UCSF

UC San Francisco Electronic Theses and Dissertations

Title

Neural Solutions to the Credit Assignment Problem

Permalink

Ihttps://escholarship.org/uc/item/9d5699md

Author

Krausz, Timothy Amos

Publication Date
2023

Peer reviewed|Thesis/dissertation

eScholarship.org Powered by the California Digital Library

University of California


https://escholarship.org/uc/item/9d5699m5
https://escholarship.org
http://www.cdlib.org/

Neural Solutions to the Credit Assignment Problem

by
Timothy Amos Krausz

DISSERTATION

Submitted in partial satisfaction of the requirements for degree of

DOCTOR OF PHILOSOPHY

in

Neuroscience

in the

GRADUATE DIVISION
of the

UNIVERSITY OF CALIFORNIA, SAN FRANCISCO

Approved:

Loren M. Frank

DocuSigned by:
| l DA llA ‘ﬁV‘n!AL

9C247AE9D5474C3...

»——DocuSigned by:

Chair

\——12024A1A01564EB...

%SW Bue Joshua Berke
> DRRAISIGEEDAFAFO. . .
Dy M asgin Ly ida L Dr. Mazen Kheirbek
>—— D2 USIGO0E433...
ﬁé}]zﬂm Alexandra Nelson
L

Committee Members



Copyright 2023
by

Timothy Amos Krausz



Acknowledgements

While this thesis was by far the most solitary effort I’'ve ever engaged in, I so often felt
propped-up by the strong support network of many individuals who must be acknowledged here.
First and foremost, I’d like to thank my scientific mentors. Among them, I am most grateful for
my advisor, Dr. Josh Berke, who invested a truly commendable amount of time and effort in
mentorship, including weekly meetings throughout the PhD. I will never forget the first months I
spent in the lab, shooting design conceptions back and forth while scheming up our new
behavioral task. He consistently encouraged me to think bigger, do better, and push myself
outside of my comfort zone. While he held me to a high scientific standard, he also gave me the
tools to meet it.

Josh was not the only busy scientist who dedicated many hours to intellectual discussions
and mentorship. My PhD would not have been close to the same without Dr. Loren Frank and Dr.
Nathaniel Daw. Thank you for all of the meetings (especially the many at odd hours during stints
outside of the country), and for teaching me how to creatively approach questions with analytical
rigor. Dr. Alexandra Nelson, Dr. Mazen Kheirbek, and Dr. Loren Frank, thank you for the time
you’ve dedicated towards advice and guidance over the past five years as valued members of my
committee. Dr. Ali Mohebi, there are many, many, things I could thank you for, but most of all
thank you for continually being the best scientific role model I could ask for. Thank you for
being an example with your unending enthusiasm for the scientific pursuit, and your ability to
filter out the noise that can be so loud in academia.

Thank you to everyone in my life who was patient with me during long days and missed

events so that I might attempt to get one more recording that may or may not work. I am forever



grateful to my parents, Ron and Susan, who instilled in me a deep confidence to pursue and
indulge my curiosity. Thank you for being an honest bouncing board during our many calls on
long walks home, and for always encouraging me to invest time in what’s important to me. I’ve
never felt anything but supported by you.

Finally, thank you to the best partner I could ask for through this PhD. Beethoven, I don’t
want to say I couldn’t have done this without you, but I guarantee it was exponentially better
with you by my side. I’'m not superstitious, but I swear every time you sent a text with “good rat

vibes” I got the best recordings of my PhD. So, thanks for that as well.



Contributions

Chapter 1 was written by Timothy A. Krausz

Chapter 2 was adapted from Timothy A. Krausz, Alison E. Comrie, Ari E. Kahn, Loren M.
Frank, Nathaniel D. Daw, Joshua D. Berke. Dual credit assignment processes underlie dopamine

signals in a complex spatial environment. Neuron (2023).

https://doi.org/10.1016/j.neuron.2023.07.017.

Chapter 3 was written by Timothy A. Krausz. Additional contributions to this work were
provided by Daniel Egert, Alison E. Comrie, Eric L. Denovellis, Loren M. Frank, Nathaniel D.

Daw, and Jushua D. Berke.


https://doi.org/10.1016/j.neuron.2023.07.017

Neural Solutions to the Credit Assignment Problem

Timothy A. Krausz

Abstract

To survive in the natural world, animals must learn to predict which actions and places
will produce the resources necessary for life. When such rewarding outcomes are obtained, the
brain must decide which subset of actions and places deserve credit, and to what extent. Due to
the large and complex action space, and the instability of natural environments, adaptively
updating predictions of future reward (values) poses a formidable computational challenge.
Dopamine (DA) in the nucleus accumbens (NAc) is a neuromodulatory signal whose
documented dynamics position it as an ideal candidate neural value signal. Meanwhile, neural
representations of place — both actual and simulated — in the dorsal hippocampus (dHip) provide
a candidate mechanism to adaptively assign credit to places distant from reward. In this body of
dissertation work, I first develop a complex, yet tractable, spatial foraging task that emulates the
credit assignment challenges posed by the natural world: numerous actions that do not directly
result in reward, unstable paths to rewarding locations, and probabilistic reward outcomes. By
recording from NAc DA in this task using dLight fiber photometry, I find that NAc DA robustly
scales with spatial estimates of value (“place values”). Leveraging this relationship, I identify
two key valuation algorithms used to generate this value signal: progressive propagation over
space using directly experienced outcomes, and maze-wide updates using inference. Next, in a
subset of rats, I simultaneously record from NAc DA using dLight fiber photometry and dHip
pyramidal neurons using a custom 256-channel silicon electrophysiology probe. I achieve

millisecond-timescale decoding of dHip place representations using a novel two-dimensional
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spatial state-space algorithm. These included 8Hz “theta”-associated sweeps ahead of the animal
into available paths, and representations of distant locations following reward. When dHip
represented a higher-value available future path, NAc DA increased more than when dHip
represented a lower-value path. As evidence for value updates, if a location was represented in
dCAL1 following reward, NAc DA was higher the next time the rat traversed that location,
compared to traversals when that location had not previously been represented. These
preliminary results provide striking new evidence for specific neural mechanisms that implement
inference through simulation, and may therefore underlie intelligent learning and decision
making. In all, this body of work provides novel insights into the neural mechanisms responsible

for generating predictions of future reward to adaptively guide behavior.
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Chapter 1:

Introduction

The credit assignment problem

The natural world abounds with opportunities to act and goals to pursue, yet only a sparse
subset of these will result in the resources necessary for survival. To obtain these critical
resources, animals must string together numerous actions in sequence, often traversing many
places that lack reward. As a result, most actions taken and places encountered will be separated
from any downstream rewards by vast gaps in both space and time. Meanwhile, animals contend
with several potentially detrimental costs, including the energetic cost of movement and the
opportunity cost of staying put. A key challenge, then, is selecting which of the many available
actions are worth taking, and which goals are worth pursuing. Adaptive evaluative processes
would benefit greatly from accurate predictions of future reward (“value”). Lacking perfect
knowledge of the world, the brain is instead forced to leverage its limited experience to predict
which places are worth going and what actions are worth taking. Thus, when the rare reward is
finally obtained, the brain must answer a difficult question: which subset of the innumerable
actions from the past deserves credit for producing this current rewarding outcome? This is
termed the “credit assignment problem,” whose adaptive execution can dictate the survival of the

organism.



Theoretical approaches and solutions

To begin to understand what processes the brain might use to perform credit assignment,
we can leverage insights from decades of hypothesized dichotomies used to explain animal
learning and decision-making. In other words, what can animal behavior tell us about how the
brain evolved to predict future rewards from past experiences? If we examine popular theories in
over the years, we find a set of proposed dichotomies: goal-directed versus habitual,'~ flexible
versus inflexible,® and allocentric versus egocentric,’ to name some of the most common. In
goal-directed behaviors, animals decide that a specific goal is valuable enough to pursue, so they
assign value to the upstream actions that will likely lead to that goal. Habitual behavior, in
contrast, arises from learning the association between a stimulus, the animal’s response, and the
subsequent outcome. After repeated stimulus-responses are followed by desirable outcomes,
stimuli will induce the animal to respond in the same fashion, even when the desired outcome no
longer results. At this point, the action has a high value independent of the outcome being
pursued, and behavior becomes habitual. Such inflexible behaviors often overlap with those
classified as stereotyped, where a stimulus results in an animal producing a predictable action or
action sequence. A flexible decision-making strategy, on the other hand, would allow the animal
to explore new actions that may lead to better outcomes. Flexibility is especially responsive to
novel observations — e.g., the omission of a rewarding outcome following an action that
previously produced reward. Animals using a flexible strategy would be able to devalue that
action. In navigational decision-making, animals may use what’s termed an “allocentric”
framework, considering their position with reference to the broader environmental context.
Alternatively, they might rely on their own frame of reference (“egocentric”) to select actions.

When I enter my local grocery store, for example, I can consider where I am within the store,



where the desired product is, and determine what direction will move me towards that product.
Alternatively, I could use an egocentric reference frame and remember that moving to the right is
the best action from my currently observed location.

While the terminology used to describe different evaluative strategies has varied, much of
this variability can be explained by considering the credit-assignment process involved. For the
question of which actions/places deserve credit, one type of process assigns credit to the actions
that directly produced the rewarding outcome. If left unchecked, this will give rise to habits and
inflexible behavior, and promote an egocentric framework. A distinct strategy would permit
credit assignment to additional alternative actions that could have led to reward. This inferential
option would allow animals to more adaptively evaluate alternative routes to reward, permitting
goal-directed, flexible, and allocentric behaviors. For the question of how much credit to assign
to different actions, one extreme would only subtly change the values of preceding actions with
each observed outcome. This strategy would produce values consistent with long-running
average outcomes, but single adverse outcomes would fail to change behavior, resulting in
inflexibility and habits. At the other extreme, a credit-assignment strategy might severely
increase or decrease the values of prior actions according to the most recently observed reward
outcome. Under this regime, decisions could more flexibly adapt behavior following the
observation of novel adverse or rewarding outcomes. Such a switch between habitual and goal-
directed behaviors has similarly been described by a trade-off in speed versus accuracy.®

It is no surprise, then, that a framework to unify these various descriptive dichotomies’
was found in the largest body of theoretical work on solutions to the credit-assignment problem:
the machine-learning field of Reinforcement Learning (RL).!° Like biological agents, RL agents

operate under the guiding principle of reward maximization. A key feature of the classic RL



framework is the discretization of environments into sets of distinct states, or observations about
the environment. Each state is associated with its own set of actions for the agent to choose from.
Actions can lead the agent from one state to another, but only a sparse set of states tend to
produce reward. Another key feature of RL is the ability to associate values with states and
actions, and use these values to guide decisions. An intuitive example can be found in the

10-12 Tn these two-dimensional spatial

hallmark RL task structure: grid-world environments.
tasks, agents must learn to select the directional actions from each state that will lead them from
a starting state to a rewarding state. Decades of work has been dedicated to the development of
algorithms that learn which actions and which states deserve credit for obtaining reward.

Broadly, RL algorithms can be grouped into two categories. One class of algorithm relies
on direct experience alone (of actions, states, and outcomes) to update value estimates. This
strategy poses a minimal burden on compute time and resources. All that must be stored and
retrieved are cached value estimates for each experienced action and/or state. As an example, an
agent will transition from one state to another, observe whether the value of the new state is
better or worse than expected, and adjust the prior state’s value accordingly. This specific value-
learning algorithm is termed temporal difference (TD) learning.!* Because they do not rely on the
learning and maintenance of an internal representation (“model”) of the environment, they are
termed “model-free” (MF). As demonstrated by the TD example, MF algorithms can efficiently
deploy fast and simple learning rules for credit assignment. At the other extreme, the second
class of algorithm is able to store and leverage an internal model of the environment to update
state values. By understanding which actions lead to which states, these model-based (MB)

algorithms can rely on both direct and simulated experience. For example, an MB agent

initialized at a novel starting point in a grid-world can simulate traversals through the



environment until it finds a worthwhile option. It can use these simulations evaluate both actions
and goals. Then, following reward acquisition, MB agents can assign credit to the states that
directly led to the current state, in addition to states that could have led to the current state.
Through a distinction between MF and MB algorithms, RL offers a single framework to
explain the various proposed behavioral dichotomies, while also providing a fruitful source for
the generation of hypothesized neural credit-assignment algorithms. Consider the case where an
agent has performed the same action sequence leading to a rewarding state over many repeated
episodes. At this point, both MF and MB algorithms can appropriately assign higher values to the
states along that sequence. MB algorithms might be superfluous or even costly in this situation,
but what happens when a barrier blocks that path, or the location of the reward changes? Upon
observing the altered environment, the MB algorithm will be able to flexibly revalue states and
actions with respect to the goal of interest. It can update values so that the agent favors novel
routes around barriers or even shortcuts through the environment. The MF agent, on the other
hand, will have to directly experience alternate actions, states, and outcomes before it effectively
revalues the relevant actions. In extreme cases, the previously high-valued action sequence may
be so rigidly valued that the stereotyped behavior persists as if exhibiting a habit. Finally, by
tuning a learning rate parameter, both class of algorithm are able to adjust the weight given to the
most recently experienced reward compared to the long-running average. The field of RL,
therefore, not only explains distinct learning strategies, but also provides a framework to model
credit assignment algorithms so that we may better understand neural solutions to this formidable

computational challenge.



Hypothesized neural implementation

Identifying a candidate neural value signal.

If we are to investigate credit assignment in the brain, we first need to select a candidate
value signal. My aim is to first characterize a neural signal that predicts future reward, and then
ask what algorithms are used to generate these predictions. The ideal candidate would not only
scale with estimates of future reward, but it should also be found in a brain region associated
with evaluative processes. For this, I turn to the Nucleus Accumbens (NAc). The NAc is situated
in the ventral portion of the striatum, the input nucleus of the basal ganglia.!* The primary
excitatory afferents to the NAc originate in the prefrontal cortex (PFC), hippocampus, and

basolateral amygdala,'>'8

creating a hub for cognitive, spatial, and affective information
processing.!” The NAc also receives dense dopaminergic innervation from neurons originating in
the ventral tegmental area (VTA).2%2! In fact, NAc spiny projection neurons (SPNs) are typically
classified into two distinct groups depending on the type of dopamine (DA) receptor they
express.?? In D1 receptor expressing SPNs, DA has a positive modulatory effect,>*%> facilitating
neuron excitability as fast as 100s of milliseconds later.?6 In D2 receptor expressing SPNs, DA
has a negative modulatory effect, tampering neuron excitability.?’ D1- and D2-type SPNs also
generally display distinct projection targets.?>?® NAc DA, therefore, is poised to exert significant
modulatory effects over neural firing and downstream behavior.

The NAc has been causally implicated in crucial evaluative decision processes, many of
which are DA dependent. Lesions of the NAc in maze tasks resulted in impaired spatial
navigation.??% Intriguingly, DA receptor antagonists produced a similar effect.! Upon

examination in more constrained behaviors, it was revealed that the NAc is required for flexibly

motivating approach towards distant goals, where DA in the NAc is critical for this key



function.’ When a cue signals that a lever is available to interact with an opperandum (the goal
in this case), NAc DA receptor blockade inhibits both the NAc neural response?® and the
approach behavior itself.>**3, DA has also long been implicated in effort-related decision-
making, where DA blockade does not obliterate goal pursuit altogether, but induces a preference
for the low-reward and lesser-effort option.**=° DA in the NAc, therefore, is a critical signal for
the brain’s ability to evaluate whether goals are worth pursuing.

If we investigate the NAc DA dynamics themselves, we find this neuromodulator is an
ideal candidate to signal value. In both spatial*’ and operant tasks,*'** NAc DA gradually
increases in a ramp as rats navigate towards expected rewards. Such a ramping dynamic is
noteworthy, as gradually increasing ramps can implement a value signal discounted over space.
As mentioned above, animals must take into account the energetic cost of travel. Thus, the
animal may want to devalue (or “discount”) those future rewards that are more distant, compared
to those that are close by.* In RL theory, ramping value signals are commonly used to implement
discounting, where value typically decays exponentially with distance from the reward state.!%+?
The magnitude of ramping RL value signals also scales with the magnitude of the expected
reward at the goal state. If an agent is approaching a more rewarding location, they should have a
higher value estimate. In a simple maze task with distinct reward magnitudes at separate goal
locations, ramping DA signals were also found to scale with expected reward magnitude at the
goal.* Indeed, previous work from our lab found that NAc DA dynamics in an operant task can
be explained by estimates of value.*>* How, then, is this value signal generated?

To probe the underlying credit assignment algorithms used to generate value estimates in
NAc DA, we first need to address existing task limitations that have prevented a thorough

examination of the subject. As discussed, credit assignment in the natural world proves so



difficult due to the complexities of animal’s environments. A multitude of places and actions do
not directly result in reward, paths between rewarding locations are numerous and unstable, and
the rewarding resources themselves are unstable. Emulating such complex features in a
controlled environment is intimidating, and it may even appear intractable. For this reason, the
vast majority of our knowledge of neural value signals described above comes from highly
constrained, controllable, and simplified tasks. These have primarily included simplified maze

4046 and operant tasks with dynamic reward

tasks with largely stable reward contingencies,
contingencies but highly simplified environments.*>*’48 This has proven powerful for
understanding fundamental principles of reward learning, but the tasks have proven limiting for
understanding how credit is assigned over places and actions with each new experience. The
ideal task to identify neural algorithms for credit assignment would emulate the complexities of
the natural world, while providing a tractable framework to study how value estimates evolve
over time. To leverage the powerful insights from RL theory, the task should also be amenable to
computational modeling of decision processes with RL algorithms. A grid-world type structure,

for example, would allow for a one-to-one mapping between RL variables and neural

measurements.

A candidate neural substrate for model-based credit assignment.

Evidence for internal model usage in animals can be dated back to Edward Tolman in
1948, and it has only grown since. Through careful experiments with a variety of maze tasks,
Tolman found that rats are able to execute navigational decisions that rely on an understanding of

their place in relation to the rest of the environment. He referred to this representation as a



“cognitive map.” Since then, there have been countless reports of cognitive map usage across
species.

Brain lesion and manipulation studies have identified one region as particularly critical
for cognitive map usage: the hippocampus. Early work in the field found deficits in spatial
learning and memory following hippocampal lesions.! One insightful study identified the
hippocampus as necessary for learning to navigate through familiar environments towards
hidden goals,* a strategy that requires some knowledge of how different places are related in
space. Indeed, the hippocampus has long been hypothesized as the substrate for cognitive map
processing.> Further lesion studies identified the dorsal subregion of the rodent hippocampus

(dHip) is especially important for this type of learning,>*-

permitting rats to favor an allocentric
over egocentric navigation strategy when useful.>” It is not surprising, then, that a clever
optogenetic experiment identified the dHip as an essential node in MB decision-making
processes.’® This leaves us with the question, what role do neurons in the dHip play in MB credit
assignment?

Neural representations in the dorsal hippocampus (dHip) provide a candidate neural
substrate for the implementation MB simulations. As previously mentioned, one powerful
function of MB strategies is their ability to simulate experiences of actions, paths, and states,
without expending the energetic and opportunity cost to attempt the same experiences in reality.
Such simulations can be used to look ahead through possible future routes in order to evaluate
and select the most favorable option. They can also be used following reward to represent
possible paths to the rewarding location, so that the animal is more prepared to select those paths

in the future. To perform such simulations of possible states, the candidate neural substrate must

be one whose neurons represent the states within an environment. In spatial tasks, dHip



pyramidal neurons selectively fire in distinct spatial receptive fields (“place fields”) as animals
navigate through the environment.>-%! Ensembles of these “place cells” form a coherent
representation of an animal’s actual location within an environment, sequentially firing as
animals traverse through their respective place fields (“local” place coding).%? In effect, dHip
pyramidal neurons signal where within the environment the animal currently is. They send this
signal to a breadth of downstream areas for further information processing, including value-
associated regions of the cortex® and the NAc.!%%* However, dHip pyramidal neurons will also
fire when rats are outside of the associated place fields. This extra-field firing was found to
coherently encode other possible locations within the same environment at compressed
timescales.®>~7° Consistent with simulation, these “non-local” representations will replay paths
the rat has taken,®"3 or represent paths the rat could take in the future.”*” Some of these even
predict the path the rat is about to take, as if planning the route to a goal.”® When rats approach
decision points, the representation has been observed to sweep into the available paths,”% as if
querying possible futures for evaluation.

While these phenomena are consistent with mental simulation, whether non-local
representations are used to implement credit assignment across space remains a critical gap in
our understanding. This gap is due, in large part, to a combination of recording and task
limitations. Decoding location with high spatial precision from dHip neural activity requires the
simultaneous recording of numerous pyramidal cells.”®7°8! Prior recording strategies have relied
primarily on independently-movable tetrodes, which are quite effective but usually demand large

amounts of hardware atop the subject’s head. While possible, simultaneous recordings with other

brain regions have proven to be a difficult endeavor. Further, for the same reasons described

10



above, the spatial tasks used to study non-local place coding limit the experimenter’s ability to

study dynamic neural valuation processes.

Experimental Approach

In this body of dissertation research, I approached the neural credit-assignment problem
through a combination of behavioral-paradigm development, neural recordings, and
computational modeling. First, I devised a novel spatial foraging task for rats that both emulates
the challenges posed to credit assignment in the natural world and mirrors the complex grid-
worlds of RL theory (Chapter II). Using this task, I identify a scalar neural signal, dopamine in
the nucleus accumbens, that scales with the values of spatial states.®? I then use a combination of
analytical approaches, including RL modeling, to assess which algorithms the brain uses to
generate the NAc DA value signal (Chapter II). Finally, I employ a novel multi-region and multi-
modal recording approach in the same behavioral task to test a candidate neural substrate for
model-based valuation: simulated place representations in the dorsal hippocampus.> Using this
novel technological approach, I simultaneously record from both NAc DA and dHip neurons. In
Chapter 111, I describe experiments and preliminary results investigating whether dHip

66.69.70.78.79.83 are used to implement credit-assignment over

representations of simulated places
space in the NAc DA value signal. I present evidence that simulations of possible futures during
navigation may retrieve DA place values. I also show that, following reward receipt, simulations
of distant places in the maze are used to assign credit to the DA value representation of those
places. In all, this body of dissertation work provides the field with a more complete

understanding of neural solutions to the credit-assignment problem. Elucidating the mechanisms

underlying this fundamental function is a critical step towards better understanding the fine line

11



between adaptive and maladaptive reward predictions, such as addictive or compulsive

behaviors.
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Chapter 2:
Dual Credit Assignment Processes Underlie Dopamine Signals in a Complex

Spatial Environment

Introduction

Animals frequently make motivated choices based on prior experiences - for example,
selecting paths towards locations where food was previously found. Achieving such adaptive
decision-making can pose a computational challenge. In particular, decision points can be
separated from rewards by considerable gaps in time and space. When rewards are obtained (or
unexpectedly omitted) this separation produces a "credit assignment problem": determining
which places and choices ought to gain or lose value. The specific algorithms that brains use to
solve this problem are not well understood.

Reinforcement Learning (RL) theory provides an array of candidate algorithms for
generating and updating value signals.! In “temporal difference” (TD) learning, value is passed
between sequentially experienced states (situations). In brief, as each state is encountered its
associated value becomes eligible for updating. Unexpected rewards, or transitions to states with
unexpected values, evoke “reward prediction errors” (RPEs). RPEs are learning signals: they
update the values of eligible states. In this way, values can be progressively propagated back to
earlier states, over repeated episodes of experience. Temporal difference RPEs can be encoded
by brief (phasic) changes in the firing of midbrain dopamine (DA) cells,?>~ and by corresponding
changes in DA release in the nucleus accumbens (NAc).>¢ However, despite the compelling
correspondence between phasic DA and TD RPEs, current evidence that value propagates along

sequences of states in a TD-like manner is sparse at best.””
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TD learning is a “model-free” (MF) algorithm: learning occurs only from direct
experience of states, without using knowledge of how those states are related. A complementary
set of “model-based” (MB) algorithms can achieve greater flexibility in learning and decision-
making, by using knowledge about state relationships to infer and update values. For example,
after taking one path and receiving reward, MB algorithms can increase values along alternative
paths to the same reward location.!®!! In at least some behavioral contexts, DA signals reflect

RPEs that incorporate such inferred information.!?-!>

NAc DA release also ramps up as animals actively approach expected rewards.>!6-1°
These ramps appear to signal the value of the upcoming reward, discounted by spatial distance
(although they have also been interpreted as RPEs??!). As DA ramps are more apparent when
the behavioral context favors use of an internal model,?? they have been proposed to reflect
ongoing MB calculations.

Yet overall, existing evidence does not tease apart the specific algorithms used to estimate
and update values, or reveal how these values are reflected in DA signals. Many behavioral tasks
commonly used to investigate DA and value coding involve only minimal separation between an
action and its outcome (e.g. !7-?*?%), thus avoiding the challenging credit-assignment question. In
other paradigms, applying RL ideas involves unsupported arbitrary assumptions® —e.g.,
choosing the set of discrete covert states to span a time interval between a cue and reward.>’
Spatial tasks have the advantage that the brain has a well-studied set of spatial representations
that could serve as a basis for RL states.?® However, most spatial tasks — especially those in
which DA dynamics have been investigated — are very simple (e.g., T-mazes'®?"). This simplicity

is often useful, but can prevent critical tests that distinguish between credit assignment

algorithms.
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To better elucidate neural credit-assignment processes within natural environments, we
developed a dynamic, complex spatial foraging task for rats. In this task, animals traverse
through numerous distinct decision points in the pursuit of reward, and choices are separated
from their outcomes by multiple steps in space and time. Furthermore, reward contingencies can
be unstable, and the available paths to reward locations can be unexpectedly reconfigured. We
show that rats readily adapt to these changes, and incorporate both costs (current distances to
reward ports) and benefits (current reward probabilities) into their decisions.

Using fiber photometry, we observe DA RPE coding at reward receipt and also strong DA
pulses when rats discover newly available paths. We confirm that NAc DA ramps up with reward
approach, and show that these ramps reflect a robust relationship between DA release at each
location and the dynamically changing value of that location. We then take advantage of this DA
place-value signal to examine how values are updated from trial-to-trial. We report strong
evidence for both MF TD-like local propagation of values between adjacent locations, and MB

global inference of values throughout the maze environment.

Results

Cost-benefit decision-making in a novel maze task.

The maze (Fig. 2.1) is triangular with a reward port at each corner, each with a distinct
reward probability.!7283! The available paths to these reward ports are defined by a set of
barriers, constraining rats into making sequences of left and right turns from each “hex” location.
The task is self-paced — the end location for each “trial” is the start for the next — and each
reward port can be approached from multiple starting locations. Overall, rats (n =10) were more

likely to choose a port if it had a higher probability of reward (Fig. 2.1B), and was closer (Fig.
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2.1C), compared to the alternative. A mixed-effects logistic multiple regression, incorporating
any turn biases (see Methods), revealed highly significant effects of both reward probability
(mean B = 1.605 +/- 0.163 SEM, p = 5.31x10"%) and distance cost (mean B = -6.805 +/- 0.550
SEM, p = 3.46x10"%) on port choices (Fig. 2.1D). After each block of 50-70 trials (traversals
between ports), either the reward probabilities changed (Fig. 2.1E) or a barrier was moved to
change available paths (Fig. 2.1F). After a change in reward probabilities, rats increased their
choice of ports whose reward probability had increased (Fig. 2.1G). Following a barrier move,
rats adjusted their port choices to favor shorter paths (Fig. 2.1H) and also progressively refined

their specific paths to be more efficient (Supp. Fig 2.1).

Phasic dopamine responses to rewards and novel path opportunities.

During task performance we recorded NAc DA dynamics using fiber photometry with the
fluorescent DA sensor, dLight1.3b* (n = 10 rats, 19 fiber locations, 82 behavioral sessions, 296
blocks, 16,379 trials, mean of 1638 trials per rat). We first examined DA changes around reward
port entry, since receipt (and omission) of probabilistic reward is an obvious time to look for the
best-known correlate of NAc DA, RPE signals. DA transiently increased or decreased depending
on whether reward was delivered or omitted, respectively (Fig. 2.2B). The magnitude of these
phasic changes depended on port reward probability, in a direction consistent with RPE coding
(Fig. 2.2C, Pearson correlation, rewarded trials mean coefficient = -0.221 +/-0.098 STDEYV;
omission trials mean coefficient =-0.111 +/- 0.062 STDEV; both significantly different to zero
across n=10 rats, two-tailed Wilcoxon Signed Rank tests, p = 1.95x10 each). To better estimate
RPE at the single-trial level, we fit a simple trial-level RL algorithm to rats’ port choices and

reward outcomes (“Q learning”; see Methods). DA following port entry significantly scaled with
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Figure 2.1. Adaptive behavior in the spatial foraging task.

(A) Bird’s-eye view of the maze. Permanent barriers (black columns) divide the area into 49 hexagon-shaped
choice points (“‘hexes’). Additional movable barriers (absent here) determine the available paths to the reward
ports at each corner. Once visited, a port’s reward probability becomes zero until another port is visited. (B)
Probability of choosing an available port as a function of the difference between that port’s and the alternative
port’s reward probabilities. Gray traces are individual rat logistic curves fit to the data, and the black line shows
the mean relationship. (C) Same as (B), but a function of the difference between path lengths to the available
ports. (D) Results of logistic multiple regressions run for each individual rat, showing the positive influence of
reward probability and the negative influence of path length on choices. Significance asterisks are from the
mixed-effects regression analysis. For (B)—(D), only the second half of each block (trial number > 25) was
included to allow rats time to adapt to changes (n = 10 rats, 82 sessions, 9,079 trials). (E) Example of a reward
probability change. Red circles indicate hexes containing a movable barrier; dots show the rat’s detected
positions (color coded by occupation density; second halves of blocks). Empty white hexes indicate the
positions of the permanent barriers shown in (A). (F) Example of a barrier change. The dark red circle with a
pink outline shows the moved barrier. (G) Mean change in port choice probability following increases (solid
line) or decreases (dashed line) in reward probability (n = 10 rats, 36 sessions, 134 blocks; error bands indicate
+SEM). (H) Mean change in port choice probability following increases (solid line) or decreases (dashed line)
in the path length to reach the goal (n = the same 10 rats, 46 sessions, 162 blocks; error bands indicate £SEM).
“Trials” in (G) and (H) include only those where the rat had the opportunity to choose the port in question.
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these RPE estimates (Supp. Fig. 2.2), although encoding of positive RPEs was notably stronger
and more consistent across rats, compared to negative RPEs (in line with prior studies®>-?).

We also observed large phasic increases in DA when rats first encountered a newly
available hex — i.e., where a barrier had been previously located, but no longer (Fig. 2.2D-F).
This was not simply a response to any unexpected sensory event, since encountering a
newly blocked hex resulted in a significantly smaller or absent DA pulse (Fig. 2.2F). Additional
analyses suggested that the response to newly available hexes is larger on trials in which rats
chose to take the new path, rather than ignoring it (Supp. Fig. 2.2C), and when the newly

available hex was closer to the final destination port (Supp. Fig. 2.2D). However, these latter

observations would require a larger data set of new path discoveries for solid statistical support.

Dopamine ramps reflect expectations of upcoming reward.

We next examined whether the reward-approach ramps previously reported for NAc DA
are also present in this more complex spatial environment. Average NAc DA indeed ramped up
within each trial, until shortly before arrival at the reward port (Fig. 2.3A). This overall ramp

was significantly positive in nine of ten individual animals (16/19 individual fibers; Supp. Fig.
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Figure 2.2. Dopamine pulses at rewards and novel path opportunities.

(A) Example trace of dLight, isosbestic (405 nm) control signal, and running speed over three trials. Red
“R”s indicate reward deliveries, and blue “O”’s indicate reward omissions upon port entry. Vertical scale bars
indicate 2 Z for fluorescence signals and 20 cm/s for speed. The horizontal scale bar indicates 2 s of time. (B)
Left, cartoon of rat arriving at port. Right, average DA (Z scored) aligned to the port entry, pooled by the
destination port’s reward probability (“high” = 80% or 90%; “medium” = 50%; “low” = 10% or 20%).
Traces are separated into rewarded (red) or omissions (blue) following port entry, and error bands indicate
+SEM (n = 10 rats). Inset shows close up of the first I s after port entry. Only the second half of each block
(trial number > 25) was included (82 sessions, 9,079 trials). (C) Mean change in DA as a function of port
reward probability, separated by rewarded (red) and unrewarded (blue) trials. Changes in DA measured as
peak DA within 0.5 s following reward and minimum DA within 1 s following omission, subtracting
instantaneous DA at port entry. (D) Example trace of dLight and running speed across three trials, including
when the rat discovered a newly available path (pink star). Scale bars as in (A). (E) Left, cartoon of rat
discovering the absence (top) or presence (bottom) of a barrier. Right, mean DA on each of these trial types;
error bands indicate +SEM. DA signal is aligned on entry into the hex adjacent to the newly changed hex
(pink, newly available; black, newly blocked; each n = 10 rats, 106 events).

2.3A). To better understand the computations that give rise to this ramp, subsequent analyses
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focused on those nine rats. The magnitude of the DA ramp scaled with the current reward
probability of the approached port (Fig. 2.3B), consistent with DA tracking the rats’ evolving
expectations of receiving reward on the current trial. We therefore assessed how DA ramping
during port-approach is affected by whether that port was rewarded or not at the last visit (Fig.
2.3C). DA ramps were stronger when the destination port had been most recently rewarded, and
weaker following an omission. This effect was significant along the full length of the path (note
asterisks in Fig. 2.3C), not just the hexes closest to reward. To rule out non-specific effects of
recent rewards on DA signals, we performed a multiple regression analysis comparing the impact
of the most recent reward outcome at each of the three ports (Fig. 2.3D). DA ramps selectively
reflected reward history for the port at the end of the path taken on the current trial, rather than
(for example) tracking overall recent reward rate,** or the history of rewards for both potential
destination ports together. Average running speed was also greater as rats ran towards higher-
probability ports (Fig. 2.3B). However, running speed peaked later than DA (Fig. 2.3A/B), and
cross-correlograms suggested that DA was predictive of speed (potentially driving the vigor of

running) rather than merely reflecting it (Supp. Fig. 2.3B).
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(Figure caption continued on the next page).

32



(Figure caption continued from the previous page). (A) Mean hex-level running speed (bottom) and DA (top) as
rats approached the reward ports (n = 10 rats, 82 sessions, 15,918 trials), as a function of distance. (B) Mean hex-
level running speed (bottom) and DA (top) during port approach, pooled by p(reward) of the destination port. Only
the second half (trial number > 25) of each block was included (n = 9 rats, 70 sessions, 7,614 trials). (C) Examining
the effects of reward on DA ramping along successive runs to the same port. Dashed lines indicate the prior run to
the port (t 1), and solid lines indicate the current run to the port (t). Top, mean DA over successive runs to the same
port, where reward was omitted two visits ago (t 2), but reward was delivered on the prior visit (t 1; n =9 rats,
1,935 sequences). Red asterisks indicate a significant increase in hex-level DA (p < 0.05, one-tailed Wilcoxon
signed rank test). “R” and “O” denote rewards and omissions, respectively, on the t n previous visits to the port.
Bottom, same as top but examining the effects of a reward omission on the last visit. Blue asterisks indicate
significant DA decrease (p < 0.05, one-tailed Wilcoxon signed rank test; n = 9 rats, 1,909 sequences). (D) Top,
maze cartoon illustrating the chosen, other, and previous reward ports for an example trajectory through the maze.
Bottom, multiple regression weights for the prior reward outcome at the chosen, other, and previous reward ports as
effects on the DA signal (n =9 rats, 13,448 trials; regressions performed independently for each rat; plot shows
mean effect over rats). Middle, fraction of rats with significant relationships (non-zero regression coefficient, two-
tailed t test) between prior reward and DA. All error bands show =SEM. (E) Example of one session showing trial-
by-trial evolution of port (Q) values. Numbers at the top indicate nominal reward probabilities for the three ports
(each in a different color to represent [top:bottom left:bottom right] ports), while tick marks indicate reward
outcome on each trial (tall, rewarded; short, omission). (F) Example value-iteration result from a single trial,
spatially discounting the destination port’s Q value over all hexes. Arrows point toward the destination port, and
values are defined at entry into a specific hex from a specific direction. (G) Predicted value (left) and observed DA
(right) during two runs through the maze in one block from the session in (E). Top example uses the same value
map as (F). (H) Regression coefficients for hex value from a mixed-effects regression predicting hex-level DA (n =
9 rats, 77 sessions, 13,381 trials, 230,252 hex entries). Bar shows fixed effect over rats; diamonds show fixed effect
for each rat over sessions. (I) Regression model’s coefficients of partial determination for value and running speed.
*p <0.05, **p <0.01, and ***p < 0.001.

A spatial map of value.

These ramping dynamics during port approach suggest that DA at each maze location
may signal the rats' evolving expectation of receiving reward, discounted by spatial distance. To
assess this "place-value" possibility, we turned to models that generate reward expectation
estimates for each specific spatial location (at entry into each hex, from each direction; 126
distinct hex-states). As a first pass, we again applied a simple learning algorithm that tracks
experienced reward probabilities at each port (Fig. 2.3E), but we then distributed these values,
discounted by spatial distance, throughout the maze ("value iteration";!* Fig. 2.3F; see
Methods). The resulting hex-level pattern of value closely resembled DA on each trial (Fig.
2.3G), and a mixed-effects multiple regression analysis revealed a highly significant relationship
between DA and these hex values (Fig. 2.3H, p < 0.0001, Likelihood Ratio Test, chi-square

distribution with 77 degrees of freedom to account for each session-optimized y value; see
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Methods). This regression analysis also included running speed, yet hex values accounted for

much more of the explained variability in the DA signal (Fig. 2.31).

Over repeated trials, DA signals propagate backwards along taken paths.

This value map provides a reasonable first approximation to DA signals as rats run
through the maze. However, the value-iteration algorithm requires perfect knowledge of current
maze structure, together with the immediate and complete distribution of value updates to all
hex-states on every trial. Rat brains might actually use less computationally demanding
algorithms to generate place values. These algorithms could produce tell-tale signatures in value
coding while foraging - including deviations from smooth ramps.

First, we looked for evidence of TD learning, as this has been an especially prominent
framework for interpreting DA signals in simpler settings. In its most basic form, TD(0) (also
called “one-step” TD), RPEs update only the values associated with the immediately preceding
state! (Fig. 2.4A). Therefore, when a sequence of states results in an unexpected reward, earlier
states in the sequence do not receive value updates right away. Instead, updates progressively
propagate backwards along the sequence, over multiple episodes of experience. This type of
learning rule has a clear signature: values of states more distant from reward should depend on
reward outcomes in the more distant past, rather than the most recent outcomes.

TD can also propagate value more rapidly by maintaining memory traces for recently
visited locations and using these to determine eligibility for later value updates. Such an
algorithm is referred to as TD(L).!"7*° By altering the eligibility trace decay parameter, A, value
updates can be restricted to the single preceding state (A = 0, as above), or, at the other extreme,

cover the entirety of the experienced path (A = 1).
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The resulting difference in value dynamics can be clearly illustrated by considering the
impact of a single reward, among a series of omission trials for the same path (Fig. 2.4B). In
simulations (see Methods), with TD(0) the reward evokes a value bump that propagates
backwards over the course of multiple traversals (Fig. 2.4C). By contrast, with TD(1) value is
immediately updated across the full traversed path, so that outcomes simply change the gain of
the ramping value function (Fig. 2.4D). To broaden this analysis to include all sequences of
reward outcomes, we turned to multiple regression. We examined how values at each location
along a path depend upon prior reward outcomes. Specifically, we performed a multiple
regression of how the path’s prior five reward outcomes affect value at each distance from the
reward port (Fig 2.4E,F). We then identified the place along a path where each prior reward had
its maximum effect (regression coefficient) on place value. As expected, in a TD(0) simulation
the information from older reward outcomes had its strongest influence on value farther away

from the reward port (Fig. 2.4E), in stark contrast to TD(1) (Fig. 2.4F).
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Figure 2.4. Progressive propagation of DA signals across space.

(A) Cartoon contrasting propagating versus simultaneous value-update algorithms. Left, in TD(0), the impact on
value coding of a single reward progressively moves back along the state sequence over subsequent runs along
the same path. Right, in TD(1), a single reward immediately updates values for all states experienced during that
trial. (B) Illustrative outcome sequence for successive runs to the same port, with a single reward among a series
of omissions. (C) Value function from a simulated TD(0) learner over the final three traversals of the sequence in
(B). Solid lines indicate the value function during the current run; dashed lines show the value function during
the previous run to illustrate changes. (D) Value function from a TD(1) learner over the same three sequential
traversals. (E and F) Analyzing the distance from the reward port at which prior rewards have their strongest
impact (linear regression weight) on state value. Top, multiple regressions of state value to a path’s prior five
reward outcomes, at each distance. Bottom, average distance from the port where each prior reward outcome has
the strongest effect on value. (E) Predictions from the TD(0) algorithm over 1,000 simulated successive
traversals of the same path, with rewards delivered randomly at 50% probability. (F) Same analysis as (E), but for
TD(1). (G) Observed mean DA traces for the trial order corresponding to (C); (9 rats, n = 247 groups of trials;
error bands indicate +SEM). (H) Results from the same analysis as in (E) and (F), but for DA over all successive
traversals of the same path irrespective of reward outcome (n = 9 rats, 13,427 trials, 235,524 hexes; binned by
units of two hexes for clear visualization of effect). Bar plot shows mean effect over rats =SEM. Bottom inset,
correlation between the distance of the peak reward effect on DA (in hexes) and the prior traversal number (1-5
previous traversals). Bar shows mean over rats; diamonds show individual rat coefficients (p = 0.00195, two-
tailed Wilcoxon signed rank test; statistical significance is maintained over a range of hex bin sizes). (I) Predicted
value function for a linear combination of TD(0) and TD(1) value updates, over the final three traversals shown
in (C). (Figure caption continued on the next page).
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(Figure caption continued from the previous page). (J) Same as (E) and (F), but for the combined TD(0) and
TD(1) simulations. (K and L) Examination of deviations from a smooth ramp. (K) Illustration of an individual-
trial DA trace (green), the fitted average ramp for subtraction (black), and the remaining DA residuals for analysis.
(L) Observed mean DA residuals over the same three traversals as in (C). Red asterisks indicate hexes where
observed mean residual DA was higher than 95% of a shuffled null distribution at that hex (see Methods).

We then applied the same analyses to DA signals. First, we examined DA dynamics after
rats experienced one reward among a series of omissions for traversing the same path (as in Fig.
2.4B). The reward appeared to cause a spatial bump in DA, that moved further back from the
reward port over successive traversals (Fig. 2.4G) — i.e., the key signature of TD learning with
low A. Next, we performed the multiple regression with all trial sequences, as in Fig. 2.4E/F, but
with observed DA signals. This analysis resulted in a pattern resembling TD(0): older outcomes
had the largest influence on DA signals farther from the reward location (Fig. 2.4H; two-tailed
Wilcoxon Signed Rank, p = 1.95x1072). This provides clear evidence that updates of DA value
signals incorporate TD(0)-like progressive, backward propagation.

No single algorithm is likely to explain both this evidence for value propagation, and the
path-wide shifts in DA ramps following reward or omission described earlier (Fig. 2.3C).
Although each of these can arise separately as the extreme cases of TD(A) (i.e. A close to zero or
one respectively), there is no intermediate setting of A at which both of these patterns co-occur.
Consistent with this, fitting a TD(A) hex-state RL algorithm (see Methods) to the observed DA
data could model the broad shifts, but the resulting large A failed to also reproduce the
progressive propagation of DA and its dependence on reward history (Supp. Fig. 2.4A-E). Fit A
numbers were consistently high for individual sessions (Supp. Fig. 2.4B), ruling out the
possibility that our results reflect variability in A across time or between animals.

We therefore explored the possibility that multiple credit assignment algorithms,

operating over distinct spatial scales, could collectively update DA value signals. To this end, we
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first built a model that learns through a mixture of TD(0) and TD(1). As expected, value ramps in
this combined model superimposed bumps and broad shifts (Fig. 2.4I). This combined model
also shows the same pattern as DA and TD(0) in regression analysis, namely the increasing
distance of maximum impact of rewards earlier in time (Fig. 2.4J).

We reasoned that progressive propagation of DA values should be more apparent if we
were to remove the broad shifts in the DA signal. We did this by modeling each trial's ramp as a
linear scaling of the average DA ramp (see Methods). As expected, removing the overall ramp
left a residual DA signal that propagated backwards along the path over trials (Fig. 2.4K/L).
These results are consistent with updating of DA value signals updated by at least two
mechanisms — a TD(0)-like process responsible for backwards signal propagation, and a second

process capable of shifting the whole ramp at once.

DA place values are also globally updated through inference.

Furthermore, the behavioral choices of the rats were more sophisticated than would be
expected from MF TD alone. In the maze, each reward port can be reached from multiple
starting points (Fig. 2.5A). MF TD learning would only update values along the path that was
actually taken. However, we found that reward at a given port increased rats' likelihood of
choosing that same port at the next opportunity, both when the rat previously took the same path
(p =9.77x10*, two-tailed Wilcoxon Signed Rank test) or an alternative path (p = 4.88x10, two-
tailed Wilcoxon Signed Rank test) to that port (Fig. 2.5B). A potential confound could arise from
correlations between this most recent reward outcome and prior reward outcomes at that same
port, for which the rat may have taken the same path. To control for this, as well as any turn-

direction bias, we conducted a mixed-effects multiple regression analysis and included the past
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Figure 2.5. Model-based inference globally updates DA place values and guides choices.

A) Cartoon of two distinct routes a rat could have taken on the previous visit to a reward port (top of triangle).
Portions of each route are distinct bas ed on the starting location (path-dependent hexes; solid line), while other
portions overlap (dotted line). (B) The probability of choosing the left (counterclockwise) of the two available
ports after a reward, compared with an omission. Analysis was separated by trials where, the last time that port
was visited, the rat took either the same or alternative path. Bars show aggregate means, and points show
individual rat values (n = 10 rats; 2,823 rewarded trials along same path, 2,439 omission trials along same path,
1,799 rewarded trials along alternative path, 1,433 omission trials along the alternative path). (C) DA magnitude
in path-dependent hexes following a reward, compared with an omission, the last time the destination port was
visited from either the same (n = 9 rats, 2,500 rewarded, 1,752 omission trials) or alternative path (n = 9 rats,
1,790 rewarded, 1,337 omission trials). *p < 0.05, **p <0.01, and ***p < 0.001. There was no difference
between same and alternative conditions for either choice or DA (paired two-tailed Wilcoxon signed rank test, p
=(.275 and 0.570 respectively). (D) DA ramps when rats previously took the same path to the destination port.
(Figure caption continued on the next page).
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(Figure caption continued from the previous page). Left, mean DA over successive path traversals to the same
port, where reward was omitted two visits ago (t 2), but reward was delivered on the prior visit (t 1; n =9 rats,
1,087 trials). Red asterisks indicate a significant increase in hex-level DA (p < 0.05, one-tailed Wilcoxon signed
rank test). “R” and “O”” denote rewards and omissions, respectively, on the t n previous visits to the port. Right,
same as left but examining the effects of a reward omission the last time the path was taken. Blue asterisks
indicate a significant DA decrease (p < 0.05, one-tailed Wilcoxon signed rank test; n = 9 rats, 1,079 trials). (E)
Same as (D), but examining trials where rats previously took the alternative path to the destination port. Left,
same as (D) left, but where the rat previously took the alternative path to the destination port (n =9 rats, 592
trials). Right, same as (D) right, but where the rat previously took the alternative path to the destination port (n =
9 rats, 583 trials).

five reward outcomes as features (see Methods). We confirmed that a previous reward at a port
made current choice of that port more likely, both when the rat had taken the same path to obtain
reward (p = 2.26x10°) or an alternative (p = 0.0242). This suggests the use of model-based (MB)
algorithms to infer that hexes along alternative paths to that same reward location have also
changed value.

We therefore assessed whether DA ramps similarly rely upon MB processing and
knowledge of maze structure. We confined this analysis to the critical “path-dependent” hexes —
those that have no overlap with other paths to the same port (Fig. 2.5A). We found that a prior
reward at a port results in elevated DA in these path-dependent hexes, both when the rat
previously took the same path (p = 3.90x103, two-tailed Wilcoxon Signed Rank test) or an
alternative path (p = 3.90x107, two-tailed Wilcoxon Signed Rank test) to that port (Fig. 2.5C).
Once again, to control for the possibility that this result reflects experiences on even earlier trials,
we ran a regression analysis and included the prior five reward outcomes (see Methods). DA still
displayed a significant relationship with the most recent reward outcome at the goal port, both
when the rat previously took the same path (p = 5.80 x10-) or an alternative path (p = 0.0190) to
the goal port. Consistent with this, the effect of prior reward (or omission) on DA ramping was
observed whether reward had been obtained taking the same path, or the alternative (Fig.
2.5D/E). Thus, NAc DA signals reflect MB calculations of inferred future reward from any

location, in addition to the MF TD-like learning from direct experience.
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Dual processes account for NAc DA signals during goal approach.

To confirm that DA signals are best modeled as arising through the combination of MB
and MF learning mechanisms, we applied a dual-process hex-level RL algorithm (Fig. 2.6). This
RL agent experienced the same sequence of hexes and rewards as each rat, and generated
corresponding value estimates at each moment. Upon each transition between hexes, MF TD (A
= 0) locally updated just the value of the previous hex-state. The second, MB, process updated
the values of a/l hexes throughout the maze, each time a reward port was visited. This global
update relied upon the rats’ evolving knowledge of maze structure, maintained as a recency-
weighted average of the tendency of each hex to be followed by a visit to each specific port
(whether rewarded or not; Fig. 2.6A; see Methods). Regression analysis revealed a significant

relationship between values in this dual-process model and observed DA (mean 3 = 0.798 +/-
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Figure 2.6. A combined local and global value-update model accounts for hex-level DA.

A) Illustration of the dual-component hex-value RL model’s local and global learning algorithms. Left, TD(0)
updates the value of the rats’ experie nced hex state at each hex transition. Right, upon port entry, a model of the
maze’s structure (the hexes that both led and could have led to the goal port) is used to globally update hex-value
estimates. The model is updated each trial as a weighted sum of previously traversed paths to the chosen port; see
STAR Methods for details. (B) Gain or loss of model fit to hex-level DA when each learning component is
removed from the dual-component model. Positive values indicate superior dual- component performance
(negative log likelihood [nLL]), compared with single-component performance. Bars show mean fit comparison
over all rats together; diamonds show model comparisons for individual rats. Removing either the TD or global
components provided a significantly worse relationship to the observed DA signals (global only: p = 0.0005, two-
tailed one-sample t test, t statistic = 5.70; local only: p = 0.0010, two-tailed one-sample t test, t statistic = 5.032).
(C) Same as (B) but assessing the likelihood of each left-right choice between hexes in the maze. Removing either
the local or global components provided a significantly worse relationship to the observed hex-level choice
behavior (global only: p = 0.0033, two-tailed one-sample t test, t statistic = 3.962; local only: p = 0.0021, two-
tailed one-sample t test, t statistic = 4.28).

0.075 SEM; p < 0.05 in 8/9 rats, Wald test; rat population p = 5.408 x10, two-tailed one-sample
t-test, t-statistic = 10.620).

We then compared the performance of the dual-process model in explaining DA signals
to two nested models,*® each with one update process removed (by setting the learning rate to
zero). The combined model outperformed either process alone (Fig. 2.6B). This result was
observed consistently across individual rats and sessions (Supp. Fig. 2.5), ruling out the
possibility that individual rats use MF or MB processes idiosyncratically. Taken together, this
series of analyses provides strong evidence that NAc DA reflects values that are jointly updated
using two classes of learning algorithm: chained updates across sequentially traversed states, and

maze-wide updates through MB inference.
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Finally, we assessed whether these dual credit assignment processes are used to guide
rats’ decisions at the level of the individual hex. Using the same dual-component hex-value RL
algorithm, we tested whether a model with both learning components explained rats’ hex choices
at decision points better than nested models with one process removed (see Methods). Parallel to
the NAc DA place value map, rat hex choices were best explained by values updated using a

combination of TD(0) and MB updates (Fig. 2.6C).

Discussion

Theoretical models of reinforcement learning and decision making have very often
employed multi-step navigation through simulated mazes to investigate the performance of
distinct algorithms.! As RL models form the standard framework for interpreting DA signals, it is
perhaps surprising that the present study is the first - to our knowledge - to examine real-time DA
dynamics in a rich and dynamic spatial environment.

Our observation of a DA pulse at reward receipt, scaling with positive RPE, is consistent
with standard DA ideas (although it is noteworthy that such pulses were not observed in a prior
study using a simpler T-maze!®). By contrast we did not expect to see a similarly-sized DA pulse
when rats detected a newly opened path. It is natural to interpret this as some form of error
signal, but it is not yet clear what type. DA signals have long been associated with novelty and
salient events,’”-*8 and some theories have argued that DA can signal a range of prediction errors
beyond simply RPE**%). However, a newly blocked path did not evoke a comparably sized DA
pulse, suggesting that the relevant feature is not simply an unexpected stimulus, or the need to
update models of the environment (as in successor representations*®). It appears that the DA

pulse is related to the newly discovered opportunity for action,*! perhaps reflecting the value of
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discovering possible new paths to reward through exploration.*>* Specifying the underlying
information processing in greater detail will require further experiments with a larger data set of
barrier movements.

A major objective of this study was to investigate the ramps in NAc DA release that occur
as unrestrained animals approach rewards.>'®!8 We and others have previously interpreted this
ramping DA as reflecting increasing reward expectation (a.k.a. value). Consistent with this, here
we found that ramps track the animals' recent reward history, for example ramping more strongly
when the destination port was rewarded at the last visit. As rats ran through the maze, the
moment-by-moment DA levels formed a dynamic map of values: expected rewards discounted
by distance from the reward port. This result contributes to an ongoing discussion about
whether/how DA signals reflect the costs, as well as the benefits, of potential decisions.** In the
maze, rats clearly treated distance as a cost, as shown by their reluctance to choose paths leading
to more distant reward ports. This cost was incorporated into the DA signal through spatial
discounting, producing a net value signal potentially useful for governing motivation from each
point. This interpretation fits well with observations that lesions of NAc DA shift motivation in
cost/benefit decision-making in maze tasks,***¢ and that boosting DA can immediately enhance
motivation to work.!” Consistent with this interpretation, instantaneous NAc DA was predictive
of speed shortly afterwards, as if energizing effort in the pursuit of reward. An interesting area
for future studies is how discounting future rewards over space relates to discounting over time,
which has been previously reported for DA signals*’ and may involve distinct time scales in
different striatal subregions.*®

Alternative accounts have emerged arguing that DA ramps reflect RPE. This is possible

under various assumptions: e.g. that values are rapidly forgotten,?® that there are constraints on
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the functional form by which value decays in space or time,* or that animals are uncertain about
their current state.>® The present study was not specifically designed to test those ideas.
Nonetheless the strong correspondence between DA dynamics and upcoming reward estimates
observed here make a value interpretation of ramps the most parsimonious. This value coding
would be separate to the RPE coding noted above (although a recent study has argued that ramps
themselves may contribute to credit assignment®!). Evidence that DA ramping can be
mechanistically distinct from RPE coding comes from a prior study in which we compared DA
cell firing to release.’ Discrete reward cues evoked RPE-encoding burst firing of identified VTA
DA cells, and a parallel increase in NAc DA release. By contrast, NAc DA ramps appeared to
occur even without any increase in DA cell firing, suggesting a separate process. A similar
comparison in the context of our maze task could be highly illuminating.

Regardless of whether ramping DA signals value in addition to, or as a side-effect of,
error signaling, our results provide new insights into the specific algorithms by which these
signals are updated. TD learning has been central to models of DA signals for decades,? but
evidence for the signature progressive backward propagation of value over trials has been
limited.”” Using DA as a readout of values, we clearly observed just such propagation of value,
across space. This observation may have been aided by our maze design, in which each hex can
correspond to a discrete left/right decision point, and may thus be more likely to be treated by the
brain as a distinct "state". Nonetheless, we could not force the rats to treat hexes as states, and
indeed inspection of the propagating DA "bump" suggests that the actual spatial resolution
employed by the internal TD algorithm may be in the range of ~2-3 hexes (Fig. 2.4).

Although TD learning is visibly present, we also demonstrated that rats additionally

assign credit over long distances in a single step and over paths not directly experienced,
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suggesting they employ internal models of their environment to guide their DA signals and
foraging decisions. We cannot currently say, however, exactly when they are using such models.
For simplicity we simulated MB value updates as occurring when outcomes are revealed at
reward ports. This may be the right time: after running along trajectories through mazes, rats
often show sharp-wave ripple (SWR) events, in which dorsal hippocampal place cells can replay
recently taken trajectories.’? This replay is especially common after reward receipt>*->* and has
been proposed to update values along the encoded trajectories.>? Replay can also encode

alternative potential paths to reward,!!->6

providing a potential mechanism underlying MB
inference of updated values.>” Echoing this perspective, recent research in Al has increasingly
emphasized the use of models retrospectively for credit assignment.’®> Credit assignment might
involve synaptic plasticity downstream of reactivated place representations(McNamara et al.
2014) and/or reconfiguration of network dynamics, which can support fast adjustments in value-
guided decision-making.®!

However, MB value updates might instead, or additionally, be occurring in a prospective
manner as rats run towards goals (similar to another family of Al algorithms that that use models
for planning®?). First, SWRs occur not only following reward receipt, but also during pauses in
behavior, when place cells can encode locations predictive of the animal’s future path.%® Such
“forward” replay toward goal locations could, in principle, accomplish MB value updates similar
to “backward” replay from them.>’” Additionally, actively running rats show "theta sequences", in
which the maze location encoded by hippocampal places cells sweeps forward ahead of the
animal within each theta cycle®* and can even rapidly switch between representations of distinct

possible future paths.®>%¢ It may be that theta sequences help retrieve current values of potential

goal locations to help guide decision making, although this is not yet known. We note that such
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cognitively demanding planning processes may be only activated when the brain perceives a
need to do so. If DA ramping is linked to prospective planning, this could explain why DA ramps
peak just ahead of actually reaching the goal (Fig. 2.3). Within the last three hexes of the path the
reward port is directly visible, so no internal calculations are required for navigation. This
account is also consistent with prior reports that ramps disappear entirely as rat behavior

1822 and can reappear immediately if task contingencies change.!®

becomes increasingly routine,
There is analogous evidence that non-local activity in hippocampus declines over repeated
experience, including both SWRs>* and cycling between multiple paths during theta sequences.®’
Furthermore, there is substantial behavioral and pharmacological evidence that NAc DA is
specifically required when animals need to flexibly calculate trajectories to reward (e.g. from a
variable start location) rather than performing a stereotyped sequence of actions.®®%° For future
reports, we aim to combine measurements of DA ramps with high-density hippocampal

recordings, to gain greater access to the internal calculations driving DA dynamics during active

foraging.

Star Methods

Experimental Model and Study Participant Details.

Animals. All animal procedures were approved by University of California San Francisco
Institutional Committees on Use and Care of Animals. Male (300—650g) and female (250-400g)
wild-type Long-Evans rats (4-10 months old, bred in house) were maintained on a reverse 12:12
light:dark cycle and tested during the dark phase. Rats were mildly water deprived, receiving 30
minutes of free water access daily in addition to fluid rewards earned during task performance.

During water deprivation, rat weights were maintained above 85% their baseline weight.
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Methods Details.

Behavioral task. The maze consists of a 1.30m-per-side equilateral triangular platform with
liquid reward ports at each vertex. Solenoid valves control delivery of sucrose solution (10%
sucrose, 0.1% NaCl) in 15uL droplets. Infrared photobeam sensors detect entry into the reward
ports. To prevent uncertainty over reward delivery, a brief (70ms) 3.0 kHz tone was played
through a speaker below the center of the maze immediately before solenoid valve opening.
Equally spaced columnar barriers divide the maze into 49 hexagonal units (“hexes’). Additional
barriers can be placed in any combination of the 49 hexes to create unique maze configurations.
The apparatus was controlled by an Arduino Mega, while the Open Ephys software, Bonsai, was
used for behavioral and video data acquisition.

Prior to implantation, rats were mildly water deprived and trained in the maze for
approximately three weeks. Pre-training consisted of learning to poke into reward ports to
receive reward, at 100% delivery probability with no additional barriers. Rats were pretrained
until they completed an average of at least one trial per minute in a 60-minute session (1-2
sessions to reach criterion on average). To discourage a sit-and-wait strategy, after each visit to a
port that port was not rewarded again until another port is visited (this rule is present throughout
training and testing). Rats were then trained on the task until reaching criterion (>= one trial per
minute in a 90 to 120-minute session).

Before each session, barriers (8 or 9) are added to the maze to create a configuration that
is novel to the rat. To prevent clearly visible paths between ports, we ensured that at least one
barrier obstructed each direct path. We also configured at least one path to be longer or shorter

than another path, to create distinct distance costs associated with different paths. In the
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probability-change variant, the maze configuration stays consistent throughout a session, but
reward probabilities are changed following each block (50-70 trials). Probabilities are reassigned
pseudo-randomly, according to the rule that the most rewarding port and the least rewarding port
are not the same for two consecutive blocks. In the barrier-change variant of the task, reward
probabilities remain fixed throughout the session, while one barrier is moved at each transition
between blocks. Upon a block transition, barriers are moved strategically to simultaneously alter
the lengths of multiple paths: at least one path will increase in length, and at least one will
decrease in length. Critically, a short path prior to the block change does not necessarily become
long afterwards, making it impossible for the rat to make inferences about which paths have
become longer and shorter. Barriers were physically moved by the experimenter, who entered the
task area after the rat poked into a reward port on the last trial of a block. To prevent the
development of associations between experimenter entry and configuration changes, the
experimenter randomly entered the task area to briefly raise and lower a barrier — without
changing the maze configuration — at least once during each training session. Each daily test
session used either the probability-change or barrier-change variant, and we only included
behavioral sessions with 100 or more trials for further analysis. Individual rats were also
excluded from analysis altogether if logistic multiple regression revealed a non-significant effect
of either reward probability or distance cost on their port choices (n=1 rat without significant
reward effect, and n=1 rat without significant distance effect from a total initial dataset of n =12
rats). All rats experienced sessions with port-reward probabilities drawn from a set of [0.9, 0.5,
0.1], but four rats also had probabilities drawn from [0,8, 0.5, 0.2] on a subset of sessions.

Rats’ implant caps were labeled and tracked using Deeplabcut.”® Custom code was used

to segment the maze into hexes and classify hex occupancy. For time points with missing

49



position information (i.e., when rat’s heads were momentarily obstructed by barriers), we used

the maze’s hex adjacency matrices to interpolate between hexes.

Fiber photometry. The nucleus accumbens core was bilaterally targeted using the following
coordinates in relation to bregma: +/-1.7mm medial, 1.7mm anterior, and 6.2mm below brain
surface. Virus — 1pL of AAVDJ-CAG-dLight1.3b (Vigene) at a titer of 2x10'2 — was delivered
using a stereotaxic injection pump (Nanoject III). Virus was injected 200um ventral to the target
coordinates, as described in.> During the same surgery, 200pum optical cannulae were
subsequently implanted and cemented in place. A subset of rats (n = 4; IM-1322, IM-1398, IM-
1434, IM-1478), were also implanted with a custom electrophysiology probe in the dorsal
hippocampus.

Rats were removed from water deprivation at least 24 hours prior to surgery. One week
after surgery, rats began mild water deprivation and were retrained on the task, while waiting for
expression of dLight. Rats began photometry recordings in the maze at least two full weeks
following surgery. Only one implanted fiber was recorded in a given photometry session.

Photometry data acquisition methods have been described previously.’ Baseline
correction was performed using the adaptive iteratively reweighed Penalized Least Squares
(airPLS) algorithm.”! Baseline-subtracted 470nm and 405nm (isosbestic control) signals were
then each standardized (z-scored) using a session-wide median and standard deviation. The
standardized reference signal was fitted to the 470nm using non-negative robust linear
regression, and the normalized fluorescence signal was computed by subtracting the fitted
reference signal from the standardized dLight signal. To reduce the frequency and severity of

optical artifacts, we used a pigtailed optical commutator (Doric Lenses), oriented horizontally,
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and manually controlled its movement using a custom stepper-motor interface. Recording
locations were histologically verified using immunohistochemistry.’ Recording sessions were
excluded if a recording failure occurred at any point during the session, such as an optical fiber
becoming broken or unplugged.

For all time-based analyses, the dLight signal was downsampled to 250 Hz and smoothed
with a rectangular 100 ms rolling mean. For hex-level photometry analyses, we calculated the
mean dopamine within each traversed hex on a given run. For comparison with RL model
variables, we computed mean dopamine within each traversed hex from each possible direction
of entry. This included repeat entries into hexes traversed multiple times within a trial (e.g., after
leaving a hex, entering a dead end, and running back to through that same hex). To avoid
analyzing subsets of data where rats mistakenly returned to the previous port (where reward is
unavailable), only data between the final poke at one port and the first poke at a different port
were included. Distance from the destination port was computed as the shortest possible
distance, in hexes, to the destination port from the current hex, according to the current maze
map. For event-aligned plots, traces were first averaged over sessions within each rat before
taking the average over each rat, unless otherwise specified. Unless otherwise specified, we

treated individual rats as the unit of analysis, rather than e.g. fiber recording locations.

Q(port) learning. To estimate the rats’ expected value at each port on each trial, we used a

simple, trial-based Q learning algorithm. The model learns values associated with each port using

the following update rule:
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Q(porty) « (1 —a)Q(port,) + aR,,

where «a is the learning rate, t denotes the current trial, and R denotes reward received at the end
of the trial. Choice was modeled as a probabilistic decision between the two available destination
ports, left ("L") and right ("R"), denoted by their position clockwise or counterclockwise from

the animal, on each trial using a softmax distribution:

P(c; =c €L,R) < exp (ﬁQ(c) + BeewlsLeft(c) + ,Bdl-st(dist(c)))

The inverse temperature parameter, 3, controlled the degree to which the value of the destination
port, Q(port) influenced choice. The (“feew’””) term was added to control for leftward
(counterclockwise) turn biases, and a distance-sensitivity (“fais”) term was added to control for
effort cost scaling with the distance dist(c) to the port. “IsLeft” encodes whether the choice,

c”, was leftward from the current port. Parameters were optimized to maximize fit to rats’

observed port choices.

Value iteration. We sought to generate spatially discounted chosen value estimates for each hex
at the individual-trial level, in a manner faithful to the maze configuration on each trial. We first
specified ground truth hex-state transition matrices for each unique maze configuration. We then
used a value-iteration!-** algorithm to dynamically estimate state value over each hex-state. Here,
hex-states were defined by hex ID (1-49) paired with the direction of hex entry, which resulted in
a 126-hex-state state space (each hex has between one and three possible directions of entry). For

each trial, the reward function was set to zero at all states other than the chosen port, which was
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set to the goal port’s Q value on that trial. Hex values were initialized at zero, and value was
iteratively learned by taking the maximum of the available discounted next-state values, over all

hexes, until convergence. The update rule took the following form:

V(state) « arer%%) (yV(nextstate (state, a))) for all hex-states state

where “a” is a left or right exit from the current hex-state, and nextstate(state, a) is the state
obtained (through the transition matrix) by exiting state with action a. The discount factor, y,
was optimized for each behavioral session to maximize the fit to DA (minimizing negative log

likelihood of the observed DA, given the estimated value function3®).

TD(\) toy-path value learner. To test distinct predictions about reward propagation over space,
we created a simple TD model with an adjustable eligibility-trace parameter (TD(A) with
replacing traces'). Each traversed state was associated with an update eligibility that decayed
exponentially — by a factor of A — with each timestep (state transition). To model locally chained
value propagation, we implemented a one-step TD model by setting A equal to zero (TD(0)). To
model updating over the entire traversed path, we set A equal to one. Due to the absence of RPE
during successive traversals of the same path under TD(1), value updates only occur at the
terminal state, and for the entirety of the traversed path. Under these conditions, TD(1) is
equivalent to a Monte-Carlo learning process.! Eligibility traces e were initialized at zero, and
the update rules were as follows, at each step :

e(state) « Aye(state) for all states
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At non-port states: e(state;) < 1

6; = Ry + yV(state;.,) — V(state;)

V(state) < V(state) + ae(state)d, for all states

Upon reaching port. e(state) « 0 for all states

where V is the value function, y is the discount factor, and a is the learning rate. For clear
visualization of model predictions, TD(0) a was set to 0.85 and y was set to 0.8; TD(1) a was set
to 0.5 and y was set to 0.8 . To recreate a ramp similar to the DA signal, each learner started with
a baseline value function peaking at 0.4 and discounted by a factor of 0.8. The toy environment
was implemented as a six-state sequential path to a reward port, and the reward function equaled
zero at all states except the terminal port. Port reward sequences could be set by the experimenter
in order to visualize the resulting value functions. Alternatively, rewards could be drawn from a
random distribution. For the regression analysis in Fig. 2.4, assessing the relationship between
prior reward outcomes and model value estimates at each state, we simulated 1000 trials with
random rewards delivered at 50% probability. To illustrate one possible combination of TD(0)
and TD(1) learners (Fig. 2.41/J), we took a weighted sum of the outputs of each (choosing

weights of 0.3 and 0.7 respectively, without any fitting).

Dual-component hex-value learner. To compare contributions of spatially local TD and maze-

wide inference-based learning processes, we developed a value learning algorithm over hex-
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states (location and direction, defined as before), with two separate value-update components:

local TD(0) value learning, and a maze-wide model-based update.

A one-step TD(0) update occurred at every hex entry according to the following update rule:

Learning rule at each hex transition: V (state;) « V(state;) + arp (yMFV(stateHl) —

V(statet))

Learning rule upon port entry: V (state;) < V(state;) + arp (Rt - V(statet))

where arp is the TD learning rate, and y is the spatial discount factor. The reward function, R,
was zero for all non-port hexes. Hex-state values were initialized at 0.2, to convey a small
uniform expectation of future reward from all locations. Upon reaching a reward port, model-

based updates were also performed over the entire map according to the following rule:

V(state) < V(state) + aygT (port,, state)(Rt — V(state)) for all states,
where awms is the model-based update learning rate, and T (port, state) weights the update by the
discounted on-policy distance from each state to the current port. This map is learned online by

recency-weighted averaging over states encountered on paths into the port. In particular upon

each port arrival, it is updated according to:
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T (port,, state) « (1 — a;)T(port,, state) + aym(state) for all states,

using learning rate a7 and a memory trace vector, m, of the most recent path into the port,
reflecting each hex traversed on the current trial, discounted by the experienced distance from
the port. The memory trace, m, is itself initialized to zeros at the start of each trial, then learned

over the trial by discounting and accumulation at each timestep :

m(state) « yygm(state) for all states

m(state;) « 1

In this way, 7T reflects a model-based expected eligibility trace for possible paths to the port,
comprising both experiential eligibility from the just-completed path into the port (analogous to
TD(1)), and counterfactual eligibility arising from a recency-weighted average over previous

port entries.>®"2

To assess the ability of each learning model to capture animal behavior, we computed the
likelihood of every left vs right choice taken at each hex by each rat, using the value estimates
provided by the same dual-component hex learner. We assumed the following softmax choice

rule:
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P(cpex = € € L,R) < exp (ﬁV(sC) + bpersistencel (C, lastchoice(hex))

where f is an inverse temperature and V(s.) is the value of the hex that would be arrived at next
given a left or right choice, under the learning model. To capture the rats’ tendency to repeat their
previous choice, we also included a term by eysistence acting as a bias towards the choice made on
the most recent visit to the same hex, where [ (s, lastchoice(hex)) is a binary indicator which is
one for the choice made previously, zero for the other. We limited our analysis to binary choices

encountered by the rats — times when rats entered a three-way intersection and exited through

one of the two hexes to the rats’ right or left.

Hex-state value TD(7) learner. We also considered an alternative model for learning hex-state
values, based on TD(4). This algorithm maintained an eligibility trace of recently visited hex-
states to propagate updates backwards at each timestep. By optimizing the trace decay parameter,
A, to fit the observed DA at each timestep, we could estimate the spatial extent of value updates,

on average. Value learning was implemented according to the following rules:

e(state) « Aye(state) for all states
At non-port hexes: e(state;) < 1

Learning rule at each hex transition: V (state) « V(state) + ae(state)d, for all states
with: §; = yV(statey,,) — V(state;)

Learning rule upon port entry: V(state) < V(state) + ae(state)d, for all states
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Upon reaching port. e(state) « 0 for all states

Dopamine regression: We combined each learning model with a linear regression observation
function to model the dopamine timeseries, i.c. DA; = By + fyV (state;) + €; with noise
e.~Normal(0,0?). Here, the parameter B, captures any covariation between modeled value

and the measured dopamine timeseries.

Model fitting: We optimized the free parameters of the learning algorithms by embedding each of
them within a hierarchical model to allow parameters to vary from session-to-session. Session-
level parameters were themselves modeled as arising from a distinct population-level Gaussian
distribution over sessions for each rat. We estimated the model, to obtain best fitting session- and
population-level parameters to minimize the negative log likelihood of the data using an
expectation-maximization algorithm with a Laplace approximation to the session-level marginal
likelihoods in the M step.” For hypothesis testing on population-level parameters (8y), we
computed an estimate of the information matrix over the population-level parameters, taking
account of the so-called “missing information” due to optimization in the E-step,’* itself
approximated using the Hessian of a single Newton-Raphson step. For the behavioral choice
model, fitting was performed similarly to DA regression in order to maximize the likelihood of
observed choices (using the same learning model as for DA, but re-estimating all free parameters

to fit the choices).
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For the value-iteration algorithm, which only sought to estimate the discount factor, y, we
used a simpler function-minimization protocol. On a session-by-session basis, we found the
minimum of the negative log likelihood function of the DA data, given y. As this was a simple
scalar function, we used the minimize scalar function from the SciPy package in Python.
Parameter search was unbounded using Brent’s algorithm, but y values were rescaled between 0

and 1.

Model comparison: To isolate the contributions of each independent learning component, we
created two nested models: one with arp and y,, both set to 0 (MB update only), and another
with ams, a, and yypgall set to 0 (TD update only), and we compared each of these to the full
model. In order to compare models with different numbers of free parameters, correcting for any
bias due to overfitting, we computed a cross-validated approximation to the negative log
marginal likelihood for each session.?® Specifically, we used leave-one-session-out cross
validation for the population-level prior parameters and a Laplace approximation for the per-
session parameters: for each session, we refit the population-level model omitting that session,
then conditional on that prior, we computed a Laplace approximation to that session’s log
marginal likelihood. We aggregated these per-session scores to obtain a total score for each rat
and model. Finally, we use paired tests on these scores across rats, between models, to formally
test whether any model fit consistently better over the population of rats. We depict relative fit
subtracting out the dual-component model fit scores, so that positive values indicate superior

dual-component model fit.
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Port-choice analyses. The frequencies of port visits and path choices were calculated using a
five-trial rolling mean. To compute changes in visit frequency, we subtracted the mean frequency
from the five trials prior to a block change from the frequencies after a block change. Note that
paths here, and in most analyses, are defined by port visits (e.g., running from port A to port B),
rather than specific sequences of hexes. “Better” and “Worse” ports were defined as those where
the reward probability increased or decreased, respectively, compared to the prior block. This
included changes from 10% reward probability to 50% reward probability, so the “Better” port
was not necessarily the highest reward probability port in the maze. Similarly, “Longer” and
“Shorter” paths were defined relative to the previous block, and paths whose length did not

change were not included in this analysis.

All mixed-effects regression analyses were performed in R using the package Ime4.
Random effects were estimated over the levels of rat and session-within-rat. To identify any
significant contributions of reward probability and path length on choice, we used a logistic

mixed-effects regression of the following form:

log(P(choose left)/(1-P(choose left)) = Bo + B1 (P(reward)ie — P(reward)rignt) + P2 * (distance ter —

distance right),

where the intercept captured any variation due to turn-direction bias. “Left” was defined on a
trial-by-trial basis as the left of the two available ports, when oriented away from the previously
visited port. For example, if the top port had just been visited, the bottom right port would be

left, and the bottom left would be right. To avoid periods when rats are learning the probabilities
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of reward, we only included data from the second halves (> trial 25) of each block. Both
probability differences and length differences were scaled between zero and one to compare

effects in common units.

To isolate any effects of inference on port choice, we ran a similar logistic mixed-effects

regression of port choice:

log(P(choose left)/(1-P(choose left)) = Bo + Bi * Rt + B2 * Rea + B3 * Res + Pa * Ria + Ps * Ress,

where "t-n" denotes prior trials where the left port was visited, and R denotes the reward
outcome on that trial. Critically, we ran this regression for two subsets of data: trials where the
rat took the same path to the goal port the last time it was visited, and trials where the rat last
took an alternative path to the goal port. Paths, here, were defined based on the start and end
ports, not the specific sequence of individual hexes traversed.

In addition, we sought to avoid possible confounds that arise due to decaying reward
representations over time. For example, for a port that has not been visited in 10 trials, memory
of the last outcome may have decayed, or uncertainty may have increased, compared to a port
visited one trial ago (i.e., when a rat has been running back and forth between two ports and
ignoring the other). To control for variations in the trial-lag length between traversals to the port
of interest (the left option), we only included trials where the left available port was visited
exactly two trials prior. This way, we are not comparing results from recent same-path reward to

older alternative-path rewards, or vice versa.
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Ramp analyses. Ramp slopes were estimated by fitting a linear regression model to the hex-level
DA along the last 15 hexes traversed before port entry, in each session. The single rat that did not
show significant positive ramping was not included in remaining analyses of DA ramping and
value coding.

To scale and remove average ramps from individual-trial DA traces, we first calculated
the average ramp over the last 10 hexes traversed for each rat. Because we were interested in
scaling the entire ramp as a function of estimated gain, we needed to remove any negative
values. To do this, we first rescaled each rat’s average ramp between 0.1 and 0.9 (we refer to this
as the control ramp, for clarity). For each path traversal of interest, we then fit a linear regression
of the observed DA data to that rat’s control ramp. An intercept captured remaining broad
directional differences in the ramp (e.g., when the initial portion of the observed DA ramp was
negative). We then scaled the control ramp by the estimated regression coefficient, added the
intercept to the scaled control ramp, and subtracted this result from the DA trace. We were left
with residual DA values, which we used for visualization in Fig. 2.4L. To assess which portions
of the observed propagating bump are significantly different than what can be expected by
chance, we performed a permutation analysis. We computed null residuals along each path by
shuffling the sequence of traversals, using equal numbers of traversals along the same paths as in
the observed residual analysis. To estimate null distributions at each distance from the port, we
computed 1000 shuffled null residual traces, and assessed the distribution at each distance (in
hexes) from the destination port. Comparing observed residuals to the upper 95% confidence

interval bounds allowed us to identify distances where residuals were significantly above chance.
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Barrier-change dopamine analyses. To analyze discovery of a barrier change (either newly
available or newly blocked) we aligned signals on first-detected entry into a hex immediately
adjacent to the changed hex. At these hex transitions, the changed hex is readily visible. Initial
new-hex exposures where the rat subsequently entered the new path were defined as those where

the rat entered the newly available hex directly following its discovery.

DA regression analyses. We needed to isolate the hexes where values will differ depending on
experience-based versus inference-based updates. To this end, we excluded all overlapping hexes
between the same and alternative paths to the goal port. In other words, we only included the
hexes prior to the first choice point on each trial where the rat has the opportunity to choose
between the two available ports (see Fig. 2.5).

To assess whether DA reflected the last reward outcome at the goal port following a
traversal of the same path-dependent hexes and/or an alternative sequence of hexes, we ran a

mixed-effects regression of the following form:

Path-dependent DA = Bo + Bl * R + Bz * Rip + B3 * Rz + B4 * Ry + B5 * Rt.s,

where "t-n" denotes prior trials where the goal port was visited, and R denotes the reward
outcome on that trial. Similar to the port-choice analysis, we ran this regression for two subsets
of data: trials where the rat previously took the same path to the goal port, and trials where the rat
took an alternative path to the goal port. Again, to control for biases that can arise due to

differences in the number of trials since the port was last visited, we exclusively analyzed trials
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where the goal port was visited two trials ago. The inclusion of the prior five outcomes at the

goal port controlled for DA scaling effects due to earlier rewards at the same port.

Quantification and Statistical Analyses.

Statistical tests and results are reported with any text introducing quantifications of results, both
in the Results section and in figure legends. Unless otherwise specified, we treated individual
rats as the unit of analysis, rather than, e.g., fiber recording locations. Plots of aggregated data
show mean +/- SEM, unless otherwise specified in the figure legends. Inclusion criteria for
specific analyses are stated in both the Methods and Results sections. In general, rats were
excluded from the dataset if their choice preferences did not significantly scale with expected
reward or distance cost. Behavioral sessions were excluded if rats did not perform at least 100
trials. dLight fiber photometry recordings were excluded if a recording failure occurred at any
point during the session, such as an optical fiber becoming broken or unplugged. We did not
expect sufficient power to assess sex differences in this study, but we included both males (n=7)
and females (n=3) in order to better identify findings that were robust across sexes. Rats were not
assigned to separate experimental groups, so no blinding was performed. No sample size

precalculation was performed.

64



Trials following barrier change

50%
(W

10% v 80% 10%

Blocks following a barrier Blocks following a p(reward)
Initial block, all sessions change change

0:10 10:20 20:30 30:40 40:50 0:10 10:20 20:30 30:40 40:50 0:10 10:20 20:30 30:40 40:50
Trial in block Trial in block Trial in block

Deviation from optimal
path length (hexes)

Supplemental Figure 2.1. Navigational adaptations to maze configuration changes.

A, Position data from the first, second, and third group of ten trials following a barrier change. Green arrows
highlight the progressive reduction in the distance traveled into a novel dead-end path. This barrier change is
from the same block as Fig. 2.1D. B, Deviation from the optimal (shortest) path lengths over the course of
the initial blocks of all sessions (/ef), blocks following a barrier change (middle), and blocks following a
p(reward) change (7ight). Deviation is measured as the number of extra hexes traversed beyond the shortest
possible path length. Dots show mean values within ten-trial bins; error bars show 95% confidence intervals.
Deviation is measured as the number of extra hexes traversed beyond the shortest possible path length. Dots
show mean values within ten-trial bins; error bars show 95% confidence intervals.
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Supplemental Figure 2.2. Extended analysis of DA pulses.

A, Port-entry aligned DA in the second half (trial number > 25) of each block (n = 10 rats, 82 sessions, 9,079
trials), pooled by terciles of the RL model Q value for the chosen port. B, botfom, regression weights for Q-
value-derived RPE (see Methods) on DA following port entry (100ms bins over the first 2s). Separate regression
weights are shown for RPE following reward (red) and omission (blue). (Figure caption continued on the next

page).
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(Figure caption continued from the previous page.) Regressions were performed independently for each rat. Top,
fraction of rats with a significant relationship (non-zero regression coefficient, two-tailed t-test) between RPE
and DA in the time bin. C, left, cartoon of rat choosing to enter (light blue) or ignore (violet) the newly available
path. Right, DA aligned on entry into the hex adjacent to a newly available hex, broken down by whether the rat
subsequently entered (n = 9 rats, 77 events) or ignored (n = 5 rats, 25 events) the novel path. Four rats either
never chose to enter the ignored path option, or entered on fewer than three instances in total, so they were
excluded from analysis. D, left, cartoon of a rat discovering a newly available hex with either a short or long
distance to the destination port. Right, DA aligned on entry into the hex adjacent to a newly available hex, pooled
by the tercile of distance to the destination port (n = 10 rats, 36 short distances, 35 mid distances, 35 long
distances). All error bands indicate +/- SEM.
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Supplemental Figure 2.3. Individual-animal recording locations and DA goal-approach ramps.

A, Histologically identified fiber locations for each animal, paired with the average ramp = SEM for the
corresponding implanted fiber. Orange denotes right hemisphere and blue left. Blue asterisk signifies the
inferred fiber location of an implant with missing histology (IM-1273 left hemisphere). Pink "H" marks rats
additionally implanted with an electrophysiology probe. B, Cross-correlation between running speed and DA,
aligned to running speed. C, Average ramp slope for each recording location (bar plot), with individual sessions
marked as "x" for left and "o" for right hemisphere. D, Discount factors (y) for each recording location with a
significant ramp, fit to the observed DA data in the value-iteration algorithm. Bars show rat means, and dots

show session values.
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Supplemental Figure 2.4. Further comparison of TD algorithms to DA signals.

A, Schematic of the TD(L) update algorithm showing the traversed hex-states’ eligibility at the end of a trial. B,
Estimated A parameter values after fitting TD()) to each session’s hex-level DA signal (bars show mean values
for each rat, dots signify individual-session estimates within rats. C, Predicted DA value traces based on
parameter values from the fitted TD(A) hex-value learning algorithm. Predicted value function in response to
reward and omission, over the same trial sequences as in Fig. 2.3C. "R" and "O" denote rewards and omissions,
respectively, on the t-n previous visits to the port. D, Predicted value function in response to a single reward in a
series of omissions, over successive runs of the same path, as in Fig. 2.4B. E, Analyzing the distance from the
terminal port in which prior rewards have their strongest impacts (linear regression weights) on state value, as in
Fig. 2.4E/F. Predictions from 1000 simulations of a TD()) algorithm, based on parameter values from the fitted
TD()) hex-value learning algorithm.
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Supplemental Figure 2.5. Individual-session dual-component RL model comparison results.

A, Gain or loss of model fit to hex-level DA when the TD(0) learning component is removed from the dual-
component model. Bars show mean fit comparison for individual rats, circles show model comparisons for
individual sessions within rats. Positive values (purple circles) indicate superior dual-component performance
(negative log likelihood, "nLL"), compared to single-component. B, Same as A, comparing when the global
update component is removed from the dual-component model.
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Chapter 3:
Evidence that Dopamine-encoded Values are Retrieved and Updated through

Mental Simulation

Introduction

The encoding properties of the dorsal CA1 region of the hippocampus (dHip) position
this region as an ideal candidate for neural implementation of model-based valuation processes.
The pyramidal neurons here selectively fire in spatial receptive fields (“place fields”) as animals
navigate through space.! Ensembles of these “place cells” form a coherent representation of an
animal’s actual location within an environment, sequentially firing as animals traverse through
their respective place fields (“local” place coding).* Upon closer examination, multiple groups
have also observed encoding of locations distinct from the animal’s actual place at compressed
timescales (“non-local” place coding),>” as if simulating other possible locations in the
environment.

One non-local phenomenon potentially used for MB valuation reliably occurs in concert
with a slow (~8Hz) local field potential (LFP) “theta” rhythm, primarily during movement
through an environment.® Within a single theta cycle, place cells fire in a temporally coordinated
manner so that the place representation typically “sweeps” from behind the animal to locations
ahead of the animal.®*~!! The represented distance ahead of the animal can vary depending on

current task demands,'>!3

including alternating sweeps into possible future paths when rats
approached a decision point.!*!> Such prospective theta sweeps would be a powerful mechanism

to leverage an internal model of the environment, simulate possible future trajectories, and
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evaluate them for downstream decision processes. Consistent with this hypothesis, one study
found that prospective representations are associated with an MB decision-making strategy,'¢ and
another found that MB planning in humans was hippocampus dependent.!” To date, however, no
study has tested whether theta sweeps are used for prospective place value retrieval.

Theta sweeps are not the only mechanism by which the dHip might implement MB
valuation. During periods of rest, non-local representations of different locations within the
environment have been observed to occur in concert with a high frequency (120 to 250Hz) LFP
oscillation called a sharp-wave ripple (SWR).>"-!® These non-local representations include

continuous trajectories,'*-?

as well as fragmented “jumps” to distant locations within an
environment.?!?? Consistent with an MB value-update process, SWR-associated representations
include both directly experienced trajectories as well as alternatives throughout the same
environment.?*~26 Such simulations would be an ideal candidate to assign credit over space,
across both previously taken and alternative trajectories to rewarding places. For example, while
a rat consumes a reward, replaying distant locations may help to associate those places with
downstream reward. In fact, SWRs are most likely to occur following reward receipt,?” where
trajectories most often start or end at the rewarding location.?® For these reasons, awake replay
has long been hypothesized to update value estimates.>>%3° As evidence for a role in learning,
selectively inhibiting SWRs impedes task learning,?! while optogenetically extending their
duration augments task learning.?> Whether non-local representations during post-reward SWRs
are used to update the values of those places is a critical gap in our understanding of how SWRs
contribute to learning.

To influence decision processes, the dHip cannot act in a vacuum. We hypothesize that

dHip non-local representations coordinate with downstream neural value representations. For
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this, we turn to the nucleus accumbens (NAc), the ventral region of the striatum implicated in

33-3% and decisions to pursue a goal.**** We have recently shown that dopamine

value estimation
(DA) signaling in the NAc scales with dynamic value estimates across space, as if forming an
internal spatial map of value (see Chapter 2).*! These “place values” were updated, in part,
through inference, reflecting an update mechanism that can associate rewards with both directly
experienced and alternative paths.

Non-local representations could provide an ideal neural substrate to implement such
inferential valuation. Consistent with cooperation between these brain regions during behavior,
certain spatial navigation tasks that depend on dHip*? also rely on the NAc.*** Moreover,
disrupting DA signaling in the NAc inhibits a rat’s ability to flexibly navigate to familiar goals
from novel starting points,*® a posited function of dHip non-local activity.*> Direct projections
have been identified between the dHip and the NAc,* and striatal units have been observed to
phase-lock to dHip theta in a reward-dependent manner.*’*° In addition, SWRs have been
associated with reactivations of putative DA neurons®® and NAc projection neurons.'>-!

Thus far, however, experimental tasks and recording methods have proven difficult for
testing whether neural value representations are retrieved during prospective theta sweeps or
updated during SWRs. The behavioral paradigms used to study dHip non-local coding most
often consist of simplified mazes with static reward contingencies and spatial configurations.
This is quite useful for reducing sources of variability that make it more difficult to study non-
local representations, but prohibitive for dynamic value analyses. Conversely, paradigms that
have studied valuation processes often leverage spatially reduced operant tasks, where the

underlying state space is ambiguous and poorly suited for non-local encoding analyses. Non-

local representations, both prospective theta sweeps!'* and SWRs,?® are also task-dependent,
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decreasing in frequency as behaviors become stereotyped. Therefore, the ideal task for this
experiment would discourage sustained periods of stereotypy and encourage MB decision
processes. Achieving robust decoding of non-local activity also requires the simultaneous

152145 which typically requires many recording

recording of numerous pyramidal neurons,
electrodes in dHip.

To overcome these obstacles, we developed a novel spatial decision-making paradigm
and recording method. The maze task consists of changing paths, dead-ends, and unstable
probabilistic reward contingencies. Rats must also sequentially traverse through numerous
decision points in order to obtain reward, where multiple paths can lead to the same rewarding
location. This task has recently allowed us to carefully study dynamic value computations in
NAc DA,* where rats were shown to exhibit MB choice behavior. To record from sufficient
dHip neurons for robust non-local decoding, we employed a custom 256-channel
electrophysiology probe. In the same animals, we also recorded from NAc DA, using dLight
fiber photometry, to analyze the associated map of place value. We observed frequent non-local
activity in the maze: both prospective theta sweeps into possible future places, and post-reward
representations of places throughout the maze during SWRs. Preliminary analyses revealed that,
during running through the maze, NAc DA scaled with the values of prospectively represented

places. Finally, we found that post-reward non-local representations update the associated DA

place values.

Results

A novel approach to simultaneously record large numbers of dHip units with NAc DA.
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We implanted rats (n=2) with a custom 256-channel silicon electrophysiology probe,

placed on a custom microdrive to target the CA1 pyramidal layer of the dHip (dCA1), along with

optic fibers in the NAc for dLight fiber photometry recordings of DA (Fig. 3.1A/B). Once the

silicon probe had reached dCA1 (identified using LFP signatures®?), we simultaneously recorded

from dCA1 units and NAc DA as rats foraged for reward in the maze task. Sessions with fewer

than 30 hippocampal units were excluded from the dataset, along with rats with no dLight

expression (n=1). We were able to record from hundreds of dHip units during a single behavioral

session (Fig. 3.1C), many of which displayed place-selective firing profiles in the maze (see Fig.

3.1E for examples).
A B E

dLight 1.3b fiber
photometry

Custom 256-
channel silicon
electrophysiology
probe

200 i . S
o i e Add 9
T :r; : o barr/ers %

0 30
Time (s)

[/
‘/{{///I/I////Il//ll////l//l//

Unit #

Figure 3.1. Experimental approach and place recording in a complex maze task

(A) Implant schematic. Green indicates the angled fiber photometry implant to measure dLight 1.3b. Purple
shows the electrophysiology implant, placed on a movable microdrive for precise targeting along the dorsal-

ventral axis. (B) Custom electrophysiology probe. Left top, magnified image of probe, against a penny for scale.

Left bottom, magnified image of the 32 shanks, each with 8 recording sites. Right, cartoon emphasizing probe’s
design that allows for simultaneous positioning of numerous shanks in the CA1 pyramidal layer. Dark pink
indicates locations of recording sites, spanning 105um. (C) Example raster plot showing spiking activity from
>200 identified units in a single recording session. (D) Maze task. Left, birds-eye view of the maze, before
addition of movable barriers. Right, schematic of one possible maze configuration after the addition of the nine
movable barriers. Probabilistic rewards are delivered at each apex of the triangle. (E) Spatial firing profiles of
two example units from a single recording session. Dots mark each location where a spike was observed, color
coded by point density.
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While running through the complex maze task, dHip place representations sweep ahead of
the animal into possible future locations.

The maze, described previously,*! is triangular with a reward port at each corner, each
with a distinct reward probability (Fig. 3.1D). The available paths to these reward ports are
defined by a set of barriers, constraining rats into making sequences of left and right turns from
each “hex” location. The task is self-paced — the end location for each “trial” is the start for the
next — and each reward port can be approached from multiple starting locations. After each block
of 50-70 trials (traversals between ports), either the reward probabilities change or a barrier is
moved to alter available paths (Fig. 2.1). We have previously demonstrated that rats choose ports
with higher probabilities of reward and shorter distance costs.*!

Because we designed this task, in part, to encourage a decision-making strategy that uses
mental simulations, we first asked whether prospective theta sequences could be seen in the
maze. To decode the spatial representation from dHip neural activity, we used a recently
described millisecond-resolution decoder?! and adapted this to two-dimensional space. While rats
ran through the maze (>10cm/s), we observed representations that swept ahead of the animal in
coordination with the theta rhythm (Fig. 3.2A/B). As rats approached the numerous choice points
in the maze, place representations frequently swept ahead into available prospective paths, as if
simulating upcoming possibilities for evaluation. Often, these theta sweeps alternated between

different paths on successive theta cycles, consistent with deliberation and a previous report.!?
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Figure 3.2. Theta-based prospective sweeps are associated with DA release proportional to the values of
represented locations

(A) Example traces from one trial in the maze. From top to bottom: broadband LFP, the distance of decoded
location from the rat’s actual location, running speed (smoothed with a 100ms rolling mean), and z-scored dLight.
Signals are all sampled at 250Hz. (B) Examples of theta-associated prospective sweeps from four different
recording sessions. Green “x” marks the rat’s actual location. Heat scatter plot shows the decoded location over the
course of 125ms. Grey background shows all detected locations from the session. (C) Schematic of the value-
retrieval analysis. The highlighted hexagon shows the location of the peak decoded distance from the rat. (D) DA
aligned to the moment of peak decoded distance, pooled by the value (in terciles) of that decoded place (n= 10
sessions, 8399 sweeps). Traces show the average over rats, where the average over each session was first calculated
for each rat. Time, here, is binned by theta phase (14 bins per cycle).
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Theta-associated non-local representations modulate NAc DA to retrieve values of possible
future locations.

If dHip place signals coordinate with NAc DA value signals during navigation, we would
expect NAc DA fluctuations to be influenced by the spatial content encoded in dHip. We tested
whether prospective representations during running influence NAc DA place values. To do this,
we first identified moments when the place representation extended into possible future locations
(>15cm from the rat), and then isolated the terminal locations of each sweep: the hex where the
decoded representation was farthest from the animal (Fig. 3.2C; see Methods). We then extracted
the value of each decoded terminal place using a trial-by-trial RL algorithm, which propagates
up-to-date reward information from the two available ports over the current spatial map,
discounted by distance (see Methods). If NAc DA represents the retrieved values of the
prospective locations, we would expect DA release following the terminal place representation to
scale with that place’s value. Indeed, preliminary analysis reveals that when higher valued places
were represented, DA release was greater than when lower valued places were represented (Fig.

3.2D).

Following reward receipt, dHip non-local representations update DA value representations.
While thus far this study has focused on NAc DA value dynamics during navigation, it is
important to note that DA also encodes a teaching signal hypothesized to coordinate with dHip
representations. Following reward, DA transiently increases in proportion to reward prediction
error (RPE). These are thought to guide learning by updating values and choice behavior. It has,
therefore, been hypothesized that this post-reward DA pulse might co-occur with post-reward

SWRs to update values of the SWR-represented places, as if signaling the degree to which
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represented locations should be updated.® To test the feasibility of this hypothesis, we isolated
times where SWRs were observed (Fig. 3.3A; see Methods) and compared the time courses of
DA release versus SWR probability (Fig. 3.3B). Inconsistent with the co-occurrence hypothesis,
we found that the DA pulse is closely time-locked to reward receipt (~200ms later) in a
stereotyped manner, while SWRs do not begin until ~2s later and are less temporally precise.
Nonetheless, we did reproduce prior findings that SWRs were more likely following reward

compared to omission. Intriguingly, SWR probability appeared to scale with RPE on rewarded
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Figure 3.3. Post-reward representations follow DA reward responses and update place values

A) Wide-band LFP across the eight channels of an example recording shank. An identified SWR is highlighted in
purple. (B) Reward-port-entry aligned traces. Top, mean DApooled by reward probability at the destination port.
Red indicates rewarded trials, blue indicates trials where no reward was received. Only the second halves of blocks
(>25 trials) were included. Bottom, mean ripple probability, pooled by port reward probability. Color scheme is the
same as above. Error bands denote s.e.m.. (C) Example decoded location during SWRs. Examples are from separate
recording sessions. Green “x” marks the rat’s actual location. Heat scatter plot shows the decoded location over the
course of an SWR. (D) Top, proportion of reward and reward-omission trials with identified representations of at
least one non-local place. Bottom, of the trials with identified non-local representations into path-dependent hexes,
proportion that entered the same path as previously taken vs alternative maze segments. Diamonds show mean
values for individual sessions. Bars show mean values over sessions. (E) Illustration of the hex-level DA
comparison used in analysis of post-reward decoded location. Following a reward, dHip either represents the
bottom right hex or does not. DA during the following run through that hex towards the rewarded port is compared
under the two conditions. (F) Average hex-by-hex difference in DA when the hex was previously represented —
when that hex was not previously represented. Individual points show session averages, with different markers
denoting different rats. Bar shows mean difference across sessions.
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trials.

When examining the places represented following port entry, we find the non-local
locations are consistent with an inferential update process. Because SWR identification involve
arbitrary assumptions (see Methods), these exclude many time points from analysis when non-
local places may have been represented by dHip but our algorithm failed to identify an SWR.
Therefore, for the following in-depth analyses of non-local representations following port entry,
we included all data that met decode-quality criteria (see Methods). Similar to the SWR analysis
above, we found that representation of any non-local place in the maze was more likely
following reward, compared to omission (Fig. 3.3D). We then asked, on the rewarded trials,
whether the places represented were restricted to those along the path the rat actually took, or
also extend into alternative paths to the same rewarding location. To constrain this analysis to the
hexes not shared between paths, we exclusively analyzed those hexes prior to the rat’s first left-
right choice between reward ports (“path-dependent hexes”). Of the trials where non-local
representations entered path-dependent hexes, representations were not restricted to the hexes
along the previously taken path. Instead, hexes along alternative paths to the same goal location
were also represented (Fig 3.3D). Such representations along places that both directly led to the
port as well as places that could have led to the port would be a powerful mechanism to infer
value over space.

Finally, we dove deeper to our dataset to directly test whether the non-local places
represented in the dHip following reward are used to assign credit to those places, updating their
values for future maze traversals. We previously showed that a single reward is able to increase
DA place values across an entire path on the subsequent run through to that port.*! Can this

spatial value propagation be explained by dHip representations of those distant places following
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reward? To explore this possibility, we first identified all trials where the rat received reward at a
destination port. We then focused our analysis on the rat’s subsequent traversal to that same port.
If non-local representations act to update place values, DA in a specific hex should be higher
when that hex was previously represented, compared to the runs where it was not. We performed
this exact analysis (Fig. 3.3E, see methods), and we found that for each traversed hex, on
average, DA was higher if that hex was previously represented versus reward alone (Fig. 3.3F).
Though preliminary, the observed effect is consistent across all 10 sessions recorded from two
separate rats. This provides strong evidence supporting the hypothesis that SWRs influence

behavior by updating the values of distant states.
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Discussion

While preliminary, this study is the first to present direct evidence for a neural circuit that
leverages mental simulation to infer upcoming reward. During running, dHip representations of
possible future locations resulted in downstream increases in NAc DA, which scaled with the
values of the represented places. The increase in DA occurred approximately 200ms following
the prospective place representation. This delay in NAc DA response is similar to what we> have
previously observed when rats were given a sensory reward-predictive cue. Such a delayed value
representation is likely not used for directional action selection. Directional action values may
instead be represented in the spiking of orbitofrontal or prefrontal cortical neurons,*>7 or striatal
spiny projection neurons.*®° Combined recordings of dHip with these candidate regions are
the subject of future and ongoing investigations. NAc DA is likely performing the same function
as observed in other paradigms:3*3? signaling whether the current task is worth engaging in,
compared to, e.g., resting and grooming. Consistent with a signal for controlling motivational
vigor, we previously found that NAc DA levels predicted running speed in this task.*! Under this
model, successive theta sweeps serve to sample upcoming locations, where NAc DA collects
evidence to evaluate whether the rat should continue running through the maze. To better test this
hypothesis, one avenue for future study in the maze task is whether NAc DA decreases when
locations of null value, such as a dead-end, are simulated. If NAc DA is indeed used to assess
whether a goal is worth pursuing, such a dip in the signal should be associated with the decision
to abandon a dead-end path or avoid it altogether. It also bears mentioning that while we
interpreted this NAc DA response as a value signal, DA may actually compute RPE here.
Simulation-evoked transients may only occur when the place represented is better or worse than

expected. Further modeling work is necessary to tease apart the two interpretations, but it’s worth
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noting that our analysis assessed DA as a function of the difference between simulated and local
place value. If simulated values act as the “observed” value to be compared with the local
“expected” value, then the DA transient may indeed reflect an RPE signal.

We also found evidence that mental simulations are used to implement credit assignment
over space, bridging gaps between observed rewards and distant locations. Following reward
receipt, dHip representations of distant places resulted in higher NAc DA on the subsequent run
through those places, compared to reward alone. This is the first direct evidence, to our
knowledge, for a neural circuit that uses simulation to update downstream representations of
value. This mechanism would be a powerful tool for agents to adaptively update value estimates
in naturalistic tasks, where routes to reward are both unstable and numerous. It also may explain
the inferential valuation we observed previously.*! We plan to directly test this hypothesis by
assessing whether the value-learning RL model used in that paper can better predict NAc DA if
global updates are restricted to the set of places represented by dHip following reward.

Still, it remains unclear how simulating a distant place can update its value. In contrast to
the model hypothesized by Foster and Wilson,> we did not observe concurrent SWRs with DA
reward responses. Instead, dHip simulations may be used, along with reactivated downstream
representations®®-%° to implement an offline-learning algorithm similar to Dyna Q learning.5¢-6”
This RL algorithm simulates states within the current environment and learns as if traversing
those states in reality. Perhaps, by reactivating distant place representations and those associated
with the rewarding state in close temporal succession, the distant places can develop an
association with downstream rewarding states. Understanding whether the neural mechanism for
these changes operates through plasticity®® or changes in the population dynamical state®® will

require further investigation.
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It is perhaps more than coincidence that both neural signals under investigation operate
under two distinct encoding modes: one associated with running and reward seeking, the other
consumption and rest. As described previously,>#*>#1.70.71 NA¢ DA increases in a ramp as rats
approach rewarding locations, and it scales with value. However, this ramp becomes disengaged
when behavior becomes stereotyped.’!:”> Non-local theta sweeps have similarly been shown to
decrease in prevalence as rats’ experience with a task increases and stereotyped behaviors are
more likely.'* Future analyses of the current dataset should test whether prospective theta sweeps
are predictive of NAc DA ramping, indicating a coordinated information-processing mode
between the two regions. This would not be surprising, as coordination between dHip and VTA
DA neurons was observed in a simpler maze task, but only during the cognitively demanding
portion of the track.” Following reward, DA switches to transiently report a learning signal,
RPE,*7* while dCA1 decreases theta power and sporadically engages SWRs.>>7> It is, therefore,
possible that the brain enters a learning mode during rest and consumption, distinct from the
online planning-and-evaluation mode during running and reward seeking.

Related to the switch between different encoding modes, the brain must also perform
meta-decision-making to choose which places should be represented at any given moment. Why
do dHip representations sweep into both available paths at most choice points, but not all? It is
also a mystery why some theta sequences are longer than others, and what meta decision process
determines when to stop sweeping ahead. Relatedly, which places within sometimes large
environments should be represented during SWRs? One prominent hypothesis?® posits that
places should be represented based on their need — how frequently the animal is expected to visit
the place — and gain — the additional reward expected if the place’s value is updated and

subsequent behavior changed. This model has successfully replicated experimental observations
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associated with SWRs, but our dataset could help answer whether the same model can explain
the places represented during theta sequences. It’s worth noting that SWRs are also observed
when animals pause as they navigate a maze, and these are sometimes, but not always,?*?
associated with prospective representations related to behavior.”-?64> The prominence and
function of these events were not investigated in this study, but they are the subjects of further

analyses on the current dataset.
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Methods

Animals. All animal procedures were approved by University of California San Francisco
Institutional Committees on Use and Care of Animals. Male (300-650g) wild-type Long-Evans
rats (4-8 months old, bred in house) were maintained on a reverse 12:12 light:dark cycle and
tested during the dark phase. Rats were mildly water deprived, receiving 30 minutes of free
water access daily in addition to fluid rewards earned during task performance. During water

deprivation, rat weights were maintained above 85% their baseline weight.
Y g g

Behavioral task. The maze consists of a 1.30m-per-side equilateral triangular platform with
liquid reward ports at each vertex. Solenoid valves control delivery of sucrose solution (10%
sucrose, 0.1% NaCl) in 15uL droplets. Infrared photobeam sensors detect entry into the reward
ports. To prevent uncertainty over reward delivery, a brief (70ms) 3.0 kHz tone was played
through a speaker below the center of the maze immediately before solenoid valve opening.
Equally spaced columnar barriers divide the maze into 49 hexagonal units (“hexes’). Additional
barriers can be placed in any combination of the 49 hexes to create unique maze configurations.
The apparatus was controlled by an Arduino Mega, while the Open Ephys software, Bonsai, was
used for behavioral and video data acquisition. Rats’ implant caps were labeled and tracked using
Deeplabcut.”® Custom code was used to segment the maze into hexes and classify hex

occupancy.

Neural Recordings. The nucleus accumbens core was bilaterally targeted using the following

coordinates in relation to bregma: +/-1.7mm medial, 1.7mm anterior, and 6.2mm below brain

surface. Virus — 1pL of AAVDJ-CAG-dLight1.3b (Vigene) at a titer of 2x10'2 — was delivered
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using a stereotaxic injection pump (Nanoject III). Virus was injected 200um ventral to the target
coordinates, as described in.*> During the same surgery, 200um optical cannulae were
subsequently implanted and cemented in place. We then performed a unilateral craniotomy above
the dorsal hippocampus, centered at 4.3mm posterior and 2.2mm lateral, relative to bregma. A
2.5mm wide (coronal plane) durectomy, centered at 2.2mm lateral, was then performed in the
region between 3.6-4.5mm posterior that best avoided blood vessels. The probe was
subsequently inserted into the exposed brain, to a depth of 1.5mm-2.00mm below the brain. A
screw was implanted above cerebellum to serve as a global reference. Rats were removed from
water deprivation at least 24 hours prior to surgery. One week after surgery, rats began mild
water deprivation and were retrained on the task, while waiting for expression of dLight. Rats
began photometry recordings in the maze at least two full weeks following surgery. Only one
implanted fiber was recorded in a given photometry session. In a subset of rats, the photometry
implant was performed in a separate surgery at least two weeks prior to the electrophysiology
implant, to ensure dLight expression before performing the subsequent implant.

To target dCA1 pyramidal cells, electrophysiology measurements were performed daily
following surgery, using well-described LFP signatures to localize the probe.>? These recordings
were performed outside of the maze, in a separate recording chamber. Following each recording,
the custom microdrive was used to lower probes a distance between 40um and 80um. The shank
geometry of the probe allowed for clear observation of probe movement in relation to spiking
units. To account for possible delays in probe movement following driving — e.g., from
coagulated tissue at the brain-probe interface — the probe was only lowered once every four
hours at most. Driving was terminated once the slow frequency “wave” component of the SWR

was observed to flatten and flip polarities on the ventral recording sites, a clear indication that
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recording sites are in CA1. The probe was lowered to increase the number of shanks displaying
this LFP signature to the greatest extent possible, to maximize the number of units recorded from
the pyramidal layer. After rats had recovered from surgery (~1 week), rats were retrained in the
maze task (alternating between barrier and probability variants) until sufficient recording sites
reached their target location.

Photometry data acquisition methods have been described previously.’® Baseline
correction was performed using the adaptive iteratively reweighed Penalized Least Squares
(airPLS) algorithm.”” Baseline-subtracted 470nm and 405nm (isosbestic control) signals were
then each standardized (z-scored) using a session-wide median and standard deviation. The
standardized reference signal was fitted to the 470nm using non-negative robust linear
regression, and the normalized fluorescence signal was computed by subtracting the fitted
reference signal from the standardized dLight signal. To reduce the frequency and severity of
optical artifacts, we used a pigtailed optical commutator (Doric Lenses), oriented horizontally,
and manually controlled its movement using a custom stepper-motor interface. The optical fiber
was passed through a through-hole electrical commutator, which was used for the
electrophysiology recordings. Recording locations were histologically verified using
immunohistochemistry.’® Recording sessions were excluded if a recording failure occurred at any
point during the session, such as an optical fiber becoming broken or unplugged. For all time-
based analyses, the dLight signal was downsampled to 250 Hz. To capture higher frequency
fluctuations in the signal that might coordinate with dHip, further smoothing was not performed.
For hex-level photometry analyses, we calculated the mean dopamine within each traversed hex
on a given run. For comparison with RL model variables, we computed mean dopamine within

each traversed hex from each possible direction of entry. This included repeat entries into hexes
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traversed multiple times within a trial (e.g., after leaving a hex, entering a dead end, and running
back to through that same hex). To avoid analyzing subsets of data where rats mistakenly
returned to the previous port (where reward is unavailable), only data between the final poke at
one port and the first poke at a different port were included.

Electrophysiology signals were acquired at 30KHz, using the RHD recording controller
from Intan Technologies. Data was recorded with the open-source Open Ephys data acquisition
software. Spike sorting was performed using the fully automated Mountainsort software.”® To
remove sources of noise beyond the algorithm’s automated denoising steps, we excluded all
recording sites whose impedance was below 200KOhms or above 3.5MOhms, indicative of
shorted or broken sites, respectively. All identified clusters were included in the spatial encoding

model, described below.

Theta-based analyses. For LFP analysis of the theta rhythm, a channel dorsal to the CA1
pyramidal layer and ventral to corpus collosum was selected on each recording session. LFP was
filtered between 5 and 11Hz. Theta phase was computed through Hilbert transform. For theta-
event-aligned plots of DA signals, photometry samples were first binned by theta phase (14
bins). Moments of peak decoded distance from the rat were defined as local maxima that
exceeded 15cm from the rat’s current location (head position), occurred while the rat was
running (>10cm/s), and had a highest posterior spatial density (HPD;?'a decode confidence
measure quantifying the area containing 95% of the posterior distribution) below 28cm?. For
each of these detected moments, a phase-binned DA trace was extracted, starting four cycles

prior and extending four cycles following the moment of peak decoded distance. DA traces were
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then sorted by the value of the decoded place (hex value; described below) — the value of the

rat’s current location. Traces were then pooled by tercile of this relative value estimate.

SWR detection. SWR times were detected using a method adapted from those previously
described.”* On each shank with identified channels in the CA1 pyramidal layer, one channel
with the most spikes in the pyramidal layer was selected for analysis. Broadband LFP was
filtered between 150-250Hz, squared, and then summed across all identified channels. For SWR
analysis, the square root of the Gaussian-smoothed summed signal was used. SWR times were
identified as those when this signal exceeded 2s.d. of the mean for at least 15ms, where start and
end times were defined by the prior and subsequent moments that the trace returned to the mean.

Only moments where rats were immobile (<4cm/s) were included in analysis.

Post-reward place-value update analysis. We first identified which places were represented in
the dHip on each trial, following port entry. The post-port-entry epoch was defined as the time
between the initial entry into a port, and the first moment when the rat was detected entering a
non-port-adjacent hex. We also restricted the analyzed times to periods where running speed was
below a threshold (4cm/s). Non-local places were defined as those at least 30cm from the rat’s
current location, a distance that captures the extent of a rat’s body and tail. To exclude noisy
decoded place estimates with low confidence, decoded places were included for analysis if multi-
unit firing rate exceeded a threshold (5Hz) and the HPD was below a threshold (28cm?).
Accepted decoded places were then converted to hex ID. We did not exclude periods outside of
identified SWR epochs, because non-local representations can extend beyond these

experimenter-defined boundaries.
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We also sought to avoid possible confounds that arise due to decaying reward
representations over time. For example, for a port that has not been visited in 10 trials, value
representations may have decayed, or uncertainty may have increased, compared to a port visited
one trial ago (i.e., when a rat has been running back and forth between two ports and ignoring the
other). To control for variations in the trial-lag length between visits to the destination port, we
only included trials where that same port was visited and rewarded exactly two trials prior (when
the port was visited at the last opportunity).

For each hex traversed over a rat’s path to a specific goal port, the associated NAc DA
was stored according to one of two conditions: when that hex had been previously represented,
or when no representation of that hex occurred during the prior goal-port visit. For each hex, the
average DA was computed under each of the two conditions in a given session. In each traversed
hex, the mean DA in that hex for the no representation condition was subtracted from the mean
DA for the representation condition. For each session, the mean of these subtracted values over
all traversed hexes was then computed. This hex-by-hex comparison allowed us to control for
differences in spatial location and distance from the reward ports, which we know have strong

effects on the DA signal.*!

Reinforcement Learning Models. To estimate trial-by-trial hex values based on rats’
experienced rewards, while respecting maze geometry, we used a value-iteration algorithm
similar to that described previously.*! We first specified ground truth hex-state transition matrices
for each unique maze configuration. A 49-hex state space was used, in order to avoid a
directional requirement and include a greater number of decoded places. On each trial, the values

of the two available ports were set to their respective Q(port) values, and only the last-visited
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port was set to a value of zero. The same three-port Q-learning algorithm described before*! was
used to estimate dynamically evolving Q(port) values over trials. Hex values were initialized at
zero, and value was iteratively learned by taking the maximum of the available discounted next-
state values, over all hexes, until convergence. This was repeated for each trial. The update rule

took the following form:

V(state) « n}%) (yV(nextstate (state, a))) for all hex-states state
ae(L,

where “a” is a left or right exit from the current hex-state, and nextstate(state, a) is the state
obtained (through the transition matrix) by exiting state with action a. The discount factor, y,
was optimized for each behavioral session to maximize the fit to DA (minimizing negative log

likelihood of the observed DA, given the estimated value function®!).

Spatial Decoding and Trajectory Categorization. We used a state space model to decode the
"mental" spatial position of the animal and whether the movement was consistent with a spatially
continuous or fragmented trajectory from clustered spiking data.?!-*28283 This model has two
latent variables:
1. xy, a continuous latent variable corresponding to the 2D position - (xy, yi) - represented
by the population hippocampal spiking activity at time t;.
2. I, adiscrete latent variable corresponding to the type of movement model: spatially

continuous or fragmented.
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Our model estimates p( xy.r, I | ANLEE ), the posterior probability of position and movement

model given the spikes AN from all cells C from time 1 to T.

We estimate this as we described previously?! by applying a recursive causal filter according to

the following equation:

p(xk'lk | ANf::kC)
X P(ANJ%:C | xkrlk)

* 2 Jp(xk | k1, Ly L1 JPT (L | I—q )P(xk—1,1k—1 | AN{i_4 )dxk—l

Tg—1

and then applying an acausal smoother starting from the last estimate of the acausal filter

p(xr, Iy | AN ) and iterating back to time 1:

p(xk+1'1k+1 | AN}%:JS)
= P(xk'lk | AN111€)
. 2 Jp(xk+1 | %) D1 L JPT (Lpegq | I
p(xk+111k+1 I ANllkC)

) .
p(xk+1'1k+1 | AN{¢ )dxk+1

Tt

where:
p( k41, Tksr | ANEE ) = 2 J P(X+1 | X v T DPT (Tiews | I )P (%, I | ANESE )dxy,
Ig

We approximated the integrals over position using Riemann sums by discretizing the position

space (A 4 y) into 2 cm bins in the x- and y-direction. We used a timestep 4, of 4 ms.

We defined the initial conditions of the model p(x,, Iy) = Pr(Iy)p(x, | I) as equiprobable over

discrete movement models Pr(l,) = 0.5 and uniform over the position state space p(x, | Iy) =
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U(min x, max x) of positions the animal had visited during the epoch. This was done to avoid

biasing the model towards a particular movement model or position.

We defined the discrete movement model transition probabilities Pr( Iy | I,_, ) as a 2x2 matrix
with the probability of staying in the same movement model as 0.968 and the probability of
switching movement models as 0.032. This was chosen to match the expected duration of half

theta cycles.

We defined the movement models p(xy | xx_1, Ik, [x—1 ) for each discrete transition as follows:
For staying in the spatially continuous state, we defined the movement model as a 2D Gaussian
random walk with mean x;_; and covariance matrix X,_;, where Z;_, has a variance of 12.0 cm
and a correlation of 0.0. For staying in the spatially fragmented state, we defined the movement
model as Uniform over the position state space p(xy | xx_1, Iy, [x—1 ) = U(minx, max x) of
positions the animal had visited during the epoch. For transitions between the discrete states, this

was also set to spatially uniform.

We defined the population likelihood of spiking AN given the position and movement model

p(ANEC | x, I, ) as a Poisson distribution:

C
[ [0 e 1 20 BT o expl=24Cei 1 310 B ))

=1
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where A;(t; | xx, I, ) is the "place field" of the cell estimated from the encoding model. We used
a kernel density estimate with kernel bandwidth 6 cm to estimate the place field during the

encoding period - which was the entire epoch. See Denovellis et al. 2021 for details.?!

Most Probable Decoded Position. The most probable decoded position is the position with the
highest posterior probability density at each time point k. We marginalized over the movement
model [, and then took the maximum of the posterior probability density over the position state

space to obtain the most probable decoded position.

Ahead-Behind Distance. The ahead-behind distance is defined as the distance between the most
probable decoded position and the actual position of the animal at each time point k where
positive indicates the most likely decoded position is ahead of the animal and negative indicates
that the most likely decoded position is behind the animal. To estimate this, we first marginalized
over the movement model [, and then computed the shortest path distance (via Dijkstra's
algorithm) between the grid bin containing the animal's position and the grid bin containing the
most probable decoded position. We then computed the cosine similarity between the animal's
head direction and the direction of the most likely decoded position. The direction of the most
likely decoded position was defined by the direction of the first edge in the shortest path starting
at the grid bin containing the animal's position. We then multiplied the shortest path distance by

the cosine similarity to obtain the ahead-behind distance.

Highest Posterior Density (HPD) Spatial Coverage. The highest posterior density is a measure

of the spread of the posterior probability density and reflects the uncertainty of the model about
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the mental position x;. It is defined as the smallest region of the posterior probability density that
contains a given percentage of the probability mass (see Denovellis et al. 20212! for details). We
used the 95% HPD to define the spatial coverage of the posterior probability density. We
marginalized over the movement model [, to obtain the HPD spatial coverage for each time

point.
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