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Abstract

What does serotonin do? Just as the diffuse axonal arbours of midbrain serotonin neurons
touch nearly every corner of the forebrain, so too is this ancient neuromodulator involved in
nearly every aspect of learning and behaviour. The role of serotonin in reward processing
has received increasing attention in recent years, but there is little agreement about how the
perplexing responses of serotonin neurons to emotionally salient stimuli should be interpreted,
and essentially nothing is known about how they arise. Here I approach these two aspects
of serotonergic function in reverse order. In the first part of this thesis, I construct an
experimentally-constrained spiking neural network model of the dorsal raphe nucleus (DRN),
the main source of forebrain serotonergic input, and characterize its signal processing features.
I show that potent spike-frequency adaptation deeply shapes DRN output while other aspects
of its physiology are relatively less important. Overall, this part of my work suggests that in
viwo serotonergic activity patterns arise from a temporal-derivative-like computation. But the
temporal derivative of what? In the second part, I consider the possibility that the DRN is
driven by an input that represents cumulative future reward, a quantity called state value in
reinforcement learning theory. The resulting model reproduces established tuning features of
serotonin neurons, including phasic activation by reward predicting cues and punishments,
reward-specific surprise tuning, and tonic modulation by reward and punishment context.
Because these features are the basis of many and varied existing serotonergic theories, these
results show that my theory, which I call value prediction, provides a unifying perspective on
serotonergic function. Finally, in an empirical test of the theory, I re-analyze data from an
in vivo trace conditioning experiment and find that value prediction accounts for the firing
rates of serotonin neurons to a precision <0.1 Hz, outperforming previous models by a large
margin. Here I establish serotonin as a new neural substrate of prediction and reward, a

significant step towards understanding the role of serotonin signalling in the brain.
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Chapter 1

General introduction

Serotonin is an enigma. It is at once
implicated in virtually everything, but
responsible for nothing.

Jacobs & Fornal, 1995
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1.1 Serotonin

Serotonin has aged well. The evolutionary origin of the synthesis of 5-hydroxytryptamine,
better known as serotonin, from the amino acid tryptophan predates the advent of animal life
itself [1, 2]. And yet, somehow, this ancient neurotransmitter plays a role in shaping conscious

experience that is as mysterious as it is powerful [3].

The clinical pharmacology of the serotonin system exemplifies this duality. Serotonin
receptor agonists induce profound subjective changes in thinking and perception in humans,
from long-lasting improvements in mood to visual hallucinations [4], while serotonin receptor
antagonists are commonly used in the management of psychosis [5, 6]. Drugs that enhance
or prolong the action of endogenous serotonin by slowing its breakdown or causing it to
linger in the extracellular space have been used for decades to treat psychiatric conditions
from major depression to anxiety and obsessive-compulsive disorder [7-10]. At the same time,
whether or not serotonergic pathologies are actually the root cause of the despair and low
energy characteristic of depression, for example, is still hotly debated [11, 12]. In spite of the
prominent place serotonin occupies in medicine (and popular culture [13]), it is difficult to

say what exactly this ubiquitous neurotransmitter does in the brain.

To be sure, the serotonin system is very well understood in some important respects.
Anatomically, the vertebrate central serotonin system consists mainly of one midbrain region,
the dorsal raphe nucleus (DRN), the neurons of which make reciprocal connections with nearly
every part of the forebrain [14-19]. The post-synaptic effects of serotonin are mediated by a
700 of serotonin receptors which can be divided into seven types and at least fourteen subtypes
[1]. Most of these are G-protein coupled receptors with inhibitory effects on target cells, with
the excitatory Gg-coupled 5-HT5 and ionotropic 5-HT3 receptors being important exceptions.
Serotonin neurons exhibit slow, pacemaker-like firing punctuated by activity that is tightly
time-locked to external stimuli in vivo [20-25]. In vitro, serotonin neurons are characterized

by unusually high membrane resistance and large and long-lasting after-hyperpolarization
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potentials (AHPs) [26, 27]. The activity levels of serotonin neurons are regulated not only
by potent AHPs, but also by feed-forward inhibition (FFI) from somatostatin-expressing
GABAergic interneurons [19, 28|, which are abundant in the lateral wings of the DRN [29, 30],
as well as by 5-HT, receptor-mediated recurrent inhibition [31, 32]. Anatomical evidence

suggests that these network-level sources of inhibition are roughly balanced [17].

Beyond these broad anatomical and electrophysiological features, the serotonin system is
difficult to characterize. There is a degree of variability in nearly every aspect of the biology
of serotonin neurons [33], including their anatomical connectivity [34-39], electrophysiological
features [27, 37, 40], developmental origin [41], and even co-release of other neurotransmitters
[42] (but this last point may be species-dependent [30]). Determining to what extent such

differences are functionally important is an exciting and active area of research (e.g., 38, 39]).

The behavioural picture is also muddy. Some of the earliest theories in this area proposed
that serotonin might be involved in behavioural inhibition [43] or, conversely, facilitation of
repetitive movements [3]. While there is evidence of serotonin’s involvement in regulating the
gain of motor commands in fish [44], and stress-induced changes in serotonin signalling affect
locomotion in Drosophila [45], activation of serotonin neurons does not affect rodent movement
in a consistent way [46]. Indeed, the effects of serotonergic manipulations on locomotion
in mice can be inhibitory or facilitatory depending on the duration of the manipulation
[47], similar to the duration-dependent effects of serotonin on the crayfish escape reflex [48].
Serotonergic drugs with antidepressant effects in humans have a clear behavioural signature
of promoting active escape in rodents [49, 50|, and one of the first applications of optogenetics
was to show that direct activation of DRN neurons has the same effect [51]. Confusingly,
however, there is a possibility that the same medications may decrease movement and increase
fatigue in humans [52, 53]. These messy but intriguing conceptual connections across different
branches of the tree of life hint that whatever serotonin does, it may be related to the most

primitive aspects of behaviour and cognition.
One of the best studied yet most puzzling aspects of serotonergic function is its involve-

3
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ment in reward processing. Optogenetic activation of serotonin neurons seems to promote
maintenance of reward-seeking behaviour in rodents [54-56], for example, while chemogenetic
inhibition reduces the rate at which depleted sources of reward are abandoned [25, 57]. The
apparently paradoxical nature of this effect — activation promotes persistence, inactivation
promotes perseveration — is maddeningly typical: serotonin neurons are activated by reward-
ing stimuli [58] but also by punishments [24, 39, 57], and they are more strongly activated
by rewards that are surprising [24, 57] but have no such preference for punishments [57].
These seemingly-contradictory observations have spawned a wide range of theories that are
equally difficult to reconcile. Over just the past decade or so, serotonin has been proposed
to encode current and expected future reward [59-62]; or current reward and punishment
24, 39]; or surprise [57]; or reward prediction and reward prediction error [63]; or uncertainty,

its opposite, and its rate of change [25]. “Puzzling” might be an understatement.

Existing ideas about serotonergic responses to rewards and punishments might seem
contradictory, but they are generally not. The main achievement of this work is to show
that previous observations and theories reflect different aspects of an adapting code for
cumulative future reward. I call this unifying theory value prediction, after the definition
of cumulative future reward as value in reinforcement learning [64] and after the role of
adaptation in predictive coding [65]. The ability of value prediction to explain such a wide
range of observations and ideas turns around the distinction between what the activity
patterns of serotonin neurons resemble — a menagerie of phasic and tonic responses to

rewards and punishments — and what they encode — value.

In the remainder of this introduction, I present the meaning of value in more depth
(Section 1.2), briefly argue why the serotonin system might encode value through activity
patterns that at first glance appear quite different from a value signal (Section 1.3), and
introduce the basics of the technical approach I will use to deduce the coding features of the
serotonin system (Section 1.4). Finally, I outline the main results that lead to my overall

conclusion: serotonin predictively encodes value through adaptation (Section 1.5).

4
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1.2 Reinforcement learning

An increasingly popular way to understand the function of the serotonin system is through
the lens of reinforcement learning (RL) (e.g., [25]), a theoretical framework with roots in
psychological theories of animal learning that is now widely used in engineering applications
to solve problems that involve multi-step decision making and online feedback. This section
gives a very brief overview of the intertwined history of RL and neuroscience followed by a
tutorial on the elements of RL theory relevant to this work. The main focus of this section is
to develop an intuitive understanding of the critical importance of value functions, and in

particular the state value function v, (s), in reward-based learning.

1.2.1 History

Of the three main divisions of machine learning, reinforcement learning (RL), which formalizes
the process of reward-based learning from experience, has particularly close ties to psychology
and neuroscience. (For a short history, see [66, 67].) The main ideas behind RL theory can be
traced back to some of the first psychological theories of animal learning, introduced in the
late XIX'™® and early XX centuries. Thorndike’s Law of Effect [68], for example, proposes
that animal actions that are followed by reward are more likely to be repeated, and Pavlov
described a stimulus that drives conditioning as a “reinforcer.”! The first major intersection
of RL and neuroscience occurred towards the end of the XX century, after George Tesauro
popularized temporal difference (TD) learning by using the eligibility trace-based TD(\)
algorithm to train an artificial neural network with fine-tuned inputs to play backgammon
at a professional level [69]. Within a few years, Schultz, Dayan, and Montague [70] brought
attention to a population of cells with activity patterns and reinforcing effects strikingly
similar to the reward prediction errors of TD learning: dopamine neurons. This seminal result

has deeply shaped the dopamine field, and today the RPE hypothesis is still the gold standard

LOr at least his English translator did.
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against which new theories are measured (see for example [71, 72]). Attempts to pin down
the function of other neuromodulators, notably including serotonin, in terms of RL theory

[73, 74] have not stood the test of time to the same extent [75, 76], at least so far.

Compared with supervised and unsupervised learning [77], the other two main divisions
of machine learning, RL is defined by its focus on learning through trial and error?. The
apparent simplicity and broad scope of this approach does not limit its power. Over the past
decade, RL has once again been ushered into the spotlight by impressive successes in training
artificial neural networks to play games [78-81]. However, unlike Tesauro’s TD-Gammon, the
best-performing artificial agents are now trained without hand-crafted, game-specific features
[82], or even knowledge of the rules [83]. Apparently, trial and error is enough to achieve
human or even superhuman performance in many tasks. (But not all. Games with a very large
set of possible actions such as StarCraft and Angry Birds remain out of reach for learning
strategies based only on trial and error [84, 85].) The pattern of models built on specialized
prior knowledge eventually being superseded by general models built on simple learning rules

occurs frequently enough that it has been called the bitter lesson of AI [86].

RL is an attractive place to look for a theory of serotonin because of its close conceptual
connection with reward-based learning, in which serotonin seems to play a role [25, 57, 87];
the intertwined history of RL, psychology, and neuroscience; and the impressive ability of

extremely simple reinforcement learning rules to find solutions to complex tasks.

2The distinction between RL and supervised learning can seem subtle. In RL, a reward signal is available
to guide or “supervise” learning, and modern supervised techniques often involve learning through stochastic
gradient descent, essentially a type of trial and error. In my view, the critical difference between the two is the
type of quantity available to guide learning. In supervised learning, the guiding quantity is the target output,
and learning involves minimizing the difference between the target and the actual output of some model. In
RL, the guiding quantity is the reward signal, which is not the target. The actual targets are the optimal
policy and corresponding value function, neither of which are known (at least until learning is complete). In
short, whereas supervised learning can occur via trial and error, reinforcement learning must use trial and
error because the target is not available.
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1.2.2 Tutorial

If serotonin participates in RL, what might its role be? To begin answering this question, we

must first establish some basic concepts from RL theory and why they are important.

Goal of reinforcement learning

The scope of RL theory is extremely broad, but its core elements are very simple [64]. RL
theory focuses on the interactions between an entity called an agent and its environment,
where the agent endowed with the ability to choose actions A that influence the state
S of the environment, and the environment provides feedback to the agent in the form
of rewards R, ~ Pr[R; | S;] and new states S;;1 ~ Pr[Si1 | Ai, Si]. The goals of RL
algorithms are to find a rule for choosing actions, referred to as a behavioural policy and
formally defined as a probability distribution over the actions available in a given state
m(a | s) = Pr[A; = a | S; = s], that maximizes the total future reward Ry 1+ Rypo+ Riig+---.
Since rare catastrophic events might make it impossible to collect rewards far in the future,
it is common to discount distant rewards at a rate that implicitly reflects the assumed level
of risk in the environment [88, 89]. Subject to this preference for immediate rewards, the RL

objective can be written as

St:S s (11)

o0
. A
7" = argmax E; pys,. (s, 4] [E V' Ryyiv1
s .
=0

where 7* is the reward-maximizing policy, arg max, f(z) denotes the value of x that maximizes
f(x), Epyx|v)[X | Y] denotes conditional expectation, 0 < <1 1is a discounting factor that
controls the relative weighting of immediate and distant rewards, and s is the current state.

To understand the meaning of the abstract elements of RL theory, consider the case of a
person playing a boardgame. In this example, the agent is the player, the environment is the
game itself, the actions A are the ways that the player can move the gamepieces, the states

S are the possible positions of pieces on the board, and the reward R might be a positive

7
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number if the player wins the game on the current turn, negative if the player loses, and zero
otherwise. The objective of the player is to win the game, ideally as quickly as possible. In
RL, this translates to the idea of maximizing reward by finding a policy for moving pieces

based on the current state of the board that wins the game in only a few turns.

Why maximizing reward is not trivial

The main challenge that RL theory aims to solve is that future rewards are very difficult
to work out in advance. In the boardgame example, it could be that the opposing player’s
moves are unpredictable. As a result, the board could look very different a few turns in the
future no matter what action the agent takes. In the face of this unpredictability, how can
the agent know whether a particular move in the current turn is better than another, let
alone which move is best? This example illustrates the general difficulty of finding a policy

that maximizes the long-run reward when future states and rewards are uncertain.

State-action value functions enable reward maximization

Fortunately, a critical theoretical result in RL, called the policy improvement theorem [90, 91},
states that it is possible to determine whether a given action in the current state is better
than another, even without direct knowledge of future rewards. This result can be shown in
terms of a hypothetical table that relates states and actions to total future reward called a ¢

value function. The ¢ value function, defined as

[e.9]

qﬁ(‘ga a) = EW,PY[SHﬂSt,At} [Z ’ViRt+i+1

1=0

St == S,At =al, (].2)

is exactly the same as the objective to be maximized from Eq. (1.1) except for its dependence
on the current action A; = a. (The subscript 7 in ¢, is used to indicate that actions beyond
A; are chosen according to the behavioural policy.) Assuming we have access to such a table,

it is possible to determine whether a given action a taken in the current state s is better
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than a different action b by simply looking up the rows corresponding to (s,a) and (s, b) and
comparing the values. By extension, it is possible to find the long-term reward-maximizing
policy 7* by always taking the action with the highest ¢ value.

The ¢ value function is a useful theoretical concept for comparing actions and finding
better policies, but it is not obvious how it addresses the problem of uncertain long-term
rewards. After all, the definition of ¢.(s,a) given in Eq. (1.2) includes an explicit sum
over rewards infinitely far in the future R;.1, Rii0, Rit3, ... The main insight of the policy
improvement theorem comes from the fact that the ¢ value can be broken down into two
parts: the immediate reward R;,; and all subsequent rewards Ry o, Ryi3, ... It turns out that
the second part is actually an average over the possible g values of the different actions that
can be taken in the very next state S;;1, so the g value function can be rewritten recursively

as

QW(SJ (I) - ETF,PY[St+1|St7At] [Rt-l-l + qu(st—i-la At+1) ’ St =3 At - CL] : (]'3)

Taking the interpretation of the ¢ value function as a table, the expression above means that
the value of taking a particular action in a given state is the reward delivered immediately after
taking the action plus an average of only a few other rows in the table. Counter-intuitively,
the fact that the ¢ value can be written in terms of itself means that it is possible to select
actions that maximize the total future reward without directly adding up rewards far in the

future>.

A simpler value function for neuroscience experiments

From a normative perspective, the ¢ value function introduced above plays a critical role
in finding the reward-maximizing policy 7*. However, many neuroscience experiments are

conducted in highly trained animals which have already settled on a policy* (e.g., [25]), or

3Tn this section, I have focused on the theoretical properties of the ¢ value function rather than how it
can be estimated from observed rewards in practice because the latter is not critical to my work. For an
introduction, refer to [64, 92].

4Hopefully a policy close to the optimal policy 7*, but not necessarily.
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else focus on tasks that do not involve selecting actions, such as classical conditioning (e.g.,
[58]). In these situations, it is possible to define a new type of value function that can be
interpreted as the average ¢ values of the actions taken under a fixed policy (as in overtrained
animals), or simply the total future reward independent of the action taken (as in classical
conditioning). Because this new value function only depends on the current state, it is called

the state value function
Ua(8) = Zqﬂ(s,a) (A =al| S =s)

Z ’YiRtﬂ'H

1=0

= Er pr[si 1150, Al

St:é’].

Like the ¢ value function, the state value function v depends on the behavioural policy 7

indicated by the subscript.

Importance of state value

The v value function is not just a particularly simple type of value function induced by the
design of neuroscience experiments. Because it represents the average ¢ value under a given
policy, the state value v, (S;11) can be used to replace ¢, (Si11, A;i11) in the recursive definition
of the ¢ value given in Eq. (1.3). This means that the future state value v,(S;;1) plays an
important role in dictating which action is best in a given state; in fact, when rewards are
sparse and/or discounting is low, the future state value can be the main determining factor.
The fact that the future state value v,(S;11) appears directly in the definition of the ¢ value
gives it an important normative role in action selection.

The role of the value of the current state v,(S; = s) is less clear-cut from a normative
perspective, but it often appears in useful strategies for learning the optimal policy 7*. For
example, policy gradient methods, which follow in the footsteps of Pavlov and Thorndike
by reinforcing the selected action in proportion to its g value [93], often use the value of

the current state v,(s) as an optional baseline to speed learning [94]. In principle, it is also
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possible to reinforce the past action A; ; in proportion to the current reward R; and state
value v, (s), since this is roughly equivalent to the ¢ value used by policy gradient methods
with a lag of one timestep. Finally, a mixture of the state value and its rate of change appear
in the RPEs of TD learning in various ways [70, 95, 96].

Depending on your perspective, the state value v represents either an average over the ¢
values of different immediately-available actions, or an expectation of total future reward. In
spite of its simple structure, state value is of enormous normative and practical importance
in RL. A neural system that encodes state value could play a central role in learning and

behaviour.

1.2.3 Terminology: value function vs. value signal

In principle, the state value function v can be used to evaluate any state under any policy.
However, in the section above we saw that the value of roughly the current state (strictly,
either the future state S;.; or the current state S; = s, but these are almost the same in real
time) under the current policy has special importance. To avoid confusion with the meaning
of value function as a time-independent abstract table or mapping, here I use the term value
signal to refer to a time-dependent quantity that represents the value of the current state

under the current policy over time vy, = v, (s;).

1.2.4 Summary

Value functions are fundamental to RL theory [64, 97]. By extension, they have a strong
normative connection to anything that involves learning to behave in a way that maximizes
some type of benefit. At the same time, the specific nature of the link between value and
behaviour is not obvious: while the policy improvement theorem is the foundation on which
many important RL methods are built, there are multiple strategies for finding value-increasing
policy adjustments that use value in different ways. In a sense, Jacobs & Fornal’s well-known

comment that serotonin is involved in everything but sufficient for nothing [3] could also

11
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apply to value. In the coming chapters, we will see that this similarity is not superficial.

1.3 Neural coding

In this work, I argue that the in vivo activity patterns of serotonin neurons encode a value
signal. However, whether or not serotonergic activity patterns represent such a signal and
whether or not they visually resemble one are not the same question [98]. Indeed, dynamic,
non-linear representations of even simple underlying quantities are the rule in neuroscience
rather than the exception: touch receptors respond to the onset and offset of sustained tactile
stimuli [99, 100]; retinal ganglion cells are activated by unexpected patterns of light [101], as
are neurons in visual cortex [102]; and high-level cortical representations of choice and reward
change over time [103-105], to name just a few examples. This section introduces some basic
principles of neural coding to develop an intuitive understanding of why the activity patterns

of serotonin neurons might be different from the quantity they represent.

1.3.1 Rate coding

What is an activity pattern in the first place? The basic unit of activity in the central
nervous system is the action potential, and because the shape of an action potential carries no
information, neurons are said to communicate exclusively via sequences of action potentials
called spiketrains [106]. The term “pattern” implies that there is some aspect or function of
a spiketrain, in other words a statistic, that is reliable. To understand how serotonin neurons
encode a value signal, then, is to understand how these cells convert a value into spiking
statistics.

Rate coding presents a particularly intuitive way of thinking about the relationship
between time-varying input and spiking statistics. According to this perspective, the intensity
of an input is encoded in the number of spikes emitted by a group of neurons over a period of

time, a non-negative quantity called the firing rate (Fig. 1.1A; [107]). This provides a simple
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Figure 1.1: Overview of rate coding. A A time-varying input is encoded in the number of spikes
emitted by a group of neurons over a short period of time, a quantity called the firing rate. B-D
Relationship between input strength and firing rate for ideal (B) and real (C) rate codes. Real rate
codes typically only resemble ideal rate codes within a narrow range of input intensities (D). E Rate
coding tradeoffs. F, G Gain modulation and adaptation resolve rate-coding tradeoffs by extending
dynamic range.

explanation of why, for example, stronger sensory stimuli evoke more rapid firing in and/or
recruit a greater number of peripheral nerve fibres [108, 109] and why higher population firing

rates in motor cortex produce faster movements [110].

Do serotonin neurons communicate a value signal using such a rate code? Probably not.
In the oversimplified picture of rate coding that I have presented, there is a fixed, linear
correspondence between the strength of an input and the number of spikes per unit time
(Fig. 1.1B). There are normative reasons to believe that such a simple and inefficient coding
scheme might not be used [111-113] as well as practical ones: Spiking is noisy for slowly-
varying inputs [114, 115], the fact that neurons cannot fire arbitrarily fast causes spike counts
to saturate for strong inputs [108, 116], and even for weak inputs the relationship between
input intensity and firing is highly nonlinear in many cell types (Fig. 1.1C; called type II
firing [117]). Static rate coding is therefore a conceptually-useful approximation that generally
only holds within a narrow range of spike counts, and, therefore, input intensities (Fig. 1.1D).
Because the upper limit of the spike count is set by the number of encoding neurons and

integration time, static rate coding suggests important tradeoffs between population size,
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temporal resolution, and dynamic range of the signal that can be encoded (Fig. 1.1E; e.g.
[118, 119]). Importantly, this tradeoff hints that for neural systems with particularly small
populations of slow-firing neurons, such as neuromodulatory systems, static rate coding might

only apply to a very narrow range of inputs indeed.

1.3.2 Dynamic encoding

One way to address the compromises involved in the static rate coding picture is to remove
the requirement that the relationship between input intensity and firing rate be fixed. By
varying the sensitivity of a neural population to its input over time, it is possible to maintain
spike counts within the range where the rate approximation holds (Fig. 1.1F).

The general idea of adjusting input sensitivity to optimize neural coding has many
variations which go by different names. Gain modulation implies a purely multiplicative
change in the sensitivity of a neural population [120], while normalization generally refers
to the level of gain modulation that maintains population-level spike counts within an
appropriate operating range [121]. Predictive coding involves removing the part of the input
that is expected®, leaving only a surprise-like signal with a lower dynamic range to drive
spiking [65, 123]. Spike frequency adaptation (Fig. 1.1G; [124]) removes the part of the input
that is correlated with past input, and can be seen as a specific type of predictive coding in

which the surprise-like signal is related to the rate of change of the input [125, 126].

1.3.3 Implications

Neural coding is a thorny issue. The rules according to which neural systems translate inputs
into spiking statistics are often messy and sometimes cryptic. Previous work on the serotonin

system has side-stepped this problem by implicitly invoking the static rate coding assumption,

5Predictive coding is a confusing term because it is used to refer to both coding schemes in which the
predicted part of the signal is removed as well as schemes in which a prediction is transmitted [122]. In the
former sense, predictive coding can be seen as a type of compression scheme, while the latter sense is more
connected to the prior or posterior in a Bayesian view of neural computation. To avoid confusion, here I use
predictive coding in only the surprise/compression/redundancy reduction sense.
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but a single quantity that directly matches the activity patterns of serotonin neurons has not
yet been found. Understanding in what respects the coding features of the serotonin system
do and do not agree with the idealized rate coding picture could shed considerable light on

its function.

1.4 Single neuron models

Bottom-up modelling is a useful technique for deducing the coding features of neural systems.
Given a set of models of the neurons in a particular system of interest, it is possible to
determine to what extent individual neurons and neural populations exhibit the static, linear
stimulus responses required by a rate code, or, conversely, whether features such as strong
spike-frequency adaptation or firing rate discontinuities that suggest other coding schemes
are present. For the bottom-up approach to succeed, it is imperative that the models of
individual neurons that form the bedrock of this approach are accurate. But accurate in what
sense? This section surveys three broad approaches to constructing single neuron models that
prioritize accuracy in different respects. Finally, I introduce a new technique that I began

developping during my M.Sc. that combines the strengths of previous methods.

1.4.1 Three types of accurate model

The first approach is to prioritize biophysical realism, leading to Hodgkin—Huxley-style models
that explicitly describe the interacting effects of multiple ionic currents on membrane voltage.
These models have produced deep insights into the mechanisms underlying action potential
generation [127, 128] and the contributions of dendritic processing to neural computation
[129-131]. At the same time, they are difficult to tune to match the spiking statistics of any
individual neuron [132-135], and their parameters can be difficult to interpret in terms of
functionally-meaningful phenomena such as firing rate discontinuities and adaptation.

A totally different approach is to construct a statistical model of the input-to-spiketrain
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mapping, abstracting away the biology in between. Instead of prioritizing biophysical realism,
this approach focuses on explicitly delineating which aspects of neural data can be explained
in terms of the input and which aspects can be considered noise [136, 137]. Statistical models
are typically much simpler to constrain than Hodgkin—Huxley style models (but see [138] for
a statistical approach to fitting HH models) and produce a clearer picture of the relationship
between input and spiking statistics, especially at the population level [139-142]. At the
same time, they do not provide any direct insight into the biophysical mechanisms that
mediate this relationship. They are also limited by design in terms of the types of input-
output relationships they can describe; models without some sort of dependence on the past
cannot capture adaptation, for example. Finally, because this approach directly models the
relationship between input and spikes, skipping the membrane potential as an intermediate
step, statistical models can be challenging to fit to cells that fire at very low rates, serotonin
neurons included.

A third approach is to select a phenomenological neuron model that can capture a wide
range of spiking statistics by adjusting a small number of parameters [143]. This class includes
models that are essentially simplifications of Hodgkin and Huxley’s biophysical model as well
as integrate-and-fire models that abstract away the dynamics of membrane voltage during the
action potential [144-149]. These models are not necessarily simple to tune to quantitatively
match the spiking statistics of individual neurons, and they also lack the biophysical detail
of Hodgkin—Huxley-style models. In spite of these limitations, phenomenological models
have been the workhorses of computational neuroscience for many years because they lend
themselves well to mathematical analysis and simulation [134, 143]. Compared with Hodgkin—
Huxley-style and statistical models, phenomenological models are particularly well-suited to

connecting voltage dynamics to coding features.
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1.4.2 Augmented generalized integrate-and-fire models: the best

of all worlds

An ideal modelling framework would combine the mathematical simplicity and insightfulness
of phenomenological models, the ease of fitting of statistical models, and, where needed, the
detail of Hodgkin—Huxley-style models. Augmented generalized integrate-and-fire (aGIF)
models provide just such an approach (Appendix A).

The three useful features of modern aGIF models were introduced in stages by two different
research groups. The generalized linear integrate-and-fire (GLIF) model introduced by Mihalag
and Niebur [150] consists of a leaky integrate-and-fire neuron enhanced with a spike-triggered
adaptation current and voltage-dependent threshold. Like many phenomenological models, it
is able to produce a wide range of firing statistics in spite of its mathematical simplicity. A few
years later, Mensi, Naud, et al. [151] introduced the very similar generalized integrate-and-fire
(GIF) model. Unlike the Mihalag-Niebur GLIF model, the Mensi-Naud GIF model includes a
statistical model of spiking, making it simple to tune to match the firing statistics of individual
neurons with millisecond precision. The fitted parameters of GIF models are simple to interpret
in terms of meaningful processing features such as integration timescale, spike frequency
adaptation, and spiking variability, leading them to be used to shed light on the functional
properties of a wide range of cortical cell types [152]. Finally, for cell types in which the
subthreshold voltage dynamics are dominated by just one or two voltage-dependent currents,
I introduced GIF models augmented with Hodgkin—Huxley conductances (see Appendix A
and [153]). aGIF models largely preserve the simplicity and quantitative accuracy of GLIF
and GIF models while providing insight into the ionic mechanisms that shape the spiking

statistics of different cell types.
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1.4.3 Models of cells in the serotonin system

A handful of serotonin neuron models have been reported in the literature (see [154] for
review). However, because these models were generally created with a focus on understanding
the sub-cellular ionic mechanisms underlying tonic firing and action potential generation
[149, 155] or, separately, network-level phenomena such as oscillations [156, 157], only the
aGIF model I introduced during my M.Sc. [153] has been validated in terms of its ability to
precisely reproduce the spiketrains of serotonin neurons. Somatostatin-expressing GABAergic
interneurons make up a large proportion of the cells in the serotonin system, but even fewer
models of these cells have been reported. Unfortunately, the electrophysiological properties
of these cells have not been characterized in vitro, so it is unclear to what extent existing
models reproduce even their qualitative features. Overall, almost nothing is currently known
about what serotonin system-level coding features are induced by the properties of the cells

it contains.

1.5 Outline of the thesis

The overarching goal of this work is to provide a computational theory of serotonin that is
precise, simple, and consistent. An ideal serotonergic theory should explain (1) how emotionally
salient stimuli such as reward-predicting cues, rewards, and punishments produce the activity
patterns of serotonin neurons observed in vivo (Fig. 1.2A left), and (2) how these activity
patterns are translated into changes in behaviour and learning (Fig. 1.2A right). The fact that
a computational theory of serotonin would have to reach almost from the sensory periphery to
motor centres in order to be called “complete” is part of what makes this system fascinating.
At the same time, this incredible breadth places a complete theory firmly beyond the scope of
this thesis. Here, I focus on the first point to develop an explanation of how the reward and
punishment tuning features of serotonin neurons arise and how they should be interpreted.

In Chapter 2, I study the signal processing features of the DRN with the goal of reaching a
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Figure 1.2: Visual table of contents. A Scope of the thesis compared with a complete theory of
serotonin. I focus on explaining how the responses of serotonin neurons to rewards and punishments
are generated, leaving the question of how these responses drive behaviour for future work. B,C
Main ideas of the manuscripts that make up the thesis. In Chapter 2 (B), I build up a simplified
picture of how the DRN processes arbitrary time-varying inputs, finding that the defining signal
processing feature of the DRN is adaptation. In Chapter 3 (C), I consider how the signal processing
features of the DRN might transform an input that represents cumulative future reward (i.e., a
value signal), finding that the resulting output is a very good qualitative and quantitative match for
the in vivo activity patterns of serotonin neurons.

general understanding of how its input is transformed into serotonergic output without making
assumptions about what exactly the input might be (Fig. 1.2B). I begin by presenting an
experimentally-validated serotonin neuron model that I had created previously [153]. Through
a combination of experiments and model-based analysis, I show that this model captures
the main biophysical features of serotonin neurons. Using simulations, I explore how these
neuron-level properties shape the signal processing features of the DRN as a whole. While
some of the effects I uncover are nuanced and context-dependent, I argue that the dominant
processing feature of the DRN is to signal the rate of change of its input, a computation that

underlies a type of predictive coding.

After establishing the relationship between DRN input and output in a very general sense,
I turn my attention to the question of what sort of input could produce the activity patterns
of serotonin neurons observed in vivo (Fig. 1.2C). In Chapter 3, I use a value signal (see
Section 1.2.3) to drive a simplified model of the DRN derived from the results of Chapter 2.
By simulating a variety of reward learning experiments from the serotonin literature, I show
that serotonergic activity patterns that have so far eluded simple theories are consistent with

a predictive code for value. In an empirical test of the theory, I re-analyze a particularly rich
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dataset of in vivo responses of serotonin neurons to stochastic rewards and show that my value
prediction theory provides a quantitatively more accurate description of the activity patterns
of serotonin neurons than competing ideas, almost always by a very large margin. Finally,
I include a general discussion of the biological basis of value prediction and its potential
implications for the role of serotonin in learning, behaviour, and beyond.

Chapter 4 summarizes the main results and briefly discusses my general approach in the
broader context of computational neuroscience.

Significance: The history of the serotonin system is not yet written. The value prediction
theory may turn out to be wrong in subtle or important ways, and in any case makes no
attempt to directly explain the role of serotonin in regulating learning and behaviour. At the
same time, this theory represents an important step forward because it provides a consistent
interpretation of a wide range of experimental results, including some that were previously
believed to be in conflict; makes a bottom-up connection between the biophysical features
of serotonin neurons and the function of the serotonin system as a whole; and establishes
a top-down link between the in vivo activity patterns of serotonin neurons and a specific,

fundamental quantity of reinforcement learning theory.
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1.6 Summary of research contributions

The main body of this thesis argues for a simple computational theory of serotonin. However,
my work on the serotonin system is not restricted to this doctoral thesis, nor has my doctoral
work been restricted to serotonin. What follows is a brief summary of my relevant work not

included in the main body of this thesis.

e During my M.Sc. (2018), I created the simplified serotonin neuron model that forms the
foundation of Chapter 2 as well as the computational component of my collaborator

Michael Lynn’s study of recurrent inhibition in the DRN [32].

e At the beginning of my Ph.D. (2020), I wrote a textbook chapter describing the
conceptual approach I took to designing the serotonin neuron model, reproduced here
in Appendix A. The augmented generalized integrate-and-fire (aGIF) approach I used
to model serotonin neurons extends leaky integrate-and-fire (LIF) models by accounting

for the effects of ionic currents.

e In the manuscript reproduced in Appendix B (2022), my co-authors and I present
another possible extension, this time to account for the effects of dendritic morphology

on firing patterns. (Reminiscent of [129].)

e Separately, around this time I concluded a collaboration with Candice Lee and Simon
Chen (also at the University of Ottawa) to characterize the activity patterns of different
motor cortical cell types during reward learning, published in 2022 [105]. My main
contribution to this work was to validate, refine, and develop aspects of the analysis of

calcium imaging data.

e Finally, in 2019 T joined an ongoing collaboration with the de Vries (Allen Institute
for Brain Sciences), Kremkow (Charité University Berlin), and Palmer (University of

Melbourne) labs to examine the role of dendritic processing in visual perception as
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part of an AIBS OpenScope project. My main contributions to this project were to
implement a data processing pipeline to extract the activity patterns of dendrites
from calcium imaging data (remotely validated by George Stuyt, a Ph.D. student at
the University of Melbourne) and oversee data analysis (remotely conducted by Rémi

Renoud-Grappin, a M.Eng. student at the University of Lyon).

In total, over the course of my doctoral studies I have led or co-authored five research
manuscripts [32, 105, 158-160]; written one textbook chapter [161]; given talks at Neuro-
match [162] and the Canadian Computational Neuroscience Spotlight [163]; and presented
posters at COSYNE [164], Bernstein Conference [165], Neuroscience [166], and the Canadian
Association for Neuroscience annual meeting® [167]. Most recently, an abstract based on the

work reproduced in Chapter 3 was accepted for a nanosymposium talk at Neuroscience 2023.

6 Abstract accepted but spring 2020 conference cancelled due to COVID.
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Chapter 2

The dorsal raphe nucleus computes
rate of change through adaptation

You can observe a lot by just watching.

Yogi Berra
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This chapter is reprinted from a previously-published work.

Citation

Copyright
authorization

Statement
of contributions

E.F. Harkin, M.B. Lynn, A. Payeur, J.-F. Boucher, L. Caya-Bissonnette,
D. Cyr, C. Stewart, R. Naud*, and J.-C. Béique*. Temporal derivative
computation in the dorsal raphe network revealed by an experimentally-
driven augmented integrate-and-fire modeling framework. eLife, 12,

€72951. (2023)
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This work can be broadly divided into two parts: I carried out
experiments and created the serotonin neuron model during my M.Sc.,
and carried out simulations and analysis during my Ph.D. A more
detailed breakdown is given below.

I conceptualized the augmented generalized integrate-and-fire
(aGIF) modelling approach, carried out in wvitro electrophysiological
experiments to characterize 5-HT and SOM neurons, and fitted and
validated the 5-HT neuron model during my M.Sc. with Jean-Claude
Béique and Richard Naud. During my Ph.D. with Richard Naud, I
finalized the single neuron models, conceptualized the bootstrap-based
approach to population-level simulations, carried out all simulations
and analysis, and conceptualized the main computational feature of the
serotonin system as being a temporal derivative-like operation. I created
all figures and wrote the first draft of the manuscript. Subsequent
drafts were co-written by Richard Naud, Jean-Claude Béique, and 1
with input from André Longtin. Richard Naud and Jean-Claude Béique
provided supervision and valuable input throughout this work.
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Statement Many other people made important contributions to various parts of this
of contributions project. Jean-Claude Béique, Richard Naud, André Longtin, Alexandre
(continued) Payeur, and Michael B. Lynn conceptualized the creation of a simplified,

experimentally-validated serotonin neuron model. Richard Naud created
the generalized integrate-and-fire (GIF) modeling approach on which
our model is based. Early efforts to create an experimentally-constrained
serotonin neuron model by Michael B. Lynn, Alexandre Payeur, and
Sébastien M. Maillé led me to create the aGIF model during my M.Sc.
Michael B. Lynn, Jean-Francois Boucher, Léa Caya-Bissonnette, Dominic
Cyr, and Chloe Stewart collected data under my direction.

25



MAKING SENSE OF SEROTONIN THROUGH SPIKE FREQUENCY ADAPTATION

Abstract

By means of an expansive innervation, the serotonin (5-HT') neurons of the dorsal raphe nucleus
(DRN) are positioned to enact coordinated modulation of circuits distributed across the entire
brain in order to adaptively regulate behavior. Yet the network computations that emerge
from the excitability and connectivity features of the DRN are still poorly understood. To
gain insight into these computations, we began by carrying out a detailed electrophysiological
characterization of genetically identified mouse 5-HT and somatostatin (SOM) neurons. We
next developed a single-neuron modeling framework that combines the realism of Hodgkin-
Huxley models with the simplicity and predictive power of generalized integrate-and-fire
models. We found that feedforward inhibition of 5-HT neurons by heterogeneous SOM neurons
implemented divisive inhibition, while endocannabinoid-mediated modulation of excitatory
drive to the DRN increased the gain of 5-HT output. Our most striking finding was that
the output of the DRN encodes a mixture of the intensity and temporal derivative of its
input, and that the temporal derivative component dominates this mixture precisely when
the input is increasing rapidly. This network computation primarily emerged from prominent
adaptation mechanisms found in 5-HT neurons, including a previously undescribed dynamic
threshold. By applying a bottom-up neural network modeling approach, our results suggest
that the DRN is particularly apt to encode input changes over short timescales, reflecting

one of the salient emerging computations that dominate its output to regulate behavior.
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2.1 Introduction

The forebrain-projecting serotonin (5-HT) neurons of the DRN play a key role in regulating
behaviour in dynamic environments, but the precise nature of this role is still not well
understood [51, 76, 168, 169]. DRN serotonin neurons have been proposed to modulate a
wide range of cognitive processes, such as encouraging patience for future rewards [54, 55],
signalling the beneficialness of current actions or states [61], complementing reinforcement
signals of dopamine [23, 73, 170-174], and, partially as a corollary, regulating both learning
[43, 57, 73, 175, 176] and mood [177-179]. While the remarkable diversity of roles attributed
to this single neurotransmitter has historically been perplexing, recent findings are beginning
to provide insight (see [33] for review). For example, the unsuspected organization of 5-HT
neurons into anatomical sub-modules that differentially regulate behaviour [34-36, 38, 180],
or the observation that 5-HT neurons can encode distinct salient features of the environment
over different time scales [20, 23, 24, 58, 181] are compelling mechanisms that may contribute
to the multiplicity of 5-HT’s actions. These anatomical and dynamical perspectives on 5-
HT diversity need not be mutually exclusive. A clearer understanding of the biophysical
mechanisms that contribute to the coding features of raphe neurons over multiple timescales

has the potential to substantially increase our understanding of how 5-HT regulates behavior.

The spiking statistics of 5-HT neurons necessarily shape and constrain their computational
role. For instance, the slow firing rate (~5 Hz) of 5-HT neurons, in large part attributable to
a large after-hyperpolarization potential (AHP) [22, 26], may appear to preclude signaling on
faster time scales. However, fast signaling despite slow firing can arise naturally in ensemble-
rate codes [182, 183]. Consistent with this idea, the in vivo population activity of 5-HT neurons
has been observed to track impending rewards over second to sub-second timescales [58], and
the trial-averaged ensemble rates of individual 5-HT neurons can track environmental changes
over the millisecond time scale [23, 24]. In addition, the fact that 5-HT receptor subtypes

can regulate the excitability of target neurons over different time scales, including ionotropic
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5-HT3 receptors with millisecond gating kinetics [184-187], at the very least suggests that
the 5-HT system is capable of fast information transmission, an observation mirrored by the
fast dynamics of neurons which project to the DRN [188, 189]. If fast and slow signaling by
the DRN is manifest, it is less clear which cellular mechanisms regulate the interplay between
these timescales, nor which input features are represented on which timescales.

Computational modeling is a standard approach to link levels of description and is thus
well suited to delineate how network-level function emerges from excitability features identified
at the single-cell level. In spite of their conceptual utility, the most detailed single cell models,
including those of DRN neurons [154, 155], do not lend themselves with ease to bottom-up
modeling efforts because of the substantial technical difficulty of obtaining sufficiently accurate
values for a large number of interacting model parameters [190, 191]. Mathematically simpler
generalized integrate-and-fire (GIF) models provide a strong foundation for network modeling
because their small number of parameters can be estimated with a high degree of precision
[151, 152, 192]. This precision comes at a price, however: the process of distilling the effects of
many biophysical mechanisms into a small number of model parameters makes it difficult to
study a specific mechanism (e.g., a subthreshold ion channel) in isolation. A hybrid approach
based on a reductionistic GIF model augmented with a limited set of biophysical mechanisms
could leverage the precision of GIFs while allowing the ability to link specific biophysical
mechanisms with higher-order network function.

In this study, we developed and validated for DRN neurons a hybrid modeling approach
that lies between reductionist GIF and biophysical Hodgkin-Huxley-type models to capture
excitability features of individual neurons for accurate simulations of population dynamics
and, by extension, network computation inference. To this end, we carried out cellular

electrophysiological recordings from genetically-identified DRN 5-HT and SOM neurons to

1. extract and validate, from sets of noisy inputs, parameters for the automatic development

of accurate GIF models, and

2. experimentally define complementary biophysical mechanisms to be grafted onto the
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GIF models to iteratively improve their prediction accuracy (augmented GIFs).

This approach recapitulated and extended past findings on DRN neurons by showing that the
best-performing models of 5-HT neurons featured slow membrane time constants, an A-type
potassium current, and strong adaptation mechanisms. Network simulations of optimized GIF
models of both 5-HT and GABAergic SOM neurons organized in a feed-forward inhibitory
circuit revealed that 5-HT neuron populations context-dependently encode a mixture of the
intensity and temporal derivative of their inputs. Our overall approach further allowed us to
trace back specific features of these population responses (e.g., gain) to defined excitability

features of DRN neurons.

2.2 Results

2.2.1 Salient electrophysiological features of DRIN neurons

Our main goal was to develop an experimentally-grounded model of the DRN to better
understand its computational properties. As a first step towards this goal, we carried out
experiments to constrain a set of single-neuron models of the two main cell types found in
the DRN: 5-HT and SOM GABA neurons. We performed whole-cell electrophysiological
recordings from genetically-identified 5-HT (Fig. 2.1A1; SERT-Cre::Rosa-TdTomato mice)
and SOM (Fig. 2.1A2; Table 1; SOM-Cre::Rosa-TdTomato mice) neurons in slices. In keeping
with previous descriptions (e.g., [26, 27]), in the majority of the 5-HT neurons recorded in our
dataset, current steps induced strongly adapting action potential firing accompanied by large
afterhyperpolarization potentials (AHP), and a characteristic kink in the voltage trace leading
up to the first spike (Fig. 2.1B). Qualitatively distinct firing patterns of 5-HT neurons were,
however, occasionally observed (Fig. 2.8). Recordings from SOM neurons revealed spiking
patterns that were more heterogeneous (Fig. 2.9). Comparing the relationship between the
injected currents and firing frequencies between these populations, we found that SOM

neurons were generally more sensitive to changes in input current (gain) than 5-HT neurons
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Table 2.1: Membrane parameters of DRN neurons. Parameters obtained from recordings from
PFC L5 pyramidal neurons used to fit GIF models as a point of comparison are also shown. Data
are presented as mean + SD. Distributions are shown in Fig. 2.10.

Cell type Resistance R Capacitance C'  Time constant 7 N
5-HT 1.16 4+ 0.55 G2 67.0 £ 17.1pF 75.24+33.8ms 96
SOM 1.07 & 0.58 G2 43.5 + 15.5pF 42.2+£19.8ms 28

mPFC  0.188+£0.130 G2 160.6 =48.2pF 27.4+13.2ms 25

and responded to weaker inputs (Fig. 2.1B). The gain showed greater variability in SOM
neurons than in 5-HT neurons (Brown-Forsythe equality of variance test p = 0.001 on N = 17
5-HT and N = 7 SOM neurons). In line with this observation, SOM neurons also consistently
exhibited a wider range of firing frequencies for a given input (e.g., for a 50 pA input 5-HT
neurons fired at 2.81 + 2.22 Hz vs 8.16 £ 5.70 Hz; Brown-Forsythe test p = 0.005 in N = 17
5-HT neurons and N = 14 SOM cells). Together, these observations outlined three salient
cellular-level features of DRN neurons, namely the strong AHP and voltage kink of 5-HT

neurons as well as noticeable heterogeneous excitability of SOM neurons.

The characteristic kink in the voltage leading up to the first spike in 5-HT neurons in
principle may be caused by near-threshold activation of voltage-gated potassium channels
(VGKCs; [193-195]). We therefore examined whole-cell currents evoked by voltage steps
(from —90mV to —20mV) in both 5-HT and SOM neurons to look for evidence of such a
VGKC. In 5-HT cells, these experiments revealed a large (peak amplitude 928 + 249 pA,
leak-subtracted), partly-inactivating (steady-state amplitude 142 + 45 pA, leak-subtracted)
outward current (Fig. 2.1C1) that was sensitive to Kv4-selective potassium channel blockers
(Fig. 2.11). This current activated rapidly (peak latency 7.46 £ 0.21ms) and inactivated
over tens of milliseconds (inactivation time constant 7, = 42.9 £ 9.4 ms; kinetics are similar
at near-physiological temperature, see Fig. 2.12). The gating and kinetic profile (Table 2,
Figs. 2.13 and 2.14) of the inactivating component of this conductance in 5-HT neurons are
broadly similar to those expected of the A-type potassium currents (/4) characterized in
great detail in several other cell types (e.g., [196]). Because these parameters are sufficient to

construct a model of this conductance (see below), we have not attempted to determine its

30



MaNuscRrIPT I: THE DRN CoMPUTES RATE OF CHANGE

SOM «#2;
A2
500ms
| =66.1mV ||
ATl _.lLL_‘J___
J_|ﬂpA_|| L _r—\l_OOpA_l L
Bl B2, B3 . B4
< = < 8007 ™3
N N Z £ 5 c
T 20 T 20 4 ® N 200
= = @ 25] z
2 c 100
0 100 0 100 o S o
I (pA) I (pA)

-20mV

3s
-90mV

O
N\
\
N

%
[\
%
4
4
4

Proportion
with transient
o
[6,]
\\
Imax (NA)
o o =
o w o
Time to peak (ms)
N B
o o
Inactivation 7 (ms)
N iy [=)]
o o o
o o o

Figure 2.1: Physiology of DRN neurons. A, B Morphology, current steps (A), and spike frequency
vs. input (f/I) curves (B) of genetically-identified DRN neurons. Non-monotonically-increasing f/I
curves (gray) and linear fits to monotonically-increasing curves (red dashed) for N =17 5-HT (B1)
and N = 14 SOM (B2) neurons. (B3) Rheobase of 33.8 +21.0 pA in 5-HT neurons vs. 11.3 +16.0 pA
in SOM neurons. (B4) Gain of 52.2422.2 HznA ™! in 5-HT neurons vs. 87.24+33.0HznA ' in N =7
SOM neurons with monotonically-increasing f/I curves. C Leak-subtracted whole-cell currents evoked
by a depolarizing step. Each trace is one cell; N = 13 5-HT and N = 11 SOM cells. Traces without
a transient outward current are shown in gray. D Proportion of neurons with a transient outward
current by cell type. E Quantification of transient outward currents in each cell type. N = 3 SOM
cells without a transient outward current were excluded from analysis, leaving N = 13 5-HT and
N = 8 SOM neurons. Annotations reflect Mann-Whitney U-tests. Non-parametric Brown-Forsythe
equality of variance tests indicated significantly more variable time to peak (p = 1.11 x 10~%; E2)
and inactivation time constant (p = 1.97 x 10~%; E3) in SOM cells.
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Table 2.2: 5-HT I4 current gating parameters. Gating curves shown in Fig. 2.13B were fitted with
the scaled Boltzmann function goo(V')/goo(Vieference) = Too = Az/ (1 + exp [—kz(V — VF)]). Values
are based on experiments from N=13 cells.

Gate V;“eference Ax kx va*

Moo —20mV 1.61 0.0985mV~! —23.7mV
heo —80mV 1.03 —0.165mV~' —59.2mV
Neo —20mV 155 0.216mV~' —24.3mV

molecular identity further. For the sake of simplicity, we refer to the inactivating component
herein as 14 (in keeping with the previous literature; see [155, 197]) and the steady-state
component as Ix. Thus, an [4-like inactivating VGKC is a consistent feature of DRN 5-HT
neurons.

The same voltage-clamp protocol applied to SOM neurons, in contrast, triggered a mixture
of outward and inward currents that varied widely from cell to cell (Fig. 2.1D2). A significant
proportion of SOM neurons did not express a transient outward current at all (27.3 %,
Fig. 2.1E), while the remaining cells had currents that were significantly smaller (p = 0.003),
activated more slowly (p = 0.003), and exhibited much more heterogeneous kinetic profiles than
those found in 5-HT neurons (Fig. 2.1E3). Together, these results show that the expression of
this subthreshold voltage-gated current is substantially more variable in SOM neurons than

in 5-HT neurons, in line with the distinctive heterogeneity of excitability features observed in

this DRN cell type (Fig. 2.1C2 and Fig. 2.9).

2.2.2 1,4 regulates initial firing rate via control of spike time jitter

To develop an intuition for how I, impacts the firing patterns of 5-HT populations, we first
created a toy model that captured the effect of this conductance on single cell voltage dynamics
(see Methods). In keeping with previous studies, /4 introduced a kink in the subthreshold
voltage leading up to spike threshold ([198-200], Fig. 2.2A) and increased the latency to the
first spike evoked by a square step stimulus, particularly when starting from a hyperpolarized

voltage at which 1, is free from inactivation (Fig. 2.2B, C). The effect of 14 on spike latency
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depends at least to some extent on its effective magnitude and inactivation kinetics (defined
as the ratio of maximal A-type conductance to inverse membrane resistance and the ratio of
the inactivation time constant of /4 to the membrane time constant; see Methods). When we
set the corresponding parameters in our toy model to experimentally-determined values from
5-HT neurons, we observed the same qualitative relationship between spike latency and initial
voltage (Fig. 2.15), further pointing towards a functional effect of I4 in this cell type. The
predicted relationship between initial-voltage and latency was experimentally recapitulated
in whole-cell recordings from identified 5-HT neurons (Fig. 2.2D-F). In particular, the onset
of spiking was delayed by hyperpolarization (Fig. 2.2D), and the magnitude of this effect was
significantly reduced by the partial pharmacological block of I4 with 4-AP (p = 3.2 x 107°
for initial voltages of —90mV to —70mV; Fig. 2.2E). Finally, we also observed an inflection
point predicted by the model in the normalized initial-voltage/latency relationship (Fig. 2.2F,
compare with model prediction in Fig. 2.2C). In summary, our toy model captured the

expected effects of 14 in single 5-HT cells.

Next, we used our experimentally-validated toy model to understand how 4 impacts the
spiking responses of whole neuronal populations. To do this, we simulated the effect of a
shared step input to a population of 600 toy neurons each receiving independent background
noise (corresponding to naturalistic fluctuations in synaptic inputs). Whereas subthreshold
fluctuations yielded time-locked spikes without 74 (Fig. 2.2G), they induced spiking with larger
jitter across the simulated population when 14 was present (Fig. 2.2H). This desynchronizing
effect of 14 also decreased the peak population rate at the time corresponding to the mean
latency (Fig. 2.2I) since the peak rate corresponds to the coincidence rate from an ensemble
of cells with similar properties. (The same effects were also observed in the toy models with
parameters constrained to experimentally-determined values; Fig. 2.15.) Taken together,
results from these toy-models revealed a role of I, in regulating the degree of synchronization
of a population following sudden inputs, suggesting that /4 may regulate the gain of the

DRN network to time-varying inputs. This intuition gleaned from this toy model is examined
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Figure 2.2: [4 qualitatively alters the relationship between initial voltage and spike timing. A-C A
toy model neuron with 4 predicts a non-linear effect of voltage history on spike timing in a simple
experiment. D-F Experiments in 5-HT neurons fulfill predictions of the toy model. (F) Latency
curves for N = 8 5-HT neurons, normalized to the maximum latency for each cell. Each colour is
one cell. (G-I) I4 causes an increase in spike latency and jitter in the presence of noise. Models
and input are the same as in A—C. Spike latency histograms for populations of 600 toy neurons are
shown in I. The width of the histogram reflects jitter in the timing of the first spike, while the height
of the histogram approximates the peak instantaneous firing rate. Note that as jitter increases, the
height of the histogram decreases. The toy model with 100 % I4 has an effective I4 conductance
G4/ = 10 and effective inactivation time constant 77, /Tmem = 1.2.
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in more detail with optimized GIF models (see below).

2.2.3 Extensions to GIF models are required to capture the ex-

citability of DRIN neurons

We next sought to develop a model able to capture the essential biophysical features of
DRN neurons and accurately predict their responses to naturalistic inputs. GIF models offer
a flexible modeling framework well-suited to this purpose because they can be trained to
accurately reproduce the firing patterns of individual neurons using less than five minutes
of electrophysiological data per neuron [151, 152, 201-203]. In this framework, individual

neurons are described in terms of three core components:

1. a passive membrane filter, x, which transforms input currents into a subthreshold

membrane potential,

2. a stochastic spiking process, which transforms the subthreshold membrane potential

into action potentials, and

3. two adaptation mechanisms, namely a spike-triggered current mediating the commonly

observed AHP, 7, and change in firing threshold, v (Fig. 2.3A1, see Methods).

These components are described by parameters the values of which are inferred from the
electrophysiological data using a combination of least-squares multi-linear regression and
gradient ascent of a likelihood function. The flexibility and data-efficiency of this framework
lends itself well to capturing the functional properties of single neurons and, by extension,
heterogeneous neural populations.

Our results outlined in Fig. 2.2 show that 14 regulates spike timing in 5-HT neurons because
of its nonlinear subthreshold effects. Foreseeing that the presence of this prominent current
may limit the accuracy of canonical GIF models — which are not designed to capture nonlinear

subthreshold effects — we first augmented the canonical GIF model (aGIF; Fig. 2.3A2) with
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a simplified Hodgkin-Huxley-type model of the subthreshold voltage-dependent currents
we recorded in 5-HT neurons (see Methods). To assess whether incorporating additional
biophysical details into the aGIF model might further improve its predictive performance, we
turned to the previously-described sodium channel-inactivation GIF model (iGIF; Fig. 2.3A3),
which extends the GIF model of Mensi, Naud et al. [151] by adding a non-parametric voltage
coupling function to the dynamic spike threshold ([204], see Methods). Although this GIF
model extension was initially conceived specifically to capture the influence of subthreshold
sodium channel inactivation on firing threshold (hence its name), the non-parametric definition
of the threshold coupling function gives it the capacity to account for a wide range of other
subthreshold biophysical mechanisms which regulate spiking, notably including, but not
limited to, /4. Comparing the performance of the more parsimonious aGIF model to that
of the iGIF model enabled us to assess whether accounting for additional mechanisms that

regulate spiking beyond I4 might further improve our DRN neuron models.

To establish comparative GIF model benchmarks across cell types, we carried out whole-
cell electrophysiological recordings not only from DRN 5-HT and SOM cells, but also from
canonical deep-layer pyramidal neurons of the medial prefrontal cortex (mPFC). For each
recording, we applied two distinct instantiations of noisy in vivo-like inputs (see Supplemental
Methods, Fig. 2.16), one of which was used to determine the model parameters while the
other was reserved for post hoc evaluation of the models’ accuracy (i.e., “training” data and
“validation” data, respectively; see Fig. 2.3C). Accuracy was assessed by comparing models
with recorded data across cell types in terms of (Fig. 2.3D): 1) subthreshold voltage changes
on training data, R?; and, 2) spike timing on validation data, M} (where M} =1 is the best

possible performance and M = 0 is chance-level; see Methods).

The canonical GIF model predicted both the subthreshold dynamics and spike timing
of mPFC pyramidal neurons with high accuracy (R? = 0.431 £ 0.249; M} = 0.783 4 0.134;
Fig. 2.3E), consistent with previous reports on cortical pyramidal neurons [151, 152, 203, 204].
While our aGIF model slightly better predicted the voltage of mPFC neurons (R? = 0.544 +
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0.280, p = 0.028, Fig. 2.3E1), this did not translate into more accurate spike predictions
(Mj =0.743 +£0.180, p = 0.710, Fig. 2.3E2), consistent with the observation that /4 is not a
significant conductance recorded from the cell body of mPFC pyramidal neurons (Fig. 2.17
and see [205, 206]). On the basis of spike timing prediction, the canonical GIF model thus

offered the most parsimonious account of the behaviour of mPFC neurons.

With this point of comparison established, we next quantified the performance of each of
our candidate GIF models (GIF, aGIF, and iGIF) in 5-HT neurons. As previously intuited,
the canonical GIF model performed rather poorly in 5-HT neurons (Fig. 2.3F), predicting
<15% of the variance of the subthreshold voltage (R* = 0.128 4 0.135) and achieving M}
scores less than half of those observed in mPFC neurons (M} = 0.352 +0.118). This indicates
that the passive membrane filter and adaptation mechanisms included in the canonical GIF
model were insufficient to capture the behaviour of 5-HT neurons. By augmenting the GIF
model with our experimentally-constrained model of 74, the aGIF model not only better
predicted the voltage (R? = 0.301 4 0.200, p = 1.96 x 10~%; Fig. 2.3F1) but also the spike
timing (M} = 0.481 £ 0.148, p = 0.001; Fig. 2.3F2) of 5-HT neurons. While the more general
iGIF model exhibited a similar improvement in spike timing predictions over the GIF model
(M; =0.536 +0.154, p = 5.89 x 107*), it did not significantly outperform the aGIF model

(p = 0.644; Fig. 2.3F2), suggesting that accounting for additional biophysical mechanisms

Figure 2.3: (Previous page.) Single neuron models accurately predict the subthreshold voltage
and spike times of DRN neurons. A Components of candidate single neuron models: A intensity of
stochastic spike-generating process; 1 spike-triggered current (positive values indicate a hyperpolar-
izing current); 7 spike-triggered threshold movement. B GIF model extensions. C Representative
experiment used to train and validate neuron models. Training set consists of repetitions of 60s of
frozen Ornstein-Uhlenbeck (OU) noise and the validation set consists of repetitions of a different
frozen OU noise stimulus lasting 10s (only one repetition is shown). D Representative validation
data and model predictions for each cell type. OU noise input current (top), recorded and predicted
voltage traces (middle), and recorded and predicted spike times across all repetitions of the validation
stimulus. Stimulus parameters were adjusted for each cell type, see Fig. 2.16. E-G Quantification
of model performance in terms of R? on the training subthreshold voltage derivative and on the
validation spike-train similarity metric M;. GIF and iGIF models have the same subthreshold
performance because the subthreshold components of these models are identical (see Methods).
Benchmarks are for models fitted to N = 18 5-HT, N = 14 SOM, and N = 7 mPFC neurons.
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that regulate spiking beyond those included in the aGIF model would be unlikely to further
improve performance. Repeating this process using data collected closer to physiological
temperature yielded the same result (Fig. 2.18). Thus, among the models considered, adding
I, to the subthreshold and spiking mechanisms of the GIF model best accounts for the
biophysical mechanisms responsible for shaping the responses of 5-HT neurons to in vivo-like
inputs.

Turning to the other main cell type of the DRN, we next analyzed the performance of
each model in SOM cells (Fig. 2.3G). In these cells, the canonical GIF model produced highly
accurate predictions (R* = 0.600 £ 0.238 and M = 0.818 £ 0.149), consistent with its high
performance previously reported for cortical GABAergic neurons [151, 152]. Nonetheless,
the iGIF achieved small but significant performance gains (M = 0.892 £ 0.094, p = 0.004
vs. aGIF and p = 0.003 vs. GIF; Fig. 2.3G2), leading us to select it as our model of SOM

neurons.

2.2.4 Multiple adaptation mechanisms in 5-HT neurons

Our model selection approach identified the most salient components required to capture the
input-output functions of individual neurons and allowed us to identify functional differences
across cell types. 5-HT neurons were distinguishable from SOM and mPFC cells by their long
membrane time constants (Fig. 2.4A and Fig. 2.19A) and by the presence of conspicuously
potent and protracted adaptation mechanisms (Fig. 2.4B-D). Indeed, in addition to evoking a
characteristically large and prolonged adaptation current (Fig. 2.4C), action potential firing in
5-HT neurons produced a substantial and long-lasting increase in firing threshold (Fig. 2.4D;
but note that this effect is somewhat attenuated near physiological temperature, Fig. 2.20).
In contrast, SOM neurons most often displayed either negligible or even depolarizing spike-
triggered currents (Fig. 2.4B,C) that may underlie the burst firing patterns often observed in
this cell type (Fig. 2.9). These observations derived from the parameters of GIF models are

not only consistent with our experimental characterization (Figs. 2.1 to 2.3), but significantly
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expand it. Thus, 5-HT neurons are characterized by slow membrane dynamics, I4, and

particularly prominent adaptation mechanisms.

2.2.5 Preferential sensitivity of 5-HT neuron populations to the

onset of sudden inputs

The development and validation of accurate single-cell models allowed us to identify the
population-level computations operating in the DRN. We took advantage of the one-to-one
correspondence between our GIF models and real neurons to construct synthetic populations
with realistic neuron-to-neuron heterogeneity by sampling from banks of single-cell models
(Fig. 2.5A). In response to step increases of synaptic-like inputs delivered to the entire
population (Fig. 2.5B left), the population firing rates (in Hz/neuron; Fig. 2.5B right) of 5-HT,
SOM, and mPFC neurons (Fig. 2.5C) transiently increased before relaxing to a significantly
lower stationary level. Strong inputs did not produce oscillations in the population firing
rates, likely because of population heterogeneity (Fig. 2.23; [124, 207, 208]). The transient and
stationary parts of the population input-output functions were approximately rectified linear
functions (Fig. 2.23) which we summarized and plotted as the time-varying slope (i.e., gain;
Fig. 2.5D). While the gain of the transient response was greater than that of the stationary
response in all three cell types, the ratio of transient to stationary gain was substantially
higher in 5-HT neurons (Fig. 2.5E; ratio of 3.4240.07, vs. 1.89 £0.04 in SOM and 1.50 4+-0.03
in mPFC; p < 0.001 in each case; but note that the gain ratio in 5-HT neurons falls to
2.13+£0.03 near physiological temperature [Fig. 2.25], consistent with a smaller spike-triggered
threshold movement [Fig. 2.20]). This marked response of 5-HT cells occurred quickly, in
the first 100 ms after the onset of the step. Thus, despite 5-HT neurons being characterized
by slow membrane time constants, their population activity provided a remarkably strong
encoding of the onset of step synaptic inputs.

We next considered the underlying mechanisms giving rise to the distinctive time-dependent

gain of 5-HT neurons. We found that the characteristically strong spike-triggered adaptation
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of 5-HT neurons (spike triggered hyperpolarizing adaptation current and threshold movement
shown in Fig. 2.4) contributed to the observed relaxation of the population response to a lower
stationary level: grafting the weak adaptation from SOM neuron models onto 5-HT models
dramatically reduced the ratio of transient to stationary gain, and vice-versa (Fig. 2.5F). These
findings are consistent with previous models in other cell types showing that spike-triggered
adaptation reduces the sensitivity of neural populations to input changes over long timescales
([124, 125, 209]). Therefore the preferential sensitivity of 5-HT neuron populations to sudden
changes in synaptic inputs is a natural consequence of strong adaptation at the single neuron

level.

2.2.6 Feedforward inhibition and /4 control 5-HT output gain of
the DRIN

Apart from the strong adaptation mechanisms of 5-HT neurons, two other mechanisms
have the potential to dynamically modulate the 5-HT output from the DRN: I, in 5-HT
neurons and the feed-forward inhibition (FFI) enacted by local DRN interneurons [19, 28].
To examine the contributions of these two mechanisms, we first connected our existing SOM
population models to 5-HT population models using experimentally-constrained GABA
receptor-mediated synaptic conductances (see Methods and Fig. 2.24).

To dissect the contribution of I, in shaping population responses in this connected
DRN network, we applied the same inputs to both 5-HT and SOM neuron populations and
examined 5-HT neuron population dynamics (as in Fig. 2.5) while varying the maximal
conductance of I4 (in 5-HT neurons). The gain of the transient component of the 5-HT
response increased markedly when the conductance of 14 was set to zero (Fig. 2.6A), while
increasing the potency of I substantially dampened and broadened the population response
to fast inputs, reminiscent of /4’s modulation of spike timing jitter observed in our toy model
(Fig. 2.21-K). These simulations thus show that I, substantially regulates the gain of the

transient component of DRN 5-HT output evoked by sustained inputs, with negligible effects
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on the gain of the slower stationary component.

Previous work has shown that glutamatergic excitatory inputs from the PFC make strong
mono-synaptic contacts onto both DRN 5-HT and GABAergic neurons, triggering a classic
FFI. Intriguingly, the PFC axonal inputs onto these two cellular elements of the DRN are
functionally distinct inasmuch as the PFC synapses onto GABAergic neurons are far more
sensitive to endocannabinoid neuromodulation than those onto 5-HT neurons [28]. The
computational role of this differential sensitivity to neuromodulation is currently unknown.
We began by determining the role of the DRN FFI per se by comparing the responses of
5-HT neuron population dynamics with or without SOM cells (Fig. 2.6B). Including FFI
onto 5-HT neurons substantially dampened the overall response of the 5-HT population to
synaptic inputs, while still sustaining the preferential encoding of the early phase of sudden
inputs (Fig. 2.6B2). While introducing FFI did decrease the gain ratio, this decrease was
quantitatively smaller than the differences between 5-HT neurons and other cell types shown
in Fig. 2.5E and the effect of changing I4 shown in Fig. 2.6A, Fig. 2.6B2. We next directly
simulated the effects of endocannabinoid modulation of excitatory input to the DRN observed
experimentally [28] by weakening the strength of the input to SOM neuron populations
by 30 % while leaving that to 5-HT neurons intact. By favoring the direct monosynaptic
excitation of 5-HT neurons by preferentially diminishing the glutamatergic drive of SOM
neurons, this neuromodulation led to an increase in the overall gain of the DRN that was
unexpectedly apparent across the entire duration of the response to step inputs (i.e., no
change in the gain ratio, Fig. 2.6B2). Thus, the target-specific endocannabinoid-mediated
modulation of PFC excitatory drive in DRN exerts a normalizing role by increasing the overall
gain of 5-HT output evoked by synaptic inputs without altering its preferential encoding of

changes in input, which is emerging as a cardinal feature of DRN network dynamics.

Our electrophysiological recordings showed that excitability heterogeneity is a salient
feature of the SOM DRN neuron population. Our modeling approach allows us to specifically

examine the role of this cellular heterogeneity in shaping the output of the DRN by comparing
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our DRN model (Fig. 2.6C) to an alternative homogenized version in which the parameters
of SOM neurons were set to fixed values (Fig. 2.6D). Thus, while FFI with an experimentally-
determined degree of heterogeneity mainly imposed a reduction of the slope of the input-output
function (i.e., divisive inhibition), homogeneous FFI mainly shifted the input-output function
of the transient component of the population response to the right (i.e., subtractive inhibition;
Fig. 2.6E). This subtractive feature can be traced back to a strong non-linearity in the input-
output functions of homogenized SOM neuron populations (compare Fig. 2.6E1 and Fig. 2.6F1).
In the case of the stationary component, both heterogeneous and homogenized DRN models
implemented divisive inhibition (Fig. 2.6F). Therefore, we conclude that heterogeneity among

GABAergic neurons implements divisive inhibition.

2.2.7 5-HT neurons linearly encode the temporal derivative of

inputs to the DRN

Adaptation plays a critical role in implementing temporal derivative encoding in sensory
systems [126, 192], but has not been ascribed a similar role in neuromodulatory systems

such as the DRN. To determine whether the DRN also supports this computation, we

Figure 2.6: (Previous page.) Effect of I4 density, feedforward inhibition, and heterogeneity of
SOM neurons on the 5-HT neuron population response. Network input is the same set of step
stimuli as in Fig. 2.5D-F. A Increasing 14 reduces adaptation by selectively suppressing the early
part of the response to sudden inputs, and vice-versa. B Gain curves with normal feedforward
inhibition (blue), with reduced input strength onto the inhibitory population (green), or without
inhibition (red). Reduced input strength onto the inhibitory population (green) simulates the effect
of endocannabinoid input (Geddes et al., 2016). (A2,B2) Ratio of peak to steady-state gain. C
Population firing rates of SOM and 5-HT neurons in a network in which both populations are
heterogenous. D Population firing rates of SOM and 5-HT neurons in a network in which all SOM
neurons are identical. Effects of homogeneous (cyan) or heterogeneous (green) SOM populations
on the population input-output functions for the transient E and stationary F components of
the response (see square and circle markers in C and D). Note that the input-output function
of the heterogenous SOM population is approximately linear, whereas that of the homogenous
population is not (E1, F1). Relative to the input-output functions of a 5-HT population receiving
no feed-forward inhibition, the effect of the heterogenous SOM population is divisive, but the effect
of the homogenous SOM population on the transient part of the 5-HT population input-output
function includes a strong subtractive component (E2).
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parameterized the rate of change of DRN inputs by applying ramp stimuli with variable
slopes (i.e., derivatives; Fig. 2.7A and B). Remarkably, the peak 5-HT neuron population
firing rate linearly reported the slope of the ramps, an effect which was enhanced by FFI
(Fig. 2.7C). We further found that this linearity was conditional on the presence of slightly
depolarizing background input (>20pA, Fig. 2.7D). Simulations using aGIF models fitted to
data collected near physiological temperature yielded similar results; Fig. 2.26. The potent
adaptation mechanisms of 5-HT neurons play a key role in mediating this linear encoding of
input derivative, since reducing the strength of adaptation reduces linearity across a wide
range of input baselines (Fig. 2.7E and F). Together, these observations suggest that the
DRN signals to its brain-wide targets a mixture of the intensity and temporal derivative of
its excitatory inputs, and that the derivative-encoding component dominates when the input

is increasing rapidly (Fig. 2.27).

The extent to which the output of the DRN signals the temporal derivative of its input is
likely to be limited by several factors, notably: the long membrane time constants of 5-HT
neurons (Table 1, Fig. 2.19A), which cause rapidly fluctuating to be filtered out; the fact
that firing rates cannot be less than zero, limiting the dynamic range available to encode
negative input derivatives; the presence of I, which filters out inputs with a high temporal
derivative (Fig. 2.2); and the level of background input (Fig. 2.7D). Because 14 can be partly
inactivated by depolarizing background input, the effects of background input and 74 on the
derivative-encoding properties of the DRN are expected to interact. Consistent with this
idea, removing I4 from 5-HT neurons in our DRN network models extended the range of
background input where the peak 5-HT neuron population firing rate is an approximately
linear function of the slope of a ramp stimulus (Fig. 2.7E and G). In summary, we found that
the presence of strong spike-frequency adaptation in 5-HT neurons causes the DRN to signal
the rate of change of its input to its brainwide targets, but that this core computation is

progressively suppressed when a state of hyperpolarization engages I 4.
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Figure 2.7: DRN 5-HT neuron population output conditionally encodes the temporal derivative of
its input. A Design of simulations. A ramp stimulus with an adjustable baseline and slope (derivative)
is applied to the same network models as in Figs. 2.5 and 2.6 and the peak firing rate of the 5-HT
neuron population is extracted. B Representative simulated input (top), SOM neuron population
activity (middle), and 5-HT neuron population output (bottom). C With a baseline input of 40 pA,
peak 5-HT neuron population output is approximately linearly related to the derivative of the ramp
input, and feed-forward inhibition by SOM neurons enhances this feature. D Peak firing rates (FRs)
of 5-HT neuron populations depend on interacting effects of input baseline and slope. Panel C shows
normalized data from the 40 pA row in blue. E 5-HT neuron adaptation and I4 dominate the DRN
input-output function under different input regimes. Effect of reducing 5-HT neuron adaptation
(following the approach from Fig. 2.5F) is most pronounced for higher levels of background input
and more slowly-changing inputs (red), while the effect of removing 74 (following the approach of
Fig. 2.6A) is most pronounced for low background input and fast-changing inputs (orange, blue).
F Effect of reducing adaptation in 5-HT neuron models visualized at a 40 pA baseline. Note that
5-HT output no longer linearly encodes dI/dt when adaptation is reduced. G Effect of removing
14 from 5-HT neuron models visualized at a 0 pA baseline. Note that 5-HT output approximately
linearly encodes dI/dt when I, is removed.
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2.3 Discussion

Here, we sought to characterize the computational properties of the DRN using a bottom-up
approach grounded in experimentally-constrained models of the two most abundant cell types
in this region: 5-HT and SOM GABA neurons. Consistent with, and extending, previous
work, we found that 5-HT neurons were relatively homogeneous and characterized by potent
spike-frequency adaptation (Fig. 2.1) and by the presence of a strong A-type potassium current
(Fig. 2.2), while SOM neurons displayed a considerably more heterogeneous excitability profile
(Fig. 2.1 and Fig. 2.9). Extensions to classical generalized integrate-and-fire (GIF) models
[151, 203] to capture the non-linear subthreshold effects of 74 observed in 5-HT neurons were
required to adequately capture the spiking response of 5-HT neurons to naturalistic stimuli
(Fig. 2.3). This work introduces a new approach to capturing such non-linear subthreshold
effects in the form of the aGIF model, which augments the GIF model of Mensi, Naud et
al. [151] with experimentally-constrained Hodgkin-Huxley style currents, improving model
interpretability without compromising predictive performance. Inspecting the parameters of
the best-performing GIF models revealed that the substantial spike-frequency adaptation
observed in 5-HT neurons is not fully explained by their distinctively large AHPs, and is partly
mediated by a previously undescribed dynamic spike threshold (Fig. 2.4). This model-based
approach allowed us to probe causal relationships between specific excitability features and
population computations. Thus, we found that the prominent adaptation mechanisms in
5-HT neurons regulated DRN population responses to synaptic inputs (Fig. 2.5), that I4
suppressed the response to sudden inputs, and that heterogenous FFI had a divisive rather
than subtractive effect on DRN output (Fig. 2.6). By further exploring DRN population
dynamics, our simulations demonstrated that 5-HT neurons linearly reported a mixture
of the intensity and temporal-derivative of their synaptic inputs (Fig. 2.7), and that the
temporal-derivative dominates DRN output when the input is increasing rapidly (Fig. 2.27).

In summary, this work points to a new computational role for the DRN in encoding the
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derivative of its inputs, and identifies specific cellular and network mechanisms that give rise
to this computation and modulate its expression. These results raise important questions
about how the selective responses of the DRN to changing synaptic inputs might support its

role in guiding animal’s behavior in dynamic environments.

2.3.1 Need for a hybrid biophysical-simplified methodology

The computational and statistical modeling methodology presented here was designed to
bridge the gap between specific biophysical mechanisms and network level computation.
Closing this gap has also been the target of complex biophysical simulations, motivated by the
hope to create tools for testing disease-related treatments and for untangling the computations
performed by large neural networks [134, 210]. Preserving the accuracy and identifiability
of simpler approaches [151, 152, 191, 192|, the “augmented GIF” model developed here
explicitly incorporates the most important biophysical features of 5-HT neurons, allowing
us to probe their contributions to network-level computation by altering or removing the
corresponding model components during network simulations. While the aGIF framework was
developed here to capture the effects of inactivating subthreshold potassium currents in 5-HT
neurons, it lends itself equally well to capturing the effects of other subthreshold voltage-gated
currents. We note that, as in other methods based on linear regression of nonlinear ion
channel dynamics [138], adequate experimental estimates of the voltage-dependent gating
features of the conductance at play must be available to be inserted in the aGIF model.
Altogether, this expanded modeling framework adds to a toolset of computational approaches
for interrogating the role of particular microcircuit motifs (e.g., FFI) or excitability features
(e.g., spike-triggered adaptation) in shaping network computations, while lending itself to
more elaborate inference methodologies [135].

Could the dynamical features identified here have been captured by a simpler modeling
framework? Two closely-related approaches that we have not considered here are linear-

nonlinear (LNL) and generalized linear models (GLMs), which are trained using only the
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spike output and external input to each cell and do not consider the subthreshold voltage
[141, 211]. Despite the fact that the GLM approach was not possible here given the very
low firing rates of 5-HT neurons and the large number of action potentials required for
accurate characterization in the absence of information about the subthreshold voltage, it
is worth asking whether GLMs could in principle capture the network-level properties of
5-HT signaling. For instance, the role of spike-triggered adaptation in conveying preferential
sensitivity to suddenly changing inputs arises in GLMs [124], but the state-dependence of
the input derivative sensitivity identified in 5-HT neurons (Fig. 2.7) could not have been
captured by a GLM implementation. In summary, the GIF framework provides a more solid
foundation for network modeling than LNL- or GLM-based approaches for cell types with
very low firing rates or highly state-dependent output.

Does the aGIF modeling approach represent an unnecessary complication of the GIF
model framework or, conversely, an oversimplification of detailed Hodgkin-Huxley models?
GIF models that do not explicitly account for the effects of specific ionic conductances produce
highly accurate spiketrain predictions in many cell types [151, 152, 191, 192]; indeed, even in
5-HT neurons, the iGIF model predicts the timing of spikes with an accuracy equal to that
of our aGIF model. For questions where the biophysical mechanisms that regulate spiking
are not of primary interest and for systems where simpler LNL or GLM models are not able
to predict the timing of spikes accurately (e.g., due to low firing rates as discussed above),
non-augmented GIF models remain suitable tools. In our case, it would not have been possible
to probe the effect of I4 on the network-level processing features of the DRN without the
aGIF model.

2.3.2 Network level role of I, current

Previous modeling work has implicated [4 in controlling the sensitivity of the stationary
response to sustained inputs [155, 193-195]. These studies contrast with our findings which

implicate this current in the control of the transient component but show almost no effect
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on the stationary component of the response. This discrepancy can be explained by noting
that the AHPs of 5-HT neurons (and thus of our computational model) do not reach the
hyperpolarized potentials required to free I, from inactivation (Fig. 2.1 and Fig. 2.8), in
contrast to the model of Connor and Stevens [194]. As a result, /4 remains mostly inactivated
during sustained inputs, and the stationary response is mostly regulated by the interplay
between spike-triggered adaptation and the strength of the input. Other factors such as a
shift in the activation and/or inactivation curves (e.g., by neuromodulators) are expected to
influence how 4 controls the transient and stationary components of the response. Finally,
it is interesting to note that I, is also highly expressed in the dendrites of cortical neurons,
where it may have an analogous function [212-215]. Our results hint at a possible general
role of I, in suppressing transient responses to sustained inputs in the midbrain, cortex, and

other systems.

2.3.3 5-HT neuron heterogeneity

5-HT neurons are not all alike in every respect: recent experimental work has uncovered
molecular, electrophysiological [27], developmental, and anatomical [36, 38] differences among
5-HT neurons across raphe nuclei and within the DRN (reviewed in [33]). Most relevant
to our work are previously reported quantitative differences in the excitability of serotonin
neurons located in the dorsomedial DRN, ventromedial DRN, and median raphe nucleus
[27]. These observations suggest that the predictions made by our model, which was fitted
primarily to serotonin neurons from the ventromedial DRN, may agree qualitatively but not
quantitatively with the behaviour of 5-HT neuron ensembles in these areas. While there is
not yet any evidence that serotonin neurons in different parts of the serotonin system perform
qualitatively different computational operations, this remains an intriguing possibility for

future work.
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2.3.4 Heterogeneous properties of SOM neurons ensure divisive
inhibition

How the heterogeneity of excitability influences the response properties of neuronal populations
depends on a number of factors. Specifically, we and others [216] have argued that heterogeneity
of feedback inhibition (and of principal cells) implements a divisive effect on the stationary
part of the population input-output function. For feedforward inhibition, a divisive effect
on the gain of stationary input-output functions is expected in naturalistic conditions [217].
The findings outlined here further support these theoretical results by showing that the
heterogeneous feedforward inhibition remains divisive on the transient part of the response.
Divisive inhibition has been proposed to be essential to counteract strong excitation so as
to maintain activity within an adequate dynamic range [120, 218], and it is expected that
brain circuits will harness cellular and circuit-level mechanisms to tune their sensitivity to
relevant inputs while maintaining overall stability. This point is germane to 5-HT neurons
given their position at the confluence of many excitatory input streams [17-19, 28, 38, 219].
Thus, while the exact behavioral function of the 5-HT system is still unclear, uncovering
important components of its gain control mechanisms might provide useful hints about how

it integrates its multifold inputs.

2.3.5 Neuromodulation of neuromodulation

Neuromodulators can dynamically reconfigure information processing in neural circuits that
are otherwise anatomically fixed [220, 221]. While 5-HT is considered to be a neuromodulator,
the DRN network is itself under neuromodulatory influence, both from distal (e.g., locus
coeruleus or ventral tegmental area) or local (e.g., endocannabinoids, 5-HT itself) sources
(17, 28, 32, 222, 223]. Whereas previous work has outlined defined cellular metrics that
are modulated by specific receptor subtypes (e.g., changes in release probability or direct

membrane depolarization/hyperpolarization), the consequences of these neuromodulatory
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influences on higher-order network computation are only superficially understood. Here, we
showcase two broad neuromodulatory mechanisms that enacts different effects on population
coding. Through simulations, we show that reducing the magnitude of 74 (which could be
caused for instance in vivo by noradrenergic input the DRN [197]) enhances the sensitivity
of the raphe response to the onset of step inputs while leaving the stationary firing rate
unchanged. In contrast, the cannabinoid-mediated preferential reduction of FFI onto 5-HT
neurons (caused by the tonic activation of DRN endocannabinoid receptors, as expected
to occur for instance during marijuana recreational or therapeutic use [28]) rather causes
a general reduction in the output gain of the DRN. Together with our simulations probing
the temporal derivative-encoding properties of this region, these observations point to a
conceptual model in which the output of the DRN represents a mixture of the intensity and
temporal derivative of its input where I4 controls the relative balance of the two components
and FFI regulates the overall intensity of the output, and where these functions can be rapidly
and independently tuned by neuromodulatory control.

Our heuristic model of the DRN helps to illustrate the unexpectedly multifaceted nature
of the computations performed by this evolutionarily ancient region, but, like most heuristics,
it remains an oversimplification. Some of the qualitative features of DRN processing emerging
from our simulations are not explained by our “input intensity plus temporal derivative”
heuristic (for example, the ability of FFI to modulate the temporal derivative-encoding
properties of the DRN, or the attenuation of these same coding properties by hyperpolar-
ization [Fig. 2.7]), presenting further opportunities to better understand the influence of

neuromodulation on network computation in this region.

2.3.6 Role of derivative encoding in reinforcement learning

The role of 5-HT signaling in modulating behavior is increasingly conceptualized through
the lens of reinforcement learning (RL) theory. Indeed, 5-HT output has been proposed to

loosely encode or modulate every component of classical RL [64, 176], including a reward
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signal [174], state value [24, 61], bias in state-action value [62], temporal discounting factor
(74, 224], prediction error ([73], but see [75]), and learning rate [25, 57], with varying degrees
of experimental support. Might the derivative-like computation described here have a place in
an RL-based conception of DRN function? For now, it is only possible to speculate. Existing
RL models of DRN function bin time in increments of tens of seconds, obscuring the faster
adaptation dynamics that are the subject of our work. How and whether the sub-second
fluctuations in DRN 5-HT neuron activity that are consistently observed in reward learning
experiments [23-25, 58, 174] should be incorporated into RL models remains unclear. Our
results suggest that RL operations that can be seen as computing a temporal derivative are

candidates for an RL-based account of DRN function.

If the electrophysiological features of individual 5-HT neurons directly participate in shap-
ing the computations enacted by the DRN, the same is likely true for other neuromodulatory
systems and this work may offer overall guiding principles. For instance, dopamine neurons,
well-known for their reward prediction error-like coding properties [70], bear some electro-
physiological features in common with DRN 5-HT neurons, with both cell types exhibiting
strong adaptation and a prominent A-type potassium current [225, 226]. Dopamine neurons
have been proposed to encode reward prediction errors partly by approximating a mixture of
a value signal and its temporal derivative [227], hinting at a possible role for adaptation in

implementing one of the central computations of RL.

If the derivative-like operation identified here does not directly contribute to computing
one of the key components of RL, what might its role in the DRN be? One possibility is that
strong spike-triggered adaptation may optimize the efficiency of neural coding by filtering out
temporally redundant information, a phenomenon referred to as predictive coding and that is
ubiquitous in sensory systems [111, 228-230]. As the search for a unified interpretation of
DRN 5-HT activity continues, our results provide a new perspective on the fast component
of 5-HT neuron dynamics: fluctuations in 5-HT neuron’s activity do not solely encode the

intensity of their input, but rather how quickly their inputs are changing over time.
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2.4 Materials and methods

2.4.1 Experimental methods

Animals

Experiments were performed on male and female C57/Bl6 mice aged 4-8 weeks. Slc6ad-
cre::Rosa-TdTomato (SERT-Cre) and Sst-cre::Rosa-TdTomato transgenic lines were used to
fluorescently label DRN 5-HT and somatostatin (SOM) GABA neurons, respectively. Animals
were group-housed and kept on a 12:12-h light /dark cycle with access to food and water ad
libitum. All experiments were carried out in accordance with procedures approved by the
University of Ottawa Animal Care and Veterinary Services (protocol numbers CMM-164,
CMM-176, CMM-1711, CMM-1743, and CMM-2737).

Slice preparation

Animals were deeply anaesthetized using isofluorane (Baxter Corporation) before being
euthanized by decapitation. The brain was quickly removed from the skull and submerged
into ice-cold dissection buffer containing the following: 119.0 mM choline chloride, 2.5 mMm
KCl, 4.3mM MgSOy, 1.0mM CaCly, 1.0mM NaH,POy, 1.3 mM sodium ascorbate, 11.0 mMm
glucose, 26.2mm NaHCOj3; saturated with 95% O5/5 % COq. A Leica VT1000S vibratome
was used to cut 300 pm coronal sections of midbrain containing the DRN or of the cortex
containing the mPFC in the same ice-cold choline dissection buffer. After cutting, slices were
placed in a recovery chamber filled with artificial cerebrospinal fluid (ACSF) containing the
following: 119.0mM NaCl, 2.5 mM KCI1, 1.3mMm MgSOy, 2.5mMm CaCly, 1.0mM NaHyPOy,
11.0 mM glucose, 26.2 mM NaHCO3; 298 mOsm, maintained at 37 °C, and continuously bubbled
with 95% Oy/5 % CO,. The recovery chamber was allowed to equilibrate to room temperature

for 1h before beginning experiments.
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In vitro whole-cell electrophysiological recording

Neurons were visualized using an upright microscope (Olympus BX51WI) equipped with
differential interference contrast and a 40x, 0.8 NA water-immersion objective. Whole-cell
recordings were obtained from fluorescently-labelled DRN 5-HT and SOM neurons and
unlabeled mPFC L5 pyramidal neurons using glass electrodes (Sutter Instruments; tip
resistance 4 MQ to 6 M(2). For most experiments, the following potassium gluconate-based
internal solution was used: 135mM potassium gluconate, 6.98 mMm KCI, 10mMm HEPES,
4mMm Mg ATP, 0.40 mMm GTP, 10 mMm Na phosphocreatine; adjusted to pH 7.25 with KOH,
280mOsm to 290 mOsm. A subset of experiments (GABA synaptic physiology) were carried
out using a cesium-based internal solution (120mm CsMeSOg3, 10mM EGTA, 5mMm TEA
Cl, TmmMm CaCly, 10mM Na HEPES, 4mMm Mg ATP, 2mM GTP, 2mMm QX-314, and 10 mM
Na phosphocreatine; adjusted to pH 7.25 with CsOH, 280 mOsm to 290 mOsm) and in
the presence of bath-applied 100 pM (2R)-amino-5-phosphonovaleric acid (APV) and 5pMm
2,3-Dioxo-6-nitro-1,2,3,4-tetrahydrobenzo|f]quinoxaline-7-sulfonamide (NBQX). For voltage
clamp experiments, whole-cell capacitance compensation was applied manually following break-
in, and leak current subtraction was performed post hoc using membrane leak conductance
estimated based on a —5mV pulse at the start of each sweep. Experiments were carried
out at room temperature except where noted. For current clamp experiments used to fit
GIF models, access resistance was compensated using an active electrode compensation
method [203]. For voltage clamp experiments used to characterize I, in 5-HT neurons at room
temperature, recordings had R, = 14.7 £ 6.2 MQ (mean + SD; half of recordings between
12.8 MS2 and 21.6 M(2) after applying an access resistance cutoff of 30 M) (a more stringent
cutoff of 20 M) yielded statistically indistinguishable estimates of 14 maximal conductance
and kinetic parameters; compare Fig. 2.1D and Fig. 2.12). For voltage clamp experiments
used to characterize whole-cell currents in SOM neurons, recordings had R, = 14.3 + 7.0 M(2
(mean + SD; half of recordings between 9.8 MQ2 and 15.5 M) after applying a similar cutoff

of 30 M(2. For synaptic electrophysiology experiments, recordings had R, = 5.7 &+ 0.5 M2
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(mean £+ SD; range 5.0 MS2 to 6.1 MQ) after applying a cutoff of 10 M2. Recordings were
collected with an Axon MultiClamp 700B amplifier and the analog signals were filtered at

2kHz and digitized at 10 kHz using an Axon Digidata 1550 digitizer.

2.4.2 Models

GIF and related models

The generalized integrate-and-fire (GIF) and Na-inactivation GIF (iGIF) models have been
described previously in detail [151, 203, 204]. Briefly, the GIF and iGIF are composed of a
subthreshold component which integrates input currents into voltage and a stochastic spiking

rule which transforms subthreshold voltage into a series of spikes. The subthreshold dynamics

of the GIF and iGIF are given by

C% = —0q (V(t) — El) — Z?’] (t - Ltl) + Ijm(f) (21)

£i<t
-t

L(m)

where {t;} is the set of spike times and n(t) = 3 i B}")e i is the spike-triggered adaptation

current. Here the ﬂ](-”) are coefficients estimated from the data and the T;”) are fixed hyper-
parameters; see appendix for details. The GIF emits spikes according to an inhomogeneous

Poisson process with intensity A(¢), given by

V() = Vi = 35yt — 1)

A(t) = Ao exp AV

(2.2)

™)
where V7 is the stationary threshold, v(t) =}, ﬁjme_t/ " is the spike-triggered threshold

movement (where the BJ(-’Y) are coefficients estimated from the data and the 7.7

;0 are fixed;

see appendix), AV is the threshold sharpness (mV; larger values increase the stochasticity
of spiking), and Ay = 1 Hz is a constant such that A(¢) is in units of Hz. In the iGIF, an

additional variable 0(t) is added to the numerator of the exponentiated term in Eq. (2.2) to
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account for voltage-dependent changes in threshold

V() = Vi = 35, v(t— 1) +0(2)

A(t) = Agexp AV
do 0(V)—0
e @

The equilibrium voltage-dependent change in spike threshold 0, (V') = Zjvjf P /B](-e)rect Vi Aj, Ajia]
is a piecewise constant function of voltage where each ﬁ](-e) defines the value of 0, (V') over the
voltage range [A;, A;+1) and Ngep, = 5. The locations of the steps in the piecewise constant
function A; are selected based on the data. (See [204] for details on the iGIF model.) Our
aGIF model is identical to the GIF model except that two Hodgkin-Huxley currents which

together capture the voltage-gated potassium currents found in 5-HT neurons (see “Potassium

current,” below) are added to the subthreshold dynamics given in Eq. (2.1), yielding

C— = —gq (V(t) = B) — La(t) = Ic(t) = > _n (t —t;) + Lng (1) (2.3)

t}<t

as the definition of the subthreshold dynamics of the aGIF model.

The procedures for fitting the GIF and iGIF models to electrophysiological data have also
been described previously in detail [151, 203, 204]. Briefly, parameter estimation for both
models occurs in two stages: first, the subthreshold parameters are estimated by regression,
and second, the threshold parameters are estimated by maximizing the likelihood of the
observed spiketrain as a function of the threshold parameters. The fitting procedure for the
aGIF is very similar to that of the GIF, with adjustments to the subthreshold fitting procedure
to accommodate the extra terms in Eq. (2.3) (see appendix for details). Neurons with non-
stationary firing statistics (Pearson correlation between number of spikes and validation sweep
number 7 > 0.9) or highly variable spike timing (intrinsic reliability <0.1) were automatically

excluded from our analysis.
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LIF neuron with an inactivating potassium current

Our toy model of a neuron with an inactivating potassium current is based on a LIF augmented

with I4(t) (see “Potassium current” below):

C—r = —q(V({t) — Ei) — La(t) + Lin(2),

where g; and Ej are the leak conductance and reversal, respectively, and [;y;(t) is the external
input to the model. To reduce the number of free parameters, the model we used is non-
dimensionalized with respect to the membrane time constant Tpem = RmemC and leak

conductance ¢, yielding

v

== E =V (t) — gamoch (V(t) — Exc) + Vi (t)

where ¢ is in units of the membrane time constant, gy = ga/g; is the effective maximum
conductance associated with 14, and Viy;(t) = Iinj(t)/g; is the effective external input. The

gating variables m., and h are described below in “Potassium current”.

Potassium current

The voltage-gated potassium currents in 5-HT neurons were modeled in terms of an inacti-
vating current and a non-inactivating current we refer to as I4 and [, respectively. These

were defined as follows
Ly = gama(V) h(t) (V(t) — Bx)
(2.4)
Ik = gr e (V) (V(t) — Ex)
where g; is the maximal conductance; m and h are the activation and inactivation gates of I4,
respectively; n is the activation gate of Ix; and Ex = —101mV is the reversal potential of

potassium in our recording conditions. Note that although this value is not physiological, the

effect of varying this parameter is very similar to the effect of varying ga, as we have done
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in our results. For simulations involving models fitted to data collected at 29°C to 30°C,
Ex = —89.1mV was used. The equilibrium state of each gate x € {m,h,n} is a sigmoid

function of voltage
T 14 ek (VYY)

Too(V)

where V* is the half-activation voltage (mV), k, is the slope (mV '), and A, is a scaling

factor.

To keep the number of parameters in our current model to a minimum, we assumed that
the m and n gates have instantaneous kinetics (allowing their corresponding equilibrium
gating functions mq, and n., to be used directly in Eq. (2.4)), and that the h gate activates
and deactivates with a single time constant 75, (ms) that does not depend on voltage. The

time dynamics of the h gate are therefore given by

dh  he —h
dt_ Th ’

Quantification of single neuron model performance

R? was calculated based on the training set % predicted by the subthreshold component of
a given GIF model (Egs. (2.1) and (2.3), where the spike times ¢ were constrained to match
the data), excluding a small window around each spike (from 1.5 ms before to 6.5 ms after
in 5-HT neurons, and from 1.5 ms before to 4.0ms after in SOM and mPFC neurons). M}
was calculated based on validation set data as previously described by [231]. This metric is
defined as

2Ngm

* R
M= ——7-,
Ngq T Nmm

where ng, is the number of model-predicted spikes that occur within 8 ms of a spike in the
validation data, and n},; and n,,,, are the corresponding numbers of coincident spikes across
sweeps in the validation data and model predictions (where n}, is corrected for small sample

bias). M can be interpreted as the fraction of model-predicted spikes that occur within 8 ms
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of a spike emitted by a real neuron (the spike timing precision is set to 8 ms by inspecting the
relationship between precision and intrinsic reliability [232]), corrected such that the chance

level is 0 and perfect agreement between predicted and observed spikes is 1.

Population models

DRN network models were constructed by connecting a population of 400 SOM neuron models
to a population of 600 5-HT neuron models in a feed-forward arrangement. Population models
were bootstrapped by sampling with replacement from a bank of experimentally-constrained
GIF models. SOM neuron models were randomly connected to 5-HT neuron models with
a connection probability of 2%, such that the expected number of GABAergic synapses on
each 5-HT neuron model was 8. We used a conductance-based model of GABAergic synapses
with a fixed reversal potential of —76.7 mV, conductance of 0.3nS, and biexponential kinetics

with Tyise = 1.44mS, Tgecay = 26.0ms, and a propagation delay of 2.0 ms.

Simulated 5-HT populations with decreased or increased 4 were generated by setting g4 in
all single neuron models to 0 nS or 10 nS, respectively. DRN network models with homogenized
SOM neuron populations were created by setting all SOM neuron model parameters to their
respective median values from the bank of experimentally-constrained single neuron models.
Population models in which the adaptation mechanisms of 5-HT and SOM neuron models
were swapped were generated by randomly sampling a GIF model of the opposite cell type and
substituting in its adaptation filter coefficients B](d) and B](”). This procedure is summarized
in the following pseudocode:

for 5-HT _model in 5-HT _population do
SOM_model = random_choice(SOM_models)
5-HT model.eta.coefficients = SOM_model.eta.coefficients
5-HT _model.gamma.coefficients = SOM_model.gamma.coefficients

end for
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2.4.3 Numerical methods

Simulations were implemented in Python and C++ using custom-written extensions of
the GIF Fitting Toolbox (][203]; original code archived at https://github.com/pozzorin/
GIFFittingToolbox). Numerical integration was performed using the Euler method with a
time step of 0.1 ms for the GIF model and related models (to match the sampling rate of

electrophysiological recordings) and 0.0017,e, for the toy model of a neuron with 74.

2.4.4 Statistics

Statistical analysis was carried out using the SciPy and statannot (https://github.com/
webermarcolivier/statannot) Python packages. Non-parametric tests were used for all
two-sample comparisons (Mann-Whitney U test for unpaired samples and Wilcoxon signed-
rank test for paired samples). Non-parametric tests were chosen because we often had reason
to believe that our data did not come from a Normal distribution, either due to intrinsic
qualities of the data, such as being bounded between 0 and 1, or due to skewness apparent
in our samples. Whenever multiple tests were performed in the same figure panel, p-values

4*7, ¢>|<>l<7, c>|<>l<>:<77 and

were adjusted for multiple comparisons using the Bonferroni correction.
GRS are used in figures to denote statistical significance at the p < 0.05,0.01,0.001, and
0.0001 levels, respectively, and ‘o’ is used to indicate a trend towards significance (defined as

0.05 < p <0.1). Exact p-values are reported in the main text, and summary statistics are

presented as mean =+ standard-deviation. Sample sizes always refer to biological replicates.

2.4.5 Data and code availability

Raw data is available on Dryad at https://doi.org/10.5061/dryad.66t1glk2w. Code
to fit models, run simulations, and reproduce figures is available at https://github.com/

nauralcodinglab/raphegif.
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Figure 2.8: Firing patterns of four positively-identified 5-HT neurons. Note intermittent bursting
in the first cell.
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Figure 2.9: DRN SOM neurons are not homogenous. A Qualitatively different firing patterns
in three SOM neurons. B A burst-firing SOM neuron with a transient depolarizing current. C A
SOM neuron that does not fire bursts with a pronounced hyperpolarizing current. D Heterogenous
relationships between voltage history and spike timing across cells. Experiment is the same as in
Fig. 2.2. (D1) Representative experiment. Arrows indicate spike latency and initial voltage. (D2)
Normalized spike latency for N = 6 SOM neurons. (D3) Gaussian kernel density estimate of data
shown in D2. (D4) Gaussian kernel density estimate of data shown in Fig. 2.2F for comparison.
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Figure 2.10: Full distributions of membrane parameters listed in Table 1. Curves on the main set
of axes are Gaussian kernel density estimates.

Figure 2.11: Transient outward current found in 5-HT cells (I4) is sensitive to potassium channel
blockers. A Representative voltage-clamp trace showing attenuation of transient outward current in
a 5-HT neuron by the selective K,4-channel blockers Heteropodatoxin-2 and AmmTx-3. Currents are
leak-subtracted. B Attenuation of transient outward current in N = 3 5-HT neurons. C Time-course
of attenuation of transient outward current in a representative 5-HT neuron.
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Figure 2.12: Temperature-dependence of I, amplitude and kinetics in 5-HT neurons. A Transient
currents evoked by depolarizing steps in 5-HT neurons recorded at room temperature (RT; N = 10)
and 29°C to 30°C (N = 5). Traces in Al are also presented in Fig. 2.1C1. Gray trace in A2 was
excluded from further analysis due to lack of a clearly-defined transient current (based on same
criteria as in Fig. 2.1D). B Comparison of amplitude and kinetic parameters extracted from traces
in A. Each point is one neuron. Room temperature (blue) data are also presented in Fig. 2.1D.
Recordings with access resistance >20 MS2 were excluded (included room temperature recordings had
access resistance of 12.1 £ 4.0 M{2, 29°C to 30 °C recordings had access resistance of 13.2 4+ 5.2 MQ;
mean + SD).
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Figure 2.13: Characterization of voltage-dependence of I4 in 5-HT neurons. A Experimental
protocol. Voltage command designed to reveal voltage-dependent activation and inactivation of I4
(left) and representative leak-subtracted and capacitance-corrected current trace (blue, top right)
aligned to voltage command (gray, bottom right). Parts of the voltage trace used to fit the activation
(Mmoo ), inactivation (he ), and non-inactivating (n.) gates (see Methods) are indicated. B Gating
curves extracted from N = 13 neurons. g is the maximal conductance observed for each cell (i.e.,
the conductance at V = —20mV for ms and n, and at —80mV for he,). Dashed lines indicate
boltzmann functions with parameters given in Table 2.
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Figure 2.14: Temperature-dependence of the gating of 4. Squares indicate data collected at
room temperature (RT) reproduced from Fig. 2.15. Circles indicate recordings at 29°C to 30°C
(N = 13 5-HT neurons). Solid lines indicate boltzmann functions. Activation A, inactivation B, and
non-inactivating C gates (see Methods and Fig. 2.13).
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Figure 2.15: Parameter and temperature-dependence of the effect of 4 on spike-timing. A, B A
toy model neuron with I4 predicts a non-linear relationship between voltage-history and latency
to the first spike evoked by a step input. Setup is the same as in Fig. 2.2A-C. C-F I4 causes an
increase in spike latency and jitter in the presence of noise. Models are the same as in A and B,
setup is the same as in Fig. 2.2G-I. Effective I4 conductance and inactivation time constants were
chosen to match experimentally-determined values for 5-HT neurons: the toy model with 14 at
room temperature (RT) has an effective I4 conductance g4 /g; = 11.4 and effective inactivation time
constant 7j,/Tmem = 0.545, the toy model with 74 at 29°C to 30°C has an effective T4 conductance
G'y/91 = 4.54 and effective inactivation time constant 7j,/Tmem = 0.941. Gating parameters are taken
from Fig. 2.14.
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Figure 2.16: Representative training and validation sets for all cell types. In all cases, training and
validation sets consisted of frozen Ornstein-Uhlenbeck (OU) noise with a sinusoidally-modulated
variance. Noise was rescaled to evoke subthreshold fluctuations of approximately equal amplitude
across individual neurons and cell types. A Representative dataset from a 5-HT neuron using
OU noise with a time constant 7 = 50 ms and variance modulations with a period of 5s. B, C
Representative datasets from SOM and mPFC neurons using OU noise with a time constant of
7 = 3ms and variance modulations with a period of 100 ms. Note that the number and duration of
sweeps in the training and test sets varied between cell types, as shown. In 5-HT and SOM neurons,
training and validation sweeps were interleaved such that each training sweep would be followed
by three of the nine validation sweeps. In all cases, active electrode compensation (see) [203]) was
applied based on a single 10s sweep of frozen OU noise with 7 = 3 ms before fitting and validating
GIF models.
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Figure 2.17: Whole cell currents observed in mPFC neurons. A Voltage clamp protocol. Same
as in Fig. 2.1C. B Leak-subtracted whole-cell currents from N = 6 L5 mPFC pyramidal neurons
(top) and voltage command (bottom). Recordings were carried out in the presence of bath-applied
tetrodotoxin (TTX).
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Figure 2.18: The aGIF model accurately predicts the subthreshold voltage and firing patterns of
5-HT neurons recorded at room temperature (RT) and 29°C to 30°C. A Representative validation
data and aGIF model predictions for a 5-HT neuron recorded at 29°C to 30°C. Compare with
Fig. 2.3D2. B, C Quantification of model performance in terms of R? on the training subthreshold
voltage derivative and on the validation spike-train similarity metric Mj. Room temperature data
from Fig. 2.3F are presented for comparison, but note that differences across experimental conditions
(i.e., room temperature vs. 29°C to 30°C) in B may be due to confounds such as recording noise.
Room temperature N = 18, 29°C to 30°C N = 18.
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Figure 2.19: Additional features extracted from single neuron models. A Passive membrane
filter. Presented as median and interquartile range, as in Fig. 2.4C, D. B Spike threshold features:
stochasticity scaling factor (AV, also known as the threshold width; larger values indicate greater
stochasticity) and distance to threshold (V;i — Viest).
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Figure 2.20: Temperature-dependence of features extracted from aGIF models fitted to 5-HT
neurons. A Spike threshold features. B Adaptation strength. Two aGIFs fitted to data collected at
29°C to 30°C with ~ integral < 0 are not shown for clarity, but are used in statistical tests. (C-E)
Passive membrane C, spike-triggered current D, and spike-triggered threshold movement E model
filters. Data are presented as median and interquartile range, as in Fig. 2.4 and Fig. 2.19. Data from
Fig. 2.4 and Fig. 2.19 are shown in blue for comparison. N = 18 models fitted to data collected at
room temperature (RT), N = 18 models fitted to data collected at 29°C to 30°C.
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Figure 2.21: Responses to fast and slow inputs are robust to increases in input baseline. Square
step is the same as Fig. 2.5C but with 40 pA background input. Note strongly-adapting population
firing rate in 5-HT neurons.
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Figure 2.22: Strong responses of neuron populations to sudden inputs are due to a non-linear
filtering effect. A 5 Hz square wave is applied to each simulated population on top of a constant
40 pA input. Population firing rate shows the mean of N = 20 independent simulations. Bottom
row shows the population firing rate (in arbitrary units) predicted by a linear population coding
model (a monoexponential filter with a time constant equal to the mean membrane time constant
of the corresponding cell type applied to the input signal). Note that the start of the square wave
component of the stimulus is amplified by the simulated neuron populations (second row from
bottom) but not by the linear model (bottom row).
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Figure 2.23: Simulated population input-output functions across cell types. A Simulated 5-HT
neuron population. B Simulated homogenous population of 5-HT neurons. 5-HT neuron models
were homogenized by setting each parameter to its median value across all aGIF models fitted
to 5-HT neurons. Note oscillations. C Simulated SOM neuron population. D Simulated mPFC
neuron population. Note that the f/I curves of (heterogenous) 5-HT and SOM neuron populations
are approximately linear in the simulated input range (A and C). See Fig. 2.5D for a schematized
version of this figure.
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Figure 2.24: Characterization of GABAergic synapses on 5-HT neurons used to constrain network
model. All recordings were carried out in 100pM APV and 5 M NBQX to block glutamatergic
synapses. A Representative electrically evoked inhibitory post-synaptic currents (eIPSCs) recorded
from a 5-HT neuron. Stimulus artefact can be seen just before the start of the synaptic current.
B Voltage dependence of elPSC amplitude in N = 3 5-HT neurons. Observed reversal potential
is —44.6 mV, consistent with a GABA receptor-mediated chloride current under our recording
conditions. C Fitted decay time constants of elPSCs from N = 3 5-HT neurons held at 60 mV.
D Biexponential GABA synapse model used in DRN network models overlaid on eIPSCs from
N = 3 5-HT neurons. Model uses Tyjse = 1.44m8, Tgecay = 26.0ms, and conductance 0.3nS (see
F). E Representative unitary IPSCs recorded in a 5-HT neuron held at 20mV. F Distribution of
unitary GABA synaptic conductance in 5-HT neurons extracted from unitary IPSCs. Each curve
represents N = 308 to 448 unitary IPSCs from a single neuron. IPSC amplitude was converted
to units of conductance using g = V%erev7 where g is the synaptic conductance, A is the IPSC
amplitude, V = 20mV is the holding potential, and Vie, = —44.6 mV is the reversal potential of the
synaptic current (see B).
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Figure 2.25: Temperature-dependence of simulated 5-HT neuron population gain. A Input-output
function of a simulated population of 5-HT neurons composed of aGIF models fitted to data
collected at 29°C to 30°C. Note that the population f/I curves are approximately linear (A2)
and that adaptation is apparent in the time-dependent gain curve (A3). Compare with Fig. 2.23A.
B Temperature-dependence of time-dependent gain. Data from Fig. 2.5E is shown in blue for
comparison. N = 20 independent simulations.
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Figure 2.26: Temperature-dependence of temporal derivative encoding by simulated 5-HT neuron
populations. A When a depolarizing background input is applied, the peak firing rates of simulated
5-HT neuron populations composed of aGIFs fitted to data collected at room temperature and 29 °C
to 30 °C linearly encode the slope of a ramp input. Simulation setup is the same as in Fig. 2.7. Data
from Fig. 2.7C is presented in blue for comparison. B, C Relationship between peak population
firing rate and ramp stimulus slope across a range of input baselines. Data from the 0 pA and 40 pA
rows are presented in Al and A2, respectively. Darkening colour from left to right across a row
indicates a positive relationship between the temporal derivative of the input and population firing
rate (a phenomenon we refer to as derivative encoding).

80



MaNuscRrIPT I: THE DRN CoMPUTES RATE OF CHANGE

Figure 2.27: Toy model of temporal derivative encoding by the DRN. A Toy models that predict
the 5-HT population firing rate r(¢) (blue) as a function of both the intensity of the applied
stimulus and its temporal derivative (red) or the intensity of the stimulus alone (dashed green)
make similar predictions for slowly-changing inputs (A1) but very different predictions when the
input is increasing quickly (A2, A3). Note that when the input decreases quickly at the end of the
ramp (dI /dt < 0), the population firing rate drops to approximately the 0 Hz neuron~! boundary
while the toy model that accounts for the derivative of the input predicts a very negative firing
rate and the toy model that ignores the derivative predicts a return to the baseline firing rate
(A3, black wedges). B Toy models that do and do not account for the temporal derivative of the
input predict the 5-HT population firing rate with similar accuracy for slowly-increasing inputs
(0pAs~! < dI/dt < 50pAs~!), but the model that accounts for the temporal derivative makes
more accurate predictions for inputs with a larger positive temporal derivative. Note that the
performance of both models degrades at larger values of dI/dt, possibly reflecting sensitivity to
higher moments of the stimulus or passive membrane filtering not accounted for by our toy models.
The toy models are defined as r(t) = By + 1 I(t) + B2 dI/dt, where By = 0.073 Hzneuron™! and
B1 = 0.036 Hz neuron—! pA~1t. 35 is set to 0.0095 Hzneuron~! pA~! in the toy model that accounts
for the temporal derivative of the input (red) and 0 Hzneuron ! pA~! in the model that does not
(dashed green). Coefficients were estimated via a weighted least-squares fit to data from simulations
shown in Fig. 2.7 using a stimulus baseline of 40 pA and DRN network models that included FFI.
Only data from the ramp portion of the stimulus (excluding 25 ms at the start and end of the ramp
to account for smoothing artifacts) was used for fitting and performance evaluation, but the traces
in A show that the toy models also accurately predict the baseline firing rate. Weights were set such
that all ramps contributed equally to coefficient estimates.
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Supplementary methods

Details of the procedure used to fit the parameters in the subthreshold component of the

aGIF model described in Harkin et al. (2021).

2.5 Definition of aGIF model subthreshold dynamics

The subthreshold dynamics of the aGIF model are given by

av _ _ .
ii<t
where V() is the membrane voltage, [iyj(t) is an externally applied current, Dy = V() — E
is the driving force on potassium, and »; _, n(t — t;) is the adaptation current  summated
over all past spikes {f; € S : {; < t} (S is the set of all spike times).

The adaptation current produced by a single spike n(t — ;) is implemented as a sum of &

exponentials given by

Z?:l U)je_(t_fi)/Tj if ¢t > tAZ
n(t —t;) = (2.6)
0 otherwise,

where the timescales 7,7y, ..., 7x are treated as hyperparameters. If we substituted this
implementation of 7 back into Eq. (2.5), the term associated with the spike-triggered current

DNt — t;) would become D it Zle wje~ =4/ This double sum can be written more
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concisely as

S onft— i) =3 wiy(t), (2.7

fi<t
where 7);(t) = >2; e~(=1)/7i is a basis for the adaptation current over the timescale 7;.
Substituting the definition of the adaptation current from Eq. (2.7) into Eq. (2.5), we
obtain a detailed definition of the aGIF model subthreshold dynamics as follows:
v 1

dat 5( —a(V(t) = Ei) — gamochDg — Grnes Dk — wiip(t) — -+

~ () + (). (25)
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2.6 Estimating aGIF model subthreshold parameters

Given a training dataset D = {(V(¢), [in;(¢)) : 1 < ¢t < T}, knowledge of the equilibrium
gating functions mee, hoo, and n, and appropriate choices of 7, 7, ..., 7% in 7, our goal is to
estimate the remaining parameters in Eq. (2.8); namely, g;,C, Ej, ga, §x, w1, ..., wg, and 7y,
where 7, is the time constant of the inactivation gate h. Fortunately, all of these except for

T, can be estimated easily using linear regression.

We begin by rewriting Eq. (2.8) as the product of a row vector of predictors x and a

column vector of coefficients 3 as follows

dV
=X B (2.9)
_ - T _ -
V(1) —q/C
1 glEl/C
IR N (2.10)
() —w,/C
Mk (1) —w/C
i Lini(t) | i 1/C |

We solve this subject to ¢;, C, ga, gk > 0 using scipy.optimize.lsq linear.

Next we turn to the question of calculating all of the components of x. Because Eq. (2.8)
only reflects the subthreshold dynamics of the aGIF model, we begin by removing all time
points in D within a small window around each spike (from 1.5 ms before each spike until
the end of the absolute refractory period). Given the voltages in the cleaned dataset and
the set of spike times, it is simple to calculate mqo, hoo, Moo, Dk and 7;(t). To calculate h for

each time point, we order the values of h,, according to time and integrate h numerically
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using a fixed time step, and the initial condition A = h.,. This has the effect of assuming
that the dynamics of the h gate are paused just before each spike and resumed at the end of
the refractory period.

The variance explained by the subthreshold model is a non-convex function of 7,. We
therefore conducted a line search over plausible values of 7, and chose the value associated

with the highest variance explained. This is equivalent to solving

v dv
in |22 — 22 2.11
AW T (2.11)

where 0 = (3, 13).
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Table 2.3: Single neuron model hyperparameters. For more details on the iGIF model hyperparam-
eter 1y, see Mensi et al. (2016).

Model Parameter Symbol Cell type Value (ms)
All 71 timescales T, Ty ey T All 3, 10, 30, 100, 300, 1000, 3000
All ~ timescales None All 3, 30, 300, 3000
All Refractory period None ES), é{l\'}; & mPFC 2’8
iGIF  Candidate To All 1, 2, 5, 10, 22, 46, 100
threshold-
coupling
timescales
aGIF  Candidate inacti- 7, All 10, 13, 18, 25, 33, 45, 61, 82, 111, 150

vation timescales
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Chapter 3

Serotonin predictively encodes value

What I cannot create, I do not
understand.

Richard Feynman

87



MAKING SENSE OF SEROTONIN THROUGH SPIKE FREQUENCY ADAPTATION

This chapter is reprinted from a previously-published work.

Citation

Copyright
authorization

Statement
of contributions

E.F. Harkin, C.D. Grossman, J.Y. Cohen, J.-C. Béique, and R. Naud.
Serotonin predictively encodes value. bioRziv. (2023)

Reproduced with permission from bioRxiv under the Creative Commons
Attribution license (CC BY 4.0). Excerpts from Cohen et al. [24],
Zhong et al. [58], and Matias et al. [57] are included under the Creative
Commons Attribution license (CC BY 4.0). An excerpt from Paquelet
et al. [39] is included under the Creative Commons Attribution
NonCommercial NoDerivs license (CC BY-NC-ND 4.0) with kind
permission from Bradley Miller. See Section 3.4.8 for details.

I conceptualized the project, created the model, performed all simula-
tions and data analysis, performed mathematical analysis, created all
figures, and wrote the first and final drafts of the manuscript as well as
all drafts of the discussion section.

Richard Naud provided supervision, funding, and extensive in-
put on all aspects of the project as well as performing mathematical
analysis and writing the intermediate draft. Jean-Claude Béique
provided extensive input and helpful discussion throughout the project,
as well as detailed comments on the manuscript. Cooper Grossman and
Jeremiah Cohen provided data and validated the design of our analysis.
Cooper Grossman provided helpful discussion and extensive input on
comparisons with the uncertainty model, significantly strengthening
this aspect of the work. Jeremiah Cohen provided helpful discussion
and detailed input on the manuscript.

88


https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by-nc-nd/4.0/

MANUSCRIPT II: SEROTONIN PREDICTIVELY ENCODES VALUE

Abstract

The in vivo responses of dorsal raphe nucleus (DRN) serotonin neurons to emotionally-
salient stimuli are a puzzle. Existing theories centred on reward, surprise, or uncertainty
individually account for some aspects of serotonergic activity but not others. Here we find
a unifying perspective in a biologically-constrained predictive code for cumulative future
reward, a quantity called state value in reinforcement learning. Through simulations of trace
conditioning experiments common in the serotonin literature, we show that our theory, called
value prediction, intuitively explains phasic activation by both rewards and punishments,
preference for surprising rewards but absence of a corresponding preference for punishments,
and contextual modulation of tonic firing—observations that currently form the basis of
many and varied serotonergic theories. Next, we re-analyzed data from a recent experiment
and found serotonin neurons with activity patterns that are a surprisingly close match: our
theory predicts the marginal effect of reward history on population activity with a precision
<0.1 Hzneuron™!. Finally, we directly compared against quantitative formulations of existing
ideas and found that our theory best explains both within-trial activity dynamics and
trial-to-trial modulations, offering performance usually several times better than the closest
alternative. Overall, our results show that previous models are not wrong, but incomplete,
and that reward, surprise, salience, and uncertainty are simply different faces of a predictively-
encoded value signal. By unifying previous theories, our work represents an important step
towards understanding the potentially heterogeneous computational roles of serotonin in

learning, behaviour, and beyond.
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3.1 Introduction

What do the activity patterns of serotonin neurons encode? Over a quarter-century ago,
Schultz, Dayan, and Montague [70] persuasively argued that the phasic activity of dopamine
neurons might encode the reward prediction errors (RPEs) of reinforcement learning (RL)
theory [64]. Given the deep connections between the dopamine and serotonin systems, both
of which are neuromodulatory systems with important and well-studied roles in regulating
mood, learning, and behaviour [233], it is surprising that no single account of the responses

of serotonin neurons enjoys a similar level of support.

There are several possible reasons for this lack of consensus. One possibility is that
the serotonin system is not a monolith, but rather a heterogeneous collection of partially-
overlapping sub-systems with diverse coding features [33, 38, 39]. Another possibility, in
no way mutually-exclusive, arises from the fact that experimental and theoretical work in
the serotonin field, including our own, has been deeply shaped by the potentially incorrect
assumption that the activity patterns of serotonin neurons can be divided into phasic and
tonic components that reflect essentially unrelated quantities [73, 154, 158, 233, 234]. This
separation of timescales is reflected in the currently fragmented picture of the dominant
tuning features of serotonin neurons. Rejecting this assumption could lead to more clarity

about serotonergic function within and across raphe sub-systems.

Over the past decade, detailed experimental characterizations of the diverse in vivo
responses of genetically-identified serotonin neurons to emotionally-salient stimuli have
revealed some common themes in their tuning features, even if these patterns remain difficult
to interpret. In trace conditioning experiments, the activity patterns of serotonin neurons are
dominated by phasic bumps, plateaus, or ramps preceding expected rewards that emerge over
the course of learning and diminish during reversals (Fig. 3.1A; 24, 39, 57, 58), modulation
of tonic activity by reward or punishment context (Fig. 3.1B; 24), a phasic preference for

unpredicted over predicted rewards (Fig. 3.1C; 24, 57), and phasic activation by punishments
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Figure 3.1: Summary of qualitative tuning features of serotonin neurons captured by predictive
value coding model. Curves indicate the activity of serotonin neurons over time, measured either as
firing rate [24] or calcium fluorescence [39, 57, 58]. A Phasic activation by predicted rewards over
short timescales [24] emerges gradually during learning [39, 57, 58]. Depending on the experiment,
activity takes the form of a phasic cue-associated peak followed by a plateau (left; 24, 57), or a ramp
leading up to reward (right; [58]). B Tonic activity modulated by reward or punishment context over
long timescales [24]. C Stronger phasic activation by unpredicted (right) compared with predicted
(left) rewards [24, 57]. D Phasic activation by punishments whether predicted (left) or not (right)
[24, 39, 57].

whether predicted or not (Fig. 3.1D; 24, 39, 57). To explain aspects of these observations,
serotonin neurons have been proposed to encode current or future reward [Fig. 3.1A [61] or,
separately, B [24], but not D], surprise [Fig. 3.1C but not D [57]], or salience [Figure 3.1D but
not C [39]]. The reward [61], surprise [57], uncertainty [25], and salience [39] theories do not
offer detailed predictions about the dynamics of serotonin neuron activity, nor can any of them
individually account for all of their dominant tuning features (Table 3.1). Other serotonergic
theories related to persistence [56], confidence [62], learning rate [87], and discounting [74, 224]
focus on explaining the effects of serotonergic manipulations on behaviour and do not connect
directly to the naturalistic tuning features of these cells (but see 25). Even the best established

tuning features of serotonin neurons therefore lack a consistent interpretation.

Here we argue that existing qualitative serotonergic theories are incomplete, not incorrect,
and that reward, surprise, salience, and uncertainty are simply different aspects of a single
quantity encoded in the activity patterns of serotonin neurons. To formulate a consistent

interpretation of the dominant reward and punishment tuning features of serotonin neurons
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outlined above, we combine top-down ideas from theories of RL [64] and predictive coding
[65, 122] with recent bottom-up insights into the computational features of the DRN [158].
We hypothesized that serotonin neurons predictively encode a weighted average of future
reward, a quantity referred to as state value in RL, via the dominant biophysical feature of
this cell type: exceptionally strong and long-lasting spike frequency adaptation. We formalize
this hypothesis in a quantitative model that we refer to as as the value prediction theory of
serotonin.

To test our value prediction theory, we simulate trace conditioning experiments common in
the serotonin literature [24, 25, 57, 58] and show that our model provides a consistent account
of the main established tuning features of these cells. We also interpolate and extend previous
results, providing intuitive mechanistic connections between seemingly unrelated observations,
resolving apparent conflicts in the literature, and making experimentally testable predictions.
Next, we re-analyze a recently-published dataset from a trace conditioning experiment
[235], finding activity patterns consistent with our hypothesis. Finally, to counter our own
confirmation bias, we explicitly compare against quantitative formulations of previous theories
and find that value prediction best explains the data by a large margin. Our theoretical and
empirical results reveal a surprisingly precise quantitative code for value in the serotonin

system.

3.2 Results

3.2.1 Predictive encoding of value signals

Reinforcement learning describes the process by which an agent learns a policy for controlling
the state of its environment S, s in order to maximize reward R,r (Figure 3.2A; 64). For
example, a mouse learning which lever to press to obtain a food pellet in an operant con-
ditioning experiment. RL conceptualizes the reward estimate as a mapping from states to

future rewards referred to as a value function v(s) (Figure 3.2B). For simplicity, here we focus
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Figure 3.2: Computing future reward. A High-level overview of reinforcement learning (RL; 64). B
A value function v(s) is a mapping from states to future rewards. The value function can be used to
drive decision-making (right): by comparing the values of future states, the agent can make choices
that lead to rewards [92, 97]. C A value signal v; is the result of evaluating the value function v(s) at
the current state s; over time. The value signal can be used to drive learning (right): by increasing
the probability of taking an action in proportion to the value signal just after the action is taken,
the agent can learn to take actions that lead to rewards [93]. D Normative definition of a value
function as the expected sum of discounted future rewards, referred to as the true value v(s). E The
estimated value function ©0(s) approximates the true value on the basis of past rewards. F Predictive
value coding model. The dorsal raphe nucleus (DRN) receives a distributed value signal as input,
summates its components, and predictively-encodes the result. (Note that although a distributed
value code is illustrated, similar to Fig. 2 in ref. 70, it is also possible that the value signal originates
in a single upstream region.) The predictively-encoded signal consists of a mixture of the original
value signal and its time derivative f(v(t)) ~ a% + v(t), a transformation implemented by strong
spike-frequency adaptation in serotonin neurons [158]. Predictive coding can easily be reversed
via leaky integration in downstream regions to recover the original value signal (Section 3.13). G
Adaptation-based predictive coding model. See Methods.
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on the state value v(s) which is equivalent to the average ¢q(s, a) value of actions a available

in state s (Section 3.6).

Value functions have been central to RL since the very beginning [97]. One particularly
well-known use of value functions is to compare the estimated rewards associated with different
hypothetical courses of action (for example, pressing different levers) in order to select the
action most likely to lead to the greatest reward (Figure 3.2B right; 236, 237). A lesser-known
application is the evaluation of the current state s; over time, yielding what we call a value
signal v; = v(s;) (Figure 3.2C). Such a value signal is time dependent because the state is
continually changing, a feature exploited by temporal difference learning to gradually refine
the estimated values of past states [238, 239]. Apart from value learning, value signals can
be used to directly reinforce recent actions [93, 94] or promote persistence [236, 240]. Here
we present evidence of a close match between the activity patterns of serotonin neurons and
value, leaving the question of how value might be used to drive learning and behaviour for

future work.

Specifically, we focus on a value signal defined as the expected total discounted future

reward in the present state

o0

Z 'ViRt-&-i—H

=0

UtE]E

Sy = St] , (3.1)

where R; is the random reward obtained at time ¢, 0 <y < 1 is a discrete time discounting
factor that controls the relative weighting of imminent and distant rewards (imminent rewards
are weighted more heavily when « is closer to zero), and E [X|Y = y] denotes conditional
expectation. Intuitively, it represents a weighted average of future rewards, with closer rewards
being weighted more heavily depending on the degree of discounting (Figure 3.2D). The
size of the window within which future rewards are summed to calculate the value can be
quantified with the discounting timescale 7, defined as 7 = —dt/In~y, where dt is the duration

of a discrete time step.
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The above definition of a value signal in terms of future reward is precise, extremely
general (Section 3.6), and conceptually simple, but unrealistic: animals do not generally have
perfect knowledge of future rewards. We therefore distinguish between signals calculated on
the basis of future rewards, which we refer to as true value (Figure 3.2D), and more realistic

ones learned from past experience, which we refer to as estimated value (Figure 3.2E).

We propose that the firing rates of serotonin neurons present a predictive code for
an estimated value signal (Figure 3.2F). Recently, we showed that potent spike-frequency
adapation dominates the signal processing features of the DRN [158]. This removes the part
of the signal that is similar to past output, a redundancy-reduction scheme sometimes called
predictive coding (65, 122, see 123 for review). In a simplification of this previous work, here

we model the firing rate output of the DRN as

pr =ReLU [(1+ A) vy — Awy,

where ReLU[z] is the rectified linear function used to ensure the firing rate is non-negative, A is
a parameter controling the strength of adaptation, and w; is the adaptation variable, which has
a subtractive effect on the output firing rate. We model adaptation as an exponential moving
average of past activity (Figure 3.2G and methods). To build an intuition for this model,
consider that, from a computational perspective, adaptation can be seen as implementing
temporal differentiation [126, 158]. As a consequence, the firing rates of serotonin neurons

reflect a mixture of value and its rate of change.

Our main result is that this predictive coding process induces a qualitative change in
the value signal. Adaptation has the effect of exaggerating sharp transients, often leading
the encoded signal to over- or under-shoot its apparent target (illustrated schematically in
Figure 3.2G, simulations in the next section), and hiding the connection between serotonergic

activity patterns and value.
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3.2.2 Value prediction during trace conditioning

To examine the temporal evolution of this signal in an experimental setup common in the
serotonin literature, we simulated our model under trace conditioning. Trace conditioning
experiments consist of a series of trials that begin with a sensory cue (e.g., an auditory tone or
an odour) and end in a reward (typically a drop of water) with a short delay (~2s) separating
the two [24, 57, 58]. In this experimental paradigm, true value signals take four distinct
phases (see Methods): 1) jumping to a higher value upon receiving the cue since the cue
indicates a reward is coming, 2) ramping upward between the time of the sensory cue and
the reward delivery due to the effects of time discounting, 3) falling during the reward epoch
as the future reward left to collect disappears, and 4) staying at a constant non-zero value

during the inter-trial interval as the animal waits for the next randomly-timed trial to begin

(black line in Figure 3.3A).

These four phases are altered by predictive coding, especially phase 2) where the ramping
upward is preceded by the adaptation from the cue-triggered jump and phase 3) where the
return to baseline is accompanied by an undershoot (blue line in Figure 3.3A). Multiple
research groups have shown that serotonin neurons are transiently activated by reward-
predicting cues in vivo (24, 57, 58; e.g., Figure 3.3B inset; schematized in Figure 3.1A).
Previous value and reward-based serotonergic theories cannot explain this phasic activity
(black line in Figure 3.3A), leading to proposals that serotonin might encode some other
quantity (e.g. surprise 57). In value prediction, phasic cue-associated firing emerges naturally
as a result of adaptation (blue line in Figure 3.3A). Unlike previous models, our theory further
predicts a subtle, counter-intuitive drop in activity during the reward epoch to complement
phasic activation by the cue. Interestingly, this phenomenon is visible in raw experimental
data presented in the literature [24, 57, 58], but is generally not quantified. In short, value
prediction through adaptation explains why serotonin neurons are phasically activated by

reward-predicting cues (Figure 3.1A) and predicts that serotonin neurons should exhibit
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decreasing/below baseline activity during reward consumption.

3.2.3 Value prediction captures response to punishments

A significant problem for value and reward-based serotonergic theories is that serotonin
neurons are often activated by both rewards and punishments [24, 39, 57]. Since punishments
can be seen as negative rewards R; < 0, and value represents an estimate of future reward
(Figure 3.2D), then serotonin neurons should be inhibited by punishments — not activated —

if they encode a simple value signal (black line in Figure 3.3B).

In contrast, activation by punishments is expected under the value prediction theory.
This is because predictive coding through adaptation (Figure 3.2G) creates an overshoot in
the level of activity as the punishment ends (blue line in Figure 3.3B). To understand why
this happens, recall that the effect of predictive coding through adaptation is to exaggerate
positive (and negative) transients in the underlying value signal. The value signal during
a punishment trial is the mirror image of the value during a reward trial (black lines in
Figure 3.3A and B), increasing as the punishment ends just as the reward trial value signal
decreases when the reward is consumed (3s to 4s post-cue in Figure 3.3A and B). Through
predictive coding, the fast increase in value during the punishment epoch is enhanced, causing

the encoded signal to briefly overshoot its baseline (~4s post-cue in Figure 3.3B).

The idea that predictively encoding a value signal creates a punishment withdrawal-
induced overshoot explains 1) why serotonin neurons are activated by punishments as well
as rewards [24, 39, 57], 2) why these seemingly opposite response features are positively
correlated across cells [24], and 3) why this activation occurs at the end of a punishment

rather than the beginning [38].
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Figure 3.3: Value prediction signals reward and punishment over multiple timescales. A ;B True
value signals (black) and their predictively-encoded counterparts (blue) for trace conditioning trials
terminating in either a reward (A) or punishment (B). Signals are shifted up by 0.5 AU to capture
background firing. Note resemblance between value prediction theory and firing rate of a genetically-
identified serotonin neuron from Cohen et al. [24] (B inset; modified from ref. Fig. 3A2; scale bar
5Hz, 1s). C ITI value reflects reward or punishment context. Simulated block length of 10 trials,
normalized reward and punishment sizes of 1 and —1, respectively, and all other parameters as
in D1 below. Note resemblance with the tonic firing rate of a serotonin neuron (right; modified
from ref. 24 Fig. 3B1; scale bar 3 Hz, 10 min). D Analytically-derived true value of the inter-trial
interval (ITI) is proportional to peak within-trial value. Heatmap shows ITI value as a function of
experimental design parameters (mean ITI duration / trial duration; vertical axis; ribbons are to
scale, gray represents I'TI duration and colours represent trial epochs) and agent parameters (trial
duration / discounting 7; horizontal axis). ITI value is presented as a fraction of the peak value
during the trial (i.e., value just before reward). Numbered panels at right illustrate the within-trial
dynamics of the true (black) and predictively-encoded (blue) value signals for various combinations
of experimental and agent parameters indicated on the heatmap. Note that predictive coding has no
effect on I'TT value because the time derivative of the value signal during the I'TT is zero. Since value
signals are normalized, different reward sizes can be accommodated by scaling traces. Trial structure
same as in A. See Figure 3.8 for an extended range of trial durations and discounting timescales.
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3.2.4 Tonic firing during inter-trial intervals reflects reward in

future trials

The phasic responses of serotonin neurons to rewards and punishments (Figure 3.1A and
D) have historically been difficult to reconcile with tonic activity that tracks reward and
punishment context (Figure 3.1B; 24, 76), spawning proposals that serotonin neurons may
multiplex unrelated quantities over short intra-trial and long inter-trial timescales [24, 25].
Value prediction explains these phasic responses (see above) while also predicting that tonic
activity should track reward and punishment context (Figure 3.3C, Section 3.10), unifying the

responses of serotonin neurons to rewards and punishments over short and long timescales.

More interestingly, our theory predicts that trial duration should have pronounced effects
on both inter-trial value coding and within-trial activity dynamics of serotonin neurons.
Analysis of our model shows that the proportionality between inter-trial and within-trial value
depends on two factors: 1) the mean duration of the ITI relative to the trial duration (vertical
axis in Figure 3.3D) and 2) the duration of the trial (defined as the time between cue onset
and reward delivery) relative to the discounting timescale of the animal 7 (horizontal axis in
Figure 3.3D). However, while the effect of ITI duration is surprisingly weak in the typical
experimental range (i.e., ITIs two to five times the trial duration; 24, 57, 58), the effect of
trial duration is quantitatively large and visually obvious. Specifically, when the trial duration
is shorter than the discounting timescale, we expect to see both phasic cue-associated activity
(Figure 3.3D1 and 3) and inter-trial value coding, while when the trial duration is longer than
the discounting timescale, we expect ramping within-trial activity (Figure 3.3D2 and 4) and
little to no inter-trial value coding. The transition between these two regimes is sharp and
occurs when the trial duration is roughly equal to the discounting timescale. Thus, the ratio
between the trial duration and discounting timescale controls both inter-trial value coding

and within-trial “peak and plateau” vs. ramping activity dynamics.

The effect of trial duration on within-trial activity dynamics and inter-trial value coding
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predicted by our model explains 1) why “peak and plateau” dynamics and tonic value coding
co-occur [24], 2) why experiments using longer trials sometimes produce ramping rather than
“peak and plateau” dynamics (compare 24 and 58; schematized in Figure 3.1A; but see 57),
and 3) why firing during the pre-reward epoch may decrease slightly as the trace duration

increases [241].

3.2.5 Value prediction explains reward-specific surprise

While little is known about the effect of trial duration on the pre-reward activity dynamics of
serotonin neurons, the effect of trial duration on the amplitude of the reward (or punishment)
response itself has received more attention. Compared with rewards delivered at the end of a
trace conditioning trial, serotonin neurons are more strongly activated by rewards delivered
spontaneously [24] or immediately following a cue [57]. This has been interpreted as evidence
for surprise coding [57], defined as activity that reflects an unsigned reward prediction error
|0:] = | Ry — v, which is believed to be important for learning [25, 57, 242]. However, because
the surprise/absolute RPE-like reward responses of serotonin neurons do not evolve on the
same timescales as dopaminergic RPEs ¢, [57], are smaller than corresponding dopaminergic
responses [24], and seem to be specific to rewards (Figure 3.1C and D; 24, 57), a different
explanation is needed.

To understand how surprise tuning for rewards might emerge, we simulated value prediction
under progressively shorter trace conditioning trials. As the trial duration shortened, the
adaptation-induced cue-associated peak began to overlap with the response to the reward
itself (compare Figure 3.4A1 and 2). This phenomenon becomes increasingly pronounced as
the trial duration falls below the effective timescale of adaptation (on the order of hundreds
of milliseconds; scan from left to right along the top of Figure 3.4B corresponding to the
green line in Figure 3.4C), and is maximally strong when the trial duration reaches the zero
lower bound, corresponding to an uncued reward (Figure 3.4A3).

It is difficult to differentiate absolute RPE from value prediction on the basis of reward
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responses alone because both theories predict stronger responses for surprising rewards
(schematized in Figure 3.1C). To rule out absolute RPE, we turn our attention to serotonergic
responses to punishments. Whereas the absolute RPE theory predicts that serotonin neurons
should respond most strongly to surprising punishments [57], just as they do for rewards,
serotonin neurons should have a very slight preference for predicted punishments under
value prediction (Figure 3.4A4-6, left to right along the bottom of Figure 3.4B, red line in
Figure 3.4C), consistent with experimental observations (57; schematized in Figure 3.1D).

To understand why value prediction implies reward-specific surprise tuning, recall that
punishment-associated activity is caused by punishment withdrawal under our theory (Fig-
ure 3.3B). Shortening the trial duration has no effect on the rate of punishment withdrawal,
and even causes the pre-punishment inhibition to slightly overlap the withdrawal-associated
peak if the trial duration is sufficiently short, leading to a small decrease in the punishment
response (Figure 3.4A4-6). The transition from surprise tuning to lack thereof occurs sharply
when the size of the reward passes below zero, but this is obscured by the relatively small
responses to near-zero rewards in our model (Figure 3.4B). As with rewards, the transition
to a slight preference for unsurprising punishments occurs when the trial duration drops
below the effective timescale of adaptation, such that reward and punishment responses are
expected to diverge markedly for trial durations on the order of hundreds of milliseconds or
less (Figure 3.4C).

These simulations show that value prediction explains surprise tuning for rewards that
reverses for punishments, thus providing a more complete account of serotonergic surprise

tuning than the existing absolute RPE theory [57].
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Figure 3.4: Predictively-encoded value resembles surprise and salience. A,B Reward responses
depend on reward size and cue timing. Reward response is defined as the baseline-subtracted
maximum DRN-encoded value signal within 1 s of cue onset (gray window). Trial duration is defined
as the time between the onset of cue and reward (gray arrow in 1). Sample traces 3 and 6 represent
uncued rewards and punishments, respectively. Signals are shifted up by 2 AU to capture decreased
activity during punishment trials. C Predictively-encoded value yields larger reward responses for
uncued vs. cued rewards but similar responses to uncued and cued punishments. Note resemblance to
reward-specific surprise coding from Matias et al. [57] (inset modified from ref. Fig. 7B; punishment
type: air puff). D Apparent salience coding is distinct from surprise. Whether cued or uncued,
reward responses extracted from predictively-encoded value signals are smaller for neutral outcomes
than both rewards and punishments. Note resemblance to salience coding from Paquelet et al. [39]
(inset modified from ref. Fig. 2D with kind permission from Bradley Miller; punishment type: bitter
quinine solution, reward type: sucrose solutions). Green and red lines in B and C are slices of data
from A as indicated on mini-heatmaps.
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3.2.6 Value prediction explains salience tuning for both surprising

and unsurprising stimuli

If surprise is defined in the serotonin literature as absolute RPE |d;|, then salience is defined
as the absolute size of the reward itself |R;|. We have already shown that value prediction
explains serotonergic responses to cued rewards and punishments (Figure 3.3A and B), a
type of salience tuning, but recent experimental work has focused on this phenomenon in the
context of uncued rewards and punishments [39].

To show that value prediction explains salience tuning for both uncued and cued rewards,
we simulated trace conditioning experiments using a wide range of trial durations and reward
sizes. We find stronger responses to both rewards and punishments compared with neutral
outcomes across all trial durations, consistent with salience tuning (Figure 3.4B). Interestingly,
the salience tuning effect is fairly balanced for cued rewards and punishments (“V”-shaped
red line in Figure 3.4D), whereas a clear preference for rewards emerges in very short trials
(“v”-shaped green line in Figure 3.4D). This reward preference can be explained by the
interaction of reward-specific surprise tuning (Figure 3.4C) with salience. Thus, evidence for

existing salience and surprise theories also supports value prediction.

3.2.7 Slow online learning

So far we have focused on the resemblance between predictively-encoded true value signals
and the in vivo activity patterns of serotonin neurons. However, it is unrealistic to think
that serotonin neurons signal true value, since this would require perfect knowledge of future
rewards (Figure 3.2D). Instead, serotonin neurons likely encode a value signal that is estimated
on the basis of past rewards (Figure 3.2E).

Does our focus on true rather than estimated value pose a problem for the results presented
above? To find out, we applied an online value estimation algorithm (van Seijen’s TD(\)

[96], see Methods) to a trace conditioning experiment consisting of hundreds of trials. The
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Figure 3.5: Online value estimation. A Estimation of value during 300 trials of trace conditioning.
Comparison between true value v; (black) and value estimated using TD(A) with Dutch eligibility
traces (shades of copper). Note that the estimated value signal converges to a close approximation
of the true value (right). B Value signals predictively encoded by the DRN. Scale bars: 5 min, 1
arbitrary value unit. Vignette above A modified from ref. Fig. 1G of Zhong et al. [58].

estimated value signal exhibited a ramp that gradually increased in amplitude, gradually
converging to a close approximation of the true value (Figure 3.5A), mirroring observed
activity of serotonin neurons in mice [57, 58]. The same was true of the predictively-encoded
estimated value (Figure 3.5B). Overall, estimated value signals resembled a true value template
rescaled by reward history. These simulations illustrate that the details of how the value
signal is calculated (i.e. on the basis of future rewards, as in true value Figure 3.2D, or on the
basis of past rewards, as in estimated value Figure 3.2E) play only a minor role in shaping the
activity patterns of serotonin neurons during trace conditioning, whereas predictive coding

and reward history are critical.

If the activity levels of serotonin neurons are scaled by reward history, how large should
this effect be? The rate at which the TD(\)-estimated value signal is scaled up and down by
reward history depends on the learning rate o, which can also be expressed as the estimation

timescale Tosy = —dt/In(1—a). Previous work suggests that the timescale over which serotonin
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neurons integrate rewards is on the order of hundreds of trials [57, 58]. Since the estimation
timescale is so long, it is possible to write a first-order approximation of the effect of an
uninterrupted string of rewards (or reward omissions) on the firing rates of serotonin neurons
(Section 3.12. Using an estimation timescale of 7. = 200 trials [57], background firing rate
of 2Hz [24, 25], and winning streak of five trials, we expect to see firing rate modulations
of only ~0.05Hz. While longer runs of rewards (or reward omissions) would produce larger
effects (e.g., 0.4 Hz for a run of 50 trials), such winning streaks (or losing streaks) are rare in
experiments with probabilistic rewards that are best suited to studying the effects of reward
history on serotonergic activity [25]. In short, if serotonin neurons encode a value signal that
is estimated over a long period of time, as evidence suggests [57, 58], we expect to see only

small effects of reward history on serotonin neuron firing (<1 Hz) in typical experiments.

3.2.8 Serotonin neurons quantitatively encode reward history

Value prediction unifies a wide range of experimental observations that do not have a
consistent interpretation under existing serotonergic theories (Figure 3.1, Table 3.1). To
assess whether value prediction generalizes beyond the main qualitative results of Cohen et
al. [24], Zhong et al. [58], and Matias et al. [57], we re-analyzed a dataset of serotonergic
responses to dynamically-varying in vivo rewards from Grossman et al. [25]. To begin, we
sought to determine whether the activity levels of serotonin neurons in this dataset are weakly
modulated by reward history, and, in particular, whether this is true of neurons with activity
dynamics resembling a predictively-encoded value signal.

A short description of the experiment and our analysis approach follows (see Methods for
details). The dataset consists of tetrode recordings of N = 37 identified serotonin neurons in
mice receiving dynamically-varying probabilistic rewards in a trace conditioning experiment
25, 235]. We extracted the spikes of each neuron in a short window around each trial along
with the proportion of the past five trials that were rewarded (Figure 3.6A). Since true value

and TD value estimates are both very closely tied to the mean reward (Section 3.7), we use
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the five-trial mean reward as an interpretable proxy for value. Because the effect of reward
history on serotonin neuron activity is expected to be small (see previous section) and many
common statistical tests for value coding are prone to high rates of false positives [244],
we used circular trial permutation (Figure 3.6B). This test breaks the putative association
between reward history and serotonin neuron activity while preserving all other structure
in the data (for example, slow fluctuations related to arousal). If the association between
serotonin neuron activity and reward history is stronger when the trials are correctly aligned
than when this alignment is broken, we can conclude that the correlation between serotonin
neuron activity and reward history cannot easily be explained by random fluctuations in the

data.
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Figure 3.6: (Previous page.) Individual serotonin neurons exhibit reward coding features consistent
with value prediction. A Example trace conditioning experiment of Grossman et al. [25] (see
Methods). Counterclockwise from top left: Bernoulli water rewards (blue lines) and time varying
reward probability estimated using a five-trial moving average (red line). Distribution of number of
trials at each level of estimated reward probability; note the wide range of reward probabilities in this
dataset. Firing rate of the serotonin neuron recorded in this session calculated using a 500 ms PSTH,
lines coloured according to estimated reward probability as in histogram at left, scale bar 2 Hz. Spike
raster used to calculate PSTH, background is shaded according to the estimated reward probability
as in the other plots. B Circular trial permutation test used to assess statistical significance of
correlations between estimated reward probability and serotonin neuron activity. Reward history
is randomly shifted with respect to spiking activity to build up a null distribution against which
the observed correlation can be compared. C Serotonin neuron whole-trial activity reflects reward
history. Each line represents the following regression model fitted to a single neuron: § = 8;p + Bo,
where ¢ is the predicted whole-trial activity (defined as the number of spikes within a 7.5s period
beginning 1.5s before the start of the cue and ending 1s after the end of the reward epoch), p is the
reward probability estimated as in A, and 35 and g are the slope and intercept. Slope 35 represents
the effect of recent reward history p on activity and intercept [y represents the baseline activity
level following a short string of unrewarded trials (p = 0/5). Donut plot shows the distribution
of circular trial permutation test p-values against Hy : 35 = 0; p < 0.05 occurs significantly more
frequently than 5% chance rate (inner pie chart). Lines are colour-coded according to statistical
significance of the slope 5 as in the donut plot. N = 37 neurons. D Distribution of regression
slopes 3. Note tendency towards positive slopes consistent with value prediction. Colour-coded as
in C. E Distribution of regression intercepts 3. Note positive correlation between baseline activity
and reward rate over very long timescales consistent with value prediction. Colour-coded as in C.
F Relationship between reward history modulation (vertical axis) and phasic cue-associated firing
(horizontal axis). Note that neurons with clear cue-associated firing (G1 and A, for example) tend to
be positively modulated by reward history, consistent with value prediction. G Firing dynamics and
whole-trial activity modulation in representative serotonin neurons. G1 shows a neuron with clear
trial-associated activity dynamics and positive activity modulation by reward history, representative
of neurons in the upper right of F. Note the striking correspondence between activity dynamics of
the value prediction model (blue inset) and the example neuron. G2 shows a neuron with no clear
trial-associated activity dynamics and numerically positive (but not statistically significant) activity
modulation by reward history, representative of most neurons in the left part of F. Regression
plots (G1 right and G2 right) illustrate the analysis used for C-F. Error bars/bands represent 95 %
bootstrap confidence intervals (with Monte-Carlo bias correction in the case of error bars) provided
for illustration purposes only.
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With data and statistical approach in hand, we turned our attention to quantifying the
effect of reward history on the activity levels of serotonin neurons. Regressing the number of
spikes per trial (which we refer to as whole-trial activity) onto the five trial mean reward for each
neuron (Figure 3.6C) revealed statistically-significant modulation by reward history in 8/37
cells (circular permutation test p < 0.05 against regression slope 3 = 0; significantly above the
5% chance rate, binomial proportion test p < 0.001; see donut plot in Figure 3.6C) somewhat
variable levels of background activity (regression intercepts 3y = 18.6+8.0 spikes trial ™!, mean
+ SD, equivalent to 2.5+1.1 Hz, coefficient of variation 0.43). It is possible that 22 % represents
a lower bound on the proportion of cells in our sample that encode value. Consistent with
this possibility, the relationship between activity and reward history was generally positive
across the population (regression slopes ; = 0.64 & 1.60 spikes trial ! reward ', Wilcoxon
signed rank test p = 0.039; equivalent to 0.09 + 0.21 Hz, roughly consistent with the effect
size calculation in the previous section; 35 > 0 in 65 % of cells, one-sided sign test p = 0.049),
including in many cells that did not cross the p = 0.05 significance threshold in the circular
trial permutation test (Figure 3.6D, note significance-stratified medians). We observed two
neurons with a statistically significant negative effect of reward history on whole trial activity
(Figure 3.6C and D). This is consistent with the expected false positive rate (2/37 = 5.4 %),
but it is also possible that value prediction is not universal in the DRN. Finally, we also
observed a significant correlation between background activity and the proportion of all trials
rewarded in the corresponding session (Pearson r = 0.43 between regression intercept [y
and whole-session mean reward, p = 0.008, Figure 3.6E), consistent with value coding over
timescales beyond the five trial horizon. This correlation is surprisingly strong considering
the many factors that impact background firing rate (differences in the biophysical features
or inputs of individual serotonin neurons, differences in thirst or arousal between recording
sessions and mice, etc.) and the coarseness of the whole-session reward metric. Due to a high
rate of statistically null results which neither confirm nor rule out value coding, additional

analyses are needed to determine to what extent value prediction is typical in the DRN (see
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“Value prediction dominates population activity” below). For now, we conclude that at least
some serotonin neurons exhibit positive reward history modulation consistent with value

prediction.

Our theory predicts that the phasic reward cue-associated activity observed in some
serotonin neurons is due to value coding, while other theories propose that phasic activity
could be unrelated to reward history. To examine the potential connection between this phasic
activity and value prediction, we stratified the slopes obtained from our regression analysis
according to the amplitude of the cue-associated extremum in the firing rate (Figure 3.6F). Of
the small number of cells with a clear cue-associated peak (N = 7 cells with >1 Hz increase in
firing above baseline), all exhibited numerically positive reward history modulation (one-sided
sign test p = 0.008, N = 7) which was individually statistically significant in just over half of
these cells (circular trial permutation test p < 0.05 in 4/7 neurons; exact p values for each
neuron are 0.006, 0.007, 0.009, 0.013, 0.071, 0.126, 0.237 in order of decreasing significance,
values lower than p = 0.002 are not possible). The connection between phasic activity and
value coding was surprisingly consistent: out of 37 neurons, we did not observe any with
both clear phasic activity and numerically negative reward history modulation (bottom right
quadrant in Figure 3.6F). We conclude that there is a strong association between phasic
cue-associated activity and positive modulation by reward history, consistent with the idea

that value prediction underlies both phenomena.

The main ideas of this analysis are summed up by the two example neurons presented
in Figure 3.6G. In Figure 3.6G1, we see a neuron with activity dynamics strikingly similar
to the value prediction model, including cue-associated phasic firing, a pre-reward ramp,
and falling activity during the reward period. In this neuron, we also observe statistically
significant (circular trial permutation test p = 0.006) and almost perfectly linear positive
scaling of whole-trial activity by reward history, consistent with value prediction. The neuron
in Figure 3.6G1 is clearly well-described by our theory, but the same cannot be said of the

neuron in Figure 3.6G2. Examining its peri-stimulus time histogram (PSTH) reveals no
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clear activity dynamics, and there is no statistically-significant effect of reward history on
firing (circular trial permutation test p = 0.063). This neuron may not predictively encode
value, but it is also possible that the timescale of this experiment is simply too fast. An
absence of discernible within-trial activity dynamics is consistent with value prediction if the
discounting timescale is much longer than the trial duration! (Figure 3.8), and, while not
statistically significant, the magnitude of the reward history modulation is actually closer
to our predictions than the unusually large effect shown in Figure 3.6G1 (for an increase in
reward probability from 1/2 to 1, the calculation in the previous section shows we expect an
increase in firing of ~0.05 Hz, compared with 0.25 Hz and 0.07 Hz in example neurons 1 and
2, respectively). The analyses presented in this section prioritize clarity over statistical power.
As a result, effects that pass the statistical significance threshold are likely to be unusually
strong and not representative of the broader population of value coding serotonin neurons
[245]. Our results are best interpreted as a lower bound on the proportion of serotonin neurons
that encode value.

In this section, we have shown that value prediction provides a very good description of
the activity patterns of at least some serotonin neurons. Could a different model provide an
equally good or even better description of serotonin neuron activity? To what extent are the
tuning features explained by value prediction dominant at the population level? We turn to

these questions next.

3.2.9 Comparison with expected uncertainty

A significant body of literature argues that serotonin neurons encode a quantity related to
RPE, typically its absolute value, in order to signal surprising events [25, 57, 73|. Perhaps
surprisingly, some of the strongest evidence for this perspective is consistent with our results.

An influential model of the role of serotonin in learning connects trial-to-trial modulations

IThis does not seem implausible. Trace conditioning trials are typically only a few seconds long—if humans
had a discounting timescale on the order of a minute or less, no-one would ever read beyond the first few
sentences of this manuscript.
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of serotonin neuron activity to a moving average of absolute RPEs called expected uncertainty
[25]. To compare expected uncertainty against our model (which predicts an essentially linear
relationship between mean reward and serotonergic activity, e.g. Figure 3.6G1 right), we
analytically derived the relationship between reward probability and mean absolute RPE in
models of animal learning (Section 3.11). While the mean absolute RPE is precisely twice
the variance of a binary reward in the simplest of RL models (and therefore has an inverted
U-shaped relationship with reward probability), sophisticated models of animal learning
often include features that profoundly alter this relationship (e.g., 25, 87). As a result, in
theory expected uncertainty is usually negatively related to the mean reward in addition
to being positively related to variance (Figure 3.11). Re-analyzing the computed expected
uncertainty values from the dynamic Pavlovian task in Grossman et al. [25] shows that this is
also true in practice: expected uncertainty is more strongly correlated with reward probability
than variance in 26/28 sessions in this dataset (Figures 3.9 and 3.10; median marginal r?
between expected uncertainty and five-trial mean reward 0.815, IQR 0.565 to 0.903, compared
with median 0.083, IQR 0.016 to 0.216 for variance). The fact that the previously-reported
correlation between expected uncertainty and serotonergic activity is negative more often than
not also suggests a connection between serotonergic activity and mean reward rather than
variance. We conclude that evidence for serotonin neurons signalling expected uncertainty is

consistent with value coding.

3.2.10 Comparison with reward variance

To address the possibility that serotonergic activity might encode reward variability in a way
that is not captured by expected uncertainty, we repeated the regression analyses described
above (Figure 3.6) using reward variance in place of the mean reward (Figure 3.11). We found
that the whole-trial activity levels of serotonin neurons are better described by mean reward
than variance (Wilcoxon signed-rank test on weighted sum of squared errors from regression

fits p = 0.007, N = 37), and the effects of mean reward are larger (absolute change in activity
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of 1.19+1.25 spikes trial ™ from a reward of zero to a reward of one and 0.59-+0.69 spikes trial *
from a variance of zero to the maximum variance of 0.25, both quantified using the absolute
regression slope, Wilcoxon signed-rank p = 0.001), more consistent (regression slopes are
typically positive for mean reward, Wilcoxon signed-rank p = 0.039, but symmetric around
zero for variance, Wilcoxon signed-rank p = 0.281), and statistically significant twice as often
(21.6 % and 10.8 % of cells with circular trial permutation test p < 0.05 against regression
slope equal to zero for mean and variance, respectively; for comparison, we expect significant
p values in up to 12 % of cells even if none actually encode variance, approx. 95% CI on a

proportion of 5% with N = 37).

Because the mean and variance of binary rewards are directly related, we wondered
whether the apparent correlations between reward variance and serotonin neuron activity
might actually be due to value coding. Consistent with this idea, statistical confounding
between mean reward and variance was unusually strong in the subset of cells with a significant
correlation between variance and activity (Pearson r between variance and mean reward is
higher in cells with circular trial permutation test p < 0.05 for the variance slope 5 = 0,

permutation ¢ test p = 0.039).

Our simple analysis does not reveal clear evidence that serotonin neurons encode an
unbiased estimate of reward variance. To mitigate the possibility that these findings are
sensitive to technical details of our approach, we repeated the above analyses using reward
standard deviation and entropy as alternative definitions of variability, using an iterative/TD
method to estimate reward statistics rather than a five-trial moving average, and quantifying
activity using a pre-trial baseline rather than whole-trial activity (Figures 3.11 and 3.12).

None of these variations affected our results.

We are unable to conclude that serotonin neurons encode reward variability in this task.
If serotonin neurons do encode reward variability, our results are consistent with a variability

code that is significantly weaker and less consistent than the code for value.
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Figure 3.7: Value prediction better explains serotonin neuron population activity than competing
theories. A Whole-trial population activity encodes reward history. Whole-trial activity and circular
permutation test as in Fig. 3.6. B Baseline population firing rate quantitatively encodes reward
history. Baseline activity defined as mean of PSTH 1s before start of cue. Peak cue activity is
defined as the maximum of the PSTH during the 1s cue period. Error bars represent 95 % confidence
intervals obtained via bootstrap with Monte-Carlo bias correction. Error bands around regression
lines represent 95 % confidence interval obtained via bootstrap. Regression slopes are significantly
different from zero; bootstrap 99 % CI test. C Value prediction better accounts for reward history
modulation of population firing rate than variance. x-axis represents the proportion of variance
explained (weighted r2) by each model fitted to data as in B. Performance is presented as the mean
five-fold cross-validated accuracy, each point represents one cross-validation repeat. Ceiling line
represents the accuracy obtained using the training data to predict the validation data directly
(maximum across all repeats). D Value prediction better accounts for population firing rate dynamics
than competing theories. Schematics at left illustrate predictions of each theory; note that surprise-
like signals should decrease during trials, but this does not happen in our model fits. Performance is
assessed using repeated five-fold cross-validation as in C. Scale bar 0.2 Hz neuron—!. Trial structure
as in A.

3.2.11 Untested models

To address the possibility that a different, untested model might provide a better account
of the relationship between reward statistics and serotonergic activity, we inspected the
residuals of our regression fits (Figure 3.11). Whereas the regression against reward variance
systematically overestimates serotonin neuron activity when the mean reward is low and

overestimates activity when the mean reward is high, we did not observe any obvious structure
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in the errors of the regression against the mean reward. The marginal relationship between
serotonergic activity and mean reward is surprisingly well-described by a straight line, offering

no hint as to what a better model might be.

3.2.12 Value prediction dominates population activity

Value prediction provides a good description of the activity dynamics and reward history
modulation of at least some serotonin neurons, but are the features captured by our model
typical of serotonin neurons in general? To address this question, we constructed a synthetic
serotonin neuron population using the N = 37 cells in our dataset and tested how well value
prediction explains the synthetic population-level activity patterns in comparison with other
models. If these cells do not generally predictively encode value, the features predicted by
our model could be washed out by noise or masked by other coding features that are subtle
at the single neuron level.

We began by considering whether serotonin neuron population activity is positively
modulated by reward history. Using a population-level version of the circular trial permutation
test, we found that whole-trial population activity is positively modulated by reward history
(p = 0.0008, Figure 3.7A) at a level consistent with our predictions (expected increase in
firing from a mean reward of 1/2 to 1 of ~0.05Hzneuron™!, see “Serotonin slowly learns

Lin our synthetic population based on fitted

value” above, compared with 0.11 Hz neuron™
B; = 1.64 spikes neuron™! trial !). Encoding of reward history was nearly linear during both
the pre-trial baseline and cue epochs (Figure 3.7B, weighted r* = 0.802 during baseline
and r? = 0.656 during cue), suggesting that tonic and phasic firing participate equally in
value prediction. To determine whether a different model could better explain population
coding of reward history, we used repeated five-fold cross validation to assess how well
mean reward, reward variance, and null models could predict serotonin neuron population

activity during the baseline and cue epochs of held-out trials (Figure 3.7C). Consistent with

value prediction, the mean reward model exhibited five- to ten-fold better performance than
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variability-based alternatives (Table 3.2). Thus, value prediction describes the effects of reward
history on serotonin neuron population activity with a precision considerably better than
0.1 Hz neuron—1.

The population activity dynamics shown in Figure 3.7A exhibit a cue-associated peak,
elevated firing during the trace period, and falling activity during the reward, qualitatively
consistent with value prediction. Value (without adaptation), surprise, and reward signals
are each missing at least one of these properties (Figure 3.7D left). As a result, quantitative
models based on these ideas (see Methods) poorly explain population activity in comparison
with value prediction (Figure 3.7D middle and right). The only tested model that offered
performance competitive with value prediction was a surprise signal with added adaptation
(mean validation weighted 7% = 0.749 + 0.007 for value prediction and r* = 0.642 =+ 0.023
for surprise with adaptation; mean 4+ SD of ten cross-validation repeats). However, since
the fitted surprise signal with adaptation does not exhibit the expected decrease in activity
during the trial (see Methods), the justification for adding adaptation to a model that is
already an idealized form of adaptation is dubious, and surprise does not readily explain
the effects of reward history on activity (Figure 3.6 and Figure 3.7A—C), nor serotonergic
responses to punishments (Figure 3.4) in addition to offering lower performance than value
prediction (Figure 3.7D), we believe it can be rejected. In sum, the fast activity dynamics of
serotonin neurons are better explained by value prediction than surprise, reward, or a raw
value signal.

Overall, we conclude that value prediction provides a remarkably precise and complete
account of the population activity patterns of serotonin neurons during trace conditioning, as

foreshadowed by our results at the level of individual neurons.
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3.3 Discussion

The in vivo activity patterns of serotonin neurons are notoriously difficult to explain. In
this work, we show that a time-dependent estimate of cumulative future reward predictively
encoded through spike-frequency adaptation, which we call value prediction (Figure 3.2), unifies
a surprisingly wide range of puzzling observations and conflicting theories from the serotonin
literature (Figure 3.1 and Table 3.1). In particular, phasic activation by reward-predicting cues
and primary rewards is explained by a rapid increase in proximity to reward, activation by
punishments is explained by a rapid increase in value as the end of the punishment approaches,
and tonic firing that reflects reward and punishment context is consistent with a code for
the value of upcoming trials (Figure 3.3). By simulating trace conditioning experiments with
different reward sizes and trial durations, we have shown that the appearance of surprise [57]
and salience [39] tuning emerges naturally in our model (Figure 3.4), providing an intuitive
link between tuning features that previously seemed conceptually unrelated. To add weight
to these qualitative results, we re-analyzed a dataset of serotonin neuron responses to in vivo
rewards [235]. We observed small modulations in serotonin neuron firing by recent reward
history, quantitatively consistent with value estimation over hundreds of trials (Figure 3.6;
see also ref. 57). Finally, we directly compared value prediction against competing theories.
We found that our theory provides a remarkably precise description of both trial-to-trial
changes in activity associated with reward history and within-trial activity dynamics, usually
exhibiting predictive performance several times better than alternative models (Figure 3.7).
It has been said that “serotonin’s many meanings elude simple theories” [76]. Our work shows
that several of these meanings — reward, punishment, surprise, salience, and uncertainty —

can be merged into one: value prediction.
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3.3.1 Hiding in plain sight

Why was a serotonergic code for value not established earlier? The idea that serotonin neurons
encode value or something very similar is not new [60, 61], but this perspective has fallen
increasingly out of favour in recent years because of evidence that seems to directly contradict
a value or reward-based code, first and foremost the fact that many serotonin neurons are
activated by punishments [24, 57, 246] as well as model-based analysis that suggests that
serotonin neurons do not track reward history on the same timescale as changes in foraging
behaviour [25]. Here we have shown that not only do punishment responses not rule out
a value code, they are actually expected if reward-predicting cues evoke transient firing,
consistent with experimental results (ref. Fig. 5C in 24). Our work also shows that value
coding by serotonin neurons is more precise and temporally extended than behaviour would
suggest, again consistent with previous results [57] and adding to an emerging pattern of
neural systems having population codes that are more precise than behaviour and perception
(247, 248].

Turning to the literature and finding results that seemed puzzling at the time but are
predicted by our theory (the apparent reward-specificity of surprise tuning being a notable
example; 57) became a recurring theme during this project, leading us to feel that evidence
for value coding by serotonin, much like dopamine [249], has long been hiding in plain sight.
We hope that future work will uncover more such examples, and, conversely, temper our
confirmation bias by highlighting tuning features that are clearly incompatible with value

prediction.

3.3.2 The meaning of predictively-encoded value

An adapting value signal is not the same as value itself, raising interesting questions about
how DRN output might be interpreted by downstream regions (and scientists!).

One possibility, although perhaps not a very exciting one, is that value prediction is simply
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reversed to recover the original value signal. The exceptionally large axonal arborizations
of serotonin neurons [16] likely place significant metabolic constraints on the activity of
serotonin neurons, and predictive coding through adaptation could act as a sort of compression
scheme [65, 111, 122, 123, 250] allowing the serotonin system to broadcast a signal widely
using a minimum number of spikes. If adaptation compresses the value signal, how is later
decompressed? In theory, the exact answer is simple: leaky integration (Section 3.13). In light
of the close relationship to predictive coding seen as a compression scheme, it is interesting
to note that many of the biological processes involved in decoding serotonin neuron activity
implement leaky integration (e.g., accumulation of serotonin in the extracellular space, slow
kinetics of G-protein coupled receptors, and the membrane voltage dynamics of downstream
cells). Adapting value might be more similar to value than it first appears.

A more intriguing possibility arises if adaptation already visible in the spiketrains of
serotonin neurons is further enhanced downstream, for example via depressing synapses. In
that case, our work implies that DRN output would be decoded as the rate of change of value
[158]. This quantity is required to calculate real-time RPEs (as is value itself; 95, see also
73), and one of the main predictions of the dopaminergic RPE hypothesis of Schultz et al.
[70] was that the dopamine system should receive input from some region (or collection of
regions) that encodes the rate of change of value. Since the dopamine system is one of the

main targets of the DRN [251], might serotonin play an important part in computing RPE?

3.3.3 Behaviour

If serotonin predictively encodes value, how is this signal used to drive learning and behaviour?
The ways in which value is used in RL are varied and the effects of serotonergic manipulations
are perplexing, but here we offer some speculation.

One of the better established roles of serotonin in regulating behaviour is that fast
optogenetic activation of serotonin neurons promotes maintenance of behaviours directed at

obtaining imminent rewards, an effect commonly called patience or persistence [54-56, 62]. If
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serotonin encodes an estimate of relatively immediate reward (due to heavy discounting) that
is compared against a longer-term average reward rate, then control policies based on optimal
giving up [252] or option interruption [253] could produce similar behaviour. In principle,
persistence could also be explained by immediate reinforcement of an ongoing reward-seeking
action through policy gradient learning [93] or boosting RPEs (see previous section), but
these ideas are difficult to reconcile with evidence that stimulation of serotonin neurons is
not generally reinforcing (47, 54, 55, 87, but see 254).

Selfridge’s run and twiddle model [240] offers a more elegant potential explanation of
persistence in terms of value. According to this simple control model, the current action is
maintained as long as value is increasing (“run”), offering an interesting connection to the
predictive coding component of our theory, whereas a decrease in value triggers a random
action (“twiddle”). Given the evolutionarily-ancient origins of the serotonin system [2] and
its involvement in regulating very coarse aspects of behaviour such as the tradeoff between
exploration (taking random or sub-optimal actions) and exploitation (taking actions that are
expected to lead to reward) [255], we are tempted to speculate that a relatively primitive
control policy might provide the best account of the role of serotonin in behaviour. From
that perspective, run and twiddle, which was originally conceived to explain the foraging

behaviour of bacteria, might be a good place to start.

3.3.4 Learning

Confusingly, activation and inhibition of serotonin neurons both promote maintenance of
reward-seeking behaviour. However, whereas optogenetic activation of serotonin neurons
produces behaviour directed at obtaining immediate rewards that is usually framed in a
positive light, chemogenetic inhibition reduces the rate of abandonment of depleted sources of
reward [25, 57|, which is framed as perseveration. This effect has been explained in terms of a
selective decrease in the rate of learning from reward omissions [25, 57]. There is a normative

reason for the learning rate to decrease when rewards are intrinsically variable (Section 3.8)
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and increase when the environment is non-stationary, prompting the development of models
that separately track variance and volatility to enhance learning [256, 257]. Serotonin has been
proposed to modulate the rate of learning from reward omissions via surprise or uncertainty
[25, 57], but, as we have shown, these results are more consistent with value. Finally, a
model-based analysis showed that optogenetic manipulations of serotonin neuron activity
affected behaviour in a way that was consistent with an enhancement of learning rate [87], but
this effect was specific to long timescales and also explained relatively well by RPE boosting
(ref. Fig. S14; see previous section). Since all components of RL models affect the rate of
change of behaviour, it is plausible that many of the apparent qualitative effects of serotonin

on learning could be explained through the lens of value.

3.3.5 Mechanistic basis of value prediction

The question of where value prediction comes from can be broken into two parts: where does
the value signal input originate, and where does predictive coding through adaptation occur?

Since the DRN receives input from nearly the entire forebrain [17], it is unlikely that a
single upstream region is completely responsible for computing value, simply because this
input would be drowned out by unrelated information streaming into the DRN. Instead,
we believe it is likely that the net value input required by our theory is assembled from
multiple sources, for example temporally-extended action values from the mPFC [258], and
various aspects of reward, including inverted RPE, from the lateral habenula and lateral
hypothalamus [189, 247, 259]. These possibilities are merely speculation. Our theory does not
depend on whether the net value input originates in one particular region or is distributed
across many others.

As for the predictive coding aspect of our theory, the exceptionally strong spike frequency
adaptation of serotonin neurons is not only sufficient [158], it was the main motivation for
the present work. This adaptation comes from a combination of apamin-sensitive potassium

currents and spike-triggered changes in spike threshold in individual serotonin neurons
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[32, 158] as well as network-level recurrent inhibition via 5-HT;a receptors [31, 32]. Feed-
forward inhibition [17, 28] does not seem to be functionally involved [158]. Setting aside this
physiological evidence, value prediction on its own technically does not exclude the possibility
that at least some of the adaptation visible in the spiketrains of serotonin neurons originates
upstream of the DRN.

Selectively inhibiting certain DRN inputs or pharmacologically reducing adaptation in

vivo could shed light on the mechanisms of value prediction in the serotonin system.

3.3.6 Phasic and tonic firing

The idea that serotonin neurons encode essentially unrelated signals in phasic and tonic
components of their firing rates is popular in the serotonin literature [73, 154, 233, 234].
Here we have shown that the responses of serotonin neurons to rewards and punishments are
well-described by a simple model that does not distinguish between different types of firing.
Instead, our model shows that firing patterns that have traditionally been called phasic can be
interpreted as increases in firing rate that are short-lived due to adaptation. While we cannot
rule out the possibility that serotonin neurons multiplex different quantities in their firing
rates in other tasks, it is important to note that the phasic/tonic separation has historically
been partly rooted in speculation [73, 234] and the difficulty of formulating a consistent
interpretation of serotonergic responses to rewards and punishments [24]. Functionally distinct
phasic and tonic firing is an exciting hypothesis, but perhaps no longer a good default modelling

assumption.

3.3.7 Heterogeneity

Serotonin neurons are biochemically, developmentally, anatomically, and to some extent
electrophysiologically heterogeneous [33]. They are probably computationally heterogeneous as
well, but in what sense? In principle, serotonin neurons might be quantitatively computationally

heterogeneous, meaning that differences in their activity patterns can be captured by adjusting
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the parameters of our value prediction model, or qualitatively computationally heterogeneous,
meaning that value prediction simply does not apply to all serotonin neurons. Our results
cannot differentiate between these two possibilities (which are not mutually-exclusive in any
case). While value prediction dominates the population activity patterns of serotonin neurons
in the data we re-analyzed, many individual neurons seemed essentially unresponsive to the
task. If serotonin neurons encode value subject to a wide range of discounting timescales
(quantitative heterogeneity), echoing distributional coding in the dopamine system [249, 260
262], the cells that appear unresponsive might simply exhibit discounting and/or learning
rates that are very slow relative to the structure of the experiment (see Figure 3.8). Consistent
with the idea that this experiment is too fast to engage value prediction in most serotonin
neurons, the neurons with the clearest responses to reward-predicting cues exhibited reward
history modulations much larger than expected based on previous work (see effect size
calculation in results). At the same time, the null responses we observed could just as easily be
explained by the idea that the neurons in question do not predictively encode value (qualitative
heterogeneity). Value prediction subsumes several previous ideas about serotonergic function
and is sufficient to explain a surprisingly wide range of results reported in literature, but this

does not imply that it is universal.

In view of the marked heterogeneity of the serotonin system in nearly every aspect of
its biology, it seems likely that computational heterogeneity in this system is at least partly
qualitative. Indeed, there are differences in the tuning features of serotonin neurons across
DRN subregions that are difficult for our model to explain [38], as are reported activation by
punishment-predicting cues and preference for smaller rewards [24]. Perhaps these observations
are the result of competing ON and OFF value prediction pathways in the DRN [32] or
something else entirely. By testing value prediction against a battery of alternative models,
our work provides a template for assessing computational heterogeneity in the serotonin

system.
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3.3.8 Top-down meets bottom-up

Here we build on a theme of some of our previous work by adding biological details to a
simple model in order to improve its interpretability and performance [158, 159, 161]. Here,
the success of our model hinges on combining the normative idea of a value signal with spike-
frequency adaptation from a bottom-up model of the DRN [158]. Neither of these are new to
the serotonin field [26, 27, 59-61, 63, 155, 156, 171, 246], but, to the best of our knowledge,
they have not previously been combined. The fact that serotonergic responses to rewards
and punishments only become interpretable after accounting for the effects of adaptation
illustrates the usefulness of elements of biological detail even in normatively-focused branches

of computational neuroscience.

3.3.9 Conclusion

Here we present a simple theory for serotonin’s many meanings: reward, surprise, salience,
and uncertainty are different faces of a predictive code for value. Our work links the biology
of the serotonin system to a normative account of serotonergic responses to rewards and
punishments through value, a quantity that is central to RL theory. On an intuitive level,
our definition of value as the expectation of future reward is akin to optimism, providing a
conceptual link to the use of serotonergic medications in treating mood disorders. With value

prediction, we establish serotonin as “a neural substrate of prediction and reward” [70].
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3.4 Methods

3.4.1 True value signal

We define the true value of a state s to be the expected total future reward to be collected
by an agent that begins in that state at time ¢ and transitions to future states S;y1, Siio, ...
according to the dynamics of the environment. Future rewards are discounted by a factor
0 < v < 1 such that rewards after ¢ + 1 are ignored if v = 0 and all rewards are equally
valuable if v = 1. This textbook definition of value can be written as an explicit sum over
future rewards

St =S|, (32)

Z WiRt+i+1

=0

v(s) =E

or as an equivalent Bellman recursion
v(s) = E[Rip1 +70(Se41) | S = .

For a trace conditioning experiment with exponentially-distributed inter-trial interval
(ITT) durations of mean Ly, fixed cue, delay, and reward durations Leye, Ldelays Lreward, and

fixed reward size, the normalized continuous-time true value signal is given by

;

T _(Lcue+Ldela ) :
Toorr €XP [ e } t in ITT,

Wt = exp [Flex] t in cue or delay, (3.3)
A(l—e Y+ B t in reward,
\
where 7 = —dtIn~y is the discounting timescale, t.cw = to + Lcue + Ldelay is the start of the

reward epoch (given the start of the trial ¢), tend = to + Leue + Ldelay + Lyew is the end of the

reward epoch, and A, B are scaling and offset factors to ensure continuity. (See Section 3.9
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for derivation.) By construction, this normalized definition of the value signal is proportional
to the true value signal for any reward size (including negative rewards corresponding to
punishments) and can therefore be multiplied by a constant to accommodate different mean

rewards.

Note that this model has only one free parameter: the discounting timescale.

3.4.2 Estimated value signal

To simulate the estimated value signal ©(¢) in a trace conditiong experiment, we used the
true online TD(\) algorithm of van Seijen et al. [96, 263], which is designed to agree more
closely with the forward view of TD learning (Figure 3.2D) than other TD(A) algorithms.
van Seijen’s algorithm applies to causal linear value function approximation 0(s;) = w;_1xy,
where x; is a vector of state features and w;_; are weights from the previous time step (since

w; depends on quantities in the future).

Weights are learned online according to

(st)
= )
Wil = Wi +0:€ + O | Wi 1Xg —WiXy | X¢

€1 = YA€ + axpy1 — (yAerXit1) Xit1,

where e is the eligibility trace vector and §; = Ry 1 +70(St4+1) — 0(s¢) is the reward prediction
error (RPE). Compared with traditional TD(A) with eligibility traces, this algorithm adds a
correction to the weight update and uses Dutch eligibility traces, which are intermediate to
accumulating (e, 11 = yAe; + ax;) and replacing traces (e;11 = YAe; © (1 —x;) + axy, where x;
is an indicator vector). Following the notation of van Seijen et al. [263], we place the learning
rate « inside the eligibility trace update rather than in front of 9, in the weight update.
Simulation was performed using tabular features x; = 1, eligibility trace A\ = 0.995,

discounting factor v = 0.99, learning rate o = 0.01, and time step dt = 50 ms.
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3.4.3 Value prediction model

The DRN rate model-based value prediction model is defined as

p(t) = ReLU[(1 4+ A) v(t) — A u(t)]
du _ plt) — u(t)

dt Tad ’

(3.4)

where p(t) is the firing rate of DRN serotonin neurons; v(t) is the time-dependent net input,
assumed to be a value signal (either true or estimated, as indicated in main text); wu(t)
is adaptation; A and 7,q are the strength and timescale of adaptation, respectively; and
ReLUlz| = max(x,0) is the rectified linear function. The input is rescaled by a factor 1 + A
so that p(t) = C for any constant input x(¢) = C independent of the strength of adaptation
A.

We used A = 3 and 7,4 = 1s to achieve effective adaptation amplitude and kinetics
similar to those observed in our previous experimentally-constrained semi-biophysical model
[158]. Note that the effective adaptation kinetics are faster than 7,4 due to feedback between
u(t) and p(t). Adaptation dynamics were numerically integrated using the second-order
Runge-Kutta method. Surprise/salience tuning simulations were carried out using a time
step dt = 1ms, all others used dt = 50 ms.

For a true value signal, the value prediction model has only three free parameters: the

discounting timescale, the strength of adaptation, and the adaptation timescale.

3.4.4 In vivo experiment

The dynamic trace conditioning experiment analyzed here has been reported previously by
Grossman et al. [25]. A brief summary is as follows:

Tetrode recordings of optogenetically-tagged serotonin (SERT-expressing) neurons were
collected from head-fixed and water-restricted C57BL/6J mice presented with odour-cued

water rewards. Each trial consisted of a 1s odour cue followed by a 1s delay and a 3s window
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during which a fixed-size water reward (approx. 2 pL to 4 pL) could be collected from a lick
spout. After the 3s reward interval, the lick spout was retracted and any remaining water
removed via vacuum for 1s. Inter-trial interval durations were exponentially-distributed with

a mean parameter of 3.3s (actual: 3.31 4 3.46 s, mean & SD, range 0s to 54.28s).

Rewards were delivered probabilistically according to a hierarchical Bernoulli point process

Bernoulli[p;] with 95 % proba. (odour A)
Rt ~

0 catch trial; 5% proba. (odour B),

where the reward probability p; varied according to a block structure. Block lengths were
uniformly distributed between 20 and 70 trials. Depending on the recording session, reward
probabilities were set to p, € {0.2,0.5,0.8} or p, € {0.2,0.8}. Catch trials and trials in which
a reward was available but not collected were deemed unrewarded for the purposes of our

analysis.

Mice collected 0.45+0.04 rewards per trial (mean £ SD; range 0.37 to 0.54) and completed
346188 trials per session (range 180 to 565). Mice failed to collect available rewards 4.1+4.3 %
of the time (median 3.4 %, range 0.0 % to 19.0 %). Sessions lasted approximately 1h (time
from start of first trial to start of last trial: 53.1 £ 12.9 min, range 29.0 min to 88.1 min).
Sessions with more trials were not significantly associated with higher or lower reward rates
(Pearson r = 0.206, p = 0.293, N = 28 sessions). Data were gathered from five mice (four
male, one female) across 28 sessions with 1.32 £ 0.54 neurons recorded per session (range 1

to 3).

Surgical and experimental procedures were approved by the Johns Hopkins University
Animal Care and Use Committee and performed in compliance with the National Institutes

of Health Guide for the Care and Use of Laboratory Animals.
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3.4.5 Data analysis

Reward history

Reward history was operationally defined as the mean reward across the past five trials

which is an unbiased estimate of the true time-varying Bernoulli reward probability. To
mitigate boundary effects, we set r; = 0.45 for ¢t < 0.

Note that the mean reward can be used as a crude proxy for value because the true value
is proportional to the true reward probability. The connection between mean reward and
true value is also exploited by temporal difference learning methods, which implicitly define
value as an exponential moving average of past rewards (Section 3.7). We choose to use the
five-trial mean reward instead of the true reward probability or a TD estimate so that the
connection between the activity of serotonin neurons and the animal’s estimate of a reward

statistic is clear.

Reward variability

We quantified reward variability using three statistics that can be derived from the estimated

Bernoulli reward probability p;: reward variance

—

Val"[Rt] = ﬁt(l - ﬁt);

standard deviation

—

SD[Rt] = vﬁt(l _ﬁt),

and entropy

—

H[R] = pylogy pr + (1 — py) logy (1 — py).

130



MANUSCRIPT II: SEROTONIN PREDICTIVELY ENCODES VALUE

Variance is the focus of our analysis because it is proportional to the absolute RPE used
as a measure of surprise or uncertainty in some reward learning models (Section 3.11). The
other statistics are nearly proportional to variance and are included only to illustrate that

our results to not depend on technical details of the variability measure.

Quantification of activity

We quantified neural activity using either the peri-stimulus time histogram (PSTH) with
500 ms window width or, as a more coarse-grained metric, the mean number of spikes in a
7.5 s window around each trial (1.5s pre-trial baseline, 5s trial, 1s post-trial baseline), which

43

we refer to as “whole-trial activity”. Baseline activity was defined as the mean of the PSTH
1s before the start of each trial or, similarly, the number of spikes in a 1s period just before
the start of the trial. Cue-associated activity was defined as the extremum (usually maximum)
of the PSTH during the 1s cue period. PSTHs were not smoothed.

All activity metrics were precision-weighted across neurons and reward history conditions
as applicable. For example, the population PSTH for the reward probability p = 1/5 condition
was calculated by summing spiketrains from all trials of all neurons where p;, = 1/5 and
dividing by the total number of trials being summed. The resulting population PSTH can

be seen as a weighted average of the PSTHs of individual neurons, where each neuron is

weighted according to the precision (inverse variance) of its PSTH N/o?.

Dynamical model definitions

Value The value prediction and value models of serotonin neuron activity are defined by
Eq. 3.3 and 3.4. The discounting timescale, adaptation strength, and adaptation timescale

are estimated from the data along with scale and offset parameters.

Surprise Surprise is defined in reward learning as the absolute reward prediction error

|0;] and in information theory as log, p, both of which are zero for deterministic events and
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greater than zero for stochastic events. Therefore, each instant in the inter-trial interval, the
beginning of the trial, and the beginning of reward delivery all have non-zero surprise, while

all other moments during the trial have zero surprise.

Our surprise-like model is defined as a piecewise constant function

A tisin ITI,

Bt is start of trial,
SurprishModel(t) =
C tis the start of reward delivery,
D

otherwise,

subject to the restrictions

and

where the coefficients A, B, C, D are estimated from the data.

Reward The reward model is a piecewise constant function

A tisin reward epoch,
RewardModel(t) =

B otherwise,

where the coefficients A, B are estimated from the data.

Null The null model is a constant function with an offset parameter estimated from the

data.
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Surprise with adaptation The surprise-like model with adaptation is modified from the

surprise-like model defined above:

AdSurprishModel(t) =A

—(t—tstart)

+ B @(t - tstart) € T

—(t—trew)

+C@(t_trew)e T
+ D ®<t - tstart) ®<_(t - teﬂd))

—(t—tend)

+ E@(t — tend) e T s

subject to the restrictions

where O(+) is the Heaviside step function and the coefficients A, B, C, D, E, T are estimated
from the data. As before, A, B, C, D represent the activity during the ITI, trial start, reward
start, and the remainder of the trial, respectively. E represents the amplitude of the overshoot
at the end of the trial and 7 is the timescale of adaptation.

While adaptation can be used to compute surprise, we are doubtful that adaptation should
be added to a model of surprise itself: the fact that adding adaptation actually slows down
the kinetics of the surprise signal is a major conceptual difficulty. We include this model in

our analysis only for completeness.

133



MAKING SENSE OF SEROTONIN THROUGH SPIKE FREQUENCY ADAPTATION

Reward with adaptation The reward model with adaptation is modified from the reward

model defined above:

AdRewardModel(t) =A O(t — trew) O(—(t — tena))

+B

—(t—trew)

+COt —tew)e ~

—(t—tend)

—I—D@(t—tend)e T s

subject to the restrictions

where the coefficients A, B, C, D, T are estimated from the data. As before, A, B represent
the activity during the reward period and at all other times, respectively. C' parameterizes the
amplitude of the phasic activity associated with reward onset, D parameterizes the amplitude

of the undershoot associated with reward offset, and 7 is the time constant of adaptation.

Dynamical model fitting

Before fitting, all models were smoothed with a 500 ms boxcar filter to simulate a PSTH and
lagged by 150 ms to account for perceptual delays.

All models were fitted by minimizing the mean squared error on the population PSTH (see
Quantification of activity). For the reward model (without adaptation) this was accomplished
using linear regression. For all other models, this was accomplished using bounded /constrained
gradient-based optimization methods provided by scipy.optimize.minimize (L-BFGS-B

or sequential least-squares quadratic programming).

Performance was assessed using repeated five-fold cross validation. Data was stratified
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by neuron identity (which partially reflects reward history beyond the five-trial horizon,
Figure 3.6E) and reward history level prior to assigning folds in order to minimize class
imbalances between training and validation sets.

We use cross validation rather than AIC or BIC because cross validation does not rely on
distributional assumptions that would be needed to formulate a likelihood function for each

model.

Analysis of reward modulation

Reward modulation was defined as the slope 3; of a regression line between an activity metric

(see Quantification of activity) and the estimated reward probability

Ui = Bspi + Bo + €,

where y; is the measured activity, p; € {0/5,1/5,...,5/5} is the estimated reward probability
(see Reward history), fy is the intercept of the regression line, and ¢; is a residual. The
regression model was fitted using weighted least-squares (observations were precision-weighted;
see Quantification of activity).

Statistical significance of the slope 3; was assessed using circular trial permutation or
bootstrapping.

Circular trial permutation tests are not sensitive to autocorrelations in timeseries data
that can significantly increase the false positive rates of classical and shuffling-based statistical
tests [244]. These tests were performed by shifting the per-trial estimated reward probabilities
Py to break the alignment between activity and reward history while controlling for other
correlations in the data. For example, the reward probabilities for a T trial experiment

Di=1, Di=2, - - - , Pr—7 can be shifted D places to generate un-aligned probabilities

ﬁt = ﬁt+D (mod T)>»
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and the analysis described above can be repeated using the shifted probabilities p. The value
of the slope ; obtained using this procedure represents the apparent reward modulation
under the null hypothesis that activity and reward history are not actually related (because
the trials were shifted). In the case of whole-trial reward modulation of population activity,
the permutation procedure was repeated 2500 times to generate a distribution for 5 used
to obtain an approximate p-value for ;. In the case of whole-trial reward modulation of
individual neurons, the procedure was repeated exhaustively to generate exact p-values. In
both cases, we restricted 10 < D < T — 10 due to very high experimental design-related
autocorrelations in p (specifically, block structure and the fact that p, and p;_4, ..., pPria
are calculated on overlapping sets of trials). Removing this restriction post hoc did not
meaningfully affect our results.

Bootstrap distributions for activity metrics ;, regression predictions y;, and regression
slopes [3; were generated by sampling trials 1000 times with replacement within reward
probability levels 0/5,1/5,...,5/5 and neurons as applicable. Activity metric distributions
were corrected for Monte-Carlo bias [264]. Statistical significance of the regression slope 3,
was assessed using the 99 % confidence interval method.

For consistency with dynamical model comparison, reward modulation models based on
reward history p and related statistics Var|R], SD|R], H|R] (see corresponding section above)
were compared using repeated stratified five-fold cross validation. Performance is presented

as the mean variance explained across folds for each repeat.

3.4.6 Statistical analysis

Statistical tests are specified in the main text and methods above. Non-parametric tests were
used as much as possible; where samples sizes were so small that the loss of power associated
with non-parametric tests became prohibitive, robust tests were used. All tests are two-sided
unless otherwise stated. Sign tests were one-sided because our theory implies that the relevant

effects should have a specific sign. Exact p values are reported in the main text. Results were
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considered statistically significant at p < 0.05 and p < 0.1 was considered a trend. Sample
sizes were not predetermined because only previously published data was used. N = 37
neurons in nearly all cases. Because neurons were usually recorded individually (see “In
vivo experiment” above), we considered them to be independent biological replicates for the
purposes of statistical analysis. Error bars represent 95 % confidence intervals. Uncertainties

are presented as standard deviation in the main text unless otherwise specified.

3.4.7 Data and code availability

Previously-published data is available on the Dryad repository [235]. Code will be made

available on GitHub.

3.4.8 Copyright permissions

Elements of Figure 3.3B and C, Figure 3.4C, and Figure 3.5 have been reproduced from
Cohen et al. [24], Matias et al. [57], and Zhong et al. [58], respectively, under the Creative
Commons Attribution license (CC-BY 4.0). A bar chart from Paquelet et al. [39], which
is covered by the Creative Commons Attribution Non-commercial No Derivatives license
(CC-BY-NC-ND 4.0), has been included in Figure 3.4D with kind permission from Bradley
Miller.

Artwork has been modified by changing colours, replacing axis annotations with icons
or larger text, and/or adding schematics to improve clarity. Due to space constraints, small
reward and neutral stimulus groups were removed from the vignette in Figure 3.4C, as
were statistical annotations. In all cases, our aesthetic modifications do not change the
interpretation of the underlying data. References to the specific figures from the original

publications are included in our captions.
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Figure 3.8: Effects of discounting over extreme timescales. This figure extends the horizontal
axis of main text Figure 3.3D. Heatmap shows the ITI value relative to the maximal value during
the trial (i.e., the value just before the start of reward delivery) as a function of experimental
parameters (vertical axis) and the duration of the trial relative to the discounting timescale of the
agent (horizontal axis). Ribbons next to the vertical axis are to scale, gray represents the mean
ITI duration and colours represent trial epochs. Traces show the true value dynamics (black) and
predictively-encoded value (blue) for a trial consisting of a 3s combined cue and delay epoch and a
1s reward epoch. True value is normalized to the maximum just before reward as in the heatmap;
different reward sizes (and learning) can be accommodated by scaling the traces. Note that the
value signal is nearly flat if the discounting timescale is much longer than the trial duration (traces
1 and 4), similar to the dynamics of some serotonin neurons (e.g., Figure 3.6G2).

Table 3.2: Performance statistics for models of population activity modulation by reward history.
Related to Figure 3.7C.

Training 72

Validation r

2

Model Baseline Cue Baseline Cue
Value pred. (ours) 0.894 +0.002 0.7134+0.006 0.763+0.030 0.526 £+ 0.074
Variance 0.111 £0.001  0.208 £0.005 0.088£0.019 0.111 £ 0.048
Std. dev. 0.109 +£0.001 0.168 +£0.004 0.086 + 0.018 0.085 + 0.040
Entropy 0.111 £0.001  0.188+0.004 0.088 £0.019  0.098 £ 0.044

Null 0.000 0.000 0.000 0.000
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Figure 3.9: Expected uncertainty [25] reflects mean reward, not reward variance, in an example
session. A Comparison between the time-course of expected uncertainty (black) and mean reward
(blue, top) or reward variance (gray, bottom) calculated using a five-trial history. Note that expected
uncertainty is theoretically negatively related to the mean reward and positively related to variance
(Section 3.11). Consistent with this, negative expected uncertainty closely resembles five-trial mean
reward (top). Gaps in the expected uncertainty timeseries are due to removal of catch trials. B
Marginal relationship between expected uncertainty and mean reward (left) and reward variance
(right) calculated using a five-trial history, as in our main analysis (e.g., Figure 3.7B). Data are
presented as mean + SD. Note connection between negative expected uncertainty and the mean
reward (left). C Comparison between the time-course of expected uncertainty (black) and mean
reward (blue, top) or reward variance (gray, bottom) calculated using an exponential moving
average with an estimation time constant of 7est = 200 trials. The mean reward calculated using
an exponential moving average is equivalent to state value under TD learning (Section 3.7). D
Marginal relationship between expected uncertainty and mean reward (left) and reward variance
(right) calculated using an exponential moving average as in C. Note connection between expected
uncertainty and mean reward (left). Z-scored expected uncertainty values for recording session
mBB036d20160623 [235] used in [25] kindly provided by Cooper Grossman.
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Figure 3.10: Expected uncertainty [25] reflects mean reward, not reward variance, across sessions.
A Marginal relationship between expected uncertainty and mean reward. Marginals were calculated
by averaging expected uncertainty at each level of mean reward calculated using a five-trial history, as
in our main analysis (e.g., Figure 3.6A). Black line represents mean + SEM across N = 28 recording
sessions. Note that expected uncertainty is negatively related to the mean reward, consistent with
our simplified model (Section 3.11). The relationship between expected uncertainty and five-trial
mean reward is nearly linear, possibly due to the long timescale over which expected uncertainty is
estimated [25]. B Expected uncertainty is more closely related to the mean reward than reward
variance in nearly all sessions. Unweighted r? values represent the fraction of variance in the gray
lines from A that is explained by a straight line (mean reward, vertical axis) or a parabola (variance,
horizontal axis). Z-scored expected uncertainty values used in [25] kindly provided by Cooper
Grossman.
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Figure 3.11: Serotonin neuron activity reflects mean reward and is spuriously correlated with reward
variability. A,B Reward variability is inextricably linked to mean reward for binary (Bernoulli)
rewards. A Expected uncertainty [25], defined as the mean RPE in a model of biased animal learning,
has an inverted U-shaped relationship with the mean reward. If learning rates for positive and
negative RPEs are highly asymmetric, as in previous work, expected uncertainty is mostly negatively
related to the mean reward. B Unbiased statistics of reward variability, such as reward variance,
also have inverted U-shaped relationships with the mean reward. C Serotonin neuron activity is
better described by mean reward than reward variability. SSE, — SSE,ecan represents the difference
in weighted sum of squared errors (SSE) between a linear fit of serotonin neuron whole-trial activity
to the reward variance, standard deviation, or entropy versus a linear fit of whole-trial activity to
the mean reward (estimated using a five trial history, as in main text). Positive values indicate
a better fit (lower error) with the mean reward model. p values are from Wilcoxon signed-rank
tests. D Serotonin neuron activity does not systematically deviate from the mean reward model
(left). Errors are derived from linear fits used in C. Dark gray bands indicate 95 % CIs on the
mean (i.e., mean +£1.96 SEM). No systematic errors are expected if the model is essentially correct
(illustrated in inset). Note that the variance model exhibits systematic errors (right), as expected
if serotonin neuron activity encodes the mean reward (illustrated in inset). E Serotonin neuron
activity is relatively strongly positively related to mean reward. Slopes are derived from fits used in
C and normalized to the dynamic range of the corresponding reward statistic as in B (0-1 for mean
reward, 0—1/4 for variance, 0—1/2 for standard deviation, and 0-1 for entropy). p values are from
Wilcoxon signed-rank tests. F' The activity of individual serotonin neurons is more often correlated
with mean reward than reward variability, and significant correlations with variability are likely due
to confounding. A significant proportion of serotonin neurons exhibit activity that is significantly
correlated with each reward statistic (top; cyclic permutation test, see main text; dark blue, light
blue, dark gray, and light gray indicate p < 0.05, 0.05 < p < 0.1, 0.1 < p < 0.5, and p > 0.5,
respectively, as in main text). However, in the subset of neurons in which activity is significantly
correlated with reward variability, reward variability is unusually strongly confounded with the
mean reward (bottom). Stars indicate 0.01 < p < 0.05 (actual range: p = 0.024 to p = 0.037) in
permutation-based two sample ¢ tests (non-parametric tests could not be used because too few
neurons had statistically-significant correlations with reward variability statistics). N = 37 neurons
in all cases.
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Figure 3.12: Correlation between serotonergic activity and mean reward does not depend on
technical details of analysis. A,B Conclusions are unlikely to depend on the decision to use a five
trial reward history as a proxy for value rather than an incrementally-learned estimate because the
two are very similar. A Comparison of five trial mean reward used in main text with an exponential
moving average of past reward for an example session. The blue line represents an exponential
moving average with a time constant of 30 trials, which is equivalent to the value estimated by
temporal difference (TD) learning using a learning rate of @ = 1/30 (and no discounting). B Pearson
correlation between five trial mean reward and moving reward average as a function of the time
constant of the moving average (learning time constant) for the example session shown in A. Note
that the two are moderately or strongly correlated across a wide range of learning time constants.
C,D Whole trial activity is correlated with mean reward but not reward variability when reward
statistics are calculated using a moving average of past rewards rather than a five trial history. Note
that this result does not depend on the choice of learning time constant. E, F Choice of activity
metric does not affect conclusions: baseline activity is also correlated with mean reward but not
reward variability. In C-F, reward variance, standard deviation, and entropy were calculated from
the learned p; rather than moving averages (of squared errors, for example) because this approach
is less statistically biased and/or better defined. N = 37 cells in all cases.
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Supplementary notes

3.6 Connection between state value v(s) and state-action

value ¢(s, a)

It is well known that the state-action value depends on the state value:
q(s,a) = E [Rep1 +70(Sk1) | Sp = s, Ay = df

[92]. As we show below, the state value can also be expressed in terms of state-action values.

Following the notational conventions of RL theory, let S, A be random variables denoting
the state and action and let s,a be a specific state and action. Let v(s) and ¢(s,a) be
the state and state-action value functions, respectively, under the action-generating policy

m(a | s) = Pr[A; = a | Sy = s|. The state value function v(s) is equivalent to the expected

St:S]

= EAtNﬂ(a\s) [(](S, At) | St = S]

state action value ¢(s, a) under the policy 7:

v(s) =E

Z Y Ritit

1=0

Proof: The state-action value function is the expected cumulative discounted future
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reward to be obtained after taking action a in state s, written as

oo

Z ViRt+i+1

1=0

q(S,CL):E St:SaAt:a

Note that this is exactly the same as the state value v(s) except for the dependence on the

chosen action A; = a.

To prove that v(s) is the expected ¢ value, we need to incorporate A; into v(s). To simplify
notation, let G; be the random variable > ~° v*R;1;+1. Using G; and expanding expectation,

we can rewrite the state value as follows
o(s) = / G PrG | S, = s]dGy.

Incorporating the chosen action A; by conditioning, we obtain

Co w(als)

o0 r— —
v(s) = Z/ G, Pr[Gy | s,a]dGy Pr[A; =a | s]

= Ea,~n(als) lq(s, A) | S; = 5],

completing the proof.

3.7 Temporal difference learning averages past rewards

Consider an experiment with a single state (e.g., a trace conditioning experiment where each
trial is considered to be a time step) and a stochastic reward R ~ Bernoulli[p|. Learning the
state value v; using the RPE ¢; = R; — 0, causes the state value to be an exponential moving

average of past rewards that is an unbiased estimate of the reward probability p
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Proof: The current state value v; depends on the past state value v;_; and RPE 6;_;
Uy = Dy + dy_1,
where 0 < a < 1 is the learning rate. Expanding the above, we obtain

Up = Vg1 + (Re—q — Up1)
=aRi 1+ (1 — )t

=aR+ (1 —a)aR,_ s+ (1 —a)*d_
H
= (1 — OZ)H+1Ut_H_1 + OéZ(]. - Oé)ZRt_Z‘_l,

1=0

H+14

where H € N is the time horizon. Taking an infinite horizon, the term (1 — «)" 0, g4

vanishes, and we are left with value as a scaled exponential moving average of past rewards

@t = @Z(l — Oé)iRt,i,1

=0
with an estimation timescale 7oy = —dt/In(1 — «).
Taking the expectation shows that the above is an unbiased estimate of the reward
probability
o0

(0] Z(l — Oé)iRt_i_l

1=0

E[o,] = E

QEZQ—QVEWFFJ

(2

=P

by linearity of expectation E[aX] = aE[X], simplification of the geometric series > = (1 —
a)" = 1/a, and expectation of the Bernoulli reward E[R;] = p.

The reader may verify that the above implies that © is an unbiased estimator by adding a
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bias term b and showing that it is zero: E[o 4+ b] = p = b = 0. This completes the proof.

3.8 Learning rate controls value variance

Section 3.7 shows that the state value ¢ is an unbiased estimate of the mean reward E[R)]

The variance of this estimate is set by the TD learning rate a according to

Var[d] = — - Var|R).

Proof: Recall that the value estimate can be written as

?_A)t = OZZ(l - Of)iRt_Z'_l.
1=0

Taking the variance and moving the constant terms out, we obtain

Var[d,] = o Z a)* Var[R,_;_1],

remembering that Var(a )", X;] = o )", Var[X;] for constant « and independent X;. Remov-

ing time dependence by assuming Var[R;_; 1] = Var[R] V¢,i and simplifying the constant

term using convergence of the geometric series completes the proof.
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3.9 Derivation of true value in trace conditioning ex-

periments

The normalized true value signal v(t)/v(t,ew) in a trace conditioning experiment is given by

the piecewise function

p
—(LcuetLdelay)

me T tin ITI,
o) ) U
U(trew) e T 1 cue or daelay,

A(l- et_trend) + Bt in reward,

\
presented in Equation (3.3). (See Methods for the meaning of each variable.)

To derive this equation, we model a trace conditioning experiment as a Markov reward
process (MRP). The states in the MRP are labelled s, s1, 2, . . ., Spr4n, Where sq is the ITT,
S1, 82, ...,5y are the trial states representing the M time steps between the start of the cue
in s; and the end of the delay period in sy, and Spy1, Sprao, - - -, Sy are the reward states

representing the N time steps during the reward period. The transition probabilities are

p(81 | 50) = Pstart
p(SO | 50) =1- Dstart
p(so | smuen) =1

p(8i+1|82‘):1 1§Z<M+N

where p(s; | s;) represents the probability of transitioning to s; at the next time step given
that the current state is s;. These transition probabilities were chosen so that the dwell
time in the ITI state sq follows a geometric distribution with mean Lyt = %, reflecting

exponentially distributed ITI durations commonly used in experiments, and so that the fixed

durations of the cue, delay, and reward epochs are given by Liyial = Leue + Ldelay = M dt and
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Liew = N dt. A reward of size /N is delivered in each of the IV reward states, such that each
trial ends in a total reward of size r. As noted in the main text, we define the value of each
state in terms of the expected discounted future reward

St:8],

Z Y Ritit

=0

v(s) =E

which can also be written in Bellman form as
v(s) = E[Ryr1 + yv(Si1) | St = s].

In the three sections below, we show how each part of the continuous time normalized
true value signal v(t)/v(tew) can be derived from the MRP and value function v(s) given

above in the limit of dt — 0.

3.9.1 True value during the ITI

Writing the value of the ITI state v(sg) using the Bellman form and expanding the expectation

shows that it is dependent on itself and the value of the first trial state

U(SO) = ’Y,U(Sl) Dstart + 7“(30) (1 - pstart)7

which can be solved in terms of v(sp), yielding

’U( ) _ ’VU(SI) Dstart
’ 1- 7(1 - pstart) '

The first trial state v(s;) can be written in terms of the final trial state v(sy,)

since the state transitions are deterministic and no rewards are delivered during the cue and
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delay epochs.

Substituting the value of the first trial state v(s;) into the value of the ITI state v(so)

and normalizing by the peak value during the trial v(sy,) yields

U(SO) _ ’VMpstart
U(SM) 1 _fY(l _pstart)‘

Using M = (Lcye + Ldelay)/dt and psgare = dt/ Ly from the problem definition and letting

v = e_Tdt, the relative I'TI value can be rewritten

U(SO) . dt/LITI 6_(LC‘1etLdelay)

U(SM) N 1-— e%dt(l — dt/L[TI)

Taking the limit as dt — 0 completes the derivation.

3.9.2 True value during trace and delay epochs

Using the Bellman form of the value function and the fact that no rewards are delivered

during the cue and trace periods, the value leading up to reward can be written
v(s;) = Y (sar) for 1 <i< M.

Normalizing by v(sys) and converting to continuous time using vy = e and M = Liyiar/dt

completes the derivation.

3.9.3 True value during the reward epoch

The true value starting in state s,; and continuing through the reward epoch is
N—i—1
v(sprai) =YV T u(sg) + Z v'r/N for0 <i< N,

=0
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abusing notation by allowing Zj_:l() x = 0. Removing the contribution of v(sg) and normalizing

out the reward, we are left with
v(sprei) — 7Y T u(sg) o vl for0 <i<N.

The sum of discounting factors on the right hand side can be rewritten in continuous time as

the integral of an exponential discounting kernel
Lrew—t —z —(Lrew—t)
/ erx:T(l—e T ) for 0 <t < Lieyw.
0

Incorporating the scaling and offset terms A, B to ensure continuity with the normalized

value function at v(t,ew) and v(tenq) completes the derivation.

3.10 Inter-trial interval value reflects value at the start
of the next trial

Let the state a be that the animal is in the ITI, let the state b be that the animal is at the
very start of a trial, and let T be a random variable that represents the number of time steps
remaining in the ITI before the start of the next trial. The true value of the ITI state v(a) is

proportional to the value at the start of the next trial v(b) as follows
v(a) =v(b) E [y | Sy =d],

where 7 is the discounting factor.
Proof: Recall that the true value of a state S,s is defined as the expected sum of

exponentially-discounted future rewards

o)

Z ’YlRtHH

=0

v(s) =E Sy =s
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Applying this definition to the states a, b, we obtain

T o)
v(a) =E ZViRtHH + Z Y'Riyiv1 | Si=a
i=0 i=T+1
and
U(b) =E ZyiRt-&-i—Fl St = b] s
i=0

where the sum in v(a) is split between the value of the rest of the ITI and the discounted
value at the start of the next trial. Since the value at the start of the next trial is v(b), we

can rewrite the ITI value as follows

T
Z Y Riyipr +7 T o(b)

1=0

v(a) =E St =a

Observing that the cumulative reward during the I'TI is zero by definition Z?:o V'Riyiv1 =0,
and also observing that v(b) is a constant that can be factored out of the expectation, we
find that the I'TI value is

v(a) =v(b) E [y | Sy =d],

completing the proof.

Notes:

e This proof can easily be extended to the value of any state in the upcoming trial (not

just the first state) by redefining 7" and b.

e If the ITI durations are drawn from a geometric (or exponential) distribution, then the
scaling factor E [fyT“ ‘ Sy = a] does not depend on the amount of time spent in the

ITI so far. The value during the ITI v(a) is therefore constant.
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3.11 Relationship between uncertainty and reward vari-

ance

Absolute RPEs |§] are sometimes used in RL as a measure of variability or uncertainty that
can be used to regulate learning [25], but the precise statistical interpretation of |J] is unclear.
Here we show that for vanilla TD learning from Bernoulli rewards, the average absolute RPE

is proportional to the reward variance
E[|d]] = 2 Var[R],

but this relationship can be distorted by asymmetric learning rates and forgetting.

Proof for vanilla TD: For simplicity, let R ~ Bernoulli[p], let the RPE be § = R — 0,
and set value to its fixed point © = p (since E[A?0] =0 <= E[§)] =0 <= © = p under TD
learning). Substituting p into the RPE and taking the expectation of the absolute value, we
get

Eflo]] =E[|R —p[].

Since the reward is binary R € {0, 1}, we can easily rewrite the expectation above and

simplify
E[[o]] = |1 = plp +10 = p|(1 - p)

=2p(1—p)
= 2 Var[R],
completing the proof.

The relationship between absolute RPE |d| and reward variance shown analytically above
holds well in practice even if the value estimate © is not generally exactly equal to its fixed

point p (Figure 3.13).

Effect of asymmetric learning: In vanilla TD learning, the value estimate is updated
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Figure 3.13: Numerical verification of relationship between absolute RPE |§| and reward variance
Var[R] under TD learning. Panels show |§| mean + SEM (blue points; error bars are too small to
be visible) calculated from simulated TD learning trials against 2 Var[R] (black lines). Simulations
were burned in for 500 trials and RPE statistics were calculated on 2000 trials. Learning rate «
used in the TD model is indicated at top of each panel.

proportional to the RPE At = «ad, but a common extension is to use different learning rates

for positive and negative RPEs

a8 if5>0

a_d if 6 <0,

called asymmetric learning. Under asymmetric learning, value has a fixed point that is different

from the reward probability E[A0] = 0 <A © = p. We can find the fixed point by solving

0 = E[A7)]
0=ay(l—0)p—a_0(1l—p)

V= —a
p+o-(1—p)

Substituting the above into the expectation of the absolute RPE E[|§|] = E[|R — v]|], we find
that there is no longer a clear connection to the variance of the Bernoulli reward Var|[R]

(Figure 3.14).

Effect of forgetting: Another common modification of TD learning is to include a

forgetting rate 0 < ¢ < 1in the RPE § = R — 0 — (0. Solving E[A0] = 0 as above, we find
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Figure 3.14: Effect of asymmetric learning rates on value ¢ and absolute RPE |§| in TD learning.
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Figure 3.15: Effect of forgetting on value © and absolute RPE |§| under asymmetric TD learning
with 2= = 0.3.
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The main effect of forgetting is to decrease the estimated value when the reward probability

is high, increasing the absolute RPE in this range (Figure 3.15).

3.12 Perturbation analysis

Setup: According to the value prediction theory, the trial-aligned activity patterns of serotonin
neurons in reward learning experiments should resemble the normalized true value signal
derived in Section 3.9 scaled by the reward probability. Therefore, if an animal’s estimate of
the reward probability is dynamically changing, then the activity of serotonin neurons should
scale up and down accordingly. Assuming that the animal estimates the reward probability
on the basis of the proportion of recent trials that were rewarded, the value prediction theory
makes a simple testable prediction: in a given experiment, the firing rates of serotonin neurons

should be positively correlated to the proportion of recent trials that were rewarded. We do no
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know, however, the precise timescale over which the recent rewards affect the value function.
To circumvent this problem, we use perturbation theory to derive a simpler expression relating

the value with the fraction of recent trials that were rewarded.

Our value prediction theory states the firing rate of serotonergic neurons is proportional to
the predictively coded value signal. Over the slow timescale of the whole-trial, the predictively

coded value signal becomes the value signal. Our goal is thus to relate the value signal

St:S],

with fluctuations in the recent reward history p; = %Zi;é rg, for some small number of

Z ’YiRtﬂ‘H

=0

’Ut:E

recent trials L and where 7 refers to the kth reward in the past with respect to time ¢.

We begin by proving that v; < 9,E[R], where the normalized value signal ¢, from Section 3.9
captures within-trial value dynamics and the expected reward E[R] is responsible for trial-to-

trial fluctuations. By definition,

vy = U v(Sr),

where v(sy/) is the true value just before reward delivery (see Section 3.9), so it remains only

to be shown that v(sy;) oc E[R]. Assuming the reward lasts only one time step, we can write

v(sy) = E[R] + qv(so),

where v(sg) is the true value during the ITI. Using the fact that v(sg) o v(sp) from

Section 3.10, we can introduce a temporary proportionality constant C' and simplify

v(sy) = E[R] +vCv(sn)
v(sum) = E[R]/(1 =~C)

v(sy) x E[R].
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Thus we have that

v(sy) x E[R] = v x 0, E[R].
The proof can be extended to rewards that last more than one timestep without much
difficulty.

There are multiple ways of calculating the expected reward E[R], but in TD learning
methods, the expected reward is an exponential moving average of past rewards (Section 3.7).

Therefore, the value signal fluctuates according to an unknown value estimation timescale 7,
o0
{)t 1 —e T/TE E e Tk‘/Te
k=0

Using the fact that the whole-trial duration T'= M + N + Lypp times the trial horizon L
is much smaller than the estimation timescale 7., by first order Taylor expansion of the

exponential terms we get
T
Uy = Uy |:_Lpt + C]
Te
where ¢ = % S e ThTery ~ #(1 + TL/7.) where 7 is the average reward on a long time

horizon. The relative change in value is then

Uy — 0

= (F(1+7./TL)) '~ 2.5%

using an estimation time scale of 7. = 200 trials [57, 58], an L = 5 trial horizon, and an
average reward rate of 7 = 0.5. This implies that if the average firing rate of a serotonin
neuron is 2 Hz, we expect to observe activity modulations of roughly 0.05 Hz in either direction

around the mean based on a five-trial reward history.

Note: As a rough guide to the sensitivity of this calculation, consider that if the estimation
time scale were an order of magnitude faster than what has previously been reported [57, 58]
(Te = 20 trials), then we would expect activity modulations of roughly 0.8 Hz (40 % of a 2 Hz

baseline). Therefore, changes in serotonergic activity associated with a five-trial reward history
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should be much smaller than the multi-Hz within-trial fluctuations in activity explained by v
and observed experimentally [24], even if our estimate of the value estimation timescale 7 is

badly wrong.

3.13 Predictive coding exactly cancels leaky decoding

Let I(t) be the net input to the DRN;, let f(-) be the encoding function of the DRN, and let
g(+) be the decoding function of some downstream region. The output of the DRN is (f o I)(t)
and the decoded signal is (g o f o I)(t). Assuming that g performs leaky integration on its

input, the decoded signal is given as follows

(gofol)(t)= —/O_oo(fo])(t+z) %ez/T dz. (3.5)

Following our previous work [158], assuming f predictively encodes its input such that

(F o D)t) =75 + 110, (3.

then

(go fol)(t)=I(t).
Proof: Substituting Eq. 3.6 in Eq. 3.5 and expanding the resulting integral yields

> dI 1
— Ze#™ dz

(gofo])(t):—/o 7—alt t+z T

o ]
- / I(t+2) —e*/"dz.
0 T

(3.7)

The time derivative of the input % can be removed from the first term using integration by
parts, yielding
1 o e 1
— [Tf(t + 2) —ez/T] +/ I(t+ z) —e*/"dz.
z=0 0 T

T
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Substituting the above into Eq. 3.7 causes the remaining integrals to cancel and changes the

sign on the non-integral term, giving

Il
—
)
~
—
~
_l’_

N
N—
|
9}

°
~
ﬂ
[ |
|
3

(go fol)t)

which simplifies to

completing the proof.
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Chapter 4

General discussion

The more things change, the more they
stay the same.

Jean-Baptiste Alphonse Karr

162



GENERAL DISCUSSION

In this chapter, I summarize the main results of my work and briefly discuss some general

implications of my approach.

4.1 Summary

What does serotonin do in the brain? In this thesis, I have made the case that a partial answer
can only be found by first posing another question: How? In Chapter 1, I introduced the idea
that value could play an important and multifaceted role in regulating learning and behaviour,
just as serotonin does. More importantly, I argued that value might not be represented in the
brain in a straightforward way. In Chapter 2 (Manuscript I), I studied the representational
features of the serotonin system from a signal processing perspective. By constructing an
experimentally-validated model of the DRN and simulating its responses to simple inputs
such as steps and ramps, [ arrived at the conclusion that whatever quantity the serotonin
system might receive as an input, that quantity is transformed into a mixture of its intensity
and rate of change before being broadcasted throughout the forebrain. This transformation,
which can be seen as a type of predictive coding in the redundancy-reduction sense, has its
origins in one of the best known electrophysiological features of serotonin neurons: unusually
strong and long-lasting spike-frequency adaptation. Finally, in Chapter 3 (Manuscript II), T
made a conceptual leap of faith by assuming that the DRN receives a value signal as its net
input. Through simulations of trace conditioning experiments from the serotonin literature
and re-analysis of previously published data, I showed that the in vivo activity patterns of
serotonin neurons are surprisingly well-explained by this model, leading to what I call the
value prediction theory of serotonin. Overall, my results suggest that the puzzling responses
of serotonin neurons to reward-predicting cues, rewards, and punishments are best interpreted

as an adapting code for future reward.
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4.2 The Goldilocks zone of biological detail

If there is a central theme to this work beyond the computational features of the serotonin
system, it is that models with an intermediate level of biological detail can be very helpful.
There is a certain amount of tension in modern computational neuroscience between propo-
nents of highly-detailed biophysical models and advocates of extremely simple models, often
borrowed from the machine learning field, that abstract away even the most basic elements
of neural systems such as electrical potentials and synapses [265-270]. There are striking
successes and legitimate criticisms to be made on both sides of this debate, some of which
I surveyed in Chapter 1. My work follows in a modelling tradition that attempts to blur
the lines between simple and complex [271], capitalizing on the practical strengths of both

extremes and providing intuitive links between levels of description [154, 272].

Could I have used simpler or more complex models in this work? Perhaps. A simpler
model than the aGIF could certainly have captured the strong spike frequency adaptation
of serotonin neurons (Chapter 2). At the same time, such a model might not reproduce the
activity patterns of serotonin neurons with the same level of accuracy (Fig. 2.3), could not have
elucidated the role (or lack thereof) of I4 in DRN signal processing, and, almost paradoxically,
the parameters in the simpler model might even have been more difficult to interpret (Fig. A.5;
[273]). Had we chosen to use a detailed biophysical model (and overcome the major technical
challenges associated with this approach [134, 191]), the strength and duration of adaptation
(Fig. 2.4) could not have been measured in an input-independent manner, and empirically
verifying their contribution to DRN signal processing by replacing the potent adaptation of
serotonin neurons with the weaker adaptation found in SOM neurons would not have been
possible (Fig. 2.5). At least when it comes to interrogating the signal processing features of
the DRN, the aGIF modelling framework exists in a relatively-interpretable Goldilocks zone

of biological detail.

What about the rate-based DRN model used in Chapter 37 There is very little room to
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simplify this model without arriving at a static rate code, a model that at face value seems
unlikely to be accurate (Section 1.3) and that is decisively ruled out by this work. A slightly
simpler model in which the DRN directly encodes a mixture of the intensity and temporal
derivative of its input (rather than simply approximating this mixture through adaptation
[126]) would have produced the same results’ at the expense of a less clear connection to
spike frequency adaptation. In principle, the much more detailed spiking model of the DRN
developed in Chapter 2 could have been used to simulate the in vivo responses of serotonin
neuron populations to rewards and punishments. This approach might have shed light on
the relevance of the contextual dependence of the derivative-like computation shown in
Fig. 2.7, but at considerable computational cost [134] and at the risk of obscuring the striking
implications of adaptation for the interpretation of serotonergic activity patterns. Overall,
there would have been less to lose but also less to gain from using a simpler or more complex
model in the second part of this thesis.

To summarize, this work illustrates that the dichotomy between highly simplified and
highly detailed models is a false one. Selectively augmenting simple models with biological

detail can be a fruitful approach to uncovering how neural systems process information.

4.3 Conclusion: Neural coding far from the sensorimo-
tor periphery

The insights of this work into the function of the serotonin system turn around the distinction
between the meaning of serotonin neuron activity and how this meaning is encoded in spiking
statistics. This distinction was not at the top of my mind when I first became interested in
serotonin, but is a central fixture of some areas of neuroscience (e.g., [274]).

A great deal of effort has been dedicated to understanding how interactions with the

external world are represented in the vertebrate brain. In some lucky cases, elementary

'In fact, did produce the same results in a preliminary version of this work.
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aspects of these representations are fairly simple and can be intuitively grasped without
the aid of mathematical models. In the case of primary visual cortex, Adrian’s analogy of
cortex as a screen onto which sensory stimuli are projected [275] does not entirely miss the
mark [276, 277], and the vectorized representation of reaching direction in motor cortex is
straightforward to understand (at least with the aid of a figure) [278]. Other cases strain
intuition. Receptive fields in higher visual areas are contorted into psychedelic patterns [279],
and neural representations of high-level decisions and movement preparation exhibit drifting or
rotational dynamics that are challenging to interpret [103, 104, 280]. It often seems as though
the closer one looks, the more abstract and difficult to understand neural representations
become—especially far from the sensorimotor periphery.

Together with these anecdotes, my work contains an important lesson for the study of
brain structures involved in higher-order aspects of learning and behaviour: when the what
of neural activity under the microscope seems obtuse or inconsistent [76], it might only be

possible to make progress by first asking how?
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Appendix A

A user’s guide to generalized
integrate-and-fire models
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This chapter is reprinted from a previously-published work.

Citation

Copyright
authorization

Statement
of contributions

E.F. Harkin, J.-C. Béique, and R. Naud. A user’s guide to generalized
integrate-and-fire models. In Computational Modelling of the Brain:
Modelling Approaches to Cells, Circuits and Networks, pp. 69-86.
(Springer, 2021).

Reproduced with permission from Springer Nature. Copyright autho-
rization number 5618360216258.

I conceptualized the general approach of selectively augmenting the
generalized integrate-and-fire model of Richard Naud with Hodgkin-
Huxley conductances. I wrote this textbook chapter in 2020 with input
and feedback from Richard Naud and Jean-Claue Béique.

I had previously designed a GIF model augmented with a Hodgkin-
Huxley model of an A-type potassium current to capture the activity
patterns of serotonin neurons during my M.Sc. in neuroscience [153].
However, the concept of Hodgkin-Huxley-augmented GIF models as a
general technique for modeling the activity patterns of different cell
types falls within the scope of my doctoral work.
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Abstract

The generalized integrate-and-fire (GIF') neuron model accounts for some of the most fun-
damental behaviours of neurons within a compact and extensible mathematical framework.
Here, we introduce the main concepts behind the design of the GIF model in terms that
will be familiar to electrophysiologists, and show why its simple design makes this model
particularly well-suited to mimicking behaviours observed in experimental data. Along the
way, we will build an intuition for how specific neuronal behaviours, such as spike-frequency
adaptation, or electrical properties, such as ionic currents, can be formulated mathematically
and used to extend integrate-and-fire models to overcome their limitations. This chapter
will provide readers with no previous exposure to modelling a clear understanding of the
strengths and limitations of GIF models, along with the mathematical intuitions required to

digest more detailed and technical treatments of this topic.
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A.1 Introduction to leaky integrate-and-fire models

From an electrical perspective, a neuron is like a rubber balloon in the process of being inflated.
The cell membrane of the neuron separates electrically charged ions inside and outside the
cell just as the balloon separates molecules of air, and there is a difference in the distribution
of charges (i.e., voltage) across the membrane of a cell just at there is a difference in pressure
across the membrane of the balloon. Synaptic inputs to the neuron alter the voltage across
the membrane just as adding or removing air from the balloon alters the pressure difference.
The amount of air needed to appreciably change the pressure inside the balloon depends on
its size, just as the number of charges needed to change the membrane voltage depends on
the surface area of the membrane. If the balloon is not tied shut, the air inside will slowly
leak out, just as charges leak across the cell membrane. Finally, if the difference in pressure
across the rubber membrane of the balloon becomes too great, the balloon will pop, just as a
neuron will fire an action potential, also called a spike, if the voltage exceeds a threshold.
Once the balloon pops, the process restarts with a new, uninflated balloon, just as a neuron

will reset to a lower voltage after firing an action potential.

This rubber balloon neuron model captures several of the most important electrical features
of neurons, but some important details related to spiking behaviour are still missing. We will
see how these can be addressed in Section A.2. For now, however, we will focus on developing
a mathematical description of our rubber balloon model which will serve as a foundation for

the rest of the chapter.

The leaky integrate-and-fire (LIF) neuron model first introduced by [147], rooted in the
work of [144] from over a century ago, captures the same properties of neurons as our rubber

balloon analogy. The LIF models the membrane voltage V () in terms of its rate of change
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dV/dt and behaviour at spike threshold Vi as follows

W _ L CaV(0)~ ) + a0, Vo<V ()

V<t + tref) < ‘/reset
, V(t) > Vr (A.2)

t =1+ Tref

where ¢, represents the leakiness of the membrane, which is equivalent to 1/R,,, where R,
is the membrane resistance; E; represents its equilibrium voltage, also called the resting
membrane potential; I (f) represents external inputs to the neuron; C' is the membrane
capacitance, which reflects the membrane surface area; and ¢, is the duration of the absolute
refractory period after a spike. According to Eq. (A.1), the membrane voltage relaxes towards
its equilibrium E; in the absence of any input l.(¢). This happens more quickly if the
membrane is very leaky (dV/dt increases with ¢;) or if the voltage is far from equilibrium
(dV/dt increases with V (t) — E;), and more slowly if the membrane surface area is very large
(dV/dt decreases with increasing C'), consistent with our balloon analogy. Whenever the
voltage reaches Vr a spike occurs instantaneously, like the popping of a balloon, and the
dynamics of Eq. (A.1) no longer apply. Instead, Eq. (A.2) specifies that the voltage should
be reset to a lower value V. after a short refractory period t..s. Unlike in many other
neuron models, the membrane voltage during the spike is not defined—for a LIF model, a
“spike” is not spike-shaped at all, it has no shape because the voltage is not defined. This
simplification takes advantage of the fact that the shape of the action potential does not

carry any meaningful information.
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Comparison of LIF and Hodgkin-Huxley models

The decision not to model the dynamics of the membrane voltage during the action
potential is one of the most important conceptual differences between LIF models, which
have their roots in the early 20th-century work of [144], and the biophysically-realistic
models first introduced by [127] half a century later.

Hodgkin and Huxley’s account of the biological mechanisms of action potential gen-
eration in squid axon included a model of membrane voltage dynamics as a sum of
voltage-dependent ionic currents

0% = Inalt) + I) + o),
where In,(t) and Ik (t) are voltage-dependent sodium and potassium currents, respec-
tively. Unlike in Lapicque’s LIF model, the membrane voltage in Hodgkin and Huxley’s
model is always defined, including during the action potential. This detailed and realistic
approach to modelling the voltage dynamics of neurons has been enormously influential,
to the point that neuron models that are based on detailed descriptions of ionic currents
are commonly referred to as Hodgkin-Huxley-style models.
With the advent of more realistic and detailed Hodgkin-Huxley models, are simplified
LIF models still of any use? When comparing these two types of models, it is important
to keep in mind that they were created for different purposes. The original model
of Hodgkin and Huxley was designed to explain how the interactions of two specific
ionic currents give rise to voltage spikes with a particular shape, which we call action
potentials. The original model of Lapicque, on the other hand, was created to describe
how different electrical stimuli impacted the rate of action potential discharge in frog
nervous tissue. For Lapicque’s work, a description of the shape of the action potential
(and the biophysical mechanisms responsible for it) was not necessary, and LIF models
continue to be used in cases when the relationship between electrical input and the
timing or rate of output spikes is of primary interest.
The negative consequences of omitting necessary biological components from a model
are obvious, but there are also more subtle drawbacks of including unnecessary detail.
More complicated models are usually more difficult to design and constrain to mimic
specific neurons of interest, and can be liable to produce inaccurate predictions as a
result (for reasons we will touch on in Section A.3.1). Highly detailed models also take
more time to simulate simply because more calculations are required per time step.
To summarize, LIF and Hodgkin-Huxley models each describe neurons at different
levels of detail because they were created for different purposes, and each style of model
comes with its own compromises.

The highly simplified LIF model provides an intuitive account of some of the most

basic electrical features of neurons. In particular, the one-to-one correspondence between
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Figure A.1: The generalized integrate-and-fire model. A current input I(¢) produces a subthreshold
voltage V (t) which is translated into a probability of emitting a spike Pr[spike]. Spikes are emitted
stochastically and cause the voltage to reset to a lower value after a short delay, as in the leaky
integrate-and-fire model. Spike frequency adaptation is caused by the spike-triggered adaptation
current H (t) and threshold movement G(t). Notice that spikes introduce discontinuities into the
spike probability and adaptation mechanisms because the dynamics of the GIF model during a spike
are not defined. There are also discontinuities in the membrane voltage V (t) for the same reason;
however, to improve clarity, here we have set the voltage to an arbitrary high value during each
spike. The dashed gray lines in G(¢) and H (t) indicate zero.

model parameters and fundamental properties such as resting membrane potential and spike
threshold makes the LIF model straightforward to interpret. In the coming sections, we will
first discuss how the LIF model can be extended to account for spike-frequency adaptation
and stochastic firing in a similarly intuitive way, then show how these intuitive definitions

lend themselves particularly well to being fitted to data.
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A.2 Generalizing the leaky integegrate-and-fire model

A.2.1 Spike-triggered adaptation

In response to a step stimulus, many neurons initially fire action potentials at a high rate
which then decreases gradually to a lower rate. This phenomenon, known as spike-frequency
adaptation (SFA), plays many important roles in neural systems such as enhancing the
detection of weak stimuli and computing the rate of change of an input [126]. SFA arises from
the effects of spike-triggered adaptation currents, which tend to push membrane voltage away
from spike threshold, as well as the inactivation of the biophysical mechanisms that cause
spiking, resulting in an effective change in the spike threshold. In this section, we will show
how to extend the LIF model to incorporate these ideas in an explicit and intuitive way.
On a conceptual level, SFA mechanisms can be divided into two categories: mechanisms
which move the membrane voltage away from threshold, such as adaptation currents; and
mechanisms which move the threshold away from the membrane voltage, such as inactivation
of spiking mechanisms. We can capture these two categories mathematically in terms of a
pair of functions n(z) (adaptation current) and ~y(x) (threshold movement) for x > 0 where x
is the time since a spike. In general, adaptation currents and threshold changes are large just
after a spike, but fade away over time. In order to give n(x) and ~y(x) these properties, we

/7 which fade away to zero

can define them mathematically using decaying exponentials e~
as r increases at a rate dictated by the timescale 7. Depending on the cell type and even the
individual neuron, these adaptation mechanisms may fade away quickly, slowly, or even over

multiple timescales. We can accommodate this variability by implementing n(z) and v(z) as

weighted sums of exponentials with different timescales 7

i

f(z) = ngf)e’z/”(f), > 0,2 >0 (A.3)

f)

where the wg are the weights and f corresponds to n or v as appropriate. If a particular
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(£

timescale 7 is not found in a given neuron, its associated weight w;

; can simply be set to
zero to remove its contribution to the overall adaptation function f(z). To allow the effects
of adaptation to build up over multiple spikes, we can define H(t) and G(t) as the sums of n

and v over the set of all past spikes {s € S;s < t}

{s€S;s<t}

where S is the set of all spike times, s is the time of a specific spike, and t is the current time.
This means that if several spikes occur in quick succession, the adaptation mechanisms H ()
and G(t) will be engaged more strongly than if fewer spikes had occurred. Additionally, since
both n and v go to zero as the time since a spike ¢ — s increases, past spikes contribute less

and less to the adaptation functions H(t) and G(t) as time goes on.

The LIF neuron model presented in the previous section does not account for spike-
frequency adaptation, but this is easily remedied by incorporating an adaptation current and
spike-triggered threshold movement into the model via H(¢) and G(t). In order to do that,
we must first redefine the fixed spike threshold Vi to be a function Vi (t) that returns the
spike threshold at a specific time ¢, taking the effects of previous spikes into account via the
threshold movement G(t)

Vr(t) = Vi + G(1),

where V7 is the spike threshold after all adaptation has faded away. This equation shows why
we call G(t) the threshold movement: it gives the amount that the spike threshold has moved

as a result of adaptation.

Next, we must incorporate the adaptation current H(t) into the subthreshold dynamics
given in Eq. (A.1) so that it can influence the subthreshold voltage. Simply subtracting

H(t) from the other currents in Eq. (A.1) completes the definition of our LIF model with
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adaptation

= 2 CaV) — )~ H() + Teal0), V) <Velt)  (A6)

V(t + Zfref) < V;"eset

t =+ Trefs

Notice that Eq. (A.6) tells us that when the adaptation current H(t) increases after a spike,
it is subtracted away from the input current Ioy(¢). This means that the adaptation current
can effectively reduce the strength of an input stimulus. Since the LIF fires less rapidly in
response to weaker inputs, the adaptation current H(t) causes the firing rate evoked by

constant stimulus to drop off after the first few spikes, consistent with the SFA effect we seek.

A.2.2 Stochasticity

The LIF model presented here fires a spike instantaneously when the voltage exceeds a
threshold Vr(t), but in real neurons this process is less precise [114]. In general, neurons are
more likely to spike when their membrane voltage exceeds a threshold, but it is also possible
for spikes to occur when the voltage is below threshold or vice-versa. It can therefore be
helpful to think of the relationship between voltage and spiking in terms of a probability that
depends on the current voltage and threshold, rather than as a hard cutoff. We can express
this idea mathematically in terms of a spike probability function

p (w) = Pr[spike between time ¢t and t + At | V(t) — Vr(¢)], (A.8)

g

where Pr[z | y] denotes the probability of x given y, o is a scaling factor that sets the degree
of stochasticity, and At is a small time interval. To capture our intuition that spikes are more
likely when V() is above Vir(t), p (M) is usually a sigmoidal function that is close

to 1 when V(t) — Vp(t) > 0 and close to 0 when V' (¢) — Vp(t) < 0, such as the one shown
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Figure A.2: Typical shape of the spike probability function given in Eq. (A.8). The vertical axis
shows the probability of spiking within a small time window [t, ¢ 4+ At) and the horizontal axis shows
the distance between the membrane voltage V (t) and spike threshold V7 (t). Notice that increasing
the stochasticity scaling factor ¢ increases the probability of spiking below threshold. The spike

_ t) =V (t)
probability function shown here is p (M) = exp [—eV( o At] , which is used by the GIF
model as previously described [151, 158, 203, 204, 281].

in Fig. A.2. The scaling factor ¢ allows us to control how quickly the probability of spiking
increases when the voltage is above threshold. In more intuitive terms, o sets the threshold
sharpness.

Incorporating this stochastic spiking behaviour into the LIF model with adaptation will
complete our definition of the generalized integrate-and-fire model (GIF). To accomplish this,
we simply need to invoke the spiking rule given in Eq. (A.7) probabilistically according to
the spike probability function given in Eq. (A.8) rather than deterministically whenever the
voltage exceeds a given threshold. The pseudocode in Algorithm 1 sketches how this can be

done, and an example of a model simulated this way is shown in Fig. A.1.

A.2.3 Simplifications, generalizations, and limitations

The generalized integrate-and-fire model we have presented here accounts for more features
of neuronal excitability than the leaky integrate-and-fire model from Section A.1, but it is
still a highly simplified model. Compared with the LIF model, the GIF model accounts for
two important phenomena related to spiking: spike-triggered adaptation and a stochastic

threshold. However, the GIF model does not account for subthreshold adaptation that is
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Algorithm 1 Simulation procedure for the GIF model.

Require: . (t) > Input current.
Require: C, g, E;,n,v, Vi, 0,p > Model components.
Require: Vy, At,T > Initial voltage, simulation timestep, and duration of simulation.
Require: £(?) > Random number between 0 and 1 sampled at time ¢.

> Set initial condition.

t<«0

V(t) < Vo

S+ {0}

while t < T do
G(t) < D rsesiseny YVt —3) > Compute threshold movement from Eq. (A.5).
Vr(t) < Vi 4+ G(t) > Compute spike threshold with adaptation.
if €(t) < p (M) then

S+ Sut > Add ¢ to the set of spike times.

> Emit a spike according to Eq. (A.7).
V(t + tref) — V;eset
t 414 tret
else
H(t) < Y sesiseny 1t — 8) > Compute adaptation current from Eq. (A.4).
> Integrate membrane dynamics from Eq. (A.6)
AV = 2 (=g(V(t) = Er) — H(t) + L))
V(t+ At) «+ V(t) + AV
t—t+ At > Increment time.
end if
end while
return V(¢),Sfor 0 <t < T
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not related to spiking, nor does it account for the effects of the mechanisms that give rise to

stochastic spiking on the subthreshold voltage.

Subthreshold adaptation can be produced by voltage-activated currents that oppose
the very changes in voltage that cause them to activate, creating the appearance of a sag
in the voltage response to step inputs. Prominent examples include the hyperpolarization-
activated current Ij, and subthreshold voltage-activated potassium currents. From a functional
perspective, the main effect of these currents is to filter out inputs that produce slow changes
in voltage, while letting through inputs that cause the voltage to change quickly. In real
neurons, this frequency filtering effect is specific to the range of subthreshold voltages in
which the current activates — if an input current produces a change in voltage that does
not activate the current causing subthreshold adaptation, no adaptation is produced. In GIF
models, subthreshold adaptation is most easily accounted for by adding a slowly activating
leak current. This approach is mathematically simple to implement but disregards potential
voltage-specificity of subthreshold adaptation. An alternative approach is to augment the GIF
model with explicit Hodgkin-Huxley models of the currents that give rise to adaptation. We

will discuss how to augment GIF models with Hodgkin-Huxley components in Section A.3.4.

Stochastic firing in real neurons arises partly from the fast but not instantaneous dynamics
of the sodium channels that mediate spiking. In real neurons, sodium channels begin to open
when the membrane potential approaches threshold. This pushes the membrane potential
even closer to threshold, creating a positive feedback loop between membrane potential and
sodium channel activation. Eventually, this process passes a threshold or point of no return
and a spike is produced. In the GIF model, this soft positive feedback process is replaced by
a probability of spiking. When the positive feedback process is strong enough to very rapidly
pass the point of no return (i.e., when the threshold is very sharp), the probabilistic threshold
of the GIF model can be a good approximation. However, if this positive feedback process
is initially very weak, the activity of sodium channels can impact the subthreshold voltage

dynamics without leading to spiking. In this case, the probabilistic threshold of the GIF
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model is a worse approximation because it does not capture the effects of spiking mechanisms
on the subthreshold dynamics.

The GIF model differs from real neurons in one additional important respect: real neurons
exhibit a complex morphological structure, but the GIF model represents a voltage at a single
point. The GIF model is most accurate when only inputs and outputs at the level of the cell
body are considered. Fortunately, an electrode located at the cell body is often both the main
source of input and instrument for measuring output during in wvitro electrophysiological
experiments. Unfortunately, under physiological conditions, most of the input to a neuron
arrives via synapses located on potentially electrically-distant dendrites, and the point-neuron
simplification of the GIF model may be less appropriate.

In sum, while the GIF model offers a simple and intuitive description of many of the
electrical properties of neurons, it does not capture all of the properties of neurons equally well.
When the subthreshold effects of ionic currents, spiking mechanisms, or neuronal morphology
are of primary interest, it is important to consider whether the GIF model can be adapted
to account for these mechanisms to a satisfactory extent, or whether an entirely different

modelling framework should be chosen.

A.3 Fitting the generalized integrate-and-fire model

A.3.1 Finding parameter values: experiments vs. optimization

So far we have presented the GIF model as an intuitive single neuron model formulated in
terms of interpretable input and output variables, which include input current, voltage, and
spike times, and parameters, such as membrane leakiness and spike threshold. Next, we turn to
the question of how to choose appropriate values for the parameters. In practice, there are two
main approaches: carry out a series of detailed electrophysiological experiments to measure
each parameter in the model, for example, by applying current steps of various amplitudes

to measure the action potential threshold, or use mathematical optimization techniques to
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find the parameter values that cause the output of the model to mimic that of a real neuron.
Choosing between these two approaches involves a trade-off between the interpretation
of model parameters and the accuracy of model predictions. Following the experimental
approach, parameter values will have a precise and familiar physiological interpretation,
but the output of the model might not mimic that of any particular neuron or cell type
very closely. Following the optimization-based approach, the parameter values will represent
effective quantities with a potentially less precise physiological interpretation, but the output
predicted by the model will match that of a particular neuron as closely as possible. For
readers with a strong background in experimental neuroscience, it may come as a surprise
that models constructed using experimentally-measured parameter values can produce poor
predictions in common cases. In this section, we discuss why this happens and present an
alternative optimization-based approach.

One situation in which models constructed using experimentally-measured parameter

values produce poor predictions arises when both of the following conditions are met:

1. the true values of the parameters in the neuron population of interest are correlated or

are otherwise not statistically independent, and

2. it is not possible to experimentally determine the values of all of the parameters in a

single neuron, or this data is not available even if it is possible to collect.

This situation arises very often in practice. This is partly because the first condition is
surprisingly easy to meet since it is sufficient for only two of the model parameters to be
related (resting membrane potential and action potential threshold, for instance). The second
condition is also usually met because it is often impractical to measure each of the model
parameters in every neuron, even if it is technically possible. If both conditions are met,
the distribution of the experimentally-determined model parameters will not match the true
distribution in the population. Since the behaviour of the GIF model is controlled by its

parameters, this can easily lead to models that exhibit unexpected behaviours that are not
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found in the population of neurons they are intended to mimic.

To see why, consider a hypothetical population of neurons with a similar degree of spike
frequency adaptation. Suppose that this adaptation is caused by a variable mixture of an
adaptation current and moving threshold, but that the sizes of the adaptation current and
moving threshold are anticorrelated such that the overall degree of spike frequency adaptation
is roughly constant. If it is not possible to measure both the adaptation current and moving
threshold in the same neurons, a researcher might observe that both the adaptation and
moving threshold range from small to large, but not realize that they are anticorrelated. This
might lead them to create a set of models that includes neurons with both a large moving
threshold and adaptation current, even though no such neurons exist in the population. As a
result, the models might exhibit more variable spike frequency adaptation than the neuron
population [133]. Even if the researcher decides to create a single model of an “average”
neuron by setting both the adaptation current and moving threshold to a moderate amplitude,
the degree of spike frequency adaptation in the model might be very different from any of the
neurons in the population. This is because the non-linear interactions between the adaptation
current and moving threshold cause the total amount of spike frequency adaptation to be
different from the sum of its parts. Similarly, the average spike frequency adaptation in a

population can be different from the averages of its parts. This phenomenon is sometimes

called the failure of averaging [132].

In an alternative approach to parameter estimation, an experimenter records the voltage
response of a neuron to an input current delivered via an intracellular electrode and the
output of the model in response to the same input is forced to match that of the neuron as
closely as possible [203]. This approach involves defining a mathematical measure of similarity
between the output of the model and the observed behaviour of a neuron and finding a
set of parameter values that maximize this measure. In some cases, it is possible to find
the similarity-maximizing parameter values directly by taking advantage of mathematical

properties of the similarity measure. However, it is often necessary to simply take an initial

183



MAKING SENSE OF SEROTONIN THROUGH SPIKE FREQUENCY ADAPTATION

guess at the values of the model parameters and then adjust them repeatedly in the direction
of increasing similarity until a maximum level of similarity is reached, a process known
as gradient ascent. Whether they are obtained via gradient ascent or found directly, the
similarity-maximizing values are referred to as the optimal values for the corresponding

parameters, and the process of finding them is called optimization or fitting.

The optimization process can be understood more intuitively by visualizing it in terms of
a similarity landscape. If we focus on only two of the model parameters at a time, we can
imagine that the two parameters give the latitude and longitude of a point on this landscape
and that the similarity defines the altitude of that point. Following this analogy, points of
maximal similarity correspond to the tops of hills in this landscape. We can imagine gradient
ascent as the process of starting somewhere on the landscape and proceeding uphill. In
the machine-learning literature, it is more common to define a mathematical measure of
dissimilarity and use gradient descent to find optimal points lying at the bottoms of valleys;
for the sake of simplicity, we will focus on similarity/gradient ascent for now. Depending on
the model and similarity measure, there can be more than one hill in the similarity landscape®.
When this is the case, finding the point at the top of the tallest hill becomes quite difficult
because we cannot reach it by proceeding uphill from any starting point. (Fortunately, in the
case of the GIF model, there is only one hill and finding the parameter values that produce the
highest possible similarity is not difficult®.) This process works the same way when there are
more than two parameters, but visualizing a landscape with additional dimensions stretches

the imagination.

The main advantages of this optimization-based approach over experimentally determining

parameter values are that optimization is less labour intensive and yields models that produce

'In this case, the points at the tops of hills are higher than all points within a small neighbourhood, but
not necessarily all points in the landscape. After all, there might be taller hills elsewhere. Points that are only
optimal within a small neighbourhood are called locally optimal and the point at the top of the tallest hill is
called globally optimal.

2Although the measures of similarity and dissimilarity used by the GIF model will be presented briefly in
Section A.3.3, the reasons that these measures are associated with landscapes that have a particular structure
are beyond the scope of this chapter. For a thorough introduction, see [136, 281].
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more accurate predictions. On the other hand, a potential drawback of this approach is that
the parameter values obtained via optimization do not necessarily correspond exactly to
experimental measurements. To see why, consider a neuron that is exactly like the GIF model

except that it has an additional voltage-dependent conductance

av 1
- = & CalVt) - B) - g.(V)(V(t) - B) — H(t) + 1(t)),
where g,(V) is the voltage-dependent conductance. If a researcher were to fit the GIF model

to this neuron, the effect of the voltage-dependent conductance would be mixed into the leak

conductance of the GIF model

—q(V(t) = E) = g(V)(V(t) — E1) = —(ge + g (V))(V(t) — E1) = G1= 91+ g.(V),

where ¢, is the value obtained by fitting the GIF model. Notice that not only is there a
mismatch between the fitted leak conductance and the true leak conductance of the neuron,
g1 # g, but, since ¢,(V') depends on voltage and §; = g; + ¢,(V'), the value obtained for g
depends on the voltage of the neuron! This illustrates that unless the neuron to which the
GIF model is fitted is a GIF model, the optimal parameter values should not be interpreted
as exact substitutes for experimentally-determined values. Instead, they should be interpreted
as effective values, in the sense that they specify how much a particular variable affects the

output of the GIF model within the context of a specific input and set of model components.

The mismatch between optimal model parameter values and experimental measurements
is hardly unique to the GIF model. In fact, it arises to some extent in all models that are not
exact copies of the systems they are intended to mimic. (Such a model would, of course, be
of very little use!) Model simplification involves combining multiple components of a more
complex model into a smaller number of components in a simpler model, often introducing
approximations in the process. This might seem to suggest that more accurate parameter

values could be obtained by fitting models with fewer simplifications, but in practice this is
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not often the case. Complex neuron models with detailed representations of the elaborate
morphology or diverse ionic composition of real neurons are very difficult to fit to data because
these complexities introduce many hills and valleys into the similarity landscape, making the
best parameter values hard to find.

In this chapter, we will focus on an optimization-based approach for determining parameter
values mainly because GIF models constructed in this way yield more accurate predictions of
neural output. In addition, the fact that all of the parameters in the GIF model can be fitted
simultaneously to small amounts of data means that the optimized values of those parameters
provide a detailed window into the effective properties of individual cells. However, the reader
should be aware that GIF model parameter estimates obtained via optimization come with
important caveats: value estimates may depend on the conditions under which they were
obtained (for example, the voltage range, as discussed above) and the extent to which the
GIF model resembles the neuron being fitted. In the coming sections, we will show how each

of these caveats can be addressed.

A.3.2 Choosing an input

Optimization-based methods for choosing GIF model parameter values involve matching the
output of the GIF model to that of a real neuron for a given input. How, then, to choose the
input? More importantly, why does the choice of input matter? In Section A.3.1, we saw that
the parameter values found via optimization can depend on the range of voltages experienced
by the neuron to which the GIF model is fitted. Since the voltage of a neuron depends on its
input, the parameter values found via optimization depend on the input as well. This implies
that the choice of input is important for two reasons: first, the effective parameter values
found by fitting the GIF model are specific to the input used during fitting; second, since the
predictions made by the GIF model depend on the values of its parameters, the neuronal
outputs (i.e., voltage, spike times) predicted by the GIF model are most accurate for the

input used during fitting.
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Whether the GIF model is to be used to predict neuronal outputs or gain insight into
the effective properties of individual cells, both goals are more easily accomplished when the
input used for fitting the GIF model is chosen appropriately. Which input is most appropriate
depends on the research question at hand; each researcher must ask themselves whether
specific types of input (e.g., synaptic vs. artificial), frequency bands (e.g., € oscillations), or
voltage ranges (e.g., close to action potential threshold) are most relevant to their question. In
practice, however, noise is often used as input because the fluctuations present in noise cover a
wide range of simpler inputs (slow rise, fast rise, rise-then-fall, etc.). Ornstein-Uhlenbeck noise
is a particularly popular choice because it approximates the random fluctuations produced

by the synaptic bombardment neurons receive in vivo [203].

Carefully selecting the input used to fit the GIF model, or simply using noise, mitigates
one of the important caveats associated with GIF models; namely, that parameter estimates —
and, by association, model predictions — are somewhat specific to a given input. The degree
of specificity can be quantified by simply comparing the parameter estimates or predictions
on different subsets of data collected from a given neuron [203]. In the machine learning
literature, it is common to divide a dataset of independent samples into a portion used for
fitting a model and a separate portion for testing the accuracy of model predictions using
new inputs, referred to as the training and test datasets, respectively. In the case of data
used to fit the GIF model, completely independent samples are difficult to obtain due to the
long-lasting effects of adaptation mechanisms. In practice, nearly independent samples of
neuronal output are obtained by applying at least two distinct inputs to each neuron to be
fitted, each separated by an equilibration period of several seconds. The data associated with
some of the inputs will be used for fitting while the rest is reserved for testing, effectively
dividing the experiment into separate training and test phases. Since our goal is to evaluate
the accuracy of GIF model predictions on the test input, the experimenter should attempt to
ensure that the training and test phases of the experiment are as similar as possible apart

from the choice of input. For a detailed discussion of the best practices for evaluating the
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accuracy of GIF models, see [203]. For a more general treatment of model selection and

accuracy estimation, see [282, 283].

A.3.3 Optimization

Quantifying model accuracy

All optimization techniques rely on a precise definition of the similarity or dissimilarity
between the actual and desired outputs of a function. In the case of the GIF model, this
means we must define how we will measure the similarity between the output of the GIF
model and that of a real neuron. Because the GIF model is divided into two parts, each with
their own outputs and parameters, we will in fact need to define two separate measures: one
for the subthreshold component of the model, and one for the stochastic spiking rule.

The subthreshold component of the GIF model given in Eq. (A.6) defines the relationship
between an external input I (¢) and the derivative of the membrane Voltage - given the
current voltage of the neuron V'(¢) and the timing of spikes S. Notice that we have added
a hat " to the voltage derivative to indicate that this quantity is predicted by the model
rather than measured experimentally. We take the subthreshold voltage V(t) and the set
of spike times S to be given because they are easily measured experimentally, and because
doing so allows us to isolate the effect of the parameters of the subthreshold model g, El, C ,

1272("), and ?i( " on its output . Because the voltage derivative is a continuous signal, we can

/\

quantify the level of dissimilarity between the predicted derivative 4% and the experimentally

dt

av

measured derivative o

using the sum of squared errors

—\ 2
NEPSEPN ) ~ ~ v dv
T B, Coa”, .o AP, A ), S, V() =Y (E - E) : (A.9)
¢S’

where t ¢ &’ is time excluding a small window around each spike. Notice that if we choose
values of the parameters g, El, etc. that cause the predicted voltage derivative V. to be

far above or below the measured derivative 4% this dissimilarity function will have a large

dt’
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value. On the other hand, if we choose parameter values that cause the output of the model
to match the measured derivative exactly, the dissimilarity will be zero. Our objective is
therefore to find the parameter values that minimize J(g,...;I(t),S,V(t)), which can be

expressed mathematically as

arg min J (gl, E;, C w(n) . ﬁ?,(f), ?1("), . ,?,En); I(t),S, V(t)>
a,E,C, w(n) . I(Cn)’?l(n)wﬂcén)

where argmin, f(x) finds the value of x that minimizes f(z). This notation is common in

the machine learning literature, in which J(z) is referred to as an objective function or loss

function.

The stochastic spiking rule given in Eq. (A.8) defines the probability of emitting a spike
at a particular time ¢ given the subthreshold voltage predicted by the model ‘A/(t) and the
timing of previous spikes {s € S;s < t} (indirectly through Eq. (A.5)). Our goal is therefore

~()

to find values for the parameters in the spiking rule \7{5, o, W,

) and 77 that maximize

the probability that the spikes emitted by the model occur at the same time as spikes are

observed experimentally

arg max Pr [§: S| ‘7(75)]

V* & wg“/)7 B A](Cv)’?l(w)ww?év)

where S and S are the model predicted and experimentally observed sets of spike times,
respectively. More precisely, we would like to maximize the joint probability that the model
emits a spike when a spike is observed experimentally and that the model does not emit a

spike when a spike is not observed experimentally

. N teSiftesS |
r[szsw(t)]zpr N R

b lteSiftes

Unfortunately, the probability that the model emits a spike at a particular time ¢ depends on
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the timing of previous spikes {§ € S ; § < t} due to spike frequency adaptation induced by the
moving threshold G(¢) from Eq. (A.5). This means that the probabilities that the model does
or does not emit a spike at any particular set of times ¢;,¢;,, ... are not independent, and
consequently we cannot write the previous equation as a product of probabilities. However,
if we assume that all of the spikes up to a given time ¢t were emitted at the correct times
{3 €8;5 <t} + {s€8;s <t} then we can take advantage of the fact that the spiking
probabilities under this assumption are independent to rewrite the previous equation using

the product rule

Pr [§ =S| V(t)} -TI P <V(t);:VT(t)? ees (A.10)
tl1—p (M) ift¢g S

w) gives the probability of spiking at time t (see Eq. (A.8)). This gives us

where p (
a concrete expression for the similarity between the output of the spiking rule of the GIF

model and the experimentally observed spike times which we can maximize.

Solving for parameter values

Now that we have expressed the degree of agreement between the outputs of the GIF model
and of a real neuron, we can turn to the question of how to adjust the model parameters to
minimize the dissimilarity in Eq. (A.9) and maximize the similarity in Eq. (A.10). If we fix the
timescales 7'1("), e ,7‘,577), 7'1(7), e ,7‘,57) , we can solve for the remaining parameters to minimize

this restricted form of Eq. (A.9) directly, and maximize the restricted form of Eq. (A.10) by

gradient ascent.

It is possible to solve for the optimal values of the unknown parameters in Eq. (A.9)

v

o can be

because the term representing the subthreshold dynamics of the GIF model
rewritten as a linear equation. The parameter values that minimize the sum of squared errors

of any linear model can be found using ordinary least-squares regression. Simple linear models
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include § = mx + b for a single input variable x, or

QZB\O+le1+g2x2+~~-+B\nmn

for n input variables. The B\Z are called regression coefficients or model parameters. In a
geometric interpretation of this equation, Bo is called an intercept and Bl, e Bn are called
slopes. It might not be immediately obvious that the GIF model is such a linear model, but
if the subthreshold dynamics from Eq. (A.6) are expanded and rearranged, we obtain the

following

av e E -3 1 _5m) st _ ) st
=T V() L)+ Y e e T N e

dt C c C C {s€8;s<t} ¢ {se8;s<t}
which can be rewritten as
S . 7 . o
§=Po+ BiV(t) + Palexs(t) + P Z en” 4+ Brpa Z e’ (A.11)
{s€S;s<t} {s€S;s<t}

v
dt

where C = 1/32, q = —31/327 and so on. This is a linear model where the output ¢ =
is the voltage derivative; the inputs z; are the injected current I (), the subthreshold
voltage V (t), and the exponential basis functions of the adaptation current n(t — s) from
Eq. (A.3) summated over past spikes {s € S;s < t} (obtained by decomposing H(t) from
Eq. (A.4)); and the regression coefficients B; are the unknown parameters. This linear form
of the subthreshold dynamics shows why it is necessary to fix the values of TZ-("): if these
values were not fixed, the dynamics could not be written in terms of known input variables
multiplied by unknown regression coefficients, and it would not be possible to use ordinary
least squares regression to estimate all of the unknown parameters. Importantly, this form
also shows that more components can be added to the subthreshold part of the GIF model

as long as they can be written in terms of a known variable scaled by an unknown amount

(this will be discussed in detail in Section A.3.4).
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Unfortunately, there are no similar techniques to find the values of the threshold parameters
that maximize Eq. (A.10) directly. Instead, we must begin with a set of initial guesses for the
values of these parameters and incrementally improve them using gradient ascent. In practice,
the spike probability function used in the GIF model, p(w) (see Eq. (A.8)), guarantees
that gradient ascent will eventually lead us to the best possible values for these parameters
[136, 284]. Similarly to the subthreshold optimization process discussed above, this guarantee
is subject to certain constraints, and the simplest way to satisfy these constraints is to require

that the term inside the spike probability function,

V)=Vr(t) - : :
% in this case, can be written as a

linear function of its parameters. By expanding VT(t) and rearranging, we can rewrite the

term inside the spike probability function as

o
{seS8;s<t} {s€S;s<t}

s—t s—t

= Bo+ BV (t) + Ba Z €T+"-+B\k+2 Z BT’gw,

{seS8;s<t} {seS8;s<t}

where YA/(t) is the voltage predicted by the subthreshold component of the model. This

expression for w is of course linear with respect to the unknown parameters. Just as

with the subthreshold component of the model, this linear form illustrates that additional
components can be added to the spiking rule of the GIF model as long as they can be written

as a known variable scaled by an unknown amount.

A.3.4 Extending the subthreshold model

The GIF model, like all other neuron models, is subject to the No Free Lunch theorem: no
single model is best for all cases [285]. The simplifications used to construct the GIF model —
for example, that the subthreshold dynamics of neurons are not voltage-dependent — might
present problems for particular cell types or research questions. In this section, we will use

the serotonin neurons of the dorsal raphe nucleus as a case study to illustrate how the GIF
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Figure A.3: A GIF model augmented with a voltage-dependent current.

model can be extended to address limitations of the subthreshold model.

The subthreshold electrical properties of serotonin neurons are characterized by an unusu-
ally large membrane resistance (equivalent to a very small leak conductance) and a potent
voltage-dependent ionic current [158]. These characteristics violate one of the core assump-
tions of the GIF modelling framework, namely, that the subthreshold electrical properties of
neurons are dominated by a voltage-independent leak conductance. Fortunately, it is possible
to augment the subthreshold dynamics of the GIF model with a voltage-dependent component
to account for the specific characteristics of serotonin neurons. To see how, we will start by
adding a voltage-dependent current Iy (¢) to the subthreshold dynamics of the GIF model
defined in Eq. (A.6)

— = = (—a(V(t) — E) + Iv(t) — H(t) + Lexs(2)) - (A.12)
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We can model Iy (t) following the usual Hodgkin-Huxley approach

Iy (t) = gym(t)h(t)(V(t) — Ev) (A.13)

where gy is the maximum conductance; m(t) and h(t) are activation and inactivation gating
functions, respectively; and Fy is the reversal potential of the current. The details of the gating
functions and reversal potential are not important; suffice it to say that these can usually
be determined experimentally® or controlled. With this in mind, we can group together the
known terms from Eq. (A.13) into a new variable a(t) = m(t)h(t)(V(t) — Eyv). Substituting
this back into Eq. (A.13), we obtain a definition of the voltage-dependent current in terms of

a known variable scaled by an unknown parameter

Iv(t) = gva(b). (A.14)

Recall from Section A.3.3 that the unknown parameters in the subthreshold component of
the GIF model can be found easily as long as the subthreshold dynamics can be written in
a linear form; in other words, as a sum of known variables scaled by unknown parameters.
Substituting Eq. (A.14) back into Eq. (A.12) and expanding and rearranging the terms, we

obtain the following linear form in analogy with Eq. (A.11)

~

3‘7 oE  —7 ~ 1 _aqgm st _qm st
— = P 2V + Lalt) + mlealt) + - Y e ST e,
C C C ¢ c {seS;s<t} {s€S;s<t}

Because the subthreshold dynamics can still be written in a linear form, the regression
approach to estimating the unknown model parameters presented in Section A.3.3 can still

be used, ultimately yielding an augmented GIF model with a voltage-dependent ionic current

3The gating functions in Hodgkin-Huxley current models are usually expressed in terms of an equilibrium
gating function, which is a sigmoidal function of voltage, and one or more gating time constants, which may
themselves depend on voltage. Readers with a background in whole-cell electrophysiology will likely already
be familiar with techniques for measuring these quantities. For a comprehensive treatment, see [286].
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Figure A.4: A GIF model augmented with a voltage-dependent current fitted to a serotonin
neuron. The noisy input stimulus at the top was not used during fitting. Notice that the augmented
GIF model (teal) accurately predicts the subthreshold voltage (middle) and spike times (raster,
bottom) of the real neuron (blue). The spike rasters at bottom are for several repetitions of the
test stimulus shown at top. These illustrate that the augmented GIF model captures some of the
natural stochasticity of spiking observed in serotonin neurons.

(see Fig. A.3)%.

Augmenting the GIF model with additional components such as ionic currents can bring
the assumptions of the neuron model into closer agreement with the known features of
particular neurons. This improves the interpretability of the model by reducing the extent
to which multiple electrical features are mixed into a single model term. Evidence of this
mixing can be seen in the estimated values of g; in serotonin neurons using the GIF model
and its augmented counterpart presented above. Even though the leak term used to estimate
g; is the same in both models, the values of g; in the augmented model are closer to the

corresponding true values g; because the effects of the voltage-dependent current are mixed

4For an example of a similar approach used to estimate the parameters of ionic currents in a more detailed
model, see [138].
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Figure A.5: Leak conductance estimated by GIF models fitted to serotonin neurons (circles).
Ground-truth estimates for this parameter based on experimental measurements from a large number
of cells are shown in gray; wider areas indicate a relatively greater proportion of cells. Notice that
the estimates produced by the augmented GIF model are closer to the ground truth.

into it to a lesser extent (see Fig. A.5). Of course, unless the Hodgkin-Huxley model of the
current used in the augmented GIF model is exactly correct, a certain amount of mixing
will always occur, which explains why the distribution of g; in Fig. A.5 does not exactly
agree with the ground truth. This reduced mixing can also increase the accuracy of model
predictions by decreasing the dependence of model parameter estimates on the input used to
fit the model (as discussed in Section A.3.1). In the case of serotonin neurons, the augmented
GIF predicts the timing of spikes significantly more accurately than the base GIF model
[158], even though the differences between the two models are limited to the subthreshold
dynamics. (See Fig. A.4 for an example of an augmented GIF model fitted to a serotonin
neuron.) These results illustrate how adjustments to the GIF model can improve accuracy

and interpretability.

A.4 Summary

In this chapter, we have seen that generalized integrate-and-fire (GIF) models build on leaky
integrate-and-fire models to capture three of the most fundamental features of neurons: leaky
subthreshold integration, stochastic spiking, and spike-frequency adaptation. The simplified

mathematical structure of the GIF model provides a one-to-one correspondence between
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model components and electrophysiological features, making it intuitive to understand. We
also saw that the subthreshold and spiking components of the GIF model are rooted in linear
models that are easily fitted to data. This allows the GIF model to be constrained to mimic
the behaviour of individual neurons based on very little data using a two-step optimization
procedure, often with better results than more labour-intensive experimental approaches that
require measuring the values of model parameters one at a time. Finally, we showed how the
linear components of the GIF model can be extended to account for non-linear ionic currents

that are not present in the GIF model as it was initially defined.

A.5 Further reading

The leaky integrate-and-fire model as it is used today was first introduced by [147], and the
generalized integrate-and-fire model as it is presented here was introduced by [151]. See [287]
for an earlier model similar to the GIF model which also captures a wide range of neural
behaviours. A detailed derivation of the GIF model and its two-step fitting procedure can be
found in [281]. For a very practical description of how to carry out experiments that can be
used to constrain the GIF model, and an overview of how GIF models can be fitted using
publicly-available software, see [203]. For examples of how different variations of the GIF
framework can be used to capture the behaviours of various types of cortical neurons, see
(152, 204]. The definitive textbook on the physiology of ion channels and neuronal membranes
is [286].

The GIF modelling framework is conceptually related to other classes of neuron models
that are based on linearity assumptions. Like the GIF framework, generalized linear models
(GLMs) [141] and linear-nonlinear Poisson models (LNPs) [139] are based on a linear function
of a set of inputs which is then passed through a non-linear link function to produce a firing
rate (GLMs) or spike probability (LNPs). However, unlike GIF models, these models do not

attempt to predict the subthreshold voltage as an intermediate step. This means that GLMs
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and LNPs are not well-suited to cases where the subthreshold voltage is of primary interest,
or when spiking data is very sparse. On the other hand, these models can be fitted to spiking
data even when the subthreshold voltage is not known, as is the case during extracellular
recording.

In this chapter, we have introduced optimization methods that rely on either exact
knowledge of the relationship between model parameter values and predictive accuracy to
solve for the best possible parameter values directly, or that use only local knowledge of
this relationship to find the best values within a neighbourhood (gradient-based methods
introduced in Section A.3.3). [135] recently introduced an intermediate approach which uses
an artificial neural network to approximate the global relationship between parameter values
and model outputs, allowing approximately optimal parameter values to be found even for

complex models.
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Parallel and recurrent cascade models

as a unifying force for understanding
subcellular computation
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Abstract

Neurons are very complicated computational devices, incorporating numerous non-linear
processes, particularly in their dendrites. Biophysical models capture these processes directly
by explicitly modelling physiological variables, such as ion channels, current flow, membrane
capacitance, etc. However, another option for capturing the complexities of real neural
computation is to use cascade models, which treat individual neurons as a cascade of linear
and non-linear operations, akin to a multi-layer artificial neural network. Recent research
has shown that cascade models can capture single-cell computation well, but there are still a
number of sub-cellular, regenerative dendritic phenomena that they cannot capture, such as
the interaction between sodium, calcium, and NMDA spikes in different compartments. Here,
we propose that it is possible to capture these additional phenomena using parallel, recurrent
cascade models, wherein an individual neuron is modelled as a cascade of parallel linear and
non-linear operations that can be connected recurrently, akin to a multi-layer, recurrent,
artificial neural network. Given their tractable mathematical structure, we show that neuron
models expressed in terms of parallel recurrent cascades can themselves be integrated into
multi-layered artificial neural networks and trained to perform complex tasks. We go on to
discuss potential implications and uses of these models for artificial intelligence. Overall,
we argue that parallel, recurrent cascade models provide an important, unifying tool for
capturing single-cell computation and exploring the algorithmic implications of physiological

phenomena.
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B.1 Introduction

One of the greatest success stories in modern neuroscience is the development of biophysical
models of single-cell computation. Though there are still many mysteries to be explored, and
new discoveries are still being made, our core understanding of the biophysics of excitable
membranes as described by circuit equivalence models, cable theory, and Hodgkin & Huxley-
style models has stood the test of time and can reasonably be considered as an accepted
theory in neuroscience [127, 288-292]. This has provided the foundation for countless compu-
tational studies on single-cell computation using detailed models that explicitly incorporate
physiological variables including membrane capacitance, ion channels, reversal potentials, etc.
Such models have proven very useful for understanding a variety of phenomena, particularly
dendritic computation [129, 293-305]. Without these models we would understand much less

than we do about how dendrites contribute to computation in neural circuits.

However, due to their complexity, biophysical models are very difficult to link to algorithmic
models of neural computation. To some extent, this is part of the dilemma we always face
in science, i.e., “How detailed should our models be in order to achieve our scientific goals?”
[293, 306]. But, one thing that we can say is that it would be beneficial for understanding
the functional importance of dendritic computation if we possessed models of intermediate
complexity that could capture many of the phenomena of single-neuron computation while still
being sufficiently mathematically tractable to use for explaining complex animal behaviour.
Moreover, if we could develop such intermediate models we would be better placed to use
insights on dendritic computation to inform the development of novel machine learning

approaches [306, 307].

To this end, previous work has explored the use of “cascade models” to capture dendritic
computation [131, 214, 308, 309] (but see [310]). Cascade models use a cascade of linear
and non-linear operations, which are effectively tree-structured, feedforward, multi-layer

artificial neural networks (ANNs) [293]. Research has shown that these models can capture
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more variance in single-cell activity than standard point neuron models (which consist of
a single linear operation and non-linear activation function) [131, 214, 308]. Thus, cascade
models treat individual neurons as deep feedforward ANNs in order to capture single-cell
computation with a mathematically tractable model (Figure B.1A). However, such models
still have not been compared to many facets of dendritic computation, including calcium
spikes and N-methyl-D-aspartate (NMDA) receptor mediated plateaus.

Here, we show that it is possible to capture these phenomena using parallel and recurrent
cascade models (PRC models), i.e. models that use a set of parallel cascades of linear and
non-linear operations that are recurrently connected to one another. This is equivalent to
treating individual neurons as multi-layer, recurrent ANNs (Figure B.1B). We show that these
PRC models can successfully reproduce a number of experimentally observed regenerative
phenomena in dendrites, all while being mathematically tractable. Moreover, because these
models are fully differentiable, we show that they can easily be incorporated into machine
learning approaches that utilize gradient descent for model optimization [306]. This opens
the door to exploring the possibility that dendrites and dendritic computation may provide
important inductive biases for brains that could be mimicked by artificial intelligence (ATI)
[306, 307]. Thus, we conclude this paper by providing some speculation as to the possible
advantages for Al of dendritic PRC models. Altogether, this work helps to lay the ground
for better integration between our well-developed understanding of the biophysics of neural

computation and our ever increasing understanding of algorithms for complex behaviour.

B.2 The use of recurrent cascade models to capture
single-cell computation

Models made of a cascade of linear-nonlinear (LNL) operations have had a long history
in systems neuroscience, where such models were conceptually implied by early work on

retinal ganglion cells [311] and cortical cells [312]. These models consist of a linear filter
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Figure B.1: Illustration of cascade models and PRC models: A Dendritic computation can be
modelled using a cascade of linear and non-linear operations [131, 214, 308]. B Cascade models can
be extended with the use of parallel pathways and recurrence in the operations, which can enable
the modeling of more complicated regenerative phenomena.

of the stimulus followed by a nonlinear readout to generate predictions of a non-negative
observable. Important refinements to improve the accuracy of these models were the inclusion
of spike-triggered adaptation [139, 140], the composition of linear-nonlinear (LNL) operations
in a cascade [313, 314], and the addition of recurrent interactions between linear-nonlinear
subunits [141, 315]. Together, these various extensions are described by an LNL subunit
with multiple possible types of interconnection motifs. The LNL subunit is composed of
a linear-nonlinear operation with feedback from the output of the nonlinearity to capture
spike-triggered adaptation (Fig. B.2A; Methods B.5.1). Wiring between subunits can create
multiple types of motifs including a strictly feedforward cascade, a common input to two
units having possibly different filters or nonlinearities (parallel feature processing, Fig. B.2B),
or recurrent interconnections (Fig. B.2C). In most systems neuroscience applications, the
output of the nonlinearity is the Poisson intensity, used to capture the stochastic spike-timing
responses of real neurons. Our approach with PRC models here is slightly different, as we will
consider the output of the nonlinearity to represent deterministic voltage excursions. Also,

in most systems neuroscience applications, the filters and nonlinearities may arise from a
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Figure B.2: Linear-nonlinear operations and interconnection motifs. A The linear-nonlinear (LNL)
subunit. This architecture combines linear filtering of an input lex(¢) (middle) with a nonlinear
readout (top, g) and feedback (bottom, k,q), which together flexibly capture the passive filtering
effects of neuronal membranes, the nonlinear effects of voltage-dependent ionic conductances, and
adaptation. The contributions of each of these effects to the output z(¢), which may loosely represent
neuronal voltage or a spiketrain, can be tuned via the parameters of the filters xnjin, Kiin, and Kaq,
and the choice of nonlinear function g(-). B Multiple LNL subunits arranged in parallel can model
the effects of multiple ionic conductances in a single cellular compartment. C Recurrent connections
between model compartments, each composed of one or more LNL subunits, capture interactions
between cellular compartments.

large number of possible — yet undefined — mechanisms. These are typically thought of as
interactions within and between cells, but may also include dendritic computations [316]. In
order to better understand the cellular mechanisms underlying such information processing,

we focus on the application of a deterministic LNL framework within a single cell.

B.2.1 Somatic spikes

Since the pioneering work of Richard Stein [147], the leaky integrate-and-fire (LIF) model
has become the workhorse of interrogations of information processing of large numbers of
interconnected neurons. In itself, the LIF can be seen as a special case of the LNL subunit.
When a depolarizing current is injected into an LIF model, it first passes through the

membrane filter and produces a voltage (leaky integration; a linear operation) which is
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eventually reset to a lower value if it reaches a threshold (firing; a nonlinear operation). This
leaky integrate-and-fire behaviour can be captured by an LNL subunit with a filter that
corresponds to the membrane filter of an LIF model, together with a Heaviside nonlinearity
that is triggered exactly at spike threshold and a Dirac delta-shaped adaptation filter which
resets the voltage to a lower value. Such deterministic LNL models can capture both the
time-dependent membrane voltage response and the spike timing responses to complex inputs
[317]. Adding multiple time-scales to the kernel for spike-triggered adaptation makes these
models highly predictive of the responses of a variety of cell types [151, 152, 192, 232, 287].
Furthermore, considering smooth nonlinearities and surrogate gradients can ensure that the
LNL unit remains differentiable [318].

In addition it is worth noting that since LNL subunits are a special case of PRC models,
and LIF models are a special case of LNL models, LIF models are, in fact, a restricted class
of PRC models. As such, they can capture some of the phenomena that the broader class of
PRC models are capable of capturing [281, 319]. Part of our contribution here is to illustrate
some of the more complicated sub-cellular phenomena that cannot be recapitulated with a
pure LIF model, such as dendritic non-linearities and coincidence detection (see Sections B.2.2

to B.2.5, below).

B.2.2 LNL models for dendritic spikes

To circumscribe a systems-level function for dendritic computation, many studies have focused
on the role of intrinsic nonlinear dendritic operations—first using models of dendritic trees
in a stationary state [131, 320, 321], then using models capturing the dynamics of dendrites
and their intrinsic nonlinear properties [214, 309, 322]. These contributions are examples of
what we call PRC models because they involve a cascade of nonlinearities, but they leave
out the recurrent motifs. Also, most have not considered the parallel processing introduced
by [214]. Recurrence was, however, part of other efforts focusing on simplified models of

the interaction between somata and dendrites [323-326]. Thus our goal in this section is
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Figure B.3: Effects of changing parameters in the linear-nonlinear model. A Schema of the LNL
model. An external input undergoes two parallel processing steps: a linear (passive) filter and a linear
filter (possibly distinct from passive) followed by a nonlinear readout. The nonlinear processing step
(top) produces a nonlinear component (blue) which is added to a passive component (orange). As
input to the model, we consider both B a noisy time-dependent signal representing a bombardment
of asynchronous synaptic currents, and C a short pulse. D, top 3 traces Response to noisy inputs
having three different baselines (lower baseline is topmost trace,dashed line represents the activation
threshold of the nonlinearity). The nonlinear (blue) is added to the passive component (orange). D,
bottom Maximum amplitude of response as a function of pulse amplitude (bottom). E Same as D
but using a model with an increased timescale of the linear filter. F Same as D but with a model

having a decreased sensitivity (steepness) of the nonlinearity. Scale bars correspond to 10 ms and
5mV.
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to unify these complementary perspectives by presenting data showing that PRC models
can reproduce qualitative features of sub-cellular physiological phenomena, such as dendritic

spikes, coincidence detection, etc.

In comparison to the action potentials generated in the proximity of the cell body, the
spikes observed in dendrites display less stereotypical amplitudes and durations [327-330].
These features pose a problem for the LIF framework, but they are captured naturally by the
LNL framework. In Figure B.3, we illustrated the response of a LNL subunit to noisy inputs
and to short pulses. For a fast filter preceding a sharp nonlinearity, the model produced short
spikes on top of a noisy voltage trace. The short spikes arise when the low-pass filtered input
reaches the activation threshold of the nonlinear readout. Sometimes, the fluctuation is only
able to activate a fraction of the nonlinearity, which produces spikes of variable amplitudes.
Increasing the mean of the input makes those spikes more frequent as there are more chances
that the random fluctuations reach the activation threshold of the nonlinearity. Thus in the
configuration where a sharp sigmoidal nonlinearity is fed by a linear filter that is considerably
faster than the membrane filter, we observe variable amplitude spikes akin to dendritic sodium
spikes. We note that a very similar model architecture was able to be reproduce with great
precision the response to noisy dendritic inputs in the presence of dendritic sodium spikes

309).

Next, we examined the effects of changing the parameters in the LNL subunit (Fig. B.3E).
We began by increasing the timescale of the filter preceding the nonlinearity. This reduced the
number of suprathreshold fluctuations, and when a fluctuation in the low-pass filtered input
did cross the activation threshold it tended to stay for a longer time period. This produced
less frequent but longer spikes, akin to calcium spikes [328, 331-333] or, with an even longer
timescale, NMDA spikes [330]. As a consequence of changing the filter, the aspect of the
nonlinearity that can be observed when presenting a pulse input is altered, and appears more
graded. When, instead of changing the timescale of the linear filter, we only changed the gain

of the nonlinearity (Fig. B.3F), then the spikes had a more variable amplitude and duration.
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Changing the timescale of the filter and the steepness of the nonlinearity had a similar effect
on the maximum voltage observed in response to a pulse input. This can be explained by
the fact that in response to a short pulse, the voltage increases linearly with a slope given
by the timescale of the filter [281] and thus acts as a multiplicative factor identical to the
steepness of the nonlinearity. In these simulations, we have not included an adaptation-like
recurrence, although the formalism can include this mechanism. Thus, altogether, by changing
the parameters of the LNL model, we can simulate some basic electrophysiological features of

various types of dendritic spikes.

B.2.3 Dendritic sodium spikes

To test whether a PRC model can capture other features observed in electrophysiological
recordings, we focused on experimental findings reported by [327] pertaining to dendritic
sodium spikes. In one of the experiments reported (Fig. B.4), recordings were made simultane-
ously in a proximal dendrite and in the soma. A variable-amplitude synaptic-like stimulus was
injected in the dendrite. The recordings showed that in one dendrite, low input amplitudes
initiated a spike in the soma which produced a back-propagating action potential in the
dendrite and at high amplitudes initiated a spike in the dendrite before triggering an action
potential in the soma. In another dendritic recording, a low amplitude stimulus initiated a
dendritic spike unaccompanied by an action potential at the soma, and only a large input
produced an action potential at the soma. We found that we can reproduce these phenomena
by changing the parameters of two LNL subunits wired in a recurrent fashion (Fig. B.4A and
C). To capture how different recordings initiated spikes preferentially in the dendrite or the

soma, we varied the relative threshold of activation of the dendritic and somatic nonlinearities.

B.2.4 Dendritic NMDA spikes

Next we considered the electrophysiological recordings of NMDA spikes reported in Schiller

et al. (2000) [330] (Fig. B.5). We focused on the threshold input-pulse amplitude to trigger
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Figure B.4: A recurrent motif of linear-nonlinear models for the dendritic sodium spikes. A
Schematic of the model: A dendritic current (I;) impinges on two LNL subunits with recurrent
interactions, one corresponding to a dendrite, another corresponding to the soma. When the somatic
compartment reaches the threshold of its nonlinearity, a spike in the form of a square pulse is added
to the dendritic current. B Experimental data showing injection of synaptic-like pulses of varying
amplitudes in the dendrite (topmost traces have lowest input), where the voltage in the dendrite
(thick trace) and soma (thin trace) are shown. Two exemplars are shown in different columns.
Reproduced from [327] Fig. 1. C Model responses showing three amplitude levels of a synaptic-like
input in the model shown in A. To reproduce the exemplars in B the model in the right column has
a lower threshold for the dendritic nonlinearity and a higher threshold for the somatic nonlinearity.
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processing. A Schematic of the model: current impinging on the dendrite is passed through two LNL
operations in parallel before feeding into another LNL operation to produce an NMDA spike. B
Response of the model to a supra-threshold pulse input showing the calcium (blue) sodium (orange)
and NMDA (green). C The response to the model with the same pulse input as in B but with the
nonlinear component of sodium and calcium set to zero, simulating the application of TTX and
Cadmium. D Maximum voltage as a function of the amplitude of the input pulse for the model in
B (full circles) and the model in C (open circles). E Experimental recordings of peak membrane
potential as a function of stimulation power in control (full circles) and the presence of calcium and
sodium ion channel blockers (TTX and cadmium, open circles). Figure reproduced from [330] Fig.
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an NMDA spike which was lowered by the addition of blockers of sodium and calcium ion
channels (TTX and cadmium). This observation suggested that the nonlinear effects of sodium
and calcium ion channels participated in the initiation of the NMDA spikes. Since calcium
and sodium ion channels are characterized by distinct timescales, we considered a parallel
connectivity motif shown in Fig. B.5A. We chose the filter of the sodium LNL to be fast
(5ms), the filter of the calcium filter to be slower (40ms), and the filter of the NMDA LNL
to be even slower (80 ms). Simulating the response of this model to pulse inputs produced a
long depolarization that was clearly initiated by contributions from sodium and calcium (Fig.
B.5B). To simulate the blockade of these mechanisms by TTX and cadmium, we reduced the
amplitudes of their corresponding nonlinearities to zero, which prevented the occurrence of
spikes for a range of input amplitudes (Fig. B.5C). The effect on the initiation threshold of
removing the nonlinearity in the PRC model mimicked that of pharmacological manpulations

(Fig. B.5D-E).

B.2.5 Dendritic calcium spikes

We then considered how bidirectional interactions between somatic spiking and calcium spikes
can be captured by a PRC model. The tuft dendrites of cortical pyramidal cells express a
high density of voltage-gated calcium channels which produce dendritic plateau potentials
when sufficiently strong inputs are injected into the soma and tuft dendrites simultaneously
[331, 332]. These dendritic plateau potentials mediate burst firing at the soma, producing
coincidence detection and modulating the gain of somatic responses to peri-somatic input.
To capture these effects in our PRC framework, we created a model with two recurrently-
connected compartments, corresponding to the soma and apical tuft dendrites (Fig. B.6A).
Appropriately tuned filtering and nonlinear operations in each compartment (see Methods
B.5.4) caused the somatic compartment to emit single spikes when input was delivered to
the soma alone and intermittent bursts when input was delivered to both compartments

simultaneously (Fig. B.6B). Inputs delivered to either compartment alone evoked small
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responses in the dendritic compartment, while simultaneous inputs to both compartments
evoked burst-associated plateau potentials in the simulated dendrite. In cortical pyramidal
neurons, dendritic inputs produce somatic bursts most potently when they are delivered just
before or at the same time as somatic input, creating an asymmetric coincidence-detection
effect [331]. Injecting a synaptic-like pulse into the dendritic compartment of our model evoked
a dendritic plateau potential and somatic burst only when it preceded or arrived at the same
time as a somatic input pulse (Fig. B.6C), recapitulating the coincidence-detection effect
observed in pyramidal neurons [331]. Dendritic input to our model also modulates somatic
gain by increasing the number of spikes evoked by a given input (Fig. B.6D), consistent with
an effect of dendritic input on gain observed experimentally [334]. Together, these simulations
add to previous efforts [325] in showing that the PRC framework is able to capture features

of dendritic excitability and somatodendritic interactions.

B.3 Potential applications of recurrent cascade models

for learning theory

Aside from the additional capabilities to capture biological phenomena in dendrites that we
have illustrated here, PRC models may have relevance for machine learning applications.
Notably, thanks to the use of differentiable computational graphs (see [335] for an approach to
making our somatic units differentiable), a PRC model can be incorporated into any artificial
neural network model and trained with gradient descent [214, 336]. As such, PRC models
open the door to investigating whether sub-cellular dendritic computations have any potential
utility for improving machine learning applications. The answer to this question will depend,
in large part, on whether dendritic computations can provide important inductive biases for

an artificial neural network [336, 337].
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Figure B.6: A recurrent cascade model of the interaction between the back-propagating action
potential and calcium spikes. A Schematic of the model: external current impinging on the dendrite
(I4) and soma (I5) each engage a LNL operation. The output of the nonlinearities is combined to
the input current of the other unit, forming a recurrent interaction. B Step current injections in the
soma alone, the dendrite alone and then in both compartments simultaneously produces regular
bursting only for the conjunction of inputs. C A strong synaptic-like current pulse is injected in the
both the soma (/) and the dendrite (I;). Three simulations are shown for three relative timings of
the dendritic input (i blue, ii orange, iii green). Responses for the somatic (Vs, black traces) and
dendritic (Vy, color traces) compartments are overlaid for each condition. Somatic spikes are denoted
by a clear reset but the full depolarization is not shown. A burst of action potentials arise from
the near-coincident condition (ii, orange) recapitulating experimental observations in pyramidals
of the cortex [331]. D Responses to increasing amplitudes of synaptic-like input to soma in the
absence of dendritic input (left) and in the presence of a concomitant input in the dendrite (right),
a simulation of the gain modulation property of dendritic input reported experimentally [334].
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B.3.1 Networks of PRC models can be trained using gradient

descent

To illustrate that complex PRC models can be incorporated into multi-layer artificial neural
networks and while remaining trainable via gradient descent, we next trained an artificial
neural network containing a single hidden layer made of four PRC neurons to solve a simple
binary classification problem: memorizing labels associated with random patterns of synaptic
input (Fig. B.7A). Before training, our network correctly predicted the label (“green” or
“purple”) that had been randomly assigned to each randomly-generated pattern of synaptic
input ~50% of the time, no better than chance. Adjusting the synaptic weights in the
direction of decreasing error using backpropagation through time (with a surrogate gradient
for the somatic spiking function; see Methods) gradually improved the prediction accuracy to
well above the chance level (>75%, Fig. B.7C, D), indicating that the network had successfully
learned a mapping from synaptic input patterns to class labels. We repeated the training
procedure with different types of hidden units (Fig. B.7E), ranging from an integrate-and-
fire unit without a dendrite (model (I)) to the full PRC model (model (5)), and including
recurrently-connected compartments without paralel processing (as in Fig. B.6). For the
models with a dendrite (2)—() in Fig. B.7), two independent sets of weights were used,
such that each input unit connects with one trainable weight to the soma and with another
trainable weight to the dendrite. Also, for the more complex models (2)—(®) in Fig. B.7),
we fixed as hyper-parameters the connection strength between the somatic and dendritic
compartment as well as the time scale of the filters (see Methods). We found that, with the
exception of the models with the parallel motif, all models trained well and achieved above
80 % accuracy within 2000 epochs, demonstrating these models are trainable using standard

techniques.

Importantly, as with any machine learning model, increasing PRC model complexity

increases the number of parameters to be trained and hyperparameters to be tuned. Good
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machine learning practice involves a systematic methodology for tuning the hyper-parameters
(338, 339]. Here, however, the particular choice of hyper-parameters was based on our com-
parison with electrophysiological observations. With these hyper-parameters, good accuracy
using the parallel motif was achieved but only in a small portion of the initializations. It is
possible that the slow time constant used in the parallel subunits tended to prevent these
models from achieving good accuracy. Thus, we have demonstrated that various forms of
PRC models can be trained on a memorization task and that combining these models with
techniques for hyper-parameter optimization [338, 339] opens the door to comparing model

architectures on the basis of training efficacy.

Because few problems solved by machine learning systems or the brain are likely to closely
resemble memorization of random patterns of inputs, we next assessed whether our PRC
models could be trained to solve a more realistic problem: classification of spoken digits.
The Heidelberg digits dataset contains spiketrains produced by a detailed model of the inner

ear in response to audio recordings of the numbers zero to nine spoken by multiple people

Figure B.7: (Previous page.) PRC neurons in a network can be trained to memorize patterns
of synaptic input. A Network architecture with PRC units in the hidden layer. 100 input units
send synaptic input to a hidden layer composed of four PRC neurons with recurrently-connected
somatic and dendritic subunits (as shown in inset and Fig. B.6A), which in turn send synaptic
input to an output layer consisting of two non-spiking single-compartment neurons. Synaptic input
patterns are classified as “green” or “purple” based on the maximum voltage attained in the
output layer. B Randomly-generated patterns of synaptic inputs (left) are incorrectly classified
approximately 50 % of the time by a PRC network with randomly-initialized synaptic weights. C,
D Training synaptic weights using backpropagation through time allows the network to memorize
labels associated with specific input patterns, resulting in improved predictions. The mean negative
log likelihood loss is shown (top). A surrogate gradient was used for the Heaviside nonlinearity
in the somatic compartment of hidden PRC neurons (see Methods) in order to train the input
weights. E Different architectures of the PRC unit used in the hidden layer: (I) one-compartment
neuron, (2) two-compartment neuron with no recurrent connection from the soma to dendrite, (3)
two-compartment neuron with recurrent connections between soma and dendrite (as in B.2C and
B.6), @ two-compartment neuron with parallel processing in the dendritic compartment (as in
B.5), and () two-compartment neuron with both parallel processing and recurrent somatodendritic
connections. F1 Mean 4+ SD accuracy during training for N = 10 randomly-initialized networks of
each type. Dashed lines indicate chance-level accuracy. F2 Training set accuracy before and after
training is shown for the different models.
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Figure B.8: Multi-layered networks of PRC neurons can be trained to recognize spoken digits, and
generalize to sound samples from new speakers. A Training examples from the Heidelberg spoken
digits dataset [340]. Audio recordings of digits spoken in English and German were transformed
into spiketrains using a detailed model of the inner ear. B Multi-layered PRC network architecture,
an expanded version of the architecture shown in Fig. B.7. C Performance of multi-layered PRC
networks. Hidden unit architectures (C1) are the same as in Fig. B.7E. C2 shows the mean training
accuracy across N = 3 randomly-initialized networks. Dashed lines indicate chance-level accuracy.
C3 shows test set accuracy (green) as well as initial and end training set accuracy for the different
models.
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in two different languages (English and German; Fig. B.8A). As a benchmark for assessing
the generalization performance of spiking neural network models, the Heidelberg dataset is
divided into a standard set of training and test examples, where the test examples include
digits spoken by two individuals not included in the training set. To solve this more complex
task, we created a set of larger multi-layered PRC network models containing a hidden layer
with 200 PRC units in addition to the 700 input units and 20 output units required by the
structure of the dataset (Fig. B.8B). Training multi-layered networks containing the same set
of five PRC models shown in Fig. B.7E for 200 epochs consistently improved the training
set prediction accuracy from the chance level of 5% to >95% and as high as 99.5 % for the
network containing PRC units which capture the effects of backpropagating action potentials
(i.e., 3) in Figs. B.7 and B.8; analogous to Fig. B.6; all values are averages across N = 3
randomly-initialized networks; Fig. B.7C). The multi-layered PRC networks successfully
generalized to new examples, achieving a test set accuracy of 54 % to 70 %, comparable to
that previously reported using networks of LIF neurons [340]. The prediction accuracy could
be further improved by systematic selection of model hyperparameters, including PRC neuron
architecture [338, 339]. Importantly, these preliminary results provide a clear proof-of-concept

that multi-layered networks containing PRC neurons can be trained to solve complex tasks.

B.3.2 Parallel-recurrent cascade models as architectural inductive

biases

One of the realities that any machine learning system faces is that no learning agent can be
efficient at learning all types of problems and/or tasks. Due to the No Free Lunch Theorem
for Optimization [285], we know that there is always a trade-off: for a learning system to
achieve good performance in one set of problems, it must sacrifice its performance in other
sets of problems. When an engineer introduces some design components into an optimization
system that help to bias a learning system towards a particular set of problems, we refer to

these components as “inductive biases”. Inductive biases are key to developing useful machine
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learning systems, because without appropriate inductive biases, learning systems will provide
mediocre performance on all tasks, as opposed to superior performance on the subset of tasks
that we may care about [341, 342]. For example, if an engineer creates a machine learning
system that is built with an inductive bias to seek out relationships between discrete objects,
then that can help the system learn about spatio-visual object relations such as “there is a

blue ball to the left of a red cube” [343, 344].

These insights about the importance of inductive biases actually helped to lay the
foundations for the modern deep learning approach in Al [342, 345]. The early proponents
of deep learning proposed that the set of problems we most care about in Al are those
that humans and/or animals are good at, e.g. image processing, motor control, language
comprehension, etc. [345]. Given this, they argued that machine learning researchers should
seek inspiration from real brains in order to find appropriate inductive biases for AT [346]. At
the time, the principal inductive bias that these researchers were interested in was network
depth (hence the name “deep” learning). They believed that the macroscopic architecture
of the brain, with multiple stages of processing involved in sensorimotor transformations,
provided inductive biases to promote hierarchical representations, which was proposed to
solve the type of problems where humans and animals excel [345]. In hindsight, it appears that
their intuitions were largely correct: deep ANNs have consistently outperformed other types
of machine learning approaches in exactly the sort of problem/task domains that humans and
animals excel at [346]. Moreover, theoretical analyses have provided some explanations for

why ANNs with deep architectures are particularly well suited to such applications [347, 348].

There is a broader, two-fold point within the story of deep learning and inductive biases.
First, it is clear now that the inductive biases of an ANN are determined in large part by
architecture, i.e. how the linear and non-linear operations are arranged in a computational
graph within the ANN. This is because architecture determines both how information flows
through the ANN, but also the shape of the loss landscape, which can directly impact the

efficiency with which different types of representations can be learned [349, 350]. Second,
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the success of using the brain’s hierarchical structure to inspire the architecture of ANNs
demonstrates that, in principle, it can be beneficial for Al to seek inspiration from the brain
when seeking new inductive biases [351]. Importantly, PRC models provide a new way of
incorporating biological insights into the design of ANN architectures. If we were to replace
the standard units of an ANN with PRC models based on real neurons, this would represent

a major change in the architecture of the ANN, one that may provide useful inductive biases.

B.3.3 Potential advantages of PRC-based inductive biases

When considering the potential inductive biases that PRC models introduce, the natural
question is, would these inductive biases actually help or hinder AI? Though it is true that
inspiration from brains have provided useful inductive biases for machine learning in the
past [346, 351], there is no rule that says that neural phenomena always provide such utility.
Indeed, some aspects of physiology may be more related to phylogenetic history and biological
constraints than they are to improved learning performance. However, there are a few reasons
to think that dendrite inspired PRC models may provide useful inductive biases.

As noted above, research over the last decade has confirmed that network depth is an
important architectural consideration for AI [347, 348]. However, not all depth is equal.
Researchers have found that increasing depth is most useful when additional architectural
features are included, such as skip connections [350]. If we were to replace the units of an
ANN with PRC models based on real neurons that would increase the depth of the network,
but in a very particular way. The central question, then, is would the specific form of increased
depth that one would obtain from using PRC model units would be helpful?

One reason that PRC models may provide a useful form of depth is that they would help
to promote sparsity, which has also been shown to be useful in neural networks [352]. PRC
models would help to promote sparsity because they would provide distinct computational
sub-units with non-linear interactions that could handle different components of a task. For

example, it would be possible to have individual dendrites that are responsible for processing
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distinct types of features, e.g. one set of dendrites for processing facial features, another set
for processing body parts, etc. Thus, depending on the input provided, the network could

activate only a very sparse set of all the dendrites for processing.

Related to this, there is a growing recognition in the machine learning community that
a desirable form of inductive biases for AI would be those that promote the emergence
of specialized modules that can be flexibly composed [353, 354]. This may turn out to be
critical to overcoming the limitations of current ANN approaches. Specifically, if an ANN was
provided with an architecture that promoted the learning of distinct, specialized modules
that can be composed, then it should be possible both to learn more intuitive part-whole
relationships that capture the underlying structure of objects in the world more accurately
[353, 354] and to avoid the catastrophic forgetting that can plague standard ANNs [355].
However, current systems to promote specialized modules are only loosely inspired by real
neural circuits. Therefore, an interesting open question is whether PRC models could provide
a good mechanism for implementing brain-inspired inductive biases to promote composability.
Notably, dendrites have functionally clustered inputs [356], synaptic dynamics can perform
LNL operations [357], and these phenomena interact [358]. Given the fact that PRC models
would allow an ANN to learn dendrite-like, flexible, non-linear, recurrent interactions between
functionally clustered inputs, it is plausible that they could help with composability. Thus,
we would argue that future research should investigate the potential for ANNs that use
PRC models inspired by sub-cellular dendritic computation to show better specialization and

composability, and less catastrophic forgetting.

B.4 Discussion

In this article, we have illustrated the capabilities of PRC models to capture the various
experimentally observed features of dendritic computation, and discussed how this modeling

framework may be key to understand the role of dendrites in learning and neuronal compu-
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tation. In doing so, we have identified modular, composable connectivity motifs (Fig. B.2),
with the parallel, recurrent and cascade elements forming the basic building blocks of the
framework. We have illustrated how the interaction between sodium spikes in the dendrite
and the soma [327] can be captured using a recurrent motif of LNL subunits (Fig. B.4).
Furthermore, we have demonstrated that a parallel motif of LNL subunits within a cascade
can reproduce the dependence of NMDA spikes on the activation of sodium and calcium
channels [330]. Finally, we demonstrated that the interaction between back-propagating action
potentials and calcium spikes can be captured by a recurrent motif of LNL subunits with a
different set of parameters (Fig. B.3) [331, 334]. In closing, we have argued that these PRC
models of dendritic computation could have an important role in shaping inductive biases

(Section B.3), and thus contribute to the optimization of learning capabilities of the brain.

Our LNL models, however, bear some important limitations. Firstly, the set of operations
that are possible within the LNL framework correspond to a subset of the operations that
are achievable by the type of dynamical systems used in detailed simulations of dendritic
integration [214, 330, 359, 360]. For instance, modeling the NMDA spike as two LNL units
in parallel followed by another nonlinearity ignores the nonlinear impact that sodium ion
channels can have on calcium ion channels via rapid increase of the membrane potential.
Another element not captured by the phenomenological LNL model is that ion channel time
constants almost always depend on the mean depolarization, which implies an adaptive filter
instead of a fixed filter assumed in the LNL model. A second important limitation is that we
have assumed that the dendrites remain in a fluctuation-driven regime where the net input
is low on average but highly variable. If we were to give strong and sustained inputs to the
LNL model, these would saturate the nonlinearity and nonlinear transients would disappear.
Such a sustained-depolarization regime has been observed in some experiments [334], but
it remains to be seen whether these take place in vivo or whether homeostatic mechanisms
preserve the fluctuation-driven regime [361]. One last limitation of our model is that a very

high input variability is capable of making nonlinear operations effectively linear [214]. In this
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case, the complex linear-nonlinear structure operates in a way that can actually be captured
by an effective model that is entirely linear. Although some in vivo manipulation of dendritic
inputs [333, 362, 363] argue against this point of view, the full relationship between inputs
and outputs of neurons in a naturalistic condition is far from being fully known.

We included in this paper some discussion of the potential machine learning applications
of PRC models. As we outlined, there are some reasons to believe that dendritic computations
may provide useful inductive biases for machine learning systems. We are hopeful that future
research will demonstrate this. However, it also has to be recognized that real dendrites
may be solving an implementation problem for neurons, i.e. how can you actually integrate
thousands of distinct signals in a physical circuit with space and energy constraints? It is
possible that this is the problem which dendrites solve for real neurons, and that dendritic
computation is, itself, not important at the algorithmic level. Only by exploring the potential
advantages of training Al systems with PRC models inspired by real neurons will we be able
to get some initial insight on this mystery.

In summary, our work shows how PRC models can be used to model sub-cellular dendritic
computation with a computationally tractable approach. This lays the groundwork for future
explorations of the algorithmic implications of dendritic computation, both in the brain, and
in machine learning applications. We believe that PRC models will help open the door to

exploring the true computational power of dendrites.
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B.5 Methods

B.5.1 Linear-nonlinear subunit

The basic component of the modeling framework presented here is the linear-nonlinear subunit,

which receives a net time-varying input I;(¢) and produces an activation z(t) as its output

2(t; Klins Klins Kad) = 9(@ntin(t; Fnlin, Kad)) + lin(F; Klin, Fad) (B.1)
ay(t; Ky Kaa) = [Ko * (Lexe + Taa)] (1) (B.2)
Laa(t; Kad) = [Kaa * 2](1), (B.3)

where ¢(-) is a nonlinear activation function; a,;,(¢) and ay,(t) are the pre-activations for the
nonlinear and linear parts of the output, respectively; Io.(t) = >, I;(¢) is the total input from
all external sources; I,q(t) is a recurrent adaptation current; and (k*x)(t) = ffoo K(t—T7)z(T)dT
denotes the causal convolution of a filter x with a signal x evaluated at time ¢. The subunit
is parameterized in terms of the activation filters s, and ky,, the adaptation filter k.4, and
the choice of nonlinear activation function g(-). Except where noted, all filters in this work
are defined as exponential functions

K(t) = Lo (B.4)

T

with time constant 7. For models with multiple cellular compartments, I (t) may include
inputs from an external source as well as from other compartments (eg, Methods B.5.4).
Depending on the model, z(t), ann(t), or ai,(t) may correspond loosely to the voltage of a

compartment denoted V,(¢) where x is the name of the compartment.

225



MAKING SENSE OF SEROTONIN THROUGH SPIKE FREQUENCY ADAPTATION

B.5.2 Two-compartment model subject to a single dendritic input

The two-compartment model with a recurrent connection from the somatic to the dendritic

compartment is defined as follows

29(t) = glaS, (8 550)) + ag) (£ k) (B.5)
2D(t) = a(al (kG0 + al (t; ki) (B.6)
I9)(t) = 189(t) = Ly(t), (B.7)

where the dendritic nonlinearity o(-) is the sigmoid function. g(-) is the somatic spiking
nonlinearity, a function which emits a 1 ms square pulse of amplitude A = 2 AU when 2®(t)

crosses the somatic spike threshold from below

g(t;v) = rect(t Z St —tV (B.8)

A for0<t<1lms
rect(t) = : (B.9)

0 otherwise

where t\) denotes the time of a threshold crossing. Exponential functions with the following
time constants were used for the pre-activation filters: TI(S) =40 ms, 7\ = 20 ms, & =40 ms,

in T ) 'lin nlin
(d)

and 7, = 2 ms. Adaptation filters were set to zero and the terms associated with them
were omitted from the above model for simplicity. The activation output z®)(t) corresponds
loosely to the voltage of each compartment; V,(t) = 2()(¢) and V(t) = 2(9(t) are therefore

used to refer to these terms in figures and the main text for ease of interpretation.

B.5.3 Multi-subunit model with parallel processing

The model is composed of three linear-nonlinear subunits which loosely capture the contri-

butions of sodium, calcium, and NMDA voltage-dependent conductances (denoted by the
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superscripts (1), (2), and (3), respectively) to nonlinear processing of synaptic inputs in a

dendritic compartment. Their dynamics are defined as follows

29(t) = o (a™(t; %)) + o™ (t; X)) for x € {1,2,3} (B.10)
X 1 —L
™) — T(X)GT(X)’ (B.11)
with inputs
IGa() = 1 (1) = Lu(?) (B.12)
18)(t) = 20(t) + 2@ (1), (B.13)

In all three subunits, the non-linear and linear pre-activation filters were set to be equal, such
that
k) =kl = k) (B.14)

where 7V = 5ms, 7 = 40ms, and 7 = 80 ms. The adaptation filters were set to zero and
the associated terms dropped for simplicity. The dendritic synaptic-like input current is given

by the alpha function

—t

Iy(t) = Ate= fort >0 (B.15)

with amplitude A and time constant 7 = 2ms. The voltage output shown in the figures and

main text is analogous to the activation output Vi(t) = 2™ (t) for each respective subunit.
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B.5.4 Two-compartment model with bi-directional dendro-somatic

interactions

The model with bi-directional dendro-somatic interactions is composed of two reciprocally-

connected linear-nonlinear subunits (see Section B.5.1) as follows

29(8) = © (a6 £ D)) (B.16)
IS () = L(t) + 2 V() (B.17)
201 = o (a5 (B.18)
18 1) = Ly(t) + 29 (1), (B.19)

where O(+) is the Heaviside step function and o(-) is the sigmoid function. The nonlinear

(z) )

activation filters x; are defined as exponential functions with Tr(li)n = 10ms and Tr(lﬁn = Hms.
The somatic adaptation filter is defined as
N 1 fort =0
ra () = (B.20)

1
Tad

—t
ead fort >0

with 7,q = 20ms. In this model, the linear activation filters /{1(2 and K (q) are set to zero, along

with the dendritic adaptation filter m;i). (The terms associated with these filters have been
dropped from the above model definition for simplicity.) I5(t) and I(t) correspond loosely

to synaptic inputs to the somatic and dendritic compartments, respectively. The somatic

%) “and the dendritic activation 2@ loosely correspond to the voltage in their

pre-activation a .,

respective compartments. For clarity, we use Vi(t) = at) (t) and Vy(t) = 29D (1) to refer to

nlin

these quantities in the figures and main text.
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B.5.5 Multi-layered networks of PRC models

Artificial spiking neural networks with a hidden layer of PRC neurons were constructed
following the approach of Refs. [318, 340, 364]. Briefly, spikes in each layer were integrated as
exponentially-decaying synaptic currents in each neuron/PRC-compartment in the following
layer, which in turn were integrated by the dynamics of the corresponding PRC subunit as
Ixt(t). The neurons in the output layer consisted of leaky integrators without threshold or
reset. The time-varying voltage of the neurons in the output layer was transformed into a set
of class probabilities by applying a softmax operation to the maximum voltage attained by

each output unit during each example.

The PRC filters s used in network models were defined as

—t

Rx(t) = em fort >0 (B.21)

where the membrane time constant 7,;, = 10ms, and the synaptic time constant 7y, = 5ms.
Time constants of sodium, calcium, and NMDA filters took the same values as in Methods
B.5.3. The linear forward filters xy;, were dropped for simplicity. The adaptation filter in the

somatic compartment was defined as

15 fort=0
k) = (B.22)

0  otherwise.

In order to train multi-layered networks of PRC neurons, it was necessary to use a surrogate
gradient for the Heaviside step function used to generate spikes in the somatic compartment
(since its gradient is zero almost everywhere). Following the approach of [335, 364, we used
the normalized gradient of a sigmoid function to approximate the gradient of the Heaviside

function
d Qo
~ 0 ~ o
dx (z) (sl +1)%’
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where « is a proportionality constant and s = 10 is a scale parameter that sets the slope of
the sigmoid.
All training was carried out using the Adam optimization algorithm with a learning rate of

0.002 and the negative log likelihood of making a correct class prediction as the loss function.

B.5.6 Numerical methods

Simulations were implemented in Matlab and Python 3.8 using NumPy 1.18.5, SciPy 1.5.0,
and ez-ephys 0.4.2. Figures were prepared in Python using Matplotlib 3.2.2, Jupyter 1.0.0,

and ez-ephys. Code is available at .
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