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Abstract

Neural plasticity, the brain’s remarkable capacity for adaptation and learning, is essential for
acquiring new skills and knowledge. Computational modelling plays a crucial role in under-
standing the intricate mechanisms of neural plasticity, bridging the gap between experimental
findings and theoretical insights. This thesis explores three computational approaches to ad-

dress challenges in understanding biological learning:

Network Homeostasis. The first part of this thesis proposes a novel form of inhibitory plas-
ticity that enables global control of network activity, going beyond neuron-centered homeosta-
sis. The model proposed can explain how neural representations can remap while maintaining

network stability, both in the hippocampus and the cortex.

Temporal Credit Assignment. The second part of this thesis investigates the mechanisms
of a biologically plausible model for rapid motor adaptation. This work demonstrates that feed-
back control allows accurate and efficient learning in recurrent neural networks, even without

a computationally expensive separate relaxation phase.

Spatial Credit Assignment. Using a meta-learning framework, the third part of this thesis
explores the space of effective, biologically plausible feedback learning rules in cortical multi-
layer networks. A teacher-student network setup is introduced to evaluate credit assignment,
leading to the discovery of a novel feedback learning rule that demonstrates successful, biolog-

ically plausible learning.

By tackling these challenges, this thesis contributes to a deeper understanding of learning in

the brain, paving the way for more effective computational models.
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Figure 1: A cartoon humorously addressing the irony of the brain trying to comprehend its own
processes, which originally sparked the author’s interest in this fascinating topic. source: “Debugger”
comic from XKCD.com |[link].
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Chapter 1

Introduction

Consider a child learning to ride a bicycle or an adult mastering a new language: these feats are
made possible by the brain’s remarkable ability to adapt its neural pathways — a phenomenon
known as neural plasticity. This capacity for continual adaptation and learning, encompassing
everything from fine-tuned synaptic adjustments to large-scale neural network reorganization,
has long captivated neuroscientists. Given the immense complexity of this phenomenon, ex-
perimental studies and computational modelling are often employed in tandem to unravel its
intricacies. This thesis explores various computational approaches to understanding biological

learning, beginning with a brief overview of synaptic plasticity and its associated challenges.

1.1 Computational models of biological learning

Neurons and their communication. Neurons, the brain’s information processors, collect
and transmit signals through the release of neurotransmitters and neuromodulators. The pres-
ence of these around the neuron, specifically around the synapses on its dendritic tree, changes
the polarization of its membrane. When its membrane depolarization exceeds a threshold, a
neuron fires a rapid, all-or-nothing spike (or spike train). Spikes trigger neurotransmitter release
at synapses, the junctions between neurons. Synaptic transmission is generally unidirectional,
with effects determined by the presynaptic neuron. Neurons can be excitatory, promoting sig-

nalling, or inhibitory, suppressing it (Dalel 1935]). The precise interplay between excitatory and
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inhibitory neurons is thought to enable the complex processing capabilities of neural circuits.

Modelling neurons. Neurons can be computationally modelled at different levels of ab-
straction. Spike-based models offer a detailed, temporally precise representation of neuronal
activity, capturing the timing of individual action potentials and thus encoding information in
their frequency. One common model for this is the Leaky Integrate-and-Fire (LIF) model (Ger-
stner and Kistler, 2002), which describes the membrane potential dynamics with a differential
equation:

dV (t)

Ty = —(V(t) = Viest) + Rlext (1), (1.1)

where 7, is the membrane time constant, V() is the membrane potential at time ¢, Vieg is
the resting potential, R is the membrane resistance, and I (t) is the external input current.
When V(t) reaches a threshold V;;, the neuron fires a spike, and V(¢) is set to the neuron
reset potential V.. In contrast, rate-based models offer a computationally simpler approach
by averaging neural activity over time, trading the exact temporal precision of each neuronal
spike for computational efficiency. These models are particularly useful for studying large-
scale network dynamics and general activity patterns. A commonly used rate-based model is

described by the equation:
d?"i
7-% = —r;, + gb Zwijrj + Il (12)

where 7; represents the firing rate of neuron ¢, 7 is the time constant, ¢ is a nonlinear activation

function, w;; are the synaptic weights, and I; is the external input to neuron .

These models serve different purposes: spike-based models are useful for understanding tem-
poral dynamics and precise spike timing, while rate-based models are efficient for studying the

overall behavior of neural networks. We will be using both in this thesis.

Synaptic plasticity. Synaptic signal transmission efficacy is not constant; it dynamically

changes through experience and neural activity (Bliss and Lgmo), {1973} Buonomano and Merzenich),
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1998). These changes, collectively known as synaptic plasticity, occur through a wide range
of biological mechanisms (Cooke and Bliss, 2006; Ho et al., 2011)). These mechanisms include
changes in the density of synaptic neurotransmitter receptors (Martin et al., 2000), modifica-
tions to intrinsic neuronal excitability (Desai et al., 1999), alterations in gene regulation (Zovkic,
2021)), and the birth and death of synapses themselves (Lamprecht and LeDoux, 2004). This
diverse array of physiological changes is believed to be the key mechanism through which an-
imals adapt and learn (Ramirez and Arbuckle) |2016). Although the experimental data helps
explain the processes between individual synaptic changes, it can fall short at explaining the
global network effects of such local changes. This is precisely where computational modelling
excels, and allows us to integrate diverse experimental findings to elucidate mechanisms of

network-wise learning and adaptation.

Modelling Synaptic Plasticity. Mathematically, we can describe synaptic plasticity by
learning rules that capture the complex relationship between neural activity and changes in
synaptic efficacy. Unlike the learning rules in machine learning, these rules are typically con-
strained by local parameters, such as the activity of presynaptic and postsynaptic neurons
and the current strength of the synaptic connection. When a learning rule relies solely on
the statistics of neural activity to drive synaptic modifications, it is classified as unsupervised
learning. A classic example of an unsupervised learning rule is Hebb’s postulate, which pro-
poses that synaptic strength is potentiated when pre- and postsynaptic neurons fire in close
temporal proximity (Hebb, 1962)). This is often summarized as “neurons that fire together, wire

together”. Mathematically, in rate-based neurons Hebbian learning can be expressed as:

szj = nrir; (13)

where Awj; is the change in synaptic weight, 1 is the learning rate, and r; and r; are the firing
rates of the postsynaptic and presynaptic neurons, respectively. In contrast, supervised learning
involves a feedback signal that guides the direction and magnitude of synaptic modifications to

correlate with improved performance. This type of learning can be represented by a learning
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rule that adjusts synaptic weights based on the difference between the actual postsynaptic firing
rate and some target firing rate. A simplified version of a supervised learning rule might be
expressed as:

Awij = n(TZ — 721')7“]‘, (14)

where Aw;; is the change in synaptic weight, 7 is the learning rate, r; is the actual postsynaptic

firing rate, and 7; is the target firing rate.

1.2 The trouble with learning in the brain

Using computational methods, this thesis takes a stab at three different but related challenges

within the broader landscape of biological learning.

The challenge of maintaining network homeostasis. While Hebbian learning can gen-
erate specific neural activity patterns, it poses a challenge in excitatory networks: positive
feedback can lead to runaway excitation and pathological hyperactivity. Thus, constraints and
adjustments are needed to maintain a functional firing rate (Miller and MacKay, 1994 Ab-
bott and Nelson, [2000). It is well known that neuronal activity undergoes regulation through
various homeostatic plasticity mechanisms, such as synaptic scaling (Turrigiano, 2008)) and
the plasticity of inhibition (Vogels et al., [2011). Although these mechanisms vastly differ in
their mode of action, they often implement neuron-centered homeostasis, where the deviations
from the target activity of each individual neuron are suppressed. However, some experimental
studies suggest that there are additional network-centered homeostasis mechanisms where the
average activity of the whole network is under control (Hirase et al., [2001; [Slomowitz et al.,
2015} [Trouche et al., 2016). This raises a fundamental question: how do networks detect and
compensate for disruptions when individual neurons only sense their own activity? Inhibitory
neurons have been proposed as the likely candidate solution, mainly due to their dense intercon-
nectivity with their local network. However, these results cannot be explained by the commonly

used, neuron-centred model of inhibitory plasticity (Vogels et al., [2011)), which effectively sets
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a target firing rate for each excitatory neuron. Thus, such learning rules over-constrain the
whole network activity. This highlights the need for a deeper understanding of network-centred
mechanisms that can account for the complex interactions and global regulation observed in

neural networks. Chapter [2| dives more into this problem.

The challenge of spatial credit assignment. A fundamental challenge in biological learn-
ing is credit assignment — determining which specific synapses contribute to a particular out-
come or response. This is a particular challenge in deep feedforward networks, where the
neurons are layered in such a way that the contribution of each neuron to the final output is
not immediately apparent, making it difficult to trace the origin of specific errors or successes
back through the network. In the closely related field of machine learning, this problem is
solved by backpropagation (BP) (Rumelhart et all [1986]), an algorithm that calculates the
gradient of the loss function with respect to each weight by the chain rule, efficiently distribut-
ing the error signal backwards through the network. This means that the error signals to the
deeper network layers are delivered through feedback connections that exactly mirror the feed-
forward connections. While the brain does feature extensive feedback connections (Peters and
Payne, [1993; Peters et al., [1994), it does not have the required strictly reciprocal connectivity,
which makes backpropagation biologically implausible in its direct implementation (Lillicrap
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and Santoro| 2019). This specific challenge in biological learning has been termed the “weight
transport” problem (Grossberg, |1987). Although recent work has shown that this symmetry
is not strictly necessary (Lillicrap et al.| 2016; Ngkland, 2016; Liao et al., 2016, /Akrout et al.|
2019; Kunin et all [2020), how biological systems could efficiently solve the credit assignment

problem remains an active area of research. Chapter 4| dives more into this problem.

The challenge of temporal credit assignment. An additional layer of complexity in bi-
ological learning arises from the temporal dimension. Often, actions or events that occur far
apart in time can contribute to a desired outcome. Identifying and reinforcing the specific
synapses involved in those earlier events, even if their contribution isn’t immediately appar-

ent, is crucial. In machine learning, this is solved by backpropagation’s temporal analogue,
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backpropagation-through-time (BPTT) (Werbos, (1990). Here, a network is “unrolled” over
some range of time steps in the past, and backpropagation is performed as if the network was
a feedforward one, with each time step now representing a layer in this unfolded network. This
allows the gradients to be calculated and propagated through time, effectively adjusting the
weights based on temporal dependencies. This poses additional challenges in terms of biologi-
cal plausibility. The first one is the act of “unrolling” itself, being opposite in (time) direction
of forward network propagation. This can be effectively solved with the real-time recurrent
learning (RTRL) algorithm (Williams and Zipser, |1989)). However, RTRL is often more com-
putationally demanding than BPTT, which poses an implementation challenge both in the
brains and machines (Marschall et al., [2020). It has been shown that a significant approxi-
mation of RTRL can be both biologically plausible and effective under certain conditions, by
relying on short-term dependencies present in neural activity at the point of learning (Murray,

2019; Bellec et al., [2020). Chapter [3| dives more into this problem.

1.3 Thesis structure

Chapter The first part of this thesis focuses on the problem of network homeostasis in the
biological networks. Specifically, a novel form of inhibitory homeostatic plasticity is examined,
which allows for global control of the network rather than just local control. Moreover, this
form of plasticity is functionally analyzed within the context of both the hippocampus and the
cortex. The main contribution of this chapter is the integration of inhibitory plasticity, neural

representation remapping, and network homeostasis into a single robust framework.

Chapter [3l The second part of this thesis focuses on the problem of temporal credit as-
signment. Specifically, the mechanisms behind the previously proposed rapid and biologically
plausible model of motor adaptation to task perturbation are examined. The main contribu-
tion of this chapter is the finding that feedback control enables both accurate and efficient

biologically plausible learning in the notoriously difficult to train recurrent neural networks.
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Chapter The third and final part of this thesis focuses on the problem of spatial credit
assignment. Specifically, it investigates how learning in cortical multi-layer networks occurs
through spatially and temporally local synaptic plasticity aided by feedback connections from
upper layers. In contrast to the previous chapters, this chapter uses the meta-learning frame-
work to explore the space of effective biologically plausible feedback learning rules. The main
contributions are the proposition of teacher-student network setup as an evaluation task for

effective credit assignment, and the discovery of a novel feedback learning rule.



Chapter 2

Network-centered homeostasis through

inhibition

This chapter explores a novel mechanism for network-based inhibitory plasticity, offering a
mechanistic explanation for the emergence of active and silent place cells in a hippocampal CA1
network model. The proposed plasticity rule explains fast and reversible remapping following
place map inactivation and new place map consolidation after repeated remapping, which were
previously unexplained experimental observations. Additionally, the model provides rapid firing
rate homeostasis in a recurrent cortical network while preserving essential network features
such as firing rate heterogeneity, neural representation, and persistent activity after memory
encoding. Overall, the findings present a circuit-level understanding of the CA1 network,
link various experimental data, and propose experimentally testable predictions. This chapter
includes an expanded version of research first presented at COSYNE 2020 and later published

in the Journal of Cell Reports.

Kaleb, Pedrosa and Clopath (2020). Balancing excitation and inhibition in spiking networks
with Input Dependent Inhibitory Plasticity (IDIP). COSYNE 2020 28 February / I-16 in
Denver, Colorado, USA. [link|
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Network-centered homeostasis through inhibition
maintains hippocampal spatial map and cortical circuit

function

Klara Kaleb, Victor Pedrosa, Claudia Clopath
Bioengineering Department, Imperial College London, London, United

Kingdom

2.1 Abstract

Despite ongoing experiential change, neural activity maintains remarkable stability. Such sta-
bility is thought to be mediated by homeostatic plasticity and is deemed to be critical for normal
neural function. However, what aspect of neural activity does homeostatic plasticity conserve,
and how it still maintains the flexibility necessary for learning and memory, is not fully under-
stood. Homeostatic plasticity is often studied in the context of neuron-centered control, where
the deviations from the target activity for each individual neuron are suppressed. However,
experimental studies suggest that there are additional, network-centered mechanisms. These
may act through the inhibitory neurons, due to their dense network connectivity. Here we use
a computational framework to study a potential mechanism for such homeostasis, using experi-
mentally inspired, input-dependent inhibitory plasticity (IDIP). In a hippocampal CA1 spiking
model, we show that IDIP in combination with place tuned input can explain the formation
of active and silent place cells, as well as place cells remapping following optogenetic silencing
of active place cells. Furthermore, we show that IDIP can also stabilise recurrent network
dynamics, as well as preserve network firing rate heterogeneity and stimulus representation.
Interestingly, in an associative memory task, IDIP facilitates persistent activity after memory
encoding, in line with some experimental data. Hence, the establishment of global network
balance with IDIP has diverse functional implications and may be able to explain experimental

phenomena across different brain areas. Finally, we make testable experimental predictions.
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2.2 Introduction

Although neural activity varies, presumably due to different demands of various cognitive func-

tions, it is usually constrained to a small operational range of only a few Hertz. This regime may

facilitate energy saving (Perrinet|, |2010), as well as optimal information processing (Laughlin,

1981; Stemmler and Kochl, [1999)). Furthermore, deviations from this range are often associated

with pathological states, such as epilepsy, schizophrenia, and Fragile X syndrome (Dickman and

‘Wondolowski, 2013)). Given that neural activity undergoes constant experiential change, there

exists a requirement for active processes to maintain stability. Many such processes have been

identified, such as synaptic scaling (Turrigiano et al., [1998; |Desai et al., 2002; Turrigiano and|

Nelson), 2004; | Goel and Lee, [2007} |Glazewski et al., 2017), intrinsic plasticity (Desai et al., [1999;

Gainey et al., 2018; Lambo and Turrigiano| 2013; Maffei and Turrigianol, 2008)), meta-plasticity

(Bienenstock et al., 1982} Kirkwood et al., [1996; Zenke et al.,|2013; Frank et al., 2006)), diffusive

neuromodulation (Sweeney et al. 2015; [Steinert et al., 2008, [2011; Naumann and Sprekeler]

2020)), structural plasticity (Yin and Yuan, 2015; Gallinaro and Rotter, 2018) and inhibitory

plasticity (Woodin et al., 2003; [Maffei et al. 2004, 2006; |Chen et al., [2011}; Vogels et al. 2011}

Keck et al.| |2011}; van Versendaal et al., 2012; |D’amour and Froemke, 2015; |Udakis et al., 2019;

(Clopath et al., 2016; [Hennequin et al., [2017; Das et al., [2011; Haas et al., [2006). These alto-

gether make up the term homeostatic plasticity and, although vastly different, they all act as a
negative feedback mechanism that adjust the neural parameters to compensate for deviations
from some set-point. Homeostatic plasticity is often studied in the context of neuron-centered

control, as neurons return to their preferred level of activity after experimental manipulations

that decrease (Hengen et al., 2013)) or increase activity (Pacheco et al., 2019). There is also

experimental evidence of network-centered homeostasis (Hirase et al., [2001}; [Slomowitz et al.|

2015} Trouche et al., 2016), where instead of the individual neurons, the mean activity of the

whole network is homeostatically maintained . However, computational studies of such mecha-

nisms are few (Sweeney et al., [2015; Mackwood, 2019; Naumann and Sprekeler] |2020) and thus

they remain less well understood.

To illustrate network-centered homeostasis, we turn to the hippocampus. Spatial environments
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are known to be represented by a cognitive map, consisting of a subset of hippocampal pyramidal

cells. These are called place cells, as they fire action potentials when the animal is in a specific

location within the environment, their place fields (O’Keefe and Dostrovsky, [1971; |O’'Keefe,

1976; (O’keefe and Nadel, |1978; [Wilson and McNaughton, [1993)). Optogenetic silencing of the

CA1 pyramidal neurons encoding a place map of a familiar environment leads to rapid activation

of previously silent CA1 pyramidal neurons (Trouche et al., |2016). This abrupt increase is

followed by a slower, seconds-long activity change towards a stable level on par with that of the

original place map (Trouche et al 2016). Thus, an alternative place map transiently emerges

while the original place cells are being silenced, and the spatial representation is homeostatically

maintained. Furthermore, with repeated silencing, the alternative place map is consolidated

over the original place map (Trouche et al. |2016). As neurons presumably have access only to

their own activity, it is unclear how such a pertubation can be detected and compensated for

at the network level.

One of the likely candidates to implement such network-centered homeostasis are the inhibitory

neurons. CA1 inhibitory neurons are strongly connected to a large number of heterogeneously

tuned CA1 pyramidal cells (Ali et al) |1998; Freund and Buzsaki, |1996; Gulyas et al., |1999;

Bezaire and Soltesz, [2013; Csicsvari et al., 1998aj; [English et al., [2017; |Csicsvari et al., [1998b)),

and exhibit broad spatial tuning (Grienberger et al. 2017). Thus, they can facilitate lateral

inhibition between the pyramidal cells (Geisler et al.|[2007)) and as such, both sense and influence

the activity of their local network. Hence, plasticity in the inhibitory circuitry could offer a

highly efficient network activity homeostasis, which has previously been shown with neuron-

centered plasticity (Vogels et al.l2011)). However, there are indications that inhibitory plasticity

can also act more globally. For instance, inhibitory postsynaptic potentials (iPSPs) have been

shown to decrease when global, but not single neuron, spiking activity is suppressed (Hartman!

et al., 2006 [Peng et al.,|2010). Moreover, in the highly recurrent pyramidal cell networks of the

neocortex, where inhibitory neurons are similarly interconnected with the rest of the network

(Sohya et all, [2007; Niell and Stryker] [2008; [Kerlin et al. 2010; [Ma et al. 2010} [Zariwalal

et al., [2011; [Znamenskiy et al., |2018; Wilson et al., 2017; [Fino and Yuste] 2011} Packer and|

Yuste, 2011} Hofer et al., 2011; Bock et al., |2011; Pfeffer et al., 2013), inhibitory scaling was
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shown to be Ca2+ /calmodulin-dependent protein kinase IV (CAMKIV) independent (Joseph
and Turrigianol |2017), and thus may be decoupled from unique postsynaptic neuron activity.
Furthermore, sensory deprivation studies across the primary cortices (Kuhlman et al.; [2013;
Barnes et al., 2015} |Li et al., |2014; |Gainey et al., [2018) have led to suggestions that inhibition
could be broadly adjusted as a function of the activity of the circuit (Gainey and Feldman),
2017). Inspired by all of these experimental findings, we hypothesize that the synaptic input to
the inhibitory neurons could act as a proxy for the local network activity, and as such be used to
adjust the level of inhibition appropriately. Such plasticity could occur through depolarization
induced modulation of spike-evoked inhibitory transmission (Christie et al., 2011} Bouhours
et al,[2011; Rowan and Christie, 2017)) or inhibitory neuron intrinsic excitability (Gainey et al.|,
2018).

In this work, we computationally study the properties and potential functionality of such novel
inhibitory plasticity, which we term input-dependent inhibitory plasticity (IDIP). First, we show
that such plasticity provides a mechanistic explanation for the emergence of active and silent
place cells in a hippocampal CA1 network model. Our model also reproduces the previously un-
explained experimental data of fast and reversible remapping following acute optogenetic place
map silencing (Trouche et al., 2016)), as well as the consolidation of the alternative place map
following repeated silencing (Trouche et al.; 2016). Furthermore, we show that IDIP in a corti-
cal recurrent network model provides a form of rapid firing rate homeostasis while maintaining
important network features, such as firing rate heterogeneity and persistent activity. Thus,
we show that IDIP allows for accurate maintenance of neural representation while preserving

flexibility important for neural coding.
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2.3 Results

2.3.1 Input-dependent inhibitory plasticity (IDIP) rule as a home-

ostatic mechanism

Experimental studies suggest an existence of network-centered homeostasis (Hirase et al., 2001}

Slomowitz et al., 2015; Trouche et al. [2016), where the mean firing rate of the network, rather

than that of the individual neurons, is homeostatically maintained. For example, rapid home-
ostasis of place representation in the hippocampal CAl region is observed after optogenetic
silencing of a familiar place map, through the emergence of an alternative place map
et all [2016). The likely candidates underlying such a mechanism are the inhibitory neurons,

due to their dense inter-connectivity with the surrounding pyramidal cells, both in the hip-

pocampus (Ali et al., [1998; Freund and Buzsakil (1996} |Gulyas et al.,|1999; Bezaire and Soltesz,

2013; |Csicsvari et al., [1998a; English et al. 2017} [Csicsvari et al., [1998b]) and in the neocor-

tex (Sohya et al., 2007; Niell and Stryker, 2008; [Kerlin et al., 2010; Ma et al., 2010} Zariwalal

et all 2011; Znamenskiy et all 2018; [Wilson et al.| 2017 Fino and Yuste, 2011} [Packer and

Yuste, 2011; [Hofer et al 2011; Bock et al. 2011; [Pfeffer et al., 2013). Furthermore, rapid

disinhibition has been shown to be the first step in circuit reorganization after experimental de-

privation across the sensory cortices (Kuhlman et al [2013; [Barnes et al., 2015} [Li et al.| [2014;

Gainey et all [2018)), leading to suggestions that inhibition could be broadly adjusted based

on the activity of the circuit (Gainey and Feldman, 2017). Such global regulation of network

activity could be achieved through the modulation of inhibition as a function of the synaptic
input the inhibitory neurons receive. To this end, we hypothesize a plasticity mechanism in
which strong inputs onto the inhibitory neurons lead to strengthening of the inhibitory output,
whereas weak inputs onto the inhibitory neurons lead to weakening of the inhibitory output.
For simplicity, we choose to implement this input-dependent inhibitory plasticity (IDIP) rule
by scaling the inhibitory synaptic weights as a function of the difference between the synaptic
input that each inhibitory neuron receives and a set target input value (Figur). Note that

such cell-autonomous plasticity could also be implemented through the plasticity of excitability
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of the inhibitory neurons, which is not explored in this work.

2.3.2 The IDIP rule allows for the emergence of active and silent

place cells in a hippocampal network

To assess whether IDIP can lead to the emergence of active and silent place cells, we build a
hippocampal network model of leaky integrate-and-fire neurons. The network model consists of
the CA3 and CA1 region (Figurd2.1B). Each pyramidal cell in the CA3 region receives unique
place tuned external current (Figure A-B), representing the location of a simulated mouse
on a 1D annular track with equally spaced place fields. The CA3 neurons project to the CA1l
excitatory neurons, which are divided into equally sized groups, with neurons in each group
tuned to the same place field. However, our simple model does not capture heterogeneity
of tuning present in a biological system. Furthermore, as the CAl excitatory neurons are
poorly recurrently connected (Deuchars and Thomson, [1996; Thomson and Radpour, 1991]),
in our simulations we assume that there are no recurrent connections between them. The
CA1 excitatory neurons project to the CA1 inhibitory neurons and the CA1 inhibitory neurons
project back to the CA1l excitatory neurons. The CA1 inhibitory neurons have no spatial
tuning (Figurd2.6]A), in agreement with experiments (Dupret et all 2013} [Grienberger et al.,
2017). After the first lap on the track, the excitatory synapses between the CA3 and CAl
excitatory neurons and the inhibitory synapses to the CA1 excitatory neurons are made plastic

with Hebbian plasticity and the IDIP rule respectively.

We first wanted to test whether IDIP could allow for the emergence of both active and silent
place cells in the CA1 region. The experiments suggest that the cells which later become active
or silent are differentiable even before the first exploration of the environment (Epsztein et al.|
2011). We incorporate this in our model by introducing variability in the amplitude of the place
tuning of the CA1 excitatory neurons belonging to the same group (Figure[2.1]C-D, Figure[2.7A-
B). As the initial inhibitory weights are set to low values, all the CA1 excitatory neurons are
active and covering the whole environment in the first lap on the track (Figure ) Thus,

the synaptic input received by the CA1 inhibitory neurons is high, and above the target input
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(Figure 2.8D). We then turn the Hebbian plasticity and our IDIP rule on and let our simulated
mouse complete 100 laps on the track, which we term the exploration phase. During this
phase, the CA1 excitatory neurons increase their tuning and activity, in a positive feedback
loop characteristic to Hebbian learning (Figur -G, FigurC-D). This further increases
the synaptic input to the CA1 inhibitory neuron, and hence increases the inhibitory synaptic
weights through IDIP (Figur) to keep the synaptic input to the inhibitory neurons at a
target level (Figur). As the CA1 excitatory neurons with lower place tuning initially are
less active, they are unable to escape the increasing lateral inhibition. Thus stable active and
silent place cells form within each CA1 place-tuned group (Figur, Figur—B). The
number of place cells that are active is a function of the target input to the CA1 inhibitory
neurons (Figure ) The absence of the target firing rate for the individual CA1l excitatory
neurons is essential for the observed network dynamics. Hence, we show that the IDIP rule
together with Hebbian plasticity and place tuned inputs can explain the formation of active

and silent place cells in a hippocampal network model.
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Figure 2.1: The IDIP rule enables emergence of active and silent place cells in a hip-
pocampal network. A. Inhibitory plasticity rule diagram. An inhibitory neuron (blue) adjusts
its inhibitory synaptic weights based on the synaptic input it receives and its target input 6. B.
Hippocampal network diagram. The CA3 excitatory neurons (purple) receive place-dependent ex-
ternal current. CA3 neurons project to uniquely tuned CA1 excitatory neurons (green), which are
interconnected with CA1 inhibitory neurons (blue). The CA3 to CAl excitatory synapses are plastic
under Hebbian plasticity and the CA1 inhibitory synapses are plastic under IDIP. C-E State of the
network during the first lap, before any learning. C. A diagram of a sample microcircuit found in
the network in B, consisting of 2 CA1 place cells (1 and 2) with the same spatial tuning, but with
cell 2 having stronger place tuning. D. TThe excitatory (purple), inhibitory (blue) and net (green)
currents received by cells 1 and 2 during the first lap on the track. The higher peak net current (black
dashed line) received by cell 2 reflects its stronger tuning. E. The firing rates of all the CA1 place
cells (y-axis) during the first lap (x-axis). All the place cells are active but with varying amplitudes,
reflecting differences in their place tuning strengths. F-H The same as in C-E but after learning.
Due to increased inhibition, silent (grey triangles) place cells emerge, as the difference in the peak net
currents from the first lap is amplified with learning.
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2.3.3 The IDIP rule enables rapid homeostatic remapping during

active place cells silencing

To assess whether the proposed IDIP rule can facilitate rapid place cell remapping, we perform
a silencing protocol as in [Trouche et al| (2016) (Figure 2.2A). After the exploration phase,
we tag all the established active place cells and silence them. In the networks with (Figure
2.2B) and without (Figure 2.2F) IDIP, such silencing leads to a decrease in the excitatory
drive to the CA1 inhibitory neurons and subsequently a rapid decrease in the inhibition to the
previously silent place cells, which then form an alternative place map. However, the degree of
the alternative place map activation will depend on inhibitory plasticity. In the networks with
IDIP during the silencing (Figurd2.2B), the dynamics of the alternative place map activation
are similar to that observed experimentally (Fig 2.C) (Trouche et al., 2016). The firing rates
of the alternative place cells are first increased almost immediately after silencing onset (fast
phase) and are further increased within the next 1-2 seconds (slow phase) (Figurd2.2D). Our
model allows us to decompose the two phases. The fast phase is due to the rapid decrease in
CA1 inhibitory neuron firing rate (Figur), as the originally active place cells, which were
driving their activity, are no longer active. Thus the alternative place map emerges, but at
a lower firing rate than the original place map, due to the place cells forming the alternative
place map being less sharply place-tuned than the place cells that formed the original place
map. In the networks without IDIP during the silencing (Figure ), the activity of the
alternative place map does not progress beyond this phase (Figure —H). However, in the
networks with IDIP during the silencing, a second, slower phase of alternative map activation
occurs as the level of inhibition gets adjusted to the lower activity and thus lower synaptic input
from the alternative place cells (Figure [2.10B) . Therefore the final activity of the alternative
place map matches that of the original place map (Figure ) Hence, the IDIP rule acts as

a homeostatic mechanism to maintain network activity during acute silencing.

When we turn silencing off, the original place map re-emerges (Figure ), in agreement
with experiments (Trouche et al. 2016). However, repeating the silencing protocol (Figure

2.2[) consolidates the alternative place map (Figure [2.2)]), also in agreement with experiments
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(Trouche et al., [2016). In our model this happens through the gradual activity-dependent

Hebbian plasticity in the CA3 to CAl excitatory synapses (Figure [2.11]A). Therefore, our
model suggests that synaptic plasticity of feedforward inputs onto the CA1 pyramidal cells is

a good candidate for the mechanism underlying place map consolidation.
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A. Silencing protocol similar to Trouche et al.| (2016]). All the active cells (green) are tagged, silenced
for one lap (yellow background) and released in the subsequent lap. B-E Silencing in the network
following IDIP. B. Network diagram after the exploration phase (100 laps). C. Mean firing rate
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is rapid activation of an alternative place map, consisting of the previously silent cells (grey). After
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with inhibitory plasticity turned off during the silencing. F. Network diagram after inhbitory and
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laps at each trial. Trial O corresponds to the activity of the network just after the exploration phase.
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2.3.4 The IDIP rule establishes global E/I balance in recurrent net-

works

The inhibitory neurons also feature dense connectivity in the neocortical circuits (Sohya et al.,
2007; Niell and Stryker}, 2008; Kerlin et al., 2010; [Ma et al., 2010; [Zariwala et al., 2011; Zna-
menskiy et al., [2018; Wilson et al., [2017; [Fino and Yuste| 2011} Packer and Yustel, 2011}, [Hofer
et al| [2011; Bock et all 2011; |Pfeffer et al., 2013)) and there is some evidence for a network-
centered control of cortical activity through inhibition (Joseph and Turrigiano| [2017; (Gainey
and Feldman) 2017; Gainey et al., 2018]). To assess whether the proposed IDIP learning rule can
homeostatically regulate such circuits, we simulate a cortical network of leaky integrate-and-fire
neurons with sparse recurrent connectivity (Figure 2.3A). Each neuron in the network receives
large external excitatory input and the initial inhibitory synaptic weights are set to low values.
Thus, without any plasticity, the network exhibits pathologically high activity (Figure )
Due to the high activity of the network, the inhibitory neurons initially receive very large exci-
tatory synaptic input, and thus the IDIP rule increases the inhibitory synaptic weights (Figure
- IDIP turned on at 15s, Figure 2.12)A). The network, therefore, progresses from a high
synchronous to a low asynchronous firing following the IDIP rule (Figure 2.3E). The excita-
tory firing rates reach a more physiological regime (Fig 3.B, Figure [2.12B), with a reasonable
firing rate distribution and irregular firing rate dynamics (Figure ) Inhibitory neurons in
the network also exhibit a diversity of firing rates and irregular firing rate dynamics (Figure

—E). Adding inhibitory-inhibitory connections to the network, increasing the network size

or increasing the learning rate does not change the results (Figure2.14}, [2.15] [2.16)). Hence, IDIP

can homeostatically regulate network-wide activity.

The IDIP rule proposed does not impose a unique target firing rate for each neuron in the
network. Instead, it controls the mean firing rate across the whole network. The final variability
in the net current received by each individual excitatory neuron after inhibitory learning (Fig
3.F) results in a diversity of neuronal firing rates (Figure [2.3C). This is in contrast with the
network following a neuron-centered rule, such as inhibitory spike-timing dependent plasticity

(iISTDP) (Vogels et al., 2011), which effectively sets a target firing rate for the excitatory
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neurons (Figure —E, see also Figure . To assess the range of the firing rates the
IDIP rule can support in a recurrent network, we simulate the network for various values of
the inhibitory target input. Higher values of the inhibitory target input lead to higher network
activity (Figure , y-axis). Hence, the activity of the network following the IDIP rule
depends on the target input of the inhibitory neurons. Moreover, higher inhibitory connectivity
decreases mean network activity (Figure , x-axis). As we increase the in- and out-degree
of each inhibitory neuron, we observe an increase in the overlap between the populations each
inhibitory neuron samples from and projects to. Thus, the dynamics of networks following IDIP
are more constrained in networks with high inhibitory connectivity (see also Figure . We
also show that the excitatory connectivity has no effect on the mean or variance of the network
firing rate after learning (Figure . Altogether, this means that IDIP establishes a global,
rather than detailed, network excitatory (E)/ inhibitory (I) balance while allowing for network

diversity.

2.3.5 The IDIP rule enables maintenance of neural representations

We wanted to assess whether neural representation could be maintained in the networks follow-
ing the IDIP rule. To assess whether individual neurons can remain highly active, we increase
the external drive to a subset of neurons in the network (Figure ) The selected subset
sustains a higher firing rate relative to the rest of the network following inhibitory learning
with IDIP (Figure , S17.A). This effect is mediated by the highly active neural subset mo-
nopolizing the input to the inhibitory neurons, leading to greater inhibition to the rest of the
network. Thus the rest of the network compensates for this increased activity, and the mean
network firing rate is maintained (Figure ) As expected, the deviations from the target
excitatory neuron firing rate are suppressed in the network following iSTDP (Vogels et al.|
2011) (Figure [2.21[B). Hence, IDIP can control the recurrent network activity while preserving

activity heterogeneity.

To assess whether the relative firing rates between neurons can be conserved across the whole

neural population, we rank the firing rates of the neurons at the beginning of our simulations,
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Figure 2.3: IDIP establishes global E/I balance in recurrent networks. A. A recurrent
network of 80 excitatory (white triangles) and 20 inhibitory (blue circles) leaky integrate-and-fire
neurons receiving external input from a pool of 100 Poisson excitatory neurons. Only the inhibitory
synaptic weights are made plastic with IDIP. B. The evolution of the mean excitatory firing rate
(black) and the mean inhibitory weight (blue) of the network. The shaded regions correspond to the
standard deviation of individual units. IDIP is turned on at 15s. Activity of the network decreases as
inhibitory weights increase. C. The excitatory firing rate stabilises to a mean value of 5.2 Hz (left).
The network displays an asynchronous firing pattern (right). D. The range of mean network firing
rates IDIP can support, with varying input target value (y-axis) and inhibitory connectivity (x-axis).
"X’ marks the parameter combination used in our simulations. E. Spike raster plots at the three time
points ("X’) marked in B. The network progresses from high synchronous to low asynchronous firing
following the IDIP rule. F. Mean membrane currents as a function of excitatory neuron index at three
the time points (X’) marked in B.

before any inhibitory plasticity (Figure 2.4D). We then use Spearman’s rank correlation co-
efficient to measure whether this rank is maintained over time following inhibitory plasticity
(Figure [2.4ID, for details see Methods). In networks following IDIP, the firing rate rank correla-

tion is largely conserved after inhibitory learning (Figure , Figure [2.21/C). We compare this

with the network following iSTDP (Vogels et al., 2011), where the firing rate rank correlation
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is mostly lost, as all neurons fire at similar firing rates at the end of the simulations (Figure
2.4F, Figure 2.21]D). Hence, IDIP can preserve heterogeneity in firing rates, both at a single

neuron level and across the whole network.

2.3.6 The IDIP rule enables memory trace persistence and recall

We also assess the performance of the network following IDIP in a simple associative memory
task. To this end, we initiate the recurrent network as before, but after inhibitory learning, we
encode a memory in our network by increasing the recurrent excitatory connections within a
subset of neurons (Figure ) We then attempt to recall the memory by increasing external
input to a subset of the neurons belonging to the memory (for details, see methods). After
encoding, the subset of neurons belonging to the memory exhibit sustained activity which is
higher than the rest of the network, even after IDIP has converged (Figure —H, Figure
.A). This is in contrast to the networks following iSTDP (Vogels et al. 2011), in which
the activity of the memory ensemble becomes indistinguishable from the rest of the network at
convergence (Figure —D). Such persistent activity of the memory cells has been reported

in some experiments (Yassin et al.| (2010)); (Ghandour et al.| (2019)), but see [Barron et al.| (2017))).

We then test whether we can recall the pattern, given that IDIP made inhibition stronger in the
network. By increasing the external current to some units in the pattern, the memory can be
recalled (Figure —H, Figure .B). Performing the same protocol in a network following
iSTDP (Vogels et al., [2011) shows that a lower number of memory cells are re-activated with
recall (Figure [2.22C). Thus recall in the network following IDIP has higher fidelity. This is
in line with experiments (Pignatelli et al., 2019)), where increased activity of the memory cells
facilitates greater pattern completion. Hence, the IDIP rule allows for sustained activity of
memory cells after encoding, as well as faithful memory recall from a partial cue. Thus, we
show that our proposed inhibitory plasticity rule, IDIP, can homeostatically regulate activity in
models of hippocampal and cortical networks. Importantly, using IDIP we are able to reproduce
previously unexplained experimental findings in the hippocampus (Trouche et al. [2016) and

propose its potential functional implications in the recurrent cortical networks.
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Figure 2.4: IDIP rule enables maintenance of neural representations and memory trace
persistence. A. The same network as in Figure but with a subset of excitatory neurons (orange)
receiving increased external input (grey). B. The mean firing rates of the network units, color coded
as in A. Bold lines denote the mean and the shaded area indicate STD over 20 trials. C. The mean
firing rate of the networks without (left) and with (right) increased input to a subset of neurons. Gray
circles indicate individual trials and the black circles indicate average over all 20 trials. D. Network
representation task diagram. We calculate the preservation of the correlation with the initial firing rate
rank during the entire course of the simulation. E. The Spearman rank correlation coefficient for the
network following IDIP (black) and iSTDP (grey). Error bars correspond to STD over 20 trials. F-H.
Performance of IDIP in an associative memory task. F. Associative memory task protocol. Following
network stabilization, we increase recurrent excitatory connections between a subset of neurons. The
encoded memory is then recalled by increasing external input to a subset of neurons within it. G.
Histograms of mean firing rates of the assembly (orange) and the rest of the network (grey) at the
four time points in F. The color-coded cross indicate the mean firing rates of each subset of neurons.
H. The evolution of the firing rates of the assembly (orange) and the rest of the network (grey) during
the memory task. The shaded area indicates STD over all neural subset units.
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2.4 Discussion

Although the study of neural homeostasis is frequently neuron-centered, there is some evidence

that network-centered mechanisms are also at play (Hirase et al., 2001} |Slomowitz et al., 2015}

Trouche et al., 2016). One of the candidates proposed for the implementation of such homeosta-

sis are the inhibitory neurons, due to their dense connectivity, both in the hippocampus (Ali

et al| 1998} Freund and Buzsaki, [1996; Gulyas et al., |1999; |Bezaire and Soltesz, [2013; |Csicsvari|

et al., [1998a; English et al., 2017; Csicsvari et al., |1998b)), as well as in the neocortex (Sohya

et al] 2007; Niell and Stryker, 2008} [Kerlin et al, [2010; Ma et al. 2010} Zariwala et al., 2011

Znamenskiy et al.l 2018; [Wilson et al., 2017; [Fino and Yuste, 2011; Packer and Yuste, 2011}

Hofer et al., 2011} Bock et al., 2011} |Pfeffer et al., 2013). In this work, we take inspiration from

the experimental data and hypothesize that network homeostasis could be achieved through
input-dependent inhibitory plasticity (IDIP), in which the inhibition is adjusted as a function
of the synaptic input the inhibitory neurons receive. We show that in a hippocampal CA1 net-
work model, IDIP can provide a mechanistic circuit understanding and reproduce experimental

data in which place cells are optogenetically silenced, unmasking a previously silent place map

(Trouche et al.; 2016). Furthermore, we show that such a learning rule can also homeostatically

regulate the activity of a recurrent neural network, while preserving the flexibility important
for neural coding. Altogether, our results suggest that network activity homeostasis following

external manipulation or endogenous changes could share a common underlying mechanism.

In contrast to the commonly used neuron-centered inhibitory plasticity (Vogels et al., |2011)),

the IDIP rule features an absence of a target firing rate for each excitatory neuron. Instead,
with the IDIP rule, the level of inhibition is modulated to maintain the mean firing rate of the
whole network. The importance of this is seen in our data-driven model of the CA1l network,
where IDIP allows for emergence of both active and silent place cells. In our model, these
emerge as the neurons with higher activity dominate the input to the inhibitory neurons, and
thus the recruitment of lateral inhibition. Conversely, the less active cells become silent. Thus,
there is an amplification of slight differences in activity through scaling of the tonic inhibition,

indiscriminately to all cells. Such competition for the recruitment of inhibition has previously
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been suggested to shape hippocampal assemblies (Buzsaki, 2010). Furthermore, silencing of an
established place map induces rapid compensatory adjustment of inhibition, and thus an emer-
gence of an alternative place map (Figure ), as reported experimentally (Trouche et al.,
2016). We show that non-plastic inhibition is not consistent with the experimental data (Figure
). Finally, we show that repeated silencing leads to alternative place map consolidation
(Figure ), as reported experimentally (Trouche et al., 2016). In our model, this occurs
through gradual changes in the CA3 to CA1 excitatory synaptic weights (Figure , facili-
tated by disinhibition during each silencing lap (Figure[2.10]A). Thus, through time, the original
place map gets destabilised, which has previously been suggested as a necessary condition for
remapping (Schoenenberger et al., 2016)). Hence, network-centered homeostasis through IDIP
provides a possible explanation for the previously unexplained experimental phenomena in the

hippocampus.

We also assess whether IDIP can homeostatically regulate dynamics in the recurrent networks
typical of the neocortex. Due to the absence of a firing rate set-point in the networks following
IDIP, there is diversity in the neuronal firing rates within the recurrent network after inhibitory
learning (Figure [2.3C). The resulting firing rate distribution is consistent with the broad and
heavy-tailed distribution of firing rates observed experimentally (Wohrer et al.,2013)), with some
neurons more active than others (Mizuseki and Buzsaki, 2013). Such range of activity is thought
to be optimal for the information storage in the brain (Laughlin, [1981) and enables linear
network responses over a broad range of inputs (Sweeney et al| 2015). In our networks, highly
active neurons dominate synaptic input to the inhibitory neurons, recruit inhibition more and
thus inhibit other neurons more. Hence with the IDIP rule, highly active neurons can remain
so as long as the rest of the network can compensate for it, providing a more flexible control.
We illustrate this when we increase the external inputs to some neurons and they remain
consistently more active than the rest of the network (Figure ) Furthermore, we show the
IDIP rule can also extend this stability of the firing rate rank across the whole neural population
(Figure [2.4E). This is not the case with inhibitory spike-timing dependent plasticity (iSTDP)
(Vogels et al., 2011), as the ranks get shuffled following inhibitory learning, due to the unique

firing rate set-point constraint (Fig 4.E). Hence, the IDIP model can maintain the population
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firing rate around a target value while preserving neural representation. Importantly, the neural
activity diversity is not imposed but emerges due to random network structure. Although
such population heterogeneity can be imposed, this has been previously shown to lead to
limited network responsiveness (Sweeney et al., 2015)). Hence, IDIP provides a global control
of recurrent network dynamics, without a firing rate set-point for each neuron, which allows for

flexibility and thus conservation of network representation.

Additionally, in an associative memory task, we show that the networks following the IDIP
rule can sustain memory encoding, without disturbing the rest of the network (Figure —
G). This has previously also been shown with iSTDP (Vogels et al.; 2011). However, the key
difference is that networks following the IDIP rule exhibit persistent activity of assemblies after
encoding (Figure 2.4G-H), unlike iSTDP (Figure 2.22C-D), as well as higher fidelity of recall
(Figure —H). Persistent activity of the memory cells has been reported in some experiments
(Yassin et al. (2010); Ghandour et al. (2019), but see Barron et al.[(2017))) and is thought to be
involved in memory bindings via Hebbian plasticity, as the increased activity further strengthens
the memory trace (Han et al., |2007) and facilitates greater recall (Tonegawal, 2019)). Thus, the
global network control provided by IDIP may have important functional implications in memory

processing and recall.

As highlighted throughout this work, dense connectivity of the inhibitory neurons to their local
networks makes them an ideal candidate for network-centered homeostasis. However, more
sparsely connected networks would lead the inhibitory neurons to sense a subset of the network
and potentially affect a different subset. Thus the final network firing rate would be less
constrained (Figure , Figure . This suggests that the network activity is differentially
modulated by the IDIP rule depending on the network architecture. In the limit of very sparse
networks, IDIP may not even act as a homeostatic mechanism and winner-take-all dynamics
may dominate (Figure . This may be relevant in the prevention of redundancy or in
contrast enhancement (Hartline and Ratliff, 1957). Furthermore, inhibitory connectivity is
known to vary within (Meyer et al., [2011)) and between (Tamamaki and Tomiokal 2010) brain

areas. Thus, IDIP rule would have different functional consequences in different brain regions.
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The type of inhibitory plasticity we propose here could be implemented in several different ways.
Synaptic input integration over the timescale used in our model could be mediated through
N-methyl-D-aspartate receptors (NMDARs), which are known to enhance the neuronal compu-
tational repertoire (Gasparini and Magee, 2006} Losonczy and Magee, 2006; Poirazi and Mel,
2001; Stuart and Spruston, [2015; |Poirazi and Papoutsi, [2020). In the hippocampus, NMDAR
were shown to be preferentially localized at feedback synaptic inputs to PV+ cells (Le Roux
et al.l |2013), and NMDAR knockouts in the PV+ cells were shown to disrupt spatial repre-
sentation (Korotkova et al., |2010). Moreover, NMDAR have recently been shown to facilitate
supralinear dendritic integration from clustered synapses in the PV+ cells (Cornford et al.|
2019), a model of which also shows winner-take-all dynamics between competing cell assemblies
(Cornford et al., |2019)). The inhibitory synaptic plasticity modelled here could occur through
a mechanism such as analogue-digital facilitation (ADF) (Alle and Geiger, 2006), where the
spike-evoked transmission is graded by presynaptic voltage fluctuations. Indeed, ADF has been
reported in inhibitory neurons (Christie et al.,|2011; [Bouhours et al.; 2011; Rowan and Christie,
2017), where it acts through basal Ca2+ accumulation and leads to an increase in synaptic re-
lease (Christie et al. 2011} Bouhours et al., 2011), as well as Kv channel inactivation (Rowan
and Christie, 2017)). Alternatively, IDIP could also act through the plasticity of inhibitory
neuron intrinsic excitability. In Figure [2.23] we show that our results are qualitatively robust
to variations of our learning rule, as long as the plasticity is a function of the synaptic input,
or its derivative, to the inhibitory neuron. Thus, in this work we show the functional outcome

of a class of models of input-dependent inhibitory plasticity.

Furthermore, our model makes the following experimental predictions. First, we predict that
during the optogenetic silencing of the original place map in the Trouche et al| (2016) exper-
iment, the level of inhibition decreases through inhibitory plasticity, and thus the alternative
place map emerges. Conversely, we predict that if inhibitory plasticity is blocked during the
optogenetic silencing, the alternative place map would still emerge but its activity would be
much lower than that of the original place map, as shown in Figure 2.2IG-H. Second, we predict
that the inhibitory plasticity occurs due to the decrease in the excitatory input to the inhibitory

neurons. The role of the excitatory input to the inhibitory neuron plasticity could be experi-



2.4. Discussion 53

mentally verified by optogenetically stimulating its presynaptic excitatory cells in which case
we predict to see a progressive slow increase in the inhibition to the excitatory cells, and vice
versa. This could be observed as changes either in the IPSCs magnitude or inhibitory mean
spike threshold, depending on whether it is due to synaptic or intrinsic plasticity. Third, we
predict that homeostatic recovery should not distrupt pre-existing network structure, as shown
in Figure 2.4E. Interestingly, the conservation of network correlations as the network under-

goes homeostatic changes was recently reported in a re-analysis of the experimental data from

Hengen et al.| (2016) by Wu et al| (2020), but this was attributed to synaptic scaling rather

than inhibitory plasticity.

Finally, other distinct solutions have been proposed for network-centered homeostasis, such as

diffusive neuromodulation via nitric oxide (Sweeney et al.,2015) and GABA spillover (Naumann,

and Sprekeler, 2020)). It is very likely that they all coexist, alongside other, neuron-centered

homeostatic mechanisms. Each homeostatic mechanism may control distinct aspects of neu-

ral function, as shown in a recent computational study (Wu et al), [2019). Hence, it would

be of future interest to study the IDIP rule in conjunction with other homeostatic plasticity

rules, such as synaptic scaling (Turrigiano et al., [1998; Desai et al., [2002; [Turrigiano and Nel-|

son, [2004} |Goel and Lee| 2007; |Glazewski et al., 2017)), intrinsic plasticity (Desai et al., [1999;

Gainey et al [2018; Lambo and Turrigiano, 2013; Maffei and Turrigianol [2008)), metaplasticity

(Bienenstock et al., 1982} Kirkwood et al., [1996; Zenke et al.,|2013; Frank et al., 2006)), diffusive

neuromodulation (Sweeney et al. 2015; [Steinert et al., 2008, [2011; Naumann and Sprekeler]

2020)), structural plasticity (Yin and Yuan, 2015; Gallinaro and Rotter, 2018) and inhibitory

plasticity (Woodin et al., 2003} Maffei et al., 2004} 2006; Keck et al., |2011; |Chen et al., [2011}

Vogels et al, 2011} van Versendaal et al., 2012; [D’amour and Froemke, 2015} Udakis et al.,

2019; (Clopath et al., |2016; [Hennequin et al., 2017; |Das et al., 2011} Haas et al., 2006), as their

interaction may increase the compensatory repertoire of the networks and endow them with

non-trivial emergent properties.
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2.5 Methods

2.5.1 Neuron Model

We use the single compartment leaky integrate-and-fire neuron model in our simulations. The
model is defined by a resting membrane potential Vzgsr and membrane time constant 7,,.
If the membrane potential surpasses the set threshold potential 6,,, it fires a spike and its
membrane potential is reset back to Vrggr. It then enters the refractory period ¢,.f, during

which it cannot be stimulated.

The sub-threshold membrane voltage V; of neuron ¢ follows:

dv;
Tm——

7 = (Vapsr = Vi) + R(gig(VE = Vi) + g, (V! = Vi) + L) (2.1)

/T are the excitatory and inhibitory synaptic conduc-

where R is the membrane resistance, gg
tances to neuron i from neuron j, VF/! are excitatory and inhibitory reversal potentials and
I., is any other externally supplied current. If neuron i receives input from neuron j, the

corresponding synaptic conductance g;; is as follows:

dgi; _
T = —gi; + GWii 5, (1) (2:2)

where 75, is the synaptic time constant, Wj; is the synaptic weight, g is a basic unit of synaptic

conductance and S;(t) is the presynaptic spike train.

2.5.2 Input-dependent inhibitory plasticity (IDIP)

The inhibitory plasticity depends on the synaptic input y; received by each inhibitory neuron

1 over time.
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dy; E
Tipip T = Y F Zgij (t) (2.3)
J

where 77p;p is the input current time constant and g{? is the excitatory synaptic conductance
of the synapse from an excitatory neuron j to an inhibitory neuron ¢.Hence the second term is
the sum of all of the excitatory input currents to the inhibitory neuron ¢ at time t. When the
inhibitory neuron ¢ spikes, all the inhibitory synapses projecting from the presynaptic inhibitory

neuron ¢ to the postsynaptic excitatory neuron j are adjusted with respect to y; as:

Awji = niprp(Yi(t) — 0in)Si (2.4)

where n;prp is the inhibitory learning rate,f;, is the constant target input for each inhibitory
neuron and S; is the inhibitory neuron 7 spike train. In our simulations, 6;, is the same for all

inhibitory neurons.

2.5.3 Hippocampal Network Model

We simulate a CA1l network consisting of Ng excitatory neurons and N inhibitory neurons.
There is full and bidirectional connectivity between the excitatory and inhibitory neurons. The
initial synaptic weights from the inhibitory to the excitatory neurons (W;g) are 200 times
weaker than the synaptic weights from the excitatory to the inhibitory neurons (Wgr) . The
initial values of the inhibitory synaptic weights are set to ten times weaker than the excitatory

weights. The CA1 excitatory neurons are divided in N, equally sized groups.

Each excitatory neuron in the CA1 network is connected to Noa3 CA3 neurons. The excitatory
synaptic weights from the CA3 neurons to the CA1 excitatory neurons are made plastic with
classical Hebbian plasticity and the inhibitory synaptic weights from the CA1 inhibitory neurons

are made plastic with IDIP.
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Position-modulated inputs

We model a mouse traversing a 1D annular track with N,. equally spaced place fields. We
assume the mouse moves with a constant speed and takes 3 seconds to move from a centre of

one place field to a centre of the subsequent place field.

Each CA3 neuron receives input from one unique place field in the form of an external current

I.;. The tuning curve T with place field centered at pg is defined as:

T(p) = exp (—%) 25)

where p is the animal’s position and oy, is the tuning width.

The place field current I, supplied to a CA3 neuron is then:

Ieo(p) = AT (p) (2.6)

where A, is the current amplitude.

Each CA1 group is tuned to a single unique CA3 neuron, with the same tuning curve T as in
Eq. 5. Within group, the tuning amplitude for each neuron is varied. To this end, we sample
a vector of Ijvv—j random number from a normal distribution with 4 = 0 and ¢ = 0.05. We then
shuffle this vector for each group and add a single value to the synaptic tuning curve of each

neuron in the group.

The excitatory and inhibitory CA1 neurons also receive uniform external currents, IZ and I’

respectively.
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Excitatory plasticity

The excitatory synaptic weights between CA3 and CA1l excitatory neurons follow classical
Hebbian plasticity implemented using a symmetrical spike-timing dependent learning rule. A

synaptic trace x; assigned to each neuron i and follows:

dZL'Z'
Thebb% = —x; + 5(t — tspik:e) (27)

where Tpepp is the time constant of the learning window and ;. is the spike time. We also
include a homeostatic term which takes into account the sum of all synaptic weights onto the
postsynaptic neuron. The synaptic weight wj; from the presynaptic neuron j to the postsynaptic

neuron ¢ is updated following:

dw i
d_tj = (Wmax - wji)nhebbzixj — Nhomeo (Z Wji — 9homeo> (28)

)

where W4, is the maximum excitatory synaptic weight, npep is the learning rate of the Hebbian

term, Npomeo 18 the learning rate of the homeostatic term and 6,4, is the homeostatic target.

2.5.4 Recurrent Network Model

We simulate a recurrent network consisting of N excitatory and N; inhibitory neurons. The
excitatory neurons are randomly connected with a probability ppr = 0.1, in line with exper-
iments (Harris and Shepherd, [2015). The inhibitory neurons are randomly connected to the
excitatory neurons with a probability p;g = pgr = 0.2. Due to the small size of the network,
the in degree for each excitatory and inhibitory neuron is kept the same. Thus each excitatory
neuron has Ng X pgg excitatory inputs and 4 N; X prg inhibitory recurrent synaptic inputs.

Furthermore, each inhibitory neuron receives Ng X pg; excitatory inputs. Due to the small
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network size, inhibitory-inhibitory neuron connections are omitted (p;; = 0). The values for
the recurrent weights W,.. are sampled from a log normal distribution, in line with experiments

(Song et al., |2005; Loewenstein et al 2011), with g = 1.0 and oy = 0.1.

The initial values of the inhibitory synaptic weights are ten times weaker than the excitatory
weights (W;/Wg = 0.1). Furthermore, the inhibitory synaptic weight update Awj; has a

multiplicative weight dependence, such that:

Wi < (Wmax — wji) X iji when iji >0

wji <= wj; X Awj; when Aw;; <0

where W4, is the is the maximum inhibitory synaptic weight. The inhibitory learning is turned

off during the first 15 seconds of the simulation.

Random neuron input generation

Each neuron in the network is randomly connected with a probability of p., = 0.2 to a subset of
the N., external inputs, which are modelled as Poisson process with a mean firing rate F. The
values of the input synaptic weights from the external inputs to the excitatory and inhibitory
neurons W;, are sampled from the same log normal distribution as W,.., with © = 1.0 and
owin = 0.1. To generate sufficient network activity, we increase the W;, by a factor of 2.5. For

the simulation in Figure 2.41A, the values of W;, are increased by 50%.

Firing rate rank computation

The same network as above is used in the simulation. We split the activity of the network into

15 second time bins. The first time bin is the network activity before any inhibitory plasticity.
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We then compute the Spearman’s rank correlation coefficient of the mean excitatory firing rates

in the first time bin and each subsequent time bin.

Memory protocol

The same network as above is used in the simulation. After the network activity stabilises (600
s), the recurrent synapses between a selected subset of N¥ (12/80) are increased by a factor
of 5. After the network reaches steady state again (1200 s), the values of the synaptic weights

from the NE to two neurons in the assembly are increased by 50%.

Inhibitory spike-timing dependent plasticity (iSTDP)

With iSTDP (Vogels et al., 2011), the synaptic weight w;; from presynaptic inhibitory neuron

¢ and the postsynaptic excitatory neuron j follows:

wj; = wji + Nistpp(T; — @)  when presynaptic neuron ¢ spikes

(2.10)
Wj; < Wj; + 1STDPT; when postsynaptic neuron j spikes

where n;s7pp is the learning rate, a is the depression factor and w;/; is the neuron synaptic

trace, defined as:

dl’i i
TiSTDP dt/J = —Tijj + 0(t — topike) (2.11)

where 7;97pp is the learning window time constant and ¢y is the spike time.
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Code

In all the simulations, we use Euler integration with step size At of 1 ms. The Python code for

this work is freely available here.

2.6 Simulations parameters summary

’ Neuron Model

VeEST - 60 mV Resting membrane potential

O - 50 mV Membrane potential spiking threshold
R 100 M€ Membrane resistance

ref 2 ms Absolute refractory period

Tm 20 ms Membrane time constant

I, 0A Default external current

Table 2.1: Neuron parameters.

’ Synapse Model

g 1 nS Basic weight unit

VE 0 mV Excitatory reversal potential

Vi - 80 mV Inhibitory reversal potential

TE 5 ms Decay constant of AMPA-type conductance
Tr 10 ms Decay constant of GABA-type conductance

Table 2.2: Synapse parameters.

| IDIP |
] TIDIP 160 ms \ IDIP decay constant ‘

Table 2.3: Plasticity parameters.


https://github.com/klarakaleb/IDIP
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] Simulation ‘
’ At ‘ 1 ms Integration time step size ‘
Table 2.4: Simulation parameters.
’ Hippocampal Network Model
’ CA3 Neas 10 ‘ Size of the CA3 excitatory population
Ng 100 Size of the CA1 excitatory population
CAl Np 20 Size of the CA1 inhibitory population
Ny 10 Number of excitatory neuron groups
Position Npe 10 Number of place fields
modulated | o, 6.54 a.u. Tuning width
input A 200 pA Current amplitude
External It 0.01 pA Current to the excitatory neurons
current IZ 0.5 pA Current to the inhibitory neurons
Synaptic Wig 2.0 E to I synaptic weight
weights Wer le-3 Initial I to E synaptic weight
IDIP niprp | le-b ms~nS~! | IDIP learning rate
Oin 200 nS Inhibitory neuron target input
Thebb 20 ms Learning window time constant
Excitatory | W,,q. 1.5 Maximum E to E synaptic weight
plasticity Nhebb le-3 ms™1 Excitatory Hebbian term learning rate
Nhomeo | 1e-4 ms™1 Excitatory homeostatic term learning rate
Ohomeo | D.2 Homeostatic target sum of weights

Table 2.5: Hippocampal neural network parameters.
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Recurrent Network Model
Ney 100 Size of the input population
Neurons Ng 80 Size of the excitatory population
Ny 20 Size of the inhibitory population
Dex 0.2 External input to the recurrent
Connection PEE 0.1 Exc%tatory to .exc.itz?qtory connect.iviity
o1e DEI 0.25 Excitatory to inhibitory connectivity
probability DIE 0.25 Inhibitory to excitatory connectivity
j 285 0 Inhibitory to inhibitory connectivity
’ Ex. input ‘ F 10 Hz Mean firing rate of external Poisson input
Ju 1.0 Mean of the sampled distribution
Synaptic Owin 0.05 s.d. of the W;,, sampled distribution
weights O wree 0.05 s.d. of the W,.. sampled distribution
W;/Wg| 0.1 Initial inhibitory/ excitatory weight ratio
niprp | 1le-7 ms~nS~! | IDIP learning rate
IDIP Oin 550 nS Inhibitory neuron target input
W nas 1.0 Maximum I to E synaptic weight
Tistpp | 20 ms Learning window time constant
STDP Nisprp | be-b ms1 iSTDP 1'earning rate
« 0.2 Depression factor

Table 2.6: Recurrent neural network parameters.
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2.7 Supplementary figures
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Figure 2.5: A The external current supplied to the CA3 neurons. Different colours indicate different
place fields. B The CA3 neuron firing rates. Different colours indicate different CA3 neurons tuned
to different place fields, as in A.
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Figure 2.6: A Firing rate of the CA1 inhibitory neurons in the first (grey) and last (black) lap of the

simulation.
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Figure 2.7: A The initial CA3 to CAl synaptic weights of neuron 1, as in Figure . Different
colours indicate synapses from CA3 neurons with different place fields, as in S1. B The initial CA3
to CA1 synaptic weights of neuron 2, as in Figure 2.IIC. C The final CA3 to CA1 synaptic weights of
neuron 1, as in Figure 2.TF. D The final CA3 to CA1 synaptic weights of neuron 2, as in Figure [2.1]F.
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Figure 2.10: A Evolution of the inhibitory firing rates during the silencing protocol as described in
Figure[2.2]A. B Evolution of the inhibitory synaptic weights during the silencing protocol as described

in Figure 2.2A.

1.01

0.5

00l b

0 10 20 30 40 50
# laps

Synaptic weights

. Sy P ——— N

I I IS

E-E

0.58 1

0.56 1

0.54 1

Mean synaptic weights

# laps

Figure 2.11: A The evolution of all the synaptic weights from CA3 to CAl for an example place
(green) and silent (grey) cell during the consolidation protocol as described in Figure 2.2[. Dashed
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Figure 2.12: Recurrent network. A All the inhibitory synaptic weights. B All the excitatory firing
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Figure 2.13: A-E Same as in Figure ,E,F,C but for the inhibitory neurons only.
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Figure 2.14: A-D Same as in Figure ,E,F,C but for the network with fixed inhibitory-inhibitory
connections. The inhibitory neurons are connected with a probability py; = 0.2, with the in-degree
kept constant.
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Figure 2.15: A-D Same as in Figure ,E,F,C but for a bigger network (Np=400, N;=100). Here
we use 1/N scaling for W.
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Figure 2.16: A Firing rate as a function of time with varying learning rate n;prp. The shaded area
denotes the standard deviation of the firing rates over all the neurons in the network. B Firing rate
distribution of networks with different learning rates nyprp after inhibitory learning. Here we include
data from 20 different networks. C ISI CV of networks with different learning rates after inhibitory
learning. Here we include data from 20 different networks.
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Figure 2.17: A-D Same as in Figure ,E,F,C but for the network following iSTDP (Vogels et al.
2011). C The pale orange histogram indicates the distribution of firing rates with IDIP in the same
network.
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Figure 2.18: A Standard deviation of the excitatory firing rates o, before (x-axis) and after (y-axis)
inhibitory learning for the networks following IDIP ( Pearson correlation coefficient r = 0.59, p-value
= 2.8¢-22 ). Different standard deviation of the W,.. sampling distribution (oyye.) values are color-
coded. B Same as in A but for networks following iSTDP (Vogels et al., 2011)) ( Pearson correlation
coefficient r = 0.08, p-value = 0.22 ). C Final firing rate distribution of networks following IDIP with
different W,... sampling distribution standard deviation values o... Here we include data from 20
different networks. D Same as in C for ISI CV.
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Figure 2.19: A The distribution of the firing rates after IDIP as a function of different values of
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histogram contains data from 20 different networks. The means of each distribution are denoted with
black triangles. As the target input value increases (y axis), we observe an increase in the mean firing
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the network following iSTDP (Vogels et al., |2011) ( Pearson correlation coefficient r = 0.005, p-value
= 0.84).
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Figure 2.23: A The final firing rate rank correlation coefficient, calculated as in Figure , for
the recurrent networks following different IDIP learning rule variants (outlined in the supplementary
methods). The correlation coefficient values of the networks following IDIP and iSTDP are significantly
different (student t-test, p value = 7e-12). The correlation coefficient values of the networks following
IDIP and IDIP learning rule variants are not significantly different (student t-test, p values = 0.07
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and during ("ON’) silencing for the hippocampal networks following IDIP learning rule variants. Gray
circles indicate individual trials. Colour-coded circles indicate average over all 20 trials.
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Figure 2.24: A Diagram of a network with sparse inhibitory connectivity. Two excitatory (triangles)
and two inhibitory (circles) neurons are simulated. One of the excitatory neurons (green) receives a
slightly (5%) stronger external input. Thus one inhibitory neuron (blue) receives synaptic input from
the excitatory neuron that is more active and projects onto the other excitatory neuron (purple). The
other inhibitory neuron (orange) receives synaptic input from the less active excitatory neuron (purple)
and projects onto the more active (orange) excitatory neuron. B The evolution of neuronal firing rates
for the excitatory cells, color coded as in A. The initially small activity difference is amplified by the
inhibitory plasticity, leading to increased activity of one excitatory neuron (green) and a decrease in
the other (purple). C The synaptic input to the inhibitory neurons as a function of time, color coded
as in A. The dashed line denotes the target input. D The evolution of the inhibitory (I to E) synaptic
weights, color coded as in A. E-H The same as in A-D but without any plasticity.
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2.8 Supplementary methods

2.8.1 Various learning rule implementations

To show that our results is robust to the specific implementation of input dependent inhibitory

plasticity (IDIP), we devise several learning rule variants (see Figure [2.23)).

Original learning rule

In the learning rule implementation used throughout this paper, the inhibitory plasticity de-

pends on the low pass filtered synaptic input y; received by each inhibitory neuron 1.

dy; E
Tipip T = Y F Zgij (t) (2.12)
J
Awj; = nrprp(Yi(t) — 0:,)S:(t) (2.13)

where 77prp is the input current time constant, gg is the excitatory synaptic conductance of
the synapse from an excitatory neuron j to an inhibitory neuron i, S;(t) is the spike train of the
inhibitory neuron i, n;prp is the inhibitory learning rate and 6;, is the constant target input
for each inhibitory neuron. The values for each parameter can be found in the parameters

summary table in the main text. The adjusted parameters for each learning rule variant can

be found in the supplementary tables 2.7 and 2.8

Variant 1

In the first variant ("v1’) of the learning rule, we add a voltage term to Eq 12.

dyi Yi E E
_ B(1\G. v 2.14
B = g T I OS 00 W) (214)
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where V; is the sub-threshold membrane voltage of the inhibitory neuron i and V¥ is the

excitatory reversal potential.

Variant 2

In the second variant ('v2’) of the learning rule, we replace the spike train S;(¢) term in Eq 13

by a synaptic trace x;.

dx;
Tt = —ai + Si(t) (2.15)
Awj; = niprp(Yi(t) — 0in)zi(1) (2.16)

where 7 is the synaptic trace time constant.

Variant 3

In the third variant ('v3’) of the learning rule, we add inhibitory synapses to the inhibitory

neurons in our network and include their synaptic input contribution in Eq 12.

dy;
Tiprp~ - = Y + Z gﬁ(t) - Zgzlj(t) (2.17)
J J
where gifj are the synaptic conductances of the inhibitory synapses to the inhibitory neuron .

Variant 4

In the fourth variant ('v4’) of the learning rule, we replace the inhibitory synaptic plasticity by

plasticity in the inhibitory neuron firing threshold 6;.



2.8. Supplementary methods 81

Ab; = niprp(yi(t) — Oin) (2.18)

Variant 5

In the fifth variant (*v5’) of the learning rule, we replace the inhibitory neuron target input 6;,

est
i -

with the inhibitory neuron target firing rate 6,. We define a running firing rate estimator z

dxgst CL.gst
L= i (t 2.1
= S (219)

where 7. is the integration time constant, as done in |Wu et al.| (2020). The inhibitory weights

are updated as:

x5t ()

iji = NIpIP ( :

est

- 933) Si(t) (2.20)

2.8.2 Supplementary parameter tables

’ Hippocampal network

vl NiDIp de-4 ms~tnS! IDIP learning rate
Oin -1.0 nA Inhibitory neuron target input
v2 NIprp 5e-7 ms~nS™! IDIP learning rate
Tst 20 ms Synaptic trace time constant
va NIprp 5e-6 ms~tmV ! IDIP learning rate
Wer le-2 Initial I to E synaptic weight
NIipIp le-4 ms—! IDIP learning rate
vbh Test 20 ms Firing rate estimator time constant
0. 80 Hz Inhibitory neuron target firing rate

Table 2.7: The parameters used in Figure |2.23B
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Recurrent network

vl NIDIP 4e-6 ms~nS—! IDIP learning rate
Oin -3.0 nA Inhibitory neuron target input

v2 NIDIP 5e-9 ms~InS~! IDIP learning rate
Tot 20 ms Synaptic trace time constant

va NIDIP 5e-10 ms~tmV ! IDIP learning rate
Wi /Wg 0.15 Inhibitory/excitatory weight ratio
NIDIP le-6 ms—! IDIP learning rate

vH Tost 20 ms Firing rate estimator time constant
0. 100 Hz Inhibitory neuron target firing rate

Table 2.8: The parameters used in Figure ‘ .

Recurrent Network Model

Neurons Ng 2 Size of the excitatory population
Ny 2 Size of the inhibitory population
Ex. input | Ig 200/210 pA External current to the excitatory neurons
Iy 20 pA External current to the inhibitory neurons
Synaptic Wig 7.0 E to I synaptic weight
weights Wer 0.1 Initial I to E synaptic weight
niprp | 1.5e-5 ms~inS! IDIP learning rate
IDIP Oin 350 nS Inhibitory neuron target input

Table 2.9: The parameters used in Figure



Chapter 3

Feedback guides learning in biological

circuits

This chapter mechanistically studies the model originally proposed in [Feulner et al| (2022,
with a specific focus on fine-tuning task perturbation through a combination of plasticity and
feedback control. The investigation examines how feedback control of ongoing recurrent network
dynamics can approximate the optimal first-order gradient with respect to network activities,
allowing for rapid, ongoing movement correction. Additionally, it demonstrates that network
adaptation to task perturbation using a local, biologically plausible learning rule becomes both
more accurate and efficient when feedback control is integrated during learning. This efficiency
arises from the temporal decoupling of network dynamics and the injection of adaptive, second-
order gradients. The findings suggest that feedback control may guide credit assignment in

biological circuits, enabling both rapid and efficient learning in the brain.

This chapter has been submitted to a conference and is currently in review.

83



84 Chapter 3. Feedback guides learning in biological circuits

Feedback control guides credit assignment in biological

circuits

Klara Kaleb!, Barbara Feulner!, Juan A. Gallego!, Claudia Clopath®

Tmperial College London, Department of Bioengineering, London, UK

Abstract

How do brain circuits learn to guide our behaviour? While significant strides have been made
in understanding learning in artificial neural networks, applying this knowledge to biological
networks remains challenging. For instance, while backpropagation is known to perform ac-
curate credit assignment of error, how a similarly powerful process can be realized within the
constraints of biological circuits remains largely unclear. One of the major challenges is that
the brain’s extensive recurrent connectivity requires the propagation of error through both
space and time, a problem that is notoriously difficult to solve in vanilla recurrent neural
networks. Moreover, the extensive feedback connections in the brain are known to influence
and control forward network activity, but the interaction between the feedback-driven activity
changes with weight-based learning is less well understood. Inspired by previous work on mo-
tor control models, this work investigates the mechanistic properties of networks pre-trained
with feedback control on a stereotypical motor task. We show that the feedback control of
the ongoing recurrent network dynamics approximates the optimal first-order gradient w.r.t.
the network activities, allowing for rapid, ongoing movement correction. Moreover, we show
that the network adaptation to task perturbation using a local, biologically plausible learning
rule is both more accurate and more efficient with feedback control during learning, due to the
decoupling of the network dynamics and injection of adaptive, second-order gradient into the
network dynamics. Thus, our results suggest that feedback control may guide credit assignment

in biological circuits, enabling both rapid and efficient learning in the brain.
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3.1 Introduction

Despite the “unreasonable effectiveness” of the backpropagation (BP) algorithm (Rumelhart

1986)), learning in the brain must leverage a different solution (Lillicrap and Santoro, 2019;
Lillicrap et al.,|2020). For instance, the brain’s extensive recurrent connectivity (Felleman and

Van Essen| 1991; |Douglas and Martin, 2004) requires propagation of error through both space

and time. Learning in vanilla recurrent neural networks (RNNs) with Backpropagation through

time (BPTT) (Werbos| 1990; [Mozer et al., [1995; Robinson and Fallside, [1987) is known to be

difficult due to the vanishing and exploding gradient problem (Pascanu et al., 2013; Hochreiter|

and Schmidhuber, 1997). This challenge is excarbated under biological constraints, which

require learning rules with significant approximations of the full temporal memory (Marschall

et al.l 2020} Bellec et al. 2020; Murrayl, [2019; Liu et al.l 2021)), and often lead to an undesirable

generalization gap (Liu et al., 2022).

In addition to intra-layer recurrence, the brain also features extensive feedback connections from

top-down sources (Peters and Payne, 1993} Peters et al., [1994)) that can modulate network ac-

tivity in lower layers (Przybyszewski, 1998} (Girard et al., 2001; | De Pasquale and Sherman) 2011}

Briggs and Usrey, 2011} [Jordan and Keller], [2020; [Keller et al., [2020) and improve bottom-up

information processing (Gilbert and Li, 2013; Manita et al., 2015} [Fyall et al., [2017). This mul-

tiplicity of simultaneously active pathways contrasts vanilla RNNs, where feedback connections

are used exclusively for gradient propagation.

It is precisely this simultaneous integration of several streams of information that is thought to

mediate ongoing movement correction in both humans and non-human primates (Thoroughman|

and Shadmehr, [2000; [Perich et al. 2018; Krakauer et al., [2000). For example, when subjects

receive distorted feedback during a learned reaching movement, such as an unexpected force

acting on the limb, they are able to make movement corrections already at the first trial

(Thoroughman and Shadmehr, [2000). Moreover, they rapidly adapt to the mismatch between

the observed and expected movement trajectory upon further perturbed trials, requiring no

more online corrections (Krakauer et al., [2000). Recent data-driven modelling work (Feulner,

et al,[2022) proposed an elegant solution to this problem by integrating feedback control into the
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recurrent network dynamics, and pre-training the whole network on a stereotypical motor task.
The resulting networks showed rapid adaptation to task perturbation during ongoing movement
and further improvement in the task performance upon persistent perturbation using a feedback-
driven, local learning rule, and thus reproduce key behavioural and neurophysiological findings.
However, the relationship between this local feedback-driven learning and gradient descent, or

any of its approximations, remains unclear.

In this work, we investigate the mechanistic properties of such recurrent networks pre-trained
with feedback control on a stereotypical motor task. Our key findings are listed as follows:

1. Feedback control allows for approximate inference learning in the activity space |3.3.2]

2. Feedback control enables increased accuracy of approximate, local learning rules in the

recurrent layer due to the “decoupling” of the network from its past activity [3.3.4]

3. Feedback control enables more efficient weight updates during task adaptation due to the

injection of adaptive, second-order gradient into the network dynamics [3.3.5]

Related work

Most modellling studies, the role of feedback connections is restriced to gradient signal prop-

agation only (Bellec et al., [2020; Murray, 2019; Payeur et al. [2021; Liu et al) [2021). The

need for separation seems clear: in the studies where this restriction is lifted, the plasticity

mechanisms involved often require tight coordination (Scellier and Bengio, [2017; [Whittington|

and Bogacz, 2017; Sacramento et al., 2018 Payeur et al., [2021; [Podlaski and Machens, 2020))

that may be hard to implement and maintain in the brain. Furthermore, the relative influence

of feedback may still be kept small to avoid interference with the forward inference.

Nevertheless, several other computational studies have shown that a stronger influence of feed-

back on the network activity may actually aid network training (Gilra and Gerstner, 2017}

Deneve et al., 2017 [Alemi et al.| 2018; Bourdoukan and Deneve, 2015, Meulemans et al., 2021,
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2022alb). We highlight (Meulemans et al., [2022b)), where the authors took this approach a
step further by formally deriving the relationship between gradient-based learning and optimal
control through feedback activity influence for equilibrium systems, arguing that this alleviates
the temporal storage load of the intermediate states required for BPTT-based learning. How-
ever, despite the success on a number of difficult problems, it remains unknown how well these
findings extend to out-of-equilibrium dynamics commonly found in the brain. In contrast,
Feulner et al. (2022) takes a more agnostic approach by effectively meta-training recurrent
networks with feedback control of their output out-of-equilibrium and under non-stationary
conditions. However, while the resulting networks reproduce key behavioural and neurophysi-
ological findings from both humans and non-human primates, their relationship with gradient

descent remains unclear.

3.2 Methods

3.2.1 Training stages

In this work, we used a modelling setup built to reproduce motor adaption experiments in
monkeys (Perich et al., 2018) and similar to that used in Feulner et al. (2022)) (see Appendix
for key differences). We construct a model that mimics both the movement repertoire
and the flexibility of the motor cortex by applying a two-stage training strategy consisting of a

pretraining and a fine-tuning step.

Pretraining. To obtain stereotypical motor movement dynamics, we first train the recurrent
networks with feedback control on a synthetic instructed delay centre-out reaching task using
BPTT (Werbos, 1990). Here, the task is to produce a broad set of two-dimensional reaching
velocity trajectories of varying lengths, following an instructed delay phase (see Section m

for more details). A visualization of a sub-task with 8 equidistant targets can be seen in Figure

B.1h-b.
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Fine-tuning. To probe the recurrent network’s ability to adapt to task perturbations follow-
ing initial pretraining, we replicate a classic visuomotor (VR) perturbation paradigm (Perich
et al., 2018; Krakauer et al., |2000) in which the model output is rotated around the centre
by a certain fixed angle. Here, motivated by rapid adaptations to such perturbations in the
experimental studies (Perich et al., 2018), learning occurs through a local, biologically plausible

learning rule.

3.2.2 Network architecture

We train the recurrent neural networks with a single recurrent hidden layer whose activity is
described by the dynamics in Equation . Here, a hidden layer unit h; receives the stimulus
signal s(t), the previous network activity post-nonlinearity ¢(h;) and the positional error ¢;

from the previous time step i.e. (¢t —1).

Thy = (—hj + Y Wins Y Whe(h) + > Wil + bg?) (3.1)
7 i k

In Equation ¢ represents the ReLU function, and W ¥? are the backward projecting feedback
weights. The 2D output velocity v of the recurrent network is obtained through a linear readout

of its hidden layer activity post-nonlinearity:

vp = Wia; + bf, (3.2)

where a; = ¢(h;).
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3.2.3 Pretraining procedure

We pretrain the network using BPTT with mean squared error (MSE) over the integrated
position space using the Adam optimizer (Kingma and Baj, 2014). To encourage the networks
to learn to use the feedback layer to correct their output online, we use randomly distributed
velocity perturbations (see Section for more details). The 2D error feedback signal e
projected back to the network with feedback weights W/° is the derivative of the mean squared

error of the integrated position pt = pl~ ' +dt- v, i.e. e = pt* —pt, where pi* is the task target.

3.2.4 Adaptation and feedback-driven plasticity rule

To assess how the feedback integration may enable biologically plausible learning in the hid-
den recurrent layer during persistent task perturbation, we implement a previously proposed,
temporally and spatially local learning rule, Random Feedback Local Online (RFLO) learning
(Murrayl, [2019).

By = (=Bji+ ¢/ (b)) (33)

Wh = Wil e By, (34)

where 7, is the adaptation learning rate and o™ is hidden activity from the previous timestep
ie. (t—1). Thus, the change in weights is proportional to the eligibility trace Bj; and the
feedback signal received Wﬁek. Note that the same weight matrix W ¥? is used for both control
and learning. For further biological realism, the learning batch size is fixed to 1 and the weight

updates are applied online i.e. after every presented example.
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3.3 Results

3.3.1 Recurrent neural networks with feedback control adapt well
to task perturbation using feedback control and local learning

rules

First, we pre-train the networks with feedback control on the instructed delay center-out-
reaching task, where the networks need to produce 2D sigmoidal velocity profiles based on
the target and the go signal input given (see Methods for details). Once trained, we test their
ability to adapt to task perturbations using the visuo-motor rotation (VR) paradigm. Here,
we rotate the target positions by 30°around the centre axis, creating a mismatch between the
learned relationship between the input and the target. As previously shown in |[Feulner et al.
(2022)), the networks with feedback control show online adaptation to such a perturbation
during ongoing movement in the first trial (Figure ) With persistent perturbation, the
networks with feedback control show further improvement in the task performance, where the

adapted network readout is independent of feedback control (Figure )

30
€ ~N
VAN e
v ,
x —————————————————
y ------- m
go L ___ . |
(a) before plasticity (b) after plasticity

Figure 3.1: Recurrent neural networks with feedback control feature rapid adaptation to
acute task perturbation and can learn the persistent task perturbation using a local
learning rule. A recurrent neural network with feedback control is first pre-trained on produce a
2D sigmoidal velocity profile based on a target and go cue input input, and then tested on a 30°
target rotation. (a) The pre-trained network adapts to the perturbation during the first trial with
feedback control (full-line). The dashed line denotes the same network without feedback control. (b)
The network further improves its performance during persistent perturbation with feedback-driven
local learning (Feulner et al., |2022)
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3.3.2 Feedback control approximates the true gradient w.r.t. net-

works activations during task perturbation

What happens during task perturbation in the networks with feedback control that allows
for such rapid adaptation? In Figure |3.2h, we show in networks with feedback control, the
feedback contribution to the overall network outout increases during perturbation (see w
for full analysis details). This suggests that the during task perturbation, the network activity
is increasingly by the feedback signal. The average magnitude of this drive is proportional to
the movement perturbation magnitude (Figure [3.2b), as the feedback drive is used to correct
the recurrent network activity during perturbed trials. To further understand the mechanism
behind this rapid movement correction, we investigate the alignment of the online feedback
signal W/%e!=! with the true first-order gradient w.r.t. the network activations. We show that
during predicted movement (between ¢ = 50 and ¢ = 100), the online feedback signal injected
into the ongoing network dynamics approximates well the optimal, global trial gradient (Figure
ﬂc) This adaptive behaviour is not typically observed in vanilla recurrent neural networks,
where any performance feedback is ““locked” i.e. not available to the network activity until
the end of the whole trial, and even then only indirectly so through an update in the network
weights. Thus, with feedack control, the feedback is ‘“‘unlocked” and corrects the network

activity in real-time.

3.3.3 Feedback control and local, feedback-driven learning enable

rapid network adaptation during persistent task perturbation

We next focus on network adaptation during persistent perturbation with feedback-driven plas-
ticity only in the recurrent layer. Here, plasticity is governed by the temporally and spatially
local learning rule that uses the learned feedback weights to project error from the readout layer
back to the recurrent layer (RFLO with control, i.e. RFLO+-c, see Section . Such plas-
ticity further improves the network performance during adaptation (Figure , Feulner et al.

(2022)). Thus, the network becomes independent of feedback control after a limited number of
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Figure 3.2: Feedback control modulates rapid adaptation during task perturbation through
approximate inference learning in the activity space. (a) Increasing task perturbations degree
(0 — 30 — 60) increases the relative feedback contribution to the network readout during a single
task trial, which included a complete reaching movement. start denotes the start of the movement,
and peak denotes the velocity peak. The shaded region denotes the standard error of the mean over
20 network seeds and all 8 targets. (b) The average magnitude of the feedback drive is proportional to
the movement perturbation magnitude. (c¢) The cosine similarity of the online feedback signal injected
into the ongoing network dynamics and the optimal, global trial gradient w.r.t. activations during a
single task trial. The shaded region denotes the standard error of the mean over 20 network seeds and
all 8 targets.
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trials. Suprisingly, using this simple local rule with minor perturbations, networks learning us-
ing local learning rules show a performance similar to those trained with online BPTT (Figure
3.3b), with (RFLO +c) or without (RFLO) feedback control. However, with larger perturba-
tions, networks trained using a local learning rule without feedback control show an increasing

performance gap compared to those trained with feedback control and BPTT (Figure )

3.3.4 Feedback control enables accurate recurrent weight adapta-

tion during task perturbation

What make online recurrent network adaptatation so hard in the first place, and how might
feedback control help to guide learning? To answer this question, we outline the computational
requirements of the true online gradient w.r.t. the network activations and the feedback-driven
local learning rule (Equation using the notation from Marschall et al. (2020). Using online
BPTT (Werbos| 1990), i.e. Real-Time Recurrent Learning (RTRL) (Williams and Zipser, |1989),

one can decompose the total loss £; w.r.t. parameters W using the chain rule as follows:



3.3. Results

93

10° === control ON ® RFLO+c
=== control OFF 10-11 RFLO
e BPTT
§ 10! § }
3 3 $
¢ $
1072 1074 ﬂ i t
0 100 200 300 400 30 40 50 60

# trials ° perturbation

(a) (b)

Figure 3.3: Feedback control aids local learning in the recurrent network layer. (a) Train loss
as a function of trial number during persistent perturbation with feedback-driven local learning. Grey
line denotes the tested performance of the same network without feedback control, showing that the
network relies less on feedback control with learning. The shaded regions denote the standard deviation
over 10 random network seeds. (b) The final performance (after 1000 trials) of recurrent networks
trained with feedback-driven local learning with (blue) or without (yellow) feedback control during
learning with varying degrees of persistent perturbation. The points in red denote the performance of
networks trained with online BPTT. Note that all the performances reported here are in the setting
without feedback control at test-time, irrespective of if feedback control was used during training. The
error bars denote the standard deviation over 10 random network seeds.

oL oL, 0
> oW =2 e oW (35)
— OW — da, OW
where g—ﬁz = ¢, is the credit assignment vector and g%{, = M, is the influence matrix (Marschall

et al.;[2020). Using RTRL, the credit assignment vector € is immediate as it is simply calculated
by backpropagating the immediate error €' through the derivative of the output function Fy,
ﬂ However, the influence matrix M requires the recursive computation of the past network

states using the network Jacobian Jy = da;/0a;_; (for details, see Marschall et al.| (2020))).

In this work, similar to previous work (Feulner et al., 2022; |Bellec et al., 2020; [Murray, 2019)),
M, is approximated with an eligibility trace B (see Equation . However, as shown in
(Marschall et al., 2020), such a severe approximation of the Jacobian can fail to capture the
true temporal dependencies, instead biasing the learning trajectory towards capturing only

short-term dependencies present in the neural activity at the point of learning. Depending

on the task and the recurrent matrix structure, this can lead to the capturing of spurious

Tn this work, & is approximated with a pre-learned feedback matrix w/ b, which through pre-training
approximately aligns with the transpose of W°.
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correlations and a significant generalization gap (Liu et al., [2022). However, in networks with
feedback control during task perturbation, the network activities are increasingly driven by
the feedback signal (Figure ), and thus less so by their past, recurrent state. We can
quantify this further by calculating the norm of the Jacobian of the current network hidden
activity w.r.t. past hidden activity with and without feedback control during task perturbation,
which gives us an indication of current’s networks sensitivity to its past activity vs the present,
immediate feedback error. This is shown in Figure [3.4h, where we see that there is a drop in
sensitivity to the past activity in the networks with feedback control during increasing task
perturbation. Thus, as the network relies less on the past and more on the present, and is
therefore “decoupled”, we expect the Jacobian approximation in the eligibility trace to be more

accurate.
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Figure 3.4: Feedback increases the accuracy of local learning. (a) The norm of the Jacobians
of the network activities at time ¢ w.r.t. to activities at a previous timestep during a single trial.
The shaded regions denote the standard deviation over 10 random network seeds. (b) The mean
local alignment of the feedback-driven local learning rule with the true local gradient during task
adaptation. The error bars denote the standard deviation over 10 seeds. The error bars denote the
standard deviation over 10 random network seeds. (c) The mean global alignment of the feedback-
driven local learning rule with the true global gradient during task adaptation. The error bars denote
the standard deviation over 10 random network seeds.

We empirically validate this hypothesis by comparing the gradients of the local learning rule
with that of online BPTT during task adaptation, with and without feedback control. Note that
we calculate both the local, i.e. at each learning step, and global, i.e. after all the learning steps,
gradient alignments. We show that while there is only a minor difference in the local gradient

alignements, this compounds at the global level, where the local learning rule in the networks
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with feedback control aligns better with the true, global gradient than without feedback control
(Figure [3.4p-c). This may explain the better performance of the networks with feedback control

during task adaptation (Figure ), as the local learning rule is more accurate.

3.3.5 Feedback control enables efficient recurrent weight adaptation

during task perturbation

To further understand the impact of feedback control on weight-based learning, we next focus on
the relative magnitude of weight updates during task adaptation. Specifically, for each learning
episode consisting of a limited number of trials, we can calculate the magnitude of final, global
weight update ||AW giopar||, as well as the total combined magnitude of the online, local weight
updates > [|AW ,ca]|- The ratio of the two quantities allows us to quantify the efficiency of the
online weight updates during task adaptation. For instance, the less erratic the online weights
updates are, the more efficient the learning trajectory, and our calculated ratio will be closer
to 1. Despite the relatively minor difference in local gradient accuracy (Figure ), we show
that our pre-defined “efficiency ratio” is significantly different between the network with and
without feedback control during learning, at all tested perturbation magnitudes (Figure )
Thus, with feedback control, online weight updates are more efficient and less sensitive to the

noise inherent to online learning using pseudo-gradients.

What could be the mechanism behind this marked increase in efficiency of the online weights
updates with feedback control? In our networks, the feedback-controlled network activities
are more constrained during task perturbation, where the network is initially more driven
by the feedback signal that approximately aligns with their first-order gradient (see Figure
), irrespective of any weight based learning. This can be seen as a form of local adaptive
inference in the activity space, or “prospective configuration” (Song et al., [2022), that can
guide subsequent update steps in the weight space. Furthermore, the efficiency of learning
is often linked to the network’s sensitivity to its higher-order gradients, which equips it with
better navigation of pathological curvatures in the objective function (Martens et al., 2010]).

To assess this in our networks, we calculate the alignment of the online feedback control signal
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2nd grder

injected into the network dynamics with the exact gradient used in the canonical
optimization scheme, Newton’s method. Here, the gradient is defined as (H — «vI)"'g, where
H is the Hessian w.r.t. the network activations and ~y is some small constant that re-conditions
it. We show that during peaks of movement error, the feedback control signal injected into
the ongoing network dynamics is also sensitive to their 2"¢ order gradient (Figur). Thus,
feedback control also implicitly injects adaptive, second-order gradient information into the
network dynamics, which may explain the magnitude of the increased efficiency observed in

online weight updates during task adaptation.
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Figure 3.5: Feedback increases the efficiency of local learning. (a) The mean norm or efficiency
ratio of the total, global weight update with that of the online, local weight update during task adap-
tation at various perturbation degrees. The error bars denote the standard deviation over 10 random
network seeds. (b) The cosine similarity between the online feedback control signal injected into the
ongoing network dynamics and the second-order gradient (calculated using the Newton method) w.r.t.
activations (blue) during a single trial. The grey line denotes the first-order gradient as in Figure .
The shaded region denotes the standard error of the mean over 10 network seeds and all 8 targets.

3.4 Discussion

Summary. Although feedback connections are known to influence forward network activity
in biological networks, the interaction of such feedback-driven activity for control with weight-
based learning is less well understood. In this work, we investigated the mechanistic properties
of recurrent neural networks trained with online feedback control and tested on task perturba-
tion, which can also be seen as task modification, originally proposed in (Feulner et al., [2022).
We show that the online adaptation of such networks during task perturbations is due to (1)

the increased feedback drive of the network and (2) the approximate alignment of the feedback
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signal with the true first and second-order gradient w.r.t. the network activations. Further-
more, we show that the consequence of such control is that the temporally and spatially local

weight updates during task adaptation are both more accurate, robust and efficient.

Feedback control and learning. Our results are in line with recent theoretical work show-
ing that injecting control signals into network activity may aid local, biologically plausible
learning in systems at equilibrium (Meulemans et al.| 2022b). Here, we build on this work
by showing that such strict equilibrium conditions can be relaxed in the presence of learned
online feedback control during an ongoing network trial. Moreover, we show that the feedback
control integration in the activity space also implicitly injects adaptive, second-order gradient
information into the network dynamics, which may explain the magnitude of the increased effi-
ciency observed in online weight updates during task adaptation. This is also in line with recent
theoretical work (Innocenti et al) 2023) linking (predictive-coding) network inference with the
second-order, trust region optimization methods (Conn et al., 2000; Dauphin et al.| 2014} [Yuan),
2015). Here, unlike in standard line-search methods, a “safe” region in the loss landscape is first
determined, before the actual weight updates within this region are calculated and applied. As
in Innocenti et al.| (2023)), we show that in our networks this “safe” region could be implicitly
calculated through adaptive, feedback-driven inference in the activity space. Importantly, in
our networks this is done without an additional relaxation phase nor any explicit, second-order
gradient calculation, and thus without the additional, often prohibitive, computational cost
associated with such methods compared to a standard forward and backward network pass in

BPTT.

Limitations & future work. In this work, we demonstrate the benefits of feedback control
on a simple, biologically relevant task in single layer RNN. Further work is needed to investigate
the generality of our findings to a wider range of tasks and network architectures. Moreover,
we remain agnostic to the exact biological implementation of the feedback signal, and how it
could be implemented in the brain (probably via cerebellum, see Pemberton et al. (2022)).

Finally, the feedback form used in this work is a simple, linear projection of the signed error
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signal back to the network, and we anticipate that this may not hold in many brain regions.
We believe it would be interesting both for computational neuroscience and machine learning
to investigate the impact of less explicit feedback mechanism. Thus, extending our results to

learning conditions with increased generality is an important direction for future work.

3.5 Impact statement

This paper presents work whose goal is to advance our understanding of fundamental principles
of biological motor control. We recognize that this could have far-reaching implications in
the future, particularly in the fields of robotics and prosthetics. Beyond these applications,
this research may also enhance our understanding of motor disorders, potentially leading to
improved rehabilitation strategies. Careful ethical considerations throughout our research are
vital to proactively navigate the benefits and potential challenges these advancements may

introduce to society.

3.6 Appendix

3.6.1 Detailed Methods: Task

To create a synthetic instructed delay centre-out reaching task as experimentally performed in
monkeys (Perich et al. 2018), we set both the trajectory start (p*** € R?) and end point
(p® € R?) by randomly sampling each coordinate independently from a uniform distribution
U(—6,6) and interpolate the corresponding velocity trajectories [v,, v,] with a sigmoid function

parametrized by k = 10/s (Equation (3.6)).

1

)= 1 + exp (—tk)
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This creates natural, bell-shaped reaching velocity profiles. Fach trial lasts ~ 1.25 s (125
steps) and features a (fixed) instructed delay period t9° of 0.2 s, included in the network as a
Heaviside step function that is non-zero during the delay period. Thus, the input and output
task dimensionalities are 3 and 2 respectively. The radius of the circle for the center-out-reach

sub-task used in visualisations is set to 5 cm.

3.6.2 Detailed Methods: Network

Here, we use recurrent neural networks with 400 hidden units. The weights (W™, wh' we, w/ b)
and biases (b",b°) of the networks are initialized, following the strategy from He et al.| (2015),
from a uniform distribution U(—1/v/1,1/+/1) where [ is either the number of layer parameters
(for Wir Wh W/ b*) or the dimensionality of the output (for W°, b°). The hidden network

activity z is integrated using Equation 1, with d¢ = 10 ms and 7 = 50 ms.

3.6.3 Detailed Methods: Pretraining

We initially train the networks using the Adam optimizer (Kingma and Ba, 2014) with learning
rate 71 = 0.001(8; = 0.9,5> = 0.999), batch size of 256 and L2 regularization for network
parameters (3 = le™3) and activations (7 = 2¢72). The total norm of the gradients is clipped
to 0.2. Here, we eliminate the separate parameter training phases used in [Feulner et al.| (2022)
and keep all network parameters plastic throughout the initial training. We also perturb the
network output during the entire pretraining stage by adding brief (0.1 s) velocity pulses with

an amplitude of 10 cm/s at various movement periods in 25% of the trials.

3.6.4 Detailed Methods: Fine-tuning

During online adaptation to perturbation, we use the learning rate 7, = le™5.
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3.6.5 Detailed Methods: Computational requirements

We ran all our experiments using NVIDIA GeForce GPUs (RTX 2080 Ti).

3.6.6 Key differences from Feulner et al. (2022)

e Task Simplification: We simplify the task by fixing the go signal timing, facilitating a

clearer analysis of within-trial adaptation mechanisms.

e Curriculum Streamlining: We use a single-phase training curriculum instead of the

three-phase approach, again focusing on the core mechanisms of interest.

e Pre-training batch size increase: We use a larger batch size than in [Feulner et al.

(2022) (20 vs 246), for faster convergence of networks with and without feedback.

e Online feedback: We provide truly online feedback, removing the biologically-motivated

feedback delay used in [Feulner et al.| (2022).

e Shorter Individual Trials: We shorten the individual trial lengths (300 to 125) to
improve the distribution of target values - in |Feulner et al| (2022)), most of the target

values are set to 0 due to the steepness of the velocity sigmoid.

e Local Learning Rule: We improve the biological plausibility of the learning rule by
making it fully online (instead of accumulated) with a continuous eligibility trace (see
Equation . We also add ¢'(a;) to the eligibility trace, which makes it equivalent to

that of RFLO learning (Murray, 2019) and increases its stability with larger perturbations

(see Figure [3.6 and [3.7).

3.6.7 Detailed Methods: Analysis details

To quantify the percentage readout contribution of the immediate feedback control signal in

Figure [3.2h, we revisit Equations and that govern the network hidden and readout
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dynamics, respectively. Combining the two into a single equation, we get:
ve =Y Wga;+ b (3.7)
J
= Weo(hy) + 1 (38)
J

o dt in h fb h 0
= E ij¢7 (—hj + E Wiitsi + E Wiio(hi) + E Wslei +b) | + by (3.9)
J 7 1 1

Then, the percentage of the immediate feedback control signal % contribution to the network

output is easily calculated as:

dt 100
percentage feedback contribution = Z [hy > 0] Wi | — Z VVj];bei X =72— (3.10)
; T = Zj ijaj

Note that for Figure [3.2a we report an average value over k.
g=—>
7" |
|
&

(c) 50° (d) 60°

Figure 3.6: Performance of networks trained using the local rule from [Feulner et al| (2022) with
increasing degrees of perturbation.

Figure 3.7: Performance of networks trained using RFLO learning from (2019) with increasing
degrees of perturbation.



Chapter 4

Meta learning feedback plasticity rules

This chapter delves into the mechanisms of learning biologically plausible learning in cortical
multi-layer networks. Specifically, it addresses the "weight transport” problem by exploring the
space of local and effective feedback learning rules using meta-learning and a flexible student-
teacher distillation task. It demonstrates that meta learning using gradient descent can be
successfully applied to learning the feedback plasticity rules, as well as the feedback pathway

architecture.

To be consistent with previous literature, in this chapter the network notation from Ngkland
(2016)) is used. Specifically, network hidden activity before the non-linearity is denoted by a

and after non-linearity as h. Note that this is in contrast with Chapter

A version of this work was presented at Cosyne 2022 and is currently unpublished.

Kaleb and Clopath (2022). Meta-learning biologically plausible feedback learning rules.
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Meta-learning biologically plausible feedback learning

rules

Klara Kaleb!, Claudia Clopath!

Tmperial College London, Department of Bioengineering, London, UK

Abstract

Learning in cortical multi-layer networks is thought to occur through spatially and temporally
local synaptic plasticity aided by ubiquitous feedback connections from upper layers. However,
the known biologically plausible learning rules for such networks have yet to reach the high
performance of machine learning algorithms, such as backpropagation, on complex tasks that
the brain can solve. It has been shown that one of the major obstacles to backpropagation-
like algorithm implementation in the brain, the weight transport problem, can be overcome
with initially random feedback connections undergoing local synaptic plasticity. Nevertheless,
the performance gap remains. Here, we use the meta-learning framework to further explore
the space of effective biologically plausible feedback learning rules. More precisely, we meta-
learn a parametric function defining the learning rule using gradient descent on a task defined
using the flexible student-teacher setup. Moreover, we meta-learn both the feedback learning
terms and the architecture of the feedback pathways itself. We show that our meta-learned
architecture and learning rule robustly close the gap between backpropagation and biologically
plausible learning by aligning the pseudo-gradients to the true gradients after a limited number
of learning steps. Furthermore, we show that the solutions found by our learning rule are nearer
the initial network parametrization than those found by feedback alignment, which suggests
that the meta-learned learning rule is learning more efficiently. In summary, we show that meta-
learning of learning rules can also be applied to the plasticity of feedback network connections

and provide insights into how multi-layer learning may operate in the brain.
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4.1 Introduction

The remarkable success of deep learning using backpropagation (Rumelhart et al. [1986)) in
artificial networks has raised the question of whether the brain employs similar learning mech-
anisms. However, biological systems like the brain operate under constraints that challenge
the direct applicability of backpropagation. Backpropagation’s biological implausibility stems
from several critical discrepancies with the known workings of the brain (Crick, [1989; |Mazzoni
et al., (1991} |O'Reilly, [1996; Chinta and Tweed, 2012; |Bengio et al., [2015} Lillicrap et al., 2020]).
These include the separation of error gradients from neuronal activations, differences between
forward and backward pass computations, and most notably, the weight transport problem
(Grossberg, |1987). The weight transport problem arises from the requirement of symmetric
weights for feedforward and feedback connections, a condition not found in the brain. This
fundamental mismatch has led to the exploration of alternative, biologically plausible learning

mechanisms that can better align with the complexity of neural circuitry.

Several solutions have been proposed to address the weight transport problem in the brain.
Notably, it has been demonstrated that learning can occur with an independent set of randomly
initialized feedback weights that connect each subsequent network layer (Lillicrap et al., 2016) or
provide direct connections from the network output layer to all hidden layers (Ngkland, 2016]).
Here, the plastic forward weights gradually align with the fixed random feedback weights,
enabling effective learning. However, such a learning approach may require network over-
parametrization for degeneracy breaking in the solution space (Refinetti et al., [2021), and may
struggle with small datasets and deep networks (Liao et al., 2016)). Furthermore, the learning
rules may require large batch sizes to work effectively (Liao et al., 2016|), which is not consistent
with the brain’s remarkable ability to learn fully online, i.e. with a batch size of 1 for a single

epoch (Goodfellow et al., 2016)).

Several studies have explored potential mechanisms that could enhance the alignment of the
feedback weights with the forward weights, and thus improve learning in more challenging
settings. These approaches include sign symmetry ([Liao et al., 2016)) and independent plasticity

mechanisms in the feedback weights (Akrout et al.| [2019; Kunin et al.,|2020; Kolen and Pollack,
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1994). Notably, Kolen and Pollack| (1994) showed that updating feedback weights using the
transpose of the forward weight learning rule, coupled with weight decay on both sets of weights,
leads to their convergence. More recently, such feedback learning approaches have been shown
to scale to complex tasks like ImageNet using large, residual neural networks (Akrout et al.|
2019; |Kunin et al., 2020). While such feedback-learning approaches have made significant
strides, their ability to match the brain’s online learning capabilities and robustness remains

an open question.

Beyond manual learning rule derivation, meta-learning i.e. learning to learn (Schmidhuber,
1987; Hinton and Plaut| [1987; |Bengio et al., [1990) offers an alternative approach to discov-
ering effective biologically plausible learning. Here, a learning rule is defined as a parametric
function, the meta-parameters of which are learned using an optimization algorithm of choice.
This approach has previously shown promise in discovering effective forward learning rules for
feedforward networks (Bengio et al., 1990, 2013; |Jordan et al. 2021; |Confavreux et al., [2020;
Shervani-Tabar and Rosenbauml, 2023; |Confavreux et al., 2024). However, whether meta-

learning can work on the complex problem of feedback plasticity has yet to be shown.

In this work, we explore the potential of meta-learning to discover effective and local feedback-
learning rules for multi-layer networks using a flexible knowledge distillation task. In addition
to meta-learning the learning rules, we also meta-learn the network feedback architecture. Our

main contributions are:

e The synthetic student-teacher knowledge distillation setup is a useful tool for varying

learning task complexity and thus revealing performance differences between different

learning algorithms |4.4.1].

e Meta-learning of feedback plasticity under biological constraints can successfully identify

a limited of learning rule parameters and the optimal feedback network architecture 4.4.2,

e The meta-learned rule aligns the pseudo-gradients within a limited number of learning

steps, improving the learning efficiency compared to direct feedback alignment 4.4.3]
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4.2 Background

4.2.1 Learning in Multi-layer Feedforward networks

To illustrate the biological difficulty with learning in a deep neural network, consider a network
with L layers. Let & € RY be the input vector, W, be the weight matrix at layer [, ¢ be
the activation function, and y be the output vector. The standard forward pass can then be

represented by the following equations:

hy £ x (4.1)
a; = Wh;_, NVI<I<L (4.2)
h; = ¢ (a)) NVI<I<L (4.3)
y=Wyh;_, (4.4)

In order to learn the weights of a neural network, we typically use backpropagation to compute
the gradients of the loss function £ with respect to each weight W,;. This process involves
calculating the error gradients for each layer and propagating them backward through the
network. Let’s define the error gradient at layer [ as d;, which is the gradient of the loss with

respect to the activations h; at layer (:

. L

P tad
"7 oh,

(4.5)

To propagate the error backward from layer [ to layer [ — 1, we need to compute §; 1, the
gradient of the loss with respect to the activations at layer [ — 1. This is done using the chain

rule:

9L L Ohy O
N 8”1,1_1 N 8hl 8al 8hl_1
—~ N —

P'a; W,

= (51 : qb/ (G,l) : Wl (47)

011
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Here, ¢'(a;) represents the derivative of the activation function, and W is the weight matrix

of the [-th layer.

In biological neural networks, there is no clear mechanism for ensuring that the weights used
for propagating errors backward are the same weights used in the forward pass (Lillicrap and
Santoro|, 2019). Feedback alignment (FA) (Lillicrap et al., [2016|) addresses this problem by
using a separate set of fixed random weights B; for error propagation to the hidden layers. In

this case, we substitute §; above with JF, defined as:

6 =B (¢ (a) © 6)) (4.8)

where B; € RV>Ni+1 We refer to this as reqular feedback alignment. In an alternative formula-
tion, the error is directly transported from the output layer L to each hidden layer [ (Ngkland,
2016). In this case, we define &, as:

61121 = DlGL (49)

where D; € RVM*No  This is referred to as direct feedback alignment. Should the network
contain both types of feedback weight, we can easily define a parameter o that determines the

relative contributions to §; from B; and D as:

0= (1—0a)df + adft (4.10)

Moreover, both D and B may undergo plasticity themselves, and thus aid learning in the

forward weights W (Akrout et al., 2019; Kunin et al., 2020; |[Kolen and Pollack, |1994).
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4.2.2 Meta-Learning of Biologically Plausible Learning Rules

Meta-learning is a subfield of machine learning that focuses on learning to learn (Schmidhu-
ber| 1987; Hinton and Plaut, |1987; Bengio et al.l [1990)). Here, we focus on gradient based
meta-learning. There are multiple flavours of gradient-based meta-learning, such as learning
initialization, exemplified by MAML (Model-Agnostic Meta-Learning) (Finn et al., 2017} |Lind-
sey and Litwin-Kumar} 2020), and learning optimizers, such as in (Andrychowicz et al., 2016}
Metz et al., 2019, 2022 Shervani-Tabar and Rosenbaum) 2023). Our approach rests in the
latter category, where we learn the feedback learning rule itself [[| Here, we apply candidate
learning rules to a learning task, evaluate their performance, and update the learning rules

accordingly.

Meta-learning typically consists of an inner loop and an outer loop. In the inner loop, the
learning rule is applied to update the network parameters over a number of learning steps. In
the outer loop, the meta-parameters of the learning rule are updated based on the performance

of the network on a validation set.

Mathematical Formulation of Meta-Learning

In meta-learning, the goal is to optimize a learning algorithm such that it performs well on
a variety of tasks. Let’s denote a learning rule as fy. The learning rule is applied within an
inner loop on a training dataset Dyyq;n = {23, yi}ogi <N.> resulting in an update of the network
parameters B and D, starting with some initial parameters B(Y) and D, randomly initialised

at the start of each inner loop. Formally, we can express this as:

B ~ p, (4.11)
B  BO _ ne - f (xiuyi7B(i);0g)> V0 < i< Ns (4.12)
DOy, (4.13)
DD« DO ¥ (m yi, D% 95?) V0 <i < Ny (4.14)

'Note that we assume the forward weights are learning using and/or
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where np and np are the learning rates. The performance of the learning rule is evaluated on

a validation set D,,;, and the meta-objective is to minimize this validation loss:

Emeta(0> - ’C(B(NS)7 D(NS)7 Dval) (415)

To update 8, we use a gradient-based method:

00 0 — et - VoLmera(0Y) (4.16)
00 0 — et - VoLomera(0Y) (4.17)

where 7),,¢10 18 meta-learning learning rate.

4.3 Methods

4.3.1 The learning task

In this work, we design a synthetic regression task using the flexible student-teacher framework
(Gardner and Derridal, [1989; |Seung et al., 1992} |Zdeborova and Krzakala, 2016) on a knowledge
distillation task (Hinton et al., [2015). Here, a randomly initialized and fixed teacher network
defines the target function for another, plastic student network to learn. The output of the

teacher network, denoted as y;, is given by:

yr = fr(z; Wr) (4.18)

where fr represents the teacher network function, @ represents the input data and W are the
fixed weights of the teacher network. The student network aims to learn the mapping defined

by the teacher network. The output of the student network, denoted as yg, is given by:

Ys = fs(x; W) (4.19)
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where fg represents the student network function, and W g are the plastic weights of the student
network. The objective is to minimize the difference between the outputs of the teacher and

student networks. We define the loss function as the mean squared error (MSE) between Y 1

and Yg: .
LOWs) = 7 Y (frlas W) = fslai W), (4.20

where dyy; is the number of output dimensions.

By keeping the teacher network depth fixed but varying the width, we can systematically
modulate the task complexity for the student to learn from the teacher, as shown empirically

in Figure [4.Th. Note that some care must be taken with this synthetic task design approach,

as discussed in Appendix

In this work, we focus on the underparametrized regime where the student network cannot
simply memorize the teacher network. The teacher network has 4 layers of width 1024, and the
student network has 3 layers of width 64. Both networks have 100 input and output units, and

all their weights are initialized with Xavier normal initialization (Glorot and Bengio, 2010)):

gain - 2
i~ _ 4.21
Wi N (O7 din + dout) ( )

where gain = 1.5, and d;;, (dyy) is the layer input (output) dimension. Both networks use the

tanh activation function, and the input data is randomly sampled from a uniform distribution.

4.3.2 The learning rule formulation

In this work, we aim to discover effective local learning rules for the feedback weights of the
student network. We constrain feedback plasticity to depend only on the local parameters of
the layer, i.e., the feedback weight itself (B; or D;), as well as the activations a and error
€ at the current and previous layers (I,{ — 1). We define the feedback learning rule as f(#),

which is a linear combination of the local learning rule terms f; weighted by a set of learned
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meta-parameters 6 shared across layers:

N
= Z 91 . fz where fz € {fl, fg, ey fN} (422)
=0

Precisely, if N; represents the number of units on layer [, then the feedback weights B €

RN*Ni-1 - the activations a; € R™, and the error €, € RM are used to construct the f; €

RN>Ni-1 " For the individual learning rule terms, we consider the following:

fo=aie]_, fr=B6 (ma]_ ;) ® (e€]_,)

fi=eaa, fs=aia]_

fo = €€, =B, ® (1ya] ")

fs= B, fio=Bi© (af1},,) (4.23)
fi=eall, | Ju=B©® (6 15, 1)

fs = (aa]_,) © (1ne ) fi2=Bi® (1ye€ ")

fo=Bi 0O (€al )

where © is the element-wise Hadamard product. Note that this is similar to the learning rule
term pool for the forward learning rule used in [Shervani-Tabar and Rosenbaum, (2023), with
the key differences being (1) the inclusion of the feedback weights instead of forward weights,
(2) the addition of a separate, purely Hebbian term fg, (3) strict locality constraint on the
Oja-like regularization terms (fg and fio) E|, and finally (4) the incorporation of additional
Oja-like regularization terms that include the error term e (fi; and fi2) (Ojaj, [1982). It is
important to keep in mind that, for feedback weights, the pre-synaptic and post-synaptic roles
are implicitly reversed as they transport error signals backward through the network. Note
that the learning rule formulation for D; is the same, with D replacing B and the pre- and

post-synaptic quantities updated accordingly.

%i.e. each synaptic weight update only depends on its local pre-synaptic and post-synaptic quantities, and

not on any more global network signals such as a;a]
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4.3.3 Meta-learning setup

Our meta-learning setup consists of a stereotypical inner and outer loop as defined in [4.2.2]
In the inner loop, we apply the learning rule to the network feedback weights for a number of
learning steps (N = 300) with a fixed learning rate ng = np = 1.0 . The networks are initialized
with both regular and direct feedback weights. Their relative contributions to backward error
propagation and thus feedback pathway architecture is determined by an additional meta-
learned parameter «, as defined in m The parameter « is restricted to the [0, 1] value range
by a sigmoid function, and initialized at 0.0. The two sets of feedback weights B and D have a
separate learning rule formulation that is shared across all network layers. Thus, we meta-learn
2 x 13+ 1 = 27 parameters in total. The student networks learn fully online, i.e., one example

at a time for a single epoch, and all weights are updated after each example presentation.

In the outer loop, we calculate the meta-gradient on a held-out validation loss L, with respect
to each meta-parameter and update them accordingly using the ADAM gradient descent opti-
mizer (Kingma and Baj, 2014). We include an additional L1 regularization term weighted by ~
over all 6 to encourage sparse learning rule formulations. This process is repeated for a given
number of outer meta-iterations, each featuring a shuffled order of data presentation and a
random network initialization. Note that within each inner loop we train 2 randomly initialised

student networks independently on 2 different tasks, and ensemble the meta-gradients.

4.4 Results

4.4.1 Underparametrized student-teacher setup reveals a performance

gap between backpropagation and feedback alignment

To assess reliable credit assignment across deep network layers, a non-linear task is required
that demands error propagation to deeper layers beyond just the readout layer plasticity. The

task should be complex enough to differentiate learning rule performance, yet computationally
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tractable within the meta-learning framework. First, the performance of student networks
trained with different learning rules is evaluated on teacher networks of varying widths. The
results show that student networks trained with backpropagation (BP) outperform those trained
with feedback alignment (FA) across all teacher network sizes, as shown in Figure . Notably,
the performance gap between BP and FA increases with the teacher network size, indicating
that FA struggles with increased task complexity. Additionally, the performance of student
networks trained with direct feedback alignment (dFA) and the delta rule (DR), where only the
readout layer is plastic, is compared to those trained with BP and FA. The findings reveal that
dFA outperforms FA on all teacher network sizes but still lags behind BP, while DR performs
the worst. This highlights the importance of error propagation to hidden layers for effective
learning in non-linear tasks. Figure [4.1pb illustrates the dynamics of the student network test
loss as a function of the number of presented examples for a teacher network with 1024 hidden

units, showing that the values reported in Figure are at convergence.

Z/T =) ys s« 1.0
0.4
. s 0.8
= * R
teacher tudent wn 03 i n 06l
network network = s | = =
——
o2, . .4
[ 4
|
xzzd } 0lls § + m FA 0-21
BP dFA
input ’ = = 0.0
© KN F B o D X O &L
N5 N RN & » O
teacher width #Hexamples

(a) (b)

Figure 4.1: A simple student-teacher setup reveals a performance gap between backprop-
agation and feedback alignment. A feedforward student network is trained to approximate the
output generated by a randomly initialised and fixed teacher network. Both networks receive the
same i.i.d. input. (a) Test loss of a (3 hidden layer) student networks as a function of (4 hidden layer)
teacher network width. The student networks have 64 hidden units per layer and are trained with
either backpropagation (BP), feedback alignment (FA), direct feedback alignment (dFA) or delta rule
(DR). With DR, only the readout layer is plastic, and no error propagation occurs to the deeper layers.
Here, the error bars denote the standard deviation over 4 randomly initialized student and teacher
networks. (b) Test loss of the same student network as a function of number of presented examples.
Here, the learning task is a teacher network with a width of 1024 hidden units.
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4.4.2 Meta-learning identifies a limited set of learning rule param-

eters for the direct feedback weights

The meta-learning framework is then applied to discover effective feedback learning rules for
the student networks. Specifically, two sets of parameters are meta-learned: the learning rule
parameters for the regular feedback weights and the direct feedback weights. Additionally, the
proportion of the error coming from the regular feedback connections versus direct feedback

connections, denoted as «, is also learned.

The « parameter converges to 0 (Figure 4.3b), indicating that the regular feedback weights are
not used at all, making the initial learning rule equivalent to that of direct feedback alignment
(dFA). Consequently, the feedback learning rule terms for regular feedback connections all
converge to 0 (Figure ) However, a set of direct feedback learning rule terms converges
to non-zero values, as shown in Figure [£.3d. This robust effect is observed across different

random initializations. The terms selected are the following: (+)gal ((f1), (—)aia] ;(fs) and

(+)B © (1v€ ") (flz)-

0.56 0.5
s 0.54 04
o~
Q 0.3
£ 052 o
Q 0.2
0.50 0.1
0.0
Q o N o Q Q o N
S o o N Q N
> & 9 NN
# meta iterations # meta iterations #meta iterations F#meta iterations

(a) (b) () (d)

Figure 4.2: Meta-learning identifies a limited set of learning rule parameters for the direct
feedback weights. (a) Meta loss as a function of meta iterations. (b) Parameter «, which denotes
the proportion of the error coming from regular feedback connections, as a function of meta iterations.
(c) Regular feeback weight parameters as a function of meta iterations. (d) Direct feedback weight
parameters as a function of meta iterations.

3Note that these terms represent the gradients, so the update direction is against them.
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4.4.3 Meta-learned learning rule closes the performance gap be-
tween backpropagation and direct feedback alignment and aligns

the pseudo-gradients with a limited number of examples

By plugging the meta-learned learning rule into the student networks, we show that the perfor-
mance gap between backpropagation (BP) and direct feedback alignment (dFA) is significantly
reduced, as shown in Figure [£.3ph. Moreover, our meta-learned rule avoids a common pathology
in meta-learning, namely that of myopia, where the meta-learned optimizers fail to generalize
beyond the constrained inner-loop learning window (Wu et al., [2018; |Metz et al., |2019), as it

generalizes beyond the 300-example window seen during meta-learning.

Furthermore, the pseudo gradients of the student networks obtain using the plastic direct
feedback weights rapidly align with the true gradients with a limited number of examples, as
shown in Figure [£.3p. This rapid alignment suggests that the meta-learned rule effectively
approximates the optimal learning dynamics, enhancing the efficiency of the learning process.
Additionally, the solutions found using the meta-learned rule are almost as efficient as those
found using BP in terms of proximity to the initial parameters across all layers, as depicted in
Figure [£.3k. In contrast, solutions for dFA diverge more significantly from the initial parame-

ters, indicating less efficient learning in terms of total parameter changes required.



116 Chapter 4. Meta learning feedback plasticity rules
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Figure 4.3: Meta-learned learning rule closes the performance gap between backpropa-
gation and direct feedback alignment and aligns the pseudo-gradients with a limited
number of examples. (a) Inner loss as a function of inner iterations for the meta-learned learn-
ing rule (meta, light blue), backpropagation (BP, dark blue) and direct feedback alignment( dFA,
orange). (b) Inner gradients as a function of inner iterations for the meta-learned learning rule and
direct feedback alignment. Color-coded as in (a). Shaded region indictes the standard deviation over
16 randomly initialized student networks and 2 teacher networks. (c¢) Per-layer 2-norm of final weight
updates for the different learning rules, color-coded as in (a).

4.5 Discussion

In this work, we apply the meta-learning framework to the weight transport problem. Here,
we meta-learn both the feedback weight learning rules and the feedback pathway architecture
under challenging yet tractable learning conditions. Specifically, we constrain the networks to

learn entirely online, utilizing only the information available locally at each synapse.

The feedback learning rule identified in this study is a combination of the terms related to

previously proposed learning rules known to improve alignment between the forward and the

feedback weights (Akrout et al., [2019; |Kolen and Pollackl 1994; Kunin et al. [2020). For

example, |Akrout et al| (2019) have shown that a Hebbian term like our fs coupled with a

weight decay acting on a random feedback matrix B can effectively transpose the forward

weight W. The need for alternative, scaled normalization was raised by [Kunin et al.| (2020)),

where an Oja-like (Ojal, [1982)) regularization was proposed. Our term weighted by 65 is similar,
with key differences being (1) the normalizing term contains the layer error (not the neuron
activity) and (2) we avoid any matrix multiplication, which would effectively require non-local

information per synapse. Thus, our learning rule can be seen as more biologically plausible.
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Finally, our term weighted by 6, is effectively a backpropagation term and mirrors the update
done in the forward weights. Such weight update mirroring has been proposed by (Kolen and

Pollack, |1994); however, here we show it also applies to direct feedback connections.

The flexibility of our framework allows for the incorporation of additional biological constraints,
such as different activation functions or sparse feedback and forward connections, both of which
have been shown to further hamper the efficacy of learning with a fixed random feedback
pathway (Launay et al., 2020; Refinetti et al., 2021)). Moreover, alternative formulations to
standard backpropagation (BP) have shown potential for learning with initial random feedback
weights (Shervani-Tabar and Rosenbaum, [2023), indicating further optimization opportunities

of the learning rules operating on the forward network layers.

One significant practical limitation we encountered was the hardware (GPU) memory capacity
required for our experiments. To overcome this challenge, engineering techniques such as shard-
ing, akin to those employed in large language models, could be utilized. To support further
research in this exciting area, we will publish our code as a flexible toolbox, making it accessible

to the community and fostering continued exploration and development.

4.6 Appendix

4.6.1 Teacher Network Architecture and Task Complexity

Choosing the optimal size of the teacher network is crucial, especially when aiming to be in the
under-parameterized regime where the student network cannot simply memorize the teacher

network. However, determining this optimal size is not straightforward, as we demonstrate.

Any continuous function can be approximated arbitrarily well with a sufficiently large neural
network (Funahashi, [1989). Therefore, we can consider the complexity of the teacher network in
the context of the function class capacity H (Belkin et al., 2019). Conventional wisdom suggests

that this capacity should largely be determined by the bias-variance trade-off, balancing data
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underfitting when H is low, and overfitting when H is high (Geman et al., [1992; Hastie et al.,
2009).

This balance can be explicitly controlled by the number of hidden units and layers in the teacher
network. With a small number of teacher parameters, H is low, and only simple functions of the
input data can be approximated, making the task too easy. Conversely, increasing the teacher
network size should increase H, thus enhancing the number of functions it can represent and

increasing task complexity. We demonstrate this relationship in Figure |2.55.

However, the relationship is not monotonic. To understand why this occurs, consider a single

output unit y in the last hidden layer [ of the network:

n

Y= Z(Wle : ai_l) (4.24)

=1

=1 are the activations of the previous layer, and W' are the weights connecting the

where a
two layers. We ignore the bias term for simplicity. Thus, the prediction is just a sample mean

of all the inputs a, weighted by W.

Given that our input is randomly sampled from a uniform distribution, and both our weight
initialization (Xavier normal (Glorot and Bengiol 2010))) and activation function (tanh) are
symmetric and zero-centered, the inductive bias of the network is low, and the expected value

of prediction g, i.e., E(y;), is 0. And as per the law of large numbers, y;, — E(y;) as n — oo.

. . . . . _ 2
Since in our networks there is no correlation between random variables, var(y;) = <. We

n
empirically show this in Figure [£.4db by measuring the variance of the y output at different
network capacities. Thus, choosing too large of a teacher network can be counter-effective, as
with increased network capacity, the effective expressivity of the randomly initialized teacher

network collapses, allowing for a trivial task solution by an under-parameterized student net-

work.
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Figure 4.4: Variance of the teacher network output as a function of hidden layer size. Note the
importance of the gain in weight initialization for the expressiveness of the network, as it pushes the
tanh activation function into the non-linear regime.



Chapter 5

Conclusion

5.1 Summary

This thesis explores three interconnected open problems related to learning in the brain from
various computational modelling perspectives. First, it investigates the functional implications
of a novel model of inhibitory plasticity for network homeostasis, utilizing spiking neural net-
work models inspired by the hippocampus and cortex. This modelling approach is bottom-up,
where the learning rule is designed, and its emergent properties are studied. The second part
of this thesis adopts a more top-down approach to address the problem of temporal credit as-
signment through reverse-engineering previously proposed biologically plausible mechanisms of
task adaptation in pre-trained recurrent networks inspired by the motor cortex. The third and
final part of this thesis takes an even more top-down modelling approach to tackle the prob-
lem of weight transport in spatial credit assignment, Here, instead of designing the learning
rule or the network architecture, a set of biological constraints is defined, and both the ar-
chitecture and learning rules are recovered by optimising the learning process itself. Together,
these approaches offer a comprehensive exploration of learning in the brain using computational

methods.

120
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5.2 Future Work

Network homeostasis. First, on the experimental side, although we list potential imple-
mentation mechanisms, an inhibitory learning rule like the one proposed in Chapter [2| (IDIP)
has yet to be experimentally verified. Thus, fully closing this experiments-theory-experiments
is still necessary. Second, on the computational side, it would be of interest to study IDIP in
conjunction with other homeostatic plasticity rules, as their interaction may enhance the com-
pensatory repertoire of networks and endow them with non-trivial emergent properties. For
example, weight normalization is known to accelerate training in artificial neural networks (Sal-
imans and Kingma,, 2016). What might be the effect on learning of other homeostatic strategies
inspired by those we observe in the brain? Any efficiency improvements in the training stage

may be especially useful under the recent trend of ever-growing, large models.

Feedback control. This thesis arrives at a time when there has been an explosion of papers
linking learning in the network activity space before learning in the weight space, with both
higher biological plausibility and more efficient learning (Alonso et al., [2022; Song et al., [2022;
Innocenti et al., 2023; Meulemans et al 2022b). The crux of these approaches has been their
poor scalability due to the need for a separate relaxation phase. However, as demonstrated in
Chapter (3], this relaxation phase may not be strictly necessary, opening the door for more prac-
tical applications of activity control before learning. Interestingly, the current state-of-the-art
models in machine learning, transformers (Vaswani et al., [2017)), attribute their generalization
strides to in-context learning, where no weight changes occur at all (Von Oswald et al., 2023]).
This could underscore the potential for biologically inspired activity control mechanisms to
further advance research efforts in both artificial and biological learning systems, leading to

more effective and efficient models.

Meta learning of synaptic plasticity rules. As shown in Chapter {4 and previous work
(Shervani-Tabar and Rosenbaum, 2023)), gradient-based meta-learning is a powerful approach

for discovering synaptic plasticity rules, but it currently scales very poorly due to the tremen-
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dous compute and memory costs, as well as algorithmic instability (Choe et al., 2024)). Solving
these issues will be of paramount importance for the extension of our framework. Moreover,
engineering solutions such as multi-GPU parallelism, currently employed to train state-of-the-
art large language models, could significantly enhance the scalability of meta-learning, enabling
the simultaneous discovery of both forward and backward weights in feedforward and recurrent

biologically plausible neural networks.

5.3 Conclusion

In conclusion, this thesis provides a multifaceted exploration of learning in the brain through
three distinct yet interconnected computational modelling approaches. By addressing inhibitory
plasticity, temporal credit assignment, and the weight transport problem, it underscores the
significance of advanced computational techniques and strong inductive biases in unraveling
the mechanisms of neural learning. Looking ahead, integrating these diverse approaches will

be essential for developing more effective and efficient models of learning in the brain.
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