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Abstract

LEARNING IN SILICON: A NEUROMORPHIC MODEL OF THE HIPPOCAMPUS
John Vernon Arthur

Supervisor: Kwabena Boahen

The human brain is the most complex computing structure in the known universe; it
excels at many tasks that digital computers perform poorly, such as learning input patterns
and later retreiving them with only a part of the original patterns as input, realizing associa-
tive memory. Our brains perform these feats rapidly and with unmatched energy efficiency,
using only about 10W, far less than a typical light bulb. To explore neurobiological process-
ing, neuromorphic engineers use existing silicon technology to duplicate neural structure
and function down to the level of ion channels, efficiently morphing brain-like computation

into mixed analog and digital integrated circuits.

In this dissertation, we present a neuromorphic model of the hippocampus, a brain
region critical in associative memory. We model hippocampal rhythmicity for the first time
in a neuromorphic model by developing a new class of silicon neurons that synchronize by
using shunting inhibition (conductance-based) with a synaptic rise-time. Synaptic rise-time
promotes synchrony by delaying the effect of inhibition, providing an opportune period for
neurons to spike together. Shunting inhibition, through its voltage dependence, inhibits
neurons that spike out of phase more strongly (delaying the spike further), pushing them

into phase (in the next cycle).

In addition, we use these neurons to implement associative memory in a recurrent net-

work that uses binary-weighted synpases with spike timing-dependent plasticity (STDP) to

v



learn stimulated patterns of neuron activity and to compensate for variability in excitability.
STDP preferentially potentiates (turns on) synapses that project from excitable neurons,
which fire early, to lethargic neurons, which fire late. The additional excitatory synaptic
current makes lethargic neurons fire earlier, thereby causing neurons that belong to the
same pattern to fire in synchrony. Potentiation among neurons in the same pattern store
it such that, once learned, an entire pattern can be recalled by stimulating a subset, which

recruits the inactive members of the original pattern.
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Chapter 1

Introduction

Neuromorphic engineers aim to reproduce the spike-based computation of the brain by
morphing its neuroanatomy and neurophysiology into custom silicon VLSI (very large-
scale integration) chips [101]. Custom hardware, using mixed analog and digital circuits,
enables them to create large-scale real-time neural models. These models duplicate the
mechanisms the brain uses to compute, in pursuit of not only its function but also of its ef-
ficiency, the neuromorphic approach. In contrast, the bioinspired approach uses traditional
engineering techniques merely to realize the perceived function of biological elements and

not their structure or efficiency.

Neuromorphic engineers have constructed large-scale real-time models of several neu-
robiological systems. Most implementations emulate peripheral sensory regions (such as
the retina [158] and the cochlea [150]), however more recently, engineers have progressed
to modeling the processes of (visual) cortical development, which includes generating ori-
entation maps [106] and organizing axonal wiring in the retino-tectal pathway [138, 139].

Despite the importance learning from experience, attempts to model adult plasticity have



excluded system-level learning and have instead been limited to models of plastic synapses

[53, 48, 19, 71].

The ability to learn from experience and to apply that knowledge to future situations
is paramount to the success of every vertebrate animal. The key element of such learning
is linking, associating, an event with its context and other temporally contiguous events
(possibly deciphering its cause), which enables an animal to pursue or to avoid repeating
the event, depending on whether it was beneficial or harmful, respectively. The neural
correlate of such associative memory is thought to be the storage and recall of patterns of

activity, pattern memory.

In this dissertation, I design and build an associative memory system capable of stor-
ing and recalling patterns, the Silicon CA3. 1 base the model on a part of the brain, the
CA3 region of the hippocampus, which is strongly linked to learning and memorizing se-
quences of events, episodic memory. The system stores patterns in a manner that creates a
scaffold for storing sequences of patterns by simultaneously representing multiple patterns

multiplexed in time. The outline of the dissertation follows.

1.1 Dissertation Structure

In Chapter 2, I define episodic memory and review evidence that the hippocampus plays
a role in its realization. Then, I review hippocampal biology relevant to episodic memory.
Next, I introduce the fundamental components of associative memory networks, followed
by their use in previous hippocampal models of memory. Finally, I present my model of
hippocampal episodic memory and introduce a neuromorphic implementation of part of the

model.



In Chapter 3, I present the silicon neuron. After describing my design strategy for
realizing neuromorphic circuits, I present a conductance-based neuron that uses log-domain
low-pass filters to build the neuron’s soma and synapses. Next, I characterize the neuron
circuit, including the soma’s frequency-current response, the synapse’s rise-time and decay
constant, as well as the neuron’s phase-response curve. Last, I discuss the neuron’s role in

the hippocampal model.

In Chapter 4, I present a network of silicon inhibitory interneurons that synchronize at
gamma frequency (30-100Hz). First, I introduce synchrony in inhibitory networks, particu-
larly in the hippocampus. Then, I discuss previous models of synchrony, silicon, analytical,
and computational, and the insights into synchrony they provide, emphasizing the role of
delay in synchrony. Next, I show with a simple analytical model that synaptic rise-time
can behave as a surrogate for pure synaptic delay in controlling network frequency. Then, I
switch my focus and describe the inhibitory interneuron network. I quantify the network’s
performance in terms of its frequency range and a measure of synchrony. Finally, I discuss

the implications of the network performance at the system level.

In Chapter 5, I describe the design and characterization of a spike timing-dependent
plasticity circuit. First, I summarize the observed properties of biological plasticity in the
hippocampus. Then, I describe previous implementations of plasticity. Next, I present the
spike timing-dependent plasticity circuit, describing the design optimizations and tradeoffs.
I characterize the circuit’s behavior and variability. Finally, I discuss its implications at the

system level in the hippocampal model as well as the design’s limitations.

In Chapter 6, I use a network of silicon neurons with plastic synapses and a theta rhythm
(6-12Hz) to phase-encode the input stimulus and to compensate for variability among neu-

rons. First, I summarize hippocampal properties related to the storage of autoassociative



patterns. Then, I describe previous VLSI implementations of abstract associative mem-
ory, contrasting them with neuromorphic associative memory. Next, I present my network
of silicon neurons and its recurrent connectivity. I demonstrate the network’s ability to
compensate for variability while it stores and recalls patterns. I characterize this ability
to compensate for intrinsic (fabrication) as well as extrinsic (input) variability. Finally, I

discuss the implications of the implementation of autoassociation as well as its limitations.

In Chapter 7, I conclude with a discussion of my results and avenues for future work.

1.2 Original Contributions

In this dissertation, I present a novel model of sequence memory in the hippocampus (Chap-
ter 2) in which connections from CA3 to the dentate gyrus (another region of the hippocam-

pus) store the link between subsequent patterns in a series.

To realize my model, I conceived a new way to design silicon neurons (Chapter 3),
based on current-mode log-domain and pulse-extender circuits. These circuits are about as
dense as simpler integrator-type silicon neurons yet model conductance-based dynamics,

which are more representative of biological neurons.

I use these silicon neurons to implement the first neuromorphic model of spike syn-
chrony by inhibition (Chapter 4). The analysis I provide establishes synaptic rise-time
as a surrogate for pure delay. Also, my analysis quantitatively determines the synaptic
decay-constant’s modulatory role in determining the frequency of synchrony. I verify these

relationships with observations from the silicon network.



Further, I implement the first spike timing-dependent plasticity circuit in deep-submicron
CMOS (Chapter 5). My circuit exploits the density of deep-submicron CMOS by using one
bit of digital memory to store the each binary weight. Despite its implementation in deep-
submicron CMOS, the circuit achieves a long integration time, which imbues it with noise
immunity. And despite transistor variations, all 21,504 circuits function with the correct

sign of weight change.

Finally, I implement the first neuromorphic model of associative memory that stores
and recalls patterns, and completes patterns when presented with partial input (Chapter 6).
Further, the network compensates for variability among its neurons, achieving precise tim-
ing. Precise timing allows multiple patterns to be active simultaneously at different phases
of the theta rhythm, providing an ideal temporal structure for storing sequences. This ob-
servation led me to postulate that neuronal networks with excitatory recurrent connections
achieve precise timing (synchrony) by potentiating connections from excitable neurons to

lethargic ones—the plasticity enhanced phase-coding hypothesis.



Chapter 2

A Model of the Episodic Hippocampus

The hippocampus is an essential brain region in episodic memory, the storage and recall of
series of events in space and time. Although the hippocampus is among the most studied
regions of the brain, from its synaptic plasticity to its role in navigation, how hippocampal

structure and function relate to episodic memory remains unexplained.

In this chapter, I define episodic memory and review evidence that the hippocampus
plays a critical role in its realization. Then, I review the hippocampal biology relevant to
episodic memory. Next, I introduce the fundamental components of associative memory
networks, followed by their use in previous hippocampal models of memory. Finally, I

present my model of hippocampal episodic memory.



2.1 Episodic Memory

An episode is a series of related events. Intuitively, episodic memory is the memory of
experiences, storing and recalling events including time and location. In this dissertation, I

adopt this definition of episodic memory!.

Episodic memory is related to semantic memory, which recalls facts but not necessarily
when and where they were learned. Episodic memory is inherently autobiographical as
opposed to semantic memory—even though all semantic memories are acquired first as
episodic memories. Episodic memory and semantic memory together form declarative

memory, the memory of facts and events that can be recounted (in humans).

Episodic memory is inherently related to the storage and recall of sequences of events.
In an example episode, an individual walks to the grocery store, picks up a loaf of bread,
pays for the bread, and takes a bus home. An episodic memory system should store this
sequence of events, such that it can be recalled later. Experience tells us such episodes must
be stored with one-shot learning, as humans and animals need not experience an episode
many times to remember it. This storage and recall of sequences of events is hypothesized

as a role of the hippocampus.

!Psychologists and neuroscientists sometimes use a more restrictive definition of episodic memory in
which a memory is only considered episodic if the subject relives the event through its recollection, an ability
only known to exist in humans [143]. They refer to the definition I adopted as “episodic-like” memory [29,
79]. Because I am concerned with the mechanics of memory and not the sensation of a subject, I use the
intuitive and less restrictive definition [38, 90].



2.2 The Episodic Hippocampus

The mammalian hippocampus is a brain region noted for its role in memory (Figure 2.1).
Neuroscientists widely recognized such a role in the 1950s, when a patient, H.M., under-
went an experimental surgery to treat his epilepsy, bilateral removal of the hippocampus
and surrounding brain tissue. The surgery eliminated H.M.’s ability to store memories of
new experiences® and erased many memories formed up to 11 years before the damage
but left older memories intact [127]. Patient H.M. and others with similar hippocampus
damage showed definitively that the hippocampus is critical in memory and suggested the
types of memory in which the hippocampus plays a role; exactly what roles it plays, and

how it performs these roles have been studied intensively and extensively ever since.

One early and influential hippocampal theorist, David Marr, proposed that the hip-
pocampus was a long-term but temporary store for episodic memories [99]. He put forth
that the hippocampus was a simple memory system (compared to the neocortical memory
system) that rapidly stored events as they arrived as patterns. When activated, a pattern
would stimulate areas of the neocortex to recall an event, acting as a sort of index into its
sensory details. Further, he posited that these memories were transfered entirely to the neo-
cortex slowly over time, providing a possible explanation as to why H.M. and others with
hippocampal damage express complete retrograde amnesia a short time into the past (a few
days) and reduced retrograde amnesia further back into the past (up to about a decade).
By the time Marr proposed his model of hippocampal function, several neurophysiologists

were studying properties of the hippocampus and its constituent elements.

To elucidate the hippocampus’s role in memory, many neurophysiologists employ the

ZH.M. lost the ability to form new memories about his experiences and facts, but he remained able to form
new procedural (motor) memories/skills, although he did not recall having learned them [127].



Figure 2.1: The Human Hippocampus

The human hippocampus is a sausage-shaped brain region in the temporal lobe. Taken from the Digital

Anatomist, University of Washington (www?9.biostr.washington.edu/da.html).

rodent preparation. Rats (and other rodents) provided an abundant source of subjects whose
hippocampi can be easily accessed and manipulated, both surgically and pharmacologi-
cally; mice enable neuroscientists to perform genetic manipulations as well [141]. These

neurophysiological studies provided insight into hippocampal function.

Neurophysiologists O’ Keefe and Dostrosky discovered rat pyramidal neurons that spiked
selectively in specific locations within a given environment, place fields [115] (Figure 2.2).
Pyramidal neurons with these properties were called place cells and formed the first plau-
sible basis for a cognitive map, a global representation of an environment [116]. Later,
place cells were discovered in the entorhinal cortex (the primary input to the Hippocam-
pus), but their place fields occupied similar locations in similar but different environments,
whereas hippocampal place cells’ fields occupied completely different regions in each new

environment, emphasizing their strong context dependence [122].
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Figure 2.2: Place Cells

Place cells in the CA1 (and CA3) region of the hippocampus spike selectively in certain locations as a rat

navigates the environment. Modified from [113].

Ever since the discovery of place cells, the role of the hippocampus in navigation has
largely been explored in rodents. Neuroscientists typically use the Morris Water Maze, a
deep circular pool with a podium just below the surface on which a rat (or mouse) can
stand [110]. Naive rodents are placed in the pool and swim until they find the podium,
learning its location. When returned to the pool, normal (control) rodents swim directly to
the podium. Rodents with bilateral hippocampal lesions however, search for the podium

again, apparently unable to remember its location.

Although they generate rich data on the rodent hippocampus, these navigational studies
were difficult to relate to human studies. Many researchers were unable to reconcile the
apparent differences between the human hippocampus, responsible for episodic memory,
and the rodent hippocampus, responsible for navigational memory. Some neuroscientists
concluded that the rodent hippocampus was only a navigational memory, simpler than the

episodic memory of the human equivalent [116].

In the 1990s, evidence arose that suggested a solution for the hippocampal conundrum
(although controversy continues). Neuroscientists tested the rate hippocampus’s role in

tasks that required more than just navigational memory and found that it encoded more

10



than just space. In particular, Hampson and colleagues showed that hippocampal neurons
encoded place, trial phase, combinations of place and trial phase, and even trial type in
a complex delayed-nonmatching-to-sample task® [56], variables consistent with episodic
memory and far beyond a simple cognitive map (Figure 2.3). In a review article, Howard
Eichenbaum made a strong case that the hippocampus is a “memory space” and not a “space
memory”’, suggesting navigational memory is a subtype of episodic memory (Figure 2.4)

[38].

Conversely, other evidence supported the notion that the human hippocampus stores
navigational memories. Humans (epilepsy patients) have place cells, showing a naviga-
tional aspect to the episodic human hippocampus [39], and humans with exceptional navi-

gational memories, London taxi drivers, have larger than average hippocampi [95].

Additional evidence suggests the (rodent) hippocampus is not only important in episodic
memory but that it realizes such memory by storing and recalling sequences. Sequence
memory naturally implements episodic memory, representing each event in an episode as
a pattern in a sequence. Conversely, episodic memory could be implemented as pattern
memory in which each episode is represented by a single pattern [36, 57]. One study
showed that in rats the hippocampus is necessary to recall sequences of odors, but not to
recognize individual odors [44]. Others showed that the hippocampus repeats sequences of
activity during rest, both forward [132, 112] and backward [45], providing an opportunity
to store the sequence in long-term memory and to link events to previous events, potentially

enabling an animal to think back into the past (Figure 2.5).

3In the delayed-nonmatching-to-sample task, the subject (rat) traverses an enclosed room and presses an
extended lever on either the left or right, depending on which lever is extended. The subject then returns to the
other side of the room and waits for a delay period with its nose pressed into a hole. After the delay period,
both levers are extended and the subject traverses the room again and presses the opposite lever. Hippocampal
damage impairs rats in this task.

11
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Figure 2.3: The Episodic Hippocampus
Neurons in the CA1 and CA3 regions of the hippocampus of the rat spike selectively in response to variables
associated with episodic memory such as place, trial phase, combinations of place and trial phase, and even

trial type. Modified from [56].

2.3 Hippocampal Biology

Ever since the hippocampus was discovered to have a crucial role in episodic memory, it
has been extensively studied, yet we still do not understand it. We have an abundance of
anatomical and physiological data, but we have yet to determine the mechanics of episodic

memory, to connect biology with psychology and structure with function.

This section reviews the basic elements of hippocampal anatomy and physiology, fo-
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Figure 2.4: Memory Space Not Space Memory
The hippocampus is a memory space, encoding many types of information rather than just a cognitive map

or space memory. Modified from [38].

cusing on elements directly related to the models of hippocampal memory we present in
Sections 2.5 and 2.6 of this chapter. Specifically, I cover the hippocampus’s neurons, their

connectivity within and between regions, synaptic plasticity, and rhythmicity.

The hippocampus is a component of the limbic system, which is involved in emotion,
motivation, and memory; humans have two hippocampi, one in each temporal lobe. Hip-
pocampus comes from Greek for seahorse, because coronal slices of the hippocampus re-
semble the spiral of a seahorse’s body and tail. The hippocampus as well as its subregions
are also referred to as cornu ammonis (CA), Ammon’s horn, due to the intact hippocam-
pus’s hornlike shape. The hippocampus proper consists of two major subregions: CA1 and
CA3*. The hippocampal formation includes the hippocampus proper, the dentate gyrus
(DG), and the subiculum (and related structures)’. In this dissertation, I am concerned with
the hippocampus proper (especially CA3) and the DG, the union of which I refer to simply

as the hippocampus.

“Between CA1 and CA3, resides a narrow subregion, CA2, which I and other researchers generally ignore.
>The subiculum, presubiculum, and parasubiculum are thought to be little more than an output relay from
CAL to various neocortical regions [30], which probably reflects our naivety more than any experiments.
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Figure 2.5: Hippocampal Sequence Activity

Neurons in the hippocampus spike in sequence, at times relative to the theta rhythm. Modified from [36].

The hippocampus is three-layer cortex, or archicortex, which is phylogenetically older
and simpler than six-layer neocortex. In the CA regions one layer of pyramidal neurons
cohabitate with sparse inhibitory interneurons of various types [46]. In the DG, densely
packed granule neurons cohabitate with inhibitory interneurons and sparse mossy neurons

(which resemble pyramidal neurons).

2.3.1 Hippocampal Neurons

In this section, I briefly describe the neurons of the DG and CA regions: granule neurons,

mossy neurons, pyramidal neurons, and inhibitory interneurons (Figure 2.6)°.

®In this dissertation, I use the terms granule neuron, mossy neuron, and pyramidal neuron to describe
granule cells, mossy cells, and pyramidal cells, respectively. I use neuron to emphasize that these particular
cells are neurons, rather than glia or nonneural cells.
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Figure 2.6: Neurons of the Hippocampus

CA3 (left) and CA1 (middle) pyramidal neurons have large somas and branching apical and basal dendrites.
Dentate gyrus granule neuron (fop right) have small somas and branching apical dendrites. Inhibitory in-
terneurons, such as basket neurons (bottom right), typically have small somas, small dendritic trees (thick
lines), and numerous local axonal branches (thin lines). Taken from the Cell Gallery at the Krasnow Institute

for Advanced Study, George Mason University (http://krasnow.gmu.edu/cng/cell_gallery/).
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2.3.1.1 Granule Neurons

The DG has two excitatory neurons types: granule neurons and mossy neurons. Granule
neurons are the only principal type in the DG, meaning only granule axons project out to
other parts of the hippocampus (or brain). Mossy neurons are interneurons, the only known

excitatory interneuron in the hippocampus.

Granule neurons are small and densely packed in the granule layer of the DG, with their
numbers estimated at about 1 million in the rat [120]. Their somas have a diameter of only
about 10pm. Their apical dendrites extend into the molecular layer; they have no basal
dendrites. They spike only sparsely with about one-half of one percent of the population
active during active behavior in the rat [9]. Their axons, mossy fibers, project both into the
hilus (layer of the DG), connecting to mossy neurons apical dendrites, and into the CA3,
driving pyramidal neurons; they drive inhibitory neurons in both areas as well. Inputs to
granule neurons come from the perforant path (entorhinal cortex, layer II) and from the

mossy neurons in the hilus.

2.3.1.2 Mossy Neurons

Mossy neurons are larger than granule neurons with a somatic diameter several tens of
microns. They are the most common neuron type in the hilus of the DG, numbering about
forty thousand in the adult rat [120]. They have both apical and basal dendrites, which
extend into the molecular and hilar layers, respectively. Little is known about their spike
properties or activity level, but they are often assumed to be similar to pyramidal neurons in
the CA regions, which they resemble. They send axons to granule neurons and inhibitory

interneurons in the DG [78]. Mossy neurons receive inputs from the perforant path and
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from mossy fibers.

2.3.1.3 CA3 Pyramidal Neurons

Pyramidal neurons are the principal neuron type in CA3, numbering on the order of two-
hundred thousand in the adult rat. They have both apical and basal dendritic trees. They
spike sparsely, with about 2.5 percent of the population spiking during active behavior.
Pyramidal neurons are noted for their large active dendritic trees that can support den-
dritic spikes, which often result in somatic bursts [4, 148]. Their repertoire of dendritic
and somatic ion channels has been well studied, resulting in detailed compartmental model
neurons. Yet, little is known about how dendritic compartments and active channels influ-
ence information processing (but see [121]). CA3 pyramidal neurons receive inputs from
both the perforant path and mossy fibers, as well as from other pyramidal neurons. They
send their axons to CA1 (Schaffer collaterals), to other CA3 pyramidal neurons (associa-

tional/commissural collaterals), and to mossy neurons in the DG.

2.3.1.4 CA1 Pyramidal Neurons

Pyramidal neurons are the principal neuron type in CA1l, numbering on the order of three-
hundred thousand in the adult rat. Like CA3 pyramidal neurons, they have both apical and
basal dendritic trees. CA1 pyramidal neurons support both rapid single spikes and bursts.
CA1 pyramidal neurons receive inputs from entorhinal cortex (EC) layer III (not perforant
path) and from CA3 pyramidal neurons via the Schaffer collateral pathway. They send their
axons out of the hippocampus to EC layer III and (through the subiculum) to layers IV and

V.
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2.3.1.5 Inhibitory Interneurons

In contrast to only three types of excitatory neurons, the hippocampus includes numerous
(at least several dozen) types of inhibitory interneurons [46]. Inhibitory interneurons are
characterized by the release of GABA and local axon projection. They occupy every layer
of the CA regions from oriens to molecular and every layer of the DG region from hilar
to molecular. Some have large dendritic trees that cross all layers, from apical to basal,
others have small trees, confined to one layer. Some have large branching trees that occupy
whole regions (within a coronal slice) and others are localized to a narrow region. Some
interneurons prefer to fire single spikes others bursts of spikes. We know there is a great
variety of inhibitory interneurons, but we do not yet know their purpose. Clearly, they
influence excitability, timing, rhythmicity, plasticity, and other properties, but we do not

even know how these influence hippocampal computation.

2.3.2 Connections

The basic connectivity between regions of the hippocampus has long been known, the

trisynaptic circuit.

2.3.2.1 Trisynaptic Circuit

The basic schematic of hippocampal connectivity is a simple trisynaptic circuit that de-
scribes the connectivity among excitatory neurons between hippocampal subregions (Fig-
ure 2.7) [78]. In the trisynaptic circuit, axons from the perforant path fan out, innervating

DG granule neurons (and CA3 pyramidal neurons). Granule neurons project their axons
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from EC

Figure 2.7: The Trisynaptic Circuit

The basic connectivity of the hippocampus is a trisynaptic circuit. Within a coronal slice, entorhinal cortex
(EC) excites dentate gyrus (DG) granule neurons via the perforant path (PP). Granule neurons project their
mossy fibers (MF) onto CA3 pyramidal neurons. CA3 neurons send Schaffer collateral (SC) axons to excite

CA1 pyramidal neurons, the output of the hippocampus (to EC). Modified from [78].

(mossy fibers) onto synapses on CA3 pyramidal neurons. CA3 pyramidal neuron axons
(Schaffer collaterals) fan out onto synapses on CA1 pyramidal neurons. Finally, CA1 pyra-
midal neurons project axons back to the EC. For a long period, neuroscientists assumed
this simple circuit was responsible for all hippocampal processing, and although it pro-
vided a good starting point, it lacked many potentially important connections observed in

the hippocampus both within each region and between regions.

2.3.2.2 Dentate Gyrus Excitatory Connectivity

The DG excitatory connectivity is the most complex in the hippocampus with two types
of excitatory neurons: granule neurons and mossy neurons, which form an excitatory re-

ciprocal network (Figure 2.8). The perforant path fans out, driving granule neurons and
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Figure 2.8: Dentate Gyrus Connectivity
Granule neurons (left) project mossy fibers to drive nearby mossy neurons (right), which reciprocally drive

granule neurons across the dentate gyrus.

mossy neurons. Granule neurons excite about ten mossy neurons and about ten CA3 pyra-
midal neurons near their septotemporal level (within a coronal slice), with powerful mossy
fiber boutons [59]. Mossy neurons reciprocally excite on the order of ten thousand granule

neurons, but fan out along the septotemporal or long axis of the hippocampus.

2.3.2.3 CA3 Excitatory Connectivity

The CA3 excitatory connectivity is simpler than the connectivity in the DG, and includes
another massive recurrent connection, one of the most extensive in the brain (Figure 2.9).
Each pyramidal neuron receives recurrent connections from tens of thousands of its neigh-

bors from all parts (along the septotemporal axis) of the hippocampus (though the proba-
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Figure 2.9: CA3 Connectivity

CA3 pyramidal neurons project collaterals to other pyramidal neurons, forming a massive recurrent network.

bility of finding a connection between any two neurons decreases with distance) and even
some from the contralateral hippocampus. These recurrent collaterals form synapses on
both apical and basal dendrites. The CA3 receives input from the perforant path and a few

powerful inputs (about 50) from mossy fibers.

2.3.2.4 CAl1 Excitatory Connectivity
The CA1 excitatory connectivity is similar to the CA3. However, the recurrent connec-

tions are fewer in number and make connections only on the basal dendrites of pyramidal

neurons. The CAl receives input from the EC and CA3.
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2.3.2.5 Inhibitory Interneuron Connectivity

The numerous inhibitory interneurons receive inputs from excitatory neurons in the DG,
CAl, CA3, and EC. They can form feedback or feedforward circuits with excitatory neu-

rons and can target somas, dendrites, or both.

2.3.3 Long-Term Synaptic Plasticity

Neurobiology is renowned for its unlimited learning and adaptation, orders of magnitude
more malleable than any realized by technology. Long-term synaptic plasticity is widely
viewed as the mechanism responsible for learning in neurobiological systems, believed to
be both necessary and sufficient, however concrete evidence of sufficiency is lacking [111].

Some other suggested mechanisms including changes in excitability and neurogenesis.

2.3.3.1 Hebb’s Rule

In 1949, inspired by neurobiology, Donald Hebb published a causal correlation-based
learning rule. He proposed that when one neuron repeatedly contributes to causing an-
other neuron to fire, it should increase its effectiveness. If both neurons are active together,
connections among them strengthen. This learning rule has been employed in many neural

network models and is simlar to biological synaptic plasticity.
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Figure 2.10: Long-Term Potentiation and Depression
Left Potentiation is a lasting increase in excitatory postsynaptic current (EPSC) amplitude. Potentiation is
induced by a repetitive positively correlated postsynaptic spiking (o): Presynaptic spike proceeds postsynaptic
spike by a short period (5ms) 60 times at 1Hz (arrow). Right Depression is a lasting decrease in EPSC
amplitude. Depression is induced by a repetitive negatively correlated postsynaptic spiking (o): Presynaptic
spike follows postsynaptic spike by a short period (5ms) 60 times at 1Hz (arrow). Left and right APS blocks

potentiation and depression (e). Modified from [12].

2.3.3.2 Long-Term Potentiation and Depression

Long-term potentiation (LTP) and long-term depression (LTD) are long-lasting (more than
30 minutes) increases and decreases in synaptic efficacy, respectively (Figure 2.10). LTP
(and later LTD) was first discovered in the hippocampus [14]. The mechanics of LTP and
LTD have been extensively studied but are only partially understood. The most studied
synapse is the excitatory, glutamatergic Schaffer collateral synapse from CA3 pyramidal

neurons to CA1 pyramidal neurons.

Schaffer collateral (and many other types of) LTP and LTD are NMDA dependent’.

"Many other types of LTP and LTD are independent of NMDA, such as one type from the mossy fibers
onto CA3 pyramidal neurons.
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When NMDA-receptor (NMDAR) gated synaptic channels are blocked by APS, synapses
resist both LTP and LTD [97]. NMDAR channels require both presynaptic input (glu-
tamate) and postsynaptic depolarization to relieve a magnesium block at hyperpolarized
potentials. When the block is relieved by depolarization and the channel activated by glu-

tamate, sodium and calcium flow into a synaptic spine head.

Evidence suggests that calcium influx through NMDAR channels determines the sign
of synaptic change. Low calcium influx results on average in no change, medium influx in
depression, high influx in potentiation [97]. Calcium must flow through NMDAR channels;
other sources are ineffective. Calcium triggers chemical cascades that add and remove (fast)
AMPA -receptor (AMPAR) gated channels to and from the synapse [118]. A lengthy list of
neuromodulators, neuropeptides, and intracellular messenger molecules influence LTP and
LTD, through their influence on calcium or by other means. A key molecule in the synaptic

spine is CaMKII.

Calcium acts on CaMKII, whose phosphorylation is necessary and possibly sufficient
for LTP [118]. CaMKII is ideal for maintaining synaptic strength as it autophosphory-
lates. Once calcium drives phosphorylation beyond a threshold, CaMKII drives it own
activation. Once the spine’s calcium level decays back to baseline levels, models suggest
CaMKII activation settles at one of two active levels, nearly completely phosphorylated
or dephosphorylated [89]. Phosphorylated CaMKII is implicated in realizing LTP by (in-
directly) inserting fast excitatory (voltage-independent) AMPAR gated synaptic channels
into the spine membrane. In the hippocampus, depressed excitatory synapses include only

NMDAR channels, whereas potentiated synapses include AMPAR channels as well [97].

The bistable activation of CaMKII suggests that excitatory synapses are binary; they

include or exclude AMPAR channels. Recent observations support such a conclusion that
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individual synapses are binary weighted, depending on whether they express AMPA-gated
channels [154], suggesting that graded synaptic strengths are merely a function of numer-

ous synaptic contacts, some fraction of which are potentiated.

On the other hand, the influenced of numerous intracellular and extracellular processes,
AMPAR and NMDAR channels’ number, subunit types, and probability of presynaptic
release, suggest that synapses are graded. For example, even if a synapse has inserted
AMPAR channels, a reduced probability of presynaptic release would weaken the average
effect of the synapse on the neuron. Also, debate continues as to whether LTP and LTD are
two sides of the same process, both influencing AMPAR channels, or if they manifest in
entirely different ways with one affecting the postsynaptic neuron and other the presynaptic
one. Even with (fixed weighted) binary AMPAR expression, synapses are not truly off or

on due to their NMDAR channels.

NMDAR channels are effective, even in the absence of AMPAR channels. Although
synapses are often modeled as having binary weights, the presence of NMDAR channels
at depressed excitatory synapses gives them the opportunity to drive the neuron anytime
its membrane is depolarized. In fact, current through NMDAR channels is the dominant
source of charge at excitatory synapses: The NMDAR channel’s time constant (on the order
of 100ms) is much longer than that of the AMPAR channel (a few ms). So even though its

peak conductance is usually lower (at potentiated synapses), its influence is significant.

Many induction protocols have been used to elicit LTP and LTD, including long high-
frequency (100Hz) bursts for LTP and long low-frequency (5Hz) spikes for LTD. More

recently LTP and LTD were found to be sensitive to spike timing.
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2.3.3.3 Spike Timing-Dependent Plasticity

Spike timing-dependent plasticity (STDP) increases synaptic strength when presynaptic
spikes arrive before postsynaptic spikes (within about 40ms) and decreases it when presy-
naptic spikes arrive after postsynaptic spikes (within about 40ms) (See Chapter 5). STDP

was first discovered in the hippocampus and has since been studied intensively [86, 12, 13].

The mechanics behind STDP, like the intracellular mechanics of LTP and LTD, remain
elusive. The way in which biology tracks timing is unclear, however, theory suggest that the
backpropagation of somatic action potentials to dendritic synapses influences the calcium
influx through their NMDAR channels, driving either LTP or LTD. Without understanding
the details of STDP, there are challenges to understanding how it behaves outside of ex-
perimental settings, where presynaptic and postsynaptic spikes are tightly controlled. For
example, it is unknown how pairings that alternate between favoring LTP and LTD interact;

they may compete or remain independent until signals favoring one reaches a threshold.

Although its mechanics are unclear, at least one aspect of STDP’s functional signifi-
cance is obvious. It links together neurons that fire together; it is an activity-dependent
causal correlation rule, precisely what Donald Hebb predicted [58]. Further, STDP sug-
gests functional importance, where there was none before, for the rhythms that strongly
influence spike timing in the brain in general, and in the hippocampus in particular (see

Chapter 5).
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Figure 2.11: Hippocampal Theta and Gamma Activity
During navigation, microelectrodes record theta and gamma activity in rat hippocampus (in this case the
dentate gyrus). Zop In an unfiltered electrode recording, both theta and gamma are visible. Middle Gamma
band activity is evident when the signal is bandpass filtered 40-150Hz. Bottom Single unit spiking activity is

modulated both by theta and gamma (bandpass filtered 0.5 to 5.0kHz). From [20].

2.3.4 Rhythmicity

When observing the hippocampal local field potential in an awake, behaving animal, a
salient feature is the rhythmicity, dominated by the theta (6-12Hz) and gamma (30-100Hz)
rhythms (Figure 2.11) [20].
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Figure 2.12: Theta Modulates Spiking

Different neuron types preferentially spike at different phases of the theta rhythm. Modified from [80].

2.3.4.1 Theta Rhythm

The theta rhythm is generated by the medial septal nucleus, which excites inhibitory in-
terneurons across the hippocampus, rhythmically hyperpolarizing most neurons’ somas,
including pyramidal neurons, granule neurons, and mossy neurons. These excitatory neu-
rons typically fire during the low phase of the theta rhythm as inhibition decreases (Fig-
ure 2.12). CA3 slices are capable of generating theta, despite the absence of the septal

input, when treated pharmacologically [23].

The theta rhythm is theorized to be essential in many types of learning and memory.
During the high phase of the rhythm, LTP is more easily induced, during the low phase
LTD. In many models, theta provides a form of clocked reset, either starting the network

over to process another input [105] or advancing it to the next item in a sequence [145].
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Although theta is accepted to have a role in learning, its exact function is a matter of

ongoing debate.

2.3.4.2 Gamma Rhythm

Often coactive with the theta rhythm, gamma is ubiquitous in the brain, though its use-
fulness has only been established in insect olfaction [136]. The gamma rhythm influences
pyramidal neuron activity both shaping timing and limiting potency, possibly directing both
plasticity and computation [46]. Various theories suggest it may be critical in transferring
information between regions (when the gamma rhythms are coherent between them [31,
65]) as well as dividing the theta cycle into slots, where information can be stored tem-
porarily [90]. In the hippocampus, the DG, CA3, and CA1 all demonstrate the capacity to
generate gamma. The gamma rhythms between pairs of regions are phase-locked, with DG

leading CA3, which leads CA1 [31].

The gamma rhythm is generated locally in each region by populations of mutually in-
hibitory interneurons, specifically basket neurons, one of the many types of interneurons in
the hippocampus [31]. These interneurons use synapses that express GABA, receptors, a
fast (on the order of S5ms) inhibitory neurotransmitter-gated channel population [10]. The
degree of synchrony is enhanced by electrical gap junctions among interneurons that act as
very fast excitatory connections, however, these gap junctions are unnecessary; when they
(or at least some types of them) are blocked or genetically eliminated, synchrony remains
but its degree is reduced [22]. For analysis of the generation and modeling of gamma, see

Chapter 4.
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2.4 Components of Sequence Memory

Vast work has gone into developing and characterizing abstract neural networks. In this
section, I focus on the basic structure of two associative memory network and their com-
binations. I omit many details of abstract neural networks, instead narrowing my scope to

neural network structures that relate directly to the biological associative memory.

Neural networks excel at associative memory, that is they link items, including fea-
tures, objects, and events. Associations can be used to learn and recall sequences of events.
There are two fundamental components of neural networks that implement sequence mem-
ory: autoassociation and heteroassociation. Autoassociative memory links components of
a pattern to each other; these links can complete or correct a stored pattern when only part
(or a corrupted version) of the pattern is present. Heteroassociative memory links different
patterns together, such that a different pattern than the input pattern is output. Sequence

memory uses heteroassociation to link patterns together.

2.4.1 Autoassociation

Autoassociative neural networks store and recall patterns, completing or correcting corrupt
patterns, a form of content-addressable memory. For simplicity, I consider neural networks
with binary-valued neuron inputs and outputs (neurons are active or inactive, not graded).
I divide autoassociative neural networks into two groups: Willshaw networks [134, 153],
which have only feedforward connections, and Hopfield networks [62], which have feed-

back connections as well.

The Hopfield network uses all-to-all feedback (recurrent connections) to store and recall
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Figure 2.13: The Hopfield Network
The (eight-neuron) Hopfield network is characterized by all-to-all recurrent connectivity and employs a heb-

bian learning rule that enables it to store and to recall (eight-bit) binary patterns.

patterns (Figure 2.13) [62]. With its structure similar to that of the CA3 region. It stores
patterns with a type of hebbian rule that increases recurrent synaptic weights between pairs
of neurons that are correlated in a pattern and decreases weights between anticorrelated
pairs. This hebbian pattern storage results in a symmetric weight matrix, in which neurons
that are correlated or anticorrelated excite or inhibit each other, respectively. If neuron
states are evaluated asynchronously and randomly, the Hopfield network is guaranteed to
converge to a stable state (synchronous networks can also be used). The lack of such a

guarantee had previously contributed to the limited use of recurrent networks.

One of the tremendous strengths of the Hopfield network is its ability to iteratively ap-

proach a stored pattern [62]. When a corrupt stored pattern is activated in the network,
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the driven neurons that were a part of the original pattern activate the missing neurons and
suppress additional neurons, which after several network iterations (asynchronous or syn-
chronous) results in recall of the original pattern (or a close network state), the attractor.
The recurrent architecture enables this iterative memory recall, but it also limits the num-
ber of memories the network can store to about 0.15 times the number of neurons in the
network: At this level, only half of network states settle near the correct stable states (with

less than 5% error).

The Willshaw network uses a feedforward architecture to store and recall autoassocia-
tive patterns (Figure 2.14). Its structure is similar to that found in the CA1 region. Each
element of the input (vector) connects to every neuron. Connection weights are determined
with a correlation rule similar to the one used by Hopfield [62, 153, 119]. Each neuron
determines its binary value by summing and comparing its inputs to a threshold. The feed-
forward architecture allows the network to store more patterns than the Hopfield network,
but the lack of iteration renders the network less effective at restoring corrupt patterns®.
Combining the recurrent connections form the Hopfield network with the input fan out and
neuron fanin of the Willshaw network into a single network results in a further improved
autoassociative memory. The input provides a degree of error correction and the recurrent

connections even more. The Willshaw network can be used to perform heteroassociation.

2.4.2 Heteroassociation

The absence of recurrent connections in the Willshaw network renders patterns unable to

restore themselves actively. Without active restoration, the Willshaw network does not

8The number of patterns stored can exceed the number of neurons in the network and does so when
information storage reaches its maximum (in terms of bits per synapse); however, in this regime recalled
patterns are highly corrupt [119].
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Figure 2.14: The Willshaw Network
The (eight-neuron) Willshaw network is characterized by feedforward connectivity and employs a hebbian

learning rule that enables it to associate input patterns with (eight-bit) binary output patterns.

favor autoassociation over heteroassociation; it can just as easily link input pattern A to
output pattern A as to output pattern B. Therefore, one can use its feedforward architecture
to store and recall heteroassociative patterns. As in the autoassociative case, the network
uses a correlation rule, however, each input pattern is correlated with the desired output

rather than itself.

The Hopfield network can also perform heteroassociation with a minor modification,
asymmetrically linking of two stored attractor patterns together. Neurons in pattern A
drive each other and the neurons in pattern B, using the same correlation rule, but pattern
B’s neurons do not reciprocate (breaking the symmetry present in the purely autoassociative

network). Using these connections the Hopfield network can recall a sequence of up to four
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patterns in length, however, such sequences often fail to follow the correct trajectory [62].

2.4.3 Abstract Sequence Memory

The Hopfield network can be modified to store and recall long sequences of patterns re-
liably by adding a second delayed set of recurrent synapses (Figure 2.15) [81]. Like the
original Hopfield network, one set of synapses stores autoassociative patterns, but the other
set of synapses, activated after a long “axonal” delay, provide asymmetric links between
sequential patterns, realizing heteroassociation. When the network receives an input, cor-
responding to a corrupted version of a stored pattern, the autoassociative (fast) synapses
restore the original pattern. The network stays in this state until the delayed synapses are
activated at which time these heteroassociative synapses overpower the network’s state,
driving its transition into the next pattern in the sequence. The process repeats, replaying
a whole sequence of stored patterns. One advantage of this network is that it combines the
noteworthy completion capacity of the Hopfield network with the ability to advance to the

next sequence reliably.

2.5 Models of the Hippocampus

One of the first models of the hippocampus as a memory system was proposed by David
Marr [99]. He hypothesized that all archicortex, including the hippocampus, was structured
to perform only one function, the temporary storage of patterns. These patterns represented
sensory input and could be recalled associatively (with partial input). Patterns that are

determined to be unimportant would fade with time, whereas patterns determined to be
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Figure 2.15: Abstract Sequence Memory Network
The (eight-neuron) Kleinfeld network employs two populations of recurrent synapses, one fast (red) and one
delayed (green). The fast synapses allow the network to store and to recall patterns; the delayed synapses

allow the network to link those patterns together, to store and to recall sequences of patterns.

important (episodes) could be copied or moved into neocortex. In this section, I briefly

cover a few important models of autoassociative and sequence memory.

2.5.1 Models of Hippocampal Autoassociation

Modeling autoassociation in the hippocampus began with the Hopfield network [62]. Al-
though it did not claim to model the hippocampus (or any specific brain region), the Hop-
field network captured several key features of the CA3 region, including massive recurrent

connectivity and hebbian learning. Other aspects were inconsistent with CA3, such as
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all-to-all connectivity, a symmetric synaptic weight matrix, a lack of distinction between
excitatory and inhibitory synapses (and neurons), simple (nonspiking) neurons, and an av-
erage activity level of 50 percent of the population (compared to 2.5 percent in CA3) [9].
However, all of these differences with the biological CA3 have since been addressed with-

out compromising the concept of the attractor network.

The principles of the Hopfield network have been applied to a biologically realistic
model of CA3 (Figure 2.16) [105]. This model uses reconstructed multicompartment spik-
ing pyramidal neuron and inhibitory interneuron models. The network employs a similar
hebbian learning rule to the one used in the original Hopfield network. The model employs
aspects of the biology absent from the Hopfield network, notably theta and gamma rhythms
(from inhibitory interneurons): Theta frequency inhibition resets the network, priming it for
an input pattern, and the gamma frequency inhibition acts as a clock, providing a framework
for iterative pattern recall. The network typically requires three or four gamma cycles to
recall a pattern; however, with stronger recurrent synapses it may be able to recall patterns

faster within one gamma cycle.

2.5.2 Models of Hippocampal Sequence Memory

There are two types of hippocampal sequence memory models (so far), distinguished by
use of explicit or implicit heteroassociation. Explicit heteroassociation directly links neu-
rons in each pattern to neurons in the subsequent pattern, storing the series. For example
in sequence ABC, A links to B, which links to C. Implicit heteroassociation uses two pop-
ulations of neurons: One population of context neurons forms (usually random) links from
neurons in one pattern to the next as in explicit heteroassociation, storing a series such

as 123. An arbitrary input sequence (ABC) of activity in the input population is stored by
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Figure 2.16: Biologically Realistic Attractor Network
The model uses detailed spiking neuron models to implement pattern storage and recall like the Hopfield

network. It uses theta and gamma rhythms to reset the network and clock the neurons, from [105].

bidirectional linking each input pattern to a pattern in the series, storing the input sequence.
For example, each pair, A and 1, B and 2, and C and 3, forms a bidirectional link. If we ac-
tivate A, it activates 1; 1 drives B by activating 2, which drives C by activating 3, replaying

ABC.

One model of hippocampal sequence memory is Levy’s model (Figure 2.17) [85]. Levy
and colleagues aimed to simulate the simplest possible biologically plausible model of se-
quence memory in CA3. They use simple (McCullock-Pitts) neurons and a simple (timing-
based hebbian) learning rule [100]. The naive network has a random connectivity matrix
(10 percent potentiation probability between pairs of neurons). When taught a sequence (5
trials), neurons in the sequence connect to coactive neurons. Levy refers to neurons that
spike but were not driven as a part of the sequence as “context” neurons. The behavior

of these context neuron changes over the training: Initially, these spike once or twice, but
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Figure 2.17: Simple Sequence Memory
Levy’s network store sequences by linking background bursting neurons together and associates the input

sequence with them. Modified from [85].

after learning many spike five to ten times. Expanding the period over which these neurons
fire enables them to link to each other heteroassociatively and link to the training sequence
autoassociatively. So the links between context neurons stores timing information and the
links to and from the training sequence stores the patterns. This network takes five trials
to learn a sequence. It is not clear that it could successfully store patterns with one-shot
learning. Further, unlike the biological hippocampus, this model does not recall sequence

faster than real-time.

Another much more biological model uses the same principles as Levy’s model: con-
text neurons link together heteroassociatively and link to the stored pattern autoassocia-
tively (using a similar learning rule) [145]. The authors simulate simple multicompartment
spiking neurons to implement a model CA3 network. In addition to storing and recalling

sequences, the network recalls sequences faster than real-time and expresses phase preces-
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sion, similar to the biological hippocampus (observed in CA1).

Both of these models make several assumptions about encoding information in the hip-
pocampus. They both assume learning requires several trials, which may conflict with
evidence for one-shot learning in hippocampal dependent tasks [114] (cortex could provide
a buffer [76]). They assume patterns (in sequences) inherently have great overlap (75 per-
cent in [145]), which is intuitively consistent with navigation as nearby locations tend to be
similar. This may be inconsistent with other types of episodic memory in which sequential
memories can be quite different (although may have similar contexts). Models that directly

use heteroassociation between patterns in a sequence make a different set of assumptions.

Similar to the Hopfield network in autoassociative memory, Kleinfeld’s sequence mem-
ory network was one of the first models related to sequence memory in the hippocampus
[81]. Although Kleinfeld did not claim to model hippocampus (but instead to model motor
sequences), his model employs features found in the hippocampus, especially the CA3, in-
cluding recurrent connectivity and hebbian learning. Other aspects were inconsistent such
as all-to-all connectivity and two distinct synaptic populations, one instantaneous and the
other delayed. Despite these differences with the biological hippocampus, Kleinfeld’s net-
work provides insight into how the hippocampus could store sequences robustly by mixing
autoassociative and heteroassociation. One group of researchers led by John Lisman used

these insights in developing models of hippocampal sequence memory.

Jensen and Lisman realized that storing sequences of events that occurred much slower
(seconds to hours) than neural times scales (milliseconds to hundreds of milliseconds)
would benefit from a short-term memory buffer, in which the last several events (patterns)
could be held [72, 73, 74, 75]. They proposed that neocortex (regions such as PFC or EC)

implemented this episodic buffering of sequences of events. By buffering the last several
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events in a short-term memory buffer, the sequence of patterns could be replayed (repeat-
edly) for the hippocampus to store at a neural time scale, also providing many opportunities

for learning, facilitating one-shot learning.

Jensen and Lisman proposed that the theta and gamma rhythms provided an ideal mech-
anism to buffer these patterns: The theta rhythm corresponds to the repeating buffer of pat-
terns, available to the system about every 120ms, and the gamma rhythm divides the theta
period into about seven slots (during the low phase), which could hold the buffered patterns,
multiplexed in time”. The seven-item buffer is consistent with human short-term memory
experiments that showed most people can remember a list of about seven items [135].
The authors implemented short-term memory by using an afterdepolarization: A model
neuron tends to spike again one theta cycle later due to a depolarizing ion-channel popula-
tions. This mechanism succeeded in demonstrating time-multiplexed short-term memory,

although it proved sensitive to noise.

Jensen and Lisman modeled the hippocampus as storing these sequences of patterns in
CA3 (Figure 2.18) [72, 73, 74, 75]. Similar to the Kleinfeld model, the authors used both
autoassociative and heteroassociative synapse populations, composed of recurrent synapse
populations in neocortex and hippocampus, respectively. Their model stored patterns and
recalled them faster than real-time as well as realizing phase precession. Later, Lisman
updated the model to include the DG, which acted as a local autoassociative network instead
of relying on neocortex [90]. In this new model, neocortex provided short-term memory,

DG autoassociation, and CA3 heteroassociation.

Some models of PFC suggest that seven patterns could be held in seven different networks within PFC
instead of without multiplexing in time.
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Figure 2.18: Gamma Slots Store Sequence Information
Patterns, represented by place cell spikes, are stored in the subsequent gamma cycles within a theta cycle.
The first slot holds the current location. Upcoming place cells spike in earlier and earlier gamma cycles as

the rat moves through the environment. Modified from [90].

2.6 Dual Autoassociation Model of Sequence Memory

My model employs features from previous models but also suggests some new features.
Like previous ones, the model employs the gamma rhythm to divide the theta rhythm into
slots that can hold about seven sequential patterns [73]; however, unlike others, my model
explicitly focuses on the role of the gamma rhythm in coordinating timing and therefore
plasticity within and between the DG and CA3, both in storing and recalling patterns and

sequences of patterns.

Lisman’s model provides coherent roles for DG and CA3 in sequence memory, but it
has a potential problem. The model relies on the CA3 region to perform heteroassocia-
tion; however, using a single network for heteroassociation is difficult. When one pattern
is activated in CA3, its neurons drive the subsequent pattern. Such drive causes the sub-
sequent pattern to fire with a short delay (a few milliseconds), which is why Kleinfeld’s

network requires delayed synapses for heteroassociation. Without a long delay, sequen-

41



tial patterns in CA3 merge into one pattern. Of course, this problem can be solved with
precisely controlled synaptic strengths and neuronal excitabilities, which could be tuned to
activate the next sequential pattern one gamma period later, but this is not plausible. More
likely, CA3 behaves as an autoassociative network, which does not require long synaptic
delay or precisely control of network parameters'®. Leaving two obvious possibilities for
heteroassociation: the connections among the DG’s two populations of neurons, which may
spike out of phase, preventing patterns from merging, or the connections from CA3 to DG,
which provide an effective delay because the gamma inhibition in each of these networks

is out of phase (about 60 degrees) [31].

2.6.1 Autoassociative and Heteroassociative Memory Regions

We, independently, developed a model in which recurrent connections within both DG and
CA3 are autoassociative and reciprocal connections from DG to CA3 and from CA3 to DG
are autoassociative and heteroassociative, respectively (Figure 2.19). The autoassociative
synapses transmit the pattern from DG to CA3 unchanged; the heteroassociative synapses
link the pattern in the CA3 to the subsequent pattern in the DG, advancing the network to
the next item in the sequence (Figure 2.20). A recent study of an abstract neural network
contrasted the sequence memory performance of two network architectures [83]: one ar-
chitecture is identical to my model with two autoassociative networks linked by one set of
heteroassociative connections; the other architecture was similar to previous models, with
one autoassociative network and one heteroassociative network reciprocally connected. My
model’s architecture performed better; it was less sensitive to noise and more accurate in

recalling sequences.

10Independently, Lisman and colleagues swapped the roles of DG and CA3, with DG performing heteroas-
sociation and CA3 autoassociation [91].
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Figure 2.19: Dual Autoassociative Networks
In this model, sequence memory is realized by two autoassociative network, linked together by a single

heteroassociative connection.

2.6.2 Sequence Memory Storage

My model explains how the hippocampus can store new sequences of patterns. Learning
sequences relies on timing the activity of various regions to ensure sequences are not cor-
rupted. When an animal is active, highly processed sensory information is transmitted from
neocortex to hippocampus. I assume that neocortex buffers important sensory information
into sequences of patterns [72]. The buffered sequence is transmitted across many theta

cycles from EC to DG and CA3.

The neocortex (e.g. EC) may buffer short-term memory with multistable neurons.
Rather than replaying memories in theta-gamma cycles, the EC neurons may just spike
at a given constant rate. EC neurons are multistable; they can maintain a given spike rate
without input [37]. Brief inputs can raise or lower the rate. Several groups of EC neurons

all driving corresponding groups in the hippocampus will result in each group firing at a
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different phase depending on its input rate: High input rates cause neurons to spike early

in the theta phase; low rates cause neurons to spike late in the theta phase.

In DG, the recurrent granule and mossy neuron network stores the pattern autoassocia-
tively and excites the pattern in CA3. The first pattern in the sequence from EC drives both
granule and mossy neurons in the DG, causing spiking in a group of neurons. After sev-
eral theta cycles, connections from mossy neurons to coactive granule neurons potentiate'!.

Granule neurons drive CA3 pyramidal neurons, communicating the pattern.

In CA3, the recurrent pyramidal neuron network stores the pattern autoassociatively
and drives DG to create a heteroassociative link to the next pattern in the sequence. Each
granule neuron excites about ten CA3 pyramidal neurons via powerful mossy fiber boutons,
activating many of them but only after some delay. Connections among these stimulated
pyramidal neurons potentiate when repeatedly activated over several theta cycles, autoas-
sociatively storing the pattern in CA3. The active pyramidal neurons project axons back to

the mossy neurons of DG, heteroassociatively storing a link in the sequence.

The activation delay occurs because gamma rhythms in DG and CA3 are out of phase.
CA3 lags by about sixty degrees (4.2ms at 40Hz), and CA3 pyramidal neurons (on average)
spike later in phase than (unidentified) DG neurons by several tens of degrees [31]. This
lag is critical in my model: It prevents the synapses from CA3 pyramidal neurons that drive
DG mossy neurons from potentiating while both DG and CA3 represent the same pattern,

ensuring that the link from CA3 to DG is purely heteroassociative.

The synapses CA3 pyramidal neurons make onto DG mossy neurons satisfy the pre-
before-post activation rule of STDP. When the pyramidal neurons fire, mossy and gran-

ule neurons in the DG are inactive. Several milliseconds later, the EC transmits the next

"1Connections from granule neurons to mossy neurons may potentiate as well, but are fixed in the model.
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Figure 2.20: Two Network Sequence Memory
In this model, the pattern one (blue) in the dentate gyrus drives the CA3 region, whose gamma is out of phase
by 180 degrees (exaggerated from 60 degrees for clarity). When the CA3 gamma decreases, CA3 pyramidal
neurons, representing pattern one (blue) spike, driving the dentate gyrus just before the pattern two (red) is

activated. This is the ideal protocol for STDP, which links pattern one to pattern two, storing the sequence.

(buffered) pattern in the sequence, which activates mossy and granule neurons. This corti-
cal sequence of activation results in the potentiation of the synapses mossy neurons receive
from CA3 (after many theta cycles). In my model, STDP links each pattern to the subse-
quent pattern in the sequence. This process can continue for long sequences, linking each

pattern to the next.
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2.6.3 Sequence Memory Recall

Similar to storing sequences, recalling sequences of patterns relies on timing the activity of
DG and CA3. When the EC transmits the first element of a sequence to the hippocampus,
the latter should correct any corruption in the pattern and recall subsequent patterns in the

sequence.

In DG, the granule/mossy neuron network autoassociatively corrects the input pattern.
The input pattern excites both granule and mossy neurons, causing spiking. Because the
pattern has previously been stored, many connections among the active neurons are poten-
tiated. These strong connections drive neurons in the pattern that the EC did not activate,

restoring the pattern. The corrected pattern is transmitted to CA3 by granule neurons.

In CA3, the pyramidal neuron network corrects the pattern further with its potenti-
ated recurrent synapses and activates the next pattern in DG via the heteroassociative link.
Again, it is important that CA3 and DG activities are out of phase. If CA3 is synchronous
with the DG, it would drive neurons in the next pattern immediately, even while the current
pattern is still active. These coactive patterns’ neurons would make potentiated connec-
tions, merging the two patterns into one meaningless one. Out-of-phase activity avoids this

catastrophe.

2.6.4 The Role of the CA1

Although I focus my efforts on the DG and CA3 regions, no hippocampal model is com-
plete without a role for the CA1 region. The CAl is necessary for the DG and CA3 to

function as it is their primary output to the rest of the brain. Further, animals with DG
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and CA3 damage perform many navigational tasks with minimal deficit and include nor-
mal place cells [113]. Lisman assigned the CA1 region the role of detecting disagreement
between the EC and CA3 [90], but clearly it has other functions. I assign the CA1 the role
of mutlisensory integration. Evidence suggest it is able to merge incoming information to

make place cells sensitive to context, beyond that of the entorhinal cortex [113].

2.7 Neuromorphic CA3

I have presented my model of sequence memory in the hippocampus. The next step is to
build a neuromorphic chip that can store and recall sequences of patterns. In the rest of this
dissertation, I present my CA3. It uses silicon neurons to generate the gamma rhythm, to
encode patterns at different phases of theta rhythm, and to store and recall autoassociative

patterns using synapses that express STDP.
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Chapter 3

A Neuromorphic Neuron

In Chapter 2, I described my model of sequence memory in the hippocampal formation.
In this chapter, I describe the design and characterization of the basic element of my hip-
pocampal model, the silicon neuron. I use the conductance-based silicon neuron to realize

pyramidal neurons and inhibitory interneurons.

In Section 3.1, I introduce my strategy for designing neuromorphic systems. In Sec-
tion 3.2, I review integrator and conductance-based neuron models and introduce a log-
domain low-pass filter suitable for building silicon neurons’ somas and synapses. In Sec-
tion 3.3, I describe my conductance-based neuron circuit, including its soma and synapses.
In Section 3.4, I characterize the neuron circuit, including the soma’s frequency-current
response, the synapse’s rise- and fall-times, and the neuron’s phase-response curve. In

Section 3.5, I discuss the neuron’s role in the hippocampal model and other systems.
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3.1 Neuromorphic Design Methodology: In the Valley of

Death

Like all engineers, neuromorphic engineers encounter design tradeoffs. Neuromorphic en-
gineers employ mixed analog and digital silicon integrated circuits as their medium. Silicon
has many desirable properties, such as real-time performance and dense integration; how-
ever, it also has limitations, such as heterogeneous transistors and constrained area. The
major issue specific to neuromorphic engineering is the influence of circuit complexity and
transistor sizing on circuit heterogeneity and on the number of circuits that fit in a fixed

silicon area, the Neuromorphic Tradeoff.

Increasing circuit complexity increases the number of transistors in a circuit, which
increases the circuit size, thereby reducing the number of circuits in a fixed area. In addi-
tion, increasing circuit complexity increases circuit heterogeneity, since circuit variance is
the sum of the variances of all transistors in the circuit. To compensate for heterogeneity,
engineers can increase transistor sizes, but the cost is a further reduction in the number of
circuits one can implement on a chip. The strategy I have adopted to manage the tradeoff
between circuit complexity and transistor sizing and their influences on circuit heterogene-

ity and density is to simplify and to shrink.

Simplifying circuits is critical to creating functional neuromorphic systems: It reduces
both circuit size and heterogeneity. Often, circuits can be simplified without reducing their
functionality by eliminating structures, such as current mirrors, that do not perform com-
putation. In addition, circuits can be simplified by sharing variables such as inhibitory
currents, which are similar or identical between adjacent neurons. Eliminating unneces-

sary subcircuits is critical in creating functional chips. It is tempting to add numerous
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biological details to every neuron, but this is a sure path to a nonfunctional system, since
every biological detail increases variability among neurons. Adding more details pushes
neuromorphic systems into the region of operation that has come to be called the Valley of

Death (VOD).

VOD is a conceptual region where neurons have become too complex to work together,
since their variance is high, but not so complex that they can adapt away their differences
(Figure 3.1). VOD is characterized by complex neurons that work individually but fail as a
system, because their variability is too great. One reaches this region by adding additional
functionality and complexity to simple neurons, which already work, decreasing system
performance. Only by further increasing complexity to the level where neurons adapt away

their differences can engineers escape VOD.

Including every detail, often the strategy in computational models, is further undesirable
because the added complexity makes it difficult to determine why the system did or did not
function as expected. The rule I use is to keep a subcircuit (such as an additional model of
a voltage-gated channel population) if and only if it is absolutely necessary for the model
to work or it is an aspect whose influence on the model’s performance I plan to evaluate
through experiment. Therefore, I implement the least complex circuit that still achieves my
goals. The disadvantages of this strategy are that one must have a detailed understanding
of how the model works before constructing it, and if a critical element is overlooked,
the model will not work. In addition to simplifying circuits, I manage the Neuromorphic

Tradeoff by shrinking circuits.

Shrinking circuits is accomplished by reducing transistor sizing and is essential to cre-
ating functional neuromorphic systems. Shrinking circuits allows for more circuits, more

neurons, to implemented in a fixed silicon area. Often, shear numbers can compensate for
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Figure 3.1: The Valley of Death
The Valley of Death is a conceptual region of circuit complexity where in adding functionality (complexity)
to neurons degrades the system performance (which is assumed to be inversely related to variance). Dots
represent different neuron implementations with cool colors representing simple neurons and warm colors
representing biological neurons. Neurons in the middle region, the valley, neither cool nor warm, perform
poorly. They are complex enough to increase variance among the populations but not complex enough to

adapt.

‘bad’ neurons in that their behavior is averaged out. The primary disadvantage of shrinking
transistors and circuits is the increase in heterogeneity. A Transistor’s standard deviation
in voltage offset is inversely proportional to the square root of its area (currents are log-
normally distributed) [125]. Therefore, to halve a transistor’s standard deviation, one must
double both its length and width. I have quadrupled the area and only halved the standard

deviation (in voltage offset).

Clearly, continually increasing transistor size is a loosing battle, implying that neuro-
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morphic circuits must function despite significant variability. A good compromise is to
make transistor dimensions several times (three to five) larger than the minimum size as
this often fits well, since in silicon as well as biology wiring is typically the limiting factor
in circuit size [102]. Further increasing transistor size without a specific reason is usually
deleterious to system performance as the number of neurons drops. However, it is naive to

assume every transistor should be the same size.

Optimally shrinking circuits requires advanced techniques to allocate area to each tran-
sistor. It is obvious that digital transistors should be smaller than analog transistors, usually
near minimum size. However, sizing analog transistors is much more difficult and usually
requires analysis or simulation. Many circuits are analytically tractable and the effects of
transistor heterogeneity can be exactly determined (Appendix B). In these circuits, select-
ing which transistors are larger or smaller should be based on their effect on the overall
circuit variability. Other circuits are more complex, or do not lend themselves to analysis,
in which case the circuits can be simulated many times with different sizes (and corre-
sponding variances) for each transistor to determine what distribution of areas minimizes

circuit variability.

3.2 Conductance-Based Neuron Design

In the last section, I presented the primary circuit design issue facing neuromorphic engi-
neers as well as my strategy to manage the Neuromorphic Tradeoff: reduce complexity as
much as possible while still achieving my design goals. Never include a subcircuit (neu-
ral element) simply because it is there (in neurobiology). In this section, I will apply this

strategy to neuron circuit design. There are two major types of neuron circuits found in neu-
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romorphic implementations, unfortunately, both are referred to as “leaky integrate-and-fire

neurons” (LIF).

The first LIF neuron circuit is an integrator, implemented with a capacitor (discharged
by a constant leak current), with two input currents, one excitatory and one inhibitory,
that add and subtract charge from the capacitor, respectively [101, 68]. When the sum of
the leak and inhibitory currents exceeds the excitatory input current, the capacitor voltage
decays to zero potential. When the excitatory input current exceeds the sum of the leak
and inhibitory currents, the capacitor voltage charges up to the neuron threshold, at which
point the neuron spikes (via an axon-hillock circuit) and the capacitor voltage is reset to

zero potential. I refer to this LIF neuron as the integrator type.

The second LIF neuron circuit is conductance based, equivalent to a resistor-capacitor
circuit with a variable resistor. This circuit low-pass filters an excitatory input current.
Inhibitory input current influences the circuit by decreasing the effective resistance of the
circuit, reducing both the effectiveness of excitatory current and the circuit time constant.
If, nevertheless, the excitatory input current manages to drive the membrane potential to
threshold, the neuron spikes (again via an axon-hillock circuit) and the membrane potential

is reset to zero. I refer to this LIF neuron as the conductance type.

A cursory inspection of the distinctions between the two LIF neuron types reveals little
difference. Both neurons spike when their excitatory drive overcomes their inhibitory drive.
Both neurons increase their frequency with increased excitation. Both neurons reduce their
firing rates subtractively rather than divisively as the (slow) inhibitory drive increases [61].

However, this is where the similarities end.

These two types of LIF neurons have significant differences in behavior, but rather
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than list each one, I focus on one major difference that has a significant role in synchrony:
the difference in phase response, which quantifies how a neuron’s temporal response to
transient input varies with the timing at which it is applied. Phase response captures the
effect inhibitory (or excitatory) synaptic input has in extending (or contracting) the period
of a neuron. I plot the increase in period versus the phase at which the neuron is inhibited
to create a phase-response curve (PRC). Although the work of Holt and Koch might lead
one to believe that both LIF types, the integrator type and the conductance type, respond
identically to inhibition [61], that both change their firing rate similarly in response to very
slow inhibition, their responses to fast inhibition, as often occurs in neurobiology (with a
decay constants from 1 to Sms for GABA) are distinct [10, 52]. I solved analytically for the
PRC for both LIF types (See Appendix A) (Figure 3.2). A structured response is important

for creating synchrony, whereas an unstructured response better supports asynchrony.

The integrator-type neuron’s period is increased the same for inhibition at any phase,
whereas the conductance-type neuron’s period increases more for inhibition that arrives
later. In a recurrent network, the conductance-type neuron changes its period depending on
the phase differences between it and its neighboring neurons, whereas the integrator-type
neuron changes its period based only on how many inhibitory inputs it receives and not
based on the phase at which the inputs arrive. This neuron has no mechanism to change its
behavior to match its neighbors. Therefore, since one of my goals is to model synchrony
(Chapter 4) in silicon, I implement conductance-type LIF neurons instead of integrator-type

LIF neurons.

The integrator-type neuron’s period is decreased the same for excitation at any phase
(unless the excitation is strong enough to evoke a spike immediately). On the other hand,
the conductance-type neuron’s period decreases more for excitation that arrives later in the

period, because the effect of the excitation early in the period decays away, before the neu-
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ron reaches its spike threshold. The conductance-type neuron changes its period depending
on the phase at which its input arrives, whereas the integrator-type neuron changes its pe-
riod based only on how many excitatory inputs it receives. Because timing is important
in my model of the hippocampus, I implement conductance-type LIF neurons instead of

integrator-type LIF neurons.

I implement conductance-based neurons (CBNs) in current mode, using subthreshold
(MOSFET) transistors, which express an exponential (drain) current to (gate) voltage rela-

tionship (for an N-type MOSFET, NMOS):

Ip = Ipel®Vo—Vs)/U 3.1

where I is the subthreshold drain current in saturation (Vp > Vs + 4U,), V5 is the gate
voltage, Ij is the ideal current with zero source-to-gate potential, ~ relates the gate voltage

to the surface potential, and U, is the thermal voltage.

Gilbert showed that the resulting linear relationship between transconductance and cur-
rent can be exploited to implement current-mode circuits, known as translinear circuits,
whose outputs are quotients and/or products of combinations of bias and input currents
[50, 2]. The translinear principle has been further extended to include transient behavior by
adding capacitors, becoming the dynamic translinear principle, which is commonly used
to implement a class of linear first-order differential equations [1, 47]. These equations
are mathematically equivalent to resistor-capacitor circuits, enabling neuromorphic engi-
neers to use only transistors and capacitors to realize conductance-based neurons (CBN5s)

[5]. In addition to neurons, the dynamic translinear principle enables the design of lin-
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Figure 3.2: Analytically Computed Phase-Response Curves
Phase-response curves due to various strengths of inhibitory or excitatory input for integrator-type and
conductance-type neurons. Top left The integrator-type neuron’s spike is delayed the same amount of time
independent of when the inhibition arrives. Top right The conductance-type neuron’s spike is delayed more
when the inhibition arrives later in the interspike interval, providing a structured response to inhibition, which
is useful for synchrony. Bottom left The integrating-type neuron’s spike is advanced the same amount of time
independent on when the excitation arrives. However, strong excitation cannot cause the spike to occur before
the input, resulting in a line of maximum interspike interval reduction. Bottom right The conductance-type
neuron’s spike is advanced more when the excitation arrives later in the interspike interval, since the affect of

excitation has less time to decay away than if the excitation arrive early in the interval.
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ear synapses, which, similar to biological synapses, decay exponentially [128, 5]. These
synapses are first-order low-pass filters (LPFs). However, the CBN circuit and the LPF

synapse have challenges associated with them.

The major challenge of (synapse) LPFs is that they must be interfaced to the address-
event representation (AER) link. The AER link is and must be fast, communicating with
a synapse for only tens of nanoseconds for each incoming spike [16, 17, 18, 108]. Such
speed is necessary because a single link multiplexes inputs from all axons (often greater
than 10,000) that project to a chip. To affect the LPF with such a brief duration, the current
from the AER communication must be above threshold, causing the LPF to deviate from
its designed behavior and introducing nonlinearities into the synapse. In an attempt to
alleviate this problem, a current-mirror integrator (CMI) was introduced between the AER
signal and the LPF [15][106]. This addition failed to solve the problem, since the CMI is

nonlinear and is capable of sending suprathreshold currents to the LPF.

I solved the problem by replacing the CMI with a pulse-extender circuit (PE) [5]. The
PE takes the brief AER signal and creates a long (few milliseconds) subthreshold pulse
that can be fed into the LPF without deleteriously affecting its behavior. Thus, the dynamic
translinear principle enables LPF synapses, and the PE enables address-events to stimulate

them.

Another difficulty of CBNs and LPFs is that they are sensitive to transistor leak currents.
This leakage is prevalent in deep-submicron technologies (such as the 0.25m CMOS tech-
nology that I used), making the circuits difficult to design and control. The time constants
are inversely proportional to the leak currents. If the leak currents are large the time con-
stants are limited to small values, and the circuits are too fast. Some neuromorphic re-

searchers avoid this problem by running their systems faster than real-time, in hypertime,
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which is desirable in some cases [69]. However, I wish to avoid hypertime, since it is im-
possible to speed up physical reality to be appropriate for a hypertime chip. To combat
the leak problem I use long transistors (length > 10 times width) to implement the devices
whose leak currents influence time constants: This tactic has successfully solved the prob-
lem for my chips. In smaller feature technologies (such as 0.18um CMOS technology) it
may be necessary to use thick-oxide transistors, whose leakage currents are significantly

less than their normal, thin-oxide counterparts.

3.3 Neuron Circuit

In this section, I describe the neuron circuit, which is composed of soma and synapse
circuits, both based on LPFs and PEs. The soma implements membrane dynamics and
spiking; the synapse supplies excitation and inhibition. First, I describe the LPF and PE

subcircuits. Then, I use them to build the soma and the synapse.

3.3.1 Low-pass Filter

The LPF satisfies a first-order ODE, mathematically identical to a resistor-capacitor (RC)
circuit, which models the membrane dynamics of biological neurons. The LPF is a current
mode circuit: Its input(s) and output are currents (Figure 3.3). Its output current (Equa-
tion 3.1), generated by a transistor (M;) whose gate is connected to the capacitor (C), is

analogous to the RC circuit’s potential, whose dynamics are described by:
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Figure 3.3: Low-Pass Filter
The current-mode low-pass filter (LPF) implements a first-order ODE that models the dynamics of a resistor-

capacitor circuit.

A%
RCd—tRC + Vke = InR (3.2)

where Vic is the circuit potential, /1y is the input current, Iy R is the steady-state potential,
R is the resistance, and C is the capacitance. Like an (undriven) RC circuit initialized to a
nonzero potential, M;’s current decays exponentially to zero. Transistor My implements the
exponential decay with a (typically) constant current sink (I2), which linearly discharges

the capacitor node (V) as described by:

Ve(t) = Vinr — =t (3.3)

where V¢ is initialized to Vinr and ¢ is time. From Equation 3.1, [; is proportional to
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an exponent to the power of V. Therefore, linearly discharging V¢ (to ground) realizes
the exponentially decaying output, due to M;’s exponential (gate) voltage-current relation,

which is described by:

Lt) = Ijere®/u (3.4)

= I 6“(VINIT—12t/C)/Ul

—t/T
= Immre /

where [; is the output current (My), Iinyr = I efVmr/U i the initial output current, 7 is

CU;

the decay constant (-

). Thus, an RC-like exponential decay is achieved; implementing

RC-like input-driven growth is less intuitive.

I must compensate for the logarithmic transistor properties to supply appropriate in-
puts to the LPF; because the output current is an exponential of V¢, one cannot drive the
capacitor directly. A direct input current competes with the leak current (Ip): If the input
current exceeds the leak, V¢ increases linearly, causing /; to increase exponentially, drasti-
cally different from the RC dynamics I seek. In an RC circuit, the potential approaches its
steady-state value with a slope proportional to the difference between the present and the
steady-state potentials (Equation 3.2). So as the output current increases, I must decrease
the effectiveness of the input (avoiding exponential growth). To realize such dynamics, I
use a source-coupled current mirror (M3_4): As V¢ increases, the current through the input
transistor (M3) decreases exponentially, which exactly compensates for the output transis-
tor’s exponent (assuming £ = 1). The input (/3) through the source-coupled current mirror

is given by:
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L(t) = I eFVIN() /U=Ve(t) /Ut (3.5)
= I, eViN(8) /U . I eVet)/Ue

Ip Iin(2)

L(t)

where Vin(t) is the voltage on My’s gate due to the input current (/in(t)).

Now, I verify that the ODE that describes the LPF is analogous to the one that describes
the RC circuit. I solve for the ODE by applying Kirchhoff’s Current Law at node C, which

gives:

LY
C—S = L+ (3.6)

dt
Io v

The output is I3; to relate its dynamics to those of V¢, I differentiate Equation 3.4 with

respect to time:

dIl K dVC
== 3.7
dt ~ 'Up dt (3.7)

dve

which I solve for o

and substitute into Equation 3.6. Then I multiply and divide each side

of the equation by /; and I,, respectively, which results in:
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(3.8)

which is analogous to the RC circuit (Equation 3.2). Thus far, I have assumed that x = 1,

but this is not correct (x < 1).

I must compensate for this non-unity « for the LPF to function properly. If I correct the

assumption Equation 3.5 becomes:

I, 1/k
L) = IIN<—) (3.9)

I1(00) = 10<—)K (3.10)

Since k < 1, I; is suppressed, unable to increase in proportion to Iy (Figure 3.4).

I compensate for x by connecting Mj3’s bulk to its source (instead of to ground). The
problem is the source voltage has a stronger influence on the transistor current than the
gate voltage, since the effectiveness of the source is not decreased by x (Equation 3.1). I
reduce the source’s influence on the current by connecting it to the bulk, which modulates

the current with an effectiveness of 1-x. The combined effectiveness of the shorted source
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Figure 3.4: Depiction of the « Effect
When I compensate for non-unity x (see text), the low-pass filter’s output increases linearly (blue). When I

do not compensate, the low-pass filter’s output increases sublinearly and is substantially suppressed (red).

and bulk is equal to the effectiveness of the gate but opposite in direction, which restores

the appropriate LPF dynamics (Equation 3.8).

In most CMOS processes (including the one I use), NMOS transistors are the native
devices, meaning their bulks are all shorted together through the substrate, leaving them
unable to implement LPFs. Therefore, to build LPFs as described, I use PMOS transistors,
which are fabricated in wells. The bulks of all transistors within a well are shorted, but
each well is independent of its neighbors, allowing me to implement LPFs despite x. The

input to the LPF can be either a continuous current or pulses of current from a PE.
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Figure 3.5: Pulse Extender
The pulse extender takes a brief (tens of nanoseconds) address-event pulse input and creates a long (up to

tens of milliseconds) subthreshold current pulse.

3.3.2 Pulse Extender

In Section 3.2, I introduced the PE and its role as the interface between fast, digital AER cir-
cuits and slow, analog LPF circuits, but the PE serves other functions as well: It implements
synaptic rise-time, which is important in generating synchrony, and neuronal refractory pe-
riod, which helps to control excitability. The PE performs these functions by using only a
handful of transistors and a capacitor to generate a subthreshold current pulse in response
to a (digital) suprathreshold current pulse (Figure 3.5). During an AER communication,

the receiver circuitry dumps a quanta of charge onto the PE capacitor (M;), increasing its

QO

output voltage by =&, where Qyy is the quanta of charge and C is the PE capacitance. The

charge decays away at a rate determined by the PE leak current (My).

The PE’s output voltage is a triangle (Figure 3.6) described by (for an NMOS imple-

mentation):
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Figure 3.6: Depiction of Silicon Pulse Extender
Top The output voltage of the pulse extender (PE) decays linearly in time after a spike input, forming a
triangular pulse (blue), which exceeds the constant voltage set by a bias (magenta). Botfom Applying these
voltages to the gates of two transistors produces the currents shown (color coded). When connected in series,

the two transistors produce a subthreshold current pulse (green).

dVee

C F7 QO(t —t;) — Igak (3.11)

where Vpg is the PE voltage, ¢; is the arrival time of AER signals (¢ is time), I gak is the
leak current, and ¢ is Dirac’s delta function. If Vpg is applied to the gate of a transistor (Ms),
its current will decay exponentially in time. However, typically, I apply Vpg to the gate of

a transistor in series with another transistor (M), which has a constant, subthreshold gate
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voltage (Vsar). The current through this series pair is where I3 and 14 are the current
M3 and M, would pass on their own, respectively. While Vpg is larger than Vgar, the pair of
transistors will pass approximately I, until Vpg decays to below Vgar (Figure 3.6). While

VpE 1s below Vgar, the pair of transistors pass approximately I3, resulting in an exponential

tail after a current pulse of amplitude L.

PEs must supply LPFs with subthreshold current pulses. When two inputs arrive in
short succession, the pulse amplitude cannot increase. Instead, the triangular voltage pulse
becomes twice as long, producing a wider current pulse that drives the output twice as
high if the LPF’s decay constant is much longer than the pulse width. If Vgar is much
higher than ground, however, the effect of two pulses may be greater or less than twice the
effect of one. For example, if the second spike arrives as the first pulse reaches Vgar, the
contribution of the second spike will be greater than the first because the pulse started at a

higher voltage.

The PE facilitates when two AER spikes arrive in rapid succession (us apart); the pulse
becomes more than twice the width of the pulse a single AER spike produces. The second
pulse is extended by the time it takes the voltage to decay from Vgar to ground (this effect
can be mitigated by setting Vgar to just above ground and using a current amplifier to
control the pulse amplitude). However, Vpg cannot exceed the voltage supply, therefore, if

a burst of several AER spikes arrives in rapid succession, the resulting pulse cannot exceed

CVpp

.. For instance, if five rapid AER spikes saturate the PE voltage,

a maximum width,
reaching the maximum pulse width, then additional spikes above five will fail to increase

it. Therefore, in this regime the PE implements depression (See Section 3.4.3).
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3.3.3 Soma Circuit

I construct the soma from three subcircuits: the membrane, the axon hillock (AH), and the
refractory channel population (RCP) (Figure 3.7); I drive it with a simple excitatory synapse
built from a PE (See Section 3.3.4). The membrane LPF realizes a leaky-integrator (RC)
response to excitatory current and shunting inhibition. An input current drives the capacitor
(Cp) through a source-coupled current mirror (Mg ;.2). As the capacitor voltage approaches
Mi,’s gate voltage, the current decreases, compensating for the transistors’ nonlinear (log-
arithmic) voltage-current relation [60]. In this section, I set the input current (/1x) and leak
current (Isgunt) to be constant in time; Isyynt comprises the sum of an inhibitory synap-
tic current (which is off) and a constant current (My4) as well as a reset/refractory current

(Mg3).

The membrane LPF’s output (analogous to the potential of an RC circuit) is the soma
current, Isoma (Ma1). Increasing Isyynt reduces the membrane’s steady-state output and
decreases its time constant (identical to increasing the conductance in an RC circuit). Since

the soma is an LPF, it follows from Equation 3.8 that:

dIsoma I 1o
+ Isoma = (3.12)
dt Istunt
where 7 = % is the soma’s time constant. In this chapter, I assume Isyynt and, there-

fore, T are constant.

In addition to the constant excitatory input and inhibitory leak, the membrane also

receives a positive feedback current from the axon-hillock (modified from [32] by Kai
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Figure 3.7: Soma Circuit
The soma circuit from which both the pyramidal neuron and interneuron are derived includes a mem-
brane LPF (M ;.4), an axon-hillock (Ma.6), a refractory channel population (Mg;.»), and excitatory synapse
(ME1.4). Single arrows represent bias voltages; double arrows represent inputs and outputs. The AND gate
resets the neuron’s spike request to the transmitter (TREQ), gated by the acknowledge (TACK). The receiver

acknowledge (RACK) activates the synapse.
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Hynna). As Isoma increases, the feedback current (Mue) turns on more strongly, overpow-

ering the leak to cause a spike.

The feedback current (/5¢) increases in proportion to the square of Isoma. Isoma 1S
mirrored (Ma3.4) to the AH’s differential pair (Mas.¢). Mag’s gate connects to the drain of
Ma,, which behaves like a short circuit (before a spike), shorting Mage’s gate to the current
mirror, hence the square dependence on Isoma. The square dependence arises because

increasing Isoma sWitches on a side of the differential pair and increases its tail current.

This relation is valid as long as Ms’s gate voltage exceeds that of Mag. 6 1 described

by:

2
ISOMA

Ire = (3.13)

IDP

where Ipp = Ipe®VoP/Ut and Vpp is the gate voltage of Mus. Because AH (through 746)
drives the LPF capacitor directly, to calculate its affect (/ag) on the membrane LPF, I must

divide by ISI}% and multiply by the IS‘I)% (opposite as in Section 3.3.1), which results in:

3
ISOMA

(3.14)

I AH —
IDP ISHUNT

Augmenting Equation 3.12 with this result yields:
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dl. Isoma® Iy L
FUSOMA g+ SOMA TN (3.15)
dt Ipp Isnunt  IsaunT

Isoma®
= —Isoma + 5 + IINE
IptH

where Iing = Iiﬁuﬁ is the effective input current and Ipry = /Ipp Isgunt iS proportional to
the spike threshold. If the effective input is less than some percentage of Ipry, the effective
input and AH feedback cannot overcome the leak, and the soma will not spike. For larger
input currents, /soma increases, which increases Iy, and the resulting positive feedback

causes a spike. When a spike occurs, AH initiates the process of transmitting it off chip,

which activates RCP.

RCP shunts Isoma to near zero (pulls Cy. to Vpp) for a brief period (a few milliseconds)
after a spike, using a modified PE. Its capacitor (Cgr) is pulled to ground during a spike

(MR1), which causes My 3 to drive C to Vpp, until the leak through Mg, restores Cg.

3.3.4 Synapse Circuit

Like the soma, the synapse is based on an LPF; I construct it from two subcircuits: the cleft
and the receptor (Figure 3.8). The cleft (Mc¢;.,) models the neurotransmitter release into the
gap between presynaptic and postsynaptic neurons; I implement it with a PE, which sets the
synapse’s rise-time. The cleft drives the receptor (Mgi.4), which models the conductance
of the neurotransmitter-gated channel population. I implement the receptor with an LPF,

which sets the synapse’s decay constant (similar to [128]).
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Figure 3.8: Synapse Circuit

The synapse circuit consists of a pulse extender (PE) and a low-pass filter (LPF). The PE implements a
synaptic cleft (Mc;.2) and the LPF implements a synaptic conductance (Mgj.4). The receiver acknowledge

(RACK) activates the synapse.

Thus, I model the synapse as a pulse of neurotransmitter filtered by an LPF, identical to

simplified kinetic models [35], described by:

dlsyn Ipurse Lo
I = 3.16
It + IsyN L ( )

where Igyy is the synaptic output current (assuming Mg4’s source is connected to Vpp),
Ipyisg is the input current from the PE through Mg;.,, whose maximum current is set by

Mg, ’s gate, and I is the current through Mgs, which sets the synaptic decay constant,

Cg Up

T = kL,

It is important to note how the PE connects to the LPF: Rather than driving two
series PMOSs with their (collective) source connected to Vpp, the PE drives two PMOSs
with their source directly connected to the LPF capacitor. This structure saves two current

mirrors, which reduces variations among circuits and reduces the space required for each

one. | use this same strategy to connect synapse LPFs that excite the soma; the PMOS
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Figure 3.9: STDP Chip
Left The STDP Chip includes an address-event receiver (yellow) and transmitter (green), a mixed analog-
digital scanner (red), and a 16-by-16 array of microcircuits (black box). Right One microcircuit includes one

inhibitory interneuron and four excitatory pyramidal neurons, each with 21 STDP circuits.

output transistor directly connects its source to the soma LPF capacitor.

The basic neuron implementation consists of the soma with a simple synaptic input. The
excitatory input to the soma models an AMPA synapse. It consists solely of a PE, which
models both the neurotransmitter (glutamate) release into the synaptic cleft as well the brief
conductance change (a few milliseconds) of AMPA channels in response to a presynaptic
spike. Since the reversal potential of AMPA is much higher than the membrane potential,
I approximate the conductance with a current without dramatically altering the behavior of
the neuron. Therefore, when activated, the AMPA synapse directly excites the soma with a
pulse of current. The AMPA synapse circuit is the simplest type of synapse, modeling the

postsynaptic current as a brief current pulse.
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Figure 3.10: Embedded System
The STDP Chip is embedded in a circuit board including DACs, a CPLD, a RAM chip, and a USB chip,

which communicates with a PC.

3.4 Characterization

I have designed, submitted, and tested a chip with an array of my silicon neurons. The
STDP Chip was fabricated through MOSIS in a 1P5M 0.25um CMOS process, with just
under 750,000 transistors in just over 10mm? of area (Figure 3.9). It has a 16 by 16 array
of microcircuits; each contains one inhibitory interneuron (28 by 36,m each) commingled
with four excitatory pyramidal neurons, each with 21 STDP synapses (Chapter 5). The
STDP Chip employs AER to transmit spikes off chip and to receive spike input [16, 17,
18]. In addition, it includes an analog scanner that allows me to observe the state of one

neuron at a time (either its synapse or soma) [103].

To test the silicon neurons, I embedded the STDP Chip in a circuit board (Fig. 3.10).
The board has four primary components: a CPLD (complex programmable logic device),

the STDP Chip, a USB interface chip, and DACs (digital-to-analog converters). The central
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component in the system is the CPLD; it mediates communication between the STDP Chip
and the USB chip, which provides a bidirectional link with a PC. The DACs control the

analog biases in the system, allowing the PC to control the system via USB.

In characterizing the neuron, I focused on three aspects: the soma’s frequency-current
curve (FIC), the synapse’s decay constant and rise-time, and a pyramidal neuron’s PRC
(due to excitation), which summarizes the contributions of both the soma and synapse to

spiking behavior.

3.4.1 Frequency-Current Curve

To characterize the soma’s spiking behavior, I drove it with various levels of constant cur-
rents. I generated constant current by repetitively stimulating the AMPA synapse using
a period (1ms) less than its pulse width (10ms), which prevented the pulse from turning
off. The result was a constant current with amplitude set by the gate of Mg, (Figure 3.7).
For small currents, Isoma reached a steady state without spiking, whereas as the current

increased the soma spiked with decreasing period (Figure 3.11).

To derive the soma’s FI curve, I analyzed Equation 3.15 to determine the spike fre-
quency for constant input current. Then, I verified this result by fitting data from a silicon

neuron. First, I normalized by Ipry:

dx
T— =—x+2>+r (3.17)
dt
where v = Ii?% is the normalized soma current and r = II;% is the normalized input
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Figure 3.11: Soma Trajectory
Soma membrane (current) traces for several step-input current levels (increasing blue to red) rise like a
resistor-capacitor circuit and a positive feedback spike. Below a threshold, the soma reaches a steady state
at which the axon-hillock current is insufficient to overpower the leak. Above threshold, increasing input

current enables the axon-hillock to overcome the leak more quickly, resulting in a shorter period.

current. Note: Ipry (and therefore Isyynt) must be constant for this analysis. I found the
bifurcation point, v, of Equation 3.17 by solving it for ‘fl—f = 0 [137]. Qualitatively, I
observed that ‘fl—f has two fixed points (x > 0) forr < v = g\/g ~ (.38 (Figure 3.12). The
lower one is stable, the higher is unstable. If x is initialized below the higher fixed point,
it decays to the lower; If x is initialized above the higher fixed point, it increases without

bound (spikes).

At r = ~y, the two fixed points merge into one. Increasing r further eliminates the
equilibrium point, entering the regime where constant current causes the soma to spike: z

increases from zero without bound (until it is reset). When r surpasses 7y the soma’s dynam-
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Figure 3.12: Soma Dynamics
The normalized soma current, x, has two fixed points (circles) when its input is small, » < -, one stable
(filled) and one unstable (open). As r increases beyond -, the fixed points merge and destroy each other,
entering the regime where the soma spikes with constant current input. The arrows show the direction x takes

towards and away from fixed points.

ics change; the two fixed points merge, annihilating each other (saddle node bifurcation).

Without any fixed points, « spikes, regardless of where it starts.

To solve Equation 3.17 for the spike period, I integrate it from x = 0 to Tmax:

TMAX T
/ Td—x:/ dt =T (3.18)
0 —x+ a3+ 0

where xyax (> 1) is the value at which a spike is sent off chip and x is reset to zero, and

T is the spike period for a given input, 7. However, this integral has no analytical solution,

76



so I break it into three regions, the first and last of which I can analytically solve:

(

—z+, r <L 1t/3
dx
TETYrt 3+ r, x on the order of /3 (3.19)
—x + 2?, x> /3

\

If the time z spends in the first and last regions dominates the second region, then I can
analytically approximate the FI curve by ignoring the second region. The first region yields

one minus an exponential rise to reach a set value, trc:

d
Td—g; = —z4r, z<ar? a<i1 (3.20)
x(t) = r(1-— e_t/T) r < art/3
z(tpe) = r(1— e—‘Rc/T) I VE:

1
tre = Tlog T o2

As expected, if r is small, tgc is large; if r is large, tgc is small. Based on chip data
(Figure 3.11) and simulation (not shown), this solution is a good approximation for av <

0.3, where « is a scaling factor.

Now I skip to region 3, solving for the time the soma takes to complete a spike, tspk,

once the positive feedback dominates over the input:
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T— = —z+a2% z>pr3 Bg>1 (3.21)

tspk TMAX dzr
tspK = / dt = / 7'73
0 Bri/3 —Tr+x

t | !
= — 10 _—
SPK 5 g 1 5—127’—2/3

I could not solve analytically for z(t), but I did solve for tspx. Based on chip data (Fig-
ure 3.11) and simulation (not shown), this solution is a good approximation for § > 1.2,
where (3 is a scaling factor. Note that the form of the solutions for tgc and tgpk are the
same. Unfortunately, o and (3 are not nearly equal, therefore, I cannot determine the period
from this approach: The first and third regions represent only a small part of the neuron’s
period, and the second region is intractable, so I cannot calculate the time = spends between

0.3r'/3 and 1.21/3,

To resolve this problem, I adopt another approach: I can integrate and solve for the
period exactly if r is large, much larger than z for all z until 23 > z (ie., 23 + 71 > =z,

therefore r > 1).

TMAX d{L' T
/ L / dt=T (3.22)
0 x2+r 0

Since the frequency is the inverse of the period:

78



1 1 2/3
- = — 3.23
T Tﬂ’yr ( )

2/3
_ 1 INg
77y \ IpH

for r > 1. From this equations, I fit 7 after calculating Ipry. The smallest input that reaches
threshold is g = ?g’ﬁ = 7. We solve for Ipry = 7/Iingo, Where Iingo 1S the input current

threshold.

The previous result (Equation 3.23) is only valid for large 7, but I make a better ap-
proximation by looking at Equation 3.17. If » < +y the frequency is zero, but Equation 3.23
does not satisfy this condition. I include this condition by assuming that Equation 3.23 is an
approximation to an inverse logarthim of the same form as (the inverse of) Equations 3.20
& 3.21. Because {log(#)] B =y, for y > 1, but approaches zero as y approaches
one; an equation of this form can satisfy Equation 3.23 when » > 1 and cease to spikfl:

below threshold (r = 7). We arrive at this equation by substituting {log(W)]

for (r/v)?/3 in Equation 3.23 yielding:

- -1
1 1 1
f= Eﬁ_log<w>] (3.24)

r -1
1/3 I —-2/3
LN = ()

This approximation is valid for all values of > -, below which f is zero.
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Figure 3.13: Frequency-Current Curve
The soma responds sublinearly to current above a threshold (dots). Its frequency is approximately propor-
tional to the input current to the power of % (green). However, the frequency is more complex as described
in the text (red). Inset Both functions fit well far above threshold (0.2757nA), but the more complex function

fits better near threshold (Note the log-log axes). 7 was 129ms.

I verify my results, Equations 3.23 & 3.24 by comparing them to the soma’s FI curve.
I measure the FI curve by driving the soma with a current stepped from zero to a con-
stant value and observing the time to spike, which is the inverse of the neuron’s frequency

(Figure 3.13).!

! Alternatively, I could drive the neuron with a constant current and measure its average period. However,
for the purpose of analysis I wish to eliminate the affect of the refractory period, which adds a fixed number
of milliseconds to the period.
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3.4.2 Synaptic Rise and Decay

When stimulated with a spike, the synaptic current increased linearly, initially (far from the
maximum level), and then decreased exponentially. I characterized the synaptic decay con-
stant by varying the receptor’s leak current (adjusting Mgs’s gate voltage; see Figure 3.8).
I measured the resulting synaptic current’s decay constant by fitting the logarithm of the
decaying synaptic current with a line (Figure 3.14). The decay constant depended expo-
nentially on Mgs’s gate voltage, because it is inversely proportional to the current through
this transistor. I note that the decay is close to exponential but deviates slightly. I attribute
this deviation to nonlinear behavior of the current-output pad, but other potential causes
include: capacitive coupling between the gate of Mg, and Cg or LPF nonlinearity due to &

variations among transistors (See Appendix B).

I characterized the synaptic rise-time by varying the cleft’s leak current (adjusting M ’s
gate voltage; see Figure 3.8) and hence the pulse-width. I measured the resulting synaptic
current’s rise-time, defined as the time-to-peak (Figure 3.15). The rise-time depended ex-
ponentially on Mc,’s gate voltage, because the pulse-width is inversely proportional to the
current through this transistor. Also, the peak current increased with the pulse width, since

the receptor’s current had more time to rise.

3.4.3 Synaptic Summation

I want to use my silicon synapse to model a population of synapses, using one synapse
to model thousands, which both shrinks and simplifies my circuits, saving silicon area.
When sharing one synapse among many inputs, I desire the synapse to sum its inputs

linearly, equivalent to having many independent synapses as in biology. Equation 3.8,
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Figure 3.14: Synapse Decay Constant
The synapse responds to a spike with a low-pass filtered pulse, which decays exponentially after the pulse
ends. I fit the logarithm of each decaying exponential, normalized by its peak, with a line, whose slope was
the negative of the inverse of the decay constant. Inset Decay constant (dots) depends exponentially on the

gate-source voltage of the cleft’s leak transistor (Mg, in Figure 3.8), fit with a line.

which describes the synapse LPF, is linear. So I expect that if I stimulate the synapse with

many spikes (further apart than the pulse width), they sum linear.

To evaluate the linearity of the synapse, I stimulate it with five spikes separated by 10ms
(with a rise-time of 2ms). I compare the response to this burst of spikes to a single synaptic
spike response, arithmetically summed five times, each copy 10ms apart (Figure 3.16). 1
observe that the arithmetic sum is nearly equal to the burst response, with its peak (190pA)

exceeding the burst response’s peak by only 9pA, a deviation of less than 5%.

To evaluate the linearity of the synapse to inputs that cause pulses to collide at the
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Figure 3.15: Synapse Rise-time
The synapse responds to a spike with a low-pass filtered pulse, which peaks at the end of the pulse (dots).
Inset The time-to-peak (dots) depended exponentially on the gate-source voltage of the cleft’s leak transistor

(Mg in Figure 3.8).

synaptic PE, I stimulate the synapse with Poisson-generated input spikes (Figure 3.17).
I have verified that the synapse LPF is (nearly) linear. However, as mentioned in Sec-
tion 3.3.2, its PE is nonlinear, capable of both facilitation (supralinear) and depression
(sublinear). First, I stimulate the synapse with a 10Hz Poisson input: Because the input
spikes are spread out in time (by at least 20ms in this instance), the pulses do not interact
and the synaptic current sums linearly. Next, I stimulate the synapse with a 50Hz Poisson
input: Many input interspike intervals are small (about 1ms), short enough for the pulses
to interact, causing synaptic facilitation. Facilitation occurs when a spike arrives within
Sms the one before, although the rise-time (pulse width) is only 1ms. This interaction after
the pulse termination is due to the pulse’s tail, which is present milliseconds after the pulse

(see Section 3.3.2). Then, I stimulate the synapse with a 20 spike burst at 20kHz: The input
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Figure 3.16: Synaptic Summation
In response to a single input, the synapse responds with a (nearly) linear rise-time and an exponential decay
(green). In response to multiple inputs (10ms apart) the synapse sums the contribution of each (red). This
behavior is similar to the arithmetic sum of the single spike response, shifted to match the input (blue). The

decay constant and rise-time equal 45ms and 1ms, respectively.

interspike intervals are 50us. The 20 rapid inputs saturate the PE, rendering it insensitive

to further spikes and causing synaptic depression (see Section 3.3.2).

Although facilitation and depression exhibit useful properties, a silicon synapse can
only represent one synapse in the regimes where they are present. Conversely, in the linear
regime, one synapse can represent an entire population of independent synapses, whose

currents sum to drive a soma (or dendrite).
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Figure 3.17: Synaptic Facilitation and Depression
Top With a Poisson-generated input at 10Hz, the synaptic current (blue) sums linearly, closely following the
arithmetic sum of spike responses, generated by a single kinetic model (red), only slightly exceeding (cyan)
or falling below (magenta) the model. Middle. With a Poisson-generated input at 50Hz, the synaptic current
facilitates, exceeding the kinetic model, due to pulses overlapping. Bottom With a Poisson-generated input at
50Hz augmented with a 20 spike 20kHz burst (at time=0.0465s), the synaptic current initially depresses, due
to the incoming inputs saturating, then facilitates. All panels Decay constant and rise-time equal 45ms and

1ms, respectively.
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3.4.4 Phase-Response

The effect of synaptic excitation depended on the phase at which it occurred. I characterized
this phase dependence in a pyramidal neuron (See Chapter 6 for schematic), which is just a
soma (Figure 3.7) with an excitatory synapse (Figure 3.8). I activated the excitatory synapse
at random points in the neuron’s cycle, once every five cycles, observing the decrease
in interspike interval (ISI). I repeated this process several hundred times and plotted the
resulting PRC (Figure 3.18 Top). I set both the synaptic rise-time and decay constant to

Ims, resulting in a brief excitatory pulse.

The neuron was most sensitive to excitation between 10 and 20ms after it spiked (with-
out synaptic excitation, its ISI was 24.7ms). In this sensitive region, each excitatory synap-
tic event subtracted 1-2ms from the neuron’s ISI. During this phase of its cycle the neuron’s
membrane (current) was high, and the excitatory spike pushed it higher, activating the AH’s
positive feedback current (Figure 3.18 Bottom). On the other hand, excitation applied less
than 10 or more than 20ms after it spiked subtracted less than 1ms from the neuron’s ISI.
During these phases, either the increase in soma potential was negated by the increased
efficacy of the leak conductance at the higher potential or the AH’s positive feedback was
already active and stronger than the excitation, rendering it less effective. This is the pri-
mary deviation from the analytical solution, in which synaptic input does not compete with

an AH: Instead, the neuron has a hard threshold (Figure 3.2).
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Figure 3.18: Neuron Phase-Response Curve
Bottom Membrane (current) traces of a neuron that I drove with a constant current and additionally excitation
at various phases with a brief pulse; the decrease in interspike interval depended on when excitation occured
(vertical bars). Top The phase-response curve shows that excitation is most effective between 10 and 20ms

after the neuron spikes, subtracting 1-2ms to from its interspike interval (24.7ms).

3.5 Discussion

My log-domain neuron and its components are generally applicable to neuromorphic sys-
tems and I have used neurons with similar somas and synapses in another model of hip-
pocampal associative memory in addition to the one described in this thesis [6, 5]. I have
already used log-domain current-mode circuits to model multicompartment neurons with
a soma coupled to many dendritic compartments [5]. In addition, other neuromorphic en-
gineers applied similar log-domain circuits to model voltage-gated channels that influence

spike timing and response reliability in a model of cochlear nucleus [155].
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My circuits are similar in size and complexity to integrator-type LIFs with CMI synapses
(all 1280 neurons use only about 13% of the chip’s 10mm? area), while capable of model-
ing phenomena that depend on synaptic rise-time or shunting inhibition, such as synchrony
by inhibition (Chapter 4). Previous conductance-based silicon neurons consumed too much

area to fit more than a few copies per chip [96, 129].

The log-domain soma and synapses reproduce the behavior and the computation of
biological neurons better than integrator-type LIFs and CMI synapses. The conductance-
based soma’s FI curve increases sublinearly with increasing current, similar to biological
neurons, whereas the integrator-type neuron’s FI curve increases linearly with increasing
current. The current-mode synapse realizes first-order linear dynamics (exponential de-
cay) with tunable rise-time, whereas the CMI synapse rises nearly instantaneously, decays
inversely with time, and sums nonlinearly. Lastly, the conductance-based soma’s PRC
closely matches that of neocortical neurons, verifying the similarity between their tempo-

ral dynamics [124].
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Chapter 4

Silicon Gamma Synchrony

In Chapter 2, I described my model of sequence memory in the hippocampal formation,
alluding to the importance of the coherent gamma rhythm; and in Chapter 3, I presented
my silicon neuron. This chapter describes the design and characterization of a network of

silicon inhibitory interneurons that generates a gamma rhythm (30-100Hz).

Section 4.1 introduces synchrony in inhibitory networks, particularly in the hippocam-
pus, which is known to actively generate gamma synchrony. Then in Section 4.2, I discuss
previous models of synchrony, ranging from silicon to analytical to computational, and the
insights into synchrony they provide, emphasizing two recent studies that combine ana-
lytical and computational aspects to demonstrate the delay model of synchrony (DMS).
DMS posits that, in controlling inhibitory rhythmicity, the critical parameter is synaptic
delay. Next, in Section 4.3, I show with a simple analytical model that synaptic rise-time
can behave as a surrogate for pure synaptic delay in controlling network frequency. Then
in Section 4.4, I switch focus and describe neuromorphic implementation of an inhibitory

interneuron. In Section 4.5, I quantify the performance of the interneuron network in terms
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of frequency and a measure of synchrony, showing that the chip’s behavior is consistent
with DMS. Finally in Section 4.7, I discuss the implications of the network performance at
the system level as well as the limitations and nonidealities of the network and how they

can be overcome in future chips.

4.1 Gamma Synchrony in the Hippocampal Formation

When observing the hippocampal local field potential in an awake, behaving animal, a
salient feature is the rhythmicity, dominated by the theta and gamma rhythms. In this
section, I focus on the hippocampal gamma rhythm (Figure 2.11), a well studied and char-
acterized phenomenon, which has several features that may contribute to computation. The
gamma rhythm is coherent across whole hippocampal regions, providing similar synchro-
nizing signals to all pyramidal neurons within a region [20]. It is coherent between regions:
always between CA3 and CA1l and transiently between the CA regions and the dentate
gyrus, possibly gating information transfer between regions [31, 65]. Further, gamma may
gate information transfer between the hippocampus and other forebrain structures, as dur-

ing behavior gamma is observed simultaneously in multiple brain regions [46].

The gamma rhythm shapes pyramidal neuron activity in time, potentially influencing
processing or plasticity [46]. According to one theory, it divides the theta oscillation into
slots, where memories are temporarily stored [90]. As presented in Chapter 2 in my model
of hippocampal function, the gamma rhythm enforces a phase shift between the dentate
gyrus and CA3 regions to shape synaptic plasticity to form sequence memory. In addition
to the hypothetical function of the gamma rhythm, many observations provide insights into

how it is generated.
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Evidence suggests that the hippocampus generates the gamma rhythm internally in the
CA regions, mediated by GABA, synapses from interneurons. The internal generation of
the gamma rhythm is established by lesion studies, in which subcortical inputs are removed,
and the gamma rhythm remains [20]. Further, in the CA regions, severing the cortical input
leaves the gamma rhythm intact [20]. The role of interneuron GABA, is verified by mod-
ulating extracellular chloride, which modulates the gamma rhythm; by observing current
source densities, which show gabaergic inhibition of interneurons’ (and pyramidal neu-
rons’) somas; and by recording interneurons that fire phase locked to the gamma rhythm
[46]. Although the gamma rhythm is generated by interneurons via GABA,, the mecha-
nisms that these interneurons and their GABA 4 synapses employ to control the frequency—
and manage variability—are not well understood. Therefore, to elucidate these mecha-

nisms, many researchers have undertaken silicon, analytical, and computational studies.

4.2 Previous Models

In attempting to understand the generation of gamma synchrony by inhibitory interneurons
it is useful to review related prior work. Ranging from silicon to analytical to compu-
tational, numerous studies have contributed to the understanding of how networks of in-
hibitory interneurons generate synchrony and rhythmicity (for a review see [41]). In the
next section, I mention models of synchrony in silicon. In the following section, I review
primarily analytical studies, which employ simple models to provide intuition into syn-
chrony. Then, I review computational studies, which often employ elaborate models to

study the behavior of these networks.

91



4.2.1 Silicon Models

Few studies of silicon synchrony have been published, reflecting the lack of synchrony in
most neuromorphic systems. One study employs two nonspiking neurons to generate both
membrane potential synchrony and antisynchrony depending on coupling strength [33].
Another study uses many simple integrate-and-fire (integrator-type) neurons, coupled with
fast synapses, but the network only synchronizes weakly, requiring excitatory coupling
among neurons to rescue it [92]. These silicon studies of synchrony have primarily shown
that generation of synchrony is not trivial. We gain insight by looking at analytical and

computational models.

4.2.2 Analytical Models

Theoretical studies focus mainly on idealized and simplified models to analytically track
some aspect of synchrony and provide intuition into how synchronous models function.
Simplified models are attractive because complete (and complex) models are intractable
to analysis directly. Synchronous systems can be simplified in many ways to make them
approachable, which include using: simplified interactions among interneurons, weak cou-

pling, mild heterogeneity, simplified interneuron dynamics, and reduced system size.

These simplifying techniques have contributed greatly to understanding of synchronous
systems. One of the first researchers to study synchronization in coupled oscillators was
Kuramoto, who assumed an infinite number of oscillators and used simplified interactions
among his heterogeneous population of oscillators to exactly solve for the degree of syn-
chrony [82]. This work showed that increased coupling strength can compensate for hetero-

geneity, with appropriate oscillator interactions, demonstrating the importance of coupling
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strength and oscillator phase response. Assuming weak coupling and a system of only
two interneurons, Chow showed that inhibitory interneurons synchronize even with weak
heterogeneity [28]. In addition, this work showed at what point weak heterogeneity over-
comes weak coupling to break synchrony. With identical assumptions, Ermentrout and
Gutkin showed that inhibition could still synchronize interneurons with various forms of
spike frequency adaptation, implying self inhibition does not deleteriously affect synchrony
[40]. Also, with identical assumptions to Chow, Lewis and Rinzel showed that inhibition,

gap junctions, or both could generate synchrony [87].

4.2.3 Computational models

Unlike theoretical studies of synchrony, which tend to use simple models, computational
studies usually use more elaborate models that better approximate known neurobiology.
These modeling studies build large, semirealistic networks and use brute force to simu-
late the models in many parameter regimes. Often, such studies produce copious amounts
of data and compelling demonstrations, but their conclusions are often difficult to inter-
pret, especially when they contradict intuition. Unless all combinations of parameters are
explored, which is clearly impossible, it is difficult to attribute behavior to one parame-
ter or another. Even though computational studies include many known neurobiological
elements, many other aspects of neurobiology are not known and are often arbitrarily spec-
ified. Further, some computational studies (for convenience and comparison) make the
same assumptions as the analytical studies, such as weak coupling and mild heterogene-
ity. Nevertheless, these studies have greatly contributed to understanding of interneuron

synchrony.

Computational studies have supported theoretical results and have made predictions
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Figure 4.1: Synchrony in Simulated Interneurons
A population of simulated interneurons with weak inhibitory coupling and constant input current synchronize

without excitatory connections. From [146].

about neurobiological function. Wang and Buzsaki simulated one of the first semireal-
istic inhibitory interneuron networks, demonstrating that a network composed solely of
interneurons could synchronize (Figure 4.1) [146]. They showed robust synchrony across
(global) parameter variation but sensitivity to heterogeneity. White et al. simulated small
inhibitory interneuron networks (between 2 to 10 interneurons), showing the behavior of
these systems for various parameter sets and concluding that synchrony is fragile in hetero-
geneous networks [151]. Tiesinga and Jose simulated large networks (up to 1000 interneu-
rons) with significant heterogeneity and synaptic noise [140]. They showed that strong syn-
chrony (where every interneuron fires every cycle) is inherently unstable and that stochastic
weak synchrony (where every interneuron fires probabilistically in every cycle) is largely

stable.

In subjecting their model to experimental verification, neurobiological observations re-
vealed potential problems with many analytical and computational studies’ assumptions

and questioned their dogma. Supported by many studies, the dogma maintained that net-
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work frequency was determined by the gabaergic decay constant, which had to be greater
than Sms to achieve synchrony [146, 151, 28]. However, observations put the gabaergic de-
cay constant in the hippocampal formation between 1 and Sms, too fast for the simulations
to synchronize within the gamma regime [10, 52]. The dogma was wrong. Two groups

independently recognized the problem and sought to solve it.

Recently, the two groups published their computational studies, which showed that the
key parameter in determining the frequency of an inhibitory interneuron network’s rhyth-
micity is the combined axonal and synaptic delay, the effective delay. To provide intuition
into the numerical results, both studies augmented simulation with simple analysis. Wang
and Brunel performed the first study, which explicitly assumed that the network activity
and network inhibition must be 180 degrees out of phase (Figure 4.2) [21]. Using this
assumption, they showed that the effective delay is the dominant contributor to the 180
degree phase difference. Further, they showed that in many regimes the network frequency

varies inversely with the effective delay, consistent with their simulations.

Maex and De Schutter performed the second study, which employed a simple delay
differential equation to describe the network activity and solve for its periodic solution [94].
They demonstrated that the analytical solution was consistent with their simulations, which
showed the network period was close to four times the effective delay and only weakly
dependent on the gabaergic decay constant (Figure 4.3). In addition, they demonstrated that
the network is robust to the presence of mild noise and heterogeneity. These two studies
corrected numerous previous studies that assumed delay was unimportant to synchrony.
They establish unequivocally that delay is the critical parameter influencing the frequency

of synchrony—the delay model of synchrony (DMS).
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Figure 4.2: Phase Relationship Between Interneuron Activity and Inhibition
For synchrony to occur the oscillatory component of the GABA 4 activation must be 180 degrees out of phase
with the spiking activity. Left Synchrony is a self consistency problem: The firing rate determines the GABA 4
activations, which influences the inhibitory synaptic current, determining the firing rate. Right The phase lag
of the inhibition relative to the network firing rate depends on frequency. When the phase lag equals 180

degrees, synchrony is stable. From [21].

4.3 Including Synaptic Rise-Time

The delay model of synchrony (DMS) qualitatively and quantitatively describes the syn-
chronous behavior of populations of interneurons with axonal and synaptic delay, pure
delay. In this section, I extend DMS to include synaptic rise-time in the effective delay.
Specifically, I show that the effective delay of a synapse whose impulse response (i.e.,
spike response) is a low-pass filtered pulse is equal to half the pulse width. Following the
argument of Maex and De Schutter [94], 1 show that the network period resides between

two and four times the effective delay, which is between one and two times the pulse width.
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Figure 4.3: Predicted Versus Simulated Frequency
The Delay Model of Synchrony predicts the network period is approximately four times the effective synaptic
delay. Simulations show that for different GABA, time constants the network maintains this relationship.

From [94].

Consider a population of inhibitory interneurons whose activity, A(t), is modeled by

the following delay differential equation:

AA(t) = —A(t) + F(I — k(t) = A(t)) (4.1)

where I is the constant input current, k(t) is the synaptic impulse response, F' is the neu-
ronal transfer function, ) is the membrane time constant, and * represents convolution in
time. A can be instantaneous when the feedback inhibition (or any input) is fast [49], there-

fore, I set it to zero, which is equivalent to assuming the network activity is 180 degrees out

97



of phase with the inhibition [21]. I wish to determine if a synchronous solution exists. To
this end, I linearize the neuronal transfer function about the asynchronous state, A(t) = C,

in which neuronal firing is considered constant, which gives:

0= —y(t) — ak(t) = A(t) (4.2)

where y(t) = A(t) — C is the difference of network activity from the asynchronous state,

and a is the linearized neuronal transfer function at the asynchronous state.

Next, I assume y(t) = ¢! (w = 27 f, where f is the oscillation frequency) and trans-

form 4.2 into the frequency domain.

0=-Y(w)—aY(w)K(w) (4.3)

I assume the synaptic impulse response is a convolution of a pulse of width 7}, and an ex-

ponential [35], which in the frequency domain is represented by

G

K(U)) = 2dBSinC(u)d)€_in X m

(4.4)

where 7 is the synaptic decay constant, d = % is the effective synaptic delay, B is the pulse
amplitude, and G is the exponential amplitude. The pulse provides effective delay (whereas

the convolution of two exponentials would not).
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I substitute this result into 4.3 and separate it into two equations, one for the real part

and the other for the imaginary part, using the identity e¢** = cos(x)+ i sin(z), which gives:

wT
. d — '
sin(wd) 2adT BGsinc(wd) )
-1
d —
cos(wd) 2adT BGsinc(wd)

Assuming a solution exists (that is the magnitude of the denominators is greater than or
equal to the magnitude of its respective numerator), the two equations can be combined to

obtain:

tan(wd) = —wT (4.6)

This is identical to the relation for a synapse with a (purely) delayed exponential impulse
response (similar to [94]). Since tan(x) is negative for T <z <mifrt>d wd= 7,
Equation 4.6 yields T = 4d, where T is the network period. Conversely, if 7 < d, wd = T,
yielding 1" = 2d. Therefore, T" depends strongly on d (2d < T' < 4d), which provides its
absolute minimum and maximum, and weakly on 7, which determines the value it takes
within that range. Relate the network period back to the pulse width, 7, < T' < 27T,,.
Thus, I have extended the model put forth by [94] to include the synaptic rise-time (using
a pulse), which describes the behavior of my a silicon inhibitory interneuron network that

uses nonzero synaptic rise-time instead of pure synaptic delay to synchronize.
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4.4 Interneuron Circuit

Similar to the neuron circuit in Chapter 3, I construct the interneuron from two circuit
modules based on log-domain LPFs [47]: the soma and the synapse (Figure 4.4). This
neuron is different in that it excludes the PE-LPF excitatory synapse and includes a PE
excitatory synapse and a PE-LPF inhibitory synapse configured to inhibit itself and its
neighbors through a diffusor, which spreads the synaptic current to neighboring silicon
interneurons [15]. To test the silicon interneurons, I use the same setup that I used to test

the silicon neuron (Figure 3.10).

4.4.1 Phase-Response Curve

In characterizing the interneuron, I focus on the inhibitory PRC; the excitatory effect of a
similar synapse circuit on a similar soma circuit was explored in Chapter 3. The effect of
synaptic inhibition depended on the phase at which it occured. I characterize this phase
dependence by inhibiting the interneuron at a random point in its cycle, once every five
cycles, observing the increase in interspike interval (ISI). I repeated this process several
hundred times and plotted the resulting PRC (Figure 4.5 Top). The rise-time was set to

1.5ms and the synaptic decay constant was Sms, as found in biology [10, 52].

The interneuron was most sensitive to inhibition between 15 and 30ms after it spiked
(its uninhibited IST was 38ms). In this sensitive region, each inhibitory spike added more
than 8ms to the interneuron’s ISI. During this phase of its spiking cycle the interneuron’s
membrane (current) was high, resulting in more effective shunting inhibition (Figure 4.5
Bottom). On the other hand, inhibition applied less than 5 or more than 32ms after it spiked

added less than 4ms to the interneuron’s ISI. During these phases, either its membrane
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Figure 4.4: Interneuron Circuit
The interneuron circuit comprises two modules, both based on log-domain low-pass filters: the soma and
the synapse. The soma includes the membrane (My ;.4), the axon-hillock (Ma1.6), and the refractory channel
population (MR;.2). The synapse includes the cleft (Mg;.2) and the receptor (Mp;.4). A diffusor with current
mirrors spreads inhibition to neighboring interneurons (Mp;.4). Single arrows represent bias voltages; double

arrows represent inputs and outputs. The AND gate resets the interneuron’s spike (TREQ), gated by TACK.
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Figure 4.5: Interneuron Phase Response Curve
Bottom Membrane (current) traces of an interneuron driven with a constant current and inhibited at various
phases; the increase in interspike interval depended on when inhibition occured (vertical bars). Top The
phase-response curve shows that inhibition is most effective between 15 and 30ms after the interneuron

spikes, adding about 8ms to its interspike interval (38ms).

potential was low, so shunting inhibition was less effective, or the inhibition did not have
time to rise to its peak effectiveness. And near the cycle’s end, the positive feedback from

the axon-hillock (AH) turned on, overpowering the inhibition.

4.5 Interneuron Network

In the previous section, I described the interneuron circuit, which, in this section, I use in

the construction of an inhibitory interneuron network. The purpose of the interneuron net-
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work is to synchronize in the gamma frequency range with the ultimate goal of entraining
pyramidal neurons. Further, I demonstrate the role of delay (implemented in the form of

gabaergic rise-time) in enabling synchrony and in determining network frequency.

4.5.1 Experimental Setup

The inhibitory interneuron network resides on the STDP Chip and is composed of 256 in-
terneuron circuits (arranged in a 16 by 16 grid), all of which are used in each experiment.
Each interneuron inhibits its neighbors through a diffusor on a square grid. The diffusor
can be tuned to no spread, such that an active interneuron receives most of the inhibition it
puts into the diffusor and the rest of the interneurons receive negligible inhibition, or it can
be tuned to a global spread, such that every interneuron receives approximately the same
inhibition. In all experiments (except when noted) the inhibition was tuned to be global'.
Each interneuron received a constant excitatory input current (except where noted). This
current was realized by using the ampaergic synapses outside of their intended operating
regime. I tuned the pulse-width to be long (tens of milliseconds) and stimulate the ampaer-
gic synapse at a shorter interval than this (100s of Hz), extending the pulse indefinitely and

creating a constant excitatory current.

4.5.2 Quantifying Synchrony

Since the purpose of the network is robust synchronization, to evaluate its performance
quantitatively I need a measure of synchrony. Several measures have been used to quantify

synchrony [146, 147, 51]. In numerical studies, heterogeneity is usually minimal, therefore,

'To ensure global spread of inhibition, I set the lateral (NMOS) diffusor bias 500mV higher than the
horizontal bias (Mp3).
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all interneurons fire at about the same rate and suppression of interneurons is rare. In these
systems there is qualitatively little difference between the prevalent synchrony measures.
However, in silicon, where heterogeneity is abundant and suppression common, different
synchrony measures can give quantitatively and qualitatively distinct results. I considered
three measures to quantify the synchrony of the interneuron network: synchrony index (SI),
coherence index (CI), and vector strength (VS). For the silicon interneuron network every

measure has advantages and disadvantages.

SIis the normalized average cross correlation of all pairs of interneurons in the network

[146]. The normalized cross correlation between interneurons x and y is defined as:

by = Y XY (1)
VIR XY Y ()

4.7)

where X (1) and Y (1) are the binned spike trains of the pair of interneurons. SI is the mean
of all k.. SI has some desirable properties. It is naturally comparable to observed cross
correlations from pairs of recorded interneurons in vivo or in vitro. Since it is normalized,
its values range between zero and one. For values near zero, interneurons are asynchronous,
whereas for values near one, interneurons are synchronous. SI also has undesirable prop-
erties. Its value is strongly dependent on bin size, which is usually chosen to be one-tenth
of the network period. Its value is reduced by interneurons that do not fire or fire slower
than the network frequency, a common occurrence in silicon. Its value is increased by in-
terneurons that fire faster than the network frequency, also common in silicon, where some
interneurons fire several times faster than the average. Because of these undesirable prop-
erties SI is not a good measure for synchrony in a silicon (or any highly heterogeneous)

system.
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ClI is the standard deviation divided by the mean rate [147]: The mean rate is computed
from the time histogram of all spikes in the network. First, I measure the network activity

by calculating the instantaneous population firing rate, [(¢;):

_ total number of spikes in (t;,¢; + At)

R(t:) NAt

(4.8)

where N is the number of interneurons and time is divided into small bins (Af =1 ms).
Then we compute the mean and standard deviation of R(¢;). CI has some desirable prop-
erties. It is comparable to the coherence of local field potentials, observed in biology. It is
independent of the number of interneurons that fire, whether they fire faster or slower than
the network frequency. CI also has undesirable properties. Its value is not restricted to be
between zero and one. Like SI, its value is strongly dependent on bin size. Its indepen-
dence on the number of interneurons that fire gives it preference to one single interneuron
firing, which is perfectly synchronous with itself. Therefore, CI rewards suppression of
interneurons. To fairly portray the network state, CI must be augmented by the number of

interneurons in the network that fire.

VS is the normalized vector sum of the average number of spikes at each phase of the
(gamma) cycle [51]. Including all interneurons in the network, I create a period histogram
of N=50 bins at the measured network period (see next section). Using the period his-

togram, I compute the normalized vector strength as:

VOO, X2+ (2, V)2

VS =
YOS

4.9)
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where T; is the period histogram’s ¢th bin, with X; = T; cos(27r(Z DyandY; = T; sm(27r(Z Uy,
VS has desirable properties. Like CI, it is comparable to the coherence of the local field
potential; it is independent of the number of interneurons that fire and their rates; it is
only weakly dependent on bin size. VS also has undesirable properties. Like CI, it re-
wards suppressing interneurons, and therefore, must be augmented by the number of active
interneurons, and it punishes nonconstant network frequency. If the network frequency

shifts, or if the network experiences a phase shift, VS decreases.

Each synchrony measure has advantages and disadvantages. For the interneuron net-
work the best choice is VS as it is only weakly dependent on bin size and its values ranges
between zero and one. Further, its disadvantages can be controlled. Considering the num-
ber of active interneurons compensates for its tendency to reward interneuron suppression,
and using periods of data where the frequency is nearly constant alleviates the punishment

of frequency shifts.

4.5.3 Computing Network Frequency and Period

I define the network frequency as the frequency component with the greatest power. To
determine the frequency component with the maximum power, I bin all spikes recorded
over a period of 250ms (1ms bins) to obtain R(¢;) as before in Equation 4.8. T filtered
the binned activity with a gaussian low-pass filter (corner frequency of 250Hz) to suppress
harmonics and subtract the mean to remove the DC component. I converted the filtered
activity from the time domain to frequency domain with a Discrete Fourier Transform
(16,384 points), employing a Hamming Window (128 points) to reduce spectral leakage

between frequency components [3]. The network period is the inverse of the strongest
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network frequency.

4.6 Results

The inhibitory interneuron network required mutual inhibition to synchronize (Figure 4.6).
When the interneurons were uncoupled from their neighbors, such that all of the inhibition
is self inhibition (like a potassium channel population), they spike asynchronously. Each
interneuron spiked at is own rate (Figure 4.6 Left). On the other hand, when the interneu-
rons were coupled globally, so all inhibition was (approximately) evenly distributed to each
interneuron in the network, they synchronized at a network frequency of 38Hz (Figure 4.6

Right) with an input current of 31nA?.

In addition to synchrony, there were several differences between the uncoupled and
coupled networks’ behaviors. In the uncoupled case all interneurons spiked, since no other
interneurons could inhibit them, whereas in the coupled case more than half of the in-
terneurons (136) were suppressed by the more excitable ones. In the uncoupled network
the average firing rate was 42Hz versus 38Hz for the coupled network (excluding sup-
pressed interneurons). This result is contrary to intuition: The coupled network consisted
of more excitable interneurons on average and received less inhibition (inhibition from 120
interneurons is shared among 256 versus one to one in the uncoupled cased). However,
interneurons that inhibited themselves received inhibition at the least effective region of

the PRC (see Figure 4.5), immediately after they spiked, whereas interneurons that inhib-

2To estimate the input current to an interneuron, I measured its amplified soma current (Isoma = %)
through a current-out pad, which yielded Iy when Isgunt=lo. Hence, I disabled the inhibitory synapse (by
lowering its synapse strength); I also disabled the axon-hillock (by raising its spike threshold). I estimated
the input current as the pad current divided by the pad amplifier’s gain (3564). Because the gain decreased

for currents above 34nA, I fit lower values with an exponential to extrapolate the input current.
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Figure 4.6: Synchrony Depends on Mutual Inhibition.
The lower left quadrant of both panels is a rastergram of the network activity and membrane potential (cur-
rent) of one representative interneuron; each line represents a spike. The upper left is the histogram in time
of all spikes in the network. The lower right is a histogram of firing rates across the interneuron popula-
tion. The upper right is a histogram of the rates of all interneurons in the population. Left The network of
inhibitory interneurons fails to synchronize when each neuron inhibits only itself (VS= 0.06). Right The

network synchronizes when each interneuron inhibits itself and every other interneuron (VS= 0.83).

ited each other received inhibition at several points of the PRC (unless the synchrony was

perfect), resulting in more effective inhibition.

Clearly, mutual inhibition can effectively generate synchrony in a silicon interneuron
network. However, this synchrony must break down at some point. Based on numerical
and analytical studies, I expect that the critical parameter in the generation and pacing

of synchrony is the gabaergic rise-time, the effective delay as shown mathematically in

Section 4.3.
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Figure 4.7: Synchrony Depends on Rise-time
Left The network of inhibitory interneurons synchronizes when the GABA synapse has a several (11.7) ms
rise-time (VS= 0.83). Right Conversely, the network fails to synchronize when the gabaergic rise-time is a

fraction of a ms (VS= 0.18). The conventions are the same as Figure 4.6

4.6.1 Gabaergic Rise-time

The inhibitory interneuron network required a finite gabaergic rise-time to synchronize
(Figure 4.7). When the interneuron network had gabaergic synapses with a finite rise-time
(11.7ms) it synchronized (Figure 4.7 Left). Conversely, when the gabaergic synapses had an
infinitesimal rise-time (0.1ms), the interneuron network failed to synchronize (Figure 4.7
Right), even when the inhibition was increased to the same level. That is, such that in-
terneurons spiked in approximately the same numbers and at the same average rate in both
cases: 120 neurons fired at an average of 38Hz with a finite rise-time; 114 neurons fired
at average rate of 36Hz with an infinitesimal rise-time. Clearly, for the silicon interneuron
network to synchronize, two requirements must be met: mutual gabaergic inhibition and

nonzero gabaergic rise-time.

To confirm the gabaergic rise-time’s pivotal role in synchrony, I varied it and measured
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the network period (the inverse of the strongest frequency). The network period was one
to two times the rise-time, depending on the fall-time (i.e., gabaergic decay constant), plus
an offset, caused by the AH’s positive feedback overpowering inhibition shortly before
a spike. With a rise-time of 11.7ms, and a gabaergic decay constant of Sms (same as
Figure 4.7), the network period (24.2ms), minus an offset (7.3ms), was 1.44 times the rise-
time (Figure. 4.8), which corresponds to an network period of 2.88 times the effective delay
from Section 4.3 (which equals half of the rise-time). This result is consistent with the study
of Maex and De Schutter, who predicted that the network period should be between two and
four times the synaptic delay [94]. In silicon, this same proportionality constant yielded a
good fit for a wide range of rise-times ranging from 7 to 100ms, even though the network
was only synchronous (VS > 0.5) for rise-times between 7 and 58ms. On the low frequency
end, the relationship broke down as the rise-time increased beyond 60ms; inhibition grew
too strong to maintain even weak synchrony, forming a winner-take-all network. On the
high frequency end, the relationship broke down due to two factors: Interneurons were
unable to maintain the high network frequency, due to insufficient input, and as the rise-
time dropped to levels comparable with the decay constant, the linear relation ceases to be

valid as described by Equation 4.6.

The AH’s offset had the effect of increasing the rise-time by 5.1ms (7.3ms + 1.44),
which corresponds to an AH delay of about 2.6ms, since the rise-time is twice the effective
delay. This is expected since the AH takes several milliseconds to fully depolarize the soma
(and send the spike off chip) once positive-feedback takes over. This effect is visible in the
PRC; at the end of its period, the interneuron was resistant to inhibition (Figure 4.5). The
positive feedback’s speed depends on how far above threshold the input current drives the

soma and therefore, on the magnitude of the input current (Chapter 3).

The interneuron network synchronized strongly for an intermediate range of rise-times.
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Figure 4.8: Network Period Versus Rise-time
The network period (red asterisks) increases linearly with the rise-time (black line; fit from 7 to 58ms). The
network period ceases to be linear and saturates when the rise-time is small (below 7ms). The magenta
dots show the mean interneuron period (the inverse of the number of spikes divided by NAI divided by the
measurement duration, 250ms). Left inset Vector strength peaks for a rise-time of about 25ms. Right inset
Number of active interneurons decreases as rise-time increases. For all panels, green asterisks signify highly
synchronous network states with vectors strength above 0.5 and greater than 50 active interneurons. The

black circle is the baseline setting; it has the same parameter values across figures.
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VS peaked for a rise-time of about 25ms at this parameter setting (Figure 4.8 Left inset).
The network was strongly synchronous (VS above 0.5) for rise-times between 10 and 40ms;
also, in this regime the mean of active interneurons’ spike frequencies (all spikes divided by
NALI divided by the measurement duration, 250ms) was closest to the network frequency.
The network was asynchronous for very fast rise-times (Figure 4.7 Right), and additionally
in this case the fast rise-time resulted in reduced inhibition, contributing to the asynchrony.
Also, the network was asynchronous for slow rise-times. This agrees with intuition, since
the typical active interneuron period ranges from 30 to 40ms (33 to 25Hz). Therefore, if the
rise-time (pulse width) exceeds 50ms, the interneurons perceive constant inhibition, which

just reduces their firing rates rather than motivating synchrony.

Extended and stronger inhibition due to longer rise-times suppressed more interneu-
rons. NAI decreased as the rise-time increased (Figure 4.8 Right inset). NAI reached its
lower limit at about 50; it did not continue to decrease since the rise-time was much longer
than the decay constant, enabling inhibition to reach its maximum (set by the gabaergic
strength). Therefore, further increasing the rise-time did not increase the maximum level

of inhibition to the network.

4.6.2 Other Gabaergic Parameters

I'have verified that the gabaergic rise-time directly affected the network period. But because
changing the rise-time changes both the inhibitory delay and amplitude (Figure 4.7), it is
unclear which affect influenced the period. If the change in network period was caused by
the change in inhibitory delay, I expect that changing the gabaergic strength (with a fixed

rise-time) would not change the network period.
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Figure 4.9: Delay Model of Synchrony Controls
Gabaergic strength, gabaergic decay constant and input current influence network period as well as the vector
strength and number of active interneurons, but none affect the network period as strongly as the gabaergic

rise-time. Conventions are the same as in Figure 4.8.
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Figure 4.10: The Gabaergic Decay Constant
The gabaergic decay constant modulates network period (asterisks) in the range of two to four times the
effective delay (dashed lines). For synchronous network states (light asterisks), the network period is similar

to the predicted value (solid line) with an effective delay of 8.4ms (fit from Figure 4.8).

To determine the gabaergic strength’s influence on synchrony, I varied it and measured
the network period.> The network period was nearly constant, within 2ms (7%), even
though I varied the gabaergic strength nearly an order of magnitude (Figure 4.9 Left col-
umn). Therefore, I conclude that rise-time affects the network period by changing the

inhibitory delay, supporting DMS.

The gabaergic strength did not change the network period but it had a strong effect
on VS and number of active interneurons (NAI). A small gabaergic strength (less than
0.11GQ™Y) resulted in asynchronous spiking, because interneurons only weakly interact
and were, therefore, unable to entrain each other. As the gabaergic strength increased, VS

increased, until it reaches a critical point (about 1.0G2™") where NAI became low, and the

3To estimate the gabaergic strength, I measured the synapse’s maximum current (achieved by stimulating
the synapse fast enough to keep Mp; on) through a current-out pad, divided by the pad amplifier’s gain (3564),
which I fit to an exponential for various gate voltages on Mp,, obtaining Iyax and « values, which I used to
calculate the equivalent conductance, = {ﬁAX , where Ut = 25.6mV.
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network exhibited winner-take-all behavior.

I also investigated the gabaergic decay-constant’s role by varying it and measuring the
network period (Figure 4.10). My analysis (Section 4.3) confirmed that the effective de-
lay strongly influences the network period; it predicts that the network period is between
two and four times the effective delay with the proportionality constant’s exact value de-
termined by the gabaergic decay constant, which has a modulatory role. As predicted,
the network period increased (16.2ms to 29.8ms) with increasing gabaergic decay constant
(3.2ps to 20.6ms) for synchronous network states. Thus the network period ranged from
1.0 to 1.8 times the gabaergic rise-time (plus offset) consistent with my extension of DMS

(Equation 4.6).

4.6.3 Input Current

To evaluate the influence of input current on synchrony, I varied it, observing the change
in network period. The input current had a modulatory effect on the network period, which
decreased from 38.2 to 19.6ms as the input current increased from 13 to 46nA (Figure 4.9
Right column). The input current changed the network period indirectly by influencing
the time it takes the AH to spike after the soma reaches threshold, which changed the
delay offset. At medium input current (31nA), the AH delay was 2.6ms, resulting in a
network period of 24.2ms. For a smaller input current (13nA), a 7.4ms-delay accounted
for the extended network period (38.2ms); for a larger input current (46nA), a 1.0ms-delay

accounted for the truncated network period (19.6ms).

In addition to the AH delay, input current influenced VS and NAI. At small input current

levels (below 10nA) interneurons spiked at low rates, resulting in a deficiency of inhibition
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in the network, which was insufficient to synchronize the population. As input current
increased, spike rates and inhibition increased, enabling synchrony, and increasing NAIL.
Large input currents (above 50nA) drove many interneurons hard enough to make them
insensitive to inhibition, resulting in an asynchronous state. These most excitable interneu-

rons suppressed the other interneurons that were still sensitive to inhibition, reducing NAI.

4.6.4 Poisson Input

My results show that silicon interneurons synchronize in the gamma frequency range. How-
ever, most of the neurons spike at the network rhythm, which is inconsistent with biological
observations: Individual interneuron’s membranes phase lock with gamma, but they do not
spike each cycle; instead, they randomly skip cycles due to suppression from other in-
terneurons in the population [46]. A numerical study showed that neuronal variability and

noise in excitatory synapses can account for this biological behavior [140].

To test the network in a noisy environment, I replaced the constant current input with
Poisson generated pulses (1ms) at an average rate of 600Hz, independently generated for
each neuron (Figure 4.11). With all parameters the same as without input noise (Figure 4.7
Left), interneurons synchronized with a network period (25ms) almost identical to the one

without noise (26ms).

As expected, interneurons did not spike in every cycle, skipping cycles when they re-
ceived less input, which rendered them susceptible to suppression by other interneurons
(Figure 4.11). The random spiking provided an opportunity for less excitable interneurons
to participate (NAI = 148 compared to 120 with constant input), because more excitable

interneurons, which inhibited them, did not spike every cycle. It also reduced the network
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Figure 4.11: Synchrony with Noisy Input
The interneuron network synchronizes robustly even with noisy input. The noisy input degrades VS (0.54),

but fails to abolish synchrony. The conventions are the same as Figure 4.6.

coherence (VS = 0.75 compare to 0.54) by jittering interneurons’ spiking phases. Reduc-
ing the input rate increased the noise and reduced excitatory drive, causing VS and NAI to

decrease, but the network period remained constant (not shown).

4.6.5 Pyramidal Neuron Entrainment

To confirm that interneurons entrain pyramidal neurons, I drove all 1,024 pyramidal neu-
rons with a constant current input. When the pyramidal neurons spiked, they drove the
interneurons to spike with some delay (6ms average); the interneurons in turn inhibited the
pyramidal neurons (Figure 4.12). The current drive to the interneurons then ceased, as did
their spiking. Once the inhibition decayed sufficiently, the pyramidal neurons spiked again,
repeating the process. The network behavior was similar to the interneuron network alone
but with added delay—the time the pyramidal neurons spiked to the time the interneurons

spiked. Adding twice the average time difference to the effective delay I found earlier (fit
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Figure 4.12: Synchrony in Pyramidal Neuron-Interneuron Network
The inhibitory interneuron network becomes more synchronous (VS= 0.93) with excitatory pyramidal neu-
ron excitation. The pyramidal neurons (blue) drive the interneurons (red), which then inhibit the pyramidal

neurons, as can be seen by the lag in phase of the interneurons. The conventions are the same as Figure 4.6.

in Figure 4.8) yielded a network period of 41.4ms; I measured 42.9ms.

The interaction between the interneuron and pyramidal neuron populations provided
a structured input to the interneurons, increasing VS to 0.95 from 0.83 with the constant
current input (Figure 4.7 Left). The interaction decreased NAI to 89 from 120, a result of
the added variability in potency and timing from the pyramidal neurons’ excitatory drive
to the interneurons. Unlike Poisson input, excitation from pyramidal neurons was repeti-
tive, providing approximately the same excitation each period; however the drive received
varied among interneurons. On one end of the spectrum, interneurons near excitable pyra-
midal neurons that consistently spiked early and drove strong synapses, received potent
excitation, causing many of them to spike. On the other hand, interneurons near lethargic
pyramidal neurons that consistently spiked late and drove weak synapses received feeble

excitation, causing many of them to be silenced by inhibition.
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4.7 Discussion

In this chapter, I presented my silicon model of synchrony generated by mutually inhibitory
interneurons. Based on the dynamic translinear principle, I designed the interneuron circuit
using a current-mode conductance-based approach. This approach reproduced the impor-
tant characteristics of the phase sensitivity like PRCs of biological neurons and enabled the

network to create structure and synchrony with only structureless (excitatory) input [124].

This work demonstrates that, for the generation and control of robust synchrony, rise-
time can act as an effective delay. This extends Maex and De Schutter’s conjecture that
the network period is four times the sum of the axonal and synaptic delay to include the
effective delay contributed by the gabaergic rise-time [94]. In addition, the interneuron

network synchrony verifies their work in a physical system.

This work is the first biologically plausible model of synchronous inhibitory interneu-
rons implemented in silicon. It demonstrates that silicon is an appropriate medium to build
dense networks of conductance-based neurons. Further, it demonstrates that results from
silicon networks can support neurobiological theories as well as contribute to them (such as
the effective delay due to gabaergic rise-time). Also, this work shows that synchrony can be
achieved in highly heterogeneous networks (CV=0.24 for the uncoupled network’s firing
rate), far beyond what has been shown in computational studies (CV=0.06 for background

input current [140]).

In addition, my colleagues and I have used these same interneurons and pyramidal
neurons elseware to show how local inhibitory interactions, which generate synchrony in a
spatially distributed manner, can mediate binding, which is not possible with a global clock

[8]. When these interactions are far-reaching (mediated by a diffusive grid), coherence was
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weakly dependent on distance; however, when the extent of the interactions was only a few
nodes, coherence depended strongly on distance: Patches of neurons were incoherent until

they fused into a single patch, realizing binding.

The interneuron network still has several areas of potential improvement. The gabaergic
synapses include a rise-time but lack pure axonal delay, which would, intuitively, improve
the degree of network synchrony. In future chips, I propose to build pure delay into the
synapses on chip as shown in Figure 4.13, where the AER reset signal also triggers a delay
element. The delay element could be as simple as a PE with a circuit sensitive to falling
transitions at its output. Another issue is that the gabaergic synapses are shared between
both the interneuron and pyramidal neuron populations, whereas in biology the gabaergic
synapses have different properties, especially decay constants, for the different populations
[10, 52]. Different decay constants would potentially improve the degree of synchrony in

the network.

The range over which the silicon network is synchronous (VS> 0.50) is limited, rang-
ing from about 7 to 58Hz. Faster synchrony may be desirable, in for example, modeling
sharp waves [157]. If I decrease the rise-time and increase the input current, the silicon net-
work can synchronize faster up to at least 200Hz but fewer interneurons fire (not shown)
and I encounter a bug* in the AH at these higher rates that, occasionally (once every sev-
eral seconds), artificial synchronizes all interneurons. In the data shown the bug occurs
only rarely, if at all, because either the rise-time is too long or the input current is too low

to trigger it. The pure synaptic delay will help in this respect.

4The AH bug occurs when a neuron raises REQ but immediately lowers it before the transmitter acknowl-
edges by raising ACK. The bug is caused by an increase in inhibition (from another neuron) just as REQ is
activated by AH, pulling the soma voltage up (towards rest), which turns off AH. This brief request violates
the address-event protocol, locking up the transmitter, until this neuron or another in the same row reaches
threshold and activates REQ. During this period, all requests from other rows must wait for the violation to
clear, which releases the transmitter. Once released the transmitter services all waiting neurons as fast as it
can, artificially synchronizing them at the microsecond scale.
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Figure 4.13: Interneuron Circuit with Axonal Delay

This interneuron circuit is identical to one in Figure 4.4 but with two added subcircuits (green): One is a
pulse extender (PE), the axonal delay, that delays synaptic activation. The second subcircuit, the rising edge
detector (ED), receives input from the added pulse circuit and when the delay pulse circuit turns off sends an

(active low) output impulse to the gabaergic synapse’s cleft (Mg;.»).
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Figure 4.14: Homeostasis Compensates for Variability
Interneurons synchronize with reduced suppression when their input rates are adapted based on their output
rates. Left Before adaptation, using weak inhibition the interneurons (number active = 204) spiked asyn-
chronously (vector strength = 0.05). Right After several minutes of adaptation, the interneurons (number

active = 243) spiked synchronously (vector strength = 0.66). Conventions are the same as in Figure 4.6.

Another limitation of the silicon interneuron network is interneuron suppression. It is
not known whether a large fraction of interneurons are suppressed in biology, however, if
too many do not fire, it is an inefficient use of neural resources. Some data shows that
interneurons are stochastically suppressed [46]. I have shown that noisy input current can
reduce suppression, but only from 53% down to 42%. Other biological mechanisms may
reduce the suppression and/or increase synchrony. As mentioned before, the addition of
pure synaptic delay to silicon synapses may decrease the number of interneurons that are
suppressed. Also, as suggested by biological observations, adding gap junctions between
pairs of silicon interneurons may help recruit less excitable interneurons [22]. Another

tactic employed by biology that may be used to reduce suppression among interneurons is

homeostasis of excitability.

Homeostatic mechanisms could reduce variability among neurons, decreasing suppres-
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sion (Figure 4.14) [123]. For this small population of (256) interneurons, I can implement
such a mechanism in real-time with a PC. The PC stimulates each neuron with an inde-
pendent Poisson spike train, generated in real-time. Using the algorithm from [123], I can
adapt the average rate of Poisson input spikes (rather than the maximum input current)
to each neuron to increase or decrease their spike rate towards a reference rate (40Hz).
This is similar to decreasing the probability of synaptic release at excitatory synapses from
pyramidal neurons. After several minutes, adaptation reduced the interneurons’ firing rate
CV from 0.50 to 0.22, reducing the number of suppressed neurons to 12 (5%). In this
experiment, I reduce the gabaergic strength, which makes the adaptation more stable and
results in less suppression. Similar homeostasis of excitability could be implemented on
chip, by scaling input current in each neuron’s circuit rather than probability of release,
realizing a scalable solution to suppression. For example, each neuron could compare a
low-pass filtered version of its spike rate with a common reference current. If the filtered
rate is less than the reference, a circuit would increase the synaptic strength (stored on a
floating gate); if the filtered rate is greater than the reference, the circuit would decrease
the synaptic strength. This comparison would express variability, which would result in
variability among interneurons, but the one comparison would be less variable than the

circuit’s intrinsic variability from multiple sources.

In summary, my silicon interneuron network generates robust gamma frequency syn-
chrony with rise-time as the critical parameter. It shows the usefulness of silicon in model-
ing conductance-based neural systems, reproducing and verifying theoretical results. Also,
the silicon implementation suggests several improvements for future models, including

adding pure delay and gap junctions to the synapses and interneurons, respectively.
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Chapter 5

Silicon Synaptic Spike

Timing-Dependent Plasticity

In Chapter 2, I described my model of sequence memory in the hippocampal formation,
describing biological spike timing-dependent plasticity (STDP) and alluding to its impor-
tance in learning patterns and sequences of patterns. This chapter describes the design and
test of the STDP circuit (in the STDP synapse), beginning with an brief review of STDP in

the hippocampus.

Section 5.1 summarizes the observed properties of biological STDP, primarily in the
hippocampal formation. Then in Section 5.2, I describe previous implementations of STDP,
as well as membrane voltage-dependent plasticity (MVDP), and the benefits and disadvan-
tages of each implementation. Next, in Section 5.3, I present my STDP circuit, describing
the design optimizations and tradeoffs. Section 5.4 characterizes the STDP circuit’s behav-
ior and variability. Finally, in Section 5.5, I discuss the implications of the STDP circuit at

the system level in the hippocampal model as well as its limitations and nonidealities and
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how they can be overcome in future chips.

5.1 STDP in the Hippocampus

Neurobiology expresses amazing adaptation and learning: Its primary means of change
is believed to be synaptic plasticity. Experiments show that a population of synapses in-
crease (LTP) and decrease (LTD) their (summed) efficacy depending on their presynap-
tic input’s correlation with their postsynaptic target neurons’ activity [14]. This activity-
dependent learning rule correlates pre and postsynaptic activity in the synapse by using
NMDA receptor-gated channels, which require both presynaptic input (glutamate release)
and postsynaptic activity (membrane potential above the NMDA threshold) [34]. The
mechanism that introduces timing into synaptic plasticity is thought to be backpropagation
of postsynaptic spikes to dendrites, signaling the synapse that it was effective in driving the

soma (or at least causally correlated).

STDP is a particular synaptic learning rule in which (usually) a presynaptic spike re-
peatedly followed by a postsynaptic spike results in LTP and a postsynaptic spike repeat-
edly followed by a presynaptic spike results in LTD (Figure 5.1). Studies recording single
synapses show that they are sensitive to timing and express a binary weight, either fully
potentiated or fully depressed, but there may be several synapses between pairs of neurons

leading to analog behavior (See Section 2.3.3). [154].
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Figure 5.1: Hippocampal Spike Timing-Dependent Plasticity

Synaptic potentiation and depression each occur within a window of presynaptic and postsynaptic spike

timing differences (Adapted from [12, 13]).

5.2 Plastic Silicon Synapses

Because synaptic plasticity is central to the brain’s ability to learn, several neuromorphic
implementations have been constructed. Two types of circuits emerged: One type imple-
ments MVDP, with various degrees of biological detail. The other type implements STDP
by using spike timing directly as the plasticity signal, ignoring voltage entirely. MVDP
circuits are inherently sensitive to the variance of their constituent elements, which often
results in weight changes of the wrong sign. On the other hand, STDP circuits are less

sensitive to their component variance when determining the sign of synaptic change, and
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are, therefore, more robust than MVDP circuits.

5.2.1 Membrane Voltage-Dependent Plasticity

The simplest implementation of MVDP increased or decreased the synaptic weight when
a synaptic input arrived while the neuron membrane was above or below a threshold, re-
spectively [48]. This synaptic weight took graded values over short time scales, but drifted
slowly up or down when the synaptic strength was above or below a threshold, realizing
synaptic bistability. Shortly before the neuron spiked, its membrane potential was likely
to be high; shortly after the neuron spiked, its membrane potential was likely to be low,
realizing STDP on average. However, when the neuron was hyperpolarized and did not
spike the synaptic weight decreased whenever it received a synaptic input, inconsistent
with STDP. Improving on this design, I previously developed an MVDP circuit free from

the inappropriate weight decrease found in other designs.

My improved implementation of MVDP increased the synaptic weight (all-or-none po-
tentiation), when the current through a model NMDA receptor-gated channel population
exceeded a threshold [5]. The NMDA current depended both on synaptic input and mem-
brane depolarization. In this circuit, depression was designed to be implicit: when a weak
(depressed) synapse potentiates it sent an AER signal off chip, which informed the system
that it should swap the signaling synapse’s location in memory with the oldest potentiated
synapse (on the same dendrite). Thus, old strong synapses would be depressed at random,

but would have the opportunity to be potentiated again.

This system had the advantage that if a neuron (or dendrite) was hyperpolarized, the

synaptic weights remained fixed, while still implementing STDP. On the other hand, the
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synapses were complex; they required several transistors and relied on voltage compar-
isons (NMDA threshold), which were prone to variations among transistors. The variations
among MVDP circuits degraded the performance of the system: Many synapses potenti-
ated every time they received an input and others never potentiated. STDP implementations
that use timing eliminate voltage comparisons, reducing the effects of variations among

synapses.

5.2.2 Spike Timing-Dependent Plasticity

The first STDP implementation was based on the Modified Riccati Rule, a spike-based
rule in which pre-before-post activity increased the synaptic weight, whereas postsynaptic
activation without a closely preceding presynaptic spike decreased synaptic strength [53].
This implementation differed from biological STDP: synapses were weakened even with-

out presynaptic spikes. To rectify this difference, another STDP synapses was constructed.

The subsequent STDP implementation used timing both to potentiate and depress synapses:
pre-before-post and post-before-pre activation increased and decreased synaptic weights,
respectively [19]. This synapse, like its predecessor, employed graded synaptic weights
without bistability. Therefore, over long time periods synapses decayed to zero, forgetting
what they learned. This was rectified in a similar circuit by adding bistability [71] in the

same way as [48], maintaining one bit of weight information indefinitely.

One-bit synaptic weights are not only easier to implement, but they are also compu-
tationally more powerful and better represent biological synapses than graded synaptic
weights. Synapses that retain or even limit weight information to one bit are more ef-

ficient to implement as they require less space than multibit circuits, which have either
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multiple stable levels [55] or a continuum of levels, typically requiring the use of float-
ing gates [43, 54]. Using STDP, multibit circuits converge to a bimodal distribution [133]
similar to a one-bit weight (but see [19]). Analysis of one-bit versus multibit synapses in
neural associative memory systems showed that memory capacity surprisingly increased
with the one-bit synapse; it prevented neurons from relying heavily on one or a few inputs
(or neighbors) and from discounting others [119]. In addition, single biological synapses
express a binary weight [154]; theory suggest such weights are more robust to variations
among synapses and more stable against ongoing protein recycling [89]. For these reasons,

I migrated to an STDP design, presented next.

5.3 The Silicon STDP Circuit

I present the first mixed analog and digital STDP circuit in deep-submicron (DSM) CMOS.
DSM enables the fabrication of larger numbers of devices and circuits, but presents many
challenges as well, such as high transistor leakage, variability, and noise. My circuit mit-
igates the disadvantages of DSM for analog circuits with design innovations: Separate
potentiation and depression integrators increase immunity to leakage, mismatch and noise,
enabling an integration time an order of magnitude larger than possible with nondifferential
designs. Further, my circuit capitalizes on the advantages of DSM for digital circuits with
dense designs: compact SRAM cells store binary synaptic weights. I arrived at this design

after considering several requirements.
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5.3.1 Specifications

The STDP circuit must explicitly realize timing dependence, which promotes correct be-
havior by eliminating the comparison between the neural membrane voltage and a reference
in MVDP. The only previous MVDP-based implementation shown to reproduce STDP suf-
fered from poor yield in DSM CMOS due to mismatch (worse than larger feature-size
CMOS technology) [5]. Also, the voltage-gated channels necessary for MVDP are more

complex to implement than an explicit timing dependence.

The STDP circuit weight must be binary and stable (over time) to increase the net-
work memory capacity and to retain memories, respectively. A (digital) binary weight also
simplifies read and write operations to and from the synapse, respectively; enabling rapid
and efficient characterization of the STDP circuit as well as the network in which it is em-
bedded. The binary weighted STDP circuit must integrate its inputs over time to reduce

sensitivity to noise.

To achieve a long integration time in DSM, the STDP circuit use two independent ca-
pacitors: one for LTP and one for LTD. The integrators do not permanently hold the synap-
tic state; they only integrate input pairings (pre-before-post or post-before-pre). Using two
capacitors eliminates the need for positive feedback, required to maintain the weight over
time when a single capacitor integrates both potentiating and depressing pairings. Without
positive feedback, the input currents only have to compete with leakage, therefore, they can

be much smaller, realizing prolonged integration while maintaining a small capacitor size.

Using two capacitors implicitly assumes that LTP and LTD signals are integrated inde-
pendently. Most STDP models assume that LTP and LTD signals compete, using a single

integrator, with one signal driving the integrator up and other down. Neither this compe-
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tition nor independent integration have been explored experimentally, and therefore, the
question is still up in the air (See Section 2.3.3.3). In many cases, these two modes of
operation yield similar behaviors; for example, repetitive input patterns drive a single in-
tegrator in one direction and only one integrator of a pair, yielding LTP or LTD alone. In
other circumstances, the two models differ: With a single integrator a synapse can only
repeatedly alternate between LTP and LTD if the inputs driving each are well matched;
however, with dual integrators synaptic strength can bounce between LTP and LTD if both

integrators receive strong input, even when it is unbalanced.

5.3.2 Circuit Design

The STDP circuit, for which the STDP Chip is named, is the most abundant, with 21,504
copies on the chip. This circuit is built from three subcircuits: decay, integrator, and SRAM
(Figure 5.2). The decay and integrator are used to implement potentiation and depression
(in a symmetric fashion). The SRAM holds the current binary state of the synapse, which

is either potentiated or depressed.

The STDP circuit gates received address events. The potentiation signal, ~LTD, con-
nects to the gate of an NMOS transistor in series with the transistor that meters charge
onto the PE of an excitatory synapse (Figure 3.8). So if the circuit is depressed, ~LTD is
low, blocking any charge from reaching the PE. Conversely, if potentiated, ~LTD is high,
allowing the charge to pass through and drive the PE. Although all 21 STDP Circuit on
a pyramidal neuron have independent addresses, they all drive the same PE-LPF synapse

5.3).

For potentiation, the decay subcircuit remembers the last presynaptic spike (and only
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Figure 5.2: STDP Circuit Design

The circuit is composed of three subcircuits: decay, integrator, and SRAM.

the last spike) for a brief period. Its capacitor is charged when that spike occurs and dis-
charges linearly thereafter. A postsynaptic spike samples the charge remaining on the ca-
pacitor, passes it through a quadratic function, and dumps the resultant charge into the
integrator subcircuit. This charge decays linearly thereafter. At the time of the postsynap-
tic spike, the SRAM, a cross-coupled inverter pair, reads the voltage on the integrator’s
capacitor. If it exceeds a threshold, the SRAM switches state from depressed to potenti-

ated (~LTD goes high and ~LTP goes low). To reduce power consumption, the potentia-
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Figure 5.3: STDP Circuits Gate Synaptic Input
All 21 STDP circuits on a pyramidal neuron receive independent address-event input (RACKj . x) but share

the same synapse. (Mg is the same as in the fixed synapse in Figure 3.8).

tion integrator only drives the SRAM during postsynaptic spikes. The depression side of
the STDP circuit is exactly symmetric, except that it responds to postsynaptic activation
followed by presynaptic activation and switches the SRAM’s state from potentiated to de-
pressed (~LTP goes high and ~LTD goes low). This digital state can be read or written

from off chip, using a scanner [103].

The scanner has two functions: to read and to write each SRAM’s state. It is composed
of two linear shift-registers: one for vertical and one for horizontal. The user selects a
synapse using two digital-input pads, one for a vertical clock and one for a horizontal
clock: Each time a clock is pulsed, the shift-register advances one row or column (wrapping
around to the beginning if it reaches the end). When SCAN is high, selected by the vertical
shift-register, a row is selected (see Figure 5.2): Every SRAM in the row drives either its
~BIT or BIT line low, depending on if it is depressed or potentiated respectively [156]. The
horizontal scanner selects one column’s ~BIT and BIT lines, which drive a digital-output

pad that can be read by a user. Two additional input pads, ~WRITEHI and ~WRITELO,
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allow the user to overwrite the state of an SRAM: If ~WRITEHI or ~WRITELO are pulled
low a circuit is activated that removes the tonic high precharge and pulls the BIT or ~BIT
line of the currently selected SRAM low, flipping its state to potentiated or depressed,

respectively, if necessary.

The scanner also selects one analog current at a time to drive a current-out pad, which
I measure with an analog-to-digital converter. To test an STDP circuit, I select the analog
current from the synapse that it drives. In this way, I can observe the excitatory postsynaptic
current (EPSC)!. This gives us a way to measure how many pre-before-post or post-before-

pre pairings at a given time difference are required to potentiate or depress, respectively.

5.3.3 Analysis

Here, I analyze the behavior of the STDP circuit, including the number of pairings at each
pre-before-post and post-before-pre interval that is required for a state transition. The LTP

integrator’s potential, Virp, is:

nl decay (tdlﬁ) Atpre - (n - 1)IINTLK Atpe:riod
CLTP

(5.1)

VLTP =

where 7 is the number of pre-before-post pairings at time difference of 4 and a period
of Atperiod- . decay(tdiff) is the current from the decay subcircuit, sampled for a duration of

Atpye, the presynaptic pulse width, that drives the integrator’s capacitor, Cprp; Iintik is the

'The analog EPSC is a more convenient measure of synaptic strength than the digital SRAM state: If the
SRAM under test is selected by the scanner its capacitance increases several orders of magnitude (due to the
bit lines), preventing the integrators from switching the SRAM’s state. Therefore, I would have to repeatedly
scan through the array after every pairing to measure the synaptic state.
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integrator’s constant leak. The leak term is multiplied by n — 1, because no charge can leak

off the capacitor until the first pair has arrived, driving Vi1p above ground.

When Vi 1p exceeds the SRAM’s threshold, Vryg, the SRAM transitions from depressed
to potentiated. The number of pre-before-post pairings until the STDP circuit potentiates

is given by n = ceil(nc), where ceil(z) rounds x up to the nearest integer and:

V —1I A erio
nC:( CrrpVrir — IINTLK Abperiod ) (5.2)

I decay (tdlﬁ) Atpre - IINTLK Atpe:riod

obtained by setting Virp = Vg in Equation 5.1. I approximate n, which is a positive inte-
ger, with n¢, which is a nonzero positive continuous value that is on average % less than n,
due to the ceil function. Notice that all terms on the right side of the equation are constant
except for Igecay(taitr), Which is approximately a quadratic?, gecay(0)(1 — t;‘?ﬁ)z Further,

combining constants, yields:

1
o (L= 5P =

te

(5.3)

nc =

where tg gives the value of ¢4 where ne grows to infinity, assuming (3 is negligible; other-

. . Tgecay (0) Atpre I Atper
wise it occurs at tg(1 — \/g)f o= decay (0) Aty and 3 = INTLK —perlod The

Crrp VTHR —IINTLK Atperiod Crrp VTHR —IINTLK Atperiod

STDP circuit’s efficacy is the inverse of nc(tqif).

ZIdecay (taifr) is quadratic because the decay subcircuit drives the PMOS transistor in the integrator subcir-
cuit above threshold.

3For values of tgig > tg(1 — \/g ), nc = oo; that is no number of pairings at that ¢4;¢r will ever potentiate
the synapse.
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5.4 Characterization

In this section, I characterize the STDP circuit’s behavior as well as the variability among
STDP circuits. I characterize the behavior by measuring efficacy for LTP (pre-before-
post) and LTD (post-before-pre) given spike timing difference. Next, I measure a STDP
efficacy curve (analogous to Figure 5.1), which quantifies the relationship between efficacy
and spike timing. After characterizing a single curve, I study the influence of various
parameters on the curve. Next, I study the variability among the many STDP curves and
verify that all 21,504 STDP circuits both potentiate and depress. Finally, I measure the

STDP circuit’s response to varied Poisson presynaptic and postsynaptic rates.

I measured a single STDP circuit’s efficacy, defined as the number of pairings required
for a synaptic transition, for a given spike timing. I activated a single plastic synapse
(weak) and a fixed synapse (strong)—which elicited a presynaptic and a postsynaptic spike
at different relative times, the spike-timing difference of interest. I repeated this pairing at
10Hz, counting the number of pairings required to potentiate (or depress) the synapse. For
example, if twenty pairings were required to potentiate the synapse, the efficacy was one

twentieth.

During each pairing, I measured the synaptic strength by directly observing the EPSC,
selected using the scanner (Figure 5.4). Although the SRAM is a digital circuit it does not
switch abruptly due to the weak PMOS transistors that pull one side or the other to Vpp.
Instead, each pairing pulls some charge off of the SRAM that the PMOS slowly restores;
the affect is visible when the synapse depressed. After several pairings, the synaptic weight
decreases a little during each pairing until it finally transitions to zero (Figure 5.4 Left). This
affect is only visible when depressing because ~LTD gates the synapse; if LTP gated the

weight, the affect would only be visible when potentiating.
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Figure 5.4: STDP Circuit Transition
Left The excitatory postsynaptic current increases (potentiates) after the presynaptic spike repeatedly precedes
the postsynaptic spike by 9ms . Right It decreases (depresses) after the postsynaptic spike repeatedly precedes

the presynaptic spike by 9ms. Time zero is the first spike pairing.

5.4.1 Spike Timing-Dependent Plasticity Results

I characterized a single STDP circuit by measuring the efficacy of various pre-before-post
and post-before-pre spike-timing differences (Figure 5.5). Fitting the efficacies with Equa-
tion 5.3, the decay-time (i at which ne = 00) for potentiation and depression are 21.8ms
and 48.1ms, respectively. This behavior is similar to that observed in the hippocampus:

potentiation has a shorter time window and higher maximum efficacy than depression [12].

5.4.2 Curve Parameters

It is important that the STDP curve can be tuned to increase or decrease the maximum
efficacy and decay time until it is in the appropriate region of operation. If synapses learn
slowly, switching states only after hundreds of pairings, the peak efficacy should be in-
creased to enable learning on a shorter, neural time scale. On the other hand, if they learn

fast, after a single pairing, the peak efficacy should be reduced to improve immunity to
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Figure 5.5: STDP Circuit Efficacy Curve
The circuit potentiates when the presynaptic spike precedes the postsynaptic spike, repeatedly, and depresses

when the postsynaptic spike precedes the presynaptic spike, repeatedly. Lines are fits from Equation 5.3.

spurious spike pairings. Further, the decay time must be appropriate to the timing in the
system: A long decay time links unrelated neurons, whereas a short decay time fails to
make appropriate connections. Two biases control these parameters in the circuit: Vga and
Vieak (Figure 5.2). Vqa scales the circuit’s efficacy, raising and lowering the entire curve
(Figure 5.6). In this regime of operation Vqa sets the decay subcircuit’s saturation level;
however, if Vga was much lower (near 1.0V) it would determine how much charge is me-
tered in every spike. Vigax changes the circuit’s decay-time with only a minor influence

on the peak efficacy (Figure 5.7).
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Figure 5.6: Tuning Peak Efficacy
As Vqa decreases, both potentiation and depression efficacy curves increase by setting their saturation levels.

Lines are a guide for the eye.

5.4.3 Variability

Neurobiological synapses and neurons express variability, yet perform many tasks better
than engineered systems with much less variability among elements. Therefore, when im-
plementing neurobiological algorithms using neurobiological structures, we expect such
systems to function despite variability. However, in the past, neuromorphic chip perfor-
mance has suffered due to variability: For example, in an associative memory implemen-
tation using MVDP, the system was unable to learn patterns due to the extreme variability

among MVDP circuits [5].

I characterize the variability among synapses by measuring the efficacy curves and
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Figure 5.7: Tuning Decay Time
As Vigak increases, the slopes of both potentiation and depression efficacy curves increases (less negative).

Lines are a guide for the eye.

comparing the standard deviation for each spiking-timing difference. I tested 121 (0.6%)
synapses spread out across the chip* (Figure 5.8). Efficacies expressed a CV below 0.25
for absolute spike-timing differences below 10ms. Further, every synapse (of 121 tested)
depressed with a spike-timing difference of -0.5ms; all but one synapse potentiated with a

spike-timing difference of 0.5ms (in less than 50 pairings).

I only characterized variability among 121 STDP circuits because characterizing all
21,504 circuits is impractical. Through the scanner, I can only observe the influence of

one STDP circuit at a time on a single synapse. Each synapse STDP curve takes over 4

“1 started with the neuron in the third column of the third row and selected the neuron at every third
column in that row, up to column 32. I proceeded to select neurons at the same column locations in every
third row up to row 32. For every neuron, I selected the second (of 21) synapses. I selected the same synapses
on every neuron because I observed no systematic difference depending on synapse number.
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Figure 5.8: STDP Curve Variability
Variability among 121 STDP circuits is low as measured by the standard deviation at each spike timing. Lines

are fits from Equation 5.3.

minutes; all 21,504 would take over two solid months of experiments. Over such a long
period, bias values would drift considerably (due to changes in temperature), interfering
with the estimation of variability. Instead, I verified that all the synapses were capable of
both potentiating and depressing at one pre-before-post and one post-before-pre pairing,
respectively. In addition, I stimulated and recorded from all STDP circuits simultaneously

with Poisson inputs.
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5.4.4 Transition Verification

I verified that all synapses both potentiate and depress by driving every presynaptic STDP
circuit as well as every postsynaptic neuron with one pre-before-post and one post-before-
pre pairing. To accelerate the experiment (down to just over twenty-four hours), I increased
the frequency of pairings to 100Hz, compensating for the rapid pairings by increasing the
leak current of the potentiation and depression decay subcircuits (by decreasing Vigax).
This increase effectively scales time, running the experiment in hypertime as in [69]. 1

choose a time difference of one percent of the time between pairings or 100.us.

I found that every STDP circuit both potentiated and depressed with pre-before-post and
post-before-pre pairings, respectively, which confirmed that all 21,504 circuits switched
with the correct sign, functioning appropriately (Figure 5.9). Although they functioned
appropriately, the STDP circuits expressed variability in the number of pairings that they
required to switch states. For potentiation, 98.8% of circuits required between one and
five pairings, 0.1% required between six and one-hundred fifty pairings, and 1.0% was ex-
cluded®. For depression, 91.1% of circuits required between one and five pairings, 7.4% re-
quired between six and fifty, 0.4% required between fifty-one and three-hundred fifty-eight
pairings, and 1.0% was excluded. Whereas nearly all STDP circuits readily potentiated,
the STDP circuits on four neurons were reluctant to depress with most of them requiring

more than one-hundred pairings.

>Due to a bug in the CPLD code, I could not use the analog scanner to observe the number of pairings that
1.0% of STDP circuits required to switch, however, I was able to verify that they all switched the appropriate
direction by scanning out their digital state.
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Figure 5.9: Potentiation and Depression Verification

All STDP circuits both potentiate and depress with Poisson input. The STDP chip includes a 32 by 32 array
of pyramidal neurons (boxes), each with a 3 by 7 grid of synapses (dots). The number of pairings required
to potentiate (left) or depress (right) at I00Hz with 100us pre-before-post or post-before-pre pairings varies

among neurons. Black dots represent STDP circuits that could not be measured directly.

5.4.5 Poisson Stimulus

I characterized STDP circuits’ responses to Poisson generated spike trains at various rates
by simultaneously driving every postsynaptic neuron and every presynaptic synapse with
independently generated Poisson spike trains. Each postsynaptic neuron was driven exclu-
sively through its fixed synapse, which was tuned such that for every input the postsynaptic
neuron spiked once, occurring within tens of s, unless it just spiked and was within its
refractory period (about 1ms) in which case the input was ignored. Potentiated synapses
were tuned to be ineffective at driving neurons. There were no explicit pairings, just those

that randomly occurred due to the independent inputs.
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I varied both the presynaptic and postsynaptic rates independently from 1 to 71Hz% in
1Hz increments across experiments. For each pair of presynaptic and postsynaptic rates,
I performed two experiments, one in which all synapses began potentiated and one all
depressed. At the end of each 12 second experiment, I recorded the state of all synapses,
noting the mean synaptic weight and in how many experiments each synapse switched (in
each direction). For each pair presynaptic and postsynaptic rates, I averaged the mean
synaptic weights from the initially potentiated and depressed experiments, computing the

fraction potentiated.

The different presynaptic and postsynaptic rates influenced the STDP circuits’ proba-
bilities of potentiation and depression (Figure 5.10). When both rates were comparable and
above 20Hz, potentiation and depression were about equally likely (mean synapse weight
of about 0.5). When both rates were below 10Hz, neither potentiation or depression oc-
curred (also resulting in an mean weight of about 0.5), STDP circuits maintained their
previous states. For high postsynaptic and low presynaptic rates, potentiation dominated
(mean synaptic weight near 1), whereas for low postsynaptic and high presynaptic rates,
depression dominated (mean synaptic weight near 0). Over all experiments (5041 starting
in each state), I verified that every STDP circuit potentiated and depressed many times,

additionally verifying the functionality of the circuits.

These results show that low presynaptic rates (about 3Hz) coupled with high postsynap-
tic rates (above 20Hz) produce strong synaptic potentiation. One presynaptic spike primes
the presynaptic decay subcircuit. Because the decays circuit saturates with each presy-
naptic spike, infrequent inputs are as effective as frequent ones. When many postsynaptic

spikes follow a presynaptic spike they drive the potentiation integrator repeatedly, quickly

©71Hz (1.6 million input events per second) was the maximum rate that could be achieved while main-
taining Poisson statistics.
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Figure 5.10: Poisson Spike Input
Poisson presynaptic and postsynaptic rates influence the expected synaptic state. Each point represents the

mean of all synapses after 12 seconds of input.

reaching threshold and potentiating the synapse. The contrary phenomenon occurs favor-
ing depression when postsynaptic rates are low (about 3Hz) and presynaptic rates are high
(above 10Hz). When many presynaptic spikes follow a postsynaptic one they drive the

depression integrator repeatedly, quickly reaching threshold and depressing the synapse.

When both presynaptic and postsynaptic rates are above 10Hz both integrators spend
significant time above threshold; therefore, the most recent spike, presynaptic or postsy-

naptic, determines the state of an STDP circuit. The probability the circuit is potentiated
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(Furp) 1s approximately the probability that the last arriving spike was postsynaptic, given
by vpost/ (Vpre+ VposT ), Where vprg and vpost are the Poisson presynaptic and postsynaptic

rates, respectively.

5.5 Discussion

Although the STDP circuits are themselves variable, with different efficacies and decay
constants, timing ensures the sign of the weight-change is correct for every circuit measured
(Figure 5.8). For this reason, I chose STDP over other more physiological implementations
of plasticity, such as MVDP, which has the capability to learn with graded voltage signals,

such as those found in active dendrites, providing more computational power [121].

Previously, I investigated a MVDP circuit, which modeled a voltage-dependent NMDA -
receptor-gated synapse [5]. It potentiated when the calcium current analog exceeded a
threshold, which was designed to occur only during a dendritic action potential. This circuit
produced behavior similar to STDP, implying it could be used in PEP. However, it was
sensitive to variability in the NMDA and potentiation thresholds, causing a fraction of the
population to potentiate anytime the synapse received an input and another fraction to never
potentiate, rendering both subpopulations useless. Therefore, the simpler, less biophysical

STDP circuit won out over the MVDP circuit.

One reason STDP is powerful both in silicon and biology is its inherent noise immunity.
A synapses switches states quickly when the signal-to-noise ratio (SNR) is high, which
occurs when presynaptic spikes repeatedly occur immediately before postsynaptic spikes
(for potentiation). Conversely, a synapses switches states slowly when SNR is low, which

occurs when presynaptic spikes repeatedly occur long before postsynaptic spikes. When
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the information available to a synapse is clear, it decides quickly, however, when less clear,
the synapse integrates over time to ensure that it makes the correct decision. For example,
when the pre-before-post time difference was 0.5ms and 17.6ms the STDP circuit took
5 and 30 pairings to potentiate, respectively (Figure 5.5). The tactic of acting quickly
with clear information and slowly with unclear information is a general strategy found in

biological elements, such as voltage-gated ionic channels [70].

To achieve noise immunity, the STDP circuit must integrate its inputs over time. Pre-
vious STDP designs that used a single capacitor with bistability to realize temporal inte-
gration and to store the synaptic weight are impractical in DSM [48, 71]. To maintain the
synaptic state, the bistable feedback current onto a single capacitor must be larger than the
worst-case transistor leakage currents, which are larger in DSM than in larger feature-size
CMOS technology. These increased feedback currents compete with inputs that change
the synaptic weight, which must be increased to overcome them. Increasing the input cur-
rents reduces the number of input pairings required to drive the weight on the capacitor
above or below the bistable threshold, reducing the integration time. By using independent
capacitors for LTP and LTD, I eliminate the need for positive feedback. Without positive
feedback, the input currents only have to compete with leakage, therefore, they can be

much smaller, realizing a long integration time.

Due to its design innovations, the STDP circuit functions properly despite its implemen-
tation in DSM CMOS. The circuit’s structure, dual integrators with SRAM, successfully
realizes biological plasticity with a level of variability such that all synapses function. How-
ever, a higher level of variability may be optimal. In general, the variability that a system
can tolerate increases with the number of elements, since behavior can be averaged across
more elements. Because variability is inversely related to circuit size (see Chapter 3), I

could build more STDP circuits of smaller size while maintaining system performance,
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but with an additional benefit: As the number of STDP circuits increases, the number of
memories that the system can store increases. However, in the current implementation wire

density limits the minimum circuit layout size.

In future implementations, I plan to use even smaller feature-size CMOS technologies,
such as 0.18m or 0.13um which include more metal layers, 6 and 8, respectively, com-
pared to only 5 in 0.25um. These deeper submicron technologies suffer from increased
leakage currents, which limit integration time, however this issue can be mitigated by us-
ing thick oxide devices, which ameliorate the problem of large leakage currents. Future
implementations will support many more synapses and therefore much greater memory ca-
pacity than the current implementation, which nonetheless exceeds what has been achieved

to date.

Metaplasticity can mitigate the low memory capacity of the current implementation,
which has only 21 STDP circuits per pyramidal neuron. Metaplasticity moves the learning
calculation on long time scales from hardware to software. The software can occasionally
read the synaptic states from the network, looking for synapses whose states are consistent.
Those consistently potentiated or depressed are moved to the fixed synapse on the same
neuron or deleted entirely, respectively. When a synapse is constantly potentiated, it is
moved from a plastic synapse to a fixed synapse, where it is permanently potentiated (until
it is moved back), rather than being continually evaluated. Conversely, when a synapse is
constantly depressed, it is deleted and replaced by a new synapse or a synapse that has been
on the fixed synapse for a long period. In this manner, 21 STDP synapses and one fixed
synapse can function as a larger population. Further, in future implementations the number

of synapses can be increased by spreading them out across multiple chips.

Distributing STDP synapses across chips can realize a great increase in the number of
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synapses available to each neuron. Because my synapses use STDP, where spikes and not
voltage are the learning signal, there is no reason STDP circuits cannot be located apart
from the neuron they drive. Such a system would allow arbitrary increase in the number of

STDP synapses, up to the limit set by the system bandwidth.
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Chapter 6

Timing in Silicon Autoassociation

In Chapter 2, I described my model of sequence memory in the hippocampal formation,
describing how two recurrent networks, one autoassociative and one heteroassociative, can
store and recall sequences of patterns. Then in Chapters 3 and 5, I presented the pyramidal
neuron and STDP circuits, respectively. This chapter employs a network of pyramidal
neurons with STDP synapses to realize an autoassociative network that stores and recalls

patterns and compensates for variations among the neuron population.

Section 6.1 summarizes hippocampal properties related to the storage of autoassociative
patterns in the CA3 region. Then, in Section 6.2, I describe previous VLSI implementations
of abstract associative memory, contrasting them with neuromorphic associative memory.
Next, in Section 6.3, I present my network of silicon neurons and its recurrent connectivity.
In Section 6.4, I show the network’s ability to compensate for variability in excitability
and to store and recall patterns. In Section 6.5, I characterize the network’s ability to
compensate for variability from both intrinsic (fabrication) and extrinsic (input) sources.

Finally, in Section 6.6, I discuss the implications of my implementation of autoassociation
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as well as its limitations.

6.1 Hippocampal Associative Memory

The CA3 region of the hippocampus is believed to be its autoassociative memory, storing
and recalling patterns [99, 111, 152]. It realizes associative memory using massive recur-
rent synapses that express STDP. These synapses potentiate when neurons are coactive in a
pattern, so that when an incomplete pattern is presented, they recruit the missing neurons,
recalling the pattern. Animal studies suggest that patterns stored and retrieved by CA3 (of-
ten) relate to navigation, with locations represented by pyramidal neurons that are known

as place cells [84].

Place cells consistently encode the animal’s location despite changes to the environ-
ment. In mice, removal of three of four visual cues in an environment did not alter place
cells’ preferred locations, suggesting pattern completion [113].! Place cells encode an ani-

mal’s position in both their firing rate and spike timing.

Evidence suggests precise spike timing is important in place cell coding. Place cells use
timing in their spike activity (in addition to rate) to encode location in space [115]. They
employ a phase code: the timing at which a neuron spikes relative to the phase of a global
inhibitory theta rhythm (5-12Hz) conveys information [117]. As an animal approaches a
place cell’s preferred location (its place field), the place cell not only increases its spike
rate, but also spikes at earlier phases in the theta cycle (Figure 6.1). One theoretical utility
of the phase code is that it enables several patterns to be active simultaneously for storage

or recall [90]: Neurons with overlapping place fields can be active at different phases of the

The authors measured CA1 place cells, but those in CA3 have similar properties.
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Figure 6.1: Place Cell Encoding
Place cells encode location information in both their spike rate (middle) and their spike timing (bottom). As
the animal traverses the place field of a given neuron, the phases of its spikes relative to the theta rhythm

(black) decrease, from [67].

theta rhythm, thus remaining independent and distinguishable.

To implement a phase code, the theta rhythm is thought to prevent spiking until the input
synaptic current exceeds the sum of the neuron threshold and the decreasing inhibition on
the downward phase of the cycle [104]. However, even with identical inputs and common
theta inhibition, neurons do not spike in synchrony. Variability in excitability spreads the
activity in phase. Lethargic neurons (such as those with high thresholds) spike late in the
theta cycle, since their input exceeds the sum of the neuron threshold and theta inhibition
only after the theta inhibition has had time to decrease. Conversely, excitable neurons
(such as those with low thresholds) spike early in the theta cycle. Consequently, variability

in excitability translates into variability in timing.
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I hypothesize that the hippocampus achieves its precise spike timing (about 10ms)
through plasticity enhanced phase-coding (PEP) (Figure 6.2). The source of hippocampal
timing precision in the presence of variability (and noise) remains unexplained. Synaptic
plasticity can compensate for variability in excitability if it increases excitatory synaptic in-
put to neurons in inverse proportion to their excitabilities. Recasting this in a phase-coding
framework, I desire a learning rule that increases excitatory synaptic input to neurons di-
rectly related to their phases. Neurons that lag require additional synaptic input, whereas
neurons that lead require none. STDP observed in the hippocampus satisfies these criteria,
as it requires repeated pre-before-post spike pairings (within a time window) to potentiate

and repeated post-before-pre pairings to depress a synapse [13].

In the PEP model, STDP at recurrent synapses not only compensates for variability
among neurons, (in theory) it also stores stimulus activity patterns. When neurons in a
pattern are coactive, STDP potentiates many of the synapses among them. This is similar
to programming a pattern into a Hopfield network by increasing the recurrent synaptic
weights among neurons in the pattern [62]. These strengthened recurrent connections store
the pattern: When a subset of the pattern is activated, the recurrent connections from the
active to inactive neurons are excited, causing the remaining neurons in the original pattern

to spike, which realizes pattern recall.

6.2 Previous Silicon Autoassociation

Associative memory is central to neural computation, but general purpose computers are
poorly suited to such processing [102], motivating engineers to build associative memo-

ries in hardware. Although their implementations have had little to do with the biological
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Figure 6.2: Plasticity Enhanced Phase-coding
Top Neurons with strong input spike early in phase (red) and those with weak input spike late (green), en-
coding input strength with phase, because the theta rhythm prevents spiking until the input synaptic current
exceeds the decreasing inhibition on the downward phase of the cycle [104]. Middle Variability in excitabil-
ity degrades spike-timing precision; excitable neurons (with low thresholds) spike earlier, whereas lethargic
neurons (with high thresholds) spike later. Botfom Lethargic neurons spike with excitable neurons, because
plasticity enhanced phase-coding preferentially potentiates synapses from excitable to lethargic neurons, pro-

viding additional synaptic drive.
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CA3, they face similar tradeoffs and therefore can inform design decisions, such as the ap-
propriate level of abstraction for building the silicon CA3. Engineers have built VLSI au-
toassociative neural networks of both analog, digital, and mixed circuit types, using either
nonspiking or spiking neurons. I focus on networks with recurrent architectures, inspired

by the Hopfield network [62, 63].

I categorize these recurrent networks into two classes: abstract and neuromorphic.
These classes can be distinguished by the type of neurons that they use: Abstract networks
use nonspiking neurons, whereas neuromorphic networks use spiking neurons. Nonspik-
ing neurons encode information instantaneously in their (analog or digital) activation level;
spiking neurons can encode information by their activation level (spike rate), by whether
or not they are active (over a time interval), or by the time at which they spike. As I will

show, the differences extend deeper than merely their neurons and their encoding.

The differences between abstract and neuromorphic networks arose due to the distinct
goals associated with each type. Abstract associative networks developed out of engineers’
desire to compete with general purpose processors in tasks that could benefit from pat-
tern recognition and optimization, computations at which associative networks excel [64].
These objectives required that abstract networks be fast but put minimal demand on their
power requirements. Neuromorphic networks (not necessarily associative) developed out
of engineers’ desire to exploit the computational efficiency of neurobiological networks, es-
pecially in portable processing that involves adapting to and processing information about
the environment [102]. These objectives required that neuromorphic networks be power ef-
ficient but only required them to be fast enough to interact with the environment, identical
to the demands on neurobiological systems. Further, neuromorphic associative networks
encode information in the same manner believed to be used by biological networks, includ-

ing encoding several patterns simultaneously (Section 6.1).
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Abstract networks’ emphasis on speed, rather than power efficiency, enabled engineers
to implement them in various design modes to optimize performance. The networks were
implemented with custom analog [130, 66, 26, 144] or digital [77] circuits, and more re-
cently on field-programmable gate arrays (FPGAs) [109, 93]%. Although they were con-
structed using different design methodologies, they shared several properties, such as nu-
merous high-speed synapses that were not only power hungry but consumed silicon area.
Traditionally, associative networks were fully connected, requiring nearly N? connections
for N neurons (usually with binary synapses). Intuitively, full connectivity preserved the
general purpose nature of the abstract network and maximized its memory capacity for a
given number of neurons [119]. One typical fully-connected (14-neuron) analog network
converged to a stored pattern in 150ns, enabling to it recognize up to 6.7 million patterns
per second [144]. Unfortunately, it used S04W per synapse, which would result in over
10W, the power consumption of the entire brain, in a fully connected network of only 450
neurons.® Space constraints have limited the size of abstract networks to well under a hun-
dred neurons in any implementation. Ultimately, abstract networks failed to find a niche
before general purpose processors improved enough to take over the functions for which

they were intended.

Neuromorphic networks’ emphasis on biological structure and function require engi-
neers to use an efficient medium, such as application specific integrated circuits (ASICs),

which can be designed to emulate dense neuron arrays in real-time by using mixed ana-

2Contrary to intuition, analog abstract network implementations were the fastest: Neurons summed inputs
from the rest of the population by summing currents from their synapses, which requires little area. In
contrast, digital (including FPGA) implementations were slower because they shared hardware. Parallel
computations would require nearly N2 multiply—add circuits for N neurons, which would be extremely large.
Instead, a single neuron (or set of neurons) would be multiplexed to calculate the outputs of all neurons of
the present time step sequentially, given their states at the last time step and the synaptic states. Hence, the
digital implementations were slower than the analog implementations but required less area.

3To be as efficient as the brain’s 10'° synapses, each one can only use 10fW (10~!%), a factor of 5 billion
less than this silicon model [144].
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log and digital circuits with on- or off-chip recurrent connectivity. Abstract associative
networks have benefited from using ASICs as well. Neuromorphic associative networks
require each neuron to connect only sparsely to the rest of the population (on the order of
10% 1in the biological CA3 [78]), enabling chips to include more neurons (than a fully con-
nected implementation) without increasing the silicon area or power budgets. ASICs have
similar interchip connectivity properties to FPGAs*, but can realize more neurons and use
less power, enabling fewer chips to achieve the same amount of processing. Further, ASICs
are necessary to efficiently morph neurobiological structure and function, performing com-
putation with analog circuits and communicating with digital circuits. Neuromorphic chips
have realized as many as 9,216 spiking neurons on a single chip [106] (compared to 500
neurons with similar complexity and no connectivity on an FPGA [149]) and 35,648 in a
multichip system [27]. Further, significant work is being done on realizing programmable

and expandable neuromorphic systems [108][88].

Two fundamental differences between abstract and neuromorphic implementations of
autoassociation are learning and variability. In both abstract and neuromorphic networks,
learning is realized by increasing the connectivity strength among neurons in the same pat-
tern. In abstract networks, learning is separate from recall and is usually performed offline,
often in the form of training on a dataset, consisting of all patterns that the network will
need to recall. During recall, synapses are fixed so no learning takes place. In neuro-

morphic networks, learning is continuous: Synapses can change state when a previously

“Researchers have used programmable logic to simulate detailed spiking neurons in real-time [149]: FP-
GAs seem like a natural choice for neural modeling hundreds of neurons because they are dense and re-
configurable. However, FPGAs are fine grained, meaning that they have many small logic blocks that only
connect to other nearby blocks. Such an architecture can simulate many neurons but cannot implement
massive interconnectivity (for associative memory) without spending most of its resources on connections
(which increases further for plastic connections). Clearly, course grained complex programmable logic de-
vices (CPLDs), where each block connects globally or nearly globally, are superior for modeling massive
connectivity, but they lack the density of FPGAs and are capable of modeling only a handful of neuron
circuits. Model neurons can be instantiated across many FPGAs but then one of their greatest assets, high
internal bandwidth is lost.
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learned pattern is being recalled or when a new pattern is presented. Both abstract and neu-
romorphic networks must manage intrinsic variability among elements (as well as extrinsic
variability in inputs). Abstract networks use traditional engineering methods to manage
intrinsic variability by building a few expensive (in both cost and power) and precise ele-
ments. Conversely, inspired by biology, neuromorphic systems limit intrinsic variability by
building many inexpensive and imprecise elements and actively compensating for intrinsic

(and extrinsic) variability as needed.

My interest lies in building a large scale neuromorphic associative memory—one that
uses biological principles and structure both to store and to recall patterns. Specifically, I
desire a sparsely connected network of spiking neurons with plastic synapses, similar to
CA3. No large-scale neuromorphic associative memory networks have previously been

built, but related neuromorphic systems bear mention.

Although not a recurrent associative network, a neuromorphic large-scale learning sys-
tem has previously been built [138]. Although functionally and structurally distinct from
the CA3, it merits mention. This system learned topography in feedforward connections by
identifying correlated inputs and grouping them together: Neurons that fired together wired
together. It grouped inputs by moving their axons to nearby locations, similar to biological
axon remodeling during development. This architecture provided two inherent mechanisms
to compensate for variations among elements: Diffusive signals spatially filtered the output
of strongly and weakly active neurons, and axons that moved inappropriately had many
opportunities to sense their error and return. This system lacked feedback and did not re-
call patterns but it learned and stored information based on correlations, using a number of

connections proportional to N rather than N2.

A small scale, neuromorphec chip has been built that used a connectivity pattern similar
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Figure 6.3: Pyramidal Neuron Connectivity
Each pyramidal neuron (blue) sends (magenta) and receives (yellow) randomly chosen STDP synapses to and
from neurons up to 5 nodes away (black indicates both). Neurons near chip boundaries (middle and right)

may send some connections farther away, when all local synapses are occupied.

to the CA3 to store a pattern [25]. This system used 14 neurons with 56 plastic recurrent
synapses (29% N?). The authors used this network to store a pattern; they verified its
storage by observing changes in synaptic states, however, they did not attempt to recall
it. This chip attempted to implement associative memory but it did not realize precise
timing, an important aspect of the CA3 memory system. The chip lacked any mechanism to
compensate for the considerable variations among its neurons, because its plastic synapses
lacked timing dependence, a necessity in compensating for variability to achieve precise

timing (in the PEP model).

6.3 Neuromorphic CA3

The STDP Chip models the associative memory of the CA3 region of the brain. The au-

toassociative network consists of 1,024 silicon pyramidal neurons recurrently connected
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by 21,504 binary synapses that express STDP, enabling the network to learn stimulated
patterns of activity and to compensate for variability in excitability. Specifically, STDP
preferentially potentiates synapses that project from excitable neurons, which spike early,
to lethargic neurons, which spike late. Because the potentiated synapses connect coactive
neurons, they store the stimulated pattern; once learned, the entire pattern can be recalled
by stimulating a subset. In addition to storing the pattern, the additional excitatory synaptic
current makes lethargic neurons spike earlier, thereby causing neurons that belong to the

same pattern to spike in synchrony, which realizes a temporal code.

I configured the STDP Chip as a recurrent network (Section 3.4). Briefly, a CPLD
implements the recurrent connections by accessing a lookup table, stored in a RAM chip.
The CPLD also connects to a USB interface chip, which provides a bidirectional link with
a PC, allowing the PC to vary the leak current (via a digital to analog converter) in real-time

to create the global inhibitory theta rhythm.

Each neuron received recurrent connections from 21 randomly selected neurons within
an 11 by 11 neighborhood centered on itself (see Figure 6.3). It made recurrent connections
to randomly chosen neurons within the same neighborhood. These connections were me-
diated by STDP circuits, initialized to the depressed state. In the coming section, I present

the pyramidal neuron and a network of these neurons.

6.3.1 Pyramidal Neuron

The pyramidal neuron (Chapter 3) consists of a refractory period and calcium-dependent
potassium circuit (RCK), a synapse circuit, and a soma circuit. RCK inhibits the neuron,

analogous to a fast potassium channel population (refractory) and a slower calcium de-
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pendent population (adaptation). The synapse circuit excites the neuron; its current rises
(nearly) linearly and falls exponentially. The soma circuit is a leaky integrator; it receives
excitation from the synapse circuit and shunting inhibition from RCK as well as a constant
leak shunt. The soma circuit is connected to an axon hillock circuit, the locus of spike
generation, which consists of a model voltage-dependent sodium channel population. It

initiates the AER signaling process required to send a spike off chip.

6.3.2 Pyramidal Network

To characterize the pyramidal network’s variability, I excited 81 neurons with Poisson-like
58Hz spike trains (Figure 6.4 Top left). I made these spike trains Poisson-like by starting
with a regular 200Hz spike train and dropping spikes randomly, with probability of 0.71.
Thus spikes were delivered to neurons that won the coin toss in synchrony every Sms.
However, neurons did not lock onto the input synchrony due to filtering by the synaptic
time constant (see Figure 6.4 Top left). They also received a common inhibitory input at
the theta frequency (8.3Hz), via their leak current’. Each neuron was prevented from firing
more than one spike in a theta cycle by its model calcium-dependent potassium channel

population.

The pyramidal neurons’ spike times were variable. To quantify the spike variability, I
used timing precision, defined as twice the standard deviation of spike times accumulated

from five theta cycles. With an input rate of 58Hz the timing precision was 34ms.

3In this experiment, I used a sinusoidal voltage to drive the theta inhibition. The resulting current was
an exponential of this voltage, which provided theta inhibition similar to a triangular wave: All neurons are
strongly inhibited, then released from inhibition
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Figure 6.4: STDP Variability Compensation

Spike rasters and histogram of 81 neurons (9 by 9 cluster) with common theta inhibition (red) display timing

variability due to neuronal variability and noise (58Hz input) before STDP; after five seconds of STDP, spikes

are synchronous. Neurons receive a common theta input (§8Hz) and are limited to one spike per theta cycle

by the model calcium-dependent potassium channel population.
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6.4 Neuromorphic Autoassociation

As described in Section 6.2, managing variability is critical in implementing autoassocia-
tion. In this section, I describe the silicon CA3’s ability to compensate for variability while

learning patterns, which can later be recalled.

6.4.1 Variability Compensation

I carried out an experiment designed to test the STDP circuit’s ability to compensate for
variability in spike timing through PEP. I chose a 9 by 9 cluster of neurons and delivered
spikes at a mean rate of 50 to 100Hz to each one (dropping spikes with a probability of

0.75 to 0.5 from a regular 200Hz train) and provided common theta inhibition as before.

I compared the variability in spike timing after five seconds of learning with the initial
distribution. Phase coding was enhanced after STDP (Figure 6.4). Before STDP, spike tim-
ing among neurons was highly variable, except for the very highest input rate. After STDP,
variability was virtually eliminated, except for the very lowest input rate (Figure 6.5). Ini-
tially, the variability, characterized by timing precision, was inversely related to the input
rate, ranging from 34 for lowest input rate down to 13ms for the highest input rate. Af-
ter five seconds of STDP, variability decreased and was largely independent of input rate,

falling below 11ms (Figure 6.6).

To confirm that PEP enables the Neuromorphic CA3 to encode multiple simultaneous
patterns at different phases of the theta rhythm, I stimulated two patterns with different
mean input rates (generated as before): I stimulated one pattern with a regular 200Hz spike

train (100 neurons shaped like a U) and the other at a Poisson-like 67Hz spike train (94
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Figure 6.5: Variability Compensation at Different Rates
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Before STDP, variability in spikes times (top) depends on input rate; after STDP (five seconds), variability

is independent of input rate (for input rates above 50Hz). Timing precision, defined as twice the standard

deviation of spike times from five theta cycles, decreases to below 11ms.
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Figure 6.6: STDP Improves Timing Precision
Before STDP, variability in spikes times depends on input rate; after STDP (five seconds), variability is
independent of input rate (for input rates above 50Hz). Timing precision, defined as twice the standard

deviation of spike times from five theta cycles, decreases to below 11ms.

neurons shaped like a P). I placed the patterns at diametric corners to eliminate interac-
tions between them. For the high input-rate pattern, the timing precision remained nearly
constant; initially it was 1.9ms and after 10 seconds of STDP it was 1.8ms. For the low
input rate pattern, the timing precision improved from 18ms to 7.8ms. After learning, the
patterns fired at different phases of the theta rhythm with the high input pattern leading
by 8ms (Figure 6.7). When the pyramidal neurons drive globally inhibitory interneurons
(Chapter 4), the patterns separation can be increased to tens of milliseconds, depending on
the strength and time course of the inhibition (data not shown). By ensuring the patterns
are separated by tens of milliseconds (one gamma period), I provide appropriate timing

information to link sequential patterns together (Chapter 2).

Comparing the number of potentiated synapses each neuron made or received with its
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Figure 6.7: Coactive Patterns
Plasticity enhanced phase-coding enables two independent patterns to be active simultaneously, firing at
different phases of the theta rhythm. Left Before STDP, neurons in the pattern with the higher input rate
(red) spike early in phase (timing precision = 1.9ms), whereas neurons in the pattern with the lower input
rate (blue) spike later and more dispersed in phase (timing precision = 18ms). Right After STDP the phase

relationship is maintained but the timing precision of the lower input rate pattern improves (7.8ms).

excitability confirmed the PEP hypothesis (i.e., leading neurons provide additional synap-
tic current to lagging neurons via potentiated recurrent synapses). In this experiment, to
eliminate variability due to noise (as opposed to excitability), I provided a 17 by 17 cluster
of neurons with a regular 200Hz excitatory input. Theta inhibition was present as before
and all synapses were initialized to the depressed state. After 10 seconds of STDP, a large
fraction of the synapses were potentiated (Figure 6.8). When the number of potentiated
synapses each neuron made or received was plotted versus its rank in spiking order (Fig-
ure 6.9), a clear correlation emerged (r =-0.71 or 0.76, respectively). As expected, neurons
that spiked early made more and received fewer potentiated synapses. In contrast, neurons

that spiked late made fewer and received more potentiated synapses.

166



After STDP

Figure 6.8: Synapse Potentiate During Stimulation
Although initialized to the depressed state (blue), numerous synapses transitioned to the potentiated state (red)

after STDP (10 seconds); they were driven with a regular 200Hz input train and common theta inhibition.

6.4.2 Pattern Storage and Recall

After STDP, the network could recall an entire pattern given a subset, thus the same mech-
anisms that compensated for intrinsic variability and noise could also compensate for lack
of information. I chose a 9 by 9 cluster of neurons as the input pattern and delivered a
Poisson-like spike train with mean rate of 67Hz to each neuron as in the first experiment.
Theta inhibition was present as before and all synapses were initialized to the depressed
state. Before STDP, I stimulated a subset of the pattern and only neurons in that subset
spiked (Figure 6.10 Left). After five seconds of STDP, I stimulated the same subset again.
This time they recruited spikes from other neurons in the pattern, completing it (Figure 6.10

Right).

Upon varying the fraction of the pattern presented, I found that the fraction recalled

increased faster than the fraction presented. I selected subsets of the original pattern ran-
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Figure 6.9: STDP Realizes PEP
The number of potentiated synapses that neurons make (green) and receive (purple) is negatively (r = -0.71)
and positively (r = 0.76) correlated with their rank in the firing order, respectively. All neurons (17 by 17

cluster) received a regular 200Hz input train and common theta inhibition.

domly, varying the fraction of neurons chosen from 0.1 to 1.0 (ten trials for each). I classi-
fied neurons as active if they spiked in the two second period over which I recorded. Thus,
I characterized PEP’s pattern-recall performance as a function of the probability that the
pattern in question’s neurons are activated (Figure 6.11). At a fraction of 0.50 presented,
nearly all of the neurons in the pattern are consistently activated (0.914+0.06), showing
robust pattern completion. I fit the recall performance with a sigmoid that reached 0.50
recall fraction with an input fraction of 0.30; the slope was 2.66. No spurious neurons were

activated during any trials.
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Figure 6.10: Pattern Completion
Before STDP (left), half (40) of the neurons in a pattern (9 by 9 cluster) are stimulated; only they are activated.
After inducing STDP (right) while stimulating the whole pattern, almost the whole pattern is activated when

half of the neurons are stimulated.

6.5 Sources of Spike-Timing Variation

In Section 6.4, I showed that the silicon CA3 uses STDP to learn patterns while simulta-
neously improving spike-timing precision. Because timing precision is important to both
neuromorphic and biological systems, I characterized the properties of spike-timing preci-
sion, focusing on STDP’s role in compensating for the two sources of variability: intrin-
sic fabrication variability (fixed mismatch) and extrinsic input variability (temporal jitter).
Mismatch varies the time at which different neurons spike, although when driven with
constant (or regular) input those times are consistent from one theta cycle to another. Input
noise jitters the time each neuron spikes across theta cycles. I explore timing precision with
a modest recurrent synaptic strength (when potentiated) and modest calcium-dependent
potassium channel population strength, tuned to prevent neurons from spiking more than

once per theta cycle.
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Figure 6.11: Pattern Completion Depends on Fraction of a Pattern Activated
The fraction of the pattern activated increases faster than the fraction stimulated. Potentiated recurrent
synapses recruit the remaining neurons in the original pattern. Stimulating half of the neurons in the pat-
tern activates 91+£5.6 percent of neurons in the original pattern, showing robust pattern completion (Error

bars are standard deviation).

Qualitatively, timing precision improves with increasing synaptic strength®, whereas
autoassociative networks have the highest (information) storage capacity with (binary) re-
current synapses of intermediate strength [119]. When recurrent synapses are too strong,
a pattern can only have limited overlapping members with other patterns without strong
interference. When recurrent synapses are too weak, most members of a pattern must be

active before others will be recalled. Here, I adopt a synaptic strength approximately equal

°T have explored the absolute limit of timing precision in the network, achieving precision below 1ms
(data not shown). But this result requires unreasonably strong recurrent synapses and calcium-dependent
potassium (KCA). A strong recurrent synapse causes a spike in its target in less than Ims, and a strong KCA
prevents the target from spiking twice in one theta cycle. Further increase in both synaptic strength and KCA
results in some excitable neurons spiking twice per cycle (because the synaptic input from the most excitable
neuron overpowers KCA in some neurons) and lethargic ones spiking only intermittently.
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to the one used previously, which recalls most of a pattern when half of its members are
stimulated (Figure 6.11). Further, I use a recurrent synaptic decay constant of approxi-
mately 50ms, in between measured values for AMPA and NMDA components of synapses
in the hippocampus [34] and a somatic time constant of 10ms (at the theta inhibition’s
minimum). It is important to consider the effect of NMDAR-gated channels, because in

biology they contribute most charge at excitatory synapses (See Section 2.3.3.2).

To characterize spike-timing precision, I stimulated a patch of 100 neurons (10 by 10
box), observing the influence of STDP on both timing mismatch and jitter. I drove all
neurons with a global theta inhibitory current (conductance) at 8.75Hz’. 1 observe spike-
timing precision and its components across 25 theta cycles before STDP (turned off) and

across 25 cycles after 15 seconds® of STDP.

I calculated measures of spike-timing precision, timing mismatch and timing jitter,
given by o, o, and oj, respectively. To calculate spike-timing precision, I considered
the standard deviation of all spike times in each of 25 theta cycles. The mean of these
standard deviations is o, (one-half of timing precision). To calculate timing mismatch, I
considered each neuron’s mean spike time across 25 theta cycles: The standard deviation
of these mean spike times across the population is o,,. To calculate timing jitter, I consid-
ered each neuron’s standard deviation in spike times across 25 theta cycles. The mean of

these standard deviations across the population is oj.

7In this experiment, I used a log-sin voltage to drive the theta inhibition. The resulting inhibition was
a sinusoid, which I verified by observing a neuron’s membrane potential, driven with a constant excitatory
current with the axon hillock turned off (not shown).

8Without noise, the system ceases to lower its spike-timing variations after one second, however when the
noise is increased, it can take up to 10 seconds. 15 seconds is long enough to give the system time to integrate
information across many cycles even in the noisiest case.

171



6.5.1 Components of Variation

Both mismatch and jitter degrade spike-timing precision. Mismatch is fixed (for a given
set of biases), whereas I impose jitter by stimulating the neurons with (independently gen-
erated) noisy input currents, keeping each current’s mean constant but varying its standard
deviation. I generated a noisy input current by stimulating the neurons’ AMPA synapses,

driving them with input spike trains generated by dropping spikes from a regular 4kHz in-

1

put, keeping each spike with probability Adt, where dt = ;57-, and A is the desired input

rate’. The resultant distribution is a Bernolli distribution (binomial distribution with one

sample per trial). To maintain the mean input current, I scale the AMPA synapse strength,

Ipn = (,\{1# %, in inverse proportion to the average input frequency, where I, is the desired
mean current, 3 is a near unity error factor'®, and w is the input pulse width. The resulting

current standard deviation, /,, is given by:

I, = IA% Adt(1 — Adb) (6.1)

= [,\/(\dt)1-28 — (\dt)2-28

Because the theta rhythm decreases approximately linearly in the interval during which

neurons spike, I assume that o; is proportional to I, given by:

The generated excitatory postsynaptic current is in the shape of a pulse with height I, and width w, which
is less than dt (see Chapter 3).

107 decrease \ exponentially and increase the AMPA strength bias voltage, Viy linearly, resulting in an
exponential increase in I¥: T attempt to match the two exponentials as well as possible by fitting the AMPA
strength, I versus its bias voltage for one neuron (data not shown). The differences in the exponential rates
is the error factor, .
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o = ay/(Adt)1=28 — (\dt)2-28 (6.2)

where « is a proportionality constant.

To observe the mismatch and jitter components of variation both before and after STDP,
I stimulated the patch of neurons using input spike trains with average frequencies, A,
ranging from 4Hz to 4kHz, scaling the AMPA strength as described above. For A above
74Hz, most neurons fire one spike per theta cycle, whereas for lower )\, lethargic do not
spike in every cycle; I, is large enough to overcome RCK, enabling excitable neurons to

spike twice in a theta cycle.

I fit o, by taking its mean value across all frequencies from 74Hz to 4kHz (Figure 6.12).
Before STDP, (0,,) = 4.8ms (where (z) is the mean of z); after STDP it decreased to
2.1ms. As expected, oy, was nearly constant before STDP with a maximum deviation from
its mean of 0.55ms. Similarly, after STDP it expressed a maximum deviation of 0.55ms.

Across this range of frequencies and jitters, STDP compensated for mismatch equally well.

I fit o; to Equation 6.2 for A ranging from 74Hz'! to 3.4kHz (Figure 6.12). Before STDP,
the proportionality factor,  was equal to 1.54ms; after STDP it decreased to 0.99ms. The
error factor, 3, was equal to 0.93 and 0.96 before and after STDP, respectively. Since 3 was
nearly constant and close to unity before and after STDP, I see from Equation 6.2 that the

_OjPRE

before/after ratio of timing jitter, ~== is approximately equal to the ratio of proportion-

ality constants % , which was equal to 1.57. Therefore, over this range of frequencies

,aP

'1Below 10Hz, neurons receive infrequent input, potent enough to overcome RCK. Each neuron’s spikes
reflect its Poisson input, which is distributed uniformly in time. o; saturates near ml—, which is the
standard deviation of a uniform distribution over an 8.75Hz theta cycle.
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Figure 6.12: Components of Spike-Timing Variation
Before STDP, timing mismatch (blue ¢) is approximately constant for frequencies above 74Hz (blue dashed
line). After STDP, its value is reduced (red ¢) and constant above 100Hz (red dashed line). Before STDP,
timing jitter (blue *) depends on input frequency, fit between 74Hz and 3.4kHz (blue dotted line). After

STDP, it is reduced (red *); fit between 74Hz and 3.4kHz (red dotted line).

and corresponding jitters, STDP compensates in proportion to the level of jitter. Intuitively,
potentiated synapses narrows the jitter distribution by providing additional current to target
neurons, which reduces the noisy input necessary to drive the membrane above threshold,

enabling neurons to spike earlier.

6.5.2 Timing Variation

I measured and fit the mismatch and jitter components of variation. Here, I use those

measurements and fits to characterize oy, (one-half) the spike-timing precision.
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Figure 6.13: Spike-Timing Variation
Both before (blue) and after (red) STDP, the spike-timing standard deviation (o) is approximately equal to
the square root of the sum of the mismatch and jitter variances (+) and is well fit (solid lines) by combining

the fits (dashed and dotted lines, respectively) for these components from Figure 6.12.

The contributions to variance from mismatch and jitter are additive (Figure 6.13). Mis-
match varies the time at which different neurons spike, although when driven with constant
(or regular) input each neuron spikes consistently from one theta cycle to another. Jit-
ters varies the time at which each neuron spikes across theta cycles. The distribution of
spike times due to mismatch is jittered by the temporal noise, convolving the mismatch
distribution with the jitter distribution (both approximately gaussian), which results in a
new (gaussian) distribution whose variance is the sum of the mismatch and jitter variances.

Therefore, its standard deviation is given by:
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o = Joi+o} (6.3)

= Voi +a[(Ad)! = — (At

I combined o, and o; as described in Equation 6.3 to estimate o; I found a good
match for A ranging from 74Hz to 4kHz. Before STDP, the estimate is within 4 percent
(maximum deviation of 230us). After STDP, the estimate is within 8.5 percent (maximum
deviation of 200us). These results demonstrate that not only does STDP compensate for
imprecise timing due to mismatch; it also compensates for imprecise timing due to noise

in the system.

6.6 Discussion

These results demonstrate that PEP successfully compensates for graded variations in my
silicon recurrent network using binary weighted synapses (in contrast with [24], where
weights are graded). While the chip results are encouraging, variability was not eliminated
in every case. In the case of the lowest input (50Hz), I see virtually no change (Figure 6.5).
I suspect the timing remains imprecise because, with such low input, neurons do not spike
every theta cycle and, consequently, provide fewer opportunities for the STDP synapses to
potentiate. This shortfall illustrates the system’s limits; it can only compensate for variabil-

ity within certain bounds, and only for activity appropriate to the PEP model.
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As expected, STDP is the mechanism responsible for PEP. STDP potentiated recurrent
synapses from leading neurons to lagging neurons, reducing the disparity among the di-
verse population of neurons. Even though the STDP circuits are themselves variable, with
different efficacies and time constants, when using timing the sign of the weight-change is
always correct (Chapter 5). For this reason, I chose STDP over other more physiological
implementations of plasticity, such as membrane-voltage-dependent plasticity (MVDP),
which has the capability to learn with graded voltage signals [48], which is useful in active

dendrites, providing more computational power [121].

My results demonstrate that STDP compensates for input noise in addition to intrinsic
variability. The effect of input noise on spike-timing precision was reduced across a broad
range of noise levels, loosing effectiveness only when noise levels increased enough to
cause excitable neurons to spike multiple times per theta cycle and lethargic neurons to
skip cycles. Again, this range highlights the system’s limitations, only compensating for

variability within a bounded region.

Counterintuitively, these results suggest that mismatch among neurons may improve
STDP’s ability to compensate for input noise. Mismatch provides the seed that influences
the (average) time at which each neuron spikes, determining which connections are poten-
tiated. In the absence of mismatch, the signal to potentiate (or depress) synapses would
be much weaker, on average zero. I expect fewer potentiated connections would be made
(and would just as easily depress after they were made). The smaller number of potentiated
synapses would likely render such a system less effective at compensating for temporal
noise. Further, such a system would form potentiated synapses much more slowly and
therefore, any compensation for noise would take more time to develop than in a system

that expresses (some) mismatch among its neurons.
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Associative storage and recall naturally emerge in the PEP network when synapses be-
tween neurons coactivated by a pattern are potentiated. These synapses allow neurons to
recruit their peers when a subset of the pattern is presented, thereby completing the pat-
tern. However, this form of pattern storage and completion differs from Hopfield’s attrac-
tor model [62]. Rather than forming symmetric, recurrent neuronal circuits, my recurrent
network forms asymmetric circuits in which neurons make connections primarily to less
excitable neurons in the pattern. In both the Poisson-like and regular cases, only about six

percent of potentiated connections were reciprocated, as expected by chance.

I propose PEP as a candidate neural mechanism for information coding and storage in
the hippocampal system. Observations from the CA1 region of the hippocampus suggest
that basal dendrites (which primarily receive excitation from recurrent connections) support
submillisecond timing precision, consistent with PEP [4]. I have shown, in a silicon model,
PEP’s ability to exploit such fast recurrent connections to sharpen timing precision as well

as to associatively store and recall patterns.
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Chapter 7

Conclusions

In this dissertation, I presented the STDP Chip, which realizes a neuromorphic model based
on the CA3 region of the hippocampus. In the model, inhibitory interneurons synchronize,
using mutual inhibition to generate the gamma rhythm. Further, excitatory neurons use
STDP at recurrent synapses to store patterns, which can later be recalled with only a par-
tial pattern. These same STDP synapses simultaneously compensate for variance among

neurons in a pattern, resulting in precise timing (about 10ms).

I conclude this dissertation with a discussion of what I have learned about designing
neuromorphic systems. First, in Section 7.1, I discuss the appropriate level of abstraction
for neuromorphic implementations, emphasizing its critical role in producing functional
systems. Next, in Section 7.2, I highlight the negative and positive roles mismatch plays
in silicon and biological systems. Then, in Section 7.3, I present avenues of future work,
which include extending and improving my neuromorphic system. In Section 7.4, I present
insights into biology based on my neuromorphic model. Finally, in Section 7.5, I conclude

that neuromorphic systems can be used to study neural processing.
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7.1 Appropriate Level of Abstraction

In hindsight, the critical factor in building a functional system was not strict adherence to
biology, but instead it was designing elements with the appropriate level of abstraction for
the task at hand [15]. For neuromorphic engineers, the appropriate level of abstraction is the
one at which I include the minimal complement of neuron, synapse, and ion channel types
for the desired system as instructed by neurobiology, far beyond bioinspiration but short of
complete mimicry. When I remove elements form this minimal complement, I cripple the
systems, rendering it unable to reproduce the critical functions of its biological counterpart.
When I add elements to the minimal complement, I also cripple the system, taking away
precious silicon area from critical elements and increasing the sources of variability. In
the balanced regime, neuromorphic systems can reproduce the behavior of neurobiology
while evading the Valley of Death (see Chapter 3), in which systems fail due to excessive

mismatch among elements.

Although one should not simplify systems just to facilitate analysis, employing the
appropriate level of abstraction can enable us to tease apart the mechanisms responsible
for a systems behavior, as in the inhibitory interneuron network (see Chapter 4). In that
system, the key to realizing synchrony by mutual inhibition was designing neurons with

the appropriate level of abstraction.

7.1.1 Silicon Gamma Synchrony

I constructed a network that generated synchrony among interneurons using delayed shunt-
ing inhibition. I used simple conductance-based neurons and synapses with a rise-time (in

the form of a pulse filtered by an exponential), which provided effective delay. This was
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the appropriate level of abstraction for this system because rise-time and shunting inhibi-
tion are both critical elements of synchrony by inhibition; excluding either of them would
eliminate synchrony. Adding additional properties such as other types of ionic channels
would only reduce the number of neurons and increase their mismatch, resulting in in-
creased suppression. Further, my implementation’s simplicity allowed me to perform a
simple analysis to determine that rise-time behaved as an effective delay and to determine
quantitatively how the inhibitory decay constant would modulate the network frequency,

which the silicon interneuron network confirmed.

7.1.2 Silicon Synaptic Plasticity

STDP was the appropriate level of abstraction for synaptic plasticity in my system. STDP
lacks the complex biophysical mechanics of synaptic LTP and LTD in the hippocampus;
instead it is a simplification of empirical observations. Although I have previously imple-
mented biophysical plasticity in the form of MVDP (See Chapter 5), I selected STDP for
this system. It proved more resistant to device variability, always distinguishing correctly
between pre-before-post and post-before-pre, ensuring the sign of synaptic weight change

was correct (Chapter 5).
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7.2 Mismatch Matters

Mismatch among elements of the same type is expressed by all physical systems', biologi-
cal and silicon; intuitively, it degrades their system performance. Many neural systems suf-
fer from this variability, which renders some neurons excitable and others lethargic. Coun-
terintuitively, in some systems mismatch enhances performance, analogous to the role of
noise in stochastic resonance, in which the information encoded about a weak input signal
increases as external noise in added (up to a point), despite decreasing the signal-to-noise

ratio [11].

7.2.1 Bane of Mismatch

Mismatch is the bane of neuromorphic systems as they tend to employ many small devices
and small currents, which increases the mismatch among transistors and therefore circuits.
Many implementations report degradation at the hand of mismatch, including retinas [158],

cochleae [150], and associative memories [5], among others.

Neuromorphic systems have employed many techniques to manage mismatch, used in
biology. Some systems have tried to minimize the affects of mismatch by learning transis-
tor threshold variations and compensating for it with floating gates, programming mismatch
equal and opposite to the intrinsic fabrication mismatch [43]. In a similar manner, I com-
pensated for interneuron excitability mismatch by changing the probability of release at

their (PC driven) excitatory synapses (Chapter 4). These two methods are analogous to

'"Many silicon systems reduce mismatch by carefully engineering each transistor, which increases cost
(silicon area). Systems also reduce mismatch by using outputs of transistors in an abstract manner as ones
and zeros, instead of continuous values, which increases the energy required to perform computation, trading
mismatch for higher power consumption [102].
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homeostasis of excitability in neurobiology [98]. Other strategies require less drastic and
costly measures, such as pooling multiple outputs [150], a common biological tactic. Other
systems employ robust algorithms that are inherently insensitive to mismatch, such as axon

guidance [138] and synchrony by inhibition (Chapter 4).

7.2.2 Boon of Mismatch

Neurobiology has evolved the ability to compensate for variability among neurons, limited
by mismatch in the compensation mechanism [123]. Yet, measurements from neurons are
notoriously variable. One explanation for this mismatch among neurons is that biology

capitalizes on it, using it to perform computation.

Mismatch has the potential to be a boon for neuromorphic systems, enhancing com-
putation. Mismatch among simulated neurons and among silicon neurons has successfully
been used to generate orientation maps [142, 106, 107]. In this thesis, mismatch is a seed
for learning (Chapter 6). In compensating for intrinsic (fixed) mismatch, the network also
becomes robust against external (temporal) noise, demonstrating one way biology could

combat variance among its elements.

7.3 Future Work

My silicon CA3 suggests several avenues of future work, building upon the current system

and creating future systems.
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7.3.1 Sequence Memory

In this dissertation, I presented a neuromorphic system that performs the role of the CA3
region in my model of sequence memory (Chapter 2), storing and recalling patterns. These
patterns were active with precise timing such that multiple patterns could be multiplexed
within one theta cycle, providing an ideal substrate to link a sequence together. The next
step is to realize a dentate gyrus network to complete the sequence memory network, real-

izing the sequence memory model.

As a first implementation, I plan to use only one excitatory neuron type for the DG,
mirroring the structure of the CA3, although the DG includes two types, granule neurons
and mossy neurons. With the same structure as the CA3, the DG will be able to store and
recall patterns. I will connect the DG and the CA3 as suggested by my model: The DG will
drive the CA3, such that the CA3 will repeat its activity patterns but with some delay due to
out-of-phase gamma rhythms. Then the CA3 will activate synapses in the DG just before
the next pattern in a sequence is activated, providing an opportunity to link the pattern in

the CA3 with the subsequent pattern in the DG, storing the sequence.

This two-chip network will give us an opportunity to study sequence memory in a
physical system in the presence of noise and mismatch. I hope to determine the critical
aspects of implementing sequence memory. Further, this system may give us insight into
the complex DG architecture’s reciprocally connected populations. This system promises
to be the first neuromorphic model of sequence learning, but it also highlights potential

improvements that could be made in future implementations.
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7.3.2 Neural Scale

In future implementations of my system, the chips would benefit from increased the num-
bers of neurons and synapses. One of the largest strengths of neuromorphic engineering
is the ability to build real-time model systems that approach the scale (often within a few

orders of magnitude) of the neurobiological systems that they model as in [158, 155].

The current chip, with only 1024 pyramidal neurons each with 21 plastic synapses,
is limited to small-scale exploration. I wish to explore many properties of the system,
including properties that depend on scale such as network capacity, both in terms of pattern
storage and sequence storage. With the current implementation, it is unlikely each neuron

could be active in more than a handful of patterns.

In recent years, my colleagues and I have developed a programmable multichip archi-
tecture that can link together many chips to create very large scale systems [108, 88]. The
largest system built to date consisted of five chips and a total of over 35,000 spiking neu-
rons [27]. My colleagues and I will apply this multichip architecture and more advanced
silicon technology to increase the size of our silicon hippocampus drastically, both in terms

of number of neurons and number of plastic synapses per neuron.

As engineers better understand their simple systems, it makes sense to include neuron
properties that were previously eliminated to reach a deeper understanding of the biological
system, bearing in mind that one needs to include mechanisms that ensure robust opera-
tion despite the added variability, such as homeostasis. In the hippocampus, one neuron

property is theorized to enhance the computational power of the network, active dendrites.
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7.3.3 Silicon Dendrites

With the fabrication of this chip, I took a step back from a previous design in which neurons
included active dendritic compartments. I sought to simplify the design and avoid the diffi-
culties associated with multicompartment silicon neurons. However, future versions would
benefit from including active dendrites. They add significant computational processing to

neurons, effectively endowing each neuron with a additional layer of processing [121].

Although the technical aspects of including dendrites are daunting, requiring more ad-
vanced learning rules than STDP and various silicon ionic channel populations [5], they

are essential to decipher the processing of the brain.

7.4 Insights into Neurobiology

A large part of neuromorphic engineering is reproducing processing found in neurobiol-
ogy, implementing the insights of neuroscientists. However, neuromorphic engineers also
have the opportunity to contribute to knowledge about the brain. Several results in this

dissertation suggest ways that biology functions.

My study of gamma synchrony yielded insight into how biology may generate syn-
chrony. The simple analysis of the role of synaptic rise-time (identical to delay) revealed the
subsidiary role of the inhibitory decay constant: It modulated the network’s synchronous
period, which I verified with the silicon interneuron network. This suggests biology evolved
synchrony in the hippocampus (and other parts of the brain) that would be robust against the
inhibitory decay constant, which varies between neurons in different parts of the hippocam-

pus [10]. Further, the network synchronizes despite suppression of a significant fraction of
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the population.

The silicon CA3 demonstrates the power of spike timing-dependent plasticity. In sil-
icon, my STDP circuits (all 21,504 of them) always express the correct dependence on
timing and therefore never change synaptic weight with the wrong sign. Although this
seems to be more of a technical issue than providing insight into to biology, it suggests that

in physical systems timing is a robust signal.

The most provocative insight generated by the silicon CA3 is that biology may employ
plasticity enhanced phase-coding, which uses recurrent STDP to enhance spike timing of
coactive neurons in a pattern. If the CA3 region is an attractor network where patterns
are stored, PEP naturally compensates for variability (and noise) while patterns are stored,
making other mechanisms (such as homeostasis) superfluous. PEP may underlie timing
precision in other plastic recurrent networks as well, such as the premotor nucleus RA,

which is critical in songbird sequence learning [42].

7.5 Conclusion

The ability of the silicon CA3 to synchronize using inhibition as well as to store and to re-
call patterns, while simultaneously compensating for mismatch shows the utility of neuro-
morphic systems for exploring neural processing. The system highlights that neuromorphic
models are uniquely able to study the brain in their own right; because they are based on
similar physics, they encounter similar limitations. Neuromorphic models of brain regions
inform us on biological tradeoffs: whether it is beneficial to pay the price to compensate
for mismatch, to manage it with robust algorithms, or to exploit it for computation. With

this in mind, to unlock the mysteries of neural computation, engineers must push deeper
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into the brain, building ever larger and more complex systems, of ever increasing the detail,
increasing the appropriate level of abstraction as the previous one is understood ensuring

along the way that conclusions are tested with biological studies.
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Appendix A

Phase Response

In this appendix, I analytically solve for the excitatory and inhibitory phase-response curves

of an integrator- and a conductance-type neuron.

A.1 Instantaneous Inhibition

Inhibition affects the two neuron types differently. Inhibition removes a fixed charge from
the integrator type, whereas it removes a variable amount from the conductance type,

pulling its potential to a fixed fraction of its value before inhibition.

A.1.1 Integrator-Type Neuron

Consider an integrate-and-fire neuron that receives instantaneous inhibition at time ¢; de-

scribed by:
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CV =TIy — Iipak — Qo(t —t;) (A.D)

where V' is the neuron potential, Iy and Iy gax are the input and leak currents, respectively
(I;v > ILgak), and Q is the charge that inhibition removes from the neuron’s capacitance,

C.

When the neuron potential reaches threshold, Vg, its spikes. Without inhibition, The

neuron spikes with period:

CVru

To=— "2
IIN - ILEAK

(A2)

When inhibition arrives between ¢ = 0 and ¢ = Ty, the inhibition delays the neuron from
reaching threshold and spiking. I solve for the effect of inhibition by finding the membrane
trajectory before and after the inhibitory event. Before inhibition the neuron potential fol-

lows a linear trajectory, given by:

Iy — 1
V(t) = %t, t<t; (A3)

After inhibition the neuron potential continues on a linear trajectory, but shifted by the in-

hibition:
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Iv — I
vy = v Theaw, Qo (Ad)

I set Equation A.4 equal to Vy and substitute ¢ for the period, 7', which yeilds:

C VTH Q
T = + AS)
IIN - ILEAK IIN - ILEAK (
Q
= To+
’ IIN - ILEAK

The spike delay, or change in period, AT = T" — T, is constant:

Q

IIN - ILEAK

AT (A.6)

Thus, the integrator-type neuron is insensitive to the phase at which an inhibitory event
arrives. It cannot distinguish the time of occurrence, only whether one arrived at all (Fig-

ure 3.2 Top left).

A.1.2 Conductance-Type Neuron

Consider an conductance-based neuron that receives instantaneous inhibition at time ¢; de-

scribed by:
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CV = —VGygak + In — CVIES(t — t;) (A7)

where Iy is the input current, Gy gak is the leak conductance (to zero potential), and C£d (¢t —
t;) is a conductance (to zero potential). f (0 < f < 1) is the fraction of charge that inhibition
removes from the neuron’s capacitance, C. Since (¢t — ¢;) has an area of one, we can
integrate it to determine the charge that it removes from the neuron’s membrane, which is

equal to CVf, reducing the membrane potential from V' to V' (1-f).

As with the integrator type, when the neuron potential reaches threshold, Vry, its

spikes. Without inhibition, The neuron spikes with period Ty, given by:

1
Toleog<1_m> (A.8)
Vin
where Viy = Gg]{ and 7 = GLEAK' When inhibition arrives between ¢t = 0 and t = T, the

inhibition delays the neuron from reaching threshold and spiking. As before, I solve for
the effect of inhibition by finding the membrane trajectory before and after the inhibitory
event. Before inhibition the neuron potential approaches Viy with a decaying exponential

trajectory, given by:

V)=Vl —eT), t<t (A.9)
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After the shunting inhibition is applied at ¢ = ¢, the new trajectory is:

V(t) = Vin(1—F)(1—e /M) 4+ Vix[1— (1 —f) (1 —e 5/ (1 —e~ /)t >t (AL10)

I set Equation A.10 equal to Vry and substitute ¢ for the period, 7', which yields:

" (A.11)
Vin

T = tz-+ﬂog<1 - (1-H(1 _e—ti/r)>

1
= Tlog(eti/T)JrTlog(l VTH>”log[l—ﬂ—f)(l—e—tf/v]

Vin

= To+ rlog{e®"[1— (1 —f)(1 — e t/)]}

AT = rtlog[fe/™ +1 —f]

This equation shows that the spike delay or change in period, AT, depends on the phase at

which inhibition arrives (Figure 3.2 Top right).

A.2 Instantaneous Excitation

I perform analogous calculations for integrator-type and conductance-type neuron responses

to excitation.
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A.2.1 Integrator-Type Neuron

Consider an integrate-and-fire neuron that receives instantaneous excitation at time ¢; de-

scribed by:

CV = Iy — Iipak + Q4(t — t;) (A.12)

where all parameters are the same as with inhibition and Q is the charge that excitation

adds to the neuron’s capacitance.

When the neuron potential reaches threshold, Vy, it spikes. Without excitation, The
neuron spikes with period T given by Equation A.2. When excitation arrives between
t = 0 and t = Ty, it pushes the neuron to reach threshold and spike earlier. As before, I
solve for the effect of excitation by finding the membrane trajectory before and after the
excitatory event. Before excitation, the neuron potential follows a linear trajectory, given
by Equation A.3. After excitation, the neuron potential continues on a linear trajectory, but

shifted by the excitation:

Iy — I
V()= wwg, t>t (A.13)

I set Equation A.4 equal to Vy and substitute ¢ for the period, 7', which yields:
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poo CVm Q (A.14)

IIN - ILEAK IIN - ILEAK
.
IIN - ILEAK

However, because excitation cannot push the neuron to spike before ¢;, the period becomes:

Q

T = max(Ty - —————,
Iiv — ILgak

t;) (A.15)

The spike delay, or change in period, AT = T — Ty, is constant early in the cycle, inde-

pendent of ¢;, but causes the neuron to spike immediately at ¢;, later in the cycle:

AT = max(—L,ti —Ty) (A.16)

IIN - ILEAK

Thus, the integrator-type neuron is insensitive to the phase at which an excitatory event

arrives, unless it is close to threshold (Figure 3.2 Bottom left).

A.2.2 Conductance-Type Neuron

Consider an conductance-based neuron that receives instantaneous excitation at time ¢; de-

scribed by:
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CV = —VGrgak + VINGreak + Q6(t — t;) (A.17)

where all parameters as above and Q is the charge that excitation adds to the neuron’s
capacitance, increasing the neuron potential by AV. Although the excitation is not con-
ductance based, the conductance-based leak alters the neuron’s response compared to the

integrator type.

As with the integrator type, when the neuron potential reaches threshold, Vry, its
spikes. Without excitation, The neuron spikes with period T, given by Equation A.8.
When excitation arrives between ¢t = 0 and ¢ = Ty, the excitation pushes the neuron to
reach threshold and spike sooner. As before, I solve for the effect of excitation by finding
the membrane trajectory before and after the excitatory event. Before excitation, the neu-
ron potential approaches Viy with a decaying exponential trajectory given by Equation A.9.

After excitation, the neuron potential continues on the trajectory trajectory:

V(t) = Vi — [Vin — Vin(1 — e 75/7) — AV]e~t=1/7 (A.18)

I set Equation A.18 equal to Vry and substitute ¢ for the period, 7', which yields:

T = max(Ty — 7 log <;> ,ti) (A.19)

1 — AVti/r
VIN6

The spike delay, or change in period, AT, depends on the phase at which excitation arrives
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(Figure 3.2 Bottom right), with

1
AT = maX(—'T log <1A7Vt/> ,ti - TO) (A20)
— =LeliyT
ViN

The conductance-type neuron is sensitive to the phase at which even nonconductance-based

excitatory or conductance-based inhibitory input arrives.
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Appendix B

Low-Pass Filter

In this appendix, I derive the governing equation of the basic element of my neuron and
synapse circuits, the current-mode log-domain low-pass filter (LPF) (Figure B.1). I analyze
an NMOS LPF for simplicity (all potentials referenced to ground), but all of my circuits
are implemented with PMOS transistors, because it is difficult to connect NMOS bulks to

potentials different from the ground (substrate).

The equations I derive aid us in describing circuit behavior and estimating variability
(mismatch) among repeated circuits. Here, I focus on the mismatch of two properties of
the LPF: the equilibrium (steady-state) current and the decay constant. Assuming linearity
(not necessarily true), these two properties are sufficient to describe the behavior of the
LPF completely. In addition to linearity, the analysis assumes all transistors are operating
in saturation (Vps > 0.1V) in the subthreshold (Vgs < Vrgr ~ 0.4V in 0.25pm CMOS)

regime.

The LPF consists of four transistors and one capacitor. Its input is a current, Iy, and
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Figure B.1: Low-Pass Filter

The current-mode low-pass filter implements a first-order ODE that models the dynamics of a resistor-

capacitor circuit.

its output is also a current, I; (through M;). With a constant Iy, the steady state currents

through each NMOS transistor are given by:

I = I eftVour/U (B.1)
L = Ipe2V/U (B.2)
I; = Ip;em(Vv—Vour)/U (B.3)
I = Ipem¥m/U (B.4)

where [; is the drain-source current through M; and Iy is its drain-source current at Vgs = 0;
k; 1s the subthreshold slope coefficient for M; and U is the thermal voltage, 25.6mV at room

temperature. These equations assume that Ms’s bulk is connected to Vour.
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To find I, I first solve for Viy by using Iy = 4.

K4 Tos

Now, I substitute this result into Equation B.3 to find Is.

IIN ’43/54
I = Ios (E) e r3Vour/Ut (B.6)

Setting I, = I3, I can solve for Vgur’s steady-state value.

U 1 K3 /K4 1
Vour = — log | = 2 graVi/U (B.7)
K3 Los Loz

Using this result, I find the steady-state output current:

I\ [ Tos e
Il = Io] — _— 6’42\7L/Ul (BS)
T4 Lo

Notice that I; is nonlinear, if k1 # k4. Now I simplify Equation B.8 by assuming x;_4 =

!, which yields:

' varies with source-bulk voltage and for different transistor geometries, especially for thin-gate-oxide

devices in 0.25um CMOS and smaller technologies; however, threshold voltage variations are usually domi-
nant.
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Il
11 _ IIN 01103 6HVL/UL

(B.9)

Toalo2

Now, I substitute Iy with Ioe™Vmi,

L = In e(FVL+AV T +AV 13— AV —AV1Ha) /Us (B.10)

This equations shows that the mismatch among the LPF steady-state output currents
depends on the variances of the four transistors. It is important to note that this mismatch
would be much more complex if I considered kappa variation also; each AVy; term would
be multiplied by a ratio of « terms. The variation of the sum of AVry; is a random variable,
whose variance equals the sum of the individual variances. If all transistors were the same
size (and had the same variance), the circuit’s variance would be four times that of each

individual transistor.

Now that I have the LPF’s steady-state output current, I calculate its decay constant,

which is given by:
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;- GU (B.11)
kil
CL U,
kil em2VL/Us
CL U,

kilp eAVH2+r2 VL /Ui

where Cy is the capacitance on node Vgyr. The mismatch among decay constants depends
on the variations of x;_o and AVry,. Simplifying Equation B.11 by assuming x,_» = &,

yeilds:

CL Ut
T = wlo 6AVTH2+HVL/U[ (B12)

This equations shows that the mismatch among the LPF decay constants depends (pri-
marily) on the variance of the one transistor, M. Thus, is pays to make M a large transis-
tor: It contributes to both the steady-state output current variability and the decay-constant
variability. Also, increasing its length reduces its leakage current, which determines the

LPF’s maximum possible decay constant.
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Appendix C

SRAM Scanner

In this appendix, I describe the scanner circuits that read and write the state of the STDP

circuits’ SRAM cells (Chapter 5) as well as select an analog current for observation.

C.1 Architecture

The scanner consists of two linear shift-registers: V Scanner (224 segments) for vertical
and H Scanner (112 segments) for horizontal (Figure C.1). The user selects a subpixel
using two digital-input pads, VCLOCK for vertical and HCLOCK for horizontal: Each
time a clock is pulsed, the shift-register advances one row or column (wrapping around
to the beginning if it reaches the end). When V Scanner selects a row by raising SCAN
(also lowering ~ASCAN) every SRAM in the row drives either its ~BIT or BIT line low,
signaling its state. H Scanner selects one column’s ~BIT and BIT lines, which drive a

digital-output pad, SRAMgouyr, that can be read by the user.
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Figure C.1: Scanner Architecture
The scanner consists of two linear shift-registers: V Scanner for vertical and H Scanner for horizontal. The
user selects a subpixel using two digital-input pads, VCLOCK for vertical and HCLOCK for horizontal. The
selected pixel’s SRAM and current values are sent off chip. The user can write the selected pixels SRAM by

driving ~WRITEHI or ~WRITELO low.

Two additional input pads, ~WRITEHI and ~WRITELO, allow the user to overwrite
the state of an SRAM: If ~WRITEHI or ~WRITELO are pulled low a circuit is activated
that removes the tonic high precharge and pulls the BIT or ~BIT line of the currently

selected SRAM low, flipping its state to potentiated or depressed, respectively, if necessary.

Analog currents are sent off chip at the same time as digital values. Only 32 of 224 rows
include an ~ASCAN line as there are only two rows of neurons per metapixel, whereas
their are 16 rows of SRAM. When ~ASCAN is low it allows V, to drive its current as
the column current, Icor. All 112 columns include an Igop line, whereas only 96 include
~BIT or BIT lines, since their are 7 currents per metapixel row and only 6 SRAM cells.
H Scanner selects one column current to drive a current out pad, which drives an off-chip

resistor, R, generating (buffered) voltage Vour.
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Figure C.2: Scanner Segments
The vertical (left) and horizontal (right) segments contain a shift-register (gray) and additional circuitry
(black). The vertical segment contains circuitry to activate the SCAN line only if both shift-registers have
the same state, which occurs when @ is high. The horizontal scanner contains circuitry to send the selected

segment’s SRAM state off chip and to overwrite it. * indicates a weak pull up.

C.2 Segments

The vertical and horizontal segments are based on a shift register, consisting of a pair of
cross-coupled inverters (Figure C.2). Each pair receives two nonoverlapping phases from a
clock. Input clocks, VCLOCK and HCLOCK, each drive their own clock-generator circuit,
which creates the nonoverlapping phases, ®; and ®,. The first pair of inverters receives
active high and active low input from the previous scanner segment (or from the last one, if
itis the first), Q,.; and ~Q,.;. When ®; goes high, the first inverter pair copies Q,.;’s state,
and latches it when ®; goes low. When ®, goes high, the second inverter pair copies the

state of the first, completing the transfer of Q,_;’s state to Q.
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The vertical segment includes circuitry to prevent any SCAN row signal from being
active. While SCAN is high, SRAM cells in the selected row are shorted to their ~BIT or
BIT lines, which act as large capacitors on the order of picofarads. Such large capacitance
prevents the internally generated signals from changing the SRAMs’ states. To solve this
problem, I AND the states of both inverter pairs. Therefore, the SCAN line is only high
when @, is high. The user need only keep VCLOCK high to ensure @5 is low and no row

is selected, except when scanning out the SRAM array.

The horizontal segment includes circuitry to send the selected SRAM’s state off chip.
To send the selected SRAM’s state off chip, | NOR every SRAM’s ~BIT, line with ~Q,,. If
both are low, the NOR gate is high, signaling SRAM n is selected and its state is low. I OR
the output of all NOR gates together: A gate in each pixel ORs its own NOR-gate output
with that of the previous segment. The signal sent off chip, SRAMOUT, is the inverted

value of the selected SRAM’s state.

The horizontal segment also includes circuitry to overwrite the selected SRAM. The
~WRITEHI and ~WRITELO signal the circuit to write the selected SRAM segment high
and low, respectively. I OR each one with ~Q,. If the write line and ~Q, are low, the
OR gate’s output is low. The OR gate’s NMOS output transistors are strong and pulling
the bit line low, which overcomes the weak PMOS transistors of the SRAM and overwrites
its state, depending on which write line was low. On the other hand, if the write line or
~Q, are high, the OR gate’s output is high; however the OR gate’s output PMOSs are very

weak, too weak to overcome the strong NMOSs in the SRAM.

The OR’s PMOSs do serve an important purpose: They drive the ~BIT or BIT lines
high when VCLOCK transitions to high, pulling SCAN low. If the any lines were left low,

SCAN’s transition to high would short the line capacitance to the SRAMs, which would
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overcome the SRAMs’ weak PMOSs, overwriting the bit. With the lines high, SCAN’s
transition still shorts the line capacitance to the SRAMs, but the SRAMs’ NMOSs are

strong, able to pull the (appropriate) bit lines low, preserving their states.
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