Neural Sympathy

Towards Interfaces Compatible with Neural Plasticity

o

i

Charles Gustav Livingston Flyborg Micou

Department of Engineering

University of Cambridge

This dissertation is submitted for the degree of

Doctor of Philosophy

Magdalene College July 2025






Declaration

This thesis is the result of my own work and includes nothing which is the outcome of work
done in collaboration except as declared in the preface and specified in the text. It is not
substantially the same as any work that has already been submitted, or, is being concurrently
submitted, for any degree, diploma or other qualification at the University of Cambridge or
any other University or similar institution except as declared in the preface and specified in

the text. It does not exceed the prescribed word limit for the relevant Degree Committee.

Charles Gustav Livingston Flyborg Micou
July 2025






Abstract

Brain-machine interfaces (BMIs) enable a direct mapping from neural activity to interactions
with the world. They have clinically validated applications for patients with severe loss of
motor function, but also offer valuable scientific tools for probing the neural mechanisms of
how actions are learned, planned, and executed. A major challenge for BMIs is the changeable
environment in which they operate: as a result of ongoing experience, the brain is constantly
reconfiguring its internal neural representations of tasks. To overcome the need for daily
BMI recalibrations, we need to understand the interaction between BMI usage and the
reorganisation of plastic neural populations.

In this thesis, we describe the design of an optical BMI based on 2-photon imaging of
CA1 hippocampus in mice. Populations in CA1 are highly plastic and are critical for spatial
navigation, providing an excellent testbed for interpreting changes in neural activity induced
by BMI usage. Closed-loop experiments with this BMI reveal multiple representations of the
same environment, which are invoked depending on whether BMI or physical locomotion
is used to control navigation. We show that BMI usage induces changes in hippocampal
representations that persist even when animals stop using their BMI. These changes appear
unique to circumstances in which the animal has a causal influence over its travel, and hint at
the incorporation of navigational agency into hippocampal maps of space.

We use representational drift, the ongoing changes in representation of familiar environ-
ments that take place even after tasks are mastered, to illustrate the eventual degradation of
fixed decoder readouts. We show through modelling that, while a variety of drift formulations
can degrade fixed decoders at similar rates, changes in representation that are statistically
heavy-tailed are far easier for unsupervised adaptive decoders to detect and compensate for.
Existing, in vivo observations of drift from both visual cortex and posterior parietal cortex,
as well as our own recordings from CA1l, exhibit a preference for such heavy-tailed changes
in representation. We take this as a subtle hint that downstream readouts within the brain
must solve similar design problems to BMI readouts from the brain. This fits into a mindset of
‘neural sympathy’: interface design stands to benefit from a more fundamental understanding

of how and why representations change during BMI usage.
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Chapter 1

Introduction

1.1 Neural sympathy in BMI Design

Brain-machine interfaces (BMIs) are devices that use measurements of a subject’s brain to
control interactions with a computer. For patients with severe loss of motor function, such
as those suffering from tetraplegia, clinical BMIs offer a life-changing means of interacting
with the outside world. In the decades since the first clinical instances of surgically implanted
electrodes for the control of computer actions (Hochberg et al., 2006; Kennedy and Bakay,
1998), BMIs have improved driven by advances in a range of engineering disciplines. We
have higher-resolution electrode implants, faster computers to process the larger volumes
of neural data, and new machine learning techniques to better unpick the intentions of the
patient.

Despite this progress, BMIs still face challenges in maintaining their accuracy over time
(Downey et al., 2018; Perge et al., 2013; Sussillo et al., 2016). The brain is a changeable
operating environment: it is constantly learning new information and reorganising its internal
representations of existing concepts. The apparent patterns of neural activity that correspond
to a patient’s intentions can change from one day to the next, mandating daily recalibration
even for state-of-the-art BMIs. This constant need for recalibration is more than a minor
design snag: it will eventually become a limiting factor. As we design BMI hardware capable
of achieving neural readouts with ever-higher bandwidths, we need ever greater volumes of
training and recalibration data. It is therefore tempting to consider the feasibility of a BMI
capable of continuously adapting to changes in patterns of neural activity.

A neural representation describes a relationship between neural activity within the brain
and a set of stimuli, tasks, or actions in the outside world. Our goal in this work is not to
propose a concrete implementation of a BMI that never needs recalibration, but to take steps
towards understanding how changes in neural representations interact with BMI usage. This
approach is inspired by a particular design mindset from the world of high-performance
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computing called ‘mechanical sympathy’!, which centres on the idea that code will eventually
run on a computer constructed from physical components. Algorithms that appear slow
on paper but that are implemented with a greater sympathy for the underlying physical
machine will often outperform theoretically faster ones that treat the underlying machine
as entirely abstract. To eventually design BMI with equivalent sympathy, we require a basic
first-principles understanding of the interactions between our components. This thesis
presents three main contributions towards ‘neural sympathy’, with the intent to facilitate the
integration between interfaces and their highly plastic operating environment.

First, we describe the design of a novel BMI which uses 2-photon imaging to allow popula-
tions from CA1 hippocampus to control a navigation task. This established imaging technique
allows us to simultaneously image hundreds of neurons and to scrutinise changes in their
tuning over time. Using it as part of a BMI allows us to attribute the contributions of individual
neurons to BMI performance. The hippocampus is a particularly exciting target brain region,
both because it encodes more abstract representations of the world than traditional targets
such as the motor cortex, and because its populations are extremely plastic. It provides
a testbed in which learning-driven changes in population-wide activity can take place in
seconds rather than in days.

Second, we describe a BMI experiment that follows the traditional paradigm of fitting a
neural decoder to training data collected during a task performed via the manual manipula-
tion of a controller. We show that, despite excellent offline decoder accuracy, animals exhibit
disastrously poor performance on this task using closed-loop BMI. By considering how CA1
hippocampus synthesises both sensory cues and actions taken during navigation into neural
representations, we present evidence for the existence of multiple representations of the
same environment that are specific to the means by which that environment is traversed.
We subsequently use this insight to demonstrate successful, accurate completion of this
navigation task using closed-loop BMI.

Finally, we consider models of neural decoders that can adapt to nonstationary changes
in neural representation. These should maintain accurate readouts from populations despite
ongoing changes in how those populations encode information. We approach this not as BMI
designers, but instead from the perspective of the constraints on learning rules implemented
by neural populations in the brain. We demonstrate that not all strategies for changing neural
encodings are equal, and that changes that make large localised jumps in neural tuning are
preferable to small adjustments by many neurons simultaneously. We show that, fortunately
for the design of adaptive decoders for BMIs, the statistics of changes in in vivo populations

are favourable for stabilising downstream readouts.

IThe phrase was originally coined by the Java performance specialist Martin Thompson, though the concept
itself dates back to the earliest days of computing.
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The following sections in this chapter provide background on three main topics. First,
we outline clinical and experimental BMI designs, not because we have any aspirations of
implementing a clinically viable product, but to motivate the importance of neural plasticity
in the long-term stability of BMI design. Second, we describe the phenomenon of representa-
tional drift, treating it as a concrete example of nonstationary changes in neural encoding
that may be tractable to compensate for with adaptive neural decoders. Third, we describe
the behaviour of neural populations in the hippocampal formation, as this is critical to the
implementation of a closed-loop BMI sympathetic to the mechanisms through which the

underlying neural population builds up an internal model of the outside world.

1.2 Modern approaches to BMI design

1.2.1 Clinically viable neuroimaging techniques

The operating principle of a BMI is straightforward: measure neural activity, process the signal
to identify patterns corresponding to intended actions, and execute the action. We focus first
on the measurement component: neuroimaging.

There are a variety of non-invasive techniques that measure second-order effects that are a
direct result of neural activity, such as currents measurable at the scalp via electroencephalog-
raphy (EEG) or localised changes in blood-flow within the brain detectable via functional
magnetic resonance imaging (fMRI). These have been used successfully in closed-loop BMI
demonstrations (e.g. Wolpaw and McFarland (2004) and Yoo et al. (2004) respectively), but
have dramatically limited spatial and temporal resolution when compared to the types of
recording made possible with invasive surgeries (Abiri et al., 2019; Ramadan and Vasilakos,
2017; Sorrell et al., 2021). In addition to bandwidth limitations, they are subject to more
mundane practical issues for clinical usage. EEG is fundamentally inconsistent over long
time periods due to variability in recording conditions such as the dryness of a subject’s scalp,
which necessitates frequent recalibration and physical adjustment by a third party (Holz et al.,
2015); while the physical dimensions, cost, and maintenance burden of MRI machines render
them entirely unsuitable as a domestic device. Non-invasive neuroimaging techniques also
face competition in clinical settings from other devices that allow patients with tetraplegia
or locked-in syndrome to interact with computers, such as eye-tracking software for virtual
cursor control, which achieve similar accuracy and responsiveness at lower cost and greater
patient convenience (Hamid and Kristensson, 2024).

We see substantial gains in bandwidth with neuroimaging techniques that employ cran-
iotomies. Early work with electrocortography (ECoG), which places a dense electrode array on
the surface of the brain, saw substantially higher accuracy on computer cursor manipulation
than EEG-based techniques (Leuthardt et al., 2004; Schalk et al., 2007). More recently, patients
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with ECoG implants near brain regions associated with speech have been able to directly pro-
duce text output, albeit slowly and with errors, which could subsequently be synthesised into
speech (Anumanchipalli et al., 2019; Chartier et al., 2018; Herff et al., 2015). ECoG electrode
spacing is typically on the order of millimetres in high-density arrays. While a substantially
higher resolution than EEG, this is still a far cry from capturing and identifying spikes from
individual neurons, and thereby realising the full bandwidth potential of a BMI.

Increasing the density of ECoG electrodes on the brain surface to sub-millimetre levels
provides minimal additional effective information (Slutzky et al., 2010). However, with in-
creasingly invasive surgery, we can implant even denser electrode arrays (spacings on the
order of 10-100 pm) fully within brain tissue to provide intracortical recordings. Recently,
microelectrode arrays such as the Neuropixel (Jun et al., 2017) have allowed simultaneous
recording of hundreds to thousands of individual neurons in humans (Paulk et al., 2022;
Steinmetz et al., 2021). Intracortical imaging demonstrates hugely impressive results for
BMI applications, including accurate text input at rates comparable to physical handwriting
(Willett et al., 2021) and control of prosthetic arms capable of grasping and manipulating
objects (Downey et al., 2018; Hochberg et al., 2012). Commercial entities pursuing BMI for
clinical applications, such as the widely publicised Neuralink, have dedicated considerable
research effort into the development of specialised intracortical electrodes (Hanson et al.,
2019). While the surgical procedures sound daunting, thousands of similar operations are
performed annually to implant deep-brain stimulation probes for the treatment of tremors in
severe instances of Parkinson’s disease (Sarica et al., 2023).

The contributions in this thesis are relevant specifically to high-bandwidth BMI designs
with the resolution to read out from large populations of neurons simultaneously, as it is at
this scale that an understanding of the long-term dynamics of a plastic neural population in-
teracting with an interface become relevant. For clinical applications, this means intracortical
electrodes, but in a lab setting we have the option of a somewhat novel tool: ‘optical’ BMIs
that use Calcium imaging.

1.2.2 Optical BMIs

Calcium imaging uses genetically encoded indicators, such as the GCaMP family of indicators
(Nakai et al., 2001), that fluoresce in the presence of Ca?* ions released by the firing of a
neuron. The main appeal of Calcium imaging techniques is to image populations of hundreds
to thousands of neurons while being able to simultaneously identify and track the neurons
individually over long periods of time. This allows us to track the long-term dynamics of neural
populations and enables the study of representational drift—a phenomenon we elaborate on
later in this chapter—in regions such as the hippocampus (Ziv et al., 2013), posterior parietal
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cortex (PPC) (Driscoll et al., 2017), and visual cortex (Deitch et al., 2021; Marks and Goard,
2021).

Two different modes of exciting the fluorophore in Calcium indicators constrain the
practical experimental details of imaging. In 1-photon imaging, the entire imaged field of
view (FoV) is simultaneously excited either by a wide-field or confocal laser and the image
is captured by a camera. In 2-photon imaging, where the indicators require simultaneous
absorption of two photons, the field of view is raster-swept by a pulsed laser to excite indicators
whose emissions are captured by photomultiplier tubes. 2-photon imaging achieves higher
signal-to-noise ratios, can penetrate deeper into tissue, and has much lower interference from
out-of-plane sources such as neuropil (Grienberger et al., 2022; Kim and Schnitzer, 2022).
The main drawback of 2-photon imaging is the requirement to head-fix the subject, typically
restricting the scope of performed tasks to those that can be performed when stationary.
For the exploration of environments, a topic that is critical to this thesis, this requires that
2-photon imaging experiments take place using virtual reality (VR)—though this is now a
well-established methodology (e.g. Dombeck et al., 2010; Harvey et al., 2012).

The nature of Calcium imaging renders it entirely unsuitable for clinical BMIs in human
patients. Not only are the indicators introduced via viral vectors, but access to all but the
layers near the surface of the brain requires removal and aspiration of cortex. Furthermore,
while it boasts excellent spatial resolution, it does not match electrode recordings in temporal
resolution. Resonant imaging systems, such as the one we make use of in the following
chapters, can typically acquire at around 30 Hz, but the underlying limiting factor comes
from the nature of the indicators themselves. The impulse response of the fastest modern
indicators to a single action potential have a sharp rise time (roughly 10 ms) but decay more
slowly (a decay constant on the order of 150 ms) (Zhang et al., 2020), which means that spike
timings must be extracted through deconvolution. These tools exist (Giovannucci et al., 2019),
but their accuracy is still imperfect.

Nevertheless, its virtues of simultaneous imaging of large populations of neurons, impres-
sive spatial resolution, and ability to identify and track individual neurons across weeks to
months make Calcium imaging a crucial tool for understanding the interactions that take
place in a neural population when that population is granted agency over the outside world
via a BMI. Early work with optical BMIs typically focused on operant conditioning of indi-
vidual neurons in paradigms that reinforce firing above gradually ramping thresholds (e.g.
Clancy et al., 2014; Hira et al., 2014). More recently, and doubtlessly facilitated by ongoing
improvements to the responsiveness and signal-to-noise ratios of Calcium indicators, we
have seen entire populations of hundreds of neurons used in closed-loop optical BMI in
regions such as mouse PPC (Sorrell et al., 2024). The optical nature of the technique means
that it can be readily paired with optogenetic stimulation to allow fine-grained control in

conditioning experiments, as performed on small neural ensembles in mouse visual cortex by
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Chueh et al. (2025). Other groups have sought to further push the spatial resolution of this
imaging technique, with Trautmann et al. (2021) demonstrating a BMI that decodes not from
a population of neurons, but from the dendrites that feed into neurons in macaque motor

cortex, allowing successful closed-loop BMI control of a standard reaching task.

1.2.3 Target brain regions

With both intracortical recordings and Calcium imaging methods, we record from hundreds
to thousands of neurons in a localised population. The brain region targeted for recording
determines not only what information is encoded by activity in those populations and the
types of patterns used to encode that information, but also the temporal stability of those
encodings.

While it is a gross oversimplification to think of the brain as a purely feed-forward system
that transforms some sensory input into behaviour, it is nevertheless a convenient metaphor
for what may or may not make a brain region a suitable imaging target for BMI. Clinical BMI
has typically targeted the motor cortex: its neural activity contains a wealth of information
about immediate motions, its neural representations appear to be less volatile than brain
regions responsible for more abstract computations (Gallego et al., 2020), and its physical
location makes it relatively straightforward to access surgically. While there is ongoing debate
as to whether a brain region responsible for motor control has the spare capacity to simultane-
ously control both the body’s limbs and additional degrees of freedom via a BMI (Dominijanni
et al., 2021), this is something of a moot point for the rehabilitation of tetraplegic patients.

More recently, BMI design has begun to entertain the possibility of moving the target
region ‘inward’ from motor cortex, aiming to detect patterns of neural activity that corre-
spond not to exact motions but instead to more abstract intentions (Fig. 1.1.a). This has
the potential to circumvent issues of unstable moment-to-moment motion typical of motor
cortex BMIs (Wolpaw, 2007). BMIs in motor planning areas, such as the PPC, have seen both
clinical implementations (Aflalo et al., 2015; Andersen et al., 2019) and purely lab-based BMI
investigations (Sorrell et al., 2024). Historically, BMI experiments in sensory regions have
been limited to either firing-rate conditioning of single neurons or small ensembles, which we
can trace back all the way back to Shinkman et al. (1974), or readouts that are entirely passive
and do not control actions (e.g. Shor et al. (2022) for the olfactory bulb). However, newly
proposed designs that can implant electrodes at multiple sites simultaneously aim to make
use of sensory regions, either to directly compensate for the modulation of motor regions by
sensory input (Gallego et al., 2022), or to inject proprioception-like input to sensory areas for
fine-grained feedback for BMI-controlled prosthetics (Goueytes et al., 2022).
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Fig. 1.1 Schematic overview of BMI operating principles. (a) Typical closed-loop BMI
experiments involve a task that can be performed either through motor output or using a
BMI. Motor output is used initially to generate training data for a neural decoder. After the
decoder is trained, control of task actions is switched over to BMI control. (b) Open-loop
neural decoders, which may even operate entirely post facto on offline data, merely compare
a predicted output from the BMI to the ground-truth (the action that was actually performed).
Closed-loop decoders operate online and form a feedback loop, and participation of the BMI
therefore alters the dynamics of the system.
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1.2.4 Neural decoders

We turn next to the problem of using imaged neural activity to determine which actions a
subject intends to perform. Learning this relationship is the role of a ‘decoder’, and given the
widespread use of machine learning techniques to implement decoders, we often describe de-
coders as ‘trained’ by providing some initial data from which to learn the activity-to-intention
relation. The choices of model for decoding and the methodologies for their training vary
hugely. Different imaging approaches produce different resolutions of data, different regions
of the brain may encode the same information through different patterns, and practical
considerations in experiment design inform the volume of training data available.

Broadly speaking, there are three methods for generating initial training data: for a subject
to perform a task ‘manually’ through non-BMI means, to show a subject the task being
performed, or to ask the subject to imagine performing the task (Gallego et al., 2022; Sorrell
et al., 2021). The latter two methods are useful approaches in clinical settings, while the
former two methods are useful in BMI experiments with animal subjects.

We draw an important distinction between two types of BMI experiment: open-loop and
closed-loop (Fig. 1.1.b). Open-loop BMI is a feasibility assessment: successful experiments
demonstrate the accuracy of neural decoding for a given combination of imaging and decod-
ing, but do not involve a participant actually performing a task using BMI. These are typically
run offline and allow direct comparisons between decoder architectures by cross-evaluating
them on the same data (for example: Herff et al., 2015; Chen et al., 2023; Li et al., 2011; Gallego
et al.,, 2020; Dyer et al., 2017). In closed-loop, which is by necessity an online experiment, the
output of a decoder is used to control the outcome of a task in real-time. Closed-loop experi-
ments are fundamentally different from open-loop experiments because the BMI becomes
part of the feedback loop through which the brain learns about the world. This is not a bad
thing: there is convincing evidence that subjects can improve at BMI usage over time. The
clearer, faster, and more frequent the feedback they receive from the task, the better they are
able to learn BMI usage (Shanechi et al., 2017; Willett et al., 2019). However, to foreshadow
what is to come in Chapters 3 and 4 of this thesis, the active involvement of the brain in the
closed-loop condition means that open-loop decoder accuracy is not always predictive of
good closed-loop performance (Chase et al., 2009).

Decoders are not necessarily trained from end-to-end by placing neural imaging and
observed actions on either side of a machine learning black box. In an excellent example of
neural sympathy, Willett et al. (2021) describe a BMI for decoding text from activity in primary
motor cortex. This brain region does not typically encode speech or text, and so their design
employs an intermediate stage in which the patient imagines drawing letters with a pen. The
decoder is trained to decode the x-y coordinates of the pen nib, and the drawn characters are
subsequently subjected to a handwriting recognition-like process.
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However, constructing interpretable input-sides of these decoders can be challenging.
Spikes can be attributed to individual ‘units’ via spike-sorting algorithms such as KiloSort
(Pachitariu et al., 2016), which use a clustering process to determine the identity of spike
sources. These units correspond to either a single neuron or multiple neurons in close spatial
proximity, as these scenarios can be challenging to distinguish. The spike sorting process
becomes difficult as the number of imaged neurons grows (Trautmann et al., 2019) and is
more challenging to compute online than in offline analysis, sometimes requiring the design
of specialised hardware (as in Lai et al., 2023). In practice, this means that many decoder
designs forego attributing activity to neurons (Christie et al., 2014), and instead train decoders
either directly from electrode channel voltages (e.g. Gilja et al., 2012; Sussillo et al., 2012), or
from a feature space extracted by automatic dimensionality reduction applied to the channel
timeseries (e.g. Willett et al., 2021). This strategy is evidently effective at producing accurate

decoders, but obfuscates underlying changes in the neural population.

1.2.5 Adapting decoders to a variable operating environment

While they demonstrate impressive accuracies and bandwidths, all the closed-loop demon-
strations of BMI we have described so far have a drawback: they require frequent, usually
daily, recalibration. Decoders that are trained and then fixed gradually lose their accuracy
over time. Some of this variability can be attributed to varying recording conditions within
the brain, for example by small movements of electrodes (Chestek et al., 2011; Downey et al.,
2018). However, if this were the sole source of variability, we would expect that with a suf-
ficient corpus of training data for an individual, a well-trained decoder would eventually
have encountered a full gamut of recording conditions, especially after the initial period of
electrode settling.

In practice, the success of an approach using training data that stretches far back in time is
mixed: while decoders trained on longer time periods do tend to maintain their accuracy for
longer, their accuracies still eventually decay (Sussillo et al., 2012, 2016). In the next section, we
discuss how representational drift is one likely culprit, but here we first address the techniques
currently used to compensate for apparent changes in the relationship between measured
neural activity and intentions.

One family of ‘trick’ relies on executed behaviours having substantially fewer degrees of
freedom than the neural population that generates them. A variety of techniques use an initial
one-off identification of a low dimensional manifold. On subsequent days, they then learn a
projection of population activity onto that manifold, which requires less training data than
training a decoder from scratch (Degenhart et al., 2020; Gallego et al., 2017, 2020; Willett et al.,
2021). This does not remove the need for recalibration, but reduces the time burden on the
subject and is especially relevant for data-hungry high-bandwidth BMIs.
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For some historical context, in addition to cross-day variability, earlier BMI designs also
encountered issues with trial-to-trial variability. This produced a variety of approaches that
introduced Kalman filtering stages to decoders (Kim et al., 2008; Wu et al., 2004), which were
subsequently extended to techniques for compensating for cross-day variability (Fan et al.,
2014; Gilja et al., 2012). These extensions are not unsupervised learning techniques: they
require knowledge of the user’s intent. However, in experimental settings, such intent can be
inferred from the task structure (assuming a user wants to move to a correct target), and it is
not impossible to imagine examples of how this could be translated to a clinical setting: for
cursor input, assuming the user wanted a direct path to their eventual target (Wilson et al.,
2023), and for text input, by employing contextual spelling and language models (Jarosiewicz
et al., 2015). Decoders that adapt their weightings of neural importance based entirely on
unsupervised techniques, such as metrics trying to maintain smoothness of motion, have
been historically limited in their effectiveness, even in idealised simulations (Prins et al., 2017).
This is gradually changing: recent advances have adapted supervised techniques for tracking
latent manifolds between sessions to unsupervised contexts and demonstrated promising
results on open-loop validation data (Karpowicz et al., 2025).

Kalman filtering was originally assumed to have led to increased BMI accuracy by extract-
ing cleaner, more informative signals. Retrospective consideration of these results suggests
that they may be better explained by how smooth behaviour of the computer-controlled
cursors provides better feedback to the BMI user, allowing them to improve their BMI control
more easily (Willett et al., 2019). A decade ago, there was substantial optimism that long-term
variability could be solved by further improvements to feedback: if we could design BMIs that
are easy for the user to learn, the problems of long-term variability might be self-correcting
(Dadarlat et al., 2023; DiGiovanna et al., 2009; Shenoy and Carmena, 2014). How exactly to
achieve this remains an open question.

Unless decoders can be entirely fixed, which at present seems unlikely, we end up with a
system with two learners: a decoder learning to extract a steady readout, and a brain learning
to produce stable motions. Such systems require particular care to prevent oscillatory or
runaway instabilities (Miiller et al., 2017). Efforts to design ‘coadaptive’ BMIs are still largely
works of theory (Ito et al., 2020; Merel et al., 2013), with feasible practical implementations
limited by an incomplete understanding of the interactions between interface and population.

In the short term, the populations used for control during BMI may exhibit systematic
temporary changes in their underlying dynamics that are ‘reversible’: when animals return
to motor control following BMI usage, the populations return to their original dynamics
(Ganguly et al., 2011). Alone, this could be attributed to a difference between the sensory
experiences of performing a task manually and with BMI, and may have nothing to do with
plasticity. However, a growing body of evidence suggests that BMI control forms specific

subspaces of population response that change independently of the learning of new motor
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tasks (Jeon et al., 2022; Sadtler et al., 2014; Schroeder et al., 2022). This leads to a critical
distinction in how BMI usage affects neural populations: some changes are short-lived and
reversible, but others are persistent changes in neural tuning that correspond to learning
within the context of BMI usage. This latter category necessarily interacts with ongoing
changes in the neural representations of action plans, and is therefore particularly relevant to
the long-term stability of BMI output.

1.3 Representational drift

1.3.1 The role of plasticity in drift

Neural representations are not stationary. They change over time, even for tasks that are
already mastered and environments that are already familiar (Driscoll et al., 2022; Rule et al.,
2019). For a concrete example, we consider a population of neurons in PPC that encode
the position of a mouse in a simple T-maze task (Fig. 1.2.a) as imaged by Driscoll et al.
(2017). Position is encoded at a similar level of fidelity on any given day, and yet the role
individual neurons play in this neural representation changes over time. Despite apparent
mastery of the task and no improvement in encoding accuracy, there is no crystallisation
into a memory that is static at the level of the neural population. A crucial observation
about these changing representations is that they are not mean-reverting: it is not possible to
simply average over a long time period to uncover an underlying representation. Instead, they
exhibit the nonstationary statistics of a random walk, which results in incremental changes
to the population on each day: two representations spaced a single day apart will look more
similar to each other than two representations imaged a week apart. This phenomenon,
representational drift, has been observed in the visual cortex (Deitch et al., 2021; Marks and
Goard, 2021), the hippocampus (Khatib et al., 2023; Ziv et al., 2013), the PPC (Driscoll et al.,
2017), the olfactory bulb (Schoonover et al., 2021), and the auditory cortex (Eppler et al., 2025).

In Micou and O’Leary (2023), we have previously argued that a significant component
of drift is due to plasticity: a system that is continuously trying to learn will be continuously
reorganising itself. We briefly summarise these arguments here, using as a starting point three
mutually compatible underlying causes for the observation of drift in recordings (excluding
any systematic methodological issues with neuroimaging). First, it is possible that subtle and
unobserved changes in animal behaviour? between recording sessions result in apparent
drift in representation (Sadeh and Clopath, 2022). Second, physiological factors unrelated

to task performance or learning, such as neurogenesis or synaptic perturbations, would

2This would imply that the behaviour itself demonstrates nonstationary changes orthogonal to task success,
corresponding to an exploration of behaviour space. Given that generating this behaviour would require changes
in neural activity, the distinction between neural and behavioural plasticity is perhaps obstructive (Waschke
et al., 2021).
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Fig. 1.2 Representational drift as a window into neural plasticity. (a) A population of neurons
in PPC, with the mean activity of each neuron shown at each location along the main branch
a T-shaped maze on three different days. While location remains encoded by the population
at a relatively constant level of fidelity, the encoding gradually changes over time. Adapted
from Driscoll et al. (2017). (b) As a neural population applies a learning rule to continually
arriving data, it traverses the loss landscape for the quality of a neural encoding. The encoding
gradually changes as the population explores roughly equivalent regions of the loss landscape.
Adapted from Micou and O’Leary (2023).

cause a stochastic turnover in a neural population that would require compensatory plasticity
(Raman and O’Leary, 2021; Zenke et al., 2017; Ziv and Brenner, 2018). Third, and most
relevant for our purposes, the very learning rules implemented by the brain drive a walk
through possible neural configurations that are all ‘good’ at solving the task. We visualise
this as an exploration of a loss landscape (Fig. 1.2.b), in which a neural population that has
mastered a task continues to apply a learning rule leading to walk around a high-dimensional
basin in the loss landscape.

We justify the relationship between drift and learning both from first principles and
from emerging experimental evidence. A system that learns either by continually sampling
from an environment, such as the lived experience of an animal, or stochastically, such
as in techniques like stochastic gradient descent used to train artificial neural networks,
must update their internal parameters incrementally. These update rules do not converge,
but instead explore orbit-like limit cycles in the loss landscape that result in distributions
of parameter changes that are not mean-reverting on experimentally tractable timescales
(Chaudhari and Soatto, 2018; Pashakhanloo and Koulakov, 2023). This directly predicts, and
indeed we experimentally observe, that drift takes place more quickly in more plastic neural
populations. Drift rates vary across brain regions (Ebrahimi et al., 2022). The hippocampus,

which learns representations of environments almost instantaneously, drifts on the order of
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hours to days (Khatib et al., 2023; Ziv et al., 2013). For sensory regions, which demonstrate
plasticity on longer timescales, drift manifests at the level of weeks in both visual cortex
(Deitch et al., 2021; Marks and Goard, 2021) and in the olfactory bulb (Schoonover et al., 2021).
Representational drift in motor cortex is also slow, with certain neurons that may be directly
coupled to task success even remaining relatively stable (de Laittre and MacLean, 2024; Jensen
etal., 2022).

For an extreme example of a low-plasticity region, we consider HVC (proper name) in
birdsong cortex. Juvenile zebra finches learn a base song from an adult tutor and subsequently
repeat the same base song for life (Leonardo and Konishi, 1999; Nottebohm, 1968). This is
a task with a ‘before’ and ‘after’ learning, rather than one requiring ongoing learning. HVC
stores a lifelong representation of the learned song (Aronov et al., 2008; Mehaffey and Doupe,
2015), and it experiences no drift (Katlowitz et al., 2018). This suggests that any random or
unavoidable component of drift due to synaptic turnover is in fact low: if the brain needs an
immutable circuit, it can make one.

To complete our point on the fundamental relationship between drift and learning, we
highlight the existence of several very recent studies that demonstrate that drift rates are
modulated both by exposure to novelty and ongoing experience. We highlight that these
results are all relatively recent and not necessarily in agreement with each other on how drift is
modulated, but maintain that these studies do all report some interaction between experience
and drift. Khatib et al. (2023) describe faster rates of hippocampal drift in environments that
are more frequently explored. In seeming contradiction, Schoonover et al. (2021) describe
slower rates of olfactory drift for scents more frequently experienced. Elyasaf et al. (2024)
describe hippocampal drift rates that are decreased when animals regularly experience novel
contexts, which is in apparent contradiction to models simply describing drift as new mem-
ories overwriting the old (Devalle et al., 2024). Finally, and to complicate matters further,
different external factors may cause drift in different aspects of the encoding in CA1l, with
Geva et al. (2023) observing that repeated experience drives drift at which location in an
environment a neuron responds to, and elapsed time drives drift in how strongly that neuron
responds. This is an ongoing area of research, and the only statement we can make with any

confidence is that understanding drift and understanding plasticity must go hand-in-hand.

1.3.2 Does drift matter for BMI design?

If a neural decoder is trained on a single day and used on subsequent days its accuracy will
gradually degrade (Fig. 1.3.a). While extending training data to cover historical relationships
between neural activity and some stimulus or action may partially improve cross-day perfor-
mance, nonstationary changes in the underlying representation make the eventual decay of

decoder performance to chance levels inevitable (Rule et al., 2020; Sussillo et al., 2016).
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Fig. 1.3 Readout adaptation allows a steady readout from a neural population undergoing
nonstationary changes. Adapted from Micou and O’Leary (2024). (a) A neural representation
describes how patterns of population activity can encode a stimulus. A readout correctly
matched to the encoding can infer the stimulus from population activity. However, as the
representation drifts, the fixed readout becomes increasingly mismatched, and the quality of
the downstream readout gradually deteriorates. (b) A downstream readout can attempt to
correct for drift by identifying discrepancies in activity that suggest changes in tuning, but
must take care not to confuse inherently noisy observations of the world for nonstationary
changes in representation.
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We are not the first to entertain the possibility that closed-loop BMI usage may slow or
even eliminate representational drift in a population by constraining which patterns of neural
activity produce task success (Driscoll et al., 2022). While there is no current experimen-
tal evidence directly comparing drift rates with and without BMI usage®, we reiterate the
widespread practice of retraining or recalibrating BMI on a frequent basis to compensate for
what appear to be nonstationary changes in BMI inputs. We infer that drift is not ‘frozen’
by BMI usage. There is, however, the exciting possibility that an interface designed with an
understanding of the underlying mechanisms of plasticity (and therefore drift) in mind would
be better positioned to mitigate drift.

In keeping with our ‘neural sympathy’ tenet, we suggest that instead of seeking to freeze
representations in populations that naturally drift, we should be able to adapt to drift—

potentially without resorting to supervised learning (and thus without the need for additional

3In their very recent preprint, Chueh et al. (2025) describe conditioning the firing rates of small ensembles of
neurons in visual cortex using a combination of Calcium imaging and optogenetic stimulation. The current
iteration of the work describes qualitative support for a drift model that jumps betweens stable local minima in
the loss landscape during BMI usage, and we hope that a future version will include a quantitive comparison of
drift rates with and without BMI usage.
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retraining data). After all, individual neurons within populations have no direct access to
a ground truth: they must instead build up a representation of the external world through
statistical regularities in upstream neural activity. Given both that upstream activity is subject
to drift and that behaviour remains consistent, we maintain that it must be possible to
produce stable readouts from a drifting neural code by identifying irregularities in the activity
of upstream neurons and adapting a readout strategy accordingly (Fig. 1.3.b). Indeed, existing
work has already described biologically plausible rules that allow for drift compensation by
treating it as a homeostasis problem (Rule and O’Leary, 2022). In Chapter 5 of this thesis,
we will describe the main results from Micou and O’Leary (2024), which suggest that details
in the statistics of how neural populations drift are in fact favourable for unsupervised drift
compensation.

Exciting new work motivated specifically by compensating for drift has lead to longer-
term stability in clinical BMIs, even when using lower-resolution ECoG imaging (Natraj et al.,
2025). There are two key reasons to keep drift in mind in the pursuit of future BMI designs.
First, drift rates are faster in more plastic brain regions that might otherwise be desirable
BMI targets. Second, interfaces that go beyond controlling a cursor and use their higher
effective bandwidths for control in a greater number of dimensions require more training
data (and thus more retraining data during calibration), which makes drift a potential limiting
factor for scaling. Beyond these two concrete design considerations, we view drift as the
steady-state of a learning system, and therefore take interactions between drift and BMI as
offering potentially useful insight into leveraging population-level plasticity in BMI design.
This is our rationale for implementing and experimenting with a closed-loop BMI in one of
the most plastic brain regions: CA1 hippocampus.

1.4 The hippocampal formation

1.4.1 Neural representations of environments and navigation

The hippocampal formation plays critical roles in episodic memory and navigation. This last
feature is strikingly visible in the patterns of activity generated by individual cells throughout
different regions of the hippocampal formation as animals traverse an environment (Fig. 1.4).
Place cells (O’Keefe, 1976) elevate their firing rate at single locations within an environment*.
Grid cells (Hafting et al., 2005) demonstrate activity on a space-tiling hexagonal lattice that
allows populations of grid cells to behave as a vector basis for position (Bush et al., 2015;

Solstad et al., 2006). Head direction cells (Taube et al., 1990) encode an orientation with

4At least, in the typical scale of enclosure in lab settings for rodentia. There is considerable evidence that
place cells can form fields in several locations, both from open-field recordings of bats traversing great distances
(Geva-Sagiv et al., 2015), and from lab experiments that simply use larger enclosures (Park et al., 2011).
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respect to a global frame of reference. The anatomical distribution of these cell response
types throughout the formation indicates a structured and specialised system for navigating
through environments: place cells feature largely in CA1, CA3, and the dentate gyrus; grid
cells feature largely in the medial entorhinal cortex (MEC) and CA3; and there are obvious
instances of these spatial encodings being combined into ‘conjuctive’ responses, in which
individual neurons will behave as the mixture of cell types, such as grid cell firing becoming
modulated by heading direction (Boccara et al., 2010).

In addition to encoding the current position in the world, activity in the hippocampus also
anticipates future trajectories at decision points (Johnson and Redish, 2007). It is tempting to
speculate that the role of these ‘preplay’ events is part of a navigation planning process (Buhry
etal., 2011). Similarly, when animals are at rest and not actively navigating, we observe ‘replay’
events, where activity patterns appear to revisit past trajectories, and there is compelling
evidence that this is important to the formation of spatial memory (Eschenko et al., 2008;
Girardeau et al., 2009; Jadhav et al., 2012). These representations are therefore not merely the
output of some straightforward transformation from sensory input to an inferred position,

but interact with the need to choose an appropriate navigation action in a given situation.

1.4.2 Remapping and modulation of spatial representations

When animals are actively foraging or are otherwise engaged with a spatial task in an environ-
ment, their representations of that environment in CA1 are richer than if they have no specific
task: more place cells form and they fire more consistently (Kentros et al., 2004). If animals
become bored of a task and disengage, the fidelity at which the environment is encoded
drops, as visible by a decrease in the accuracy of decoders trained to predict position (Pettit
et al,, 2022). When animals are stressed or afraid, not only is long-term learning impaired,
but hippocampal representations can collapse entirely (Tomar and McHugh, 2022). Similarly,
internal states like hunger or thirst strongly influence these representations (Kennedy and
Shapiro, 2009) and can even cause ‘remapping’.

Broadly, remapping describes a rapid reconfiguration of an environment’s representation
(Colgin et al., 2008; Fenton, 2024; Muller and Kubie, 1987). This can take place globally, in
which all neurons spontaneously change their firing relationship with the environment (e.g.
Fyhn et al., 2007), or partially, in which only some subset of the population is affected (e.g.
Anderson and Jeffery, 2003). While remapping is often described as triggered by changes in
immediate context or the effects of internal cues, historical context (that is, where an animal
has been recently) can also determine which of several valid maps for an environment is
used (Plitt and Giocomo, 2021). And, even after removing all of these potential contextual
differences, representations of exactly the same environment during the same experimental

session have demonstrated switching between multiple maps that stably coexist with one
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Fig. 1.4 The hippocampal formation is rich in neural encodings essential for navigation. A
sagittal section of the mouse brain (Allen Mouse Brain Atlas, Plate 100883805) showing the
hippocampal formation in relation to other brain areas, highlighting the target of our BMI:
CAl hippocampus. As illustrative aids (indeed, two of the recordings are not even from mice),
we include recordings from existing work that illustrate some of the navigation primitives in
the hippocampal formation. Left: place cells, firing at distinct locations within two different
environments, as recorded from mouse CA1 by Ziv et al. (2013). Centre: head-direction cells,
tuned to heading direction and—in this particular example—responsive conditional on grid
cell activity, recorded from rat pre-subiculum by Boccara et al. (2010). Right: grid cells, with
their distinctive hexagonal tiling of space, recorded from layer 2 of rat medial entorhinal
cortex by Hafting et al. (2005).
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another (Sheintuch et al., 2020). Exciting emerging evidence, especially within the context
of implementing a hippocampal BMI, suggests that the identity of the map that gets used
depends on what an animal intends to do within its environment (Zutshi et al., 2025).

In addition to remapping triggered by changes in context, it is also possible to alter
neural representations of space by altering the borders of enclosures or landmarks within
enclosures. This can locally distort maps, affecting both grid cell-based and place cell-based
representations (Krupic et al., 2018). When populations respond to manipulations of an
environment, they are sensitive to whether the changes affect proximal cues (their immediate
vicinity) or distal cues (landmarks that could be used for orientation) (Knierim and Rao, 2003).

Experiments that gradually alter environments over the course of days through subtle
changes have shown both gradual changes in hippocampal representations, indicating the
accommodation of new information into an existing representation (Leutgeb et al., 2005), and
the seemingly contradictory existence of inflection points at which sharp switches take place
between representations (Wills et al., 2005). Capturing both of these kinds of hippocampal
reaction simultaneously in models is challenging (Colgin et al., 2010; Jeffery, 2011), and it is
perhaps easier to ascribe them each to separate phenomena that take place at two levels of
abstraction: the creation of new contexts, and the updating of existing contexts (Heald et al.,
2023). There are obvious parallels to the distinction we made earlier in changes in neural
populations induced by BMI: some apparent changes in representation can be caused by a
sufficiently large change in inputs (such as the emergence of a specific context for BMI usage),
while other changes are the result of persistent alterations to tuning (learning that takes place
within the BMI context). However, unlike the motor cortex—the typical target of BMI—these
changes in tuning can take place very quickly.

Place fields, the regions of space in which place cells elevate their firing, can form even
upon the first encounter with an environment. This is a behavioural necessity: animals learn
to navigate new spaces very quickly (Rosenberg etal., 2021). Such rapid field formation implies
a learning rule that takes place faster than classical Hebbian plasticity (Bittner et al., 2017). An
exact formulation remains difficult, particularly because the development of representations
of space seems to take place across multiple timescales—from near instantaneously to taking
several minutes—may even require multiple mechanisms (Sheffield and Dombeck, 2019). In
addition to place field formation being temporally heterogeneous, their distribution in space
exhibits certain biases. More salient experiences, especially reward locations, end up more
strongly expressed in the hippocampal code. This manifests both as elevated firing rates and
as recruitment of a greater number of cells (Hollup et al., 2001; Holscher et al., 2003; Kaufman
etal., 2020; Lee et al., 2020), with strong reward representations even persisting through large
remapping events (Gauthier and Tank, 2018).
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1.4.3 Path integration and the cognitive map

In order to model place field formation as a learning rule applied to a population, we need
some notion of what a ‘place’ actually is. Physical location in space is an excellent latent
variable for explaining observations about the outside world. In this sense, a place could be
as simple as a variety of stimuli or cues that all coincide with each other. For example, upon
smelling coffee beans, hearing the sound of conversation, and seeing the interior decor, we
might infer that we were in our local café (Fig. 1.5.a). The sensory richness of this location
means that even in the absence of a single cue—perhaps a bad cold has impaired our sense of
smell—we would still have sufficient information to place ourselves.

But associations of stimuli alone are not sufficient to solve complex navigation problems:
a representation of an environment, a cognitive map, requires the binding together of places
through travel (O’Keefe and Dostrovsky, 1971; Tolman, 1948). The missing piece is a system
for path integration: by keeping track of where we are going in addition to where we are, we
can form an internally consistent view of space (Etienne and Jeffery, 2004; McNaughton et al.,
2006; Moser et al., 2017). At the level of connectivity, projections from MEC (and particularly
the grid cells therein) provide signals critical for path integration in CA1 (Gil et al., 2018;
Tennant et al., 2018).

Given the importance of path integration to representations in CAl, we choose to describe
a view of navigation in terms of a graph structure in which places are nodes, and the actions
required to travel between these places are edges (Fig. 1.5.b). This pairing of states with
actions to learn space is common to a variety of models that emulate hippocampal function,
such as the successor representation (Gershman et al., 2012; Momennejad and Howard, 2018),
the Tolman-Eichenbaum Machine (Whittington et al., 2020), and clone-structured cognitive
graphs (Dedieu et al., 2019; George et al., 2021). These models are all successful in reproduc-
ing, naturally through their learning rules rather than via explicit construction, particular
behaviours of in vivo cells in CAl, such as their activity near borders (Lever et al., 2009; Sol-
stad et al., 2008), responses to particular objects (Nagelhus et al., 2023), or the appearance
of counting the number of laps of a track (Sun et al., 2020). Despite the success of these
models, we do not take the hard line that the hippocampus must mechanistically implement
a graph-like structure (as in, for example, Muller et al., 1996). We acknowledge ongoing debate
ranging from whether the hippocampus merely learns and generates sequences, resulting in
the appearance of graph-like structures (Buzsaki and Tingley, 2018; Raju et al., 2024), to a view
that finds graphs incomplete as descriptions, as the modulation of activity within place fields
hints at an encoding of space that is continuous rather than discrete (Alexander et al., 2020).

We benefit from outlining our own naive mental model of CA1, which is sufficient for
the treatment of the hippocampus in this thesis. It is deliberately qualitative, but captures
ideas common to the more formal work above. We imagine CA1 hippocampus largely as
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Fig. 1.5 Cognitive maps require a feedback loop to maintain internal consistency. (a)
Physical locations in space are an excellent latent explanation for why several stimuli occur
together. A single place can be constructed purely by associating together the stimuli that
occur there. (b) Navigation requires knowledge of how places relate to each other. We use
a mental model that represents space as a graph in which nodes are places (or states, if we
want to generalise beyond purely spatial representations) and directed edges are the actions
required to travel from one node to another. (c) A conceptual illustration of how stable maps
are maintained in the hippocampus. In addition to aggregating sensory and internal input,
past states are combined with actions taken via a feedback loop.
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an associator that lumps together both coincident sensory stimuli and internal states (such
as hunger or boredom) to produce a ‘state’ or ‘place’. In attractor-like fashion, sufficiently
familiar associations are recognised as existing ones, while sufficiently novel associations
produce new states. Critically, CAl is part of a path-integration feedback loop, which pairs
the current state with a navigation action to produce a prediction of a next state (Fig. 1.5.c).
In consistent environments, this feedback loop builds up accurate predictions that form the
basis for the graph edges of a cognitive map. Under sufficient perturbation, such as global
changes to the sensory cues, this feedback loop generates an entirely new map, resulting in
remapping-like changes in the representation.

We will discuss at greater length in Chapter 4 how path integration is effectively a mixture
of actively taken navigation actions, such as the decision to move, and signals that are available
even when the navigator is entirely passive. For example, both optical flow (Madhav et al.,
2024) and elapsed time (Kraus et al., 2013) feature prominently in the hippocampal formation.
One exciting aspect of BMI-based navigation is the ability for the animal to retain ‘navigational
agency, causal control over its travel, without the sensory input associated with the physical

manipulation of a controller being coupled to that travel.

1.4.4 Hippocampal BMIs

The hippocampus is by no means a typical target for BMI. It is more invasive to access
surgically than the cortex and its representations are relatively volatile.

To our knowledge and to-date, there have been no successful closed-loop demonstrations
of optical BMIs based on CA1 hippocampus. However, a variety of feasibility assessments
based on offline, open-loop decoding have laid out initial groundwork (Chang et al., 2021;
Chen et al., 2023; Sun et al., 2022). These three studies all use data from 1-photon imaging
of animals navigating in simple environments and demonstrate that decoding an animal’s
position in real-time from CA1 populations is tractable. We will make more detailed compar-
isons of their signal-processing and machine learning methodologies in Chapter 2, where we
discuss the implementation of our own real-time decoder.

Individual neurons in CA1 have successfully been trained to fire by operant conditioning in
patch-clamp single cell recordings, but this is much more difficult in depression model mice
or mice that are acutely stressed (Ishikawa et al., 2014)—we emphasise again the importance
of motivation, attention, and internal states for modulation of hippocampal activity. The only
existing instance of a population-wide closed-loop hippocampal BMI is the hugely impressive
work in Lai et al. (2023). This describes training decoders from 40-minute 128-channel
electrode recordings of CA1 hippocampus in Long-Evans rats during a head-fixed, spherical
treadmill-based exploration of a 2D virtual environment. In closed-loop experiments, this

BMI averaged decoded locations over a 3-second window and either moved the animal along
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the decoded trajectory or, in an experimental variant, moved an object along that trajectory
while the animal remained stationary. Animals succeeded at this task and demonstrated the
ability to produce patterns of hippocampal activity on-demand, even at the level of large
populations, to obtain a reward. This work was presented largely in demonstrating volitional
control in the context of applications for clinical BMI. Its success reassures us of the technical
feasibility of what we hope to illustrate in this thesis: interactions between interface and

population.

1.4.5 A simplified handling of the hippocampus

In this work, there are necessarily features of the hippocampus that we either ignore or
aggressively simplify. This is part pragmatism, and part focus on a subset of problems relevant
to neural representations of navigation. Before we outline the structure of this thesis and
proceed to a description of our BMI, we justify the treatment of several notable items as ‘out
of scope’.

The first of these is the theta rhythm. This is an oscillatory pattern of neural activity
common to mammalian brains with a frequency of 3-12 Hz (see Watrous et al. (2013) for a
review across species). Neural function in the hippocampus is strongly influenced by the cycle
of this rhythm (Buzséki and Moser, 2013). At the level of the entire hippocampal formation,
the rhythm seems to coordinate a variety of behaviours, such as the timescale of remapping
(Jezek et al., 2011) and whether information is being stored or retrieved (Eckmann et al., 2024;
Lengyel et al., 2005). On a more fine-grained scale, the phase at which individual neurons
fire within the cycle shifts as animals traverse place fields (O’Keefe and Recce, 1993), which
makes for compelling evidence that information is conveyed by the timing of spikes within
the hippocampus—not just by rates of firing. This suggests that it is possible to improve
decoder accuracy by consideration of precise spike timing. However, the temporal resolution
of Calcium imaging is too poor to accurately place spikes relative to the phase of the theta
rhythm, and the actions performed via BMI take place on a longer behavioural timescale.

The second item concerns the fidelity at which we reason about the anatomy of the
hippocampal formation. The imaging we perform for BMI is exclusively of dorsal CAl in
stratum pyramidale. This contains primarily excitatory cells that serve as the ‘output’ of CAl,
part of which is subsequently fed back into the entorhinal cortex via the subiculum. CAl, in
turn, receives path integration signals from the entorhinal cortex, thereby completing the
feedback loop we qualitatively described in Fig. 1.5. However, CAl is not homogeneous:
deep pyramidal cells fire more strongly than superficial ones (Mizuseki et al., 2011), and the
size of the place fields formed varies along the proximodistal axis (Henriksen et al., 2010).
Similar observations hold true for grid cells in the entorhinal cortex, with the scale of the

grid increasing from dorsal to ventral subregions (Brun et al., 2008). We image at a consistent
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location within CA1, and choose to refrain from arguments relying on more fine-grained
anatomy within the hippocampal formation (see Valero and de la Prida (2018) for an example
of an argument that hinges on higher anatomical fidelity and specific cell types).

The final item pertains to evidence for hippocampal encoding of abstract structures that
are not strictly spatial in nature (Garvert et al., 2017), such as social hierarchies (Kumaran
et al., 2012). Learning rules that can generically capture all forms of relation and structure
necessarily perform well at encoding representations of environments. While of great poten-
tial interest for eventual BMI designs, the BMI experiments we describe in this work concern

rodents performing a strictly spatial navigation task.

1.5 Thesis outline

This thesis incrementally builds from the details of the implementation of an optical BMI
for CA1 hippocampus through to a theoretical consideration of how different forms of drift
affect the ability of downstream decoders to adapt. As we span a variety of topics, the results

chapters are loosely broken up by underlying discipline:

* Chapter 2 concerns engineering. It describes the design of our novel 2-photon imaging-
based hippocampal BM]I, highlighting practical realities and trade-offs for an interface

that is viable in a context of scientific inquiry.

* Chapter 3 concerns animal behaviour during BMI usage. It discusses factors affecting
the closed-loop decoding accuracy of the CA1 BMI, lays out experimental structure
and techniques, and illustrates the possibility of distinct representations for BMI and
locomotion performance of the same task.

e Chapter 4 concerns systems neurophysiology. It describes changes in neural activity
that take place in CA1 populations both during BMI usage and as a longer-lasting conse-
quence of that BMI usage. It relates these observations back to how CA1 hippocampus
synthesises information from a variety of internal and external sources to produce

coherent cognitive maps.

e Chapter 5 concerns computational neuroscience. It models how downstream readouts
can compensate for drift, with an emphasis on how this is impacted by differences in
the statistics of neuron-level retuning. It predicts that certain forms of retuning are
advantageous, and finds a preference for these forms in existing in vivo datasets.

With the exception of Chapter 5, which walks through an extensive description of modelling
choices alongside its results, detailed methodologies are placed at the end of each chapter.






Chapter 2

Design of a closed-loop optical
hippocampal BMI
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Chapter overview

This chapter outlines the design of a closed-loop BMI based on decoding the activity of
neurons in CAl hippocampus as imaged by 2-photon Calcium imaging. We demonstrate that
our decoder:

¢ Processes hundreds of neurons from CA1 and decodes from them in real-time with

negligible latency
* Achieves high decoding accuracy in offline, open-loop validation
* Can be interpreted to determine which neurons are relevant for decoding which states

* Does not inadvertently rely on factors relating to physical manipulation of a controller,
such as blood flow or motion artefacts

Effectively, this chapter serves as methodological background for the following two chapters.
Those will eventually describe how the use of this BMI in closed-loop results in changes in the
hippocampal encoding of an environment. We focus here on explaining design decisions and

practical trade-offs.



26 Design of a closed-loop optical hippocampal BMI

2.1 Design overview

2.1.1 Design priorities and constraints

Our experimental paradigm is to image CAl in an animal while it performs a mastered
navigation task in a familiar environment. We use this to train a decoder that can classify
distinct locations within that environment, after which point we can ‘close the loop’ and allow
those decoded states to causally control progress through that environment. The ‘closed-
loop’ part of the title in this chapter is false advertising: we will, in fact, be leaving the exact
details for how decoded states generate movement actions for the next chapter. Instead,
we will describe relevant details of ReTiCaDe (the REal TIme CAlcium imaging DEcoder), a
modular software library for composing signal processing and decoding that can interface
with proprietary 2-photon microscopes (Micou, 2022), and assess the open-loop decoding
characteristics of various BMI design choices.

One of the major constraints on our design is that we are operating in a low training data
regime. Unlike existing work, which uses upwards of half an hour of data (Chang et al., 2021;
Lai et al., 2023), we train decoders from a mere 10 minutes. Our maximum session length
is limited by the risk of indicator damage through photobleaching. We use a short initial
training period both to allow the animal to spend longer using the BMI, and to allow time for
the animal to return to non-BMI control at the end of each experiment for us to search for
permanent changes in tuning activity induced by BMI usage.

We prioritise the interpretability of our BMI system over marginal gains in decoder accu-
racy. This means favouring both signal processing techniques that are already widespread
in the neuroscience literature and decoder models that are accessible to a broad audience
without an extensive background in machine learning. We aim to facilitate reproducibility
by removing any steps requiring human intervention during decoder training, such as the
manual feature selection in Lai et al. (2023). All decoding and signal processing described
in this chapter is achieved without dedicated hardware, with all real-time processing taking

place on a relatively old (circa 2011) consumer-grade desktop CPU!.

2.1.2 1D virtual reality navigation task

We use a virtual reality (VR) setup in which a head-fixed mouse initially controls its navigation
along a cue-rich corridor-like track by running on a wheel (Fig. 2.1.a, Fig. 2.2). The animal
learns a navigation task which requires it to stop at a specific fixed location on the VR track
(250 cm from the track start). The corridor environment is rich in visual cues, with both

proximal cues in the form of varying wall patterns and distal cues in the form of tower-like

'During the closed-loop experiments, we perform some offline training on more recent hardware to minimise
downtime between trials, but this is still entirely single CPU-based.
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Fig. 2.1 A schematic overview of the BMI rig and corresponding navigation task. (a) A mouse
views a VR environment while head-fixed on a wheel. Control of navigation in this environ-
ment can be switched between a physical control signal, allowing the mouse’s locomotion
on the wheel to directly drive progress along the track, and a BMI control signal, which first
decodes a neural state based on 2-photon Calcium imaging and subsequently maps this state
onto a navigation action. (b) The VR environment consists of a virtual 4 metre-long track rich
with visual cues in the form of varied local wall patterns and distal tower-like objects. When
running on the wheel, animals learn to stop at a fixed reward location which is not explicitly
marked by cues. Each trace on the velocity profile plot denotes a unique lap from an example
10-minute trial. The lick frequency histogram shows the distribution of licking events over
the course of that same example trial.

objects visible beyond the walls. The VR nature of the task means that there are no useful
olfactory, vestibular, tactile, or auditory cues (excepting a click noise on delivery of reward,
which is sweetened soy milk) to supplement the animal’s navigation. The reward location is
positioned in the middle of a wall cue patch and is therefore not directly indicated: its location
must instead be inferred by a combination of distance to distal cues and path integration.
Reaching the end of the track will place the animal in darkness for 2 seconds and then return
it to the start of the track, allowing the animal to run multiple laps over the course of a 10-
minute trial. Expert animals develop a stereotyped ‘parabolic’ velocity profile, in which they
accelerate at the start of the track and slow down ahead of the reward site, and will lick the
spout in anticipation of receiving their reward (Fig. 2.1.b).

2.1.3 2-photon Calcium imaging

We image dorsal CA1 using 2-photon Calcium imaging using GCaMP8f as an indicator (see
Methods 2.6.6), using a resonant galvanometer mirror scanner that allows us to sample a
complete field of view (FoV) at 30 Hz at a resolution of 512x512 pixels. For retrospective

analysis of activity we identify neuron regions of interest (ROIs) within the FoV and extract
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fluorescence traces with the widely-used suite2p software package (Pachitariu et al., 2017).
Individual recording sessions contain roughly between 250 and 1,000 ROIs, dependent on the
success of the surgical procedure and indicator expression, of which approximately two thirds
are typically identified as neurons with high confidence by suite2p based on footprint shape
(Fig. 2.3, see Fig. 4.5 in Chapter 4 for a more complete animal-by-animal quantification).
In the following section, we perform offline evaluation of decoders that use as input the
fluorescence of each of these neuron ROIs on each imaging frame, with the intent to inform

the design of an eventual BMI pipeline that operates on data ingested in real-time.

microscope head-fixing
objective mount

wheel rotary reward
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pivotable wheel
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microscope objective
(lowered with light leakage shield)

view of VR track
(from reward location)

Fig. 2.2 Physical realisation of the BMI rig. A picture of the BMI rig showing the main
components. The VR environment is displayed across two screens that can be angled to
occupy the entirety of the animal’s field of view. A rotary encoder tracks the wheel’s orientation
for navigation of the environment via locomotion. A brush can be pushed up against the
wheel to provide additional friction to control the amount of effort required to complete a
lap. The reward spout is instrumented to record licking events. (inset) A view from behind
the animal during a trial showing the VR environment at the location where the reward is
dispensed.
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Fig. 2.3 A typical field imaging field of view. (left) Mean fluorescence levels in the image over
the course of a 10 minute-long recording during performance of the navigation task. (right)
ROIs identified in the same recording as corresponding to neurons with high confidence
(various colours), in addition to other ROIs (grey), as extracted by the suite2p software
package.

2.1.4 Classification of track locations via neural decoding

We decode the location of the animal on the track based on its neural activity. Rather than
decoding this location as a continuous position (i.e. a regression for a coordinate along the
dimension of travel), we instead discretise the track into spatial bins and classify locations
(Fig. 2.4.a), similarly to Chen et al. (2023). This discretisation is motivated by our mental
model of the cognitive map: by treating places as discrete, we can reason about defining
concrete navigation actions to travel between them.

More pragmatically, the discretisation also allows us to skirt around some thorny decoder
training issues arising from attempting to decode a continuous position with minimal training
data. The teleportation upon lap completion which returns the animal to the start of the
track means that our environment is topologically circular: the end of the track is ‘near’ to
the start. While it is possible to construct loss functions for a circular geometry, this limits
our ability to use widely-understood off-the-shelf machine learning models to map from
neural activity to position. In the preliminary stages of design, we observed that training
regressors that minimised a mean squared-error (MSE) cost function would end up biased
towards predicting positions at the centre of the track, as mispredictions near the extrema are
more severely punished. By discretising the track into bins and treating this as a classification
problem, giving the decoder training no knowledge of spatial bin adjacency, and by balancing

training samples by bin occupancy, we can sidestep this bias. We use 10 bins, each 40 cm
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in length. While the exact choice of bin size is somewhat arbitrary, this division of the track
has two main desirable properties: the reward location is well-contained in a bin, and only a
minority of transitions between wall cues line up with bin boundaries (allowing us to evaluate

whether local decoder accuracy is contingent on proximal cues).

2.2 Linear decision boundaries for classification in CA1l

2.2.1 Interpreting decision boundaries for sparse codes

Place cells in CA1 hippocampus result in an encoding of space that is sparse: neurons fire
at specific locations, and are silent (or fire at a far lower rate) elsewhere (Fig. 2.4.a). This
encoding strategy makes it straightforward to describe how a population of neural activity is
used by a classifier. Consider a plot of the samples of our training data in a space where each
dimension corresponds to the activity of each neuron for each sample, and then marking
each sample as either ‘in’ or ‘not in’ some spatial bin y. For a large, idealised population
where all place cells behave like switches that are either ‘on’ or ‘off’, it is possible to entirely
separate those samples in each bin y from those outside it using a dividing plane (a linear
decision boundary). To decode whether some future sample with an unknown bin is in bin y,
we simply determine which side of the decision boundary the sample falls in (Fig. 2.4.b). The
orientation of the decision boundary, which we will refer to collectively as ‘the weights), tells
us which neurons are and are not important for determining whether a given sample is in bin
y. By constructing such a decision boundary for each bin, we end up with 10 one-versus-rest
(OvVR) classifiers, each with their own set of weights informative about which neurons matter
for decoding their own bin, that can be composited together to classify any given sample into
its decoded bin (Fig. 2.4.c).

Obviously, place cells do not behave like idealised switches. While some cells do consis-
tently fire at a given location on every visit (Fig. 2.4.d), it is more common for cells to only
fire on some fraction of visits (Fig. 2.4.e). A given place cell not firing is therefore not a good
indication that an animal is outside of that cell’s place field. Decoders need a population
sufficiently large to have redundancy in decoding each bin, as well as enough training data to
learn which cells are reliable predictors of bin occupancy. The question is whether place cells
behave sufficiently closely to idealised switches in our own experiments that linear decision

boundaries are appropriate, or whether ‘heavier duty’ models are required.

2.2.2 Comparison of decoder models for CA1 hippocampus

The decoder we use in closed-loop experiments is a classifier based on a support vector

machine (SVM, sometimes abbreviated SVC for support vector classifier) with a linear kernel
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Fig. 2.4 Representations of position in CAl lend themselves to simple linear classifiers.
(a) We train models to predict the location of an animal as one of K discrete bins on the 1D
track based on neural activity. In populations of CA1 neurons, neurons carrying information
about location use a sparse encoding, typically firing in a single region on the track. (b) This
sparse encoding means that distinguishing samples at one location (red) from samples from
all other locations (grey) is tractable with a simple linear decision boundary. Furthermore,
the orientation of this decision boundary v describes which dimensions of the feature space
(individual neurons) are relevant for decoding this location. (c) By producing a one-vs-rest
classifier for each of the K bins and combining their decision boundaries, we are able to
classify new samples into a discretised location on the track. (d) The ratemap of an individual
neuron and the underlying filtered Calcium traces for each lap of the track during a 10-minute
recording session. (e) As in (d), showing a neuron with a ratemap that is convincing on the
surface, but reveals inconsistent firing behaviour when considered lapwise.
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Fig. 2.5 Linear kernel SVMs classify track positions with high accuracy. (a) A cumulative
error plot comparing SVM, MLP, and Gaussian Naive Bayes classifiers. The x-axis tracks the
error of a classified sample (a sample classified in the correct bin has an error of 0, a sample
classified in a bin immediately adjacent to the correct bin has an error of 1, and so on). The
y-axis indicates the cumulative fraction of samples classified at a given error level, averaged
over 8 sessions from 2 different mice. (b) A simple decoder score corresponding to the fraction
of the withheld testing dataset correctly classified to within 1 neighbouring bin of error. Error-
bars indicate the minimum and maximum scores over all 8 sessions over 10 shuffles of which
track laps are used as training data and which are used as testing data.

(Cortes and Vapnik, 1995). This explicitly constructs a linear decision boundary for each class
(spatial bin). It trains and decodes quickly, and is a reasonable fit for our volume of training
data and feature input size. We are far from the first to apply SVMs to hippocampal data (it
is difficult to pinpoint the first application, but for some early examples see Takahashi and
Sakurai (2009), which is based on small ensembles, or Hassabis et al. (2009), which is based on
fMRI data). Nevertheless, we find it important to demonstrate its suitability for our specific
experimental setup.

In Fig. 2.5, we present an open-loop decoding comparison between three types of classifier
(see Methods 2.6.2). The first is the SVM. The second is a multi-layer perceptron (MLP) with a
single hidden layer, capable of constructing a non-linear decision boundary and therefore in
theory heavier duty than the SVM. The third is a Bayesian approach, specifically a Gaussian
Naive Bayes classifier (NB), which became a popular decoding approach in the hippocampal
literature starting with Zhang et al. (1998). For each of eight 10-minute sessions (2 animals, 4
sessions each) of the VR task controlled by the animal running on the wheel, we perform a

75%-25% split of the laps in that session into training and testing data and evaluate decoder



2.2 Linear decision boundaries for classification in CA1l 33

performance on the unseen test laps. We repeat this 10 times per session, shuffling which laps
are allocated to training and testing, and visualise mean decoding performance in Fig. 2.5.a
as a cumulative error plot. This visualisation allows us to account for some misclassifications
being worse than others based on spatial proximity of the bins. For example, in the case of NB,
~50% of samples are correctly classified into exactly the correct bin, and ~75% of samples are
classified in either the correct bin or one of the spatially adjacent bins, and so on. We find
that the SVM and the MLP perform almost identically, while NB performs relatively poorly.
We extract a simple decoder score from the cumulative error evaluation by taking the
fraction of samples correctly classified to within one neighbouring bin of accuracy (Fig. 2.5.b).
This is a somewhat generous scoring method, but it is in keeping with the scheme used in
Chen et al. (2023), and has the virtue of leniently handling situations where the animal is
near the boundary between two spatial bins. Our result, that SVMs perform just as well as
more complex models, is in agreement with a similar assessment in Sun et al. (2022), who also
report no improvement for even heavier-duty decoders that use models that are recurrent
in addition to non-linear. While more sophisticated models are likely to eventually achieve
higher accuracy with larger volumes of training data, we find SVMs entirely satisfactory for

our experimental needs.

2.2.3 Comparison of decoder models for PPC

The parity of a linear method with more complex models is a particular and convenient
feature of the sparse encodings in CAl. This is facilitated by an imaging technique well-suited
to isolating the signals of individual neurons from each other. As a short detour from the
design of our CAl-based BMI, we illustrate this point by performing a comparison between
decoding techniques applied to populations in the PPC, which simultaneously encodes
multiple kinematic variables (such as heading direction, position, and velocity) with a denser
code.

We consider sessions of an animal performing a VR T-maze experiment, in which it
manipulates a running ball to traverse a long corridor and then makes a choice by turning left
or right (Fig. 2.6.a). On each attempt at the maze within a session, the correct turn direction is
indicated by wall cue patterns at the start of the corridor. These wall cues disappear during
the latter half of the corridor, and the animal must make its turn choice by remembering
the correct turn (or by adopting some behavioural strategy such as hugging the correct wall).
Using a largely similar methodology?, including the same spatial and temporal resolution of
imaging, the same Calcium indicator, and the same software (suite2p) to extract neuron ROI
traces, this experiment produces a dataset comparable to our own hippocampal setup.

2We do not provide a full methodology in this thesis. Consult Sorrell et al. (2024), Driscoll et al. (2017), and
Harvey et al. (2012) for a complete description.
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Fig. 2.6 Certain kinematic variables in posterior parietal cortex are decoded more accu-
rately with non-linear decoders. (a) A two-dimensional VR environment in which an animal
performs a T-maze task, selecting a left or right turn at a decision point based on a wall cue.
Schematic adapted from Rule and O’Leary (2022). (b) Decoding accuracy for of a variety of
kinematic variables from 2-photon Calcium imaging of the PPC during T-maze trials. Three
linear decoders and one non-linear decoder are shown. Evaluated on a single session for each
of 5 animals, scored on withheld maze attempts of a 75%-25% train-test split for 10 shuffles of
split. Error bars show minimum and maximum values over shuffles and sessions. Number of
maze attempts per session varies (lowest: 131, highest: 319). Unpublished data, courtesy of
Helen Yang, Dan Wilson, Ethan Sorrell, and Chris Harvey.

We evaluate the accuracy of several models trained to decode continuous kinematic
variables: position in the maze, heading direction, and forward velocity (Fig. 2.6.b, see
Methods 2.6.3). Three of these models are linear (simple linear regression, ridge regression,
and an SVM using a linear kernel), while one is non-linear (MLP with a single hidden layer).
With the exception of forward velocity, which is equally well decoded by all models, the MLP
outperforms the linear methods.

The takeaway message relevant to our hippocampal BMI is that the combination of
Calcium imaging with CAl’s encoding strategy is rather uniquely positioned to construct
accurate BMI decoders with easy-to-interpret weights. While it is certainly possible to measure
the impact of an individual neuron’s activity on the output of a more sophisticated decoder,
the complexity of that decoder necessarily dictates the complexity of the mapping from
neuron to outcome. This is not just a stumbling block for analysis: if it is difficult to determine
how a neuron’s activity relates to BMI control, then it also becomes difficult for the neural
population to improve BMI performance in closed-loop. Decoder design for other brain
regions must compromise by trading off potential decoding accuracy against a clean mapping
between activity and outcome to facilitate learning via feedback, but we are in the fortunate

position of needing to make no such concessions in our CAl setup.
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2.3 Signal Processing

2.3.1 Feature-space design overview

The decoders trained in the previous section processed offline data and used neuron ROI
fluorescences as attributed to ROIs by suite2p’s registration process. It would be plausible to
do this in real-time by first extracting ROI footprints from the training data used to initialise
our BMI decoder and then attributing subsequent activity to ROIs from an image via masking,
as in Chen et al. (2023). However, there is an issue of bias towards active cells, exacerbated
by our short 10-minute recordings of training data: automatic registration that detects ROIs
from fluorescence is more confident in cells that are more active, as they fluoresce more often
and have better-defined borders. If we want to adapt or update our decoder to account for a
significant remapping in activity, we would either have to re-register cells or need to set our
confidence intervals so low that ‘neuron ROI’ might lose any interpretability benefits.

We do not have a large enough training corpus with a mere 10 minutes of training data to
ingest an entirely raw image and let a convolutional neural network take care of signal process-
ing for us, as in Chang et al. (2021), and this approach would also render interpretation of the
signal difficult. Instead, we manually construct a signal processing pipeline that transforms
a raw image input into a feature space in which pixels correspond closely to neurons (Fig.
2.7). Readers will notice a high-level resemblance in this pipeline to the image processing in
Sorrell et al. (2024), which solves what is essentially the same problem, though with different
choices in the minutiae of motion correction algorithm, filtering, order of operations, and the
deliberate choice to scale the image resolution to force a close correspondence between pixel
features and neurons.

The signal processing pipeline needs to execute in under 33 ms to keep pace with incoming
image frames. An added benefit of using a feature space of fixed dimensions is that the
decoder will execute in a consistent amount of time: we do not run the risk of an unusually
large number of ROIs altering the performance characteristics of the pipeline (or indeed
taking longer to train, causing a larger gap between training and closed-loop evaluation of the
BMI). We outline the main steps of this pipeline here, and then describe how the features in
the pixel space can be related back to neuron ROIs to determine the influence each neuron

has on decoding outcome.

2.3.2 Downsampling and speckle elimination

With an imaging resolution of 2 pixels/um, we have an abundance of pixels per neuron (which
are roughly 10-15 pm in diameter as imaged). However, resonant imaging at 30 Hz produces
a speckled image rich in high-frequency noise in the spatial domain. This speckling interferes

with motion correction, generating spurious corrections, and so we apply a low-pass spatial
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Fig. 2.7 An overview of the signal processing pipeline for extracting a feature space from
a feed of images of the field of view. (a) The sequence of pipeline operations with their
effects illustrated by an example frame. Prior to application of the dF/F filter and band-pass
spatial filter, and following the thresholding stage, values in the frame are non-negative. (b) A
waterfall latency diagram attributing computation time to each stage of the pipeline, averaged
over 17,994 frames of a 10-minute trial and measured on the same computer hardware used
during the closed-loop BMI trials described in Chapters 3 and 4.
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filter in the form of a Gaussian averaging over pixels. In this stage, we also shrink the resolution
of the image from 512x512 pixels to 128x128 pixels to make subsequent motion correction
less computationally costly. These are displayed as separate stages in Fig. 2.7 for visual clarity,

but are implemented as a single step in practice.

2.3.3 Motion correction

Despite head-fixing, the imaged tissue is subject to small motions. In addition to the noise
this adds to the neuron features, which can impair decoder accuracy, there is a risk that
information about the animal’s running velocity could ‘leak’ via motion artefacts during
periods of fast running. It is important for us to correct for these artefacts to ensure that we
are decoding from neural activity, and this is not only a matter of rigour: if motion artefacts
are learned by the decoder, the animal will not be able to decouple physical performance
of the task from maintaining decoder accuracy. While existing optical BMIs (e.g. Sorrell
et al., 2024; Chen et al., 2023) use rigid motion correction based on phase correlation, which
allows for corrections that translate and rotate of the entire image field of view, we found
that our imaging contained small deformations within the FoV: tissue in the image moved
relative to other tissue. We partially attribute this in-image movement to the cavity introduced
by our surgical procedure (see Methods 2.6.6), which is not part of the process to optically
image the PPC. The extent of within-image deformation varied from animal to animal, but in
several cases attempts to correct frames using rigid transformations resulted in catastrophic
misalignment. We use a non-rigid motion correction algorithm (see Methods 2.6.1), despite
its substantial additional computational cost (which accounts for the vast majority of the
signal processing pipeline’s frame budget usage, see Fig. 2.7), and demonstrate in Section
2.4.2 that there is little evidence to suggest ‘leaked information’ from motion distortions that

could be used to decode variables such as velocity.

2.3.4 Time-domain filtering

While Calcium traces can be deconvolved to recover underlying spikes, the process is imper-
fect and challenging to perform without acausal processing, which renders it inappropriate
for a real-time application. Fortunately, this is not necessary for our setup: elevations in
underlying mean firing rate are informative about location, and exact spike timing is not
relevant on a behavioural timescale. As a back of the envelope calculation, consider that the
average place field in our data is roughly 50 cm in length—even an animal travelling at 100
cm/s, well in excess of what we observe, would take half a second to traverse it.

We decode from Calcium traces as a proxy metric for an underlying mean firing rate, but

perform some temporal filtering of the signal to correct for DC drift (changes in the baseline
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Fig. 2.8 Time-domain filtering of neuron ROI signals. (a) An example trace of the fluores-
cence of a neuron ROI as the animal passes through the neuron’s place field, shown both as a
raw signal and after filtering with either a Butterworth or dF/F filter with equivalent cut-off
frequencies. (b) Mean spectral content over 474 neurons from the same 10-minute recording
session under the different filtering schemes. The hippocampal theta rhythm is clearly visible
as a spike around 7 Hz. Note that the filtering effect of the lower cut-off frequencies (approx.
1/30 Hz) are not visible at this scale of plot. (c) Decoder scores (on unseen test laps, using
a SVM classifier) with and without the application of time-domain filtering to the feature-
space over 8 sessions across two animals. Error bars denote minimum and maximum scores
achieved over all sessions and over 10 random splits of which laps are used as training or
testing data.

fluorescence over the course of an imaging session) and to reduce susceptibility to high-
frequency noise. While this filtering is applied to image pixels in practice, we demonstrate the
filtering on a sample neuron ROI in Fig. 2.8.a as an illustrative example.

The delta-F-over-F filter (dF/F) is widely used for cleaning up Calcium imaging traces,
removing both DC drift and performing magnitude normalisation. We use an adaptation of
this filter that allows it to run causally and introduces a small amount of low-pass filtering to
attenuate high-frequency noise (see Methods 2.6.1). When compared to a band-pass filter
with comparable cut-off frequencies (we use a Butterworth filter as an example of a more

traditional signal processing technique), with these frequencies selected to keep features
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within the passband on time scales ranging from behavioural changes all the way through
to the theta rhythm, the real-time dF/F filter does not have a sharp cut-off or uniform gain
across its passband (Fig. 2.8.b). The normalisation component of the dF/F filter means that
its positioning within the signal processing pipeline requires caution: it is ill-conditioned
when ingesting a zero-mean signal (fluorescence is a non-negative quantity), and so we place
it before the spatial band-pass filter in our pipeline.

Despite these minor drawbacks, we opt to use this dF/F filter both for its familiarity to a
neuroscientific audience and for consistency with how we eventually process ROIs in post
hoc analysis. Compared to a raw fluorescence signal, the dF/F filter improves to the decoder
accuracy by a similar amount as the Butterworth band-pass filter (Fig. 2.8.c)°.

2.3.5 Construction of the pixel feature-space

After temporal filtering, we apply a spatial band-pass filter that selects for neuron-sized objects
in the image. We subsequently apply a threshold that zeroes-out any pixels with negative
values®. This stage helps generalisation to unseen test data by avoiding decoders assigning
weights to small fluctuations in firing rate taking place outside of place fields. This also helps
with the interpretability of weights in our decoder: it forces the decoder to predominantly
allocate positive weights to neurons firing within each spatial bin. As the last stage of the
pipeline, the image is downsampled by local averaging to a resolution of 32x32 pixels, which

gives us a fixed input size to our decoder of 1,024 features.

2.3.6 Equivalence of pixel feature-space to ROIs

SVM-based decoders trained on the feature space and decoders trained on neuron ROIs
achieve almost identical performance when evaluated on the same data (Fig. 2.9.a, Fig. 2.9.b).
We can further verify the faithfulness of the pixel feature space by confirming that the pixels
allocated weights correspond to underlying neurons. The vast majority of pixels with non-zero
weights overlap with the footprint of a neuron ROI (Fig. 2.9.d), and, in those instances in
which non-zero weights are allocated to locations not within the neuron ROIs identified by
suite2p, the weights are smaller than those allocated within ROIs (Fig. 2.9.c)°.

3The dF/F filter actually performs marginally better than the Butterworth filter. We attribute this to its rela-
tively higher attenuation of higher frequency components, which are not necessarily relevant on the behavioural
timescales of traversing the spatial bins.

4A reader with a penchant for machine learning might interpret this as a ReLu function, but the objective is
to clean up the signal rather than to deliberately introduce a non-linearity. Pixels in the feature space should
correspond closely to neurons, and these obviously cannot achieve negative firing rates.

°The confidence intervals in Fig. 2.9.c are largely a result of the FoVs across different animals or sessions
containing different densities of neurons, and therefore having a lesser or greater number of zero-weight pixel
features. This distribution is sharper for individual sessions.
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Fig. 2.9 A comparison between decoders based on ROIs and the pixel feature space. (a)
Decoder accuracy and (b) decoder scores, as previously visualised in Fig. 2.5, for decoders
using neuron ROIs and pixel features derived from the same trials. (c) The probability that
a pixel feature overlaps in the field of view with a ROI as a function of the decoder weight
percentile allocated to that feature. Confidence interval shows the 10™ and 90™ percentiles
over the decoders trained in 50 BMI sessions detailed in Chapter 3. [Caption continues...]
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Fig. 2.9 [Continued] (d) The fraction of pixel features with non-zero weights that overlap a ROI.
Error bars correspond to the confidence interval in (c). (e) A view of the aggregate weight (a
sum of the absolute value of the weight for each bin) for each pixel of the feature space for an
example decoder, shown against the ROI locations identified by suite2p for the same session.
Mapping between the pixel feature locations and ROI locations permits an estimation of the
decoder weights attributed to individual neuron ROIs. (f) Top: an example neuron and its
lapwise dF/F traces during a trial. Bottom: that same neuron’s estimated contribution to
decoding each spatial bin on the track as inferred from decoder weights. The dashed grey
line indicates the mean contribution over all neurons to each decoding bin. (g) Each bin
location on the track has associated decoder weights. This shows at two example locations
the non-zero decoder weights in the feature space, and also shows the ROI locations of the
place cells with fields that are partially or completely in the bin.

We can further reassure ourselves that underlying place cell activity is responsible for
decoding by determining which neurons are contributing to which decoder features. By
mapping the feature weights to underlying neurons (Fig. 2.9.e, see Methods 2.6.5), we can
determine each neuron’s relevance for decoding each bin: Fig. 2.9.f shows an example neuron
with a place field near the end of the track and decoder weights that are zero for all bins
except one. This method is not a perfect one-to-one mapping: depending on alignment to
the pixel grid, it is possible both for an underlying neuron to straddle more than one feature
space pixel, and for multiple underlying neurons to simultaneously contribute to the same
feature space pixel. As most neurons in the population are not place cells, the majority of
such overlaps are of little importance to decoder accuracy (as evidenced by the near-identical
accuracy between ROI and pixel features), but this does result in neurons without a place field
appearing to have high weights by association—for this reason, we treat analyses of decoder
weights stochastically (see Section 4.4.2 in Chapter 4).

Finally, for any given spatial bin on the track classified by the decoder, we can compare
which pixel features are used to decode this location with which neurons have place fields
in that location. On visual inspection, these are in broad agreement (Fig. 2.9.g). However,
discrepancies exist in both directions. Decoder training does not require a feature to strictly
conform to the definition we use to automatically identify place fields (see Methods 4.8.1),
which enforce minimum and maximum field sizes and impose requirements on relative
firing rates; they merely require the feature to be spatially informative. Conversely, a neuron
meeting the criteria for being a place cell is not necessarily incorporated by the decoder: if it
displays sufficient irregularity in its firing and there is sufficient redundancy in the population,
the decoder is better off without including it.
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2.4 Towards closed-loop BMI

2.4.1 Screening of surgery for BMI viability

The surgical procedures for preparing an animal for imaging have some inherent variance.
In addition to verifying that the imaged layer contains place cells and is indeed stratum
pyramidale in CA1l, we screened for two other key factors that limit our potential decoder
accuracy. The first is the nature of tissue motion during imaging, which appears surgery
specific. While we can correct for in-plane motion, we are limited when dealing with motion
in the z-axis. This is visible as rippling, wave-like distortions between image frames. The
second factor is indicator expression, which can be inhomogeneous. We required sufficient
expression in an imaged region for at least half of the FoV to be dense in neuron ROIs.

We did not set a hard target on minimum open-loop BMI decoder accuracy before pro-
ceeding to closed-loop experiments®. However, after sufficient time for the indicator to
become well-expressed, and after the animal had mastered the VR task, we performed a
screening session consisting of several 10-minute trials, from which we were able to evaluate
open-loop decoding accuracy.

We show the results of an example screening session for animal MH188 in Fig. 2.10, which
consists of two trials performed in darkness (i.e. the VR screens are dark, but the experiment
is otherwise unchanged) and four trials performed with the screens displaying the cue rich
environment used for the VR navigation task. In darkness, the animal is unsurprisingly unable
to perform the task successfully. It is a reassuring sanity check that a decoder trained and
evaluated on these darkness trials performs no better than chance—if the decoder were able
to recover location despite the animal being entirely unaware of its position on an unseen
track, this would indicate a serious methodological flaw.

We take the accurate offline decoded laps and the high open-loop decoding scores as
grounds to proceed confidently to closed-loop BMI without concern that our signal processing

methodology presents issues for decoder accuracy.

2.4.2 Representations of non-spatial information

CA1 hippocampus encodes position, but to what extent does it encode other variables that
we could potentially decode for use in BMI? Attempting to decode velocity during traversals
of the VR track produces an R? score that suggests this is plausible, even with a simple linear
decoder (see Methods 2.6.3). However, when we attempt (and subsequently fail) to perform
the same decoding for the trials performed in darkness, it becomes apparent that neural

activity in our imaged population does not encode velocity in a way that is straightforward for

6Largely because surgical outcomes were binary: decoding was either good or entirely impossible, account-
able to the two factors above.
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Fig. 2.10 Validation of open-loop decoder across several 10-minute trials. Each row repre-
sents a 10-minute trial performed either in darkness or in the cue-rich virtual environment of
the navigation task. Decoders are trained on 75% of the laps performed during the trial and
evaluated on the remaining 25%. The cumulative error distribution (left column) illustrates
with error-bars the minimum and maximum decoder performance over 10 shuffles of which
laps constitute training and testing data. The confusion matrices (central column) are aver-
aged over these 10 shuffles. Traces of sample testing laps (right column) display the animal’s
true position, with the colour of the trace indicating the decoded bin at each timestep.
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Fig. 2.11 Imaged CA1l populations do not intrinsically encode information about velocity,
but behavioural stereotyping results in predictive power. (a) Decoder accuracy for prediction
of animal velocity based on neural activity in CAl, shown both for trials performed in the cue
rich environment and for trials where the animal is in darkness, based on a Lasso regression.
Evaluated on withheld laps, as in Fig. 2.10. Error bars show 10™ and 90" percentiles over
all trials and 10 shuffles of withheld laps. (b) The variance in a population’s neural activity
during the navigation task explained by a linear model. We show both a full model, which
uses all kinematic variables simultaneously, and single-variable models, which use only
one kinematic variable each. Error bars show 10™ and 90™ percentiles over all 8 trials and
10 shuffles of withheld laps. (c) As in (b), but inferring kinematic variable importance by
withholding that variable from the fit and inspecting the change in explained variance against
the full model.

us to extract (Fig. 2.11.a). Our apparent success at decoding velocity during the navigation
task is due to the animal’s highly stereotyped trajectories: it runs at the same speed at each
track location on each lap, and so a population that encodes position imparts some amount
of information about velocity’.

In an analysis inspired by the methods in Musall et al. (2019), we investigate how well
kinematic task variables (such as velocity, acceleration, time elapsed since start of trial, licking
of the reward spout) can explain variance in the neural population. This is essentially ‘reverse
decoding’: predicting neural activity from behaviour (see Methods 2.6.4)%. First, we fit a
model that uses all kinematic variables simultaneously and note a hypothetical maximum
explained variance in the neural activity. We then compare this both to models that only use

each kinematic variable as a sole explanatory variable (Fig. 2.11.b), and to models that use

"We will briefly discuss in Chapter 4 the strong existing evidence for the modulation of firing rates within
place fields by running speed. This suggests that decoding velocity is possible with a decoder that can unpick the
conjunction between speed and place, but that velocity is not decodable in isolation (such as when the animal is
lost in the darkness condition).

8The original analysis in Musall et al. (2019) uses sophisticated Generalised Linear Models for the fits. We make
do with simpler regressions over hand-crafted features, as our objective is to quickly infer relative importance of
kinematic variables rather than fully explain activity in the population.
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all kinematic variables except a sole withheld explanatory variable (Fig. 2.11.c). By taking
these together, we can infer the extent to which a given kinematic variable is encoded by
the population®. For example: some amount of neural activity is explained by a model that
uses only velocity, but since adding velocity to the model adds no explanatory power, its
relationship to activity is better captured by other variables.

Position on the track is by far the greatest explanatory variable. Interestingly, elapsed
time alone has effectively no explanatory power, but when combined with other variables
improves the explanatory power of the overall model: the inclusion of time effectively allows
the model to partially capture activity changes taking place during the course of a trial.

Velocity, acceleration, and licking, which are all volitional behaviours from the perspective
of the animal, have a very limited direct contribution to the activity in the population. From
a perspective of ‘information leakage’, such as increased motion artefacts during periods of
acceleration, this is reassuring: we can confirm that the populations we are imaging primarily
encode location. When we design the mapping from neural state onto actions for closed-loop
BMI in the following chapter, we will need to bear in mind that these states correspond

primarily to positions.

2.4.3 Remarks on end-to-end BMI latency

We have previously described the importance of feedback in closed-loop BMI. How long
does it take to go from a neuron firing in the field of view to the consequences of that action
manifesting on the screen? The answer requires a brief description of the software architecture
of ReTiCaDe, which runs several components asynchronously from each other (Fig. 2.12.a).

When a neuron fires, its increase in fluorescence will appear in the next frame: assuming
this takes place in a random part of the image at a random time, it will take 17 ms on average
until the relevant pixels are scanned. A worst case scenario would entail the neuron firing
just moments after the region of the image had been swept, needing to wait 33 ms for the
scan to return to this location. The microscope readout is fed to an imaging computer as a
raw stream of samples at each pixel location (in this case, 3 consecutive samples at each pixel
location). As this stream arrives, we marshal the samples into frames and write them into a
shared memory block accessible by other processes.

This shared memory is polled at 30 Hz by the signal processing and decoding process,
which ingests the latest complete frame. Any current frame ‘under construction’ as data
arrives is ignored until the next poll. As this process runs entirely asynchronously from the
process streaming data from the microscope, frames written into shared memory have an
average wait time of 17 ms before being picked up.

9This requires caution: including multiple explanatory variables that are very closely correlated with each
other will cause this analysis to become ill-conditioned.
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Fig. 2.12 Architecture of the optical BMI software minimises response latency to neural
activity. (a) Schematic overview of BMI implementation illustrating the asynchronous exe-
cution contexts and propagation of data through the system. A direct measurement of the
galvanometer used to control the microscope laser bypasses the BMI processing to ensure
image frame alignment with VR task simulation during offline analysis. (b) Waterfall diagrams
of estimates of the mean and worst-case latencies for the propagation of a Calcium transient
from an imaged neuron to an update visible on the VR screen.

After signal processing and decoding are complete, the computer performing imaging
and decoding sends a command over a local network to a second computer responsible for
rendering the visuals of the VR environment. Rendering takes place at 50 Hz, and so once
again we have an average wait time (10 ms, in this instance) before the outcome of a command
can be displayed to a screen.

Taken together, we estimate the mean latency of the entire process at slightly under
60 ms (Fig. 2.12.b). We provide as a comparison a hypothetical worst-case propagation
time, approximately 100 ms, in which each data handover between processes takes place at
each most inopportune moment. By taking high-frequency measurements of the resonant
galvanometer used to control the microscope mirror, we can detect spikes in the current
mirror control current that correspond to the frame reset times, which allows us to confirm

propagation time through the imaging PC and ensure frames are correctly aligned post-
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experiment!'®. We find that these propagation times (which exclude the image raster scan and
the display-to-screen components) take place within the space of two imaging frames (i.e.
between 33 and 66 ms).

In practice, operating system-level scheduling can desynchronise the relative timing of
these processes, so there is some variance in propagation latency. The operating system
can also pause processes, sometimes for long enough that a frame must be ‘skipped’ by a
downstream component. When this does happen, the component detecting a skipped frame
will simply reuse its last valid input and record the occurrence of a skipped frame. These are
relatively rare: in a typical 10-minute recording with 17,994 frames, a single-digit number of
frames will have been skipped.

These latency estimates are important: when an animal eventually controls progress
through a decoder in closed-loop, long delays between cause (neural activity) and effect
(actions taken by the BMI) make the control more difficult to learn. We have described
latencies that fall well within rodent reaction times (there is considerable variance across task
designs, but Goldstein et al. (2022) and Wang and Krauzlis (2018) both report behavioural
response times to visual stimuli in the region of ~400 ms), and therefore posit that the visual
feedback on behavioural timescales is comparable to the manipulation of a wheel or lever
to control a VR task. We conclude that both average latency and spikes in latency will have
negligible effects for our experimental results describing closed-loop experiments.

2.5 Discussion

2.5.1 Open-loop evaluation: a green light for closed-loop trials

We have described a Calcium-imaging based BMI design that reads out from place cells in
CA1 and is accurate in open-loop, runs in real-time, and uses a straightforward underlying
decoder model. This point has previously been reached before for 1-photon imaging of
animals navigating real environments (Chen et al., 2023; Sun et al., 2022). Ensuring that
we achieve equivalent results in our VR task is a necessary stepping stone on the way to
investigating the interaction between closed-loop BMI usage and neural activity in CA1. We
claim that the results in this chapter suggest a stable technical foundation from which to stage
such investigations. However, we take the opportunity in the following sections to outline
some of the design’s rougher edges and the technical limitations that stand between it and

more ambitious closed-loop experiment designs.

10An acknowledgement: the hardware and computer scripts for such alignment were the work of Marius Bauza
as part of an earlier, separate project.
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2.5.2 Suitability for cross-day decoding

While part of the appeal of imaging CA1 is the visibility of plasticity on short timescales, we
aspire to eventually move to reusing decoders from one day to the next. This is not viable
with our current methodology. In the experiments described in the following chapters, we
manually align the imaging FoV on each day to match the FoV from the previous day. This is
adequate for performing post hoc registration to identify the subset of ROIs in the population
that match from one day to the next, but the fraction of neurons we preserve from one day to
the next is low, as we are stringent with our confidence requirements on identifying matches
(see Section 4.6.1). Crucially, this alignment is not sufficiently precise to reuse a decoder from
a previous day.

We are once again burdened by the same technical limitation that made adopting the pixel
feature space a pragmatic design choice: it is non-trivial to consistently and automatically
identify the same ROIs from a short segment of imaging data. An existing and promising ex
silico approach involves using two different fluorescent indicators simultaneously on different
emission channels (e.g. a red and a green channel), with one channel imaging neural activity
and the other serving as an alignment guide using anatomical features (Cheong et al., 2018;
Grewe et al., 2010). This complicates the surgery, the imaging hardware, and would require
automating alignment of the FoV from one day to the next. Nevertheless, this seems like
a natural next step to better leverage the virtues of Calcium imaging, and would have the
highly desirable side effects of obviating the need for the pixel feature space (which somewhat
obfuscates the mapping between activity and decoder weight) and improving the number of

neurons we are able to track across days.

2.5.3 Complexity of the navigation task

Our VR task takes place on a 1D track. Not only is this corridor devoid of choices between
paths that might lead to different experiences of the environment, but the animal only ever
runs forward. It therefore only ever experiences the visual cues on the track as part of the
same sequence.

As a piece of software, ReTiCaDe is agnostic both of underlying imaged brain region and
task design. It is modular at both the level of interprocess communication (readily adaptable
to communicate with other models of incoming image data or VR experiment configurations)
and at the level of data processing (we provide pipeline and decoding stages that can be
composed and tuned a la carte). It is therefore extensible to more complex tasks from a purely
technical standpoint.

Taking a more holistic view, highly constrained tasks like the 1D track can paper over one
of the current major limitations of optical BMIs. Calcium imaging must make trade-offs in

its imaging sessions: at higher laser power, signal-to-noise ratios are higher, and with longer
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sessions, we get more training data; but both of these two choices result in greater risk of
photobleaching or otherwise damaging the population. In the case of training decoders
on neural representations in CA1l, animals must repeatedly visit all relevant locations in an
environment to provide a suitable training corpus. Repeated traversals of the 1D track ensure
that all locations in the environment are visited and well-sampled. Full, open-field navigation
based on an optical CA1 BMI is challenging. Task design of this nature is appropriate either
to alternative imaging techniques that can leverage longer recording sessions (e.g. Lai et al.
(2023), who require 30-40 minute recording sessions for a 1mx 1m virtual environment), or
would require further iteration on the signal processing side of optical BMIs to maintain
decoding accuracy at lower laser powers. If we broaden our horizons beyond CA1, we could
look to entirely different brain regions that do not rely on sparse representations of space
(e.g. decoding heading velocity and direction rather than position, as is typical in most BMI
designs for cursor control or navigation).

Despite these limitations, there is nevertheless a fertile middle-ground: clever task design
can restrict exploratory freedom and enforce greater coverage of the environment during
the collection of training data. Maze structures with clear decision points (e.g. Johnson
and Redish, 2007), or virtual analogues to mazes with reconfigurable structures such as the
honeycomb maze (Wood et al., 2018), provide the opportunity to decode navigational choices
between different routes in real-time.

In a research landscape in which BMIs are used to control computer cursors (Gilja et al.,
2012), produce speech (Willett et al., 2021), manipulate virtual prosthetic arms (Goueytes
et al., 2022), make navigational choices (Sorrell et al., 2024), or perform open-field navigation
(Lai et al., 2023), our task hardly seems eye-catching. Nevertheless, we hope to demonstrate
in the following chapters that we have much to learn from this unassuming 1D track.

2.6 Methods

2.6.1 Signal processing
Real-time dF/F filter

The conventional form for a dF/F filter applied to a neuron ROl is:

F(t)-F

F(t)= —=
Where F(f) is the ROI fluorescence in frame  and F is the mean fluorescence of that ROI over
the course of an entire session. However, as the BMI requires a causal filter (one that has no

knowledge of future values), and because we desire a degree of low-pass filtering, we instead
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use the following formulation (see Sorrell et al. (2024) for an example of precedent):

Ffast(t) - Fslow(t)

F'(t)=
® Fslow(t)

Where Fig¢(£) and Fyjoy () are both exponentially smoothed versions of F:

Frast (1) = Qgast F (1) + (1 — Qfagt) Frase (£ — 1)

Fyow(t) = agiow F (2) + (1 — g1ow) Fslow (£ — 1)

The constants a,g and ag oy are set to 0.3 and 1073 respectively. These can be understood in
terms of a time-constant 7, the number of seconds it would take for an impulse to decay to
1/e of its original value, by use of the sampling frequency f; via:

-1
a=1-e"s

Which corresponds in time-constants of 74y = 33.3 s and 7,5 = 0.09 s: a fairly responsive
band-pass filter.

The relatively long time constant for Fgo, (%) means that, if initialised at zero, the filter
must be ‘burned in’ on a stream of frames before producing adequately filtered data. In offline
analysis, we burn in the filter by computing an initial state for Fgjq () and Fag(f) by ingesting
F(?) in reverse time order. For online, closed-loop BMI trials, we initialise both Fjjq (#) and

Frast (1) to the value of F evaluated over the data used to train the decoder.

Butterworth time-domain band-pass filter

As a point of comparison to the real-time dF/F filter, we use a Butterworth band-pass filter
with lower cut-off frequency 0.033 Hz, upper cut-off frequency 10 Hz, and order 2, using a

reference implementation from scipy (Virtanen et al., 2020).

Spatial image filtering

The initial spatial low-pass filter applied prior to motion correction is a 2D Gaussian smooth-
ing with a standard deviation parameter o equivalent to 9.6um (accounting for the image
resolution at the point the filter is applied). The spatial band-pass filter applied after tem-
poral filtering is a 2D Difference-of-Gaussian filter parameterised by ojower = 20um and

O upper = 4pim.
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Non-rigid motion correction

The non-rigid motion correction algorithm is based on the scikit-image implementation of
the Iterative Lucas-Kanade optical flow correction algorithm (Lucas and Kanade, 1981; van der
Walt et al., 2014). The maximum window evaluated around each pixel has a radius equivalent
to 28um. We evaluate only a single warping, as our displacements are typically small (and
subsequent iterations must be traded off against a substantial computational cost). Each
motion-corrected frame is aligned against a reference frame. For closed-loop BMI decoding,
we construct a reference frame from the mean pixel-wise fluorescence over the 10-minute

trial used as training data for the decoder.

2.6.2 C(lassification-based decoding

All classifiers use existing implementations from the scikit-1learn package (Pedregosa et al.,
2011).

Class balancing

To account for uneven occupancy of spatial bins, training data classes are balanced prior to

model fitting by weighting samples to ensure an equal total sample weight in each bin.

Linear SVM

We use an L1 penalty to provide a sparse regularisation. This discourages allocation of
non-zero weights to features that provide minimal information about track location. The
hyperparameter controlling the strength of the regularisation (denoted C in most texts) is
set to 0.05 when using neuron ROIs as features and to 0.2 when using the pixel feature space.
These values were selected by a sweep of the parameter-space and evaluating performance
on unseen laps across all offline evaluation sessions, and are subsequently fixed for use in the

closed-loop BMI experiments described in the next chapter.

Naive Bayes

We assume feature likelihood to be Gaussian, i.e. that for each feature x; and observed in

class y we can approximate P(x;|y) as:
P(x;]y) ~ N(y,0%)

Where p, and o are estimated from the training data. The sample weighting for class balanc-

ing is equivalent to forcing P(y) to take a uniform distribution, and so a model prediction j
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based on an observation of N features takes the form:

N
y = argmax (ZlogP(xily))
y i

Multi-layer perceptron

We determined the network size, parameterised only by the size of the single hidden layer,
through manual trial and error, and selected the best-performing MLP as the comparison
point to the SVM-based method. The presented MLP uses a tanh activation function, uses
a single hidden layer, is fully connected, uses early stopping, and is trained with gradient-
descent (Adam). It uses L2 regularisation, with the strength of the regularisation (denoted «
in most texts) determined by 5-fold cross-validation.

2.6.3 Regression-based decoding

All regressors, used in decoding quantities as continuous variables rather than as discrete
classes, also use existing implementations from the scikit-learn package (Pedregosa et al.,
2011).

Decoding velocity from CAl

We fit a Lasso regression (a linear regression with an L1 penalty) to predict running velocity
from neuron ROI fluorescence. The regularisation strength is determined by 5-fold cross-
validation within the training data. Running velocities are averaged over a 7-frame wide
window centred on the current frame, corresponding to a smoothing with a boxcar filter of
width ~230 ms. The ROI traces are dF/F filtered identically to their use in evaluating classifiers.
As with the classification evaluations, we split traversed laps of the track into training and
testing data with a 75%-25% split.

Decoding multiple kinematic variables from PPC

We train four models to predict x-positions, y-positions, forward velocities, and heading
direction. Neuron traces are filtered using the same dF/F filter as used for the CAl data.
We evaluate the R? values of the models for each kinematic variable based on a 75%-25%
train-test split of maze attempts, repeating 10 shuffles of the train-test split as with the
CA1 classifier evaluations, over 5 sessions (1 session for each of 5 animals) and report the
mean R? value. The first model is a simple linear regression minimising the squared error of
prediction. The second model is a ridge regression (a linear regression with an L2 penalty),
and its regularisation strength is determined by 5-fold cross-validation over the training data,
evaluated at 20 points spaced logarithmically over the interval [10~3,103]. The third model is
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an SVM with a linear kernel with its regularisation parameter C also determined via the same
cross-validation, using a squared epsilon-insensitive loss for an L2 penalty. The fourth model
is an MLP regressor with a single hidden layer containing 10 units—this size selected by trial
and error to perform well across the entire set of animals (which have varied session duration
and ROI counts).

2.6.4 Explanatory importance of kinematic variables
Kinematic variable preprocessing

We expand position from a single variable representing y-coordinate along the track to 10
variables via the following kernel for each decoding bin location:

_ ( bin centre—y )2
Ybinindex = € bin width

We smooth velocity by averaging over a 7-frame long window (3 frames either side of
the current frame), and then compute the acceleration variable as a numerical derivative of
this filtered velocity (thereby mitigating issues associated with numerically differentiating a
noisy signal). The raw ‘reward’ signal is zero everywhere except at the frames corresponding
to reward delivery, where it takes the value 1. The reward variable we use in the fit is a
convolution of this signal with a Gaussian kernel with a standard deviation equivalent to
20 frames. The raw lick signal is also a binary signal, zero everywhere except on frames
corresponding to a lick of the reward spout. The lick variable we use in the fit is a convolution
of this signal with a Gaussian kernel with a standard deviation equivalent to 10 frames. Time
elapsed since the start of the trial requires no additional processing or filtering. Prior to fitting,
all kinematic variables used as input features are subject to scaling to enforce zero mean and
unit standard deviation.

Model fitting

In the case of the ‘full model’, we fit and evaluate one model using all of the kinematic variables
as input simultaneously. In the case of single-variable models, we fit and evaluate one model
per kinematic variable. In the case of single-omission models, we fit and evaluate a model
using all kinematic variables except the variable under consideration.

We use a ridge regression to attempt to predict the activity of each neuron in the session
(as expressed by dF/F filtered traces), once again using a 75%-25% train-test split and shuffling
the nature of this split 10 times, ensuring that the random shuffles are identical across choice
of kinematic variable under consideration. We record, for each shuffle of split within each

session, the mean explained variance over all neurons. We report this directly as a measure



54 Design of a closed-loop optical hippocampal BMI

of variable importance for single-variable models. For the importance in single-omission
models, we report AR?: the difference between the score of the full model and the single-

omission model.

2.6.5 Neuron ROI contribution to pixel feature space

To estimate the contribution of a neuron ROI to decoding within a given session, we iterate
over each pixel in the neuron’s footprint (at a resolution of 512x512 pixels) to determine the
proportion of overlap with each feature in the feature space (32x32 pixels). We calculate a
‘raw’ weight for each bin for each neuron ROI by performing an average of the weights in the
feature space, with the averaging weighted by the proportion of overlap with the ROI. We then
normalise these raw weights across neuron ROIs within each class (spatial bin on the track)
by dividing by the standard deviation of the raw weights within that class.

As an important side note: directly comparing weights, whether they are inferred neuron
weights or weights in the pixel space, requires normalisation of the input features. In typical
machine learning literature, this would be handled by forcing features to have unit variance
and zero mean. Here, we rely instead on the dF/F filter in the signal processing pipeline,
which effectively normalises each feature space pixel by its mean fluorescence.

2.6.6 Surgical procedures, animal training, and imaging hardware

Acknowledgement: This section is adapted from an article currently in preparation reporting
our BMI work. The following details were summarised by Hinze Ho for that article.

Mice

All experimental procedures were conducted in accordance with the UK Animals (Scientific
Procedures) Act 1986 (ASPA), following ethical review by the University of Cambridge Ani-
mal Welfare and Ethical Review Body (AWERB). All procedures were performed by trained
personnel authorised under Home Office Personal and Project licences.

Mice were housed in conventional plastic cages (16cm x 27cm x 18cm) and were group-
housed where possible. Water and food were supplied ad libitum unless otherwise specified.
All mice were kept on a 12:12 hour light:dark cycle in an animal facility with regulated temper-
ature (21-23 °C) and humidity (50-60%). All mice were male.

Viral injection and device implantations

Mice were anaesthetised with 1-3% isoflurane in O, and placed in a stereotaxic frame (David
Kopf Instruments, Model 1900) in all surgical procedures. The scalp was shaved and swabbed

with iodine before incisions were made to expose Bregma, from which coordinates were
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measured. Analgesic (Metacam, 0.05 mg/10g body weight) and antibiotics (Baytril, 0.05/10g)
were administered via subcutaneous injection. Body temperature was maintained at around
35°C and breathing was monitored throughout surgery. Ointment was applied to protect the
eyes from dehydration and scarring. Mice were placed in a heated chamber for 1-2 hours
following surgery to aid recovery before transfer back to their home-cage. Post-operative
care, which generally lasted 5 days, provided Metacam and Baytril orally and monitored body
weight.

A head-plate was used for head-fixing the mice during 2-photon imaging. The head
plate consisted of a custom-made aluminium piece with a central opening for imaging,
flanked by two ‘wings’ which could be fastened with screws to fixed points relative to the
microscope objective during experiments. Outside of experiments, the central opening was
kept covered by a screw cap to keep the imaging cannula clean. For head-plate implantation,
a circular patch of scalp was excised and the crown of the skull exposed. Viral injection was
made in the right hemisphere, and two contralateral sites of craniotomy were drilled for
insertion of jeweller’s screws to provide additional support for the head-plate. Opaque dental
cement (Superbond C&B) was applied to permanently attach the head-plate to the skull. A
Nanofil needle and syringe controlled by a micropump were employed for viral injection. A
craniotomy of approx. Imm was made atop the injection site with the following coordinates:
AP: 2.0 mm posterior from Bregma; ML: 1.8 mm from midline; DV: 1.3 mm beneath dura
(Dombeck et al., 2010). To express Calcium indicator in the dorsal hippocampus stratum
pyramidale, 200nl of titre 2.3 x 10'3 GC/mL AAV1-syn-jGCaMP8f-WPRE-SV40 (Zhang et al.,
2020) (Addgene 162376-AAV1) diluted 1:1 in artificial cerebrospinal fluid was injected at 30
nl/min, followed by a 10-minute wait to minimise backflow before retracting the needle.
Exposed skull was covered with Kwik-cast and the head-plate covered with a screw cap.

One week after viral injection, a second surgery implanted the imaging cannula (a stainless
steel tube with outer diameter 2.7 mm, inner diameter 2.3 mm and height 2.5 mm). A 2.5 mm
diameter cover glass sealed one end of the tube and was attached using UV curable adhesive
(Norland Products). A craniotomy of approx. 2.7 mm was made using a trephine drill centred
around the injection site. Dura was excised and the cortex overlaying the hippocampus
was slowly removed by aspiration using a suction pump. The tissue was regularly irrigated
with sterile saline solution to stem bleeding and maintain tissue integrity. The outer layer of
the corpus callosum tracts were revealed but generally spared. The alveus was not exposed
and remained undamaged. Once all bleeding ceased, a small drop of transparent Kwik-
Sil silicone adhesive (WPI) was applied to the centre of the excavation and a cannula was
immediately inserted into the craniotomy, pressing the cover-glass against the tissue above
the hippocampus. Opaque dental cement was used to permanently attach the cannula to the
skull.
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Training

Following post-operative recovery, mice were handled and habituated on the styrofoam wheel
in the VR setup for two days. Mice were then placed on food restriction and their health and
body weight were checked daily. The body weight was kept at no lighter than 85% of the
original weight. Mice were then subjected to head-fixing, initially for several minutes, with
duration increasing in subsequent sessions until they were able to be head-fixed for 30-40
minutes. While head-fixed, mice were encouraged to run on the wheel and received rewards
for doing so, working towards completing at least 100 laps of a fixed track distance within
a 40-minute session. During this habituation, the monitors displayed a dark screen. The
reward location on the track was randomly distributed to prevent the mice from developing
anticipatory behaviour based on distance, as well as to encourage consistent exploratory
licking of the reward spout. The initial track distance was 50 cm, increasing to 100 cm, 200 cm,
and 400 cm each time the mouse could run the 100 target laps within the 40-minute duration.
Once a mouse could complete 100 laps of the 400 cm track, the animal was introduced to the
VR environment (screens no longer dark, reward at fixed location) on the following session.
This habituation and training programme took an average of 1-2 weeks to complete.

When first introduced to the cue-rich VR track, mice displayed scattered licking along the
track, as they were unfamiliar with the environment and reward location. Following several
days of exposure, mice began to exhibit behaviour associated with reward anticipation,
exemplified by improved licking specificity and deceleration as the animal approached the
reward site. A mouse was deemed well-trained when anticipatory licking behaviour became
stable and the running velocity profiles were comparable on two consecutive days. Typically,

it took mice 5-7 days to become an expert.

2-photon imaging hardware

The imaging microscope was supplied and built by Brucker Corporation, including a Ti:sapphire
excitation laser (Chameleon Ultra II, Coherent) with a frequency of 920 nm and 60-70 mW
average power at FoV, and mounted on an antivibration table (Thorlabs Inc.). We used
Prairie View 5.6 (Brucker Corporation) for software control of the microscope, either manually
through the GUI or programatically via a bespoke interface within ReTiCaDe. We blocked
light leakage from the VR screens with a removable shield of black polyurethane-coated nylon
fabric fitted to the head plate. Imaging sites were coarsely located using epifluorescence prior

to more exact alignment using 2-photon imaging.



Chapter 3

Closed-loop BMI performance during a

simple navigation task

Acknowledgement

The closed-loop BMI experiments described in this chapter were performed in collabora-
tion with Hinze Ho, who performed all animal handling, training, and surgeries, within
Julija Krupic’s lab at the Department of Physiology, Development, and Neuroscience at the
University of Cambridge.

Chapter overview

This chapter describes an experimental paradigm for using a hippocampal BMI in closed-loop.
We focus specifically on the behaviour of animals during BMI-controlled trials, outlining
factors affecting BMI performance of the navigation task described in the previous chapter.
We explore the following main observations:

* BMI usage decouples the navigation task from locomotion on the wheel and reveals a

new distinct neural representation of the environment

e BMI decoders trained on locomotion-based traversals of the VR track have poor closed-
loop decoding accuracy, despite high accuracy when evaluated offline

e BMI decoders trained on traversals when locomotion and VR motion are not causally
related have good closed-loop decoding accuracy and perform the task well

* Closed-loop BMI performance improves both with experience and with attentiveness

Additionally, we lay out an experimental schedule that runs over the course of approximately
four weeks, including additional control trials designed to isolate BMI-specific phenomena.
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3.1 Introduction

3.1.1 Thought experiment: pairing actions with neural states

The story so far: we have an accurate open-loop decoder, and we are curious to see what
happens in a closed-loop setting. But how do we take a decoded position and turn it into a
navigation action? Lai et al. (2023) approach this by averaging a decoded position over the
course of several seconds and smoothly transporting the animal to that location, framing this
as ‘volitional control’ over an imagined next location. As a first effort for closed-loop control,
we are going to attempt something simpler: to construct a scenario in which the animal will
succeed at the navigation task as long as it maintains a consistent neural representation of
the VR track.

We illustrate this with a thought experiment. Suppose an animal is tasked with navigating
through a maze: at each decision point, there is a correct action that will take the animal
closer to the goal (Fig. 3.1.a). This pairing of location with navigation action forms a policy'
that solves the maze. If we were to construct a BMI that had advance knowledge of the correct
pairings between position and action, then this BMI would be able to reproduce correct
trajectories through the maze by decoding position at each timestep and applying the correct
navigation action for that position. Hypothetically, we might expect that this encourages the
population to retain features of the neural representation critical for decoder accuracy: the
neural population has an incentive to preserve its encoding, as task success becomes yoked
to neural activity.

Our VR task is not a maze with choices, but a simple linear track. Nevertheless, the
stereotyped parabolic trajectory that expert animals use to solve this navigation task—to run
quickly when far away from the reward, to slow down ahead of the reward, and to accelerate
quickly once the reward is obtained—allows us to formulate this task as a pairing between
position on the track and velocity (Fig. 3.1.b). Our closed-loop BMI experiment uses the
imaging and decoding procedures described in the previous chapter to decode a coarse
position, one of ten spatial bins, in real time. This position is then converted into a velocity
through a ‘target trajectory’ policy, which mimics the ideal stereotyped trajectory mice take
along the track (Fig. 3.1.c, see Methods 3.7.1). Given our accurate decoder, we expect a fairly
straightforward reproduction of the parabolic stereotyped trajectories using BMI control,
provided that the animal maintains its representation of the track.

This approach does not give the animal freedom to explore using the BMI: it merely
requires the animal to pay attention to the navigation task and keep its representation of
the track intact. It does, however, open up opportunities to investigate a conditioning-like

IBorrowing the language of reinforcement learning, we would formulate the mapping of a state s to some
action a as the ‘policy’ 7 (als).
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Fig. 3.1 Solutions to navigation problems can be expressed by a pairing of locations to
movement actions. (a) In a maze with a starting location and goal location, the maze can
be correctly traversed by reproducing the correct navigation choice at each decision point.
With knowledge of the correct navigation actions, a BMI that accurately decodes locations
and selects the corresponding navigation actions will produce successful trajectories through
the maze. (b) The stereotyped trajectories of velocity on the 1D VR track correspond to an
association between locations and actions. The animal’s learned solution to the task, its
behavioural policy, is to modulate its speed based on its current location on the track. (c)
Using the BMI framework described in Chapter 2, we can decode the animal’s perceived track
location from CA1 hippocampus in real-time. By translating this into the correct forward
velocity for the decoded location, we produce a closed-loop BMI task that the animal will
succeed at for as long as the neural representation of the track can be accurately decoded.
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reinforcement of the representation, and allows us to decouple the animal’s running on the
wheel (or other physical manipulation of a controller) from travel while maintaining a causal
relationship between neural activity in CAl and task success—the animal is not a passive

passenger, and still has a degree of agency over its progress through the VR track.

3.1.2 Disastrous initial closed-loop decoding

This simple closed-loop thought experiment fails spectacularly in practice. An animal per-
forms the VR navigation task for 10 minutes, completing an adequate (20+) number of laps of
the track and exhibiting expert behaviour. We train a decoder on this data while the animal
experiences a break from the task in darkness. We then use this decoder as part of the BMI
control scheme to govern the animal’s progress along the track in another 10-minute trial (Fig.
3.2.a).

During the BMI trial, the animal continues to pre-lick in anticipation of the reward, and it
even continues to manipulate the wheel in a way that would result in correct task performance
if the wheel were still responsible for progress along the VR track (Fig. 3.2.b). Despite this
compelling behavioural evidence that the animal understands its location on the track, the
VR velocity trajectories produced by the BMI indicate extremely poor decoding: they bear no
resemblance to the neat parabolic behaviour of expert task performance.

How is it that a decoder that was so accurate in open-loop completely collapses in closed-
loop? Rather than a technical failure, the change appears inherent to the neural population:
when the loop is closed, the representation changes. Consider the example neuron in Fig.
3.2.c: this neuron has a place field when the animal uses locomotion to navigate along the
track, but it appears entirely absent during BMI usage. However, if we disable the BMI in
the middle of the trial and allow the animal to control its progress using locomotion, the
place field returns on the very next lap. This change in representation takes place quickly and
appears reversible. This is reminiscent of remapping, and we hypothesise that there is some
BMI-specific representation that does not match the previous locomotion representation.

If that hypothesis is correct, then it is not a huge leap of faith to imagine that this BMI-
specific representation might be sufficiently stable for us to fit a decoder to it and recover
successful BMI performance of the navigation task. We can extend our session structure to
produce a ‘second-generation’ decoder by using the attempted traversals of the track using the
initial BMI as training data (Fig. 3.2.d). This works: when the animal performs BMI trials with
this second-generation decoder, the target trajectory is followed well and laps are executed
consistently (Fig. 3.2.e).

A description of what happens within the neural population during BMI remapping awaits
in Chapter 4, along with clues as to the nature of this apparently context-sensitive remapping.

In this chapter, we concern ourselves first with exploring the factors affecting closed-loop
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Fig. 3.2 Closed-loop BMI using a decoder trained on locomotion traversals of the environ-
ment fails to reproduce stereotyped trajectories. (a) An example session structure consisting
of two 10-minute trials separated by a 10-minute break. The animal’s first trial, in which it
traverses the environment by running on the wheel (locomotion), is used as training data for
a BMI decoder. The BMI decoder is used to control progress on the track in the second trial.
(b) A histogram of the animal’s lick locations across all laps of the track during the BMI trial,
as well as the animal’s velocity traversing the environment (each trace shows one lap) and the
speed at which it runs on the wheel as a function of track position. The bold line indicates
the target velocity profile that would be imposed by a perfectly accurate BMI decoder. (c)
Lapwise dF/F traces for a single example neuron. Here, the initial laps are performed using
BMI (orange traces), but the control modality is swapped from BMI to locomotion (blue
traces) midway through the trial (dashed line). (d) An extension to the session structure in (a),
wherein the attempted traversals of the track performed using BMI in Trial 2 are used to train
a second decoder, which is subsequently used in Trial 3. (e) Behavioural plots as in (b), shown
for Trial 3 in which the decoder has been trained on attempted BMI traversals from Trial 2.
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decoding accuracy and demonstrating that this discrepancy between decoders trained on
locomotion and trained on (poor) BMI traversals is highly consistent.

3.2 Closed-loop BMI experiments and control sessions

3.2.1 Session structure and control modality trial types

From this point onwards, all the experiments relating to closed-loop hippocampal BMI use
a common structure: we run sessions of four 10-minute trials, each spaced by 10 minutes
in darkness. Each trial contains multiple laps of the VR track. The first and last trials serve
as reference trials, while the inner second and third are a probe condition (Fig. 3.3.a). This
structure allows us to investigate both which changes in representation are reversible (remap-
pings corresponding to representations specific to BMI or locomotion) and which changes
are persistent (alterations to an existing cognitive map).

The environment cues, reward structure, and trial length are always unchanged. The only
variable that changes between trials is the ‘control modality’: the means by which the animal
traverses the environment. There are three major categories of control modality: locomotion,
BM]I, and autopilot (Fig. 3.3.b).

a Session Structure b Trial Types
. locomotion BMI
Trial 1 reference 1 ®
. < o'
10 Trial X ==~ s S ) |
minutes break (dark) EEEE— \‘ @ location

BMI (X) - decoder g

] - 3
trained on X mirrored & il |

Trial 2 probe 1

gain location
modulation
autopilot (passive motion)
Trial 3 probe 2 20 parabolic constant random

break (dark)

velocity
(cm/s)

Trial 4 reference 2

o

6 position (cm) 4606 position (cm) 4606 position (cm) 460

Fig. 3.3 Overview of recording session structure. (a) Sessions consist of four 10-minute
trials each spaced 10 minutes apart by breaks in darkness. The initial and final trials serve
as a reference condition, while the inner trials are probe trials. (b) The major trial types are
named according to which control modality is used to navigate the track during the probe
trials: locomotion (including a gain-modulation variant in which the gain of the wheel is
modified), BMI (including a ‘mirrored’ variant in which the target velocity profile is inverted),
and autopilot in which the animal has no control over its progress (including three variants).
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In locomotion trials, the animal makes progress along the VR track by running on the
wheel. We typically use these for the reference trials at the start and end of each session. A
variant of locomotion trials (covered in more detail in Section 4.5) allows us to vary the ‘gain’ of
the wheel, altering the relationship between the animal’s running and the distance traversed
on the VR track—this eventually functions as a control against effects introduced between
BMI and locomotion control modalities that could correspond instead to discrepancies in
distance travelled and distance run.

In BMI trials, the neural activity of the population determines progress along the VR track.
The decoder for any given BMI trial is always trained on the immediately preceding trial, and
is labelled as such (for example: a trial controlled by a BMI whose decoder was trained on
trajectories from Trial 2 would be labelled ‘BMI 2’). As previously described, BMI control maps
a decoded position to a velocity via a target trajectory policy. We use the same target trajectory
(shown earlier in Fig. 3.1.b, see Methods 3.7.1) for all animals, even if some animals naturally
run faster or slower. This trajectory was hand-constructed to mimic the real stereotyped
trajectory of animals. In the ‘BMI-mirror’ variant (covered in more detail in Section 3.5.1), the
target trajectory is mirrored about the centre-point of the track to deliberately disrupt the
stereotyped running trajectory.

In autopilot trials, the animal has no control over its progress along the VR track. We use
three variants of these trials. These are control trials that allow us to compare the effects
of BMI usage on the neural population separately from the effect of removing locomotion-
based control of movement. In ‘constant’ autopilot, the animal travels at a constant 30
cm/s under all circumstances. In ‘parabolic’ autopilot, we force the animal to follow the
target trajectory for BMI trials, which emulates the trajectory an animal would take with a
hypothetical 100% accurate decoder. In ‘random’ autopilot, the animal’s forward velocity is
selected pseudorandomly (see Methods 3.7.1), which produces varied traversals of the track

from one lap to the next that are unpredictable from the perspective of the animal.

3.2.2 Session descriptions

These trial types based on control modalities are combined into types of 4-trial sessions,
summarised in Table. 3.1. We show some typical trials illustrative of animal behaviour during
these various session types in Fig. 3.4 and Fig. 3.5. We will return to these session types as
they become relevant to our argument—this section will be useful to refer back to—but take
the opportunity here to make both some general comments about behaviour and explain the

rationale for each session type.
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Trial 1 Trial 2 Trial 3 Trial 4

locomotion locomotion locomotion locomotion
BMI | locomotion BMI (1) BMI (2) locomotion

autopilot-BMI | random speed BMI (1) BMI (2) random speed
locomotion mirror BMI (1) mirror BMI (2) locomotion
random speed | locomotion random speed | random speed locomotion
locomotion constant speed | constant speed locomotion
parabolic speed | locomotion | parabolic speed | parabolic speed | locomotion
locomotion | modulated gain | modulated gain | locomotion

Table 3.1 Session types are defined by their composition of trial types. All sessions except
for the autopilot-BMI session use locomotion for the reference condition in Trial 1 and Trial 4.

‘All locomotion’ sessions

These sessions act as a baseline, with the probe trials replaced by additional reference loco-
motion trials. They allow us to assess a baseline rate of turnover in representation that takes
place without any experimental manipulations. By construction, wheel speed and VR velocity
are an exact match during any locomotion trial (Fig. 3.4.a). Inspecting the velocity traces both
within Fig. 3.4.a and the locomotion trials within other sessions in Fig. 3.4 and 3.5, we see that
the animals do indeed perform highly stereotyped traversals of the environment. However,
while each animal is individually consistent with its own stereotyped strategy, and while there
are features common to all of the traversals (e.g. early acceleration, anticipation of the reward
site), there are variations from individual to individual. For example, some animals achieve
their peak velocities before the reward site, and others after the reward site on each lap. We

draw particular attention to the fact that not all animals reach the same peak running speed.

BMI sessions

The bulk of sessions are BMI sessions, in which the animal first performs the navigation task
with locomotion. This is used to train an initial decoder, which is used for closed-loop BMI in
Trial 2. Decoder accuracy is typically poor in Trial 2, but this is nevertheless used to train a
second decoder, which is used for closed-loop BMI in Trial 3.

In Fig. 3.4.b we show an example of a mouse that is particularly fast during its locomotion
trials, running at a higher mean velocity during locomotion in the fast segments of the track
than the target velocity profile imposed by the BMI in Trials 2 and 3. Instances such as these
have two potential confounds: (1) it is possible that, rather than BMI usage, it is a change in
the animal’s perceived gain, where the animal feels like it must rotate the wheel more times
to travel the same distance, that is responsible for remapping; (2) animals running more
laps provide a greater amount of training data for the decoder. We will address the former
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with a control experiment (gain modulation, see Section 4.5), and the latter with a thorough
explanation of factors affecting closed-loop decoder accuracy later in this chapter.

Autopilot-BMI sessions

In autopilot-BMI sessions, the reference trials are replaced with random speed autopilot trials.
This means that the initial decoder, used for closed-loop BMI in Trial 2, has been trained on
a passive motion-based representation of the track, rather than one based on locomotion.
As with the BMI sessions, the decoder is retrained on Trial 2 to produce a second-generation

decoder for use in Trial 3.

Various autopilot sessions

The three types of autopilot session, visible in Fig. 3.5.a-c, use passive motion probe trials.
These will serve as an important control in the next chapter for reasoning about which changes
in representation take place due to the loss of a useful path integration signal (manipulation
of the wheel is no longer informative about future location during both closed-loop BMI
and passive motion) and which changes take place because BMI has granted this neural
population causal control over navigation actions.

We highlight in these examples that the animal will remain engaged and attentive during
autopilot sessions: it continues to manipulate the wheel in an attempt to produce the correct,
stereotyped behaviour that we would expect in locomotion trials. This attentiveness is also
visible in their licking profiles. While it appears that they are late for the reward location
in constant speed and random speed autopilot trials, this lateness is due to the animal’s
movement being forced along the track while it is attempting to remain stationary and lick
the reward spout.

Mirrored BMI sessions

The continued ‘correct’ manipulation of the wheel during non-locomotion trials leaves us
with another confound during BMI usage: the animal may be emulating path integration and
thereby keeping its hippocampal bearings by manipulating the wheel during BMI, even if
such manipulation does not directly control progress along the VR track. Fortunately, we find
that this is not universally true: in Section 3.4.1, we will see that some animals do perform
BMI well while entirely decoupling their wheel speed from their VR velocity. To supplement
these observations, we also perform a handful of speculative experiments that use mirror BMI
trials to force a decoupling of wheel motion from VR progress. These have additional utility in
planning prospective future work, as they allow us to assess the stability of representations
when the trajectory imposed by the BMI runs contrary to the trajectory desired by the animal.

We show some example behavioural traces from such a session in Fig. 3.4.d.
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Fig. 3.4 Example animal behaviour across session and trial types. (a) The licking events,
velocity profiles, and wheel running speed profiles for all 4 trials in an example all-locomotion
session. (b) As in (a) for an example BMI session. (c¢) As in (a) for an example autopilot-BMI
session. (d) As in (a) for an example mirrored BMI session. The target velocity policy is shown
by a bolded black line in all trials where BMI is used to control the VR velocity.
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Fig. 3.5 Example animal behaviour across the control sessions and trial types. As in Fig.
3.4 for (a) an example random speed autopilot session, (b) an example constant speed
autopilot session, (c) an example parabolic speed autopilot session, and (d) an example gain-
modulation session. These session types are designed to serve as controls for any changes in
representation induced by BMI usage.
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Gain modulation sessions

Gain modulation sessions use probe trials which distort the gain of running on the wheel as a
function of location on the track. We draw the reader’s attention to the disparity between the
wheel speed and the VR velocity (Fig. 3.5.d) during probe trials, corresponding to regions of
suppressed or amplified gain. We will return to these sessions in the next chapter in Section
4.5, where they are used as part of a control.

3.2.3 Experimental schedule

With our outline of session types and structure complete, we can now introduce the 11 individ-
ual animals used in this investigation. We take particular care to describe the order in which
animals experienced sessions, both because past experiences strongly influence hippocampal
representations and because we are curious to observe any learning or familiarisation with
BMI usage on longer timescales (Fig. 3.6.a). All of these sessions are described after animals
reached expert performance on the locomotion version of the VR navigation task, with dates
relative to the first structured 4-trial session. We timed sessions to coincide with a 4 week-long
window in which the indicator was well-expressed (usually starting ~40 days after injection)
and provided a steady number of neuron ROIs in each imaging FoV (Fig. 3.6.b).

There are two main groups of 5 animals each: those that immediately perform a bulk of
BMI sessions (a minimum of 5) and subsequently experience autopilot sessions, and those
that experience autopilot sessions first, then perform a bulk of autopilot-BMI sessions, and
finally perform BMI sessions. We take care to indicate the handful of sessions that were either
started and then aborted for technical reasons (e.g. bubble obscuring the FoV or partial
data corruption) or discarded due to behavioural issues (in all instances, these belonging
specifically to MH356 and its refusal to run more than 10 laps in the final reference trial), as
these are experiences that may affect representations during the sessions that follow.

MH188 is a special case that falls outside of these two groups. It was data from this animal,
and its fellow cohort animal MH187 (which is not part of the main experiments described
here), that we presented in the previous chapter when evaluating open-loop decoder accuracy.
Unlike the other animals, not all MH188’s BMI experiences are shown in Fig. 3.6.a, as it was
involved in the refinement of the protocol and technical system tests on the BMI software. For
this reason, we omit MH188 from analyses that concern any changes from session to session.
However, we choose to include its structured 4-trial sessions for completeness where valid to

do so (bringing our total number of valid BMI sessions to 50).
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Fig. 3.6 Overview of experimental schedule for each animal. (a) An overview of the experi-
mental schedule on a per-animal basis for each of the 11 animals, outlining which sessions
ran on which days. Sessions that partially ran but needed to be discarded, either due to
imaging issues or due to low animal engagement (refusal to run during reference trials), are
marked with a cross. (b) The number of neuron ROIs identified in each session from (a) for
each animal, highlighting the imaging time window following the injection of GCaMP8f.
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3.3 Representational incompatibility between locomotion and
BMI contexts

3.3.1 Retraining of decoders produces good closed-loop performance

In our anecdotal introduction, we described closed-loop BMI performance that was poor
when trained on a locomotion trial but good when trained on a BMI trial. We can begin to
quantify this discrepancy in performance by considering confusion matrices for the decoders
(see Methods 3.7.3). We first consider these confusion matrices aggregated over all 50 BMI
sessions both for BMI 1, which uses a decoder trained on locomotion, and for BMI 2, which
uses a decoder trained on BMI 1 (Fig. 3.7.a and 3.7.b respectively). The difference is stark.
The confusion matrix for BMI 2 has a relatively clean diagonal, indicating a decoder output
that roughly matches the animal’s true position (sometimes erring one bin either side of the
true bin, but not biased towards decoding a leading or lagging bin). In contrast, the confusion
matrix for BMI 1 indicates a strong propensity to mispredict in favour of the bin containing
the reward location or, failing this, to predict an entirely random location on the track?. This
discrepancy between decoder accuracies suggests some level of incompatibility between the
neural representation of the track when the animal traverses the environment with BMI and
the representation when the animal traverses using locomotion.

As a contrasting observation, if instead we train the decoder for BMI 1 on traversals made
using a random speed autopilot (as in the autopilot-BMI sessions), we find that closed-loop
BMI accuracy is immediately at parity with performance during BMI 2 (Fig. 3.7.c-d). While
we will eventually discover in Chapter 4 that the autopilot traversals and BMI traversals do
not produce identical neural representations of the track, they are at least compatible with
each other: any changes to the representation when transitioning between autopilot and BMI
do not interfere with decoding accuracy, and must therefore take place in the null-space of
the decoder weights.

This phenomenon, conflicting representations of the environment corresponding to a
distinct ‘locomotion context’ and a ‘BMI context), is highly consistent. When we consider the
confusion matrices for individual sessions (Fig. 3.8.a), we see the same pattern as we do in the
aggregate over all sessions. We quantify the improvement between decoders trained on the
locomotion context and those trained on the BMI context as a clear jump in decoder scores®
(Fig. 3.8.b). In contrast, no such change in performance exists when moving from decoders
trained on autopilot control to decoders trained on BMI control (Fig. 3.8.c-d).

2with sufficient squinting, a very faint diagonal is visible, as are some pockets of better-than-chance decoding
at the start and end of the track, but the decoding situation is obviously dire.

3These scores have a minor alteration from the open-loop scoring scheme used in the previous chapter to
protect against a potential sampling bias, see Methods 3.7.3.
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Fig. 3.7 Decoder confusion matrices for closed-loop BMI trials. (a) A confusion matrix,
normalised by ground truth and aggregated over all 50 BMI 1 trials during BMI sessions,
visualising closed-loop BMI decoding accuracy. Each bin decoded by the BMI is compared
against the animal’s true location when that bin was decoded. (b) As in (a), for the same
sessions, but showing accuracy during BMI 2 trials. (c) As in (a), but for the 26 autopilot-
BMI sessions. (d) As in (b), but for the 26 autopilot-BMI sessions. (e) A confusion matrix
produced offline by replacing the input to decoders trained on locomotion trials with Gaussian
noise. Averaged over the 50 sessions from (a). (f) The mean number of features in the pixel
feature-space with non-zero weights for each decoder bin, shown for the decoders trained on
locomotion used in (a) and (e). Error-bars are +/- standard deviation over all 50 decoders.
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Despite the clear improvement in performance between BMI 1 and BMI 2 in BMI sessions,
the reader will observe considerable variance in decoder scores from session to session
(Fig. 3.8.b)—including some rare instances of locomotion-trained decoders performing well
(which we address in Section 3.4.2). Why is it that some sessions demonstrate excellent BMI
performance, and others merely adequate performance? In the following sections, we will
attempt to explain the variance in decoder scores in terms of how attentively the animal
engages with the task, the extent of its past experience with BMI, and surgery-specific factors

such as the number of neurons visible in the FoV.
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Fig. 3.8 BMI decoders trained on non-locomotion traversals of the track perform better in
closed-loop. (a) Individual closed-loop confusion matrices for BMI 1 (orange) and BMI 2 (red)
trials for all BMI sessions. (b) Changes in decoder scores between BMI 1 and BMI 2. Colour
indicates animal identify, as per Fig. 3.6. Paired t-test without correction for animal identity.
(c) As in (a), for the autopilot-BMI sessions. (d) As in (b), for the autopilot-BMI sessions.
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3.3.2 Over-prediction of the reward location

The failure case of BMI decoders trained on locomotion trials and subsequently used in
closed-loop is to over-predict the bin containing the reward site. While it is the most fre-
quently occupied bin in the training data due to the animal stopping at this location to receive
the reward, this frequency bias should have been avoided by balancing classes during train-
ing. Is the cause of the over-prediction due to an artefact of decoder training, or to a more
fundamental neural process such as the animal ‘imagining’ the reward location during its
BMI 1 trial?

The answer lies in a well-known feature of populations in CA1 hippocampus: reward
locations are salient and are therefore over-represented in the population (shown in our own
work in Section 4.3, or in prior art such as Hollup et al., 2001), which will produce an inherent
structural bias in our decoder even if classes are balanced during training. If we visualise this
in terms of a space of neural activity through which we need to draw a decision boundary, the
volume of space occupied by neural activity corresponding to the spatial bin containing the
reward site is relatively large. If we take a decoder trained on locomotion and subsequently
evaluate its open-loop decoding performance while replacing all of the decoder inputs with
Gaussian noise (see Methods 3.7.3), we find that it produces the same over-prediction of the
reward site as when a locomotion-trained decoder is used in closed-loop (Fig. 3.7.e). We
can further validate this explanation by inspecting the weights allocated to the feature space,
which shows the over-representation explicitly: more features have non-zero weights for the
bin containing the reward site (Fig. 3.7.f). We take the shape of this misprediction error as an
early hint that the differences between representations in the BMI and locomotion context
are close to a remapping-like change, in which one representation looks almost like random
noise to the other.

As an engineering-centric aside: it is, in principle, possible for us to compensate for this
type of structured misprediction. For example, we could downsample from the feature space
to produce a more homogeneous distribution of feature space weight by bins. This would
change the misprediction from one that is structured to one that is distributed across the
entirety of the confusion matrix.

3.4 Factors affecting closed-loop BMI performance

3.4.1 Attentiveness

Animals manipulate the wheel during BMI trials in a manner that would produce correct
trajectories, an obvious sign of engagement with the task. This nevertheless produces a
tricky confound: as we know, path integration is critical to the formation of cognitive maps,
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and it is conceivable that by manipulating the wheel at the correct points the animals can
effectively emulate path integration (and indeed may not even realise that manipulating
the wheel is no longer the cause of their motion). In practice, during BMI 2 trials, where
closed-loop decoders are accurate and solve the navigation task well, different animals exhibit
a variety of behaviours: some will manipulate the wheel with an extremely close match to the
BMI-produced trajectories (Fig. 3.9.a), producing high correlations between their running
speed on the wheel and the VR velocity produced by the BMI (Fig. 3.9.b), while others have
a complete disconnect between wheel speed and VR velocity (Fig. 3.9.c-d). Even during
BM], it is rare that the animals remain stationary on the wheel for long. Wheel-running is a
naturalistic behaviour for mice (Meijer and Robbers, 2014), and so complete stoppage is likely
to require explicit training (or a stronger incentive, such as increased resistance of the wheel).

Higher correlations between VR velocity and wheel speed correlate with high closed-loop
decoder scores during BMI 2 trials (Fig. 3.9.e). However, much of the variance remains unex-
plained, and there are ample instances of good decoder performance despite the wheel speed
and VR velocity being entirely decoupled. Additionally, it is difficult to produce situations
with high correlation between wheel speed and VR velocity yet low decoder scores, as this
would require the animal to match its manipulation speed to the almost-random motions
produced by an inaccurate decoder, rather than the stereotyped behaviour it adopted during
its own training.

Fortunately, we have another way to measure engagement with the task: whether or not
the animal is licking in anticipation of the reward. A simple pre-licking score (see Methods
3.7.2) correlates just as well with closed-loop decoder score as the correlation between VR
velocity and wheel speed (Fig. 3.9.f). Reasoning that it is possible for an animal to be attentive
to the task but not run on the wheel, or indeed for an experienced animal to be attentive but
not lick with as much anticipation, we combine the pre-licking score and wheel manipulation
into an attentiveness metric that is high if either of these two measures of engagement is high
(and therefore low only if both are low, see Methods 3.7.2). This metric explains considerable
variance in the BMI 2 decoder score, both in autopilot-BMI sessions and in BMI sessions (Fig.
3.9.9).

We take this observation as plausible initial evidence that it is active engagement with the
navigation task that governs good closed-loop BMI performance. Animals are able to achieve
high decoder scores (and therefore have underlying stable representations) in spite of the
decoupling between wheel speed and VR velocity, and we therefore rule out the possibility that
those animals that perform well in BMI are somehow manipulating the wheel in agreement
with VR velocity to produce a facsimile of a path integration signal that stabilises or enriches
their representations of the track in CA1l.
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Fig. 3.9 Task attentiveness is an excellent predictor of BMI decoder accuracy after decoder
retraining. (a) An example time segment of a BMI 2 trial showing both the animal’s VR velocity
as produced by BMI and its wheel running speed. Grey rectangles indicate inter-lap darkness.
(b) An occupancy heatmap visualising the relationship between VR velocity and wheel speed
over the course of the entire trial shown in (a). (¢) As in (a), but illustrating a session in which
the animal exhibits minimal correlation between VR and wheel velocities. (d) As in (b), shown
for the trial visualised in (c). (e, f, g) Decoder scores during BMI 2 of both BMI (circles) and
autopilot-BMI sessions (crosses), shown as related to the correlation between VR velocity and
wheel speed, the animal’s licking behaviour, and an attentiveness metric combining both
of these measures. R-values correspond to OLS fit and R*-values correspond to OLS fit with
outliers removed. p-values are corrected for animal identity and trial type with a mixed linear
model.
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3.4.2 Experience and place cell count
BMI sessions

We might expect that the number of ROIs visible in a session is a good predictor of decoder
performance during the BMI 2 trial in BMI sessions: the decoder input has access to more
information and a greater degree of redundancy. This is not the case (Fig. 3.10.a), at least
for the range of population sizes we image and the spatial resolution at which we classify (a
population with zero neurons would obviously be incapable of producing a decoder more
accurate than chance, and we discuss later the decoding implications of access to population
sizes an order of magnitude or two larger). What is an excellent predictor of performance is
the number of place cells present in the population, which is not the same from one session
to the next (Fig. 3.10.b). We find too that BMI performance improves with experience (Fig.
3.10.c), and underlying this improvement is a gradual increase in the fraction of the imaged
population that are place cells (Fig. 3.10.d). While some animals may have better or worse
decoder accuracy than others, owing to systematic differences in imaging quality or their
general inclination to engage with the task, the increase in the fraction of place cells that
appear during Trial 3 in BMI sessions is universal. We will not stretch to the tempting claim
that animals are ‘learning to use the BMI’, but we do claim that at minimum this represents a
habituation to BMI that allows a gradual enrichment of the BMI-specific representation of
the track.

Improvements in decoder accuracy, increased attention during BMI, and experience are
all necessarily correlated with each other in a way that makes it difficult to unpick whether
increasing decoder accuracy causally increases attention, or vice-versa. It is possible that an
animal gradually learns that attending to the task during BMI, which would generate a richer
representation of the track, results in desirable outcomes. Equally, if the representation were
enriched through some other process, thereby improving BMI performance, it is possible that

attentiveness improves because desirable outcomes take place more frequently.

Autopilot-BMI sessions

We turn to the autopilot-BMI sessions for a comparison, inspecting decoder scores during
both BMI 1 and BMI 2 trials. Unlike the cohort of animals described above that experience a
long stretch of BMI sessions, this cohort experience a long stretch of autopilot-BMI sessions.
Their decoders are high-scoring in closed-loop from the very first day, and demonstrate mini-
mal improvements in score over time (Fig. 3.11.a-b). They have less pronounced increases in
population place cell fraction during BMI (Fig. 3.11.c-d).

As an aside, we point out that while the autopilot-BMI decoder scores appear at first-glance

to be insensitive to the number of place cells in the session (Fig. 3.11.e-h), this is likely a



3.4 Factors affecting closed-loop BMI performance 77
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Fig. 3.10 Decoder accuracy improves with number of place cells. Increasing BMI experience
results in more place cells in the same population. Decoder score during BMI 2 trials as
a function of (a) the number of ROIs identified in the session, (b) the number of ROIs that
are place cells in that session, and (c) the number of days elapsed since the animal’s first
experience with a BMI session. (d) The density of place cells within the neural population
as a function of the number of days elapsed since the animal’s first experience with BMI. All
R-values and p-values are based on a linear fit and corrected for animal identity.
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sampling artefact: there are no instances of having very few place cells, unlike during the BMI
sessions above, and so all of the datapoints exist in a regime where there are sufficient place
cells to decode well. More importantly: why is it that autopilot-BMI sessions are immediately
rich in neurons with place fields, and yet BMI sessions take time for these to emerge?

We speculate that because the autopilot-BMI animals stop experiencing locomotion trials
altogether for several consecutive sessions, and because these animals had experienced
the random speed condition prior to the BMI condition, they both started with a ‘better’
representation of the track in non-locomotion conditions and had no need to maintain two
separate representations of the track for each mode of active travel. In contrast, the cohort
experiencing primarily BMI sessions needs access to both representations of the track on
each day for task success. To address this more fully, we need a few more details concerning
the performance of closed-loop decoders trained on locomotion trials, and to understand
how this differs for the cohort of animals experienced with the autopilot-BMI protocol.

Performance of closed-loop decoders trained on locomotion trials

The neural representation of the track during BMI 1 in BMI sessions enriches over time (Fig.
3.12.a)—this is hardly unexpected, as it is training decoders on these representations that gives
us accurate closed-loop BMI performance during BMI 2. However, despite this enrichment,
closed-loop decoder scores remain constant in addition to being poor (Fig. 3.12.b). This
in itself is a critical point for distinguishing BMI and locomotion based representations of
the track as being separate: the population is not retaining more of the representation from
locomotion to achieve its greater number of place cells, but rather producing them orthogonal
to the locomotion representation.

As was the case for BMI 2 trials, attentiveness remains important for decoder accuracy
(Fig. 3.12.d). While the session-to-session fluctuation of ROI count for the same animal is of
little consequence to decoder accuracy during BMI 1, we do generally find that those animals
with more ROIs achieve better decoder accuracies than those with fewer (Fig. 3.12.e).

When we consider animals experienced with BMI trials (a minimum of 5 previous sessions
containing BMI trials, to mitigate discrepancies caused by gradual improvement in decoder

accuracy), we make the following observations (Fig. 3.12.c):

* Animals habituated to the autopilot-BMI sessions (group B) have significantly better

decoder scores during BMI 1 than animals habituated to BMI sessions (group A)
* Decoder scores during BMI 2 are not significantly different between groups A and B

* Group B still exhibit an increase in accuracy between BMI 1 and BMI 2 when BMI 1 is
trained on locomotion trials
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Fig. 3.12 Factors affecting performance for decoders trained on locomotion traversals. (a)
Fraction of population exhibiting place cells and (b) decoder accuracy during BMI 1 trials
within BMI sessions as a function of experience. p-values are corrected for animal identity.
(c) A comparison of decoder accuracy during BMI sessions for two groups of animals: A,
with extensive experience of BMI sessions, and B, with extensive experience of autopilot-BMI
sessions. Group B have more accurate decoders during BMI 1 (p = 3.6 x 1074, independent
single-sided t-test), though decoders still improve in accuracy from BMI 1 to BMI 2 for this
group (p = 2.01 x 1072, independent single-sided t-test). Comparison shown for animals expe-
rienced with BMI only: sessions must have taken place at least 10 days after first experience
with a BMI trial. (d) Decoder accuracy during BMI 1 trials for all animals and all BMI sessions
as a function of attentiveness (linear fit, p-values corrected for animal identity). (e) As in (d),
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Bringing all of this together, we suggest that BMI and autopilot representations of the track
are distinct from each other, hence the improvement in group B between BMI 1 and BMI 2, but
more mutually similar to each other than the locomotion-specific representation of the track.
We find our evidence that past experiences shape closed-loop BMI performance particularly
compelling. We observe both a gradual session-to-session increase in BMI performance in
one type of session and a difference in BMI performance based on which type of session an
animal is habituated to.

We allow ourselves to speculate that the animals in group A, which perform the task
both with locomotion and with BMI, must maintain two separate representations of the
track simultaneously. In the next chapter, we will explore how the BMI and locomotion
representations interact (and potentially interfere) with each other: BMI usage alters the
locomotion-based representation of the track, making it difficult for these representations to
be entirely orthogonal to each other. We will eventually compare this with the idea, proposed
in the BMI work of Losey et al. (2024), of a ‘negotiated equilibrium’ within populations that
need to maintain different representations for different purposes.

3.5 Remarks on alternative experimental protocols

3.5.1 Altering the target trajectory

We described in an earlier section that some animals altered their behaviour during BMI trials,
entirely decoupling their wheel manipulation from their velocity of traversal, while others did
not. By altering the policy that the BMI applies to decoded states, we can deliberately force
such a decoupling by altering the target trajectory. Running these experiments allows us to
further verify that good decoder accuracy is possible in spite of the complete removal of the
animal’s ability to locate itself via path integration.

As an example of such a forced decoupling, we can mirror the target trajectory around
the centrepoint of the track (refer back to Fig. 3.4.d for sample trajectories). This not only
decouples VR velocity from wheel speed, but may even juxtapose them entirely. We ran only
four mirrored BMI sessions—too few for statistically robust conclusions, but enough to satisfy
an initial curiosity. The first trial of these sessions is a locomotion trial, and we observe the
same phenomenon as in regular BMI sessions: decoder performance is poor when trained
on locomotion, but accurate once trained on BMI 1 (Fig. 3.13.a). We find the decoder scores
during BMI 2 in mirrored BMI sessions are largely comparable to the scores in BMI 2 in BMI
sessions and autopilot-BMI sessions, despite minimal or negative correlations between wheel
speed and VR velocity (Fig. 3.13.b).
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Fig. 3.13 Altering the target velocity profile forces a decoupling between VR velocity and
wheel speed. (a) Confusion matrices, as in Fig. 3.7, averaged over all mirrored BMI sessions.
(b) Decoder score as a function of the correlation between wheel speed and VR velocity during
the BMI 2 trial of mirrored BMI sessions (coloured) in contrast to other session types in which
BMI is used (greys, all animals shown).

3.5.2 Boiling the frog: gradually introducing BMI control

The change between locomotion and BMI contexts is binary and sudden. If the change in
control modality took place more gradually, would we see the same jump in hippocampal
representation, or would we avoid remapping? Could we incrementally introduce an animal
to BMI as an alternative to retraining the decoder to learn a BMI-specific representation?

What we report below is closer to an anecdote than a rigorous investigation, but never-
theless gives some useful intuition for the problem-space. The animal MH187, which had
good open-loop decoder accuracy (and was the other animal used in addition to MH188
in the previous chapter for technical validation of the BMI design), adopted a scared and
apprehensive posture when we attempted a closed-loop BMI trial—the only animal to do so
in our many BMI experiments. We aborted the experiment out of concern for the animal’s
wellbeing. Subsequently, we devised a ‘frog-boiling experiment’, in which the VR velocity is a
weighted mixture of both running on the wheel and BMI control (Fig. 3.14.a). Over the course
of the session, we gradually increased the weighting of the BMI control signal until 100% of
the velocity was controlled by BMI (Fig. 3.14.b).

We trained a single decoder on the initial locomotion trial and used it throughout the
session. As the weighting of the BMI signal increased, we found that decoder accuracy
gradually dropped (Fig. 3.14.c). The natural turnover in representation as a function of
elapsed time means that we expect some drop in accuracy from the start of the session to the
end of the session, but we can partially account for this by comparing the similarity of the
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first locomotion trial to both the final BMI trial and the subsequent final locomotion trial. We
perform a crude comparison by training an open-loop decoder on the first locomotion trial
and by evaluating it on both the final BMI trial and the final locomotion trial. We find that in
each of the three sessions, evaluating the decoder on the final BMI trial (scores: 0.44, 0.50,
0.39) produced lower scores than evaluations on the final locomotion trial (scores in the same
session order: 0.46, 0.57, 0.55), indicating a greater representational similarity between the
two locomotion trials. This is a preliminary suggestion, far from conclusive evidence, that
remapping takes place even if the animal is introduced to the BMI context gradually.

In light of a still-ongoing debate over whether gradually changing visual cues produces
gradual changes in hippocampal representation (as in Leutgeb et al., 2005) or an inflection
point triggering a sharp change in representation (as in Wills et al., 2005), we are curious

to know whether the transition between the locomotion representation and the BMI repre-
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Fig. 3.14 Gradually increasing BMI contribution to VR velocity does not result in good
closed-loop task performance. (a) A mixed control signal that produces a weighted average
of locomotion and BMI control signals, controlled by parameter a to govern the relative
weighting of BMI control to locomotion control. (b) A session structure consisting of two
reference locomotion trials and three BMI trials. A single decoder is trained based on the
initial locomotion trial and used for all BMI trials, while a is gradually increased from one
BMI trial to the next. (c) Confusion matrices for each value of a, as in Fig. 3.7, averaged over 3
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sentation is itself gradual or inflective. This is a question that the data from our preliminary
experiments leaves us ill-equipped to answer, but the following chapter will at the very least
reveal the existence of representations that appear to blend the BMI and locomotion contexts.
This suggests that gradual transitions are possible, as mixed representations can exist, but

makes no suggestion as to whether or not they occur in practice.

3.6 Discussion

3.6.1 Open-loop and closed-loop BMI are not equivalent

If there is a single message to take home from this chapter, and perhaps even this thesis,
it is this: there is no guarantee that a decoder that is accurate in open-loop evaluations
will translate to a BMI that performs well in closed-loop. In this chapter, we provided two
contrasting examples of initialising a BMI from non-BMI training data. Decoders trained on
locomotion trials perform poorly in closed-loop BMI, while those trained on passive motion
trials perform well. In the broader context of BMI design, how can we predict what kinds
of training data collection are ill-conditioned for eventual closed-loop control? We propose
that the main alternative to simple trial-and-error is a mechanistic consideration of how
populations form and maintain stable representations. Had we held more closely to our
‘neural sympathy’ tenet from the outset of this project, we might indeed have anticipated the
initial failure of closed-loop decoding.

In the case of our own experiments, we speculate that the representation in the loco-
motion context collapses during closed-loop BMI because the change in control modality
causes expectations of the representation to be violated. If manipulating the wheel no longer
generates the expected forward motion?, then the cognitive map loses its internal coherence.
In the void left behind, the CA1 population forms a new representation that does not depend
on relating wheel manipulation to progress along the VR track. On the other hand, when the
closed-loop BMI is initialised from a passive motion trial, the representation learned by the
BMI has no such prior dependency on actions taken, and so no global remapping of the rep-
resentation needs to take place. We will elaborate on this hypothesis in the following chapter,
with a more detailed consideration of the changes that take place in the CA1 representations.

In addition to fundamental differences in representation, this chapter has shown two
further factors relevant to closed-loop BMI performance that open-loop evaluations fail to
capture. The existence of such factors is known to the BMI literature (e.g. Chase et al., 2009),
but it bears repeating that we can now explore them with 2-photon imaging in mice rather than
in electrophysiology with primates. The first is attention: while periods of inattentiveness

4Put more formally: if the animal finds itself in some state s; and performs an action a; which previously
caused state transition to s, it no longer experiences the state transition to s,.
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will cause degradation in the quality of a representation in a way that is obvious even in
open-loop decoding (Pettit et al., 2022), a poorly-constructed decoder can itself lead to
inattentiveness and form a vicious cycle. The second is the obvious improvement, from one
session to the next, in closed-loop BMI performance. We present this as a gradual enrichment
of the BMI-specific representation due to habituation rather than deliberate learning within a
BMI-specific context, but this is nevertheless a phenomenon that can only be explored with

closed-loop trials.

3.6.2 Remapping during BMI (or lack thereof) in existing work

In Lai et al. (2023), the only other example of population-scale closed-loop BMI based on
CALl hippocampus, there is no retraining of decoder based on activity during BMI trials, and
yet the authors demonstrate successful performance of tasks with BMI. There are obvious
methodological differences between our work and their experiments: we use mice, they use
rats; we use a 1D VR track, they use a 2D VR arena; we motivate with sweetened soy milk,
they use water deprivation; we use 10 minutes of training data, they use 30-40 minutes; and
so on. While it is possible that some combination of these differences is responsible for the
discrepancy in our observations, we suggest that the most relevant factor is the difference in
how decoder output is transformed into actions taken. Lai et al. (2023) use a 3-second moving
average of decoded position, moving the animal’s VR coordinates smoothly and gradually to
that location. Recalling that, in our own results, there were many instances of BMI decoders
trained on locomotion that still performed better than chance (Fig. 3.8.a), and that the
different task in Lai et al. (2023) moves the reward randomly around their arena (which would
result in random rather than structured mispredictions), we find it entirely plausible that
they were successfully able to decode position adequately for closed-loop control despite
remapping associated with a BMI context by averaging over a sufficiently long window. Our
work makes it easier to spot such a remapping: while we decode a (discretised) position,
we do not transport the animal to the decoded position, and so discrepancies between the
ground truth and the decoded position caused by remapping are visible at a glance. We claim,
therefore, that our results are entirely compatible with Lai et al. (2023), and that this provides
a strong hint that the remapping operation, while potent, must leave some above-chance
fragment of the representation intact when moving from locomotion to BMI. This latter
should not be surprising: our animals, after all, do not appear lost, and continue to attempt
to perform the task as their training dictates.

Sorrell et al. (2024), who describe a PPC-based closed-loop optical BMI, also find no need
to retrain their decoder based on a BMI-specific context. While this is an entirely different
brain region, and not one prone to remapping in the same context-sensitive manner as CAl,

the authors do observe differences between representations of the task during BMI and during
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locomotion: disagreements between their BMI controller’s output and the animal’s intention,
as inferred by its manipulation of the ball via which it is accustomed to navigating through
their VR maze, are separately encoded in population activity. We find it noteworthy that these
PPC experiments also interleave maze traversals of different control modalities, with one BMI
traversal for each two performed with locomotion, which may hinder the development of an
entirely separate BMI-specific context.

The existence of subspaces of neural activity specific to BMI performance of tasks is not
entirely novel (Ganguly et al., 2011; Schroeder et al., 2022), but these observations are based
in motor cortex, where the activity is (usually) analysed by some form of dimensionality
reduction. The interpretable encoding of place cells, where activity of individual neurons
can be tied directly to encoding of the environment, therefore affords us some mechanistic

insight into why this takes place—which is exactly what we explore next.

3.7 Methods

3.7.1 Mapping of decoded location to VR velocity

The VR track is divided into 10 spatial bins. Each of these bins has an allocated ‘target’ speed
that, together, create a velocity profile that mimics expert stereotyped performance of the
task. This profile was hand-crafted following inspection of the trajectories of an initial cohort
of mice, and used as the target trajectory for all BMI and autopilot-BMI trials. The profile is
visible as a bolded line in Fig. 3.2.b, Fig. 3.2.c, and Fig. 3.4.b-c, and is explicitly shown with
respect to the decoder bins in Fig. 3.1.b. The highest velocity among all bins is 40 cm/s and
the lowest is 4 cm/s, with this latter set to a non-zero value to prevent the animal becoming
stuck at the reward site.

The BMI maps neural activity onto a forward velocity by first decoding the identity of the
most likely spatial bin given a single imaging frame and then looking up the velocity from the
target trajectory corresponding to this bin. For example: if the decoder decodes the 3™ bin on
the track, corresponding to the region between 80 cm to 120 cm, then the BMI will apply a
forward velocity through the VR track of 40 cm/s.

The decoding takes place at 30 Hz, allowing for velocity changes at this same frequency.
We enforce a maximum acceleration between frames in order to avoid jittery, jumpy motion
(which risks frightening or disorientating the animals). This maximum acceleration is set to
80 cm s~2, approximately twice the measured maximum acceleration of the animals running
on the wheel.
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Random speed autopilot trials

The random speed autopilot trials are used by the cohort of animals consisting of MH533,
MH535, MH536, MH537, and MH538. The trajectories that are displayed for these animals
are generated by taking the traversals produced during BMI 1 (i.e. poor decoder performance)
from the earlier cohort of animals (MH356, MH462, MH483, MH485, and MH487) and tempo-
rally shifting these traversals by a random offset (between 10% and 90% of the trial duration,
uniform sampling). This ensures that the distribution of forward velocities and the number of
laps experienced by the animals during autopilot trials matches the distribution of velocities
from typical BMI 1 trials. No animal was shown the same ‘Teplay’ more than once, preventing

the animals from learning any temporal structure of the passive motion.

3.7.2 Behavioural metrics
Visualisation of behaviour traces

When showing multiple laps on the same axes, as in Fig. 3.2, Fig. 3.4, and Fig. 3.5, the wheel
velocity and VR velocity traces are smoothed with a boxcar filter (zero-padded between laps,
500 ms window) for ease of viewing. This smoothing is not applied when the laps are visible

separately, so unsmoothed laps are visible in Fig. 3.9.

VR velocity - wheel speed correlation

We compute the Pearson correlation coefficient between the VR velocity and the locomotion
wheel speed. We exclude from this calculation the periods of time between laps when the
screen is in darkness, even though the BMI signal is still produced and the animal is free to
manipulate the wheel between laps.

Pre-licking score

We categorise each licking event, based on its track position in cm, into one of three categories:

anticipatory, post-reward, and erroneous.

post-reward if 250 < position < 300
lick type = { anticipatory if 200 < position < 250

erroneous otherwise
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For each lap of the track, we calculate the fraction of anticipatory licking events among both
anticipatory and erroneous licking events.

#anticipatory

lap pre-licking score = —
ffanticipatory + #erroneous

The ‘pre-licking score’ for a trial is the mean of this fraction over all laps.

Attentiveness metric

We compute the z-score of the VR velocity - wheel speed correlation over all considered trials.
We also compute the z-score of the pre-licking score over the same trials. The attentiveness of
metric for a trial is the larger of these two scores for that trial.

3.7.3 Closed-loop decoder evaluation
Confusion matrices

We use confusion matrices as a tool to visualise the accuracy of a decoder. We evaluate them
over the course of an entire trial by comparing the output of the decoder, corresponding to
a decoded spatial bin, to the true spatial bin at each imaging frame. Each row represents
occurrences of the ground truth (that is, instances of the animal being inside of each spa-
tial bin) and each column represents occurrences of a particular decoder outputs (that is,
instances of the decoder classifying neural activity as belonging to each spatial bin). Values in
individual cells represent relative rates of occurrence. We normalise the confusion matrices
by the ground truth, which enforces that the sum of each row within the matrix is unity. For
example, the cell in the 3" row and the 5™ column corresponds to the fraction of times the
decoder classified the neural activity as belonging to the 5 spatial bin when the animal was
located in the 3™ bin. A perfectly accurate decoder would have non-zero cells along only the
main diagonal, while a decoder trained on random noise would generate a roughly uniform

matrix.

Decoder scores

We score how well each spatial bin is decoded from 0.0 to 1.0. This value represents the
fraction of samples that are classified correctly when the animal’s track position is within that
bin, where ‘correctness’ requires decoding either the exact current bin or one of its immediate
neighbours (N.B. the initial and final bin are not considered mutual neighbours, despite the
circular geometry of the task, due to the inter-lap interval spent in darkness). The overall

decoder score is the median of the bin scores. A convenient mental shortcut (though not
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strictly an equivalence) for the decoder score is a measure of how well the confusion matrix
conforms to the shape of a tridiagonal matrix.

This scoring strategy differs slightly from the previous chapter, where the open-loop
decoder score was a mean over all samples, corresponding to the probability that a random
sample from the evaluation dataset would be correctly classified to within one neighbouring
bin. The change from mean over samples to median over bins addresses an issue that arises
only in closed-loop: the decoder output controls which spatial bins are sampled, which
can create a feedback loop resulting in over-sampling or under-sampling specific bins. For
example, a consistent decoding error in one spatial bin can cause an animal to spend a
disproportionate amount of time in that bin, which results in over-sampling of poorly decoded
regions of the track. Conversely, if the decoder is accurate in a bin that maps to a fast velocity,
the animal spends less time in the well-decoded bin, which results in under-sampling of

well-decoded regions of the track.

Random decoder input validation

We probe the response of a decoder to random noise as a means of uncovering structural bias
towards decoding specific bins. To perform this, we take a trained decoder and the closed-loop
BMI trial in which it was used, and retroactively replace each pixel of the input—the feature
space as derived from the imaging FoV—with Gaussian noise (¢ = 0.0, o = 1.0), resampled on
every frame. We then evaluate the open-loop accuracy of this BMI by attempting to decode

from this random input, and use its classification attempts to produce a confusion matrix.

3.7.4 Tests of statistical significance and effect size

Allindependent t-tests and paired t-tests use reference implementations from the scipy.stats
library (Virtanen et al., 2020). Significance (p-values) for fixed effect parameters in linear
models that account for animal identity, session type, or both animal identity and session type
simultaneously use reference implementations of mixed linear models from the statsmodels
library (Seabold and Perktold, 2010), which implement the solver proposed in Lindstrom et al.
(1988) and use the Wald z-test as the underlying significance test, unless otherwise stated. We
visualise linear fits to these same datasets with Ordinary Least Squares (OLS) fits, which do
not account for animal identity or session type. Quoted R-values are based on the OLS fits. In
the one instance we perform outlier removal (in Fig. 3.9), we perform an initial OLS fit and

then remove all samples with residuals above the 95" percentile.






Chapter 4

Changes in hippocampal activity induced
by BMI usage

Chapter overview

This chapter describes neuron-level and population-level changes in activity that take place
when an animal changes between controlling its navigation via running on a wheel and
navigating via closed-loop BMI. The main experimental observations described in this chapter

are that:

e There are distinct representations of the environment depending on whether or not

locomotion is used to control navigation

* Non-locomotion representations of the environment exhibit a greater reliance on

changes in visual cues

e Motion through the environment that is unpredictable for the animal results in severely
degraded representations

* BMI usage causes components of the ‘BMI context’ to linger in the representation when
an animal is returned to locomotion-based control, resulting in a superposition of

multiple representations

* Control experiments that use passive motion do have a representation of the track that

is distinct from the locomotion context, but they do not induce this superposition effect

* The distinct representations associated with control modality persist between sessions

spaced several days apart

» High weights allocated to neurons by the decoder are correlated with the superposition

effect both within sessions and across sessions
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4.1 Introduction

4.1.1 Representations sensitive to modes of travel

In the previous chapter, we described decoders with high accuracy in open-loop that per-
formed poorly during closed-loop BMI. We attributed this to a fundamental difference in how
the hippocampus represents the same environment under locomotion and BMI conditions.
This chapter deals with explaining and quantifying these changes in representation.

In our VR environment, the animal has no access to useful vestibular, auditory, or olfactory
cues to help it navigate. The only useful sources of information are visual landmarks (the cues
on the walls) and some idiothetic cues (primarily manipulation of the wheel, but also optical
flow). While visual cues can be useful to determine location in isolation, path integration
is only informative relative to some existing and previously known location in space. Our
crude mental model of neural activity in CA1 therefore incorporates a feedback loop: a recent
location is combined with path integration signals to produce a predicted location, which is
then reconciled with incoming visual cues to determine the current location (Fig. 4.1.a). We
take running on the wheel, which is a navigationally relevant action taken by the animal to
traverse the environment, to be the signal of foremost importance to path integration.

The feedback loop is useful for sustaining a coherent representation of space that is robust
to minor changes within an environment. Typically, small localised changes to the sensory
experience within an environment cause only partial remapping in the vicinity of those
changes, as path integration can partially compensate for missing sensory inputs—indeed,
many place cells even persist when the lights are turned off in an environment (Markus
et al., 1994; Quirk et al., 1990) or when cues are removed (O’Keefe and Speakman, 1987). For
example, if we were to remove all visual cues in a small segment of our VR track, we would
expect only minor changes in firing rate of neurons in the vicinity of the cue disruption®.
However, during BMI, manipulation of the wheel stops being a useful predictor of future
states. Not only is this disruption not spatially localised, but we speculate that it leads to a
cascading failure via the feedback loop: a poorly predicted future state leads to subsequently
worse prediction errors, and the representation rapidly collapses (Fig. 4.1.b).

Despite this collapse, we achieved good closed-loop performance when we retrained the
decoder, even with VR traversal velocity and wheel manipulation speed decoupled from each
other. This implies the existence of a second representation, distinct from the locomotion-
based representation of the track, constructed in a context in which path integration is an
unreliable signal, and this is indeed what we find: cells firing in new but consistent locations
(Fig. 4.1.c).

IThis has been experimentally validated to apply on the very VR track used for our BMI experiments as part of
ongoing (but currently unpublished) work by Hinze Ho, Kou Huang, and Julija Krupic. The exact effect is more
nuanced, with animals learning to rely more on path integration with experience.
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Fig. 4.1 Neural representations of environments can be stable despite uninformative path
integration signals. (a) Individual CA1 neurons receive signals related to external sensory
input (visual cues) and conjunctions of actions taken to navigate through the environment
(manipulation of a wheel) with the output of other CA1 neurons. This generates representa-
tions of environments that are robust to local disruptions of visual cues. If the path integration
signal becomes misleading the compounding errors from the feedback loop risk collapse
of the representation. (b) A cartoon of population ratemaps with neurons ordered by their
peak firing location during some initial condition A and showing activity during some probe
condition B. The first probe condition shows a localised cue change, which results in a local
and partial disruption of the representation of the track. The second probe condition shows
a decoupling between locomotion and travel through the environment, which results in
a global remapping affecting the entirety of the track. (c) Three example traversals of the
track during a BMI 2 trial of a BMI session, showing decoupling of the wheel speed (a path
integration signal) and the VR velocity. The lower plot shows neuron firing events, with each
row corresponding to an individual neuron (only neurons with place fields during this trial
shown, rows ordered by place field location). Despite the decoupling, the neural population
successfully establishes cells that consistently fire within specific regions of the track.
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neural activity ratemaps during

Trial 1 Trial 2 Trial 3 Trial 4
(locomotion)

(locomotion)

(BMI 1)

Trial 3 Trial 2 Trial 1

neurons ordered by peak mean activity location in

Trial 4

100 cm mean activity (z-score)
o.0 I 15

Fig. 4.2 A population of neurons takes on a superposed representation of the environment
after BMI usage. Population ratemaps for each of the trials within an example BMI session
(352 neurons). Neural activity within each trial is shown by each column of the matrix, while
each row orders the neurons according to the location on the track with the largest ratemap
value for each trial in turn.
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4.1.2 Does BMI usage induce persistent changes in representation?

So far, all the points in our hypothesis apply to passive motion (the autopilot condition)
just as well as to BMI control of travel. We also described in the previous chapter that BMI
decoders trained on passive motion performed well without the need to retrain, suggesting
similar representations of the track. The difference between BMI and passive motion is the
causal control of navigation by the animal’s neural activity. While the path integration signal
becomes unreliable in both cases, the animal retains some degree of agency during BMI: if the
representation in the imaged population is held stable, then the animal produces stereotyped
trajectories that lead to predictable experiences and rewards. We have already seen that
the animal’s attention or engagement with the task is a critical component of successful
BMI performance. In contrast, autopilot trials demand no attention or engagement from the
animal. In this chapter, we will find that the change between the locomotion condition and the
passive motion condition produces purely reversible changes in population activity: when the
animal is returned to the locomotion condition, its representation reverts to the locomotion-
based representation. The BMI representation is ‘stickier’: we will find instead that a return
to locomotion from the BMI condition preserves features of both the original locomotion
representation and the BMI representation, resulting in neural activity that appears to be a
combination of the two contexts. We call this ‘superposition’ of the representations.

As a preview of the phenomenon, which we quantify later in this chapter, we show ex-
ample population ratemaps from a single BMI session in Fig. 4.2. It is immediately obvious
that the representation in Trial 1 (the initial locomotion trial) is dissimilar to Trials 2 and 3
(the BMI trials) and similar to Trial 4 (the final locomotion trial). Meanwhile, Trials 2 and 3
have mutually similar representations: the BMI context. What we find surprising is the repre-
sentation in Trial 4, which bears a resemblance to both the initial locomotion representation
of the track and the BMI representation. Inspecting sample traces from the same session
(Fig. 4.3), we find individual cells with place fields that are obviously dependent on how the
environment is traversed. Other neurons maintain stable fields. However, some aspect of the
superposition of representations appears visible even at the level of individual neurons, with
certain place cells responding at locations corresponding to place fields from both contexts?.
The visible distinction between ‘before BMI" and ‘after BMI” suggests a change in the existing
representation—the result of an interaction between BMI and plasticity, rather than merely a
response to changed inputs to the system.

2For these illustrative examples of superposition, we have deliberately selected responses where the fields
in the BMI context and original locomotion context take place either side of a fixed element of task structure
(reward delivery and inter-lap darkness, respectively) to avoid confounds associated with varying travel speeds.
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Fig. 4.3 Sample neuron responses during a BMI session. The dF/F traces of six example
neurons, all from the same BMI session as Fig. 4.2, selected to showcase a variety of responses
induced by the BMI condition. The traces are shown lapwise from top to bottom as a function
of position on the VR track and are smoothed with a low-pass filter (2 Hz cut-off) for ease
of viewing. Some neurons form fields in locations that are specific to BMI or to locomotion,
while others are stable. Superposition at the level of individual neurons is shown by neurons
18 and 37: within the final locomotion trial, they fire both in the place fields from the first
locomotion trial and the place fields from the BMI trials.
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4.1.3 Background: interactions between cues and path integration

Closed-loop BMI presents a unique experimental condition for the manipulation of rep-
resentations in CA1l. Before proceeding to our own results, we outline here some existing,
well-known results about the interaction between path integration and visual cues to help
distinguish which of our own observations are novel and unique to BMI usage.

Early disorientation studies, in which animals are subjected to vestibular disruption in
darkness prior to introduction to an environment, describe an increased influence of visual
cues on activity in CA1 for disorientated animals (Knierim et al., 1995). This suggests an ability
to actively compensate for disruption to path integration signals. Equally, the hippocampus
appears able to learn how to distinguish which visual cues in a scene are reliable landmarks
from those that are mobile or transient (Chakraborty et al., 2004; Jeffery and O’Keefe, 1999)—
but can it do the same for path integration signals?

Because path integration necessarily deals with a change in location within an environ-
ment, we must make a distinction between signals relating to path integration becoming
uninformative (e.g. vestibular cues in VR) and the underlying movement itself becoming
unpredictable (e.g. randomly timed displacements). When animals are fully in control of their
own motion, their navigation actions both lead to expected outcomes and are represented in
path integration signals. When animals are moved passively, either on virtual tracks (Chen
et al., 2013) or in real environments through use of physical carts (Terrazas et al., 2005), in-
tegration of a running signal is no longer informative, but the sequence of experiences may
remain predictable if the passive motion is consistent. This is the case in our constant speed
and parabolic speed autopilot trials: every traversal of the track is identical, and so it is easy
to predict the change from one state to the next. In contrast, because the forward velocity is
randomly selected at each instant during our random speed autopilot trials, and therefore
because no two laps are the same, the sequence of experiences on the track is unpredictable.

Existing work has already established that moving from active to passive navigation
can, for a sizeable subset of place cells in a population, extinguish or displace place fields
that are strongly tied to visual cues (Chen et al., 2013; Terrazas et al., 2005). Extinctions or
displacements in these experiments appear reversible: returning to active navigation restores
the place fields to their previous locations. Representations under active navigation appear
relatively robust to changes in ‘gain’ (Chen et al., 2013; Jayakumar et al., 2019), which controls
how far any given stride transports the animal through the environment. Under passive
motion, populations can maintain coherent representations despite changes in the gain of
optical flow (Madhav et al., 2024). We interpret this flexibility in the path integration system
as a suggestion that representations in CA1l attempt to encode the abstract intention to move,

rather than a hardwired, numerically precise step-counter.
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BMI navigation fits into this picture as a mode of navigation that obviates the running
path integration signal and yet retains a requirement to cognitively participate in the task.
While it would be entirely ridiculous to suggest that mice understand they are navigating by
maintaining a particular neural state, the structure of the BMI task results in a neurally self-
fulfilling prophecy: when the representation behaves consistently, the trajectories through
the environment become more predictable, which we hypothesise results in a reinforced

representation.

4.2 Quantifying place cell properties

4.2.1 Properties of individual neurons

We begin with an overview of how we quantify the activity of individual neurons within
imaging sessions. The neuron in Fig. 4.4 displays a cut-and-dry example of a reversible
modality-specific response: it has a place field at one location on the track during locomotion
trials, and at an entirely different location during BMI trials.

The dF/F traces (Fig. 4.4.a) can be transformed either into neuron events, a binary view of
time periods in which the neuron is ‘on’ or ‘off’ (as shown earlier for an entire population of
place cells in Fig. 4.1.c), or into ratemaps which describe the regions of the track in which the
neuron is active (Fig. 4.4.b). We combine these two transformations, first using the ratemap
to identify candidate field regions and then using event frequency within those regions as a
measure of consistency, to automatically derive place field locations and dimensions within
each trial (Fig. 4.4.c, see Methods 4.8.1). We use an overlap metric to identify which fields are
shared between pairs (example matching fields indicated in Fig. 4.4.c, see Methods 4.8.1).
Finally, we have at our disposal the inferred decoder weights allocated to this neuron by the
decoder training process (recalling Methods 2.6.5). Unsurprisingly, this particular neuron is
allocated large weights for the region in which its training data shows a place field, and is zero
elsewhere (Fig. 4.4.d-e)—a neat illustration of why decoder retraining is necessary in BMI
sessions. These measures, place field spans, decoder weights, and ratemaps, are the basic

per-neuron properties we make use of in this chapter®.

3Readers who are veterans of the hippocampal literature will note the absence of a frequently used spatial
mutual information metric originating from Skaggs et al. (1992). This was originally designed for electrode-based
recordings that resolve individual spikes. Adaptations of this metric for Calcium imaging exist (e.g. as used
in Sheintuch et al., 2020). We choose to omit this metric on the basis that it is extremely sensitive to choice
of quantisation, can spuriously mark randomly firing neurons as highly informative, and would require high
confidence in spike deconvolution from Calcium traces to provide a trustworthy bit/spike measure.
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Fig. 4.4 Overview of an example neuron’s activity during a BMI session. (a) dF/F traces for
each lap of the track (top: first lap, bottom: last lap), smoothed with a low-pass filter (cut-off
frequency 2 Hz) for ease of viewing. (b) Ratemaps of activity for each trial in the session,
discretised to 5 cm bins. (c) Automatically identified place fields in each trial. Links show
place fields automatically identified as matching between trials. (d, €) The decoder weights
associated with this neuron for decoding each of the 10 spatial bins used for the closed-loop
BMI trials.
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4.2.2 Place cell frequency across various control modalities

We find that approximately one third of the neurons in our imaged populations have place
fields during locomotion trials (Fig. 4.5.a). This is in agreement with existing literature, with
the caveats that the fraction is sensitive to the choice of place field identification method
(Grijseels et al., 2021) and that individual animals do exhibit mean fractions greater or lower
than this value. We ascribe this animal-to-animal variance to minor differences in the exact
location of our imaging site within CA1 for each animal and to the behavioural personalities
of the individual mice.

In the last chapter, we saw how the fraction of the population that are place cells* increased
with experience during BMI trials. Here, we show that the place cell fraction also changes from
trial to trial within a session. We show these fractions for random speed sessions in Fig. 4.5.b.
In the probe trials of these sessions, in which progress along the VR track is unpredictable from
the point of view of the animal, we find a steep fall-off in the number of neurons participating
in representations in the environment.

To account for the heterogeneity from animal to animal in the baseline fraction of the
population that are place cells, we summarise changes in place cell counts relative to the
session mean rather than with an absolute value (Fig. 4.5.c-h). The representation of the
track is relatively poor during random speed trials, as visible both during the random speed
sessions, in which these trials are probes, and the autopilot-BMI sessions, in which these
trials are used to train the initial BMI decoder.

Additional place cells emerge during the BMI trials of autopilot-BMI sessions (Fig. 4.5.e).
This is a change in representation, but the continued high accuracy of the decoder during
closed-loop trials suggests that this takes place largely within the decoder’s null-space (i.e.
neurons allocated zero or low weights by decoder training can form place fields without
interfering with the decoder readout). We speculate that this representational enrichment
takes place because the BMI laps of the track are more predictable than the random speed
trials, rather than some BMI-specific conditioning effect. For comparison: constant speed
and parabolic autopilot trials do not experience a fall-off in place cell count (Fig. 4.5.g-h), as
these provide more predictable experiences than the random speed condition (Fig. 4.5.f).

As a methodological aside, we point out a small yet consistent dip in the place cell count
that takes place in the final trial of sessions, as visible in locomotion sessions, BMI sessions,
autopilot-BMI sessions, and parabolic autopilot sessions. We found no evidence that this was
caused by imaging artefacts, such as indicator exhaustion, nor can we explain it in simple
behavioural terms, such as a reduced number of laps run in the final trial®. This dip is not

critical to any of the arguments we make in the following sections, but as we begin to point

“We use ‘place cell’ within the context of a single trial within a session as a shorthand for ‘neuron exhibiting at
least one place field during this trial’
SThis dip is also present in our collaborators’ electrophysiology recordings and non-VR experiments.
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Fig. 4.5 Fractions of neural populations identified as place cells across animals and trial
types. (a) The fraction of cells in the population with at least one place field during initial
locomotion trials. Shown for all animals and all sessions in which Trial 1 used locomotion
to navigate the track. (b) The same quantity shown for each trial within each random speed
autopilot session. Colour of trace corresponds to animal identity from (a). (c-h) The fraction
of place cells for each trial relative to the mean fraction of place cells in the same recording
session, shown for a variety of session types. Box-plots indicate median, interquartile range,
and quartiles +/- 1.5 x interquartile range to the nearest datapoint. Fliers omitted.
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out ways in which the final trial in sessions experiences superposed representations of early
trials following BMI usage, we stress that such superpositions cannot be accounted for merely
by an increase of the number of place cells active in the final trial, as the number of these cells
slightly decreases in practice.

Finally, we consider the second trial during BMI sessions (shown within Fig. 4.5.d). Despite
poor BMI performance, these trials do not exhibit a drop-off in place cell count on the same
scale as the random speed trials. We recall that the forward velocity distributions experienced
in random speed autopilot trials explicitly emulate those experienced during BMI 1 trials (see
Methods 3.7.1). While the velocities during BMI 1 are not entirely random—indeed, we have
previously seen that there are even a handful of examples of passable decoder scores—we find
it intriguing that the place field numbers do not fall off as they do in random speed trials. We
considered this same place field fraction during BMI 1 in the previous chapter (see Fig. 3.12),
and observed that it increased over time alongside improvements in BMI 2 task performance.
We take this as a preliminary hint that representations of the BMI context may be somehow
‘stickier’ than purely passive motion contexts.

4.3 Increased importance of visual cues

Place fields do not cover the length of the track uniformly. We consider first the distribution
of place fields during sessions consisting entirely of locomotion trials (Fig. 4.6.a). The dis-
tribution does not change from trial to trial during this type of session. The reward site is
particularly salient, as we established in the previous chapter, as is the start of the track and
the region corresponding to immediate anticipation of the reward site.

These locations remain salient in BMI sessions during BMI 1 and BMI 2 trials (Fig. 4.6.b).
However, during BMI we notice what appears to be small bump in the distribution of place
fields starting at the 100 cm position on the track. This bump is also present during the BMI
trials of autopilot-BMI sessions, and is even more pronounced during the autopilot trials from
those same sessions (Fig. 4.6.c).

The 100 cm position on the track coincides with a change in the visual cues on the walls
(Fig. 4.6.d). When we consider each of three types of trial based on control modality—
locomotion, BMI, and autopilot—and aggregate these across all sessions in which they take
place, we find that the place field coverage (expressed as a density, see Methods 4.8.2) is
demonstrably greater during BMI and autopilot as compared to locomotion (p =2.2 x 1077
and p = 8.4 x 107 !! respectively, comparison of density at the binned location 20-25 cm
onwards from the cue transition, two-sided independent Welch t-test over per-trial densities),
with the density following the cue during autopilot trials being slightly higher during the BMI
trials (p = 4.1 x 1072, same measure). We take the anchoring to cues in the trials performed

without locomotion as tentative evidence that representations of the track that lack a useful
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Fig. 4.6 BMI and autopilot representations anchor themselves to visual cues. Relative
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the vicinity of the 100 cm mark, a point of transition between the visual wall cues. Place field
coverage traces shown aggregated over trials of the same locomotion type, with confidence
intervals showing +/- SEM (estimated via bootstrap sampling of trials, 1,000 shuffles). (e)
Distribution of place field sizes for each control modality. Ticks indicate mean place field size.
Our automatic identification of place field prohibits fields < 15 cm.

path integration signal come to rely more heavily on environmental cues for the formation
of a cohesive representation of space, which aligns with existing results (Jeffery and O’Keefe,
1999; Knierim et al., 1995).

Place fields appear larger in locomotion trials than in BMI and autopilot trials (Fig. 4.6.e,
p=1.8x10"%" and p = 1.7 x 10!° respectively, two-sided independent t-test over trials of
mean place field size within trial). While it is tempting to claim that this too is somehow
related to the absence of path integration, we explain this as a product of a more tame
experimental reality: animals traverse the environment faster with locomotion, both in terms
of mean lap time and maximum speed, than the autopilot or BMI trials. This results both in a

predisposition to larger fields® and a smearing of the decaying Calcium transients following

SFiring rate within a field is widely agreed to increase with running speed (Geisler et al., 2007; Géis and Tort,
2018; McNaughton et al., 1983). Thresholding in place field identification algorithms may therefore result in
apparently larger reported fields. Studies with methodologies that attempt to correct for this explicitly report
minimal impact of running speed on field size (Chen et al., 2018), or even field shrinkage at high running speeds
(Maurer et al., 2012).
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spikes over a greater distance, which together contribute to place fields that are measured
to be on average ~20% larger. Discrepancies in velocities between traversal conditions are
difficult to eliminate entirely. Terrazas et al. (2005) have previously commented on the near-
inevitability of this distortion. In their work, the autopilot-equivalent condition has slightly
faster traversals than locomotion, and consequently is the condition with enlarged place
fields. We make no specific claims regarding the modulation of place cell sizes by control
modality, BMI or otherwise, and intend only to raise the difference in sizes as an analytical

caveat.

4.4 Superposition of representations following BMI usage

4.4.1 Representational similarity viewed at population-level
Population vector correlations

We use the mean population vector correlation (PVC) between pairs of trials as a measure
of their representational similarity (see Methods 4.8.2). For example, in sessions in which
all trials are locomotion-based (Fig. 4.7.a-b), we find that there is a gradual turnover in the
representation: temporally adjacent trials (T1 and T2, T2 and T3, T3 and T4) are relatively
similar, while trials further apart (e.g. T1 and T4) are less similar. We can perform pairwise
comparisons of the PVCs for pairs of trials, allowing statements such as “T1 is more similar to
T2 than T2 is to T4" or “T1 is no more similar to T2 than T3 is to T4" (see Methods 4.8.4 for a
full description of statistical methodology, including multiple comparisons correction and
correction for animal identity). We now systematically step through each of the session types,
commenting both on whether the probe trials appear to present a different representation
from the reference trials, and on whether the final trial exhibits superposition from the

previous trials.

BMI sessions

In BMI sessions (Fig. 4.7.c-d), pairs of representations sharing a control modality (T1-T4 and
T2-T3) display high similarity, while pairs of representations of mismatched control modalities
(e.g. T1-T2) display relatively low similarity. The exception is the T3-T4 pairing, which exhibits
higher similarity than the T1-T2 pairing (p = 0.0500 after rounding to 3 significant figures;
Bayes Factor 14.7)7. This represents a quantifiable impact of the superposition effect across

BMI sessions: components of the representation from T3 (BMI 2) remain in T4 (locomotion).

A value this close to the accepted standard for significance warrants comment. We assure the reader that
this is the result of an honest effort to handle the statistics rigorously and to correct conservatively for animal
identities and multiple comparisons. If we were to be unscrupulous and apply a single-sided paired t-test for
whether T3-T4 > T1-T2 with these corrections removed, the p-value would appear as low as 8.88 x 1075,
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Fig. 4.7 Locomotion-based representations of environments exhibit a clear difference
in representation before and after BMI usage. (a) A population ratemap for a typical ‘all
locomotion’ session. (b) The mean population vector correlation between each pair of trials.
Each point represents a single session (colour indicates animal identity), shown for all ‘all
locomotion’ sessions. The right matrix compares the PVCs between each pair of trials to the
PVCs for each other pair of trials for statistical significance, correcting for animal identity and
multiple comparisons. Colourbar ticks indicate p = 0.05, p = 0.01, and p = 0.001 significance
levels respectively. (c, d) As in (a) and (b) for all BMI sessions. (e, f) as in (a) and (b), shown for
all autopilot-BMI sessions.
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However, despite this evidence in favour of superposition, we highlight that the T2-T4
PVC does not appear elevated, just T3-T4. There are several factors at play here. First, these
T2-T4 are separated further apart in time, and are therefore subject to more of the inevitable
gradual turnover of the representation (as outlined earlier with the locomotion-only sessions).
Second, the lower trajectory quality in T2, caused by a poor match between decoder and
representation, results in a less predictable experience for the animal, which may reduce
place field stability. Third, the decoder weights are different between T2 and T3, and any
positive reinforcement of activity that is ‘useful’ for the decoder will take place during the
well-executed laps from T3. This makes any argument that relates high decoder weights and
induced superposition—a point we will return to later in this chapter—apply only to those
neurons with high weights during T3.

Autopilot-BMI sessions

Autopilot-BMI sessions (Fig. 4.7.e-f) present an interesting case: accurate closed-loop per-
formance suggests no fundamental remapping between T1 (the initial autopilot trial) and
the two BMI trials (T2 and T3). We suggest that no remapping takes place because path
integration is not a useful input to the representation prior to entering BMI in this session
type. However, as we pointed out during the previous section, the more predictable nature
of the BMI trials from the perspective of the animal results in an enrichment of the existing
representation, which subsequently disappears in T4 once traversals once again become un-
predictable. This manifests as a relatively high T2-T3 similarity, with PVCs that are otherwise
low. We do not observe the superposition effect here (the PVCs of T1-T2 are very similar to
T3-T4), as a superposition would require two distinct representations to superpose with each
other, rather than the same representation becoming temporarily enriched during the BMI

trials.

Autopilot sessions

The autopilot sessions use locomotion as the initial and final reference trials and autopilot
(passive motion) during the two inner probe trials. Just as we described for BMI sessions,
these exhibit a remapping during the probe trial: there is a locomotion-based representation
of the track, and a different representation in which path integration via wheel running is
no longer useful (Fig. 3.5.a-b). This is visible through the relatively high T1-T4 and T2-T3
similarities. We show these PVCs on the same axes for parabolic and constant speed sessions
as they are phenomenologically similar: both are traversals of the VR environment in which
the animal has no control over its motion, but are nevertheless predictable and consistent
experiences. We show random autopilot sessions separately, as we have previously explained
that these exhibit a large drop in place cell count during the probe trials (Fig. 3.5.c-d).
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Fig. 4.8 The superposition effect appears absent in autopilot-based control sessions. (a)
A population ratemap for a typical parabolic autopilot session. (b) Mean population vector
correlations between pairs of trials during all constant speed and parabolic autopilot sessions.
(c) As in (a), shown for a random speed autopilot session. (d) As in (b), shown for all random
speed autopilot sessions. (e) Selected statistical significances, as in Fig. 4.7, of population
vector correlation differences between different choices of pairs of trial, shown for all autopilot
session types.

Across all autopilot sessions, we find no significant difference between the T1-T2 and
the T3-T4 representational similarities for any of the autopilot session types. We take this
as an absence of evidence for superposition as measured by PVC at the level of populations
(Fig. 3.5.e). We acknowledge that our total number of autopilot sessions is smaller than the
number used for BMI, and that they are fragmented across three session types. However, even
if we aggregate over all autopilot session types (for a total of n=37), we fail to find significant
evidence of superposition as measured by representational similarity from T1-T2 to T3-T4
(p =0.471, even after removal of the repeated comparisons correction).
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Superposition appears unique to BMI sessions as measured by population metrics

We take this as strong evidence that there is a fundamental difference in the behaviour of
the neural population between BMI sessions and autopilot sessions. We claim that the
superposition effect appears, when measured by population-wide metrics, to be unique to the
BMI condition. While the removal of the path integration signal explains reversible changes in
representation common to both the BMI and autopilot contexts, superposition corresponds
to persistent changes that must be explained by some other mechanism. We speculatively
offer two candidate explanations. First, it is possible that a direct interaction between the BMI
decoder weights and neurons induces a reinforcement of representation that persists even
after removal from the BMI context. Second, we entertain the possibility that CA1 somehow
encodes ‘agency), or that its representations are otherwise influenced by the ability to exert
control over navigational outcomes. To attempt to prise apart these explanations, we will next

inspect the responses of individual neurons and their interactions with decoder weights.

4.4.2 Inspecting individual place cell behaviour
Grouping responses into archetypes

So far, we have taken an arm’s length view of the differences in the representations of BMI,
autopilot, and locomotion contexts by considering only population-wide metrics. But what
does the superposition effect look like at the resolution of individual neuron responses? It
is conceivable that the superposed representation is constructed from the contributions of
two distinct subsets of the population. Each subset could contain its own context-sensitive
place cells, which form place fields either in BMI or in the initial locomotion trial, with each
subset becoming partially® active during the final locomotion trial. It is also conceivable that
the response of individual neurons is altered, such that they have place fields in multiple
locations simultaneously during the final locomotion trial, with place field locations drawn
from both the initial locomotion and the BMI contexts.

We categorise the responses of all neurons in BMI sessions according to a set of rules that
define response ‘archetypes’ (Fig. 4.9, see Methods 4.8.3). These rules are based exclusively
on where place fields are located during each of the four trials within a session, and the
archetypes themselves are heuristic: we intend for them to give a general sense of tuning
changes in the population, rather than some fundamental description of how activity is
organised in CAI.

8As a reminder, we earlier observed that the total fraction of neurons with place fields does not increase
following BMI usage (Fig. 4.5.d). This means that it is not possible for the entirety of the place cells from each
context to be active in the final locomotion trial—partial contributions would be necessary to remain consistent
with our observations.
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A relatively small proportion of neurons (5.6% of the entire population) are stable: they
maintain their place field across all four trials in a BMI session. A slightly larger portion
(7.7%) are modulated by the probe condition. We break these into three sub-archetypes:
neurons with fields in a consistent location but only in locomotion trials, neurons with
fields in a consistent location but only in BMI trials, and neurons that have fields in two
different locations—one for each condition. These are tidy examples of reversible changes in
representation specific to the BMI or locomotion contexts.

Many neurons exhibit transient fields (~20%), with a field occurring only in one trial
and their activity not spatially localised otherwise. We find it interesting that these are
predominantly fields in the initial locomotion trial—though we will shortly see that this is an
effect common to other session types, even in controls consisting of only locomotion trials
(see Fig. 4.10.a), and is therefore likely to be a separate effect related to the first encounters
with the track on each day of the experiment.

Finally, we come to patterns of activity that help us account for the superposition effect.
Certain neurons exhibit a field at some location A during the initial locomotion trial and a
field at a different location B in the BMI context. We categorise neurons into the superposition
archetype if they have place fields in common with both A and B during the final locomotion
trial. The two sub-archetypes, which depend on whether the field is present (T1-T4 + T2-
T3-T4) or absent (T1-T4 + T3-T4) during the first of the two BMI trials, account for 3.1% of
observed neurons. The former of these two sub-archetypes is less common: the field must
survive the greater turnover from experience or elapsed time, and it has stringent criteria for
its identification (an additional field in T2 matching locations in both T3 and T4 while not
matching any in T1).

Many neurons (~45%) form no fields at any point during a session, and many neurons
form fields shared across several trials in ways not specific to context (although we will
demonstrate later in Fig. 4.11.a that there are far fewer of these than the context-sensitive
pairs) or in patterns that entirely escape our classification rules.

Archetypes in other session types

We now move to consider what responses look like in other session types in terms of these
archetypes. Our first point of comparison is the collection of sessions consisting entirely of
locomotion trials (Fig. 4.10.a). Compared to the BMI sessions, these do not show evidence of
a second representation during the two inner trials: there are zero instances (across over 10*
neurons) of a place field appearing at one location in T1-T4 and another location in T2-T3,
and few examples of fields that appear uniquely in the T1-T4 or T2-T3 pairs. Many more of
the neurons show stable fields (~15%), and fewer have transient fields that appear in only a
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single trial. A small portion of neurons are classified as exhibiting superposed fields, which
raises the possibility that these emerge by chance—a possibility we will control for shortly.

We turn next to the autopilot-BMI sessions (Fig. 4.10.b). These have a similar number of
stable fields and single-trial fields to the BMI sessions, but a far lower incidence of superposed
fields. We repeat our previous explanation for fewer superposed fields: we claim that there is
only one representation ‘in use’ during these sessions, and so we do not expect an effect that
arises from the interference of two representations. From our earlier observations, we know
that there are fewer place cells during the random autopilot trials in T1 and T4 during these
sessions: this explains the large quantity of neurons that exhibit a field in the same location in
T2 and T3 only.

In the autopilot sessions using either constant speed or parabolic speed profiles as the
probe trials (which we show merged here, but in the interest of rigour will also show separately
in the analysis of the next subsection), we see an overall distribution of neuron archetypes that
is largely similar to BMI sessions: some cells are modulated by the context, some are stable,
and approximately a fifth exhibit transient fields. This is consistent with our explanation that
there are two representations of the track, one that depends on locomotion and one that does
not. There are two main differences: superposition, of which we see less than in BMI sessions
(2.2% vs 3.1%), and neurons exhibiting no field at all, of which we also see fewer (~35% vs
~45%). As a fraction of the neurons that form fields at all, superposition is even less prevalent
than the 2.2% figure suggests.

For completeness, we show also the random autopilot sessions (Fig. 4.10.d). These
have extremely few stable fields (1.7%), but many fields common between the two reference
locomotion trials T1 and T4. This is consistent with our observation that fields are impaired
when environment traversal is unpredictable.

Superposition is unique to BMI sessions as measured by individual responses

So far, we have considered the relative occurrence of each of the response archetypes only
on aggregate—a raw sum over all sessions, and without accounting for the varied number
of ROIs visible for each animal (as previously shown in Fig. 3.6.b). We suspect that neurons
falling under the superposition archetype are more frequent in BMI sessions, and so we now
consider archetype distributions on a session-by-session basis. In this context, we must
account for discrepancies in the fraction of neurons that engage in forming a representation
from animal to animal (as described previously in Fig. 4.5), which we accomplish by reporting
relative occurrences of archetypes as a fraction of the total number of neurons that form
fields in any trial within a given session, rather than as a fraction of the complete fraction of
the population. This is an important methodological detail, as it leads to numerically larger
population fractions than quoted in the previous section.
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Before considering neurons exhibiting superposition, we first consider neurons that have
a single place field that is shared across exactly two trials during BMI sessions (Fig. 4.11.a).
This passes an initial sanity-check: there are relatively many fields specific to the BMI context
or the locomotion context, and relatively few between contexts. Those few neurons that do
share a field between contexts are more likely to occur between temporally successive trials.
We find that the numbers of neurons sharing fields between T1-T2 and T3-T4 are very similar.
This is an important detail: it suggests that the high representational similarity between T3
and T4 during BMI sessions (as measured by PVC) cannot be explained by T3-T4 simply
having more neurons that share exactly one field than T1-T2. We stress that this classification
excludes neurons that share a single field across three trials (such as T2-T3-T4), and also
highlight that neurons sharing a field in exactly T2-T4 are very rare. We conclude that in order
to support superposition at the level of a population, some richer dynamics must be at play,
with neurons either forming fields in multiple places via superposition or otherwise retaining
fields across T2-T3-T4 more readily than across T1-T2-T3.

We consider next the relative occurrence of neurons classified as exhibiting superposition
across session types, and find that BMI sessions exhibit the greatest amount of superposed
fields (Fig. 4.11.b). We compare the occurrence of such superposed fields to a random
shuffling of trial order (Fig. 4.11.c, see Methods 4.8.3) and find that only BMI sessions exhibit
a greater number of superposed fields than randomised shuffles at a statistically significant
level (p = 1.32x 1072, single-sided one-sample t-test). With the exception of the random speed
autopilot sessions (which have insufficient samples to draw statistically sound conclusions
from), we find that all non-BMI session types score negatively on this metric: for these
sessions, chance arrangements of the trial order generate more occurrences of superposition
than the real data. The reader will note the high variance in the fraction of superposed
neurons relative to chance in the BMI sessions. We fail to explain this with animal identity,
experience, BMI performance, or behavioural metrics. We attribute this variance instead to
methodological limitations: the ad hoc archetype categorisation scheme is far from perfect,
and this is compounded by its reliance on an automatic place field identification scheme
with inherent sensitivity to unrelated factors. Taken together with certain sessions having
far smaller total ROI counts, which may result in single-digit numbers of neurons in the

superposition archetype, the measure is altogether very noisy.

Decoder weights are high for neurons exhibiting superposition of fields

While we have demonstrated a superposition-like effect both with a population-level metric
(mean PVC) and by categorising neurons into archetypes, we have not yet considered the
element that distinguished BMI sessions from autopilot sessions: the use of a decoder for
closed-loop control. We show in Fig. 4.11.d, aggregated over all BMI sessions, the distribution
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Fig. 4.11 Neurons exhibiting superposition have relatively high decoder weights. (a) For
BMI sessions, the fraction of place cells that have fields shared between the given pairs of
trials only. Error-bars show +/- SEM over sessions. (b) For each session type, the fraction of
place cells that fall into the superposition archetype. Error-bars show +/- SEM over sessions.
(c) The number of superposition instances in populations compared to random shuffling of
the trial order within a session. Points correspond to individual sessions. (d) Violin-plot of
mean decoder weight (over all bins) distributions for neuron archetypes for decoders trained
on Trial 2. BMI sessions only. [Caption continues...]
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Fig. 4.11 [Continued] (e) Neurons without any fields can end up with residual inferred weights
by overlap with other neuron ROIs in the decoder’s pixel feature-space. (f) Mean activity
within place fields averaged over 5 lap intervals during Trial 3 for stable neurons, 1-4+3-4 type
superposition neurons, and neurons sharing a field between exactly T3 and T4. Aggregated
over all BMI sessions. Error-bars show +/- SEM over neurons. (g) Change in mean activity
within place fields (z-score) from laps 1-5 to laps 6-10 for 1-4+3-4 type superposition neurons,
shown as a function of decoder weight percentile (as measured within each session). Each
point corresponds to one neuron (n=460). No significant difference between the mean
increases of zero-weight neurons compared to weighted neurons as assessed by independent
t-test.

of decoder weights for each archetype of neuron for the decoder trained on T2 and used for
control during T3. We group these archetypes into three categories: those neurons with no
fields (which do not always have zero-weight, due to the potential overlap in the decoder
feature-space from adjacent neurons with meaningful information about position—see car-
toon in Fig. 4.11.e), those neurons with a field in T2 (and we therefore expect to be allocated
relatively high weights), and those neurons without a field in T2 (and we therefore expect
to have weights comparable to neurons with no place fields). We find that our expectations
hold—with one exception: those neurons that exhibit superposition with fields in T1-T4 and
T3-T4 but lacking a field in T2. These have higher weights than other neuron archetypes
without a field in T2 (p = 1.13 x 1078, Mann-Whitney U-test, see Methods 4.8.4). We take
this as further evidence that participation of the population in the closed-loop control of the
navigation task via the BMI’s decoder is necessarily involved in the superposition effect.
The T1-T4+T3-T4 superposition neurons increase their firing rate within their place fields
relatively early during T3 (firing rate increase from laps 1-5 to 6-10, p = 1.40 x 1073, paired
t-test across all 460 neurons). In contrast, neurons with a stable field throughout the session
exhibit no such increase in firing rate (Fig. 4.11.f). At first glance, this might suggest a purely
classical conditioning effect, whereby neurons that happen to end up with ‘stray’ weights
from the decoder training process elevate their firing rates to produce better BMI outcomes,
but this hypothesis does not hold water. The neurons that have a field shared between only
T3 and T4 do not have elevated decoder weights (Fig. 4.11.d) and undergo the same increase
in firing within their eventual place fields (Fig. 4.11.f), and so we ascribe this increase in firing
rate to ‘natural’ field formation rather than conditioning. To corroborate this point, there
appears to be no relationship between decoder weight and magnitude of firing rate increase
between laps 1-5 and 6-10 for the T1-T4+T3-T4 superposition neurons (Fig. 4.11.g). Putting
our observation more simply, elevated decoder weights do not cause a sudden increase in
firing early in T3, but somehow contribute to the retention of a field from T3 to T4 specifically

for neurons with a history of activity earlier in the session. We will eventually return to the
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role of decoder weights when we consider their impact on the retention of fields from one

session to the next, rather than from one trial to another within a session.

Reconciling response archetypes with PVC-based similarity

We quantified our claim of superposed representations in BMI sessions at the level of pop-
ulations using mean PVC, noting that measured between T3 and T4 this is 21.4% greater
than when measured between T1 and T2 (referring back to Fig. 4.7.d). We have now shown
concrete examples of individual neurons that exhibit clearly superposed examples of fields,
but these account only for 3.1% of the entire population—a number insufficient to entirely
account for the change in PVC.

We can coarsely quantify how much these superposed neurons contribute to the change in
PVC. If we omit all neurons falling under the superposition archetype from the PVC calculation,
we find that the T1-T2 mean PVC is unchanged (to within less than 0.3%), but the T3-T4 mean
PVC is now only 17.2% greater. This means that the superposition archetype accounts only
for one fifth of the change in the PVC metric. Where do the other four-fifths come from?

Our archetype classification is stringent. It leaves a large swath of the population with
unclassified responses (see Fig. 4.9). Our system is designed to highlight clear-cut examples
of population behaviour, and so it relegates inconveniently ambiguous patterns of field
formation to the ‘unclassified’ category. However, stripping out the ‘unclassified’ neurons
from the PVC calculation by the same process as used for the superposition neurons above
does not meaningfully change (i.e. < 1 percentage point) the increase in mean PVC between
T1-T2 and T3-T4. While the ‘unclassified’ category may well contain internal subsets that
undergo a change in response that contributes to superposition as measured by PVC, it itself
is not categorically biased towards these neurons.

We deliberately omitted neurons sharing a field in exactly T2-T3-T4 with no field in T1
when defining the superposition archetype. These neurons can conceivably be viewed as a
superposition of the locomotion and BMI representations with the locomotion representation
simply being blank, but they make for far less compelling examples without two place fields
active simultaneously in different locations. If these neurons are excluded from the PVC
calculation, we can determine that they also contribute approximately one fifth of the increase
in the mean PVC between T1-T2 and T3-T4.

Removing each other archetype of neurons from the PVC calculation yields no further
explanatory gains. This means that our archetype-based categorisation system explains, in
total, approximately 40% of the increase in PVC as measured by exclusion of categories. For a
set of heuristic categories designed to be illustrative, we believe this is a satisfactory starting
point. We entertain too the possibility that some component of the superposition effect might
modulate all neurons and thereby defy any explanation based purely on categorisation.
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4.5 Revisiting path integration with gain modulation

We have one final confound to address before we can be satisfied that the superposition effect
is induced by BMI usage: what if the so-called ‘BMI-context’ corresponds to a situation in
which the animal retains causal control over its navigation, but with a changed relationship
between wheel running and VR traversal? After all, if we cast our minds back to the previous
chapter, we recall that some animals had running speeds that do not exactly match the target
trajectory imposed by the BMI (see Fig. 3.4.b for an example in which the animal runs much
faster than the target velocity).

While we partially addressed this in the previous chapter by demonstrating instances of

adequate decoder accuracy in spite of decoupling between wheel speed and BMI traversal
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Fig. 4.12 Locomotion under altered gain condition causes no remapping or superposition
effects. (a) Schematic of the gain modulation control modality. Different portions of the
track experience different forward velocities for the same rotation of the wheel. (b) Example
population ratemap for a gain modulation session, as in Fig. 4.7.a. (c) Relative changes
in place cell count for gain modulation sessions, as in Fig. 4.5.c. (d) Place field coverage
aggregated over all gain modulation sessions, as in Fig. 4.6.a. (e) Mean PVCs between pairs of
trials within gain modulation sessions, as in Fig. 4.7.b.
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velocity, we can now complete this argument in terms of representational similarity using
gain modulation trials. These trials alter the ratio between rotation of the wheel and distance
travelled on the VR track. Rather than a constant gain alteration, we attempt to more aggres-
sively disrupt the reliability of the path integration system by altering the gain as a function
of track location. Using the same 40 cm bins used for decoder classification, we implement
a gain profile that attenuates speed in the region of fast running and amplifies speed in the
region of slow running (Fig. 4.12.a, for traces of velocity profiles during such trials, refer back
to Fig. 3.5.d in the previous chapter).

Visual inspection of the population ratemaps during sessions using gain modulation trials
as probes reveals no global remapping (Fig. 4.12.b), which is in agreement with the result in
Chen et al. (2013). Changes in the number of place cells between trials during gain modulation
sessions (Fig. 4.12.c) closely mirror the ‘all locomotion’ sessions (Fig. 4.5.c). We do not see
strong evidence of a more cue-based representation of the track when considering place-field
coverage (despite what appears to be a small bump during Trial 3 only), though we do see
what appears to be a local alteration near the reward site (Fig. 4.5.d). Finally, quantifying
representational similarity using the PVC metric suggests that no superposition-like changes
take place, given that T1-T2 are as similar to each other as T3-T4. We conclude from this
control experiment that the persistent changes in neural responses that take place following
BMI usage cannot be explained by changes in gain, and believe that this strengthens our case
that these persistent changes are induced by experience with an alternative and cognitively

engaged means of traversing the environment.

4.6 Representations on cross-session timescales

4.6.1 Tracking neuron ROIs from session to session

We complete our description of the changes in representation that take place during and
following BMI usage with a consideration of the changes in representation that take place
between sessions. We use CellReg (Sheintuch et al., 2017) to align the suite2p-derived
ROI footprints from one session to another by computing a static translation and rotation
of the FoV (Fig. 4.13.a, see Methods 4.8.5). We then use CellReg’s model of matched-ROI
confidence to identify ROIs with matching footprints between sessions, setting an operating
point that yields a 95% true-positive rate (Fig. 4.13.b). We are subsequently able to track
certain neuron ROIs across days (Fig. 4.13.c). This registration works well for sessions that
are close together in time, with the probability of registering the same neuron between a pair
of sessions falling off for sessions further apart in time (Fig. 4.13.d). Consequently, neurons
which can be identified in a handful of sessions are common, while those that can be tracked

across many sessions (10+) are rare (Fig. 4.13.e).



4.6 Representations on cross-session timescales 119

a +50 - e b ROI pairing confidence
- - >~ MH485 1.0 1
T T N sessions r
— e _ SN
) S0 T TS TN N #2024-01-22
] Ve _ NN
2 r S s N N #20240123
£ Loy 0 NN L #202401-25
/ N S T = 1.0 —
S ol | : L e Vo) #2024-01-26 o :
= | o ¥ =
2 \\ Vol % ., , | | | %202401-29 2 051
7] \ \ o 2024-01-30 o operating
c \ N ~__ _7 /s S ;
o N N T S, 2024-0201 o point
- AN NS L 2024-02:02 2
SN ST s 2024-02-05
~ -~
50 Se_ - 2024-02-06 0.9 |
0.0 0.1
I T 1 0.0 T 1
-50 0 +50 0.0 0.5 1.0
x translation (pixels) false positive rate

example neuron across sessions

2024-01-23 2024-01-25 2024-01-26 2024-01-29 2024-01-30 2024-02-01 2024-02-02 2024-02-05 2024-02-06

ratemap footprint

B ROI tracked across sessions mean activity at track position
O high-confidence neuron ROI measured during trial 1 (locomotion)
@ other ROI in session 0.0 I 3.0 std dev

d o e ® MH188 © MH533
. 20001 MH356 @ MH535
>§ @ MH462 ® MH536
23 S ® MH483 @ MH537
S § —_ 3 ° ® MH485 MH538
| neuron c (R MH487
c'o identified <5 10001 § @ ®
SE< in session ° e %e e
3% g |tdygsies
co £ L - by
8 2 S 5. SEEEE
711 01geevecoe? T T
(animal MH485) number of sessions in common (cumulative)

Fig. 4.13 Technical overview of cross-day cell registration. (a) Example FoV translations
relative to a reference session as used for cross-day ROI alignment. (b) Estimated receiver
operating characteristic curve for identification of ROI pairs between all sessions from (a),
showing our choice of operating point (95% true positive). (c) An example of an individual
neuron tracked across all sessions in (a), including location in FoV, ROI footprint, and activity
ratemap during the initial locomotion trial in each session. (d) Neuron presence matrix for all
sessions of MH485, including only neurons tracked across at least 5 sessions. Empty columns
indicate sessions that failed alignment. (e) For each animal, the number of neurons identified
between sessions that are visible in at least the given number of sessions.
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4.6.2 Context-specific representations persist between sessions

Many neurons have consistent responses from one BMI session to the next. We find examples
of neurons with a single place field that is entirely stable across trials and sessions, neurons
with consistent preference for either the BMI or the locomotion context, and neurons whose
firing location is consistently modulated by control modality® (Fig. 4.14.a). Representations
in CA1 change both as a function of time and of experience (Elyasaf et al., 2024; Geva et al.,
2023; Khatib et al., 2023; Ziv et al., 2013) and our experimental schedule does not run BMI
sessions on an exactly daily cadence (referring back to Fig. 3.6 in the previous chapter). We
therefore restrict our quantitative analysis to pairs of BMI sessions that take place exactly
one day apart in order to avoid confounds associated with inequivalent amounts of BMI

experience between comparison points.

Stability of the distinction between contexts

We turn once again to mean PVC as a tool for quantifying representational similarity between
pairs of trials (see Methods 4.8.5, which details session pair inclusion and accounting for the
imbalances between the number of ROIs that match between session pairs), evaluating each
trial on some day D against each trial on the following day D + 1 (Fig. 4.14.b). There is an
immediately obvious structure to this comparison matrix: any pair of trials of the same trial
type has a higher PVC than any pair of trials with mismatched trial types. We interpret this as
stability of the distinction between BMI and locomotion contexts, and this is consistent with
the view that the distinction is explained mechanistically by the presence or absence of path
integration signals.

A more subtle feature of this matrix is a broken symmetry about the main diagonal: when
we compare the PVC between T4 on day D and T1 on day D+1 (PVC: 0.473, standard deviation
within bootstraps: 1.47 x 1072), we find it greater than the PVC between T1 on day D and
T4 onday D +1 (PVC: 0.395, standard deviation within bootstraps: 2.48 x 1072 comparison
significance p = 3.3 x 1073). This means that the representation at the end of day D is more
similar to the representation at the start of day D + 1 than vice versa. We interpret this as the
experience of BMI trials driving a change in representation: the PVC between trials with no
BMI trials performed between them is higher than for those trials separated by BMI trials.

For this interpretation to withstand scrutiny, we must take into account that any expe-
rience with the track, BMI or otherwise, has the potential to drive some change in repre-
sentation. We offer as comparison the same evaluation performed on the pairs of constant
autopilot and parabolic autopilot sessions for the same animals. Over the 5 such session pairs

9We offer, entirely qualitatively, the observation that the neurons with place fields that are modality-sensitive
in different locations are prone to being classified as superposition on some days and as modulated by modality
with a shifted field on others. This highlights that our archetype classification scheme is not entirely robust.
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Fig. 4.14 Locomotion and BMI contexts remain distinct between sessions. (a) Ratemaps for
three example neurons with stable context-specific and context-agnostic fields from the same
animal over the course of four consecutive sessions. (b) Mean population vector correlation
between trial pairs from BMI sessions exactly one day apart. (c) Cartoon of six categories
describing the status of a neuron with a field on some day D. (d) Distributions of these
categories for BMI sessions exactly one day apart, comparing T1 on day D to T1 on day D + 1,
T2 on day D to T2 on day D + 1, and so on. (e) Decoder weight percentiles for the decoder
used on day D, shown for each category of field change when comparing T3 on day D to
T4 on day D + 1. Neurons with a single place field on day D during BMI and multiple place
fields during T4 on day D + 1 have significantly higher decoder weights (One-way ANOVA:
p = 6.0 x 1073, independent two-sided t-test against population: p = 4.4 x 1073).
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that meet our inclusion criteria (1,773 matched neurons), we do not see the same symmetry
breaking: the two PVCs are very similar (absolute difference 7.1 x 1074, proportional differ-
ence 0.0020%)'°, especially when compared to the change visible for the BMI session pairs
(absolute difference 7.8 x 1072, proportional difference 16%). We consider also the pairs of
‘all locomotion’ sessions, with the caveat that we include all animals (and not just the cohort
experiencing a majority of BMI sessions) to bring us from 3 to 10 valid session pairs (3,085
matched neurons). These also display a broken symmetry (absolute difference 4.8 x 1072,
proportional difference 12%), albeit less pronounced than for the BMI sessions.

Given the small sample size, the small difference in effect size, and that the animal iden-
tities differ between the comparisons, we would be remiss to present this as strong direct
evidence for BMI-accelerated changes in representation. Nevertheless, we allow ourselves
to speculate that an active role in navigating through environments drives changes in the
representations, whether by BMI or by locomotion, and that a passive role does not.

Our final observation about the PVC comparison matrix for BMI sessions pertains to the
initial locomotion trial, T1. The similarity of T1 on day D to T1 on day D + 1 is the largest
across the entire matrix, which seems to run contrary to the notion that experience drives
changes—should we not expect T4 on day D to be more similar to T1 on D + 1, as these trials
are adjacent? While we find this result initially surprising, we recall from Fig. 4.9 that T1 has
the highest incidence of unique place fields. This suggests that T1’s position as the first trial of
a day grants its representation some unique quality—perhaps a novelty signal, an anticipation
signal, or the absence of fatigue—that accounts in part for its high self-similarity between
days. Indeed, we also find that for pairs of trials in both autopilot sessions and ‘all locomotion’
sessions, the highest value in the cross-day PVC comparison matrix remains T1 to T1. This is
consistent with our earlier observations that T1 has the highest incidence of unique place

cells in locomotion and autopilot session types (Fig. 4.10.a,c).

Quantifying changes in place field between sessions

The high self-similarity of T1 forces us to consider whether the superposition effect is a purely
transient phenomenon induced by BMI on short timescales, or whether it has effects that
persist between sessions. As with the single session analysis earlier in this chapter, we will
approach this by building an intuition through assigning categories to neurons and evaluating
their relative frequencies.

To compare a pair of trials that span two sessions, we consider the neurons with at least

one field on day D and categorise the status of that same neuron’s tuning on day D + 1 (Fig.

10As each session lasts 70 minutes, the comparison between PVCs is necessarily comparing trials that do not
take part exactly the same number of hours apart. We use the observation that these particular PVCs are very
similar to highlight that active navigation of the environment is a far more important factor than the discrepancy
in elapsed time.
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4.14.c, see Methods 4.8.5)!!. We show these in Fig. 4.14.d for changes in fields for the same
trial number between two sessions (i.e. comparing T1 to T1 between days, T2 to T2 between
days, and so on). This gives us a general sense of the stability of representation for each
trial. T1 is the most stable, with approximately 50% of its place cells retaining their field at a
consistent location. The next largest category for T1 is fields that disappear from one session
to the next (~36%). Few fields move in T1, and the number of cells with multiple fields is
nearly balanced over time: the fraction of cells transitioning from one field to multiple fields
(3.6%) is close to the fraction of cells transitioning from multiple fields to a single field (3.1%).

Fields in the BMI context are less stable, especially in T2, which retains only ~30% of its
fields in consistent locations between sessions. This suggests a faster rate of representational
turnover, an observation that is consistent with the lower cross-session PVC values from the
previous section. For the post-BMI locomotion context in T4, we find minimal evidence of a
net increase over time in the number of neurons with multiple fields (multiple fields before
and single field after: 3.2%, multiple fields after and single field before: 4.0%). This suggests
that there is no cumulative build-up of superposed fields over the course of several sessions.

However, despite no build-up of such fields!?, we find tentative evidence that the decoder
weights allocated to neurons do demonstrate an interaction with superposition on cross-
session timescales. In Fig. 4.14.e, we consider the decoder weights associated with the
categories of fields between T3 on day D with T4 on day D + 1. Those neurons with a single
field during T3 on the first day and multiple fields during T4 on the second day, which is
a loose approximation of those neurons that show superposition on the second day, have
considerably higher decoder weights than all other categories—a phenomenon reminiscent
of the effect we described within individual sessions in Fig. 4.11.d. This relationship is not
necessarily causal: while it is appealing to think that decoder weights on one day might
directly influence which neurons exhibit superposition on subsequent days, we must also
consider that the neural activity on which decoders are trained from one day to the next
share part of a representation in common. If the same neurons are prone to superposition,
then the high decoder weights predictive of superposition on day D will also be predictive of
superposition on day D + 1.

If the same neurons are indeed prone to superposition across days, then is this a matter of
a learned relationship? Or could we instead explain their predisposition through an input to
CA1 that is absent from passive motion, yet common to the BMI and locomotion conditions?

1The rationale for taking exclusively neurons with a field present on D is to avoid interference from another
time-dependent effect: we described in the previous chapter that the fraction of neurons that are place cells
during BMI trials increases over time.

12Whether it is even possible to accumulate superposed fields is in question. If activity in CA1 is subject to
regularisation to enforce sparseness of representation (McKenzie, 2018), this would drive a gradual turnover
in representation (Ratzon et al., 2024). See Lee et al. (2020) for a counterargument suggesting that within the
heterogeneity of CAl populations some neurons may be well-suited to multiple fields within the same spaces.



124 Changes in hippocampal activity induced by BMI usage

4.7 Discussion

4.7.1 Arerepresentations modulated by agency?

We have described fundamentally different representations of a visually identical linear track
environment. This is not an observation without precedent: earlier work has induced new
representations of visually identical cue sets by manipulating the animal’s experience prior to
cue exposure (Tanila, 1999), has found representations influenced by differing task demands
within the same environment (Zutshi et al., 2025), and has even observed multiple maps of
the same space coexist on short timescales with no apparent prompting or manipulation
(Sheintuch et al., 2020). In our case, these representations can be swapped between at will by
controlling how the animal traverses the environment. The main feature that distinguishes
locomotion trials from either autopilot or BMI trials is that the animal’s manipulation of
the wheel no longer produces expected outcomes of movement through the environment,
causing the representation of these latter trial types to rely more heavily on visual cues.

In the case of autopilot trials, the change in representation is entirely reversible: returning
the animal to a condition in which it can navigate by wheel manipulation restores the previous
locomotion-based representation. This appears largely in agreement with existing VR-based
studies of passive motion (Chen et al., 2013). However, we reserve judgement as to whether
this remapping effect would be as pronounced in a real environment, where a variety of
additional sensory cues are available to supplement and stabilise the representation.

Our main novel observation is that BMI usage causes some component of the BMI repre-
sentation to leak into the locomotion representation, resulting in a superposition of the two
representations. We offer two interpretations of this effect. The first interpretation frames
CA1l hippocampus as a sequence predictor. The structure of the task during BMI is such
that the maintenance of a consistent neural representation of the track produces consistent
traversals, while deviating from that representation produces more varied traversals that
are unpredictable. While this is not direct classical conditioning of the population, which
would encourage field retention by directly reinforcing their elevated firing, it creates an
experimental dynamic where representations are self-reinforcing by causal responsibility
for consistent experiences. By construction, the representation learned by the decoder is
more stable than any other representation of the track during BMI trials. This interpretation
proposes that this indirect reinforcement of the representation results in its partial retention
when the animal is returned to locomotion.

The second interpretation frames our observations in terms of agency: the ability for
the animal to influence outcomes. During BMI trials, and unlike autopilot trials, the animal
is causally in control of its motion. While we choose to entirely sidestep the philosophical

questions about whether an animal understands that it is able to navigate, we do seriously
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entertain the idea that repeated exposure to external outcomes that consistently coincide with
internally-driven neural states will result in patterns of activity that could reasonably be called
‘representations of agency’. Such signals need not originate in CAl to explain our results, they
need only to eventually route to these populations. Existing work has already established that
individual cells within CA1 exhibit heterogeneous responses to signals originating outside
CA1l, such as whether visual cues are local or distal (Knierim, 2002; Shapiro et al., 1997;
Tanila, 1999), or how closely tied they are to sensory landmarks or path integration signals
(Anderson and Jeffery, 2003; Geiller et al., 2017; Gothard et al., 2001). If some subset of a
given CA1l population is more sensitive to incorporating a hypothetical agency signal, we can
speculatively explain why superposition takes place at the level of individual neurons. When
agency-sensitive neurons form new fields during BMI, these fields can persist after a return to
locomotion, as the animal retains its agency despite this transition from one control modality
to another.

As a point of comparison, Losey et al. (2024) describe a BMI experiment in macaque
motor cortex where the mapping between neural activity and cursor control of a reach task is
deliberately perturbed from a familiar to an unfamiliar one. After the animal learns the new
mapping over the course of hundreds of trials, the original familiar mapping is reinstated.
There is evidence of residual ‘memory traces’ of the new mapping during subsequent use of
the original original mapping, and these are largely confined to the null-space of the original
mapping. These are persistent representation changes that appear phenomenologically
similar to our results, and are presented in the context of a ‘negotiated equilibrium’ between
the requirements for both neural mappings to achieve task success. While a promising
parallel to our own findings, this motor cortex BMI task requires explicit and laborious
learning by the population to conform to particular new patterns, rendering it potentially
closer to a conditioning experiment than our own. We challenge a purely conditioning-based
explanation of our own data on two counts. First, while neurons with superposition are
predisposed to larger decoder weights, there are many examples of such neurons entirely
within the null-space of the decoder. Second, the autopilot-BMI sessions do not demonstrate
activity in the post-BMI autopilot trial that suggests any kind of representational leak from
the BMI trials: it appears that actively navigating through the environment is a requirement
to observe the superposition effect.

The two interpretations, sequence prediction and agency signals, are not mutually exclu-
sive: if an animal knows that it can act, it should have a model of the sequence of events that
will result from those actions (Buzsdki et al., 2014). Nevertheless, we believe it plausible to
disambiguate these two interpretations through adjustments to our experimental paradigm.
For example, our experiments trained decoders on an entire FoV, with the philosophy that
reading out from as many neurons as possible would increase the likelihood of successful

BMI performance. However, as we established during the previous chapter, some animals
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with excellent indicator expression and many neurons visible reached a plateau where higher
ROI counts led to negligible increases in decoder accuracy'®. We propose instead to deliber-
ately restrict the BMI decoder to use one half of the FoV only, thereby providing an in vivo
control population in the other half of the FoV. Measuring whether this control population
experiences superposition at the same rate as the decoded population would allow us to take
the first steps towards ruling out or confirming an indirect reinforcement effect, and in the

case that both interpretations have explanatory merit, to quantify their relative importance.

4.7.2 Leveraging the strengths of optical BMI

The proposed ‘trick’ of splitting the FoV in a way that provides a consistent probe and control
population from one day to the next is an example of a potential advantage of optical BMI
over electrophysiology-based alternatives. This is a convenient point to critically reflect on
our closed-loop optical BMI, the first of its kind applied to CA1 hippocampus, and determine
how well we have leveraged its advantages. In candour, the main ‘selling points’ of our
optical BMI—interpretable decoder weights and the accurate tracking of cells from session to
session—featured only minimally in this chapter. Our findings and analysis focus primarily
on a phenomenon that is prominently visible within single sessions, and we expect to be
readily reproducible with more traditional BMI designs. Nevertheless, knowledge of these
phenomena is of critical relevance to future hippocampal BMI designs.

The full corpus of data from our experiments, which spans a total of 158 recording sessions
in the four-trial format, is still under ongoing analysis. Of particular interest is the second
main cohort of animals, which experienced primarily autopilot-BMI sessions. These have
much better cross-day registration of neurons (referring back to Fig. 4.13.e), and the animals
do not need to simultaneously maintain two different representations of the track. This
presents an excellent opportunity for future work that delivers on the strengths of optical

BMIs to validate decoders that can be adapted for re-use from one session to the next.

4.7.3 Aremapping that is global, but not total

The remapping that takes place between contexts is global, in that it affects all portions of
the track, but it is not total: we reported that approximately 5% of the neurons in our imaged
populations had place fields that were stable across contexts during BMI sessions. A visual
inspection of the population ratemap for an individual session, as illustrated earlier in Fig.
4.2, makes it clear why a decoder trained on locomotion fares poorly with the BMI context.
Nevertheless, the animal itself continues to attempt to perform the task, manipulating the

wheel at an appropriate velocity and licking in anticipation of its reward. We must then either

13This applies at the 40 cm spatial bin accuracy. If we demanded a more fine-grained classification of the track,
reaching the plateau in decoder score would require more neurons.
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Fig. 4.15 Remapping between contexts does not entirely erase the underlying representa-
tion when viewed over a large population. Population ratemap synthesised from all BMI
sessions across all animals, ordered by peak activity during Trial 1. The images use bilinear
interpolation to merge multiple neurons into single pixels, as the vertical resolution of the
figure is insufficient to render the ~20k neurons.

believe that this task structure does not rely on hippocampal function—something that would
be extremely inconvenient for the field of hippocampal study—or that whatever remains of
the representation is sufficient for the animal to keep its bearings!%.

While our imaging is restricted to observing a population of at most ~1,000 neurons, the
brain itself is not. If we synthetically construct a view of activity for a much larger population
by concatenating the ratemaps of each individual session, we find that the representation
of the track remains distinguishable at every point despite the change in context from loco-
motion to BMI (Fig. 4.15). In addition to providing an explanation for how animal behaviour
remains intact following remapping, this view of activity is heartening from the perspective
of BMI design: perhaps achieving stable readouts robust to a variety of operating contexts is
merely a matter of scale. However, while simply increasing the number of imaged neurons and
naively averaging might allow a decoder’s accuracy to survive one change in representation in
the form of a remapping event, such a strategy will eventually fall prey to continued changes in
representation. If only some fraction of neurons survive with their place field intact from one
task performance to the next (taking our ~50% fields marked as stable from one day to the next
from Fig. 4.14 as an example), it will not take long for successive changes in representation to
accumulate to the point where the original representation is unrecognisable—even should

we somehow be able to image on the scale of the entire hippocampus simultaneously. This

14We point to Jeffery et al. (2003) as an early historical example of this same dichotomy. Their task cannot be
learned in animals with hippocampal lesions, and yet task performance remains consistent despite apparently
widespread remapping of hippocampal populations.
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forms the starting point for the next chapter: how should neural readouts, BMI or otherwise,
approach the maintenance of a stable readout despite ongoing change?

4.8 Methods

4.8.1 Quantification of neuron properties
Processing of neuron ROI fluorescence timeseries

We process neuron ROI fluorescence traces by first removing contamination from neuropil
using a standard weighting coefficient (Pachitariu et al., 2018; Zong et al., 2022).

Feorr = Fror — 0.7 x Fneuropil

In practice, Fheuropil takes very small values and the impact of this step is negligible for our
datasets, as our surgical procedure aspirates cortex within the implanted cannula up to the
alveus (the surface of the hippocampus), resulting in minimal interference from neuropil. We
apply a dF/F filter to the corrected trace, using the formulation and parameters previously
described in 2.6.1.

Ratemaps

As we use Calcium imaging rather than electrophysiology-based recordings, our ratemaps do
not directly signify a mean firing rate at a location measurable in Hz, but are instead a proxy
for mean activity at that location. To compute ratemaps, we discretise the track into 5 cm bins.
A raw ratemap value is simply the mean value of a neuron ROI's dF/F trace within that bin.
When visualising multiple ratemaps spanning multiple trials, we perform a normalisation:
the dF/F trace is z-scored using the mean and standard deviation over all trials shown for that
ROL

Place field identification

We identify place fields for neuron ROIs according to the following steps, which are an adap-
tation to our task and dataset of the ‘Combination Method’*® for place field identification
described in Grijseels et al. (2021). The first step of this method requires identifying periods of
‘Calcium events’, which are spikes in Calcium activity defined as:

* Starting at the point in time at which activity exceeds the upper threshold Typper

15An acknowledgement: Kou Huang of the Krupic Lab evaluated a variety of place field identification tech-
niques on other datasets acquired from the same 1D VR task during locomotion-based sessions for a separate
project, and his efforts provided an informed decision when selecting this method.
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e Ending at the point in time at which activity falls below the lower threshold Tigyer
 Lasting for at least 3 frames (~100 ms)

The two threshold are defined as:

Tupper = 3 X Tiritical

Tiower = 0.5 X Teritical

Where Teritical is chosen for a neuron ROI by slicing a trial timeseries into 2-second windows,
evaluating the standard deviation of the dF/F activity in each window, and taking the median
of these standard deviations over all 2-second windows.

The second step requires determining candidate regions for place fields. We compute a
ratemap for the ROI at a resolution of 5 cm. We then define cut-off threshold Y such that
Y = 0.25 x (Pmax — P25), where pos is the 25th percentile of the ratemap bins and py,4y is
the largest ratemap bin value. Candidate place fields are contiguous regions of the ratemap
exceeding the cut-off threshold Y, atleast 15 cm in length, and no more than 200 cm in length.

We apply two initial criteria to determine whether a candidate place field should be retained:

e The mean ratemap value within the candidate field must exceed 4 x the mean ratemap
value outside of all candidate fields for the ROI.

e The ‘activity ratio’ must exceed 25%. The activity ratio is the proportion of time classified
as a Calcium event while the animal is within the spatial bounds of the place field.

Finally, we perform a comparison against shuffled data. This breaks the neuron ROI's dF/F
timeseries into blocks of 120 frames (~5 seconds) and shuffles the order of these blocks, while
keeping the timeseries for the animal’s position unaltered. We perform the same place-field
identification procedure as above, and reject any candidate fields that do not exceed an
activity ratio greater than 95% of 1,000 evaluations on the shuffled data.

It is common in other works performing place field identification to remove samples in
which the animal is stationary (typically defined as moving at <5 cm/s). We choose not to
remove these samples, as our experimental setup effectively has two decoupled velocities:

traversal of the VR environment, and the speed of running on the wheel.

Field matching

When comparing place fields of the same neuron between two trials, we say that two fields
match if they satisfy both of the following criteria:

1. the length of track overlapped by the two fields is at least half of the length of the smaller
of the two fields
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2. the field centres are no more than 15 cm apart

4.8.2 Quantification of population-level properties
Relative change in place cell counts

For n; place cells in the i trial within a single session, the proportional change in place cell

count relative to the session mean is simply:

. ni—
proportional An; =

Where 72 is the mean number of place cells over all trials in that session.

Place field coverage

To estimate place field coverage within a single trial, we first discretise the track at the same
resolution as place field identification (5 cm bins) and mark each of these bins as having
initially zero coverage. For each neuron in the trial, we increment each bin’s coverage value at
each bin overlapped by that neuron’s place fields. After all neurons have contributed to the

coverage map, we normalise the coverage map to have unit area so that it represents density.

Population vector correlation

PVC is a measure of similarity of population activity between a pair of trials at a given location.
We compute the ratemap for each trial and perform z-score normalisation for each neuron (as
described above). This produces an N x M matrix for each trial (/N neurons, M spatial bins).
The PVC at a given location, corresponding to the j™ spatial bin, is the Pearson correlation
coefficient between the two j™ columns of these matrices. In this work, we do not make
use of PVC at any specific location, but instead use the mean PVC over all bins as an overall

measure of similarity between representations.

4.8.3 Archetypes of context-specificity
Definition of archetypes

We apply the following criteria to automatically categorise neurons into archetypes based on
differences between place field presence and location between an initial and final reference
trial and two inner probe trials. These criteria are applied sequentially, halting once a neuron

has been categorised.

1. Complete absence of place fields in all trials: mark as ‘no field’
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10.

11.

Exactly one trial contains place fields: mark as appropriate ‘single trial only’

. All trials have at least one place field matching at least one place field in every other

trial: ‘stable’

Trials 1 and 4 share a field, and no other trials share a field: ‘modulated by context,

reference-specific’

. Trials 2 and 3 share a field, and no other trials share a field: ‘modulated by context,

probe-specific’

Trials 1 and 4 share a field and Trials 2 and 3 share a field, but no fields are shared
between any other pair of trials: ‘modulated by context, shifted field’

Trials 1 and 4 share a field and Trials 2, 3, and 4 share a field: ‘superposition, 1-4+2-3-4’

Trials 1 and 4 share a field and Trials 3 and 4 share a field: ‘superposition, 1-4+3-4’

. Other scenarios in which exactly two trials share a field: ‘other, pair’

Other scenarios in which a subgroup of three trials all share a field pairwise with each
other trial in that subgroup, and the remaining trial shares no fields with any trials:
‘other, triad’

Mark as ‘unclassified’

Evaluating chance-levels of archetype occurrence

Within each session, we perform 1,000 shuffles of the order of trial occurrence. We derive the

number of cells falling into each archetype (as per the criteria above) for each shuffle. If the

number of chance occurrences for a given archetype is Kchance, calculated by the mean over

all shuffles, and the number of observed occurrences is Kypserved, We use the following metric

as a measure of occurrence relative to chance within a session:

Kobserved - Kchance

proportional A archetype occurrence =
Kchance

4.8.4 Tests of statistical significance and effect size

Pairwise PVC comparisons

Within a given session type, we compare each mean PVC (corresponding to the similarity

between a pair of trials) to each other PVC via a two-sided t-test. We treat animal identity as a

within-subjects factor. We correct for repeated comparisons using a Bonferroni correction.
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This is a conservative correction (i.e. it increases the likelihood of false negatives). For m total
comparisons, this correction is equivalent to scaling the threshold for significance by a factor
of 1/m. Our implementation handles this by multiplying all p-values by m and keeping the
significance threshold fixed at 0.05. In each instance, we ran a one-way repeated measures
ANOVA (with animal identity as a within-subjects factor) before proceeding to the pairwise
comparisons to verify the presence of significant differences between trial pairings. Both
of these tests are implemented using the existing Pingouin software library (Vallat, 2018).
Where reported, the Bayes Factor is estimated with Pingouin, which internally relies on the
methods from Rouder et al. (2009).

Decoder weight comparisons

We compare the decoder weights for neurons classified as belonging to the T1-T4+T3-T4
superposition archetype (population A) to all other place cells without a field in T2 (population
B, consisting of the concatenation of archetypes T1 only, T3 only, T4 only, T1-T4, T1-T3, and
T3-T4). The distributions of A and B are not normally distributed, and so we make use of
anon-parametric test. We apply a Mann-Whitney U-test to test whether A is stochastically
greater than B, using a reference implementation from the scipy.stats software library
(Virtanen et al., 2020).

4.8.5 Identification of neuron RQIs between sessions
CellReg-based tracking

We use CellReg (Sheintuch et al., 2017) to identify ROIs that are highly likely to correspond
to the same neuron from one session to the next. We configure CellReg to use only rigid
(rotation + translation) FoV transformations to align ROI footprints. Sessions that do not
have an adequate rigid transformation (usually caused by subtle out-of-plane misalignment)
are discarded entirely from cross-day registration. Cell identity matches are based on the
cross-correlation of the ROI footprints with a correlation threshold of 0.65. Each registration
process requires a reference session to serve as a baseline for aligning the FoV of each other
session. We select this reference session from those near the middle of the animal’s imaging
schedule and use manual trial and error to minimise the number of sessions that fail FoV

alignment.

Population vector correlation across days

We consider only the cohort of animals that experience a majority of BMI sessions (MH356,
MH462, MH483, MH485, MH487) and only BMI sessions spaced exactly one day apart. There

are no instances of three days of consecutive imaging for any given animal, and there are
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therefore no instances of a session being included in multiple pairs. The experimental sched-
ule described in the previous chapter produced 17 such pairs, of which we consider the 15
that contain =100 neurons matched between both sessions.

We account for discrepancies in the number of neurons registered between sessions by
concatenating ratemaps for each day (D and D + 1) within the session pair. This produces a
merged ratemap for each trial on each day containing 5,639 neuron ROIs for each day. We
evaluate the PVC of this merged ratemap as described in 4.8.2.

We perform bootstrapping over session pair inclusion (10,000 iterations of sampling with
replacement from the 15 session pairs), reporting the standard deviation over these bootstraps
of individual PVC values as a quantification of variability. To establish whether one PVC is
significantly larger than another (for which we make only one comparison, and so no multiple-
comparisons correction is needed), we report the fraction of bootstraps in which the PVC
with the smaller mean exceeded the PVC with the larger mean as a simple quantification of
significance.

We repeat this analysis for the same animals for constant speed and parabolic speed au-
topilot sessions (same animals, 1,773 neurons total). We also repeat it for the ‘all locomotion’
sessions, but include all cohorts of animals (resulting in 3,085 matched neurons) due to insuf-
ficient matched neurons across days in this session type for the first cohort—acknowledging
that this weakens the strength of our conclusions.

Place field changes between sessions

We make use of the following sequential rules in order to categorise the status of neurons in
a specific trial on day D + 1 that were place cells (i.e. had one or more place fields) during a
specific trial on day D:

1. If there are zero fields on day D + 1, mark as ‘lost’

2. If there is more than one field on day D + 1 and a single field on day D, mark as ‘multiple
fields after’

3. If there is more than one field on day D + 1 and more than one field on day D, mark as
‘multiple fields both’

4. If there is more than one field on day D, mark as ‘multiple fields before’

5. At this point, the only possibility is that each day has exactly one field. If those fields

match (according to the matching criteria in 4.8.1) mark as ‘stable’

6. Mark as ‘moved’






Chapter 5

Unsupervised adaptive correction of

representational drift

Acknowledgement

The analysis, figures, and several discussion points described in this chapter are adapted

from Heavy-tailed statistics of cortical representational drift are advantageous for stabilised

downstream readouts (Micou and O’Leary, 2024). The only new material not covered by this

pre-print pertains to Fig. 5.10 and Fig. 5.11, in which we extend the analysis to the data

collected from our BMI experiments.

Chapter overview

This chapter deals with a fundamental question in representational drift: how can downstream

consumers of the information encoded within an upstream population cope with ongoing

changes in how that information is represented? We focus specifically on compensating for

drift without access the ground truth. In brief, we:

Describe an entirely unsupervised scheme for detecting and correcting for changes in

tuning in terms of a didactic toy model

Use our model to illustrate that many stochastic processes at the level of neurons
can generate equivalent rates of drift at the level of entire populations, but that those

processes favouring sudden ‘jumps’ in tuning are easier to correct for
Predict that the advantages of these jumps are particularly relevant at high drift rates

Investigate three in vivo datasets from V1, PPC, and CAl, and determine that they
contain a mixture of tuning change statistics that favours sudden retuning

Find that the preference for jump-like retuning is stronger in more plastic populations
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5.1 Introduction

5.1.1 Motivating unsupervised adaptive decoding

At the end of the previous chapter, we described how the seemingly disparate BMI-specific
and locomotion-specific representations of the track did, in fact, share a common basis for the
representation of the environment (Fig. 4.15), but that this was only visible when considering
a population two orders of magnitude greater than our individual recording sessions. A
decoder averaging over such a large population would be able to recover good accuracy
in spite of the remapping, but this decoder would nevertheless be stuck with detrimental
weights corresponding to neurons that have retuned in the new context. If such changes
were to accumulate over time, the decoder would gradually lose accuracy—that is, unless
it implemented some mechanism to determine which neurons were no longer part of the
representation and which neurons had newly joined the representation. In essence, this
is what we did when we retrained our decoder on the BMI representation of the track and
subsequently achieved good closed-loop performance. The way we retrained our decoder,
however, is cheating: we had access to the ground-truth of the animal’s position on the
track during the BMI trials. We described, back in the opening paragraphs of this thesis, the
importance of designing adaptive decoders that could compensate for changes in tuning
without the need for supervised retraining.

BMI engineers are not the first to encounter this design problem. Individual neurons
within populations have no direct access to a ground truth. Instead, cortical populations
must build up a representation of the external world purely through statistical regularities in
upstream activity. We speculate, then, that these populations must be well-suited to the task
of determining which changes in upstream activity correspond to noisy observations, and
which correspond to fundamental changes in representation.

We take representational drift as an ideal minimal example to study how the brain might
tackle such adaptive decoding. In experimental observations of drift, imaged populations
encode the same information on every day, at the same fidelity, and using the same general
strategies of encoding—but the role each neuron plays in its representation changes over time.
After repeated drift, the accumulation of nonstationary changes in representation will eventu-
ally drive a fixed decoder to an accuracy no better than chance. However, an adaptive decoder
capable of determining how neurons have been altered by drift may remain accurate indefi-
nitely. We focus specifically on unsupervised adaptation by considering statistical regularities
in activity (Fig. 1.3, from the introduction to this thesis, provides a helpful illustration).

Drift is a process that is gradual at the level of entire populations: a representation on
one day will look similar on the following day. The crux of the argument in this chapter is

that a variety of stochastic processes at the level of individual neurons can generate drift that
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day 1 day2 ——-----ccommn-- day T,
neurons ordered - population entirely
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Fig. 5.1 A variety of underlying stochastic processes at the level of individual neurons can
produce drift at the level of a population code. For example, a drift paradigm in which
all neurons experience gradual drift in their tuning parameters will eventually scramble a
population code beyond recognition. However, this could also be achieved through a ‘sudden
drift’ random process that generates large changes in the tuning of a different random subset
of neurons on each day.

appears gradual at the level of populations (Fig. 5.1), but that these are not equally easy for
a downstream readout to adapt to. We first present a toy model that contrasts two different
types of drift that degrade a fixed linear readout at exactly the same rate, but that have different
underlying neuron-level statistics. The first model, which we call ‘gradual’, slowly alters the
tuning of each neuron in the population (as is common in computational models of drift, see
Rule and O’Leary (2022) for an example). The second model, which we call ‘sudder’, instead
makes dramatic changes in tuning to a random subset of the population. We describe why this
second model is advantageous, and argue that real, in vivo brains would benefit from these
‘heavy-tailed’ distributions for neuron retuning. Finally, we perform tentative analysis of two
existing drift experiments and revisit our own hippocampal BMI experiments to determine

the extent to which this prediction holds.

5.1.2 Existing representational drift datasets

We have access to two existing and well-studied datasets that observe representational drift,
both consisting of 2-photon Calcium imaging recordings in mice.

The first of these is from Driscoll et al. (2017), which contains recordings from the PPC
during performance of a T-maze task. This experiment will be familiar to the reader: it is
the same experiment design we used for evaluating open-loop decoders on PPC (see Section
2.2.3). It consists of a long corridor broken into two sections terminating in a decision point
at which the animal must turn left or right. The first section displays wall cues which indicate

whether a left or right turn will be rewarded, and the second section has blank walls so that
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the turn direction must be remembered. We have also previously reproduced ratemaps from
Driscoll et al. (2017) as an illustration of drift (Fig. 1.2.a). These capture the firing rate of
neurons as a function of distance along the corridor (not unlike place cells) over the course
of several days and indeed show a gradual turnover in the representation. The original work
quantifies drift both via explicit paramterisation (whether the neurons have preferences for
left or right turns, where their peak of activity is located along the track, and whether or not
neurons gain or lose peaks in firing location from one day to the next) and by verifying the
gradual degradation of a fixed decoder over time.

The second dataset is from Marks and Goard (2021), which contains recordings from the
V1 region of the visual cortex during exposure to movies both of natural scenes and of oriented
gratings. While neuron firing rates are easy to parameterise in terms of the orientation of a
grating, alternative methods become necessary for the movie stimulus. Instead, the authors
quantify drift by determining whether or not neurons are mutually tuned to similar stimuli by
measuring the correlation between pairs of neurons within the population, and are thereby
able to construct schematics of functional connectivity and track changes in this connectivity
over time to infer rates of drift. The original work eventually concludes that drift rates are
substantially faster for the movie stimulus than the grating stimulus.

These experiments differ dramatically in the rates at which they observe drift in the
population. Drift in the PPC is visible from one day to the next, while drift in V1 takes place
from week to week. While some of this discrepancy in drift rates is necessarily due to vastly
different task design and choices of method to quantify drift, we attribute a component of the
discrepancy to underlying differences in the plasticity of the populations, consistent with the
expectation that more plastic populations drift faster (Driscoll et al., 2022; Micou and O’Leary,
2023; Rule et al., 2019).

5.2 Modelling adaptive decoding

5.2.1 Adaptive decoding via continual tuning parameter inference

The objective of an adaptive decoder is to produce an accurate readout from the population
in spite of drift. Each day, the adaptive decoder updates its estimates of how individual
neurons are tuned to stimuli. The adaptive decoder should not ‘cheat’ with knowledge of what
takes place outside of the neural population: it must instead use changes in the statistical
regularities of the population to infer changes in the tuning of individual neurons.
Concretely, we consider a model neural population of N neurons in which ideal responses
x € RY to a given stimulus s € RX can be parameterised by P tuning parameters per neuron.
This allows us to express the complete tuning of the population as 8 € RVN*P. Individual

neurons, whose ideal firing responses are subject to independent random noise ¢, have their
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responses defined by an activation function a common to all neurons in the population that
relates tuning parameters to activity:

x;i=a(s,0;)+¢& (5.1)

On some day ¢ of an experiment, we take M samples of neural activity in response to stimulus
exposures (X, € RV*M and S, e RK*M respectively). For a given set of tuning parameters 0, we
can use the activation function a, a prior distribution for stimulus exposure, and a model of
the noise process for ¢ to construct the function g, an approximation' of the likelihood of M
observations of neural activity X that does not depend on knowledge of the stimulus values s.

pXl0) = gX,0) (5.2)

The objective of our model adaptive decoder is to maintain an accurate estimate of tuning
in the population, 0, despite ongoing drift and without knowledge of s. Naively, we might
attempt to recover 8, from X, directly by finding the parameters that maximise g (X, 8). How-
ever, because the activation function a is common to all neurons, the solution-space for
maximising g(X, 0) has symmetries that render the solution-space degenerate. Because a
describes all neurons as interchangeable, a set of parameters maximising g(X, 8) could be
shuffled and assigned to entirely different neurons without affecting the solution. Without
their history, neurons lack identity.

By considering the tuning of neurons on the previous day, 8;-,, we are able to break these
symmetries. We use a stochastic model of how drift perturbs the population from one day to
the next, p(0:|0;-1). This produces a maximum a posteriori update rule for detecting tuning

changes in the population.
é\t = argmax&f(@,é\r_l,xt) (5.3)
0
where £(0,8,-1,X;) =log(pX;10)p(018,-1)) (5.4)

Treating drift as a stochastic process that is independent of neuron identity and in which
each neuron drifts independently from other neurons, we can express p(0:|0;-1) in terms of
a per-neuron drift prior f.

N
p0:0;-1) = Hf(ei,tygi,t—l) (5.5)
i

!In practice, as it is biologically implausible for a downstream neuron attempting to stabilise a readout to
remember every observation of upstream activity, we base this approximation on summary metrics such as the
correlations between the activities of upstream neurons.
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We then combine our model for observed activity g with our description for drift f and express
the daily update rule for 8 as:

N
6, = argmax [logg(X;,0) + ) _log f(0;,0; 1) (5.6)
(7] i

5.2.2 Exploiting statistical regularities in a simulated population model

As an illustrative example of this adaptive decoding technique, we consider a simple model of
a neural population that encodes the direction and the magnitude of a stimulus: a system
that is reminiscent of in vivo populations both of head-direction coding in the hippocampal
formation and the response of populations in the visual cortex to grating orientations (Fig.
5.2.a). The population responds to a stimulus that corresponds to a point within the unit
circle defined by a magnitude and direction (i.e. K = 2). During simulated experiments, these
stimulus values are both drawn from uniform distributions at each sample:

r umo,1)
s= ~ (5.7)
o] \U©,2n)
Neurons each have a single tuning parameter (P = 1), their preferred stimulus angle, and are
subject to additive Gaussian noise.

xi=a(r,¢,0;)+¢ (5.8)
where & ~ N(0,0?%) (5.9)

rcos’(0;—¢) if0<20;,¢) <%

and a(r,¢,0;) = (5.10)

otherwise

Where for the convenience of dealing with the circular geometry of this example, we have
defined Z(w1,1>) as the magnitude of the smallest angle between the angles 1y, and .

On the first day, we ‘cheat’ by allowing the model to see to the ground-truth values of
the stimulus to initialise the values of 8 +=1. These stimulus values are not available to the
decoder on subsequent days: it then has access only to observations of population activity
and knowledge of its own estimate of tuning on the previous day (Fig. 5.2.b). Effectively,
we treat the initial learning as a fait accompli, and are instead concerned with how well our
adaptive decoder is able to retain an accurate estimate of tuning over time.

To construct an expression for g(X, 8), we consider pairs of neurons and the correlation
of their activities within a session. Neurons with similar tuning values are more likely to be
highly correlated with each other (Fig. 5.2.c). The correlation between a pair of neurons with
some difference A between their preferred firing angles is a probability distribution governed
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Fig. 5.2 A toy model of stimulus encoding for exploring adaptive decoding. (a) A model of a
neural population that encodes the orientation and magnitude of a stimulus. Each neuron in
the population has a tuning parameter that describes its preferred orientation. The population
is sampled multiple times during a session, with the activity of each neuron independently
affected by noise at each sample. (b) Knowledge of the stimulus ground-truth from an initial
experimental session is used to initialise an estimate of the tuning parameters that describe
the relationship between stimulus and population activity. Subsequently, and with no further
reference to the stimulus ground-truth, an adaptive decoding scheme attempts to keep
these estimates accurate while the underlying tuning parameters drift. (c) Visualisation of
the probability distribution for the value of the correlation between a pair of neurons as a
function of the difference between their tuning parameters (simulation parameters M = 10*
and o =1.0).
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Fig. 5.3 Statistics of simulated neuron pair correlations closely match analytical forms.
(a) Visualisations of the distribution of correlations between neuron pairs separated by an
angular distance A6 for a variety of observation noise levels o and total numbers of samples
M. The black trace shows the approximation for the expected value of the correlation. (b)
The mean absolute error between the approximation for the expected value of the pairwise
correlation and its actual value as computed by a Monte Carlo simulation, shown in the
absence of any observation noise (o = 0) as a function of angular distance between the two
neurons. (c) Distribution of the error residual, the difference between the expected value of
the pairwise correlation and its actual value, in the presence of observation noise (o = 1.0),
presented with a comparison to the normal distribution, simulated at M = 10°.

by two underlying random processes: the M random samples observed on any given day, and
the observation noise ¢ perturbing those observations (Fig. 5.3.a).

Taking M to be sufficiently large (Fig. 5.3.b), the expected value of the correlation between
two neurons of a (positive) angular separation Af is well-approximated by:

11
E(AO) = or 16 (3sin2A0 +2(m — A8)(cos2A0 + 2)) (5.11)

The distribution of the residual between the expected value and the measured value is domi-
nated by the additive noise ¢ and is therefore normally distributed (Fig. 5.3.c). This allows a

simple expression for the likelihood of the correlation a pair of neurons x; and x; with tuning
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parameters 0; and 6; observed M times within a session:

p(x;,x;10;,0;) = h(x;,x;,0;,0;) (5.12)
M _M(xi-Xj/M—E(L(Bl-,Bj]))Z
= > e 20% (5.13)
o T

Treating the probabilities of pairwise correlations as independent, which is an approximation
of p(X|0), we can then construct an expression for g(X, 0):

N N
g§X,0) =[] hxix;,60:,0)) (5.14)
i

When solving the component of g(X,8) for the optimisation of £ for é}, this amounts to
minimising the sum of squared differences between observations of the correlations between

neuron pairs and their expected values E as parameterised by 6.

Useful properties of the toy model

This slightly contrived model of a population has several noteworthy properties that make it a
convenient illustrative example. First, it is easy to relate changes in the tuning parameters to
the accuracy of a decoder of stimulus orientation. The mean squared error of the parameter
estimate, | Ié —0/?IN,is directly equivalent to the expected squared error of a simple decoder
that outputs a predicted orientation based on a circular average of tuning parameters weighted
by firing rate. In this context, we can therefore talk about parameter estimate error and
adaptive decoder error interchangeably.

Secondly, the need to break symmetries using a drift prior is obvious: while g(X, 8) helps
determine the angular differences between neuron tuning parameters, it provides no in-
formation about the absolute orientation of any tuning parameter. Knowledge of how the
population was tuned on an earlier day, as well as a drift prior describing how that tuning is
likely to change, is required to anchor the system to an absolute frame of reference.

Finally, the function g(X, ) is smooth for fixed X by construction, making its contribution
to the likelihood £ (as previously described in equation 5.6) well-conditioned for solvers

based on gradient ascent.

5.2.3 Contrasting statistics of drift at the level of individual neurons

We consider two simple but quite opposite models for drift in individual neuron tuning: a
‘gradual’ model, in which all neurons undergo relatively small tuning changes from one day to
the next, and a ‘sudden’ (or ‘heavy-tailed’) model, in which most neurons retain their tuning
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while a small subset retune by making relatively large changes to their tuning (Fig. 5.1, Fig.
5.4.a).

In the gradual drift model, each parameter 8; moves around the unit circle as if buffeted
by Brownian motion: it is described by an Ornstein-Uhlenbeck process. The new value of a
tuning parameter measured on a subsequent day is parameterised by p, the expected absolute
distance drifted.

0;:10i -1~ N(Qi,t—l,Pz) (5.15)

1 (£O;,10;,-1)

pV2m

feradual©4,1,0;,:-1) = e 2° (5.16)

In the sudden drift model, each neuron undergoes a spontaneous retuning instead of
gradually adjusting its tuning parameter. On any given day, it either retains its previous
tuning parameter or selects an entirely new value. This distribution is parameterised by the

spontaneous retuning probability a.

% +(1-a)00;:—06;;-1) for0=<0;;<2n

fsudden(0i,1,0i 1-1) = (5.17)

0 otherwise

Where 6 denotes the Dirac delta function.

To allow a fair comparison between sudden and gradual drift models, we define the drift
rate of two models to be equivalent when the repeated application of drift scrambles the
output of a fixed decoder in the same expected number of days 7.

drift rate = i (5.18)
Tq
In the case of our illustrative example, we quantify the change in an individual neuron’s tuning
between day 1 and day ¢ as the angular distance between tuning parameters £(6,,0;). As
drift progresses, the expected value of the change in tuning approaches the expected value
between the initial tuning parameter 6, and one chosen entirely at random 6,.

lim E[£(61,0,)] = E[£(61,6,)] = g (5.19)

We describe a population as ‘scrambled on day 7,  if its similarity to the original population
is reduced to within an € of chance, i.e. it satisfies:

E[£(61,0:)] — E[£(6,,07,)] <e
E[£(61,0,)]

(5.20)
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Which allows us to generate an equivalence between the parameters p and a of the two
drift models (Fig. 5.4.b). We choose € = 0.05, noting that the equivalence is not sensitive
to this choice of parameter for small € (Fig. 5.5.a-b). While the two models of drift provide
indistinguishable long-term behaviour, the differences in short-term, transient behaviour

have the potential for material impact on our adaptive decoding strategy.

5.2.4 Remarks on solving the optimisation
Solving the optimisation for the gradual drift model
We use gradient ascent to solve for the most likely values of 8.
R N N N R
£0,0,.1,X,) = Z_Zlogh(x,—,xj,e,-,ej) + Zlogf(ei,ei,t_l) (5.21)
i

L

The left summation depends only on the neuron activation model and the right summation
depends only on the drift model. In this simple example, we can find analytical forms of the
Jacobian and the Hessian, which makes solving via gradient ascent faster. This makes use of
two important properties of . First, it is symmetrical over i, j:

h(x;,x;,0;,0;) = h(x,x;,0},0;) (5.22)
Second, in the special case when i = j, all choices of 8; are equivalent.

0
30, (h(x;,x;,0;,0)) =0 (5.23)
Combining these properties and taking the derivative of the log-likelihood with respect to a

single parameter:

a‘%—z% i(10 h(x;,x;j,6;,0)) +i(lo £6:,0;.-1) (5.24)
00; P 30, gniXi, X, Ui,V a0, 8J Wi Vi1 .

And then, to produce the Hessian:

iz | % (logf©:,0i:) ific
30:00;

2 (5.25)
#agj(logh(xiyxj,gi,gj)) otherwise

We initialise of the parameters for the gradient ascent is to use their values from the previous
day, 0,1 Complete expressions and their derivations are available in the supplementary
material of Micou and O’Leary (2024).
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Exact solution to the optimisation for the sudden drift model

The discontinuity in fg,qden means that it is ill-conditioned for a gradient ascent-based solu-
tion applied to the entire parameter space. Instead, we consider a solution that decomposes
the problem into smaller components that can be individually solved by gradient ascent (and,
in the subsequent section, a technique for approximating this solution for large populations).

For each neuron, there are two possible cases: either the neuron keeps its tuning parame-
ter, or it retunes. In the first case, trivially §i,t = §i,t_1. In the second case, the neuron needs a
tuning parameter update and should be withheld from use in estimating the parameters of

other neurons, as §i,r—1 is no longer a good estimate of 0; ;. To solve, we perform two steps:
¢ Infer which neurons have kept their tuning parameter intact
* Use this subset of neurons to update the parameters of the retuned neurons

Let the set A contain the neurons which have retained their tuning parameters. A neuron i is
a member of this set if and only if ©; = 1, where:

N 1 if P(X|changed)P(changed) < P(X|changed’) P(changed’)
u;i(X,0;-1) = (5.26)
0 otherwise

In the concrete example for the sudden drift model, the above condition can be written as:

21

~ a ~ ~
g(Xi,il/,Bt—l)gdw < g8x;,0ir-1,0;-1)(1-a) (5.27)

Where g(x;, v, 6,_1) is the probability of the observations x; given a tuning angle . This

allows us to express the update rule as:

[ 20(00,0,-1,X) |

0;=argmax £0,0,-1,X) = | z:(0;,0,_1,X) (5.28)
0

| Z2n(On,0,-1,%)
Where:

0i,i1 ifieA

2i(0;,0;_1,X) = (5.29)

argmax} jc slogh(x;,x;,0;, gj,t—l) otherwise
0

Noting that the use of the approximately equal symbol, as this solution discards the small

amount of information available in the pairwise mutual tuning between neurons not in A.
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Approximate solution to the optimisation for the sudden drift model

In practice, evaluating the condition exactly for u; becomes computationally intractible for
large M due to resolution limitations of floating point number representations: it requires the
product of very many small numbers. Circumventing this limitation in the typical fashion—a
sum of logarithms—requires a closed form of the integral of g in terms of the tuning parame-
ters, which we have no guarantee of being able to procure for even relatively straightforward
task formulations. We instead choose to make an approximation in determining set member-
ship of A.

We can trivially evaluate log g(x;, 6,_1) for each neuron in the population and are therefore
able to rank each neuron in the population by conformity to expectation. For a drift rate
parameterised by @ and a number of neurons in the population N, the number of neurons
that drifted is binomially distributed. We can select a probability threshold g (by using the
CDF of the binomial distribution) that results in us excluding the bottom Q neurons from A
by ranking.

The choice of g is a hyperparameter. If g is large (e.g. 0.95), many of the neurons excluded
from A are likely to still have accurate estimates of 6; ;. For small N and high drift rates (large
a), this can exclude a sizeable portion of the population and reduce the accuracy of tuning
parameter estimates. Conversely, if g is small (e.g. 0.5), neurons that require re-estimating
will be included in A and not have their parameters updated. In all simulations shown in this
work, we set g = 0.9.

This approximate solution has the potential to disadvantage an adaptive decoder com-
pensating for sudden drift when compared to one compensating for gradual drift. Indeed, we
will see artefacts corresponding to spurious corrections of well-tuned neurons at very high
levels of observation noise ¢ that can render this adaptive decoder worse than a fixed decoder
(Fig. 5.4.c). However, given our choice of neuron population sizes and our observation in the
following section that sudden drift outperforms gradual drift in spite of this disadvantageous

approximation, we take our use of this approximation to be immaterial to our conclusions.

Implementation of solvers

The gradient ascent components of these solutions are implemented using the scipy’s li-
brary’s (Virtanen et al., 2020) optimize .minimize function (in the case of the multivariate
optimisation for the gradual case) and the optimize .minimize_scalar function (in the case
of the independent scalar optimisations for the sudden case). The underlying solver method
is based on L-BFGS-B (Liu and Nocedal, 1989), with solution bounds for each parameter 6;

set to —27 to 27 and only remapped to the range —n to 7 after convergence.
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5.2.5 Sudden drift is advantageous for adaptive decoding

In simulations that apply the adaptive decoding scheme to our illustrative model, there is
an obvious discrepancy between gradual and sudden drift in the difficulty of distinguishing
statistical fluctuations from nonstationary changes. On the very first day of drift, the adaptive
decoder can accurately infer changes in the tuning parameters of the population for both
types of drift under low observation noise (parameterised by o). However, as ¢ increases,
adaptive decoders make larger errors when inferring tuning parameters subject to gradual
drift (Fig. 5.4.c), as it is harder to distinguish gradual drift (a nonstationary change in tuning)
from a statistical fluctuation (the added noise ¢&).

We proceed with applying the adaptive decoding scheme from one day to the next, on
each day inferring tuning parameters based on the previous day’s tuning parameter estimates.
Adaptive decoders remain accurate long after fixed decoders perform no better than chance.
However, errors compound, and this eventually degrades the readout of adaptive decoders
(Fig. 5.4.d).

As the number of neurons in the population increases, adaptive decoders maintain their
accuracy for longer for two reasons (Fig. 5.4.e). First, while additional neurons require
estimating an increasing number of parameters, the introduction of those neurons provide
more neuron pairs with which to narrow the distribution of p(X|@). The number of additional
parameters to estimate grows with N, but the number of pairs available grows with N2, which
reduces the likelihood of poorly estimating the tuning of neurons. Second, additional neurons
provide redundancy that is relevant over the course of many days of drift: it is statistically
inevitable that, eventually, the tuning parameter of an individual neuron will be poorly
estimated. With greater redundancy in the population, it is easier to notice an individual poor
tuning parameter estimate on some later day, allowing subsequent correction of the estimate
and forestalling compounding errors. Sudden drift has an advantage not only because it
introduces smaller errors under noisy observations from one day to the next (Fig. 5.4.c), but
also because it can more effectively make use of redundancy to fix error compounding (note
the flattening gradient in Fig. 5.4.d and the better scaling with population size in Fig. 5.4.e), as
from the perspective of the adaptive decoder a neuron with a low likelihood of its estimated
tuning parameter is no different from a neuron that has spontaneously retuned.

Unsurprisingly, both gradual and sudden drift become easier to correct for under lower
rates of drift, as the distribution of changes in tuning is narrower. Nevertheless, for the same
population size and the same rate of drift, sudden drift is always easier to adapt to (Fig. 5.4.e).
The learning that takes place within real neural populations may necessitate gradual changes,
but supporting those gradual changes would require either larger populations or slower

changes to achieve error rates equivalent to what is achievable with sudden tuning changes.
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This presents a trade-off for the brain: if a learning rule requires updates applied to
many neurons simultaneously, populations need either to learn more slowly or to a use more
redundant encoding. We therefore predict that the brain will favour sudden tuning changes

over gradual ones to support learning with smaller populations in the interest of efficiency.
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Fig. 5.4 Sudden drift is easier to compensate for than gradual drift. (a) The two example
models of drift can be expressed as probability distributions describing the change in each
neuron’s tuning parameter from one day to the next. (b) Equivalence between the two drift
models determined by the expected number of days required to drive the error of a fixed
decoder to within 5% of chance. (c) The resulting error in tuning parameter estimates after
the first day of drift, shown as a function of the observation noise o for both drift models. (d)
Comparison of the accuracy of parameter estimates between fixed and adaptive decoders for
both sudden and gradual drift models, both using drift rates of 0.1. Shaded regions show the
interquartile range over 100 simulations. (e) The estimation error after 25 days shown for a
variety of drift rates (all sufficiently high to scramble the population before 25 days) and for a
variety of population sizes. Each datapoint represents the mean of 100 simulations.
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Fig. 5.5 Sudden drift retains its advantage even with less generous equivalences between
sudden and gradual drift rates. (a) The approach of tuning parameters to their chance values
over the course of several days of drift, mean of 10° simulations. Shown for the gradual drift
model (left, red) and the sudden drift model (right, blue). Drift rates in the legend listed for
€ = 0.05. (b) The equivalence mapping between the gradual and sudden drift parameters for
multiple values of €, highlighting the range of gradual drift rates used in the simulations of
this chapter. (c) As in Fig. 5.4.c, but using an alternative drift equivalence between sudden
and gradual drift. This equivalence induces the same amount of error in a fixed decoder after
the first day of drift. (d) As in Fig. 5.4.d, but using the alternative drift equivalence from (c).

Remarks on the equivalence of drift rates

Before we move on to explore the consequences of these observations, we seek to rule out
the possibility that they are based on a false equivalence between rates of drift across the
two types of drift. We recall first that we based our drift rate equivalence on scrambling a
population’s encoding to within some € of chance, and that we arbitrarily picked € = 0.05. We
find that our generation of the drift rate equivalence is not sensitive to this parameter for
small € (Fig. 5.5.a), and that the equivalences generated hold across the range of drift rates

described in our simulations across a choice of € (Fig. 5.5.b).
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Next, we consider that our drift equivalence is based on an evaluation over a long timescale:
this may grant sudden drift an unfair advantage, as the Brownian motion-like exploration of
parameter space by gradual drift is more likely to return to previous values. Indeed, using
gradual drift to scramble the population beyond recognition in the same number of days as
the sudden drift induces more error in a fixed decoder after the first day of drift (as visible in
Fig. 5.4.c). Nevertheless, even if we redefine the equivalence between sudden and gradual
drift to cause identical degradation in a fixed decoder after the first day of drift (Fig. 5.5.c),
resulting in sudden drift models completely scrambling populations faster than gradual ones,

we still find the same advantages of sudden over gradual drift (Fig. 5.5.d).

5.3 Isinvivo drift sudden or gradual?

Our computational results imply that neural populations with downstream readouts can
facilitate unsupervised drift compensation by making representational changes stark. We
expect that this is especially relevant for fast drift rates. The use of sudden jumps in tuning
would allow populations to support faster changes in representation—that is, faster learning—
or to support changes at the same rate but with a smaller population size. Given these
potential advantages, we expect the statistics of in vivo populations to reflect a preference for
heavy-tailed drift, and that this preference is more likely to arise in more plastic, faster-drifting

populations.

5.3.1 Distinguishing between drift types
Distributions of neuron pair correlations

Before we turn to real data, we will refer back to our toy model to illustrate how we might
distinguish between sudden and gradual drift in in vivo datasets without relying on an explicit
parameterised relationship between stimulus and activity. Suppose that we have picked a
pair of neurons from a population and measured on two consecutive days, D; and D,, the
correlations Cp, and Cp, between the activities of the neurons in the pair. We define the
scaled change in correlation for that neuron pair as:

AC = M for Cp, = Ciin (5.30)

CD2

Most neurons are not correlated with each other, and so when we visualise distributions of
such scaled changes in correlation (as in Fig. 5.6.a-b), we include only neuron pairs with
some minimum correlation Cpj, on D,. We also exclude such pairs from our fits, as neurons

that are not correlated with each other have small values of Cp,, a term which features in the
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Fig. 5.6 Populations undergoing gradual or sudden drift can be distinguished by consid-
ering changes in pairwise neuron statistics. (a) Histograms showing the evolution of the
distribution of changes in scaled correlations between neuron pairs in the gradual model
of drift over the course of several days. The fit is a 2-component mixture of Gaussians, with
the overall fit shown as a red trace, and each underlying component and its mean shown as
dashed lines (grey: lower component, blue: upper component). (b) As in (a), but shown for the
sudden model of drift at an equivalent drift rate. (c) Location of the upper component mean
(u2) in the mixture of Gaussians fit for the gradual drift model shown against time for a range
of drift rates. The dashed line indicates a fit to the exponential approach approximation. (d)
As in (c), but shown for the sudden model of drift and using a constant value approximation.

denominator of AC and therefore risks amplifying noise. This inclusion criterion introduces a
positive bias to the distributions.

When we consider such distributions from sessions a single day apart, most measured
changes in pairwise correlation are driven by statistical fluctuations (our observation noise
level o in the toy models), which produces the component of the distribution near AC = 0.0.
In the case of sudden drift (Fig. 5.6.b), we can see a second distinct component of the distri-
bution far from the origin: these are pairs of neurons that were previously uncorrelated with
each other and have now become correlated. Over time, as drift is repeated over the course of
several days, more and more of the distribution migrates to this second component corre-
sponding to retuning from the first component corresponding to stable tuning. In contrast,

for gradual drift (Fig. 5.6.a), it is harder to distinguish changes in correlation that are due to
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statistical fluctuation from ones that are due to underlying retuning. The second component
of the distribution, corresponding to larger nonstationary changes in tuning, emerges only
gradually over time. This is the core intuition for why sudden drift is advantageous for an
adaptive decoder. We stress that, after sufficiently many days of drift, both types of drift tend
to the same final shape of distribution (an observation we shall return to in Fig. 5.10.d), as
both gradual and sudden drift will eventually scramble a population entirely. However, by
considering the transient period in which these distributions differ, we have a coarse means

by which to distinguish the underlying statistics of drift.

Fitting 2-component mixtures of Gaussians

We model these distributions as a mixture of two component Gaussian distributions, with
one component describing noise-driven fluctuations and the other describing drift-driven
changes in tuning. We fit the distributions using EM as implemented by the scikit-learn
library (Pedregosa et al., 2011) for the means, standard deviations, and relative weights of the
mixture components. By decomposing the overall fits into their components, we can see a
clear distinguishing feature: the component with the larger mean, p», is stable for sudden
drift (Fig. 5.6.d), while it asymptotes for gradual drift (Fig. 5.6.c). For gradual drift, we can
approximate p» as a function of the elapsed time in days ¢:

{2, gradual (£) = ¢ (1 — e~ (5.31)

While for sudden drift, y, is simply independent of time:

H2,sudden () = € (5.32)

The parameters b and c correspond respectively to a factor associated with drift rate and a
factor associated with the mean correlation between randomly chosen pairs of neurons.

We expect in vivo data to display a mixture of both sudden and gradual drift, and so when
we consider the behaviour of p; in real datasets in the following section, we will describe it as

a weighted mixture of the two models above, parameterised by a mixing ratio a:

ﬂz,composite(t) = a,uz,gradual(t) + (1 — @) Y2, sudden (1) (5.33)

In all cases, we find the values for a, b, and ¢ that minimise the MSE between measured values

of uy and the model subject to the following constraints:

O0<a<l, b=0, O0=<c=<l (5.34)
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Fig. 5.7 Overview of the V1 drift dataset. (a) The number of regions of interest (ROIs) labelled
as neurons in each recording session for each animal of the Marks & Goard (2021) V1 dataset.
(b) The proportional contribution of each animal to the aggregated distribution of scaled
changes in pairwise correlation. (c) Distributions of changes in pairwise correlation for the
individual animals, shown for 1, 2, and 3 sessions apart.

5.3.2 Pre-processing of the in vivo datasets
V1 dataset

The Marks and Goard (2021) dataset comprises recordings from 12 animals imaged weekly for
5-7 weeks, typically registering ~250 neurons in a given session (Fig. 5.7.a). We omit mice 7
and 8 from our analysis, as their imaging schedules deviate from the schedules common to
the other animals. We also omit mouse 2 as, uniquely, its surgical procedure introduced two
separate imaging windows. We include only neurons labelled as having a registration quality
of 3 or higher (unambiguously identified across sessions). Our analysis makes use only of the
experimental protocol which exposes animals to movies of naturalistic scenes, choosing to
omit the protocol showing oriented gratings, as they exhibit a far lower rate of drift.

To calculate the activity correlation between neuron pairs during each session, we con-
volve the raw Calcium traces with a Gaussian window (standard deviation equivalent to 250
ms). We subsequently use these smoothed traces as the basis for correlation between neu-

ron pairs, which we calculate using a Pearson correlation coefficient. When calculating the
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scaled correlation change, we set the minimum correlation for inclusion of a neuron pair as
Chin = 0.5.

When visualising the distribution of correlation changes for experiments some T weeks
apart, we include all pairs of sessions in the dataset that are separated by that interval. For
example, if T = 2, we would include week 1 paired with week 3, week 2 paired with week 4,
week 3 paired with week 5, and so on. While correlations between neuron pairs can only
be evaluated within an individual animal, we aggregate all neuron pair correlations from all
animals for each time separation T. As described above, we use a mixture of Gaussians fit to
compute p» for each time separation T. We use bootstrap sampling of the distribution (1,000
iterations per distribution) to estimate the SEM of p;.

The disparity in the number of recorded neurons for each animal means that some
animals contribute more pairs than others to the aggregated distribution (Fig. 5.7.b). We
do not perform any weighting to correct for this. The relative contribution of each animal
remains stable across values of T, and so we are not concerned that any conclusions we
draw are due to variance across individual animals masquerading as a change over time. The
shapes of the scaled correlation changes across individual animals look, at a glance, to be

mutually similar (Fig. 5.7.c), but we pursue no analysis of individual animals in this work.

PPC dataset

The Driscoll et al. (2017) dataset comprises of recordings from 5 animals (m01 through m05).
We include only neurons that are identified between sessions at the highest level of confidence
as labelled in the source dataset. Animals m02 and m05 have a lower total number of neurons
identifiable between sessions (Fig. 5.8.a) and experience a more rapid decline in the number
of neurons identifiable between sessions as the sessions become separated by longer time
periods. Consequently, while we include all animals in our analysis, we find that m01, m03,
and m04 are more represented in the aggregated data. Nevertheless, the proportion of neuron
pairs contributed by each animal remains relatively stable (Fig. 5.8.b). As with the V1 dataset,
we find that consideration of individual session pairs within animals yields too few neuron
pairs to meaningfully fit distributions (Fig. 5.8.c), and we will once again aggregate over all
sessions and animals for a given time separation in days.

To obtain traces for neuron pairs to correlate, we first convolve spike times (which are
available in the original dataset and were produced by deconvolving Calcium traces) with
a Gaussian window (standard deviation equivalent to 450 ms). The design of the T-maze
experiment from which this dataset is collected includes an inter-trial interval in which the
animal is kept in darkness for 2 seconds, and we deliberately choose to include neural activity

from this interval. We set Cuip, = 0.5, the same choice as the V1 data.



156 Unsupervised adaptive correction of representational drift

300 100%-
a b oo
9
5
2
5 5
o/
2 2 75%
© 2001 I
£ g
Ee) (o]
I 2 50%
(] ©°
S 2
§1oo- PPC animal 1 é
g PPC animal 2 § 259
< PPC animal 3 <
i)
PPC animal 4 ‘g
0 . . . . ; ; PPC animal 5 = oo, ———
0 10 20 30 40 50 60 1 2 3 4 5 6 7 8 9 10 1
C session day number of days apart
&
\b
&
&
Q/ T
&
&
-0.5 0.0 0.5 1.0 -0.5 0.0 0.5 1.0 -0.5 0.0 0.5 1.0 -0.5 0.0 0.5 1.0 -0.5 0.0 0.5 1.0
AC AC AC AC AC

Fig. 5.8 Overview of the PPC drift dataset. (a) The number of regions of interest (ROIs)
labelled as neurons in each recording session for each animal of the Driscoll et al. (2017) PPC
dataset. (b) The proportional contribution of each animal to the aggregated distribution of
scaled changes in pairwise correlation. (c) Distributions of changes in pairwise correlation
for the individual animals, shown for 1, 2, and 3 sessions apart.

5.3.3 More plastic in vivo populations have more sudden drift

Inspecting the distributions of correlation changes for individual sessions reveals very little
about the nature of drift in these populations: it is hard to get a complete picture of distri-
butions when we rely not only on neurons being present in recordings from one day to the
next, but on pairs of neurons surviving between recording sessions. Nevertheless, when we
aggregate over all animals and sessions, we find that the V1 dataset, which drifts slowly over
the course of weeks, demonstrates a gradual increase over time of p, (Fig. 5.9.a), reminiscent
in part of the distributions generated by gradual drift. In contrast, the PPC dataset, which
drifts over the course of several days, has a more stable value of u, closely reminiscent of the
distributions generated by sudden drift (Fig. 5.9.b).

Under further scrutiny, drift in both of these experiments is necessarily a mixture of sudden
and gradual drift (Fig. 5.9.c-d). By inspecting how the composite fit balances contributions
from the underlying sudden and gradual drift models, we find that for the PPC experiments
the composite fit attributes 73.6% (SEM=7.85%, estimated via bootstrap) of the changes
in the population to the sudden change model, compared to 57.8% (SEM=8.35%) for the
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V1 experiments. Simply put, the PPC drift is ‘more sudden’ than the V1 drift (p = 0.034,
single-sided t-test over 1,000 bootstrapped fits).

This is obviously an extremely coarse analysis, and takes into account only two studies
that differ in many more ways than the underlying plasticity of their populations. While it
is hardly strong evidence for a design trade-off between rate of learning and the ability for
downstream components to adapt to changes in representation, it nevertheless provides an
early indication that this line of reasoning may have merit. More importantly, populations in
both of these studies display a significant component of drift that appears mediated by jumps
in tuning, which runs contrary to models of drift that rely on gradual tuning updates.

a Marks & Goard (2021) b Driscoll et al. (2017) C
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Fig. 5.9 in vivo drift favours sudden changes, especially in a faster-drifting population.
(a) Distributions of the scaled correlation change, as in Fig. 5.6, but shown for in vivo data
from the Marks and Goard (2021) dataset comprising of recordings from the visual cortex
during exposure to movies of naturalistic scenes. Shown with a 2-component mixture of
Gaussian fit. (b) As in (a), but shown for in vivo data from the Driscoll et al. (2017) dataset
comprising recordings from the PPC during a T-Maze task. (c) Location of the upper mean
(i2) in the mixture of Gaussians fit for the Marks and Goard (2021). Error bars indicate +/-
SEM as estimated via bootstrap. The fit is a weighted combination of gradual and sudden
drift models, with each component rendered as a dashed line. (d) As in (c), but shown for the
Driscoll et al. (2017) dataset.
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5.4 Revisiting cross-session tuning in our BMI experiments

5.4.1 Distribution of correlation changes between neuron pairs in CAl

We now take the opportunity to revisit our own CA1 BMI experiments to determine whether
the statistics of tuning changes are compatible with our hypothesis that sudden retuning offers
an advantage for highly plastic populations. We must stress that the BMI experiments were
not designed as an investigation into drift, and that this dataset has several features that make
it imperfectly suited to address the sudden or gradual nature of drift in CA1 hippocampus.
Not least of these issues is that these sessions may not correspond to the steady-state of an
already-mastered task: we have already demonstrated that the BMI trials within the sessions
show an enrichment over time, and that this representation can bleed-out and superpose with
the locomotion-based representation of the track. We refrain, therefore, from even calling
these tuning changes ‘drift’, but still seek to satisfy our curiosity as to whether these tuning
changes are sudden.

We recall from Fig. 4.14 the previous chapter, in which we considered the explicit changes
in tuning for sessions spaced exactly one day apart for the cohort of animals performing
consecutive BMI sessions, that approximately half of the neurons with single place fields in
the initial locomotion trial retained that place field on the following day. Approximately 40%
of the neurons lost their field entirely, and the remaining neurons exhibited either substantial
movement of their field (of a sufficient magnitude to no longer classify as the same field)
or displayed multiple fields. While this on-off behaviour of neurons dropping in and out of
the representation is a straightforward example of sudden drift, the definition of ‘same field’
between two sessions is generous, and may hide more subtle gradual drift in the population
atlarge.

We prepare distributions of scaled correlation changes for our recordings from CA1 using
the same methods we applied to the PPC and V1 datasets. We consider only the initial
locomotion trials of BMI sessions. Calcium traces for each ROI are smoothed via dF/F filtering
and then convolved with a Gaussian kernel with a standard deviation of 4 frames (~130 ms)
for additional smoothing before evaluating the correlation matrix. As previously, we use
Chin = 0.5. These distributions are shown in Fig. 5.10.a, with the locations and movement of
U2 from the mixture of Gaussian fits shown in Fig. 5.10.b. The timing of sessions (referring
back to Fig. 3.6) results in a paucity of sessions spaced 2 or 5 days apart, and discrepancies
in how well we were able to track ROIs across several days result in an overrepresentation of
animal MH485 (Fig. 5.10.c).

The immediate jump of y, to near its final value and a weighting of 72.4% (SEM=22.4%)
towards the sudden component of the composite fit suggests a high rate of sudden changes.

While this observation would support our hypothesis, we find the analysis unsatisfactory: the
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Fig. 5.10 Distribution of scaled correlation changes for CA1 populations suggest sudden
jumps in tuning, but are questionable from a methodological standpoint. (a) Scaled cor-
relation change distributions with a 2-component mixture of Gaussians fit for the initial
locomotion trials from BMI sessions. (b) Location of the upper mean pu, as a function of
elapsed time between sessions. Error bars indicate +/- SEM, estimated via bootstrapping. (c)
The contribution of neuron pairs from each animal at each time spacing between sessions.
(d) After many iterations of drift, or indeed after few iterations of very fast drift, the AC distri-
butions generated by simulated gradual and sudden drift become indistinguishable.

SEM is high and this indicates a considerable sensitivity to which neuron pairs are included.
Furthermore, as we have previously described, the shape of these distributions converges
for gradual and sudden drift after sufficiently many applications of drift (Fig. 5.10.d). Our
method of distinguishing between gradual and sudden tuning is therefore poorly suited to
very high rates of tuning change.

5.4.2 Place field displacement distributions indicate sudden changes

Unlike the V1 dataset, in which it is simply unfeasible to parameterise the relationship between
an individual neuron’s activity and the current frame displayed in a naturalistic movie, and

unlike the PPC dataset, in which neurons encode a variety of features about the task at hand,
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Fig. 5.11 Displacements of place field location over time suggest sudden, jump-like retuning.
(a) Cumulative distributions of absolute displacement of a place field over the course of 5
simulated days under a gradual drift model of field movement (10° simulated cells, p = 15
cm/day). (b) As in (a), for a sudden drift model (retuning probability a = 0.05). (c) As
in (a), for a drift model that applies both the gradual and sudden drift from (a) and (b)
simultaneously. (d) As in (b), but with observations of the place field centres perturbed by
Gaussian noise (o = 15 cm). (e) Cumulative distributions showing the absolute displacement
of place field centres during Trial 1 (locomotion) between BMI sessions, shown for a variety of
time separations between sessions. (f) As in (e), but shown for Trial 3 (closed-loop BMI).

we are able to parameterise the tuning of neurons in CAl in terms of place field locations.
This gives us another lens through which to view the statistics of tuning changes in CA1: the
statistics of place field displacement.

We consider first an in silico version of the 400 cm long VR track used in the BMI ex-
periments. We model only the statistics of movement of the centre of a place field for the
same neuron over the course of repeated drift. We treat the geometry of the track as circular,
as the animal wraps around to the start of the track after completing a lap, resulting in a
maximum field displacement of 200 cm between sessions. This formulation is essentially
identical to the simulated drift in the preferred angle 6 from our toy head-direction system

model, except that the units are in cm rather than radians. In gradual drift, these place field
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centres move in a Brownian motion-like pattern, with overall statistics characterised by a
Gaussian distribution of the distance moved by each place field centre in the population (Fig.
5.11.a). In sudden drift, this distribution has a distinctly different shape (Fig. 5.11.b): neurons
either keep their field centre in the same location (0 displacement), or have their field move to
an entirely new location (a uniform distribution over the entire track). As before, we acknowl-
edge that in vivo drift is likely to be a combination of gradual and sudden drift. A composite
distribution, in which neurons are subject to both a daily normally-distributed displacement
from their previous location and some small chance of remapping entirely, combines the
two features of these distributions (Fig. 5.11.c): the characteristic diagonal line of sudden
drift, and the characterstic lateral distribution shifting of gradual drift. We are careful to draw
a distinction between this composite distribution, which blends gradual and sudden drift,
and a distribution generated by sudden drift under observation noise (Fig. 5.11.d). When
sudden changes are the dominant form of drift in the population, the distinction becomes
challenging: neurons remap before they have time to accumulate small displacements from
gradual drift.

We then qualitatively compare these general shapes of distribution to those extracted from
place field locations in our in vivo data?. We show these both for the initial locomotion trials
from BMI sessions (Fig. 5.11.e) and for the second BMI trial in those same sessions (Fig. 5.11.f).
Sudden changes in tuning feature prominently in both cases, with apparently greater turnover
in the BMI case—this latter is not surprising, as we have previously seen that learning-like
enrichment of the representation takes place with increasing BMI experience (Fig. 3.10) and
weaker retention of fields across days in the BMI context (Fig. 4.14). Gradual changes are
more difficult to identify with any confidence: if such changes take place, they are subtle and
challenging to distinguish from noisy observations. We conclude—taken together with our
earlier results that neurons drop in and out of the representation between sessions—that
sudden changes in tuning are the predominant form of representation in our observations of
highly plastic CA1 hippocampus populations.

5.5 Discussion

5.5.1 Driftis gradual at the level of populations, not neurons

Our computational simulations illustrate the advantages of populations mediating changes in
representation through stark and sudden changes in the tuning of individual neurons. We are
quick to highlight that the advantages of sudden changes in neuronal tuning do not preclude
the existense of gradual changes: on the contrary, we demonstrate that it is possible to adapt

2A methodological detail: for situations in which a neuron has multiple fields, we take the smallest distance
between all pairs of fields across days to avoid missing gradual changes.
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to such gradual changes, and that at least some component of experimentally observed drift
is attributable to these gradual processes. However, to support such gradual changes, the
population undergoing gradual changes must make concessions: it must either achieve higher
redundancy by employing a larger number of neurons to encode the same information, or it
must drift more slowly, or it must rely on some external feedback system to compensate for
drift.

The statistical process that we use to model heavy-tailed drift, a jump of a neuron’s tuning
to a new tuning completely independent of its previous state, is a convenient illustration
of the advantages of sudden changes in representation at the level of individual neurons.
However, it does not represent an optimal retuning rule for minimising error in a downstream
readout. It is possible to construct other drift processes that can better perform this role via
distributions with even heavier tails. For example, we might imagine that upon retuning a
neuron is forced to adopt a new tuning state that is sufficiently different from its previous
state. This ‘active avoidance’ of previous tuning values makes it even easier to distinguish
statistical fluctuations from nonstationary changes.

The relevance of the advantages of heavy-tailed changes in tuning extends beyond repre-
sentational drift. Other nonstationary changes in the encoding of information, such as the
incorporation of new information during learning, face the same challenge of making them-
selves visible through the noise of day-to-day fluctuations. If we entertain the view that some
component of drift is in fact driven by the repeated application of some continual learning
rule, we open up the possibility of deriving constraints on the learning rules implemented by
the brain through measurements of drift. While it is experimentally challenging to attribute
new behaviours or newly learned information to changes in in vivo physiology, we speculate
that—if measured—such changes would also demonstrate stark, heavy-tailed statistics.

5.5.2 Causes of sudden jumps in in vivo tuning

We are not the first to describe jump-like changes in tuning in experimental data during
the performance of mastered, stable tasks. These have been explicitly highlighted in CA1
hippocampus?®, described as step-like changes (Zheng et al., 2024), and in the motor cor-
tex (de Laittre and MacLean, 2024), described as the heavy tail of otherwise stable tuning
distributions.

While it is appealing to take these reports as direct support for the mediation of changes in
tuning via sudden jumps to facilitate stable downstream readouts, we must be cautious: there
are other potential reasons for sudden changes. Step-like or otherwise abrupt changes in the
weights of neurons in the innermost hidden layers of deep linear artificial neural networks are

3Some of the earliest measurements of drift, as recorded in CA1 hippocampus and reported in Ziv et al. (2013),
seem to exhibit a mixture of both gradual and sudden changes, but no explicit distinction was made between
them in the original work.
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dynamics that emerge necessarily from training with backpropagation (Saxe et al., 2014)—and
even simple learning rules can produce jump-like adjustements in parameter-space (Lowe
et al., 2024). Equally, explanations rooted in cell biology, rather than abstract learning rules,
might explain why we observe sudden changes: in addition to obviously localised and stark
effects like neurogensis or cell death, dendritic lifetimes in regions such as CAl are short—on
the order of 1-2 weeks (Attardo et al., 2015)—and the ensuing rates of synaptic turnover do not
necessarily cause gradual changes in the tuning of their associated neurons (Ziv and Brenner,
2018).

Our prediction, that the populations that drift faster are ‘more sudden’ in their drift, is
borne out by our consideration of real data; but these are only two (three, if we are so bold
as to count our own CAl data) datapoints that derive from experiments involving different
tasks, recorded under different conditions, and measure from brain regions with myriad
potential physiological differences. We claim only, therefore, that our predictions present no
obvious contradictions with current evidence. Going forward, we hope for a specific scrutiny
in experimental measurements of drift with regards to the statistics of change on the level
of neurons rather than populations. This will further inform how downstream readouts can
maintain their accuracy, which is of relevance not only to the mechanisms of drift, but also to

the design of adaptive BMI decoders.

5.5.3 Implications for adaptive BMI decoders

The two key components of the implementation of our adaptive decoder are an accurate drift
prior and a description of how neurons tune to a particular kind of stimulus in a population.
Our illustrative toy model deliberately uses drift priors, activation functions, and stimulus
exposure distributions that are all symmetric. Introducing asymmetries in these priors has
the potential to provide additional information to downstream populations—for example,
by having some neurons that are more stably tuned than others or by having frequent stim-
uli that can serve as reference points—but would also substantially complicate solving the
optimisation problem. We do not claim that real, in vivo downstream populations explicitly
perform Bayesian optimisation to account for changes in tuning, but we do posit that it is
physiologically plausible for a downstream population to make use of these key prior distri-
butions when implementing an adaptive decoding strategy: the same brain regions across
individuals within a species encode similar information, using similar encoding strategies,
and experience drift with similar statistics. Readouts across populations that connect be-
tween brain regions therefore have access, from an evolutionary standpoint, to reasonable
priors about their upstream neural activity—and this may be sufficient to implement adaptive
decoding strategies.
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Could we, as BMI designers, then make use of these same priors? The formulation of
an adaptive decoder in this chapter is obviously a toy: it requires a parameterisation of
neuron tuning in terms of variables external to the population, and requires that such a
parameterisation is a very good description of how neural activity relates to the outside world.
Despite this, a broader interpretation of the same core idea, which is to update how neurons
are relevant to decoding by considering the similarity of their activity to other neurons within
the population, is potentially extensible to decoder design.

We have determined from our consideration of in vivo data that real neural populations
exhibit jumps in tuning. We know, too, that real populations exhibit considerable redundancy.
We therefore propose, as future work, investigation into a scheme of unsupervised adaptive
decoding applicable to real neural data that pools neurons with similar activity together into
multi-neuron ensembles. Just as with the toy model, this scheme would ‘cheat’ by initialising
a decoder with training data. However, instead of training the decoder directly on neurons,
we propose training the decoder on the collective activity of these ensembles. On subsequent
days, the decoder weights can remain fixed, while the individual neurons’ membership in
ensembles are updated based on similarity of activity to other neurons.

This proposed scheme represents a bridge between an already-widespread technique,
supervised learning applied to training data collected daily and used to relearn the projection
of high-dimensional neural data onto a stable lower-dimensional manifold (Degenhart et al.,
2020; Gallego et al., 2017; Karpowicz et al., 2025; Willett et al., 2021), and an appreciation—a
neural sympathy—for the statistics of drift that emerge from the design constraints on tuning
changes within the brain. Together, these offer a potential path forward towards unsupervised
adaptation of BMI decoders to neural variability.



Chapter 6

Discussion

6.1 Summary of contributions

The work in this thesis has ostensibly been motivated by current and future engineering
problems in BMI design. We approached these problems not by proposing state-of-the-art
clinical hardware implementations or sophisticated decoder architectures, but by pursuing an
understanding of the changes in representation that take place during and between instances
of BMI usage. This means that most of our main contributions, which we summarise below,
are far closer to basic science than concrete design recommendations. In addition to enabling
novel BMI-based experiments, our results are relevant to a broader neuroscientific audience:
we have experimental evidence of new representational phenomena in the hippocampal
formation and explicit predictions regarding the statistics of drift.

Our first main contribution is technical: we implemented an optical BMI based on 2-
photon Calcium imaging. Our framework is reusable and potentially suitable across a variety
of brain regions, but its design focused on decoding from neural populations in CA1 hip-
pocampus. We demonstrated that this BMI decodes from populations of hundreds of neurons
simultaneously in real time on consumer-grade computer hardware. It achieves high decod-
ing accuracy from short spans of training data and allows for rudimentary interpretation of
the interactions between individual neurons and their associated decoder weights.

Our second contribution is a novel type of closed-loop BMI experiment. We described a
paradigm in which the neural representation of an environment, rather than a specific motion
or stimulus, needs to be held consistent to provide accurate BMI task performance. This
paradigm explicitly separates the decoding of an interpretable neural state from the policy
that dictates how that state is mapped an action during closed-loop task performance. This
distinction allowed us to diagnose deteriorations in closed-loop task performance due to

underlying changes in representation.
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Applying this closed-loop BMI experimental paradigm to CA1 hippocampus, we found
that representations of a virtual environment differ depending on whether or not the en-
vironment was traversed by running on a wheel. The extent of this remapping is global
and dramatic, and our observations supplement a wealth of existing evidence for the incor-
poration of locomotion-based path integration signals into populations in CA1l. This is a
poignant reminder that accuracy in open-loop decoding does not translate to closed-loop
BMI performance.

Despite both being conditions without running-based travel, we found differences be-
tween BMI-based navigation and purely passive motion. BMI-usage induces changes in
representation that persist even when animals return to locomotion-based navigation. These
changes are additive, such that the post-BMI representation appears as a superposition of
the pre-BMI and BMI representations. This effect is unique to experimental sessions that mix
locomotion and BMI-based traversals of the environment. We also found that BMI-based
representations of the same virtual environment improve with time and experience, leading
to gradually improved performance of closed-loop BMI task execution.

Our final contribution deals with the statistics of tuning changes in representations. We
demonstrated, by means of a computational model, that representations that drift by making
sudden jumps in their tuning are easier for downstream readouts to adapt to than repre-
sentations that gradually retune all neurons simultaneously. We then showed that changes
in tuning in real, in vivo data demonstrate a preference for sudden changes in tuning on
a per-neuron basis, and that this preference is potentially stronger in neural populations

experiencing faster rates of representational turnover.

6.2 Relation to existing work

6.2.1 Representational drift

Many descriptions of drift present a trajectory through a parameter space to describe ongoing
changes in neural tuning, leaning on visual metaphors like valleys in a loss landscape or
manifolds of optimal task performance (for a few recent examples, see Raman and O’Leary,
2021; Ratzon et al., 2024; Driscoll et al., 2022; Micou and O’Leary, 2023). While we believe
these descriptions to be apt, the metaphors mentally evoke trajectories through the landscape
that we visualise as ‘smooth’, and result in mathematical constructions of drift that resemble
Brownian motion in parameter space (Pashakhanloo and Koulakov, 2023; Rule and O’Leary,
2022). Some formulations of artificial neural networks trained with backpropagation do
indeed demonstrate drift that resembles Brownian motion-like diffusion (Chaudhari and

Soatto, 2018), but our modelling, analysis of existing datasets, and emerging experimental
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evidence (de Laittre and MacLean, 2024; Zheng et al., 2024) all suggest that in vivo populations
demonstrate distinctly heavier-tailed changes in representation.

The role of our contribution is to draw attention to a specific statistical property of in
vivo measurements of drift that hints at a particular set of learning rules. The heavy tail of
the distributions that govern retuning suggests a scheme for updating representations in a
way that does not disrupt downstream consumers of the representation without resorting
to explicit feedback signals or side-channel communication. If we entertain the notion that
drift is, at least in part, a result of continual learning, then our observations offer a concrete
constraint on models of the learning rules applied within the brain: they should generate
sudden jumps.

We are keen to draw a distinction between sudden changes in the tuning of neurons
and sudden changes in the behaviour of animals. Sudden changes in behaviour are readily
observable in experimental settings (Rosenberg et al., 2021), and these necessarily correspond
to sudden and widespread changes in neural activity (Durstewitz et al., 2010; Shen et al.,
2018). This is sometimes framed in terms of ‘sudden insight’ (Lowe et al., 2024), which
corresponds to a dramatic improvement in task performance. In contrast, observations of
drift deal with changes in tuning taking place despite constant task performance. Subtle
changes in behaviour remain an extremely important factor in experimental observations
of drift, as they can account for much of the apparent changes in population tuning (Liberti
et al., 2022; Sadeh and Clopath, 2022). Nevertheless, it is neural activity that drives behaviour,
and not the other way around. In Micou and O’Leary (2023), we have previously argued
that we should expect some component of the nonstationary statistics of drift to leak into
behavioural strategies. But more subtle features, like our ‘heavy-tails’, risk being drowned out
by the redundancy within large populations codes: behaviour can still change smoothly and

gradually, even if the mechanisms that enact changes at the level of neurons are gradual.

6.2.2 Representations of navigation actions in CA1

Actions and how they transport us from one place to the next are a fundamental building
block for internal navigation models. We find state-action pairings across a variety of modern
computational models of hippocampal function (Gershman, 2018; Jensen et al., 2024; Raju
et al., 2024; Whittington et al., 2020). Perturbing the means of navigation through an envi-
ronment provides an alternative experimental axis to perturbations of the environment itself.
However, while mice can learn to navigate through the same environment through a variety
of different action strategies, such as learning to drive carts (Crawford et al., 2020), it has
been historically difficult to experimentally decouple these alternative means of traversing
the environment from differences in the sensory experience of manipulating those means

of traversal. The hippocampal BMI in this work preserves the sensory experience of wheel
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manipulation, yet retains a causal relationship between the animal’s neural activity and its
performance of a navigation task.

Our control experiments with passive motion reaffirm existing evidence of the incorpo-
ration of locomotion signals into place field activity within CA1 (Chen et al., 2013; Terrazas
et al., 2005), while our controls that modulate the gain of the wheel mid-session produce no
remapping—also in agreement with existing work (Jayakumar et al., 2019). These observa-
tions are consistent with a view of the hippocampus that treats active navigation actions as
critically important for representations.

The superposition effect induced by BMI usage provides a concrete and novel result from a
unique experimental condition. This is an opportunity to refine and challenge existing compu-
tational models that attempt to emulate hippocampal learning. We are tentatively optimistic
that models like clone-structured cognitive graphs are well-suited to express multiple means
of travel through the same environment (Dedieu et al., 2019; George et al., 2021), especially in
light of their recent success in capturing the evolution of representations of multiple subtly
different environments (Sun et al., 2025). Furthermore, the gradual enrichment across ses-
sions of the BMI context represents a learning effect on an entirely different timescale, which
fits into a more contemporary picture of learning the hippocampal formation: a mixture of
learning rules both fast and slow (Liao and Losonczy, 2024).

Our results have led us to speculate that the presence or absence of agency within an
environment influences neural populations in CA1. We are careful to distance this work from
similar-sounding phenomena, such as a ‘sensation of agency’ in humans (often supplemented
by fMRI recordings, see David et al. (2008) for a review), or reports from the psychology
literature of conditioning patterns that alter behaviour such that animals take no action even
when action is possible (Seligman, 1972). These phenomena exist at an entirely different layer
ofreasoning, and it would be an overreach to tie these effects to changes in place cell behaviour
in the hippocampus. We merely report that the neural substrate for cognitive maps appears
permanently altered by experiences in which the animal is causally responsible for how those
experiences unfold. Any discussion of mechanism, whether this is an internally-generated
agency signal or a property that is intrinsic to the learning rules acting on CAl, stands to
be better informed by future work designed specifically to distinguish such hypotheses, for
which we make some suggestions below. Finally, we feel compelled to reiterate a previously
discussed caveat: our experimental results are based on head-fixed VR, which represents only
a narrow slice of the sensory and behavioural experiences typical to animal experience in real
environments (Minderer et al., 2016). Translating between real and virtual environments does
not always keep hippocampal phenomena intact (Acharya et al., 2016; Aghajan et al., 2015;
Ravassard et al., 2013), and any claim of a signal as potentially fundamental as ‘agency’ would
demand evidence that overcomes the shortcomings of VR.
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6.2.3 Hippocampal BMI design

The description of results in this thesis corresponds, to the best of our knowledge, to the first
instance of a closed-loop optical BMI that decodes from populations in CAl, and follows Lai
et al. (2023) as the second instance of any closed-loop BMI in the hippocampal formation
that goes beyond conditioning the firing of individual neurons. Nevertheless, the existence of
a variety of open-loop feasibility assessments (Chang et al., 2021; Chen et al., 2023; Sun et al.,
2022), several of which contain descriptions of bespoke hardware and are not simply post-hoc
analyses of existing data, suggests a genuine appetite to implement hippocampal BMI as a
tool for scientific inquiry (see Batista, 2020). We expect that the coming years hold a wealth
of work that refines these techniques and uses new BMI paradigms for creative experiments.
However, despite the obvious success of these open-loop feasibility assessments, none yet
appear to have been translated into closed-loop experiments with published results.

We have demonstrated and mechanically justified one potential difficulty for moving to
closed-loop from open-loop assessments: the remapping that takes place between manual
task performance and BMI task performance. Successful closed-loop BMI that reads out from
the hippocampus must compensate for this remapping. We have described two approaches
that actively mitigate the remapping: training on passive observation of a task being com-
pleted, or retraining the decoder on the BMI condition. Equally, we point to the success of Lai
et al. (2023), whose task design is able to leverage a very long averaging window to capture the
residual component of the representation that does not remap.

We benefitted from an experimental paradigm that splits the decoding of a neural state
from the mapping of that state to an action. Furthermore, that neural state corresponds to
an experimentally measurable variable—position on a track—and this made it tractable to
identify and explain the root cause behind poor closed-loop performance. Had we adopted
a more traditional approach to BMI training, by directly learning the relationship between
neural activity and action, it is likely that we would never have made the leap to a protocol that
produces successful closed-loop BMI performance. We are optimistic that our observations
of a conflict between a locomotion and BMI context is not only a finding that is interesting
from the perspective of basic science, but a key technical detail that can pave the way to a

proliferation of hippocampal BMI experiments.

6.2.4 BMI stability in clinical settings

We were clear from the outset of this thesis: the hippocampus is not a clinically desirable
target for BMI, and optical BMI is not suitable for use in human patients. We argue that while
the hippocampus has some idiosyncrasies that are fascinating in their own right, its excep-
tional plasticity proves an ideal experimental testbed for adaptive decoders—especially when
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combined with 2-photon imaging to confidently resolve changes at the level of individual
neurons.

Since the outset of our hippocampal BMI work, a variety of promising techniques for
decoder adaptation have been validated on offline data (Karpowicz et al., 2025; Ma et al., 2023;
Wilson et al., 2023). We know first-hand the risks of assuming that open-loop accuracy implies
closed-loop performance (see Chase et al. (2009) for an earlier cautionary tale), but validating
these techniques in practice is often prohibitively expensive. The reach tasks in the offline
datasets described above are performed by human or macaque participants, and gathering
a dataset that comprehensively validates decoder adaptation is an endeavour that spans
months. While it would be naive to assume that strategies that work well in closed-loop for
CA1 populations will necessarily work well for populations in the motor cortex, our framework
nevertheless offers a cheaper intermediate testing stage. By permitting closed-loop BMI in
mice in a brain region with quick representational turnover, we have the option of validating
adaptive decoding techniques before moving to more costly trials that are closer to clinical

scenarios.

6.3 Future work

6.3.1 Adaptive correction of in vivo closed-loop decoders

The obvious segue from the preceding section is to propose extending our own protocol
to support experiments which adapt the decoder from one day to the next in an entirely
unsupervised manner. We have already outlined the prerequisite minor technical upgrades to
support this paradigm, so we focus here on a bigger picture: maintaining closed-loop BMI
performance in the steady state following task mastery with BMI.

Unlike our work so far, we envisage an experimental schedule of daily sessions in which
all trials are performed with BMI, entirely foregoing passive motion or locomotion-based
navigation in order to avoid conflicts between alternate representations of the same environ-
ment. During the initialisation stage of the schedule, each of these BMI trials uses a decoder
trained with our already-described supervised method, with the very first trial corresponding
to arandom decoder initialisation (resulting in motion similar to the random speed condition
in our existing work). Once the BMI context becomes saturated with place cells (no session-
to-session increase in the fraction of the population forming place fields), the schedule moves
into an unsupervised stage, in which the initial trial on each day reuses the latest decoder from
the previous day. This forms the basis for unsupervised alterations to the decoder weights
used in subsequent trials on that day, with the objective of sustaining decoder accuracy for as

many consecutive days as possible.



6.3 Future work 171

A dataset already described in this work, the cohort of animals which experience many con-
secutive autopilot-BMI sessions, provides an adequate starting point for offline assessment
of candidate adaptive decoding strategies. Such an assessment would be well-positioned to
compare existing state-of-the-art unsupervised manifold realignment (Karpowicz et al., 2025)
to a model that explicitly parameterises place cell tuning curves and drift priors similar to our
work in Chapter 5.

6.3.2 Evolution of hippocampal BMI paradigms

The closed-loop BMI design in our protocol enforced a set policy based on decoding a neural
state. This policy replicated an animal’s expert task execution if the representation of an
environment was held stable. This served as a useful technical validation and offered insight
into the roles of path integration and agency in CAl. We explore here some alternative
schemes for mapping neural activity onto navigational actions in other VR task designs.

Traditional reversal learning paradigms flip a learned association between stimulus and re-
ward. How quickly a subject adjusts is a convenient measure of cognitive flexibility (Izquierdo
et al., 2017). BMI variants of these paradigms, in which control outputs from decoders are
mirrored or rotated mid-experiment, can provide compelling evidence of volitional mod-
ulation of neural activity (Jarosiewicz et al., 2008; Menéndez et al., 2025), but translating
these experiments to hippocampal populations requires some creativity. At navigational deci-
sion points, hippocampal activity produces neural trajectories corresponding to prospective
routes—notably recorded from CA3 by Johnson and Redish (2007). We envisage a protocol in
which animals use BMI to navigate a familiar environment rich in binary decision points. At
each decision point, the BMI control strategy requires the animal to generate a strong bias
towards one path in its preplay activity to proceed in a given direction. If this BMI task can be
executed—which we stress is speculative, and would be an impressive technical achievement
in its own right!—a reversal learning task becomes possible by flipping the valence of which
preplay trace corresponds to which selected trajectory. Should animals be able to quickly
learn this inversion, this would strongly support the ideas of volitionally produced hippocam-
pal activity proposed in Lai et al. (2023), while a failure to learn the inversion would imply a
strong reinforcement-based conditioning of representations via BMI.

A more immediately tractable line of investigation is to attempt to replicate the protocol
we described in this thesis while imaging or decoding from grid cells in MEC. Campbell
et al. (2018) outline an experimental protocol using a 1D VR track much like our own gain
modulation trials. They describe a sensitivity of grid cells to changes in gain, unlike our

observations of place cells, which is consistent with a view of the hippocampal formation

!As a cautionary technical note: these preplay trajectories play out on a timescale that is difficult to resolve
with Calcium imaging, though it is in principle possible to catch residual traces. An electrophysiology-based
imaging approach is likely better-suited to this line of investigation.
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that treats MEC as a region rich in self-motion signals. In entirely passive motion situations,
the characteristic hexagonal firing patterns of grid cells appear badly disrupted (Winter et al.,
2015). If grid cells can retain consistent activity in conditions in which running is decoupled
from motion while navigational agency is retained via BMI, this would provide compelling
evidence that ‘navigation’ in rodent hippocampus can be bound to more abstract forms
of active motion than merely running—which in turn would suggest a more generic, less

spatially-specialised role for the hippocampal formation.

6.3.3 Neural representations of mixed modes of navigation

Our observations support the idea of fundamentally different neural representations for active
navigation and passive motion within the same environment. They also suggest that the
formation of the cognitive map depends on the mode of navigation, even when the sensory
experience of performing those navigation actions is similar. This provides both theoretical
avenues of investigation—existing models of learning in the hippocampus typically consider
only a single mode of travel—and fertile experimental ground.

From a pragmatic standpoint, VR experimental designs offer an inroad for multiple modes
of navigation for an identical environment. Our work compared a running condition, which
is naturalistic?, and a BMI condition, which we assume to be highly unintuitive for the animal.
We are curious to consider the representation of environments with physical interfaces for
navigation that are more closely matched, such as decision tasks based on forelimb lever
manipulation or nose-poking. However, the highly structured nature of these tasks makes
it difficult to distinguish representations of sequential memorisation tasks from abstract
representations of environments, and the sensory paucity in VR risks representations that
are highly orthogonal. This presents an experimentally challenging design space, but with
significant potential for insight into whether the hippocampal formation is hardwired for
naturalistic navigation, or whether it should be better understood through the lens of abstract
relations between arbitrary states and actions.

Bridging into theory requires recreating our existing experimental results in silico. While it
might seem natural, for the purposes of modelling, to describe multiple modes of travel in
terms of an explicit input variable that simply denotes the current mode of travel, this implies
that the animal is able to sensorially distinguish between the modes-something we have taken
great experimental pains to avoid. Instead, we require a model in which the animal must infer
how its actions relate to navigation. Concretely, passive motion corresponds to a condition in
which the hippocampus must passively learn arbitrary transition probabilities, while with
active navigation the animal has greater certainty about which states will follow from the

2Furthermore, we can imagine a strong case for running signals being given ‘special treatment’ in navigational
systems from physiological (Stranahan et al., 2007) and anatomical (Maurer et al., 2005) perspectives.
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current one. This framing of the problem lends itself well to the family of models that derive
from hidden Markov models (e.g. George et al., 2021), which we would expect to see implicitly
discover multiple modes of travel as a latent variable.

The twist introduced by a BMI mode of navigation involves coupling the output of such
a model to exploration of a simulated environment. To mimic our in vivo BMI protocol,
we would need to ‘decode’ a neural state and then enforce a mapping from this state to a
navigation action. Is this feedback loop sufficient to disrupt the separation between the
contexts and reproduce the superposition effect—the argument that superposition is the
intrinsic result of a sequence predictor caught in a self-fulfilling prophecy—or is the injection
of an extrinsic agency or mode-of-travel signal a prerequisite for reproducing our experimental

observations?

6.4 Closing remarks

It is an exciting time to be an engineer in neuroscience. We are at a point in the field’s history
where technological advances lead to observations that challenge established wisdom, and
this in turn feeds into new inventions. For example, we do not need to look far into the
past—just prior to the emergence of long-term population-wide imaging—to find a view of
memory that treats expert behaviour as synaptically crystalline.

This thesis sits at an intersection of BMI design, abstract representations of navigation
within the brain, and the constraints on how representations evolve over time. Viewed as a
component within an organism, the brain plays the role of incorporating new information
about a potentially changing external world. New circumstances or new experiences alter
neural representations, and in unfamiliar tasks it is the responsibility of the brain to generate
novel behaviour. It seems counterintuitive, then, to seek to constrain neural activity to fixed
patterns so that it complies to an immutable decoder. We look forward to the development,
over the coming years, of neural decoders that are themselves more plastic, their designs
shaped by a sympathy for the underlying flexibility of the systems with which they are meant to
interact. We hope that our work represents steps taken towards interfaces that are compatible

with neural plasticity.
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