete spiking behavior directly in a very straightforward way (see below
for details). However, we often use a rate code approximation instead, where the activation output of the neuron is a
real valued number between 0-1 that corresponds to the overall rate of neural spiking. We typically think of this rate
code as reflecting the net output of a small population of roughly 100 neurons that all respond to similar information
-- the neocortex is organized anatomically with microcolumns of roughly this number of neurons, where all of the
neurons do indeed code for similar information. Use of this rate code activation enables smaller-scale models that
converge on a stable interpretation of the input patterns rapidly, with an overall savings in computational time and
model complexity. Nevertheless, there are tradeoffs in using these approximations, which we will discuss more in
the Networks and other chapters. Getting the rate code to produce a good approximation to discrete spiking behavior
has been somewhat challenging in the Leabra framework, and only recently has a truly satisfactory solution been

developed, which is now the standard in the emergent software.

Mathematical Formulations

Now you've got an intuitive understanding of how the neuron integrates excitation and inhibition. We can capture
this dynamic in a set of mathematical equations that can be used to simulate neurons on the computer. The first set of
equations focuses on the effects of inputs to a neuron. The second set focuses on generating outputs from the neuron.
We will cover a fair amount of mathematical ground here. Don't worry if you don't follow all of the details. As long
as you follow conceptually what the equations are doing, you should be able to build on this understanding when you
get your hands on the actual equations themselves and explore how they behave with different inputs and
parameters. You will see that despite all the math, the neuron's behavior is indeed simple: the amount of excitatory
input determines how excited it gets, in balance with the amount of inhibition and leak. And the resulting output

signals behave pretty much as you would expect.

Computing Inputs

We begin by formalizing the "strength" by which each side of the tug-of-war pulls, and then show how that causes
the Vm "flag" to move as a result. This provides explicit equations for the tug-of-war dynamic integration process.
Then, we show how to actually compute the conductance factors in this tug-of-war equation as a function of the
inputs coming into the neuron, and the synaptic weights (focusing on the excitatory inputs for now). Finally, we
provide a summary equation for the tug-of-war which can tell you where the flag will end up in the end, to

complement the dynamical equations which show you how it moves over time.

Neural Integration

The key idea behind these equations is that each guy in the tug-of-war pulls with a strength that is proportional to
both its overall strength (conductance), and how far the "flag" (Vm) is away from its position (indicated by the
driving potential E). Imagine that the tuggers are planted in their position, and their arms are fully contracted when
the Vm flag gets to their position (E), and they can't re-grip the rope, such that they can't pull any more at this point.

To put this idea into an equation, we can write the "force" or current that the excitatory guy exerts as:
* excitatory current:
Is = Ge {EE - Vm)
The excitatory current is I (I is the traditional term for an electrical current, and e again for excitation), and it is the

product of the conductance Jetimes how far the membrane potential is away from the excitatory driving potential. If

Vin = Eethen the excitatory guy has "won" the tug of war, and it no longer pulls anymore, and the current goes to
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zero (regardless of how big the conductance might be -- anything times 0 is 0). Interestingly, this also means that the
excitatory guy pulls the strongest when the Vm "flag" is furthest away from it -- i.e., when the neuron is at its resting

potential. Thus, it is easiest to excite a neuron when it's well rested.

The same basic equation can be written for the inhibition guy, and also separately for the leak guy (which we can

now reintroduce as a basic clone of the inhibition term):
* inhibitory current:
I = gi (Ei — V)
¢ leak current:
Ii=g (Ef - Vm)
(only the subscripts are different).

Next, we can add together these three different currents to get the net current, which represents the net flow of

charged ions across the neuron's membrane (through the ion channels):

* net current:

Lnev =1+ Li + I = ge (B — Via) + 9i (Bi — Vi) + 91 (B — Vi)
So what good is a net current? Recall that electricity is like water, and it flows to even itself out. When water flows
from a place where there is a lot of water to a place where there is less, the result is that there is less water in the first
place and more in the second. The same thing happens with our currents: the flow of current changes the membrane

potential (height of the water) inside the neuron:

* update of membrane potential due to net current:
Vm {t) = Vm (t - 1) + dtvm-{nef

( Vm(f)is the current value of Vm, which is updated from value on the previous time step Vm(t — 1), and the
diymis a rate constant that determines how fast the membrane potential changes -- it mainly reflects the
capacitance of the neuron's membrane).

The above two equations are the essence of what we need to be able to simulate a neuron on a computer! It tells us
how the membrane potential changes as a function of the inhibitory, leak and excitatory inputs -- given specific
numbers for these input conductances, and a starting Vm value, we can then iteratively compute the new Vm value
according to the above equations, and this will accurately reflect how a real neuron would respond to similar such
inputs!

To summarize, here's a single version of the above equations that does everything:

o Vi(t) =Va(t = 1) +dtym [ge(Ee — Vi) + g:( B — Vi) + gl Ep — V)]

For those of you who noticed the issue with the minus sign above, or are curious how all of this relates to Ohm's law
and the process of diffusion, please see Electrophysiology of the Neuron. If you're happy enough with where we've
come, feel free to move along to finding out how we compute these input conductances, and what we then do with

the Vm value to drive the output signal of the neuron.
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Computing Input Conductances

The excitatory and inhibitory input conductances represent the total number of ion channels of each type that are
currently open and thus allowing ions to flow. In real neurons, these conductances are typically measured in
nanosiemens (nS), which is 10~ siemens (a very small number -- neurons are very tiny). Typically, neuroscientists

divide these conductances into two components:

. g g-bar") -- a constant value that determines the maximum conductance that would occur if every ion channel
were to be open.

e g (f-)-- a dynamically changing variable that indicates at the present moment, what fraction of the total number of
ion channels are currently open (goes between 0 and 1).

Thus, the total conductances of interest are written as:

¢ excitatory conductance:

Gege(t)
* inhibitory conductance:
G:gi(t)
* leak conductance:
Gi
(note that because leak is a constant, it does not have a dynamically changing value, only the constant g-bar value).
This separation of terms makes it easier to compute the conductance, because all we need to focus on is computing

the proportion or fraction of open ion channels of each type. This can be done by computing the average number of

ion channels open at each synaptic input to the neuron:

. ggl:f) = 1 ZIJSIUJ;

n
where Tiis the activity of a particular sending neuron indexed by the subscript i, Wiis the synaptic weight strength
that connects sending neuron i to the receiving neuron, and n is the total number of channels of that type (in this
case, excitatory) across all synaptic inputs to the cell. As noted above, the synaptic weight determines what patterns
the receiving neuron is sensitive to, and is what adapts with learning -- this equation shows how it enters

mathematically into computing the total amount of excitatory conductance.

The above equation suggests that the neuron performs a very simple function to determine how much input it is
getting: it just adds it all up from all of its different sources (and takes the average to compute a proportion instead of
a sum -- so that this proportion is then multiplied by g_bar_e to get an actual conductance value). Each input source
contributes in proportion to how active the sender is, multiplied by how much the receiving neuron cares about that

information -- the synaptic weight value. We also refer to this average total input as the net input.

The same equation holds for inhibitory input conductances, which are computed in terms of the activations of

inhibitory sending neurons, times the inhibitory weight values.

There are some further complexities about how we integrate inputs from different categories of input sources (i.e.,
projections from different source brain areas into a given receiving neuron), which we deal with in the optional
subsection: Net Input Detail. But overall, this aspect of the computation is relatively simple and we can now move

on to the next step, of comparing the membrane potential to the threshold and generating some output.
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Equilibrium Membrane Potential

Before finishing up the final step in the detection process (generating an output), we will need to use the concept of
the equilibrium membrane potential, which is the value of Vm that the neuron will settle into and stay at, given a
fixed set of excitatory and inhibitory input conductances (if these aren't steady, then the the Vm will likely be
constantly changing as they change). This equilibrium value is interesting because it tells us more clearly how the
tug-of-war process inside the neuron actually balances out in the end. Also, we will see in the next section that it is

useful mathematically.

To compute the equilibrium membrane potential ( Vﬂ?), we can use an important mathematical technique: set the
change in membrane potential (according to the iterative Vm updating equation from above) to 0, and then solve the
equation for the value of Vm under this condition. In other words, if we want to find out what the equilibrium state
is, we simply compute what the numbers need to be such that Vm is no longer changing (i.e., its rate of change is 0).
Here are the mathematical steps that do this:

* iterative Vm update equation:

Vm(f) = Vm(f - 1) + df‘vm [,gB{EB - Vm) + g'a'(E'a' - Vm) + g{{Ef - Vm)]
* just the change part:

AVm = e (Ee - Vm) +g'a'(E'a' - Vm) + g{(Ef - Vm)
e set it to zero:

0= Ge (Ee - Vm) + gz'{Ez' - Vm) + g{(EI - Vm)
¢ solve for Vm:
=—* g+ % g9 _p

e + Gi + i Ge + 0i + Ge + 0i +

We show the math here: Equilibrium Membrane Potential Derivation.

m

In words, this says that the excitatory drive Eccontributes to the overall Vm as a function of the proportion of the
excitatory conductance Jerelative to the sum of all the conductances ( Je + i + gi). And the same for each of the

others (inhibition, leak). This is just what we expect from the tug-of-war picture: if we ignore g_l, then the Vm "flag"
1=

Ge + i
puta "1" in for each of the g's -- 1/2 = .5), which means that the Vm flag is half-way between FEiand E:. So, all this

is positioned as a function of the relative balance between Jeand %i-- if they are equal, then is .5 (e.g., just

math just to rediscover what we knew already intuitively! (Actually, that is the best way to do math -- if you draw
the right picture, it should tell you the answers before you do all the algebra). But we'll see that this math will come
in handy next.

Here is a version with the conductance terms explicitly broken out into the "g-bar" constants and the time-varying
"g(t)" parts:

_ Jege(t) Gigi(t) . g B

" 000 + gD+ G Gege ) + GG+ G Gegeld) + i (D) + 5t

For those who really like math, the equilibrium membrane potential equation can be shown to be a Bayesian Optimal

° m

Detector.

Generating Outputs

The output of the neuron can be simulated at two different levels: discrete spiking (which is how neurons actually
behave biologically), or using a rate code approximation. We cover each in turn, and show how the rate code must be
derived to match the behavior of the discrete spiking neuron, when averaged over time (it is important that our
approximations are valid in the sense that they match the more detailed biological behavior where possible, even as

they provide some simplification).
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Discrete Spiking

To compute discrete action potential spiking behavior from the neural equations we have so far, we need to
determine when the membrane potential gets above the firing threshold, and then emit a spike, and subsequently
reset the membrane potential back down to a value, from which it can then climb back up and trigger another spike

again, etc. This is actually best expressed as a kind of simple computer program:
e if (Vm > 6) then: y = 1; Vm = Vm_r; else y = 0
where y is the activation output value of the neuron, and Vm_r is the reset potential that the membrane potential is

reset to after a spike is triggered. Biologically, there are special potassium (K+) channels that bring the membrane

potential back down after a spike.

This simplest of spiking models is not quite sufficient to account for the detailed spiking behavior of actual cortical
neurons. However, a slightly more complex model can account for actual spiking data with great accuracy (as shown
by Gerstner and colleagues, and winning several international competitions even!). This model is known as the
Adaptive Exponential or AdEx model -- click on the link to read more about it. We typically use this AdEx model
when simulating discrete spiking, although the simpler model described above is also still an option. The critical
feature of the AdEx model is that the effective firing threshold adapts over time, as a function of the excitation
coming into the cell, and its recent firing history. The net result is a phenomenon called spike rate adaptation,
where the rate of spiking tends to decrease over time for otherwise static input levels. Otherwise, however, the AdEx

model is identical to the one described above.

Rate Code Approximation to Spiking

Even though actual neurons communicate
via discrete spiking (action potential) events,
it is often useful in our computational
models to adopt a somewhat more abstract
rate code approximation, where the neuron
continuously outputs a single graded value
(typically normalized between O0-1) that
reflects the overall rate of spiking that the
neuron should be exhibiting given the level
of inputs it is receiving. In other words, we
could count up the number of discrete spikes
the neuron fires, and divide that by the
amount of time we did the counting over,
and this would give us an average spiking
rate. Instead of having the neuron
communicate this rate of spiking distributed
in discrete spikes over that period of time,
we can have it communicate that rate value

instantly, as a graded number.

Computationally, this should be more

Figure 2.5: Normalized actual firing rate from the spiking model (hz norm, where

efficient, because it is compressing the
. . . hz stands for Hertz which are the units of firing rate) as a function of the
amount of time required to communicate a . . ) .
equilibrium membrane potential (vm_eq) for a range of different excitatory and
particular spiking rate, and it also tends to inhibitory input conductances. For every value of vin_eq, there are multiple
reduce the overall level of noise in the different hz_norm values, indicating that you cannot base a rate code

approximation on the Vm value directly.
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network, because instead of switching

between spiking and not-spiking, the neuron - Ig:ic
can continuously output a more steady rate 1 | | | | | | |
code value.

, 09 T
As noted earlier, the rate code value can be
thought of in biological terms as the output 08 T
of a small population (e.g., 100) of neurons 07+ |
that are generally receiving the same inputs,
and giving similar output responses -- 067 T
averaging the number of spikes at any given % 05 4
point in time over this population of neurons =
is roughly equivalent to averaging over time 047 1
from a single spiking neuron. As such, we 03+ =
can consider our simulated rate code
computational neurons to correspond to a 027 |
small population of actual discrete spiking 011 —+
neurons.

0 | i | i | 1 |

To actually compute the rate code output, 01 015 02 025 03 035 04 045
we need an equation that provides a ghare

real-valued number that matches the number Figure 2.6: Quality of the rate code approximation (rate line) to actual spiking rate

of spikes emitted by a spiking neuron with (spike line), over a range of excitatory input levels. The rate code approximation is

the same level of i nputs. Intere stin gly, you based on the gelin model comparing g_e to g_e_theta, using the NOISY_XX1

sigmoidal function, and also including spike rate adaptation as included in the

cannot use the membrane potential Vm as AdEx model.

the input to this equation -- it does not have

a one-to-one relationship with spiking rate! That is, when we run our spiking model and measure the actual rate of
spiking for different combinations of excitatory and inhibitory input, and then plot that against the equilibrium Vm
value that those input values produce (without any spiking taking place), there are multiple spiking rate values for

each Vm value -- you cannot predict the correct firing rate value knowing only the Vm (Figure 2.5).

Instead, it turns out that the excitatory net input Yeenables a good prediction of actual spiking rate, when it is
compared to an appropriate threshold value (Figure 2.6). For the membrane potential, we know that Vm is compared
to the threshold Oto determine when output occurs. What is the appropriate threshold to use for the excitatory net
input? We need to somehow convert Ointo a gf value -- a threshold in excitatory input terms. Here, we can

leverage the equilibrium membrane potential equation, derived above. We can use this equation to solve for the level

of excitatory input conductance that would put the equilibrium membrane potential right at the firing threshold ©:
¢ equilibrium Vm at threshold:

_ 92 B + g:E; + giEy
@ +g+a
¢ solved for g_e_theta:
o _ G(E:—©)+a(E-6)
G e Ee

(see g_e_theta derivation for the algebra to derive this solution),

S

Now, we can say that our rate coded output activation value will be some function of the difference between the

excitatory net input g_e and this threshold value:

=]
c y=flg.—9.)
And all we need to do is figure out what this function f() should look like.



http://grey.colorado.edu/CompCogNeuro/index.php?title=File%3Afig_neuron_rate_code_approx.png
http://grey.colorado.edu/CompCogNeuro/index.php?title=CCNBook/Neuron/g_e_theta_derivation

CCNBook/Neuron

21

There are three important properties that this function should have:

 threshold -- it should be O (or close to it) when g_e is less than its threshold value (neurons should not respond
when below threshold).

* saturation -- when g_e gets very strong relative to the threshold, the neuron cannot actually keep firing at
increasingly high rates -- there is an upper limit to how fast it can spike (typically around 100-200 Hz or spikes
per second). Thus, our rate code function also needs to exhibit this leveling-off or saturation at the high end.

* smoothness -- there shouldn't be any abrupt transitions (sharp edges) to the function, so that the neuron's behavior

is smooth and continuous.

The X-over-X-plus-1 (XX1) function
(Figure 2.7, Noise=0 case, also known as

2] __ 1.0 .

Noisy XX1 Activation Function

the Michaelis-Mentin kinetics function
wikipedia link) exhibits the first two of
these properties: g 08 |
(1]
. fzzl{x)zxj_l % 06
where x is the positive portion of §z — gf , ‘E 04}
with an extra gain factor "V, which just ,B
multiplies everything: < 021 moise i.OC'US
» z =15 — gl - -
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As you can see in Figure 2.7 (Noise=0), the basic XX1 function is not smooth at the point of the threshold. To

Figure 2.7: The X-over-X-plus 1 (XX1) function (Noise = 0) and the Noisy-XX1
(NXXT1) function (Noise = .005).

remedy this problem, we convolve the XX1 function with normally-distributed (gaussian) noise, which smooths it
out as shown in the Noise=0.005 case in Figure 2.7. Convolving amounts to adding to each point in the function
some contribution from its nearby neighbors, weighted by the gaussian (bell-shaped) curve. It is what photo editing
programs do when they do "smoothing" or "blurring" on an image. In the software, we perform this convolution
operation and then store the results in a lookup table of values, to make the computation very fast. Biologically, this
convolution process reflects the fact that neurons experience a large amount of noise (random fluctuations in the
inputs and membrane potential), so that even if they are slightly below the firing threshold, a random fluctuation can
sometimes push it over threshold and generate a spike. Thus, the spiking rate around the threshold is smooth, not

sharp as in the plain XX1 function.
For completeness sake, and strictly for the mathematically inclined, here is the equation for the convolution
operation:

N = 1 _.2 /(252
.y (;z:):f_m T 1@y (2 — x)dz

where y(z-x) is the XX1 function applied to the z-x input instead of just x. In practice, a finite kernel of width 3&on

either side of x is used in the numerical convolution.

After convolution, the XX1 function (Figure 2.7) approximates the average firing rate of many neuronal models with

discrete spiking, including AdEx. A mathematical explanation is here: Frequency-Current Curve.



http://grey.colorado.edu/CompCogNeuro/index.php?title=File%3Afig_nxx1_fun.png
http://en.wikipedia.org/wiki/Michaelis�Menten_kinetics
http://grey.colorado.edu/CompCogNeuro/index.php?title=CCNBook/Neuron/Frequency_Current_Curve
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Restoring Iterative Dynamics in the Activation

There is just one last problem with the equations as written above. They don't evolve over time in a graded fashion.
In contrast, the Vm value does evolve in a graded fashion by virtue of being iteratively computed, where it
incrementally approaches the equilibrium value over a number of time steps of updating. Instead the activation
produced by the above equations goes directly to its equilibrium value very quickly, because it is calculated based on
excitatory conductance and does not take into account the sluggishness with which changes in conductance lead to
changes in membrane potentials (due to capacitance). As discussed in the Introduction, graded processing is very
important, and we can see this very directly in this case, because the above equations do not work very well in many

cases because they lack this gradual evolution over time.

To introduce graded iterative dynamics into the activation function, we just use the activation value ( y*(ii)) from

the above equation as a driving force to an iterative temporally-extended update equation:

y(t) = y(t — 1) + dtom (y"(2) — y(t = 1))
This causes the actual final rate code activation output at the current time ¢, y(t) to iteratively approach the driving
value given by y*(a:), with the same time constant @fumthat is used in updating the membrane potential. In

practice this works extremely well, better than any prior activation function used with Leabra.

Summary of Neuron Equations and Normalized Parameters

Normalized Neuron Parameters

Parameter Bio Val | Norm Parameter Bio Val Norm Val
Val
Time 0.001 1 ms Voltage 0.1 Vor -100..100 mV =
sec 100mV 0.2dV
Current 1x1078 10 nA Conductance 1x107°s 1 nS
A
Capacitance 1x10°12 1 pF C (memb capacitance) 281 pF 1/C = .355 = dt.vm
F
g bar_l (leak) 10 nS 0.1 g bar_i (inhibition) 100 nS 1
g bar_e (excitation) 100 nS 1 e_rev_l (leak) and Vm_r -70mV 0.3
e_rev_i (inhibition) -75mV 0.25 e_rev_e (excitation) OmV 1
0 (act.thr, VT in AdEx) | -50mV 0.5 spike.spk_thr (exp cutoff in 20mV 1.2
AdEXx)
spike.exp_slope (AT in 2mV 0.02 adapt.dt_time (tw in AdEx) 144ms dt = 0.007
AdEXx)
adapt.vm_gain (a in 4nS 0.04 adapt.spk_gain (b in AdEx) 0.0805nA 0.00805
AdEXx)

Table 2.1: The parameters used in our simulations are normalized using the above conversion factors so that the
typical values that arise in a simulation fall within the 0..1 normalized range. For example, the membrane potential is
represented in the range between 0 and 2 where O corresponds to -100mV and 2 corresponds to +100mV and 1 is
thus OmV (and most membrane potential values stay within 0-1 in this scale). The biological values given are the
default values for the AdEx model. Other biological values can be input using the BioParams button on the

LeabraUnitSpec, which automatically converts them to normalized values.
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Table 2.1 shows the normalized values of the parameters used in our simulations. We use these normalized values
instead of the normal biological parameters so that everything fits naturally within a 0..1 range, thereby simplifying
many practical aspects of working with the simulations.

The final equations used to update the neuron, in computational order, are shown here, with all variables that change

over time indicated as a function of (t):

1. Compute the excitatory input conductance (inhibition would be similar, but we'll discuss this more in the next

chapter, so we'll omit it here):

1
o Ge(t) = — D wi(t)w;
i
2. Update the membrane potential one time step at a time, as a function of input conductances (separating
conductances into dynamic and constant "g-bar" parts):

o Vinlt) = Viu(t = 1) + dbom [Gege (1) (Ee — Vi) + G0 (1) (Ei — Vi) + gi( B — Vi)
3a. For discrete spiking, compare membrane potential to threshold and trigger a spike and reset Vm if above
threshold:

e if (Vm(t) > 06) then: y(t) = 1; Vm(t) = Vm_r; else y(t) = 0

3b. For rate code approximation, compute output activation as NXX1 function of g_e and Vm:

#* #* 1
. Y (3:) = [vxx1 (ge (f)) ~ 1 (convolution with noise not shown)
A 1+ ':f[ge—g?l+)
. y(i) = y(t - 1) + db {y (35) - y(t - 1))(restoring iterative dynamics based on time constant of

membrane potential changes)

Exploration of the Individual Neuron

To get your hands dirty, run Neuron. As this is the first exploration you'll be running, you may need to consult the

overall page for information on installing the Emergent software etc: CCNBook/Sims/All.

Back to the Detector

Now that you can see how the individual neuron integrates a given excitatory signal relative to leak/inhibition, it is
important to put this into the larger perspective of the detection process. In this simulation, you'll see how a neuron
can pick out a particular input pattern from a set of inputs, and also how it can have different patterns of responding

depending on its parameters ("loose" or "strict").

To run this exploration, go to Detector.

SubTopics

Here are all the sub-topics within the Neuron chapter, collected in one place for easy browsing. These may or may

not be optional for a given course, depending on the instructor's specifications of what to read:

* Neuron Biology -- more detailed description of neuron biology.

* Neuron Electrophysiology -- more detailed description of the electrophysiology of the neuron, and how the
underlying concentration gradients of ions give rise to the electrical integration properties of the neuron.

e Net Input Detail -- details on how net inputs are computed across multiple different input projections.

* Adaptive Exponential Spiking Model -- the AdEx model has won multiple competitions for best fitting actual

cortical neuron firing patterns, and is what we actually use in spiking mode output.



http://grey.colorado.edu/CompCogNeuro/index.php?title=CCNBook/Sims/Neuron/Neuron
http://grey.colorado.edu/CompCogNeuro/index.php?title=CCNBook/Sims/All
http://grey.colorado.edu/CompCogNeuro/index.php?title=CCNBook/Sims/Neuron/Detector
http://grey.colorado.edu/CompCogNeuro/index.php?title=CCNBook/Neuron/NetInput
http://grey.colorado.edu/CompCogNeuro/index.php?title=CCNBook/Neuron/AdEx
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* Temporal Dynamics -- longer time-scale temporal dynamics of neurons (adaptation and hysteresis currents, and
synaptic depression).

* Sigmoidal Unit Activation Function -- a more abstract formalism for simulating the behavior of neurons, used in
more abstract neural network models (e.g., backpropagation models).

* Bayesian Optimal Detector -- how the equilibrium membrane potential represents a Bayesian optimal way of

integrating the different inputs to the neuron.

Explorations

Here are all the explorations covered in the main portion of the Neuron chapter:

e Neuron (neuron.proj) -- Individual Neuron -- spiking and rate code activation. (Questions 2.1 - 2.7)
* Detector (detector.proj) -- The neuron as a detector -- demonstrates the critical function of synaptic weights in

determining what a neuron detects. (Questions 2.8 - 2.10)

References

[1] http://en.wikipedia.org/wiki/Cooperative_principle
[2] http://en.wikipedia.org/wiki/Michaelis—Menten_kinetics
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Back to CCN Book Main Page | Neuron Chapter

This optional section provides more biological details about the neuron. It is recommended for a fuller understanding
of the biological basis of the computational models used in the book, but is not strictly necessary for understanding

the functional operation of individual neurons.

Figure 2.1.1 shows a tracing of a typical excitatory neuron in the cortex called a
pyramidal neuron, which is the primary type that we simulate in our models. The
major elements of dendrites, cell body, and axon as discussed in the main chapter are Y
shown. Note that the dendrites have small spines on them -- these are where the axons i )=

from sending neurons synapse, forming connections between neurons.

- Dendrite

- Axon

Figure 2.1.1: Tracing of a
cortical pyramidal neuron.



http://grey.colorado.edu/CompCogNeuro/index.php?title=CCNBook/Main
http://grey.colorado.edu/CompCogNeuro/index.php?title=File%3Afig_cortical_neuron.png
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Figure 2.1.2: Electron microscope image of a synapse. The arrows indicate synaptic

release sites, where neurotransmitter is released to the receiving neuron. The small circles

are synaptic vesicles, which contain the neurotransmitter.

Postsynaptic

Neuro-
transmitter ___ Na+~
(glutamate) o

Vesicles &2
Terminal
Button

Figure 2.1.3: Schematic of a synapse, showing presynaptic terminal button which

releases neurotransmitter (NT) into the synaptic cleft. The NT binds to postsynaptic
receptors, causing ion channels to open (e.g., Sodium or Na+ ions for excitatory AMPA
channels), and thus activating the receiving neuron. Metabotropic receptors such as
mGluR do no open to allow ions to flow (as ionotropic ones do), and instead they trigger
second-messenger cascades of reactions that can affect learning and other processes in the

postsynaptic cell.

Figure 2.1.2 shows a high-resolution
image of a synapse, while Figure 2.1.3
shows a schematic with all of the
major elements of the synaptic
signaling cascade represented. The
primary behavior of a synapse is for an
action potential to trigger release of
neurotransmitter (NT) from the
presynaptic terminal button, and this
NT then binds to postsynaptic
receptors that open to allow ions to
flow, and thus communicating a signal
to the postsynaptic neuron. In the
predominant case of excitatory
AMPA -receptor activation by the NT
glutamate, the AMPA channels open
to allow Sodium (Na+) ions to enter
the postsynaptic neuron, which then
have the effect of increasing the
membrane potential and thus exciting
the neuron. This excitatory input is
called an excitatory postsynaptic
potential or EPSP.

The other major types of postsynaptic

receptors are:

¢ NMDA, which is involved in
learning and allows Calcium ions to
flow (Ca++) -- we will discuss these
receptors in more detail in the

Learning chapter.

¢ mGluR, which is also involved in
learning and also possibly active
maintenance of information in
working memory -- these receptors
do not pass ions, and instead affect
complex chemical processes in the

postsynaptic cell.

Inhibitory synapses arising from
inhibitory interneurons release GABA
NT, and the corresponding GABA
receptors on the receiving neurons
open to allow Chloride (CL-) ions to
flow, producing a net negative or
inhibitory effect on the postsynaptic



http://grey.colorado.edu/CompCogNeuro/index.php?title=File%3Afig_synapse_em.jpg
http://grey.colorado.edu/CompCogNeuro/index.php?title=File%3Afig_synapse.png
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cell (called an inhibitory postsynaptic potential or IPSP).

Importantly, the biology shows that synapses in the cortex can either be excitatory or inhibitory, but not both. This

has implications for our computational models as we explore in the Networks chapter.

CCNBook/Neuron/Electrophysiology

Back to CCN Book Main Page | Neuron Chapter

This optional section provides a full treatment of the electrophysiology of the neuron -- how differential

concentrations of individual ions lead to the electrical dynamics of the neuron.

First, some basic facts of electricity. Electrons and protons, which together make up atoms (along with neutrons),
have electrical charge (the electron is negative, and the proton is positive). An ion is an atom where these positive
and negative charges are out of balance, so that it carries a net charge. Because the brain carries its own salt-water

ocean around with it, the primary ions of interest are:

* sodium (Na+) which has a net positive charge.

chloride (Cl-) which has a net negative charge.
* potassium (K+) which has a net positive charge.

* calcium (Ca++) which has two net positive charges.

As we noted in the main chapter, these

ions tend to flow under the influence of +

an electrical potential (voltage), driven

by the basic principle that opposite

charges attract and like charges

repel. If there is an area with more V

positive charge than negative charge

(i.e., and electrical potential), then —
any negative charges nearby will be

drawn into this area (creating an

electrical current), thus nullifying that
imbalance, and restoring everything to +
a neutral potential. Figure 2.2.1 shows .. .

a simple diagram of this dynamic. The . G .

conductance is effectively how wide ‘ . ' . .'
the opening or path is between the

imbalanced charges, which determines . . | ‘ . .

how quickly the current can flow. ~
o _0 o .~

Ohm's law formalizes the situation . .
mathematically:
s [ =GV
. . Figure 2.2.1: Basic principles of electricity: when there is an imbalance of positive and
(i.e., current = conductance times ) ) ) . .
negative charged ions, these ions will flow so as to cancel out this imbalance. The flow of
potential). ions is called a current I, driven by the potential (level of imbalance) V with the

conductance G (e.g., size of the opening between the two chambers) determining how
quickly the ions can flow.



http://grey.colorado.edu/CompCogNeuro/index.php?title=CCNBook/Main
http://grey.colorado.edu/CompCogNeuro/index.php?title=File%3Afig_electricity.png
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The other major force at work in the
neuron is diffusion, which causes
individual ions to move around until
they are uniformly distributed across
space (Figure 2.2.2). Interestingly, the
diffusion force originates from random
movements of the ions driven by heat
-- ions are constantly bumping around
through space, with a mean velocity
proportional to the temperature of the
environment they're in. This constant
motion creates the diffusion force as a
result of the inevitable increase in
entropy of a system -- the maximum
entropy state is where each ion is
uniformly distributed, and this is in

effect what the diffusion force

o > ¢ o °
oo

- o
[

Figure 2.2.2: Diffusion is the other major force at work in neurons -- it causes each ion

individually to balance out its concentration uniformly across space (i.e., on both sides of

the chamber). Concentration imbalances can then cause ions to flow, creating a current,

just like electrical potential forces.

represents. The key difference between the diffusion and electrical force is:

» Diffusion operates individually on each ion, regardless of its charge compared to other ions etc -- each ion is

driven by the diffusion force to spread itself uniformly around. In contrast, electrical forces ignore the identity of

the ion, and only care about the net electrical charge. From electricity's perspective, Na+ and K+ are effectively

equivalent.

It is this critical difference between diffusion and electrical forces that causes different ions to have different driving

potentials, and thus exert different influences over the neuron.

Figure 2.2.3 shows the situation inside
and outside the neuron for the major
ion types. The  concentration
imbalances all stem from a steady
sodium pump that pumps Na+ ions
out of the cell. This creates an
imbalance in electrical charge, such
that the inside of the neuron is more
negative (missing all those Na+ ions)
and the outside is more positive (has an
excess of these Na+ ions). This
negative net charge (i.e., negative
resting potential) of about -70mV
pushes the negative Cl- ions outside
the cell as well (equivalently, they are
drawn to the positive charge outside
the cell), creating a concentration
imbalance in chloride as well.
Similarly, the K+ ions are drawn into

the cell by the extra negative charge

Input
@4,
orhV

Na/K

Pump

Inhibitory
Synaptic
|nput

Figure 2.2.3: Major ions and their relative concentrations inside and outside the neuron

(indicated by the size of the circles). These relative concentration differences give rise to

the different driving potentials for different ions, and thus determine their net effect on the

neuron (whether they pull it "up" for excitation or "down" for inhibition).

within, creating an opposite concentration imbalance for the potassium ions.



http://grey.colorado.edu/CompCogNeuro/index.php?title=File%3Afig_diffusion.png
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All of these concentration imbalances create a strong diffusion force, where these ions are trying to distribute
themselves more uniformly. But this diffusion force is counteracted by the electrical force, and when the neuron is at
rest, it achieves an equilibrium state where the electrical and diffusion forces exactly balance and cancel each other
out. Another name for the diving potential for an ion (i.e., which direction it pulls the cell's membrane potential) is

the equilibrium potential -- the electrical potential at which the diffusion and electrical forces exactly balance.

As shown in Figure 2.2.3, the Cl- and K+ ions have driving potentials that are essentially equivalent to the resting
potential, -70mV. This means that when the cell's membrane potential is at this -70mV, there is no net current across

the membrane for these ions -- everything will basically stay put.

Mathematically, we can capture this phenomenon using the same equation we derived from the tug-of-war analogy:

. I=G(E-V)

Notice that this is just a simple modification of Ohm's law -- the E value (the driving potential) "corrects" Ohm's law

to take into account any concentration imbalances and the diffusion forces that they engender. If there are no

concentration imbalances, then E = 0, and you get Ohm's law (modulo a minus sign that we'll deal with later).

If we plug an E value of -70mV into this equation, then we see that the current is O when V = -70mV. This is the

definition of an equilibrium state. No net current.

Now consider the Na+ ion. Both the negative potential inside the neuron, and the concentration imbalance, drive this
ion to want to move into the cell. Thus, at the resting potential of -70mV, the current for this ion will be quite high if
it is allowed to flow into the cell. Indeed, it will not stop coming into the cell until the membrane potential gets all
the way up to +55mV or so. This equilibrium or driving potential for Na+ is positive, because it would take a

significant positive potential to force the Na+ ions back out against their concentration difference.

The bottom line of all this is that synaptic channels that allow Na+ ions to flow will cause Na+ to flow into the
neuron, and thereby excite the receiving neuron. In effect, the sodium pump "winds up" the neuron by creating these
concentration imbalances, and thus the potential for excitation to come into the cell against a default background of

the negative resting potential.

Finally, when excitatory inputs do cause the membrane potential to increase, this has the effect of drawing more CI-
ions back into the cell, creating an inhibitory pull back to the -70mV resting value, and similarly it pushes K+ ions
out of the cell, which also makes the inside of the cell more negative, and has a net inhibitory effect. The CI- ions
only flow when inhibitory GABA channels are open, and the K+ ions flow all the time through the always-open leak
channels.
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3. Networks

CCNBook/Networks

In this chapter, we build upon the Neuron Chapter to understand how networks of detectors can produce emergent

behavior that is more than the sum of their simple neural constituents. We focus on the networks of the neocortex

("new cortex", often just referred to as "cortex"), which is the evolutionarily most recent, outer portion of the brain

where most of advanced cognitive functions take place. There are three major categories of emergent network

phenomena:

Categorization of diverse patterns of activity into relevant groups: For example, faces can look very different
from one another in terms of their raw "pixel" inputs, but we can categorize these diverse inputs in many different
ways, to treat some patterns as more similar than others: male vs. female, young vs. old, happy vs. sad, "my
mother" vs. "someone other", etc. Forming these categories is essential for enabling us to make the appropriate
behavioral and cognitive responses (approach vs. avoid, borrow money from, etc.). Imagine trying to relate all the
raw inputs of a visual image of a face to appropriate behavioral responses, without the benefit of such categories.
The relationship ("mapping") between pixels and responses is just too complex. These intermediate, abstract
categories organize and simplify cognition, just like file folders organize and simplify documents on your
computer. One can argue that much of intelligence amounts to developing and using these abstract categories in
the right ways. Biologically, we'll see how successive layers of neural detectors, organized into a hierarchy,
enable this kind of increasingly abstract categorization of the world. We will also see that many individual neural
detectors at each stage of processing can work together to capture the subtlety and complexity necessary to
encode complex conceptual categories, in the form of a distributed representation. These distributed
representations are also critical for enabling multiple different ways of categorizing an input to be active at the
same time -- e.g., a given face can be simultaneously recognized as female, old, and happy. A great deal of the
emergent intelligence of the human brain arises from multiple successive levels of cascading distributed
representations, constituting the collective actions of billions of excitatory pyramidal neurons working together
in the cortex.

Bidirectional excitatory dynamics are produced by the pervasive bidirectional (e.g., bottom-up and top-down or
feedforward and feedback) connectivity in the neocortex. The ability of information to flow in all directions
throughout the brain is critical for understanding phenomena like our ability to focus on the task at hand and not
get distracted by irrelevant incoming stimuli (did my email inbox just beep??), and our ability to resolve
ambiguity in inputs by bringing higher-level knowledge to bear on lower-level processing stages. For example, if
you are trying to search for a companion in a big crowd of people (e.g., at a sporting event or shopping mall), you
can maintain an image of what you are looking for (e.g., a red jacket), which helps to boost the relevant
processing in lower-level stages. The overall effects of bidirectional connectivity can be summarized in terms of
an attractor dynamic or multiple constraint satisfaction, where the network can start off in a variety of
different states of activity, and end up getting "sucked into" a common attractor state, representing a cleaned-up,
stable interpretation of a noisy or ambiguous input pattern. Probably the best subjective experience of this
attractor dynamic is when viewing an Autostereogram t (NOTE: links to wikipedia for now) -- you just stare at
this random-looking pattern with your eyes crossed, until slowly your brain starts to fall into the 3D attractor, and
the image slowly emerges. The underlying image contains many individual matches of the random patterns
between the two eyes at different lateral offsets -- these are the constraints in the multiple constraint satisfaction
problem that eventually work together to cause the 3D image to appear -- this 3D image is the one that best

satisfies all those constraints.
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* Inhibitory competition, mediated by specialized inhibitory interneurons is important for providing dynamic
regulation of overall network activity, which is especially important when there are positive feedback loops
between neurons as in the case of bidirectional connectivity. The existence of epilepsy in the human neocortex
indicates that achieving the right balance between inhibition and excitation is difficult -- the brain obtains so
many benefits from this bidirectional excitation that it apparently lives right on the edge of controlling it with
inhibition. Inhibition gives rise to sparse distributed representations (having a relatively small percentage of
neurons active at a time, e.g., 15% or so), which have numerous advantages over distributed representations that
have many neurons active at a time. In addition, we'll see in the Learning Chapter that inhibition plays a key role
in the learning process, analogous to the Darwinian "survival of the fittest" dynamic, as a result of the competitive

dynamic produced by inhibition.

We begin with a brief overview of the biology of neural networks in the neocortex.

Biology of the Neocortex

The cerebral cortex or neocortex is
composed of roughly 85% excitatory
neurons (mainly pyramidal neurons,
but also stellate cells in layer 4), and
15% inhibitory interneurons (Figure
3.1). We focus primarily on the
excitatory pyramidal neurons, which
perform the bulk of the information

processing in the cortex. Unlike the

local inhibitory interneurons, they
engage in long—range connections Figure 3.1: Neural constituents of the neocortex. (A) shows excitatory pyramidal

between different cortical areas. and it neurons, which constitute roughly 85% of neurons, and convey the bulk of the

sl that 1 ino tak | in th information content via longer-range axonal projections (some of which can go all the
1 r min m
§ clea atlea g takes place ¢ way across the brain). (B) shows inhibitory interneurons, which have much more local

synapses between these excitatory patterns of connectivity, and represent the remaining 15% of neurons. Reproduced from
neurons (evidence is more mixed for Crick & Asanuma (1986).

the inhibitory neurons). The inhibitory

neurons can be understood as "cooling off" the excitatory heat generated by the pyramidal neurons, much like the
cooling system (radiator and coolant) in a car engine. Without these inhibitory interneurons, the system would
overheat with excitation and lock up in epileptic seizures (this is easily seen by blocking inhibitory GABA channels,
for example). There are, however, areas outside of the cortex (e.g., the basal ganglia and cerebellum) where
important information processing does take place via inhibitory neurons, and certainly some researchers will object

to this stark division of labor even within cortex, but it is nevertheless a very useful simplification.
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Layered Structure

Figure 3.2: A slice of the visual cortex of a cat, showing the six major cortical layers (I -
VI), with sublayers of layer IV that are only present in visual cortex. The first layer (I) is
primarily axons ("white matter"). Reproduced from Sejnowski and Churchland (1989).

Figure 3.3: The thickness of the different cortical layers varies depending on the
location in cortex -- this is an important clue to the function of these layers (and the
cortical areas). A) shows primary visual cortex (same as Figure 3.2) which
emphasizes input layer 4. B) shows extrastriate cortex which processes visual
information, and emphasizes superficial layers 2/3. C) shows primary motor
cortex, which emphasizes deep layers 5/6. D) shows prefrontal cortex ("executive
function") which has an even blend of all layers. Reproduced from Shepherd
(1990).

The neocortex has a characteristic
6-layer structure (Figure 3.2), which is
present throughout all areas of cortex
(Figure 3.3). However, the different
cortical areas, which have different
functions, have different thicknesses of
each of the 6 layers, which provides an
important clue to the function of these
layers, as summarized in (Figure 3.4).
The anatomical patterns of
connectivity in the cortex are also an
important source of information giving

rise to the following functional picture:

e Input areas of the cortex (e.g.,
primary visual cortex) receive
sensory input (typically via the
thalamus), and these areas have a
greatly enlarged layer 4, which is
where the axons from the thalamus
primarily terminate. The input layer
contains a specialized type of
excitatory neuron called the stellate
cell, which has a dense bushy
dendrite that is relatively localized,
and seems particularly good at
collecting the local axonal input to

this layer.

* Hidden areas of the cortex are
so-called because they don't directly
receive sensory input, nor do they
directly drive motor output -- they
are "hidden" somewhere in
between. The bulk of the cortex is
"hidden" by this definition, and this
makes sense if we think of these
areas as creating increasingly
sophisticated and abstract categories
from the sensory inputs, and
helping to select appropriate
behavioral responses based on these
high-level categories. This is what
most of the cortex does, in one way

or another. These areas have thicker
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superficial layers 2/3, which contain
many pyramidal neurons that are well
positioned for performing this critical
categorization function.

¢ Qutput areas of cortex have neurons that
synapse directly onto muscle control
areas ("motor outputs"), and are capable
of causing physical movement when
directly stimulated electrically. These
areas have much thicker deep layers 5/6,
which send axonal projections back down

into many different subcortical areas.

In summary, the layer-wise (laminar)
structure of the cortex and the area-wise
function of different cortical areas converge
to paint a clear picture about what the cortex
does: it takes in sensory inputs, processes
them in many different important ways to
extract behaviorally relevant categories,
which can then drive appropriate motor
responses. We will adopt this same basic

structure for most of the models we explore.

Input
(Layer 4)

Sensation

Figure 3.4: Function of the cortical layers: layer 4 processes input information
(e.g., from sensory inputs) and drives superficial layers 2/3, which provide a
"hidden" internal re-processing of the inputs (extracting behaviorally-relevant
categories), which then drive deep layers 5/6 to output a motor response. Green
triangles indicate excitation, and red circles indicate inhibition via inhibitory
interneurons. BG = basal ganglia which is important for driving motor outputs, and
Subcortex includes a large number of other subcortical areas.
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Patterns of Connectivity

The dominant patterns of longer-range
connectivity between cortical areas, and Feedforward Feedback
lateral connections within cortical areas are Axon
Terminals

Source
Neurons

shown in Figure 3.5. Consistent with the

Input-Hidden-Output  laminar  structure
described above, the feedforward flow of
information "up" the cortical hierarchy of

areas (i.e., moving further away from

Activation Flow
MO|4 uoneAndy

sensory inputs) goes from Input to Hidden

in one area, and then to Input to Hidden in

the next area, and so on. This flow of
information from sensory inputs deeper into
the higher levels of the brain is what
supports the formation of increasingly
abstract hierarchies of categories that we

discuss in greater detail in the next section. Hidden (2,3)

Information flowing in the reverse direction Input (4)

(feedback) goes from Hidden & Output in

one area to Hidden & Output in the previous

Output (5,6)

area, and so on. We will see later in this Activation Flow

chapter how this backward flow of
information can support top-down Cognitive Figure 3.5: Typical patterns of connectivity between cortical areas (Feedforward

control over behavior, direct attention. and and Feedback) and within cortical areas (Lateral). Information flows from the

hel esolve biouiti i th e Hidden layers "up" in a feedforward direction into the Input layers of "higher"
TesSolvi amoiguities 1n € Sensor
P g y areas (from which it flows into the Hidden layer of that area), and flows back down

inputs (which are ubiquitous). One might in a feedback direction from Hidden and Output (output typically stronger as
have expected this pattern to go Hidden to indicated) back to Hidden and Output layers in "lower" areas. All areas have lateral

Output in one area, to Hidden to Output in connections that similarly originate in the Hidden and Output layers, and connect

to all three layers within another part of the same cortical area. Based on Figure 3

the previous area, but this pattern is only from Felleman and Van Essen (1991),

part of the story. In addition, the Hidden

layers can communicate directly to each

other across areas. Furthermore, Output areas can also directly communicate with each other. We can simplify this
pattern by assuming that the Output layers in many cortical areas serve more as extra copies of the Hidden layer
patterns, which help make additional connections (especially to subcortical areas -- all cortical areas project to
multiple subcortical areas). Thus, the essential computational functions are taking place directly in the Hidden to
Hidden connections between areas (mediated by intervening Input layers for the feedforward direction), and Output
layers provide an "external interface" to communicate these Hidden representations more broadly. The exception to
this general idea would be in the motor output areas of cortex, where the Output layers may be doing something

more independent (they are at least considerably larger in these areas).

Each cortical area also has extensive lateral connectivity among neurons within the same area, and this follows the
same general pattern as the feedback projection, except that it also terminates in layer 4. These lateral connections

serve a very similar functional role as the feedback projections as well -- essentially they represent "self feedback".
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The other significant aspect of cortical
connectivity that will become quite
important for our models, is that the
connectivity is largely bidirectional
Figure 3.6. Thus, an area that sends a
feedforward projection to another area
also typically receives a reciprocal
feedback projection from that same
area. This bidirectional connectivity is
important for enabling the network to
converge into a coherent overall state
of activity across layers, and is also
important for driving error-driven
learning as we'll see in the Learning
Chapter.

Next, let's see how feedforward
excitatory connections among areas
can support intelligent behavior by
developing categorical representations

of inputs.

A macaque visual cortex

cortical area (source)

Figure 3.6: Connectivity matrix between cortical areas, showing that when a given area
sends a feedforward projection to another area, it typically also receives a feedback
projection from that same area. Thus, cortical connectivity is predominantly
bidirectional. Reproduced from Sporns & Zwi (2004).

Categorization and Distributed Representations

As explained in the introduction to this

chapter, the process of forming
categorical representations of inputs
coming into a network enables the
system to behave in a much more
powerful and ‘'intelligent" fashion
(Figure 3.7). Philosophically, it is an
interesting question as to where our
mental categories come from -- is there
something objectively real underlying
our mental categories, or are they
merely illusions we impose upon
reality? Does the notion of a "chair"
really exist in the real world, or is it

just something that our brains construct

8
g

8
@
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00
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IT-anterior

\ Al V2 V4 IT-posterior
Figure 3.7: Schematic of a hierarchical sequence of categorical representations
processing a face input stimulus. Representations are distributed at each level (multiple
neural detectors active). At the lowest level, there are elementary feature detectors
(oriented edges). Next, these are combined into junctions of lines, followed by more
complex visual features. Individual faces are recognized at the next level (even here
multiple face units are active in graded proportion to how similar people look). Finally, at
the highest level are important functional "semantic" categories that serve as a good basis
for actions that one might take -- being able to develop such high level categories is

critical for intelligent behavior.

for us to enable us to get by (and rest our weary legs)? This issue has been contemplated since the dawn of
philosophy, e.g., by Plato with his notion that we live in a cave perceiving only shadows on the wall of the true
reality beyond the cave. It seems plausible that there is something "objective" about chairs that enables us to
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categorize them as such (i.e., they are not purely a collective hallucination), but providing a rigorous, exact definition
thereof seems to be a remarkably challenging endeavor (try it! don't forget the cardboard box, or the lump of snow,
or the miniature chair in a dollhouse, or the one in the museum that nobody ever sat on..). It doesn't seem like most
of our concepts are likely to be true "natural kinds" that have a very precise basis in nature. Things like Newton's
laws of physics, which would seem to have a strong objective basis, are probably dwarfed by everyday things like
chairs that are not nearly so well defined (and "naive" understanding of physics is often not actually correct in many

cases either).

The messy ontological status of conceptual categories doesn't bother us very much. As we saw in the previous
chapter, Neurons are very capable detectors that can integrate many thousands of different input signals, and can
thereby deal with complex and amorphous categories. Furthermore, we will see that learning can shape these
category representations to pick up on things that are behaviorally relevant, without requiring any formality or rigor
in defining what these things might be. In short, our mental categories develop because they are useful to us in some
way or another, and the outside world produces enough reliable signals for our detectors to pick up on these things.
Importantly, a major driver for learning these categories is social and linguistic interaction, which enables very
complex and obscure things to be learned and shared -- the strangest things can be learned through social interactions
(e.g., you now know that the considerable extra space in a bag of chips is called the "snackmosphere", courtesy of
Rich Hall). Thus, our cultural milieu plays a critical role in shaping our mental representations, and is clearly a major
force in what enables us to be as intelligent as we are (we do occasionally pick up some useful ideas along with
things like "snackmosphere"). If you want to dive deeper into the philosophical issues of truth and relativism that

arise from this lax perspective on mental categories, see Philosophy of Categories.

One intuitive way of understanding the importance of having the right categories (and choosing them appropriately
for the given situation) comes from insight problems. These problems are often designed so that our normal default
way of categorizing the situation leads us in the wrong direction, and it is necessary to re-represent the problem in a
new way ("thinking outside the box"), to solve it. For example, consider this "conundrum" problem: "two men are
dead in a cabin in the woods. what happened?" -- you then proceed to ask a bunch of true/false questions and
eventually realize that you need to select a different way of categorizing the word "cabin" in order to solve the
puzzle. Here is a list of some of these kinds of conundrums: http://www.angelfire.com/oh/abnorm/(WARNING:
click at own risk for external links -- seems ok but does pop up an ad or two it seems).

For computer programmers, one of the most important lessons one learns is that choosing the correct representation
is the most important step in solving a given problem. As a simple example, using the notion of a "heap" enables a
particularly elegant solution to the sorting problem. Binary trees are also a widely used form of representation that
often greatly reduce the computational time of various problems. In general, you simply want to find a representation

that makes it easy to do the things you need to do. This is exactly what the brain does.

One prevalent example of the brain's propensity to develop categorical encodings of things are stereotypes. A
stereotype is really just a mental category applied to a group of people. The fact that everyone seems to have them is
strong evidence that this is fundamentally how the brain works. We cannot help but think in terms of abstract
categories like this, and as we've argued above, categories in general are essential for allowing us to deal with the
world in an intelligent manner. But the obvious problems with stereotypical thinking also indicate that these
categories can also be problematic (for stereotypes specifically and categorical thinking more generally), and limit
our ability to accurately represent the details of any given individual or situation. As we discuss next, having many
different categorical representations active at the same time can potentially help mitigate these problems. The ability
to entertain multiple such potential categories at the same time may be an individual difference variable associated

with things like political and religious beliefs (todo: find citations). This stuff can get interesting!
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Distributed Representations
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Figure 3.8: Graded response as a function of similarity. This is one aspect of
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distributed representations, shown here in a neuron in the visual cortex of a
monkey -- this neuron responds in a graded fashion to different input stimuli, in
proportion to how similar they are to the thing that it responds most actively to (as
far as is known from presenting a wide sample of different input images). With
such graded responses ubiquitous in cortex, it follows that any given input will
activate many different neuron detectors. Reproduced from Tanaka (1996).

In addition to our mental categories being
somewhat amorphous, they are also highly
polymorphous: any given input can be
categorized in many different ways at the
same time -- there is no such thing as the
appropriate level of categorization for any
given thing. A chair can also be furniture,
art, trash, firewood, doorstopper, plastic
and any number of other such things. Both
the amorphous and polymorphous nature of
categories are nicely accommodated by the
notion of a distributed representation.
Distributed representations are made up of
many individual neurons-as-detectors, each
of which is detecting something different.
The aggregate pattern of output activity
("detection alarms") across this population
of detectors can capture the amorphousness
of a mental category, because it isn't just one
single discrete factor that goes into it. There

are many factors, each of which plays a role.

Chairs have seating surfaces, and sometimes have a backrest, and typically have a chair-like shape, but their shapes

can also be highly variable and strange. They are often made of wood or plastic or metal, but can also be made of

cardboard or even glass. All of these different factors can be captured by the whole population of neurons firing

away to encode these and many other features (e.g., including surrounding context, history of actions and activities

involving the object in question).

The same goes for the polymorphous nature of categories. One set of neurons may be detecting chair-like
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aspects of a chair, while others are activating
based on all the different things that it might
represent (material, broader categories,
appearance, style etc). All of these different
possible meanings of the chair input can be
which is well

active simultaneously,

captured by a distributed representation with

neurons detecting all these different
categories at the same time.
Some real-world data on distributed

representations is shown in Figure 3.8 and
Figure 3.9. These show that individual
neurons respond in a graded fashion as a
function of similarity to inputs relative to
the optimal thing that activates them (we
saw this same property in the detector
exploration from the Neuron Chapter, when
we lowered the leak level so that it would
respond to multiple inputs). Figure 3.10
shows an overall summary map of the
topology of shape representations in monkey
inferotemporal (IT) cortex, where each area
has a given optimal stimulus that activates it,
while neighboring areas have similar but
distinct such optimal stimuli. Thus, any
given shape input will be encoded as a
distributed pattern across all of these areas to

na

1mm

[ 7 8.

Figure 3.9: Distributed representations of different shapes mapped across regions

of inferotemporal (IT) cortex in the monkey. Each shape activates a large number
of different neurons distributed across the IT cortex, and these neurons overlap
partially in some places. Reproduced from Tanaka (2003).

the extent that it has features that are sufficiently similar to activate the different detectors.

Another demonstration of distributed representations comes from a landmark study by Haxby and colleagues (2001),

using functional magnetic resonance imaging (fMRI) of the human brain, while viewing different visual stimuli

(Figure 3.11). They showed that contrary to prior claims that the visual system was organized in a strictly
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modular fashion, with completely
distinct areas for faces vs. other visual
categories, for example, there is in fact
a high level of overlap in activation
over a wide region of the visual system
for these different visual inputs. They
showed that you can distinguish which
object is being viewed by the person in
the fMRI machine based on these
distributed activity patterns, at a high
level of accuracy. Critically, this
accuracy level does not go down
appreciably when you exclude the area
that exhibits the maximal response for
that object. Prior "modularist” studies
had only reported the existence of

these maximally responding areas. But

as we know from the monkey data, Figure 3.10: Schematic diagram of topographically organized shape representations in
neurons will respond in a graded way monkey IT cortex, from Tanaka (2003) -- each small area of IT responds optimally to a

even if the stimulus is not a perfect fit different stimulus shape, and neighboring are‘fls tend to have similar but not identical
. . . . representations.

to their maximally activating input,

and Haxby et al. showed that these

graded responses convey a lot of information about the nature of the input stimulus.

See More Distributed Representations Examples for more interesting empirical data on distributed representations in
the cortex.
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Figure 3.11: Maps of neural activity in the human brain

in response to different visual input stimuli (as shown --

faces, houses, chairs, shoes), recorded using functional

magnetic resonance imaging (fMRI). There is a high

level of overlap in neural activity across these different

stimuli, in addition to some level of specialization. This is

the hallmark of a distributed representation. Reproduced

from Haxby et al. (2001).

Coarse Coding

Figure 3.12 illustrates an important
specific case of a distributed
representation known as  coarse
coding. This is not actually different
from what we've described above, but
the particular example of how the eye
uses only 3 photoreceptors to capture
the entire visible spectrum of light is a
particularly good example of the power
of distributed representations. Each
individual frequency of light is
uniquely encoded in terms of the

Activation

Continuous Dimension
(Frequency of Light)

Figure 3.12: Coarse coding, which is an instance of a distributed representation with

neurons that respond in a graded fashion. This example is based on the coding of color in
the eye, which uses only 3 different photoreceptors tuned to different frequencies of light
(red, green blue) to cover the entire visible spectrum. This is a very efficient
representation compared to having many more receptors tuned more narrowly and

discretely to different frequencies along the spectrum.
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relative balance of graded activity across the different detectors. For example, a color between red and green (e.g., a
particular shade of yellow) is encoded as partial activity of the red and green units, with the relative strength of red
vs. green determining how much it looks more orange vs. chartreuse. In summary, coarse coding is very important

for efficiently encoding information using relatively few neurons.

Localist Representations

The opposite of a distributed representation is a localist representation, where a single neuron is active to encode a
given category of information. Although we do not think that localist representations are characteristic of the actual
brain, they are nevertheless quite convenient to use for computational models, especially for input and output
patterns to present to a network. It is often quite difficult to construct a suitable distributed pattern of activity to
realistically capture the similarities between different inputs, so we often resort to a localist input pattern with a
single input neuron active for each different type of input, and just let the network develop its own distributed

representations from there.

Figure 3.13 shows the famous case of a

" " 22 24 25 23 89 53 52 51
Halle Berry" neuron, recorded from a ' ~ s

- , J : 3 2 -

e e J L] . g ;T

person with epilepsy who had
electrodes implanted in their brain. L ' e =ais, "
This would appear to be evidence for LL ) L,, N L T T L..
an extreme form of localist

representation, known as a S0 el 94 54 1 =2 12 91 L8
grandmother cell (a term apparently H m n U L’, !.:“ - ﬁ
coined by Jerry Lettvin in 1969), T % oo Voo e .
denoting a neuron so specific yet

PN WA SO U L R TS . PR, B I | 4 N

abstract that it only responds to one's

. Figure 3.13: The famous case of a Halle Berry neuron recorded from a person with

grandmother, based on any kind of . . . o ..
epilepsy who had electrodes implanted in their brain. The neuron appears sensitive to

input, but not to any other people or many different presentations of Halle Berry (including just seeing her name in text), but
things. Peop]e had long scoffed at the not to otherwise potentially similar people. Although this would seem to suggest the

notion of such grandmother cells. Even presence of localist "grandmother cells", in fact there are many other distributed neurons

. . activated by any given input such as this within the same area, and even this neuron does
though the evidence for them is

exhibit some level of firing to similar distractor cases. Reproduced from Quian Quiroga et
fascinating (including also other al. (2005).

neurons for Bill Clinton and Jennifer

Aniston), it does little to change our basic understanding of how the vast majority of neurons in the cortex respond.
Clearly, when an image of Halle Berry is viewed, a huge number of neurons at all levels of the cortex will respond,
so the overall representation is still highly distributed. But it does appear that, amongst all the different ways of
categorizing such inputs, there are a few highly selective "grandmother" neurons! One other outstanding question is
the extent to which these neurons actually do show graded responses to other inputs -- there is some indication of

this in the figure, and more data would be required to really test this more extensively.
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Explorations

See Face Categorization (Part I only) for an exploration of how face images can be categorized in different ways

(emotion, gender, identity), each of which emphasizes some aspect of the input stimuli and collapses across others.

Bidirectional Excitatory Dynamics and Attractors

The feedforward flow of excitation through multiple layers of the neocortex can make us intelligent, but the
feedback flow of excitation in the opposite direction is what makes us robust, flexible, and adaptive. Without this
feedback pathway, the system can only respond on the basis of whatever happens to drive the system most strongly
in the feedforward, bottom-up flow of information. But often our first impression is wrong, or at least incomplete. In
the "searching for a friend" example from the introduction, we might not get sufficiently detailed information from
scanning the crowd to drive the appropriate representation of the person. Top-down activation flow can help focus us
on relevant perceptual information that we can spot (like the red coat). As this information interacts with the
bottom-up information coming in as we scan the crowd, our brains suddenly converge on the right answer: There's

my friend, in the red coat!

The overall process of converging on a good
internal representation given a noisy, weak attractor basin
or otherwise ambiguous input can be A
summarized in terms of attractor dynamics
(Figure 3.14). An attractor is a concept from
dynamical systems theory, representing a
stable configuration that a dynamical system
will tend to gravitate toward. A familiar

example of attractor dynamics is the coin

energy

gravity well, often found in science

museums. You roll your coin down a slot at

the top of the device, and it rolls out around

=— attractor state
the rim of an upside-down bell-shaped
"gravity well". It keeps orbiting around the
. Figure 3.14: Illustration of attractor dynamics, in terms of a "gravity well". In the
central hole of this well, but every Iy . o . .

familiar gravity wells that suck in coins at science museums, the attractor state is
revolution brings it closer to the "attractor" the bottom hole in the well, where the coin inevitably ends up. This same dynamic
state in the middle. No matter where you can operate in more abstract cases inside bidirectionally connected networks. For
start your coin, it will always get sucked example, the x and y axes in this diagram could represent the activities of two
. . L. . different neurons, and the attractor state indicates that the network connectivity
into the same final state. This is the key idea . . . . .

prefers to have neuron x highly active, while neuron y is weakly active. The

behind an attractor: many different inputs all attractor basin indicates that regardless of what configuration of activations these

get sucked into the same final state. If the two neurons start in, they'll end up in this same overall attractor state.
attractor dynamic is successful, then this

final state should be the correct categorization of the input pattern.
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There are many different instances
where bidirectional excitatory

dynamics are evident:

Top-down imagery -- I can ask
you to imagine what a purple
hippopotamus looks like, and you
can probably do it pretty well, even
if you've never seen one before. Via
top-down excitatory connections,
high-level verbal inputs can drive
corresponding visual
representations. For example,
imagining the locations of different
things in your home or apartment

produces reaction times that mirror

the actual spatial distances between
those objects -- we seem to be using Figure 3.15: A well-known example of an image that is highly ambiguous, but we can

a real spatial/visual representation figure out what is going on if an appropriate high-level cue is provided, e.g., "Dalmatian".

. ) This process of top-down knowledge helping resolve bottom-up ambiguity is a great
In our Imagery. (See Imagery example of bidirectional processing.
Debate for brief discussion of a

long debate in the literature on this topic).

Top-down ambiguity resolution -- Many stimuli are ambiguous without further top-down constraints. For
example, if you've never seen Figure 3.15 before, you probably won't be able to find the Dalmatian dog in it. But
now that you've read that clue, your top-down semantic knowledge about what a dalmatian looks like can help
your attractor dynamics converge on a coherent view of the scene.

Pattern completion -- If I ask you "what did you have for dinner last night", this partial input cue can partially
excite the appropriate memory representation in your brain (likely in the hippocampus), but you need a
bidirectional excitatory dynamic to enable this partial excitation to reverberate through the memory circuits and
fill in the missing parts of the full memory trace. This reverberatory process is just like the coin orbiting around
the gravity well -- different neurons get activated and inhibited as the system "orbits" around the correct memory
trace, eventually converging on the full correct memory trace (or not!). Sometimes, in so-called tip of the tongue
states, the memory you're trying to retrieve is just beyond grasp, and the system cannot quite converge into its
attractor state. Man, that can be frustrating! Usually you try everything to get into that final attractor. We don't

like to be in an unresolved state for very long.

Energy and Harmony

There is a mathematical way to capture something like the vertical axis in the attractor figure (Figure 3.14), which in

the physical terms of a gravity well is potential energy. Perhaps not surprisingly, this measure is called energy and it

was developed by a physicist named John Hopfield. He showed that local updating of unit activation states ends up

reducing a global energy measure, much in the same way that local motion of the coin in the gravity well reduces its

overall potential energy. Another physicist, Paul Smolensky, developed an alternative framework with the sign

reversed, where local updating of unit activation states increases global Harmony. That sounds nice, doesn't it? To

see the mathematical details, see Energy and Harmony. We don't actually need these equations to run our models,

and the basic intuition for what they tell us is captured by the notion of an attractor, so we won't spend any more time

on this idea in this main chapter.
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Explorations

See Face Categorization (Part II) for an exploration of how top-down and bottom-up processing interact to produce
imagery and help resolve ambiguous inputs (partially occluded faces). These additional simulations provide further

elaboration of bidirectional computation:

e Cats and Dogs -- fun example of attractor dynamics in a simple semantic network.
* Necker Cube -- another fun example of attractor dynamics, showing also the important role of noise, and neural

fatigue.

Inhibitory Competition and Activity Regulation

Inhibitory competition plays a critical role in enabling us to focus on a few things at a time, which we can then
process effectively without getting overloaded. Inhibition also ensures that those detectors that do get activated are

the ones that are the most excited by a given input -- in Darwinian evolutionary terms, these are the fitfest detectors.

Without inhibition, the bidirectional excitatory connectivity in the cortex would quickly cause every neuron to
become highly excited, because there would be nothing to check the spread of activation. There are so many
excitatory connections among neurons that it doesn't take long for every neuron to become activated. A good
analogy is placing a microphone near a speaker that is playing the sound from that microphone -- this is a
bidirectional excitatory system, and it quickly leads to that familiar, very loud "feedback" squeal. If one's audio
system had the equivalent of the inhibitory system in the cortex, it would actually be able to prevent this feedback by

dynamically turning down the input gain on the microphone, and/or the output volume of the speaker.

Another helpful analogy is to an air conditioner (AC), which has a thermostat control that determines when it kicks
in (and potentially how strong it is). This kind of feedback control system allows the room to warm up to a given
set point (e.g., 75 degrees F) before it starts to counter the heat. Similarly, inhibition in the cortex is proportional to
the amount of excitation, and it produces a similar set point behavior, where activity is prevent from getting too high:

typically no more than roughly 15-25% of neurons in any given area are active at a time.

The importance of inhibition goes well beyond this basic regulatory function, however. Inhibition gives rise to
competition -- only the most strongly excited neurons are capable of overcoming the inhibitory feedback signal to
get activated and send action potentials to other neurons. This competitive dynamic has numerous benefits in
processing and learning. For example, selective attention depends critically on inhibitory competition. In the visual
domain, selective attention is evident when searching for a stimulus in a crowded scene (e.g., searching for a friend
in a crowd as described in the introduction). You cannot process all of the people in the crowd at once, so only a
relatively few capture your attention, while the rest are ignored. In neural terms, we say that the detectors for the
attended few were sufficiently excited to out-compete all the others, which remain below the firing threshold due to
the high levels of inhibition. Both bottom-up and top-down factors can contribute to which neural detectors get over
threshold or not, but without inhibition, there wouldn't be any ability to select only a few to focus on in the first
place. Interestingly, people with Balint's syndrome, who have bilateral damage to the parietal cortex (which plays a
critical role in spatial attention of this sort), show reduced attentional effects and also are typically unable to process
anything if a visual display contains more than one item (i.e., "simultanagnosia" -- the inability to recognize objects
when there are multiple simultaneously present in a scene). We will explore these phenomena in the Perception
Chapter.

We will see in the Learning Chapter that inhibitory competition facilitates learning by providing this selection
pressure, whereby only the most excited detectors get activated, which then gets reinforced through the learning
process to make the most active detectors even better tuned for the current inputs, and thus more likely to respond to
them again in the future. This kind of positive feedback loop over episodes of learning leads to the development of
very good detectors for the kinds of things that tend to arise in the environment. Without the inhibitory competition,

a large percentage of neurons would get trained up for each input, and there would be no specialization of detectors
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for specific categories in the environment. Every neuron would end up weakly detecting everything, and thus

accomplish nothing. Thus, again we see that competition and limitations can actually be extremely beneficial.

A summary term for the kinds of neural patterns of activity that develop in the presence of inhibitory competition is
sparse distributed representations. These have relatively few (15-25%) neurons active at a time, and thus these
neurons are more highly tuned for the current inputs than they would otherwise be in a fully distributed
representation with much higher levels of overall activity. Thus, although technically inhibition does not contribute
directly to the basic information processing functions like categorization, because inhibitory connectivity is strictly
local within a given cortical area, inhibition does play a critical indirect role in shaping neural activity patterns at

each level.

Feedforward and Feedback Inhibition

There are two distinct patterns of

- . Feedback
neural  connectivity  that  drive a) b)

inhibitory interneurons in the cortex, . ,
feedforward and feedback (Figure i letoly i

3.16). Just to keep things interesting, T - Feed—

Excitatory

these are not the same as the

connections among excitatory neurons. Input Input

Functionally, feedforward inhibition
Figure 3.16: Feedforward and Feedback Inhibition. Feedback inhibition reacts to the

actual level of activity in the excitatory neurons, by directly responding to this activity
excitatory neurons will  become, (much like an air conditioner reacts to excess heat). Feedforward inhibition anticipates
whereas feedback accurately reflects the level of excitation of the excitatory neurons by measuring the level of excitatory input

can anticipate how excited the

the actual level of activation they they are getting from the Input area. A balance of both types works best.

achieve.

Feedback inhibition is the most intuitive, so we'll start with it. Here, the inhibitory interneurons are driven by the
same excitatory neurons that they then project back to and inhibit. This is the classical "feedback” circuit from the
AC example. When a set of excitatory neurons starts to get active, they then communicate this activation to the
inhibitory interneurons (via excitatory glutamatergic synapses onto inhibitory interneurons -- inhibitory neurons
have to get excited just like everyone else). This excitation of the inhibitory neurons then causes them to fire action
potentials that come right back to the excitatory neurons, opening up their inhibitory ion channels via GABA release.
The influx of CI- (chloride) ions from the inhibitory input channels on these excitatory neurons acts to drive them
back down in the direction of the inhibitory driving potential (in the tug-of-war analogy, the inhibitory guy gets
bigger and pulls harder). Thus, excitation begets inhibition which counteracts the excitation and keeps everything
under control, just like a blast of cold air from the AC unit.

Feedforward inhibition is perhaps a bit more subtle. It operates when the excitatory synaptic inputs to excitatory
neurons in a given area also drive the inhibitory interneurons in that area, causing the interneurons to inhibit the
excitatory neurons in proportion to the amount of excitatory input they are currently receiving. This would be like a
thermostat reacting to the anticipated amount of heat, for example, by turning on the AC based on the outside
temperature. Thus, the key difference between feedforward and feedback inhibition is that feedforward reflects the

net excitatory input, whereas feedback reflects the actual activation output of a given set of excitatory neurons.

As we will see in the exploration, the anticipatory function of feedforward inhibition is crucial for limiting the kinds
of dramatic feedback oscillations that can develop in a purely feedback-driven system. However, too much
feedforward inhibition makes the system very slow to respond, so there is an optimal balance of the two types that

results in a very robust inhibitory dynamic.
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Exploration of Inhibitory Interneuron Dynamics

* Inhibition (inhib.proj) -- this simulation shows how feedforward and feedback inhibitory dynamics lead to the

robust control of excitatory pyramidal neurons, even in the presence of bidirectional excitation.

kWTA Approximation for Inhibition

Although  the  combination  of
feedforward and feedback inhibition
dynamics in inhibitory interneurons is
capable of producing robust activity
regulation, it only does so when the
parameters are set correctly, within a
fairly narrow range. Changes due to
learning or other modulations of
excitability of neurons require adapting
the parameters. (In the brain, this is
likely accomplished with the help of
glia in addition to other homeostatic
mechanisms that enable the system to
adapt the strength of inhibition over
time to keep things in the right range.)
Also, even when the parameters are set
correctly, the feedback nature of
inhibition requires that the time steps
for computing the neuron update
equations be very small -- otherwise
numerical instability can result (e.g.,

wild oscillations).

For these reasons, we developed a
simple set of approximations to the net

effects of the inhibitory interneurons,

highest k k+1 lowest highest k k+1 lowest highest k k+1 lowest
Rank order sort by excitation Rank order sort by excitation Rank order sort by excitation

Figure 3.17: How kWTA is computed as function of distribution of excitation of neurons
in a layer. Inhibitory conductance g_i is calculated as point between k and k+1 most
excited neurons, in terms of the amount of inhibition required to keep the membrane

potential Vm right at firing threshold 6 (g_i"6). Thus, exactly k neurons will be above
their firing threshold and active, while the remainder will be below threshold and inactive.
The shape of the distribution determines how strongly the active units are activated, as a
function of the gap between their excitation level and the g_i inhibition -- when these are
very close (middle case), activation levels are very low, and when they are very far apart
(right case) activation levels are high. But always exactly k units are active.
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Figure 3.18: How average-based kWTA is computed as function of distribution of
excitation of neurons in a layer. Inhibitory conductance g_i is calculated as a point
(determined by proportion pf) between the average over the top k vs. average of the
remainder (avg shown as dashed lines). Unlike the exact simple kWTA computation, this
average-based version allows for more or less activity depending on the shape of the

distribution, as shown in the middle and right cases.

known as the k-winners-take-all (kWTA) inhibitory functions. These equations directly compute a level of

inhibitory conductance (g_i) for all the neurons in a layer, with this value placed so as to keep k units above their

firing threshold (where k is a parameter set by the modeler, e.g., 15%), with the remainder below threshold. Thus,

these equations capture the set point nature of inhibitory feedback, analogous to setting a desired temperature for the

AC unit -- the kWTA function ensures that the "temperature" doesn't get too much above k.

To see how the basic form of kWTA is computed, see Figure 3.17. First, all the neurons in the layer are sorted (rank

ordered) in terms of the level of excitatory input they are receiving at the time. Counting down from the most excited

neuron, we place a dividing line between the k and k+/ unit in this rank-ordered list. We then compute an amount of

inhibitory conductance g_i that will inhibit the k+1 and beyond neurons to the point that they are below threshold,

while not being too high to inhibit the top k neurons. As we shown in kWTA Equations, this can be done very

straightforwardly by using the equilibrium membrane potential equation from the Neuron Chapter. We can compute

the amount of inhibition that will place each neuron right at its firing threshold, denoted g? -- this is monotonically

related to the excitatory input into the neuron, and is the value that is actually plotted in the figure. Thus, the actual

inhibition level can be read off directly from this curve at the k and k+1 points, as shown in the figure -- everyone

above k will have an inhibition value that is less than what it would take to keep them at threshold, so they get over
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threshold, while the remainder have an inhibition value that is greater than their threshold inhibition level, and thus
are inhibited below threshold.

The average-based version of the kWTA function introduces a bit more flexibility in the overall activity levels within
a layer, by computing the inhibitory conductance for the layer in terms of the average inhibitory threshold values for
the top k vs. remainder neurons. As shown in Figure 3.18, this averaging process enables the actual g_i inhibitory
value to sometimes be higher or lower than the point between the k and k+1 neuron, depending on the overall shape
of the distribution of excitation within the layer.

Typically, we use the average-based kWTA for hidden layers, where the extra flexibility is very useful in enabling
the layer to develop appropriate representations for different inputs, which may require different numbers of overall
active neurons. For output layers with a prescribed number of active neurons, the basic kWTA works well to ensure
that this number of neurons are always active.

Finally, we emphasize that although the actual computational mechanism for these kWTA functions is biologically
implausible, they nevertheless provide a good approximation for the behavior of networks governed by inhibitory
interneuron inhibition. Thus, the net result is the same, and the computational advantages of kWTA are critical for
enabling models to be run quickly and efficiently. As with the use of the rate code approximation instead of discrete
spiking, the best way to mitigate against the potential limitations of using the kWTA approximation is to compare
models using each mechanism, and determine what if any systematic differences exist. More of this kind of
exploration needs to be done, now that computer hardware is significantly faster and such models can be relatively
easily run.

SubTopics
Here are all the sub-topics within the Networks chapter, collected in one place for easy browsing. These may or may
not be optional for a given course, depending on the instructor's specifications of what to read:

* Philosophy of Categories -- philosophical issues about the truth value of mental categories.
* Energy and Harmony -- mathematics of attractor dynamics in terms of Hopfield energy or Smolensky's Harmony.
* kWTA Equations -- equations for the k-winners-take-all (kWTA) inhibition function.

Explorations

Here are all the explorations covered in the main portion of the Networks chapter:

* Face Categorization (face_categ.proj) -- face categorization, including bottom-up and top-down processing (used
for multiple explorations in Networks chapter) (Questions 3.1 - 3.3)

e Cats and Dogs (cats_and_dogs.proj) -- Constraint satisfaction in the Cats and Dogs model. (Question 3.4)

* Necker Cube (necker_cube.proj) -- Constraint satisfaction and the role of noise and accommodation in the Necker
Cube model. (Question 3.5)

* Inhibition (inhib.proj) -- Inhibitory interactions. (Questions 3.6 - 3.8)

References

[1] http://en.wikipedia.org/wiki/Autostereogram
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4. Learning Mechanisms

CCNBook/Learning

How do we learn to read, do math, and play sports? Learning in a neural network amounts to the modification of

synaptic weights, in response to the local activity patterns of the sending and receiving neurons. As emphasized in
previous chapters, these synaptic weights are what determine what an individual neuron detects, and thus are the

critical parameters for determining neuron and network behavior.

In other words, everything you know is encoded in the patterns of your synaptic weights, and these have been shaped
by every experience you've had (as long as those experiences got your neurons sufficiently active). Many of those
experiences don't leave a very strong mark, and in much of the brain, traces of individual experiences are all blended
together, so it is difficult to remember them distinctly (we'll see in the Memory Chapter that this blending can be
quite beneficial for overall intelligence, actually). But each experience nevertheless drives some level of learning,
and our big challenge in this chapter is to figure out how the mere influences of patterns of activity among individual

neurons can add up to enable us to learn big things.

Biologically, synaptic plasticity (the modification of synaptic weights through learning) has been extensively
studied, and we now know a tremendous amount about the detailed chemical processes that take place as a result of
neural activity. We'll provide multiple levels of detail here (including a discussion of spike timing dependent
plasticity (STDP), which has captured the imaginations of many researchers in this area), but the high-level story is
fairly straightforward: the overall level of neural activity on both ends of the synapse (sending and receiving neural
firing) drives the influx of calcium ions (Ca++) via NMDA channels, and synaptic weight changes are driven by the
level of postsynaptic Ca++ in the dendritic spine associated with a given synapse. Low levels of Ca++ cause

synapses to get weaker, and higher levels cause them to get stronger.

Computationally, many different sets of equations have been developed that can drive synaptic weight changes to
accomplish many different computational goals. Which of these correspond to what the biology is actually doing?
That is the big question. While a definitive answer remains elusive, we nevertheless have a reasonable candidate that
aligns well with the biological data, and also performs computationally very useful forms of learning, which can

solve the most challenging of cognitive tasks (e.g., learning to read or recognize objects).
There are two primary types of learning:

* Self-organizing learning, which extracts longer time-scale statistics about the environment, and can thus be
useful for developing an effective internal model of the outside world (i.e., what kinds of things tend to reliably
happen in the world -- we call these statistical regularities).

e Error-driven learning, which uses more rapid contrasts between expectations and outcomes to correct these
expectations, and thus form more detailed, specific knowledge about contingencies in the world. For example,
young children seem endlessly fascinated learning about what happens when they push stuff off their high chair
trays: will it still fall to the ground and make a huge mess this time? Once they develop a sufficiently accurate
expectation about exactly what will happen, it starts to get a bit less interesting, and other more unpredictable
things start to capture their interest. As we can see in this example, error-driven learning is likely intimately tied
up with curiosity, surprise, and other such motivational factors. For this reason, we hypothesize that
neuromodulators such as dopamine, norepinephrine and acetylcholine likely play an important role in
modulating this form of learning, as they have been implicated in different versions of surprise, that is, when there

is a discrepancy between expectations and outcomes.
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Interestingly, the main computational difference between these two forms of learning has to do with the time scale
over which one of the critical variables is updated -- self-organizing learning involves averaging over a long time
scale, whereas error-driven learning is much quicker. This difference is emphasized in the above descriptions as
well, and provides an important source of intuition about the differences between these types of learning.
Self-organizing learning is what happens when you blur your eyes and just take stuff in over a period of time,
whereas error-driven learning requires much more alert and rapid forms of neural activity. In the framework that we
will use in the rest of the book, we combine these types of learning into a single set of learning equations, to explore

how we come to perceive, remember, read, and plan.

Biology of Synaptic Plasticity

Learning amounts to changing the

overall synaptic efficacy of the synapse

connecting two neurons. The synapse
. L3 A

AMPA > VGCC
=D

has a lot of moving parts (see
Neuron/Biology), any one of which
could potentially be the critical factor
in causing its overall efficacy to
change. How many can you think of?
The search for the critical factor(s)
& e, e @ 2. Mg+ unblock

3. Presynaptic Na+ 1
on synaptic plasticity, and evidence for Fires () o (» o Ca++ 4, Ca++ enters

dominated the early phase of research

the involvement of a range of different
factors has been found over the years,
from the amount of presynaptic
neurotransmitter released, to number
and efficacy of postsynaptic AMPA
receptors, and even more subtle things
such as the alignment of pre and
postsynaptic components, and more
dramatic changes such as the cloning

of multip]e synapses. However, the Figure 4.1: Critical steps in allowing calcium ions (Ca++) to enter postsynaptic cell via
dominant factor for lon g1 astin g NMDA channels, inducing synaptic plasticity. 1. The postsynaptic membrane potential
. (Vm) must be elevated (from collective excitatory synaptic inputs to existing AMPA
leammg Changes appears to be the receptors, and backpropagating action potential that comes back down the dendrite when
number and efﬁcacy of postsynaptic the postsynaptic neuron fires). 2. Elevated Vm causes magnesium (Mg+) ions to be
AMPA receptors. expelled from NMDA channel openings, thus unblocking them. 3. Presynaptic neuron
fires an action potential, releasing glutamate. 4. Glutamate binds to NMDA receptors,
Figure 4.1 shows the five critical s teps causing them to open, allowing Ca++ to enter (only when also unblocked, per step 2). 5.
. . The concentration of Ca++ in the postsynaptic spine drives second messenger systems
in the cascade of events that drives (indicated by the X) that result in change in AMPA receptor efficacy, thereby changing
change in AMPA receptor efficacy. the synaptic weight. Ca++ can also enter from voltage-gated calcium channels (VGCC's),
The NMDA receptors and the calcium which depend only on postsynaptic Vm levels, and not sending activity -- these are

ion (Ca++) play a central role -- weaker contributors to Ca++ levels.
NMDA channels allow Ca++ to enter
the postsynaptic spine. Across all cells in the body, Ca++ typically plays an important role in regulating cellular
function, and in the neuron, it is capable of setting off a series of chemical reactions that ends up controlling how
many AMPA receptors are functional in the synapse. For details on these reactions, see Detailed Biology of

Learning. Here's what it takes for the Ca++ to get into the postsynaptic cell:
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1. The postsynaptic membrane potential (Vm) must be elevated, as a result of all the excitatory synaptic inputs
coming into the cell. The most important contributor to this Vm level is actually the backpropagating action
potential -- when a neuron fires an action potential, it not only goes forward out the axon, but also backward down
the dendrites (via active voltage-sensitive Na+ channels along the dendrites). Thus, the entire neuron gets to know

when it fires -- we'll see that this is incredibly useful computationally.

2. The elevated Vm causes magnesium ions (Mg+) to be repelled (positive charges repel each other) out of the

openings of NMDA channels, unblocking them.
3. The presynaptic neuron fires an action potential, releasing glutamate neurotransmitter into the synaptic cleft.

4. Glutamate binds to the NMDA receptor, opening it to allow Ca++ ions to flow into the postsynaptic cell. This only
occurs if the NMDA is also unblocked. This dependence of NMDA on both pre and postsynaptic activity was one of
the early important clues to the nature of learning, as we see later.

5. The concentration of Ca++ in the postsynaptic spine drives those complex chemical reactions (Detailed Biology of
Learning) that end up changing the number and efficacy of AMPA receptors. Because these AMPA receptors
provide the primary excitatory input drive on the neuron, changing them changes the net excitatory effect of a
presynaptic action potential on the postsynaptic neuron. This is what is meant by changing the synaptic efficacy, or

weight.

Ca++ can also enter the postsynaptic cell via voltage gated calcium channels (VGCC)'s which are calcium
channels that only open when the membrane potential is elevated. Unlike NMDA, however, they are not sensitive to
presynaptic neural activity -- they only depend on postsynaptic activity. This has important computational
implications, as we discuss later. VGCC's contribute less to Ca++ levels than NMDA, so NMDA is still the
dominant player.

Metabotropic glutamate receptors (mGlu) also play an important role in synaptic plasticity. These receptors do
not allow ions to flow across the membrane (i.e., they are not ionotropic), and instead they directly trigger chemical
reactions when neurotransmitter binds to them. These chemical reactions can then modulate the changes in AMPA
receptors triggered by Ca++.

We have been talking about changes in AMPA receptor efficacy

Potentiation (LTP) is the biological term for long-lasting

: [Caz-'j

LTP

increases in AMPA efficacy, and Long Term Depression (LTD)

means long-lasting decreases in AMPA efficacy. For a long time,

researchers focused mainly on LTP (which is generally easier to

without specifying which direction they change. Long Term e_ e-l-
I
| W
| |

LTD

induce), but eventually they realized that both directions of

synaptic plasticity are equally important for learning. Figure 4.2

.. . Figure 4.2: Direction of synaptic plasticity (LTP =
shows how this direction of change depends on the overall level of Ag ' ynaptie p ey (

. . . increase, LTD = decrease) as a function of Ca++
Ca++ in the postsynaptic spine (accumulated over a few 100's of concentration in the postsynaptic spine (accumulated

milliseconds at least -- the relevant time constants for effects of over several 100 milliseconds). Low levels of Ca++
Ca++ on synaptic plasticity are fairly slow) -- low levels drive  cause LTD, while higher levels drive LTP. Threshold
. . . . .. levels indicated by theta val t levels wh
LTD, while high levels produce LTP. This property will be critical evels macated by Teta vatues represent fevels where
. . . the function changes sign.

for our computational model. Note that the delay in synaptic

plasticity effects based on Ca++ levels means that the synapse

doesn't always have to do LTD on its way up to LTP -- there is time for the Ca++ to reach a high level to drive LTP

before the weights start to change.
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Hebbian Learning and NMDA Channels
The famous Canadian psychologist Donald O. Hebb predicted the nature of the NMDA channel many years in

advance of its discovery, just by thinking about how learning should work at a functional level. Here is a key quote:

Let us assume that the persistence or repetition of a reverberatory activity (or "trace") tends to induce lasting
cellular changes that add to its stability.... 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 such that A's efficiency, as one of the cells firing B, is increased.

This can be more concisely summarized as cells that fire together, wire together. The NMDA channel is essential for
this process, because it requires both pre and postsynaptic activity to allow Ca++ to enter and drive learning. It can
detect the coincidence of neural firing. Interestingly, Hebb is reputed to have said something to the effect of "big
deal, I knew it had to be that way already" when someone told him that his learning principle had been discovered in
the form of the NMDA receptor.

Mathematically, we can summarize Hebbian learning as:
o« Aw =ay
where Awis the change in synaptic weight w, as a function of sending activity x and receiving activity y.

Anytime you see this kind of pre-post product in a learning rule, it tends to be described as a form of Hebbian

learning. For a more detailed treatment of Hebbian learning and various popular variants of it, see Hebbian Learning

As we'll elaborate below, this most basic form of Hebbian learning is very limited, because weights will only go up
(given that neural activities are rates of spiking and thus only positive quantities), and will do so without bound.
Interestingly, Hebb himself only seemed to have contemplated LTP, not LTD, so perhaps this is fitting. But it won't
do anything useful in a computational model. Before we get to the computational side of things, we cover one more

important result in the biology.
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Spike Timing Dependent Plasticity

Figure 4.3 shows the results from an

experiment by Bi and Poo in 1998 that

captured the imagination of many a

o

scientist, and has resulted in extensive g ol

computational modeling work. This Xwg Itiposr

experiment showed that the precise i ’
post

order of firing between a pre and
postsynaptic neuron determined the
sign of synaptic plasticity, with LTP
resulting when the presynaptic neuron
fired before the postsynaptic one,
while LTD resulted otherwise. This
spike timing dependent plasticity

(STDP) was so exciting because it fits before post

with the causal role of the presynaptic

neuron in driving the postsynaptic one. Figure 4.3: Spike timing dependent plasticity demonstrated in terms of temporal offset of

If a given pre neuron actually played a firing of pre and postsynaptic neurons. If pre fires before post, then the weights go up, and

. .. . otherwise they go down. This fits with a causal flow of information from pre to post.
role in driving the post neuron to fire, VE prefop

. . . However, more complex sequences of spikes wash out such precise timing and result in
then it will necessarily have to have

more generic forms of Hebbian-like learning. Reproduced (for now) from STDP article
fired in advance of it, and according to on scholarpedia, which is based on original from Bi and Poo (1998).

the STDP results, its weights will

increase in strength. Meanwhile, pre neurons that have no causal role in firing the postsynaptic cell will have their
weights decreased. However, as we discuss in more detail in STDP, this STDP pattern does not generalize well to
realistic spike trains, where neurons are constantly firing and interacting with each other over 100's of milliseconds.
Nevertheless, the STDP data does provide a useful stringent test for computational models of synaptic plasticity. We
base our learning equations on a detailed model using more basic, biologically-grounded synaptic plasticity
mechanisms that does capture these STDP findings (Urakubo et al., 2008), but which nevertheless result in quite
simple learning equations when considered at the level of firing rate.

The eXtended Contrastive Attractor Learning (XCAL) Model

The learning function we adopt for the models in the rest of this text is called the eXtended Contrastive Attractor
Learning (XCAL) rule. (The basis for this naming will become clear later). This learning function was derived
through a convergence of bottom-up (motivated by detailed biological considerations) and top-down (motivated by
computational desiderata) approaches. In the bottom-up derivation, we extracted an empirical learning function
(called the XCAL dWt function) from a highly biologically detailed computational model of the known synaptic
plasticity mechanisms, by Urakubo et al. (2008) (see Detailed Biology of Learning for more details). Their model
builds in detailed chemical rate parameters and diffusion constants, etc, based on empirical measurements, for all of
the major biological processes involved in synaptic plasticity. We capture much of the incredible complexity of the
Urakubo et al. (2008) model (and by extension, hopefully, the complexity of the actual synaptic plasticity
mechanisms in the brain) using a simple piecewise-linear function, shown below, that emerges from it. This XCAL
dW?t function closely resembles the function shown in Figure 4.2, plotting the dependence of synaptic plasticity on

Ca++ levels. It also closely resembles the Bienenstock, Cooper, & Munro (1982) (BCM) learning function.

The top-down approach leverages the key idea behind the BCM learning function, which is the use of a floating
threshold for determining the amount of activity needed to elicit LTP vs LTD (see Figure 4.2). Specifically, the
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threshold is not fixed at a particular value, but instead adjusts as a function of average activity levels of the
postsynaptic neuron in question over a long time frame, resulting in a homeostatic dynamic. Neurons that have been
relatively inactive can more easily increase their synaptic weights at lower activity levels, and can thus "get back in
the game". Conversely, neurons that have been relatively overactive are more likely to decrease their synaptic
weights, and "stop hogging everything".

As we'll see below, this function contributes to useful self-organizing learning, where different neurons come to
extract distinct aspects of statistical structure in a given environment. But purely self-organizing mechanisms are
strongly limited in what they can learn -- they are driven by statistical generalities (e.g., animals tend to have four
legs), and are incapable of adapting more pragmatically to the functional demands that the organism faces. For
example, some objects are more important to recognize than others (e.g., friends and foes are important, random

plants or pieces of trash or debris, not so much).

To achieve these more pragmatic goals, we need error-driven learning, where learning is focused specifically on
correcting errors, not just categorizing statistical patterns. Fortunately, we can use the same floating threshold
mechanism to achieve error-driven learning within the same overall mathematical framework, by adapting the
threshold on a faster time scale. In this case, weights are increased if activity states are greater than their very recent
levels, and conversely, weights decrease if the activity levels go down relative to prior states. Thus, we can think of
the recent activity levels (the threshold) as reflecting expectations which are subsequently compared to actual
outcomes, with the difference (or "error") driving learning. Because both forms of learning (self-organizing and
error-driven) are quite useful, and use the exact same mathematical framework, we integrate them both into a single
set of equations with two thresholds reflecting integrated activity levels across different time scales (recent and

long-term average).
Next, we describe the XCAL dWt function (dWt = change in weight), before describing how it captures both forms
of learning, followed by their integration into a single unified framework (including the promised explanation for its

name!).
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The XCAL dWt Function

+dW

-dwW

xXy3

048, 6,

Figure 4.4: The XCAL dWt function, showing
direction and magnitude of synaptic weight changes
(dWt) as a function of the short-term average activity
of the sending neuron (x) times the receiving neuron
(¥). This quantity is a simple mathematical
approximation to the level of postsynaptic Ca++,
reflecting the dependence of the NMDA channel on
both sending and receiving neural activity. This
function was extracted directly from the detailed
biophysical Urakubo et al. (2008) model, by fitting a
piecewise linear function to the synaptic weight change
behavior that emerges from it as a function of a wide
range of sending and receiving spiking patterns.

The XCAL dWt function extracted from the Urakubo et al. (2008) model is shown in Figure 4.4. First, the main
input into this function is the total synaptic activity reflecting the firing rate and duration of activity of the sending
and receiving neurons. In mathematical terms for a rate-code model with sending activity rate x and receiving

activity rate y, this would just be the "Hebbian" product we described above:

. Aw= fzc&f (Jﬂy,gp)

where fzcatis the piecewise linear function shown in Figure 4.4. The weight change also depends on an additional
dynamic threshold parameter gp, which determines the point at which it crosses over from negative to positive
weight changes -- i.e., the point at which weight changes reverse sign. For completeness, here is the mathematical

expression of this function, but you only need to understand its shape as shown in the figure:

T if vy > 6,0,
° fzc&f(:{:yﬂ 8]0) = ( P) : P
—ay(1 —6,)/8; otherwise
where ad = .1is a constant that determines the point where the function reverses direction (i.e., back toward zero

within the weight decrease regime) -- this reversal point occurs at gpad, so that it adapts according to the dynamic
pralue.

As noted in the previous section, the dependence of the NMDA channel on activity of both sending and receiving
neurons can be summarized with this simple Hebbian product, and the level of intracellular Ca++ is likely to reflect
this value. Thus, the XCAL dWt function makes very good sense in these terms: it reflects the qualitative nature of
weight changes as a function of Ca++ that has been established from empirical studies and postulated by other

theoretical models for a long time. The Urakubo model simulates detailed effects of pre/postsynaptic spike timing on
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Ca++ levels and associated LTP/LTD, but what emerges from these effects at the level of firing rates is this much

simpler fundamental function.

As a learning function, this basic XCAL dWt function has some advantages over a plain Hebbian function, while
sharing its basic nature due to the "pre * post" term at its core. For example, because of the shape of the dWt
function, weights will go down as well as up, whereas the Hebbian function only causes weights to increase. But it
still has the problem that weights will increase without bound (as long as activity levels are often greater than the
threshold). We'll see in the next section that some other top-down computationally-motivated modifications can

result in a more powerful form of learning while maintaining this basic form.

Self-Organizing Learning: Long Time Scales and the BCM Model

The major computational motivation comes

from a line of learning functions that began
with Bienenstock, Cooper & Munro (1982),
with these initials giving rise to the name of ¢( y) H
the function: BCM. (Interestingly Leon

l

Cooper, a Nobel Laurate in Physics, was

also "central” in the BCS theory of
superconductivity). The BCM function is a

Figure 4.5: The shape of the BCM learning function.

modified form of Hebbian learning, which
includes an interesting homeostatic

mechanism that keeps individual neurons o o
Note the similarity in qualitative shape to both the

from flrmg too much or too little over time: XCAL dWt function and synaptic plasticity as function

of Ca++.

« Aw=uzy(y -1
where again x = sending activity, y =

receiving activity, and flis a floating

301
threshold reflecting a long time average of
the receiving neuron's activity: = 201
o
4.2 o 10
- 0= 4
o £
where {}mdlcates the expected value or O 01
average, in this case of the square of the -104
receiving neuron's activation. Figure 4.5
i - i -20 )
shows what this function looks like overall 0.01 01 / 10 100 1000

-- a shape that should be becoming rather
familiar. Indeed, the fact that the BCM

learning function anticipated the qualitative

Stimulation frequency

Figure 4.6: Synaptic plasticity data from dark reared (filled circles) and
normally-reared (open circles) rats, showing that dark reared rats appear to have a
nature of synaptic plasticity as a function of lower threshold for LTP, consistent with the BCM floating threshold. Neurons in
Ca++ (Figure 4.2) is an amazing instance of these animals are presumably much less active overall, and thus their threshold
moves down, making them more likely to exhibit LTP relative to LTD.

theoretical prescience. Furthermore, BCM
Reproduced from Kirkwood, Rioult, and Bear (1996).

researchers have shown that it does a good

job of accounting for various behavioral

learning phenomena, providing a better fit than a comparable Hebbian learning mechanism (Figure 4.6, cite: BCM
book).
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BCM has typically been applied in
. . . Middle Avg Activity Low Avg Activity High Avg Activity
simple feedforward networks in which, Balanced dWt Lots of "Upside" Lots of "Downside"

<y>|

given an input pattern, there is only
one activation value for each neuron.

But how should weights be updated in _)'

a more realistic bidirectionally

6

connected system with attractor

dynamics in which activity states

continuously evolve through time? We XYz <XY3 <XY3

confront this issue in the XCAL Figure 4.7: How the floating threshold as a function of long-term average receiver neural

version of the BCM equations: activity {y} I{drives homeostatic behavior. Neurons that have low average activity are

much more likely to increase their weights because the threshold is low, while those that
* AW = frca (Iy! I{y)f ) = faca (Iy! T ) have high average activity are much more likely to decrease their weights because the

where xy is understood to be the threshold is high.

short-term average synaptic activity

(on a time scale of a few hundred milliseconds -- the time scale of Ca++ accumulation that drives synaptic
plasticity), which could be more formally expressed as: {ity)s, and Yi = {y)ns the long-term average activity of
the postsynaptic neuron (i.c., essentially the same as in BCM, but without the squaring), which plays the role of the
6';pﬂoating threshold value in the XCAL function. This long-term average is obtained by running average, with
periods of increases in activity contributing more to the average than periods of silence. The extra x term multiplying
the long-term average is necessary to achieve an approximation to the Hebbian-like functionality similar to the BCM
algorithm. Both of these details are explained in the XCAL_Details sub-topic. Thus, as in the brain, it is really the
temporally extended patterns of activity over different time scales that drive learning in our models.

Figure 4.7 shows the main qualitative behavior of this learning mechanism: when the long term average activity of
the receiver is low, the threshold moves down, and thus it is more likely that the short term synaptic activity value
will fall into the positive weight change territory. This will tend to increase synaptic weights overall, and thus make
the neuron more likely to get active in the future, achieving the homeostatic objective. Conversely, when the long
term average activity of the receiver is high, the threshold is also high, and thus the short term synaptic activity is
more likely to drive weight decreases than increases. This will take these over-active neurons down a notch or two,

so they don't end up dominating the activity of the network.

Self-organizing Learning Dynamics

This ability to spread the neural activity around in a more equitable fashion turns out to be critical for self-organizing
learning, because it enables neurons to more efficiently and effectively cover the space of things to represent. To see
why, here are the critical elements of the self-organizing learning dynamic (see subsequent simulation exploration to

really get a feel for how this all works in practice):

* Inhibitory competition -- only the most strongly driven neurons get over the inhibitory threshold, and can get
active. These are the ones whose current synaptic weights best fit ("detect") the current input pattern.

* Rich get richer positive feedback loop -- due to the nature of the learning function, only those neurons that
actually get active are capable of learning (when receiver activity y = 0, then xy = 0 too, and the XCAL dWt
function is 0 at 0). Thus, the neurons that already detect the current input the best are the ones that get to further
strengthen their ability to detect these inputs. This is the essential insight that Hebb had with why the Hebbian
learning function should strengthen an "engram”.

* homeostasis to balance the positive feedback loop -- if left unchecked, the rich-get-richer dynamic ends up with a
few units dominating everything, and as a result, all the inputs get categorized into one useless, overly-broad
category ("everything"). The homeostatic mechanism in BCM helps fight against this by raising the floating
threshold for highly active neurons, causing their weights to decrease for all but their most preferred input
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patterns, and thus restoring a balance. Similarly, under-active neurons experience net weight increases that get

them participating and competing more effectively, and hence they come to represent distinct features.

The net result is the development of a set of neural detectors that relatively evenly cover the space of different inputs
patterns, with systematic categories that encompass the statistical regularities. For example, cats like milk, and dogs
like bones, and we can learn this just by observing the reliable co-occurrence of cats with milk and dogs with bones.
This kind of reliable co-occurrence is what we mean by "statistical regularity". See Hebbian Learning for a very
simple illustration of why Hebbian-style learning mechanisms capture patterns of co-occurrence. It is really just a

variant on the basic maxim that "things that fire together, wire together".

The Learning Rate

There is an important factor missing from the above equations, which is the learning rate -- we typically use the

greek epsilon Eto represent this parameter, which simply multiplies the rate with which the weights change:

o Aw = €fpeal(xy, Ty)

Thus, a bigger epsilon means larger weight changes, and thus quicker learning, and vice-versa for a smaller value. A
typical starting value for the learning rate is .02, and we often have it decrease over time (which is true of the brain
as well -- younger brains are much more plastic than older ones) -- this typically results in the fastest overall learning

and best final performance.

Many researchers (and drug companies) have the potentially dangerous belief that a faster learning rate is better, and
various drugs have been developed that effectively increase the learning rate, causing rats to learn some kind of
standard task faster than normal, for example. However, we will see in the Learning and Memory Chapter that
actually a slow learning rate has some very important advantages. Specifically, a slower learning rate enables the
system to incorporate more statistics into learning -- the learning rate determines the effective time window over
which experiences are averaged together, and a slower learning rate gives a longer time window, which enables more
information to be integrated. Thus, learning can be much smarter with a slower learning rate. But the tradeoff of
course is that the results of this smarter learning take that much longer to impact actual behavior. Many have argued
that humans are distinctive in our extremely protracted period of developmental learning, so we can learn a lot before
we need to start earning a paycheck. This allows us to have a pretty slow learning rate, without too many negative

consequences.
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Exploration of Self-Organizing Learning

The best way to see this dynamic is via the computational exploration. Open the Self Organizing simulation and

follow the directions from there.

Error-Driven Learning: Short Time Scale Floating Threshold

Although self-organizing learning is

. . Middle Expectation Low Expectation High Expectation
very useful, we'll see that it is Balanced dWt Lots of "Upside” Lots of "Downside”
significantly limited in the kinds of <Xy, <Xy, <Xy

things that it can learn. It is great for

+dW

extracting generalities, but not so great 2

when it comes to learning specific,

-dw

complicated patterns. To learn these

6 6 6

<Xyz <xyz <Xyx

more challenging types of problems,

we need error-driven learning. For a

more tOp-dOWIl (computationally Figure 4.8: How the floating threshold as a function of medium-term average synaptic
motivated) discussion of how to activity {xy}mcan produce error-driven learning. This medium time frame reflects the
. . . development of a pattern of neural activity that encodes an expectation about what will
achieve error-driven learning, and L . . .
happen next. The most recent short term synaptic activity (which drives learning)
relationship to the more biologically represents the actual outcome of what did happen next. Because of the (nearly) linear
motivated mechanisms we consider nature of the dWt function, it effectively computes the difference between outcome and
here see the Backpropagation expectation. Qualitatively, if the outcome produces greater activation of a population of
b
. . neurons than did expectation, corresponding weights go up, while neurons that decreased
subsection (which some may prefer to o . L L
their activity states as a result of the outcome will have their weights go down. This is

read first). Intuitively, error-driven illustrated above in the case of low vs. high expectations.
learning is much more powerful

because it drives learning based on differences, not raw signals. Differences (errors) tell you much more precisely
what you need to do to fix a problem. Raw signals (overall patterns of neural activity) are not nearly as informative
-- it is easy to become overwhelmed by the forest and lose sight of the trees. We'll see more specific examples later,

after first figuring out how we can get error-driven learning to work in the first place.

Figure 4.8 shows how the same floating threshold behavior from the BCM-like self-organizing aspect of XCAL
learning can be adapted to perform error-driven learning, in the form of differences between an outcome vs. an

expectation.
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Specifically, we speed up the time scale for
computing the floating threshold (and also attractor basin
have it reflect synaptic activity, not just

receiver activity):
* Aw= fsz“my)h <Iy)M) = fzcaI(Isym zmym)

where {ity}mis this new medium-time
scale average synaptic activity, which we
think of as reflecting an emerging
expectation about the current situation,

which develops over roughly a second of

energy

neural activity. The most recent, short-term

neural activity ( {ity}swhich drives

learning) reflects the actual outcome. In the

simulator, the period of time during which

thi tati . ted by th Figure 4.9: Illustration of Contrastive Attractor Learning (CAL) principle, which
1S expectation 1S represente €
p P y is core idea behind XCAL error-driven learning mechanism. The network learns on

network, before it gets to see the outcome, is the contrast between the early phase of settling (the minus phase, or medium time
referred to as the minus phase. The frame activation average {Iy 1) versus the late phase of settling (the plus
subsequent period in which the outcome is phase or short time frame activation average 4 LY } 5). The late phase has

. integrated more of the overall constraints in the network and thus represents a
observed (and the activations evolve to ] - ) o
"better" overall interpretation or representation of the current situation than the

reflect the influence of that outcome) is early phase, so it makes sense for the late phase to serve as the "training signal"
referred to as the plus phase. It is the relative to the earlier phase.

difference between this expectation and

outcome that represents the error signal in error-driven learning (hence the terms minus and plus -- the minus phase

activations are subtracted from those in the plus phase to drive weight changes).

Although this expectation-outcome comparison is the fundamental requirement for error-driven learning, a weight
change based on this difference by itself begs the question of how the neurons would ever 'know' which phase they
are in. In XCAL, we use a more plausible implementation, in which instead of having discrete phases, we compare
the most recent synaptic activity (predominantly driven by plus phase / outcome states) to that integrated over the
medium-time scale, which effectively includes both minus and plus phases. Because the XCAL learning function is
(mostly) linear, the association of the floating threshold with this synaptic activity over the medium time frame
(including expectation states), to which the short-term outcome is compared, directly computes their difference:

o AW = T — Tnlm

Intuitively, we can understand how this error-driven learning rule works by just thinking about different specific
cases. The easiest case is when the expectation is equivalent to the outcome (i.e., a correct expectation) -- the two
terms above will be the same, and thus their subtraction is zero, and the weights remain the same. So once you obtain
perfection, you stop learning. What if your expectation was higher than your outcome? The difference will be a
negative number, and the weights will thus decrease, so that you will lower your expectations next time around.
Intuitively, this makes perfect sense -- if you have an expectation that all movies by M. Night Shyamalan are going
to be as cool as The Sixth Sense, you might end up having to reduce your weights to better align with actual
outcomes. Conversely, if the expectation is lower than the outcome, the weight change will be positive, and thus
increase the expectation. You might have thought this class was going to be deadly boring, but maybe you were
amused by the above mention of M. Night Shyamalan, and now you'll have to increase your weights just a bit. It
should hopefully be intuitively clear that this form of learning will work to minimize the differences between
expectations and outcomes over time. Note that while the example given here was cast in terms of deviations from

expectations having value (ie things turned out better or worse than expected, as we cover in more detail in the
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Motor control and Reinforcement Learning chapter, the same principle applies when outcomes deviate from other

sorts of expectations.

Because of its explicitly temporal nature, there are a few other interesting ways of thinking about what this learning
rule does. To reiterate, the rule says that the outcome comes immediately after a preceding expectation -- this is a
direct consequence of making it learn toward the short-term (most immediate) average synaptic activity, compared to

a slightly longer medium-term average that includes the time just before the immediate present.

First, we can think of this learning in terms of the attractor dynamics discussed in the Networks Chapter.
Specifically, the name Contrastive Attractor Learning (CAL) reflects the idea that the network is settling into an
attractor state, and it is the contrast between the final attractor state that the network settles into (i.e., the "outcome"
in this case), versus the network's activation trajectory as it approaches the attractor, that drives learning (Figure 4.9).
The short-time scale average reflects the final attractor state (the 'target’), and the medium time-scale average reflects
the entire trajectory during settling. When the pattern of activity associated with the expectation is far from the actual
outcome, the difference between these two attractor states will be large, and learning will drive weight changes so
that in future encounters, the expectation will more closely reflect the outcome (assuming the environment is
reliable). The X part of XCAL simply reflects the fact that the same objective is achieved without having to
explicitly compare two attractors at discrete points in time, but instead by using a time-averaged activity state
eXtended across the entire settling trajectory as the baseline comparison, which is more biologically realistic because

such variables are readily accessible by local neuronal activity.

Mathematically, this CAL learning rule represents a simpler version of the oscillating learning function developed by

Norman and colleagues -- see Oscillating Learning Function for more details.

There are also more general reasons for later information (short time scale average) to train earlier information
(medium time scale average). Typically, the longer one waits, the better quality the information is -- at the start of a
sentence, you might have some idea about what is coming next, but as it unfolds, the meaning becomes clearer and
clearer. This later information can serve to train up the earlier expectations, so that you can more efficiently

understand things next time around.

Before continuing, you might be wondering about the biological basis of this error-driven form of the floating
threshold. Unlike the BCM-style floating threshold, which has solid empirical data consistent with it, the idea that
the threshold changes on this quicker time scale to reflect the medium time-scale average synaptic activity has not
yet been tested empirically. Thus, it stands as an important prediction of this computational model. Because it is so
easily computed, and results in such a powerful form of learning, it seems plausible that the brain would take
advantage of just such a mechanism, but we'll have to see how it stands up to empirical testing. We note here that
there *is* substantial evidence that transient changes in neuromodulation that occur during salient, unexpected
events, are important for modifying synaptic plasticity -- and may functionally contribute to this type of error-driven
learning mechanism. Also, we discuss a little bit later another larger concern about the nature and origin of the

expectation vs. outcome distinction, which is central to this form of error-driven learning.

Advantages of Error-Driven Learning

As noted above, error-driven learning is much more computationally powerful than self-organizing learning. For
example, all computational models that perform well at the difficult challenge of learning to recognize objects based
on their visual appearance (see Perception Chapter) utilize a form of error-driven learning. Many also use
self-organizing learning, but this tends to play more of a supporting role, whereas the models would be entirely
non-functional without error-driven learning. Error-driven learning ensures that the model makes the kinds of
categorical discriminations that are relevant, while avoiding those that are irrelevant. For example, whether a side
view of a car is facing left or right is not relevant for determining that this is a car. But the presence of wheels is very
important for discriminating a car from a fish. A purely self-organizing model has no way of knowing that these

differences, which may be quite statistically reliable and strong signals in the input, differ in their utility for the
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categories that people care about.

Mathematically, the history of error-driven learning functions provides a fascinating window into the sociology of
science, and how seemingly simple ideas can take a while to develop. In the Backpropagation subsection, we trace
this history through the derivation of error-driven learning rules, from the delta rule (developed by Widrow and
Hoff in 1960) to the very widely used backpropagation learning rule (Rumelhart et al., 1986). At the start of that
subsection, we show how the XCAL form of error-driven learning (specifically the CAL version of it) can be derived
directly from backpropagation, thus providing a mathematically satisfying account as to why it is capable of solving

so many difficult problems.

The key idea  behind  the

. . . . Expectation Qutcome
backpropagation learning function is Big A
. S ig Aw
that error signals arising in an output m o g
> oy
layer can propagate backward down to ? g’
Q
earlier hidden layers to drive learning 5] % Smaller Aw
in these earlier layers so that it will S
solve the overall problem facing the
. . . Smaller Aw
network (i.e., it will ensure that the
network can produce the correct )

. Learning Aw =
expectations or answers on the output Outcome - Expectation
layer). This is essential for enabling the >

o Time
system as a whole to solve difficult
problems - as we discussed in the Figure 4.10: Intuition for how bidirectional connections enable the backpropagation of

. . learning signals from other parts of the network -- when there is a difference between an
Networks Chapter, a lot of intelligence ; . )
expectation and an outcome in any part of the network, neurons in other parts of the

arises  from multlple 1ayers of network "feel" that difference via the bidirectional connection. All neurons experience an

cascading steps of categorization -- to impact on their own activation of both the expectation and the outcome, and thus when
get all of these intervening steps to they learn on the difference between these two points in time (later training earlier), they

. are learning about their own impact on the outcome - expectation error, and weight
focus on the relevant categories, error o : L )
changes based on this difference will end up minimizing the overall error in the network

signals need to propagate across these as a whole. Neurons closer to the source of the error learn the most, with error decreasing
layers and shape learning in all of with distance from this source.

them.

Biologically, the bidirectional connectivity in our models enables these error signals to propagate in this manner
(Figure 4.10). Thus, changes in any given location in the network radiate backward (and every which way the
connections go) to affect activation states in all other layers, via bidirectional connectivity, and this then influences
the learning in these other layers. In other words, XCAL uses bidirectional activation dynamics to communicate
error signals throughout the network, whereas backpropagation uses a biologically implausible procedure that
propagates error signals backward across synaptic connections, in the opposite direction of the way that activation
typically flows. Furthermore, the XCAL network experiences a sequence of activation states, going from an
expectation to experiencing a subsequent outcome, and learns on the difference between these two states. In contrast,
backpropagation computes a single error delta value that is effectively the difference between the outcome and the
expectation, and then sends this single value backwards across the connections. See the Backpropagation subsection
for how these two different things can be mathematically equivalent. Also, it is a good idea to look at the discussion
of the credit assignment process in this subsection, to obtain a fuller understanding of how error-driven learning

works.
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Exploration of Error-Driven Learning

The Pattern Associator simulation provides a nice demonstration of the limitations of self-organizing Hebbian-style
learning, and how error-driven learning overcomes these limitations, in the context of a simple two-layer pattern
associator that learns basic input/output mappings. Follow the directions in that simulation link to run the

exploration.

You should have seen that one of the input/output mapping tasks was impossible for even error-driven learning to
solve, in the two-layer network. The next exploration, Error Driven Hidden shows that the addition of a hidden layer,
combined with the powerful error-driven learning mechanism, enables even this "impossible" problem to now be

solved. This demonstrates the computational power of the Backpropagation algorithm.

Combined Self-Organizing and Error-Driven Learning

Although scientists have a tendency to want to choose sides strongly and declare that either self-organizing learning
or error-driven learning is the best way to go, there are actually many advantages to combining both forms of
learning together. Each form of learning has complementary strengths and weaknesses:

» Self-organizing is more robust, because it only depends on local statistics of firing, whereas error-driven learning
implicitly depends on error signals coming from potentially distant areas. Self-organizing can achieve something
useful even when the error signals are remote or not yet very coherent.

* But self-organizing learning is also very myopic -- it does not coordinate with learning in other layers, and thus
tends to be "greedy". In contrast, error-driven learning achieves this coordination, and can learn to solve problems

that require collective action of multiple units across multiple layers.

One analogy that may prove useful is that error-driven learning is like left-wing politics -- it requires all the different
layers and units to be working together to achieve common goals, whereas self-organizing learning is like right-wing
politics, emphasizing local, greedy actions that somehow also benefit society as a whole, without explicitly
coordinating with others. The tradeoffs of these political approaches are similar to those of the respective forms of
learning. Socialist approaches can leave individual people feeling not very motivated, as they are just a little cog in a
huge faceless machine. Similarly, neurons that depend strictly on error-driven learning can end up not learning very
much, as they only need to make a very small and somewhat "anonymous" contribution to solving the overall
problem. Once the error signals have been eliminated (i.e., expectations match outcomes), learning stops. We will
see that networks that rely on pure error-driven learning often have very random-looking weights, reflecting this
minimum of effort expended toward solving the overall problem. On the other side, more strongly right-wing
capitalist approaches can end up with excessive positive feedback loops (rich get ever richer), and are typically not
good at dealing with longer-term, larger-scale problems that require coordination and planning. Similarly, purely
self-organizing models tend to end up with more uneven distributions of "representational wealth" and almost never
end up solving challenging problems, preferring instead to just greedily encode whatever interesting statistics come
their way. Interestingly, our models suggest that a balance of both approaches -- a centrist approach -- seems to work
best! Perhaps this lesson can be generalized back to the political arena.

Colorful analogies aside, the actual mechanics of combining both forms of learning within the XCAL framework
amounts to merging the two different definitions of the floating threshold value. We just compute a weighted
average of the two, using a "lambda" parameter Ato weight the long-term receiver average (self-organizing) relative

to the medium-term synaptic co-product:

« Aw = fzc&f {:{:sys:xm (‘;\yf + (1 - ‘;\)ym))

By using the medium-term average value Tmto multiply the long-term average activation ¥I, we obtain a simpler
expression that shows that we're really just taking something between the medium and long-term average receiving
neuron activity -- the more long term (higher lambda) that contributes, the more it computes the BCM-like

self-organizing learning, and the more the medium-term contributes, the more it computes error-driven learning. It is
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reasonable that this lambda parameter may differ according to brain area (i.e., some brain systems learn more about
statistical regularities, whereas others are more focused on minimizing error), and even that it may be dynamically
regulated (i.e. transient changes in neuromodulators like dopamine and acetylcholine can influence the degree to

which error signals are emphasized).

Weight Bounding and Contrast Enhancement

The one last issue we need to address computationally is the problem of synaptic weights growing without bound. In
LTP experiments, it is clear that there is a maximum synaptic weight value -- you cannot continue to get LTP on the
same synapse by driving it again and again. The weight value saturates. There is a natural bound on the lower end,
for LTD, of zero. Mathematically, the simplest way to achieve this kind of weight bounding is through an
exponential approach function, where weight changes become exponentially smaller as the bounds are approached.

This function is most directly expressed in a programming language format, as it involves a conditional:

if dwt > 0 then wt = wt + (1 - wt) * dwt;
wt + wt * dwt;

else wt

In words: if weights are supposed to increase (dwt is positive), then multiply the rate of increase by 1-wt, where 1 is
the upper bound, and otherwise, multiply by the weight value itself. As the weight approaches 1, the weight

increases get smaller and smaller, and similarly as the weight value approaches 0.

The exponential approach function works well at keeping weights

| | | | | | | | |
bounded in a graded way (much better than simply clipping weight 09 T |
values at the bounds, which loses all the signal for saturated 08 |
weights), but it also creates a strong tendency for weights to hang 07 1
out in the middle of the range, around .5. This creates problems . il
because then neurons don't have sufficiently distinct responses to %005” |
different input patterns, and then the inhibitory competition breaks A o |
down (many neurons become weakly activated), which then 03+ e
interferes with the positive feedback loop that is essential for 02 |
learning, etc. To counteract these problems, while maintaining the o1+ 4
exponential bounding, we introduce a contrast enhancement 0 e
function on the weights: 0 01 02 03 04 {)K?t 06 07 08 09 1
) 1 Figure 4.11: Weight contrast enhancement function,
w = gain (gamma) = 6, offset (theta) = 1.25.

] - "
w )
1+ (o)
As you can see in Figure 4.11, this function creates greater contrast for weight values around this .5 central value --
they get pushed up or down to the extremes. This contrast-enhanced weight value is then used for communication

among the neurons, and is what shows up as the wt value in the simulator.

Biologically, we think of the plain weight value w, which is involved in the learning functions, as an internal
variable that accurately tracks the statistics of the learning functions, while the contrast-enhanced weight value is the
actual synaptic efficacy value that you measure and observe as the strength of interaction among neurons. Thus, the
plain w value may correspond to the phosphorylation state of CAMKII or some other appropriate internal value that
mediates synaptic plasticity.

Finally, see Implementational Details for a few implementational details about the way that the time averages are

computed, which don't affect anything conceptually, but if you really want to know exactly what is going on..
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When, Exactly, is there an Outcome that should Drive Learning?

This is the biggest remaining question
for error-driven learning. You may not
have even noticed this issue, but once
you start to think about implementing
the XCAL equations on a computer, it
quickly becomes a major problem. We
have talked about how the error-driven
learning  reflects the difference
outcome and an

with  the

between an
expectation, outcome
represented as the short-term running
average (a few 100 milliseconds),
while  the  expectation is a
medium-term average (a second or so,
which

short-term average time period -- see

actually encompasses the
Implementational Details). But it really
matters that this short-term average
reflects some kind of outcome that is

worth learning about.

a) Explicit Teacher b) Implicit Expectation
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=
C

Input “ Input
g q
t +. t+1 t =+5 =+l

Q
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Figure 4.12: Different situations that give rise to a contrast between expectations and
outcomes. a) The simplest case of explicit teacher / parent input -- a visual input (e.g., an
object) at time t drives a verbal output (e.g., the name of the object), and the teacher then

corrects (or confirms) the output. b) The same scenario can go through without actually
producing a verbal output -- instead just an expectation of what someone else might say,
and this can be compared with what is actually said to derive useful error signals. ¢) Is a
specific instance of when many expectations are likely to be generated, when a motor
action (e.g., pushing food off of a high chair) drives an expectation about the visual

outcomes associated with the action, which then occur (to the seemingly endless delight
of the mischievous infant). d) Involves making an "expectation" about what you actually

A leading hypothesis for something

just saw -- reconstructing or generating the input (otherwise known as generative model

that "marks" the presence of an

or an auto-encoder) -- the input itself serves as its own training signal in this case.
important outcome is a phasic burst of

a neuromodulator like dopamine. It is well established that dopamine bursts occur when an unexpected outcome
arises, at least in the context of expectations of reward or punishment (we'll discuss this in detail in the Motor
Control and Reinforcement Learning Chapter). Furthermore, we know from a number of studies that dopamine plays
a strong role in modulating synaptic plasticity. Under this hypothesis, the cortical network is always humming along
doing standard BCM-like self-organizing learning at a relatively low learning rate (due to a small lambda parameter
in the combined XCAL equation, which presumably corresponds to the rate of synaptic plasticity associated with the
baseline tonic levels of dopamine), and then, when something unexpected occurs, a dopamine burst drives stronger
error-driven learning, with the immediate short-term average "marked" by the dopamine burst as being associated
with this important (salient) outcome. The XCAL learning will automatically contrast this immediate short-term
average with the immediately available medium-term average, which presumably reflects an important contribution

from the prior expectation state that was just violated by the outcome.

There are many other possible ideas for how the time for error-driven learning is marked, some of which involve
local emergent dynamics in the network itself, and others that involve other neuromodulators, or networks with
broad connectivity to broadcast an appropriate "learn now" signal. From everything we know about the brain, there
are likely several such learning signals, each of which being useful in some particular subset of situations. This is an

active area of ongoing research.

Stepping up a level, we can consider the kinds of environmental situations that we think should drive learning. When
are we likely to be confronted with outcomes that violate our expectations? Figure 4.12 illustrates four primary
categories of such situations, which can play out in myriad ways in different real-world situations. The critical point
being that there are many more sources of error-driven learning than the simple case of an explicit teacher looking

over your shoulder.
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The Leabra Framework

Figure 4.13 provides a summary of the

Leabra framework, which is the name Leabra Mechanisms
given to the combination of all the
neural mechanisms that have been Deep A T(A“ A A
(many
developed to this point in the text. layers)
Leabra stands for Learning in an , A A AA
Error-driven and Associative, % |
A ﬂ,gh k-Winners (sparse
I n h I b Itory ?;i)trrtiebs:tr?gtions)
A Competition
balance is reflected in the combination
of error-driven and self-organizing
learning ("associative" is another name A ﬁA} Aﬁ%
for Hebbian learning). It also A
represents a  balance  between ﬁih A

low-level, biologically-detailed

Learning
Aw = <xyx - <xy3, (Error-driven)
+<xy%-<yy (BCM Hebbian)

Biologically Realistic Algorithm -- the Bidirectional

name is intended to evoke the "Libra" Excitation

balance scale, where in this case the

dv X
dtm N fzgﬁgc(Ec‘ Vr:|)
<

Integrate & Fire
Point Neurons

models, and more abstract
computationally-motivated models.
The biologically-based way of doing

. . . Figure 4.13: Summary of all the mechanisms in the Leabra framework used in this text,
error-driven learning requires

providing a summary of the last three chapters.

bidirectional connectivity, and the

Leabra framework is relatively unique in its ability to learn complex computational tasks in the context of this
pervasive bidirectional connectivity. Also, the KWTA inhibitory function is unique to the Leabra framework, and is
also very important for its overall behavior, especially in managing the dynamics that arise with the bidirectional

connectivity.

The different elements of the Leabra framework are therefore synergistic with each other, and as we have discussed,
highly compatible with the known biological features of the neocortex. Thus, the Leabra framework provides a solid

foundation for the cognitive neuroscience models that we explore next in the second part of the text.

For those already familiar with the Leabra framework, see Leabra Details for a brief review of how the XCAL
version of the algorithm described here differs from the earlier form of Leabra described in the original CECN
textbook (O'Reilly & Munakata, 2000).

Exploration of Leabra

Open the Family Trees simulation to explore how the combination of error-driven and self-organizing (BCM
Hebbian) learning in the Leabra algorithm can produce better learning than either alone. This simulation is also very
interesting for showing how networks can create their own similarity structure based on functional relationships,

refuting the common misconception that networks are driven purely by input similarity structure.

SubTopics
Here are all the sub-topics within the Learning chapter, collected in one place for easy browsing. These may or may
not be optional for a given course, depending on the instructor's specifications of what to read:

e Detailed Biology of Learning -- more in-depth treatment of postsynaptic signaling cascades that mediate LTP and

LTD, described in context of the Urakubo et al. (2008) model of synaptic plasticity.
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Hebbian Learning -- extensive treatment of computational properties of Hebbian learning -- starts with a simple
manual simulation of Hebbian learning showing exactly how and why it captures patterns of co-occurrence.
STDP -- more details on spike timing dependent plasticity

Backpropagation -- history and mathematical derivation of error-driven learning functions -- strongly
recommended to obtain greater insight into the computational nature of error-driven learning (starts with some
important conceptual points before getting into the math).

Oscillating Learning Function -- Norman et al learning rule based on rapidly changing synaptic plasticity
combined with oscillations in inhibitory strength -- produces an interesting hybrid of error-driven and
self-organizing learning, and is mathematically equivalent to the CAL learning function.

Implementational Details -- misc implementational details about how time averaged activations are computed,
etc.

Leabra Details -- describes how the current version of Leabra based on XCAL differs from the original one from
the CECN textbook (O'Reilly & Munakata, 2000).

Explorations

Here are all the explorations covered in the main portion of the Learning chapter:

Self Organizing (self_org.proj) -- Self organizing learning using BCM-like dynamic of XCAL (Questions
4.1-4.2).

Pattern Associator (pat_assoc.proj) -- Basic two-layer network learning simple input/output mapping tasks with
Hebbian and Error-driven mechanisms (Questions 4.3-4.6).

Error Driven Hidden (err_driven_hidden.proj) -- Full error-driven learning with a hidden layer, can solve any
input output mapping (Question 4.7).

Family Trees (family_trees.proj) -- Learning in a deep (multi-hidden-layer) network, showing advantages of

combination of self-organizing and error-driven learning (Questions 4.8-4.9).
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Part IT -- Cognitive Neuroscience
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5. Brain Areas
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In Part I of this book, we have developed a toolkit of basic neural mechanisms, going from the activation dynamics

of individual neurons, to networks of neurons, and the learning mechanisms that configure them in both
self-organizing and error-driven ways. At this start of Part II, we begin the transition to exploring a wide range of
cognitive phenomena. As an important foundational step along this path, this chapter attempts to provide a big
picture view of the overall functional organization of the brain, in a relatively non-controversial way that is roughly
meant to correspond to what is generally agreed upon in the literature. This should help you understand at a broad
level how different brain areas work together to perform different cognitive functions, and situate the more specific
models in the subsequent chapters into a larger overall framework.

We proceed in the same sequence as the subsequent chapters, which roughly follows the evolutionary trajectory of
the brain itself, starting with basic perceptual and motor systems, and then proceeding to explore different forms of
learning and memory (including the role of the hippocampus in episodic memory). Building upon these core
capacities, we then examine language and executive function, which build upon and extend the functionality of these
basic cognitive systems.

As usual, we begin with a basic foundation in biology: the gross anatomy of the brain.

Navigating the Functional Anatomy of the Brain

Figure 5.1 shows the "gross" (actually

quite beautiful and amazing!) anatomy

Limbic System of the brain. The outer portion is the
/ Thalamus . Cjngg]?:z X "wrinkled sheet" (upon which our
;‘ " ‘g?r “ LA thoughts rest) of the neocortex,

showing all of the major lobes. This is
where most of our complex cognitive
function occurs, and what we have

been focusing on to this point in the

text. The rest of the brain lives inside

\ || Cerebellum the neocortex, with some important
Medulla \ Parahippocampal . )
oblongata | gyrus areas shown in the figure. These are
generally referred to as subcortical
brain areas, and we include some of
Figure 5.1: Gross anatomy of the brain. Left panel shows the major lobes of the outer them in our computational models,

neocortex layer of the brain, and right panel shows some of the major brain areas internal . .
including:
to the neocortex.

* Hippocampus -- this brain area is
actually an "ancient" form of cortex called "archicortex", and we'll see in Learning and Memory how it plays



http://grey.colorado.edu/CompCogNeuro/index.php?title=File%3Afig_brain_anatomy.jpg

CCNBook/BrainAreas

69

a critical role in learning new
"everyday" memories about events
and facts (called episodic
memories).

* Amygdala -- this brain area is
important for recognizing

emotionally salient stimuli, and

alerting the rest of the brain about resnd surface
them. We'll explore it in Motor Figure 5.2: Brodmann's numbering system for the different areas of the neocortex, based
Control and Reinforcement on anatomical distinctions such as the thickness of different cortical layers, as we

Learning, where it plays an discussed in the Networks Chapter. These anatomical distinctions are remarkably well

. . R . correlated with the functional differences in what different brain areas do.
important role in reinforcing motor
(and cognitive) actions based on

reward (and punishment).

¢ Cerebellum -- this massive brain
structure contains 1/2 of the neurons
in the brain, and plays an important
role in motor coordination. It is also
active in most cognitive tasks, but
understanding exactly what its
functional role is in cognition
remains somewhat elusive. We'll

explore it in Motor Control and

Reinforcement Learning.

* Thalamus -- provides the primary
pathway for sensory information on
its way to the neocortex, and is also
likely important for attention,
arousal, and other modulatory
functions. We'll explore the role of
visual thalamus in Perception and
Attention and of motor thalamus in
Motor Control and Reinforcement

Learning.

* Basal Ganglia -- this is a collection

Figure 5.3: Color delineated map of Brodmann areas on

of subcortical areas that plays a
. . the external cortical surface. Top: anterior view. Bottom:
critical role in Motor Control and posterior view.

Reinforcement Learning, and also
in Executive Function. It helps to make the final "Go" call on whether (or not) to execute particular actions that

the cortex 'proposes', and whether or not to update cognitive plans in the prefrontal cortex. Its
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policy for making these choices is learned based on their prior
history of reinforcement/punishment. supernor

Figure 5.4 shows the terminology that anatomist's use to talk about
different parts of the brain -- it is a good idea to get familiar with

these terms -- we'll put them to good use right now.

posterior
infen'or\ gggsal

Figure 5.4: Terminology for referring to different parts
of the brain -- for everything except lateral and medial,

three different terms for the same thing are given.

Figure 5.2 and Figure 5.3 shows more detail
on the structure of the neocortex, in terms of
Brodmann areas -- these areas were
identified by Korbinian Brodmann on the
basis of anatomical differences (principally
the differences in thickness of different
cortical layers, which we covered in the
Networks Chapter). We won't refer too
much to things at this level of detail, but
learning some of these numbers is a good
idea for being able to read the primary
literature in cognitive neuroscience. Here is
a quick overview of the functions of the

cortical lobes (Figure 5.5):

* Qccipital lobe -- this contains primary

Figure 5.5: Summary of functions of cortical lobes -- see text for details.

visual cortex (V1) (Brodmann's area 17
or BA17), located at the very back tip of the neocortex, and higher-level visual areas that radiate out (forward)
from it. Clearly, its main function is in visual processing.

* Temporal lobe -- departing from the occipital lobe, the what pathway of visual processing dives down into
inferotemporal cortex (IT), where visual objects are recognized. Meanwhile, superior temporal cortex contains
primary auditory cortex (A1), and associated higher-level auditory and language-processing areas. Thus, the
temporal lobes (one on each side) are where the visual appearance of objects gets translated into verbal labels
(and vice-versa), and also where we learn to read. The most anterior region of the temporal lobes appears to be
important for semantic knowledge -- where all your high-level understanding of things like lawyers and
government and all that good stuff you learn in school. The medial temporal lobe (MTL) area transitions into the
hippocampus, and areas here play an increasingly important role in storing and retrieving memories of life events
(episodic memory). When you are doing rote memorization without deeper semantic learning, the MTL and
hippocampus are hard at work. Eventually, as you learn things more deeply and systematically, they get encoded
in the anterior temporal cortex (and other brain areas too). In summary, the temporal lobes contain a huge amount
of the stuff that we are consciously aware of -- facts, events, names, faces, objects, words, etc. One broad

characterization is that temporal cortex is good at categorizing the world in myriad ways.



http://grey.colorado.edu/CompCogNeuro/index.php?title=File%3Afig_location_terms.png
http://grey.colorado.edu/CompCogNeuro/index.php?title=File%3Afig_cortex_lobes.png

CCNBook/BrainAreas

» Parietal lobe -- in contrast to temporal lobe, the parietal lobe is much murkier and subconscious. It is important
for encoding spatial locations (i.e., the where pathway, in complement to the IT what pathway), and damage to
certain parts of parietal gives rise to the phenomenon of hemispatial neglect -- people just forget about an entire
half of space! But its functionality goes well beyond mere spatial locations. It is important for encoding number,
mathematics, abstract relationships, and many other "smart" things. At a more down-to-earth level, parietal
cortex provides the major pathway where visual information can guide motor actions, leading it to be
characterized as the how pathway. It also contains the primary somatosensory cortex (S1), which is important
for guiding and informing motor actions as well. In some parts of parietal cortex, neurons serve to translate
between different frames of reference, for example converting spatial locations on the body (from
somatosensation) to visual coordinates. And visual information can be encoded in terms of the patterns of activity
on the retinal (retinotopic coordinates), or head, body, or environment-based reference frames. One broad
characterization of parietal cortex is that it is specialized for processing metrical information -- things that vary
along a continuum, in direct contrast with the discrete, categorical nature of temporal lobe. A similar distinction is
popularly discussed in terms of left vs. right sides of the brain, but the evidence for this in terms of temporal vs.
parietal is stronger overall.

* Frontal lobe -- this starts at the posterior end with primary motor cortex (M1), and moving forward, there is a
hierarchy of higher-levels of motor control, from low level motor control in M1 and supplementary motor areas
(SMA), up to higher-level action sequences and contingent behavior encoded in premotor areas (higher motor
areas). Beyond this is the prefrontal cortex (PFC), known as the brain's executive -- this is where all the
high-level shots are called -- where your big plans are sorted out and influenced by basic motivations and
emotions, to determine what you really should do next. The PFC also has a posterior-anterior organization, with
more anterior areas encoding higher-level, longer-term plans and goals. The most anterior area of PFC (the
frontal pole) seems to be particularly important for the most abstract, challenging forms of cognitive reasoning --
when you're really trying hard to figure out a puzzle, or sort through those tricky questions on the GRE or an 1Q
test. The medial and ventral regions of the frontal cortex are particularly important for emotion and motivation --
for example the orbital frontal cortex (OFC) seems to be important for maintaining and manipulating
information about how rewarding a given stimulus or possible outcome might be (it receives a strong input from
the Amygdala to help it learn and represent this information). The anterior cingulate cortex (ACC) is important
for encoding the consequences of your actions, including the difficulty, uncertainty, or likelihood of failure
associated with prospective actions in the current state (it lights up when you look down that double-black
diamond run at the ski area!). Both the OFC and the ACC can influence choices via interactions with other frontal
motor plan areas, and also via interactions with the basal ganglia. The ventromedial PFC (VMPFC) interacts
with a lot of subcortical areas, to control basic bodily functions like heart rate, breathing, and neuromodulatory
areas that then influence the brain more broadly (e.g., the ventral tegmental area (VTA) and locus coeruleus (LC),
which release dopamine and norepinephrine, both of which have broad effects all over the cortex, but especially
back in frontal cortex). The biggest mystery about the frontal lobe is how to understand how it does all of these
amazing things, without using terms like "executive", because we're pretty sure you don't have a little guy in a

pinstripe suit sitting in there. It is all just neurons!

Comparing and Contrasting Major Brain Areas
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Learning Rules Across the Brain

Learning Signal Dynamics
Area Reward | Error | Self Org | Separator | Integrator | Attractor
Basal Ganglia| +++ ++ - —
Cerebellum -— +4++ +++ — —
Hippocampus + + +++ +++ --- +++
Neocortex ++ +++ ++ - +++ +++

Table 5.1 Comparison of learning mechanisms and activity/representational dynamics across four primary areas of
the brain. +++ means that the area definitely has given property, with fewer +'s indicating less confidence in and/or
importance of this feature. --- means that the area definitely does not have the given property, again with fewer -'s

indicating lower confidence or importance.

Table 5.1 shows a comparison of four major brain areas according to the learning rules and activation dynamics that
they employ. The evolutionarily older areas of the basal ganglia, cerebellum, and hippocampus employ a separating
form of activation dynamics, meaning that they tend to make even somewhat similar inputs map onto more separated
patterns of neural activity within the structure. This is a very conservative, robust strategy akin to "memorizing"
specific answers to specific inputs -- it is likely to work OK, even though it is not very efficient, and does not
generalize to new situations very well. Each of these structures can be seen as optimizing a different form of learning
within this overall separating dynamic. The basal ganglia are specialized for learning on the basis of reward
expectations and outcomes. The cerebellum uses a simple yet effective form of error-driven learning (basically the
delta rule as discussed in the Learning Chapter). And the hippocampus relies more on hebbian-style self-organizing
learning. Thus, the hippocampus is constantly encoding new episodic memories regardless of error or reward
(though these can certainly modulate the rate of learning, as indicated by the weaker + signs in the table), while the
basal ganglia is learning to select motor actions on the basis of potential reward or lack thereof (and is also a control
system for regulating the timing of action selection), while the cerebellum is learning to swiftly perform those motor
actions by using error signals generated from differences in the sensory feedback relative to the motor plan. Taken
together, these three systems are sufficient to cover the basic needs of an organism to survive and adapt to the

environment, at least to some degree.

The hippocampus does introduce one critical innovation beyond what is present in the basal ganglia and cerebellum:
it has attractor dynamics. Specifically the recurrent connections between CA3 neurons are important for retrieving
previously-encoded memories, via pattern completion as we explored in the Networks Chapter. The price for this
innovation is that the balance between excitation and inhibition must be precisely maintained, to prevent epileptic
activity dynamics. Indeed, the hippocampus is the single most prevalent source of epileptic activity, in people at

least.

Against this backdrop of evolutionarily older systems, the neocortex represents a few important innovations. In terms
of activation dynamics, it builds upon the attractor dynamic innovation from the hippocampus (appropriately so,
given that hippocampus represents an ancient "proto" cortex), and adds to this a strong ability to develop
representations that integrate across experiences to extract generalities, instead of always keeping everything
separate all the time. The cost for this integration ability is that the system can now form the wrong kinds of
generalizations, which might lead to bad overall behavior. But the advantages apparently outweigh the risks, by
giving the system a strong ability to apply previous learning to novel situations. In terms of learning mechanisms, the
neocortex employs a solid blend of all three major forms of learning, integrating the best of all the available learning

signals into one system.
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Perception and Attention: What vs. Where

The perceptual system provides an

excellent example of the power of

hierarchically organized layers of / e=ST O] | ﬁ'& @
neural detectors, as we discussed in the D | g T € ’
i \ | e :
Networks ~ Chapter.  Figure 5.6 \| & o gL @
' p gure 3 | =
summarizes thl S proces S, Wlth V1 V2 V4 IT-posterior IT-anterior

associated cortical areas noted below

each stage of processing. Figure 5.7 Figure 5.6: Hierarchy of visual detectors of increasing complexity achieves sophisticated

. perceptual categorization, with the higher levels being able to recognize 1000's of
shows the actual anatomical

different objects, people, etc.

connectivity patterns of all of the
major visual areas, showing that
information really is processed in a
hierarchical fashion in the brain

(although there are many

interconnections outside of a strict

hierarchy as well). Figure 5.8 puts

these areas into their anatomical

locations, showing more clearly the

what vs where (ventral vs dorsal)

split in visual processing. Here is a

quick summary of the flow of

information up the what side of the

visual pathway (pictured on the right
side of Figure 5.7):

e VI -- primary visual cortex, which

encodes the image in terms of

oriented edge detectors that respond

to edges (transitions in illumination)

along different angles of

orientation. We will see in

Perception and Attention how these
edge detectors develop through

self-organizing learning, driven by
Figure 5.7: Felleman & Van Essen's (1991) diagram of the anatomical connectivity

the reliable statistics of natural of visual processing pathways, starting with retinal ganglion cells (RGC) to the

images. LGN of the thalamus, then primary visual cortex (V1) and on up.
* V2 -- secondary visual cortex,
which encodes combinations of edge detectors to develop a vocabulary of intersections and junctions, along with

many other basic visual features (e.g., 3D depth selectivity, basic textures, etc), that
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provide the foundation for detecting

more complex shapes. These V2 I — : —
neurons also encode these features ; ‘x: f:.',:'l’fﬂ VIP :
in a broader range of locations, ;;-----------------E-;--.......;.p.. N -.,". PG |
starting a process that ends up with EE !--.........5.5.-:’.:::::::;::::V?A MST |
IT neurons being able to recognize EE E iif 1, H
an object regardless of where it g; E ;-------..E.E.E.;.HHH, MT
appears in the visual field (i.e., EE E E i i
invariant object recognition). ;E E E f

* V4 -- detects more complex shape EE Vil L 2
features, over an even larger range EE d
of locations (and sizes, angles, etc). é; V3

* IT-posterior (PIT) -- detects entire ;::::::::::::::::::,""""‘"" V4
object shapes, over a wide range of | TEO
locations, sizes, and angles. For
example, there is an area near the TF TE

fusiform gyrus on the bottom
surface of the temporal lobe, called Figure 5.8: Division of What vs Where (ventral vs. dorsal) pathways in visual processing.
the fusiform face area (FFA), that

appears especially responsive to faces. As we saw in the Networks Chapter, however, objects are encoded in

distributed representations over a broad range of areas in IT.

e IT-anterior (AIT) -- this is where visual information becomes extremely abstract and semantic in nature -- as

shown in the Figure, it can encode all manner of important information about different people, places and things.

We'll explore a model of invariant object recognition in Perception and Attention that shows how this deep hierarchy
of detectors can develop through learning. The Language Chapter builds upon this object recognition process to
understand how words are recognized and translated into associated verbal motor outputs during reading, and

associated with semantic knowledge as well.

The where aspect of visual processing going up in a dorsal directly through the parietal cortex (areas MT, VIP, LIP,
MST) contains areas that are important for processing motion, depth, and other spatial features. As noted above,
these areas are also critical for translating visual input into appropriate motor output, leading Goodale and Milner to
characterize this as the how pathway. In Perception and Attention we'll see how this dorsal pathway can interact with
the ventral what pathway in the context of visual attention, producing the characteristic effects of parietal damage in

hemispatial neglect, for example.

Motor Control: Parietal and Motor Cortex Interacting with Basal
Ganglia and Cerebellum

Carrying the parietal how pathway forward, visual information going along the dorsal pathway through the parietal
cortex heads directly into the frontal cortex, where it can drive motor neurons in primary motor cortex, which can
directly drive the muscles to produce overt motor actions. This completes the critical sensory-motor loop that lies at
the core of all behavior. Motor control also critically involves many subcortical brain areas, including the basal

ganglia and cerebellum. The rough division of labor between these areas is:

* Neocortex (parietal to frontal) -- does high-level metrical processing of sensory information, integrating
multiple modalities and translating between different reference frames as necessary, to arrive at a range of

possible responses to the current sensory environment.
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* Basal Ganglia -- receives both sensory inputs and the potential responses being "considered" in frontal cortex,
and can then trigger a disinhibitory Go signal that enables the best of the possible actions to get over threshold
and actually drive behavior. This process of action selection is shaped by reinforcement learning -- the basal
ganglia are bathed in dopamine, which drives learning in response to rewards and punishments, and also
influences the speed of the selection process itself. Thus, the basal ganglia selects the action that is most likely to
result in reward, and least likely to result in punishment. The amygdala plays a key role in driving these
dopamine signals in response to sensory cues associated with reward and punishment.

¢ Cerebellum -- is richly interconnected with the parietal and motor cortex, and it is capable of using a simple yet
powerful form of error-driven learning to acquire high-resolution metrical maps between sensory inputs and
motor outputs. Thus, it is critical for generating smooth, coordinated motor movements that properly integrate
sensory and motor feedback information to move in an efficient and controlled manner. It also likely serves to

teach the parietal and motor cortex what it has learned.

In Motor Control and Reinforcement Learning, we will see how dopamine signals shape basal ganglia learning and
performance in a basic action selection task. Then, we'll explore a fascinating model of cerebellar motor learning in a
virtual robot that performs coordinated eye and head movements to fixate objects -- this model shows how the error

signals needed for cerebellar learning can arise naturally.

Interestingly, all of these "low level" motor control systems end up being co-opted by "higher level" executive
function systems (e.g., the prefrontal cortex), so although some don't think of motor control as a particularly
cognitive domain, it actually provides a solid foundation for understanding some of the highest levels of cognitive

function!

Learning and Memory: Temporal Cortex and the Hippocampus

When you think of memory, probably things like "what did I have for dinner last night?" and "how can I remember
people's names better?" tend to come to mind. These represent just one category of memory, however. Indeed,
memory is ubiquitous in neural networks -- every synapse has the capacity for storing memory, and any given
"memory" requires the coordinated actions of millions of such synapses to encode and retrieve. There are many
taxonomies of memory, but really the only one you need to know is identical to the functional organization of the
brain being provided here. Memory is embedded in every brain area, and the nature of that memory is intimately tied
up with what that area does. Motor cortex learns motor memories. Parietal cortex learns things like motor skills --

how to hit a baseball (hint: keep your eye on the ball -- parietal cortex needs visual input!).

There is one brain area, however, that

. . Posterior Cortex Medial Temporal Lobe (MTL) Hippocampal
looms so large in the domain of Cortex -- Association Areas Formation
memory, that we'll spend a while Dentate | (extreme pattern
. . . . Parietal Cortex \ Gyrus separation)
focusing on it. This is the (Dorsal Stream) W Parativeo \ T
. . Cortex /
hippocampus, which seems to be Enorina » -
: : : ortex completion,
particularly good at rapidly learning v peritinal | \\ plation)
. . . Corte
new information, in a way that doesn't N '{ CI"STe" 74 X ﬂ 4
. . . (Yentral Stream) / o (stable sparse
interfere too much with previously subicutum [ ] invertable)
learned information (Figure 5.9). =3 Memory encoding
== Memory retrieval ”
When you need to remember the name == Critical learing Subcortical

. . Areas
associated with a person you recently
, . . . Figure 5.9: The hippocampus sits on "top" of the cortical hierarchy and can encode
met, you're relying on this rapid . ) o . L
information from all over the brain, binding it together into an episodic memory.
learning ability of the hippocampus.

We'll see that the neural properties of
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the hippocampal system are ideally suited to producing this rapid learning ability. One key neural property is the use
of extremely sparse representations, which produce a phenomenon called pattern separation, where the neural
activity pattern associated with one memory is highly distinct from that associated with other similar memories. This
is what minimizes interference with prior learning -- interference arises as a function of overlap. We'll see how this
pattern separation process is complemented by a pattern completion process for recovering memories during

retrieval from partial information.

We'll also see how the learning rate plays a crucial role in learning. Obviously, to learn rapidly, you need a fast
learning rate. But what happens with a slow learning rate? Turns out this enables you to integrate across many
different experiences, to produce wisdom and semantic knowledge. This slower learning rate is characteristic of most
of the neocortex (it also enables the basal ganglia to learn probabilities of positive and negative outcomes for each
action across a range of experience, rather than just their most recent outcomes). Interestingly, even with a slow
learning rate, neocortex can exhibit measurable effects of a single trial of learning, in the form of priming effects
and familiarity signals that can drive recognition memory (i.e., your ability to recognize something as familiar,
without any more explicit episodic memory). This form of recognition memory seems to depend on medial
temporal lobe (MTL) areas including perirhinal cortex. Another form of one trial behavioral learning involves
mechanisms that support active maintenance of memories in an attractor state (working memory in the prefrontal
cortex). This form of memory does not require a weight change at all, but can nevertheless rapidly influence

behavioral performance from one instance to the next.

Language: All Together Now

Language taps the coordinated function of many of the brain areas discussed above. Language requires highly
sophisticated perceptual abilities, to be able to discriminate different speech sounds and different letters and
combinations thereof (just listen and look at an unfamiliar foreign language to experience how amazing your own
native language perceptual abilities are, which you take for granted). Likewise, sophisticated motor output abilities
are required to produce the sounds and write the letters and words of language. In between, language requires some
of the most demanding forms of cognitive processing, to keep track of the grammatical and semantic information
streaming past you, often at high speed. This requires sophisticated executive function and working memory
abilities, in addition to powerful distributed posterior-cortical semantic representations to integrate all the semantic

information.

Our exploration of language starts with a small-scale model of reading, that interconnects orthographic (writing),
phonological (speech), and semantic representations of individual words, to form a distributed lexicon -- there isn't
one place where all word information is stored -- instead it is distributed across brain areas that are specialized for
processing the relevant perceptual, motor, and semantic information. Interestingly, we can simulate various forms of
acquired dyslexia (e.g., from stroke or other forms of brain injury) by damaging specific pathways in this model,
providing an important way of establishing neural correlates of language function in humans, where invasive

experiments are not possible.

We then zoom in on the orthography to phonology pathway to explore issues with regularities and exceptions in
this spelling-to-sound mapping, which has been the topic of considerable debate. We show that the object
recognition model from the perception chapter has an important blend of features that support both regular and
exception mappings, and this model pronounces nonword probe inputs much like people do, demonstrating that it

has extracted similar underlying knowledge about the English mapping structure.

Next, we zoom in on the semantics pathway, exploring how a self-organizing network can learn to encode statistical
regularities in word co-occurance, that give rise to semantic representations that are remarkably effective in
capturing the similarity structure of words. We train this network on an early draft of the first edition of this text, so

you should be familiar with the relevant semantics!
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Finally, we tackle the interactions between syntax and semantics in the context of processing the meaning of
sentences, using the notion of a sentence gestalt representation, that uses coarse-coded distributed representations to
encode the overall meaning of the sentence, integrating both syntactic and semantic cues. This is a distinctly neural
approach to syntax, as contrasted with the symbolic, highly structured approaches often employed in linguistic
theories.

Executive Function: Prefrontal Cortex and Basal Ganglia

Finally, we build upon the motor
lateral medial

control functions of frontal cortex and

basal ganglia to understand how these ) > T

. . @]
two areas interact to support high-level O 8 —
executive function.

orC
We also build upon the functional
divisions of the posterior cortex to
understand how the ventral vs. dorsal * cognitive
trol &

areas of prefrontal cortex are fggug active
functionally organized. Figure 5.10 maintenance
shows an overall schematic for how Figure 5.10: The What vs. How distinction for posterior cortex can be carried forward
this occurs. It also illustrates how the into prefrontal cortex, to understand the distinctive roles of the ventral and dorsal areas of

PFC.

lateral surface is more associated with
"cold" cognitive function, while the

medial surface is more involved in "hot" emotional and motivational processing.

We'll see how the PFC can provide top-down cognitive control over processing in the posterior cortex, with the

classic example being the Stroop task.

Then we'll explore how PFC and BG can interact to produce a dynamically gated working memory system that
allows the system to hold multiple pieces of information 'in mind', and to separately update some pieces of
information while continuing to maintain some existing information. The role of the BG in this system builds on the
more established role of the BG in motor control, by interacting in very similar circuits with PFC instead of motor
cortex. In both cases, the BG provide a gating signal for determining whether or not a given frontal cortical 'action’
should be executed or not. It's just that PFC actions are more cognitive than motor cortex, and include things like
updating of working memory states, or of goals, plans, etc. Once updated, these PFC representations can then
provide that top-down cognitive control mentioned above, and hence can shape action selection in BG-motor
circuits, but also influence attention to task-relevant features in sensory cortex. Interestingly, the mechanisms for
reinforcing which cognitive actions to execute (including whether or not to update working memory, or to attend to
particular features, or to initiate a high level plan) seem to depend on very similar dopaminergic reinforcement
learning mechanisms that are so central to motor control. This framework also provides a link between motivation

and cognition which is very similar to the well established link between motivation and action.
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6. Perception and Attention
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Perception is at once obvious and mysterious. It is so effortless to us that we have little appreciation for all the

amazing computation that goes on under the hood. And yet we often use terms like "vision" as a metaphor for
higher-level concepts (does the President have a vision or not?) -- perhaps this actually reflects a deep truth: that
much of our higher-level cognitive abilities depend upon our perceptual processing systems for doing a lot of the
hard work. Perception is not the mere act of seeing, but is leveraged whenever we imagine new ideas, solutions to
hard problems, etc. Many of our most innovative scientists (e.g., Einstein, Richard Feynman) used visual reasoning
processes to come up with their greatest insights. Einstein tried to visualize catching up to a speeding ray of light (in
addition to trains stretching and contracting in interesting ways), and one of Feynman's major contributions was a

means of visually diagramming complex mathematical operations in quantum physics.

Pedagogically, perception serves as the foundation for our entry into cognitive phenomena. It is the most
well-studied and biologically grounded of the cognitive domains. As a result, we will cover only a small fraction of
the many fascinating phenomena of perception, focusing mostly on vision. But we do focus on a core set of issues

that capture many of the general principles behind other perceptual phenomena.

We begin with a computational model of primary visual cortex (V1), which shows how self-organizing learning
principles can explain the origin of oriented edge detectors, which capture the dominant statistical regularities
present in natural images. This model also shows how excitatory lateral connections can result in the development of
topography in V1 -- neighboring neurons tend to encode similar features, because they have a tendency to activate

each other, and learning is determined by activity.

Building on the features learned in V1, we explore how higher levels of the ventral what pathway can learn to
recognize objects regardless of considerable variability in the superficial appearance of these objects as they project
onto the retina. Object recognition is the paradigmatic example of how a hierarchically-organized sequence of
feature category detectors can incrementally solve a very difficult overall problem. Computational models based on
this principle can exhibit high levels of object recognition performance on realistic visual images, and thus provide a

compelling suggestion that this is likely how the brain solves this problem as well.

Next, we consider the role of the dorsal where (or how) pathway in spatial attention. Spatial attention is important
for many things, including object recognition when there are multiple objects in view -- it helps focus processing on
one of the objects, while degrading the activity of features associated with the other objects, reducing potential
confusion. Our computational model of this interaction between what and where processing streams can account for
the effects of brain damage to the where pathway, giving rise to hemispatial neglect for damage to only one side of
the brain, and a phenomenon called Balint's syndrome with bilateral damage. This ability to account for both

neurologically intact and brain damaged behavior is a powerful advantage of using neurally-based models.

As usual, we begin with a review of the biological systems involved in perception.
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Biology of Perception
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Figure 6.1: The pathway of early visual processing from the retina through lateral
geniculate nucleus of the thalamus (LGN) to primary visual cortex (V1), showing
how information from the different visual fields (left vs. right) are routed to the

opposite hemisphere.
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Figure 6.2: How the retina compresses information by only responding to areas of
contrasting illumination, not solid uniform illumination. The response properties of retinal
cells can be summarized by these Difference-of-Gaussian (DoG) filters, with a narrow
central region and a wider surround (also called center-surround receptive fields). The
excitatory and inhibitory components exactly cancel when both are uniformly illuminated,
but when light falls more on the center vs. the surround (or vice-versa), they respond, as
illustrated with an edge where illumination transitions between darker and lighter.

Our

understand just enough

section is to
about the

goal in this
biology to get an overall sense of how
information flows through the visual
system, and the basic facts about how
different parts of the system operate.
This will serve to situate the models
that come later, which provide a much
more complete picture of each step of

information processing.

Figure 6.1 shows the basic optics and

transmission pathways of visual
signals, which come in through the
retina, and progress to the lateral
geniculate nucleus of the thalamus
(LGN), and then to primary visual
cortex (V1). The primary organizing
principles at work here, and in other
perceptual modalities and perceptual

areas more generally, are:

¢ Transduction of different
information -- in the retina,
photoreceptors are sensitive to
different wavelengths of light (red
= long wavelengths, green =
medium wavelengths, and blue =
short wavelengths), giving us color
vision, but the retinal signals also
differ in their spatial frequency

(how coarse or fine of a feature they

detect -- photoreceptors in the central fovea region can have high spatial frequency = fine resolution, while those

in the periphery are lower resolution), and in their temporal response (fast vs. slow responding, including

differential sensitivity to motion).

¢ Organization of information in a topographic fashion -- for example, the left vs. right visual fields are

organized into the contralateral hemispheres of cortex
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-- as the figure shows, signals from the left part of visual space

V1 simple cell edge detector

are routed to the right hemisphere, and vice-versa. Information
within LGN and V1 is also organized topographically in
various ways. This organization generally allows similar
information to be contrasted, producing an enhanced signal, and

also grouped together to simplify processing at higher levels.

» Extracting relevant signals, while filtering irrelevant ones --
Figure 6.2 shows how retinal cells respond only to contrast,
not uniform illumination, by using center-surround receptive
fields (e.g., on-center, off-surround, or vice-versa). Only when
one part of this receptive field gets different amounts of light
compared to the others do these neurons respond. Typically this

arises with edges of contrast, where illumination transitions

between light and dark, as shown in the figure -- these

transitions are the most informative aspects of an image, while LGN
regions of constant illumination can be safely ignored. Figure Figure 6.3: A V1 simple cell that detects an oriented
6.3 shows how these center-surround signals (which are present edge of contrast in the image, by receiving from a line

. . . . of LGN on-center cells aligned along the edge. The
in the LGN as well) can be integrated together in V1 simple o ene & e
LGN cells will fire due to the differential excitation vs.

cells to detect the orientation of these edges -- these edge inhibition they receive (see previous figure), and then
detectors form the basic vocabulary for describing images in will activate the V1 neuron that receives from them.
V1. It should be easy to see how more complex shapes can then

be constructed from these basic line/edge elements. V1 also contains complex cells that build upon the simple cell
responses (Figure 6.4), providing a somewhat richer basic vocabulary. The following videos show how we know

what these receptive fields look like:

* Classic Hubel & Wiesel V1 receptive field mapping using old school projector stimuli: http://www.youtube.
com/watch?v=KE952yueVLA [!!

* Newer reverse correlation V1 receptive field mapping: http://www.youtube.com/watch?v=n31XBMSSSpl
(2]

In the auditory pathway, the cochlear membrane plays an analogous role to the retina, and it also has a topographic
organization according to the frequency of sounds, producing the rough equivalent of a fourier transformation of
sound into a spectrogram. This basic sound signal is then processed in auditory pathways to extract relevant patterns

of sound over time, in much the same way as occurs in vision.
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Figure 6.4: Simple and complex cell types within V1 -- the
complex cells integrate over the simple cell properties,
including abstracting across the polarity (positions of the on
vs. off coding regions), and creating larger receptive fields by
integrating over multiple locations as well (the
V1-Simple-Max cells are only doing this spatial integration).
The end stop cells are the most complex, detecting any form
of contrasting orientation adjacent to a given simple cell. In
the simulator, the V1 simple cells are encoded more directly
using gabor filters, which mathematically describe their

oriented edge sensitivity.
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Figure 6.5: Felleman & Van Essen's (1991) diagram of the anatomical connectivity
of visual processing pathways, starting with retinal ganglion cells (RGC) to the
LGN of the thalamus, then primary visual cortex (V1) and on up.

Figure 6.6: Division of What vs Where (ventral vs. dorsal) pathways in visual

processing.

by the reliable statistics of natural images.

Moving up beyond the primary visual
cortex, the perceptual system provides an
excellent example of the power of
hierarchically organized layers of neural
detectors, as we discussed in the Networks
Chapter. Figure 6.5 shows the anatomical
connectivity patterns of all of the major
visual areas, starting from the retinal
ganglion cells (RGC) to LGN to V1 and on
up. The specific patterns of connectivity
allow a hierarchical structure to be
extracted, as shown, even though there are
many interconnections outside of a strict

hierarchy as well.

Figure 6.6 puts these areas into their
anatomical locations, showing more clearly
a what vs where (ventral vs dorsal) split
in visual processing. The projections going
in a ventral direction from VI to V4 to
areas of inferotemporal cortex (IT) (TE,
TEO, labeled as PIT for posterior IT in the
previous figure) are important for
recognizing the identity ("what") of objects
in the visual input, while those going up
through parietal cortex extract spatial
("where") information, including motion
signals in area MT and MST. We will see
later in this chapter how each of these
visual streams of processing can function
independently, and also interact together to
solve important computational problems in

perception.

Here is a quick summary of the flow of
information up the what side of the visual
pathway (pictured on the right side of
Figure 6.5):

* V1 -- primary visual cortex, which
encodes the image in terms of oriented
edge detectors that respond to edges
(transitions in illumination) along
different angles of orientation. We will
see in the first simulation in this chapter
how these edge detectors develop

through self-organizing learning, driven
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* V2 -- secondary visual cortex, which encodes combinations of edge detectors to develop a vocabulary of
intersections and junctions, along with many other basic visual features (e.g., 3D depth selectivity, basic textures,
etc), that provide the foundation for detecting more complex shapes. These V2 neurons also encode these features
in a broader range of locations, starting a process that ends up with I'T neurons being able to recognize an object
regardless of where it appears in the visual field (i.e., invariant object recognition).

¢ V4 -- detects more complex shape features, over an even larger range of locations (and sizes, angles, etc).

* IT-posterior (PIT) -- detects entire object shapes, over a wide range of locations, sizes, and angles. For example,
there is an area near the fusiform gyrus on the bottom surface of the temporal lobe, called the fusiform face area
(FFA), that appears especially responsive to faces. As we saw in the Networks Chapter, however, objects are
encoded in distributed representations over a broad range of areas in IT.

e IT-anterior (AIT) -- this is where visual information becomes extremely abstract and semantic in nature -- it can

encode all manner of important information about different people, places and things.

In contrast, the where aspect of visual processing going up in a dorsal directly through the parietal cortex (areas MT,
VIP, LIP, MST) contains areas that are important for processing motion, depth, and other spatial features.

Oriented Edge Detectors in Primary Visual Cortex

Neurons in primary visual cortex (V1)
STIMULUS RESPONSE TUNING CURVE
Stimulus Stimulus Stimulus

off o on i o of light within their receptive field (RF
| | -- the region of the visual field that a

detect the orientation of edges or bars

given neuron receives input from).

Figure 6.7 shows characteristic data

from electrophysiological recordings

Cell's response

of an individual V1 neuron in response

F ; HHH;}H to oriented bars. This neuron responds

=X | & maximally to the vertical orientation,
Crientation of bar
- ” ||

M with a graded fall off on either side of

that. This is a very typical form of
tuning curve. Figure 6.8 shows that

these orientation tuned neurons are

| | organized topographically, such that
neighbors tend to encode similar

AGURE 4.8 Response of a single cortical cell to bars presented at various orientations. orientations, and the orientation tuning
Figure 6.7: Orientation tuning of an individual V1 neuron in response to bar stimuli at varies fairly continuously over the
different orientations -- this neuron shows a preference for vertically oriented stimuli. surface of the cortex.

The question we attempt to address in this section is why such a topographical organization of oriented edge
detectors would exist in primary visual cortex? There are multiple levels of answer to this question. At the most
abstract level, these oriented edges are the basic constituents of the kinds of
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images that typically fall on our retinas. These are the most obvious
statistical regularities of natural images (cite: Olshausen & Field,
xx). If this is indeed the case, then we would expect that the
self-organizing aspect of the XCAL learning algorithm used in our
models (as discussed in the Learning Chapter) would naturally
extract these statistical regularities, providing another level of
explanation: V1 represents oriented edge detectors because this is

what the learning mechanisms will naturally develop.

The situation here is essentially equivalent to the self organizing
learning model explored in the Learning Chapter, which was
exposed to horizontal and vertical lines, and learned to represent

these strong statistical regularities in the environment.

However, that earlier simulation did nothing to address the
topography of the V1 neurons -- why do neighbors tend to encode
similar information? The answer we explore in the following
simulation is that neighborhood-level connectivity can cause
nearby neurons to tend to activate together, and because activity
drives learning, this then causes them to tend to learn similar

things.

Simulation Exploration

Open VIRf to explore the development of oriented edge detectors
in V1. This model gets exposed to a set of natural images, and
learns to encode oriented edges, because they are the statistical
regularity present in these images. Figure 6.9 shows the resulting

map of orientations that develops.

Figure 6.8: Topographic organization of oriented

edge detectors in V1 -- neighboring regions of neurons
have similar orientation tuning, as shown in this
colorized map where different colors indicate
orientation preference as shown in panel C. Panel B
shows how a full 360 degree loop of orientations
nucleate around a central point -- these are known as
pinwheel structures.



http://grey.colorado.edu/CompCogNeuro/index.php?title=File%3Afig_v1_orientation_cols_data.jpg
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Figure 6.9: Topographic organization of oriented edge detectors in simulation of

V1 neurons exposed to small windows of natural images (mountains, trees, etc).

The neighborhood connectivity of neurons causes a topographic organization to
develop.

Invariant Object Recognition in the What Pathway

No Overlap
N\,

[ NI

Output = "A"

High
Overlap

Output = "F"

Visual Inputs

Figure 6.10: Why object recognition is hard: things that should be categorized as

the same (i.e., have the same output label) often have no overlap in their retinal
input features when they show up in different locations, sizes, etc, but things that
should be categorized as different often have high levels of overlap when they
show up in the same location. Thus, the bottom-up similarity structure is directly
opposed to the desired output similarity structure, making the problem very
difficult.

Object recognition is the defining function
of the ventral "what" pathway of visual
processing: identifying what you are looking
at. Neurons in the inferotemporal (IT) cortex
can detect whole objects, such as faces, cars,
etc, over a large region of visual space. This
spatial invariance (where the neural
response remains the same or invariant over
spatial locations) is critical for effective
behavior in the world -- objects can show up
in all different locations, and we need to
recognize them regardless of where they
appear. Achieving this outcome is a very
challenging process, one which has stumped
artificial intelligence (AI) researchers for a
long time -- in the early days of Al, the
1960's, it was optimistically thought that

object



http://grey.colorado.edu/CompCogNeuro/index.php?title=File%3Afig_v1rf_map.png
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recognition could be solved as a
summer research project, and 50 years
later we are making a lot of progress,
but it remains unsolved in the sense
that people are still much better than
our models. Because our brains do
object recognition effortlessly all the
time, we do not really appreciate how

hard of a problem it is.

The reason object recognition is so
hard is that there can often be no
overlap at all among visual inputs of
the same object in different locations
(sizes, rotations, colors, etc), while
there can be high levels of overlap
among different objects in the same
location (Figure 6.10). Therefore, you
cannot rely on the bottom-up visual
similarity structure -- instead it often
works directly against the desired
output categorization of these stimuli.
As we saw in the Learning Chapter,
successful learning in this situation
requires error-driven learning, because
self-organizing learning tends to be
strongly driven by the input similarity

structure.

The most successful approach to the
object recognition problem, which was
advocated initially in a model by
Fukushima (1980), is to incrementally
solve two  problems over a
hierarchically organized sequence of

layers (Figure 6.11, Figure 6.12):

* The invariance problem, by having
each layer integrate over a range of
locations (and sizes, rotations, etc)
for the features in the previous
layer, such that neurons become
increasingly invariant as one moves

up the hierarchy.

V4
i X
7
V2
ot
V1

Figure 6.11: Schematic for how multiple levels of processing can result in
invariant object recognition, where an object can be recognized at any location
across the input. Each level of processing incrementally increases the featural
complexity and spatial invariance of what it detects. Doing this incrementally
allows the system to appropriately bind together features and their relationships,
while also gradually building up overall spatial invariance.

Gordl |

= - s 1 /@ -

) O |+ @)
\Al Vzi V4 IT-posterior IT-anterior

Figure 6.12: Another way of representing the hierarchy of increasing featural complexity
that arises over the areas of the ventral visual pathways. V1 has elementary feature
detectors (oriented edges). Next, these are combined into junctions of lines in V2,

followed by more complex visual features in V4. Individual faces are recognized at the
next level in IT (even here multiple face units are active in graded proportion to how
similar people look). Finally, at the highest level are important functional "semantic"
categories that serve as a good basis for actions that one might take -- being able to
develop such high level categories is critical for intelligent behavior -- this level

corresponds to more anterior areas of IT.

* The pattern discrimination problem (distinguishing an A from an F, for example), by having each layer



http://grey.colorado.edu/CompCogNeuro/index.php?title=File%3Afig_invar_trans.png
http://grey.colorado.edu/CompCogNeuro/index.php?title=File%3Afig_category_hierarch_dist_reps.png
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build up more complex combinations of
feature detectors, as a result of detecting
combinations of the features present in the
previous layer, such that neurons are better
able to discriminate even similar input

patterns as one moves up the hierarchy.

The critical insight from these models is that
breaking

incremental,

these two problems down into

hierarchical steps enables the
system to solve both problems without one
causing trouble for the other. For example, if
you had a simple fully invariant vertical line
detector that responded to a vertical line in any
location, it would be impossible to know what
spatial relationship this line has with other input
features, and this relationship information is
critical for distinguishing different objects (e.g.,
a T and L differ only in the relationship of the
two line elements). So you cannot solve the
invariance problem in one initial pass, and then
try to solve the pattern discrimination problem
on top of that. They must be interleaved, in an
incremental fashion. Similarly, it would be
completely impractical to attempt to recognize
highly complex object patterns at each possible
location in the visual input, and then just do
spatial invariance integration over locations after
that. There are way too many different objects to
discriminate, and you'd have to learn about them
anew in each different visual location. It is much
more practical to incrementally build up a "part
library" of visual features that are increasingly
invariant, so that you can learn about complex
objects only toward the top of the hierarchy, in a
way that is already spatially invariant and thus

only needs to be learned once.

In a satisfying convergence of top-down computational motivation and bottom-up neuroscience data, this

incremental, hierarchical solution

(%) Smax/MAX (%) receptive field size
100 100(
[ v2 v2
s0/ N=53

50

T T T T T T

posterior IT
N=55

posterior IT
N=47 50

anterior IT
N=47

T T

501

anterior IT

50| N=a1 50|

of.' 05 Mt

0 0.2 0406 08 1.0 0 10 20 30 40°

Figure 6.13: Summary of neural response properties in V2, V4, and IT for
the macaque monkey, according to both the extent to which the areas respond
to complex vs. simple visual features (Smax / MAX column, showing how
the response to simple visual inputs (Smax) compares to the maximum
response to any visual input image tested (MAX), and the overall size of the
visual receptive field, over which the neurons exhibit relatively invariant
responding to visual features. For V2, nearly all neurons responded
maximally to simple stimuli, and the receptive field sizes were the smallest.
For V4, only 50% of neurons had simple responses as their maximal
response, and the receptive field sizes increase over V2. Posterior IT increases
(slightly) on both dimensions, while anterior IT exhibits almost entirely
complex featural responding and significantly larger receptive fields. These
incremental increases in complexity and invariance (receptive field size) are
exactly as predicted by the incremental computational solution to invariant
object recognition as shown in the previous figure. Reproduced from
Kobatake & Tanaka (1994).

provides a

nice fit to



http://grey.colorado.edu/CompCogNeuro/index.php?title=File%3Afig_kobatake_tanaka_94_invariance.png
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the known properties of the visual areas
along the ventral what pathway (V1, V2, v2 V4 posterior IT anterior IT

V4, IT). Figure 6.13 summarizes neural
recordings from these areas in the macaque ) * ® @ X
monkey, and shows that neurons increase in

the complexity of the stimuli that drive their %"E % W %

responding, and the size of the receptive
field over which they exhibit an invariant
response to these stimuli, as one proceeds up @ x @ b @
the hierarchy of areas. Figure 6.14 shows
example complex stimuli that evoked X @ % g

maximal responding in each of these areas,

ACAENORE
VO LKREL ;

Figure 6.14: Complex stimuli that evoked a maximal response from neurons in

v n f what kind of complex
to give a sense o at d of comple V2, V4, and IT, providing some suggestion for what kinds of complex features

feature conjunctions these neurons can these neurons can detect. Most V2 neurons responded maximally to simple stimuli
detect. (oriented edges, not shown). Reproduced from Kobatake & Tanaka (1994).

See Ventral Path Data for a more detailed

discussion of the data on neural responses to visual shape features in these ventral pathways, including several more
data figures. There are some interesting subtleties and controversies in this literature, but the main conclusions
presented here still hold.

Exploration of Object Recognition

Go to Objrec for the computational model of object recognition,
which demonstrates the incremental hierarchical solution to the
object recognition problem. We use a simplified set of "objects" E @
(Figure 6.15) composed from vertical and horizontal line elements.

10 11 12 13 14
This simplified set of visual features allows us to better understand
how the model works, and also enables testing generalization to E m ﬁ E I I

novel objects composed from these same sets of features. You will

see that the model learns simpler combinations of 2 line elements
in area V2, and more complex combinations of features in V4, E E % ﬂ @

which are also invariant over a larger receptive field. IT then

encodes the most complex features, but these are not identical to
entire objects -- instead they represent an invariant distributed

code for objects in terms of their constituent features. The

18 19

L. . .. Figure 6.15: Set of 20 objects composed from
generalization test shows how this distributed code can support ) o .
horizontal and vertical line elements used for the object

rapid learning of new objects, as long as they share this set of recognition simulation. By using a restricted set of
features. Although they are likely much more complex and less visual feature elements, we can more easily understand
well defined, it seems that a similar such vocabulary of visual how the model works, and also test for generalization

. . . to novel objects (object 18 and 19 are not trained

shape features are learned in primate IT representations. L ) )
initially, and then subsequently trained only in a

relatively few locations -- learning there generalizes

well to other locations).



http://grey.colorado.edu/CompCogNeuro/index.php?title=File%3Afig_kobatake_tanaka_94_v2_v4_it.png
http://grey.colorado.edu/CompCogNeuro/index.php?title=CCNBook/Perception/Ventral_Path_Data
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Spatial Attention and Neglect in the Where/How Pathway

The dorsal visual pathway that goes into the parietal
cortex is more heterogeneous in its functionality
relative to the object recognition processing taking
place in the ventral what pathway, which appears to
be the primary function of that pathway. Originally,
the dorsal pathway was described as a where
pathway, in contrast to the ventral what pathway
(Ungerleider & Mishkin, 1982). However, Goodale
& Milner (1992) provide a compelling broader
interpretation of this pathway as performing a how
function -- mapping from perception to action. One
aspect of this how functionality involves spatial
location information, in that this information is
highly relevant for controlling motor actions in 3D
space, but spatial information is too narrow of a
definition for the wide range of functions supported
by the parietal lobe. Parietal areas are important for
numerical and mathematical processing, and

representation of abstract relationship information,

\ - : 4y for example. Areas of parietal cortex also appear to
H AMNADR.lTI N be important for modulating episodic memory

FORD|

function in the medial temporal lobe, and various
B ] ' other functions. This later example may represent a

Figure 6.16: Where's Waldo visual search example. . . .

broader set of functions associated with prefrontal

cortical cognitive control -- areas of parietal cortex

are almost always active in combination with prefrontal cortex in demanding cognitive control tasks, although there

is typically little understanding of what precise role they might be playing.

In this chapter, we focus on the established where aspect of parietal function, and we'll take up some of the how
functionality in the next chapter on Motor Control. Even within the domain of spatial processing, there are many
cognitive functions that can be performed using parietal spatial representations, but we focus here on their role in
focusing attention to spatial locations. In relation to the previous section, one crucial function of spatial attention is
to enable object recognition to function in visual scenes that have multiple different objects present. For example,
consider one of those "where's Waldo" puzzles (Figure 6.16) that is packed with rich visual detail. Is it possible to
perceive such a scene all in one take? No. You have to scan over the image using a "spotlight" of visual attention to
focus on small areas of the image, which can then be processed effectively by the object recognition pathway. The
ability to direct this spotlight of attention depends on spatial representations in the dorsal pathway, which then
interact with lower levels of the object recognition pathway (V1, V2, V4) to constrain the inputs to reflect only those

visual features that come from within this spotlight of attention.



http://grey.colorado.edu/CompCogNeuro/index.php?title=File%3Afig_wheres_waldo.jpg
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Hemispatial Neglect
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Figure 6.17: Drawings of given target objects by patients with hemispatial
neglect, showing profound neglect of the left side of the drawings.

Some of the most striking evidence that the
parietal cortex is important for spatial attention
comes from patients with hemispatial neglect, who
tend to ignore or neglect one side of space (Figure
6.17, Figure 6.18, Figure 6.19). This condition
typically arises from a stroke or other form of
brain injury affecting the right parietal cortex,
which then gives rise to a neglect of the left half of
space (due to the crossing over of visual
information shown in the biology section).
Interestingly, the neglect applies to multiple
different spatial reference frames, as shown in
Figure 6.19, where lines on the left side of the
image tend to be neglected, and also each
individual line is bisected more toward the right,

indicating a neglect of the left portion of each line.



http://grey.colorado.edu/CompCogNeuro/index.php?title=File%3Afig_neglect_drawings.png
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Figure 6.18: Progression of self portraits by an artist with hemispatial neglect,
showing gradual remediation of the neglect over time.

—l.
e 4+ —
- = — -
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— — —+ —+
Test paper Patient bisections
(with horizontal lines on it) (Vertical lines)

Figure 6.19: Results of a line bisection task for a person with hemispatial neglect.
Notice that neglect appears to operate at two different spatial scales here: for the
entire set of lines, and within each individual line.



http://grey.colorado.edu/CompCogNeuro/index.php?title=File%3Afig_neglect_portrait.jpg
http://grey.colorado.edu/CompCogNeuro/index.php?title=File%3Afig_neglect_line_bisect.png

CCNBook/Perception

92

The Posner Spatial Cueing Task

Valid Trial

|:| +

Invalid Trial

Cue +

awi|

Target

L]+~ O

Figure 6.20: The Posner spatial cueing task, widely used to explore spatial attention

effects. The participant is shown a display with two boxes and a central fixation cross --
on some trials, one of the boxes is cued (e.g., the lines get transiently thicker), and then a
target appears in one of the boxes (or not at all on catch trials). The participant just
presses a key when they first detect the target. Reaction time is quicker for valid cues vs.
invalid ones, suggesting that spatial attention was drawn to that side of space. Patients
with hemispatial neglect exhibit slowing for targets that appear in the neglected side of
space, particularly when invalidly cued.
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Figure 6.21: Typical data from the Posner spatial

Invalid

cueing task, showing a speedup for valid trials, and a
slowdown for invalid trials, compared to a neutral trial
with no cueing. The data for patients with hemispatial
neglect is also shown, with their overall slower reaction
times normalized to that of the intact case.

One of the most widely used tasks to
study the spotlight of spatial attention
is the Posner spatial cueing task,
developed by Michael Posner (Figure
6.20). One side of visual space is cued,
and the effects of this

detection are

cue on
subsequent  target
measured. If the cue and target show
up in the same side of space (valid cue
condition), then reaction times are
faster compared to when they show up
on different sides of space (invalid cue
6.21).  This

time (RT)

suggests that spatial attention is drawn

condition)  (Figure

difference in reaction
to the cued side of space, and thus
facilitates target detection. The invalid
case is actually worse than a neutral
condition with no cue at all, indicating
that the process of reallocating spatial
attention to the correct side of space
takes some amount of time.
Interestingly, this task is typically run
with the time interval between cue and
target sufficiently brief as to prevent
eye movements to the cue -- thus, these
attentional effects are described as

covert attention.

As shown in Figure 6.21, patients with

hemispatial neglect show a

disproportionate increase in reaction
invalid cue

times for the case,

specifically when the cue is presented

to the good visual field (typically the right), while the target appears in the left. Posner took this data to suggest that

these patients have difficulty disengaging attention, according to his box-and-arrow model of the spatial cueing task

(Figure 6.22).

We explore an alternative account here, based on bidirectional interactions between spatial and object



http://grey.colorado.edu/CompCogNeuro/index.php?title=File%3Afig_posner_task.png
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processing pathways (Figure 6.23). In this account, damage to one

half of the spatial processing pathway leads to an inability of that I I I + I —
side to compete against the intact side of the network. Thus, when

there is something to compete against (e.g., the cue in the cueing Alert ™
paradigm), the effects of the damage are most pronounced.

Importantly, these models make distinct predictions regarding the Interrupt |
effects of bilateral parietal damage. Patients with this condition

are known to suffer from Balint's syndrome, which is . Localize 4=
characterized by a profound inability to recognize objects when

more than one is present in the visual field. This is suggestive of Disengage =
the important role that spatial attention plays in facilitating object

recognition in crowded visual scenes. According to Posner's

disengage model, bilateral damage should result in difficulty Move
disengaging from both sides of space, producing slowing in

invalid trials for both sides of space. In contrast, the Engage
competition-based model makes the opposite prediction: the

lesions serve to reduce competition on both sides of space, such Lol Inhibit

that there should be reduced attentional effects on both sides. That

is, the effect of the invalid cue actually decreases in magnitude. Figure 6.22: Posner's box-and-arrow

The data is consistent with the competition model, and not model of the spatial cueing task. He

suggests that spatial neglect deficits are

!
Posner's model. attributable to damage to the disengage

mechanism. However, this fails to
account for the effects of bilateral

EXploration parietal damage, for example.

Open AttnSimple to explore a model with spatial and object
pathways interacting in the context of multiple spatial attention
tasks, including perceiving multiple objects, and the Posner spatial
cueing task. It reproduces the behavioral data shown above, and
correctly demonstrates the observed pattern of reduced attentional

effects for Balint's patients.

SubTopics

Here are all the sub-topics within the Perception chapter, collected
in one place for easy browsing. These may or may not be optional
for a given course, depending on the instructor's specifications of

what to read:

Figure 6.23: Interacting spatial and object recognition
pathways can explain Posner spatial attention effects in
terms of spatial influences on early object recognition
processing, in addition to top-down influence on V1
representations.



http://grey.colorado.edu/CompCogNeuro/index.php?title=File%3Afig_posner_disengage_mech.png
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CCNBook/Perception

94

Explorations

Here are all the explorations covered in the main portion of the Perception and Attention chapter:

e VIRS (vlrf.proj) -- V1 receptive fields from Hebbian learning. (Questions 6.1-6.2)
¢ Objrec (objrec.proj) -- invariant object recognition. (Questions 6.3-6.5)

* AttnSimple (attn_simple.proj) -- simple attention model. (Questions 6.6-6.11)

References

[1] http://www.youtube.com/watch?v=KE952yueVLA
[2] http://www.youtube.com/watch?v=n31XBMSSSpl
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7. Motor Control and Reinforcement
Learning

CCNBook/Motor

Learning Rules Across the Brain

Learning Signal Dynamics
Area Reward | Error | Self Org | Separator | Integrator | Attractor
Basal Ganglia| +++ ++ - —
Cerebellum -— +4++ +++ — —
Hippocampus + + +++ +++ --- +++
Neocortex ++ +++ ++ - +++ +++

Table 7.1 Comparison of learning mechanisms and activity/representational dynamics across four primary areas of
the brain. +++ means that the area definitely has given property, with fewer +'s indicating less confidence in and/or
importance of this feature. --- means that the area definitely does not have the given property, again with fewer -'s

indicating lower confidence or importance.

The foundations of cognition are built
~—cerebral cortex

upon the sensory-motor loop -- = -2 S
Ny f <8 ") =)

processing sensory inputs to determine
which motor action to perform next.
This is the most basic function of any
nervous system. The human brain has a

huge number of such loops, spanning

the evolutionary timescale from the

most  primitive reflexes in the Figure 7.1: Illustration of the role of the basal ganglia in action selection -- multiple
peripheral nervous system, up to the possible actions are considered in the cortex, and the basal ganglia selects the best (most
most abstract and inscrutable plans rewarding) one to actually execute. Reproduced from Gazzaniga et al (2002).

such as the decision to apply to, and

attend, graduate school, which probably involves the highest levels of processing in the prefrontal cortex (PFC) (or

perhaps some basic level of insanity... who knows ;).

In this chapter, we complete the loop that started in the previous chapter on Perception and Attention, by covering a
few of the most important motor output and control systems, and the learning mechanisms that govern their
behavior. At the subcortical level, the cerebellum and basal ganglia are the two major motor control areas, each of
which has specially adapted learning mechanisms that differ from the general-purpose cortical learning mechanisms
described in the Learning Mechanisms chapter (see Comparing and Contrasting Major Brain Areas for a high-level
summary of these differences -- the key summary table is reproduced here (Table 7.1)). The basal ganglia are
specialized for learning from reward/punishment signals, in comparison to expectations for reward/punishment,
and this learning then shapes the action selection that the organism will make under different circumstances

(selecting the most rewarding actions and avoiding punishing ones; Figure 7.1). This form of learning is called



http://grey.colorado.edu/CompCogNeuro/index.php?title=File%3Afig_bg_action_sel_dam.png
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reinforcement learning. The cerebellum is specialized for learning from error, specifically errors between the
sensory outcomes associated with motor actions, relative to expectations for these sensory outcomes associated with
those motor actions. Thus, the cerebellum can refine the implementation of a given motor plan, to make it more

accurate, efficient, and well-coordinated.

There is a nice division of labor here, where the basal ganglia help to select one out of many possible actions to
perform, and the cerebellum then makes sure that the selected action is performed well. Consistent with this rather
clean division of labor, there are no direct connections between the basal ganglia and cerebellum -- instead, each
operates in interaction with various areas in the cortex, where the action plans are formulated and coordinated. Both
basal ganglia and cerebellum are densely interconnected with the frontal cortex, including motor control areas in
posterior frontal cortex, and the prefrontal cortex anterior to those. Also, as discussed in the prior chapter, the
parietal cortex is important for mapping sensory information to motor outputs (i.e., the "how" pathway), by way of
computing things like spatial maps, and relative spatial relationships among objects in the environment. Thus,
parietal representations drive motor action execution as coordinated by the cerebellum, and cerebellum is also
densely interconnected with parietal cortex. In contrast, the basal ganglia are driven to a much greater extent by the
ventral pathway "what" information, which indicates the kinds of rewarding objects that might be present in the
environment (e.g., a particular type of food). They do also receive some input from parietal, but just not to the great

extent that the cerebellum does.

Both the cerebellum and basal ganglia have a complex disinhibitory output dynamic, which produces a gating-like
effect on the brain areas they control. For example, the basal ganglia can disinhibit neurons in specific nuclei of the
thalamus, which have bidirectional excitatory circuits through frontal and prefrontal cortical areas. The net effect of
this disinhibition is to enable an action to proceed, without needing to specify any of the details for how to perform
that action. This is what is meant by a gate -- something that broadly modulates the flow of other forms of activation.
The cerebellum similarly disinhibits parietal and frontal neurons to effect its form of precise control over the shape
of motor actions. It also projects directly to motor outputs in the brain stem, something that is not true of most basal

ganglia areas.

We begin the chapter with the basal ganglia system, including the reinforcement learning mechanisms (which
involve other brain areas as well). Then we introduce the cerebellar system, and its unique form of error-driven

learning. Each section starts with a review of the relevant neurobiology of each system.
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Basal Ganglia, Action Selection and Reinforcement Learning

The basal ganglia performs its action
selection function over a wide range of
frontal cortical areas, by virtue of a
sequence of parallel loops of
connectivity (Figure 7.2). These areas
include motor (skeletal muscle control)
and oculomotor (eye movement
control), but also prefrontal cortex,
orbitofrontal cortex, and anterior
cingulate cortex, which are not directly
motor control areas. Thus, we need to
generalize our notion of action
selection to include cognitive action
selection -- more abstract forms of
selection that operate in higher-level
cognitive areas of prefrontal cortex.
For example, the basal ganglia can
control the selection of large-scale
action plans and strategies in its
connections to the prefrontal cortex.

The orbitofrontal cortex is important

for encoding the reward value
associated with different possible
stimulus outcomes, so the basal

ganglia connection here is important
for driving the updating of these
representations as a function of
contingencies in the environment. The
anterior cingulate cortex is important
for encoding the costs of motor actions
(time, effort, uncertainty), and basal
ganglia similarly can help control
updating of these costs as different
actions are considered. We can
summarize the role of basal ganglia in
these more abstract frontal areas as
controlling working memory
updating, as is discussed further in the

Executive Function chapter.

Interestingly, the additional inputs that
converge into the basal ganglia for a

given area all make good sense. Motor

Orbitofrontal

Prefrontal

Oculomotor Cingulate

@ HIP, EC, IT

Cortex
Striatum

Thalamus

Figure 7.2: Parallel circuits through the basal ganglia for different regions of the frontal
cortex -- each region of frontal cortex has a corresponding basal ganglia circuit, for
controlling action selection/initiation in that frontal area. Motor loop: SMA =
supplementary motor area -- the associated striatum (putamen) also receives from
premotor cortex (PM), and primary motor (M1) and somatosensory (S1) areas --
everything needed to properly contextualize motor actions. Oculomotor loop: FEF =
frontal eye fields, also receives from dorsolateral PFC (DLPFC), and posterior parietal
cortex (PPC) -- appropriate context for programming eye movements. Prefrontal loop:
DLPFC also controlled by posterior parietal cortex, and premotor cortex. Orbitofrontal
loop: OFC = orbitofrontal cortex, also receives from inferotemporal cortex (IT), and
anterior cingulate cortex (ACC). Cingulate loop: ACC also modulated by hippocampus
(HIP), entorhinal cortex (EC), and IT.

Caudate Nucleus

Tonic Inhibition Disinhibition Tonic Inhibition

Superior
Colliculus

Saccadic Eye Movement /

Figure 7.3: Gating mechanisms of the direct pathway in the oculomotor circuit. An
eye saccade movement is made when the superior colliculus (SC) neurons coding
for the saccade direction exhibit burst firing. The SC receives excitatory input from
elsewhere (e.g., frontal cortex) indicating planned eye movements. However, the
SC is under tonic inhibitory regulation from the output of the basal ganglia (in this
circuit, it is the substantia nigra pars reticulata (SNr), equivalent to the GPi for
other movements). SNr neurons fire at high tonic rates in the absence of input, and
prevent the SC from initiating a burst. Neurons in the caudate nucleus (part of the
striatum), upstream of the SNr, are normally silent but fire when detecting the
appropriate conditions under which to initiate the eye movement (e.g., when it is
predictive of reward). Caudate neurons inhibit the SNr, causing a pause in tonic
firing, and disinhibit the SC. This disinhibition acts as a gating mechanism because
the Caudate does not directly elicit SC firing but instead allows SC to burst fire in
particular SC neurons that also receive excitatory input about the planned
movement. Not shown here are indirect pathway Caudate neurons which would
have the opposite effect, increasing SNr activity and preventing gating of particular
movements. From Hikosaka, 2007.
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Figure 7.4: Biology of the basal ganglia system, with two cases shown: a) Dopamine
Zooming in on any one of these loops, burst activity that drives the direct "Go" pathway neurons in the striatum, which then
the critical elements of the basal inhibit the tonic activation in the globus pallidus internal segment (GPi), which releases

. . . specific nuclei in the thalamus from this inhibition, allowing them to complete a
ganglia system are diagrammed in o i T o o
bidirectional excitatory circuit with the frontal cortex, resulting in the initiation of a motor

Figure 7.4, with  two Important action. The increased Go activity during dopamine bursts results in potentiation of

activation patterns shown. First, the corticostriatal synapses, and hence learning to select actions that tend to result in positive

basal ganglia system involves the outcomes. b) Dopamine dip (pause in tonic dopamine neuron firing), leading to

. . preferential activity of indirect "NoGo" pathway neurons in the striatum, which inhibit the
following subregions:

external segment globus pallidus neurons (GPe), which are otherwise tonically active, and
e The striatum, which is the major inhibiting the GPi. Increased NoGo activity thus results in disinhibition of GPi, making it
input region, consisting of the more active and thus inhibiting the thalamus, preventing initiation of the corresponding

R motor action. The dopamine dip results in potentiation of corticostriatal NoGo synapses,
caudate and putamen subdivisions ] ) ) k ; )
and hence learning to avoid selection actions that tend to result in negative outcomes.

(as shown in Figure 7.2). The From Frank, 2005

striatum is anatomically subdivided

into many small clusters of neurons, with two major types of clusters: patch/striosomes and matrix/matrisomes.
The matrix clusters contain direct (Go) and indirect (NoGo) pathway medium spiny neurons, which together
make up 95% of striatal cells, both of which receive excitatory inputs from all over the cortex but are inhibitory
on their downstream targets in the globus pallidus as described next. The patch cells project to the dopaminergic
system, and thus appear to play a more indirect role in modulating learning signals. There are also a relatively few
widely spaced tonically active neurons (TAN's), which release acetylcholine as a neurotransmitter and appear to
play a modulatory role, and inhibitory interneurons, which likely perform the same kind of dynamic gain control
that they play in the cortex.

* The globus pallidus, internal segment (GPi), which is a much smaller structure than the striatum, and contains
neurons that are constantly (tonically) active even with no additional input. These neurons send inhibition to
specific nuclei in the thalamus. When the direct/Go pathway striatum neurons fire, they inhibit these GPi neurons,
and thus disinhibit the thalamus, resulting ultimately in the initiation of a specific motor or cognitive action
(depending on which circuit is involved). Note that in other fronto-basal ganglia circuits, the role of the GPi is
taken up by the substantia nigra pars reticulata (SNr), which is situated identically to the GPi anatomically, but
receives from other areas of striatum and projects to outputs regulating other actions (e.g., eye movements in the

superior colliculus).

* The globus pallidus, external segment (GPe), which is also small, and contains tonically active neurons that
send focused inhibitory projections to corresponding GPi neurons. When the indirect/NoGo pathway neurons in
the striatum fire, they inhibit the GPe neurons, and thus disinhibit the GPi neurons, causing them to provide even
greater inhibition onto the thalamus. This blocks the initiation of specific actions coded by the population of
active NoGo neurons.

* The thalamus, specifically the medial dorsal (MD), ventral anterior (VA), and ventrolateral (VL) nuclei (as
shown in Figure 7.2). When the thalamic neurons get disinhibited by Go pathway firing, they can fire, but only
when driven by top-down excitatory input from the frontal cortex. In this way, the basal ganglia serve as a gate on
the thalamocortical circuit -- Go firing opens the gate, while NoGo firing closes it, but the contents of the
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information that go through the gate (e.g., the specifics of the motor action plan) depend on the thalamocortical
system. In the oculomotor circuit (as shown in Figure 7.3, the role of the thalamus is taken up by the superior
colliculus, the burst firing of which initiates eye saccades).

» The substantia nigra pars compacta (SNc) has neurons that release the neuromodulator dopamine, and
specifically innervate the striatum. Interestingly, there are two different kinds of dopamine receptors in the
striatum. D1 receptors are prevalent in Go pathway neurons, and dopamine has an excitatory effect on neurons
with D1 receptors (particularly those neurons that are receiving convergent glutamatergic excitatory input from
cortex). In contrast, D2 receptors are prevalent in NoGo pathway neurons, and dopamine has an inhibitory effect
via the D2 receptors. Thus, when a burst of dopamine hits the striatum, it further excites active Go units and
inhibits NoGo units. This change in activity results in activity-dependent plasticity, and thus leads to an increased
propensity for initiating motor and cognitive actions. In contrast, when a dip in dopamine firing occurs, Go
neurons are less excited, while NoGo neurons are disinhibited, and thus those NoGo neurons receiving excitatory
input from cortex (representing the current state and action) will become more excited due to the dopamine dip.
Again, this change in activity results in potentiation of synapses, such that this specific population of NoGo
neurons will be more likely to become active in future encounters of this sensory state and candidate motor
action. Both of these effects of dopamine bursts and dips make perfect sense: dopamine bursts are associated with
positive reward prediction errors (when rewards are better than expected), and thus reinforce selection of actions
that lead to good results. Conversely, dopamine dips are associated with negative reward prediction errors (worse
than expected) and thus lead to avoidance (NoGo) of those actions that tend to result in these bad results. Also,
tonic levels of dopamine can influence the relative balance of activity of these pathways, so that even if learning
has already occurred, changes in dopamine can affect whether action selection is influenced primarily by learned
Go vs learned NoGo values -- roughly speaking, the higher the dopamine, the more risky the choices

(insensitivity to negative outcomes).

* The subthalamic nucleus is also a major component of the basal ganglia (not pictured in the figure), which acts
as the third hyperdirect pathway, so named because it receives input directly from frontal cortex and sends
excitatory projections directly to BG output (GP1i), bypassing the striatum altogether. These STN-GP1i projections
are diffuse, meaning that a single STN neuron projects broadly to many GPi neurons, and as such the STN is
thought to provide a global NoGo function that prevents gating of any motor or cognitive action (technically, it
raises the threshold for gating). This area has been shown in models and empirical data to become more active
with increasing demands for response inhibition or when there is conflict between alternative cortical action
plans, so that the STN buys more time for striatal gating to settle on the best action (Frank, 2006).

This is a fairly complex circuit, and it probably takes a few iterations through it to really understand how all the parts
fit together. The bottom line should nevertheless be easier to understand: the basal ganglia learn to select rewarding
actions (including more abstract cognitive actions), via a disinhibitory gating relationship with different areas of
frontal cortex. Moreover, the general depiction above, motivated by computational considerations and a lot of
detailed anatomical, physiological, and pharmacological data, has been overwhelmingly been supported by empirical
data across species. For example, in mice, Kravitz et al., 2010 showed that selective stimulation of D1 striatal
neurons resulted in inhibition of BG output nuclei and disinhibition of motor actions, whereas selective stimulation
of D2 striatal neurons resulted in excitation of output nuclei and suppression of motor actions. A follow up paper in
2012 showed that transient stimulations of these pathways after movements causes the mouse to be more likely (go
unit stimulation) or less likely (nogo unit stimulation) to repeat that same movement in the future, consistent with a
learning effect. Shen et al., 2008 showed evidence for the model prediction that D1 and D2 receptors oppositely
modulate synaptic plasticity in the two pathways. Hikida et al., 2010 showed that selective blockade of
neurotransmission along the Go pathway resulted in impairments in learning to select rewarding actions but no
deficits in avoiding punishing actions, and exactly the opposite pattern of impairments was observed after blockade
of the NoGo pathway. In humans, striatal dopamine depletions associated with Parkinson's disease result in impaired

"Go learning" in probabilistic reinforcement learning tasks, but enhanced "NoGo learning", with the opposite pattern
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of findings elicited by medications that increase striatal dopamine (Frank, Seeberger & O'Reilly 2004 and many
others since). Even individual differences in young healthy human performance in Go vs NoGo learning are
associated with genetic variants that affect striatal D1 and D2 receptor function (for review of this body of literature,
see Frank & Fossella, 2011).

The division of labor between frontal cortex and basal ganglia is such that the frontal cortex entertains many
different possible actions, by virtue of rich patterns of connectivity from other cortical areas providing high-level
summaries of the current environment, which then activate a range of different possible actions, and the basal
ganglia then selects the best (most likely to be rewarding) of these actions to actually execute. In more
anthropomorphic terms, the frontal cortex is the fuzzy creative type, with a million ideas, but no ability to focus on
the real world, and it has a hard time narrowing things down to the point of actually doing anything: kind of a
dreamer. Meanwhile, the basal ganglia is a real take-charge type who always has the bottom line in mind, and can
make the tough decisions and get things done. We need both of these personalities in our heads (although people
clearly differ in how much of each they have), and the neural systems that support these different modes of behavior
are clearly different. This is presumably why there are two separable systems (frontal cortex and basal ganglia) that

nevertheless work very closely together to solve the overall action selection problem.
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Exploration of the Basal Ganglia

Open BG for an exploration of a basic model of go vs. nogo action selection, gating, and reinforcement learning
dynamics in the basal ganglia. This model also allows you to investigate the effects of Parkinson's disease and

dopaminergic medications.

Dopamine and Temporal Difference Reinforcement Learning

Although we considered above how phasic changes in
dopamine can drive Go and NoGo learning to select the 2: ve;?g‘ocggnxs
most rewarding actions and to avoid less rewarding ones,
we have not addressed above how dopamine neurons come
to represent these phasic signals for driving learning. One of
the most exciting discoveries in recent years was the finding

that dopamine neurons in the ventral tegmental area (VTA)

and substantia nigra pars compacta (SNc) behave in accord
with reinforcement learning models based on reward ggx::g wﬁd
prediction error. Unlike some popular misconceptions, these
dopamine neurons do not encode raw reward value directly.
Instead, they encode the difference between reward received
versus an expectation of reward. This is shown in Figure

7.5: if there is no expectation of reward, then dopamine

neurons fire to the reward, reflecting a positive reward

. . ... Reward predicted
prediction error (zero expectation, positive reward). If a No reward occurs
conditioned stimulus (CS, e.g., a tone or light) reliably
predicts a subsequent reward, then the neurons no longer

fire to the reward itself, reflecting the lack of reward

prediction error (expectation = reward). Instead, the o
dopamine neurons fire to the onset of the CS. If the reward ‘. i
is omitted following the CS, then the dopamine neurons - COS 2,-,0 R)- 2s

actually go the other way (a "dip" or "pause" in the ;
Figure 7.5: Characteristic patterns of neural firing of the

otherwise low tonic level of dopamine neuron firing), dopaminergic neurons in the ventral tegmental area (VTA) and
reflecting a negative reward prediction error (positive substantia nigra pars compacta (SNc), in a simple conditioning
reward prediction, Zero reward)_ task. Prior to conditioning, when a reward is delivered, the
dopamine neurons fire a burst of activity (top panel --
histogram on top shows sum of neural spikes across the

Computationally, the simplest model of reward prediction ) ) )
repeated recording traces shown below, with each row being a

error is the Rescorla-Wagner conditioning model, which is different recording trial). After the animal has learned to
mathematically identical to the delta rule as discussed in associate a conditioned stimulus (CS) (e.g., a tone) with the
the Learning Mechanisms chapter, and is simply the reward, the dopamine neurons now fire to the onset of the CS,

. and not to the reward itself. If a reward is withheld after the CS,
difference between the actual reward and the expected o ) R
there is a dip or pause in dopamine firing, indicating that there

reward: was some kind of prediction of the reward, and when it failed
. 5 =r_ ’1?‘ to arrive, there was a negative prediction error. This overall
pattern of firing across conditions is highly consistent with
« d=7— Z Tw reinforcement learning models based on reward prediction

where d("delta") is the reward prediction error, r is the error.

amount of reward actually received, and T = Ziﬁwis the

amount of reward expected, which is computed as a weighted sum over input stimuli x with weights w. The weights

adapt to try to accurately predict the actual reward values, and in fact this delta value specifies the direction in which
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the weights should change:
o« Aw =dx

This is identical to the delta learning rule, including the important dependence on the stimulus activity x -- you only

want to change the weights for stimuli that are actually present (i.e., non-zero x's).

When the reward prediction is correct, then the actual reward value is cancelled out by the prediction, as shown in
the second panel in Figure 7.5. This rule also accurately predicts the other cases shown in the figure too (positive and

negative reward prediction errors).

What the Rescorla-Wagner model fails to capture is the firing of dopamine to the onset of the CS in the second panel
in Figure 7.5. However, a slightly more complex model known as the temporal differences (TD) learning rule does
capture this CS-onset firing, by introducing time into the equation (as the name suggests). Relative to
Rescorla-Wagner, TD just adds one additional term to the delta equation, representing the future reward values that

might come later in time:
. 5 — (T + f) —_ ?:

where f represents the future rewards, and now the reward expectation r= Z TUhas to try to anticipate both the
current reward r and this future reward f. In a simple conditioning task, where the CS reliably predicts a subsequent
reward, the onset of the CS results in an increase in this f value, because once the CS arrives, there is a high
probability of reward in the near future. Furthermore, this fitself is not predictable, because the onset of the CS is not
predicted by any earlier cue (and if it was, then that earlier cue would be the real CS, and drive the dopamine burst).
Therefore, the r-hat expectation cannot cancel out the f value, and a dopamine burst ensues.

Although this f value explains CS-onset dopamine firing, it raises the question of how can the system know what
kind of rewards are coming in the future? Like anything having to do with the future, you fundamentally just have to
guess, using the past as your guide as best as possible. TD does this by trying to enforce consistency in reward
estimates over time. In effect, the estimate at time ¢ is used to train the estimate at time 7-/, and so on, to keep

everything as consistent as possible across time, and consistent with the actual rewards that are received over time.

This can all be derived in a very satisfying way by specifying something known as a value function, V(t) that is a
sum of all present and future rewards, with the future rewards discounted by a "gamma" factor, which captures the
intuitive notion that rewards further in the future are worth less than those that will occur sooner. As the Wimpy
character says in Popeye, "I'll gladly pay you Tuesday for a hamburger today." Here is that value function, which is

an infinite sum going into the future:

c V) =r(®)+A'rt+1) + 4% (t+2)...

We can get rid of the infinity by writing this equation recursively:

s V()=r(t)+VI(E+ 1)

And because we don't know anything for certain, all of these value terms are really estimates, denoted by the little

"hats" above them:

s V(t)=r(t)+V(t+ 1)
So this equation tells us what our estimate at the current time ¢ should be, in terms of the future estimate at time t+1.
Next, we subtract V-hat from both sides, which gives us an expression that is another way of expressing the above

equality -- that the difference between these terms should be equal to zero:

e 0= (rt) +V(t+1)) - V(1)
This is mathematically stating the point that TD tries to keep the estimates consistent over time -- their difference

should be zero. But as we are learning our V-hat estimates, this difference will not be zero, and in fact, the extent to

which it is not zero is the extent to which there is a reward prediction error:

e = (rt) +V(E+1)) - V(1)
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If you compare this to the equation with fin it above, you can see that:

« fEAV(E+ D)

and otherwise everything else is the same, except we've clarified the time dependence of all the variables, and our
reward expectation is now a "value expectation" instead (replacing the r-hat with a V-hat). Also, as with
Rescorla-Wagner, the delta value here drives learning of the value expectations.

The TD learning rule can be used to explain a large number of different conditioning phenomena, and its fit with the
firing of dopamine neurons in the brain has led to a large amount of research progress. It represents a real triumph of

the computational modeling approach for understanding (and predicting) brain function.

Exploration of TD Learning

Open RL for an exploration of TD-based reinforcement learning in simple conditioning paradigms. This exploration
should help solidify your understanding of reinforcement learning, reward prediction error, and simple classical
conditioning.

The Actor-Critic Architecture for Motor Learning

Now that you have a better idea about how dopamine

works, we can revisit its role in modulating learning in

the basal ganglia (as shown in Figure 7.4). From a Critic >0 output
computational perspective, the key idea is the
distinction between an actor and a critic (Figure 7.6), )

I -

where it is assumed that rewards result at least in part

from correct performance by the actor. The basal
ganglia is the actor in this case, and the dopamine
signal is the output of the critic, which then serves as a

training signal for the actor (and the critic too as we

Figure 7.6: Basic structure of the actor critic architecture for motor
control. The critic is responsible for processing reward inputs (r),
turning them into reward prediction errors (delta), which are suitable
for driving learning in both the critic and the actor. The actor is

responsible for producing motor output given relevant sensory input,

saw earlier). The reward prediction error signal and doesn't process reward or reward expectations directly. This is an

pro duced by the dopamine system is a 200 d training efficient division of labor, and it is essential for learning to transform

rewards into reward prediction errors, otherwise the system would

signal because it drives stronger learning early in a skill overlearn on simple tasks that it mastered long ago.

acquisition process, when rewards are more
unpredictable, and reduces learning as the skill is perfected, and rewards are thus more predictable. If the system
instead learned directly on the basis of external rewards, it would continue to learn about skills that have long been
mastered, and this would likely lead to a number of bad consequences (synaptic weights growing ever stronger,

interference with other newer learning, etc).

Furthermore, the sign of the reward prediction error is appropriate for the effects of dopamine on the Go and NoGo
pathways in the striatum, as we saw in the BG model project above. Positive reward prediction errors, when
unexpected rewards are received, indicate that the selected action was better than expected, and thus Go firing for
that action should be increased in the future. The increased activation produced by dopamine on these Go neurons
will have this effect, assuming learning is driven by these activation levels. Conversely, negative reward prediction

errors will facilitate NoGo firing, causing the system to avoid that action in the future.

Finally, the ability of the dopamine signal to propagate backward in time is critical for spanning the inevitable delays
between motor actions and subsequent rewards. Specifically, the dopamine response should move from the time of
the reward to the time of the action that reliably predicts reward, in the same way that it moves in time to the onset of

the CS in a classical conditioning paradigm.
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The PVLYV Model of DA Biology

You might have noticed that we
haven't yet explained at a biological
level how the dopamine neurons in the
VTA and SNc actually come to exhibit
their reward prediction error firing.
There is a growing body of data
supporting the involvement of the

brain areas shown in Figure 7.7:

* Lateral hypothalamus (LHA)
provides a primary reward signal
for basic rewards like food, water
etc.

* Patch-like neurons in the ventral
striatum (VS-patch) have direct
inhibitory connections onto the
dopamine neurons in the VTA and
SNc, and likely play the role of
canceling out the influence of
primary reward signals when these
rewards have successfully been

predicted.

* Central nucleus of the amygdala
(CNA) is important for driving
dopamine firing to the onset of
conditioned stimuli. It receives
broadly from the cortex, and
projects directly and indirectly to
the VTA and SNc. Neurons in the
CNA exhibit CS-related firing.

Given that there are distinct brain areas
involved in these different aspects of
the dopamine firing, it raises the
question as to how the seemingly
unified TD learning algorithm could be
implemented across such different
brain areas? In response to this basic
PVLV  model of

dopamine firing was developed. PVLV

question, the

stands for Primary Value, Learned
Value, and the key idea is that different
brain structures are involved at the
time when primary values are being

experienced, versus when conditioned

stimuli (learned values) are being experienced. This then requires a different mathematical formulation, as compared

to TD.

ventral

—a= excitatory
- —@ inhibitory

cs us

Figure 7.7: Biological mapping of the PVLV algorithm, which has two separate
subsystems: Primary Value (PV) and Learned Value (LV). Each subsystem has excitatory
and inhibitory subcomponents, so named for their effect on dopamine firing. PVe =
primary rewards that excite dopamine, associated with lateral hypothalamic nucleus
(LHA). PVi = inhibitory canceling of dopamine firing to rewards, driven by patch-like
neurons in the ventral striatum (VS_Patch). LVe = excitatory drive from the central
nucleus of the amygdala (CNA), which represents CS's. LVi = inhibitory canceling of
LVe excitation, also via patch-like neurons in the ventral striatum. The pedunculopontine
tegmental nucleus (PPTN) may transform sustained inputs into phasic dopamine
responses via a simple temporal delta operation.

DA A X

Figure 7.8: How the different components of PVLV contribute to the overall
pattern of dopamine firing in a simple conditioning paradigm. At CS onset, LVe
responds with excitatory dopamine burst, due to prior learning at time of external
reward (PVe), which associated the CS with the LVe system (in the CNA). When

the external reward (unconditioned stimulus or US) comes in, the PVi system

partially cancels out the excitation from PVe -- over time learning in PVi comes to
fully cancel it out.



http://grey.colorado.edu/CompCogNeuro/index.php?title=File%3Afig_pvlv_bio_no_cereb.png
http://grey.colorado.edu/CompCogNeuro/index.php?title=File%3Afig_pvlv_da.png

CCNBook/Motor 105

The dopamine signal in PVLV for primary values (PV), which is in effect at the time external rewards are delivered
or expected, is identical to Rescorla-Wagner, just using different labels for the variables:

« Opp=7—7

. 8, = PV, — PV

Where excitatory (e) and inhibitory (i) subscripts denote the two components of the primary value system, and the

sign of their influence on dopamine firing.

The dopamine signal for learned values (LV) applies whenever PV does not (i.e., when external rewards are not

present or expected), and it has a similar form:

. 8 =LV, — LV,

Where LVe is the excitatory drive on dopamine from the CNA, which learns to respond to CS's. LVi is a
counteracting inhibitory drive, again thought to be associated with the patch-like neurons of the ventral striatum. It

learns much more slowly than the LVe system, and will eventually learn to cancel out CS-associated dopamine

responses, once these CS's become highly highly familiar (beyond the short timescale of most experiments).

The PVi values are learned in the same way as in the delta rule or Rescorla-Wagner, and the LVe and LVi values are
learned in a similar fashion as well, except that their training signal is driven directly from the PVe reward values,
and only occurs when external rewards are present or expected. This is critical for allowing LVe for example to get
activated at the time of CS onset, when there isn't any actual reward value present. If LVe was always learning to
match the current value of PVe, then this absence of PVe value at CS onset would quickly eliminate the LVe
response then. See PVLV Learning for the full set of equations governing the learning of the LV and PV

components.

There are a number of interesting properties of the learning constraints in the PVLV system. First, the CS must still
be active at the time of the external reward in order for the LV_e system to learn about it, since LV only learns at the
time of external reward. If the CS itself goes off, then some memory of it must be sustained. This fits well with
known constraints on CS learning in conditioning paradigms. Second, the dopamine burst at the time of CS onset
cannot influence learning in the LV system itself -- otherwise there would be an unchecked positive feedback loop.
One implication of this is that the LV system cannot support second-order conditioning, where a first CS predicts a
second CS which then predicts reward. Consistent with this constraint, the CNA (i.e., LV_e) appears to only be
involved in first order conditioning, while the basolateral nucleus of the amygdala (BLA) is necessary for
second-order conditioning. Furthermore, there does not appear to be much of any evidence for third or higher orders
of conditioning. Finally, there is a wealth of specific data on differences in CS vs. US associated learning that are

consistent with the PVLV framework (see Hazy et al, 2010 for a thorough review).

In short, the PVLV system can explain how the different biological systems are involved in generating phasic
dopamine responses as a function of reward associations, in a way that seems to fit with otherwise somewhat
peculiar constraints on the system. Also, we will see in the Executive Function Chapter that PVLV provides a

cleaner learning signal for controlling the basal ganglia's role in the prefrontal cortex working memory system.
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Exploration of PVLV

* TODO: PVLV model of same simple conditioning cases as explored in TD model..

Cerebellum and Error-Driven Learning

Now that we understand how the basal
ganglia can select an action to perform
based on reinforcement learning, we
turn to the cerebellum, which takes
over once the action has been initiated,

and uses error-driven learning to shape

the performance of the action so that it
is accurate and well-coordinated. As Figure 7.9: Areas of the cortex that project to the cerebellum -- unlike the basal
. . ganglia, the cerebellum receives exclusively from motor-related areas, including
shown in Figure 7.9, the cerebellum . L i
the parietal cortex (which includes primary somatosensory cortex), and motor areas
Only receives from cortical areas of frontal cortex. Notably, it does not receive from prefrontal cortex or temporal

directly involved in motor production, cortex.
including the parietal cortex and the

motor areas of frontal cortex. Unlike

the basal ganglia, it does not receive Purkinje GL%II-'“.J'
cells —
from prefrontal cortex or temporal B
P P R By Molecular
cortex, which makes sense according P layer
. . . ! e
to their respective functions. Prefrontal e ) L 8-
<y 1By L1l
cortex and temporal cortex are really 'i A | \Granular

. . . v ¥, n layer
important for high-level planning and

action selection, but not for action LN T/ 1= \Medullary
execution. However, we do know from 1\ ‘ \ layer

neuroimaging experiments that the P Recurrent
= l .I\ collaterals

Ill'f\ Climbing

"-\<vfiher

cerebellum is engaged in many

cognitive tasks -- this must reflect its

extensive connectivity with the parietal .

g %
e o d i
e © EDs o ' NN

‘L Purkinje axons

cortex, which is also activated in many

cognitive tasks. One idea is that the
cerebellum can help shape learning and
processing in parietal cortex by virtue Figure 7.10: Circuitry and structure of the cerebellum -- see text for details. Reproduced
of its powerful error-driven learning from 277

mechanisms -- this may help to explain

how the parietal cortex can learn to do all the complex things it does. However, at this point both the parietal cortex

and cerebellum are much better understood from a motor standpoint than a cognitive one.

The cerebellum has a very well-defined anatomy (Figure 7.10, Figure 7.11), with the same basic
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circuit replicated throughout. Thus, like the

basal ganglia, it seems to be performing the
same basic function replicated over a wide PF
range of different content domains (e.g., for

different motor effectors, and for different

areas of parietal and frontal cortex). The

basic circuit involves input signals coming

from various sources, which are conveyed @
into the cerebellum via mossy fiber axons. (=)
These terminate onto granule cells, of {+$GC

which there are roughly 40 billion in the

Premotor

human brain! Each granule cell receives Areas

only 4-5 mossy fiber inputs, and there are
—

roughly 200 million mossy fiber inputs, with

each mossy fiber synapsing on roughly 500 MF

granule cells. Thus, there is a great — -

expansion of information coding in the F'recelrebellar

granule cells relative to the input -- we'll Nuclei (-)

revisit this important fact in a moment. To Figure 7.11: Schematic circuitry of the cerebellum. MF = mossy fiber input axons.

GC = granule cell. GeC = golgi cell. PF = parallel fiber. PC = Purkinje cell. BC =

basket cell, SC = stellate cell. CF = climbing fiber. DCN = deep cerebellar nuclei.
10 = inferior olive.

complete the circuit, the granule cells send
out parallel fiber axons, that synapse into
the very dense dendritic trees of Purkinje

cells, which can receive as many as 200,000

inputs from granule cells. There are roughly ] 0

15 million Purkinje cells in the human brain, ) /m// \\\ I;i(:)c?rlfeulz.;\r?f(:l -
and these cells produce the output signal ,/KW \\\ input/output
from the cerebellum. Thus, there is a f(X) // \\\ pairs

massive convergence operation from the /
granule cells onto the Purkinje cells. The
Purkinje cells are tonically active, and the

granule cells are excitatory onto them,

making it a bit puzzling to figure out how X

the granule cells convey a useful signal to Figure 7.12: Lookup table solution to function learning -- the

appropriate value for the function can be memorized for each input

the Purkmje cells. The other cell types in the value X, with perhaps just a little bit of interpolation around the X

cerebellum (stellate, basket, and golgi) are values. For the cerebellum, X are the inputs (sensory signals, etc),
inhibitory  interneurons that  provide and f(X) is the motor output commands.

inhibitory control over both granule cell and
Purkinje cell firing. It is possible that granule cells work in concert with these inhibitory cells to alter the balance of

excitation and inhibition in the Purkinje's, but this remains somewhat unclear.

The final piece of the cerebellar puzzle is the climbing fiber input from the inferior olivary nucleus -- there is
exactly one such climbing fiber per Purkinje cell, and it has a very powerful effect on the neuron, producing a series
of complex spikes. It is thought that climbing fiber inputs convey a training or error signal to the Purkinje's, which
then drives synaptic plasticity in its associated granule cell inputs. One prominent idea is that this synaptic plasticity
tends to produce LTD (weight decrease) for synaptic inputs where the granule cells are active, which then makes
these neurons less likely to fire the Purkinje cell in the future. This would make sense given that the Purkinje cells

are inhibitory on the deep cerebellar nuclei neurons, so to produce an output from them, the Purkinje cell needs to
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be turned off.

Putting all these pieces together, David Marr and James Albus argued that the cerebellum is a system for error-driven
learning, with the error signal coming from the climbing fibers. It is clear that it has the machinery to associate
stimulus inputs with motor output commands, under the command of the climbing fiber inputs. One important
principle of cerebellar function is the projection of inputs into a very high-dimensional space over the granule cells --
computationally this achieves the separation form of learning, where each combination of inputs activates a unique
pattern of granule cell neurons. This unique pattern can then be associated with a different output signal from the
cerebellum, producing something approximating a lookup table of input/output values Figure 7.12. A lookup table
provides a very robust solution to learning even very complex, arbitrary functions -- it will always be able to encode
any kind of function. The drawback is that it does not generalize to novel input patterns very well. However, it may
be better overall in motor control to avoid improper generalization, rather than eek out a bit more efficiency from
some form of generalization. This high-dimensional expansion is also used successfully by the support vector
machine (SVM), one of the most successful machine learning algorithms.

Exploration of Cerebellum

* TODO: oculomotor control of eye and head gaze in simplified version of emer robot project...
* TODO: cerebellum circuit model learns by supervised signal trained by output of BG circuit, which learns by RL
(Senatore & Frank in prep).

SubTopics

Here are all the sub-topics within the Motor Control and Reinforcement Learning chapter, collected in one place for
easy browsing. These may or may not be optional for a given course, depending on the instructor's specifications of

what to read:

e PVLV Learning -- full set of equations governing the learning in the PVLV model of phasic dopamine.

Explorations

Here are all the explorations covered in the main portion of the Motor Control and Reinforcement Learning chapter:

* BG (BG.proj) -- action selection / gating and reinforcement learning in the basal ganglia. (Questions 7.1 -- 7.4)
* RL (rl_cond.proj) -- Pavlovian Conditioning using Temporal Differences Reinforcement Learning. (Questions
7.5 --17.6)
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8. Learning and Memory

CCNBook/Memory

When you think of memory, you probably think of episodic memory -- memory for specific episodes or events.
Maybe you can remember some special times from childhood (birthdays, family trips, etc), or some traumatic times
(ever get lost in a supermarket, or get left behind on a hike or other family outing?). Probably you can remember
what you had for dinner last night, and who you ate with? Although this aspect of memory is the most salient for us,
it is just one of many different types of memory.

One broad division in memory in mechanistic, computational terms is between weight-based and activation-based
forms of memory. Weight based memory is a result of synaptic plasticity, and is generally relatively long lasting (at
least several 10's of minutes, and sometimes several decades, up to a whole lifetime). Activation-based memory is
supported by ongoing neural activity, and is thus much more transient and fleeting, but also more flexible. Because
weight-based memory exists at every modifiable synapse in the brain, it can manifest in innumerable ways. In this
chapter, we focus on some of the most prominent types of memory studied by psychologists, starting with episodic
memory, then looking at familiarity-based recognition memory, followed by weight-based priming, and
activation-based priming. We'll look at more robust forms of activation-based memory, including working memory,
in the Executive Function chapter.

Probably most people have heard of the hippocampus and its critical role in episodic memory -- the movie Memento
for example does a great job of portraying what it is like to not have a functional hippocampus. We'll find out
through our computational models why the hippocampus is so good at episodic memory -- it has highly sparse
patterns of neural activity (relatively few neurons active at a time), which allows even relatively similar memories to
have very different, non-overlapping neural representations. These distinct neural patterns dramatically reduce
interference, which is the primary nemesis of memory. Indeed, the highly distributed, overlapping representations in
the neocortex -- while useful for reasons outlined in the first half of this book -- by themselves produce catastrophic
interference when they are driven to learn too rapidly. But it is this rapid one-shot learning that is required for
episodic memory! Instead, it seems that the brain leverages two specialized, complementary learning systems --
the hippocampus for rapid encoding of new episodic memories, and the neocortex for slow acquisition of rich webs
of semantic knowledge, which benefit considerably from the overlapping distributed learning and slower learning

rates, as we'll see.

Countering the seemingly ever-present urge to oversimplify and modularize the brain, it is critical to appreciate that
memory is a highly distributed phenomena, with billions of synapses throughout the brain being tweaked by any
given experience. Several studies have shown preserved learning of new memories of relatively specific information
in people with significant hippocampal damage -- but it is critical to consider how these memories are cued. This is
an essential aspect to remember about memory in general: whether a given memory can actually be retrieved
depends critically on how the system is probed. We've probably all had the experience of a flood of memories
coming back as a result of visiting an old haunt -- the myriad of cues available enable (seemingly spontaneous) recall
of memories that otherwise are not quite strong enough to rise to the surface. The memories encoded without the

benefit of the hippocampus are weaker and more vague, but they do exist.

In addition to being highly distributed, memory in the brain is also highly interactive. Information that is initially
encoded in one part of the brain can appear to "spread” to other parts of the brain, if those memories are reactivated
and these other brain areas get further opportunities to learn them. A classic example is that episodic memories
initially encoded in the hippocampus can be strengthened in the surrounding neocortical areas through repeated
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retrieval of those memories. This can even happen while we are sleeping, when patterns of memories experienced
during the day have shown to be re-activated! Furthermore, influences of the prefrontal cortex Executive Function
system, and affective states, can significantly influence the encoding and retrieval of memory. Thus, far from the
static "hard drive" metaphor from computers, memory in the brain is a highly dynamic, constantly evolving process

that reflects the complexity and interactions present across all the areas of the brain.

Episodic Memory

We begin with episodic memory,
L . a) AB-AC List Learning in Humans b) AB-AC List Leaming in Model
because it is such a major part of our

100
conscious lives, and really of our

identities. For example, the movie E =
Total Recall, loosely based on the S 50

.- . P X
Philip K. Dick novel We Can x| .

. AC List]

Remember it for You Wholesale ! j el

[ . . . 0 0
(wikipedia  link),  explores  this 01 5 10 20 0 5 10 15 20 25 30 35 40 45 50
connection between CpiSOdiC memories Leaming Trials on AC List Leaming Trals on AC List
and our sense of self. All people with a Figure 8.1: Data from humans (a) and a generic (cortical) neural network model (b) on
functioning hippocampus have this the classic AB-AC list learning task, which generates considerable interference by

remarkable "tape recorder” constantl re-pairing the A list items with new associates in the AC list after having first learned the
P y AB list. People's performance on the AB items after learning the AC list definitely

encoding everything that happens degrades (red line), but nowhere near as catastrophically as in the neural network model.
during our waking lives -- we don't Data reproduced from McCloskey and Cohen (1989).

have to exert particular effort to recall

what happened 20 minutes or a few hours ago -- it is just automatically there. Most people end up forgetting the vast

majority of the daily flux of our lives, retaining only the particularly salient or meaningful events.

However, a tiny percentage of otherwise seemingly "normal" people have Exceptional memory 21 (wikipedia link),
or hyperthymesia. Interestingly, it is not the hippocampus itself that differentiates these people from you and me --
instead they are characterized by the obsessive rehearsal and retrieval of episodic memories, with areas of the basal
ganglia apparently enlarged (which is associated with obsessive compulsive disorder (OCD)). As we'll see in
Executive Function, the basal ganglia participate not only in motor control and reinforcement learning, but also the
reinforcement of updating and maintenance of active memory. This suggests that in normal human brains, the
hippocampus has the raw ability to encode and remember every day of our lives, but most people just don't bother to
rehearse these memories to the point where they can all be reliably retrieved. Indeed, a major complaint that these
people with exceptional memory have is that they are unable to forget all the unpleasant stuff in life that most people

just let go.

So what exactly makes the hippocampus such an exceptionally good episodic memory system? Our investigation
begins with failure. Specifically, the failure of a "generic" cortical neural network model of the sort we've been
exploring in this textbook to exhibit any kind of useful episodic memory ability. This failure was first documented
by McCloskey and Cohen (1989), using a generic backpropagation network trained on the AB-AC paired associate
list learning task (Barnes & Underwood, 1959) (Figure 8.1). This task involves learning an initial list of arbitrary

word pairs, called the AB list -- for example:

¢ locomotive - dishtowel
e window - reason
* bicycle - tree
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People are tested on their ability to recall the B associate for each A item, and training on the AB list ends when they

achieve perfect recall. Then, they start learning the AC list, which involves new associates for the previous A items:

* locomotive - cloud

* window - book

* bicycle - couch

After 1, 5, 10, and 20 iterations of learning this AC list, people are tested on their ability to recall the original AB
items, without any additional training on those items. Figure 8.1 shows that there is a significant amount of
interference on the AB list as a result of learning the AC items, due to the considerable overlap between the two lists,
but even after 20 iterations through the AC items, people can still recall about 50% of the AB list. In contrast,
McCloskey & Cohen (1989) showed that the network model exhibited catastrophic interference -- performance on
the AB list went to 0% immediately. They concluded that this invalidated all neural network models of human

cognition, because obviously people have much better episodic memory abilities.

But we'll see that this kind of whole-sale abandonment of neural networks is unjustified (indeed, the brain is a
massive neural network, so there must be some neural network description of any phenomenon, and we take these
kind of challenges as informative opportunities to identify the relevant mechanisms). Indeed, in the following
exploration we will see that there are certain network parameters that reduce the levels of interference. The most
important manipulation required is to increase the level of inhibition so that fewer neurons are active, which reduces
the overlap between the internal representation of the AB and AC list items, thus allowing the system to learn AC
without overwriting the prior AB memories. We'll then see that the hippocampal system exploits this trick to an

extreme degree (along with a few others), making it an exceptionally good episodic memory system.

Exploration of Catastrophic Interference

Open the ABAC simulation and follow the directions there.

The Hippocampus and Pattern Separation / Pattern Completion

The hippocampus is specifically

L. . . . Posterior Cortex Medial Temporal Lobe (MTL) Hippocampal
optimized to rapidly record episodic Cortex -- Association Areas Formation
memories  using  highly sparse Dentate | (extreme pattern
. . . . Parietal Cortex \ Gyrus separation)
representations (i.e., having relatively (Dorsal Stream) W Paraniveo N\ / N
. e rt
few neurons active) that minimize it - .
CA3 ] (pattern
: Cortex completion
overlap (through pattern separation) ] permina 4 V\\ pletion)
. . . . Corts
and thus interference. This idea is icortox Y4 i 4
sl = ream) / (stable sparse
consistent with such a large quantity of subicum [ CAT invertabie)
data, that it is close to established fact =3 Memory encoding
. . . . =3 Memory retrieval "
(a rarity in cognitive neuroscience). =3 Critical learning Subcortical
Areas

This data includes the basic finding of

. . . . Figure 8.2: The hippocampus sits on "top" of the cortical hierarchy and can encode

episodic memory impairments (and . . o . .
information from all over the brain, binding it together into an episodic memory. Dorsal

particularly in pattern separation) that (parahippocampal) and Ventral (perirhinal) pathways from posterior cortex converge into
result from selective hippocampal the entorhinal cortex, which is then the input an output pathway of the hippocampus
lesions, the unique features of the proper, consisting of the dentate gyrus (DG) and areas of "ammon's horn" (cornu
. . ammonis, CA) -- CA3 and CA1. CA3 represents the primary "engram" for the episodic
hlppocampal anatomy, which are so memory, while CA1 is an invertible encoding of EC, such that subsequent recall of the
distinctive relative to other brain areas CA3 engram can activate CA1 and then EC, to reactivate the full episodic memory out

into the cortex.
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that they cry out for an explanation, and the

. . CA3CS CAl1CS
vast repertoire of neural recording data from
different hippocampal areas. We start with
an overview of hippocampal anatomy,

followed by the neural recording data and an

understanding of how relatively sparse
neural activity levels also results in pattern

separation, which minimizes interference.

Hippocampal Anatomy

The anatomy of the hippocampus proper and
the areas that feed into it is shown in Figure
8.2. The hippocampus represents one of two
"summits" on top of the hierarchy of
interconnected cortical areas (where the
bottom are sensory input areas, €.g., primary
visual cortex) -- the other such summit is the

prefrontal cortex explored in the Executive

Function Chapter. Thus, it posesses a critical Figure 8.3: Comparison of activity patterns across different areas of the

feature for an episodic memory system: hippocampus, showing that CA fields (CA3, CA1) are much more sparse and

. selective than the cortical input areas (Entorhinal cortex (EC) and subiculum). This
access to a very high-level summary of sparse, pattern separated encoding within the hippocampus enables it to rapidly
everything of note going on in your brain at learn new episodes while suffering minimal interference. Activation of sample
the moment. This information, organized neurons within each area are shown for a rat running on an 8 arm radial maze, with
alon g the du al-p athw ay dorsal vs. ventral the bars along each arm indicating how much the neuron fired for each direction of
. . motion along the arm. The CA3 neuron fires only for one direction in one arm,
pathways explored in the Perception and

while EC has activity in all arms (i.e., a much more overlapping, distributed
Attention Chapter, converges on the representation).

parahippocampal (PHC) (dorsal) and

perirhinal (PRC) (ventral) areas, which then feed into the entorhinal cortex (EC), and then into the hippocampus
proper. The major hippocampal areas include the dentate gyrus (DG) and the areas of "ammon's horn" (cornu
ammonis (CA) in latin), CA3 and CA1 (what happened to CA2? turns out it is basically the same as CA3 so we just
use that label). All of these strange names have to do with the shapes of these areas, including the term
"hippocampus" itself, which refers to the seahorse shape it has in the human brain (hippocampus is greek for

seahorse)).

The basic episodic memory encoding story in terms of this anatomy goes like this. The
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high-level summary of everything in the brain is activated in EC,
which then drives the DG and CA3 areas via the perforant
pathway -- the end result of this is a highly sparse, distinct pattern
of neural firing in CA3, which represents the main "engram" of the
hippocampus. The EC also drives activity in CA1, which has the
critical feature of being able to then re-activate this same EC
pattern all by itself (i.e., an invertible mapping or auto-encoder
relationship between CA1 and EC). These patterns of activity then
drive synaptic plasticity (learning) in all the interconnected

synapses, with the most important being the synaptic connections
among CA3 neurons (in the CA3 recurrent pathway), and the
connections between CA3 and CA1l (the Schaffer collateral
pathway). These plastic changes effectively "glue together" the

different neurons in the CA3 engram, and associate them with the
CA1 invertible pattern, so that subsequent retrieval of the CA3
engram can then activate the CAl, then EC, and back out to the
cortex. Thus, the primary function of the hippocampus is to bind
together all the disparate elements of an episode, and then be able

to retrieve this conjunctive memory and reinstate it out into the

cortex during recall. This is how a memory can come "flooding
back" -- it floods back from CA3 to CAl to EC to cortex,

Figure 8.4: Schematic illustration of how more sparse
activity levels can produce pattern separation, just

reactivating something approximating the original brain pattern at because the odds of overlapping are that much lower.
the time the memory was encoded. Graphically, this is evident in that the smaller circles

(sparser activation) in the hippocampus are less likely
As noted in the introduction, every attempt to simplify and to overlap than the larger ones in the cortex.

modularize memory in this fashion is inaccurate, and in fact
memory encoding is distributed among all the neurons that are active at the time of the episode. For example,
learning in the perforant pathway is important for reactivating the CA3 engram from the EC inputs (especially when

they represent only
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a partial memory retrieval cue). In addition,

learning all the way through the cortical 7y D @ @ @ © @ A

pathways into and out of the hippocampus 10min 10min 10min 10min 10min 10min 10min 10 min

"greases" the retrieval process. Indeed, if a G D =
memory pattern is reactivated frequently,

then these cortical connections can be strong

enough to drive reactivation of the full

CA3
memory, without the benefit of the “ ' g a 0 ' . a
hippocampus at all. We discuss this
S0P 222D

Dentate Gyrus

- - : e
T
controlled retrieval here, but it depends on a ‘
combination of activation and weight based ., ‘ ' u‘ ‘ R n.
memory analogous to some features we will : :

explore in Executive Function .

consolidation process in detail later. Finally,

the retrieval process can be enhanced by
controlled retrieval of memory using
top-down strategies using the prefrontal

cortex. We don't consider this aspect of

Figure 8.5: Pattern separation in the CA3 and Dentate Gyrus of the hippocampus,
as a function of an environment that morphs gradually from a square into a circle,
and vice-versa (indicated in top panel). The CA3 neuron shown here has two
distinct "place cell" firing patterns, one for the square and one for the circle. In
contrast, The DG neuron exhibits somewhat greater pattern separation by
responding differentially in the middle of the morph sequence. Data from Leutgeb
et al. (2007).

Properties of Hippocampal Neurons: Sparsness, Pattern Separation

A representative picture of a critical difference between the hippocampus (CA3, CA1) and cortex is shown in Figure
8.3, where it is clear that CA3 and CA1 neurons fire much less often than those in the cortex (entorhinal cortex and
subiculum). This is what we mean by sparseness in the hippocampal representation -- for any given episode, only a
relatively few neurons are firing, and conversely, each neuron only fires under a very specific circumstance. In rats,
these circumstances tend to be identifiable as spatial locations, i.e., place cells, but this is not generally true of
primate hippocampus. This sparseness is thought to result from high levels of GABA inhibition in these areas,
keeping many neurons below threshold, and requiring active neurons to receive a relatively high level of excitatory
input to overcome this inhibition. The direct benefit of this sparseness is that the engrams for different episodes will
overlap less, just from basic probabilities (Figure 8.4). For example, if the probability of a neuron being active for a
given episode is 1% (typical of the DG), then the probability for any two random episodes is that value squared,
which is .01% (a very small number). In comparison, if the probability is higher, e.g., 25% (typical of cortex), then
there is a 6.25% chance of overlap for two episodes. David Marr appears to have been the first one to point out this

pattern separation property of sparse representations, in an influential 1971 paper.

The connection between activity levels and pattern separation can also be observed within the hippocampus itself, by
comparing the firing properties of DG vs. CA3 neurons, where DG neurons have the sparsest activity levels, even
compared to the somewhat less sparse CA3 (roughly 2-5% activity level). Figure 8.5 from a study by Leutgeb et al
(2007) shows that the DG exhibits more pattern separation than the CA3, as a function of systematic morphing of an
environment from a square to a circle and back again. The DG neurons exhibit a greater variety of neural firing as a
function of this environmental change, suggesting that they separate these different environments to a greater extent

than the CA3. There are many other compelling demonstrations of pattern separation in various hippocampal areas
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relative to cortex, and in particular in DG relative to other areas (see e.g., the extensive work of Kesner on this
topic).

Another factor that contributes to effective pattern separation is the broad and diffuse connectivity from EC to DG
and CA3, via the perforant pathway. This allows many different features in EC to be randomly combined in DG and
CA3, enabling them to be sensitive to combinations or conjunctions of inputs. Because of the high inhibitory
threshold associated with sparse activations, this means a given neuron in these areas must receive significant
excitation from multiple of these diffuse input sources. In other words, these neurons have conjunctive

representations.

Pattern separation is important for enabling the hippocampus to rapidly encode novel episodes with a minimum of

interference on prior learning, because the patterns of neurons involved overlap relatively little.

Pattern Completion: Cued Recall

While pattern separation is important for encoding new memories, this encoding would be useless unless these
memories can be subsequently recalled. This recall process is also known as pattern completion, where a partial
retrieval cue triggers the completion of the full original pattern associated with the memory. For example, if I cue
you with the question: "did you go to summer camp as a kid?" you can pattern complete from this to memories of
summer camp, or not, as the case may be. The amazing thing about human memory is that it is content addressable
memory -- any sufficiently specific subset of information can serve as a retrieval cue, enabling recovery of
previously-encoded episodic memories. In contrast, memory in a computer is accessed by a memory address or a
variable pointer, which has no relationship to the actual content stored in that memory. The modern web search
engines like Google demonstrate the importance of content addressability, and function much like the human
memory system, taking search terms as retrieval cues to find relevant "memories" (web pages) with related
information. As you probably know from searching the web, the more specific you can make your query, the more

likely you will retrieve relevant information -- the same principle applies to human memory as well.

In the hippocampus, pattern completion is facilitated by the recurrent connections among CA3 neurons, which glues
them together during encoding, such that a subset of CA3 neurons can trigger recall of the remainder. In addition, the
synaptic changes during encoding in the perforant pathway make it more likely that the original DG and CA3
neurons will become reactivated by a partial retrieval cue.

Interestingly, there is a direct tension or tradeoff between pattern separation and pattern completion, and the detailed
parameters of the hippocampal anatomy can be seen as optimizing this tradeoff (O'Reilly & McClelland, 1994).
Pattern separation makes it more likely that the system will treat the retrieval cue like a novel stimulus, and thus
encode a new distinct engram pattern in CA3, instead of completing to the old one. Likewise, if the system is too
good at pattern completion, it will reactivate old memories instead of encoding new pattern separated ones, for truly
novel episodes. Although the anatomical parameters in our model do help to find a good balance between these
different forces of completion and separation, it is also likely that the hippocampus benefits from strategic influences
from other brain areas, e.g., prefrontal cortex executive control areas, to emphasize either completion or separation
depending on whether the current demands require recall or encoding, respectively. We will explore this issue

further in the Executive Function Chapter.
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Exploration

Now, let's explore how the hippocampus encodes and recalls memories, using the AB-AC task. Just click on the

following exploration and follow the instructions from there:

* Hippocampus

Complementary Learning Systems

As noted earlier, when McCloskey &

Complementary Learning Systems

Cohen first discovered the

phenomenon of catastrophic Goals: Remember Specifics | Extract Generalities
interference, they concluded that Example: | Where is car parked? | Best parking strategy?
neural networks are fatally flawed and Need to: | Avoid interference Accumulate experience

should not be considered viable models
of human cognition. This is the same
thing that happened with Minksky and
Papert in 1969,
networks that lack a hidden layer and
thus difficult

mappings such as XOR (see Learning

in the context of
learn more

cannot

Chapter for more details). In both

Solution:

1. | Separate reps
(keep days separate)

888

Overlapping reps
(integrate over days)

(parking
strategy)

2. | Fast learning
(encode immediately)

Slow learning
(integrate over days)

3. | Learn automatically
(encode everything)

Task-driven learning
(extract relevant stuff)

cases, there are ready solutions to these

These are incompatible, need two different systems:
| Hippocampus | Neocortex

problems, but people seem all too

System:

willing to seize upon an excuse to

. Figure 8.6: Summary of the Complementary Learning Systems perspective on functional
discount the neural network model of & : Y P i Y €3y persp i
roles of Hippocampus vs. Neocortex, in context of memory about parking spaces. The

the mind. Perhaps it is just too

hippocampus can rapidly encode in a relatively inteference-free way where you parked

reductionistic or otherwise scary to your car today, as distinct from previous days. The neocortex in contrast can integrate

across many different experiences (using a slow learning rate) to extract an overall

think that everything that goes on in

our brain could reallv boil down to parking strategy that reflects effects of many different factors on likelihood of finding
y y parking in a given lot. The functional demands for these two different kinds of learning

mere neurons... However, this problem

are in direct conflict, so the best overall functionality can be achieved by having two
may not be unique to neural networks complementary learning systems, each separately optimized for these different functions.
-- researchers often discount various

theories of the mind, including Bayesian models for example, when they don't accord with some pattern of data. The
trick is to identify when any given theory is fundamentally flawed given challenging data; the devil is in the details,
and oftentimes there are ways to reconcile or refine an existing theory without "throwing out the baby with the

bathwater".

Such musings aside, there are (at least) two possible solutions to the catastrophic interference problem. One would
be to somehow improve the performance of a generic neural network model in episodic memory tasks, inevitably by
reducing overlap in one way or another among the representations that form. The other would be to introduce a
specialized episodic memory system, i.e., the hippocampus, which has parameters that are specifically optimized for
low-interference rapid learning through pattern separation, while retaining the generic neural network functionality
as a model of neocortical learning. The advantage of this latter perspective, known as the complementary learning
systems (CLS) framework (McClelland, McNaughton & O'Reilly, 1995; Norman & O'Reilly, 2003), is that the
things you do to make the generic neural model better at episodic memory actually interfere with its ability to be a

good model of neocortex. Specifically, neocortical learning for things like object recognition (as we saw in the

Perception Chapter), and semantic inference (as we'll see in the Language Chapter) really benefit from highly

overlapping distributed representations, and slow interleaved learning. These overlapping distributed representations
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enable patterns of neural activity to encode complex, high-dimensional similarity structures among items (objects,
words, etc), which is critical for obtaining a "common sense" understanding of the world. Figure 8.6 summarizes this
fundamental tradeoff between statistical or semantic learning (associated with the neocortex) and episodic memory

(associated with the hippocampus).

Consistent with this basic tradeoff, people with exceptional episodic memory abilities (as discussed earlier) often
suffer from a commensurate difficulty with generalizing knowledge across episodes. Even more extreme, autistic
memory savants, who can memorize all manner of detailed information on various topics, generally show an even
more profound lack of common sense reasoning and general ability to get by in the real world. In these cases, it was
speculated that the neocortex also functions much more like a hippocampus, with sparser activity patterns, resulting
in overall greater capacity for memorizing specifics, but correspondingly poor abilities to generalize across

experiences to produce common sense reasoning (McClelland, 2000).

Amnesia: Anterograde vs. Retrograde

Having seen how the intact hippocampus functions, you may be wondering what goes wrong to produce amnesia.
The hollywood version of amnesia involves getting hit on the head, followed by a complete forgetting of everything
you know (e.g., your spouse becomes a stranger). Then of course another good whack restores those memories, but
not before many zany hijinks have ensued. In reality, there are many different sources of amnesia, and memory
researchers typically focus on the kind that is caused by direct damage to the hippocampus and related structures,
known as hippocampal amnesia. The most celebrated case of this is a person known to science as H.M. (Henry
Molaison), who had his hippocampus removed to prevent otherwise intractable epilepsy, in 1957. He then developed
the inability to learn new episodic information (anterograde amnesia), as well as some degree of forgetting of
previously learned knowledge (retrograde amnesia). But he remembered how to talk, the meanings of different
words and objects, how to ride a bike, and could learn all manner of new motor skills. This was a clear indication

that the hippocampus is critical for learning only some kinds of new knowledge.

More careful studies with HM showed that he could also learn new semantic information, but that this occurred
relatively slowly, and the learned knowledge was more brittle in the way it could be accessed, compared to
neurologically intact people. This further clarifies that the hippocampus is critical for episodic, but not semantic
learning. However, for most people semantic information can be learned initially via the hippocampus, and then
more slowly acquired by the neocortex over time. One indication that this process occurs is that HM lost his most
recent memories prior to the surgery, more than older memories (i.e., a temporally-graded retrograde gradient, also
know as a Ribot gradient). Thus, the older memories had somehow become consolidated outside of the
hippocampus, suggesting that this gradual process of the neocortex learning information that is initially encoded in

the hippocampus, is actually taking place. We discuss this process in the next section.

Certain drugs can cause a selective case of anterograde amnesia. For example, the benzodiazepines (including the
widely-studied drug midazolam) activate GABA inhibitory neurons throughout the brain, but benzodiazepene
(GABA-A) receptors are densely expressed in the hippocampus, and because of the high levels of inhibition, it is
very sensitive to this. At the right dosage, this inhibition is sufficient to prevent synaptic plasticity from occurring
within the hippocampus, to form new memories, but previously-learned memories can still be reactivated. This then
gives rise to a more pure case of anterograde, without retrograde, amnesia. Experimentally, midazolam impairs
hippocampal-dependent rapid memory encoding but spares other forms of integrative learning such as reinforcement
learning (e.g., Hirshman et al, 2001; Frank, O'Reilly & Curran, 2006).

Another source of amnesia comes from Korsakoff's syndrome, typically resulting from lack of vitamin B1 due to
long-term alcoholism. This apparently affects parts of the thalamus and the mammillary bodies, which in turn
influence the hippocampus via various neuromodulatory pathways, including GABA innervation from the medial

septum, which can then influence learning and recall dynamics in the hippocampus.
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Memory Consolidation from Hippocampus to Neocortex

Why do we dream? Is there something useful happening in our brains while we sleep, or is it just random noise and
jumbled nonsensical associations? Can you actually learn a foreign language while sleeping? Our enduring
fascination with the mysteries of sleep and dreaming may explain the excitement surrounding the idea that memories
can somehow migrate from the hippocampus to the neocortex while we sleep. This process, known as memory
consolidation, was initially motivated by the observation that more recent memories were more likely to be lost
when people suffer from acquired amnesia, as in the case of H.M. discussed above. More recently, neural recordings
in the hippocampus during wakefulness and sleep have revealed that patterns of activity that occur while a rat is
running a maze seem to also be reactivated when the animal is then asleep. However, the measured levels of
reactivation are relatively weak compared to the patterns that were active during the actual behavior, so it is not clear
how strong of a learning signal could be generated from this. Furthermore, there is considerable controversy over the
presence of the temporally-graded retrograde gradients in well-controlled animal studies, raising some doubts about
the existence of the consolidation phenomenon in the first place. Nevertheless, on balance it seems safe to conclude
that this process does occur at least to some extent, in at least some situations, even if not fully ubiquitous. In
humans, slow wave oscillations during non-REM sleep are thought to be associated with memory consolidation.
Indeed, one recent study showed that external induction of slow wave oscillations during sleep actually resulted in

enhanced subsequent hippocampal-dependent memories for items encoded just prior to sleep (Marshall et al., 2006)

One prediction from the complementary learning systems perspective regarding this consolidation process is that the
information encoded in the neocortex will be of a different character to that initially encoded by the hippocampus,
due to the very different nature of the learning and representations in these two systems. Thus, to the extent that
episodic memories can be encoded in the neocortex, they will become more "semanticized" and generalized,
integrating with other existing memories, as compared to the more distinct and crisp pattern separated
representations originally encoded in the hippocampus. Available evidence appears to support this idea, for example

by comparing the nature of the intact memories from hippocampal amnesics to neurologically intact controls.

Role of Space in the Hippocampus

A large amount of research on the hippocampus takes place in the rat, and spatial navigation is one of the most
important behavioral functions for a rat. Thus, it is perhaps not too surprising that the rat hippocampus exhibits
robust place cell firing (as shown in the figures above), where individual DG, CA3 and CA1 neurons respond to a
particular location in space. A given neuron will have a different place cell location in different environments, and
there does not appear to be any kind of topography or other systematic organization to these place cells. This is
consistent with the random, diffuse nature of the perforant pathway projections into these areas, and the effects of

pattern separation.

More recently, spatial coding in the entorhinal cortex has been discovered, in the form of grid cells. These grid cells
form a regular hexagonal lattice or grid over space, and appear to depend on various forms of oscillations. These grid
cells may then provide the raw spatial information that gets integrated into the place cells within the hippocampus
proper. In addition, head direction cells have been found in a number of different areas that project into the
hippocampus, and these cells provide a nice dead reckoning signal about where the rat is facing based on the

accumulation of recent movements.
The combination of all these cell types provides a solid basis for spatial navigation in the rat, and various

computational models have been developed that show how these different signals can work together to support

navigation behavior. An exploration model of this domain will be available in a future edition.
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Theta Waves

An important property of the hippocampus
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different areas of the hippocampus are out

of phase with each other with respect to this

theta oscillation, and this raises the Stron g EC input Weak EC input
possibility that these phase differences may Weak CA3 Strong CA3
enable the hippocampus to learn more Figure 8.7: Different areas of the hippocampal system fire out of phase with

effectively. Hasselmo et al (2002) argued respect to the overall theta rhythm, producing dynamics that optimize encoding vs.
retrieval. We consider the strength of the EC and CA3 inputs to CA1. When the

that this theta phase relationship enables the o . : i
EC input is strong and CA3 is weak, CA1 can learn to encode the EC inputs. This

system to alternate between encoding of serves as a plus phase for an error-driven learning dynamic in the Leabra
new information vs. recall of existing framework. When CA3 is strong and EC is weak, the system recalls information
information. This is an appealing idea, driven by prior CA3 -> CA1 learning. This serves as a minus phase for Leabra
error-driven learning, relative to the plus phase encoding state. (adapted from

because as we discussed earlier, there can be
Hasselmo et al, 2002)

a benefit by altering the hippocampal
parameters to optimize encoding or retrieval

based on various other kinds of demands.

The emergent software now supports an extension to this basic theta encoding vs. retrieval idea that enables Leabra
error-driven learning to shape two different pathways of learning in the hippocampus, all within one standard trial of
processing. We refer to this as quad phase learning, because each pathway has an effective minus and plus phase
activation state (although in fact they share the same plus phase). The main pathway, trained on the standard minus
to plus phase difference, involves CA3-driven recall of the corresponding CA1 activity pattern, which can then
reactivate EC and so on out to cortex. The second pathway, trained using a special initial phase of settling within the
minus phase, is the CA1 <-> EC invertible auto-encoder, which ensures that CA1 can actually reactivate the EC if it
is correctly recalled. In our standard hippocampal model explored previously, this auto-encoder pathway is trained in
advance on all possible sub-patterns within a single subgroup of EC and CAI1 units (which we call a "slot"). This

new model suggests how this auto-encoder can instead be learned via the theta phase cycle.

See Hippocampus Quad Phase for details on this quad phase version of the hippocampus, which is recommended to

use for any computationally demanding hippocampal applications.

Theta oscillations are also thought to play a critical role in the grid cell activations in the EC layers, and perhaps may
also serve to encode temporal sequence information, because place field activity firing shows a theta phase
procession, with different place fields firing at different points within the unfolding theta wave. We will cover these

topics in greater detail in a subsequent revision.

The Function of the Subiculum

The subiculum is often neglected in theories of hippocampal function, and yet it likely plays various important roles.
Anatomically, it is situated in a similar location as the entorhinal cortex (EC) relative to the other hippocampal areas,
but instead of being interconnected with neocortical areas, it is interconnected more directly with subcortical areas
(Figure 8.2). Thus, by analogy to the EC, we can think of it as the input/output pathway for subcortical information
to/from the hippocampus. One very important function that the subiculum may perform is computing the relative
novelty of a given situation, and communicating this to the midbrain dopamine systems and thence to basal ganglia,

to modulate behavior appropriately (Lisman & Grace, 2005). Novelty can have complex affective consequences,
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being both anxiogenic (anxiety producing) and motivational for driving further exploration, and generally increases
overall arousal levels. The hippocampus is uniquely capable of determining how novel a situation is, taking into
account the full conjunction of the relevant spatial and other contextual information. The subiculum could potentially
compute novelty by comparing CA1 and EC states during the recall phase of the theta oscillation, for example, but
this is purely conjecture at this point. Incorporating this novelty signal is an important goal for future computational

models.

Familiarity and Recognition Memory

Stepping back now from the specific memory contributions of the hippocampus, we consider a broader perspective
of how the hippocampal system fits into the larger space of human memory capacities. One of the most important
questions that researchers have focused on here is whether the neocortex can contribute anything at all to single trial
episodic memory. Does a single exposure to a given stimulus leave a big enough trace anywhere in the cortex so as
to influence overt behavior? As noted previously, we feel confident that synapses throughout the brain are likely to
be affected by every learning experience, but is neocortical learning simply too slow, and the representations too

overlapping, to produce a behaviorally significant change from a single experience?

A large body of data suggests that indeed the neocortex can support episodic memory traces, but that they have very
different properties compared to those supported by the hippocampus. Specifically, it seems that the perirhinal cortex
can produce a useful familiarity signal, that indicates in a very coarse manner whether a given stimulus was
experienced recently or not. This familiarity signal can be contrasted with the recollective memory signal provided
by the hippocampus: a full explicit recall of the details of the previous episode when the item was last experienced.
The familiarity signal is instead more like a single graded value that varies in intensity depending on how strongly
familiar the item is. One hypothesis about the neural basis for this signal is the sharpness of the representations in
perirhinal cortex -- single trials of learning in a generic cortical model leave measurable traces on the overall pattern
of neural activity, such that the contrast between strongly active and more weakly active neurons is enhanced
(Norman & O'Reilly, 2003). This results from the basic self-organizing learning dynamic we observed in the
Learning Chapter, where the most strongly activated neurons strengthen their synaptic connections, and thus are

better able to out-compete other neurons.

Interestingly, people can obtain subjective conscious access to this familiarity signal, and use it to make overt,
conscious evaluations of how familiar they think an item is. The neural mechanism for this explicit readout of a
sharpness signal has not been identified. This main challenge here is identifying why signals in perirhinal cortex are
consciously accessible, while similar such signals in other neocortical areas do not appear to be accessible to

consciousness (as we discuss in the next section).

This combination of hippocampal recall and perirhinal familiarity memory systems is called a dual process model of
recognition memory, and after many years of controversy, it is now widely accepted in the field. Some of the data
consistent with this dual process model include preserved familiarity signals in people with substantial hippocampal
lesions, and a variety of neuroimaging and behavioral studies that have been able to distinguish between these two

memory signals in various ways.

A subsequent revision will contain a dual-process memory model to explore at this point.
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Priming: Weight and Activation-Based

Moving further afield from the hippocampus and surrounding cortical areas (e.g., the familiarity signal in the
perirhinal cortex), can perceptual and other association cortex areas make useful memory contributions based on
single or small numbers of exposures? The answer here is also in the affirmative, but unlike the familiarity signal,
these memory traces remain almost entirely below the radar of conscious awareness -- scientists can measure
memory effects in terms of various behavioral measures, but we are not subjectively aware of having these
memories. The general term for this form of memory is priming, because the main behavioral manifestation is a
speedup in reaction time, or an increased probability of making a particular behavioral response -- as if the "pump is
being primed" by these memory traces. Indeed, we think of the slow incremental neocortical learning effects as
doing exactly this pump priming level of tweaking to the underlying neural representations. Only sustained changes
over many experiences can truly reshape these more stable neural representations in more dramatic ways. And as we
get older, it seems that perhaps the learning rate gets slower, making it even more difficult to fundamentally reshape

the most basic neocortical representations.

In addition to the subtle effects of slow learning changes, priming can also result from residual activation -- neural
firing that persists from previously processed information. Thus, we can distinguish between weight-based priming
and activation-based priming. As might be expected, activation-based priming is very short-lived, disappearing as
soon as the neural firing dissipates. By contrast, weight-based priming can be remarkably persistent, with some cases
of priming lasting a year or more, from a single exposure! This kind of behavioral result puts strong constraints on
the stability of synaptic plasticity -- various computational models introduce forms of synaptic weight decay, but this

seems inconsistent with the extreme durability of priming, and of our long-term memories more generally.

One behavioral paradigm used to reveal priming effects is called stem completion. Here, the first letters of a word are
presented, and the participant is asked to complete the stem with the first word that comes to mind. For example, you

might see stems like this:

win

let

and respond with words like "window" or "winter", "letter" or "lettuce". The priming effect is revealed by first
exposing people to one of the possible words for these stems, often in a fairly disguised, incidental manner, and then
comparing how much this influences the subsequent likelihood of completing the stem with it. By randomizing
which of the different words people are exposed to, you can isolate the effects of prior exposure relative to whatever
baseline preferences people might otherwise have. We know that those priming effects are not due to learning in the

hippocampus, because they remain intact in people with hippocampal lesions.

Exploration

Now we can explore both weight-based and activation-based priming on a simple stem-completion like task, using a

very generic cortical learning model.
*  WtPriming (wt_priming.proj)

e ActPriming (act_priming.proj)

SubTopics

Here are all the sub-topics within the Memory chapter, collected in one place for easy browsing. These may or may

not be optional for a given course, depending on the instructor's specifications of what to read:

* Hippo Quad Phase -- advanced quad phase learning version of the hippocampus.
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Explorations

Here are all the explorations covered in the main portion of the Memory chapter:

* ABAC (ab_ac_interference.proj) -- Paired associate learning and catastrophic interference. (Questions 8.1 -- 8.3)
» Hippocampus (hip.proj) -- Hippocampus model and overcoming interference. (Questions 8.4 -- 8.6)

e WtPriming (wt_priming.proj) -- Weight-based (long-term) priming. (Question 8.7)

e ActPriming (act_priming.proj) -- Activation-based (short-term) priming. (Question 8.8)

References

[1] http://en.wikipedia.org/wiki/We_Can_Remember_It_for_You_Wholesale
[2] http://en.wikipedia.org/wiki/Exceptional_memory



http://grey.colorado.edu/CompCogNeuro/index.php?title=CCNBook/Sims/Memory/ABAC
http://grey.colorado.edu/CompCogNeuro/index.php?title=CCNBook/Sims/Memory/Hippocampus
http://grey.colorado.edu/CompCogNeuro/index.php?title=CCNBook/Sims/Memory/WtPriming
http://grey.colorado.edu/CompCogNeuro/index.php?title=CCNBook/Sims/Memory/ActPriming
http://en.wikipedia.org/wiki/We_Can_Remember_It_for_You_Wholesale
http://en.wikipedia.org/wiki/Exceptional_memory

123

9. Language

CCNBook/Language

Language involves almost every part of the brain, as covered in other chapters in the text:

* Perception and attention: language requires the perception of words from auditory sound waves, and written text.
Attention is critical for pulling out individual words on the page, and individual speakers in a crowded room. In
this chapter, we see how a version of the object recognition model from the perception chapter can perform
written word recognition, in a way that specifically leverages the spatial invariance property of this model.

* Motor control: Language production obviously requires motor output in the form of speech, writing, etc. Fluent
speech depends on an intact cerebellum, and the basal ganglia have been implicated in a number of linguistic
phenomena.

* Learning and memory: early word learning likely depends on episodic memory in the hippocampus, while
longer-term memory for word meaning depends on slow integrated learning in the cortex. Memory for recent
topics of discourse and reading (which can span months in the case of reading a novel) likely involves the
hippocampus and sophisticated semantic representations in temporal cortex.

» Executive Function: language is a complex mental facility that depends critically on coordination and working
memory from the prefrontal cortex (PFC) and basal ganglia -- for example encoding syntactic structures over

time, pronoun binding, and other more transient forms of memory.

One could conclude from this that language is not particularly special, and instead represents a natural specialization
of domain general cognitive mechanisms. Of course, people have specialized articulatory apparatus for producing
speech sounds, which are not shared by other primate species, but one could argue that everything on top of this is
just language infecting pre-existing cognitive brain structures. Certainly reading and writing is too recent to have any
evolutionary adaptations to support it (but it is also the least "natural" aspect of language, requiring explicit

schooling, compared to the essentially automatic manner in which people absorb spoken language).
But language is fundamentally different from any other cognitive activity in a number of important ways:

* Symbols -- language requires thought to be reduced to a sequence of symbols, transported across space and time,
to be reconstructed in the receiver's brain.

* Syntax -- language obeys complex abstract regularities in the ordering of words and letters/phonemes.

* Temporal extent and complexity -- language can unfold over a very long time frame (e.g., Tolstoy's War and
Peace), with a level of complexity and richness conveyed that far exceeds any naturally occurring experiences
that might arise outside of the linguistic environment. If you ever find yourself watching a movie on an airplane
without the sound, you'll appreciate that visual imagery represents the lesser half of most movie's content (the
interesting ones anyway).

* Generativity -- language is "infinite" in the sense that the number of different possible sentences that could be
constructed is so large as to be effectively infinite. Language is routinely used to express new ideas. You may find
some of those here.

* Culture -- much of our intelligence is imparted through cultural transmission, conveyed through language. Thus,

language shapes cognition in the brain in profound ways.

The "special”" nature of language, and its dependence on domain-general mechanisms, represent two poles in the
continuum of approaches taken by different researchers. Within this broad span, there is plenty of room for
controversy and contradictory opinions. Noam Chomsky famously and influentially theorized that we are all born

with an innate universal grammar, with language learning amounting to discovering the specific parameters of that
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language instance. On the other extreme, connectionist language modelers such as Jay McClelland argue that
completely unstructured, generic neural mechanisms (e.g., backpropagation networks) are sufficient for explaining
(at least some of) the special things about language.

Our overall approach is clearly based in the domain-general approach, given that the same general-purpose neural
mechanisms used to explore a wide range of other cognitive phenomena are brought to bear on language here.
However, we also think that certain features of the PFC / basal ganglia system play a special role in symbolic,
syntactic processing. At present, these special contributions are only briefly touched upon here, and elaborated just a
bit more in the executive function chapter, but future plans call for further elaboration. One hint at these special
contributions comes from mirror neurons discovered in the frontal cortex of monkeys, in an area thought to be
analogous to Broca's area in humans -- these neurons appear to encode the intentions of actions performed by other
people (or monkeys), and thus may constitute a critical capacity to understand what other people are trying to

communicate.

We start as usual with a biological grounding to language, in terms of particularly important brain areas and the
biology of speech. Then we look at the basic perceptual and motor pathways in the context of reading, including an
account of how damage to different areas can give rise to distinctive patterns of acquired dyslexia. We explore a
large-scale reading model, based on our object recognition model from the perception chapter, that is capable of
pronouncing the roughly 3,000 monosyllabic words in English, and generalizing this knowledge to nonwords. Next,
we consider the nature of semantic knowledge, and see how a self-organizing model can encode word meaning in
terms of the statistics of word co-occurrence, as developed in the Latent Semantic Analysis (LSA) model. Finally,
we explore syntax at the level of sentences in the Sentence Gestalt model, where syntactic and semantic information
are integrated over time to form a "gestalt" like understanding of sentence meaning.

Biology of Language

The classic "textbook" brain areas for language are Broca's and
Wernicke's areas (Figure 9.1), which have been associated with
syntax and semantics, respectively. For example, a person who

suffers a stroke or other form of damage to Wernicke's area can

-
o

produce fluent, syntactically-correct speech, which is essentially -

devoid of meaning. Here is one example:

* "You know that smoodle pinkered and that I want to get him

g
-3
1=
S

round and take care of him like you want before", which

apparently was intended to mean: "The dog needs to go out so I

will take him for a walk".

. , o Figure 9.1: Brain areas associated with two of the
In contrast, a person with damage to Broca's area has difficulty ) o
most well-known forms of aphasia, or deficit in speech

producing syntactically correct speech output, typically producing produced by damage to these areas. Broca's aphasia is
single content words with some effort, e.g., "dog....walk". associated with impaired syntax but intact semantics,
while Wernicke's is the opposite. This makes sense

The more modern term for Broca's aphasia is expressive aphasia, ) ) ) o )
given their respective locations in brain: temporal

indicating a primary deficit in expressing speech. Comprehension cortex for semantics, and frontal cortex for syntax.
is typically intact, although interestingly there can be deficits in
understanding more syntactically complex sentences. Wernicke's aphasia is known as receptive aphasia, indicating a

deficit in comprehension, but also expression of meaning.
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Biologically, the locations of the damage associated with these

aphasias are consistent with what we know about these areas more
nasal cavity

generally. The ventral posterior area of frontal cortex known as

Broca's area (corresponding to Brodmann's areas 44 and 45) is

alveolar _velum
adjacent to the primary motor area associated with control over the ridge (soft palate)
mouth, and thus it represents supplementary motor cortex for lips | uvula
vocal output. Even though Broca's patient's can physically move
their mouths and other articulatory systems, they cannot perform
the complex sequencing of these motor commands that is
necessary to produce fluid speech. Interestingly, these higher-order
motor control areas also seem to be important for syntactic glottis

(vocal cords)

processing, even for comprehension. This is consistent with the
idea that frontal cortex is important for temporally-extended Figure 9.2: The different components of the vocal

patterning of behavior according to increasingly complex plans as tract, which are important for producing the range of

L speech sounds that people can produce.
one moves more anterior in frontal cortex.

The location of Wernicke's area in temporal cortex is sensible, given that we know that the temporal lobe represents

the semantic meanings of objects and other things.

There are still some controversies about the exact nature of damage required to produce each of these aphasias (and
likely a large amount of individual variability across people as well), but the basic distinction between these broad

areas remains quite valid.

The Articulatory Apparatus and Phonology

The vocal tract in people (Figure 9.2) is capable of

VOWELS producing a wide range of different speech sounds, by
Front Mearfront Central Mearback Back controlling the location and manner in which sound
Close 1 u waves are blocked or allowed to pass. There are two
basic categories of speech sounds: vowels and
Mear close ) .
consonants. Vowels occur with unobstructed airflow
Close mid 0 . .
(you can sing a vowel sound over an extended period),
Mid and differ in the location of the tongue and lips (Figure
Open mid J 9.3 and Figure 9.4). For example, the long "E" vowel
Mear open sound as in "seen" is produced with the tongue forward
Open D and the lips relatively closed. Consonants involve the

block f airflow, i iety of locations, and with
Vowels at right & left of bullets are rounded & unrounded o¢ jdge © alr. OW, I & vatlety 0 ) Ocations, and wi
a variety of different manners (Figure 9.5). The "s"

Figure 9.3: International Phonological Alphabet (IPA) for vowels, as . T .. . .
g } ) € ) P. (IPA) consonant is a "fricative" (friction-like obstruction of
a function of where the tongue is positioned (front vs. back,

organized horizontally in figure), and the shape of the lips (vertical the sound) with the tongue placed at the aveloar ridge.
axis in figure) -- these two dimensions define a space of vowel It is also unvoiced,

sounds.
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which means that the vocal chords are
not vibrating for it -- the "z" sound is

non

just like an "s" except it is voiced.

To see a video of the movements of the

tongue in vocal output, see this
YouTube link: http:// www. youtube.

com/watch?v=M20dAp7MJAI
We'll

phonological features in the output of

take advantage of these
our detailed reading model -- using

these features ensures that the

spelling-to-sound correspondences
actually capture the real phonological
structure of the English language (at
least at a fairly abstract level). A more
detailed motor model of speech output
developed by Frank Guenther, which
we hope to include in our models at
some point, can be found here: http://

speechlab.bu.edu/diva.php

VOWELS
Front Mearfrent Central Mearback Back

Close EAA— — U
« U

Mear close

O

Close mid
Mid
Open mid

Mear open

O
pen a

Vowels at right & left of bullets are rounded & unrounded

Figure 9.4: Version of IPA vowel space with vowel labels used in
simulations -- these are all standard roman letters and thus easier to
manipulate in computer programs. Only the subset present in English

is used.
CONSONANTS (PULMONIC)
LABIAL CORONAL DORSAL RADICAL [LARYRGEAL]
Bilabial ;::‘tﬂa-l Dental ‘Alwolarzla‘}_:;?;r troflex| Palatal | Velar | Uvular |Pharyngeal rcl;étal Glottal
Nasal m m n n n ] N
Plosive pb q]&fb td td_ CJ kg qc
e |QP[Fv[0d]sa[fs[salcilxy[x
Approximant v 1 _l J
Trill B r
r 4
Tk T
approximant 1 l. £ L
Lateral flap 1 ,l
Where symbals appear in pairs, the one to the right represents a modally voiced  except for di.
shaded areas denote articulations judged to be impossible. Light grey letters are unofficial extensions of the wa.

Figure 9.5: International Phonological Alphabet (IPA) for consonants, which are defined
in terms of the location where the flow of air is restricted (place, organized horizontally in
the table) and the manner in which it is restricted (plosive, fricative, etc, organized

vertically).
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Reading and Dyslexia in the Triangle Model

The first language model we explore

simulates the major pathways involved in

reading, according to the so-called triangle e

model (Figure 9.6) (cite: Plaut & Shallice,

7). This model provides a basic

understanding of the functional roles of R, Hiddel lalein

visual perception of written words

(orthography), spoken motor output of word
phonology, and semantic representations of Orthography O-P Hidden

word meaning in between. This set of

P honology

language pathways is sufficient to simulate
the processes involved in reading words
aloud, and damage to these pathways can

simulate the critical features of different Figure 9.6: Triangle model of reading pathways: Visual word input (orthography)
can produce speech output of the word either directly via projections to phonology

types of acquired dyslexia. Acquired
. . (direct path), or indirectly via projections to semantics that encode the meanings of
dyslexia, which results from strokes or other . e, o .
words. There is no single "lexicon" of words in this model -- word representations

brain damage, 18 distinct from are instead distributed across these different pathways. Damage to different

developmgnm[ dyslexia, which is the more pathways can account for properties of acquired dyslexia.
common form that many people associate
with the term dyslexia (which generically

. . Concrete/Abstract Semantics
refers to any form of reading impairment).

Y
There are three major forms of acquired 4000
dyslexia that can be simulated with the
model: 35.00
* Phonological -- characterized by 30.00
difficulty reading nonwords (e.g., "nust"
or "mave"). This can be produced by 25.00
damage to the direct pathway between
orthography and phonology (there 20.00
shouldn't be any activation in semantics
for nonwords), such that people have 1500
difficulty mapping spelling to sound 10.00
according to learned regularities that can
be applied to nonwords. We'll explore 5.00
this phenomenon in greater detail in the rent
next simulation. 000~ X
» Deep -- is a more severe form of . 0.00 1.0'00 L 2(.)'00 ‘ 30'00. . 4000
Figure 9.7: Cluster plot of semantic similarity for words in the simple triangle
phonological dyslexia, with the striking model of reading and dyslexia. Words that are semantically close (e.g., within the
feature that people sometimes make same terminal cluster) are sometimes confused for each other in simulated deep

semantic substitutions for words, dyslexia.

pronouncing the word "orchestra" as

"symphony" for example. There are also visual errors, so-named because they seem to reflect a misperception of

the word inputs (e.g, reading the word "dog" as "dot"). Interestingly, we'll see how more significant damage to the

direct pathway can give rise to this profile -- the semantic errors occur due to everything going through the
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semantic layer, such that related semantic representations can be activated. In the normal intact brain, the direct
pathway provides the relevant constraints to produce the actual written word, but absent this constraint, an
entirely different but semantically related word can be output.

Surface -- here nonword reading is intact, but access to semantics is impaired (as in Wernicke's aphasia), strongly
implicating a lesion in the semantics pathway. Interestingly, pronunciation of exception words (e.g., "yacht") is
impaired. This suggests that people typically rely on the semantic pathway to "memorize" how to pronounce odd
words like yacht, and the direct pathway is used more for pronouncing regular words.

That these different forms of dyslexia can be reliably observed in different patients, and fit so well with expected

patterns of reading deficits according to the triangle model, provides a strong source of support for the validity of the

model. It would be even more compelling if the specific foci of damage associated with these different forms of

dyslexia make sense anatomically according to the mapping of the triangle model onto brain areas. todo: see if the

data is there or not!

Exploration

Open Dyslexia for the simulation of the triangle model and associated forms of dyslexia. This model allows you
to simulate the different forms of acquired dyslexia, in addition to normal reading, using the small corpus of
words as shown in Figure 9.7. In the next section, we expand upon the direct pathway and examine nonword
reading, which requires a much larger corpus of words to acquire the relevant statistical regularities that support

generalization.

See Dyslexia Details for detailed graphs of the effects of partial lesions to the different pathways within the triangle

model -- you can reproduce this data in the simulation, but the graphs provide a much clearer overall visualization of

the results. The qualitative patterns produced by complete lesions of either the direct or semantic pathway hold up

quite well over the range of partial damage.
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Spelling to Sound Mappings in Word Reading

We now zoom in on the direct pathway between visual word

inputs (orthography) and verbal speech output (phonology), using
a much larger set of words comprising most of the monosyllabic wllol/rlidlfsl Phono
words in English (nearly 3,000 words). By learning on such a large Output

selection of words, sampled according to their frequency of
occurrence in English, the network has a chance to extract the

"rules" that govern the mapping between spelling and sound in

English (such as they are), and thus be able to successfully
pronounce nonwords. ..words.. IT

English is a particularly difficult language from a pronunciation

perspective, as anyone knows who has tried to acquire it as a

second language. There are very few (if any) absolute rules. 0
Everything is more of a partial, context-dependent regularity,

o . wor rds r 4 | v4
which is also called a subregularity. For example, compare the

W

pronunciation of the letter i in mint and hint (short i sound) to that
in mind and find (long I sound). The final consonant (¢ vs. d)
determines the pronunciation, and of course there are always

exceptions such as pint (long I sound).

One way to classify how strong a regularity is, is to count how

many other letters the pronunciation depends upon. A complete
exception like pint or yacht depends on all the letters in the word, Figure 9.8: Word reading as a process of spatially

while mint vs. mind depends on one other letter in the word (the invariant object recognition. Words show up in

. . different locations in the input, and the next level up,
final ¢ or d). There are many silent letter examples, such as the ) j . .
equivalent to the V4 level in the object recognition

final e in many words. A nice subregularity is the letter m, which model, extracts more complex combinations of letters,

depends on whether there is an n next to it, in which case it goes while also developing more invariant representations

silent, as in damn, column, or mnemonic. Many other consonants that integrate individual letters or multi-letter features

. . . . . . over multiple different locations. The IT level
can be silent with varying degrees of subregularity, including b . . S
representation then has a fully spatially invariant

(debr), d (handsome), h (honest), | (halve), p (coup), r (iron), s representation of the word (as a distributed
(aisle), t (castle), w (sword), and z (rendezvous). representation integrating over individual letters and

letter groups), which then provides a nice mapping to
Another factor that determines how much context is required to the phonological output.

pronounce a given letter is the preponderance of multi-letter

groups like th (think), which have a particular regular pronunciation that differs from the individual letters
separately. Other examples of these include: sch (school), tch (batch), gh (ghost), ght (right), kn (knock), ph (photo),
wh (what). One of the most context sensitive set of letters is the ough group, as in though, tough, cough, plough,

through, nought, where the pronunciation varies widely.

So English is a mess. The constructed word ghoti is a famous example of how crazy it can get. It is pronounced

"fish", where the gh is an f'sound as in fough, o is an i sound as in women, and ti is a sh sound as in nation.

For any system to be able to have any chance of producing correct pronunciation of English, it must be capable of
taking into account a range of context around a given letter in a word, all the way up to the entire word itself. An
influential early approach to simulating spelling to sound in a neural network (Seidenberg & McClelland, 1989) used
a so-called Wickelfeature representation (named after Wayne Wickelgren), where the written letters were encoded in
pairs of three. For example, the word "think" would be encoded as thi, hin, and ink. This is good for capturing
context, but it is a bit rigid, and doesn't allow for the considerable amount of regularity in individual letters

themselves (most of the time, an m is just an m). As a result, this model did not generalize very well to nonwords,
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where letters showed up in different company than in the real words used in training. A subsequent model by Plaut,
McClelland, Seidenberg, and Patterson (1996) (hereafter PMSP) achieved good nonword generalization by
representing input words through a hand-coded combination of individual letter units and useful multi-letter contexts

(e.g., a th unit).

We take a different approach in our spelling-to-sound model (Figure 9.8), leveraging ideas from the object
recognition model that was explored in the Perception Chapter. Specifically, we saw that the object recognition
model could learn to build up increasingly complex combinations of features, while also developing spatial
invariance, over multiple levels of processing in the hierarchy from V1 through IT. In the context of word
recognition, these complex features could include combinations of letters, while spatial invariance allows the system

to recognize that an m in any location is the same as any other m (most of the time).

One compelling demonstration of the importance of spatial invariance in reading comes from this example, which

made the rounds in email a few years ago:

I cnduo't bvleiee taht I culod aulaclty uesdtannrd waht I was rdnaieg.
Unisg the icndeblire pweor of the hmuan mnid, aocdcrnig to rseecrah at
Cmabrigde Uinervtisy, it dseno't mttaer in waht oderr the lterets in a
wrod are, the olny irpoamtnt tihng is taht the frsit and lsat ltteer be in
the rhgit pclae. The rset can be a taotl mses and you can sitll raed it
whoutit a pboerlm. Tihs is bucseae the huamn mnid deos not raed ervey
ltteer by istlef, but the wrod as a wlohe. Aaznmig, huh? Yaeh and I awlyas

tghhuot slelinpg was ipmorantt! See if yuor fdreins can raed tihs too.

Clearly this is more effortful than properly spelled text, but the ability to read it at all indicates that just extracting

individual letters in an invariant manner goes a long way.

Nonword Generalization Performance

Nonword Set ss Model | PMSP | People
Glushko regulars 95.3 97.7 | 93.8
Glushko exceptions raw 79.0 72.1 | 78.3
Glushko exceptions alt OK | 97.6 100.0 | 959
McCann & Besner ctrls 85.9 85.0 | 88.6
McCann & Besner homoph | 92.3 n/a 94.3
Taraban & McClelland 97.9 n/a | 100.0

Table 9.1 Comparison of nonword reading performance for our spelling-to-sound model (ss Model), the PMSP
model, and data from people, across a range of different nonword datasets as described in the text. Our model

performs comparably to people, after learning on nearly 3,000 English monosyllabic words.

To test the performance of this object-recognition based approach, we ran it through a set of different standard sets

of nonwords, several of which were also used to test the PMSP model. The results are shown in Table 9.1.

* Glushko regulars -- nonwords constructed to match strong regularities, for example nust, which is completely
regular (e.g., must, bust, trust, etc).

¢ Glushko exceptions -- nonwords that have similar English exceptions and conflicting regularities, such as bint
(could be like mint, but also could be like pinf). We score these items either according to the predominant
regularity, or also including close exceptional cases (alt OK in the table).

¢ McCann & Besner ctrls -- these are pseudo-homophones and matched controls, that sound like actual words, but

are spelled in a novel way, for example choyce (pronounced like choice), and the matched control is phoyce.
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e Taraban & McClelland -- has frequency matched regular and exception nonwords, for example poes (like high

frequency words goes or does), and mose, like lower frequency pose or lose.

The results indicate that the model does a remarkably good job of capturing the performance of people's performance
on these nonword reading sets. This suggests that the model is capable of learning the appropriate regularities and

subregularities that are present in the statistics of English pronunciation.

Exploration

* Open Spelling to Sound to explore the spelling-to-sound model, and test its performance on both word and

nonword stimuli.

Latent Semantics in Word Co-Occurrence

Completing our more in-depth tour of the
major pathways in the triangle model of
reading, we now turn to the issue of
semantics. What is the nature of the
semantic representations shown at the top of
Figure 9.6? An increasing body of data
supports the idea shown in Figure 9.9,
where the meaning of concrete words is
encoded by patterns of activity within
domain-specific brain areas that process
sensory and motor information. Thus,
semantics is distributed throughout a wide
swath of the brain, and it is fundamentally

embodied  and  grounded in  the ortho gra phy phO nology

sensory-motor primitives that we first

acquire in life. Thus, the single "semantics"
area shown in the triangle model is a major Figure 9.9: Distributed semantics for concrete words, where different aspects of a

simplification relative to the actual widely word's meaning are encoded in domain-specific brain areas (e.g., the sound of

thunder in auditory areas, and the feel of velvet in somatosensory areas). Figure

distributed nature of semantic meaning in adapted from Allport, 1985,

the brain.

However, there is also increasing evidence that the anterior tip or "pole" of the temporal lobe plays a particularly
important role in representing semantic information, perhaps most importantly for more abstract words that lack a
strong sensory or motor correlate. One theory is that this area acts as a central "hub" for coordinating the otherwise

distributed semantic information (Patterson, Nestor, & Rogers, 2007).

How do we learn the meanings of these more abstract words in the first place? Unlike the more concrete words
shown in Figure 9.9, the meanings of more abstract words cannot be so easily pushed off to sensory and motor areas.
One compelling idea here is that words obtain their meaning in part from the company they keep -- the statistics of
word co-occurrence across the large volume of verbal input that we are exposed to can actually provide clues as to
what different words mean. One successful approach to capturing this idea in a functioning model is called Latent

Semantic Analysis (LSA) -- see http://1sa.colorado.edu for full details and access to this model.

LSA works by recording the statistics of how often words co-occur with each other within semantically-relevant
chunks of text, typically paragraphs. However, these surface statistics themselves are not sufficient, because for

example synonyms of words occur together relatively rarely, compared to how closely related they should be. And in
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general, there is a lot of variability in word choice and idiosyncrasies of word choices that are reflected in these
detailed statistics. The key step that LSA takes in dealing with this problem is to apply a dimensionality reduction
technique called Singular Value Decomposition (SVD), which is closely related to Principal Components Analysis
(PCA), which in turn is closely related to the Hebbian self-organizing learning that our neural network models

perform.

The key result of this SVD/PCA/Hebbian process is to extract the strongest groupings or clusters of words that
co-occur together, in a way that integrates over many partially-overlapping subsets of word groups. Thus, even
though synonyms do not tend to occur with each other, they do co-occur with many of the same other sets of words,
and this whole group of words represents a strong statistical grouping that will be pulled out by the dimensionality

reduction / Hebbian self-organizing learning process.

This process is exactly the same as what we saw with the V1 receptive field model in the Perception Chapter. In that
model, Hebbian learning extracted the statistical regularity of oriented edges from a set of natural images. Any given
image typically contains a noisy, partial version of an oriented edge, with perhaps several pixels occluded or blurry
or otherwise distorted. However, as the self-organizing learning process integrates over many such inputs, these
idiosyncrasies wash away, and the strongest statistical groupings of features emerge as oriented edges.

Unlike the V1 model, however, the individual statistical clusters that emerge from the LSA model (including our
Hebbian version of it) do not have any clear interpretation equivalent to "oriented edges". As you'll see in the
exploration, you can typically make some sense of small subsets of the words, but no obvious overall meaning
elements are apparent. But this is not a problem -- what really matters is that the overall distributed pattern of activity

across the semantic layer appropriately captures the meanings of words. And indeed this turns out to be the case.

Exploration

* Open Semantics for the sem.proj exploration of semantic learning of word co-occurrences. The model here was
trained on an early draft of the first edition of this textbook, and thus has relatively specialized knowledge,

hopefully much of which is now shared by you the reader.

Syntax and Semantics in a Sentence Gestalt

Having covered some of the interesting properties of language at

the level of individual words, we now take one step higher, to the 2

level of sentences. This step brings us face-to-face with the thorny NP/\V p

issue of syntax. The traditional approach to syntax assumes that w /\
people assemble something akin to those tree-like syntactic Y] NP
structures you learned (or maybe not) in school (Figure 9.10). But Art N (direct object)
given that these things need to be explicitly taught, and don't seem | |

to be the most natural way of thinking for many people, it seems The boy chases the cats

perhaps unlikely that this is how our brains actually process . oo )
Figure 9.10: Syntactic diagram of a basic sentence. S
1anguage' = sentence; NP = noun phrase; Art = article; N = noun;

VP = verb phrase; V = verb.
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These syntactic structures also assume
a capacity for role-filler binding that is
actually rather challenging to achieve
in neural networks. For example, the
assumption is that you somehow
"bind" the noun boy into a variable slot
that is designated to contain the subject
of the sentence. And once you move
on to the next sentence, this binding is
replaced with the next one. This
constant binding and unbinding is
rather like the rotation of a wheel on a
car -- it tends to rip apart anything that
might otherwise try to attach to the
wheel. One important reason people
have legs instead of wheels is that we
need to provide those legs with a blood
supply, nerves, etc, all of which could
not survive the rotation of a wheel.
thrive on

stable

Similarly, our neurons

developing longer-term
connections via physical synapses, and
are not good at this rapid binding and
unbinding process. We focus on these
issues in greater depth in the Executive

Function Chapter.

An alternative way of thinking about
sentence processing that is based more
directly on neural network principles is
captured in the Sentence Gestalt
model of St. John & McClelland
(1990). The key idea is that both
syntax and semantics merge into an
evolving distributed representation that
captures the overall gestalt meaning of
a sentence, without requiring all the
precise syntactic bindings assumed in
the traditional approach. We don't
explicitly bind boy to subject, but
rather encode the larger meaning of the
overall sentence, which implies that
the boy is the subject (or more
precisely, the agent), because he is
doing the chasing.

Gestalt

Gestalt Context

Figure 9.11: The sentence gestalt model. A single
word at a time is presented in the input, which is
encoded into the gestalt layer. The gestalt has a context
layer that maintains a copy of the gestalt from the
previous time step (a simple recurrent network or SRN)
-- this is the simple memory mechanism used for
integrating information across time. This gestalt is
probed by querying the semantic role, with training
based on the ability to produce the correct filler output.

SG Noun Encodings
Y
‘ kitchen
26.00 4|:‘:|:spoon
ice cream
24.00 someone ™
schoolgir
22.00 “::adult
busdriver
20.00 Place
18.00 uterllglqe ‘
crackers
16.00 Soup
food
14.00 %t
12.00 steak
! knife
10.00 jely
park
8.00 4‘:‘::&&1 tea
bus -
6.00 child ethi
SO i
4.00 pitcher g
iving_room
2.00 oorIQEd
L teacher -
0.00- x
0.00 10.00 20.00 30.00 40.00

Figure 9.12: Cluster plot over the gestalt layer of patterns associated with the different
nouns, showing that these distributed representations capture the semantic similarities of
the words (much as in the LSA-like semantics model explored in the previous section).
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One advantage of this way of thinking
is that it more naturally deals with all
the ambiguity surrounding the process
of parsing syntax, where the specific
semantics of the collection of words
can dramatically alter the syntactic
interpretation. A classic demonstration

of this ambiguity is the sentence:
* Time flies like an arrow.

which may not seem very ambiguous,

until you consider alternatives, such as:
* Fruit flies like a banana.

The word flies can be either a verb or
noun depending on the semantic

context. Further reflection reveals
several more ambiguous interpretations
of the first sentence, which are fun to
have take hold over your brain as you
re-read the sentence. Another example

from Rohde (2002) is:

* The slippers were found by the nosy
dog.

* The slippers were found by the
sleeping dog.

just a single subtle word change recasts

the entire meaning of the sentence,

from one where the dog is the agent to

one where it plays a more peripheral

role (the exact syntactic term for which

is unknown to the authors).

If you don't bother with the syntactic
parse in the first place, and just try to
capture the meaning of the sentence,
then none of this ambiguity really
matters. The meaning of a sentence is
generally much less ambiguous than
the syntactic parse -- getting the syntax
exactly right requires making a lot of
fine-grained distinctions that people
may not actually bother with. But the
meaning does depend on the exact
combination of words, so there is a lot

of emergent meaning in a sentence --

7.50
7.00
6.50
6.00
5.50
5.00
4.50
4.00

3.50
3.00
2.50
2.00
1.50
1.00
0.50

|

0.00

SG Verb Encodings
_ de
consumed
L gave
kissed
_ hit
L drank
L spread
stirred
X
10.00 20.00

Figure 9.13: Cluster plot over the gestalt layer of patterns associated with the different

verbs, showing that these distributed representations capture the semantic similarities of

the words.
SG Gestalt Patterns
Y

16.00 sc_st ko.
15.00 4E[te_st_ko.
14.00 bu st ko.
13.00 _pi_St_kO.
12.00 te dr_ic.
11.00 L budric.
10.00 L scdric

9.00 L pidic

8.00 | pi_at st

7.00 4[[@_&_5!:

6.00 bu at st

5.00 | scas

4.00 pi_at so.

3.00 {[te_at_so.

2.00 bu at so.

1.00 | sc at so.

0.00— | X

0.00 2.00 4.00 6.00 8.00

Figure 9.14: Cluster plot over the gestalt layer of patterns associated with a set of test

sentences designed to test for appropriate similarity relationships. sc = schoolgirl; st =

stirred; ko = kool-aid; te = teacher; bu= busddriver; pi = pitcher; dr = drank; ic = iced-tea;

at = ate; so = soup; st = steak;



http://grey.colorado.edu/CompCogNeuro/index.php?title=File%3Afig_sg_verb_clust.png
http://grey.colorado.edu/CompCogNeuro/index.php?title=File%3Afig_sg_sent_clust.png

CCNBook/Language 135

here's another example from Rohde (2002) where the two sentences are syntactically identical but have very

different meaning:

*  We finally put the baby to sleep.
*  We finally put the dog to sleep.

The notion of a semantically-oriented gestalt representation of a sentence seems appealing, but until an implemented
model actually shows that such a thing actually works, it is all just a nice story. The St. John & McClelland (1990)
model does demonstrate that a distributed representation formed incrementally as words are processed in a sentence
can then be used to answer various comprehension questions about that sentence. However, it does so using a very
small space of language, and it is not clear how well it generalizes to new words, or scales to a more realistically
complex language. A more sophisticated model by Rohde (2002) that adopts a similar overall strategy does provide
some promise for positive answers to these challenges. The training of the the Rohde model uses structured semantic
representations in the form of slot-filler propositions about the thematic roles of various elements of the sentence.
These include the roles: agent, experiencer, goal, instrument, patient, source, theme, beneficiary, companion,
location, author, possession, subtype, property, if, because, while, and although. This thematic role binding approach
is widely used in the natural language processing field for encoding semantics, but it moves away from the notion of
an unstructured gestalt representation of semantic meaning. The sentence gestalt model uses a much simpler form of
this thematic role training, which seems less controversial in this respect.

The Sentence Gestalt Model

The sentence gestalt (SG) model is trained on a very small toy world, consisting of the following elements:

* People: busdriver (adult male), feacher, (adult female), schoolgirl, pitcher (boy). adult, child, someone also used.

e Actions: eat, drink, stir, spread, kiss, give, hit, throw, drive, rise.

* Objects: spot (the dog), steak, soup, ice cream, crackers, jelly, iced tea, kool aid, spoon, knife, finger, rose, bat
(animal), bat (baseball), ball (sphere), ball (party), bus, pitcher, fur.

* Locations: kitchen, living room, shed, park.

The semantic roles used to probe the network during training are: agent, action, patient, instrument, co-agent,

co-patient, location, adverb, recipient.

The main syntactic variable is the presence of active vs. passive construction, and clauses that further specify events.

Also, as you can see, several of the words are ambiguous so that context must be used to disambiguate.

The model is trained on randomly-generated sentences according to a semantic and syntactic grammar that specifies

which words tend to co-occur etc. It is then tested on a set of key test sentences to probe its behavior in various

ways:

* Active semantic: The schoolgirl stirred the kool-aid with a spoon. (kool-aid can only be the patient, not the agent
of this sentence)

* Active syntactic: The busdriver gave the rose to the teacher. (teacher could be either patient or agent -- word
order syntax determines it).

» Passive semantic: The jelly was spread by the busdriver with the knife. (jelly can't be agent, so must be patient)

» Passive syntactic: The teacher was kissed by the busdriver. vs. The busdriver kissed the teacher. (either teacher or
busdriver could be agent, syntax alone determines which it is).

* Word ambiguity: The busdriver threw the ball in the park., The teacher threw the ball in the living room. (ball is
ambiguous, but semantically, busdriver throws balls in park, while teacher throws balls in living room)

» Concept instantiation: The teacher kissed someone. (male). (teacher always kisses a male -- has model picked up
on this?)

* Role elaboration: The schoolgirl ate crackers. (with finger); The schoolgirl ate. (soup) (these are predominant

cases)
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* Online update: The child ate soup with daintiness. vs. The pitcher ate soup with daintiness. (schoolgirl usually
eats soup, so ambiguous child is resolved as schoolgirl in first case after seeing soup, but specific input of pitcher
in second case prevents this updating).

* Conflict: The adult drank iced-tea in the kitchen. (living-room) (iced-tea is always had in the living room).

The model structure (Figure 9.11) has single word inputs (using localist single-unit representations of words)
projecting up through an encoding hidden layer to the gestalt layer, which is where the distributed representation of
sentence meaning develops. The memory for prior words and meaning interpretations of the sentence is encoded via
a context layer, which is a copy of the gestalt layer activation state from the previous word input. This context layer
is known as a simple recurrent network (SRN), and it is widely used in neural network models of temporally
extended tasks (we discuss this more in the next chapter on executive function). The network training comes from
repeated probing of the network for the various semantic roles enumerated above (e.g., "agent vs. patient). A role

input unit is activated, and then the network is trained to activate the appropriate response in the filler output layer.

Figure 9.12 shows a cluster plot of the gestalt layer representations of the different nouns, while Figure 9.13 shows
the different verbs. These indicate that the network does develop sensible semantic similarity structure for these
words. Probing further, Figure 9.14 shows the cluster plot for a range of related sentences, indicating a sensible

verb-centric semantic organization (sentences sharing the same verb are all clustered together).

Exploration

* Open Sentence Gestalt to explore the sentence gestalt model.

Next Steps in Language Modeling of Sentences and Beyond

The primary function of language is to communicate. It is fundamentally about semantics. And semantics represents
a major barrier to further progress in language modeling. The sentence gestalt model has very simplistic semantics,
and the more advanced version of it developed by Rohde (2002) introduces more complex semantics, at the cost of
injecting externally more of what the model should be developing on its own. Thus, the fundamental challenge for
models of sentence-level or higher-level language is to develop a more naturalistic way of training the corresponding
semantics. In an ideal case, a virtual humanoid robot would be wandering around a rich simulated naturalistic
environment, and receiving and producing language in order to understand and survive in this environment. This
would mimic the way in which people acquire and use language, and would undoubtedly provide considerable
insight into the nature of language acquisition and higher-level semantic representations. But clearly this will require

a lot of work.

SubTopics
Here are all the sub-topics within the Language chapter, collected in one place for easy browsing. These may or may
not be optional for a given course, depending on the instructor's specifications of what to read:

* Dyslexia Details -- detailed graphs of the effects of partial lesions to the different pathways within the triangle

model.

Explorations

Here are all the explorations covered in the main portion of the Language chapter:

» Dyslexia (dyslex.proj) -- Normal and disordered reading and the distributed lexicon. (Questions 9.1 -- 9.6)
* Spelling to Sound (ss.proj) -- Orthography to Phonology mapping and regularity, frequency effects. (Questions
9.7 -- 9.8)



http://grey.colorado.edu/CompCogNeuro/index.php?title=CCNBook/Sims/Language/Sentence_Gestalt
http://grey.colorado.edu/CompCogNeuro/index.php?title=CCNBook/Language/Dyslexia_Details
http://grey.colorado.edu/CompCogNeuro/index.php?title=CCNBook/Sims/Language/Dyslexia
http://grey.colorado.edu/CompCogNeuro/index.php?title=CCNBook/Sims/Language/Spelling_to_Sound
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* Semantics (sem.proj) -- Semantic Representations from World Co-occurrences and Hebbian Learning.
(Questions 9.9 -- 9.11)
* Sentence Gestalt (sg.proj) -- The Sentence Gestalt model. (Question 9.12)



http://grey.colorado.edu/CompCogNeuro/index.php?title=CCNBook/Sims/Language/Semantics
http://grey.colorado.edu/CompCogNeuro/index.php?title=CCNBook/Sims/Language/Sentence_Gestalt
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10. Executive Function
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We have now reached the top of the cognitive neuroscience hierarchy: the "executive" level. In a business, an

executive makes important decisions and plans, based on high-level information coming in from all the different
divisions of the company, and with a strong consideration of "the bottom line." In a person, the executive level of
processing, thought to occur primarily within the prefrontal cortex (PFC), similarly receives high-level information
from posterior cortical association areas, and is also directly interconnected with motivational and emotional areas
that convey "the bottom line" forces that ultimately guide behavior. Although many of us walk around with the
impression (delusion?) that our actions are based on rational thought and planning, instead it is highly likely that
basic biological motivations and affective signals play a critical role in shaping what we do. At least, this is what the
underlying biology of the PFC and associated brain areas suggests. And yet, it is also clear that the PFC is critical for
supporting more abstract reasoning and planning abilities, including the ability to ignore distraction and other
influences in the pursuit of a given goal. We will try to unravel the mystery of this seemingly contradictory
coexistence of abilities in the PFC in this chapter.

Evidence for the importance of the PFC in higher-level cognitive control comes from the environmental dependency
syndrome associated with damage to PFC. In one classic example, a patient with PFC damage visited a researcher's
home and, upon seeing the bed, proceeded to get undressed (including removal of his toupee!), got into bed, and
prepared to sleep. The environmental cues overwhelmed any prior context about what one should do in the home of
someone you don't know very well. In other words, without the PFC, behavior is much more reflexive and
unthinking, driven by the affordances of the immediate sensory environment, instead of by some more abstract and
considered plan or goals. You don't need actual PFC damage to experience this syndrome -- certainly you have
experienced yourself absent-mindedly doing something cued by the immediate sensory environment that you hadn't
otherwise planned to do (e.g., brushing your teeth a second time before going to bed because you happened to see the
toothbrush). We all experience lapses in attention -- the classic stereotype of an absent-minded professor is not
explained by lack of PFC in professors, but rather that the PFC is apparently working on something else and thus
leaves the rest of the brain to fend for itself in an environmentally-dependent manner.

Another great source of insight into the cognitive contributions of the PFC is available to each of us every night, in
the form of our dreams. It turns out that the PFC is one of the brain areas most inactivated during dreaming phases of
sleep. As a result, our dreams often lack continuity, and seem to jump from one disconnected scene to another, with
only the most tangential thread connecting them. For example, one moment you might be reliving a tense social
situation from high school, and the next you're trying to find out when the airplane is supposed to leave, with a

feeling of general dread that you're hopelessly late for it.

So what makes the PFC uniquely capable of serving as the brain's executive? Part of the answer is its connectivity, as
alluded to above -- it sits on top of the overall information processing hierarchy of the brain, and thus receives
highly-processed "status reports" about everything important going on in your brain. In this sense it is similar to the
hippocampus as we saw in the Memory Chapter, and indeed these areas appear to work together. However, the PFC
is also especially well placed to exert control over our actions -- the PFC is just in front of the frontal motor areas
(see the Motor Chapter), and has extensive connectivity to drive overt (and covert) motor behavior. Furthermore, the
medial and ventral areas of PFC are directly interconnected with affective processing areas in subcortical regions
such as the amygdala, thus enabling it to be driven by, and reciprocally, to amplify or override, motivational and
affective signals.
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In addition to being in the right place, the PFC also has some special biological properties that enable it to hold onto
information in the face of distraction, e.g., from incoming sensory signals. Thus, with an intact PFC, you can resist
the idea of laying down in someone else's bed, and remain focused on the purpose of your visit. We refer to this
ability as robust active maintenance because it depends on the ability to keep a population of neurons actively
firing over the duration needed to maintain a goal or other relevant pieces of information. This ability is also referred
to as working memory, but this latter term has been used in many different ways in the literature, so we are careful
to define it as synonymous with robust active maintenance of information in the PFC, in this context. We will see
later how active maintenance works together with a gating system that allows us to hold in mind more than one item
at a time, to selectively update and manipulate some information while continuing to maintain others, in a way that

makes the integrated system support more sophisticated forms of working memory.

Recordings of neurons in the PFC of monkeys in the 1970's showed that they exhibit this robust active firing over
delays (aka delay period activity). One of the most widely-used tasks is the oculomotor delayed response task, where
a stimulus is flashed in a particular location of a video display, but the monkey is trained to maintain its eyes focused
on a central fixation cross until that cross goes off, at which point it must then move its eyes to the previously flashed
location in order to receive a juice reward. Neurons in the frontal eye fields (an area of PFC) show robust
delay-period firing that is tuned to the location of the stimulus, and this activity terminates just after the monkey
correctly moves its eyes after the delay. There are many other demonstrations of this robust active maintenance in
the PFC of humans as well.

The computational models we explore in this chapter show how these two factors of connectivity and robust active
maintenance can combine to support a wide range of executive function abilities that have been attributed to the
PFC. The goal is to provide a unifying model of executive function, as compared to a laundry list of cognitive

abilities that it is thought to support.

One of the most important executive function abilities is the ability to rapidly shift behavior or thought in a strategic
manner (often referred to as cognitive flexibility). For example, when attempting to solve a puzzle or other
challenging problem, you often need to try out many different ideas before discovering a good solution. Without the
PFC, behavior is repetitive and stereotypical (banging your head against the wall again and again), lacking this
hallmark flexibility. The ability to rapidly update what is being actively maintained in the PFC is what enables
the PFC system to rapidly shift behavior or thought -- instead of requiring relatively slow synaptic weight
modification to change how the system behaves, updating the pattern of active neural firing in PFC can change
behavior immediately. In short, the PFC system contributes to behavioral adaptation by dynamically updating
activation states, which then shape posterior cortical representations or motor actions via fop-down biasing of the
associated patterns of activity. In contrast, behavioral adaption in the posterior cortex or basal ganglia relies much
more on slowly adapting weight changes. Evidence for this difference comes from task switching paradigms,
including the widely-studied Wisconsin card sorting task (WCST) in adults, and the dimensional change card sorting
task (DCCS) in children.

The computational models in this chapter show how the basal ganglia (BG) and midbrain dopamine areas
(specifically the ventral tegmental area, VTA) play a critical role in the rapid, strategic updating of PFC activity
states. Specifically, we'll see that robust active maintenance requires an additional control signal to switch between
maintaining existing information vs. updating to encode new information. The BG, likely in conjunction with
dopaminergic signals from the VTA, play this role of dynamic gating of the maintenance of information in PFC.
This dynamic gating function is identical to the role the BG plays in gating motor actions, as we saw in the Motor
Chapter. Furthermore, the BG learning process is also identical to that in the Motor chapter based on reinforcement
learning principles. Specifically, dopamine (from the SNc, which is next door to the VTA) shapes BG learning and
thereby enables the gating mechanism to deal with the challenging problem of deciding what is important to
maintain (and as such is task-relevant and therefore predictive of intrinsic reward), vs. what can be ignored (because

it is not predictive of good task performance). These mechanisms embody the general notion that the PFC-BG
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cognitive system evolved by leveraging existing powerful mechanisms for gating motor behavior and learning. From
this perspective, cognition cannot be divorced from motivation, as dopaminergic learning signals play a central and
intimate role in the basic machinery of PFC/BG function. The analogous functions of BG and dopamine in cognitive
and motor action selection and learning have been strongly supported by various data over the last 10 or 20 years,
including evidence from monkey studies, and in humans, effects of disease impacting BG and/or dopamine,

pharmacological manipulations, functional imaging, and genetics.

Biology of PFC/BG and Dopamine Supporting Robust Active
Maintenance

The overall connectivity of the areas

that are particularly important for
executive function are shown in Figure Senso ry In put Motor O utput

10.1, in relation to the sensory and

motor processing associated with \ t

posterior cortex (temporal, parietal and - -

. Posterior Cortex: PFC: Context,
occipital lobes) and motor frontal ) e
cortex (i.e., frontal cortex posterior to ”O Mappmg GCIEHS, etc
the prefrontal cortex). The PFC is \ l T{ gating)
interconnected  with  higher-level .
association cortical areas in posterior SNc Basal Gang“a
cortex where highly processed and (Phasic DA) (modulation) (DISInth)

abstracted information about the
sensory world is encoded. It also Figure 10.1: Schematic of functional relationships and connectivity of PFC, BG, and SNc¢
phasic dopamine signals in relationship to basic loop between sensory input and motor

interconnects with higher-level motor i ) : i
output. The PFC provides top-down context and control over posterior cortical processing

control arcas (premotor  cortex, pathways to ensure that behavior is task and context appropriate. The BG exerts a

supplementary motor areas), which disinhibitory gating influence over PFC, switching between robust maintenance and rapid
coordinate lower-level motor control updating. The SNc (substantia nigra pars compacta) exhibits phasic dopamine (DA) firing
to drive learning and modulation of BG circuits, thereby training the BG gating signals in

signals to execute sequences of ;
response to task demands (external reward signals).

coordinated motor outputs. With this
pattern of connectivity, PFC is in a

position to both receive from, and exert influence over, the processing going on in posterior and motor cortex.

The Basal Ganglia (BG), which consists principally of the striatum (caudate, putamen, nucleus accumbens), globus
pallidus, and subthalamic nucleus, is densely interconnected with the PFC by way of specific nuclei of the thalamus
Figure 10.2. As described in detail in Motor Control and Reinforcement Learning, the BG provides a dynamic,
adaptive gating influence on the frontal cortex,
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by disinhibiting the excitatory loop
between PFC and the thalamus. In the
PFC, this

influence controls the updating of

Orbitofrontal
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Oculomotor Cingulate

@ HIP, EC, IT

Cortex

context of the gating

Striatum
information that is actively maintained
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mechanisms that control the initiation

in the using the same

Thalamus

Figure 10.2: Parallel circuits through the basal ganglia for different regions of the frontal
of motor actions in the context of

Also,
from PFC to

subthalamic nucleus support a type of

cortex -- each region of frontal cortex has a corresponding basal ganglia circuit, for

motor  control. controlling action selection/initiation in that frontal area. Motor loop: SMA =

top-down
projections the supplementary motor area -- the associated striatum (putamen) also receives from
premotor cortex (PM), and primary motor (M1) and somatosensory (S1) areas --

everything needed to properly contextualize motor actions. Oculomotor loop: FEF =

inhibitory control over behavior by
which

ongoing action selection should be

detecting conditions under
halted or switched and preventing the

rest of the BG circuitry from gating the

frontal eye fields, also receives from dorsolateral PFC (DLPFC), and posterior parietal
cortex (PPC) -- appropriate context for programming eye movements. Prefrontal loop:
DLPFC also controlled by posterior parietal cortex, and premotor cortex. Orbitofrontal
loop: OFC = orbitofrontal cortex, also receives from inferotemporal cortex (IT), and
anterior cingulate cortex (ACC). Cingulate loop: ACC also modulated by hippocampus
(HIP), entorhinal cortex (EC), and IT.

planned motor action.

The final major component of the executive control system consists of the substantia nigra pars compacta (SNc) and
several other associated brain areas that together drive phasic dopamine neuromodulation of the BG, resulting in
reinforcement learning of its gating actions. This system, summarized computationally using the PVLV model as
described in Motor Control and Reinforcement Learning, interacts with the active maintenance of information in
PFC to be able to reinforce a gating signal in the BG that leads to subsequent good performance and reward later in
time. This time-travel property of the phasic DA reinforcement learning is essential for training a system that

maintains information over time.

In the following subsections, we summarize the biological properties of each of these systems and their relevance to
executive function. The prefrontal cortex basal ganglia working memory model (PBWM) then integrates all of these
elements into a functioning computational model that can perform complex executive function tasks, as we explore

in the remainder of the chapter.
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Robust Active Maintenance in the PFC

The ability of PFC neurons to exhibit

A Delayed-saccade Task D Movement Neuron
i Shot Target Cueto sustained active firing over delays, as
X Spot n—yle— On Move  Saccade C . .
. { Vis, e — i — T initially discovered by (Fuster &
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Mem. A

Alexander,1971; Kubota & Niki,
1971), is shown in Figure 10.3 panel B
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Figure 10.3: An example of sustained delay period activity (Panel B). Histogram « Recurrent excitatory

(background dots) and curve of activity rate for an individual cell recorded in the frontal

eye fields (FEF) during a delayed saccade task. The target stimulus is only on briefly at connectivity: Populations of PFC

the beginning of the trial (Panel A, Targ, Mem.). This cell maintained its activity during neurons have strong excitatory
the delay so as to enable other cells to generate a correct saccade at the end of the trial interconnections (Figure 10.4), such

Panels D,E). Adapted fi S & Wurtz, 2000, Fi 2. . .
(Panels D.E). Adapted from Sommer & Wurtz reure that neural firing reverberates

back-and-forth among these
interconnected neurons, resulting in sustained active firing. There are two types of such connections: 1) a
corticocortical loop among pyramidal cells in the same PFC stripe, and; 2) a corticothalamocortical loop between

lamina VI pyramidal cells in PFC and the thalamic relay cells that project to that particular group of cells.

* Intrinsic excitatory maintenance currents: At the synapses formed by both of the recurrent excitatory loops
there are NMDA and
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metabotropic glutamate (mGluR)
receptors that, once opened by high
frequency activity, provide a longer
time window of increased
excitability so as to keep
reverberant activity going. Recall
from the Learning Chapter that the
NMDA channel requires the neuron
to be sufficiently depolarized to
remove the Mg+ (magnesium) ions
that otherwise block the channel.
This activity-dependent nature of
the NMDA channel makes it ideally
suited to providing a "switched" or
dynamically gated form of active
maintenance -- only those neurons
that have already been sufficiently
activated will benefit from the
increased excitation provided by
these NMDA channels. This
provides a "hook" for the basal

ganglia system to control active

//——%\
\_\_—__ PFC Strlpe ______“/

NMDAR

Corticocortical
reverberation

+* |NMDAR

Cortical ' mGluR??

Inputs

Thalamus
(VA/MD)

Basal Ganglia
Gating Output

Figure 10.4: Two types of reverberant loops can support actively maintained
representations in cortical tissue: 1) Corticocortical interconnections among pyramidal
neurons within the same PFC stripe (horizontal blue arrows); 2) Thalamocortical
connections between PFC and thalamic relay cells (TRC's) (vertical blue arrows). Both
use mutually supportive recurrent excitation plus intrinsic maintenance currents
(NMDARSs; mGluRs).

maintenance: when the thalamic neurons are disinhibited via a BG gating action, the ensuing burst of activity

enables a subset of PFC neurons to get over their NMDA Mg+ block thresholds, and thereby continue to fire

robustly over time.
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Functional Specialization Across PFC Areas

The mechanisms for robust active
maintenance exist across the PFC, but LATERAL

different PFC areas have been i a? ORBITAL
associated with different contributions
to overall executive function. We will
explore the idea later in this chapter
that  these  different functional
contributions can be explained in terms
of differences in connectivity of these _ MEDIAL
PFC areas with other parts of the brain, L
within the context of the unifying
framework that all PFC areas share
robust active maintenance as a critical

feature.

Anatomically, the frontal lobes

constitute those cortical areas anterior

to the central sulcus. Immediately Figure 10.5: Brodmann numbers for areas of the prefrontal cortex, each of which has

been associated with a different mixture of executive functions. Reproduced from Fuster,
2001.

anterior to the central sulcus, and thus
most posteriorly in frontal cortex, is
the primary motor cortex (M1), which

is most prominently seen on the lateral

lateral medial

surface but extends all the way over

the dorsal surface and onto the medial g T
side. Contiguous tissue roughly O .

anterior to M1 makes up planning
motor areas, the premotor (PM) cortex
(laterally) and supplementary motor
areas (SMA, pre-SMA; medially).
Then, anterior to that are the PFC

* cognitive
control &

robust active
maintenance

areas, labeled with their Brodmann

numbers in Figure 10.5. Figure 10.6: The What vs. How distinction for posterior cortex can be carried forward

At the broadest level, the PFC areas into prefrontal cortex, to understand the distinctive roles of the ventral and dorsal areas of

can be divided along the major axes of PFC. Reproduced from OReilly (2010).

medial vs. lateral and dorsal vs.

ventral. Generally speaking, the lateral PFC areas are interconnected with sensory and motor areas in more posterior
cortex, and are thought to play a role in controlling the processing in these areas. In contrast, the medial PFC areas
are more strongly interconnected with subcortical brain areas associated with affective and motivational functions.
Functionally we can characterize the lateral areas as being important for "cold" cognitive control, while the medial
areas are important for "hot" emotional and motivational processing Figure 10.6. However, this distinction is not as
clear cut as it sounds, as even the lateral areas are subject to modulation by motivational variables and BG/dopamine
gating signals based on the extent to which maintained cognitive information is predictive of task success (a form of

reward).

The functional significance of the dorsal vs. ventral distinction has been considerably more controversial in the
literature, but anatomically it is clear that dorsal PFC areas interconnect more with the dorsal pathway in the

posterior cortex, while ventral PFC interconnects with the ventral posterior cortex pathway. As we saw in the
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Perception Chapter, the dorsal pathway in posterior cortex is specialized for perception-for-action (How processing):
extracting perceptual signals to drive motor control, while the ventral pathway is specialized for
perception-for-identification (What processing). This functional specialization in posterior cortex can be carried
forward to the associated dorsal and ventral areas of PFC (Figure 10.6), such that dorsal lateral PFC (DLPFC)
areas are particularly important for executive control over motor planning and the parietal cortex pathways that drive
motor control, while ventral lateral PFC (VLPFC) areas are particularly important for control over the temporal

lobe pathways that identify entities in the world, and also form rich semantic associations about these entities.

On the medial side, the dorsal medial PFC is also known as the anterior cingulate cortex (ACC), which has been
shown to encode the affective aspects of motor control variables (e.g., how much effort will an action take, what is
its probability of success, how much conflict and uncertainty is there in selecting a response), which is consistent
with a "hot how" functional specialization. Dorsomedial PFC areas also project to the subthalamic nucleus within the
BG, and serve to delay motor responding to prevent impulsive choice under difficult response selection demands
(Frank, 2006; Aron et al, 2007; Cavanagh et al, 2011). The ventromedial areas of PFC (VMPFC) including the
orbital frontal cortex (OFC) have been shown to encode the affective value of different sensory stimuli, consistent
with the idea that they are the "hot what" areas. See O'Reilly (2010) for more discussion of the What/How functional
specialization idea.

Substructure within PFC Areas: Stripes

Rastral

Caudal

Rostral

Caudal

Figure 10.7: Four separate dye injections in monkey PFC demonstrate four sets of

sausage-shaped stripes. Reproduced from Levitt et al., 1993, Figure 6.
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A Rostral

Caudal

?

Figure 10.8: Higher magnification of lower left injection from Figure 10.7. Lower image is same as upper but

Caudal

1 mm

differentiates among two levels of dye concentration, illustrating multiple stripe clusters for each injection
(black, gray). Reproduced from Levitt et al., 1993, Figure 5.

Within each functional PFC area, there is some interesting topographic organization of neurons into hypercolumns,
macrocolumns or stripes (each of these terms is typically associated with a similar type of neural organization, but in
different parts of the cortex, with stripes being specific to the PFC) (Figure 10.7, Figure 10.8). In all areas of cortex,
one can identify the smallest level of neural topological organization as a cortical column or microcolumn (to more
clearly distinguish it from the larger macrocolumn), which contains roughly 20 pyramidal neurons in a region that is
roughly 50 microns across. A stripe contains roughly 100 of these microcolumns, generally organized in an
elongated shape that is roughly 5 microcolumns wide (250 microns) by 20 microcolumns long (1000 microns or 1
millimeter). Each such stripe is interconnected with a set of roughly 10 or more other stripes, which we can denote as
a stripe cluster. Given the size of the human frontal cortex, there may be as many as 20,000 stripes within all of
frontal cortex (including motor areas).

In PFC and other areas, neurons within a microcolumn tend to encode very similar information, and may be
considered equivalent to a single rate-coded neuron of the sort that we typically use in our models. We can then
consider an individual stripe as containing roughly 100 such rate-coded neuron-equivalents, which provides
sufficient room to encode a reasonably large number of different things using sparse distributed representations

across microcolumns.

Functionally, we hypothesize in the PBWM model that each stripe can be independently updated by a corresponding
stripe-wise loop of connectivity with an associated stripe of neurons through the BG system. This allows for very

fine-grained control by the BG over the updating and maintenance of information in PFC, as we describe next.
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Basal Ganglia and Dynamic Gating

As we discussed in the Motor and
Reinforcement Learning Chapter, the
Basal Ganglia (BG) is in a position to
modulate the activity of the PFC, by
virtue of its control over the inhibition
of the thalamic neurons that are
bidirectionally connected with the PFC
(Figure 10.9). In the default state of no
striatal activity, or firing of indirect
the SNr

(substantia nigra pars reticulata) or GPi

(NoGo) pathway neurons,

(globus pallidus internal segment)
neurons tonically inhibit the thalamus.
This prevents the thalmocortical loop
from being activated, and it is
activation of this loop that is thought to
be critical for initiating motor actions
or updating PFC active memory
representations. When the striatal Go
(direct) pathway neurons fire, they
inhibit the tonic SNr/GPi inhibition,
thereby allowing the excitatory
thalamocortical loop to be activated.

This wave of excitatory activation can

A Frontal cortex maintains B Frontal cortex working
information memory gets updated
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Figure 10.9: How the basal ganglia (BG) can modulate active maintenance in the PFC.
(A) In the default state of no BG activity, or NoGo (indirect) pathway firing in the
striatum, the PFC continues to maintain information in an active state. The SNr
(substantia nigra pars reticulata) or GPi (globus pallidus internal segment) exhibits tonic
(sustained) activity, that inhibits neurons in the thalamus, thereby shutting down the
thalamocortical loop. (B) Go (direct) pathway firing triggers updating of a PFC stripe to
encode new information (e.g., new stimulus inputs that are behaviorally relevant). This
occurs by inhibiting the SNr/GPi neurons, thereby opening up the thalamocortical loop,
resulting in a burst of activity in the PFC that drives updating to a new pattern of neural
firing, including new intrinsic maintenance currents that will continue to sustain this new
pattern going forward. This mechanism is identical to that for gating motor actions via
BG interactions with pre/motor areas in parallel circuits (see Motor Chapter). Reproduced
from O'Reilly, 2006, Science

activate a new population of PFC neurons, which are then actively maintained until a new Go signal is fired.
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Phasic DA and Temporal Credit Assignment

Another critical biological mechanism for executive
function, which we also discussed in the Motor and
Reinforcement Learning Chapter, is the firing of phasic
dopamine neurons in the midbrain (ventral tegmental area
(VTA) and substantia nigra pars compacta (SNc))
(Figure 10.10). These neurons initially respond to primary
rewards (e.g., apple juice), but then learn to fire at the onset
of conditioned stimuli (CS's) that reliably predict these
primary rewards. This amounts to a form of time travel that
solves a critical problem for the PFC active maintenance
system: how does the system learn what to maintain, given
that the decision for what to maintain typically occurs well
in advance of the subsequent value of having maintained
something useful. If you think of the maintenance of useful
information in the PFC as a kind of CS (because they
should reliably be associated with positive outcomes), then
the dopamine neurons will learn to fire at the onset of such a
CS. Having this phasic DA signal at CS onset can then
reinforce the decision to maintain this information in the

first place, thus solving the time travel problem.

The computational model described next incorporates this
key idea, by having the phasic DA signal at CS onset drive
learning of the BG Go neurons that update new information
into PFC active maintenance. The model shows that this
core idea is sufficient to support the learning of complex

executive function tasks.

No prediction
Reward occurs

"(,',o'cs) L

Reward predicted
Reward occurs

Reward predicted
No reward occurs

2s

1
Cs (no R) :

Figure 10.10: The phasic activity of dopamine (DA) neurons in
the midbrain exhibits the appropriate form of time travel
required for learning what information is useful to maintain in
the PFC. DA moves from firing at the time of a primary reward
(R) to the onset of a Conditioned Stimulus (CS) that is
predictive of subsequent reward. Items that prove useful for
later behavior are effectively CS's, and phasic DA at their onset
can drive learning to reliably encode this information into PFC.



http://grey.colorado.edu/CompCogNeuro/index.php?title=File%3Afig_schultz97_vta_td.png

CCNBook/Executive

149

The PBWM Computational Model

The biological properties of the

PFC/BG system that we reviewed

above are captured in a computational SEHSDFY IHPUt Motor OUtPUt
model called PBWM (prefrontal cortex

basal ganglia working memory) \

(O'Reilly & Frank, 2006; Hazy et al . -
2006, 2007) (Figure 10.11). The PFC Posterior Cortex:

neurons in this model are organized /0 Mapplng

into separately-updatable stripes, and \
also into separate functional groups of

PFC

(gating)

out

maintenance and  output  gating PVLV: DA

(described more below). They have an 'LCHtIC ) (modulation) BG
intrinsic maintenance current that is out
implemented using the hys teresis Figure 10.11: Components of a PBWM model, based on biological connections and
current (gc.h in the simulator), functions of the PFC (robust active maintenance of task-relevant information), Basal

which represents the effects of NMDA Ganglia (BG, dynamic gating of PFC active maintenance), and PVLV (phasic dopamine

. signals for training the BG gating, based on time-travel of phasic dopamine from primary
and mGluR channels on robust active

value (PV) rewards to learned value (LV) for conditioned stimuli (CS's) that predict
maintenance in PFC neurons, and also primary rewards. Each specialized job, in interaction, produces a capable overall

have strong self-connections from each executive function system, after sufficient learning experience.

neuron to  itself,  representing

reverberant excitatory connections. The hysteresis current channels are controlled by the BG gating signals, with the
BG layers also organized into corresponding maintenance and output gating stripes. The Matrix layer of the BG
(representing the matrisomes of the striatum) has separate Go and NoGo neurons that project to a combined SNr and
thalamus (SNrThal) layer with a single neuron per stripe that fires if the Go pathway is sufficiently stronger than the
NoGo (this mechanism abstracts away from the detailed BG gating circuitry involving the GPe, SNr, STN and
thalamus, as simulated in the motor chapter, and simply summarizes functionality in a single SNrThal layer). A
SNrThal Go signal will update the PFC gc.h currents to reflect the current input activations, while a NoGo leaves the

PFC alone to continue to maintain prior information (or nothing at all).
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The PVLV phasic dopamine system
receives connections from PFC to the
LV system, which learns to what
extent maintenance of a given pattern
of activity in PFC is associated with
The
resulting dopamine signals then drive
the learning of the BG Go and NoGo
with positive DA bursts

primary value (PV) rewards.

neurons,
leading to facilitation of Go and
depression of NoGo weights, and
vice-versa for DA dips -- using the
same reinforcement learning
mechanisms described in the Motor

chapter.

The main dynamics of behavior of the
different PBWM
illustrated in Figure 10.12. Perhaps the

components are

single most important key for
understanding how the system works is
that it uses trial and error exploration
of different gating strategies in the BG,
with DA reinforcing those strategies
that

reward, and punishing those that are

are associated with positive

not. In order for the learning to work
properly, the BG has to already fire Go
to update new information into PFC,
this must be

and information

Store: Maintenance Go
-1 T +1

Output: Reward Received

-1 T +1
..._+ - -

PFC_mnt

Figure 10.12: Dynamics of BG/PFC/DA interaction in the PBWM model. The left panel
shows the sequence of activations on a given trial at time T when an important stimulus
(Stim) appears, and the BG_mnt_go (BG maintenance Go neurons) fire to then drive
sustained active maintenance of this stimulus information in the PFC_mnt layer (robust
maintenance including intrinsic ionic currents indicated by the red line). To the extent that
this new PFC_mnt representation has been previously associated with primary value (PV)
rewards, the learned value (LV) system will recognize this PFC_mnt activity pattern as
rewarding. The LV then drives phasic dopamine (DA), which reinforces the BG_mnt_go
firing, making it more likely that this stimulus will be gated again in the future. The right
panel shows what happens when the output gating system correctly output-gates the
PFC_mnt maintained activation pattern, producing a corresponding pattern of activity on
PFC_out, and resulting in PV reward. The resulting phasic DA reinforces the BG_out_go
(output gating Go neurons) to make them more likely to output this information in the
future. It also drives learning in the LV system to associate the contents of PFC_mnt with
reward, which was critical for driving learning for when to gate in the BG as shown in the
left panel. Thus the PVLV system performs the necessary time travel to reinforce the
storage of useful information in PFC.

maintained through to the time of reward. Learning can only reinforce the "good" actions that take place randomly
initially. As the figure shows, if the BG does fire Go to a particular stimulus input, and thus the PFC encodes this
new stimulus, and this PFC representation was previously associated with positive reward value by the LV
component of PVLV, then the LV will drive a phasic dopamine burst that will reinforce the BG Go firing, causing it
to be more likely to occur in the future. This positive feedback dynamic, operating over time with lots of trial and

error, enables the
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system to learn reasonably complex

A - Maintenance, pre-Output B - Output gating
executive function tasks, as we'll see.

There is also a negative feedback temce e -t iarace st e Output e ]
dynamic for reinforcing BG NoGo
firing for PFC representations that are
associated with more negative reward
values by the LV system (not shown in

the figure).

The presence of multiple stripes is
typically important for the PBWM
model to learn rapidly, because it

SNr/GPi Action outputs SNr/GPi Action outputs
Figure 10.13: Schematic to illustrate the division of labor between
maintenance-specialized stripes and corresponding output-specialized stripes. A -

allows different gating strategies to be Maintenance stripe (left) in maintenance mode, with corticothalamocortical reverberant
explored in parallel, instead of having activity shown (red). Information from that stripe projects via layer Vb pyramidals to a
thalamic relay cell for the corresponding output stripe, but the BG gate is closed from

a single stripe sequentially explore all ) o )
tonic SNr/GPi inhibition so nothing happens (gray). B - Output gate opens due to

the different such strategies. As long as “Go'-signal generated disinhibition of SN1/GPi output (green), triggering burst firing in

one stripe can hit upon a useful gating the thalamic relay cell, which in turn activates the corresponding cortical stripe

strategy, the system can succeed, and it representation for the appropriate output. Projection from output stripe's layer Vb

quickly learns to focus on that useful pyramidal cells then activates cortical and subcortical action/output areas, completing a
handoff from maintenance to output. MD = mediodorsal nucleus of the thalamus; VP/VL

stripe while ignoring the others. = ventroposterior or ventrolateral (motor) thalamic nuclei.

(Multiple stripes are also critical when

more than one piece of information has to be maintained and updated in the course of a task -- indeed, it is this
demand that motivated the development of the original PBWM model to supersede earlier gating models, which used
phasic dopamine signals to directly gate PFC representations but did not support multiple gating and hence was
limited to a capacity of a single item). One interesting consequence of having these multiple stripes is that
"superstitious" gating can occur in other stripes -- if that gating happens to reliably enough coincide with the gating
signals that are actually useful, it too will get reinforced. Perhaps this may shed light on our proclivity for being

superstitious?

Output Gating

As we saw in Figure 10.3, some PFC neurons exhibit delay-period (active maintenance) firing, while others exhibit
output response firing. These populations do not appear to mix: a given neuron does not typically exhibit a
combination of both types of firing. This is captured in the PBWM framework by having a separate set of PFC
stripes that are output gated instead of maintenance gated, which means that maintained information can be subject
to further gating to determine whether or not it should influence downstream processing (e.g., attention or motor
response selection). We assume a simple pairing of maintenance and output gating stripes, with direct one-to-one
projections from maintenance to output PFC units. These output PFC units are only activated, however, when their
corresponding stripe-level BG/SNrThal Go pathway fires. Thus, information can be maintained in an active but
somewhat "offline" form, before being actively output to drive behavior. Figure 10.13 illustrates this division of

labor between the maintenance side and the output side for gating and how a "handoff" can occur.
For more PBWM details, including further considerations for output gating, how maintained information is cleared

when no longer needed (after output gating), and gating biases that can help improve learning, see PBWM details

Subtopic, which also includes relevant equations and default parameters.
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Top-down Cognitive Control from Sustained PFC Firing: The
Stroop Model

We now turn to a series of computer simulations to explore various facets of

executive function. We begin with perhaps the single most studied task used

to test for executive function, the Stroop task, named after John Ridley Pu rple

Stroop, who first described the basic phenomenon back in 1935 (Stroop, J. R.,
1935). The computational model of this task, developed initially by Cohen,
Dunbar & McClelland (1990), has been applied (with appropriate change of
labels) to a remarkably wide range of different phenomena. Thus, this

deceptively simple task and model capture the most critical features of

executive function. G r e e n

In the Stroop paradigm (Figure 10.14) subjects are presented with color words
(e.g., "red", "green") one at a time and are required to either read the word
(e.g., "red"), or name the color of the ink that the word is written in.
Sometimes the word "red" appears in green ink, which represents the

incongruent or conflict condition. The "Stroop effect" is that error rates and

. .. .- . . Fi 10.14: The St task ires
response times are larger for this incongruent condition, especially in the case ture € STOOp task requires
either reading the word or naming the ink

of color naming (Figure 10.15). That color naming is particularly difficult in color of stimuli such as these. When

the incongruent condition has been attributed to the relatively "automatic", there is a conflict between the word and

well-practiced nature of reading words, so that the natural tendency to read the ink color, the word wins because

. . . . . ing is h 11- iced.
the word interferes with attending to, and naming, the color of the ink. reading is muc more Wé pramced‘
Top-down biasing (executive control) is

The Cohen et al. (1990) Stroop model showed how a maintained PFC required to overcome the dominance of

. . . word reading, by providing excitator
representation can provide a strong top-down bias to support the weaker color & by provicing Y
support for the weaker ink color naming

processing channel in the face of the stronger word-reading pathway. They pathway.

were
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able to establish the difference between
word reading and color naming simply as a Stroop Data (Dunbar & MacLeod, 84)
900 - - .
ob—0a Color

800 | o—eo Word ]

function of the amount of training provided

on each of these tasks. Our simulation

reproduces these same core features.

The Stroop model helps clarify the role of
700 1

inhibition in executive function. Many

people describe the Stroop task as requiring

600

500 e——— " —— |
dynamics. However, the PFC in the model \ . .
does not provide a directed form of Control Conflict Congruent
inhibition to the word reading pathway Condition

specifically. Instead, it provides excitatory

people to inhibit the prepotent word reading
pathway, in order to focus on the ink color,

Reaction Time (msec)

and the model also does involve inhibitory

Figure 10.15: Typical data from neurologically intact participants on the Stroop
top-down support to the weaker pathway task, showing differentially slowed performance on the conflict (incongruent) color
(color naming), which then enables this naming condition. Damage to the PFC produces a differential impairment in this

pathway to better compete (via lateral condition relative to the others, indicating that PFC is providing top-down

I . . . excitatory biasing to support color naming.

inhibitory interactions) with the more

dominant word reading pathway. Thus,

inhibition is seen as a more collateral, automatic process operating throughout the cortex, and top-down biasing is

involved in exciting relevant information, rather than inhibiting irrelevant information.

Open the Stroop model and follow the directions from there.

Development of PFC Active Memory Strength and the A-not-B Task

The developmental process can provide important insights into various cognitive phenomena, often by making
cognitive failures particularly stark. A great example of this is the A-not-B task developed by pioneering
developmental researcher Jean Piaget (Piaget, 1954). An infant is repeated shown a toy hidden in one location
(labeled A), and when the toy is then hidden in a different location (B), they continue to reach back to A. The
behavior is striking -- the infant just saw the toy being hidden, tracking the experimenter's movements with great
attention (typically novel, interesting toys are used). And yet they appear to forget all about this in a flash, reverting

back to the previously established "habitual" behavior.

The computational model we explore here (Munakata, 1998) shows how a range of behavioral phenomena, some of
it quite subtle and complex, can be captured with a relatively simple model that shares much in common with the
Stroop model explored above. Development in this model is operationalized simply as the strength of the reverberant
excitatory connections among PFC neurons, which are the only mechanism for active maintenance in this simplified
model. The "older" networks can hold onto information for a longer period of time due to their stronger recurrent

connections, while information is much more fleeting in the "younger" ones with weaker recurrent connections.

To see how this all plays out, open the A Not B model and follow the directions from there.
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Dynamic Updating of PFC Active Memory: The SIR Model

Having seen in the Stroop and A-not-B models how sustained PFC activity can influence behavior through top-down
biasing, we now turn to the more complex aspects of PFC function, involving the dynamic gating of PFC
representations by the basal ganglia, and the ability to rapidly update and robustly maintain information. As a first
introduction to this functionality, captured by the PBWM model, we use the simple SIR (Store, Ignore, Recall)

task. Here is a sample sequence of trials in this task:

* S - A -- this means that the network should store the A stimulus for later recall -- network responds A.
e I-C--ignore the C stimulus, but you still have to respond to it -- network responds C.
e I-B --ignore the B stimulus -- network responds B.

* R -- recall the most recently stored stimulus -- network responds A.

The BG maintenance gating system has to learn to fire Go to drive updating of PFC on the Store trials to encode the
associated stimulus for later recall. It also must learn to fire NoGo to the ignore stimuli, so they don't overwrite
previously stored information. Finally, on recall trials, the output BG gating mechanism should drive output of the
stored information from PFC. It is critical to appreciate that the network starts out knowing nothing about the
semantics of these various inputs, and has to learn entirely through trial-and-error what to do with the different
inputs.

To see this learning unfold, open the SIR model and follow the directions from there. While we don't consider it here
for simplicity, the same PBWM model, when augmented to have multiple parallel stripes, can learn to separately
update and maintain multiple pieces of information in working memory and to retrieve the correct information when
needed. A good example of this demand is summarized by the SIR-2 task, where instead of involving a single store
and recall task control signal, there are two such signals (i.e. S1 and S2 and R1 and R2). Thus, the network has to
learn to separately store two stimuli, update them into separate buffers, and appropriately respond based on the

maintained information in the correct buffer when cue to recall R1 vs. R2.

More Complex Dynamic Updating of PFC Active Memory: The
N-Back Task

The N-back task has become one of the most widely used measures of complex working memory function in the
PFC, in part because it so reliably drives the activation of the PFC in functional MRI (fMRI) experiments. Chatham
et al (in press) developed a PBWM-based model of this task, which shows how a more complex cognitive task can
be learned by PBWM. This model makes contact with a range of important findings in the cognitive neuroscience

literature as well.

TODO: nback model.
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Hierarchical Organization of PFC: Subtasks, Goals, Cognitive

Sequencing

For related models simulating
hierarchical control over action across
multiple PFC-BG
Reynolds & O'Reilly, 2009; Frank &
Badre, 2011 and Collins & Frank
(2013). The Ilatter model considers

situations in which there are multiple

circuits,  see

potential rules signifying how to select
actions to particular stimuli, and where
the appropriate rule might depend on a
higher level context. (For example,
your tendency to greet someone with a
hug, kiss, handshake, or wave might
depend on the situation: your
relationship to the person, whether you
are in the street or at work, etc. But

how do you greet someone in the same

Anterior

PFC-Out
(Atten

Motor
Cortex

P(Rew | Ctxt)

P(Rew | S)
P(Rew | Resp, S)

Figure 10.16: Hierarchical action selection across multiple prefrontal basal ganglia loops.
On the far right, at the most anterior level, the PFC represents contextual information that
is gated by its corresponding BG loop based on the probability that maintaining this
context for guiding lower level actions is predictive of reward. The middle loop involves
both input and output gating. The input gating mechanism allows stimulus representations

S to update a PFC_maint layer, while the output gating mechanism gates out a subset of

. . . . maintained information conditional on the context in anterior PFC. Its associated BG
situation but in a different country? . o o ;
layer learns the reward probability of output gating given the maintained stimulus S and

The rule for which action to select may the context. Finally, the right-most motor loop learns to gate simple motor responses
be the same as that you've applied in

be model described in the Motor chapter, but where here relevant stimulus features are

based on their reward probabilities conditional on the stimulus, as in the single loop BG

other countries, or it might

different). More generally, we refer to selected by the more anterior loops. Reproduced from Frank & Badre (2011).
the higher level rule as a "task-set"
which contextualizes how to act in response to many different stimuli. Hierarchical PFC-BG networks can learn to
create these PFC task-sets, and simultaneously, which actions to select in each task-set. They can enhance learning
and generalization across contexts which share the same task-set, while also identifying when it may not be
appropriate to re-use an existing task-set and instead to create a new one. To see this network in action, including
demonstrations of enhanced transfer, see the Collins & Frank network linked here [1].

To put many of the elements explored above to their most important use, we explore how the coordinated

interactions of various regions of the PFC (including the affective areas explored previously), together with BG

gating, enable the system to behave in a coherent, task-driven manner over multiple sequential steps of cognitive

processing. This is really the hallmark of human intelligence: we can solve complex problems by performing a

sequence of simpler cognitive steps, in a flexible, adaptive manner. More abstract cognitive models such as ACT-R

provide a nice characterization of the functional properties of this level of cognition. The goal with the model we
explore here is to understand how more detailed neural mechanisms can work together to produce this functionality.

* Higher (more anterior) levels of PFC encode context/goals/plans to organize sequence of cognitive actions, which
are driven by more lower, more posterior PFC areas. Critically, these higher areas do not specify rigid sequences
of actions, but rather encode the desired outcome states of the sequence of actions, and provide appropriate
context so that appropriate lower-level steps will be selected.

» Each step in a sequence of actions involves a consideration of the reward outcomes and effort costs of the action
relative to other possible options.

TODO: invent this model!
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Affective Influences over Executive Function: Roles of the OFC and
ACC

One of the most important features of the PFC and executive function is that it integrates emotional and motivational
influences together with high-level cognitive control and planning. The medial and ventral regions of the PFC are
particularly important for processing emotional and motivational factors, with considerable data converging on the
idea that the ventral medial areas including the orbital prefrontal cortex (OFC) are important for encoding the
affective value of stimuli, while the dorsal medial areas (principally the anterior cingulate cortex (ACC)) is important

for encoding the affective value of motor actions and plans (Figure 10.6).
Here, we explore a model of these areas in the context of relatively simple conditioning tasks in animals.

TODO: Whip model, BG-OFC. ACC-STN model in cognitive control.

Other Executive Functions

The main models explored above are intended to cover some of the most central and important aspects of executive
function, but this is a very large space and there are many important phenomena that we unfortunately cannot cover
(though we plan to expand the scope of what is covered in future revisions, with optional models covering various of
the following topics).

For many people, particularly in an academic setting, the first things that may come to mind if asked to name some
higher-level cognitive functions might be things like: learning and/or using formal mathematics (like calculus or
statistics); or, perhaps, the use of careful logical reasoning to make a major decision. But, in addition to these highly
formalized domains, there are many other day-to-day, but none the less important, mental activities that also involve
a highly sophisticated level of processing, activities like: planning one's day or a work project, or; resisting the
temptation to have dessert when you are trying to lose ten pounds before bathing suit season, or; counting cards in
working memory while playing blackjack. All these kinds of mental activities are now known to rely upon the
frontal cortex and related structures for their optimal expression. Here is a list of some major categories of distinctive

executive functions:

* Highly structured cognitive activities, often involving formal symbol systems -- Mental activities like learning
and/or using mathematics, formal logic, computer programming, creative and/or non-fiction writing, and
structured, rational decision-making. All of these require temporally-extended maintenance of task-relevant
information, especially of a highly abstract, symbolic nature. The role of language in these and many other
executive functions is a very important aspect -- language provides a highly flexible mental currency for active
maintenance and control over behavior -- by remembering specific words or phrases, we can remind ourselves of

what we want to achieve, or what we have derived in an initial processing step, etc.

* Control over encoding and retrieval of episodic information in the hippocampus -- it is highly likely that the
hippocampus and PFC/BG systems interact significantly in many forms of executive function, with the rapid
learning abilities of the hippocampus complementing the transient, flexible active maintenance properties of the
PFC. If the PFC gets distracted, the information is typically gone forever, but the hippocampus can encode and
retrieve information in terms of long-lasting synaptic changes. Often, it may be more efficient to use this

hippocampal encoding and retrieval instead of persistent active maintenance of information in PFC.
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Alternative frameworks and modeling approaches

In this chapter we have focused on one particular theoretical framework, but there have been many other approaches
described over the years. Probably the most influential model came from Alan Baddeley (1986), who especially
focused on working memory, but also argued for a "central executive." In particular, he postulated two specific
forms of working memory: 1) a phonological loop for maintaining verbal information and; 2) a visuospatial
scratchpad for spatial information. Another highly influential theoretical approach came from Tim Shallice (e.g.,
1988,2007) who described a supervisory attentional system (SAS) framework. Finally, there is also the very

influential traditional Al approach, which we will discuss briefly below.

Motivated largely by the kinds of cognitive functions listed above, traditional AI has largely focused on a
design-oriented approach using symbols that has focused on trying to figure out what it would take to solve a
particular kind of problem, and then designing a model that does things that way. There is an irony in this approach
in that researchers taking this approach are using the very higher-level cognitive functionality they are trying to
explain in order to design a system that will reproduce it. A fundamental problem with this kind of approach is that it
basically designs in the very functionality it aims to explain. This is not to say that these kinds of approaches are
wholly without merit, only that they are fundamentally limited in what they can ultimately explain. Perhaps for
obvious reasons, it has turned out that these kinds of models of cognitive function have been most successful in
dealing with the kinds of cognitive function that we listed as being at the highest level - that is, in modeling systems
able to do formal mathematics and logic. What they have done less well in has been in accounting for many of the
kinds of things that might be considered less high-level, or even lower-level, things which we often take to be
automatic. It is for these latter areas, that the biologically informed neural network approach has been most helpful.
Thus, these two approaches can be nicely complementary and hybrid approaches are being pursued. For example, the

Leabra approach is being hybridized with the ACT-R approach in an architecture called SAL.

All of these approaches are not mutually exclusive, but instead share many common ideas and can be
complementary in many ways. In particular, the traditional Al approach, by going straight to solving a high level
problem e.g., arithmetic. On the other hand, the goal of the neural network approach we advocate is to provide a
more bottom-up model that tries to provide a reductionist account for the emergence of control-like processing based

on underlying automatic mechanisms. This is the approach we take with the PBWM framework.

Summary of Key Points

* The prefrontal cortex (PFC) encodes information in an active state through sustained neural firing, which is more
flexible and rapidly updatable than using synaptic weight changes.

* The basal ganglia (BG) drives updating (dynamic gating) of PFC active memory states, enhancing flexibility.

* Phasic dopamine signals from midbrain nuclei have the right properties for training BG gating, by transferring
reward associations earlier in time to the onset of stimuli that predict subsequent rewards.

* The PFC influences cognitive processing elsewhere in the brain via top-down excitatory biasing, as demonstrated
in the Stroop model.

* Developmental changes in active memory can be explained in terms of stronger PFC active maintenance abilities,
as demonstrated in the A-not-B model.

* BG dynamic gating can support flexible cognitive function by dynamically encoding some information while
ignore other irrelevant information, and updating the contents of active memory. The SIR and n-back models
demonstrate these abilities.

* Medial and ventral areas of PFC (orbital prefrontal cortex (OFC) and anterior cingulate cortex (ACC)) convey
affective information about stimuli and actions, respectively, and are important for properly evaluating potential
actions to be taken (decision making, problem solving, etc).
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Subtopics

Here are some subtopics for this chapter, collected in one place for convenience/easy browsing. These may or may

not be optional for a given course, depending on the instructor's specifications of what to read:

* PBWM -- full details on the PBWM model implementation.

Explorations

Here are all the explorations covered in the main portion of this chapter collected in one place for convenience/easy
browsing. These may or may not be optional for a given course, depending on the instructor's specifications for what

to cover.

* Stroop (stroop.proj) -- The Stroop effect and PFC top-down biasing (Questions 10.1 - 10.3)

* A Not B (a_not_b.proj) -- -- Development of PFC active maintenance and the A-not-B task (Questions 10.4 -
10.6)

e SIR (sir.proj) -- Store/Ignore/Recall Task - Updating and Maintenance in more complex PFC model (Questions
10.7 - 10.8)

External Resources

To learn more about the organization and function of the prefrontal cortex, a good place to start is Joaquin Fuster's
book "The Prefrontal Cortex." It is an informative and digestible read and describes Fuster's own theoretical ideas

regarding executive function. The latest edition is the 4th (2008).

* For more about the role of the basal ganglia in cognitive function try "Subcortical Structures and Cognition:
Implications for Neuropsychological Assessment" by Koziol, L. F. and Budding, D. E. (2009). It is also available

online as an e-book (may require university access): [[2]]

* For several interesting and informative readings on various aspects of working memory you might try Miyake, A.
and Shah, P., eds. "Models of Working Memory: Mechanisms of Active Maintenance and Executive Control"
(1999) Cambridge.

* For the most recent explication of the PBWM model read "Neural Mechanisms of Executive Function" (in
preparation), or O'Reilly, R.C. & Frank, M.J. (2006), Making Working Memory Work: A Computational Model
of Learning in the Frontal Cortex and Basal Ganglia. Neural Computation, 18, 283-328. [[3]]

» For areview of various evidence implicating interactions between BG, PFC and dopamine in executive function,
see Frank, M.J. & Fossella, J. (2011). Neurogenetics and Pharmacology of Learning, Motivation and Cognition.

Neuropsychopharmacology Reviews, 36, 133-52. [[4]]

* For information on traditional symbolic, production system Al approaches see John Anderson's book: "The
Adaptive Character of Thought." 1st edition. (1990) [[5]]

* For a discussion of the issues involved in combining neural network and symbol-based architectures, and a
description of one such approach involving Leabra and ACT-R, see Jilk, D.J., Lebiere, C., O'Reilly, R.C. &
Anderson, J.R. (2008). SAL: An explicitly pluralistic cognitive architecture. Journal of Experimental and
Theoretical Artificial Intelligence, 20, 197-218. [[6]]
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