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While modern supervised and reinforcement learning algorithms can train neural networks
to solve a wide range of tasks, the brain often operates in data-sparse regimes where such
extensive supervision is unavailable. This thesis argues that the brain succeeds in these
settings by leveraging inductive biases about the tasks it is likely to encounter. These biases
are embedded in initial connectivity, cell-type structure, and critically, in synaptic plasticity
rules. Here, we investigate how unsupervised synaptic plasticity can shape neural circuits
prior to extensive behavioral experience.

In the first part of this thesis, we study plasticity in the zebra finch song system. In
collaboration with researchers at the California Institute of Technology, we examine the
restoration of singing behavior following viral perturbation of nucleus HVC, a premotor
region essential for song production. Adult male zebra finches transiently lose song after viral
manipulation but recover within approximately two weeks. Strikingly, birds prevented from
practicing during early recovery subsequently require less practice to regain song, suggesting
that recovery is partially unsupervised. We model this process using several unsupervised
plasticity mechanisms, including spike timing-dependent and homeostatic plasticity. While
standard homeostatic rules restore regular spiking activity in a network model of HVC, they
fail to reproduce experimentally observed synaptic reorganization. We therefore propose a
local population-level homeostatic rule that recruits previously silent neurons, accounting for

both activity recovery and synaptic changes.



In the second chapter, we employ meta-learning, a technique by which biologically
plausible learning rules are learned via a supervised procedure, to discover biologically
plausible plasticity rules that organize robust sequential dynamics in HVC-like networks. In
this framework, candidate unsupervised plasticity rules are optimized by a supervised outer
loop to maximize a task objective. Starting from disordered connectivity, the learned rules
reliably self-organize networks into sequence-generating circuits resembling those observed
in vivo. Analysis of resulting rules reveals that plasticity on recurrent excitatory synapses
generalizes Oja’s rule, replacing the classical Hebbian term with a spike timing-dependent
component. We further show that learned plasticity rules can compensate for continual
synaptic turnover and that learned inhibitory plasticity enhances the precision and robustness
of sequential dynamics.

In the final chapter, we apply meta-learning to the self-organization of neural inte-
grators—circuits that generate long timescales via carefully tuned structure to maintain
representations of sensory inputs. Such integrators underlie functions including head di-
rection coding and oculomotor control. We hypothesize that unsupervised plasticity can
shape these circuits from weak structural priors. Using meta-learning, we identify plasticity
rules that reliably organize integration dynamics without requiring previously hypothesized
anti-Hebbian mechanisms. Instead, the learned rules rely heavily on three-factor plasticity.
In a simplified model, we demonstrate how such three-factor mechanisms can tune integrator

circuitry and stabilize persistent dynamics.
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Chapter 1

INTRODUCTION

In understanding our remarkable capacity to move, communicate, think, and problem-
solve, evolution provides essential context. It is extremely probable that the brain did not
arise as a general-purpose computing device, but as an organ shaped by natural selection
to support survival and reproduction under specific ecological pressures. In this view, we
expect the rules by which the brain updates itself to be molded by these pressures. This
evolutionary origin imposes a set of constraints that can guide our understanding of neural
computation and learning. This thesis is heavily informed by three such constraints: (1) that
neural circuits may be optimized not for general problem solving, but for a restricted set of
behaviorally relevant tasks; (2) that sample efficiency and rapid acquisition of reasonable
performance may be prioritized over eventual peak performance; and (3) that robustness,
reliability, and reparability may be favored over fragile optimality. Together, these constraints
suggest a view of biological learning as an extensive bootstrapping process, in which strong
architectural priors and local learning rules enable fast, dependable performance across a

modest number of critical domains, rather than maximal flexibility or asymptotic optimality.

1.1 What is a biological learning rule?

Changes in the strength of connections between neurons are widely thought to underlie
learning in animals [I]. In vertebrates, these connections are primarily chemical synapses.
Depolarization of a neuron’s membrane potential propagates along its axon and triggers
the release of neurotransmitters at synaptic terminals, where they bind to receptors on
the dendrites of postsynaptic neurons. This synaptic transmission modulates postsynaptic
membrane potentials, altering the likelihood of subsequent depolarization and producing
cascading effects across neural circuits.

Early work in Aplysia, a sea slug, demonstrated that habituation and dishabituation of a



gill-withdrawal reflex could be attributed to changes in the efficacy of excitatory synapses,
providing the first link between a learned behavior and the strength of chemical synapses |2} [3].
Subsequent studies in vertebrates connected the repetitive activation of excitatory pathways
in the hippocampus to long-lasting changes in synaptic strength, suggesting a mechanism
by which neural activity induced by experience could be consolidated into the synaptic
machinery [4]. Together, these results suggest that learning and memory are mediated, at
least in part, by activity-dependent modifications of synaptic strength.

Despite extensive progress in identifying the mechanisms of synaptic plasticity in specific
experimental paradigms, there is currently no universal theory governing the evolution of
synaptic efficacy. Synaptic change has been linked to a wide range of local biophysical
processes and properties, including the activity of pre- and postsynaptic neurons, the relative
timing of this activity [5], synaptic size [6], and neuromodulator-dependent changes in
ionic concentrations and conductances [7]. How these diverse signals are integrated to guide

learning in general circuits, beyond well-characterized special cases, remains an open question.

1.2 Overview of neural plasticity rules

Below, we review what is currently known about the mechanisms by which brains modify
synaptic strength in response to neural activity. These mechanisms span a diverse range of
timescales, and may depend on the activity of a single neuron or the activity of a population

of presynaptic cells.

1.2.1 Long-term plasticity

Perhaps the most famous form of plasticity, long-term plasticity refers to activity-dependent
changes in synaptic efficacy that last up to hours or days. Its discovery in the hippocampus,
a brain area implicated in learning and memory, by Bliss and colleagues provided some of
the first insight into the mechanisms by which memories might be formed and maintained
[4, [8]. It has since been shown that long-term potentiation requires activity in both the
pre- and postsynaptic neurons, making it a compelling potential anatomical substrate for
associative learning [9, [10]: it was found that weak synapses could be potentiated if their pre-

and postsynaptic neurons were co-activated, while suppression of postsynaptic response by
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window of depression. (C) Anti-Hebbian STDP, in which the sign of the typical kernel
is reversed. (D) All inhibitory STDP in which both time lags lead to depression. Figure

reproduced from .

hyperpolarizing or voltage clamping the postsynaptic cell eliminated LTP [I1], 12], confirming
the predictions of Hebb roughly 30 years prior [I]. Most synapses capable of undergoing long-
term potentiation (LTP) are also capable of undergoing depression (LTD), suggesting flexible,
bidirectional modification of synapses in response to learning signals [13]. High and low
frequency presynaptic firing rates are thought to mediate these two regimes, respectively [14].
These changes were later found to depend on activation of NMDA (N-methyl-D-aspartate)

receptors; pharmacological blockade of these receptors was shown to impair spatial learning

and memory [15] [16].

1.2.2  Spiking timing-dependent plasticity (STDP)

An incredible theoretical insight by Wulfram Gerstner and colleagues first led to the prediction
that long-term potentiation might exhibit dependence on the precise timing and ordering of
pre- and postsynaptic spikes [I7]. It was later experimentally confirmed that the sign and
magnitude of LTP and LTD could depend on the ordering and time lag between pre- and post-
synaptic spikes as well as the frequency of these events [5], [I8]. In its canonical form, STDP

describes potentiation that occurs when presynaptic activity leads postsynaptic activity, and



depression that occurs when it follows. The magnitude of the synaptic changes generally
correlates with the proximity in time of the two spikes [5]. Plasticity typically requires many
(60-100) pairings of pre- and postsynaptic spikes [14]. In electric fish, it was discovered that
pre leading post induced depression and post leading pre induced potentiation, corresponding
to a sign change of the typical kernel [19], which has hence been termed anti-Hebbian spike
timing dependent plasticity. An important variant of anti-Hebbian STDP induces depression
at both positive and negative time lags of pre and post [20]. Across a range of cell types
and organisms, forms of STDP vary widely, suggesting that the exact form used by a brain
circuit may be specific to the computation it performs [I4]. Further generalizations of STDP
exist, such as triplet plasticity, which generalizes pair-based rules and considers triplets of

spikes [21].

1.2.3  Short-term plasticity (STP)

Short-term plasticity (STP) is a considerably faster form of plasticity that transiently modifies
the efficacy of synapses on timescales from milliseconds to minutes. STP arises from the
mechanics of molecular transmission between the two neurons, and can both enhance and
reduce the effect of future stimulation of the postsynaptic cell [22]. Depression can result from
the depletion of readily available neurotransmitter-carrying vesicles, feedback inhibition of
presynaptic receptors, or receptor desensitization at the postsynaptic target [23]. Facilitation
may result from residual calcium, wherein calcium fails to fully clear between spikes and
increases the release probability upon future spikes [24], the existence of calcium sensors,
which bind Ca?* and make additional spikes more probably, [25], and the saturation of
Ca?* buffers [26]. These changes can be observed after paired pulse stimulation with short
inter-pulse duration ( 20 ms), and also after longer trains of stimuli. The effects of STP are
typically most noticeable in synapses that exhibit a high probability of neurotransmitter
release prior to stimulation [I3]. It was shown in populations of pyramidal neurons that STP
could affect the code by which cells communicate by modifying the postsynaptic response
to presynaptic firing rates and the temporal coherence of inputs depending on the level of

neurotransmitter depletion [27]. Beyond shaping ongoing neural responses, STP has also



been theorized to be an important part of working memory [28], 29].

1.2.4 Homeostatic mechanisms

Another prominent class of plasticity rules describes mechanisms that serve to maintain a
target level of activity for an individual neuron, i.e. a form of homeostatic regulation. One
well studied plasticity rule by which homeostatic regulation of firing rate occurs is synaptic
scaling, wherein neurons maintain a target firing rate by scaling up or down their incoming
synapses, typically on timescales of hours to days [30]. This form of plasticity was first
discovered in cultures of neocortical pyramidal neurons, which were found to restore a baseline
level of activity in response to chronic activity suppression or blockade of GABA-mediated
inhibition [6]. Synaptic scaling rescales synapses multiplicatively (hence its name), which
is theorized to preserve the relative efficacy of distribution of inputs a postsynaptic neuron
receives, while normalizing the firing rate of the cell. The rules for scaling depend on synapse
type: inhibitory synapses tend to strengthen in response to increased postsynaptic activity
[30]. Adaptation of the intrinsic excitability of neurons has also been shown to maintain a
target firing rate [31], 32]. In cultures of pyramidal neurons, this was shown to occur through
adaptation of voltage-dependent conductances [33]. Theoretical work has proposed that these
two distinct forms of homeostatic plasticity may regulate different aspects of recovery from

perturbation [34].

1.2.5 Three factor plasticity

While most early work in plasticity focused on the modulation of synapses by the activity of
pre- and postsynaptic neurons, an emerging literature has begun to describe plasticity in
terms of three factor interactions. So-called three factor plasticity rules describe extensions to
two-factor plasticity rules in which the pairwise rule is modulated or gated by a third factor
[35H37]. A wide range of neuromodulators, including dopamine, adrenaline, noradrenaline,
acetylcholine, and serotonin have been shown to modify effective plasticity rules by, in
particular circumstances, modifying the STDP window, affecting the learning kernel shape

(e.g. converting an asymmetric kernel to a symmetric one or changing the sign of synaptic



modification), and gating synaptic change [7]. GABA, the neurotransmitter that typically
mediates inhibition, has also been shown to affect plasticity of excitatory synapses in particular

cases [38].

1.2.6  Behavioral timescale synaptic plasticity

In a recent landmark paper, it was shown that the formation of hippocampal CA1 place fields
is mediated by a novel form of plasticity that does not depend on postsynaptic activity, but
rather pairing between presynaptic activity and calcium plateau potentials in the postsynaptic
neuron [39]. Potentiation via this plasticity is extremely rapid, requiring 1-2 pairings in vivo,
and 5 when the plateau potential is artificially induced. Further, the timescale of the pairing
window was seconds long, in stark contrast to the typical ~20 millisecond timescale of LTP,
leading to the term "behavioral timescale" plasticity. The discovery of this mechanism has
challenged a host of historical assumptions about the typical timescales of learning rules and

the rates at which they permanently modify synapses.

1.3 Learning rules in the context of living organisms

How might we expect biological learning rules to function given the pressures imposed by
evolution? Here, we discuss a number of heuristics, constraints, and challenges that inform

the nature of learning rules in the brain.

1.83.1 Learning rules can take advantage of the specific structure of brain circuits

In many cases, biological learning rules operate within circuits designed for specific, behav-
iorally relevant tasks. This is particularly true of invertebrates, like Aplysia, C. elegans,
and the fruit fly Drosophila. In these organisms, neurons reliably take particular roles and
connect to one another via largely stereotyped wiring diagrams. A compelling theory is
that the structure of brain circuits does not simply provide a promising starting point for
generalized learning rules, but that biological learning rules are adapted to function within
specific circuits to achieve particular aims. Thus, if the structure of a circuit is arranged

to solve a particular task, the learning rule operating within it can leverage the circuit’s



structure to accelerate learning.

An example of the synergy between the structure of a neural circuit and a learning rule
acting upon it can be found within the head direction system of Drosophila. This circuit,
located within the central complex, tracks the orientation of the insect’s head direction
relative to salient landmarks [40, 41]. Glutamatergic neurons within the ellipsoid body,
known as E-PG cells, connect to one another in a ring-like topology and fire persistently
to represent particular angles of this orientation [42]. The structure of this circuit appears
to be arranged for the specific task of tracking a continuous periodic variable. It has been
shown that the persistent activity representation of the insect’s heading integrates self-motion
cues, allowing the fly to navigate in darkness. In addition to exciting their neighbors, E-PG
neurons receive retinotopically organized inhibitory visual inputs via a separate cell type,
known as ring neurons. The direct mapping of visual input to this circuit aligns the heading
representation naturally with input from the eyes. Learned depression of the connections
between ring and E-PG neurons can be used to correct estimates of head direction based
on incoming visual cues. A recently discovered plasticity rule has been shown to facilitate
this depression based on activity in ring neurons and coincident release of a neuromodulator,
octopamine, leveraging the topology of the circuit and conveniently distributed visual input

to facilitate rapid corrections to heading via visual cues [43].

Although less common, vertebrates also possess circuits that appear to be dedicated to
specific tasks. The zebra finch brain contains a set of nuclei (non-laminar collections of
tens of thousands of neurons) dedicated to song learning and production. These nuclei are
arranged in two pathways; one is believed to be an “experimental" pathway by which song
is learned, while the other consolidates successful changes to song discovered by the first.
These two pathways converge in premotor area RA, which sits upstream of the bird’s vocal
organ. A specialized learning rule was discovered in which inputs from one pathway to this
area modulate plasticity on inputs from the other, intriguingly with opposite sign [44]. This
plasticity rule may act to mediate the balance in drive from the experimental pathway to the

more stereotyped one as learned song is consolidated.



1.3.2  Biological learning may favor early suboptimal performance over eventual optimal

performance

While learning via trial and error can eventually lead to optimality, evolutionary pressures
may rather have crafted neural circuits and paired learning rules that exhibit extreme sample
efficiency. As highlighted in a recent perspective, a host of animals rapidly become competent
at survival-essential behaviors following birth, suggesting that sufficient early performance is
often an evolutionary bottleneck [45]. In extreme cases, behaviors may require no or nearly
no learning, as in the weaving of a web by a spider [46] or the flight of mice in response
to looming stimuli. Such bottlenecks may also explain the lack of optimality of animals
in certain domains: if the circuitry required to perform some behavior optimally does not
merit its energetic cost, or worse, impedes survival at early stages, learning rules may reflect

simpler, more heuristic strategies.

1.3.3 Robustness and reliability

Neurons and synapses are a dynamic and therefore challenging substrate to support intelli-
gence. It has been estimated that synapses between pyramidal neurons in mouse hippocampal
area CA1 have a mean lifetime of two weeks [47]. Assuming independence, this result implies
complete turnover of the synaptic population in roughly 2-3 times that timescale. In areas of
cortex, the longevity of synapses is estimated to be longer: an estimated 73% of dendritic
spines were stable for at least 8 days in mouse somatosensory cortex [48]. In addition to
synaptic turnover, cell death, whether natural or induced by trauma or disease, further
contributes to the shifting nature of the brain’s structure. In extreme cases, brain areas
demonstrate remarkable preservation of function in the face of perturbations, including
transection, viral infection, and ablation of inputs. A number of examples will be covered in
Section [2:4] Taken together, these findings imply that the learning algorithms employed by

the brain are able to compensate for these complications to enable behavior.



1.8.4 Locality

Perhaps the clearest constraint on the nature of synaptic learning rules is the fact that
information used by plasticity to modify the synapse must be local to the synapse. Despite
an extremely high degree of connectivity between cortical neurons (cortical neurons receive
roughly 10,000 synapses in some estimates [49]), an individual cell may still receive no direct
information about the state of neurons to which it is not directly connected or spatially
proximal. Thus, the brain must coordinate its neurons on the basis of partial information
about its global state. This constraint has proven particularly problematic in making
correspondences between learning in the brain and in artificial networks, which are typically
trained using backpropagation [50], the supervised learning algorithm that has enabled
the modern age of artificial intelligence, which requires neurons to have access to nonlocal

information.

1.4 The search for learning rules via meta-learning

Given the large space of potential learning rules and the many factors upon which they might
depend, a compelling approach is to start not from the learning rule, but rather from the
desired function of a circuit, and to ask which rules are consistent with that function [51].
An emerging approach, termed "meta-learning," has been to express the desired function of
a circuit via a loss function, and then to tune the parameters of a local plasticity rule via a
supervised optimization procedure to minimize the loss. The earliest known approach of this
nature was reported in [Bengio et al.l Meta-learning typically unfolds via an inner and outer
loop. In the inner loop, the dynamics of a network and a parameterized local plasticity rule
are allowed to evolve over time. The outer loop then evaluates the resulting dynamics or
network structure via the loss function, and modifies the parameters of the learning rule in
order to minimize the loss in future iterations. Typical choices for the supervised optimization
procedure include evolutionary strategies [51] and gradient-based methods [53].
Meta-learning presents a number of advantages over classic computational approaches to
discovering plasticity rules. First, it alleviates the process of tuning plasticity rule parameters

by hand; this aspect is particularly useful when tuning multiple plasticity rules within the



10

w—CTFa:y,

VA/

= L4yn(C) +P(C)

’”

Figure 1.2: Schematic of meta-learning Meta-learning proceeds via an inner and outer
loop. In the inner loop, synapses evolve in simulation along with network dynamics according
to a rule parameterized by a set of parameters, C, which weight a set of basis functions, F'.
Once run forward, the results of the simulation are evaluated with respect to a loss function,
L(C), which is used to tune C' in the space of possible parameterizations. An additional

penalty, P(C') can be added to encourage sparsity in the basis.,
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same network, in which case the interaction between distinct rules can have unexpected
consequences [54]. In addition, the loss function may be defined as average or median loss
over a number of networks, imposing the requirement that a discovered rule perform well in
a number of network contexts. This approach may also allow researchers avoid biases about
the types of plasticity that enable a particular function. Automated discovery may lead to
the discovery of novel plasticity mechanisms, and reveal in certain contexts that many rules
may lead to similar function [55].

While meta-learning is often effective in finding plausible plasticity rules, interpreting its
results can be challenging. Even relatively low-dimensional bases can quickly become difficult
to interpret, and this can be exacerbated if the basis functions are themselves parameterized
combinations of many variables [54]. Another issue is that of long-term stability of the
joint plasticity rule and network dynamics: if dynamics are only unrolled for a finite period,
meta-learning does not guarantee stability of longer timescales. Some authors solve this by
imposing penalties for weights that do not converge over the course of the simulation period,
but this may rule out plasticity rules that rely on continual synaptic change [54].

To date, research in meta-learning plasticity has largely had two foci. The first is the
search for a biologically plausible replacement for backpropagation [52, 56H59]. Here, the aim
has been to discover a single rule that could act as a replacement for typical error-propagation
methods, but which does not violate the idea that the synapse should update its strength
based on locally available information. These studies primarily focus on feedforward network
settings in which error signals are randomly projected back to neurons in the network. In all
work we are aware of, the performance of backpropagation has typically stood as an upper
bound on discovered plasticity rules on tasks considered difficult by modern machine learning
standards.

The second area of focus is the discovery of unsupervised plasticity mechanisms. Here,
potential rules are not functions of supervised targets or error, and instead evolve weights
purely from local variables, such as pre- and postsynaptic activity, synapse size, inputs from
distinct cell types, and membrane voltage. Work in this setting has focused on recovering
known plasticity rules [51], discovering novel timing-based kernels that organize cortical-like

population spiking dynamics [58), [60], continual familiarity detection [61], representation



12

learning [62], and embodiment [63].

While not the focus of this thesis, a complementary line of work uses meta-learning to
search for architectural priors capable of enabling rapid learning and efficient generalization.
Research in this space has considered compressible structural priors [64, [65], and has shown
that biologically inspired network architectures can lead to rapid learning on naturalistic

tasks [66].
1.5 Summary of contributions

The bulk of this thesis explores the application of automated procedures to discover local,
non-feedback-mediated plasticity rules that organize sequential and integration dynamics.
In Chapter 2, I describe my work modeling the outcome of an experimental manipulation
of a sequence generating network in the bird brain. In this work, I implemented a network
model in which I explored learning rules that are capable of restoring the sequence and that
satisfied constraints from experimental measurements of synaptic strength. We proposed that
a novel population level learning rule can explain the experimental data. The complexities of
proposing and testing many variants of rules motivated my interest in a more automated
approach. Thus, in Chapter 3, I take a meta-learning approach to discovered plasticity
rules that lead to the self-organization and maintenance of sequential dynamics in networks
and excitatory and inhibitory neurons. In Chapter 4, I apply this meta-learning strategy
to a more challenging problem of broad interest in neuroscience: the self-organization of
line attractor dynamics. For a small circuit model, I derive a novel set of rules that are
capable of solving this problem. I introduce a novel approach to visualize and characterize
the resulting high-dimensional learning rules. Finally, I propose reduced sets of rules and

test their similarity to the discovered rule sets.
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Chapter 2

RESILIENCE AND RECOVERY THROUGH PLASTICITY AND
NETWORK ARCHITECTURE IN THE ZEBRA FINCH

Some of the contents of this chapter are published in Nature Neuroscience as |[Wang et al..

2.1 Introduction

Brains must reliably perform computations necessary for survival and reproduction. They
face a host of challenges in doing so, however, including the effects of disease, cell and synapse
death, aging, and trauma. Here, we investigate the mechanisms behind the remarkable
reliability of brain circuits by studying the perturbation and recovery of the dedicated circuit
that underlies singing behavior in the zebra finch. In this chapter, we discuss several aspects
of this reliability, including the plasticity rules that may serve to repair the circuit and the
dynamics of the circuit itself, which display little sensitivity to change in parameters.

The bulk of this chapter describes modeling and theory results that accompanied a set of
experiments in which the motor system that governs singing behavior in the songbird was
disrupted by a set of cell type-specific viral perturbations. Here, select cell types within HVC,
a premotor nucleus essential to singing behavior in adult male zebra finches, were disrupted,
resulting in the eventual silencing of song. However, after roughly ten days, animals largely
recovered their ability to sing. We investigate a number of plasticity mechanisms and their
potential to effect recovery of typical dynamics within a model of HVC, including homeostatic
plasticity, spike-timing dependent plasticity, and a hypothetical population-level homeostatic
rule. Under the hypothesis that these rules remain continually active in the absence of
perturbations, we describe aspects of plasticity rules that are necessary for stable sequential
activity.

A second set of results focuses on the dynamics of HVC, which experimental evidence
suggests provides a timing signal for downstream pre-motor areas. We first develop a simple

model of the dynamics within HVC based on the hypothesis that its structure is essentially
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a feedforward excitatory network with winner-take-all inhibition [68]. This feedforward,
sequential connectivity can support a propagating mode of excitation which serves as a
clock for the downstream motor areas. We show within our model that the speed of this
propagating mode through the network varies minimally as the strength of excitatory and
inhibitory synapses are changed, while the number of spikes in the propagating mode and

the average frequency of these spikes can change more freely.
2.2 Preliminaries on the zebra finch

Adult male zebra finches sing a highly stereotyped song composed of syllables, the smallest
unit of song, which are roughly 100 ms long and strung together into motifs with intervening
silences. These motifs are repeated, resulting in bouts, which are often 1-2 seconds long.
Mature song production is not innate, but rather is learned from a tutor when the bird is
a juvenile. Song acquisition can generally be divided into three stages: subsong, plastic
song, and crystallized song. During the subsong phase (beginning 25-30 days post-hatch),
the bird’s vocalizations are similar to babbling observed in infants [69]. During the plastic
song phase (beginning 50 days post-hatch), the juvenile’s song begins to take the shape
of the tutor’s, but both the acoustic features of individual syllables and their orderings are
variable. In the crystallized phase of song (beginning 90-120 days post-hatch), the ordering
of syllables within the motif and acoustic features solidify into the song the bird will sing for
the remainder of its life [70].

A juvenile’s eventual acquisition of song is predicated on exposure to tutor song. Auditory
exposure to mature song is sufficient to trigger the process of imitation. This exposure must
occur during a first critical period (25-65 days post-hatch), resulting in the bird acquiring
a memorized template of song. Acquisition of the template is distinct from the process of
vocal experimentation: zebra finches exposed to tutor song but isolated from a tutor by the
time they begin singing nevertheless learn to imitate the tutor song [71] [72]. Birds denied
exposure to tutor song during this critical period will never develop song [73, [74].

The process of song imitation involves a feedback loop of experimentation and self-
evaluation. Auditory interventions that prevent birds from accurately evaluating their song,

such as deafening or playing noises that mask the bird’s own vocalizations, result in malformed
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song |75} [76]. Reinforcement learning is thought to underlie this iterative learning process
[[7H79]. A number of studies have correlated dopamine neuron activity during song with
classic reward prediction error signals [80, [81]. Population dopamine activity is predictive of

a song’s evolution in acoustic feature space, and is consistent with a single vocal target [80].

2.2.1 The neural substrate of song acquisition and production in the zebra finch

Twin neural pathways underlie the acquisition and production of song in the zebra finch.
The first, known as the Anterior Forebrain Pathway (AFP), is thought to be responsible
for the acquisition and maintenance of song. The AFP begins in HVC (formerly, the High
Vocal Center, now simply referred to as a proper noun) and continues through the basal
ganglia nucleus Area X, to the Dorsal Lateral Nucleus of the Medial Thalamus (DLM), to the
Lateral Magnocellular Nucleus of the Anterior Nidopallium (LMAN). LMAN then projects
to the Robust Nucleus of the Archistriatum. The Descending Motor Pathway (DMP), forms
a complementary path, beginning in HVC, continuing to RA, which projects to the dorsal
medial nucleus (DM) and the tracheosyringeal part of the hypoglossal nucleus (nXIIts), which
innervates the syrinx, the bird’s vocal organ. The DMP is thought to be responsible for
mature song production.

A series of studies have disambiguated the roles of these two pathways. Lesions to RA and
HVC have demonstrated their necessity for singing behavior in birds with crystallized song,
with bilateral lesions of HVC resulting in permanent ablation of song [82, [83]. The same
lesions in the female have no effect on their calls, distinguishing these nuclei as underlying
learned song as opposed to innate vocalizations. Lesions to Area X have no effect on
crystallized song, but abolish song learning [84, 85]. Further, X lesions paired with deafening
results in the eventual deterioration of the acoustic features that distinguish song, suggesting

that the AFP is important for both song learning and maintenance.

2.2.2 HVC as a sequence-generating circuit

Recordings from HVC demonstrate that excitatory neurons that project to RA (HVC(RA)

neurons) exhibit sparse, song-locked activity, firing in 1-3 bursts of 4-6 spikes per motif
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Figure 2.1: Putative structure and dynamics of HVC (Left) Putative structure of HVC.
The red excitatory neurons represent the HVC(RA) cells, which connect to one another in
feedforward manner. These neurons are mediated by recurrent inhibition implemented by
inhibitory interneurons. (Right) Putative dynamics of HVC during song. Excitatory neurons

fire in one burst while interneurons fire tonically.

[86]. Population HVC(RA) activity is consistent with a uniform distribution of firing times
throughout song, leading to the belief that HVC acts as a timing signal for singing behavior
[87]. Cooling of HVC but not RA results in a slowing of song tempo consistent with HVC
acting as the locus of timing for song. The sparse sequential dynamics of HVC(RA) neurons
are hypothesized to provide a timing scaffold for song that is independent of the spectral
properties of song. Such a representation of time has been shown in certain models to simplify
the credit assignment process by breaking down song learning into a moment by moment
problem of driving the correct set of motor neurons [35], 88, 89]. RA also demonstrates
song-locked firing, but its constituent neurons do not fire as sparsely as HVC(RA) neurons
[00-92], and a major portion of its excitatory input comes from HVC [83].

The sparse song-locked dynamics of HVC(RA) neurons led to the hypothesis that HVC
is fundamentally a sequence generating circuit [93]. Models have suggested these dynamics
might arise via excitatory projections between HVC(RA) neurons, which form a feedforward
network capable of generating propagating modes of excitation. Support for this hypothesis
includes experiments that revealed that the depolarizations of HVC(RA) membrane potentials

occur shortly before burst onset, suggesting these neurons receive most of their excitatory
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input at once [68], in contrast to predictions made by "ramping" models in which HVC(RA)
neurons integrated more temporally distributed input. Further, cooling HVC results in a
slowing of song tempo consistent with increased synaptic transition time through a chain-
like network whereas cooling RA does not have the same effect on timing [94]. Finally, a
chain model is consistent with connectivity statistics measured by slice electrophysiology:
HVC(RA) — HVC(RA) coupling is sparse but existent, while connectivity between HVC(RA)
and interneurons in either direction is common ( 75% in each direction) [95]. Further,
approximately 50% of HVC(RA) neuron pairs inhibit one another disynaptically, consistent
with a model of widespread global inhibition [95]. While some models suggest interneuron
connectivity with the HVC(RA) population is purely random [68], others have suggested this
inhibition is structured, leading to enhanced precision in the firing times of HVC(RA) neurons
[05, 96]. However, it is clear that excitatory cells carry considerable timing information in
this circuit since altering the timing of gaps in inhibition on HVC(RA) neurons does not

reliably alter their firing time [95].

2.2.8 Models of HVC chain dynamics

The earliest known model of chain dynamics is the "synfire chain" popularized by |Abeles|,
who showed coincident arrival of inputs onto a postsynaptic target could produce a stable
propagation in a chain-like network of excitatory neurons. In this model, dispersion of activity
caused by membrane or synaptic transmission dynamics competes with the amplification of
inputs via a nonlinear gain to create a steadily propagating mode [98]. |Li and Greenside
demonstrated this model could explain the propagation of a 2-6 spike burst of excitation
within a 1-D chain. Models of sequence generation within HVC typically additionally include
recurrent inhibition implemented through the interneuron population [68) 100, 10I]. The
inclusion of these inhibitory cells significantly alleviates the problem of fine tuning feedforward
excitatory connections in these models, as blanket inhibition serves to regulate the growth of
the propagating mode and enforces winner-take-all dynamics in which the network can only
propagate one packet of excitation at a time [102]. |(Chang and Jin| derived conditions under

which a packet of spikes can propagate in a simplified conductance-coupled model of a 1D
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inhibition-dominated network, where 1D here refers to the fact that neuron ¢ is only coupled

in an excitatory fashion to neuron ¢ 4+ 1. Their model has the following dynamics:

d .
Tdi? — Ep+1—-V(t) + 1, (2.1)

where V; is the membrane potential of neuron j, I is a constant external input, and I, is a

synaptic current given by
I, =37 (=G Vi) + G (B = Vj(1))) 78(t — t), (2:2)
0

where G; > 0 and Gg > 0 are the inhibitory and excitatory gains, E; < 0 is the reversal
potential the inhibitory inputs (Eg is assumed zero), 7 is a time constant, and s, is the
index of the neuron spiking at time ¢,,. The neuron is assumed to spike when V} reaches ©,
after which the neuron is reset to V; = V..

Two conditions must be met: the first is that inhibition must be sufficiently strong, which

can be expressed as:
G

_"_ g <e, 2.3
Gi+Gg '~ (23)

where G and G are the inhibitory and excitatory gains, E7 is the reversal potential of the
inhibitory inputs (Ef is assumed zero), and © is the threshold voltage. If this condition is
not satisfied, the number of spikes propagating through the network will grow indefinitely.
The second condition is that propagating excitation must elicit at least one spike in the
subsequent neuron while the inhibition is in a steady state condition, which is predicated on
G being sufficiently large given G; (exact conditions can be found in |(Chang and Jinl).

A number of authors have also suggested that nonlinear spiking dynamics in excitatory
neurons in the sequence, which leads to bursting, might contribute to the robustness of spiking
behavior [68, [103]. This mechanism can decrease the jitter in timing of a neuron’s activity by
increasing the stereotypy of excitation a neuron delivers to postsynaptic targets when it fires.
It was shown experimentally that HVC(RA) bursts occur on top of a long-lasting calcium
depolarization, although the same neurons do not show a burst response to intracellular

current injection [68].
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2.2.4 Plasticity in feedforward sequential networks and models of HVC

Sequences of activity have been shown to organize under a number of supervised and
unsupervised mechanisms [100} [10T], T04-108]. Here, we review the most common plasticity
mechanisms evoked to explain the formation and maintenance of chain-like networks that
generate sequences of activity, including models of HVC. For unsupervised rules, spike timing-
dependent plasticity (STDP) is the most common mechanism evoked. STDP in combination
with other bounding mechanisms has been shown to organize sequences under external inputs
with no average temporal ordering [100], 101} 104, 106] and also inputs with some average

ordering [105] 108].

Spike timing-dependent plasticity

Most unsupervised rules that lead to sequential activity leverage some form of spiking-
dependent plasticity, by which neurons that fire in sequence lead to potentiation of the
synapse that connects them. This mechanism is a form of Hebbian learning [I] in which the
precise timing of inputs matters. It was first discovered in cultured hippocampal neurons [5],
and connected to sequential propagation of activity and sequence learning by [Abbott and

Bluml|, who showed that the synaptic modification rule,

t
By = [ HEOA(ste+ O (s(0) de . (2.4)

could lead to entrainment of sequential input into sequences of activity. Here, f;(s(t)) is
the firing rate of neuron ¢ when the sensory input is equal to s(¢) and H(t') is the STDP
kernel, which is typically chosen to be antisymmetric and positive for positive values of t'.
Under this rule, the synapse j — ¢ will grow if f;(s(t)) tends to peak after f;(s(¢)). Resulting

networks have a feedforward structure that reflects the ordering of sensory inputs.

Bounding STDP

In isolation, such STDP will permit synapses to grow in unbounded fashion [108], which leads
to compression of the learned sequence and eventual collapse in the dynamics. To avoid this,

STDP must either be switched off after some finite amount of time or be counterbalanced
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with another mechanism. The literature has explored a wide array of mechanisms that could
counterbalance STDP, including forms of firing rate homeostasis, heterosynaptic plasticity,
bounds on the size of individual synapses, and synaptic pruning. Here, we discuss the relative
advantages and disadvantages to these mechanisms.

The first mechanism by which STDP might be bounded is firing rate homeostasis. [6] first
noted that neocortical neurons could scale their afferent synapses in an activity-dependent
manner. In culture, chronic activity blockade resulted in an increase in miniature excitatory
postsynaptic currents (mEPSCs), a measure of spontaneous neurotransmitter release thought
to correlate with the strength of synapses. The scaling of the amplitude of these currents
suggested the compensatory mechanism was postsynaptic, but forms of homeostatic plasticity
have also been discovered at the neuromuscular junction that operate via presynaptic changes
[109]. These mechanisms are thought to adjust all synapses afferent to a neuron in order to
move it toward a target firing rate. In some systems this adjustment occurs in a multiplicative
manner.

This simplest form of homeostatic plasticity may be written as
Awij(t) = a wij(Trarger — i(t)), (2.5)

where wj; is the synapse size, target is the target firing rate of the neuron, « is a scaling factor,
and synaptic modification occurs to all synapses w;; in order to modify the postsynaptic rate
x;(t). This rule, however, is generally insufficient to bound STDP if it is linear in pre- and

postsynaptic firing rate, e.g.
t
Busy = [ H@mi(e+ )0 de. 26)
0

To solve this, firing rate homeostasis can be made second order in the postsynaptic firing as
in Oja’s rule [110] and [Pereira and Brunel. If the STDP rule itself saturates as a function of
pre- or postsynaptic activity, then a homeostatic rule like Eq. can be sufficient to bound
synaptic growth.

STDP can also be bounded by heterosynaptic plasticity or multiplicative scaling of

synapses. These rules typically normalize the total synaptic strength onto a postsynaptic
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neuron in an L1 or L2 fashion,

1/p
Wij — wij/ (Z wfk> R (2.7)
k

where p € {1,2} for an L1 or L2 norm, respectively. [E proved that under slow weight update
and stationary input, synaptic normalization via an L2 norm is equivalent to adding a term
proportional to —wija:? to an additive learning rule. If input is not regular and stationary,
synaptic normalization differs from Oja’s second order term in that it does not require activity

to take effect.

A number of other mechanisms have been used in models to bound STDP, including
bounding of single synapses, in which a hard bound is installed to prevent growth in synaptic
strength beyond a chosen value [I01], T06]. This mechanism typically is paired with synaptic
scaling, a bound on total weight growth [I0I], or synaptic pruning, as in (Tupikov and Jin,

where a limit to the number of outgoing or incoming synapses from a neuron is imposed.

Models of sequence organization not based in STDP

Error-based plasticity rules are also capable of generating sequences of activity. Backprop-
agation and FORCE learning [I111] have both demonstrated the capacity to learn target
sequences of activity [89, 112]. The change in synaptic connectivity required to induce
sequential activity can be very small compared to the typical regime induced by STDP-like
rules. Sequential, but periodic, activity has also been shown to arise in networks with

extremely sparse connectivity regulated solely by synaptic scaling [113].

2.3 Unsupervised restoration of a complex learned after large-scale neuronal
perturbation

We now describe the main results of this chapter. All experiments were performed by Carlos
Lois’s lab at the California Institute of Technology. Figures are reproduced, with minor

modifications, from [Wang et al.



22

a Virus injection

Scaled amplitude

HVC

Figure 2.2: Schematic of viral perturbation and spectrogram of unperturbed song
(a) Schematic drawing illustrating the visual guided virus delivery into HVC (see Methods
Wang et al.). (b) Spectrogram of a motif from an unperturbed animal. The syllables are

indicated by different colors and numbers in the spectrogram.

2.3.1 Ezxperimental results

Twin viral perturbations of HVC were performed in adult male zebra finches via a bilaterally
injected lentiviral vector (Fig. ) The vector has previously been shown to selectively infect
HVC(RA) projection neurons [IT4] [115]. The first set of perturbations virally expressed
a bacterial voltage-gated Na® channel known as NaChBac [116], which is known to be
active at membrane voltage levels at which vertebrate Na+ channels are inactive and
induces long-lasting depolarizations (>1 s) in neurons once activated [II7HIT9]. This is
substantially longer than the typical depolarization timescale in vertebrates, which is often
on the order of milliseconds. In the second set of perturbations, the same lentivirus was
used to deliver tetanus toxin (TeNT), an enzyme which cleaves synaptobrevin, a protein
required for neurotransmitter release. While the toxin leaves electrical activity of the neuron
unaltered, it prevents communication with downstream targets. Paired whole-cell patch
clamp recordings were used to confirm that TeNT perturbation prevented HVC projection

neurons from driving their interneuron counterparts (see Wang et al.)).

Both NaChBac and TeNT viral perturbations induced song degradation in similar manners
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Pre-perturbation

Figure 2.3: Song degradation and recovery after selective large-scale perturbation
of excitatory neurons Example spectrograms and UMAP visualizations of the song of a

bird injected with LV-NaChBac.
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Figure 2.4: Syllable recovery vs number of practice epochs with or without song
prevention (Left) Example plots of syllable recovery vs number of practice epochs with
or without prevention. (Right) Group data of the number of practice epochs to reach half

recovery of each syllable, each column is one bird.

(Fig. . NaChBac-infected animals showed no changes to their songs for the first 2-3 days
post infection (dpi), after which the temporal and acoustic aspects of song fully degraded.
TeNT-infected animals showed signs of degradation at 1 dpi. Following both perturbations,
songs consisted of shorter, weaker, and noisier syllables, where syllables were defined as any
continuous song element. Remarkably, by 20-25 dpi, the song features of song were fully
recovered. TeNT-infected neurons were still muted at >25 dpi, even after the song had

recovered.

To assess whether recovery of song depended on practice, TeNT-infected animals were
prevented from singing during a two-week period following infection, after which they were
allowed to sing freely. After singing tens of renditions in a single day, animals produced song
that was as recovered as animals that had sung thousands of songs since perturbation. An
analysis of recovery as characterized by acoustic features of song (see [Wang et al., Methods)
revealed individual syllables recovered with less practice when prevented from singing (Fig.
. This result suggested that offline mechanisms may be key to the recovery of regular
HVC activity.
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Figure 2.5: Measurements of mEPSCs of HVC(RA) neurons reveal increased
frequency of spontaneous events (a) Schematic illustrating whole-cell recordings from
HVC(RA) neurons in birds injected with LV-TeNT or naive controls; (b-c) Group data of
mEPSCs. “Degraded” indicates recordings at 5 dpi when the song was degraded. “Recovered”

indicates recordings at 25 dpi, after the song had fully recovered.
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To understand the mechanisms by which HVC recovered from TeNT infection, whole-cell
recordings of unmanipulated HVC(RA) neurons were performed. These neurons showed no
change in their intrinsic excitability or inhibitory synaptic inputs. However, the frequency of
mEPSC events increased substantially over the contralateral control, suggesting excitatory
inputs to these neurons increased in number, presynaptic release probability, or strength (Fig.
. These effects were only observed in ipsilateral hemisphere upon unilateral injection,

suggesting the mechanism of recovery was local.

2.8.2 Modeling results

Using several models, we explored how synaptic plasticity mechanisms could contribute to
unsupervised recovery of network activity after perturbation and to account for the observed
synaptic changes. Song recovery in animals that were prevented from singing suggests
that plasticity initially occurs largely locally within HVC rather than through behavioral
feedback from practice. We sought to determine which mechanisms are consistent with
restoration of the sequence as well as with our physiological findings about synaptic strength
changes. We modeled HVC as an excitatory-inhibitory (E-I) network, with HVC(RA) neurons
connected to each other in a feedforward, polychronous chain and recurrently connected
to interneurons (Fig. [2.6p, top) [68, 100, 120]. We then inactivated varying fractions of
the HVC(RA) population (Fig. [2.6k, bottom) to mimic the silencing of neurons caused by
TeNT expression. To explore mechanisms that may enable recovery, we first implemented
spike-timing dependent plasticity (STDP) between excitatory neurons (E—E), which is
integral to many models of sequence self-organization [100], [I0T) 105, 121], and a form of
downward firing rate homeostasis, which scaled down an HVC(RA) neuron’s afferents if its
activity exceeded a threshold (see Methods, Eq. 1). STDP alone is unlikely to rebuild the
feedforward sequence once broken, as this learning rule requires activity in both pre- and
postsynaptic neurons to strengthen synapses. It is possible that the addition of noise can
drive random activity that may allow rebuilding of the sequence (see Fig . We found
that STDP can indeed restore sequential activity with the help of independent random inputs

across the network, but that this restoration only occurs for weak perturbations (Fig [2.9h).
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Further, this mechanism does not produce the increase in excitatory connectivity relative
to the level before perturbation in HVC(RA) neurons observed by our electrophysiological
measurements (Fig[2.9b, Fig[2.10p-b).

As STDP alone was insufficient to restore the sequential dynamics in our model of HVC,
we next considered whether cell-autonomous homeostatic mechanisms may enable recovery
of the network, as was previously proposed to account for recovery from lesioning in Nif, a
nucleus upstream of HVC [122]. While homeostasis may act either on intrinsic excitability
or synaptic inputs, our recordings showed that unmanipulated HVC(RA) neurons did not
show changes in intrinsic excitability post-perturbation (see |Wang et al., Extended Data
Fig. 7), but rather in their synaptic inputs (Fig[2.5pb). Thus, we added a cell-autonomous
homeostatic rule into our model, based on scaling excitatory synaptic inputs to individual
excitatory neurons to maintain their firing rates (Fig ) The implementation of this rule
is consistent with reports that have found activity-dependent synaptic homeostasis in other
circuits with sequential dynamics [123]. We found that adding this form of cell-autonomous
synaptic homeostasis in excitatory neurons reliably restored sequential network activity, and
that individual cells fired at close to their original times in the sequence (Fig. and Fig.
2.8b). In addition, implementing STDP between excitatory and inhibitory neurons (E—I)
enabled the rebound of input to inhibitory neurons observed in our experiments (Fig. 7
blue line). However, in models employing STDP alone or both STDP and cell-autonomous
synaptic homeostasis, the recovered HVC outputs remained reduced in proportion to the
percentage of neurons inactivated, weakening accordingly the drive to downstream regions
(Fig. , d). Additionally, these models did not reproduce the relative increase in excitatory
synaptic input to unmanipulated excitatory neurons as revealed by our experiments (Fig
, Fig. , d).

A potential mechanism by which HVC might restore the strength of its output to
downstream targets is the recruitment of neurons that initially do not participate in the
sequential dynamics, defined here as “silent” neurons (Fig. ). Multiple experiments have
indicated that a large fraction of HVC(RA) neurons do not fire during song, suggesting
a possible redundancy [86, 93 124]. We hypothesized that the presence of such silent

neurons—assumed to be HVC(RA) neurons connected within the network, but whose inputs
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Figure 2.6: Schematics of sequence network manipulations and plasticity rules (a)
Schematic diagram of the neuronal organization in the model. (b) Schematic illustrating the
single-cell homeostatic plasticity rule implemented. (c) Schematic diagram illustrating that
initially inactive neurons were recruited into the network. (d) Schematic diagram illustrating
that a population-level homeostatic plasticity, governing the summed firing activity of all

neurons, was also implemented in the model.
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Figure 2.7: Rasters of activity in pre-perturbation and recovered sequence networks
(a) Spike raster plots showing the sequential dynamics generated by HVC neurons before
perturbation and after recovery (with only single-cell homeostatic plasticity implemented).
(b) Spike raster plots showing the sequential dynamics generated by HVC cells before

perturbation and after recovery.
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Figure 2.8: Comparison of synaptic strengths and timing jitter between networks
recovering via synaptic scaling and a population homeostatic rule (a) (Left) Plot
of the normalized total excitatory synaptic input per neuron against renditions. RPP,
rendition(s) post perturbation. (Right) Scatter plot of the normalized total excitatory
synaptic input received by each HVC(RA) neuron at three time points; (b) Plots of the
normalized total firing activity of all functioning neurons; (c) (Left) Plot of the normalized
total excitatory synaptic input per neuron against number of renditions. Dashed lines are
adapted from panel g for comparison. (Right) Scatter plot of the normalized total excitatory
synaptic input received by each HVC(RA) neuron at three time points; (d) Plots of the

normalized total firing activity of all functioning neurons.
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Figure 2.9: Comparison of HVC network recovery under STDP, synaptic scaling,

and a population homeostatic rule
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Figure 2.9: Comparison of HVC network recovery under STDP, synaptic scaling,
and a population homeostatic rule (a-b) are generated from networks with STDP and a
downward, single-cell, firing rate homeostasis rule implemented; (c-d) with STDP and 2-sided,
single-cell, firing rate homeostasis; (e-f) with silent cells and population-level homeostasis
added to rules in (a-b); (a,c,e) Percentage of modeled syllables that successfully completed
following >80% of activations in three time windows (before perturbation, perturbed and
recovered) in response to different degrees of perturbation (10, 25, and 50%). Each point
represents a network. Lines represent averages over all networks (n = 15); (b,d,f) The
normalized total firing activity of all functional HVC(RA) (left) or interneurons (right)
plotted against renditions. Solid curves show the average of multiple networks (n = 15) and

shading represents s.e.m.. RPP, renditions post perturbation.

are subthreshold during song—might provide additional resilience by allowing the sequential
dynamics to be partially carried by newly recruited HVC neurons when active constituents of
the network fail. While such shifts in participation could be due to the loss of inhibition onto
silent cells following the loss of excitatory neurons, this picture of recovery is inconsistent
with our experiments in that it does not require the observed increase in the excitatory
inputs onto HVC(RA) neurons. We therefore hypothesized that silent neurons may be
recruited into the sequence through a form of homeostasis that is sensitive to the activity
of the population, for which there is an emerging body of support [125H127]. We modeled
one potential mechanism by which such population homeostasis can be achieved: synaptic
scaling based on the activity-dependent release of a secreted factor (Fig. ) such as
BDNF and TNFa, both of which have been shown to regulate local network activity in a
non-cell-autonomous manner [128-131]. The recruitment of previously silent neurons by
population homeostasis enabled the most complete recovery. The total activity of the network
recovered to a greater degree than models without a form of population homeostasis (Fig
2.9k-f), and the dynamics of the sequence in terms of numbers of participating neurons and

their temporal resolution most closely resembles the state before perturbation (Fig. ,
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synaptic scaling, and a population homeostatic rule
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Figure 2.10: Comparison of evolution of bulk synaptic strengths under STDP,
synaptic scaling, and a population homeostatic rule (a-b) are generated from networks
with STDP and a downward, single-cell, firing rate homeostasis rule implemented; (c-d)
are generated from networks with STDP and 2-sided, single-cell, firing rate homeostasis;
(e-f) are generated from networks with silent cells and population-level homeostasis added to
rules in (a-b). (a,c,e) Normalized total excitatory synaptic input into each unmanipulated
HVC(RA) neuron after perturbations. Note that with population-level plasticity and silent
neurons, an increase in E—E weight over its pre-perturbation value was introduced; (b,d,f)
Distributions of single-cell firing rates per rendition for HVC(RA) (top) and interneurons
(bottom) before and following 50% perturbation. Pre-perturbation distributions in black or

gray. Shading represents standard error.

Fig. ) Furthermore, consistent with our experiments, E—E synaptic inputs increased by
100% (Fig. ) This increase was primarily accounted for by strengthened inputs to silent
neurons (Fig. . Finally, the recruitment of silent neurons (which may be either mature
cells already present or new neurons produced during adult neurogenesis [132]) may initially
add noise to song production, consistent with the observation of an increase in the song’s
variability, peaking at 10 dpi, approximately 4-6 days after the acoustic features of the songs
were maximally degraded. Despite the addition of new neurons into the sequence dynamics,
the timing of the originally active neurons was preserved after recovery, and timing jitter
did not increase beyond that displayed by our model without silent cells (Fig. ) This is
consistent with the reemergence of timing of within-syllable acoustic structure immediately
after song prevention. The participation of new cells in the sequence could also contribute to
noise in the acoustic structure and account for the deviations in acoustic structure observed
immediately after song prevention, before the bird is able to use auditory feedback to tune

the new HVC-RA synapses.
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Figure 2.11: Saltatory recovery of syllable duration

(a) Schematic diagrams showing two types of potential circuit recovery mechanisms. (Left)
Serial — the recovery of sequential firing requires building of feedforward synaptic chains step
by step from the breaking point, such that the duration should regrow continuously. (Right)
Parallel — all links in a sequence are repaired simultaneously, so that the recovery of the full
sequence can be abrupt, when the broken links are fixed; (b) Plot of the normalized duration
of modeled sequential firing against number of renditions. Note that the recovery of the
full syllable duration was not continuous, but instead it occurred by a sudden leap from a
shortened state; (c) Example raster plots showing the sequential spiking of modeled HVC(RA)
neurons, picked from multiple time points indicated by red dots (shortened sequence) or
triangles (full sequence) in panel b; (d) Probability density distributions of the durations of
the modeled syllables at different times (before perturbation, during the degraded period,
during the recovery period, and after full recovery), ordered chronologically. Note the bimodal
distribution of the duration of a single syllable during the recovery phase; (e) Example
spectrograms picked from the nearest k neighbors of one syllable at multiple days before
and post injection of LV-TeNT. Red arrows mark the shortened/truncated syllables found
between 1 to 10 dpi; (f) Probability density distributions of the duration of the k neighboring
syllables, ordered so that each row of panels in e and f is from the same day. Note the bimodal
distribution of durations for a single syllable found during the period of song degradation and
recovery; (g) Plots of the mode of the duration of the modeled sequences against rendition
epochs, showing that the recovery of sequence duration occurs in a saltatory, rather than in
a continuous, manner; (h) Plots of the mode duration of actual song syllables, which shows
a saltatory recovery similar to that predicted by the model. The red curve marked with a

star is made from the syllable shown in panels e and f.
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Figure 2.12: Strengthening and refinement of inputs to silent neurons (a) Schematic
showing perturbation and recovery in a model with both silent neurons and population-level
homeostasis. Perturbing neurons lowers total network activity. In response to lowered
activity, the population-level homeostatic rule drives an increase in excitatory synaptic
strength, which strengthens inputs to all neurons and potentially drives silent neurons to
fire. Once active, STDP further refines and selectively strengthens the connections between
originally participating neurons and silent neurons. (b) (Top) The normalized total excitatory
synaptic input received by individual unperturbed neurons plotted against renditions. Color
indicates neurons that were active or silent pre-perturbation. Silent neurons undergo a
much larger increase in synaptic strength because of their less-structured, weaker synaptic
connections. The eventual decrease in synaptic strength is due to the interplay between
STDP and the downward firing rate homeostasis. However, note that total average synaptic
strength remains higher than pre-perturbation values. (Bottom) The normalized entropy of
afferent synapses of unperturbed neurons plotted against renditions. Each light-colored curve
represents a single network realization. Solid curves represent the average of each group.
Decreased entropy in the originally silent population is due to the strengthening of local
feedforward synapses and the weakening of unstructured recurrent synapses via STDP and

downward firing rate homeostasis.
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Figure 2.13: Recovery of modeled sequences with STDP (a) Schematic showing triplet
STDP implemented both in E—E and E—I synapses (see Methods). Potentiation is mediated
by triplets of spikes; depression is dictated by a pairwise rule. See Methods for details; (b)
Spike raster plots showing the sequential dynamics generated by HVC neurons before and
after perturbation with only STDP and downward firing rate homeostasis implemented (see
Eq. 2 in Methods). Colors represent the firing timing of each cell before perturbation. Note
that the sequence regenerates serially and all cells recapture their original firing timing; (c-e)
Percentage of syllables completed prior to (pre-perturbation), just after (perturbed), and
3000 renditions after (recovered) perturbation for networks with (¢) STDP alone, (d) STDP
plus Poisson inputs, (e) or firing rate homeostatic plasticity for 30% to 70% perturbations in
increments of 10%. Note that networks with firing rate homeostatic mechanisms possessed

larger recoverable regimes.
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Saltatory recovery of syllable duration

We can further use our model to explore predictions for the recovery process. The core of
the model is that the sequence is reliably restored through a parallel homeostatic process,
in contrast to the serial regrowth one would expect in a timing-dependent process as
demonstrated in previous modeling of HVC sequence organization [100] (Fig. and Fig.
—b). A prediction of the model is that the sequence should recover in an abrupt fashion:
all links are repaired simultaneously, so that by the time any broken link is restored, all other
links tend to have recovered (Fig. [2.11b-d). STDP alone can also lead to abrupt recoveries
when HVC neurons receive parallel noisy input, but as noted above, for experimentally
constrained noise levels, these recoveries typically occur for weak perturbations (Fig. ,d)
and are less common than abrupt recoveries under a homeostatic mechanism. Thus, we find
that homeostasis is a generally more robust mechanism of recovery. In our experiments,
we found many examples of such saltatory recovery in the song, whereby syllables show a
bimodal temporal distribution (Fig. —h and see Wang et al. Supplementary Fig. 7),
with syllables rapidly alternating between two durations from rendition to rendition until
eventually they permanently recover their original duration. Syllables with these bimodal
temporal distributions are only present in renditions that include song segments that bear
acoustic resemblance to the original syllables. This suggests that a “skeleton” of redundant
feedforward connections persists, allowing the sequence to reemerge when all links are repaired.
Thus, the skeleton can act as a scaffold upon which the homeostatic plasticity can rebuild
the dynamics in an unsupervised manner. As this redundancy can exist very ’'locally’ in
the chain (i.e. only between adjacent links), it is still consistent with an extremely sparse

network [86, 93], and may be a key contributor to resilience in HVC.

2.3.3 Methods
Leaky Integrate and Fire Neurons

The membrane potentials V; of neurons in all networks were modeled using leaky integrate-

and-fire dynamics:
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av;

Cm
dt

_ 0 ( 20 _ ‘/3,) Ly ( 50 _ Vj) + g0 (E@ - vj) tlow  (28)

where C,,, = 1 F/em? is the membrane capacitance, g(l), EW. g(e), Ee), g(i), E®  the leak,
excitatory, and inhibitory conductances and reversal potentials, and Ilexy ~ (0,0 = 0.1nA) ,
a white noise current input. For excitatory neurons, gt = 0.25 mS/em? and EW = —70 mV;
for inhibitory neurons, ¢t = 0.4 mS/em? and E® = —53 mV. For all neurons, E(¢) =0
and E® = —90 mV. When Vj reaches threshold, Vi;, = —43 mV, the neuron spikes, and
the voltage is reset to Vie (—65 mV for excitatory, —53 mV for inhibitory) after a refractory
period t, = 1 ms. The excitatory and inhibitory conductances are driven by incoming spike
trains, represented by delta functions at times 1), where s indexes all spike times for an

upstream neuron k, filtered with a time constant, 7 = 4 ms:

dg;") _ ) (#)
T =Y + wy,;0 (t — g ) . (2.9)

In all modeling, we assume that neurons are connected with a certain synaptic strength,
which does not differentiate between the number and strength of individual contact sites

between a pair of neurons.

Network Architecture

We explored two different network architectures and the resulting dynamics. In the first
network, we assumed all cells participate in the sequential dynamics. In the second network,
we assumed that only a portion of the excitatory cells initially participate in the dynamics

[68, 86]. To implement this, we assumed each neuron is silent with probability ps = 0.4.

HVC Network

Following recent work, we modeled HVC as a feedforward, polychronous network [106], 120)].
The network is composed of 200 excitatory (E) and 50 inhibitory (I) neurons. In order
to define the approximate difference in firing times between any neuron pair, we assign a
coordinate ¢; to each E cell, where ¢; is the i*® sum of random variables uniformly distributed

over [0, 1]. Pairs of active excitatory cells are initially connected with a fixed weight
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W = 4e—5/ (1 — ps) if the difference in their indices ¢ is greater than zero and less than
c¢* = 10, ensuring feedforward propagation. Silent cells are assumed to be connected within
the network but with much lower probability, with no sensitivity to sequence order, and
with cell-by-cell heterogeneity. Specifically, if one of a pair of neurons is silent, the cells are
connected with probability 0.8 with a weight w;; drawn from an exponential distribution
with a cell-specific mean a;W/2, where a;is uniformly distributed on [0, 1]. To implement
recurrent inhibition observed in HVC [133], inhibitory neurons receive connections from
excitatory cells with probability pe; = 0.075 (0.125 for networks with silent cells) and weight
We,; = 3.5e-4 (3.5e—5 if the presynaptic cell is silent) and vice versa with probability p; . = 0.5
and weight w; . = 4e—5.

Following observations that axonal delays between HVC(RA) projectors are relatively
long (1 - 7.5 ms) [120] and that HVC(RA) projectors typically synapse onto inhibitory
interneurons close to their soma and other excitatory cells far from their soma [134], we
implemented axonal delays in our model that reflected longer E-E axonal delays and relatively
shorter E-I and I-E delays. The delays between pairs of active E cells were
lci — ¢4

*

c
if [¢; — ¢j| < c*.
When one of the pair was inactive or |¢; —¢;| > ¢*, the delay was chosen randomly from
a uniform distribution on [0, 6] ms. This leads to E=E axonal delays that were 3 ms on
average and roughly uniformly distributed. E—I and [—E delays were uniformly set to 0.5
ms. We found that a comparatively fast inhibitory pathway stabilized sequence dynamics by

enabling inhibition to respond rapidly to changes in excitation.

Plasticity Rules

We then allowed networks to evolve under both firing rate homeostasis and spiking timing-
dependent plasticity, which are evidenced by the synaptic reorganization among HVC neurons
shown by our patch-clamp results [123, 135HI37]. All synapses subject to plasticity were

given a lower bound wmi, = 1le—8. After each trial, synaptic strength wj; evolved according
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to

Awyj = BpAiT +B0p AP +BsrppAi° ¥ (2.11)

where weights are updated due to single-cell firing rate homeostasis (Af), local activity
homeostasis (AP°P), and STDP (ASTPP) | respectively, and 3;=0.025, Bpop = 0.01, and
Bstpp = 1.5e—4. 3y was chosen such that firing rate homeostasis could bound potentiation
due to STDP. By, was chosen to be small so that recruitment of formerly silent neurons
would occur slowly. All E=E synaptic strengths had upper bound we (™** = 1le—3, all E=I

m.

We,i ™™ = 2w, ;. For simplicity, we did not introduce plasticity in the inhibitory synaptic

inputs to excitatory neurons. We made this simplification because in our electrophysiological
data showing the TeNT perturbation’s impact to HVC’s synaptic structure, the average
strength of these synapses did not change.

Firing rate homeostasis:

Single-cell firing rate homeostasis moves a neuron’s firing rate toward a set point rj(o)

according to:
2
Ayt = wy <a - 0 (rj — Tj(0)> (rj — Tj(o)) > (2.12)

where r; is the average firing rate of neuron j in that trial (refer to Fig. 5), © is the
Heaviside function, and @ = 0.1 is a small constant that mediates synaptic scaling when
rj(o) > rj. In our model with STDP and downward firing rate homeostasis and our model
with local population homeostasis, we set a = 0.

Local population activity homeostasis:

Taking inspiration from literature that has shown homeostasis may operate on a network
scale, we included in our final model a form of homeostasis that permits individual neurons to
monitor and respond to the activity of their neighbors. We implemented here one potential
mechanism by which such local population activity homeostasis might be achieved, based on
the TNFa pathway [I31]. We assume each E neuron secretes a chemical factor which diffuses
locally in space, the concentration of which is proportional to the neuron’s own activity level.
All E neurons are assumed to monitor the local concentration of this factor and adjust their

incoming excitatory synapses in order to maintain a target concentration. To implement this
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form of local population homeostasis, each excitatory neuron was first assigned a location by
uniformly sampling the space within a unit sphere. The local factor concentration that an

excitatory neuron senses is then

1 1 (:L‘j — $i)2
o Z ‘ Bl S e 7 2.13
my rﬂ-gQ i T; €Xp |: 5 02 , ( )

where x; is the vector representing the location of neuron j, and o is a parameter controlling
the spatial extent of each neuron’s diffuse release (02 = 0.03). The corresponding update to

local population homeostasis is

om0 =mj)

Aijpop = wij (2.14)

¢ (mi@=m;) 17

where mj(o) is the local concentration setpoint of neuron j and « = 0.1 dictates the strength
of the local population homeostasis near the setpoint. Local concentration setpoints were
chosen by computing the average local concentration over 100 activations of the network
prior to the perturbation.

Hebbian plasticity:

We found that an antisymmetric pairwise STDP rule with a reasonable time constant
(20 ms) did not maintain the relative firing times of a sequence when the spike trains of
successively firing neurons overlapped. A burst timing dependent plasticity (BTDP) rule
[106] that low pass filtered spike trains before applying pairwise STDP was able to maintain
relative firing times, but could lead to contraction of the sequence if noise enabled neurons to
spike earlier than their typical firing times. In contrast, we found that a triplet STDP rule
well maintained the firing times of neurons in a feedforward, excitatory network. The minimal
triplet rule introduced by Pfister and Gerstner depends on triplets of spikes (post-pre-post)
for potentiation and pairwise interactions for depression [21I]. The update for the triplet rule

for excitatory neurons was
AiSjTDP _ A+ (wmax - 'wij) kij+’ 1 (tj(l)) ijr, 2 (tj(l) _ 6) _ A—wij kiji (tz(m)) (215)

where w™* differs for E—E and E—I synapse, m and [ index the spike times of the pre- and

postsynaptic neuron, respectively, € is a small positive constant, and the k variables keep
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track of relative spike timing and implement the eligibility window:

dki ™ (2)
+ %hyy Y — o 1 _ (m)
nt = () +5(t t; ) (2.16)
.+7 2
L/ O R P 6 (t-1,0) (2.17)
dt
_dkym (t) - ()
P k() —|—<5<t—t] ) (2.18)

The constants regulating the relative strength of potentiation and depression, Ay = 5 and
A_ =2 (25 and 0, respectively, for E—I synapses), and the timescales of STDP, 7= = 33.7 ms,
71T = 16.8 ms, and 727 = 40 ms, were inspired by the parameters given by Pfister and
Gerstner] in their triplet STDP model of neurons in the visual cortex. We found sequences
were most stable when when potentiation due to triplets was implemented in “nearest spike”
spike fashion, i.e. k™ ! () and k;™ 2 (t) were bounded by [0, 1]. To stabilize E—I STDP,
each inhibitory neuron was assigned a total excitatory synaptic input bound determined by
the neuron’s total excitatory synaptic input at the beginning of the simulation. When the

bound was exceeded, E—1 weight w;; was rescaled as

(0)
LW (2.19)

wy — ZE
! >k Wk a

where wkj(o) represents the size of the synapse prior to the first activation of the network.

No plasticity takes place on I—-E connections.

Activation of Networks

At the beginning of each trial, networks were active for 10 ms, after which each of the first
10 neurons of the network was driven by an independent burst (4 spikes, 660 Hz), with
onset times drawn from a Gaussian (mean 10 ms, STD 1 ms). Input weights were chosen
to produce reasonable spiking behavior in the first layers of the network. Networks were
simulated for an additional 115 ms following the stimulus. The time step for all simulations

was 0.1 ms.
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Fluctuating Input

For models in which fluctuating input was supplied to projector neurons, each neuron received
independent poisson input (A = 50 Hz) with input weight w, = 1.6e—4. The input rate and
weight were constrained by experimental studies in which project cell activity increased a
factor <3 when GABA antagonist gabazine was locally infused within HVC. We mimicked
this procedure in silico by removing inhibition from an individual projector cell and observing

the change in activity during activation of the network.

Network Initialization Procedure

To initialize networks, an activation of each network was first simulated once without plasticity.
Neurons that fired during this trial were assumed to be active. Active neurons were assigned
a uniform firing rate setpoint (r(o) = 3) and were subject to cell-autonomous firing rate
homoeostasis as given in Eq. (1) and STDP for 3000 additional activations of the network.
For networks with population homeostasis, {m;}, the local secreted factor concentrations
were computed for activations 1100-1200, and then averaged to set {mi(o)}; from this point,

population homeostasis was permitted to act on the network.

Stmulated Tetanus Toxin Perturbation of Neurons

Tetanus toxin perturbation of the network was simulated by randomly selecting a cell with
probability pr for perturbation and removing all its outgoing connections over 5 consecutive
trials. pr was chosen such that 1 — (1 — pT)5 equaled the perturbation percentage reported.
Perturbed cells were assumed to not contribute to the population activity level. Networks
were then allowed to evolve for 3000 renditions according to the plasticity rules described
above. We classified networks as ‘recovered’ if for >80% of renditions 2900 to 3000 (i) each
group of 20 contiguous neurons (cell indices 0-19, 20-39, etc.) had at least one active neurons,
(ii) the average spike time of cells 0-19 preceded that of 20-39, and so on, and (iii) network
activity persisted for >10 ms after the onset of activation (typical network sequence duration

was 100 ms initially).
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Characterization of graded and saltatory recoveries

To classify recoveries as saltatory or graded, we computed the variance in activation length
within a running time window (20 activations), and found the maximum of this trajectory.
We reasoned that graded recoveries should produce narrow distributions of activation lengths
within short windows of time, whereas saltatory recoveries should contain a short period in
which a wide range of activation lengths could be produced. This analysis is presented in

Supplementary Fig. 6.

2.4 A sequence model of HVC has tempo largely invariant of connection
strengths in the network

How do the parameters of a sequence model affect its timing? While there is some evidence
to suggest that sequences within HVC may be initiated by input from other nuclei [13§],
activity within HVC is thought to dictate song tempo on an intra-syllabic, if not broader,
scale. This hypothesis establishes a link between song tempo and the propagation speed
of the excitatory mode in a sequence model of HVC. Song tempo is incredibly consistent,
responding only minimally to perturbations to HVC, including transection [139], ablation of

inputs [122], and cooling [94].

Here, we attempt to calculate the propagation speed of a packet of excitation as it travels
through an HVC-like network in order to predict how perturbations to the circuit might affect
song tempo. We numerically compute the propagation speed and demonstrate it only changes
minimally in response to the strength of feedforward excitation and recurrent inhibition,
while the number of spikes in the propagating mode changes in compensatory fashion. In
this model, the strength of feedforward excitation is offset by depression of the membrane
voltage of HVC(RA) cells that grows as a function of the number of propagating spikes. The
result is that the propagating packet largely travels at the same speed through the network,

though the size of the packet may vary as a function of strengths of couplings chosen.
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2.4.1 Background

Prior work has shown that feedforward excitatory sequences with recurrent inhibition possess
a unique propagating stable mode [99, [102]. This mode is an attractor in the sense that the
traveling packet of excitation will eventually stabilize, reaching a discrete time-translationally
invariant state. If neurons are ordered according to their time of firing by index i, this

invariance can be expressed as

ri(t) = rip1(t + At), (2.20)

where r;(t) is the firing rate of neuron ¢ at time ¢. This invariance equation is wave-like in
the limit of an infinitely large network in which neurons are indexed by a continuous variable
[140].

We now focus on a simplified setting in which the feedforward structure of HVC is a
reduced one-by-one structure, i.e. excitatory neuron i only drives neuron ¢ + 1, which has
been studied before in [99] [102]. We further assume that each neuron is connected to a single
inhibitory neuron, which in turn recurrently inhibits every unit in the sequence. Excitatory
neurons connect to one another in sequence with coupling strength W and to the inhibitory
neuron with strength Wgy. The inhibitory neuron in turn connects back to all excitatory
neurons with strength Wig, which is assumed to be negative.

We assume each neuron obeys the typical current-coupled leaky integrate and fire dynamics
given by

TV (t) = =V (t) + Welg(t) + Wigli(t), (2.21)

where V(t) is the membrane voltage of the neuron, 7, is the membrane time constant, and
I and I; denote the incoming excitatory and inhibitory currents to the cell, and Wg and
WrE denote the strength of the coupling. We assume Wg > 0 and W;g < 0. This equation

may be rewritten using the Green’s function, giving

t
V(t) = 1/ e~ (t=t")/Tm (WEIE(t/) + W]Efj(tl)) dt’, (2.22)
0

Tm

When V() hits a threshold voltage Vi, V(¢) is reset to 0, and a spike is emitted. The

neuron then enters a refractory period of duration t, during which input current is ignored.
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Assumption 1: A spike in a presynaptic neuron evokes a current block in a postsynaptic

neuron given by

Ia(t) = O(t) O(14 — 1), (2.23)

where © denotes the Heaviside function, and 7, dictates the duration of the current response.
Assumption 2: The current evoked by a set of N spikes arriving at a constant inter-spike

interval, Atg, can be approximated as a constant current of size,

N-1
I () = 3 La(t — nAty) ~ TO(H) O 1), (2.24)
n=0
where
= (N — 1) Aty + T, (2.25)
and
= ]ZT“ (2.26)

The total charge evoked by the set of spikes is N7,. This approximation is valid so long

as Aty < 74. The expression I](VAtd)(t) has appropriate limits; for example,

. (Atd) _ -
Altldnr_l)o INY({t)=NO(t)O(1a — 1) . (2.27)

Calculating the membrane voltage for a constant current

For an arbitrary constant excitatory current of magnitude Iy and duration ¢;, we have from

Eq. (2.22)) that

0, t<0,

V(t) = S Wgly (1 — e t/mm), 0<t<ty, (2.28)

Calculating the evoked number of spikes and their average ISI when inhibition is constant

We now consider the response of a postsynaptic neuron driven by a presynaptic burst of

size N and inter-spike interval Aty when there is a constant inhibitory current I?. We first



49

compute the time to the first spike in the postsynaptic neuron, t*. Assuming the postsynaptic

neuron has been driven by I (t) = I? for a long time, Eq. (2.22]) becomes

V(t) = Wipl? + ? /0 t e~ /Ty di. (2.29)
We set
Ip(t) =10(1) 0™ —1t), (2.30)
and solve for t* such that V (t*) = Viy:
Vin = Wipl} + ‘Zf /0 ! e~ U=/t —t') at’ (2.31)
= Wipl? + Wil (1 - e—t*/fm) . (2.32)

If t* > t**, no spikes are evoked. If t* < ¢**

Vin — WIEI?>

! 2.33
Wil (2.33)

t* = —Tm log<1 -
After the first spike, the membrane is reset to zero. The time to the next spike ¢ satisfies
Vi = (WEf + W[EI?) (1 - e*f/Tm) , (2.34)

since the membrane is set the reset voltage after spiking, which here we choose to be zero.
Thus, the time to the next spike is shorter than ¢* if WIEI? < 0. We can rearrange Eq. m
to find

t=—Tplog|1— # , (2.35)
Wegl +Wigl?

Including a refractory period t,., the average ISI is
Aty =t +t,. (2.36)

The total number of evoked spikes is
t** _ t*
1 -
N = i { Aty
0, >

J , t* é t>(<>|<7
(2.37)

since every spike after the first requires the same amount of time under the input current,

At!,, to induce.
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Movement in phase space of the dynamics

With equations Eqgs. and in hand, which define N and At in terms of N and At,,
we can now the compute the evolution of a spike train of IV spikes and inter-spike interval
Aty as it propagated through the 1D network.

The phase flow is defined by the mapping

(N, Atg) — (N, Aty) , (2.38)

where the lefthand side describes the activity of a neuron in the sequence and the righthand

side describes the activity of the neuron that follows it.

Recurrent inhibition

This reduced description still lacks a critical component of the HVC model: recurrent
inhibition. We assume the dynamics of the inhibitory neuron are linear and fast. We found
rapid inhibitory time constants to be essential to the generation of stable sequential activity
in the modeling work performed in [Wang et al. Under these assumptions, the dynamics of

the inhibitory current to all excitatory neurons is
Ir=Waer»_ In(t). (2.39)
i

Assuming steady-state dynamics, a reasonable approximation for the inhibitory current is

N,

Ir =Wgr Fea

(2.40)

To see this, we consider that each neuron outputs a current for duration t**, and, at steady
state, neurons activate with a delay t*. The average number of neurons active at any moment

in time is t**/t*, where each neuron contributes current I, giving

t** -

Ir :WEIt—*I
Nty
t*

(2.41)

= WEgr

We can make the assumption that the inhibitory current evolves quickly, and rewrite the
phase-space mapping as

(N, Atg, I1) — (N,,Atil,f}) . (2.42)
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We must also replace the constant inhibitory current in the equations above with the new

dynamical current. The final recursive equations read

N*l)AtquT —t*
N =1 ( - 2.4
A 249
Al = —7 log (1 _ Vh) it (2.44)
Wgl + Wigl;
N,
I} = WEItT, (2.45)
t* < (N = 1)Atg + Ta, (2.46)
where
— I
t* = —71p log <1 - W) . (2.47)
Wgl

Since the inhibitory neuron is fully linearized, the product W;pWgr is redefined as Wy,

the strength of the recurrent inhibition. With this redefinition, at steady state, we have

Wil = Wi ]\; Ta, (2.48)
Stationary solutions
Stationary solutions satisfy
(N, Atg, I1) — (N, Atg, I1) . (2.49)

To find the dynamical attractor of the system, Egs. can be run forward
recursively and checked for convergence while ensuring compliance to Eq. 2:46] Propagation

speed p was defined as the inverse delay between successive neurons, p = 1/t*.

2.4.2 Results

We ran Egs. for 1000 steps starting from a range of initial conditions N € [1, 10]
and Atg € [1,5] ms (see Tabld2.2] for all model parameters). The initial inhibitory current
was always assumed to be zero. Trajectories typically traversed a path through large N and
I before settling down to lower values of both N and I; that were stable (Fig bottom).

Concurrently, the inter-spike interval of the propagating mode approached the refractory
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Figure 2.14: Trajectories for reduced model of sequence dynamics (Top) Evolution
of trajectories that begin with an initial spike number and frequency given by green points
Trajectories evolve along purple lines in the space of propagation speed, interspike interval
(ISI), and spike number. Most trajectories converge at red dot, while trajectories that begin
with a single spike do not reach the steady state condition. (Bottom) Equivalent plots
shown in the space of spike number, ISI, and inhibitory current that is broadcast to all
excitatory cells. Trajectories that begin with a high initial spike count or small interspike

interval take a path to steady state condition (red dot) that passes though states of high

inhibitory current, which then settles down.
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period of the excitatory neurons. We found that network activity converged to one of several
nearby fixed points distinguished by discrete values of N (Fig red dots). We found that
N varied inversely with the propagation speed, p, suggesting that bursts with fewer spikes
propagate more rapidly in these networks (Fig top).

To determine how the dynamical attractor varied as a function of coupling strengths, we
repeated the procedure above for Wg € [0,20] and Wy € [0, —1]. We screened for stable
modes by ensuring N was nonzero through all 1000 steps and confirming that the number of
propagating spikes converged. We found stable modes existed for a large part of parameter
space, except when W; grew large enough given the value of Wg, indicating that sufficiently
strong recurrent inhibition abolishes propagating modes (Fig. ) Also, when W; =0, a
single value of W was stable, corresponding to a fine tuning that allowed a burst of spikes

to neither grow nor decay, as previously shown in [Li and Greensidel

Parameter Description Value
Tm Membrane time constant 5 ms
Vin Baseline membrane potential 0.5

t, Refractory period 0.5 ms
Ta Synaptic time constant 3 ms

Table 2.1: Analytical parameters and default values.

When Wy < 0, the propagation speed was largely invariant to changes in Wg and Wy
(Fig. 2.15h). An exception occurred at small values of both feedforward excitation and
recurrent inhibition, which produced modestly increased propagation speeds. The ratio of
the fastest and slowest modes was approximately ~1.8, with the majority of parameter space
producing slower modes (Fig. left).

In contrast, N showed large sensitivity to changes in both parameters, decreasing with
stronger recurrent inhibition and increasing with stronger feedforward excitation (Fig. [2.15pb).
Propagating modes consistent with ~4-6 spikes, as reported in zebra finch HVC [93], were

found at the edge of parameter space, just below values of W; large enough to suppress
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Figure 2.15: Properties of stable propagating stable of a one-by-one chain with
recurrent inhibition Properties graphed as a function of strength of feedforward excitation
and excitatory input to single global interneuron. Only points where the fraction of stable
trajectories exceeded 80% shown. (a) Propagation speed in units of neurons per millisec-
ond.(b) The interspike interval (inversely proportional to frequency) of excitatory cells. (c)
Number of spikes fired by each neuron in stable mode. (d) Region of parameter space with

stable modes. (e) Global inhibitory current.
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Figure 2.16: Properties of stable propagating stable of a one-by-one chain with

recurrent inhibition Properties graphed as a function of strength of feedforward excitation

and excitatory input to single global interneuron. Only points where the fraction of stable

trajectories exceeded 80% shown. (a) Propagation speed in units of neurons per millisec-

ond.(b) The interspike interval (inversely proportional to frequency) of excitatory cells. (c)

Number of spikes fired by each neuron in stable mode. (d) The fraction of stable trajectories

for the condition (out of 10 simulations per condition).
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Figure 2.17: Fraction of parameter space represented by each value of p (Left)
Results from numerical calculations. Distribution of p is strongly peaked at a low value.
(Right) Results from simulations of current-coupled leaky integrate and fire network. Shape

of distribution is a qualitative match for predictions of theory.

propagating modes. Weaker values of W; produced modes with orders of magnitude more
spikes, suggesting this parameter regime is unrealistic for HVC. In this region of parameter
space, large inhibitory currents are produced by the large number of spikes in the excitatory
population (Fig. ), which would require an extremely active interneuron population. We
additionally found typical inter-spike interval of propagating excitation was largely invariant
to changes in coupling strengths, except at values of weak excitation and inhibition, where it
slowed down modestly (Fig. [2.15f).

We checked our numerical solutions against simulations of a 1D chain of current-coupled
excitatory neurons with recurrent inhibition, aiming for qualitative agreement. Specifically,
we simulated a feedforward network of 250 excitatory neurons, coupled in a one-by-one
fashion with strength Wg_, g, and connected to a population of 50 inhibitory neurons with
strength w;; ~ N(Wg_1,0.1 X Wg_). Each inhibitory neuron connected to every excitatory
neuron with strength Wi, g /N, where Ny, is the number of inhibitory neurons. The

dynamics of the membrane potential of each neuron, V;(t), evolved according to

CnVi(t) = qi(Er — Vi(t)) + L(t), (2.50)
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where C,, is the membrane capacitance, g; is the leak conductance, and E; is the leak

potential, and the input current, [;(t), is given by

Lty =Y /OO wij Lot — ) 8(t — ), (2.51)

0
(n)
t;

(n)

where ¢ ;s the n*® spike of presynaptic neuron 7, w;; is the synapse j — ¢, and I,(t) is a

kernel that converts spikes into current pulses according to
3 —t/T
I,(t) = 0O (t/7q) —e 7. (2.52)
Ta

When Vj(t) reached the threshold voltage, V;j, a spike was emitted and the neuron was

clamped to potential Vit for a refractory period, ¢,.

Parameter Description Value
Cm Membrane capacitance 1 uF
g Leak conductance le-4 S
E; Leak reversal potential -70 mV
Vin Threshold membrane potential -50 mV
Vieset Reset voltage -70 mV
7(~E) Refractory period (excitatory) 0.5 ms
7(]) Refractory period (inhibitory) 0 ms
Wig Coupling strength I — E -6e-7
Ta Synaptic time constant 1.6 ms

Table 2.2: Spiking network model parameters and default values.

To empirically determine the propagating modes within these networks, the activity of
first excitatory neuron in the feedforward sequence was clamped to a high frequency (1500
Hz, 2 ms long) burst of Poisson-distributed spikes (3 spikes on average). The dynamics of
the network were then simulated for 600 ms. We assessed convergence of the dynamics by

ensuring that (1) standard deviation in the number of spikes fired by neurons 90-100 was less
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than 1 and either (2) the last excitatory neuron fired at some point or (3) the simulation
ended while an excitatory neuron was still active. If these criteria were met, the spikes per
neuron was determined by computing the mean of neurons 50-100. The propagation speed
was determined by computing the time lag between the first spikes of neurons 50 and 100
and dividing by the number of neurons in this segment. We computed these values over a
wide range of parameters, Wg_,g € [0,8¢—5] and Wg_,1 € [0,2e—6], with W;_, g held fixed.

Spiking network simulations qualitatively agreed with the results of our model (Fig .
The propagation speed was the largest at small values of Wg_, g and Wg_,, but all across
parameter space, the distribution of propagation speeds was strongly peaked at a slow value
(Fig right). N was strongly correlated with Wg_, g and inversely correlated with Wg_, .
The ISI of the propagating burst was largest at small values of Wg_,g and Wg_,;.

The specific predictions made by this model are though changes to the circuit that reduce
the strength of solely HVA(RA)—HVA(RA) monosynaptic connections or the strength of
recurrent inhibition should be reflected in the size of the propagating burst, but not its
speed nor its frequency. Joint perturbations to both coupling strengths, however, may have
a minimal impact on both N and p, as the dynamics are less sensitive to changes in Wg
and W7 proportionally toward zero. This idea is consistent with reports that bilateral HVC

transection only results a moderate (~5%) slowing of song [139).
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Chapter 3

SEARCHING FOR RULES: MODELING SEQUENCE
SELF-ORGANIZATION AND RECOVERY VIA PLASTICITY

The contents of this chapter are published in Neural Information Processing Systems as

Bell et al.l

Intrinsic dynamics within the brain can accelerate learning by providing a prior scaffolding
for dynamics aligned with task objectives. Such intrinsic dynamics should self-organize and
self-sustain in the face of fluctuating inputs and biological noise, including synaptic turnover
and cell death. An example of such dynamics is the formation of sequences, a ubiquitous
motif in neural activity. The sequence-generating circuit in zebra finch HVC provides a
reliable timing scaffold for motor output in song and demonstrates a remarkable capacity for
unsupervised recovery following perturbation. Inspired by HVC, we seek a local plasticity
rule capable of organizing and maintaining sequence-generating dynamics despite continual
network perturbations. We adopt a meta-learning approach introduced by Confavreux et
al, which parameterizes a learning rule using basis functions constructed from pre- and
postsynaptic activity and synapse size, with tunable time constants. Candidate rules are
simulated within initially random networks, and their fitness is evaluated according to a loss
function that measures the fidelity with which the resulting dynamics encode time. We use
this approach to introduce biological noise, forcing meta-learning to find robust solutions.
We first show that, in the absence of perturbation, meta-learning identifies a temporally
asymmetric generalization of Oja’s rule that reliably organizes sparse sequential activity.
When synaptic turnover is introduced, the learned rule incorporates an additional form of
homeostasis, better maintaining sequential dynamics relative to other previously proposed
rules. Additionally, inspired by recent findings demonstrating plasticity in synapses from
inhibitory interneurons in HVC, we explore the role of inhibitory plasticity in sequence-

generating circuits. We find that learned plasticity adjusts both excitation and inhibition
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in response to manipulations, outperforming rules applied only to excitatory connections.
We demonstrate how plasticity acting on both excitatory and inhibitory synapses can better

shape excitatory cell dynamics to scaffold timing representations.
3.1 Introduction and related work

How computational structures are organized and maintained within the brain is a central
question within neuroscience. While feedback is clearly essential for learning, self-organization
of neural circuits can unfold without feedback, e.g. during development. Brains have evolved
specific cell types with nonrandom spatial organization, plasticity rules, and connectivity that
likely introduce a strong set of inductive biases on the information processing they perform.
How might organization of useful circuit dynamics be established and maintained throughout
life without the need for feedback? Recent work suggests self-organized computations, once
established, can accelerate learning and improve performance when experience is limited:
Nicola and Clopath [89] demonstrated that a stable high dimensional time signal could improve
a network’s performance on sequential motor tasks (Fig. ) Najarro and Risi [63] learned
Hebbian plasticity that orchestrated spontaneous walking behavior in quadruped agents;
similar work has shown architectural priors increase the sample efficiency and generalization
of RL approaches to locomotion [66, 142]. Additionally, in RL settings, supplying agents
with a time input permits them to adopt time-dependent policies [143)].

The ability of computational primitives, such as timing representations, to self-organize
is challenged by the shifting structure of neural circuits. Synaptic loss, synaptogenesis, cell
death, and neurogenesis pose challenges for all learning algorithms, but particularly for
self-organization which must be based solely on local information rather than global task
performance.

Here, we aim to find plasticity rules that self-organize and maintain one useful computa-
tional primitive: sparse, sequential activity. Such activity is widely seen in many areas of
the brain including hippocampus [144], cortex [145], and basal ganglia [146]. In the songbird
zebra finch, area HVC (used as a proper noun), a cortical-like region, displays sequential
activity representing time [93], reducing the problem of motor learning to driving the cor-

rect motor neuron at the correct moment [88]. Extensive literature has explored how such
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Figure 3.1: Meta-learning approach to discovering plasticity rules that organize
sequences (a) In zebra finch song learning, a neural representation of time (left) in HVC
simplifies the sequential motor learning task of producing the correct spectral output. (b) Pu-
tative network structure of zebra finch HVC: a feedforward, excitatory network with recurrent
inhibition (left). HVC excitatory neurons (red) fire sparsely in time while interneurons (blue)
fire tonically (right). (c) Strategy for learning plasticity underlying sequence organization:
candidate plasticity rules, parameterized by a set of coefficients and time constants, are
simulated. A loss function is evaluated on the resulting dynamics, and new candidate rules
are generated. (d) Test procedure for representation of time. Networks are activated 400
times (red bars). From the final 50 activations, six are chosen to train a decoder and six
to test the representation by decoding time from neural activity. (e) Discovery of robust
plasticity rules is encouraged by introducing synaptic turnover, the stochastic addition and

removal of synapses, into simulations.
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sequence-generating circuits could emerge in the absence of feedback [100, 101, T04HI07, [147],
but has largely focused on either how these structures organize or how they self-maintain,
using guessed plasticity rules, and neglecting the effects of ongoing synaptic noise. Further,
previous work on sequence organization within HVC has focused on plasticity between
excitatory (E) neurons. Recent experimental findings show unsupervised recovery of HVC
dynamics is accompanied by changes in both E—E and also inhibitory-to-excitatory (I—-E)

synaptic strength [67].

Here, instead of imposing a guessed rule, we ask which self-supervised plasticity rules can
organize and maintain sequential dynamics within a network. We employ meta-learning, a
supervised method to learn learning rules [52] 56] 57, 61), 48], in order to discover rules that
self-organize a sequence. Our approach stems from a rich history of learning local plasticity
rules, including rules that extract representations from data [62], enhance artificial agent
performance on familiarity and navigation tasks [53] 63], and explore biologically-plausible
replacements or complements to backpropagation [52, 57, [149]. In this study, we parameterize
the space of plasticity rules with a basis of activity- and synapse size-dependent terms. The
set of coeflicients weighting these terms and associated time constants are adjusted to
minimize a loss function. Inspired by the HVC context, we pose the loss in terms of the
accuracy with which the time since an initial network input can be decoded from the circuit
dynamics. We first consider E—E rules alone, and then add [-=E and E—I plasticity. We then
introduce perturbations to the circuit and investigate which learned plasticity rules promote
circuit stability. We find that meta-learned rules for self-organized sequence generation and
maintenance contain distinct forms of spike-timing dependent plasticity, homeostasis, and
network bounds, which outperform previously proposed sequence-organizing rules in the
presence of noise and that plasticity on reciprocal connectivity to inhibitory neurons confers
additional stability on the network dynamics. Our main contribution is the exploration of
unsupervised and unrewarded plasticity via meta-learning that organizes and maintains a

specific and biologically relevant computational motif, a sequence.



63

3.1.1 Background on zebra finch physiology

In the zebra finch, nucleus HVC contains excitatory neurons that fire sparsely (typically in
one burst of spikes) during song and are purportedly arranged in a feedforward structure
(Fig. ) [68]. A subset of these cells, known as HVC g a) neurons, project to downstream
nucleus RA (robust nucleus of the archistriatum), which in turn projects to vocal neurons of
the syrinx and to the brainstem, which regulates respiration [93]. HVC receives excitatory
projections from nucleus Uva, which controls the onset of song syllables [I50] and provides
input for the duration of song [I51]. HVC(ga) neurons inhibit each other disynaptically via
a population of inhibitory interneurons [95]. Remarkably, singing behavior can persist when

the nucleus is transected [139], demonstrating its resilience.

3.2 Results

3.2.1 Learning biologically plausible plasticity on E—FE synapses that organizes a sequence-

generating circuit

We first learned a plasticity rule on E—E synapses that organizes a randomly connected
network into a sequence-generating circuit in the absence of any perturbation. We initially
constrained plasticity to E—E synapses to compare with previously proposed rules, which
have largely only considered E—E plasticity. We did not include rules that imposed hard
bounds on the size of individual synapses or on the collective strength of all synapses onto a
neuron, as we aimed to learn plasticity rules that could permit flexible rescaling of connections

in response to perturbations, as has been observed experimentally [67].

We use a network of 25 E and 8 I threshold-linear neurons. Each neuron fired according
to xj(t) = [V;(t) — b]", where V;(t) evolves via 7,,Vj(t) = —Vj(t) + >, wijzi(t). Here, wy; is
the weight of the synapse ¢ — j, 7, is the membrane time constant, and b is the bias. Initial
connectivity (Fig. [3.2d) was random, but contained no I—I connectivity as is the case in

HVC [958, 133] (see Supp. Sec. for all network model details).
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Meta-learning procedure

We adopt a meta-learning approach pioneered by Bengio et al. [52] and extended by
Confavreux et al [5I]. We parameterize a set of plasticity rules with coefficients ¢; and time

constants 73, such that individual synapses, w;;, evolve according to

wij(t) = O(Jwij (1)) Y exFr(i(t), z;(t), wis (1), ) (3.1)
k

where x; and x; are pre- and postsynaptic activities, respectively, © is the Heaviside function,
and F}, is the k' term in the plasticity rule (see Fig. or Supp. Sec. for all terms). The
basis includes terms that filter pre- and postsynaptic activities with decaying exponentials
(denoted e.g. Z;) as these terms convey information about the durations of activations and
relative ordering, not just their instantaneous rates. Synapses evolving under Eq. [3.1] were
bounded so that they obeyed Dale’s law.

We next define a loss function that evaluates the quality of the sequential dynamics
organized under a chosen {cy, 7} and attempt to minimize it using an evolutionary strategy,
Covariance Matrix Adaptation (CMA-ES) [152]. We use CMA-ES to sample from the space
of possible {cg, 7} and evaluate the loss at each point by simulating 10 randomly initialized
networks under the given rule and evaluating the resultant dynamics at the end of the
simulation. Each simulation is divided into 400 activations of 110 ms. At ¢ = 10 ms of each
activation, a single fixed neuron is driven by a strong kick of excitation [106]. Following this,
all other neurons in the network receive Poisson distributed input for a period of 65 ms. A
fraction of this Poisson input is held fixed from trial to trial, mirroring input to HVC from
the nucleus Uva, which likely does not provide a fully stochastic signal to the downstream
area, [I50]. The total loss for a given rule is simply the sum of losses across each of the 10

networks.

Loss function

To learn sequences, we define a loss function based on three principles: (1) elapsed time since
initial network activation should be readily decoded from network activity, (2) total network

activity should be sparse, and (3) total synaptic change in the network should be minimized.
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Figure 3.2: Meta-learning discovers unsupervised local plasticity rules that organize
sequential activity (a) Evolution of coefficients and time constants during meta-learning.
(b) Training loss (black) and test loss (blue) during meta-learning. Inset: median decoding
accuracy for 14 learned rules across 100 networks (blue points) compared to no plasticity
(dashed gray line). (c) Meta-learned plasticity rules generate sequence dynamics. Network
activity during the first activation (left), 200" (middle), and 400" (right), sorted by ordering
of mean firing time of the final activation (425'"). Note: plasticity rule is held fixed during
simulation. (d) Weight matrices at activation 1 and 400, sorted based on mean firing time of

the final activation. Connectivity between E cells organizes into a feedforward structure.
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The latter two principles impose the assumption that effective plasticity does not require

excess network activity or synaptic change to stabilize network function. Our loss is
T
L(c,7) = Lace(c, T) + Xa Y / z;(t)dt + AP (c, T), (3.2)
— Jo
(2

where

T
Ple, ) = Z/ | ek (2i(t), (), wij (t), i) |O(|wi; ()| dt. (3.3)

ijk O
P(c, T) penalizes the all synaptic changes due to each component of F. This Li-like penalty
on F penalizes each term not by the size of the term’s coefficient, ¢, but by the quantity
of synaptic change it evokes. While penalizing the magnitude of ¢ is standard [51], 57|, we
take this approach to compare different terms on a common scale, as each component of F
has differing dependence on x;, x;, and w;;. A\, and A are positive constants weighting the
activity and synaptic change penalties.

To determine the decoder loss Lgec(c, T), the activity of networks was sampled at 500 time
points of six activations of the network. From these, a linear decoder was constructed and
used to decode the activity at 200 time points of six subsequent activations. Note that since
the initial kick of excitation was time-locked to beginning of each activation, constructing
a decoder to read out time elapsed since the beginning of the activation was equivalent to

decoding time elapsed since the initial excitatory kick was presented.

Learned E— F plasticity induces sequences using temporally asymmetric Hebbian learning

and a peak postsynaptic activity bound

Meta-learning reliably found plasticity rules that organized random E synaptic connectivity
into feedforward structures that generated sequences when activated (Fig. -e). The
organized structures were not grouped into links, as in a synfire chain, but were better
described by a kernel in which the strength of a synapse between two cells depended on
the lag between their mean firing times (Fig. , right). The set of rules discovered by
meta-learning are not sparse in the space of {cg, 7} (Fig. [3.3h). To test whether learned
plasticity rules truly required all terms with nonzero coefficients, we compared ‘dropout’

variants of the discovered rule, in which one coefficient within {c;} was set to zero, to its
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when individual coefficients are set to zero. (c¢) Difference in median loss between full learned
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impact on median loss with and without term. Symbols indicate the term added at each

refitting. Losses for 100 test networks shown (blue); medians shown as black crosses.
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unaltered form. We computed the loss of these variants on test networks to determine if a
term’s absence impacted the loss (Fig. ) Computing the change in the median loss of
networks organized by the learned solution and a dropout variant across 14 discovered rules
revealed reliable trends in the importance of various terms (Fig. ) We refit these terms
progressively in order of the impact on loss across all training runs and found a sharp elbow
at 3 terms: a temporally asymmetric Hebbian learning term, Z;x; (blue pentagon in Fig. ,
its complement x;; (orange square), and a term second order in the postsynaptic activity
multiplied by the synapse size, w;;Zjz; (purple triangle). The first term was consistently
learned with a positive coefficient while the latter two were always almost negative (Fig.

3.3), rendering the effective learning rule
wij = Co.%iiﬁj — clxizij — ngij.fjxj. (3.4)

where all {¢;} are non-negative and time constants are different for each term. The 3 most
important terms can be interpreted as a temporally asymmetric generalization of Oja’s rule
in that the Hebbian learning term, z;2;, is replaced by the first two terms in Eq. which
depend on the relative timing of ; and x;. The time constant of the third term was on

average short (~1 ms), making this term akin to wijm?, the normalizing term of Oja’s rule.

3.2.2  Biological noise alters the learned plasticity rules

We next asked whether ongoing disruptions to network structure alter which plasticity rules
are meta-learned. To explore this, we introduced synaptic turnover to the simulation phase of
the meta-learning loop. Synaptic turnover is a stochastic process by which existing synapses
disappear and new, small synapses emerge (Fig. [3.1f). Prior to each network activation, all

connections were updated according to

0 |wiy| >0 and zgT < psT
wij |wi| >0 and  xsT > psr
€ |wij|=0 and zgr <pst

0 |lwij| =0 and st > psr,
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where zgp ~ UJ0, 1], psr is the probability of single synapse turnover per activation, and e
is a small positive (negative) constant if the presynaptic cell is excitatory (inhibitory). Since
plasticity is unable to act on connections of size 0 (see Eq. , synaptic turnover determines
the set of synapses available to the plasticity rule. To ensure learned rules were robust to a
spectrum of rates of synaptic turnover, only half the networks used to evaluate the batch
loss underwent this process.

We found that meta-learned rules were able to organize persistent representations of
time despite synaptic turnover, with performance near that of rules learned on unperturbed
networks. Our term-sensitivity analysis (Fig ) showed that solutions again heavily
depended on temporally asymmetric Hebbian learning, i.e. Z;x; (light blue hexagon), and
the bound on postsynaptic activity, w;;Z;z; (purple triangle); however, we frequently found
dependence on two additional terms: one that constantly strengthened all synapses (dark
blue pentagon) and an activity bound independent of synapse size (orange square). Refitting
the plasticity rule in order of impact on loss demonstrated that these 4 terms recapitulated

most of the success of the learned solutions. The effective rule may be written as
wij =co+ lei‘i.Tj - CQ(i’jl‘j — c;;wijfvj:cj, (36)

where again all {¢;} are non-negative. Synapses for which postsynaptic activity, z;, remains
chronically small will be potentiated by cg; however, adding this potentiating term also
necessitates an activity bound that does not scale with synapse size, such as the term with
prefactor ¢z in Eq. [3:6] To understand this impact of this term, consider a synapse between
two neurons whose typical firing times are far apart, i.e. Z;z; is nearly zero, the fixed point

under this rule is

(w;j) = max <f° -z 0) (3.7)

c3(Tjrs) 3
if (Z;x;) > 0, where (-) denotes the time average. Thus, a large enough choice of ¢ prevents
every synapse in the network from growing, enforcing sparsity and decreasing the risk of a
neuron changing its firing time upon loss of its original inputs. We additionally note that
Eq. @ does not contain —z;Z;, which appeared in the reduced rule learned in the absence
of synaptic turnover (Eq. . This may be because the roles of —z;2; and —Z;z; are

partially redundant: both terms can suppress synapses that run counter to the sequential
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dynamics in the network. When constant potentiation of all synapses occurs, the term in
Zjx; is preferable as it offsets constant potentiation of all synapses. In the unperturbed
context, where constant synaptic growth is unnecessary, the term in Z;z; is problematic in
that it can set all afferent synapses to a driven neuron to zero (whereas —w;;Z;x; cannot).

Thus, the term in x;Z; becomes preferable in the unperturbed context.

Comparison to existing models of sequence formation

Do these discovered learning rules more robustly encode timing than previously proposed
rules when the circuit is disrupted with biologically relevant noise? We hypothesized this
would be true given that discovered rules do not impose hard bounds on the size of single
synapses, total synaptic strength onto a neuron, nor number of synapses, as other models
of sequence formation have [100, 101, 104], T06]. The absence of these constraints permits
compensatory rescaling of synapses in response to disruptions. We compared meta-learned
rules trained with and without synaptic turnover to a previously proposed sequence learning
rule that used multiplicative asymmetric Hebbian learning, a single synapse bound, and
bounds on the total strength of synapses onto and out of individual neurons [I0I]. Each rule
was applied to 100 test networks for 400 activations without disruption. Following this, a
decoder was constructed to read out time from the neural activity, and then synapses in the
networks were turned over during an additional 150 activations, after which the loss was
evaluated using the constructed decoder (Fig. MC) We compared the best versions of each
rule when synapses were turned over (with probability psr = 0.00072) at each activation,
equivalent to a 90% probability of individual synapse survival during the disruption period
(Fig. , light purple points), and when they were not turned over (Fig. , grey points;
see Supp. Sec. . We used the Kruskal-Wallis H test to test for equality of medians. We
found that meta-learned rules trained with and without synaptic turnover outperformed
the rule based based on rigid synapse constraints (p = 2.5x1078, Cohen’s d = —0.45 and
p = 7.2x1077, Cohen’s d = —0.44, respectively), while in the absence of perturbation,
medians were not distinct after 4-fold Bonferroni correction (p = 0.016, Cohen’s d = —0.29

and p = 0.029, Cohen’s d = —0.30, respectively). When we studied the connectivity structure
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Figure 3.4: Discovered rules organized dense feedforward structures (a) Median
impact of loss when coefficient of given plasticity is set to zero for a given learned solution.
(b) Refitting terms in order of median impact on loss shows sequence generation in synaptic
turnover context is well captured by 4 terms. (c) Task structure for comparison between
different rules. Rules are given 400 activations to organize dynamics. At the end, the
decoder is constructed. Networks then undergo synaptic perturbation for 150 activations.
Finally, the decoder attempts to decode time from the resulting dynamics to determine the
loss. (d) Comparison between multiplicative Hebbian learning and summed synaptic bound,
meta-learned without synaptic turnover, and meta-learned with synaptic turnover on time
encoding task illustrated in (c). Trials shown in grey do not include synaptic turnover; light

purple include synaptic turnover. Black crosses indicate median values for each condition.



72

a ) ) b c
H ' H 0 0 25 Exc. rules only
» 400f o All rules

e 300
o

E — 200

25
—e -2 100 4
x 10"

0 4 8 12 16 20
Turnover rate

Figure 3.5: Learning plasticity on all synapses (a) Schematic of synapses upon which
we newly allow plasticity. (b) Weight matrices on activations 1 and 400 of a network evolving
under plasticity rules learned on all 3 sets of synapses. I synapses increase. (c¢) Comparison
of performance of rules learned only on E—E synapses (red) (N=5) versus all sets of synapses
(blue) (N=8) when training includes synaptic turnover across varying rates of synaptic

turnover.

of networks organized by meta-learned rules, we found that the discovered rule generated
denser feedforward connectivity in comparison to other plasticity rules with alternative forms

of Hebbian learning and heterosynaptic competition (see Supp. Sec. .

3.2.8 Including inhibitory plasticity

Meta-learning allows the exploration of multiple plasticity rules operating on distinct sets of
synapses within the same circuit, as might arise if there are multiple cell types [153] 154]. In
particular, [-E plasticity has been the focus of much recent work [I55HI60]. The interaction
of many plasticity rules is challenging to analyze theoretically, but meta-learning allows
exploration of these interactions [54) [60]. Recent evidence suggests there may be multiple
forms of plasticity within sequence-generating circuits: Wang et al. [67] increased the intrinsic
excitability of in vivo HVC(ga) neurons and found that the strength of both E—I and I-E
connections could dynamically shift in response. Targeted cells received increased total
inhibitory synaptic strength and decreased excitatory strength. To understand the role of

this additional plasticity, we meta-learned plasticity on all sets of synapses within the circuit
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Figure 3.6: Network perturbations reveal homeostatic compensation in E—E
and I-E synapses (a) Response of the magnitude of summed E—E weights |W™¢| =
> % wEfE] (top) and summed recurrent weight |[W} | =|>", w?,?lw};E] (bottom) to the
imposed scaling down of E— E weights to a single cell. Values for neuron with perturbed
inputs shown in light purple; all others black. Each line represents average values for a single
learned rule over N=20 networks. (b) Same as (a), but for imposed upscaling of E— E
weights to one cell (light purple). (c) Same as (a), but frequency of stochastic inputs to one
cell is greatly increased (light purple) relative to all other cells (black). (d-f) Postsynaptic
response of affected neurons in 20 networks plotted in the space of normalized peak amplitude
and duration for manipulations (a-c). Black dots represent pre-perturbation responses; light
purple, immediately after perturbation; blue, 25 activations after perturbation. (g) Schematic
of feedforward motif maintaining homeostasis via its E input. (h) Schematic of feedforward
motif with homeostasis on E—E and I—E synapses. (i) Phase flow in space of output firing
envelope duration and amplitude (left) for a single neuron. Black points are first responses
of the neuron for various inputs; blue stars represent responses after 200 activations. Note:
initial and final output durations and delays are roughly the same. Colors of trajectories
indicate how the neuron’s input weight changes to satisfy the plasticity rule: see legend. (j)
If the forms of homeostasis on E—E and [-+E maintain different aspects of the postsynaptic
response, an attractor forms in the duration and peak amplitude of the postsynaptic response

(left). The response delay is also constrained (right).
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(Fig. ) both with and without synaptic turnover. Specifically, we attempted to learn
three independent plasticity rules that operated on three distinct groups of synapses (E—E,
E—I, and [—E; see Section |3.10]).

E—1I and I—FE synaptic plasticity improves decoding of time, particularly in the presence of

synaptic turnover

Meta-learning uncovered triplets of plasticity rules that successfully organized initially random
networks into sequence generators (Fig. [3.5b). When trained with turnover in E—E synapses,
solutions that acted upon E—I and [-E synapses in addition to E—FE outperformed solutions
that only acted upon E—E connections, particularly when the rate of synaptic turnover was
high (Fig. ), suggesting this additional plasticity played an important role in maintaining
network dynamics through perturbation.

To investigate how rules acting on all synapses generated improved time representations,
we repeated the dropout analysis. We found that E—FE plasticity within these learned triples
was largely similar to the rules previously learned on E—E synapses alone (Egs. and :
solutions were consistently sensitive to the removal of Z;x; and w;;Z;z;, which appeared
consistently with positive and negative coefficients, respectively. Further, dependence on
these terms persisted when we trained networks with turnover on E—E synapses or I-E
synapses (Supp. Fig. 6). As expected, we also found that solutions depended heavily upon
terms that acted upon E—I and I—E synapses, but this plasticity was more difficult to
interpret due to increased trial to trial variability in the discovered rules. We found, however,
that the E—1 plasticity rule consistently depended on the second order presynaptic term z;x;,
which always appeared with a positive coefficient, suggesting that E cells project to inhibitory
counterparts with a strength that increases with the E cell level of activity. An implication of
dependence on this term is that the strength of an E neuron’s recurrent inhibition, defined as
|Wreel = >, wf:k_’ Iw,I;EL where i is the index of the E cell and & indexes the I cells to which
it projects, might depend on its level of activity. Thus, ablation of excitatory inputs to an E
cell might cause its recurrent, disynaptic inhibition to lower in a manner that homeostatically

restores its firing.
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Recurrent inhibition of E neurons is homeostatic in networks with learned plasticity

As the role of E—I and I—E plasticity was not completely clarified by our perturbations so
far, we next investigated how this plasticity adjusted synapses coupled to an individual E cell
when its typical input was manipulated. Noting the dependence of the E—I plasticity rule on
Z;x;, we hypothesized that a targeted neuron’s recurrent inhibition and excitatory afferents
might be adjusted in concert to restore its typical firing pattern. We used discovered learning
rules to organize sequences and then performed three varieties of in silico manipulations of
individual E cells within these networks. In the first, we scaled down the excitatory afferents
to the targeted E cell by 50% (Fig. [3.6p, diagram). In the second, we scaled up the same
connections by 50% (Fig. [3.6b). In the last, we increased the rate of the targeted cell’s input
Poisson process by a factor of 10 (Fig. ) This final manipulation mirrored the viral
insertion of NaChBac to HVCgra neurons in |Wang et al| which causes these cells to become
hyper-excitable [67, 161} [162]. Wang et al. found that manipulated cells recruited additional

inhibition and weakened excitatory afferents.

We found that scaling down a targeted E cell’s excitatory afferents resulted in a rescaling
of those excitatory weights and an accompanying decrease in [W}*°| (Fig. [3.6h). We further
found that these synaptic changes restore the initial firing pattern of the E cell: in Fig[3.64d,
we plot the initial responses of targeted E cells across 20 self-organized sequences in the
space of duration and peak amplitude of response (black points). Scaling down the excitatory
afferents initially causes both the peak amplitude and duration of response to decrease
(Fig. ; light purple points), but these responses largely recover after ~25 activations
of the network (Fig. ; blue points). When we instead strengthened E afferents to the
targeted cell, we found these connections weakened and recurrent inhibition strengthened in
compensatory fashion (Fig. [3.6p). In these networks, we found that targeted E cell responses
that were initially lengthened with increased peak amplitude (Fig. ; light purple points)
were reduced back to their pre-perturbation values of duration and amplitude (Fig. ;
black points show initial responses; blue points, responses after 25 activations). Finally,
rendering the targeted E cell hyper-excitable caused it to scale down its excitatory afferents

and increase its recurrent inhibition in a manner that restored its typical firing pattern. In



7

summary, plasticity rules on excitatory afferents and recurrent inhibition operate in tandem

to maintain the firing pattern of the neuron (see Supp. Sec. for additional details).

Two forms of homeostasis create an attractor in postsynaptic response and timing

How might modulation of recurrent inhibition contribute differently to the modulation of
excitation in preserving network dynamics? We hypothesized that distinct plasticity on
different sets of synapses might confer a robust representation of time if these rules governed
distinct aspects of the desired network function. For instance, within our HVC-like circuit,
peak firing of E neurons might be controlled by E—E plasticity while total activity might be
controlled by I—E plasticity. Since excitatory and inhibitory inputs to E cells differ in their
timescales (E inputs are transient while I inputs are relatively tonic), we reasoned plasticity
on both sets of synapses should increase the control of the postsynaptic response. While it is
already known that multiple plasticity mechanisms can sharpen the responses of neurons to
stimuli [I55], prior work has not addressed whether similar plasticity might be leveraged to
preserve the timing of such responses, which is crucial to timing representations. To explore
this, we constructed a simplified model of a single neuron responding to a broad range of
excitatory inputs, characterized by varying peak amplitudes and durations, and a tonic
inhibitory input. We compared the responses of the neuron when both the excitatory and
inhibitory input synapses (Fig. [3.6h) evolved under plasticity rules to responses produced
when only the excitatory synapse evolved under a plasticity rule (Fig. ) and found the
two rule model was able to better constrain the duration, peak amplitude, and timing of the

postsynaptic response the E neuron (Fig. —j; see Supp. Sec. for full description of

reduced model).

3.3 Discussion and limitations

Meta-learning plasticity rules via stochastic optimization is a promising technique, but suffers
a number of limitations. One, the optimization process becomes expensive as the size of the
rule basis, the number of neurons in the network, and amount of simulation time required
grows. Further, CMA-ES may require many epochs to converge on good solutions. Training

E—E plasticity (plasticity on all synapses) across 10 networks in batch typically required 24
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(72) hours of compute on 30 Cascade Lake or Ice Lake Intel CPU cores to yield reasonable
solutions. Two, meta-learning tends to generate different solutions based on the seed; due to
the expensive nature of each trial, we did not carry out enough trials to claim full knowledge
of the solution space. Three, the plasticity rules learned were quite dense in our choice of
basis, limiting interpretation, and we ultimately employed perturbations to better understand
the critical terms. Four, the choice of basis limits the space of discoverable rules; for instance,
we did not include feedback-modulated plasticity in this study. Five, the initial connectivity
of the circuit likely has a strong bearing on the sort of plasticity that successfully can leverage

it [163, [164].

Prior to any experience, intrinsic, self-organized dynamics within the brain can serve
as powerful priors that can accelerate and shape successful, feedback driven learning. In
this work, we study how one such computational primitive could emerge by adapting a
meta-learning procedure to learn the learning rules that self-organize and maintain robust
representations of time in neural dynamics. Meta-learning discovers a temporally asymmetric
(STDP-like) generalization of Oja’s rule that organizes and maintains sparse, sequential
activity out of initially random connectivity, which outperforms other models of sequence
generation in the presence of synaptic turnover by permitting flexible rescaling of inputs to
restore dynamics. Additionally we found that plasticity rules learned on all sets of synapses
outperform plasticity rules applied only to E connections. Through a toy model, we show
how plasticity on all synapses could confer extra timing stability if the plasticity in distinct

sets of synapses act on different moments of an E neuron’s activity.

In this work, we have developed a paradigm to understand how computational primitives
might self-organize within neural circuits and selected sequences as our test example. Future
work could study the emergence of other canonical forms of neural dynamics that have been
widely identified in brain activity and serve as fundamental components of computation, such
as line attractors or limit cycles, or how plasticity rules generating such components interact

with rules requiring feedback.
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3.5 Network simulations

3.5.1 Network initialization

For all network simulations, network were initialized with excitatory units connected all-

to-all with weights drawn from U[0.2 wg)L B wEEOL g]. E=I and I-E weights were nonzero

with probability 0.8 with values drawn from N(wgll, 0.3 wgll) and N(w?zE, 0.3 |w§0_)>E )

respectively. Any weights violating Dale’s law were set to zero.

3.5.2  Single neuron dynamics

All neurons were modeled as rate-based units with threshold linear activations, with continuous

firing rates evolving according to

x;(t) = [Vj(t) = 0], (3.8)

where V;(t) evolved via

TmVj(t) = =Vi(t) + Z wi;z; () (3.9)

Here, w;; is the weight of the synapse i — j, 7, is the membrane time constant, and b is
the bias. Values of 7, differed across cell types (E and I), but were consistent within cell

type. Egs. and [3.9] were solved numerically with timestep size 6t = 0.1 ms.
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Table 3.1: Environment parameters

Parameter Description Value
wf(EO)_> E Maximum initial E—FE weight 0.4
wl Mean initial E—T weight 0.5
w§0_)) P Mean initial I-=E weight -0.3
T,(nE) Excitatory cell membrane time constant 10 ms
7'7(,{ ) Inhibitory cell membrane time constant 0.1 ms
b Excitatory cell resting potential 0.1

3.5.8 Network input

We adopt the assumptions made in Jun and Jin [100] and Tupikov and Jin [I06] and drive
a single neuron with a strong kick of excitation at the start of each trial. Following this,
all other neurons in the network received two filtered Poisson process inputs, a "frozen"
(stereotyped activation to activation) input and a stochastic input. These processes had rates
Arozen = MO pgx and Agoch = )\(0)(1 — Pax ), respectively, where pg, = 0.75 and A0 =80 Hz.
Arrivals from both processes were then smoothed into an input current via an alpha function

kernel such that arrivals {t;} became input current
1(t) = 3 ael =l et/ mmig (¢ — t;), (3.10)

I Tinput

where Tinput = 3 ms and a was 0.09 and 0.02 for excitatory and inhibitory neurons,
respectively. Input current to the initially driven neuron was modeled in a similar fashion: a

block of 10 contiguous arrivals was transformed into a current via Eq. [3:10]
3.6 Meta-learning basis

To discover plasticity rules, we leverage a meta-learning approach pioneered by Bengio et
al.[52] and more recently extended by Confavreux et al[51]. Specifically, we parameterize a

set of plasticity rules with coefficients ¢ and time constants 7, such that individual synapses



evolve according to

Wi =Y ek F(wi, yi, wi, )

k
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(3.11)

where z; and y; are the pre and postsynaptic activity of synapse i, respectively, w; is the

synapse size, and F, is the k' term in the plasticity rule. The terms of F are

F(xivyiawi) =

where

Yi
;
i Yi
e
T ﬂz( )
7%

()

?JZ-(S) Yi

: (3.12)

t
M (1) = / e =/ T () dt (3.13)
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t
35 t) = / ==y, () (3.14)
0

and 7, is a learned time constant specific to element k£ of F. Note, we rescaled terms that
were higher order in pre- or postsynaptic activity by a factor 0.1 per order in order to limit

the number exploding simulations.
3.7 Optimization via CMA-ES

To optimize rule coefficients and time constants, we used Covariance Matrix Adaptation
(CMA-ES) [152], a technique that iteratively samples from a high dimensional Gaussian
placed on the space of plasticity rule parameters. The mean of the Gaussian was initialized
to 0 for all rule coefficient parameters and 5 ms for all time constants. The covariance matrix
was initially diagonal with the standard deviation set to 0.003 and 3 ms for rule coefficients
and time constants, respectively. We found that initializing the covariance matrix with
small values relative to the search space led to fewer simulations in which weight growth
was unbounded. The search space for rule coefficients and time constants was bounded to
[—10, 10] and [0.05, 40] ms, respectively. The population size for each epoch of training was
typically 14.

Each evaluation of a candidate learning rules was performed using the aggregate loss
from 10 randomly initialized networks (see Supp. Section to encourage CMA-ES to
find plasticity rules that gracefully generalized to unobserved initial network structures and
inputs. Importantly, the seeds of these simulation were held fixed from trial to trial; in a
separate set of experiments, we attempted to draw a fresh set of networks and inputs for

evaluation of the loss function, but found this drastically slowed learning.
3.8 Comparison to existing model of sequence formulation

We compared discovered rules for sequence generation to a prior plasticity rule introduced by
Fiete et al. [I0I]. The rule relies on spike timing dependent plasticity and bounds on both
individual synapses as well as bounds on the total synaptic strength onto and out of a neuron.

While the rule was originally formulated for both binary neurons and spiking networks, we
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Figure 3.7: Five best versions of meta-learned rules trained with and without synaptic
turnover compared to summed synaptic learning rule. Points represent median loss for each

condition.

adapt it here for continuous firing rate units. Under this rule, synapses evolve according to

+
+

+
Zwik’ - Wmax] ) ) (315)
k/

where all w;; are additionally bounded by some wmax < Wihax. The first term in this rule

wij = awij (i’ﬂ}j — .%‘Z'.i'j) — Oéﬁ <[Z wkj - Wmax
k

implements a multiplicative (in that potentiation and depression are proportional to the
synapse size) spike timing-dependence plasticity kernel (or the continuous firing rate analog).
The second term bounds the sum of all synapses onto a neuron and out of a neuron to Wiax.
Fiete et al. [I01] demonstrated this rule generates wide synfire chains if groups of N neurons
receive correlated noise inputs and wpax = Winax/N.

To compare Eq. to the discovered rule, we first optimized (o, 3, Wmax, Winax) to
minimize the decoder error (first term of Eq. 2 in the main text) in a setup identical to that
described in Sec. 3.5} Once optimized, we used discovered rules trained with and without
synaptic turnover and Eq. to organize sequence generating networks by activating
networks 400 times; 6 activations from the end of this period were used to train a linear
decoder without regularization that attempted to decode time from the neural dynamics at

500 time points throughout each activation. Following this, networks underwent synaptic
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turnover for an additional 150 activations; synaptic turnover then ceased, and networks
were given an additional 50 activations, after which the trained decoder’s performance was
evaluated on 200 time points from an additional 6 activations of the network. Results are

shown in Supp. Fig. for the best 5 learned rules of each class.

3.9 Learned rule generates dense feedforward connectivity relative to alterna-
tives

Temporally asymmetric Hebbian learning and a mechanism that induces competition between
synapses that drive the same postsynaptic target is a common recipe for sequence organization
[10T], 104 106}, 107]. Meta-learning selected a particular form of these two components both
when synaptic turnover was included in training and when it was not. This led us to study
the connectivity of sequences organized under different possible choices of these components
(asymmetric Hebbian learning and synaptic competition) and compare them to those of
the meta-learned rule. We fit the following learning rules using CMA-ES. In general, all
coeflicients and time constants were free parameters tuned by the model to produce the best
encoding of time. The rules were

1+

- - 1+
Wij = T;T5 — T;T5 — B ( Zwkj — Whax| + Zwik’ — Whax > ) (3.16)
Lk L & |

r 1+ r 7+
Wij = wij(Tiz; — x:L5) — B ( > wh = Wanax |+ | D ik — Winax > ; (3.17)
L k d L K/ J
Wi = Tix; — BT — Tjx;, (3.18)
w,-j = wij({i'il'j — xiicj) — wijitja:j, (3.19)
and
’Lbij = ji.%'j — .’L‘Z'{ij — wijijxj. (3.20)

We fit Egs. [3.16] and [3:17 both with and without a single synapse bound. The results are
shown Fig. We found that Egs. and only grew dense feedforward structures
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Figure 3.8: Discovered rule organizes dense feedforward structures

Typical connectivity for sequences grown with different selections of Hebbian learning and
heterosynaptic bound. (a) Connectivity matrix organized by additive Hebbian learning,
summed synaptic bound, and a single synapse bound (top). Weight as a function of delay in
firing time for all synapses in the network (bottom). Individual instances shown in black;
smoothed averages shown in red. Note: most nonzero synapses are at single synapse bound.
(b) Same as (a), but with multiplicative Hebbian learning. (c) Same as (a), but with single
synapse bound removed; sequences become 1D, i.e. each neuron receives exactly one input
and projects to exactly one downstream neuron. (d) Same as (c), but with single synapse
bound removed. Sequences become 1D. (e) Connectivity organized by equation 10. (f)
Connectivity organized when both Hebbian learning and firing rate bound are multiplicative.
(g) Connectivity organized by the discovered rule, Eq. (6). Connectivity is dense and weight

size depends on the relative time delay between firing times.
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when a single synapse bound was imposed (Fig. a-b). Removal of this bound generated
1D chains (Fig. , c-d). Egs. and were generally less successful in organizing
sequential activity, but grew structures where neurons received sparse synapses.

To explain these connectivity patterns, we considered the fixed points of individual
synapses within them operating under the relevant rules. We first consider the effective
learned rule of the meta-learned plasticity, Eq. For wj; to be fixed, we require () = 0.
Assuming synaptic evolution is slow, we find

(wij) = —<£i$j>~_ rids). (3.21)
(Tje))
The synapse size is directly proportional to average potentiation under the Hebbian learning,
as in Oja’s rule, leading to connectivity shown in Fig. [3.8k.

We now consider what occurs if the postsynaptic bound does not scale with the synapse
size, i.e. Eq. [3.18 Here, the potentiation under Hebbian learning must be equal on average
to the postsynaptic activity bound, which is identical for all synapses that drive j. Thus the
competition between synapses is winner-take-all, unless multiple synapses receive identical
potentiation. We speculate that there are in general few presynaptic firing times relative to
the postsynaptic firing times that receive equal potentiation under the first two terms of Eq.
thus sequences formed by this rule tend to be sparse (Fig|3.8c). The same argument
applies to Eq. 3.16] when the single synapse bound is not imposed and for Eq. assuming
the synapse is nonzero, [3.19 may be rewritten as

dlog(w;; B 5 B
d(tzj) =TiTj — TiTj — LTy, (322)
which, after setting the right side to zero, is identical to the preceding case. In summary,
that the last term in Eq. is of greater order in the synapse size than the first two terms

is important for generating dense connectivity without the use of single synapse bounds.

3.10 Meta-learning plasticity on all synapses

For completeness, we include the results of term-sensitivity analyses performed on solutions
learned on unperturbed networks, networks with E—E turnover, and I-E turnover (Fig.

3.12)). Note that E—E plasticity was largely similar to rules trained only on E—E synapses.
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Figure 3.9: Synaptic changes under rules learned with E—E turnover

(a) Response of the magnitude of summed E—E weights [W™¢| = |3, wlng| (top) and
summed recurrent weight |[W}r*| = |3, wf:,? Iw,ﬂ;’El (bottom) to the imposed scaling up of
E— E weights to a single cell. Values for neuron with perturbed inputs shown in light purple;
all others black. Each line represents average values for a single learned rule over N=20

networks. (b) Same as (a), for imposed scaling down of E— E weights to a single cell.

Formally, synapses of projection group G evolved according to

bl = 01wl Y D ED (2, 25, 0D D), (3.23)
k

where FIEG) is the k' term of the plasticity rule acting on group G € {E—E, E—I, I-E}. i

(7) indexes the presynaptic (postsynaptic) neurons of G.

3.11 Single neuron perturbation experiments in networks with plasticity on all
synapses

We performed three manipulations on 20 test networks under twelve different learned plasticity
rules: six learned under E—E synaptic turnover and six under I—+E synaptic turnover. In
each manipulation, only the afferent synapses or inputs to a single neuron were modified.

The targeted cell was always excitatory and randomly chosen. The three manipulations were:
1. Scaling down the excitatory afferents to an E cell by 50%.

2. Scaling up the excitatory afferents to an E cell by 50%.
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Figure 3.10: Network response to single cell manipulations under all rules learned

with E—E turnover
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Figure 3.10: Network response to single cell manipulations under all rules learned
with E—E turnover (a) Evolution of E cell postsynaptic firing patterns in the space of
normalized peak amplitude and duration for six learned plasticity rules (each row represents
one learned rule) when a targeted E cell’s afferent synapses are scaled up by 50%. Black points
represent pre-perturbation values, light purple represent immediately post-perturbation, and
blue represent 25 activations after perturbation. (b) Analysis of the timing of targeted
E cell firing under the same rules and perturbations as (a). Note delays are relative to a
pre-perturbation activation not pictured. Scaling up the excitatory afferents of the E cell
initially shifts the firing time forward, but plasticity restores the original firing time of the
E cell. (c) Same as (a), but with the excitatory afferents to a targeted E cell scaled down
by 50%. Plasticity rules restore the initial peak amplitude and duration of targeted E cell
responses. (d) Same as (b) when E cell afferents are scaled down by 50%. Perturbations
initially delay firing of targeted cells, but four of six learned rules partially restore original

firing time of targeted cells.
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Figure 3.11: Network response to single cell manipulations under all rules learned
with I—-E turnover Identical to Supp. Fig. (see caption) but for rules learned under

I—E turnover.
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Figure 3.12: Learning plasticity on all synapses

simulations, these connections were held static. (b) Difference in medians between distribution
of losses of full solutions run on 100 test networks and distribution of losses when one term
is dropped on the same test set for solutions learned in the absence of synaptic turnover
(left), (c) with turnover on E—E synapses, and (d) turnover on I—E synapses. Color of
label indicates the synapses upon which each term acts. Isolated columns denote median loss
for each term and type of perturbation. Note, temporally asymmetric Hebbian learning and
heterosynaptic activity bound on E—E synapses remain amongst the most important terms
by this measure across all types of perturbation. A presynaptic term on E—I synapses is

also consistently important.
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3. Scaling up the stochastic input to a single E cell by a factor 10 (A%, = 10 Astoch)-

In each case, plasticity rules were applied to initially random networks (see Section
for 400 network activations, after which the target neuron was manipulated and the synaptic
change effected by the plasticity rules was measured at six subsequent time points, each
spaced five activations apart.

We characterized the activity and synaptic connectivity of targeted cells. In particular,
we recorded the sum of all excitatory weights onto the target cell as well as the strength of

the recurrent inhibition, computed as

Wi =| Z wiy wi 7P (3.24)

In Fig. 6 and Supp. Fig. B9 we report these connectivity values normalized by
pre-perturbation network averages across all neurons.

We additionally recorded changes in activity that stemmed from these manipulations
and changes plasticity made to the network. We computed the peak amplitudes, durations,
and timing of target cell firing. We defined the duration as [ z;(t)dt / xz(peak) and the timing
as [tx;(t)dt/ [x;(t)dt. In Fig. 6d-f, Supp. Figs. , ¢ and [3.11h, ¢, we report peak
amplitudes and durations normalized by pre-perturbation averages of the targeted cell. We
report firing times relative to a pre-perturbation average (Supp. Figs. , d and , d).

We found that rules learned under different synpatic turnover settings and within the same
setting largely converged in terms of function. Nearly all sets of rules increased (decreased)
excitatory afferents onto the targeted cell and decreased (increased) recurrent inhibition in
response to imposed scaling down (up) of excitatory afferents to the targeted cell (Fig 6a-c,
Supp. Fig. [3.9). Plasticity rules acted to restore the peak amplitude, duration, and timing
of an E cell’s pre-perturbation activations (Supp. Figs. and .

3.12 Reduced model of dual homeostatic control of E cell responses

We posit that the mechanism behind the improved robustness of the timing representation
in networks with excitatory and inhibitory plasticity is compound homeostatic regulation of

E cell postsynaptic response on different sets of synapses. To investigate this, we construct a
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Figure 3.13: Two plasticity mechanisms can correct timing

Two plasticity mechanisms can better restore timing and postsynaptic firing pattern under
a variety of inputs. Top panel: inputs to reduced neuron model described in Supp. Sec.
Second panel: initial firing rate responses of neuron to different inputs (colors matched
to input). Third panel: firing rate responses of neuron evolving under E plasticity alone
(see Supp. Sec. . Downward-pointing arrows indicate mean firing time of response
and leftward-point arrows indicated peak firing rate. Bottom panel: firing rate responses
of neuron evolving under E plasticity and I plasticity. Note mean firing times of responses

and peak rates are more tightly clustered relative to those of responses of neuron with E

plasticity alone.
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model of a single neuron responding to a spectrum of excitatory inputs and investigate the
stability of its postsynaptic response under different plasticity rules. Specifically, we compute
the mean time relative to input onset and the magnitude of response under three different

plasticity schemes:
1. Homeostatic conservation of squared magnitude of response on excitatory afferent

2. Homeostatic conservation of squared magnitude on excitatory afferent; conservation of

magnitude on inhibitory afferent

We model the neuron as threshold linear unit, whose response is

t +
ri(t) = [wi / e(tt')/ﬂ“rin(t’)dt’—bi} (3.25)
0

Here, w; is the feedforward excitatory weight, b; is the bias after ¢ inputs, and 7 is the
membrane time constant of the neuron. We assume that inhibition to the neuron is relatively

tonic and is incorporated into b;. We allow w; and b; to adjust after each input according to

Wit1 = Wi + Y (Aw - / r?(t)dt) (3.26)
0

and
o0
ba =it ([0 4,). (3.27)
0
where A, v, Ap and 7 are non-negative homeostatic set points and rates for the feedforward

weight and bias term, respectively. We drove the neuron with an alpha function,
Pin(t) = eain(t/Tin)e "™, (3.28)

starting from ¢ = 0 and tracked the evolution of the postsynaptic response in the phase space
of peak response amplitude and response duration. We found a suitable choice of model
parameters created a stable fixed point in this space. We further computed the delay between
the average firing time of the response, [ ¢r;(t)dt/ [ r;(t)dt, and the onset of input after 200
activations and found that plasticity tended to constrain the range of possible delays (Fig.
6j, right). We compared these dynamics to those of a neuron with fixed bias, and found it

did not conserve the duration nor delay of the postsynaptic response (Fig. 6j).
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In Supp. Fig. we demonstrate how plasticity on [-E synapses in tandem with
E—E plasticity improves timing robustness. A key aspect of this model is that it assumes
inhibition is relatively constant while excitation is transient. Thus, I—E plasticity permits an
E cell to adjust its resting potential in a manner that shortens or lengthens its postsynaptic
response. Inputs that are too short (long) relative to the homeostatic setpoint are lengthened
by decreasing (increasing) inhibition. E—E plasticity can then rescale the amplitude of the

response to match the desired setpoint.
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Chapter 4

SEARCHING FOR RULES II: SELF-ORGANIZATION OF
INTEGRATION CIRCUITRY

Integration—the accumulation of information over time—is a fundamental computation
underlying navigation, decision-making, and memory. The dominant circuit model, the
continuous attractor neural network (CANN), explains integration through finely tuned,
symmetric connectivity that supports marginally stable states. However, data from systems
such as the Drosophila central complex suggest that real connectivity is heterogeneous,
implying that symmetry may only exist in a coarse-grained sense, if at all. While continuous
attractor networks are known to be compatible with heterogeneity if trained in supervised
fashion, we hypothesize that unsupervised local plasticity rules may shape integration circuitry,
requiring less trial and error to achieve effective integration. To this end, we take a meta-
learning approach to identify such rules in small networks of excitatory and inhibitory neurons.
Briefly, the learned rule is parameterized as the Taylor expansion of an arbitrary function that
depends on synapse size as well as eligibility traces of pre- and post-synaptic activity and input
from other cell types. In networks of size N=5, we discover rules that form bump attractors
given only weak spatial priors and inputs to be integrated. In a simpler two neuron system,
we find rules that generate line attractor dynamics. Surprisingly, rules that shape N=5
networks do not consistently implement differential plasticity, a form of anti-Hebbian learning
hypothesized to shape attractor networks. Instead, we find learned plasticity consistently uses
input-based potentiation to shape network structure, and additionally exhibits sensitivity
to the sequencing of input, pre-, and postsynaptic activity. We hypothesize this form of
plasticity can be used to tune attracting states in a network and demonstrate this idea in
a simplified model. Together, these results suggest that unsupervised local plasticity rules
may provide a biologically plausible mechanism for the self-organization and robustness of

integration circuits.
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4.1 Introduction

A host of animal behaviors depend fundamentally on the brain’s ability to integrate and
retain incoming sensory cues. For example, Drosophila integrate self-motion and visual cues
to maintain a persistent activity representation of heading [40H42]; zebrafish integrate optic
flow to align themselves with current flow via the optomotor response [165, [166]; non-human
primates maintain persistent activity representations of accumulated evidence in perceptual
decision making tasks [167]; and grid cells in the entorhinal cortex of mammals perform path
integration computations [168, [169]. A predominant circuit model proposed to underlie these
capabilities is the continuous attractor neural network (CANN) [I69HI75]. These networks
can be constructed as a combination of symmetric short-range excitation and long-range
inhibition. This structure supports a continuum of marginally stable activity states, typically

far exceeding the number of neurons in the network (Fig. [4.1b).

A challenge to the biological plausibility of this architecture is that it requires fine-tuning.
Perturbation to symmetric connectivity causes the underlying dynamical system of a CANN
to bifurcate into a series of fixed points, limiting the capacity of the network to represent many
unique stimulus values in unique activity states of the network (Fig. [.1b-c, e) [173, [176].
The requirement for fine-tuning is problematic because real connectomes are not symmetric,
implying that effective symmetry would need to be "hidden" in otherwise heterogeneous
connectivity [I76-HI78]. In models, establishing integration dynamics in networks that are
not initialized with tuned connectivity typically requires supervised learning [I78-180] (Fig
4.1f, second from left). While effective at establishing integration dynamics, the view that
integration circuit is established entirely through trial and error learning is challenged by
recent evidence suggesting some circuits may be intrinsically capable of integration: zebrafish
can accurately align themselves with noisy optic flow even when reared in darkness or strobe
lit conditions, and rapidly gain this ability after brain-wide sodium blockade [166]. The
sparsity of experience required to perform integration-dependent behaviors suggests extensive

error-driven learning may not be the organizing principle in the underlying neural circuitry.

Here, we ask whether integration and retention of incoming inputs can occur through

self-organization, i.e. intrinsic dynamics and plasticity that does not depend on error-based
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Figure 4.1: Approach to learning rules that organize precisely tuned connected
required for integration (a) Illustration of integration task. Given a series of right and
left cues, the goal is to output the integrated difference in the two signals (blue line). (b)
Schematic of a tuned continuous attractor, containing short-range excitation and long-range
inhibition, which supports many stable states (bottom). (c) Mistuned continuous attractor
(top) supports comparatively fewer states (bottom). (d) A continuous attractor integrates
incoming sensory cues and its dynamics tracks the summed difference in right and left cues
(blue line). (e) (Top) Many trajectories through the same attractor, colored by the integrated
value of the incoming cues. Histogram shows the distribution of targets and final states
is approximately normal. (Bottom) Mistuning creates a set of fixed points that warp the
integration dynamics of the network. (f) Schematics for hypotheses for how integrators
are formed in the brain. Connectivity could be predetermined (far left), learned via error
feedback to the network (second from left), tutored into the network by inputs that specify
target network states (second from right), or fully self-organized (far right). (g) Schematic
of meta-learning approach to discovering plasticity rules. (h) Schematic of factors that can
influence the evolution of a synapse, W: activity of the pre- and postsynaptic neuron as well

as net input from distinct cell types.
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feedback or supervision. We take path integration as our canonical example, whereby a
time-varying cue must be integrated to keep track of total displacement. To discover plasticity
rules that can organize integration circuitry without feedback, we use evolutionary algorithms
to learn local synaptic update rules within a basis of possible terms that depend on activity,
synapse size, timing, and gating factors. We study a model based on the central complex of the
fly, in which network cell types and structure that reflect the ellipsoid body and protocerebral
bridge. To our knowledge, we find the first rules capable of organizing integration without
supervision and that remain continually active. We then use analysis of a simplified network

example to interpret the learned rule sets.

4.2 Related work

A large literature addresses the fine-tuning problem in continuous attractor networks, whereby
deviations from symmetry in connectivity induce drift along the marginally stable manifold
[173] 1706, 178, 181]. Although theory shows that continuous attractors can arise even with
non-symmetric connectivity [176, [I77], and that slightly untuned networks can still support
long memory timescales [I78], most mechanistic explanations for the emergence of continuous
attractors in neural circuits invoke feedback-based learning rules [178| [182].

An alternative architectural approach replaces a continuous manifold with a sequence of
adjacent fixed points, often termed quasi-continuous attractor networks [29, 180} 183, 184].
While these models eliminate representational drift, they typically exhibit reduced sensitivity
to weak inputs and require large network sizes, potentially limiting their applicability to
integration circuits composed of relatively few neurons [I81]. Synaptic facilitation has also
been shown to suppress drift by reinforcing co-active neuronal populations |29 [185]. Finally,
control-theoretic approaches based on negative derivative feedback—implemented via time-
offset signal subtraction—can mitigate memory decay and confer robustness to common
circuit perturbations [186], [187].

Many authors have investigated the role of synaptic plasticity in organizing continuous
attractor networks that perform integration. Broadly, these approaches fall into two classes.
The first relies on tutoring or supervisory inputs [29] 179} [180], in which desired network states

or trajectories are externally imposed and used by synaptic plasticity to generate internal
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error signals (Fig [4.1f, second from right). It remains unclear whether such approaches
ultimately produce truly continuous attractors or instead yield quasi-continuous manifolds
composed of discretized states.

The second class focuses on fully unsupervised plasticity mechanisms, including home-
ostatic processes [I88] and so-called differential plasticity [189, 190]. However, these rules
are typically studied in networks whose connectivity is already close to that of a continuous
attractor, raising the question of whether plasticity alone can give rise to such structures
from more generic initial conditions.

Given the large space of possible learning rules, an emerging approach is to use a supervised
objective to tune a local plasticity rule, sometimes referred to as meta-learning. In these
approaches, the tuning process often proceeds by simulating the local rule in a network,
evaluating its task performance, and then modifying the parameters of the local rule via
the supervised learning algorithm. Studies in meta-learning have been divided between
searches for biologically plausible replacements for backpropagation [52, 56) 57, [148] and
automated discovery of unsupervised plasticity capable of fulfilling particular functions

[51 53], 611, [62], 141, [191].

4.3 Results

To better understand how the continuous attractors could be self-organized within finite-sized
networks, we sought to meta-learn plasticity rules that could shape networks into integration
circuitry purely from the dynamics induced by input. Our approach was to simulate networks
of firing rate neurons that evolved under a parametrized plasticity rule as they received
two streams of input, and then iteratively tune the parameters of the rule to maximize a

supervised objective, path integration of the input.

4.8.1 Parametrization of the learning rule

We parametrized a learning rule as a linear combination of basis terms which depended
on factors like the activity of pre- and postsynaptic neurons, the synapse size, and gross

input from distinct cell types. This last factor allows for heterosynaptic forms of plasticity,
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which have increasingly gained interest in experimental and theoretical literature [44] [192-
194]. Some terms in the basis also included eligibility traces of these factors, which were
incorporated to capture timing information. For example, rules that depend on the relative
ordering of activity of neurons are not implementable without these trace. In all cases, these
traces were formed by convolving the factor with a decaying exponential. The weight update

due to a particular learning rule is

w’L] = ZCka(xiaxjawijazia{Tk})a (41)
k

where z; and x; are the pre- and postsynaptic firing rate, {7} are the time constants of the
eligibility traces, if applicable, and z; is the total input current from the other cell type to
the postsynaptic neuron (see Section . While a more expressive and general nonlinear
combination of factors influencing synaptic strength can be generated by parameterizing the
learning rule differently, e.g. by a feedforward network as in [I91], we opted for this approach

as the solution can be more interpretable [I41].

4.8.2  Initial network architecture

We assume networks are not initially entirely unstructured, but instead begin with a structural
prior. We modeled this prior on the connectivity of the head direction circuit found in
Drosophila, which is remarkably stereotyped [195]. Our networks contained two cell types,
which refer to as cell type 1 and 2. Cells of the first type initially randomly interconnect
via excitatory synapses and disynaptically inhibit one another via a single inhibitory neuron.
Two additional groups of excitatory cells (cell type 2) of equal size to cell type 1 population
receive uniform "right" and "left" current inputs. We assumed connectivity between cell
type 1 and 2 reflected the shifting structure found in projections between E-PG neurons and

the protocerebral bridge (Fig. .

4.8.8  Integration task

We first studied a case in which networks received inputs for a 300 ms period. While the time

scale of working memory is often an order of magnitude or two larger, we first sought to test
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Figure 4.2: Sketch of structural prior in networks (a) Schematic of structural prior
for cell type 12 connectivity. Each cell type 1 neuron disinhibits two cell type 2 neurons,

one which projects laterally to the right, the other to the left. Blue triangles denote blanket

inhibition to all other cell type 2 neurons. Connections denoted with dashed lines are

not initialized with a structural prior. (b) Function of structural prior. When reciprocal
connections between cell type 1 neurons are well tuned, a bump of excitation will combine

with a global right (left) input to cell type 2 neurons to produce a shifting signal that moves

the bump right (left).
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the hypothesis that integration could be self-organized from input cues alone. A challenge
in this setting is that inputs the network receives may be asymmetric, which has prevented
past network models from learning stable attractor dynamics [29].

Our procedure is as follows: after a 20 ms delay, networks received a string of input cues
for the remaining time divided into 10 ms blocks. During each block, either a right or left
input, implemented as a smoothed Poisson process, was presented with probability pi,/2 or

no input was provided with probability 1 — piy.

4.8.4  Loss function and optimization of the learning rule

The full loss function depended only on the coefficients and time constants of the learning

rule, (¢, 7). Explicitly,
T
£<Ca 7-) = £dec(ca T) + Aa Z / xi(t)dt + )\SP(C7 T)a (42)
i 0

where the first term is the decoder loss, Agec(1 — R?), the second term is an activity penalty,

and the third term is a synaptic penalty that discourages synaptic change,

T
Pe,7) =Z/D ek (i(t), x(8), wij (1), 7o) O (Jwij (£)])dt. (4.3)

i,k
We optimized rules by adjusting (¢, 7) via covariance matrix adaptation (CMA-ES) [152]. To
evaluate the loss function, we batch evaluated a selection of (¢, 7) on 10 networks, and varied
the value of p;, in even intervals from 0.25 to 1 when training on each network. Optimizations

typically required tens of thousands of meta-iterations to converge.

4.8.5 Learned unsupervised plasticity organizes integration in finite networks

Meta-learning discovered sets of plasticity rules that shaped central complex-like networks
into integrators. When run on new network initializations, these rules typically modified
connectivity between cell type 1 neurons to be largely symmetric and strongest near the
diagonal (Fig ) Resultant weight matrices were reminiscent of the cosine tuning used
to implement ring attractors, but did not contain a full rotational symmetry due to the

nature of the task. These connections support a "bump" of activity that passes between the
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Figure 4.3: Meta-learned rules organize integration dynamics in central complex-

like networks
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Figure 4.3: Meta-learned rules organize integration dynamics in central complex-
like networks (a) Schematic of central complex-like network on top of which plasticity rules
are learned. Two distinct groups of neurons in cell type, neurons 6-10 and 11-15, receive
global right and left inputs, respectively. Cell type 2 neurons send excitatory projections
to cell type 1, neurons 1-5, (b), and cell type 1 neurons reciprocally inhibit cell type 2.
Connectivity between cell type 1 and 2 is assumed to have a scaffold that outlines the desired
manifold. Connections between cell type 1 neurons are drawn from a uniform distribution
((b), left), but converge to a diagonal structure (right) that permits integration. (c) Tracking

the "bump location", i.e. the average location of activity in the network (Zim D7),

reveals neural trajectories separate to encode integrated value. (d) Bump location reflects
current integrated value. (e) Tuning curves for each of the 5 neurons in cell type 1. (g)
Representation of distinct values of [ (Ig — I1,) in terms of the firing rate of different neurons.
(h) Trial over trial relative synaptic change averaged across all synapses between units in cell
type 1. (i) Comparison of R? between networks organized by plasticity rules (red) versus
networks with no plasticity (black) across learned rules. Each circle represents a network

(N=30).
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neurons of cell type 1 in response to inputs to the network (Fig|4.3c). The bump location
strongly correlates with the integrated difference in input cues (Fig —e), and the true
displacement of the path integration can be decoded from the activity of cell type 1 neurons to
high accuracy (R%2=0.8540.02 for the best rule discovered, R?=-0.02+0.02 without plasticity,
n=30) (Fig 4.3f). Individual cell type 1 neurons in the network display graded tuning to
particular values of the displacement (Fig ) To determine how the discovered plasticity
rules drive synaptic strengths, we measured the average change in synaptic strength across

trials, (|Aw;j|/|wijl),, and found that synapses in shaped networks only changed about 1%

ij?
epoch over epoch by the time decoding occurred, indicating connectivity largely converged.

4.8.6  Memory in self-organized integrating circuits is based on long lasting dynamics

While the learned networks above integrate inputs, they do not necessarily retain the results
over time. Thus, we next added a requirement that they retain the final value stably over
time by appending a 700 ms "hold" period to the end of the integration period during which
the integrated value could still be decoded from network activity (Fig. |4.4h) .

Meta-learning discovered plasticity rules that reliably solved this task . While a number
of learning rules generated networks whose dynamics slowly decayed to a set of fixed points
across the hold period, a subset shaped networks in which the dynamics of cell type 1 neurons
appeared to freeze during the hold period. In Fig [l.4b, we show the dynamics of a network
shaped by the most successful rule discovered. At the end of the hold period, the network
dynamics displayed graded tuning as a function of the displacement of inputs (Fig. —d).
Across networks organized by this rule, we linearized the dynamics about activity states at
the start of hold period. During this period cell type 2 neurons were generally quiescent,
thus these linearizations yielded six pairs of eigenvectors and eigenvalues, corresponding
to five cell type 1 neurons and the single global inhibitory neuron. Fig. [I.4k shows an
example eigenspectrum for a linearization. For activity states within networks organized by
the most successful rule, we found the real parts of all eigenvalues were generally negative,
while typically one eigenvalue was close to zero, indicating a near marginal stability. Fig.

displays a histogram of the largest real eigenvalue across 100 activity states from 10
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Figure 4.4: Plasticity rules trained on integration task with a long holding period
maintain long-lasting representations of integrated inputs (a) In altered version of
integration task, inputs are presented for an initial 300 ms period, followed by a long holding
period, from which integrated inputs are still decoded. (b) Plasticity rules recurrent cell type
1 connectivity into diagonal, symmetric structure. (c) Network activity states at the end of
the hold period reflect continuous encoding of integrated inputs. (d) Example of network
activity over a single epoch of integration. Top two plots show right and left input currents
to network. Bottom plot depicts cell type 1 activity. (e) Plot of bump peak across time for a

single integration epoch.

networks. The median largest real eigenvalue for this rule was -1.95 s~!, indicating activity
states typically persisted for 500 ms or longer. A small fraction of these states had leading

eigenvalues that indicated rapid collapse, and, in one case, rapid expansion.

4.8.7 Probing learned plasticity rules reveals mechanisms of self-organization

Having established that learned plasticity rules could organize integrators, we next attempted
to probe the learned rules to reverse engineer their function. Direct interpretation of meta-

learned plasticity rules is often difficult, particularly if the basis of terms is large [196]. This
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difficulty arises from the fact that coefficients of terms in the basis do not necessarily have the

same units and their contribution to dynamics greatly depends on the dynamics themselves.

Plasticity "knockouts"” reveal rules are not sparse in the basis of possible terms

We first performed a set of plasticity "knockouts" in which the coefficients of individual terms
within learned plasticity rules were set to zero in order to assess the dependence of the rule
on the term [I141]. We chose to focus on the learned plasticity rules that regulate cell type
1<+1 connections, as these weights displayed the most structural change over the course of
self-organization. In Fig. .5 we show the results of these knockouts. The most consistent
result was dependence on high order firing rate terms, like wij:vf and wijx?, which appear
regularly with a negative coefficient and presumably act to bound the activity of individual
neurons. Removal of these terms resulted in the complete collapse of the plasticity rule’s
performance. Reliance on other terms was inconsistent, but removal of many resulted in
modest decreases in performance: independent removal of 11+£3 and 15+3 terms resulted in
a decrease of 0.1 in R? for the regular and long hold-trained plasticity rules, respectively,

indicating plasticity rules were not sparse.

Integrator networks have two different dynamical regimes: one in which they receive
input and one in which they do not. In a regime with no input, plasticity should work to
support static dynamics. However, in a regime in which inputs arrive, the network dynamics
should be allowed to change to match integration trajectories without impedance from local
plasticity. We therefore reasoned that three-factor plasticity might be useful in shaping
these network since it provides a way to change the effective plasticity rule during these two
different regimes. We found that removal of three-factor terms (in which cell type 2 activity
modulates cell type 1—1 synapses) only inconsistently affected rule performance (Fig. —b,
final eight rows). Despite this, we found that simultaneous ablation of all eight three-factor
terms greatly reduced rule performance across all learned rules (Fig. —d), suggesting
combinations of three-factor plasticity play an important role in organizing integrator circuits
and also that single term ablation may not fully capture the importance of individual terms

to the full rule.
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Figure 4.5: Plasticity "knockouts" Results of zeroing out individual coefficients of plasticity
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unperturbed rule. Each row represents median change in R? after zeroing out of one term
across the set of rules. (a) Perturbations for plasticity rules trained on the short (300 ms)
integration task (b) Same as (a) for the long hold variation. (c) Comparison of R? for
N=30 networks when all three factor terms are zeroed out (blue) versus left in (red) across 9
discovered rules for 300 ms integration task. (d) Same as (c) for long hold variation across
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Figure 4.6: Probing learned plasticity rules with delta function inputs (a) Evolution
of a synapse (W) is computed as a function of pre- and postsynaptic activity and third
factor input from cell type 2 (top). When the third factor is zero, weight change is dictated
by amplitudes of pre and post synaptic timing and the time lag between them (bottom).
(b) Schematic of relative activity timing for (d). Third factor is assumed to co-occur with
postsynaptic activity. (b) Plots of weight change induced when the third factor is zero. Each
plot shows the weight change as a function of synapse size (W) and relative pre and post lag
for a given set of pre and postsynaptic activity amplitudes. (d) Induced change when third
factor co-occurs with postsynaptic activity at a fixed amplitude. (e) Weight change induced
by pairing and triplet activity in the pre- and postsynaptic neurons and third factor input
across varying synapse size. For large synapse sizes, coincident presynaptic activity and third
factor and coincident pre, post, third factor elicits potentiation while coincident pre and
post and coincident post and third factor elicit depression. (f) Cartoon of calculation of
kernel asymmetry. Area under the curve relative to zero from the negative post - pre time
lag (purple) is subtracted from area for positive time lags (green). (g) Kernel imbalance

across meta-learned plasticity rules (each line is one rule) across values of synapse size.
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Computing weight change for special inputs

To gain a deeper intuition of how learning rules organized integrators, we next computed the
change in a type 1—1 weight, w;;, induced by its pre- and postsynaptic activity (x;, ;) and
the current input of the cell type 2 population to the postsynaptic neuron, which we denote

z; (Fig[4.6p). One can compute the effective kernels for delta function inputs:

j(t) = rj0(t = tpre),

z;i(t) = 1i6(t — tpost), (4.4)

zi(t) = z;0(t — t,).
We then compute the resulting weight change as the integral over the period during which
the neurons and inputs are nonzero. While learning rules are often expressed simply as a
function of the relative timing of pre- and post-spiking, here the kernel is in general a function
of the three input amplitudes, the three time lags derived from tpre, tpost, and ¢, and the
synapse size, w;;; see Section @ for details. This flexibility reflects literature that notes

synaptic modification can depend on the synapse size [3], [6].

Presynaptic activity and third factor mediate potentiation; postsynaptic activity and third

factor mediate depression

In Fig [4.6b and d, we show the weight change induced by these inputs. In b, we assume
no third factor input (z; = 0), and in d, we assume third factor input occurs concurrently
with postsynaptic activity and with a fixed amplitude. We found that the magnitude of
weight change typically scaled with r; and r;, and tended toward depression when w;; grew
large. When z; > 0, we found that range of w;; for which concurrent activity in the pre- and
postsynaptic neurons resulted in potentiation was extended.

In Fig [4.6e, we show weight change resulting from simultaneous activity and third factor
input. Across learning rules, we found that paired pre- and postsynaptic activity, pre and
third factor, post and third factor, and all three factors simultaneously resulted in weak
potentiation when the synapse was small (w;; = 0). When the synapse was instead roughly
equal to the largest size synapses reached during self-organization, paired post and third

factor led to weak depression, and paired pre- and third factor and the simultaneous presence
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of all three factors led to potentiation. In all cases, we tested whether the population mean
was greater or less than zero (one-sample t¢-test; see Table . We note that this form of
potentiation based on third factor and presynaptic activity is similar to a previously proposed
rule, however the third factor in that case the third factor is a target signal and not an input
to be integrated [179].

To confirm intuition generated from these numerical calculations matched the manner in
which rules changed synapses in simulations, we computed the correlation of weight updates
with the pre- and postsynaptic activity and third factor input. If the numerical calculations
are correct, we might expect weight change in self-organized networks to strongly correlate
with third-factor inputs that co-occur with presynaptic activity or simultaneous pre- and
postsynaptic activity. We chose to study the rule shown in Fig. [£.6b, d. When we computed
these correlations over the last 10 epochs of networks organize by this rule, we found weight
change was most correlated with third-factor input and presynaptic activity that occurred
shortly before the weight change (see Table and Fig. . Weight change was also
strongly correlated with the presence of all three factors occurring shortly before the weight
change. Weight changes were significantly less correlated with individual factors as well as

other possible products, like simultaneous pre- and postsynaptic activity.

Differential plasticity is not consistently a feature of learned plasticity rules

Previous work has explored differential plasticity as a mechanism for tuning neural integrator.

This plasticity typically has the form

wz‘j = —a';iacj. (4.5)

In the absence of inputs, differential plasticity can act to suppress spontaneous drift of
activity in a neural network by weakening connections that lead to the propagation of activity
between neurons, and has been shown to tune attractor networks in prior work [I89] [190].
Such a rule can arise from an anti-Hebbian learning if positive time lags between i and
j lead to depression and negative time lags lead to potentiation (see Xie and Seung). A

key prediction about differential plasticity is that it should be inactive when inputs to be



115

Pairing w p (mean > 0) p (mean < 0)
Pre, post 0 1.1x10°6 1.0
Pre, post 3 0.46 0.54
Pre, third 0 2.7x107° 1.0
Pre, third 3 3.4x107° 1.0
Post, third 0 0.027 0.97
Post, third 3 0.98 0.017
Pre, post, third 0 3.4 x 106 1.0
Pre, post, third 3 6.0 x 10~7 1.0

Table 4.1: Summary of one-sample t-tests. P values below 0.025 are shown in bold. Signifi-

cance threshold chosen based on Bonferroni correction.

integrated are present: because differential plasticity opposes changes in firing rate, it must

be disabled when a network receives inputs that are intended to change its state.

To assess whether our meta-learned rules implement differential plasticity, we computed
the synaptic change induced by varying time lags between pre- and postsynaptic activity of
cell type 1 neurons. We then computed the total asymmetry of the kernel by calculating
the area under the curve (relative to zero) when the time lag was positive and subtracting
the area for which the time lag was negative within a given window (Fig. ) We tested
whether the population mean of kernel asymmetry was nonzero for different values of w;; and
across different window sizes (7, = {10, 20, 30} ms) and found in all cases it was not (one
sample t-test against zero; 7,=10 ms, w=0, p=0.60, w=3, p=0.25; 7,=20 ms, w=0, p=0.59,
w=3, p=0.31; 7,=30 ms, w=0, p=0.55, w=3, p=0.32). These results suggest differential
plasticity of the kind proposed in [Xie and Seung| was not consistently the mechanism that

organized neural integrators in networks.
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lags. (b) Visualizations of the orderings in which activities occur on plots in (c). (c) Rate of

synaptic change based on the timing of pre and postsynaptic activity of cell type 1 and input

from cell type 2 across different values of the synapse size and the magnitude of input from

cell type 2. (d) Rate of synaptic change based on the relative timings of pre and postsynaptic

activity of cell type 1 and input from cell type 2 across all rules. From top to bottom, w;; —

0, 1.5, 3.
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A timing-based three factor rule may help tune attracting states

If differential plasticity is not consistently the mechanism by which attracting states are
organized, what other mechanism might learned plasticity use? To answer this, we examined
the weight change enacted by learned rules as we varied the timing of pre-, postsynaptic
activity and third factor input. We fixed the amplitudes of these signals and varied the time
lag between them (Fig. |4.7n). These three signals can be arranged into six possible orderings
(Fig. ) In Fig. , we plot the potentiation induced as a function of these time lags,
oriented relative to the timing of the postsynaptic activity (single plot), and additionally
varied the strength of the synapse and the amplitude of the third factor input (across plots).
Consistent patterns across learning rules included a transition from potentiation to depression
as synapse size increased and potentiation corresponding to nearly simultaneous presynaptic
activity and third factor input (a red diagonal band in plots with z; # 0). Rules additionally
displayed dependence three factor terms (pre, post, third factor). We tested whether plasticity
rules preferentially potentiated or depressed particular orderings of these factors and found,
across rules, that sequences terminating in the third factor were either potentiated less than
other sequences or depressed ) An interpretation of this rule is that plasticity rewards
transition of activity between pre- and postsynaptic neurons that follow or co-occur with

third factor input and penalizes transitions that precede third factor input.

4.8.8 Input-dependent rules can self-organize a two neuron network into a line attractor

We tested the hypothesis that components of rules discovered via meta-learning were sufficient
to organize integration in a simple circuit. (Fig ) Specifically, we wondered if a plasticity
rule based on three discovered terms (1) potentiation based on coincident third factor and
presynaptic activity, (2) depression based on coincident third factor and postsynaptic activity,
and (3) a term sensitive to the timing of all three factors might be sufficient to tune attractor

dynamics (Fig[4.8b). We wrote this as

Wij = 1ZiTj — Q22T + 32,51, (4.6)
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where all terms in « are positive coefficients. The first two terms represent two-factor
interactions between the third factor and pre- or postsynaptic activity, and the third term
depends on the presynaptic activity, third factor, and derivative of the postsynaptic activity.
Asymmetric timing-sensitive rules can be approximated by rules that include a derivative if
the timescale of the rules is generally shorter than the timescale of fluctuations in firing rates
(see Section [4.7.1)).

We chose to study a reduced model in which the cell type 1 population consists of two
threshold linear neurons that were recurrently connected to themselves and each other.
Accordingly, the cell type 2 population consisted of four neurons, two for each group of
shifting neurons. All other details were the same as in the meta-learned case. We initialized
recurrent cell type 1 connectivity randomly, and allowed the cross synapses (w;j, i # j) to
evolve according to the plasticity rule over the course of 40,000 epochs.

Under the assumption that tonic input and recurrent inhibition to each neuron is equal,
the condition for a line attractor in which neurons trade off activity are well known (see

Section . This condition is

W5 = Wjj; — 1. (47)

That is, cross synapse must be exactly one less than the recurrent synapse of the same
presynaptic cell. We found randomly initialized networks converged to this condition under
the plasticity rule (Fig m, right). By the last epoch, the activity of the network reflected
the displacement of the input currents, whereas untrained networks did not reflect this
coding ) We computed the correlation between the bump location within the network
z2/(z1 + x2), and the displacement, and found they correlated extremely well. In [4.8k,
we plot R?, which is the square of this correlation, for plastic and fixed networks. Plastic
networks were significantly better at encoding the displacement of inputs in their dynamics

than untrained networks (plastic: R? = 0.93 & 0.03, fixed: R? = 0.06 + 0.06, N=5).

4.4 Discussion

We have demonstrated in a minimal network that unsupervised plasticity and a structural

prior is sufficient to organize integration dynamics. Meta-learned plasticity rules shaped
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Figure 4.8: Input-dependent plasticity rules organize a two-dimensional network
into a line attractor (a) Schematic of simplified threshold linear network. Two cell type 1
neurons (red) receive projections from cell type 2 neurons (blue) and mutually inhibit from
via an inhibitory cell. (b) Effective plasticity rule. (c¢) Weight evolution under plasticity
rule. Reciprocal synapses (orange and green) evolve over time (left). Plotting wj; — wj;
denotes proximity to the tuned condition (w;; — w;; = 1). Solid lines denote wi; — wo1
and dashed lines denote wga — wi2. Color indicates network (N=5). (d) Bump location in
network, zo/(x1+2), as a function of time for the final epoch. An untrained network rapidly
converges to a fixed point (left). A plastic network shows integration dynamics (right). (e)
Comparison of R? between fixed (randomly initialized) and plastic networks after 40,000

integration epochs.
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networks with prior connectivity reflecting the connectivity in Drosophila central complex
into bump attractor networks that encode inputs in persistent activity. The meta-plasticity
procedure further succeeds in finding rules capable of building networks with long timescale
retention of the integrated inputs.

By probing meta-learning plasticity, we discovered patterns across rules that make
predictions about plasticity in integration circuits. We find that three-factor plasticity is
an important element of self-organizing integration circuitry. Our rules also suggest that
activity in the input cell type (type 2) and presynaptic activity in the representation cell
type should lead to potentiation, while input cell activity paired with postsynaptic activity
should lead to depression. We find that classical differential plasticity, in which anti-Hebbian
learning can stabilize attractor networks, is not a necessary component of learned plasticity.
Three-factor plasticity within learned rules also demonstrates sensitivity to the ordering of
inputs, suggesting a potential mechanism by which integration dynamics could be organized
within networks. While we do not prove this aspect of plasticity is essential to its ability to
organize integrators, we demonstrate in a reduced, two-neuron network that such plasticity
can organize integrators. This form of plasticity suggests, in opposition to differential
plasticity, that updates to synapses occur while networks receive inputs rather than when

they do not.
4.5 Methods

4.5.1 Rate neuron model

All simulations feature threshold linear firing rate neurons, whose dynamics evolved according
to

d
Tm%Si(t) = _Si(t) + ;ijxZ(t) + ui(t)a (48)

zi(t) = o(sy), (4.9)

where z;(t) is the firing rate for neuron i, w;; is the synapse from j — 4, u;(t) is the input
to neuron i, s; is the activation of neuron 7, 7, is the membrane time constant, and o is

a firing rate nonlinearity, which depends on the cell type, 7. For all excitatory neurons,
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the nonlinearity is a rectified tanh function, o(s) = tanh([s — 3]*), where () is a cell

type-specific threshold. For the single inhibitory neuron, o(s) = [s].

4.5.2  Drosophila-inspired structural prior

To mimic the Drosophila central complex, N=16 neuron networks were divided into 4 groups.
Cell type 1 contained 5 neurons. Cell type 2 contained two groups, "right" and "left" shift
neurons, which differ in their projections to cell type 1 and the inputs they receive. Finally,
one inhibitory neuron served to impose blanket inhibition on cell type 1 neurons. Connections
between cell type 1 neurons were chosen according to a uniform distribution

w20 = o, w0 (4.10)

For the set of right-shifting and left-shifting neurons, respectively,

(2= (0) _ ,@=W50 1)

w;;
(4.11)
And projections from cell type 1 to 2 were
wlf " = w0 -5 - ) (4.12)

E—I

All cell type 1 neurons were coupled to the inhibitory neuron with weight w and received

reciprocal connections from the inhibitory neurons with strength w!=%.

4.5.83 Meta-learning rules and basis

We meta-learn a unique plasticity for each set of projections: 1—1, 1—2, 2—1. For each

projection type, the rule takes the form

wij = Y cnFi(wi 2, wig, 20, (4.13)
k

where F} is the set of basis functions composed of two factor, three factor, and weight

bound-like terms. The combined two factor and weight-bound terms and three factor terms
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are

Parameter Description Value

Tm Membrane time constant for cell type 1 and 2 10 ms

qu{ ) Membrane time constant inhibitory cell 1 ms

A8 Cell type 1 firing rate nonlinearity threshold 0.1

B3 Cell type 2 firing rate nonlinearity threshold 0

w(()l)%(l) Max recurrent weight (type 1 — type 1) 0.9/N®
w((f)_)(l) Shift weight (type 2 — type 1) 0.9/N™
wél)ﬁ(m Feedback weight (type 1 — type 2) —0.3/NM
wh=1 Excitatory — inhibitory weight 2.5/N(1)
w!=F Inhibitory — excitatory weight —4.5/NM

Table 4.2: Parameters of the central complex network model.
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All tildes denote convolutions with decaying exponentials, i.e.
¢ /
i(t) = / e~ /T g () dt, (4.15)
0

where the time constant, 7y, is specific to the basis term k. Note that all three factor
terms have two time constants. z; is the bulk current input from the other cell type. For

example, for the 1—1 rule,
2)—(1) (2
a=y wp Waf?, (4.16)
l

where [ indexes all cell type 2 neurons. As cell type 2 neurons do not interconnect, we assume

there are no three factor terms that operate on the 1—2 projections.

4.5.4  Integration task

The integration task was divided into 420 equivalent epochs during which networks received
a stream of right and left current inputs to integrate. At the end of each epoch, networks
dynamics were reset but the weight matrix evolved by plasticity rules was preserved between
epochs.

At the start of each epoch (¢t = 10 ms) a subset of cell type 1 neurons (cells 2-4) received
a constant pulse of activity (duration = 10 ms, amplitude = 0.05) to break the symmetry
of the quiescent state. At t = 20 ms, networks received inputs for a 280 ms period. Inputs
were divided into 10 ms blocks. During each block, a right or left input, implemented as a
smoothed Poisson process, was presented with probability pi,/2 or no input was provided
with probability 1 — pi,. To generate stochastic input during the block, we filtered a Poisson
process (A = 2000 Hz) with an alpha kernel,
e(t —1t')

Ta

alt —t') = e/t — 1), (4.17)

where 7, = 3 ms. If the input was a right input, it was presented globally to cell type

2 neurons 6-10, otherwise it was presented to neurons 11-15. For the long hold trials, we

extended the simulation past the initial 300 ms of input with 700 ms of quiescence.
Performance on the integration task was determined by the accuracy with which the

true displacement could be decoded from the activity of cell type 1 neurons using a Lasso
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regression (a = 0.05). To construct the decoder, we randomly sampled the activity of the
network at 4007 time points (where T is the length of the epoch in seconds) between the
onset of input and the end of the epoch. To evaluate performance, we sampled the same

number of time points for epochs 320-420. Performance is captured by the R? of the decoder.

4.5.5 Meta-learning procedure

We optimized the loss function,
T
L(c, T) = Liec(c, T) + Aa Z/ zi(t)dt + AsP(c, 7). (4.18)

The three terms in the loss correspond to a decoder loss, Agec(1 — R?), an activity penalty,
which discourages solutions in which neurons are highly active, and a synaptic change penalty,
T
Ple,T) = Z/ e Fr(@i(t), x5 (t), wij (), 7) |©(Jwi; ()] )dt. (4.19)
irjke O
which computes the path length of the synaptic change per term in the basis.

To compute the loss of a plasticity rule, we initialized Npatcn = 10 networks from a
fixed seed. The n'® network was driven with input corresponding to py, = 0.25 + 0.75(n —
1)/(Npateh — 1). The loss of the rule was the average of the loss computed according to Eq.
418

We optimize this loss via Covariance Matrix Adaptation (CMA) [152]. We choose 0 as the
initial value for all coefficients and 0.005 (5 ms) as the starting value for all time constants,
o9 = 1073. The population size per generation was typically fixed to 30. We additionally
rescaled a number of terms to encourage CMA to explore reasonable parts of parameter

space.

4.5.6  Linearizations of dynamics

To determine the stability of fixed points in organized networks, we compute the eigenvalues
of the Jacobian of activations, which are identical to the eigenvalues of the Jacobian of the

firing rates. The Jacobian is

Jo=T"Y(WD —1I), (4.20)
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where T' = diag(7m), W is the weight matrix, and

D;; = ‘ 4.21
] 53]' o ( )

We performed this linearization only on the active subset of the network when there was no
input. Thus, cell type 2 neurons were always excluded. The resulting linearizations describe

a six-dimensional space, corresponding to five cell type 1 neurons and one inhibitory cell).

4.5.7 Constructing empirical synaptic update rules

To probe learned synaptic update rules, we compute the synaptic update resulting from pairs
(or in some cases, triplets) of delta function-like activations. These updates will depend on
the amplitudes of the activations and their relative time lags. We first consider the pairwise

rules active between cell type 2. We take

% = () (4.22)
.SC]' = CLj(S(t — At)

Terms in only pre or postsynaptic activity:

00
Awij = / U'}Z'j dt
0

:/ w%xz dt

0 (4.23)
:/ wiza;0(t) dt

0

— o
= wijaz

where a € {0, 1}.
For rules with pre and postsynaptic activity and a filter on on either the pre or post,

we may also consider the time lag between the delta functions, At;;. For instance, for
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Wi () = wij (8)Z: () ():
Awi]’ :/ U']Z'jdt

0

= / wijfi'il'jdt
0
00 t

= / Wi 5 (/ 6_(t_t/)/7$i(t/)dt/) :Uj(t)dt
0 0 (4.24)

= / Wi 5 (/ e(ttl)/Tai(S(t/)dtl) ajé(t - Atij)dt
0 0

aiajwije_Atij/T Atij >0
0 At <0

Finally, some terms include filters on two distinct favors. For example, w;;(t) = Z;z;, where

2j = Y. WkjTk, where k indexes the neurons of a particular cell type. We assume
2 = a0(t — At;,). (4.25)
Then, if At;, >0,

Awij = /0 jz(t)%(t)dt

00 t t
- / ( / e_(t_t')/”aié(t’—Atiz)dt’> ( / e_(t_s)/Tzazé(s)ds> dt
0 0 0

/o (4.26)
—aa, [ A gy
Atiz
1 1\
= a;a, ( + ) e A=/
T Ty
When At;, <0,
1 1\
Aw;j = aia; < + > eAti=/Ti, (4.27)
T; Ty

4.6 Conditions for line-attracting dynamics in N=2 networks of threshold linear
neurons

We consider a 2 neuron network in hopes of building intuition for self-organizing integration
applicable to larger networks. The rationale for studying integration in larger networks is

threefold. First, circuits thought to be responsible for integration generally consist of many,
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interconnected neurons. Second, integration circuits that have many units are more robust
to noise: unit noise orthogonal to the integration manifold is fully suppressed, while noise
along the manifold is dampened by the central limit theorem. Consider an integration circuit
realized as a single, self-connected neuron. All unit noise is aligned with the integration
manifold, which is generally undesirable. Finally, integration circuits build of many neurons
may have the opportunity to bifurcate to a series of fixed points when mistuned as opposed
to a single fixed point, allow the circuit to maintain some integration capacity in the event of
damage to the network.

Here, we consider of reduced system of two threshold linear units. The evolution of firing

rates is given by

d
W [x]" —x+u, (4.28)
dt
where
I w11 — ’UJ{ w19 — w{ (75}
xI9 w1 — w% w9y — wg u9g

We can search for generalized conditions for line attracting dynamics by setting ‘L% =0,

yielding

(w11 — w{ — Dz + (w2 — UJ{)I‘Q +u =0
(4.30)
(wag — wh — Vg + (wo1 — wh)xy 4+ ug = 0

From these equations, we first determine

ug + (w21 — wh)r
,— 2t . 2) (4.31)
W22 — Wy — 1

and then that

1 1 I
w1 — W w —w w — W7y )u
<(w11 —w{—l)— (w12 1)([21 2)>x1 _ M"‘Ul =0. (4.32)
w22—’w2—1 w22—w2—1

If this is to hold for any x; > 0, then
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(wll - w{ — 1)(w22 — wé — 1) = (w12 — w{)(wgl — w%) (4.33)

(w12 — w{)Uz = (wgg — wé — 1wy (4.34)

And by symmetry, we also get

(wa1 — wh)uy = (w11 — wi — ug. (4.35)

Note that if Eqgs. and hold, then Eq. holds automatically. We then find a
stable line of activity states corresponding to
up + %(wgl — wé)xl

Ty = — - , (4.36)
w12 — Wy

where the choice of wyy and we; fixes wq; and wee through (13) and (14). Note that if

u1 = ug and w! = wl, these constraints simplify to

wo1 = w1 — 1
(4.37)
w12 = W22 — 1.

4.7 Connection between filtered activity and derivative-like terms

Consider the filtration of activity z(t) via a decaying exponential with time constant 7.

z(t) = /Ot e/ x(s) ds. (4.38)

First, we define v = (¢t — s)/7. Substituting s =t — 7v and dv = —ds/7 and changing the

integration bounds, we have:

0 t
() = /t ea(t — 7v) (—rdv) = 7 /O e~a(t — v) dv (4.39)

For small 7, z(t — 7v) will only contribute if v is small, thus we can substitute:
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z(t —v) = z(t) — o2/ (t) + ... (4.40)

This yields:

z(t) = 7'/0 eV (z(t) — Tva'(t)) dv (4.41)

Assuming 7 < t, we can use the identity:

oo
/ v"e Y =nl (4.42)
0
Thus,

E(t) = Ta(t) — 720(t) (4.43)

4.7.1  Approximations of three-point plasticity rules

To investigate the consequences of the effective filter imposed on input, pre-, and postsynaptic
activity imposed by Fig. we repeated the analysis performed in Xie and Seung| extended
to include correlations between all three factors.

Explicitly, w;; evolves according to a three-factor correlation function

Aw;; = /T /T dudv Cyj(u,v) f(u,v) (4.44)

where the three factor correlation is given by

Cij(u,v) = /OT dt z(t) x;(t + u) z;(t + v), (4.45)
where u, v denote time lags between the post- and presynaptic activity and the input,
respectively.

We now assume that z; and z; vary slowly compared to the timescale of the filter f(u,v).

Under this assumption,

it + 1) ~ i(t) + udi(t),
(4.46)

zj(t+v) ~ x;(t) +va;(t),
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and
T
Ciy(u, v) = / dt z(t) [2a(t) + udi ()] [15(t) + vt (1) (4.47)
0
We drop the second order term and plug into Eq yielding

T
Aw;j = / dt [ foozizjxi + Prozizid; + Poizizid;], (4.48)
0

where
Brmn = // dudv f(u,v)u™v". (4.49)

Example of effective derivative rule resulting from three-point kernel

As an example, we study the three-point function
1
flu,v) = e/ e~/ 9(1)O (1 — v) — Z(f'“'/ﬁe*‘”‘/m. (4.50)

This kernel potentiates a synapse if postsynaptic activity that follows both presynaptic
activity and third factor and depresses if activity occurs in a different order. We can find the

first order coefficients by evaluating a series of integrals that reduce to gamma functions, e.g.

/ ue T dy = 72/ ze Tdx
0 0 (4.51)
= 71(2).
We then find
Boo = 0,
Bio = T, (4.52)

Bor = Tim2(T1 — T2).

Under the conditions that 71 & 79, then SBg1 =~ 0, and we have

T
Awij ~ 7’127'2/ dtzixja’ci. (4-53)
0
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Figure 4.9: Dynamics of several networks organized by two different learned

plasticity rules trained on the long hold integration task

(a-c) For three distinct network initializations organized by the same learned rule: (Top)

Bump trajectories colored by integrated value (see Fig. . (Bottom left) Tuning curves for

type 1 neurons. (Bottom right) Bump location plotted against integrated value for 100 trials.

(d-f) Same as (a-c), but for a different learned rule.
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Figure 4.10: Performance of trained rules and effect of term dropouts

(a) Performance of all rules trained on short integration task (red) for 30 random network
initializations. Black circles indicate the same initialization with no plasticity. (b) Same
as (a), but for the long hold integration task. (c) Median change in R? that results from
removing a term across 9 rules trained on short integration task. Only plasticity affecting
type 1 recurrent synapses was removed. (d) Same as (c), but for the long hold integration

task.
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Figure 4.11: Correlations between weight change and network activity over the
final 10 epochs

(a) Averaged correlations between weight updates and postsynaptic activity (red), presynaptic
activity (gold), and third-factor input (blue). Each line represents the average over all type
14>1 weights over the final 10 epochs of testing (epochs 410-420). (b) Averaged correlations
between weight updates and the product of presynaptic activity and third factor input at
two separate lags relative to the weight update, (Aw;;(t), ;(t + Atw_pre)zi(t + Atw—,)). (c)
Same as (b), but for product of post- and presynaptic activity. (d) Same as (b), but for
product of postsynaptic activity and third factor input. (e-f) Averaged correlations between
weight updates and the product of presynaptic activity, postsynaptic activity, and third
factor input at three separate lags relative to the weight update. In (e), the post-weight
update time lag is fixed to 0. In (f), -40 ms. See Table for peak correlation values.
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Correlation Peak value (mean + SEM) Aty pre (m8) Aty post (ms) Aty (ms)
(25, Awg;) 0.07 = 0.03 - 0.1 -

(x;, Aw;;) 0.24 + 0.03 2.0 - -

(zi, Aw;j) 0.27 + 0.04 - - 34
(xizi, Awij) 0.19 £+ 0.04 - 0 -4
(xjzi, Aw;j) 0.52 + 0.03 -6 - -3
(jzs, Awgj) 0.29 £+ 0.02 -4 0 -
(jzizi, Awij) 0.43 £+ 0.03 -4 0 -4

Table 4.3: Peak correlation values and time lags for plots shown in Fig.

4.11
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Chapter 5
DISCUSSION

This dissertation has explored the extent to which unsupervised plasticity rules can
shape functional and resilient circuits in the absence of explicit feedback. Across projects,
internal circuit dynamics were leveraged by neurons to modify synaptic strengths in ways
that promoted desired network function. Together, these studies suggest that rich and robust
computation can emerge from plasticity rules that are local, unsupervised, and sensitive to

the structure of network activity.

5.1 Designing plasticity rules that explain recovery of singing behavior after
viral perturbation of zebra finch HVC

In the first project, I examined whether standard and novel hand-crafted plasticity rules could
account for recovery in a spiking network model of HVC following viral perturbation. While
conventional homeostatic mechanisms could restore activity propagation in a feedforward
network, they failed to reproduce the synaptic reorganization observed experimentally via
mEPSPs and mIPSPs (miniature excitatory and inhibitory postsynaptic potentials). These
measurements suggested that excitatory synaptic strength or number onto HVC(RA) neurons
approximately doubled relative to baseline.

To account for this increase, we proposed a population-level homeostatic rule in which
individual neurons sense the activity of nearby cells via secreted factors. This mechanism
explained the large-scale increase in synaptic strength through recruitment of previously
inactive neurons, thereby redistributing sequential structure across a broader population.

A primary challenge in this work was constructing an appropriate model of HVC. We
focused on HVC(RA)-projecting neurons and interneurons; however, another major excitatory
population exists in the nucleus: HVC(X) neurons, which project to basal ganglia and exhibit
dynamics distinct from HVC(RA) neurons. These neurons are also known to interconnect

with interneurons and HVC(RA) cells [133]. Although omitted here for tractability, their
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inclusion may influence recovery dynamics and plasticity requirements.

We also incorporated long synaptic delays between HVC(RA) neurons, a relatively recent
finding inferred largely through indirect experimental approaches [120]. Model architecture
proved critical to recovery. Successful restoration of sequential activity required sufficient
network width, particularly when the connection probability between adjacent HVC(RA)
neurons was substantially below one. Additionally, as in many excitatory—inhibitory circuit
models, relatively fast inhibition was essential to constrain runaway excitation. When
excitation and inhibition operated on comparable timescales, the propagating mode fluctuated
in amplitude and could become unstable.

Another substantial challenge was establishing the initial stability of candidate plasticity
rules. Although the stability of rate-based models can sometimes be analyzed analytically,
spiking networks present additional complexity. A striking example emerged when we found
that pairwise spike-timing-dependent plasticity (STDP) failed to maintain stable sequential
dynamics when neurons fired in bursts. Previous studies had addressed this issue by counting
a burst as a single spike. However, in the context of recovery, this approximation proved
problematic: because STDP enforces sequential ordering, variability in spike timing following
perturbation could reorder neurons within the chain. A solution emerged in the triplet-based
plasticity model introduced by |[Pfister and Gerstner. This formulation reinforced spike
ordering while prioritizing bursts over isolated spikes, thereby stabilizing sequential dynamics
under realistic firing patterns.

The introduction of a population-level homeostatic mechanism represents one of the
more exploratory aspects of this work. While there is evidence that homeostatic plasticity
does not operate purely at the level of individual neurons, direct experimental support for
population-level homeostasis remains limited. Nevertheless, this modeling work motivates
experimental investigation into such mechanisms. Population-level homeostasis may be
particularly useful in circuits where neurons serve largely interchangeable roles, facilitating
functional replacement or reorganization following perturbation.

A notable feature of this proposed mechanism is its tethering to physical space. Plasticity
rules based solely on pre- and postsynaptic activity abstract away from the spatial arrange-

ment of neurons. In contrast, a rule mediated by diffusible factors necessarily depends on
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spatial proximity, linking anatomical organization to learning dynamics. We are particularly
interested in future work exploring connections between population-level mechanisms and

representational drift.

5.2 Meta-learning plasticity rules that organize and maintain sequential dynam-
ics

In the second project, I employed meta-learning to discover plasticity rules capable of
self-organizing and maintaining sequential dynamics. With this tool, we found plasticity
rules that accomplished this by generalizing Oja’s rule, replacing Hebbian learning with
a form of spike timing-dependent plasticity. To extract interpretable rules from the meta-
learned parameterizations, we developed a pruning procedure in which individual terms
were systematically removed and the remaining terms refit in order of importance. This
approach revealed compact rules that retained performance while clarifying their functional
components. We additionally found we could train rules that were robust to structural
alterations; plasticity rules accomplished this by flexibly adapting the strength of connections.
Finally, learning additional plasticity on E—I and I—+E synapses led to more robust sequential
dynamics.

The motivation for this project was largely the sense that space of plasticity rules explored
in the first project was incomplete. |Confavreux et al.| provided inspiration for how one
might search for plasticity more generally, without exhaustive search through a catalog of
hand-picked rules.

An initial challenge was selection of the loss function: in many cases, meta-learning
relieves the researcher of hand-tuning a plasticity rule and replaces this task with hand-tuning
a loss function. Initial efforts in this project experimented with the idea of using a supervised
template of neural activity as the objective of the loss function. We found, in many cases,
that this led to erratic network behavior, as learned plasticity attempted to fit exactly the
template provided. In particular, if the target activity of the network cannot be naturally
generated under a reasonable set of synaptic weights, which can be difficult to determine a
priori, plasticity rules may become immensely complex. One can always wire up a network

that generates the intended dynamics, but then one has prescribed how the network should
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solve a given task.

We found a much more natural way to frame a loss function was in terms of a decoder,
which attempted to match a supervised target by reading out from network activity. In
this project, we chose to decode elapsed time since an initial stimulus was presented to the
network. This objective well captures the goal of a time-keeping network like HVC, while
remaining agnostic to how it should be reached. The use of a linear decoder likely forces the
network to have a straightforward representation of the task, and also can be trained from a
relatively small number of examples.

Regularization of network activity further prevented degenerate solutions, such as slow
global ramping across the entire population. Although originally conceived as a sparsity
penalty on plasticity-rule terms, regularization also encouraged convergence of synaptic
weights and stabilized learning dynamics.

Meta-learning in this case recovered a number of sensible aspects of the plasticity that
might shape HVC. First, the bounding term—the same as Oja’s—is second order in the
postsynaptic firing rate and first order in the size of the synapse. This term presents a natural
bound for STDP or any form of Hebbian learning which goes as the product of the pre- and
postsynaptic activity [I07]. This bound additionally prevents winner-take-all dynamics in
terms of the size of synapses that target a postsynaptic cell (see Section . This allows
the sequential structure of the network to be distributed amongst the many neurons in the
network, rendering it more robust to perturbation. Finally, the bound is mediated by activity,
naturally enabling homeostasis. Loss of afferent connections to a postsynaptic neuron can
thus be compensated for by the strengthening of the remaining connections.

Despite its apparent utility, we should remain skeptical of meta-learning and the synaptic
plasticity rules it produces. Discovered rules may be extremely tailored to the settings in
which they are discovered. We attempted to mitigate this by training rules in batch on many
different random initializations. Still, it remains possible that rules may fail if transferred
to new settings. A variable we largely did not randomize in this work was the size of the
different neuronal populations in a network, as well as the total size of the network. While
we found that varying this did not significantly impact trained rule performance in this case,

it remains possible that network size may have a bigger impact on other tasks. Future work
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may benefit from varying this parameter during the training phase of meta-learning.
5.3 Meta-learning plasticity that organizes neural integrators

In the final project, I moved beyond sequential dynamics and applied meta-learning to a
problem of general interest in the field: the organization of neural integrators. Starting from
networks whose structural priors loosely resemble the central complex found in Drosophila,
we searched for plasticity rules that could organize networks capable of integrating a series of
incoming sensory cues without supervised feedback. We found that unsupervised plasticity
was capable of performing path integration and maintaining integrated displacement on the
timescale of approximately one second.

The discovered plasticity rules acting on excitatory-to-excitatory synapses did not con-
sistently leverage the form of anti-Hebbian learning theorized to suppress drift in activity.
Instead, across learned rules, three-factor plasticity displayed consistent patterns, including
potentiation as a function of presynaptic activity and third-factor input, and depression as
a function of postsynaptic activity and third-factor input. We additionally demonstrated
that plasticity was sensitive to the temporal order of activity. We hypothesized that forms of
three-factor plasticity may be sufficient to organize neural integrators and used one such rule
to demonstrate robust self-organization of a neural integrator in a simplified circuit.

A novel aspect of this work is that it explores the organization of neural integrators in the
few-neuron limit. The discrepancy between continuous and discrete attractors becomes less
salient in the thermodynamic limit, since larger networks have many more unique states by
virtue of their size. This is not the case in small networks, where establishing a continuum of
stable states relies entirely on fine-tuning of the network [I81]. Here, we attempted to explain
how such tuning could emerge via unsupervised plasticity. Plasticity rules accomplished this
surprisingly well given the relatively short period dedicated to network self-organization:
280 trials during which the network received inputs to be integrated. Future work might
explore how performance depends on the number of trials available for self-organization
before testing.

An initial motivation for this project was to explore the coexistence of heterogeneity in

connectivity and attractor dynamics. While it is known that heterogeneous neural circuits
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can support continuous attractors [I77, [I78], existing explanations for how these circuits
are organized typically invoke supervised learning. In mice, such heterogeneity is associated
with substantial variability in the tuning curves of head direction neurons [I77]. We hope to
extend the meta-learning approach introduced here to cases in which the circuit is explicitly
constrained to be heterogeneous, for example by varying the strength of global inhibition
across cells. The discovery of such plasticity mechanisms may provide insight into how

representations of integrated variables emerge in circuits early in development.
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